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Abstract

Alzheimer’s Disease (AD) is the leading cause of dementia. Given the growing number of
older population, it becomes a concerning healtcare issue. The brain begins to deteriorate
several years before the emergence of clinical symptoms. AD is characterized by neuronal
and synaptic degeneration, accumulation of amyloid beta plaques and tau tangles. Besides,
changes in gray matter networks have been reported in early stages of the disease which
have been associated with amyloid beta deposition and tau pathology. In this study, we
investigated the relationship between changes in gray matter networks and biomarkers of
amyloid beta and tau in preclinical AD cohort by using graph theoretical measures. We
included 362 cognitively unimpaired individuals. We examined which graph properties were
changed across individuals. On a global level, we found increased average path length,
average betweenness centrality, and gamma, lambda and small world values were increased
when p-tau levels were higher. Regionally, significant relationship was found between p-tau
levels and betweenness centrality in left superior frontal gyrus orbital. Furthermore, average
clustering measure had a significant association with lobule 1-2 of vermis. Findings suggest
that in the preclinical stage, gray matter properties show changes and this can be used to

identify future clinical symptom progression in AD research.
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Introduction & General Overview
What is Alzheimer's Disease

Alzheimer’s Disease (AD) is the most common neurodegenerative disease,
representing the cause for 60-70% of cases of dementia. Together with cardiovascular
diseases, neurodegenerative diseases such as AD represent a concerning socio-economic and
healthcare burden, particularly due to the rapid aging of the population.

From a pathological standpoint, AD is characterized by a chronic degenerative
process leading to neuronal and synaptic loss, associated to the preesence of amyloid beta
plaques and tau neurofibriallary tangles. Changes in the brain begin several years before the
onset of the first clinical symptoms (Jack et al., 2010). Amyloid beta starts to accumulate
20-30 years before the onset of symptoms, while biomarkers of neurodegeneration start to
form just before the onset of symptoms (ten Kate et al., 2018a). Over the past years the
definition of AD has been changed considerably due to in vivo evidence of specific
biomarkers underlying AD neuropathology. This definition and identification of AD can
have major implications for diagnosis and comprehension of the disease progression. While
the definitive diagnosis of AD still relies on the postmortem examination in the brain, recen
developments in laboratory and neuroimaging biomarkers allow for a more accurate in vivo
evaluation (Dubois et al., 2010). According to the criteria of Dubois et al (2010), a diagnosis
of AD can be reached when there is both clinical evidence of the disease phenotype and in
vivo biological evidence of AD pathology (Dubois et al., 2010). Furthermore, with
developing research in the field of neurodegenerative diseases how researchers understand

AD is continuously changing.

Alzheimer’s Disease Clinical Progression
The progression, staging and different disease phenotypes underlying AD have been

described though various models in literature. In their study, Jack and colleagues (2010)
defined three disease stages of AD. The first one is the pre-symptomatic stage in which
individuals are cognitively unimpaired but have AD pathological changes. Secondly, there is
the prodromal AD that is equivalent to mild cognitive impairment (MCI) in which individuals
experience the earliest symptoms such as memory problems. MCI is charactaerized by subtle
cognitive decline that is more than expected for an individual’s age but not severe enough to
interfere with daily life activities. MCI can be considered a precursor to AD, but there are
differences in terms of its severity, daily functioning, brain changes and diagnostic criteria in

comparison to AD pathology. The last stage is the formation of AD pathology in which
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people experience impairments in multiple domains (Jack et al., 2010). In another study by
Sperling et al (2011) to disentangle the biological and clinical processes they used AD-
pathophysiological (AD-P) changes to refer to underlying brain changes and AD-clinical
(AD-C) to refer to the occurrence of clinical and cognitive symptoms. AD-P occurs a long
time before AD-C. Individuals who have AD-P biomarker evidence are likely to progress to
AD dementia. However, some individuals do not experience any clinical symptoms in their
life (Sperling et al., 2011).

The first stage of AD pathology is mostly named as preclinical AD, referred to
before as pre-symptomatic AD and AD-P. In this thesis the term preclinical AD will be
used. Preclinical AD spans from the first neuropathology in the brain until the onset of the
first clinical symptoms of AD. There are two different kinds of preclinical phases of AD.
Asymptomatic at-risk individuals have evidence of biomarker AB accumulation but no
evidence of tau or neurodegeneration. They are cognitively unimpaired. However, the value
of these biomarker changes is absent and not enough to predict further development of the
disease. Presymptomatic AD individuals will develop AD pathology due to genetic
mutation, but they still do not show any symptoms (Dubois et al., 2010). Overall, the
concept of the AD spectrum characterizes the heterogeneity of the disease, encompassing a
continuum from preclinical stages marked by subtle neuropathological changes to the
emergence of clinical symptoms. Biomarkers and underlying pathophysiological
mechanisms serve as crucial tools for understanding these distinct phases along the disease

trajectory.

Biomarkers & Pathophysiological Continuum AD

Biomarkers are physiological, biochemical, or anatomical indicators that reflect
specific features of disease related changes (Jack et al., 2010). They may provide a
diagnostic tool to identify the disease in early stages (van Oostveen and de Lange 2021).
Biomarkers of AD can be categorized into three different classes based on the type of
pathophysiology. It is called the “A/T/N” system. “A” refers to the A biomarker, “T”
indicates the tau biomarker and lastly “N” corresponds to neurodegeneration and neural
injury. Each biomarker is rated as negative or positive according to their corresponding
levels (Jack et al., 2010; Jack et al., 2016). These biomarkers occur at different time points
along the AD continuum. According to Figure 1, the first biomarker which becomes
abnormal is AP without any cognitive or clinical symptoms present. As the clinical disease

stage progresses tau starts to progresses which is an indicator of neuronal injury and
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dysfunction. In individuals with MCI changes in brain structures can be observed with
neuroimaging techniques. Towards late stages of MCI, memory dysfunctions are
unavoidable, later followed by observable changes in clinical functions in demented

individuals (Jack et al., 2010).
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(Jack et al., 2010) Figure 1: Dynamic biomarkers of the Alzheimer’s
pathological cascade. AP is measured by CSF AB42 or AP PET. Tau mediated neuronal injury
and dysfunction is identified by CSF tau or FDG PET. Brain structure is calculated with sMRI.

The initial pathological event in AD is AP deposition which occurs outside of the
cell. According to the amyloid cascade hypothesis, AD develops due to a disruption in the

balance of AP in the brain. Amyloid precursor protein which is a membrane protein

involved in synapse formation and signaling, is responsible for the formation of A} plaques.

There are proteins called secretases which cut amyloid precursor protein into shorter pieces

called amyloid beta peptides. AP peptides can be of different lengths. In a healthy brain,

they are either cleared away into the CSF or carried out of the brain into the bloodstream. In

case of an overproduction or disruptions in clearance of AP, these peptides aggregate and

form AP plaques (Budelier & Bateman, 2020; Hansson 2021; van Oostveen & de Lange,

2021). The main component of these plaques is a protein called AB42 (1-42). These plaques

absorb AP42 and lower its levels in the CSF (Budelier & Bateman, 2020). As a result, in
individuals with AD decreased levels of CSF AB42 is observed compared to healthy
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individuals (Budelier & Bateman, 2020). Another molecule called AB40 (1-40) is also
produced. However, CSF AB40 levels did not differ between healthy individuals and
individuals with AD (Budelier & Bateman, 2020).

In several studies, a ratio of AB42/AB40 is observed. This can help accounting for
interindividual differences in AP concentration. Decreased CSF AB42/AB40 ratio is used to
predict AP deposition in AD (Budelier & Bateman, 2020). Moreover, decrease in CSF A42
occurs before other A} measures become abnormal (Budelier & Bateman, 2020; ten Kate et
al., 2018b). Neuroimaging methods such as PET and MRI are also used to measure A}
levels. Opposite to CSF AB42 levels, AP PET levels are increased in individuals with AD
compared to healthy individuals.

