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1. Abstract

In this thesis | contribute to the broader scientific effort of advancing
neuroimaging-based brain network models for neurodegenerative diseases, with
a particular focus on Alzheimer’s disease (AD). First, | provide novel insights on
the multifactorial and heterogeneous pathophysiology of AD by investigating the
role of co-occurring pathologies (e.g., cerebrovascular disease, CSVD). Second,
| introduce these concepts into brain network models. By doing so, | advance our
current understanding of the impact of co-pathologies on functional brain activity,
providing information needed to build more biologically realistic brain network

models.

In the first project, | demonstrate that alterations in perivascular spaces - an
emerging biomarker of CSVD — are observed in young individuals with a genetic
form of AD. This finding suggests that CSVD is an intrinsic feature of AD rather
than a coincidental consequence of aging. In the second project, | show in a cohort
of late-onset AD the crucial role that white matter hyperintensities — a key
biomarker of CSVD - have on cortical neurodegeneration. These insights confirm
the role of CSVD in AD, beyond traditional AD biomarkers, such as amyloid and
tau. In the third project, using a brain network model, | demonstrate the detrimental
effect of white matter hyperintensities on global brain network communication in
wakeful resting-state. In the fourth project, | show that a reduction in inter-
hemispheric white matter connectivity, which is commonly observed in aging, AD,

and CSVD, explains brain alterations observed during slow-wave sleep.

By providing novel insights into the complex and multifactorial nature of AD
pathophysiology and by introducing these newly developed concepts into brain
network models, this thesis effectively advances their biological plausibility. This
step is needed to increase the overall reliability of these models, which will help
to translate them from the laptop to the bedside. An effective clinical translation of
brain network models could potentially provide new tools to improve diagnosis,

prognosis and treatment personalization in neurodegenerative diseases.



2. Introduction and aims with references

Neurodegenerative diseases represent a growing public health challenge, driven
largely by an aging global population (Knopman et al., 2021). Among them,
Alzheimer's disease (AD) is the most prevalent, accounting for most dementia
cases worldwide. Despite its prevalence, and although recently introduced
therapies targeting amyloid accumulation have sparked hope to slow its
development, AD still does not have a definitive cure. A possible reason for this
lack of a curative treatment is that the pathophysiology of AD is still incompletely
understood. Biomarkers assessing amyloid and tau have improved diagnostic
precision, yet they do not fully capture the complex heterogeneity of the disease,
which also involves other pathologies (co-pathologies) (Karanth et al., 2020).
Novel neuroimaging-based computational approaches (brain network models)
offer a promising avenue for bridging the gap between biological mechanisms and
functional alterations observed in AD. These models allow us to realistically
simulate the activity of the brain across different brain states (e.g., wakefulness,
sleep) and to integrate multimodal imaging information on pathology. Therefore,
brain network models have the potential to allow us to better understand the
multifactorial nature of AD, and to build novel diagnostic and prognostic tools that

could be translated to the clinic.

2.1 On the multifactorial nature of Alzheimer’s disease pathogenesis

The leading hypothesis of AD pathogenesis is the “amyloid cascade” hypothesis,
which posits that the accumulation of misfolded amyloid-beta (AB) initiates a
sequence of events leading to the deposition of tau tangles and subsequent
neurodegeneration in specific brain regions (Knopman et al., 2021). While this
hypothesis has shaped decades of research, it has increasingly been criticized for
failing to account for the heterogeneity and complexity of the disease (Frisoni et
al., 2022). Notably, many individuals with AD also exhibit additional brain
pathologies, in addition to amyloid and tau (Karanth et al., 2020). These co-
pathologies - such as TDP-43, a-synuclein, and cerebral small vessel disease
(CSVD) (Karanth et al., 2020) - may act synergistically or independently of amyloid

and tau in driving neurodegeneration and brain network dysfunction. Among them,



CSVD is particularly prevalent (Ter Telgte et al., 2018). CSVD primarily affects
small cerebral arterioles, leading to impaired blood flow, blood—brain barrier
dysfunction, and abnormal fluid clearance through perivascular spaces (PVS)
(Wardlaw et al., 2019). Although small brain vessels themselves cannot be
visualized directly in vivo, CSVD can be inferred using MRI markers such as white
matter hyperintensities (WMH) and alterations in PVS (Duering et al., 2023). WMH
appear as regions of increased signal on fluid-attenuated inversion recovery
(FLAIR) and T2-weighted images, typically reflecting chronic ischemic damage to
the white matter (WM). PVS are fluid-filled spaces that surround small penetrating
vessels and appear as tubular-shaped hypointense structures on T1-weighted
images (Duering et al., 2023). These microvascular changes are often associated
with tissue injury, mostly involving the WM, and may contribute to
neurodegeneration and brain network dysfunction (Ter Telgte et al., 2018).
However, the precise mechanisms linking WM damage and CSVD to alterations
in brain structure (e.g., brain atrophy) and function (e.g., functional connectivity
patterns), and how these effects interact with amyloid and tau pathology, remain

poorly understood.

2.2 Brain network dysfunction in AD

AD is characterized by large-scale brain network dysfunction that manifests both
during resting wakefulness and sleep (Pievani et al., 2014). Resting-state-fMRI
(rs-fMRI) studies show variable functional connectivity changes depending on
disease stage (Pievani et al., 2014). Increased functional connectivity may be
observed in the early stages of mild cognitive impairment, while reduced
connectivity within the default mode network and impaired inter-network
connectivity occur as the disease progresses to the dementia stage (Pievani et
al., 2014). These changes are associated with amyloid-B deposition in default-
mode network hubs and tau accumulation in medial temporal regions (Pievani et
al., 2014). Beyond wakefulness, AD is characterized by alterations in the
generation and propagation of slow oscillations during non-REM sleep (slow wave
sleep, SWS). Aging-related neurodegeneration and WMH, particularly involving

inter-hemispheric WM tracts, may exacerbate network alterations during wake



and sleep by amplifying the breakdown of large-scale brain synchrony (Lavanga
et al., 2023). However, the precise mechanisms linkihg WM damage to the
observed brain network dysfunction are still unclear. Addressing this gap requires
computational brain network models, which provide a mechanistic framework to

test how different pathological processes may drive network alterations in AD.

2.3 Brain network models allow to reproduce empirical brain activity

Brain network models are a promising tool to understand how WM alterations,
such as those linked to CSVD, are linked to brain network dysfunction. Brain
network models allow us to realistically simulate, in-silico, the dynamic activity of
the brain observed empirically across various modalities, such as
electroencephalography (EEG) and rs-fMRI both during wakefulness and sleep
(Deco et al., 2019; Sanz-Leon et al., 2015). The process of building brain network
models begins by parcellating the brain into distinct regions using anatomical or
functional criteria, typically guided by a brain atlas. These regions are then
interconnected via a structural connectivity matrix, which quantifies the density of
WM fibers linking each pair of regions, as derived from diffusion-weighted
imaging. To simulate neural activity over time, a mathematical model is assigned
to each region, capturing its local dynamics. Regional activities are then coupled
through the structural connectivity matrix, which determines how strongly each
brain region influences others. The potential of brain network models to
understand mechanisms underlying brain function has been already shown in
healthy individuals (Deco et al., 2011). For instance, they have been used to
explore how structural connectivity shapes functional connectivity (Honey et al.,
2009), how spatial and temporal scales influence information transmission
(Kobeleva et al., 2021), and to simulate transitions between brain states such as
wakefulness and sleep (Deco et al., 2019). However, these models allow a further
mechanistic way to connect biological observables (e.g., accumulation of
pathological proteins) with brain structure and function. Therefore, recent studies
have started to use brain network models to evaluate hypotheses regarding how

pathological changes may influence brain activity in AD.
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2.4 Brain network models in Alzheimer’s disease

By weighting regional model parameters based on biological observables (e.g.,
amyloid and tau), previous studies have bridged scales between AD pathology
and functional alterations. Brain network models incorporating information about
the heterogenous distribution of amyloid and tau into heterogeneous model
parameters reproduce empirical brain activity more realistically compared to
unweighted or homogeneously weighted models (Patow et al., 2023; Stefanovski
et al., 2019). These weighted models have provided in-vivo support for the
hypothesis that amyloid-induced hyperexcitability is responsible for functional
alterations observed in early AD patients in various modalities, such as MEG (van
Nifterick et al., 2022), EEG (Sanchez-Rodriguez et al., 2024; Stefanovski et al.,
2019) and fMRI (Patow et al., 2023). Additionally, using brain network models
whose regional parameters were weighted either on amyloid, tau, or a
combination of the two, Patow et al. (2023) showed that amyloid-induced effects
are confined to the initial disease stages, while tau-related effects predominate
when dementia ensues. Parameters obtained from brain network models may
assist with AD diagnosis, since they have been associated with cognitive scores
(Zimmermann et al., 2018) and AD plasma biomarkers (Sanchez-Rodriguez et al.,
2024). Furthermore, brain network models may provide a useful tool for testing
potential treatments for AD in silico. For example, de Haan et al. (2017) used a
brain network model to theoretically test how treatment strategies involving the
modulation of the excitation/inhibition balance may slow down AD-typical network
degeneration. Similarly, Stefanovski et al (2019) used a brain network model to
mimic the effects of memantine, an NMDA-receptor antagonist, showing how this
drug may revert the typical oscillatory slowing observed in late-stage AD.
However, previous research has only focused on traditional AD-related
biomarkers, overlooking the pathological heterogeneity of AD, particularly
regarding co-pathologies. Therefore, the impact of co-pathologies, such as CSVD,
in shaping functional alterations in AD is still unclear. This is an important
limitation, as overlooking the high prevalence of co-pathologies means current
models may fail to capture the full biological complexity of AD, thus reducing their

clinical utility for diagnostic and prognostic purposes.
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2.5 Aims

The overall aims of this work are to investigate the role of co-pathologies,
particularly CSVD, in the multifactorial pathophysiology of AD and to integrate
these pathological mechanisms to advance the biological realism of brain network
models. The sections that follow detail the specific aims of the individual projects

included in this thesis.

2.5.1 Project 1: Is CSVD an intrinsic component of AD pathogenesis?

CSVD is commonly observed in aging-associated AD. However, it is currently
unknown if CSVD is an intrinsic component of AD pathogenesis or a co-occurring
phenomenon due to aging. In this study, | considered a sample of individuals with
a genetic autosomal dominant form of AD (ADAD), who develop dementia at a
young age. While limited previous work has explored WMH as a CSVD biomarker
in ADAD, PVS - another key marker of small vessel pathology - have not yet been
investigated. Here | compared PVS characteristics between mutation carriers and
non-carrier family members. Based on previous work on late-onset AD (Barisano
et al., 2025), | hypothesized that mutation carriers would show fewer but enlarged
PVS compared with non-carriers, and that PVS metrics would be associated with
amyloid and tau. This study provides evidence that CSVD is not a mere co-
pathology, but an intrinsic pathophysiological process in AD. This suggests an

even greater relevance for modeling its effects on brain structure and function.

252 Project 2: Is CSVD-linked WM damage associated with
neurodegeneration beyond amyloid and tau?

The amyloid cascade hypothesis posits a linear progression in AD pathogenesis,
with amyloid and tau driving neurodegeneration. Evidence from Project 1 and
other studies suggest that CSVD, especially WMH, may independently contribute
to neurodegeneration. In this study, | hypothesized that WMH would be associated
with reduced cortical thickness, particularly in AD-vulnerable temporal brain
regions. | tested the association between WMH and cortical thinning using cross-
sectional and longitudinal MRI and positron emission tomography (PET) data from

more than 500 individuals. Using linear regression for cross-sectional and linear
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mixed models for longitudinal data, | also tested whether the association between
WMH and cortical thinning depended on whole-brain diffuse cerebrovascular
processes or tract-specific axonal damage. This study provides information on the

effects of CSVD on neurodegeneration and its link with amyloid and tau.

