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Abstract

Neurodegenerative diseases represent a heterogeneous group of progressive neurological disor-
ders whose prevalence and socioeconomic burden are expected to rise with increasing global life
expectancy. While traditional neuroimaging approaches are capable of detecting macroscopic
structural alterations, they are limited in resolving the underlying microscale cellular and molec-
ular mechanisms.
This work proposes and validates a computational pipeline integrating Morphometric Similarity
Networks (MSNs) with imaging transcriptomics to bridge whole-brain structural topology and
gene expression signatures in neurodegenerative disease cohorts. As a case study, it focuses on
Parkinson’s disease (PD), which is increasingly recognized as a brain-wide structural network
disorder rather than a focal dopaminergic pathology.
After an exploratory mass univariate analysis, individualized MSNs were constructed from T1-
weightedMRI data for 212 subjects (106 PD patients, 106 healthy controls) from the Parkinson’s
Progression Markers Initiative (PPMI), using five cortical morphometric features extracted via
FreeSurfer and parcellated across the 68-region Desikan-Killiany atlas. Pairwise structural sim-
ilarity was quantified through multivariate Euclidean distance, and node strength was derived
as the primary topological metric. Group-level differences were assessed using a General Lin-
ear Model controlling for age, sex, estimated total intracranial volume and scanner model, with
Benjamini-Hochberg FDR correction applied across all regions. The resulting spatial pheno-
type map of beta coefficients was cross-referenced with Allen Human Brain Atlas microarray
gene expression data via Partial Least Squares regression, with spatial autocorrelation addressed
through spin-test permutations using the Váša algorithm. Finally, gene set enrichment analyses
were performed.
Mass univariate and node strength analyses revealed subtle but directionally consistent structural
alterations in PD, confirming the pipeline’s sensitivity to detect low-effect signals. Hub decou-
pling emerged as the dominant topological reorganization pattern, affecting 32.4% of regions
and aligning with established hub vulnerability hypotheses. Although global PLS permutation
testing did not reach significance, transcriptomic analysis identified LRRK2 as a significant
canonical PD gene correlate, while Gene Set Enrichment Analysis consistently implicated neu-
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roinflammatory pathways, glial cell signatures and excitatory neuronal enrichment as molec-
ular correlates of the observed structural reorganization. This confirmed coherent integration
between structural and transcriptomic layers. Secondary application of the full pipeline to a
frontotemporal dementia cohort confirmed the framework’s generalizability, yielding more pro-
nounced results consistent with the greater cortical involvement characteristic of FTD.
This work delivers a modern, scalable and reproducible computational framework, providing
a foundation for future integrative investigations of structural connectome alterations and their
molecular underpinnings across neurodegenerative conditions.

vi



Contents

1 Introduction 1

2 Background 3
2.1 Neurodegenerative disease . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.1.1 Parkinson’s disease . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
2.2 Morphometric Similarity Networks . . . . . . . . . . . . . . . . . . . . . . . . 7

2.2.1 The Desikan-Killiany Atlas . . . . . . . . . . . . . . . . . . . . . . . 11
2.3 Imaging Transcriptomics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

3 Materials and Methods 19
3.1 Study participants: the PPMI dataset . . . . . . . . . . . . . . . . . . . . . . . 19
3.2 Methodological Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.2.1 Data preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.2.2 Data Normalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
3.2.3 Mass Univariate Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 22
3.2.4 Morphometric Similarity Networks . . . . . . . . . . . . . . . . . . . 22
3.2.5 Group Differences Analysis . . . . . . . . . . . . . . . . . . . . . . . 24
3.2.6 Imaging Transcriptomics . . . . . . . . . . . . . . . . . . . . . . . . . 25
3.2.7 Code and Implementation . . . . . . . . . . . . . . . . . . . . . . . . 26

4 Results 29
4.1 Morphometric Similarity Networks . . . . . . . . . . . . . . . . . . . . . . . . 29
4.2 Group-Level differences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
4.3 Imaging Transcriptomics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
4.4 Further validation: Frontotemporal dementia dataset . . . . . . . . . . . . . . 45

5 Discussion 47
5.1 Study Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

vii



6 Conclusion 53

Bibliography 55

viii



Chapter 1

Introduction

The prevalence and socioeconomic burden of neurodegenerative diseases (NDDs) are expected
to rise proportionately to the increase of global life expectancy. Understanding the structural
and molecular underpinnings of these conditions requires computational frameworks capable of
integrating neuroimaging and transcriptomic data at scale.
Parkinson’s disease, in particular, emerges as the second most common neurodegenerative ill-
ness, with its incidence expanding rapidly and representing an ideal case study given the breadth
of available neuroimaging cohorts. While it was initially categorized as a focal neurological dis-
order, mainly linked to its clinically defined motor symptoms such as resting tremors, b radyki-
nesia and rigidity, recent research has shifted the view on Parkinson’s disease. The characteristic
degeneration of the dopaminergic neurons in the substantia nigra remains as a common trait be-
tween the two paradigms, but now the disease is also seen as a highly complex, brain-wide and
multi-systemic network disorder[1].
This connectivity-centered view of the disorder is supported by its physical progression path,
where pathogenic misfolded proteins like 𝛼-synuclein are thought to propagate along the brain’s
structural connectome in a prion-like manner. Consequently, the disease can be categorized in
stages, which correspond to its progression through the brain structural pathways, from white
matter to the cerebral cortex. It also helps in linking structural alterations to changes in symp-
toms like manifestation of cognitive decline and eventually dementia.

To understand the structural connectome disruptions, researchers have traditionally used
neuroimaging approaches like diffusion-weighted imaging (DWI) tractography and structural
covariance networks (SCNs). However, these methods carry inherent limitations, prompting
the need for a framework capable of analyzing the cortex through detailed, single-subject anal-
yses.
To do this, Morphometric Similarity Networks (MSNs) were introduced as a multidimensional
approach for cortical mapping, capable of constructing individualized and biologically mean-
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ingful whole-brain anatomical networks [2].
These networks have been shown tomirror spatial patterns of gene expression and capture known
cortical cytoarchitecture. Despite this, traditional macroscopic MRI resolution only offers an in-
direct proxy of the actual underlying microscopic pathology. To bridge the two different scales,
the field of imaging transcriptomics has emerged, by establishing a quantitative framework
mapping spatially resolved gene expression profiles to phenotypes derived from neuroimaging
pipelines [3].

The primary objective of this work is to create and validate a computational framework
integrating MSN analysis with imaging transcriptomics to track topological alterations across
different clinical cohorts, and subsequently investigate their spatial covariance with brain tran-
scriptomic data. The full pipeline aims to do this by: constructing individualized networks
through multivariate euclidean distance from regional morphometric data, evaluating the topo-
logical alterations in networks through the analysis of node strength, employing generalized
linear models to quantify group differences between cohorts, performing partial least square re-
gression to evaluate their spatial covariance with gene expression data and finally performing
enrichment analysis on the resulting genes. This work also uses statistically rigorous correction
techniques like spin testing to account for the spatial covariance of brain regions, essential to not
incur into false positive associations.

As the present work aims to establish a structured pipeline that can be replicated and easily
followed, it is here applied and validated with data sourced from the Parkinson’s Progression
Markers Initiative (PPMI), while also being tested and providing results for frontotemporal de-
mentia subjects. This computational tool helps in uncovering abnormalities in the structural
connectome and improve our comprehension of the underlying cellular pathology, potentially
advancing our knowledge of poorly understood neurodegenerative diseases.
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Chapter 2

Background

2.1 Neurodegenerative disease

As life expectancy increases throughout the world, the prevalence and burden of neurodegenera-
tive diseases is expected to rise[4]. Neurodegenerative diseases, in short NDDs, can be classified
as a heterogeneous group of neurological disorders that give rise to a progressive loss of neu-
rons in the central nervous system (CNS) or peripheral nervous system (PNS). Their symptoms
mainly include impaired memory, cognition, behavior and sensory and/or motor function, and
are related to the collapse of the structure and function of the neuronal networks constituting the
brain.
Among all the existing neurodegenerative diseases, themost prevalent ones are: Alzheimer’s dis-
ease (AD), Parkinson’s diseases (PD), frontotemporal dementia (FTD), amyotrophic lateral scle-
rosis (ALS), Huntington disease (HD), prion disease (PrD) and multiple sclerosis[5]. While our
understanding of NDDs is still limited, with their pathogenesis still mostly unknown, their emer-
gence has been strongly linked with inflammation, neuronal networks dysfunction, aging, DNA
and RNA defects and altered energy metabolism[6]. The impact of pathologies like Alzheimer’s
disease, Parkinson’s disease and dementias is enormous, as they are not only limited to the af-
fected individuals, but present a significant challenge to healthcare systems and societies as
well[7]. Therefore, there is an urgent need to explore every possible research avenue and inves-
tigation to learn more about these conditions.