PET scans use special molecules called radioligands which give off tiny positively
charged particles. These particles encounter negatively charged electrons and create an
energy which releases gamma photons. Detectors in the PET scanner detect these gamma
rays and create an image. When measuring Af, radioligands detect AP plaques and stick to
them. This way after waiting a short period, PET can select these plaques and make them
observable. To develop AP tracers, a brain dye is created called thioflavin-T. This dye binds
to AP plaques, can pass through the blood brain barrier and allow the evaluation of Af3
plaques in vivo. In AP imaging, the first tracer used was made with carbon. First carbon-
based tracer was Pittsburgh Compound B (PiB), a carbon-based tracer. Later fluorine-based
tracers were developed which allow for longer investigation times compared to carbon-
based ones (Marquez & Yassa, 2019). Since these tracers’ observability times are different,
they have different sensitivities in detecting AP levels (ten Kate et al., 2018b).

Previous research detected the parietal cortex regions, medial temporal lobes and
frontal cortex as the earliest regions to get affected by AP plaque deposition. Later when the
disease progresses it spreads to other regions in the cortex (Hansson 2021). Progression and
changes also depend on structural and functional connectivity between the regions (Marquez
& Yassa, 2019). These changes can be observed with structural magnetic resonance imaging
(sMRI) and functional MRI (fMRI). In sMRI A3 accumulation is initially seen in structures
of the default mode network (DMN) such as the medial frontal cortex and medial parietal
cortex (Yu et al., 2021). Gray matter atrophy caused by AP deposition can be also detected
in sSMRI (Ewers et al., 2011). Gray matter is important for information transportation
between regions in the cortex. Therefore, in some studies, A positivity in cognitively
healthy patients has been associated with an increased risk of cognitive decline and later

continuing in the trajectory of AD (ten Kate et al., 2018b). However, other studies suggested
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that since changes in A occurs before any cognitive symptom onset, the relationship
between AP burden and changes in cognition is not clearly understood (Marquez & Yassa,
2019). Therefore, other biomarkers such as biomarkers of neurodegeneration or neural
injury should be investigated as well.

In healthy individuals, tau is released by neurons and travels through CSF and blood
where it is broken down and cleared out. However, the level of tau is relatively low, and it is
not phosphorylated. Phosphorylation is a modification of proteins where a phosphate group
is attached. When there is abnormal phosphorylation, tau tangles are formed by aggregation.
These tangles lead to disruption of communication between neurons. In healthy ageing
adults who are over 60 years, tau tangles which are formed by tau protein can be observed
mostly in the medial temporal lobe (Hansson, 2021). However, in AD pathology tau tangles
spread from the medial temporal lobe and progress towards the neocortex. Most tests assess
p-tau 181 (phosphorylated threonine 181), other measures of p-tau are also developed such
as p-tau 231 (phosphorylated threonine 231) and p-tau 199 (phosphorylated serine 199). In
detecting AD, levels of these p-tau tests can vary significantly (Budelier & Bateman, 2020).

In both healthy individuals and individuals with AD, t-tau or total tau exists which
mainly relates to shortened tau fragments (truncated tau). T-tau is produced and released by
healthy cells in an opposite manner to full length tau released with neuronal cell death.
Although increased levels of p-tau are more specific to AD, changes in levels of t-tau can be
due to other neurodegenerative diseases. Increased t-tau levels are related to worse cognitive
functions (Budelier & Bateman, 2020). Another way to measure tau is by looking at CSF.
Increased CSF tau is not only applicable to AD but to other neurological disorders since it
correlates with greater cognitive impairment and disease severity. In AD, increased CSF tau
may occur as a direct consequence of tau accumulation in axons (Jack et al., 2010).
Neuroimaging such as PET scan can also be used to investigate tau levels in the brain. Tau
first starts to deposit in the medial temporal lobe where the memory system is located, it
then spreads from the entorhinal cortex to the hippocampus and then to the rest of the cortex
(Yu et al., 2021). Fluorodeoxyglucose PET (FDG PET) measures resting state cerebral
metabolic rates of glucose as a signature for neuronal activity, it measures the level of
glucose which is associated with cerebral metabolism and synaptic activity. Metabolic
abnormalities have been seen in individuals with MCI and AD. (Sperling et al., 2011). These
abnormalities occur first in the temporal and parietal lobes and sometimes in the frontal

lobe, whereas areas such as sensory and visual areas and the cerebellum are spared.
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Beyond being useful in vivo, but biomarkers can also be used post-mortem to
evaluate disease stages and phenotypes. Even in individuals who appear cognitively
unimpaired, post-mortem examinations often reveal pathological changes indicative of AD.
Key post-mortem findings include AP plaques, neurofibrillary tangles, neuronal loss, and
brain atrophy. AP plaque distribution is classified using the Thal plaque phase stages,
delineate the spread of AP plaques in different brain regions. Neurofibrillary tangle
distribution is determined according to the Braak model, which also describes the
progression of tangles in various brain areas. There are also neuritic plaques which are
primarly composed of A, formed when AP clumps together and accumulates in the spaces
between neurons. The CERAD neuropathology protocol is used to investigate neuritic
plaques. By combining these three criteria, the staging and likelihood of AD can be
estimated (Love et al., 2014, p.886-888). It is also important to note that while post-mortem
staging provides valuable information into discovering new markers and assess outcomes of
rapidly emerging treatment strategies, it does not capture the full spectrum of clinical
symptoms.

Several previous research proposed that changes in cognitive function in AD are due
to disruptions in the structural and functional network connectivity between the regions in
the brain (Voevodskaya et al., 2017). There are different types of connectivity, and they can
be represented as a connectivity matrix. This matrix consists of nodes which are brain
regions in a structural or functional connectome and links which represent the connectivity
between two nodes in a structural or functional connectivity (Yu et al., 2021). While talking
about network connectivity, it is also important to mention the importance of the gray matter
which is crucial for information processing in the brain and can explain connectivity
disruptions in AD. Therefore, focusing on gray matter networks can offer a more detailed

understanding of how cognitive decline in AD arises.

Risk Factors for AD
In previous research for a long time the common opinion was that women who carry
the copy of the €4 allele of the APOE gene are more prone to develop AD compared to men
who also carry the same allele and the same amount. There are 3 different alleles of the
APOE gene which are €2, €3, and 4. Only carrying allele €4 is indicated as a risk factor for
developing AD. Contrary, €2 has a protective effect for AD.
Presence of APOE &4 may have effects on connections in the brain, and on gray

matter organization. In one previous study, Regy and colleagues (2022) investigated the
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relationship between APOE &4 status and regional gray matter in cross sectional and
longitudinal analysis using data from a large MEMENTO cohort of individuals with
subjective memory complaints without dementia diagnosis. Regy et al (2022) hypothesized
that individuals who are APOE &4 carriers would have smaller gray matter volumes and also
have more atrophy rates in regions associated with early neuropathological changes. They
found that non-demented APOE €4 carriers were associated with lower gray matter volume
and higher atrophy when they had the follow up session two years later. Regions like the
hippocampus and entorhinal cortex were the most vulnerable areas (Regy et al., 2022). These
are the areas also first affected by AP deposition and tau pathology.

There have also been some contrary results with findings on the relationship between
APOE gene and sex specific effects. To investigate this relationship more, many individual
data were used from 27 independent research studies. Neu et al (2017) examined individuals
between 55 and 85 years. In this age span the chances of men and women with APOE €3/e4
phenotype on developing AD were equal. However for women, the risk of developing AD
increased at younger ages (Neu et al., 2017). Moreover, a comparison was made between
transition from cognitively normal to MCI and MCI to AD. APOE &4 increased the risk to
convert from MCI to AD between the ages of 70 to 85 but not between ages of 55 to 69 years
(Neu et al., 2017; Regy et al., 2022). It can be the case that the effect of APOE &4 increases
with age, and it does not have a significant influence in relatively younger ages. APOE &4
alleles' effect is also dependent on changes in biomarkers such as AP and tau. Most of the
time, increased levels in these biomarkers (only exception for CSF A, with age CSF Af
decreases) occur with age, so this can change or enhance the influence of APOE &4 on the
development of MCI and AD. These influences can also depend on the cohort, the sample
size, and demographics.