2.5.3 Project 3: How does WM damage influence brain dynamics during awake
resting-state?

As shown in Project 2, WMH play a key role in driving neurodegeneration through
pathological processes affecting the whole brain. In this study, | investigated the
effects of WMH on brain network dynamics using a brain network model. As in the
previous study, | hypothesized that WMH could lead to brain network dysfunction
either through whole-brain diffuse cerebrovascular processes or via tract-specific
axonal damage. To test this hypothesis, | built a brain network model (i.e., the
Hopf model) and combined it with a virtual-lesioning (disconnectome) approach.
This disconnectome approach allows to map the effects of focal WM lesions onto
specific WM tracts and the cortical regions they connect to, thereby tracing how
localized structural damage propagates at the brain network level. This study
provides information on how CSVD-linked structural WM damage leads to
alterations in brain network activity in early AD. This study lays the groundwork
for incorporating the effects of CSVD into more realistic brain network models of
AD.

2.5.4 Project 4: How does WM damage impact slow wave sleep?

Results from Project 3 suggest a role for WM damage in influencing brain activity
during awake resting state. Disrupted slow wave sleep (SWS) is another
prominent finding in aging and AD. In this study, we hypothesized that inter-
hemispheric WM damage, commonly observed in aging and AD, and exacerbated
by CSVD, could explain SWS alterations. First, | collaborated in creating a brain
network model able to accurately replicate physiological sleep slow waves. Then,
a simulation of the effects of increasing levels of WM damage was obtained by
reducing the strength of inter-hemispheric connections. This study provides

valuable information connecting structural WM damage to sleeping alterations
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seen in aging and AD, showing that brain network models can reproduce

pathological alterations observed across different brain states.
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Abstract

INTRODUCTION: Perivascular space (PVS) alterations are traditionally linked to car-
diovascular risk factors and aging, but may also play a direct role in Alzheimer’s disease
(AD). To reduce confounding from age-related comorbidities, we examined PVSs in
autosomal dominant AD (ADAD).

METHODS: In this cross-sectional study of 96 non-demented individuals (62 muta-
tion carriers), we quantified PVS count fraction and mean diameter in white matter
and basal ganglia using automated magnetic resonance imaging analysis. Linear
mixed models assessed group differences along the disease course, adjusting for
cardiovascular risk factors.

RESULTS: Compared to non-carriers, mutation carriers showed lower PVS count frac-
tion in white matter and basal ganglia, and larger PVS diameter in basal ganglia and the
temporal lobe. Changes were evident up to 18 years before expected dementia onset
and followed trajectories similar to amyloid beta 42 and tau biomarkers.
DISCUSSION: ADAD is associated with early PVS alterations, suggesting perivascular
changes may be integral to primary AD pathology.

KEYWORDS
Alzheimer’s disease, autosomal dominant Alzheimer’s disease, cerebral small vessel disease,
dominantly inherited Alzheimer’s disease, magnetic resonance imaging, perivascular spaces
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1 | BACKGROUND

Cerebral small vessel disease (CSVD) is frequently observed in asso-
ciation with Alzheimer’s disease (AD) pathology in post mortem
analyses of individuals with late-onset AD! (LOAD), and may rep-
resent a significant contributor to neurodegeneration and cognitive
impairment.? Similarly, in vivo neuroimaging markers of CSVD, such
as white matter lesions (WMLs), lacunes, and perivascular space (PVS)
alterations, often co-occur with abnormalities of AD biomarkers in
elderly individuals.®~> However, CSVD markers are strongly associ-
ated with aging and cardiovascular risk factors. Therefore, whether
the involvement of small brain vessels is an intrinsic component of AD
pathogenesis or an independent pathological process is still unclear.

Autosomal dominant AD (ADAD)—a genetic form of AD determined
by fully penetrant mutations in the genes coding for amyloid precursor
protein (APP), presenilin 1 (PSEN1), or presenilin 2 (PSEN2)—provides a
unique model for studying AD pathogenesis. ADAD mutations appear
to cause disease through aberrant metabolism of amyloid beta (AB),
leading to excessive production of long forms of AB.% Individuals with
ADAD typically develop symptoms from a younger age (30-50 years),’”
when the confounding effects of aging and cardiovascular risk factors
on brain pathology are limited. Additionally, the highly heritable age of
symptom development in ADAD allows one to approximate the esti-
mated disease trajectory, which can be used as a reference to evaluate
the timing of AD biomarker changes.®~12 Identifying evidence of CSVD
biomarker changes in ADAD would strongly suggest that they reflect
primary AD-related pathological mechanisms rather than mechanisms
secondary to aging or vascular comorbidities.

To date, a few studies have investigated WML in individuals with
ADAD, reporting higher WML volume in mutation carriers compared
to non-carriers. 1314 Other vascular-related neuroimaging markers,
such as PVS, remain understudied in ADAD. PVS are fluid-filled tubu-
lar spaces surrounding cerebral blood vessels, especially within the
white matter (WM) and basal ganglia (BG).2> PVS visibility on mag-
netic resonance imaging (MRI) depends on the presence of fluid within

cerebrospinal fluid.

« Autosomal dominant Alzheimer’s disease (ADAD) mutation carriers have reduced
magnetic resonance imaging-visible perivascular space (PVS) count fraction in the
white matter and basal ganglia.

» ADAD mutation carriers show enlarged PVS in the basal ganglia and temporal white

* PVS alterations start 18 years before the estimated time of dementia diagnosis.
» The spatial localization of PVS changes overlaps with regions of amyloid beta (Ag)

* The temporal evolution of PVS alterations aligns with AB and tau changes in the

PVS,16 which is driven by arterial pulsatility and vasomotion.t”~2 Cur-
rent methods allow us to obtain whole-brain quantitative measures
regarding the count and diameter of MRI-visible PVS in vivo, improv-
ing sensitivity in detecting subtle and early PVS alterations.> While
the pathophysiology underlying PVS alterations remains unclear, it
was proposed that blood-brain barrier breakdown, arteriolosclero-
sis, cerebral amyloid angiopathy (CAA), and/or glymphatic impairment
may lead to alterations in fluid flow through PVS and subsequent
modifications of PVS structure.?? Previous post mortem studies in
ADAD have described a higher prevalence of CAA2® and other indices
of cerebrovascular disease.?* However, only one post mortem study
investigated PVS in ADAD, reporting enlarged PVS diameter and
suggesting that AD-specific mechanisms might involve the perivas-
cular compartment.2> In vivo evidence for PVS structural alterations
in ADAD is lacking, and the regional and temporal course of these
pathophysiological alterations remains unexplored.

In this study, we used a robust, fully automated, and clinically
feasible MRI-based approach for PVS quantification,® to investigate,
in vivo, PVS characteristics in ADAD mutation carriers versus non-
carriers. We focused on two previously established markers of PVS
pathology,® namely, PVS count fraction (i.e., the number of PVSs in a
brain region divided by its volume), and PVS mean diameter. Lower
PVS count and higher PVS diameter have recently been associated
with increased risk of incident dementia and accelerated neurodegen-
eration in elderly individuals.” We thus hypothesized that mutation
carriers would have a reduced PVS count fraction and increased PVS
mean diameter, and that between-group changes in these biomarkers
would be noticeable before dementia diagnosis. Furthermore, we also
compared the observed trajectories of PVS changes to those of other
well-established AD biomarkers.

Identifying novel in vivo pathologic features in ADAD, such as PVS
alterations, has the potential to provide new insights into the patho-
physiology of AD, to improve early diagnosis and monitoring of disease
progression, and to offer new opportunities for the development of

preventative or treatment strategies.
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2 | METHODS
2.1 | Participants

We performed a retrospective cross-sectional analysis of individuals
enrolled in prior and ongoing studies of ADAD being conducted by prin-
cipal investigator J. M. Ringman. The data analyzed in this study were
acquired between June 2005 and July 2022. Each participant was a
member of a pedigree with a known mutation for ADAD in the APP,
PSEN1, or PSEN2 genes. Given the small number of participants at risk
for inheriting PSEN2 mutations, we treated PSEN1 and 2 mutations
together as a single PSEN group.

Though prior studies use parental- or mutation-based estimates of
the age of symptom onset,”2%27 we have found variability among fam-
ily members with regard to the report of symptom onset. More reliable
is the age of dementia diagnosis, namely the age at which affected
family members meet criteria for dementia by history. A mean age of
dementia diagnosis was calculated for each mutation based on family
member reports and the published literature (Table S1 in supporting
information).” We calculated the estimated years from dementia diag-
nosis (EDD) by subtracting from the participant’s age the expected age
of dementia diagnosis associated with the mutation they were at risk
for inheriting. Based on data freeze 17 of the Dominantly Inherited
Alzheimer Network (DIAN) dataset, the average difference between
the DIAN-determined age of first symptom onset and our determined
age of dementia diagnosis is ~ 2.6 years.

We gathered data from 121 subjects with available MRI and clini-
cal information obtained during the same visit. We limited our analyses
to subjects without dementia, as defined by having a Clinical Demen-
tia Rating scale score < 1 and assessed before their expected age of
dementia diagnosis (EDD < 0). This choice was performed to focus on
the earliest stages of the disease to avoid potential confounding effects
due to severe brain atrophy, which could bias estimations of PVS.
Ninety-six subjects met the inclusion criteria and had full availability of
clinical covariates of interest (see next section). All participants or their

caregivers provided informed consent.

2.2 | Covariates of interest

Covariates of interest included EDD; reported sex; history of hyper-
tension, hypercholesterolemia, and diabetes; apolipoprotein E (APOE)
genotype; and mutation status. APOE status was coded categorically
(presence or absence of an ¢4 allele). Cardiovascular risk was quanti-
fied by summing scores for hypertension, hyperlipidemia, and diabetes
presence (1 point for each risk factor, total range: 0-3).

2.3 | MRI data acquisition and processing
Brain MRI was performed on 1.5 Tesla (N = 13), or 3 Tesla

(N =83) Siemens scanners using T1-weighted magnetization-prepared

rapid gradient echo (MPRAGE) sequence (parameters in Table S2 in
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RESEARCH IN CONTEXT

1. Systematic review: We conducted a systematic review of
PubMed through December 1, 2024, and found only one
prior post mortem study reporting enlarged perivascular
spaces (PVSs) in autosomal dominant Alzheimer’s disease
(ADAD).

2. Interpretation: Whether PVS alterations reflect primary
Alzheimer’s disease (AD) pathology or age-related vas-
cular comorbidities remains unclear. Here, we provide
the first in vivo evidence that ADAD mutation carriers
exhibit significantly lower PVS count fraction in the white
matter and basal ganglia, alongside increased PVS diam-
eter in the basal ganglia and temporal lobe, compared to
non-carriers. These differences emerged up to 18 years
before expected dementia onset and followed a temporal
and spatial trajectory similar to established AD biomark-
ers such as amyloid beta and tau. PVS alterations were
independent of cardiovascular risk factors.

3. Future directions: Our findings support a direct involve-
ment of the vascular/perivascular compartment in ADAD
pathophysiology and suggest that magnetic resonance
imaging-visible PVSs may serve as an early, accessible
biomarker of disease progression.

supporting information). All imaging analyses were completed with
fully automated algorithms without knowledge of mutation status, or
demographic or clinical data.

Images were preprocessed and resampled to 1 mm isotropic res-
olution with FreeSurfer v7.4,28 as previously described.” PVS were
automatically segmented on preprocessed T1-weighted images in the
whole-brain normal appearing WM (obtained by subtracting the WML
voxels from the WM mask), and in the BG. The PVS segmentation
method enhances vessel-like structures by applying a Frangi filter,2?
which assigns a “vesselness” value based on the eigenvalues of the
Hessian matrix. The value of the 85th percentile of the total num-
ber of voxels with non-zero “vesselness” is used as a threshold, and
only voxels with a “vesselness” value above this threshold are retained
and binarized to generate a PVS mask. MATLAB's “regionprops3” was
used to compute count and mean diameter across all PVS clusters
with an in-plane size of at least 2 voxels in each region. PVS count
was standardized by the volume of each region, yielding a PVS count
fraction, as per previous recommendations.’® Both PVS metrics have
excellent intraclass correlation coefficients (> 0.9 for WM-PVS and
> 0.8 for BG-PVS) regarding inter-scanner reproducibility, interfield-
strength reproducibility, and test-retest repeatability.> We also per-
formed exploratory analyses considering PVS characteristics in the
normal-appearing WM of each brain lobe (frontal, parietal, temporal,
insular, and occipital), as parcellated with FreeSurfer v7.4.28 Values

were averaged between the left and right hemispheres before further
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analysis. WML were segmented on preprocessed T1-weighted images
with a fully automated algorithm,3® robust in terms of interscanner
and test-retest reproducibility, and whose results strongly correlated
with those obtained from fluid-attenuated inversion recovery (FLAIR)
sequences.’