2.1.1 Parkinson’s disease

Parkinson’s disease is the second most common neurodegenerative illness, with a growing num-
ber of people all around the globe being affected by this condition[8]. In 2016, 6.1 million
people were living with the disease, and its incidence and prevalence have continued to rapidly
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rise throughout the years [9][10]. Unique to a neurodegenerative disease, its duration can span
decades, amplifying even more the difficulty in recognizing the earliest stages of the disease.
This leads to an average delay between the first noticeable symptoms and the timing of the
diagnosis of 10 years. The typical presentation includes a slow progression with accumulat-
ing disability for affected individuals, with the disease also having profound consequences for
caregivers and society, with a mounting socioeconomic burden[11]. Initially, Parkinson’s Dis-
ease was viewed as a focal neurological disorder, clinically recognized via its most common
motor symptoms that include progressive involuntary resting tremors, bradykinesia (slowness
of movement) and rigidity[1]. However, the clinical spectrum also contains many less visi-
ble components, including non-motor features, such as cognitive decline, depression, and pain.
These non-motor features contribute substantially to the impairment experienced by the patients.
Parkinson’s disease’s highly localized perspective was supported by its primary pathological
signature: the progressive degeneration of dopaminergic neurons in the substantia nigra (SN), a
basal ganglia structure located in the midbrain, which in turn leads to severe damage of the ni-
grostriatal dopaminergic system[12]. The underlying pathophysiology of this neuronal death has
been linked to the toxic accumulation of misfolded protein aggregates, in particular 𝛼-synuclein,
which has been strongly associated to the rare familial forms of PD. While 𝛼-synuclein in its
normal state is highly expressed in the brain at presynaptic terminals, in order to modify cellu-
lar activity by interacting with proteins, in Parkinson’s disease it assumes an abnormal insoluble
fibril configuration, which was discovered to aggregate into pathological inclusions called Lewy
bodies. This accumulation in the dopaminergic neurons of the substantia nigra disrupts several
crucial biological processes including oxidative stress, neuroinflammation, as well as mitochon-
drial, lysosomal and endosomal function, and proteostasis, ultimately leading to cell death[13].
Despite this, clinical and scientific research has shifted the perspective on Parkinson’s disease
over the years: rather than a localized pathology of the substantia nigra, it is now recognized
as a highly complex, multi-systemic neurodegenerative disorder. This is motivated by the fact
that, alongside the more classic motor symptoms, patients also experience a wide range of non-
motor manifestations, including mood and cognitive decline, sleep disturbances and olfactory
impairment. Notably, these symptoms can appear earlier in the disease process, even before
the onset of motor symptoms, suggesting the involvement of structural and functional network
alterations that extend well beyond isolated nigrostriatal dopamine projections[1][14]. Recent
research has thus shifted toward a connectivity-centered view of the disease’s spread, hypothesiz-
ing that pathogenic 𝛼-synuclein propagates along the neuronal connectome in a prion-like man-
ner [15][8], a process that may be further accelerated by maladaptive immune and inflammatory
gut responses[16]. The physical progression of PD pathology demands for a distinction between
the effect of the disease in cortical and non-cortical regions, with the latter representing the epi-
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center of the disease. According to the now well-established Braak staging hypothesis[17], this
pathology begins deep in the lower brainstem, then progresses into the midbrain before moving
to the subcortical areas. During this early phase of the disease, structural and functional damage
is usually confined to these non-cortical networks, with neuroimaging revealing that early struc-
tural disconnectivity in these areas drives classic motor deficits[18]. With the advancement of
the disease, it does not remain confined to the subcortex, but propagates upward and outward
from the substantia nigra, ultimately reaching and ecompassing the cerebral cortex [19]. Figure
2.1 depicts the Braak staging hypothesis. Magnetic Resonance Imaging studies have demon-
strated that the rate and severity of brain atrophy and focal cortical thinning in an area of the
cerebral cortex is directly proportional to how functionally and structurally connected that area
is to the initial substantia nigra epicenter. This suggests that regions with higher connectivity
density experience greater disease exposure, resulting in more pronounced cortical atrophy[15].

Figure 2.1: Visualization of the Braak staging hypothesis for Parkinson’s disease.

The transition from non-cortical to cortical involvement marks a critical clinical turning
point, because while non-cortical damage primarily manifests as motor dysfunction, the spread
of the disease pathology in cortical regions such as frontal and somatosensory regions signals
the onset of severe non-motor symptoms. This progressive cortical atrophy finally leads to ex-
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ecutive dysfunction, behavioral disorders and eventually dementia, potentially in synergy with
copathologies like amyloid-beta aggregation, that are also present in Alzheimer’s disease[16].
This paradigm shift, from a focal dopaminergic loss to a brain-wide network disorder, has been
strengthened thanks to advances in neuroimaging. Techniques like Diffusion Tensor Imaging
(DTI), resting-state functional MRI (fMRI) and positron emission tomography (PET) scans, to-
gether with the mathematical framework of graph theory, have empowered researchers to map
these complex brain-wide disruptions [20][18]. Understanding these alterations requires inte-
grating knowledge coming from two deeply interconnected but distinct levels: the structural or
physical networks and the functional networks, involving communication and metabolic activity
across those pathways. In addition, analyzing these networks, while shedding light on the un-
known underlying disease mechanisms, could also provide a way to overcome traditional clinical
challenges by developing new objective biomarkers[1].

Structural networks in particular are of vital importance to investigate links between func-
tional activity and pathophysiology, providing an insight in the progression and spread of the
disease. In non-cortical structures, deformation-based morphometry reveals pronounced, non-
random structural atrophy across the basal ganglia, midbrain, thalamus and limbic structures.
The rate of volume loss appears to be directly proportional to its anatomical distance from the
substantia nigra, supporting the network-spread idea of toxic alpha-synuclein [8]. At the nodal
level, the subcortex demonstrates structural failure with the amygdala, pallidum, caudate, and
putamen showing significantly decreased nodal local efficiency and clustering coefficients. This
indicates a severe disruption of localized information processing and segregationwithin the basal
ganglia structural subgraphs.

Cortical structures also undergo thinning and atrophy, with longitudinal studies revealing se-
vere thinning in the left occipital lobe, bilateral frontal lobes and the right somatomotor-sensory
cortex. For these areas, deformation-based morphometry also detects brain atrophy localized to
bilateral temporoparietal regions. Structural cortical atrophy maps closely onto specific func-
tional intrinsic brain networks, with regions belonging to the limbic, frontoparietal and ventral
attention networks, as well as anterior parts of the default mode network (DMN), demonstrat-
ing the greatest degree of cortical thinning [15]. The structural networks of the cortex, usually
derived from correlation analyses, undergo significant nodal reorganization: PD patients expe-
rience a disruption and loss of network hubs in the parietal, occipital, and temporal cortices. In
response, there is a generation of new structural hubs in the frontal lobes, likely representing
a compensatory upregulation of dopaminergic transmission [19]. Finally, PD brains also show
degeneration of interhemispheric axonal connections between frontal areas and altered connec-
tivity in the uncinate fasciculus, which connects limbic regions to the frontal cortex [20]. While
the worsening of motor symptoms like akinesia and rigidity directly correlates with greater
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deformation and brain atrophy in the contralateral middle temporal gyrus, tremor arises from
a completely different subnetwork[21], which could also explain their different responses to
dopaminergic pharmacotherapy[22]. Cognitive symptoms are instead characterized by reduced
metabolic network activity and cortical thinning, especially in the left frontal cluster. Cortical
thinning is also amplified by other dysfunctions like amyloid-beta deposition [12].

The brain’s structural connectome is now recognized as the physical conduit for propagation
of toxic misfolded proteins, such as 𝛼-synuclein, and advanced neuroimaging studies combined
with graph theory have provided direct evidence supporting the network-spread hypothesis [8].
However, while traditional structural metrics like DTI have successfully mapped white matter
disconnectivity and localized volume loss, the neurodegenerative process in PD alters multiple
morphological properties of the brain simultaneously, including cortical thickness, gray matter
volume, and surface area [15]. Analyzing these features in isolation often limits our ability to see
the full picture of structural network reorganization[19]. To fully characterize how the parkinso-
nian brain structurally reorganizes, more integrative connectomic approaches are required: this
necessitates a shift toward advanced structural networks analysis, so that researchers can unlock
a much deeper, integrated map of the brain to study its structural vulnerability and compensatory
reorganization.

2.2 Morphometric Similarity Networks

Mapping the structural connectome of the human brain is of great importance in the neuroscience
field and is essential for understanding how anatomical organization affects cognitive function.
Through the decades, scientists have tried to map these large-scale networks of connected re-
gions in living humans. Traditionally, this has been attempted through two main neuroimaging
approaches: diffusion-weighted imaging (DWI) tractography and structural covariance network
(SCN) analysis[23][2]. While both of them have advanced our understanding of brain topology,
they also possess methodological and biological limitations that require better approaches for
more informative connectomics. DWI tractography, which works by reconstructing the trajec-
tory of axonal tracts based on the principal directions of water molecule diffusion, is mainly
limited to reproducing white matter connections, particularly sensitive to noise and struggles
with long-distance projections. Instead, SCN approaches connectivity through a different lens,
utilizing simpler, macrostructural measurements to reconstruct whole-brain networks, starting
from a measure of a single morphometric feature (usually cortical thickness) at multiple brain
regions. The network is then formed by estimating the covariance or correlation of this single fea-
ture between all possible pairs of regions. The main limitation of this approach is that typically
the correlation is computed across several participants, obtaining a population-level network.
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This hinders the use of SCN for personalized, single-subject analysis, making it unsuitable to
capture the complex, multidimensional nature of each individual’s brain anatomy [24][25]. To
overcome the limitations of both DWI and SCNs, Morphometric Similarity Networks (MSNs)
were introduced, in order to offer a different, multidimensional approach to human cortical net-
work mapping [2].
Unlike SCNs, which estimate the inter-regional correlation of a single macro-structural feature
across multiple individuals, MSNs estimate the correlation between multiple macro and micro-
structural MRI variables within a single subject. This allows the construction of individualized
and meaningful whole-brain anatomical networks by extracting an array of features for every
brain region. The most common cortical properties used for MSNs calculations include cortical
thickness, surface area, gray matter volume, curvature indices and myelination markers [26].
The theoretical foundation of MSNs is rooted in established neurobiology, with histological
evidence from non-human primates confirming the structural model of connectivity, demon-
strating that a stronger axo-synaptic connectivity between cortical regions is linked to greater
cytoarchitectonic similarity [27][28][2]. Because MRI metrics serve as proxy markers for dis-
tinct underlying histological properties, brain regions exhibiting high morphometric similarity
are very likely to be axonally connected[29].
To demonstrate MSN’s superior biological validity and anatomical accuracy compared to SCNs
and DWI tractography, studies have compared how well these networks align with classical
cytoarchitectonic classifications. The results show that MSNs capture known cortical cytoarchi-
tecture, align with true axonal tract-tracing connectivity and also mirror spatial patterns of gene
co-expression, specifically for genes enriched in neuronal functions and those overexpressed
in the supragranular layers of the cortex. This makes them a powerful tool for bridging macro-
scopic structure and molecular mechanisms [30][2]. The standard methodology for constructing
a MSN typically follows a systematic, multi-step pipeline. First, the cerebral cortex is parcel-
lated into a defined set of regions, the number of which is determined by the specific cortical
atlas employed. The most frequently used one, which represents the foundation for MSNs, is the
68-region Desikan-Killiany (DK) Atlas [31]. However, because standard DK regions vary sig-
nificantly in size, it can also be further sub-parcellated into 308 spatially contiguous regions of
approximately equal volume using a backtracking algorithm [7]. Another atlas with widespread
use is the Destrieux Atlas (DA) [32], which provides an automated classification of 74 regions
per hemisphere and can also be utilized for high-resolution MSN construction [33]. Both the
DK atlas and the DA atlas are based on sulcal and gyral landmarks. To validate the replicability
of MSN topologies across different spatial definitions, some studies have also used functionally-
derived parcellations like the Schaefer 400 atlas [34] and more biologically accurate ones like
the von Economo atlas [35]. For each regional node coming from the parcellation of choice,
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a multitude of morphometric features are extracted, with each Region of Interest (ROI) being
represented by an individual value. MSN approaches use up to 10 features, obtained from mul-
tiple acquisition tecnhiques. T1w MRI allows to derive surface-based macrostructural metrics
like cortical thickness (CT), surface area (SA), gray matter volume (GM), intrinsic and Gaus-
sian curvature (IC, GC), mean curvature (MC), curvature index (CI) and folding index (FI),
while other imaging modalities like diffusion tensor imaging and magnetization transfer imag-
ing (MTI) enable the measurement of volume-based diffusion and magnetization metrics like
fractional anisotropy (FA), mean diffusivity (MD) and magnetization transfer (MT) [26][2][25].
Because these features are measured on vastly different numerical scales, each feature vector
is often mathematically normalized to produce distributions comparable in value. Following
normalization, the morphometric similarity between each possible pair of regions is commonly
calculated using the Pearson product-moment correlation coefficient. Other researchers propose
the use of multivariate euclidean distance, which offers a more granular approach, to compute
a distance measure between cortical areas [36]. This raw distance then undergoes a conversion
into a similarity measurement through mathematical functions. Another advanced framework
is the Morphometric INverse Divergence (MIND) [37], which estimates inter-areal similarity
by applying the symmetric Kullback-Leibler (KL) divergence to the multivariate distributions
of morphometric features at the vertex level, capturing similarities that regional averages might
miss[38]. After computing the similarity between brain regions, a symmetrical matrix repre-
senting the individual’s structural connectome is generated, which can optionally be thresholded
before proceeding to the next step of topological analysis [39]. Figure 2.2 highlights the frame-
work for Morhometric Similarity Network analysis as proposed by Seidlitz and his colleagues
in 2018 [2].