Sex-based differences have important effects on and implications for AD regarding
future therapeutic approaches or for diagnosis. In normal aging looking at global brain
volume men have more reductions due to aging than women. However, only looking at
specific regions in the brain such as the hippocampus and parietal lobe, in this case women
showed significantly stronger reductions in brain volume compared to men. In AD, previous
research found significantly larger frontal impairments in women compared to men (Skup et
al., 2011). Women who were between 55 and 70 years had an expanded risk for developing
MCI and when they were observed between 65 and 75 their risk to develop AD was
increased. These sex specific differences can be associated with changes that occur

physiologically with menopause and changes in estrogen levels (Neu et al., 2017). Other
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factors to consider when examining the relationship between sex differences and AD include
the higher risk of male subjects of experiencing cardiovascular diseases and a stroke
compared to women. Longer-lived males may suffer less from other medical conditions, and
present comorbid conditions compared to women of the same age, hence the lower risk of
developing AD (Neu et al., 2017). To investigate sex differences in specific regions in gray
matter, Skup et al (2011) examined cognitively healthy, MCI and AD individuals who are
between 55 and 90 years of age from the ADNI cohort in a longitudinal study design. They
found that women with MCI and AD had reductions in the right caudate nucleus compared to
cognitively healthy women, but they did not observe this effect for men. Sex specific
differences were seen in areas such as left insula, thalamus, right middle temporal gyrus.
Volume reductions were seen in these areas only for women with AD but not for men. Both
men and women with aMCI showed different shrinkage patterns in the thalamus, precuneus,
and amygdala compared to men and women with probable AD.Overall, the findings suggest

that sex may influence the way gray matter atrophy progresses in MCI and AD.

Gray Matter Networks

Individuals that are healthy and have unimpaired cognitive functioning have efficient
communication between neurons. In case of any disruptions in brain networks this
communication breaks down and leads to neurological disorders. Due to A} accumulation in
AD, connections can be disrupted and have an influence on gray matter networks (Dicks et
al., 2018, ten Kate et al., 2018a; Yu et al., 2021). These networks are useful and sensitive to
capture early brain changes and future cognitive decline. They can be constructed through
neuroimaging techniques such as sMRI, fMRI, DTI, and others. Previous research has
found, cognitively unimpaired older adults with lower level of CSF AB42 showed disrupted
gray matter network measures in the very early disease stage. Gray matter networks start to
get abnormal and disorganized even from the very early stages of the disease (Dicks et al.,
2018).

In the preclinical stage, AP deposition is related to abnormal regulation of large-scale
networks, especially the DMN which is a functional resting state network (Ewers et al.,
2011). Some fMRI studies suggested cognitively unimpaired individuals who have increased
AP in the brain measured by PET and decreased levels of CSF AB42 in the brain are
associated with decreased functional connectivity in regions of DMN (Voevodskaya et al.,
2017). Hedden et al (2009) evaluated cognitively unimpaired older adults, investigating

whether A is associated to abnormalities in cortical network integrity by using fMRI and
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PiB (Pittsburgh Compound B) PET, focusing on the DMN. A comparison between
individuals with low (PiB-) and high (PiB +) AP burden was made. Functional connectivity
within regions of the DMN was significantly reduced in the PiB + group. Results suggested
that decreased functional connectivity due to high Ap burden in DMN is associated with
atrophy of hippocampal formation and cortical thinning in DMN regions (Hedden et al.,
2009).

Focusing on gray matter networks offers a deeper understanding of connectivity
dysfunctions in AD. By mapping the connections between main processing centers through
gray matter networks, a better view is gained on how these disruptions manifest. Analyzing
the properties of these networks with graph theory can reveal more information on AD

network disruptions.

Graph Theory and Properties

Individuals with AD and individuals who are at risk of developing AD have different
structural network organization compared to healthy and not at-risk individuals
(Voevodskaya et al., 2017). A very common approach to analyze and observe structural
networks is called the graph theoretical approach. This framework allows researchers to
examine brain connectivity and network organization. It models the brain as nodes and edges.
Nodes represent the anatomical regions and edges indicate connectivity between these
regions (Voevodskaya et al., 2017). Graph properties have a big impact on tracking disease
severity which can be important for new therapeutic approaches (Tijms et al., 2013a&b).
With computation of graph theory matrices, for each of the networks a measurement can be
generated indicating the nature of local brain activity such as hubs. Hubs are crucial for
information processing, and they increase a network’s strength towards a random failure.
Graph theory is also beneficial for understanding graphs that have different types of
connectivity data. It helps researchers to understand the pathophysiological overview of AD
by examining structural and functional disruptions and the disease progression (Tijms et al.,
2013b) There are many properties that could be used to describe network structures. Network
size is the total number of nodes in the network. Average degree represents average number
of connections (edges) per node. Connectivity density is the ratio of all existing connections
to the number of connections that are possible in the network. Average clustering coefficient
is the proportion of connected nodes that are also interconnected. Average path length
indicates the shortest path length between any pair of nodes in the network. Average

betweenness centrality assesses which nodes are more centrally connected relative to other
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nodes in the network. These nodes will be hubs which have a more central role in the
network. Existence of hubs decreases path length and declares graphs more resilient towards
random attack of nodes or edges. They are the weakest points of networks that are targeted by
neurodegenerative diseases. Networks also can have small world properties which are defined
by the small world coefficient. One can get the value by normalizing the average clustering
coefficient (gamma) and normalizing the path length (lambda) of each graph. Normalized
means the ratio of the property of the brain network to that of matched random networks.
Small world networks are based on segregation and integration. Segregation measure, which
is the clustering coefficient, is helpful to understand how information is processed within
richly interconnected groups of regions of different functions. Integration measures can be
considered in two points of view. Firstly, efficiency of global information communication
which is based on characteristic path length. Secondly, the ability of the network to integrate
distributed information which is based on network hubs (Dai & He 2014). A network will
have a small world property when sigma (gamma / lambda) is bigger than one, suggesting
that its topology is different than that of a random graph (Dicks et al., 2020; Pelkmans et al.,
2021a; Tijms et al., 2013b). In random networks, connections between nodes are randomly
organized (Dai & He, 2014). There are also regular networks, they are very organized and
predictable. They have the same number of connections for each node. Information flow is
relatively slow in the network. Small world network nodes are well connected with near
neighbor nodes but also have shortcut connections. It has a shorter characteristic path length
compared to a regular network. Compared to a random network it has greater clustering
coefficient. Investigating small world property is crucial because preclinical AD and
individuals with AD dementia have more random network organization and this is related to
future cognitive decline and impairment (Dicks et al., 2020). In Tablel, the network
properties are shown that are used in this thesis for analyzing gray matter network structures.
Single subject networks are analyzed both at global brain level and in a region specific

localized manner.
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Table 1

Overview of studied network properties
Network measure Global, local  Explanation Example
(1) Network size Global Total number of nodes (i.e., brain areas).

(2) Connectivity density Global Percentage observed connections from the maximum
number possible connections.
(3) Degree Global, local ~ The number of connections per node.
(4) Clustering coefficient Global, local  Proportion of existing connections between neighboring The clustering coefficient of the white node would be 0.33,
nodes from the maximum number of possible connections.  as 1 connection of the 3 possible exists.
This is a measure of information segregation, that is,
specialized information processing. %
(5) Path length Global, local ~ Minimum number of connections to go from one node to The path length between the white and the black node
another node. This is a measure of information integration, would be 3.
as through, for example, long-range connections distant
clusters can exchange information. :
(6) Betweenness centrality ~ Global, local ~ The number of shortest paths that run through a node. The white node would have the highest betweenness
This is a centrality measure. centrality as all short paths run through this node.
The network falls apart when this node is removed.
(7) v normalized clustering  Global Quantifies how the global clustering coefficient of an
coefficient observed network deviates from that of a random network.
(8) & normalized path Global Quantifies how the global path length of an observed
length network deviates from that of a random network.
(9) Small-world property Global An observed network with y =1 and & = 1 is “small world,”
that is, a network balances specialized information
processing through clustering and information integration

through long-range connections. In a random network path

length (L) is minimized, at the expense of a loss of clustering Regular Small World Random
(C). In contrast, a completely regularly organized network Ct Lt Cct U C+ L4
has high clustering, at the expense of the highest path < >
length value.
Information Information
segregation integration