All segmentation masks were visually checked for accuracy in a
blinded fashion by an expert physician scientist (G.B., 10 years of expe-
rience in neuroimaging). Individual PVS segmentations for all subjects
are available at https://gbarisano.shinyapps.io/pvs-dementia/ (select
project: “Autosomal Dominant Alzheimer Disease - EEAJ”).

2.4 | Statistical analysis

Descriptive statistics are presented for categorical data as numbers
(percentages) and for continuous data as mean =+ standard devia-
tion for normally distributed variables, or as median (interquartile
range) for not-normally distributed variables. Categorical variables
were compared between the mutation status group based on the
chi-squared test, while continuous variables were compared with the
two-sample independent t test or Mann-Whitney U test for normally
and not-normally distributed variables, respectively.

A linear mixed model, with family membership as a random factor,®
was used to estimate the association of mutation status versus PVS
count fraction or PVS mean diameter as dependent variables in each
considered region. Analyses were adjusted for EDD and its interac-
tion with mutation status, cardiovascular risk, APOE status, and sex,
as fixed factors. A similar model was also run with WML volume (log-
transformed) as the dependent variable. Total intracranial volume was
not significantly associated with PVS metrics nor with WML and was
not included as a covariate (Figure S1 in supporting information). Fol-
lowing previous studies,®3! we assessed PVS biomarker differences
at various age points using an approximate Student t test on results
derived from linear mixed models. This allowed us to assess the trajec-
tories of PVS changes over time and to identify the time point of the
first significant differences between groups.

Most subjects lacked cerebrospinal fluid (CSF) and positron emis-
sion tomography (PET) imaging data. Given the highly heritable age
of symptom development in ADAD, which allows one to approximate
the estimated disease trajectory,” we compared PVS metrics to other
well-established biomarkers of ADAD using data from Bateman et al.8
These data represent the standardized differences in each biomarker
between mutation carriers and non-carriers as a function of estimated
years from symptom onset (EYO). To reconcile the difference between
the definition of EYO used in Bateman et al.2 and our definition of
EDD, we added 2.6 years—the average time difference between DIAN-
determined EYO and our-determined EDD—to EDD and used this
surrogate EYO when comparing our PVS metrics with the other ADAD
biomarkers. Following Bateman et al.,® we calculated estimates for PVS
metrics using the previously described linear mixed models.

A p value of < 0.05 was considered statistically significant for anal-
yses of WM or BG. Exploratory analyses were also performed for each

brain lobe.

TABLE 1 Subject characteristics divided by the presence or
absence of mutations leading to autosomal dominant Alzheimer’s
disease.

Non-carriers

(n=34) Carriers(n=62) pvalue
Age 35.0(28.2-39.0) 32.5(26.2-41.8) 0.930
EDD (years) -15.32+9.83 -13.32+8.34 0.319
WML volume (log) 1.8(0.0-2.3) 2.3(1.8-2.6) 0.006
Sex 0.91
Male 12(35.29%) 24 (38.71%)
Female 22(64.71%) 38(61.29%)
APOE ¢4+ (%) 1.00
0 26(76.47%) 48 (77.42%)
1 8(23.53%) 14 (22.58%)
CV risk (%) 0.12
0 26 (76.47%) 54 (87.1%)
1 8(23.53%) 6(9.68%)
2 0(0.0%) 2(3.23%)
Gene (%) 1.00
APP 7(20.59%) 12(19.35%)
PSEN1/2 27(79.41%) 50 (80.65%)

Note: Categorical data are reported as a number (percentages), and the
corresponding p value refers to differences between the mutation sta-
tus groups based on the chi-squared test. Continuous data are reported
as mean + standard deviation for normally distributed variables or as
median (interquartile range) for variables that are not normally distributed.
Corresponding p value refers to the two-sample independent t test or
Mann-Whitney U test for normally and not normally distributed variables,
respectively. Statistically significant comparisons are highlighted in bold.
Abbreviations: ADAD, Autosomal dominant Alzheimer’s disease; APOE,
apolipoprotein E; APP, amyloid precursor protein; CV, cardiovascular; EDD,
estimated years from dementia diagnosis; PSEN, presenilin; WML, white
matter lesion.

3 | RESULTS

We analyzed data from 96 subjects (median age: 33 [interquartile
range: 27-40], 62.5% females). Among them, 62 (64.6%) were carriers
of ADAD mutations: 50 (80.6%) had PSEN mutations and 12 (19.4%)
had APP mutations (Table 1). In unadjusted comparisons, mutation car-
riers showed a significantly greater volume of WML (p = 0.006). After
adjusting for other covariates in a linear mixed model, no significant
associations between WML volume and mutation status were found
(p = 0.18, Table S3 in supporting information). There were no other
significant differences between groups in clinical or demographic vari-
ables. In mutation carriers, the BG-PVS count fraction was significantly
correlated with WM-PVS count fraction, as well as with regional values
in the frontal and insular lobes. Similarly, the mean BG-PVS diameter
showed significant correlations with mean WM-PVS diameter in the
white matter and in all cortical lobes except the occipital lobe (Table S4

in supporting information).
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Differences in perivascular space count fraction and mean diameter in the white matter and basal ganglia. Estimated marginal

means (solid dots) and 95% confidence intervals (error bars) for PVS count fraction (A, B) and PVS mean diameter (C, D) in non-carriers (green) and
mutation carriers (violet) in the BG (A, C) and WM (B, D). Mean estimates were obtained using linear mixed models including mutation status,
estimated years from dementia diagnosis, and their interaction; sex, cardiovascular risk score; and presence of an APOE ¢4 allele as fixed effects,
while family membership was included as a random effect. Empty colored dots correspond to individual empirical observations. The asterisk(s)
refer to the p value for the variable "mutation status" obtained from the adjusted linear mixed model. Insets in (B) and (D) show color-coded brain
maps illustrating model coefficients for "mutation status" in various brain regions against PVS count fraction or PVS mean diameter, respectively.
Cooler colors (e.g., darker blue) represent regions with stronger negative associations, while warmer colors (e.g., red) indicate regions with
stronger positive associations between mutation status and PVS biomarkers. Only regions with uncorrected p value < 0.05 are shown, while
others are grayed out.*: 0.01 < p < 0.05; **: 0.001 < p < 0.01; ***: 0.0001 < p < 0.001. APOE, apolipoprotein E; BG, basal ganglia; Cl, confidence

interval; PVS, perivascular space; WM, white matter.

We first estimated overall differences in PVS metrics in muta-
tion carriers compared to non-carriers (Figure 1, Table S3). Mutation
carriers showed significantly lower PVS count fraction in the WM
(B=-0.33, 95% confidence interval [CI]: —0.5 to —0.17, p = 0.00013)—
particularly in the frontal, parietal, and temporal lobes (exploratory
regional analyses summarized in Table S5 in supporting information)—
andinthe BG (3= -1.5,95% Cl: —=2.4 to —0.65, p = 0.0011). PVS mean
diameter was significantly higher in mutation carriers versus non-
carriersinthe BG (8=0.055,95% Cl:0.0093 t0 0.10, p = 0.021), but not
across the whole WM (8 =0.034, 95% Cl: —-0.028 t0 0.097,p =0.28). In
exploratory analyses at a lobar level, PVS mean diameter was greater
in the temporal lobe of carriers versus non-carriers (Table S5). We
observed significant positive associations between BG and WM-PVS

count fraction and EDD. This association is analogous to the estab-

lished positive association between PVS count fraction and increasing
chronological age observed in adults.®2 However, this positive asso-
ciation with EDD was significantly modified by mutation status, as
indicated by a negative interaction effect (Table S3). While non-carriers
exhibited the expected increase in BG and WM-PVS count fraction
with increasing EDD,?? the negative interaction effect resulted in a sig-
nificant decrease in PVS count fraction with increasing EDD among
mutation carriers (Table 2). We confirmed the known positive associ-
ation between WM-PVS count fraction and male sex,>32 and found a
significant negative association between mean BG-PVS diameter and
APOE status (Table S3).

Next, following Bateman et al.8 and Araque Caballero et al.,3! we
estimated differences in PVS count fraction between carriers and non-

carriers at various time cut-offs (Figure 2, Table 2). This allowed us to
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FIGURE 2 Time of first detectable changes in perivascular spaces count fraction and mean diameter. Mean and 95% confidence intervals of
the estimated differences in PVS count fraction (A) and mean diameter (B) between mutation carriers and non carriers. Differences were
calculated with linear mixed models at each estimated year from EDD (range: -20 to -10). Linear mixed models included mutation status, EDD, and
their interaction; sex; cardiovascular risk score; and presence of APOE ¢4 allele(s) as fixed effects, while family membership was included as a
random effect. Estimated mean differences were averaged over levels of cardiovascular risk, sex, and APOE. The red bar indicates the earliest time
point of abnormal PVS metrics for a particular brain region. APOE, apolipoprotein E; BG, basal ganglia; Cl, confidence interval; EDD, expected

dementia diagnosis; PVS, perivascular space; WM, white matter.

identify the earliest timepoint at which significant differences in PVS
biomarkers were first observed in carriers compared to non-carriers.
We observed the first significant reductions in PVS count fraction at
-18 years before EDD in the BG and at -17 years in the WM (Table
Sé in supporting information). The first significant increase in BG-PVS

mean diameter was seen -15 years before EDD. Regional estimates of

between-group differences in PVS biomarkers highlighted early reduc-
tions in PVS count fraction in the temporal, frontal, and parietal lobes,
as well as early PVS enlargement in the temporal lobe (Figure 2, Table
Sé6 and S7 in supporting information).

Then, we compared how PVS alterations evolve over time in rela-

tion to changes of other well-established AD biomarkers (Figure 3).
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TABLE 2 Perivascular spaces metrics estimates in mutation carriers versus non-carriers.

Estimated years from dementia diagnosis

Variable

PVS count fraction

Non-carriers WM 1.34 1.39
Carriers WM 1.34 1.32
Difference WM 0.01+0.14 -0.06+0.11
Non-carriers BG 7.12 7.18
Carriers BG 7.01 6.76
Difference BG —-0.11+0.77 —0.42+0.59

PVS mean diameter

Non-carriers WM 1.76 1.77
Carriers WM 1.78 1.80
Difference WM 0.02+0.05 0.02+0.04
Non-carriers BG 1.435 1.431
Carriers BG 1.438 1.446
Difference BG 0.004+0.039 0.015+0.03

Region -25 -20 -15

-10 -5 0

1.43 1.48 1.53 1.58

1.30 1.27 1.25 1.23
—-0.14+0.09 -0.21+0.10 -0.28+0.13 —-0.35+0.18

7.24 7.30 7.36 7.42

6.51 6.26 6.01 5.77
-0.73+0.5 —-1.04+0.57 -1.34+0.74 -1.65+0.96

1.78 1.79 1.80 1.81

1.81 1.82 1.83 1.84

0.03+0.04 0.03+0.04 0.03+0.05 0.04+0.07

1.427 1423 1.420 1416

1.454 1.462 1.470 1.478

0.027+0.026 0.039+0.029 0.05+0.038 0.062+0.049

Note: Estimates of mean PVS count fraction and mean diameter in the WM and BG at various age cut-offs were calculated using the estimated years from
dementia diagnosis. Difference refers to the estimated difference between mutation carriers and non-carriers + 95% confidence intervals. Reported esti-
mates were obtained using a linear mixed model with mutation status (non-carrier or carrier), expected years from dementia diagnosis, and their interaction,
cardiovascular risk score, presence of an APOE ¢4 allele, and sex as fixed effects. Family membership was considered a random effect. Results were averaged
over levels of cardiovascular risk, sex, and APOE. For regional estimates in the WM, see Table S5 in supporting information. Note that there might be small

discrepancies in differences due to rounding.

Abbreviations: APOE, apolipoprotein E; BG, basal ganglia; PVS, perivascular spaces; WM, white matter.

Using data from a previous study by Bateman et al.8 for this compari-
son, we found that the initial changes and following time course of PVS
count fraction reduction and BG-PVS enlargement closely aligned with
reported changes in A and tau in the CSF (Figure 3).