Rather then being static, the MSN framework is highly adaptable, allowing researchers to
develop custom pipelines with specific similarity metrics and features tailored to their clini-
cal questions. While the original, comprehensive MSNs rely on multimodal images, acquiring
these sequences is time-consuming, expensive and often unsuitable for pediatric populations,
neonates or clinical groups who cannot tolerate long scans and are prone to headmotion artifacts.
So, instead of calculating MSNs combining T1-weighted, T2-weighted, and diffusion-weighted
imaging to extract up to 10 morphometric features, the use of a restricted set of features derived
solely from standard T1w MRI has become highly appealing and helps in making the MSN
framework more broadly applicable. This way T1w-only models can be applied retrospectively
to vast amounts of legacy clinical data where advanced imaging sequences were never acquired.
As a result, researchers have validated T1w-restricted MSNs that typically extract between 5 and
7 macrostructural features per region which include cortical thickness, surface area, gray mat-
ter volume, mean curvature, Gaussian (intrinsic) curvature, folding index and curvature index
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Figure 2.2: MSN framework proposed by Seidlitz et. al, 2018 [2]. (A) Collection of multiple MRI
parameters. (B) Parameters mapped to parcellation template (C) Computation of the Morphometric
Similarity Matrix through Pearson’s correlation. (D) Thresholding and Topological Analysis.

[39][26][40]. These reduced-feature models successfully approximate the topological architec-
ture of full multimodalMSNs and exhibit high test-retest reliability [25][26]. Themain drawback
of this T1w restriction is that removing myelo-architectural features (like fractional anisotropy
or magnetization transfer) alters the resulting nodal-level topology of the network. Because dif-
ferent MRI modalities capture fundamentally different biological properties, dropping features
systematically produces a different neuroimaging phenotype. T1w-restricted models inevitably
exhibit lower estimation precision, meaning there is a greater standard deviation of edge weights
across participants compared to full multimodal MSNs [2]. Furthermore, some studies indicate
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that T1w-only MSNs may possess limited predictive validity for certain tasks; for example, they
have sometimes failed to replicate the strong predictions of generalized cognitive ability (IQ)
that multimodal MSNs achieve [25].

The implementation of MSNs unlocks extensive possibilities for neuroinformatics, and by
using graph theory researchers can profile the complex topological architecture of the brain
through the evaluation of measures such as nodal degree, small-worldness, modularity, clus-
tering coefficients, and local efficiency [38][39]. Furthermore, analyzing individual deviations
in MSN topology has demonstrated vast clinical and biological utility, as histologically similar
cortical areas have a higher probability of being axonally connected [29][41].
In relation to neurological diseases, MSNs can serve as biomarkers to trackAlzheimer’s, Autism,
Depression, and Insomnia [25][36]. When paired with machine learning, they can uncover hid-
den neuroanatomical subtypes, such as in Early-Onset Schizophrenia, and thus map personalized
disease progression[42]. MSNs can also predict brain abnormalities linked to childhood obe-
sity[43] and bridge brain structure and transcriptomics. By overlapping individual MSN maps
with brain-wide gene expression databases (such as the Allen Human Brain Atlas), researchers
can pinpoint the transcriptomic vulnerabilities driving macroscopic brain changes. For exam-
ple, morphometric similarity reductions in AD have been directly correlated with the down-
regulation of genes enriched for synaptic signaling and neuronal development[30].

2.2.1 The Desikan-Killiany Atlas

The quantification of structural and functional variations in the human cerebral cortex is the
basis of modern neuroimaging research, due to the cortex’s topological complexity, morpho-
logically variable structure and profound inter-subject heterogeneity. This amount of variance
poses a significant challenge in the processing of neuroimaging data, complicating both stan-
dardization and statistical analysis across different populations. Historically, the quantification
of cortical features like cortical thickness mainly relied on manual tracing and cytoarchitectonic
structures[44]. This approach was time-expensive and was still affected by subjectivity even
though it was performed by experts. The time constraint in particular rendered large-scale stud-
ies practically unfeasible. To overcome these limitations, automated computational pipelines
were developed, in order to make the segmentation and parcellation steps of neuroimaging stud-
ies faster and reproducible. For structural MRI scans in particular, thanks to its deep integration
in the FreeSurfer processing pipeline [45], the Desikan-Killiany (DK) cortical atlas has become
one of the most widely used parcellations. Officially introduced in 2006, it was specifically built
for subdviding the human cerebral cortex into standard, gyral-based regions of interest (ROIs)
[31]. The foundational ground truth of the DK atlas was established through rigorous man-
ual labeling, defining and outlining gyral structures and thus including deeper segments of the
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cortex.
This process ultimately yielded 34 different regions per hemisphere, with a total of 68 labeled

regions for each brain. To align the parcellation with classical neuroanatomical nomenclature
and facilitate macroscopic analysis, these ROIs are mapped to the major cerebral lobes: the
frontal lobe, the parietal lobe, the temporal lobe, the occipital lobe and also include the insula
and subdivisions of the cingulate cortex. The latter can either be considered separately or can be
included to follow the main 4 lobes grouping. Specific region names are outlined in table 2.1,
while a visual representation of the parcellation on a cortical surface is presented in Figure 2.3.
Notably, the corpus callosumwas excluded a priori, since it is fundamentally a deep white matter
structure, not cortex, and was only included in the manual tracing phase to explicitly constrain
the boundaries of adjacent cortical regions.

Figure 2.3: Desikan-Killiany parcellation visualization. The brain is presented both through a lateral
view and a medial view, to show structures hidden inside the brain’s gyri.

While nowadays the DK atlas is the undisputed default parcellation scheme in a vast ma-
jority of neuroimaging processing pipelines, it is frequently compared to alternatives, like the
Destrieux atlas. The latter divides the cortex into separate gyral and sulcal segments based
on precise curvature thresholds, resulting in a different spatial granularity compared to the DK
atlas. Instead of 34 regions per hemisphere, the Destrieux atlas produces 74 regions per hemi-
sphere, with a total of 148 regions [32]. The choice between the two involves an important
trade-off between spatial granularity, statistical power, and computational efficiency, resulting
in the the DK atlas usually being preferred. An improved version of the DK atlas was also intro-
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Table 2.1: Desikan-Killiany atlas regions

Major subdivisions Regions (per Hemishpere)

Frontal Lobe

Superior Frontal
Rostral Middle Frontal
Caudal Middle Frontal

Pars Opercularis
Pars Triangularis
Pars Orbitalis

Lateral Orbitofrontal
Medial Orbitofrontal

Precentral
Paracentral
Frontal Pole

Parietal Lobe

Superior Parietal
Inferior Parietal
Supramarginal
Postcentral
Precuneus

Temporal Lobe

Superior Temporal
Middle Temporal
Inferior Temporal

Banks of the Superior Temporal Sulcus (STS)
Fusiform, Transverse Temporal

Entorhinal
Temporal Pole

Parahippocampal

Occipital Lobe

Lateral Occipital
Lingual
Cuneus

Pericalcarine

Cingulate Cortex

Rostral Anterior Cingulate (Frontal)
Caudal Anterior Cingulate (Frontal)

Posterior Cingulate (Parietal)
Isthmus of the Cingulate (Parietal)

Insula Insula
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duced, the Desikan-Killiany-Tourville (DKT) parcellation, that is a modified, more conservative
scheme that includes 31 regions per hemisphere compared to the original 34 [46]. The Desikan-
Killiany cortical atlas, by successfully bridging the methodological gap between highly rigorous,
anatomically valid manual tracing and high-throughput, computationally scalable probabilistic
automation, systematically resolves one of themost critical bottlenecks inmacroscopic structural
brain imaging. Its deep integration into the FreeSurfer processing pipeline provides researchers
with unparalleled spatial consistency, statistical power and generalizability across different clin-
ical populations. As network neuroscience progresses, the Desikan-Killiany atlas ensures that
modern, multi-modal human brain mapping remains fundamentally grounded in a robust, stan-
dardized and reproducible neuroanatomical coordinate framework.