(Tijms et al., 2018) Figure 2: Overview of network properties

Gray Matter Network Changes in AD

Individuals who are cognitively unimpaired have small world network organizations
that provide the most efficient way of information processing compared to individuals with
cognitive impairments. This network organization can be disrupted in individuals with AD
pathology (Tijms et al., 2013a&b; Tijms et al., 2016; Tijms et al., 2018; Dicks et al., 2018;
ten Kate et al., 2018a; Yu et al., 2021) . Gray matter network measures in subjects with MCI
who later developed AD were very similar to the organization of gray matter networks in
AD participants compared to healthy controls (Tijms et al., 2018). One study by
Voevodskaya et al (2017), on group level structural networks, analyzed the changes in
structural brain networks and how they may interfere with symptom onset of AD pathology.
They used CSF AB42/AB40 levels for AP pathology to see if it has any effect on structural
connectivity measures in local and global levels. Participants who were cognitively healthy
individuals and were older than 60 years with CSF analysis and MRI scan were selected

from the BioFINDER cohort. Two groups were created which are individuals who are
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healthy controls with normal CSF AP levels and individuals that are cognitively healthy but
have abnormal CSF AP levels. To investigate structural networks, graph analysis was
applied by examining parameters such as global efficiency, clustering coefficient,
transitivity, modularity, and existence of hubs. Global efficiency reflects how efficient the
network is, how quickly information can travel between different brain regions. Clustering,
transitivity, and modularity represents how regions are organized into specific groups. Hubs
are important communication points in a network that are highly connected to many other
regions and play an important role in information flow throughout the brain. Individuals
with abnormally A levels had decreased global efficiency, reduced modularity compared to
control individuals. Moreover, individuals with elevated levels of AB had disruptions in
network hubs. This is an anticipated result since well connected brain regions such as hubs
are the most targeted regions by neurodegeneration (Voevodskaya et al., 2017).

It has been found that in cognitively unimpaired older adults, disruptions of gray
matter networks have been related to more abnormal AB42 levels in CSF, indicating that
gray matter measures are sensitive to changes from early on in disease continuum (Tijms et
al., 2018). It is also known that these networks are more randomly organized in individuals
with AD and can lead to faster cognitive and clinical decline. Tijms and colleagues (2018)
explored gray matter network disruptions in the AD continuum and if these network
disruptions are associated with clinical symptoms. 62 subjects with subjective cognitive
decline and 160 subjects with MCI were selected from the Amsterdam Dementia Cohort.
They all had abnormal AB42 CSF levels. A follow up visit was scheduled a year later for
every participant. They received a clinical diagnosis of MCI or AD according to a
commonly used criterion. Individual gray matter networks were generated, CSF samples
were collected and to assess cognitive decline, they performed the Mini Mental State
Examination (MMSE). To analyze the network disruptions several graph properties were
calculated. After around 2 years some patients showed to have MCI, AD dementia and
others developed other types of dementia. During this time some subjects did not show any
progression, and some showed an increase in disease continuum. Individuals who
progressed to a more severe condition had lower normalized path length and small world
values in the global analysis. According to the local analysis done with 90 regions of the
automated anatomical labeling (AAL) atlas, patients who progressed had lower clustering
values that are mostly in temporal and frontal lobes. The largest change in graph properties
was seen in DMN which is an area vulnerable for AD due to being one of the hub regions in

the brain. Moreover, individuals who had decreases in graph property measures had lower
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scores in MMSE, which means a more disorganized and random gray matter network
organization contributed to a cognitive decline. Gray matter network parameters can be
useful to identify how fast individuals will progress to AD dementia and regional analysis
can be beneficial to see which areas are more vulnerable to these changes (Tijms et al.,
2018).

Another previous study by Tijms et al (2016) investigated whether AB42 CSF levels
are associated with changes in single subjects gray matter networks in cognitively
unimpaired individuals. 408 individuals’ data were analyzed from a longitudinal study on
preclinical AD from the Gipuzkoa Alzheimer Project (GAP) who were aged between 39 and
80 years. In order to analyze network structure, network properties were calculated for each
subject. They did not find any effect of APOE status as a mediating factor on AB42 levels
and network properties. Decreased AP42 levels were associated with lower connectivity
density values. They further looked into the relationship between AB42 and network
measures distributed across specific regions in the cortex. Lower AB42 levels were found to
be associated with lower clustering values in different areas such as frontal and medial
posterior cortex. Overall, the findings suggested that cognitively healthy adults with Ap42
levels within the usual range, exhibit lower connectivity density, longer path length, and
weaker clustering in networks. This might be in the very early stages of network
disorganization, potentially preceding future cognitive decline (Tijms et al., 2016).

In another study by Tijms and colleagues (2013a), they hypothesized that individuals
with AD would exhibit a more random network organization compared to cognitively
unimpaired individuals. The study recruited individuals with probable AD and a control
group with subjective memory complaints, with a mean age of 72. Network properties such
as size, connectivity density, degree, path length, clustering coefficient, betweenness
centrality, and small world coefficient were computed. Results showed that path length,
clustering coefficient and small world coefficient were decreased at the global level.
Specifically, the clustering coefficient and path length showed a decline in the left
parahippocampal gyrus, left lingual gyrus, and bilateral thalami in AD patients. Some
regions of the DMN also showed local graph disruptions in AD patients. Moreover, they
observed the relationship between cognitive decline severity and network alterations.
General cognitive decline was measured with MMSE. Path length was highly associated
with MMSE scores. Random graph organization was associated with worse cognitive

dysfunction in the AD group (Tijms et al., 2013a).
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Furthermore, previous research measured AP deposition using PET and investigated
disruptions in gray matter networks in cognitively normal older adults with subjective
memory complaints. The relationship between A} deposition and gray matter networks was
examined. Moreover, the effect of APOE &4 gene was observed if it is a mediator between
AP accumulation and gray matter network changes. Researchers used a population from the
INSIGHT-preAD study who are cognitively unimpaired individuals between 70 and 85
years old with subjective memory complaints. Network measures such as size of the
network, average degree, path length, clustering coefficient, and betweenness centrality
were calculated for every individual. In people with increased AP accumulation, lower small
world levels (sigma) were observed. Similar results were seen with Af levels and
normalized clustering coefficient (gamma) and normalized path length (lambda).
Considering the relationship between regional network and AP changes, encountered an
effect in the praecuneus and orbitofrontal cortex which can be the regions of early A}
accumulation. No effect of APOE &4 was found on association between A accumulation
and gray matter network measures. As stated by other studies and ten Kate et al (2018a)
APOE &4 strongly affects AP accumulation but it does not particularly highlight the
anatomical regions that will show most substantial structural brain changes (ten Kate et al.,
2018a). Not only AP deposition but it is also hypothesized that tau deposition may
contribute to changes in gray matter networks in AD pathology. One study measured tau
PET to observe whether it is associated with gray matter network alterations across
individuals across the AD continuum. For this aim, they looked at 533 individuals from
Swedish BioFINDER study who are above 50 years of age and have abnormal CSF AB42/40
ratio. Four groups were included in the study. Individuals that are A positive and
cognitively unimpaired, AP positive with MCI, AP positive with AD dementia and lastly the
control group that are AP negative and cognitively unimpaired. To assess network properties
network size, degree, connectivity density, clustering coefficient, path length, and the small
world coefficient were calculated. They showed that higher the tau PET levels are linked to
greater the gray matter network disruptions in individuals across the AD continuum. Tau
deposition is related to decreased communication between brain areas and abnormalities in
the brain regions that reveal more random network topology across AD pathology stages.
All A positive groups showed increased network abnormalities, the severity increased with
advancing disease stage. MCI patients showed lower clustering, path length, and small
world coefficient values compared to the control group. Additionally, people with AD had

lower network size and degree compared to AP negative individuals. According to the
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results, there may be a relationship between tau deposition and gray matter networks in
individuals who are A positive. Greater tau deposition was associated with increased
randomly connected nodes. Individuals with AD dementia had more hindered gray matter
network topology compared to MCI and A positive cognitively unimpaired individuals
(Pelkmans et al., 2021b).