Finally, we compared PVS characteristics between carriers of APP
and PSEN mutations. We found no statistically significant differences
in PVS metrics, except for a lower PVS count fraction in the temporal
lobe of PSEN carriers compared to APP carriers (p = 0.003, Figure S2 in

supporting information).

4 | DISCUSSION

We found significant PVS alterations in carriers of pathogenetic muta-
tions for ADAD compared to non-carrier family members. The first
differences occurred as early as 18 years before the expected age of
dementia diagnosis. The timeframe of initial PVS changes and their tra-
jectory along the estimated disease course aligned with those of Ag and
tau pathology in the CSF previously reported in ADAD® and LOAD.33
The spatial localization of PVS changes also overlapped with regions
of known early pathology in ADAD.&10.34 Between-group differences
in PVS metrics became more prominent as the disease progressed,
suggesting that PVS alterations may contribute to ensuing neurode-
generation and the development of symptoms. Given the young age
of the analyzed individuals and the independence of these results
from cardiovascular risk factors, our findings suggest that alterations

in MRI-visible PVS might indicate pathological processes occurring
in the small cerebral vessels and/or their perivascular compartments
that are specifically related to AD pathophysiology rather than other
comorbidities.

We found that mutation carriers had significantly lower PVS count
fraction in the BG and WM compared to non-carriers. It isimportant to
note that our PVS count fraction differs from the conventional count
of PVS in visual rating scales performed by human raters. Traditional
visual rating methods typically assess the number of visibly enlarged
PVS in one hemisphere within a single representative MRI slice. This
approach provides only a partial view of PVS burden, may depend on
the rater performing the evaluation, and lacks sensitivity to smaller
or non-enlarged PVS. Moreover, visual rating scales typically do not
account for total or regional brain volume, despite evidence that PVS
counts are associated with brain volume.1¢ In contrast, our fully auto-
mated segmentation method quantifies all MRI-visible PVS across the
entire brain, irrespective of their enlargement status. This allows us to
perform a complete quantitative analysis, also incorporating blood ves-
sels with small/non-enlarged perivascular space.> Moreover, by using
PVS count fraction (number of PVS divided by regional volume) in all
our analyses, we corrected for brain volume as a potential confounder.
Our approach thus enables a more sensitive, comprehensive, accu-
rate, and reproducible characterization of overall PVS characteristics
compared to visual rating scales.”

PVS are considered a marker of CSVD,» and their visibility
on MRI depends on the presence of fluid within the perivascular
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FIGURE 3 Changesin clinical, imaging, and biochemical
biomarkers with respect to changes in perivascular space metrics as a
function of estimated years from expected symptom onset. The main
panel displays the SD between mutation carriers and non carriers over
the expected course of the disease for various clinical, imaging, and
biochemicat biomarkers, as reported in Bateman et al. These
differences are compared to the SD in PVS count fraction in the WM
(WM-PVS count fraction, in tight red) and PVS mean diameter in the
BG (BG-PVS mean diameter, in red). The expected course of the
disease is assessed using the estimated years from EYO. To reconcile
the discrepancy between the definition of EYO onset used in Bateman
et al. and our definition of EDD, we added 2.6 years to EDD before
estimating SD for PVS metrics. This number represented the average
time difference between DIAN-determined EYO and our-determined
EDD (see main text). The inset highlights the comparison between
WM-PVS count fraction and CSF biomarkers (A3 and tau). To facilitate
visual comparisons of the relative magnitude and temporal course of
changes, absolute values of SDs are shown. A3, amyloid beta; BG, basal
ganglia; CDR-SOB, Clinical Dementia Rating Sum of Boxes; CSF,
cerebrospinal fluid; DIAN, Dominantly Inherited Alzheimer Network;
EDD, expected dementia diagnosis; EYO, expected symptom onset;
PVS, perivascular space; SD, standardized differences; WM, white
matter.

compartment,’® and on its flow, which is driven by arterial pul-
satility and vasomotion.?”:1820 Although the exact pathophysiology
underlying reduced PVS visibility on MRI is still not fully elucidated,
impaired arterial pulsatility has been associated with reduced PVS
fluid flow,121 and a lower PVS count has been associated with cere-
bral hypoperfusion.> Given these associations, the reduction in PVS
count fraction observed in mutation carriers may reflect early AD-
related small vessel pathology. This interpretation is supported by
previous findings of CSVD in post mortem ADAD cases,2° lower cere-
bral blood flow in ADAD,3° and reduced microvascular density in Down
syndrome,3¢ a condition characterized by overexpression of the APP
gene linked with increased brain amyloid levels and early-onset AD.
This suggests that the genetic underpinnings of ADAD might lead to
early vascular changes, potentially affecting perivascular fluid flow, and

consequently, reducing the MRI visibility of PVS. Consistently, recent
studies of PVS in LOAD have also found lower PVS amount across mul-
tiple brain regions in patients with mild cognitive impairment or before
the development of dementia compared to cognitively unimpaired and
stable subjects.>3”

PVS are increasingly recognized as a crucial component of the
brain’s glymphatic system, which is responsible for the clearance of
metabolites, interstitial fluid, and waste from the brain.162238 Accu-
mulation of misfolded proteins within PVS might impede fluid flow,3?
contributing to the observed reduction in MRI-visible PVS. The ear-
liest significant reductions in PVS count fraction occurred in the
BG and WM =~ 18 years before the estimated onset of dementia
and increased over time. Specifically, while non-carriers exhibited the
expected increase in BG and WM-PVS count fraction with increasing
age (as represented by EDD),32 mutation carriers showed reductions
in PVS count over time. The trajectory of between-group PVS changes
aligned temporally with differences in ABy.4, and tau in the CSF.811
Reductions in PVS count fraction were prominent in the basal ganglia
and parietal, temporal, and frontal lobes. These regions are well known
to exhibit early and elevated deposition of Ag in ADAD.81034 Collec-
tively, these results suggest a potential interplay between PVS and AB
pathology. Impaired perivascular drainage, potentially exacerbated by
AB accumulation within the perivascular compartment and/or vessel

540

walls (i.e., CAA), could compromise fluid flow along PV possibly cre-

ating a pathogenic feedback loop. Prior neuropathological studies have
shown a higher prevalence of CAA in post mortem cases of ADAD,2%24
but the precise timing of its development remains to be elucidated.
We observed significantly enlarged PVS in mutation carriers com-
pared to non-carriers, especially within the BG and temporal WM. This
finding provides in vivo corroboration for previous post mortem reports
indicating PVS enlargement in individuals with ADAD.2> The co-
occurrence and temporal sequence of reduced PVS count and enlarged
PVS diameter warrant careful consideration of the underlying mecha-
nisms. One possibility is that these two phenomena may be pathologi-
cally linked. The reduction in the number of MRI-detectable PVS might
relate to the obstruction of perivascular pathways. This could lead to
a compensatory redistribution and accumulation of perivascular fluid
in the remaining patent spaces, which might drive their progressive
enlargement over time. This interpretation, although speculative, is
supported by our findings that PVS enlargement emerged later than
the initial reduction in count fraction, ~ 15 years before the expected
onset of dementia. Alternatively, mechanisms not directly associated
with AB might drive PVS enlargement. For example, the timeframe of
PVS enlargement parallels that of alterations of a secreted form of
triggering receptor expressed on myeloid cells 2—a surrogate marker
for microglial activation—in the CSF,*! suggesting a potential role for
inflammatory infiltrates.*2-44 Additionally, PVS enlargement in ADAD
has been associated with reductions in astrocytic aquaporin-4, in the
absence of CAA.2° In this regard, we found a negative association
between mean BG-PVS diameter and the presence of an APOE &4
allele. This may lend some further support to the hypothesis that
PVS enlargement, at least in this region, may occur due to processes
distinct from CAA, given that APOE &4 is a known risk factor for
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CAA.*> Previous findings on the association between PVS enlarge-
ment and APOE €4 have been mixed, ranging from null results*64”
to significant PVS enlargement only in the presence of two copies
of the ¢4 allele.® Future research is needed to further elucidate the
influence of APOE genotypes on PVS enlargement. Last, in our ADAD
cohort, we observed similar associations and significant correlations
between PVS metrics in the BG and in several WM regions. While pre-
vious literature often emphasizes a clear dichotomy between BG and
WM PVS alterations in older adults—typically linking them to distinct
vascular pathologies—our findings support the notion that in the con-
text of ADAD, PVS alterations may reflect a shared and AD-specific
pathological mechanism.

Our study has some limitations, including its cross-sectional nature.
Nonetheless, ADAD is characterized by a stereotypical pattern of
pathological progression, with a predictable age of symptoms and
dementia onset.® Therefore, the use of EDD allowed us to assess the
evolution of PVS changes along the estimated trajectory of the disease.
Another limitation is the lack of other AD biomarkers, such as amy-
loid and tau CSF or PET data. Thus, we could only indirectly compare
how the trajectories of PVS changes relate to other AD biomarkers
based on previously published data. Future longitudinal studies are
needed to better evaluate the coupled temporal dynamics between
PVS and other AD biomarker changes in the same individuals. Addi-
tionally, regional analyses were exploratory, aiming to identify specific
locations with greater PVS changes. Consequently, these findings
should be interpreted with caution as hypothesis generating. However,
they provide a foundation for targeted, confirmatory investigations in
independent cohorts of individuals with ADAD.

In conclusion, ADAD mutation carriers show early alterations in PVS
characteristics in the WM and BG. These PVS alterations may be spe-
cific for AD-associated processes and not related to cardiovascular
risk factors. Given the early involvement in the disease, the regional
distribution of changes, and the hypothesized co-localization of sev-
eral pathological mechanisms at/near PVS, our findings point to PVS
as a relevant hub of pathology in ADAD. If confirmed in future longi-
tudinal studies, this evidence could support research for preventative
or treatment strategies targeting the vascular/perivascular compart-
ment in ADAD. Furthermore, given the need for only a 3D T1-weighted
MRI sequence, which is commonly acquired in clinical and research
MRI protocols, our PVS metrics might be promising non-invasive and

inexpensive candidate biomarkers to monitor disease course in ADAD.
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ARTICLE INFO ABSTRACT

Keywords: White matter hyperintensities (WMH) are associated with cortical thinning in distant brain regions. However, it

WMH is currently unclear how WMH affect neurodegeneration in early Alzheimer’s disease (AD). Here, we investigated

Amyloid associations between WMH and cortical thickness in temporal regions involved in early AD (AD cortical
Tau_ . signature), while correcting for regional amyloid and tau accumulation assessed by PET. We performed cross-
Cortical thickness . o gs . . . .

Disconnections sectional (n = 551), and longitudinal (n = 125) analyses in older adults without dementia, also stratified by

Alzheimer’s Disease amyloid positivity. We evaluated WMH volume - as a measure of the global burden of WMH-related cerebro-
AD vascular pathology (GB-WMH) - and investigated the role of deep versus periventricular WMH. We also tested
whether a higher focal burden of WMH in specific tracts connected to AD signature regions (FB-WMH) would
lead to greater cortical thinning than expected solely from GB-WMH. We performed exploratory analyses in other
brain regions to check the specificity of our findings to the temporal AD signature. GB-WMH damage, especially
involving periventricular WMH, was cross-sectionally (not longitudinally) associated with cortical thinning in
the fusiform, inferior and middle temporal gyri. Stronger associations were found in amyloid-positive in-
dividuals, including for the entorhinal cortex. Effects were mostly confined to regions of the temporal AD
signature. FB-WMH did not yield higher cortical thinning than expected solely by GB-WMH. Cerebrovascular
disease is associated with cortical thinning of temporal regions involved in early AD. Interventions aimed at
improving cerebrovascular health might help to mitigate neurodegeneration in these regions.

Copathologies

1. Background

Neurodegenerative disorders are characterized by selective neuronal
vulnerability, as evidenced by disease-specific cortical thinning patterns
(Kampmann, 2024). In late-onset Alzheimer’s disease (AD), a specific
pattern of neurodegeneration - termed AD cortical signature - involving
the entorhinal, fusiform, and inferior and middle temporal regions is
seen at the early stage of the disease (Jack et al., 2015; Parker et al.,
2020; Keuss et al., 2024). This AD cortical signature has been shown to
predict future cognitive decline and AD dementia (Jack et al., 2015).