2.3 Imaging Transcriptomics

For decades, noninvasive neuroimaging modalities, such as magnetic resonance imaging (MRI)
and positron emission tomography (PET), have been the foundation for the exploration of the
human brain in vivo. These tools have provided extensive anatomical characterization of cor-
tical atrophy and functional network disruptions both in healthy aging and across a different
array of neuropsychiatric and neurodegenerative disorders[47]. However, a fundamental lim-
itation of traditional neuroimaging remains its macroscopic resolution, which only offers an
indirect proxy of the underlying microscopic and cellular pathology[48]. In order to overcome
this inferential gap, the field of imaging transcriptomics has emerged. Imaging transcriptomics
establishes a quantitative, multiscale framework that maps spatially resolved gene expression
profiles onto neuroimaging-derived phenotypes, within a shared stereotaxic space [3]. This
approach enables researchers to look into the way microscopic molecular pathways shape the
macroscale structural and functional architecture of the brain, as well as how regional vulnera-
bilities manifest in disease [47]. The whole field of imaging transcriptomics heavily relies on the
existence of anatomically comprehensive, high-throughput transcriptomics databases, with the
Allen Human Brain Atlas (AHBA) emerging as the most extensively used one [49]. It provides
a high-resolution, spatial map of the adult human brain transcriptome, integrating microarray
expression data for over 20,000 genes sampled from 3,702 spatially localized tissue structures
across six post-mortem donor brains. Considering that the donor brains underwent ex-vivo MRI
prior to tissue dissection, the precise stereotaxic coordinates of each microarray sample can be
mapped directly to standardized neuroimaging parcellations[3]. While the AHBA is unparal-
leled in its spatial density, it is limited by its small sample size (six total donors), adult-only de-
mographic and left-hemisphere focused data. Consequently, other databases can be used, such as
BrainSpan[50] to track gene expression across development or PsychENCODE[51] to explore
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expression data specific to psychiatric conditions. Single-cell RNA sequencing (scRNA-seq)
datasets are also becoming increasingly integrated in order to determine the neuronal cell-type
specificity of the genes identified in brain-wide spatial analyses[52]. The process of translating
raw AHBA microarray samples into a standardized region-by-gene expression matrix for neu-
roimaging integration is complex, computationally demanding and highly sensitive to method-
ological choices [53].

The standard processing pipeline generally requires six critical decision phases: (1) verify-
ing and updating probe-to-gene annotations; (2) filtering probes to remove background noise;
(3) selecting a representative probe when multiple probes map to the same gene; (4) assigning
tissue samples to parcellated brain regions using distance thresholds; (5) normalizing expres-
sion measures across genes and samples to account for batch effects and substantial inter-donor
variability; (6) finalizing the consistent gene matrix [54].

Since each one of these steps requires the selection of some parameters, researchers can
theoretically generate hundreds of thousands of distinct processing pipelines, leading to issues
in reproducibility. To address this, some standardized and open source toolboxes were devel-
oped, most notably abagen [53], which streamlines AHBA data processing, standardizes default
parameters and ensures results reproducibility. Once a parcellated region-by-gene matrix is cre-
ated, statistical associations with neuroimaging metrics are computed through three main strate-
gies: Regional Gene Expression (RGE), which correlates local gene profiles with imaging traits
using correlations or regressionmodels; CorrelatedGene Expression (CGE), which links region-
to-region transcriptional similarity with brain connectivity networks; and Gene Co-expression
(GCE), which clusters genes into spatial modules to map onto regional imaging variations [3].

Another fundamental challenge in the field of imaging transcriptomics is the presence of spa-
tial autocorrelation in both neuroimaging maps and gene expression atlases. Brain regions that
are physically close tend to share morphological features, functional properties, and transcrip-
tional profiles, with gene expression correlation decaying exponentially as physical separation
increases[54].
As traditional parametric statistical tests assume the independence of observations, applying
them directly to spatially autocorrelated data severely inflates type I error (false positive) rates,
yielding overly optimistic estimates of gene-imaging associations. To ensure rigorous statisti-
cal inference, researchers must then deploy spatially constrained null models, of which there
are two primary classes: spatial permutation models (spin tests) and parametrized spatial null
models. The former consist in projecting parcellated cortical maps onto a sphere and applying
random rotations before mapping them back onto the original surface, while the latter involve
the generation of null maps with randomized topography and the original spatial autocorrelation
structure.
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Once significantly associated genes are identified using spatial null models, they undergo
Gene Category Enrichment Analysis (GCEA) to determine biological mechanisms. This process
can be done with either Gene Set Enrichment Analysis (GSEA) or Over Representation Analysis
(ORA). These analyses rely on a reference gene library, most commonly drawing from Gene
Ontology, established biological pathways, or cell-type signatures. Standard GCEA algorithms
also suffer from false-positive inflation due to genes co-expression, leading to a need for testing
against phenotype-based spatial nulls [48][54].

In neurobiology, imaging transcriptomics has been able to link macroscale brain architecture
to its biological origins, mapping regional gene expression directly to cortical hierarchies[55].
Furthermore, this approach validates in vivo scans by matching MRI marker distributions to
their target gene expression signatures, for example aligning MRI myelination markers with
oligodendrocytes signatures[47].

Macroscopic structural deviations observed in psychiatric conditions also strongly reflect
microscale vulnerabilities. In schizophrenia gray matter volume and connectivity changes cor-
relate with genes regulating synapses and neurodevelopment [56], while in Major Depressive
Disorder (MDD) and Autism Spectrum Disorder (ASD) differences in cortical thickness and
morphometric similarity have been linked to the dysregulation of genes related to immune re-
sponse and apoptosis [57][58]. In neurodegenerative diseases like Alzheimer’s and Parkinson’s
disease, imaging transcriptomics not only supports the network diffusion model of the pathol-
ogy, but also correlates regional vulnerability to progressive atrophy to the spatial expression
of genes mediating synaptic protein propagation. For example, the regional expression of the
MAPT gene (which encodes the tau protein) predicts the progressive loss of network hubs in PD,
while immune-related risk genes dictate the epicenter and initiation sites of neurodegeneration
[59] [60] [61][62].

Imaging Transcriptomics faces distinct limitations, despite its transformative impact. Be-
cause of its reliance on the Allen Human Brain Atlas, it suffers from the limited sample size
and heterogeneity of the available adult brains. In addition, bulk microarray tissue sampling
obscures precise single-cell granularity, rendering algorithmic cell-deconvolution a necessary
step [63].

To overcome these limitations, the field is advancing toward unified spatial imaging-
transcriptomics. Emerging paradigms now physically integrate ultra-high-resolution ex vivo
MRI with next-generation Spatially Resolved Transcriptomics (ST) technologies derived from
the exact same brain tissue. Using sophisticated non-linear registration pipelines, these frame-
works establish direct spot-to-voxel correspondence [64]. By directly co-registering neuroimag-
ing voxels with high-resolution transcriptomic spots, these next-generation paradigms eliminate
the need for cross-cohort atlas inference, offering an unprecedented, unified bridge to decode
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the molecular etiology of brain structure and disease.
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Chapter 3

Materials and Methods

3.1 Study participants: the PPMI dataset

The methodological framework proposed in this work was tested on MRI data obtained from the
Parkinson’s Progression Markers Initiative (PPMI), with both healthy controls and Parkinson’s
disease patients included in the evaluation. The Parkinson’s Progression Markers Initiative is an
observational, longitudinal and multicenter study aimed at identifying PD progression biomark-
ers in order to accelerate therapy development and improve our understanding of the disease [65].
The complete PPMI dataset is comprised of data derived from different types of cohorts, rang-
ing from early-onset PD to late-stage PD, prodromal and SWEDD (scans without evidence for
dopaminergic deficit), with healthy controls usually matched accordingly. Enrollment typically
occurs at the earliest detectable stages of the disease[66]. To help the discovery of possible new
and effective biomarkers, several types of data are included together: clinical data, neuroimag-
ing data and biological specimens. Upon enrollment and during follow-up, all participants of
the study undergo DaTSCAN (Dopamine Transporter Scan) and MRI scans acquisitions, blood,
urine, CSF and genetic specimen collection, and clinical assessment including motor, cognitive,
sleep and olfactory testing [67]. Ultimately, biomarker experts can leverage this comprehensive
data to investigate new potential links and underlying mechanisms that could help advance our
knowledge in disease etiology and progression [66].

For this work, the first step consisted in downloading clinical and imaging biomarkers from
the PPMI website. The retrieved sample included baseline data for PD patients and healthy
controls, with a total of number of N = 953 subjects retrieved for further screening. After the
acquisition step was performed, participants’ data were subjected to an additional phase of se-
lection. Inclusion in the final dataset required high-quality T1-weighted MRI scans acquired on
a 3 Tesla (3T) scanner. To mitigate potential confounding effects arising from hardware het-
erogeneity [68], scanners with low subject representation were excluded from the analysis, and
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Group n Age (Mean ± SD) Sex (M/F)

HC 106 60.1 ± 10.7 M = 66, F = 40
PD 106 61.2 ± 5.9 M = 66, F = 40

Table 3.1: Demographic breakdown of the final dataset utilized in this study.

only the most used ones across the entire cohort were kept to keep variance under control.
The final sample comprised n = 212 subjects, further partitioned in 106 healthy controls

(HC) and 106 PD patients. The two groups were approximately matched for age and sex. The
full composition of the dataset is shown in Table 3.1, while details regarding the scanner manu-
facturer, specific model and subject number allocations are reported in Table 3.2.

SIEMENS
Prisma Prisma_fit Verio Skyra TrioTim

Subjects 13 9 32 14 144

Table 3.2: Scanner manufacturer, models and subject distribution inside the final dataset.

3.2 Methodological Framework
The full methodological framework, explained in detail in this section, is presented in Figure
3.1.