According to previous literature by Dicks et al (2020), individuals with higher tau
levels will show greater gray matter network disruptions. In one previous study changes in
gray matter network measures within individuals across the AD continuum were examined.
They observed if gray matter network measures are affected by tau deposition and if they
show significant differences in specific cognitive domains. A total of 713 participants’ data
was used, including individuals who are cognitively unimpaired with normal A levels
(controls), as well as individuals with preclinical AD, prodromal AD (MCI) and ones that
have dementia due to AD from Alzheimer’s Disease Neuroimaging Initiative (ADNI)
cohort. AP levels were determined according to both A PiB PET or CSF Ap42 levels. For
the network analysis, network size, degree, connectivity density, clustering coefficient, path
length, and small world measure (sigma) were computed. Regarding gray matter network
measures, individuals with AD dementia showed the lowest path length values compared to
all the groups. Small world measures were highest for the control group and lowest for the
AD dementia individuals. With time, network measures decreased except for the
connectivity density in all groups. Decline in network measures were greater as the disease
progressed. They used tau levels as normal and abnormal. A comparison was made between
individuals with preclinical AD with and without having abnormal values of tau. Individuals
with pathological levels of tau showed a sharper decline in small world measures. These
results supported previous research on disrupted gray matter network measures across the
AD spectrum. Results added a value to recent research as this study was done by using a
longitudinal approach and supporting the finding of gray matter network restructuring
towards a more random topology in older age as the disease progresses (Dicks et al., 2020).

Another study examined changes in gray matter networks due to tau deposition.
They used CSF p-tau 181 levels to indicate abnormal tau deposition. They further
investigated if the relationship between p-tau 181 levels and subject specific gray matter
network disruptions were dependent on AP levels (CSF AB42) and/or cognitive dementia
rating (CDR) scale status. If an individual has a score of 0 from CDR this indicates no
dementia and if they received 3 this refers to severe dementia. Data were gathered from

European Prevention of Alzheimer’s Dementia (EPAD) consisting of healthy individuals
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without AD who are above 50 years old. They were either A negative or AP positive, some
individuals with CDR of 0 and the rest with CDR of 0.5. CSF, neuroimaging, and
neuropsychological data were collected. They constructed network matrices to analyze
changes in gray matter networks. Higher p-tau 181 levels were found in A positive
individuals compared to AP negative. Furthermore, A positive individuals have lower
network density, clustering coefficient, gamma and small world coefficient. They found
higher p-tau 181 levels were associated with lower betweenness centrality, lambda, and path
length. They observed that the relationship between tau deposition and changes in network
metrics depended both on CDR and AP levels. They performed a three way interaction
analysis with p-tau, A status and CDR score on network properties. As hypothesized, a
relationship was found between p-tau 181 and global network measures mediated by CDR
score and AP status. Individuals who had impaired cognition with a CDR score of 0.5 who
were also A positive showed lower clustering coefficient in regard to higher p-tau 181
levels. A reduced clustering coefficient was found which may reflect local synaptic
dysfunction due to early AP disruptions. They also observed higher path length values
associated with lower AB42 CSF levels which were not inline with similar past research.
These observed inconsistencies in path length could be attributed to a non-linear pattern in
how it changes throughout the disease progression. Initially, path length might increase due
to the loss of local connections within the network. This rise reflects the heterogeneous
pattern on tissue degeneration. However, in later stages of the disease, as the network
becomes increasingly sparse with further connection loss, path length might eventually
decrease. They identified lower betweenness centrality associated with higher p-tau. As a
whole, the analysis of gray matter networks revealed disruptions that were linked to p-tau
181 levels. These disruptions exhibited distinct characteristics depending on the presence of
AP plaques and the cognitive status of the individuals, suggesting that Ap accumulation and
tau deposition can have a combined effect leading to different patterns of early alterations in

networks in preclinical stages (Luigi et al., 2022).

Study Aim
Identifying network disruptions is crucial to understand the connection between
areas which are related to cognitive decline and disease progression. It is still unclear and
complex at which time point during the development of AD, gray matter networks become
disorganized (Tijms et al., 2016). To investigate the structural organization of gray matter

networks and how they may change, previous studies have employed graph theoretical
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analysis. These studies have identified alterations in brain network properties at both a
global and regional level. In this thesis, also graph theoretical method was utilized to
examine the relationship between different graph properties and biomarkers of CSF
APB42/40 ratio, CSF p-tau and different risk factors such as gender, APOE status, education

and age in a preclinical AD cohort.

Materials and Methods
Single subject Gray Matter Network analysis

Previous studies have analyzed gray matter networks at the single subject level
(Figure 3). Examining them individually can be useful for assessing individual differences
in brain structure and capturing unique network architectures, revealing significant
variability between individuals. By using a single subject gray matter network graph, the
relationship between changes in graph properties and cognitive decline can be identified at
both the general brain level and in regional analyses. Specific cortical regions, which are
often highly interconnected and targeted by AP accumulation in AD, contribute more to
disease severity.

The method used in this thesis for constructing individual networks was first
employed y Tijms et al (2012 & 2013a&b). Initially, gray matter was segmented from T1
weighted MRI images, and the segmented gray matter was divided into 3x3x3 voxel cubes.
The similarity between these cubes was computed, allowing the cortex to maintain its 3D
structure and preserving information about local thickness and folding. A network was
created when the structural similarity quantified by the correlation coefficient between two
nodes, exceeded a certain threshold. Network metrics such as the degree, path length,
clustering coefficient, small world properties and betweenness centrality were then
computed (Tijms et al., 2012).

By using these single subject gray matter network graphs, it becomes possible to
identify the relationship between graph property changes and biomarker progression both
globally and regionally. This method highlights how specific cortical regions contribute to
disease severity and how these regions targeted by AP and tau accumulation in AD exhibit

unique network disruptions.
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(Tijms et al., 2011) Figure 3: Pipeline of the extraction of individual networks

MATLAB Script Explanation

T1 images for each participant were obtained from the Alfa + cohort and segmented
using SPM12. The images were segmented into gray matter, white matter, and CSF. These
segmented brain scans were transformed into the standard MNI space based on the
deformation fields. The forward deformation field was used to warp the subject’s scan to the
MNI space, while the inverse deformation field allowed data to be warped back to the
subject’s native space.

In the next step, cubes were created from the gray matter segmentation, with the
MRI image dimensions 91x109x91 voxels defined for network conversion. Each cube was
set to a size of 3x3x3 voxels. To extract networks, the gray matter image was co-registered
with the T1 image to ensure alignment in MNI space. For data reduction, the co-registered
gray matter image was resliced into a standard voxel size of 2x2x2 mm. A template was then
used to extract the minimum number of cubes from the scan. Voxel indices belonging to

each cube were loaded. A randomized brain was created to be used in a later analysis when
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estimating a threshold for correlation analysis. Correlation matrices were extracted between
the original and randomized network data. A threshold was determined to distinguish
significant correlations from noise in the original network data. A binary matrix was created
to set all correlation values above the threshold to 1 which indicates that there is a
connection and all values below the threshold to 0 which refers to no connection. Weak and
nonexistent connections were removed, and the number of connections (degree) for each
cube was calculated. The network was checked for any disconnected nodes; if none were
found, graph theory matrices such as connectivity density, average clustering, average path
length, average betweenness centrality, gamma, lambda, and sigma were computed.
Additionally, five random networks with the same degree distribution were generated to
compare the small world properties of the original network. Network property values were
calculated for each subject, and these values were compiled into a data table for subsequent
analysis.

For regional analysis, some graph measures were extracted from the Automated
Anatomical Labeling (AAL) atlas for each subject. First, a SPM batch script was used to
warp the atlas to the subject space, reorienting it to match the gray matter image orientation.
Later, the atlas was resliced and masked with the resliced gray matter image. Regional
volumes were calculated based on the gray matter image information. In the end, network
properties were gathered for each AAL region for each subject. The MATLAB script used in
this thesis is available at GitHub.