Various pathological processes contribute to neurodegeneration in
AD. While the amyloid cascade hypothesis stresses the accumulation of

misfolded amyloid-beta and tau proteins as the main drivers of neuro-
degeneration in AD (Musiek and Holtzman, 2015; Selkoe and Hardy,
2016), co-pathologies have been increasingly identified (Jack Jr. et al.
2024). Among co-pathologies, cerebrovascular disease is commonly
observed in sporadic late-onset AD (Barisano et al., 2022;
Garnier-Crussard et al., 2023; McAleese et al., 2017; Zhang et al., 2024).
As cerebrovascular disease can be prevented and modified by lifestyle
and medication (Verdelho et al., 2012), it is important to better un-
derstand its contribution in the context of amyloid and tau pathology in
AD.

White matter hyperintensities (WMH) reflect cerebrovascular dis-
ease in vivo (Wardlaw et al., 2015) and are often observed in AD
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(Garnier-Crussard et al., 2023; Lee et al., 2016; Shirzadi et al., 2023).
Despite their typical location within the deep and periventricular white
matter (Wardlaw et al., 2015), WMH have been consistently associated
with cortical thinning across the whole brain, suggesting a more wide-
spread than purely local pathological mechanism (Bernal et al., 2024;
Dadar et al., 2020; 2022; Lambert et al., 2016; Rizvi et al., 2021;
Tuladhar et al., 2015; Zhang et al., 2024). Two main, non-mutually
exclusive hypotheses have been suggested to explain the relationship
between WMH and cortical thinning in distant regions. First, global
pathological processes (e.g., neurovascular dysfunction) (Barisano et al.,
2022; Ter Telgte et al., 2018; Low et al., 2019; Lorenzini et al., 2024) or
shared genetic risk factors (Patel et al., 2024) might be associated with
both the development of WMH and neuronal loss. Second, cortical
thinning in WMH-connected cortical areas might arise from axonal
degeneration following a focal injury in the location of WMH through
white-matter tracts (Hao Li et al., 2023; Zhang et al., 2024). It is
currently unclear whether global (i.e., whole-brain) WMH-related pro-
cesses or focal axonal degeneration (i.e., starting from the
WMH-induced lesion) are the main drivers of the association between

[ Processing pipeline ]
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WMH and cortical thinning.

In the context of AD pathological changes, the relationship between
WMH and neurodegeneration is further complicated by the interaction
between small vessel disease, and amyloid and tau. Some studies have
shown that WMH may exacerbate cortical atrophy in individuals with
reduced CSF levels of Ap1-42 (Freeze et al.,, 2016; Lorenzini et al.,
2024), while others report no significant interaction between regional
amyloid burden and WMH in relation to cortical thinning (Keuss et al.,
2022; 2024). Therefore, to better clarify these relationships, it is
essential to investigate the association of WMH with neurodegeneration
while simultaneously considering the regional accumulation of both
amyloid and tau, as these pathologies may influence the effects of WMH
on neurodegeneration.

In this study, we examined the cross-sectional and longitudinal as-
sociations between WMH and cortical thinning in older adults without
dementia, also performing sub-analyses in amyloid-positive individuals.
We focused on individual regions belonging to the AD cortical signature.
We considered regional amyloid and tau deposition - as quantified by
PET - and other important confounders, such as demography and

Cortical Thickness

27 28 29 3.0mm

AD Cortical Signature

Linear
predictions

~
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29 o 0%
°
°
oog %58 °
°
o 8% o o %0 0
° o ©

°

Other covariates: Age, Sex, Hypertension,

Education, RAVLT Delayed, Amyloid PET,
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Fig. 1. Methodological Overview of the Study. We used a multimodal imaging dataset comprising MRI and PET data to evaluate the associations between white
matter hyperintensities (WMH) and the individual cortical thickness of temporal regions (entorhinal, fusiform, inferior and middle temporal gyri) involved in early
Alzheimer’s disease (AD cortical signature), while controlling for regional PET amyloid and tau deposition, as well as other important covariates. T1-weighted MRI
data was processed using Freesurfer to calculate regional cortical thickness of individuals regions belonging to the AD cortical signature. WMH were calculated using
a previously developed deep learning algorithm. Their log-transformed volume was considered as a measure of global WMH damage. The WMH mask was trans-
formed to MNI space and used as input for the Lesion Quantification Toolkit. By employing a normative white matter tracts atlas, LQT calculates a measure of
disconnection for each region of interest, by considering the number of connections departing/arriving to that region that are damaged by WMH. Cross-sectional and
longitudinal analyses were performed using linear regression and linear mixed-models (LMM), respectively. These analyses evaluated the association between the
cortical thickness of each individual region belonging to the AD signature map and global or focal burden of WMH, separately, while correcting for regional tau and
amyloid PET standardized uptake volume ratios, as well as age, sex, hypertension, years of education, Ray Auditory Verbal Learning Test (RAVLT) delayed scores, the
type of amyloid tracer and total intracranial volume.
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cardiovascular risk factors, in our models. We evaluated whether the
association between WMH and cortical thickness depended upon the
global burden of WMH (GB-WMH), whether this association varied upon
the location of WMH (deep versus periventricular), and whether having
an increased focal burden of WMH on specific white matter tracts con-
nected to regions of the AD cortical signature may lead to their increased
neurodegeneration compared to what expected solely from the global
burden of WMH.

By investigating the role of WMH in driving early neurodegeneration
in AD cortical signature regions, we aimed to contribute to the current
pathological framework of AD and to clarify the role of vascular co-
pathologies in the early stages of the disease.

2. Methods

The overall methodological workflow for this study is illustrated in
Fig. 1. Data used in the preparation of this article was obtained from the
Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (adni.
loni.usc.edu). ADNI only included individuals in good health conditions,
thus participants with a high burden of vascular disease (represented by
a Hachinski score > 4) were not enrolled.

2.1. Ethical approval

The ADNI study protocol was approved by institutional review
boards of all participating institutions, and written informed consent
was obtained from all participants or their legal representatives at study
sites. This study was conducted in accordance with the ethical principles
of the Declaration of Helsinki. A list of all Ethics Committees/Institu-
tional Review Boards involved in the ADNI study is presented in Sup-
plementary Methods.

2.2. Participants

Demographic and imaging data from cognitively unimpaired (CU)
individuals and individuals diagnosed with mild cognitive impairment
(MCI) were downloaded from the ADNI website (www.adni.loni.usc.
edu). Participants were selected based on the availability of both pre-
processed regional amyloid and tau PET, as well as concomitant 3D-
T1 and 3D-FLAIR MRI data for the same scan session, which all had to
be acquired within a six-months period from each other. More specif-
ically, PET data was pre-processed and made available on the ADNI
website by the UC Berkeley team (see paragraph on PET data). We
excluded participants not passing quality control, as performed by the
UC Berkeley team and, for longitudinal evaluations, we also excluded
individuals receiving different amyloid or tau PET tracers at different
timepoints. Other exclusion criteria were radiological evidence of brain
infarcts; diagnosis of dementia; severe motion artifacts in anatomical
MRI or incomplete brain coverage, as determined by visual inspection
during quality control; errors in the pre-processing pipeline or missing
clinical covariates used for analyses. Furthermore, among covariates,
two participants showed outlier values of Rey’s Auditory Verbal
Learning Test (RAVLT) delayed-recall scores (corresponding to z-scored
values of —8 and —7.2, respectively) and were thus also excluded. A
subset of individuals also had longitudinal PET and MRI data available.
The full inclusion/exclusion flowchart is available in Supplementary
Figure 1.

2.3. MRI acquisition

ADNI implemented a standardized and rigorously validated MRI
protocol across its different sites. For this study, we only included par-
ticipants with available 3D-T1 and 3D-FLAIR-weighted sequences ac-
quired during the same session at a magnetic field strength of 3 T. High-
resolution 3D T1-weighted magnetization-prepared, rapid acquisition
gradient echo (MPRAGE) sequences were acquired with TR = 2300 ms,
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TEs = 2.9-3.2 ms, dimensions of 1x1x1 mm; 3D-FLAIR with TR
= 4800 ms, TE = 119 ms, TI = 1348-1800 ms, dimensions 1.2x1x1mm.

2.4. Cortical thickness

To calculate cortical thickness, T1-weighted images were processed
using FreeSurfer version 7.4.1 (Fischl, 2012) (Massachusetts General
Hospital, Boston, MA) implemented via the FreeSurfer BIDS-App, first
undergoing cross-sectional and then longitudinal processing (Reuter
et al., 2012). The processing included the use of a robust, inverse
consistent registration to create an unbiased within-subject template
space and image (Reuter et al., 2012) and several other processing steps,
such as skull stripping, Talairach transformations, atlas registration and
spherical surface maps and parcellations using common information
from the calculated within-subject template (Reuter et al., 2012).
Cortical thickness maps for each region of the Desikan-Killiany atlas
were created by combining the timepoint-specific data with the longi-
tudinal templates.

2.5. Regions of interest

We focused our analyses on a subset of a priori defined cortical re-
gions (temporal AD cortical signature), namely the entorhinal, fusiform,
inferior, and middle temporal gyri, which were previously found to
show reduced cortical thickness in early AD (Jack et al., 2015).
Furthermore, cortical thinning in these regions predicted future cogni-
tive decline in older adults without cognitive impairment (Jack et al.,
2015). By focusing on these regions, we aimed to reduce the dimen-
sionality of our analyses, while increasing the relevance of our findings
to the earliest, potentially addressable, phases of the disease. However,
to check the specificity of our findings to these temporal regions, we
performed exploratory analyses in other cortical areas, either involved
in AD (parahippocampal gyrus, temporal pole, inferior parietal gyrus,
pars opercularis, pars orbitalis, pars triangularis, precuneus, supra-
marginal, superior parietal, superior frontal)(Lorenzini et al., 2024;
Dickerson et al., 2011), or commonly not involved in AD (precentral and
postcentral gyri). After averaging biomarkers values between hemi-
spheres, we performed separate analyses for each individual region.

2.6. WMH segmentation and focal burden of WMH to the connected
cortex

WMH segmentation was performed using a previously developed
deep learning-based pipeline (Hongwei Li et al., 2018), implemented via
the publicly available tool antspynet (Tustison et al., 2021). Total WMH
volume was calculated in subject space. Periventricular (pvGB-WMH)
and deep GB-WMH (dGB-WMH) were further classified based on their
distance from the lateral ventricles: voxels within 10 mm of the ven-
tricular surface were labeled as periventricular WMH, while those
beyond this threshold were classified as deep WMH, consistent with
standard anatomical definitions (Griffanti et al., 2018).

T1-weighted images were then registered to MNI space using sMRI-
Prep 0.16.0 (Esteban et al., 2024). T1w images were corrected for in-
tensity non-uniformity with N4BiasFieldCorrection (Tustison et al.,
2010), distributed with ANTs 2.5.3 (Avants et al., 2008), and used as
Tlw-reference throughout the workflow. The T1w-reference was then
skull-stripped with a Nipype implementation of the antsBrainExtraction.
sh workflow (from ANTs), using OASIS30ANTs as target template.
Volume-based spatial normalization to one standard space (MNI152N-
Lin6Asym) was performed through nonlinear registration with antsRe-
gistration (ANTs 2.5.3), using brain-extracted versions of both Tlw
reference and the T1w template. The following template was selected for
spatial normalization and accessed with TemplateFlow (24.2.0, (Ciric
et al., 2022)): FSL’s MNI ICBM 152 non-linear 6th Generation Asymmetric
Average Brain Stereotaxic Registration Model (MNI152NLin6Asym). The
same transformation from subject to MNI space was applied to the WMH
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mask and used as input for the analysis with the Lesion Quantification
Toolbox (Griffis et al., 2021).

First, in the Lesion Quantification Toolkit, a normative structural
connectivity matrix is generated by counting streamlines from a refer-
ence tractography atlas (HCP842 atlas; (Yeh et al., 2018)) between
every pair of regions of the Desikan-Killiany parcellation. After this step,
a subject-specific “disconnectivity” (Griffis et al., 2021) matrix is created
using each participant’s MNI-registered WMH lesion mask. For every
pair of regions of the Desikan-Killiany parcellation, this matrix repre-
sents the percentage of streamlines overlapping with the WMH lesion
mask out of the total number of streamlines connecting the two brain
regions. From this matrix, the row-wise sum is calculated and then
divided by the amount of non-zero elements in the same row, yielding a
summary statistic of how each brain region is “disconnected” from the
rest of the brain. Given that WMH might pathologically correspond to
varying degrees of axonal damage, ranging from mild demyelination to
full axonal loss (Ter Telgte et al., 2018), and not to full “disconnections”,
we refer to this variable as the focal burden of WMH to the connected
cortex (FB-WMH).