3.2.1 Data preprocessing

Regional morphometric data were extracted from each structural MRI scan using a FreeSurfer
preprocessing pipeline (FreeSurfer v7.3.2) [45]. FreeSurfer is an open-source neuroimaging
software suite for automated processing, analysis and visualization of human brain MR im-
ages, widely established for cortical surface reconstruction and inspection [69]. FreeSurfer’s
recon-all command, which runs the standard cortical reconstruction and parcellation pipeline,
was used to obtain for each subject the cortical parcellation statistics files for both brain hemi-
spheres: lh.aparc.stats and rh.aparc.stats. The resulting regional statistics were re-
trieved as numerical data for each one of the 68 regions of the Desikan-Killiany Atlas. The
full set of recovered features included: Surface Area (in mm2), Gray Matter Volume (in mm3),
Average Cortical Thickness (in mm), Thickness Standard Deviation (mm), Integrated Rectified
Mean Curvature (in mm-1), Integrated Rectified Gaussian Curvature (in mm-2), Folding Index
(unitless) and Intrinsic Curvature Index (unitless). In addition, the Estimated Total Intracranial

20



Figure 3.1: Full pipeline used in this work, from the construction of Morphometric Similarity Networks
to the connection with Allen Human Brain Atlas transcriptomics data to perform enrichment analysis
and bridge micro and macroscale information.

Volume (eTIV), another value measured in mm3, automatically computed by the FreeSurfer
pipeline and characteristic of each subject’s brain, was extracted for each individual and pro-
vided in those same files. Of the 8 total cortical morphometric features obtained from the T1w
MRI scans, only 5 were retained, as done in previous studies[70]: Surface Area, Gray Matter
Volume, Average Cortical Thickness, Integrated Rectified Mean Curvature and Integrated Rec-
tified Gaussian Curvature. Morphometric data were then merged with subjects’ demographic
data, including their assigned clinical group, age, sex and model of MRI scanner for subsequent
analyses.

3.2.2 Data Normalization

Once the data were retrieved, normalization was needed to mitigate the influence of extreme
outliers and account for the inherent physiological differences between individuals.
To do this, normalization was performed within-patient, with a robust Z-score approach and the
formula:

𝑍 =
0.6745 · (𝑋𝑖 − Median)

MAD
𝑤ℎ𝑒𝑟𝑒 𝑀𝐴𝐷 = 𝑚𝑒𝑑𝑖𝑎𝑛 ( |𝑋 − 𝑚𝑒𝑑𝑖𝑎𝑛|) (3.1)
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where the 0.6745 multiplication factor makes it comparable to a standard Z-score, 𝑋𝑖 represents
the numerical values for each feature 𝑖 andMAD corresponds to theMean Absolute Deviation of
each single feature. The usage of the median and MAD, instead of the usual mean and standard
deviation values, makes this normalization approach more robust and less sensitive to extreme
anomalies in the data [71].
After this step, the resulting normalized features become similar in scale, allowing for direct
comparisons between them and higher stability.

3.2.3 Mass Univariate Analysis

Following the within-patient normalization performed with a robust Z-score approach, an ex-
ploratory mass univariate analysis was conducted before creating the morphometric similarity
networks, to assess regional group differences between the PD and HC cohorts. This analysis
independently evaluated the five selected morphometric features across all 68 cortical regions.
Group comparisons were performed using a General Linear Model (GLM), adopting the model
design outlined in Section 3.2.5, with the exception that each feature served as the dependent
variable instead of node strength. To control for Type I errors across the multiple tests, statistical
significance was evaluated after applying False Discovery Rate (FDR) correction. Of the model
results, t-values were extracted to allow visualization of deviation patterns within the cohorts.

3.2.4 Morphometric Similarity Networks

Proceeding from the exploratory analysis, morphometric similarity networks were created for
each individual to quantify the complex structural similarity relationships between different
anatomical regions. For a given patient, each predefined ROI was characterized by a specific
5-feature vector, which included the normalized values for each of the five chosen metrics.
To evaluate the divergence between any given pair of regions 𝑥 and 𝑦, the Multivariate Euclidean
Distance, 𝑑 (𝑥, 𝑦), was calculated across the feature space to obtain distance information between
the 68 regions making up the Desikan Killiany Atlas. The following formula was used:

𝑑 (𝑥, 𝑦) =

√√
𝑛∑
𝑖=1

(𝑥𝑖 − 𝑦𝑖)2 (3.2)

where 𝑥𝑖 and 𝑦𝑖 represent the values of morphometric feature 𝑖 at regions 𝑥 and 𝑦, and 𝑛 cor-
responds to the total number of areas included in the parcellation atlas, which in the Desikan-
Killiany case is equal to 68.
The use of multivariate Euclidean distance was motivated by its greater information retention
compared to other commonly employed measures like correlations[36]. Additionally, Euclidean
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distance was considered more suitable and robust given the limited dimensionality of the feature
space (n=5), which would otherwise lead to statistical instability and insufficient degrees of free-
dom for correlation-based measures. Since the Euclidean distance acts as a measure of structural
dissimilarity, where larger values denote highly divergent morphological profiles, the resulting
distances were systematically converted into similarity scores, 𝑆(𝑥, 𝑦), before constructing the
MSNs.
This was achieved through the application of a standard inverse transformation, where the dis-
tance 𝑑 (𝑥, 𝑦) was also normalized by the number of features, through the formula:

𝑆(𝑥, 𝑦) = 1
1 + 𝑑 (𝑥,𝑦)

#𝑚𝑒𝑡𝑟𝑖𝑐𝑠

(3.3)

The result of this transformation is a similarity weight bounded between 0 and 1, where values
approaching 1 indicate that two regions possess matching morphometric profiles and values
closer to 0 point to two highly dissimilar regions in morphometric terms. Finally, the resulting
pairwise similarity scores were aggregated into a symmetric 68 × 68 similarity matrix, which
maps effectively the patient-specific MSN, yielding a weigthed, undirected graph that serves as
the foundation for the following network analysis.

To characterize the topological properties of the generated networks, graph analysis was
applied to the MSNs. The metric used in this work was node strength, which serves as the
weighted equivalent of degree centrality in complex networks and was already employed in other
studies using MSNs[39][38]. While unweighted degree centrality merely counts the number of
connections a node possesses, node strength provides a more nuanced measure by accounting
for the magnitude of those connections.
For each specific ROI 𝑥, which represents a node of the graph, its node strength 𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ(𝑥)
was mathematically defined as the sum of all its incident edge weights, which correspond to
morphometric similarity scores in this work. This was computed through the following equation:

𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ(𝑥) =
∑
𝑥≠𝑦

𝑆(𝑥, 𝑦) (3.4)

where 𝑆(𝑥,𝑦) corresponds to the similarity score between regions 𝑥 and 𝑦. Self similarity weights
are excluded from the sum as they all present a similarity score of 1 and are thus irrelevant in
the overall calculation.
Node strength in the context of MSNs holds biological relevance, as a region exhibiting a high
node strength shares a highly concordant morphometric profile with a large number of other
anatomical areas. This similarity pattern allows the identification of highly integrated structural
hubs within the patient’s overall cortical structure[2]. On the other hand, the regions exhibiting
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a low node strength score usually equate to areas with more morphologically distinct or isolated
profiles compared to the rest of the structural connectome.

3.2.5 Group Differences Analysis

To evaluate alterations in the morphometric network architecture associated with the disease
cohort, their regional node strength values were statistically compared with the healthy con-
trols. As demographic factors have a strong influence on structural brain metrics [72] and are
also sometimes correlated to neurodegenerative diseases’ progression or outcome[73], a General
Linear Model was employed to assess group-level differences while systematically controlling
for these potential confounders. For each region of interest, the node strength of a subject was
modeled as the dependent variable. The clinical diagnosis (PD compared to HC) was entered as
the primary categorical independent variable of interest, alongside age, sex, eTIV and scanner
model as covariates. The scanner model in particular was included through one-hot encoding,
in order to reduce the potential noise and variance added by the multiple scanners[74].
The GLM was formulated as follows:

𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ𝑖 = 𝛽0 + 𝛽1Group𝑖 + 𝛽2Age𝑖 + 𝛽3Sex𝑖 + 𝛽4eTIV𝑖 + 𝛽5ScannerModel𝑖 + 𝜖𝑖 (3.5)

where 𝛽0 represents the intercept, and the coefficients 𝛽1, 𝛽2, 𝛽3, 𝛽4 and 𝛽5 quantify the indepen-
dent effects of diagnostic group, age, sex, eTIV and scanner model, respectively. The residual
error term is denoted by 𝜖𝑖.
In this framework, the primary coefficient of clinical interest is 𝛽1. This parameter captures the
main effect of the pathology, representing the magnitude and direction of the change in regional
node strength driven specifically by the PD diagnosis, independent of the variance attributable
to the subject’s included confounder variables.
To rigorously account for the inflated risk of Type I errors arising from simultaneous statistical
testing across all 68 regions in the network, the resulting 𝑝-values were corrected for multiple
comparison using the Benjamini-Hochberg False Discovery Rate (FDR) procedure. Group-level
differences in regional node strength were considered statistically significant at an FDR-adjusted
threshold of 𝑝 < 0.05, although some considerations could still be made about uncorrected p-
values < 0.05, as it is common practice. Of model results, beta coefficients, t-statistics and
corrected p-values were kept for the following analyses and visualizations, obtaining for each of
these variables a vector of 68 values. The results were visualized as bar plots of t-values, divided
by left and right hemisphere, in order to see at a quick glance the amount of changes in nodal
strength.
Of all the retained results, in particular, the vector of beta coefficients, as it represented the ef-
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fect size of the node strength change between cohorts, was used as the phenotype map for the
subsequent imaging transcriptomics analysis.

3.2.6 Imaging Transcriptomics

To investigate the potential molecular and cellular correlates underlying the observedmacroscale
network alterations, an imaging transcriptomics step was implemented. To do this, two main
actions are needed: a first step where a phenotype map is cross-referenced with the spatial infor-
mation coming from post-mortem microarray gene expression data, and a second step where the
just obtained gene rankings serve as input for a gene set enrichment analysis to uncover molec-
ular pathways potentially related to the disease cohort morphometric alterations.
The primary input for this analysis was the 68-dimensional vector of unstandardized 𝛽1 coef-
ficients derived from the group-level GLM, which served as the phenotypic input map. This
vector effectively acts as a spatial map, representing the regional magnitude and direction of
PD-related changes in node strength across all the anatomical regions. The microarray gene ex-
pression data used in this work is derived from the Allen Human Brain Atlas[49], and by using
the Imaging Transcriptomics Toolbox[75] to perform the first step, it is also implicitly prepro-
cessed in the same way as in Martins et al. (2021)[47]. The final number of genes from the
AHBA that passed the preprocessing and filtering steps with abagen[53], and were compared to
the strength-differences spatial map was 15,633.