Participants

The Alfa + cohort is a nested long term longitudinal study derived from the Alfa (for
Alzheimer and Families) project, comprising the Alfa parent cohort and the nested Alfa +
cohort. The Alfa cohort includes cognitively unimpaired subjects aged between 45 and 74
years, who undergo cognitive testing, clinical history assessments and blood samples
collection.This Alfa parent cohort serves as the foundation for future studies. A subgroup of
participants from the Alfa parent cohort was invited to join the Alfa + study which aims to
understand early pathophysiological changes in AD during its preclinical stage. Inclusion
criteria for this cohort required participants to be cognitively healthy, Spanish and/or Catalan
speakers aged 45 to 74 years. Exclusion criteria were having cognitive performance outside
of the established cutoff for specific tests (Mini Mental State Examination, MMSE, <26;
Memory Impairment Screen, MIS, <6; Time Orientation Subtest of Barcelona test 11, <68;

Semantic fluency test animals, <12; Clinical Dementia Rating Scale, CDR, >0). Individuals
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with major psychiatric disorders, neurological disorders, brain injuries affecting normal
cognitive abilities and a family history of AD with a suspected autosomal dominant pattern
were also excluded. In addition to the measures collected from the parent cohort, the Alfa +
cohort participants provided biomarkers such as CSF (AB40, AB42, p-tau, t-tau), urine
samples, blood (APOE status), MRI (T1, T2, flair, resting state fMRI sequences) and PET
(FDG, AR, tau) scans. Participants were selected based on their risk profiles, including APOE
levels and family history status. The cohort consists of 400 participants with follow ups every
three years, although this number may change due to updated inclusion criteria or
participation attrition.

The Alfa study protocol was approved by the Inpdependent Ethics Committee at Parc
de Salut de Mar Barcelona. All participants provided informed consent by signing a consent
form. Furthermore, each participant had a close relative who volunteered for functional
assessment protocol, and their consent was also acquired.

This thesis includes data from 362 participants from the baseline session of the Alfa +
cohort. High resolution MRI scans were conducted at Barcelonafeta Brain Research Center
using Philips Ingenia CX 3T MRI scanner with T1 images used for analysis. One participant

was excluded from the analysis due to an abnormally high level of p-tau.

Statistical Analysis

For the sample description, the mean values and standard deviations of APOE status,
AT status, p-tau levels and network measures were calculated. To analyze the relationship
between CSF AB42/40 ratio and CSF p-tau levels with different network properties, the first
general linear model was created which was adjusted for APOE status, age, sex, education
years, and size of the networks. The second model was generated to see whether there was
an interaction effect of different APOE groups (individuals with no carriers of APOE &4,
individuals with only one allele of APOE &4 and people with two alleles of APOE &4) on the
association between CSF A42/40 ratio and network measures. This association was also
observed between CSF p-tau and network measures in the third model. With the fourth
model, the interaction effect of different AT groups (A-T-/ A+T-/ A+T+) on the association
between CSF AB42/40 ratio and network properties was observed. This analysis was
repeated by replacing AP with CSF p-tau in the fifth model. For the last model, the whole
brain analysis relationship between CSF AB42/40 ratio and CSF p-tau levels and global gray

matter network measures was observed in different AT groups.
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To explore the relationship between CSF Ap42/40 ratio and CSF p-tau levels on
regional network property measures, 116 regions of AAL atlas were used for the analysis.
The regional analysis was performed on four network properties which are average path
length, average degree, average betweenness centrality, and average clustering. For each
network property two tables were constructed, one to assess the association of regional
network property values with CSF AB42/40 ratio and the second one to assess the
relationship of regional graph property values with p-tau levels. In the end eight general

linear models were computed. Both for global and regional analysis Rstudio was used.

Results
Subjects

Participants (n=362) had an average age of 60.8 years, 59% of them were females.
The average years of education was 13 years. Majority of the participants (44.8%) did not
carry the gene APOE &4, while 43.6% carried only one allele of €4 and 8.5% of them had
both €4 alleles. 215 subjects were AP and tau negative, 88 of them were only AP positive
and 28 of them were both AP and tau positive. This low number for A+T+ positive group

can be explained due to the nature of the cohort since it contains preclinical AD individuals.

Table 1 Characteristics of Alfa + cohort Participants

Demographics Sample=362
Female sex (%) 214 (59.12)
Age (sd) 60.8 (4.73)
Years of education (sd) 13.6 (3.53)
Genetic

APOE-€2/e3 & €3/e3 (%) 163 (44.75)
APOE-€3/¢4 (%) 158 (43.64)
APOE-€4/ €4(%) 32 (8.48)
Biomarkers

A-T- (%) 215 (59.29)
A+T- (%) 88 (24.31)
A+T+ (%) 28 (7.73)
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Table 2 Characteristics of Network Properties for total sample and for 3 AT groups

Network Properties | Sample=362 A-T- (%) A+T- (%) A+T+ (%)

Network size (sd) 6872.66 6842.1 (608.19) 6999.83 (597.69) 6708.39 (783.18)
(623.86)

Average degree (sd) 1125.75 1127.17 (126.99)  1133.01 (123.58) 1091.88 (169.91)
(130.80)

Connectivity 16.37 (1.07) 16.47 (1.05) 16.19 (1.22) 16.23 (1.10)

density (sd)

Average clustering  0.49 (0.02) 0.47 (0.02) 0.47 (0.02) 0.47 (0.02)

(sd)

Average path 2.03 (0.03) 2.03 (0.03) 2.04 (0.03) 2.04 (0.02)

length (sd)

Average 7093.68 7044.86 (609.14)  7250.17 (603.93) 6947.85 (767.30)

betweenness (623.73)

centrality (sd)

Gamma (sd) 1.72 (0.09) 1.71 (0.10) 1.73 (0.18) 1.72 (0.19)

Lambda (sd) 1.11 (0.01) 1.12 (0.01) 1.11 (0.01) 1.11 (0.01)

Sigma (sd) 1.55 (0.06) 1.55(0.07) 1.56 (0.06) 1.55(0.07)

Disconnected nodes 0 (0) 0(0) 0 (0) 0 (0)

(sd)

Global Analysis

Relationship between CSF AB42/40 ratio and CSF p-tau levels and global gray matter
network measures in whole group

No significant association was found between CSF AB42/40 and whole brain
network properties. However, relationships were observed between network properties such
as average path length, average betweenness centrality, gamma, lambda, sigma and CSF p-
tau levels, showing the main effect of p-tau on network measures. Average path length had a
positive significant relationship with p-tau (beta=3.021e-02, t-value=3.362, p=0.001 (df =
335)). Higher p-tau levels were also associated to other network properties such as average
betweenness centrality (beta=211.80943, t-value=3.371, p=0.001 (df = 335)), gamma
(beta=9.852¢-02, t-value=3.653, p=0.0003 (df = 335)), lambda (beta=1.408¢e-02, t-
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value=3.728, p=0.0002 (df = 335)), sigma (beta=6.985e-02, t-value=3.531, p=0.0005 (df =

335)). No significant association was found between p-tau levels and network matrices of

average degree, connectivity density, and average clustering.

Table 3 Network Properties with Significant Relationship with p-tau

Network properties B t-value p-value (0.05)
Average path length 3.021e-02 3.362 0.001
Average betweenness 211.80943 3.371 0.001
centrality

Gamma 9.852e-02 3.653 0.0003
Lambda 1.408e-02 3.728 0.0002
Sigma 6.985e-02 3.531 0.0005
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Figure 4 Network Properties with Significant Relationship with p-tau

Interaction Models
No interaction effects were found on AT groups on the relationship between
APB42/40 and graph property values. As well as the relationship between p-tau levels and

network property values was not influenced by AT groups. Similarly to the AT groups there
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was no significant interaction between APOE groups and Ap42/40 on network properties.
APOE groups did not moderate the relationship between p-tau levels and network property

values.

Main effects of sex and age on global gray matter network measures

Moreover, significant relationships were found between some network properties
and age and sex. Female sex showed higher graph property values compared to males in
average path length (beta=1.369e-02, t-value=3.46, p=0.001 (df = 335)), average
betweenness centrality (beta=97.68, t-value=3.53, p=0.0005 (df = 335)), gamma
(beta=4.900e-02, t-value=4.13, p=<0.001 (df = 335)), lambda (beta=7.860e-03, t-
value=4.73, p=<0.001 (df = 335)), and sigma (beta=3.335e-02, t-value=3.83, p=0.0001 (df =
339)).