2.7. PET data

The PET data used in this study was preprocessed and made publicly
available by the UC Berkeley team on the ADNI website. Amyloid PET
included tracers [18F] florbetaben and [18F] florbetapir, while tau PET
data included the tracer [18F] flortaucipir. In brief, the preprocessing
pipeline performed by the UC Berkely team included co-registration of
PET scans to the corresponding MRI closest in time, intensity normali-
zation by the whole cerebellum for amyloid PET, or inferior cerebellum
for tau PET, and computation of the mean standardized uptake value
ratio (SUVR, with partial volume correction for tau) for each region
defined by the Desikan-Killiany atlas. Only regions in the AD cortical
signature were considered and their left and right SUVR values were
averaged. Tracer-specific amyloid positivity information was also pro-
vided by the UC Berkeley team based on the upper limit of cortical
uptake in whole cerebellum-normalized SUVRs in young control sam-
ples (Landau et al., 2012; Royse et al., 2021).

2.8. Statistical methods

Descriptive statistics were used to characterize the study population,
including the calculation of medians and interquartile ranges and fre-
quencies for continuous and categorical variables, respectively. Due to
its highly skewed distribution, WMH volume was log-transformed and is
referred to as global burden of WMH (GB-WMH). FB-WMH damage
similarly exhibited a skewed distribution and was log-transformed as
well.

To explore the relationship between GB-WMH and FB-WMH, we
calculated Spearman’s correlation coefficients, which revealed strong to
very strong correlations (r = 0.60-0.85). To address potential multi-
collinearity issues in subsequent analyses, we created a residualized FB-
WMH measure for participants showing some degree (> 1 %) of FB-
WMH damage by regressing out the effects of GB-WMH. The 1 %
threshold was selected based on the hypothesis that some minimal level
of FB-WMH should exist to potentially observe effects on cortical
thickness of connected brain regions. Higher values of this residualized
FB-WMH measure represent individuals with greater proportional
accumulation of WMH in white matter pathways connected to regions of
the AD signature, relative to their overall WMH load.

For cross-sectional analyses, we employed linear regression and
evaluated the associations between each individual region cortical
thickness with each WMH variable of interest, separately. Analyses were
corrected for amyloid, tau and other potential confounders, such as age,
sex, hypertension, years of education RAVLT scores, the type of amyloid
tracer, and total intracranial volume. For longitudinal analyses, we
employed linear mixed-effects models, with random intercepts for each
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participant to account for within-subject correlation. Fixed effects
included the same covariates as the cross-sectional models, measured at
baseline, with the addition of time (years from baseline) and its inter-
action with the WMH variable of interest. In longitudinal analyses, we
focused on this interaction to assess the contribution of baseline WMH
on cortical thickness changes over time. Analyses were performed in the
whole cohort, as well as in amyloid-positive individuals only. We also
performed analyses stratified by cognitive status (CU and MCI). All ta-
bles report regression coefficients and 95 % confidence intervals for
unstandardized variables. To compare the effect size of the WMH mea-
sures between regions of the AD cortical signature and other brain re-
gions, as well as between different cognitive status, we used
standardized beta coefficients in related figures.

Initial descriptive analyses of FB-WMH focused on the original FB-
WMH metrics (not residualized) to provide a clear picture of how
WMH affect white matter tracts and connected cortical regions. For
regression analyses, we employed the residualized FB-WMH measure as
the variable of interest, with analyses restricted to subjects showing
some degree of FB-WMH (> 1 % FB-WMH). In these analyses, cortical
thickness was modeled as a function of both GB-WMH burden and the
residualized FB-WMH measure, along with all relevant covariates.

Statistical analyses were conducted mainly using the statsmodels
package in Python. To compare the relative importance of different
variables in our models, we used the package relaimpo, implemented in
R, employing the Lindemann, Merenda and Gold (LMG) method. LMG
decomposes the explained variance into unique components linked to
each predictor by averaging the sequential sum of squares over all
possible orderings of predictors, thereby providing a robust measure of
each variable’s contribution to the explained variance (Groemping,
2007).

For analysis of our a priori defined regions of the temporal AD
cortical signature, false-discovery rate (FDR) correction was applied to
control for multiple comparisons; statistical significance was set at two-
tailed FDR-p < 0.05 after correction. Additionally, to investigate the
specificity of our findings to these temporal regions, we conducted
exploratory analyses across other brain regions (see paragraph Regions of
Interest), which were not corrected for multiple comparisons.

3. Results

Demographic baseline information for the whole cohort and for the

Table 1
Participants demographics.

Variable All (n = 551) Amyloid-positive (n = 201)

71.7 £ 7.3

16.00 (15.00-18.00)
29.00 (28.00-30.00)
2.95 (2.52-3.36)
2.22 (1.73-2.66)
2.93 (2.43-3.39)

73.3+7.0

16.00 (15.00-18.00)
29.00 (27.00-30.00)
3.03 £ 0.61

2.23 (1.76-2.70)
2.98 (2.46-3.41)

Age (years)
Education (years)
MMSE

WMH volume (log)
Deep WMH vol. (log)
PV WMH vol. (log)

RAVLT 4.00 (2.00-6.00) 5.00 (3.00-6.00)
Sex

Female 302 (54.8 %) 115 (57.2 %)

Male 249 (45.2 %) 86 (42.8 %)
Cognitive status

Ccu 350 (63.5 %) 102 (50.7 %)

MCI 201 (36.5 %) 99 (49.3 %)
Amyloid Status

Negative 350 (63.5 %) //

Positive 201 (36.5 %) //

Demographics summary statistics are presented for the whole cohort and for the
amyloid-positive subgroup. Continuous variables are expressed as mean =+
standard deviation or median (interquartile range), based on normality tests.
Categorical variables are shown as counts and percentages.

Abbreviations: MMSE = Mini-Mental State Examination; WMH = white matter
hyperintensity; CU = Cognitively Unimpaired; MCI = Mild Cognitive Impair-
ment; RAVLT = Ray Auditory Verbal Learning Task (delayed recall).
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amyloid-positive subgroup are provided in Table 1. After exclusions,
551 participants (aged 71.7 + 7.3 years, 54.8 % female, 63.5 % without
cognitive impairment) were included for cross-sectional analyses.
Among them, 201 individuals (aged 73.3 + 7.0 years, 57.2 % females,
50.7 % without cognitive impairment) were considered amyloid-
positive according to a predefined cutoff.

3.1. Description of the focal burden of WMH to the connected cortex

We first describe the distribution of FB-WMH across the AD cortical
signature regions (Fig. 2A, upper panel). Overall, WMH were observed
in less than 10 % of all white matter tracts (i.e., 10 % of the study’s
sample tracts) connected with each temporal AD signature region, with
the highest average FB-WMH found in tracts connected to the middle
temporal gyrus. When aggregating across all AD signature regions, most
WMH were located on tracts connecting these regions with the frontal
lobe, followed by the parietal lobe (Fig. 2B). At the individual tract level
(Fig. 2C), the highest FB-WMH was observed between the right inferior
temporal gyrus and the left superior parietal gyrus (FB-WMH = 0.41).
High levels of WMH were also found on tracts linking the right fusiform
gyrus with the left inferior temporal gyrus (FB-WMH = 0.27) and the left
entorhinal cortex with the right pars triangularis (FB-WMH = 0.23).
Exploratory analyses of additional cortical regions revealed comparable
FB-WMH levels, with somewhat higher involvement in the superior
frontal, precentral and supramarginal gyri (Fig. 2A, lower panel).

3.2. GB-WMH damage is a significant contributor to neurodegeneration
in AD cortical signature regions in the general population

We next assessed associations between GB-WMH and cortical
thickness in individual regions from the AD cortical signature, while
controlling for regional amyloid and tau accumulation and other
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relevant covariates, including age and hypertension (Fig. 3A). When
considering the whole cohort, GB-WMH damage was significantly
associated with cortical thinning in the fusiform (f = —0.025, 95 % CI:
—0.041 to —0.008, FDR-p = 0.013), inferior temporal (p = —0.02, 95 %
CI: —0.037 to —0.002, FDR-p = 0.036) and middle temporal (§ = —0.02,
95 % CI: —0.037 to —0.004, FDR-p = 0.030), but not in the entorhinal
cortex (p = —0.013, 95 % CI: —0.051-0.025, FDR-p = 0.50) (Table 2A).
As expected, tau was significantly associated with reduced cortical
thickness in all regions from the AD cortical signature (all FDR-
p < 0.0001). Amyloid was positively associated with cortical thickness
in the entorhinal (FDR-p = 0.019) and fusiform (FDR-p = 0.028) re-
gions, but not with the cortical thickness of other regions (FDR-p > 0.8).
We assessed the relative importance of each biomarker for explaining
variance in cortical thickness (Supplementary Fig. 2, Supplementary
Table 1). Tau was the most important predictor in all regions (relative
importance range: 73.9 % - 94.8 %). For the fusiform, inferior and
middle temporal gyri, GB-WMH explained more variance (13.6-16.7 %)
than amyloid (6.4-12.5 %), while in the entorhinal cortex both amyloid
(4.1 %) and GB-WMH (1.1 %) had minor contribution. Furthermore, we
obtained estimates of the relative importance of GB-WMH in relation to
tau by calculating the ratio of GB-WMH variable importance to that of
tau. This analysis showed GB-WMH having up to 22.1 % the relative
importance of tau (Supplementary Table 1).

We performed further analyses separating GB-WMH into its peri-
ventricular and deep components (Fig. 3A, Supplementary Table 2-3).
Results showed that pvGB-WMH largely reproduced the associations
observed with GB-WMH - namely, significant negative relationships
with cortical thickness in the fusiform, inferior and middle temporal
regions - whereas dGB-WMH did not show significant associations with
any region. No associations were observed between FB-WMH and
cortical thickness (Supplementary Table 4).

To assess the anatomical specificity of the observed associations, we
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Fig. 2. Spatial distribution and focal burden of WMH to the connected cortex (FB-WMH). (A) Cortical regions receiving connected to tracts with the highest focal
burden of WMH, measured as the percentage of intersection between WMH and streamlines connected to each cortical region. Temporal AD cortical signature regions
are depicted in dark blue. (B) The spatial distribution of FB-WMH from AD cortical signature reginos to the rest of the cortex, darker shades indicate higher pro-
portional burden (%). (C) Circular connectogram illustrating white matter tracts damaged by WMH. AD signature regions are shown in red, and connection strength

is color-coded by FB-WMH (%).