To identify specific genes whose spatial expression patterns covaried with the PD-related
network topological changes, the first half of the vector of regional 𝛽1 coefficients was statisti-
cally associated with the regional gene expression matrix. In this case, the first half of the array
corresponded to the left hemisphere data. This was done because of AHBA’s inherent limita-
tion: cortical data from the right hemisphere derives from just 2 post-mortem subjects, thus it is
preferable to use only the left hemisphere information for this type of analyses[75].
Instead of the widely used simple spatial correlations, a Partial Least Squares (PLS) regression
was employed, consistent with recent methodological approaches[10][70], to identify a weighted
linear combination of genes that maximally covaried with the regional 𝛽map. Pearson or Spear-
man correlations, on the other hand, only test gene indipendently, not accounting for inter-gene
relationships.
Only results for the first PLS component, the one explaining the maximum covariance between
the two maps, were retained for subsequent use. With the PLS analysis, a value of cumulative
variance was provided by the Imaging Transcriptomics Toolbox, together with a permutation
based p-value that had the goal of assessing how significant the original spatial phenotype asso-
ciation with gene expression was compared to null maps. From PLS regression, a ranked list of
all the genes was obtained, with each gene possessing a Z-Score value and a p-value. These in-
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dicate the magnitude of spatial covariance between the phenotype and individual transcriptomic
maps and their statistical significance. Because adjacent brain regions inherently share similar
structural and transcriptomic profiles, the statistical significance of the imaging-transcriptomic
associations was evaluated using spatial permutation testing, more specifically using the Váša
algorithm[76] for spin testing, which generates null models by randomly rotating cortical maps
on a sphere while preserving their spatial autocorrelation.
To determine the biological significance of the genes spatially associated with PD-related net-
work alterations, functional and cell-type enrichment analyses were then performed on the whole
ranked gene list. Rather than analyzing individual genes in isolation, this approach identifies
whether specific biological pathways or cellular populations are overrepresented within the tran-
scriptomic findings.
Different gene libraries were tested in this work: GO Biological Process[77], to observe which
biological goals or outcomes a gene contributes to, KEGG Pathways (Kyoto Encyclopedia of
Genes and Genomes)[78], to look into metabolic reactions and interaction networks, DisGeNET
[79], for extensive gene-disease associations, and the neuronal Cell-Type library[80], to match
gene signatures to specific adult human brain cell data obtained from single-cell RNA sequenc-
ing (scRNA-seq).
The statistical significance estimation of all the enrichment analyses was evaluated automatically
by the gseapy python package using permutation testing and then multiple comparisons correc-
tion, keeping the threshold at FDR 𝑝 < 0.05. Each enrichment analysis yielded a finalized list
of terms, each with their own enrichment score, normalized enrichment score, FDR p-val and
leading genes. These results were subsequently used to identify and interpret the molecular path-
ways and biological processes underlying the observed imaging–transcriptomic associations.
Alongside the aforementioned steps, the pipeline generates a series of graphical outputs. Specif-
ically, it generates plots detailing the morphometric matrices, strength vectors, and maps of
strength differences both as bar plots and overlapped on cortical surfaces. It also outputs tables
consisting of the top covarying positive and negative PLS1 genes, as well as the most signifi-
cantly enriched functional terms based on their normalized enrichment scores. Finally, a PDF
report is generated, with the results from all the previous phases and the figures included.

3.2.7 Code and Implementation

The analysis pipeline was developed and used in a Python 3.9 environment. The Imaging
Transcriptomics Toolbox[75] was employed to perform the Partial Least Squares (PLS) re-
gression and its associated spatial permutations to generate gene rankings. Subsequently,
the gseapy package[81] was utilized to conduct gene set enrichment analysis on the resulting
ranked lists. To visualize the neuroimaging maps on cortical surfaces, the Nilearn package was
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used[82]. All custom code written and used in this study is publicly available on GitHub at
https://github.com/tfraa.
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Chapter 4

Results

4.1 Morphometric Similarity Networks

Once the preprocessing step was performed, before the computation of the morphometric simi-
larity networks, an explorative mass univariate group difference analysis was conducted between
the PD cohort and the HC group for each of the 5 selected morphometric features. None of the
features in none of the 68 regions showed significant change after FDR correction. However,
the deviation patterns, obtained with the same GLM used in the main steps of the pipeline and
represented by t-values, were consistent with neurodegeneration, as the PD group brought gen-
eral decreases in surface area, cortical thickness and gray matter volume, and an increase in the
two metrics related to curvature. In Figure 4.1 the t-value maps can be visualized both as bar
plots and projected on cortical surfaces.

After this first step, the morphometric similarity matrices were created. As shown in Fig-
ure 4.2, which represents the average per-group morphometric similarity matrices, upon a first
visual inspection they look almost identical, with few small, almost imperceptible and local-
ized changes. However, at the individual level, certain MSNs exhibit areas of reduced similarity
compared to the average healthy individual.

The same fate applied to the topological analysis with node strength, where on average vir-
tually no differences were present, as can also be seen from Figure 4.3, which illustrates the
strength values for all the 68 regions for each cohort, averaged across all subjects. In this case,
just like before, when looking at individual node strength maps, the differences were minimal,
with few localized and subtle changes for some of the subjects.
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(a) Average cortical thickness.
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(b) Cortical volume.
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(c) Cortical surface area.
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(d) Mean Curvature.
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(e) Gaussian Curvature.

Figure 4.1: Univariate analysis for the 5 morphometric features between PD and HC.
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Figure 4.2: Averaged morphometric similarity matrices for each cohort, PD and HC, showing no
visually distinguishable differences. Regions are ordered according to FreeSurfer’s default regional
ordering.

Figure 4.3: Averaged nodal strength across the 68 brain regions for each of the two clinical groups,
PD and HC. As for the morphometric similarity matrices, the differences are here also imperceptible.
Regions are ordered according to FreeSurfer’s default regional ordering.

4.2 Group-Level differences

To quantify the extent of the differences in node strength between groups, the GLM was em-
ployed, systematically controlling for age, sex, estimated total intracranial volume and scanner
model, as described in the Materials and Methods section of this work. From the GLM results,
the beta values for the scanner type were considered to investigate the amount of influence of
this variable on the results, as well as beta coefficients, t-values, and p-values from the Group
variable, to evaluate potential group differences. The beta coefficients for the scanner model
predictor variable resulted in extremely low values, meaning the scanner type had little impact
on the overall results and explained only a small amount of variance in the model.
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Hemi Region Beta coefficient t-value p-value FDR p-value

L Caudal middle frontal gyrus 0.498 2.621 0.009 0.219
L Medial orbito frontal cortex 1.019 2.772 0.006 0.219
L Pars opercularis 0.528 2.612 0.010 0.219
R Superior parietal 0.434 2.195 0.029 0.498

Table 4.1: Results of the generalized linear model for the brain regions exhibiting a significant
difference in node strength, before FDR correction, with 𝑝𝑢𝑛𝑐 < 0.05.

Figure 4.4 illustrates the t-values extracted from the group difference analysis and the pro-
jections of this map on cortical surfaces, both on the lateral and medial view of the brain, with
the use of the inflated representation of the cortex instead of the pial one to better distinguish the
gyral and sulcal surfaces.

As can be seen from table 4.1, four main regions were indentified as the ones presenting
a significant regional shift in nodal strength: the left caudal middle frontal gyrus, left medial
orbitofrontal cortex, left pars opercularis, and the right superior parietal lobule. These results
were achieved prior to multiple comparison correction (𝑝 < 0.05). Notably, all the significant
areas belonging to the left hemisphere appear to belong to the frontal lobe.
After the computation of the node strength difference patterns, we visualized the behavior of the
structural hubs, in order to investigate the potential presence of patterns like dedifferentiation,
hypercoupling, hyperdifferentiation and hub decoupling. This analysis was conducted similarly
to previous investigations[47], correlating MS group differences with mean MS in healthy con-
trols.

As shown in Figure 4.5, patterns are uniform for most of the regions except the ones show-
ing an already low morphometric similarity (MS) in healthy controls. The lower the MS are
in controls, the more the distribution is skewed towards negative beta coefficients and thus hy-
perdifferentiation. The most frequent pattern was the hub decoupling, linked to a decrease of
nodal strength in the PD cohort where it is usually high on average in HC, with a total of 32.4%
of regions falling in this category. Following this, the second most frequent pattern was the
hypercoupling, with 27.9% of regions included. Then differentiation with 20.6% and last hy-
perdifferentiation with only 19.1% of regions.

The unstandardized beta coefficients (𝛽1), representing the magnitude and direction of these
disease-driven topological changes, were extracted from the model’s group variable to finally
serve as the spatial phenotype map for the subsequent transcriptomic profiling.
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Figure 4.4: T-statistics values of the differences in nodal strength for each of the 68 brain regions,
FDR corrected, after the application of the generalized linear model.
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Figure 4.5: Hub susceptibility analysis: (A) correlation between mean values in healthy subjects
and morphometric similarity is presented, together with the rate (B) for each of the possible result
options.
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4.3 Imaging Transcriptomics

To bridge these macroscale morphological alterations with their potential underlying molecu-
lar mechanisms, the spatial map of left-hemisphere beta coefficients was cross-referenced with
microarray gene expression data from the Allen Human Brain Atlas (AHBA), where the 15633
genes that survived preprocessing and filtering had their expression spatially assigned to their
respective brain regions. Partial Least Squares (PLS) regression was used to identify the first
principal component of this weighted linear combination of genes that maximally covaried with
the PD-related changes in node strength. Spatial permutation testing (spin tests) utilizing the
Váša algorithm [83] was also used, in order to account for spatial relationships between close
regions. As a result, the statistical significance of the first PLS component was p-value = 0.937,
and it explained 0.114 of its covariance with the spatial phenotype map. These results, while
not ideal, appear consistent with the previous steps’ results, as no significant deviations from the
healthy controls leads to spatial covariance maps that are very likely to be coming from chance
or due to the spatial structure itself, rather than from a disease-related pattern.