Age had a significant impact on some network properties. The older the age, the
lower the average degree (beta=-3.26, t-value=-3.63, p=0.0003 (df = 335)), connectivity
density (beta=-0.05, t-value=-3.64, p=0.0003 (df = 335)), average clustering (beta=-1.059¢-
03, t-value=-4.75, p=<0.001 (df = 335)), gamma (beta=-4.742¢-03, t-value=-4.76, p=<0.001
(df = 335)), lambda (beta=-4.782¢-04, t-value=-3.43, p=<0.001 (df = 335)), and sigma
(beta=-3.629¢-03, t-value=4.97, p=<0.001 (df = 335)).

Table 4 Network Properties with Significant Relationship with sex

Network properties B t-value p-value (0.05)
Average path length 1.369e-02 3.46 0.001
Average betweenness centrality 97.68 3.53 0.0005
Gamma 4.900e-02 4.13 <0.001
Lambda 7.860e-03 4.73 <0.001
Sigma 3.335e-02 4.97 <0.001
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Figure 5 Network Properties with Significant Relationship with sex

Table 5 Network Properties with Significant Relationship with age

Network properties B t-value p-value (0.05)
Average degree -3.26 -3.63 0.0003
Connectivity density -0.05 -3.64 0.0003
Average clustering -1.059¢-03 -4.75 <0.001
Gamma -4.742e-03 -4.76 <0.001
Lambda -4.782e-04 -3.43 <0.001
Sigma -3.629¢-03 4.97 <0.001
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Figure 6 Network Properties with Significant Relationship with age

Relationship between CSF AB42/40 ratio and CSF p-tau levels and global gray matter
network measures in different AT groups

No significant association was examined between CSF Ap42/40 and whole brain
network properties for all the AT groups. Significant positive association was observed
between CSF p-tau and network properties of average path length (beta=3.390e-02, t-
value=2.032, p=0.04), average betweenness centrality (beta=253.09817, t-value=2.175,
p=0.03), gamma (beta=253.09817, t-value=2.175, p=0.03), lambda (beta=1.524¢e-02, t-
value=2.122, p=0.04), sigma (beta=9.668¢-02, t-value=2.647, p=0.009) in group A-T-. No
significant relationship was seen for any of the network properties and p-tau for the A+T-
group. Only for one network property which is average clustering, p-tau had a positive

significant relationship (beta=7.096e-02, t-value=2.141, p=0.04) in group A+T+.

Regional Analysis

Relationship between CSF Ap42/40 ratio and regional gray matter network measures
The relationship between average betweenness centrality and AB42/40 ratio were

significant in three regions; superior frontal gyrus left (beta=-6167, standard-error=1914,

p=0.001), superior frontal gyrus right (beta=-4386, standard-error=2049, p=0.03) and left
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precuneus (beta=-5802, standard-error=2627 p=0.02) before correction for multiple testing.
The direction of the relationship was negative for all the regions. However, after the false
discovery rate (FDR) correction, none of the regions had significant association between
betweenness centrality and AB42/40 ratio (p-values respectively: 0.16, 0.76, 0.76).

The association between average clustering and Ap42/40 ratio were positive and
significant in four regions, right precentral gyrus (beta=0.17, standard-error=0.08 p=0.04),
left frontal gyrus medial orbital (beta=0.28, standard-error=0.14 p=0.04), right paracentral
lobule (beta=0.27, standard-error=0.13 p=0.04) and left lobule 9 of cerebellar hemisphere
(beta=0.22, standard-error=0.10 p=0.04) before the FDR correction. The regions were not
significant after the multiple testing correction with all having p-value of 0.8.

We then examined the relationship between average path length and Ap42/40 ratio.
This relationship was significant in the left precentral gyrus (beta=-0.18, standard-
error=0.08 p=0.02), left rolandic operculum (beta=-0.29, standard-error=0.14 p=0.03), left
insula (beta=-0.17, standard-error=0.18 p=0.01), left supramarginal gyrus (beta=-0.34,
standard-error=0.12 p=0.003), right paracentral lobule (beta=-0.28, standard-
error=0.13p=0.03), and right temporal pole:middle temporal gyrus (beta=-0.31, standard-
error=0.14 p=0.03) regions. After the correction for multiple testing, none of the p-values
were significant, the p-values are displayed respectively: 0.43, 0.43, 0.40, 0.21, 0.43, 0.43.

The association between average degree and AP42/40 ratio was significant in the
positive direction for only one region which is left supramarginal gyrus (beta=1012,
standard-error=437 p=0.02). This association was not significant after the FDR correction

(p-value=0.82=).

Table 6 Relationship between CSF Af42/40 ratio and regional gray matter network measures

Network properties B Standard error p-value Corrected p-value

Average betweenness centrality

Superior frontal gyrus left -6167 1914 0.001 0.16
Superior frontal gyrus right -4386 2049 0.03 0.76
Left precuneus -5802 2627 0.02 0.76

Average clustering
Right precentral gyrus 0.17 0.08 0.04 0.8
Left frontal gyrus medial orbital ~ 0.28 0.14 0.04 0.8
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Right paracentral lobule 0.27 0.13 0.04 0.8
Left lobule 9 of cerebellar 0.22 0.10 0.04 0.8
hemisphere

Average path length

Left precentral gyrus -0.18 0.08 0.02 0.43
Left rolandic operculum -0.29 0.14 0.03 0.43
Left insula -0.17 0.18 0.01 0.40
Left supramarginal gyrus -0.34 0.12 0.003 0.21
Right paracentral lobule -0.28 0.13 0.03 0.43
Right temporal pole:middle -0.31 0.14 0.03 0.43

temporal gyrus
Average degree

Left supramarginal gyrus 1012 437 0.02 0.82

Relationship between CSF p-tau levels and regional gray matter network measures

The link between average betweenness centrality and p-tau levels was significant in
left superior frontal gyrus orbital (beta=1349, standard-error=385 p=0.001), right superior
frontal gyrus orbital (beta=960, standard-error=418 p=0.02), right inferior frontal gyrus
orbital (beta=703, standard-error=305 p=0.02), right rolandic operculum (beta=874,
standard-error=286 p=0.002), right insula (beta=-927, standard-error=445 p=0.03), and right
calcarine sulcus (beta=584, standard-error=297 p=0.049). Of these regions only the left
superior frontal gyrus orbital showed a significant association after being corrected for
multiple testing (p-value=0.02).

The association between average clustering and p-tau levels was significant in
regions left rolandic operculum (beta=0.03, standard-error=0.01 p=0.03), left angular gyrus
(beta=0.03, standard-error=0.01 p=0.047), right Heschl's gyrus (beta=-0.05, standard-
error=0.02 p=0.01), right lobule 8 of cerebellar hemisphere (beta=0.02, standard-error=0.01
p=0.03), left lobule 10 of cerebellar hemisphere (beta=0.15, standard-error=0.07 p=0.04),
and lobule 1-2 of vermis (beta=0.14, standard-error=0.36 p=0.0002). Following the
correction, only lobule 1-2 of vermis displayed a significant association (p-value=0.03).

The relationship between average path length and p-tau levels was statistically
significant in the left superior frontal gyrus (beta=0.03, standard-error=0.01 p=0.01), left
middle frontal gyrus (beta=0.02, standard-error=0.01 p=0.01), right middle frontal gyrus
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(beta=0.02, standard-error=0.01 p=0.03), right inferior frontal gyrus opercular part
(beta=0.04, standard-error=0.01 p=0.001), right inferior frontal gyrus triangular part
(beta=0.03, standard-error=0.01 p=0.004), and left insula (beta=0.05, standard-error=0.02
p=0.01). None of the regions had significant association after the correction (p-values
respectively: 0.14, 0.14, 0.24, 0.09, 0.12, 0.14).