70



R. Leone and X. Kobeleva

A

Entorhinal

bedY BOYY

Thickness (mm)

Inf. Temporal Fusiform

Mid. Temporal

Inf. Temporal Fusiform Entorhinal

Mid. Temporal

Thickness (mm) Thickness (mm)

Thickness (mm)

Thickness (mm)

Thickness (mm) Thickness (mm)

Thickness (mm)

35

Whole Cohort

1

4 -0.2 0.0

GB-WMH Standardized Beta (95% CI)

N GB-WMH s pvGB-WMH

Amyloid-Positive

Hi

i

—
R —

—

-0.2 0.0
Standardized Beta (95% ClI)

D

Fusiform

Pars Triangularis
Supramarginal
Middle Temporal
Inferior Temporal
Pars Opercularis
Pars Orbitalis
Pre-Central
Superior Frontal
Temporal Pole
Inferior Parietal
Entorhinal
Parahippocampal
Precuneus
Post-central

Superior Parietal

Neurobiology of Aging 155 (2025) 66-77

Whole Cohort
AD Signature vs. Other Regions

1
1
I
_— 1
I
1
—_——
I
1
I
_—
1
I
_—
I
1
P —
I
1
|
B — —
I
I
[ —
I
1
[
I
1
1
D —— ——
I
1
_—
I
1
[
I
1
1
B —
I
1
—_—
I
1
[ S ——
I
I
!
B —
I
1
—
I
i
-0.2 -0.1 0.0 0.1

Standardized Beta (95% CI)

s dGB-WMH

Amyloid-Positive
AD Signature vs. Other Regions

Middle Temporal

Inferior Temporal

Temporal Pole
Pars Triangularis
Supramarginal

Pars Opercularis

Superior Frontal

Inferior Parietal

Parahippocampal

Superior Parietal

1
1
1
Pre-Central ————&——— |
1
1
g 1
1
1
Fusiform ——&— |
1
1
E———
1
1
Entorhinal —0—:
1
1
_—
1
1
1
B —
1
1
—_——
1
1
1
—
1
1
Precuneus —_—
1
1
_
1
1
Pars Orbitalis —0—:
1
1
Post-central —0—:—
1
1
_
1
1
D —— S ——
1
1
1
s
1
;
-0.2 0.0 0.2

Standardized Beta (95% ClI)

(caption on next page)



36

R. Leone and X. Kobeleva Neurobiology of Aging 155 (2025) 66-77

Fig. 3. Cross-sectional associations between global burden of WMH (GB-WMH) and cortical thickness in the whole cohort and in amyloid-positive individuals.
Scatter plots depict the cross-sectional relationships between GB-WMH and cortical thickness for each individual region belonging to the AD cortical signature
(pictorially illustrated in the first column, one region for each row) for the whole cohort (A) and for amyloid-positive individuals (C). For illustrative purposes
univariate regression lines between global- and axonal-WMH damage and cortical thickness, together with 95 % confidence intervals (shaded areas) are depicted in
red. Significant associations from the fully adjusted multivariate model are marked by a red asterisk in each individual panel. The forest plots in (A) and (C) represent
the standardized regression coefficients obtained from linear regression employing either the total GB-WMH (in blue) or only the periventricular GB-WMH (pvGB-
WMH, in green) or deep GB-WMH (dGB-WMH, in orange). (B-D) The forest plots illustrate standardized regression coefficients obtained from linear regression
employing performed in the AD temporal cortical signature (regions in bold) and in other regions that were considered to check the specificity of the found effects to
t‘he temporal lobe. Results for the whole cohort are presented in (B) and for amyloid-positive individuals in (D).

Table 2
Results of cross-sectional linear regression analyses between cortical thickness and global burden of WMH.

A) Whole cohort (n = 551)

GB-WMH Amyloid Tau
Region Beta (95 % CI) FDR-p Beta (95 % CI) FDR-p Beta (95 % CI) FDR-p
Entorhinal —0.013 (—0.051, 0.025) 0.50 0.307 (0.094, 0.520) 0.019 —0.319 (—0.379, —0.259) p < 0.0001
Fusiform —0.025 (—0.041, —0.008) 0.013 0.074 (0.015, 0.133) 0.028 —0.092 (—0.119, —0.065) p < 0.0001
Inferior temporal —0.020 (—0.037, —0.002) 0.036 0.011 (—0.042, 0.064) 0.82 —0.063 (—0.090, —0.037) p < 0.0001
Middle temporal —0.020 (—0.037, —0.004) 0.03 —0.006 (—0.056, 0.044) 0.82 —0.074 (—0.101, —0.047) p < 0.0001

B) Amyloid-positive (n = 201)

GB-WMH Amyloid Tau
Region Beta (95 % CI) FDR-p Beta (95 % CI) FDR-p Beta (95 % CI) FDR-p
Entorhinal —0.068 (—0.132, —0.003) 0.039 0.132 (—0.184, 0.448) 0.62 —0.230 (—0.306, —0.153) p < 0.0001
Fusiform —0.042 (—0.076, —0.009) 0.028 0.040 (—0.063, 0.143) 0.62 —0.097 (—0.131, —0.062) p < 0.0001
Inferior temporal —0.037 (—-0.070, —0.004) 0.039 —0.027 (-0.117, 0.062) 0.62 —0.068 (—0.100, —0.037) p < 0.0001
Middle temporal —0.040 (—0.071, —0.009) 0.028 —0.022 (-0.111, 0.067) 0.62 —0.083 (—0.115, —0.050) p < 0.0001

Coefficients and false-discovery-rate-corrected p-values (FDR-p) for linear regressions testing the association between cortical thickness (dependent variable) and
global burden of WMH (GB-WMH) in each region of interest of the AD cortical signature. Results are presented first for the whole cohort and then for the amyloid-
positive subgroup. Other covariates included age, sex, hypertension, years of education, Ray Auditory Verbal Learning Test (delayed recall) scores, total intracranial
volume and amyloid tracer. Significant FDR-p values are highlighted in bold.

compared the strength of the relationship between GB-WMH and individuals tau showed a significant negative association with cortical
cortical thickness across AD signature regions and a broader set of thinning in all regions (all FDR-p < 0.0001). Amyloid did not show any
cortical areas (Fig. 3C, Supplementary Table 5). Among all regions significant association with the cortical thickness of any region in this
examined, the fusiform cortex exhibited the strongest association with subgroup (all FDR-p > 0.6). In amyloid-positive individuals, the relative
GB-WMH, followed by the pars triangularis, supramarginal gyrus, importance of GB-WMH increased in all regions compared with the
middle temporal gyrus, and inferior temporal gyrus. Other regions general population (12.4 % for the entorhinal, 16.6 % for the fusiform,
outside of the temporal AD cortical signature did not show statistically 18.2 % for the inferior temporal, and 17.5 % for the middle temporal)
significant unadjusted associations. (Supplementary Fig. 2, Supplementary Table 1). The relative impor-
We then performed stratified analyses by cognitive status tance of GB-WMH in relation to tau increased to 25.4 % for the inferior
(Supplementary Fig. 3, Supplementary Table 6). When considering the temporal gyrus.
whole cohort, we found consistently more negative standardized Analyses of pvGB-WMH showed significant negative associations
regression coefficients in individuals with MCI compared to CU partic- with all regions except for the entorhinal thickness. dGB-WMH was not
ipants for the fusiform, inferior temporal and middle temporal gyri, associated with cortical thickness in any region after FDR correction
although these did not survive FDR correction (FDR-p = 0.06). An (Supplementary Table 2-3). No associations were observed between FB-
exception to this was the entorhinal cortex, where the strength of the WMH and cortical thickness (Supplementary Table 4).
negative association was greater in CU individuals. When stratified by When comparing associations in the temporal AD cortical signature
cognitive status, the previously observed positive association between regions with other regions, we found the strongest association between
amyloid and entorhinal thickness was present only in MCI, while a GB-WMH and cortical thinning in amyloid-positive individuals in the
negative association emerged for CU participants. Additionally, signifi- pre-central gyrus (Fig. 3D, Supplementary Table 5). Other significant
cant negative associations between tau and cortical thinning were only associations were limited to regions within the temporal AD cortical
observed in individuals with MCI. signature and no other regions outside the AD signature showed statis-

tically significant associations.

When stratifying the amyloid-positive subgroup by cognitive status,
for CU individuals, we observed negative significant associations (which
survived FDR-correction) between GB-WMH and cortical thickness in
the entorhinal and middle temporal gyri (Supplementary Fig. 3, Sup-
plementary Table 7). Standardized beta coefficients were more negative
in CU participants — except for the fusiform cortex - although confidence
intervals overlapped. The association between tau and cortical thickness
was statistically significant only in MCI.

3.3. GB-WMH relates to stronger cortical thinning in amyloid-positive
individuals

We then performed analyses in the amyloid-positive group, defined
according to a previously validated cortical summary region of interest
(Fig. 3C, Table 2B). In amyloid-positive subjects, significant associations
were found for the fusiform (§ = —0.042, 95 % CI: —0.076 to —0.009,
FDR-p = 0.028), inferior (p = —0.037, 95 % CI: —0.07 to —0.004, FDR-
p = 0.039), middle temporal (f = —0.040, 95 % CI: —0.071 to —0.009,
FDR-p = 0.028) gyri, and for the entorhinal cortex (p = —0.068, 95 %
CL: —0.132 to —0.003, FDR-p =0.039). Also in amyloid-positive
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3.4. GB-WMH and FB-WMH damage are not associated with longitudinal
cortical thinning

A subset of individuals also had available longitudinal data (n = 125,
median follow-up of 2.5 years [IQR 2-4]). In these participants, we
assessed whether baseline WMH measures were associated with the
longitudinal rate of change of cortical thickness, while controlling for
the same covariates at baseline. No WMH measures at baseline were
significantly associated with cortical thickness in any region of the AD
cortical signature in the whole cohort nor in amyloid-positive partici-
pants (Fig. 4, Supplementary Table 8-10).

4. Discussion

In this study, we used a multimodal imaging approach to examine
the relationship between WMH and cortical thickness in four brain re-
gions that comprise the previously defined temporal AD cortical signa-
ture. Consistent with prior findings, tau pathology was the strongest
predictor of neurodegeneration. However, we observed that greater
global WMH burden - particularly in periventricular areas - was cross-
sectionally associated with reduced cortical thickness in these
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temporal regions, even after adjusting for local amyloid and tau depo-
sition. These associations were primarily confined to temporal cortices,
although other brain regions with relatively low tau burden exhibited
significant WMH-related cortical thinning. The relationship between
WMH and cortical thinning was stronger in amyloid-positive in-
dividuals, particularly for the entorhinal cortex. We found stronger as-
sociations between GB-WMH and cortical thinning in CU amyloid-
positive individuals compared with MCI. A high focal burden of WMH
along white matter tracts connected to AD signature regions did not
contribute to neurodegeneration beyond what expected from the global
burden of WMH. Baseline WMH did not predict longitudinal cortical
thinning, possibly due to the short follow up of the study and the
stronger effects of tau-related neurodegeneration. These findings un-
derscore the contribution of cerebrovascular pathology to cortical at-
rophy in early AD and suggest a potential vascular dysfunction pathway
that might influence early structural brain changes, especially in the
presence of elevated amyloid.

Neurodegeneration in specific temporal regions is a key feature of
early AD, which is linked to the subsequent development of cognitive
decline and dementia (Jack et al., 2015; Keuss et al., 2024). According to
the amyloid cascade hypothesis, the regional accumulation of amyloid
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Fig. 4. Longitudinal associations between global burden of WMH (GB-WMH) and cortical thickness in the whole cohort and in amyloid-positive individuals. The first
column pictorially illustrates the brain region considered for each row. Distribution of the annualized percent rate of cortical thickness change for each region in the
whole cohort (A). Scatter plots of the relationship between GB-WMH and the annualized percent rate of cortical thickness change for each region in the whole cohort,
with univariate regression lines and 95 % confidence intervals (shaded areas) shown in red (B). The same is shown for amyloid-positive individuals (C).
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leads to the subsequent aggregation of hyperphosphorylated tau, which
in turns drives pattern-specific neurodegeneration (Musiek and Holtz-
man, 2015; Selkoe and Hardy, 2016). Possible associations between
neurodegeneration and other co-pathologies, such as WMH, have been
traditionally less well explored. In this study, we found that WMH are
associated with significant cortical thinning in AD cortical signature
temporal regions even after adjusting for levels of regional amyloid and
tau accumulation. While tau pathology remained the strongest predictor
of cortical thinning across all AD signature regions - consistent with its
established role in driving local atrophy - GB-WMH explained a sub-
stantial proportion of the remaining variance, particularly in the fusi-
form, inferior temporal, and middle temporal gyri. In these regions, the
explanatory power of GB-WMH exceeded that of amyloid and amounted
to approximately 22 % of the relative importance of tau. Additionally,
we found stronger associations between WMH and cortical thinning in
amyloid-positive individuals, with a significant effect also observed in
the entorhinal cortex. Therefore, our results suggest that WMH may play
arelevant role in the early neurodegeneration of these temporal regions,
especially in amyloid-positive individuals, leading to significantly more
neuronal loss than expected due to amyloid and tau alone.

To assess the anatomical specificity of these findings, we conducted
exploratory analyses in both other AD-relevant (Dickerson et al., 2011)
and non-AD-related cortical regions. Among the five regions with un-
adjusted significant associations between GB-WMH and cortical thin-
ning, three were part of the original AD temporal signature. The other
two - pars triangularis and supramarginal gyrus - are not core temporal
regions but are implicated in AD at later disease stages (Insel et al.,
2020). In amyloid-positive individuals, these effects became more
localized to the temporal cortex, with only the precentral gyrus - an area
not typically affected by tau - showing a significant WMH-related as-
sociation (Patel et al., 2024). These findings suggest that, while
GB-WMH is associated with cortical thinning across various brain re-
gions, this association may be more relevant for AD-vulnerable regions
in the temporal lobe, particularly in the presence of elevated amyloid or
tau levels.