Still, with the use of the PLS1 component, the PLS step finally generated a ranked list of
all the 15633 genes each with a Z-score and a p-value corrected for multiple comparisons and
subjected to spin testing spatial permutations, resulting in a total of 891 genes presenting an
FDR corrected p-value lower than 0.05 and thus considered significant. The genes that showed
the most positive and negative spatial covariance with the node strength map are presented in
Table 4.2.

For each one of these top genes, their downstream function was investigated, and while none
of them was specifically related to PD, they had a consistent connection to either system immu-
nity, inflammation or cancer.
Inside this ranked list, we explored whether genes previously linked to Parkinson’s disease were
present and exhibited a high Z-score and thus spatial covariance with the phenotype map com-
posed of nodal strength differences. The genes were obtained from previous studies that showed
strong association between them and PD and included: SNCA, PRKN, PARK7, LRRK2, PINK1
and ATP13A2 [84][46][85]. Of these, only LRRK2 appeared to show a significant spatial co-
variance with our map, placing at position 381/15633 in the PLS1 ranked list, with a Z-Score =
1.702 and a FDR p-val = 0.025. Its high location in the gene list and thus positive Z-Score indi-
cates that LRRK2 presents higher expression in areas where the node strength becomes higher,
so where regions show a pattern of becoming more similar to each other.

The full resulting PLS1 gene ranking was subsequently subjected to functional and cell-type
enrichment analyses to uncover the biological relevance of the transcriptomic signature. Gene
Set Enrichment Analysis (GSEA) results for the GO Biological Process, KEGG, DisGeNET and
Cell-Type libraries are presented in Figures 4.64.74.84.9, each with their top positively and neg-
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Top 10 Positive Z-Scores
Gene Z-Score FDR p-value
AAR2 2.711 0.0011
LOC494141 2.686 0.0011
TRAF7 2.643 0.0014
RGS11 2.598 0.0020
IQSEC3 2.527 0.0023
SOCS2 2.523 0.0024
VASH2 2.458 0.0027
GADD45A 2.438 0.0028
SUPT16H 2.401 0.0028
C3orf35 2.395 0.0035

Bottom 10 Negative Z-Scores
Gene Z-Score FDR p-value
MPEG1 -2.904 0.0014
CYSLTR1 -2.713 0.0026
LOC145783 -2.709 0.0029
C1orf56 -2.694 0.0030
STAG3 -2.559 0.0035
OSTC -2.520 0.0040
DPF3 -2.458 0.0044
CYB5A -2.456 0.0045
NFYC-AS1 -2.431 0.0046
ADARB2 -2.413 0.0047

Table 4.2: Top positive and negative Z-Scores with their corrected p-value obtained from the Partial
Least Squares regression first component.

atively enriched terms. Reported in the enrichment plots are the normalized enrichment scores
together with the significance of each term. Only significant terms (𝑝𝐹𝐷𝑅 < 0.05) are shown.
For GO Biological Process, linked to biological and molecular processes, 30 terms mostly re-
lated to immunity and with predominantly negative normalized enrichment scores (NES) were
present, meaning that the expression of this genes was higher were the nodal strength decreased.
For KeGG, related to biological and metabolic pathways, 42 total terms reached the enrichment
significance threshold. Here, just like before, the results showed potential connections with
immunity alterations and metabolism disruptions, and almost all of the normalized enrichment
scores were negative.
For DisGeNET, used to link genes with specific diseases, 61 terms in total were enriched at the
end of the analysis. As the previous gene libraries results already showed, here they were also
mainly related to immune terms, with mostly negative NES apart from Epilepsy, which pre-
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sented a high and distinctive positive NES.
Finally, for the neuronal cell-type gene library, 24 terms in total were recongized as singificantly
enriched. They mostly were excitatory neurons with positive NES, while astrocytes, oligoden-
drocytes and oligodendrocyte progenitor cells (OPC), appeared with a strongly negative normal-
ized enrichment score.

Figure 4.6: GO Biological Process 2025 gene library.
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Figure 4.7: DisGeNET gene library.
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Figure 4.8: KEGG 2021 (Human) gene library.
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Figure 4.9: Neuronal cell-type gene library.
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4.4 Further validation: Frontotemporal dementia dataset
To further investigate our framework’s validity, the full pipeline performed on the PPMI dataset
was also applied to to a frontotemporal dementia (FTD) dataset. Through the analysis of the
morphometric differences in the genetically stratified cohorts comprising the dataset, containing
groups HC and prodromal patients with the FTD-linked mutations C9orf72, GRN and MAPT,
more significant differences were found, compared to the overall results coming from the PPMI
dataset.
This analysis served as a further test of the framework developed in this work, providing a dataset
related to a disease specifically more involved in cortical atrophy. This way, the assessment of the
current framework was possible in different clinical cases, which enabled a better explainability
of the final results and the development of biologically relevant insights about the disease and
the structural connectome.
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Chapter 5

Discussion

The main objective of this study was to create a framework to track and investigate topological
alterations of Morphometric Similarity Networks (MSN) between clinical cohorts, to then check
for spatial covariance with brain transcriptomic data through a step of imaging transcriptomics.
To test this methodology, a dataset consisting of Parkinson’s disease patients and healthy con-
trols was analyzed using the developed pipeline.
Overall, our findings suggest that the large-scale macroscopic structural covariance of the
brain remains highly preserved in the first stages of PD, consistent with existing literature
[86] and confirm the pipeline’s ability to correctly detect expected null-like results. Specifically,
the results of the starting explorative mass univariate analysis yielded low-magnitude but consis-
tent patterns of structural alteration. The PD cohort, compared to the healthy controls, exhibited
trends of decreased surface area, cortical thickness and gray matter volume, accompanied by an
increase in mean and gaussian curvature. Despite being non-significant changes, an inspection
of the direction of these changes can still be done. In fact, while the decreased area, thickness
and volume are characteristic findings linked with neurodegeneration, the increases of curvature
metrics are less straightforward to interpret. An increased curvature usually means sharper folds
in the cortex, with gyral curves being sharper due to tissue collapse and the subsequent bending
of the remaining cortex. Current literature usually associates atrophy of the cerebral cortex to a
widening of sulcal regions and a decrease in the width of the sulci, conditions that commonly
lead to decreases in the values of curvature indexes[87]. While some studies report localized
decreases in curvature tracking with volume loss, the generalized increase in curvature observed
in this work for the PD cohort may reflect morphological tension shifts or compensatory folding
alterations that are secondary to gray matter thinning. This is also supported by the way the
results of this work match with previous studies showing that increases in curvature actually
relate to white matter losses in volume[88], which, despite not being tracked in this analysis, are
characteristic of PD and come before the disruptions in the morphometry of the cortex[89]. For
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this reason, new approaches that integrate white matter morphometry should also be explored.
The lack of significance in any of the regions after FDR correction also suggests that, unlike the
severe macroscopic atrophy seen in later-stage Alzheimer’s, cortical structural degradation in the
evaluated PD cohort is either highly heterogeneous across subjects or insufficiently advanced to
cross stringent statistical thresholds, a result that actually reflects their recent diagnosis and early
disease stage[66]. This is consistent to previous studies showing no difference in selected met-
rics between PD and HC cohorts[90].

Visual inspection on average MSNs confirmed that the global similarity profiles of PD pa-
tients and healthy controls are virtually indistinguishable, despite some subjects showing slight
individual variance. Without a proper statistical analysis, though, this visual inspection doesn’t
provide conclusive evidence.
The same applied to the node strength vectors across all the 68 regions of the Desikan-Killiany
atlas, with both average and single-subject maps not showing remarkable differences compared
to the healthy controls maps. Node strength was utilized as the main topological metric in line
with previous studies [47], and for of its biological relevance, as it provides a measure of re-
gional centrality and reflects the degree of morphometric integration of a node within the overall
structural network. The use of other topological metrics such as betweenness centrality, which
is more closely related to the path of information flows, could also be explored to investigate
different aspects of the structural connectome.

When quantifying differences between the PD and HC cohorts via topological node strength,
the GLM controlling for age, sex, eTIV, and scanner type, identified four distinct cortical re-
gions exhibiting altered structural integration: the left caudal middle frontal gyrus, left medial
orbitofrontal cortex, left pars opercularis, and the right superior parietal lobule. Notably, these
findings did not survive FDR correction and should be therefore considered exploratory.
Interestingly, the left hemisphere frontal regions demonstrated positive beta coefficients, hinting
at a localized shift in regional network embedding rather than patterns of global disconnection.
Though these regions did not survive FDR correction, their spatial distribution is clinically rele-
vant. The frontal and orbitofrontal cortices are integral to the frontostriatal networks, which are
known to be heavily impacted by dopaminergic depletion in PD. Alterations in these networks
are frequently associated with some of the symptoms of PD [91]. The middle frontal gyrus, in
particular, has already been linked to cognitive impairment[92]. Similarly, involvement of the
pars opercularis (part of Broca’s area) may relate to speech manifestations, while right superior
parietal alterations could be linked to deficits often observed in PD patients [93].
It needs to be recalled that the changes found within the GLM framework are not directly trans-
latable to cortical atrophy, but to structural similarity, where a higher value means that the cor-
responding area is showing an increase in likeness to other areas compared to healthy controls,

48



with a contribution of all the different regions. Still, changes in some areas could indicate struc-
tural deviations in cortical regions related to them. For example, the orbitofrontal cortex is
strongly connected to the piriform cortex, which in turn is the main location of the olfactory
cortex. Notably, one of the first non-motor symptoms in Parkinson’s disease is usually olfac-
tory dysfunction[94][95]. While olfactory dysfunction in PD is still not clearly understood, new
analyses focusing on structural deviations in both gray matter and white matter structures may
help elucidate undelying relationships that have thus far remained elusive.