The network property of average degree and p-tau levels showed significant
association in areas such as left superior frontal gyrus orbital (beta=168, standard-error=55.9
p=0.002), left rolandic operculum (beta=111, standard-error=52.7 p=0.04), right fusiform
gyrus (beta=99.4, standard-error=40.1 p=0.01), left angular gyrus (beta=119, standard-
error=49.3 p=0.02), right angular gyrus (beta=91.8, standard-error=45.7 p=0.045), and left
paracentral lobule (beta=-150, standard-error=60.3 p=0.01). After the correction for multiple

testing, there were no significant regions.

Table 7 Relationship between CSF p-tau levels and regional gray matter network measures

Network properties B Standard error  p-value  Corrected p-value

Average betweenness centrality

Left superior frontal gyrus 1349 385 0.001 0.02 *
orbital

Right superior frontal gyrus 960 418 0.02 0.19
orbital

Right inferior frontal gyrus 703 305 0.02 0.19
orbital

Right rolandic operculum 874 286 0.002 0.055
Right insula -927 445 0.03 0.25
Right calcarine sulcus 584 297 0.049 0.28
Average clustering

Left rolandic operculum 0.03 0.01 0.03 0.90
Left angular gyrus 0.03 0.01 0.047 0.92
Right Heschl's gyrus -0.05 0.02 0.01 0.78
Right lobule 8 of cerebellar 0.02 0.01 0.03 0.90
hemisphere

Left lobule 10 of cerebellar 0.15 0.07 0.04 0.90

hemisphere
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Lobule 1-2 of vermis 0.14 0.36 0.0002 0.03
Average path length

Left superior frontal gyrus 0.03 0.01 0.01 0.14
left middle frontal gyrus 0.02 0.01 0.01 0.14
Right middle frontal gyrus 0.02 0.01 0.03 0.24
Right inferior frontal gyrus 0.04 0.01 0.001 0.09
opercular part

Right inferior frontal gyrus 0.03 0.01 0.004 0.12
triangular part

Left insula 0.05 0.02 0.01 0.14
Average degree

Left superior frontal gyrus 168 55.9 0.002 0.14
orbital

Left rolandic operculum 111 52.7 0.04), 0.47
Right fusiform gyrus 99.4 40.1 0.01 0.31
Left angular gyrus 119 49.3 0.02 0.31
Right angular gyrus 91.8 45.7 0.045 0.48
Left paracentral lobule -150 60.3 0.01 0.31

Discussion

This thesis investigated the association between gray matter network matrices by
using graph theoretical approach and AD biomarkers CSF AB42/40 ratio, CSF p-tau in
cognitively healthy individuals. No significant relationship of Af42/40 on network
properties was found. This can be explained by the fact that the investigated cohort did not
show any clinical symptoms. Even considering different AT groups, no significant
differences were found between the groups regarding the effects of A on network
properties.

According to the findings, for all the subjects in the global brain analysis, when p-tau
levels were increased average path length, average betweenness centrality, gamma, lambda
and sigma were increased as well. Average path length measures the shortest distance
between nodes in a network. A shorter average path length indicates more efficient
information flow. As displayed in the results, increased p-tau levels lead to slower and less
efficient connections, resulting in a increased average path length. While betweenness

centrality typically decreases in AD, our study found an opposite result in this cohort. This
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might suggest that certain brain regions such as hubs (high betweenness cenrality) can
appear to be stable and resilient against AD. These results can suggest that gray matter
alterations can be related to early pathological changes in AD, which can be detected from
early on in cognitively healthy individuals.

Changes in small world property can be an early sign of network disruptions due to
AD such as AP and tau, so it is useful to benefit from this as a biomarker and monitor
disease progression. Healthy individuals have a well structured network organization, often
described as a small world network organization. In contrast, when it comes to AD the
network appears to be more random and disorganized. Previous research have found that
individuals that are in AD continuum have decreased small world property, suggesting a
more random organization of the brain (Tijms et al., 2013a & 2018, ten Kate et al., 2018,
Pelkmans et al., 2021b). In this work, a significant positive association was found between
increasing p-tau and path length values. This contradiction between results can be due to the
compensatory mechanisms in response to the pathological process occuring. Brain networks
may reorganize themselves to maintain efficiency and functionality despite the pathological
burden. This reorganization could lead to a temporary increase in small world property.
Increased small world property might indicate that certain regions are becoming more
efficient in their local connectivity. The relationship between the amount and the spread of
tau accumlation and small world property can be complex and non-linear. Decrease in small
world property can be seen as the disease progresses. In other studies the data was derived
from further staging in disease continuum.

Similar contradictory results were found for both global path length and betweenness
centrality. We found significant positive relationship between CSF p-tau levels and both
path length and betweenness centrality. However previous research concluded both higher
CSF p-tau and increased tau PET lead to lower path length (Pelkmans et al., 2021b; Luigi et
al 2022). This discrepancy between the results can again be due to the compensatory
mechanisisms in the brain. As the disease progresses and neuronal damage becomes more
widespread, these compensatory mechanisms may fail, resulting in a decrease in path length
and betweenness centrality.

For the regional analysis, a relationship between four network properties and CSF
AP and p-tau was observed. Some regions were significant before the correction which are
known regions of A deposition. Since in the global analysis none of the network properties
showed a significant association, previous research considering the cortical Af} staging

model has shown that regional abnormality occurs before global positivity (Alchera et al.,
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2023). None of the 116 regions were significant after multiple testing when looking at the
relationship between CSF AB42/40 ratio and regional gray matter network measures. Since
there are many regions it is reasonable to not have significant relationships after the
correction. It can also be the case that AP accumulation may have a more pronounced effect
in regions that are not included in the analysis specifically, or the relationship might be more
detectable when considering broader network level properties rather than individual regions.

Considering the relationship with p-tau, there was a significant relationship with
betweenness centrality in left superior frontal gyrus orbital after the correction. The superior
frontal gyrus includes the medial prefrontal cortex which is a part of the DMN. It is involved
in higher order cognitive functions such as planning, decision making, working memory.
Betweenness centrality reflects nodes that are more centrally connected relative to other
nodes in the network which creates a hub. Hub regions are targeted more by AD as well as
DMN regions. It means that superior frontal gyrus plays a crucial role in information
processing and communication in individuals with AD, and this may explain some part of
cognitive deficits observed in AD (Buckner et al., 2009). While in average clustering lobule
1-2 of vermis was significant. The significant role of the cerebellum in the neurobiology and
symptomatology of AD helps explain our findings. Structural and functional cerebellar
changes may impact behaviors and cognition in early stages of AD. The patterns of
cognitive deficits can provide evidence for a modulating role of the cerebellum in the
earliest stages. While the cerebellum is associated with motor control and coordination, its
relationship to the clustering coefficient suggests that neurons in this region are highly
interconnected, making it potentially vulnerable to AD (Jacobs et al., 2018).

It is important to be aware of the limitations and challenges that emerged in this
study. Alfa + is a longitudinal cohort, in this study only information from the baseline visit
has been used. For future research it will be beneficial to analyze patient data from the
second and the third visit and observe where they stand in the continuum. In this study we
used the AAL atlas comprised of 116 regions. However regions whereAf} and tau deposition
occur are different than the regions of AAL so this may have attenuated some results.
Moreover, due to sample charateristics since all the participants were cognitively
unimpaired only a few of them had tau deposition. Since this is a single subject analysis,
computations were done in native space to keep individual variability intact. Consequently,
the number of nodes per subject was not constant.

Nonetheless the current research is valuable. Using graph theory properties we have

the chance to examine gray matter network changes which are important for symptom onset
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in individuals with preclinical AD without any cognitive impairments. These graph
properties also have a big impact on tracking disease severity which can be important for
new therapeutic approaches. By using the single subject method we can capture unique
network architecture. Since there is no temporal information in single subject design there is
also no variability within the subject.Future research can examine a longitudinal cohort with
multiple visits, to further investigate changes in gray matter networks and their relationship
to cognitive decline over time, providing insights into a symptom seeverity.

In conclusion, our findings suggest early gray matter network disruptions in
relationship with CSF p-tau level but not with AB42/40 ratio. With increasing CSF p-tau

levels network organization becomes more random in preclinical AD.
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