To further investigate the network-level impact of Parkinson’s disease and the ability of the
developed pipeline to detect it, we evaluated the behavior of structural hubs by correlating group
differences with mean MS in healthy controls. This approach, already introduced in another
study[47], allowed us to determine whether network reorganization in PD follows specific topo-
logical trajectories, which can be divided into 4 groups: dedifferentiation, hypercoupling, hy-
perdifferentiation, and hub decoupling. What was found in this work is that structural reorgani-
zation in PD is weakly dependent on the baseline topological role of the regions. In particular,
the most prominent shift was hub decoupling, which accounted for approximately one third of
the analyzed regions (32.4%). This pattern reflects a decrease in nodal strength in the PD cohort
within regions that are normally connected hubs (and thus have high MS) in healthy controls.
The prevalence of hub decoupling aligns with the hypothesis of hub vulnerability frequently ob-
served in PD and other neurodegenerative disorders[18][96][97]. The rationale is that the inher-
ent physiological stress of being topologically central and metabolically demanding renders the
structural hubs more susceptible to neurodegeneration and pathological protein accumulation.
Interestingly, the second most frequent pattern observed was hypercoupling (27.9%), followed
by dedifferentiation (20.6%), both related to regions where an increase in similarity is exhibited
compared to healthy individuals. This may mark an attempt of the brain network to maintain
communication efficiency and reroute connections as a compensatory mechanism[98]. Lastly,
19.1% of regions present a hyperdifferentiation pattern, which highlights regions that were al-
ready isolated (low MS in HC) becoming even more morphologically distinct from the others
with the disease.
Looking at the node strength deviation map globally, the present alterations, due to the lack of
significance of the comparison, support an hypothesis of network resilience. This could also be
attributed to the subjects present in the used PD cohort, as it is heterogeneous, small in size and
not guaranteed to present any cortical anomaly, as it consists of early-stage patients. Compared
to other neurodegenerative diseases, in fact, the cortical element of the illness in PD doesn’t
reach the same severity until the later stages.

To investigate the molecular mechanisms potentially driving these small localized topolog-
ical shifts, the left-hemisphere spatial phenotype map was cross-referenced with normative mi-
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croarray gene expression data from the Allen Human Brain Atlas (AHBA). Utilizing Partial
Least Squares (PLS) regression, the first principal component (PLS1) was isolated to identify
the weighted linear combination of genes that maximally covaried with the PD-related changes
in node strength.
It is crucial to interpret the resulting transcriptomic signature with methodological caution.
While the PLS1 component explained a certain amount of the covariance between the two maps,
spatial permutation testing performed using the Váša algorithm[83], yielded a non-significant
and extremely high p-value of 0.937. This indicates that the spatial alignment between the over-
all transcriptomic profile and our morphological map does not definitively exceed the boundaries
of spatial autocorrelation. In other words, the global spatial correspondence could be driven by
the brain’s inherent spatial network structure rather than a highly specific, disease-driven molec-
ular gradient. Consequently, the downstream gene rankings and enrichment analyses must be
considered as exploratory insights rather than definitive mechanistic links.
Despite the global model’s limitations, the PLS1 component successfully generated a ranked list
of individual genes, yielding 891 genes with an FDR-corrected p-value < 0.05. When looking
through this list for established PD-associated genes (including SNCA, PRKN, PARK7, LRRK2,
PINK1, and ATP13A2), LRRK2 emerged as the sole significant correlate.
Ranking at 381 out of 15,633 genes with a positive Z-Score (Z = 1.702), LRRK2 expression
demonstrated a positive spatial covariance with the node strength map. This suggests that cor-
tical regions with higher expression of LRRK2 correspond to areas in our PD cohort that ex-
hibit increases of structural similarity (higher node strength). LRRK2 mutations are one of the
most common genetic causes of familial PD, heavily implicated in kinase pathway dysfunction,
vesicular trafficking, and autophagy[99][100]. The positive covariance observed may reflect a
dynamic where disruptions in LRRK2 signaling might drive compensatory coupling in these
specific areas, as other works have already suggested[101].

A new narrative, despite its uncertain overall significance, emerges from the Gene Set En-
richment Analysis (GSEA) performed on the PLS1 ranked list: there is a functional difference
between regions exhibiting increasing and decreasing node strength.
The negative pole of PLS1 represents genes highly expressed in regions where PD patients dis-
play decreased node strength, and was dominated by terms related to immunity and metabolism
across the GO Biological Process, KeGG and DisGeNET gene libraries. Furthermore, cell-
type enrichment analysis revealed that these negatively covarying regions are heavily enriched
for glial cells, specifically astrocytes, oligodendrocytes, and oligodendrocyte precursor cells
(OPCs). This convergence of immune pathways and glial cell types aligns strongly with the
neuroinflammatory hypothesis behind Parkinson’s disease, with phenomena like microglial ac-
tivation usually preceding neuronal loss. This could support a model of neuroinflammation and

50



glial dysfunction that serve as precursors to the macroscopic loss of similarity observed in the
data [102][103].

In contrast, the positive pole of PLS1 was enriched mainly for excitatory neuronal cell types.
In addition, the DisGeNET library highlghted a strong positive association with epilepsy, and
the KeGG library showed positive enrichment scores for terms related to metabolism and espe-
cially to glucose and insulin.
Research on Parkinson’s disease so far has proved the presence of altered excitatory balance
in the brain[104], with ties to excitotoxicity and cell death. The enrichment of excitatory neu-
ronal cells and epilepsy related terms in regions of increased node strength suggests that these
areas may be undergoing a compensatory structural integration: as some network degrade, other
cortical networks rich in excitatory neurons might become hyper-coupled, resulting in potential
excitotoxicity issues.

The final picture painted by this developed pipeline presents, for this dataset, results coher-
ent with biology, despite its limitations. What emerges is its ability to correctly capture the
expected topological signatures of early-stage neurodegeneration, and linking them to plausible
molecular drivers. To further validate this framework, though, results coming from frontotem-
poral dementia patients were used. The study focused on prodromal FTD patients stratified by
genetic mutation, namely C9orf72, GRN and MAPT. The test with this new dataset allowed to
also inspect a neurodegenerative disease that presents characteristic and more prominent corti-
cal degeneration patterns compared to PD, which in turn is more heavily associated with white
matter until the later stages of the condition. This, together with the fact that the framework only
analyzes cortical data, may help explain the substantial differences observed between the two
analyses, since the one on FTD patients ended with more significant and numerically greater
results.
The PPMI dataset, in fact, was not restricted to late-stage PD, PD-MCI, or PDD patients, but in-
stead included a broader population of subjects with Parkinson’s disease, focusing primarily on
early-stage patients. The cohort had a mean age of 61.2 years (± 5.9), further reducing the like-
lihood that these participants were in advanced stages of the disease, where cognitive decline
is more prevalent. Although the relationship between disease progression, age, and cognitive
impairment is complex, and age alone cannot fully account for cognitive decline, it has been
established as a primary risk factor for Parkinson’s disease[105].

5.1 Study Limitations

This study presents several methodological and conceptual limitations that must be considered
when interpreting its findings.
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First, neither the mass univariate analysis nor the topological node strength alterations survived
stringent FDR correction. While the unthresholded spatial maps provide valuable phenotypes of
disease vulnerability, the lack of statistical significance mainly indicates that macroscopic struc-
tural covariance is largely preserved in this specific PD cohort. This may stem from the cohort’s
disease stage, sample size limitations or from the inherent clinical and spatial heterogeneity of
Parkinson’s disease, which can dilute group-level statistical significance. Therefore, this reflects
more the intrinsic nature of the data rather than a limitation of the methodological pipeline.
Second, while the PLS regression yielded a biologically plausible gene ranking, the global spa-
tial permutation testing for the first PLS component did not reach statistical significance. As
the covariance between the neuroimaging map and the transcriptomic map cannot be separated
from the brain’s own spatial autocorrelation, the subsequent gene-level findings and enrichment
analyses must be strictly interpreted as exploratory, rather than definitive evidence.
A third limitation comes from the data sourced from the Allen Human Brain Atlas: the limited
availability to left hemisphere data and lack of gene expression data in diseased patients appear
as a fundamental limit to investigative work, where lateralized changes or asymmetric molecular
vulnerabilities could be present.
Finally, the cross-sectional design of this study precludes any causal inferences regarding disease
progression, as the patients data was all collected at baseline.
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Chapter 6

Conclusion

This work proposed and implemented a comprehensive methodological framework designed to
bridge macroscale brain topology and microscale molecular signatures. By integratingMorpho-
metric Similarity Networks (MSNs) with post-mortemmicroarray gene expression data from the
Allen Human Brain Atlas, the developed pipeline successfully established a systematic approach
allowing to track structural reorganization and exploring its underlying transcriptomic correlates
in neurodegenerative diseases.

By applying this framework to a cohort of Parkinson’s disease patients and healthy controls
from the PPMI dataset, key findings revealed that the macroscopic structural covariance of the
cortex remains largely preserved in earlier stages of the disease, as expected. The structural con-
nectome in PD exhibits subtle signs of topological shifting, most notably characterized by hub
decoupling. This pattern aligns with the established hypothesis of hub vulnerability, wherein
highly connected regions succumb to neurodegeneration earlier than isolated areas. Simulta-
neously, results also suggest the presence of compensatory mechanisms attempting to maintain
network communication efficiency in the face of structural decline.

The exploratory imaging transcriptomics step of this study further enriched these macro-
scopic findings by proposing potential molecular drivers of the newfound structural reorgani-
zation. Although global spatial permutation testing indicated that the alignment between the
transcriptomic profile and morphological maps did not significantly exceed inherent spatial au-
tocorrelation, the resulting genetic rankings offered compelling avenues for future research, sup-
porting the hypothesis that neuroinflammation, glial dysfunction and excitotoxicity are involved
in macroscopic structural degradation. Overall, the biological consistency between the MSN-
derived structural patterns and the transcriptomic signatures recovered by the pipeline itself con-
stitutes evidence of the framework’s internal validity and correctness.

Crucially, the successful application of this pipeline to a frontotemporal dementia (FTD)
dataset validated the framework’s broader utility and sensitivity, with the more robust results
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observed in the FTD cohort underscoring that the framework, in its current iteration, is optimized
for neurodegenerative conditions characterized by prominent early cortical atrophy.

Ultimately, despite the inherent challenges, this work successfully delivers a scalable, auto-
mated and biologically grounded pipeline. It provides a vital step for future research aiming to
decode the complex relationship between genetic vulnerability and whole-brain structural reor-
ganization in a standardized way.
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