Previous studies suggested an association between WMH and cortical
thinning of specific AD-related regions both in the general population
(Rizvi et al., 2021) and in amyloid-positive individuals (Keuss et al.,
2024; 2022). Furthermore, WMH were associated with more diffuse
patterns of neurodegeneration involving several brain regions in
amyloid-positive individuals (Zhang et al., 2024). Another study
observed that individuals with late-onset AD at any AT stage, who
showed neurodegeneration, had a higher volume of WMH compared to
the same category without neurodegeneration (Jack et al., 2017).
Moreover, WMH partially explained the mismatch between tau accu-
mulation and regional neurodegeneration (Lyu et al., 2024) - specif-
ically, larger than expected neurodegeneration when predicted by tau
alone. Our study extends this previous research by demonstrating the
contribution of WMH on cortical thickness, while accounting for the
precise regional accumulation of amyloid and tau assessed by PET.

While our study was limited to standard anatomical imaging, pre-
venting direct assessment of underlying pathological mechanisms, the
association between GB-WMH and cortical thinning suggests that WMH
might serve as markers of diffuse cerebrovascular dysfunction affecting
both the formation of WMH and early neurodegeneration in AD-
vulnerable temporal regions (Garnier-Crussard et al., 2023; Bachmann
et al., 2024; Eisenmenger et al., 2023; Kisler et al., 2017). Various bio-
logical pathways, including shared genetic risk factors (Patel et al.,
2024), may explain this association. For example, hypoperfusion might
be linked to both the development of WMH and cortical thinning via
hypoxia (Dalby et al., 2019), while increased permeability in the
blood-brain barrier has been linked to hippocampal atrophy (Barisano
et al., 2022) and it has been described in WMH (Zhang et al., 2019).
Interestingly, we found that the association between WMH and cortical
thinning may occur at different cognitive stages depending on
amyloid-positivity. ~For instance, when we analyzed the
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amyloid-positive group stratified by cognitive status, we found a
stronger negative association between GB-WMH and cortical thinning in
CU compared to MCI individuals. This was in contrast with associations
in the whole cohort, where — with the exception of the entorhinal cortex
— we found stronger negative associations in individuals with MCI.
Although these findings did not survive multiple comparisons correction
and should thus be interpreted with caution, they suggest that WMH
may be associated with different pathological processes occurring in the
initial stages of the disease in amyloid-positive individuals (i.e., by being
more linked to AD-specific than only vascular pathology). It is still un-
clear whether cerebrovascular alterations are an integral part of AD
pathophysiology or just occurring in parallel (Eisenmenger et al., 2023).
Previous reports of early alterations in cerebral blood flow (Eisenmenger
et al., 2023; Falcon et al., 2024) as well as increased permeability of the
blood-brain-barrier (Barisano et al., 2022) in individuals in the early
stages of AD suggest that an intrinsic pathological component involving
the vascular/perivascular compartment might be present in AD. Future
studies incorporating specific vascular biomarkers, such as perfusion
measures, microstructural imaging, or blood-brain barrier integrity
markers, are needed to provide more comprehensive insights into the
mechanisms linking global WMH with cortical thinning in AD signature
regions and to further investigate potential differences in pathological
processes occurring in cognitively unimpaired amyloid-positive versus
mildly cognitively impaired amyloid-negative individuals.

We performed sub-analyses to better understand the effects of peri-
ventricular versus deep GB-WMH. We found significant relationships
only between pvGB-WMH and cortical thinning. While some studies
suggest that periventricular and deep WMH only represent different
stages of the same pathological process (DeCarli et al., 2005; Wardlaw
et al., 2015), our findings align with other studies suggesting distinct
anatomopathological characteristics based on lesion location, with
periventricular WMH showing greater white matter damage (Murray
etal., 2012). The differential genetic associations - periventricular WMH
linked to vascular dysfunction genes while deep WMH associate with
glial dysfunction genes (Armstrong et al., 2020) further support mech-
anistic distinctions that may explain why periventricular WMH specif-
ically drive the observed associations with cortical thinning.

Throughout this study, we investigated whether FB-WMH along
white matter tracts anatomically connected to temporal AD cortical
regions contributes to cortical thinning beyond what is expected from
the global burden of WMH. Our results showed that the temporal regions
comprising the AD cortical signature were only moderately affected by
tract-specific WMH, with fewer than 10 % of the study’s sample tracts in
the temporal AD cortical regions intersected by WMH. Among the
affected tracts, most were interhemispheric and linked the temporal
cortex to frontal and parietal regions. We did not find associations be-
tween FB-WMH and cortical thinning. We cannot completely exclude
that part of the effect of GB-WMH on neurodegeneration might happen
through white matter degeneration. However, our results suggest that
axonal degeneration per se is not the predominant mechanism of WMH-
related cortical atrophy in early-stage AD, but other potential processes
such as hypoxia (Dalby et al., 2019) and blood-brain-barrier disruption
(Barisano et al., 2022) might be more likely involved. These findings are
apparently in contrast with a recent study by Zhang et al. (2024) in
amyloid-positive individuals, which reported reduced cortical thickness
in regions structurally connected to WMH-affected tracts compared to
WMH-unconnected cortex. However, several methodological and con-
ceptual differences may explain the discrepancy. First, our study tar-
geted a focused set of temporal regions associated with early AD
pathology, while Zhang et al. conducted a whole-brain analysis, iden-
tifying WMH-connected cortical thinning primarily in frontal and pari-
etal areas. Second, the disease stage of participants differed: over half of
Zhang et al.’s sample was diagnosed with dementia, suggesting a later
disease stage compared to our cohort, which only included CU and MCI
participants. Taken together, these results imply that the relationship
between WMH and cortical thinning may evolve over the course of the
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disease. For instance, global cerebrovascular pathology may be more
relevant for early-stage temporal neurodegeneration, whereas
tract-specific WMH-induced axonal damage could become more prom-
inent at later stages.

Our results support proposals to expand the AT(N) framework (Jack
Jr. et al. 2024; Chun et al., 2023), incorporating vascular contributions
(v) as an additional possible mechanism of neurodegeneration (Barisano
et al., 2022; Chun et al., 2023). An extended ATVN model could move
forward AD research and clinical care. For example, accounting for
vascular contributions to neurodegeneration may potentially explain
some of the heterogeneity in neurodegeneration patterns observed
across different individuals (Lyu et al., 2024). This extended framework
could guide the development of more personalized intervention strate-
gies targeting additional pathways besides amyloid and tau and making
use of available treatments for cerebrovascular disease (e.g., lifestyle
changes).

Although not the primary focus of the study, we found a bidirectional
association between amyloid-beta and entorhinal cortical thickness,
which depended on cognitive status. In CU individuals, we found a
negative relationship between amyloid and cortical thinning, while a
strong positive relationship was observed in MCI participants. Although
the entorhinal cortex is not a common site of increased amyloid depo-
sition in the initial stages of AD, amyloid-related processes could have
detrimental effects in driving early neurodegeneration in this region, a
finding that should be further investigated in future studies. The positive
association observed in latter stages and in the fusiform gyrus is possibly
attributed to the space-occupying effect of amyloid plaques or local fluid
increase due to amyloid-related inflammation, as previously reported
(Chételat et al., 2010; Oh et al., 2014; Harrison et al., 2021).

We found that WMH were not associated with longitudinal rates of
cortical thinning neither in the whole cohort nor in amyloid-positive
individuals. Most previous studies (Keuss et al., 2024; Bernal et al.,
2024; Rizvi et al., 2021; Luo et al., 2023), with the exception of Dickie
et al. (2016), have reported significant associations between baseline
WMH and the longitudinal rate of cortical thinning in AD-related re-
gions. However, these studies did not consider the contribution of WMH
together with combined regional amyloid and tau deposition. A possible
explanation for the lack of significant findings in our cohort is that the
rate of cortical thinning may be more strongly associated with tau, and
the effects of tau may overshadow in the model the subtler impact of
WMH. A recent study has shown that WMH may affect tau deposition
(indirectly via amyloid), thus it is possible that the effects of WMH on
neurodegeneration may occur through increased tau deposition
(Lorenzini et al., 2024), although this effect may mostly relate to
microbleeds-associated WMH (Graff-Radford et al., 2019). Another
possible explanation is that neurodegeneration due to WMH might
happen over longer timescales than the relatively short follow-up time in
our sample (~2.5 years), while tau-related neurodegeneration might be
more direct and thus observable within a shorter time frame. We spec-
ulate that the lack of significant longitudinal findings in the
amyloid-positive subgroup might be linked to the relatively low power
of this analysis. Future studies should account for longer follow-up times
and include more amyloid-positive individuals, while also considering
possible interaction effects between WMH and tau in driving longitu-
dinal cortical thinning.

4.1. Limitations

There are some limitations to be considered for this study. First, the
computation of FB-WMH was performed using a normative white matter
tracts atlas based on healthy individuals and not using subject-specific
diffusion-tensor imaging data (Griffis et al., 2021). This precluded us
from evaluating the specific FB-WMH using subject-specific white mat-
ter tract reconstructions. Nonetheless, it allowed us to evaluate stable
features of the population-level white matter anatomy, possibly
reducing the rate of false positive connections observed in diffusion MRI
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tractography analyses (Griffis et al., 2021). Moreover, ADNI only
recruited individuals without substantial vascular damage (modified
Hachinksi score < 4), so participants with elevated levels of WMH are
underrepresented in our sample. Given that WMH correspond to various
degrees of pathological damage, ranging from demyelination to axonal
loss (Ter Telgte et al., 2018), future studies should aim to assess whether
longitudinal cortical thinning — possibly due to axonal degeneration -
might be observed in individuals with higher burdens of WMH.
Furthermore, our results are based on neuroimaging, thus we could only
assess cerebrovascular pathology or axonal degeneration indirectly
through imaging biomarkers. Future studies addressing post-mortem
pathological samples are needed to further validate our findings and
provide a more comprehensive understanding of the underlying patho-
logical mechanisms associating WMH to early neurodegeneration in AD.
Finally, while we showed an association between WMH and neuro-
degeneration, it is important to acknowledge that the directionality of
this association cannot be definitively determined from this study.
While, similarly to many previous studies (Keuss et al., 2024; Bernal
et al., 2024; Rizvi et al., 2021; Luo et al., 2023; Lorenzini et al., 2024),
we speculate throughout the text that WMH may be upstream to neu-
rodegeneration, recent neuropathological evidence suggests that WMH
— especially in the parietal lobe - could result from tau-related axonal
degeneration (McAleese et al., 2017). Future studies over a much longer
timespan are needed to further understand this complex interplay,
which will be crucial for refining models of AD progression (McAleese
et al., 2017).

5. Conclusions

Pathological cerebrovascular processes related to WMH are an
important co-pathology in early AD that contributes to neuronal loss in
AD-vulnerable temporal regions, resulting in significant additional
neurodegeneration beyond that induced by amyloid and tau. In-
terventions aimed at improving cerebrovascular health might mitigate
early neurodegeneration in AD, potentially slowing the development of
cognitive symptoms.
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ABSTRACT

White matter (WM) tracts shape the brain's dynamical activity and their damage (e.g., white matter hyperintensities, WMH) yields
relevant functional alterations, ultimately leading to cognitive symptoms. The mechanisms linking the structural damage caused
by WMH to the arising alterations of brain dynamics is currently unknown. To estimate the impact of WMH on brain dynamics,
we combine neural-mass whole-brain modeling with a virtual-lesioning (disconnectome) approach informed by empirical data. We
account for the heterogeneous effects of WMH either on inter-regional communication (i.e., edges) or on dynamics (i.e., nodes) and
create models of their local versus global, and edge versus nodal effects using a large fMRI dataset comprising 188 non-demented
individuals (120 cognitively normal, 68 with mild cognitive impairment) with varying degrees of WMH. We show that, although
WMH mainly determine local damage to specific WM tracts, these lesions yield relevant global dynamical effects by reducing the
overall synchronization of the brain through a reduction of global coupling. Alterations of local nodal dynamics through discon-
nections are less relevant and present only at later stages of WMH damage. Exploratory analyses suggest that education might play
a beneficial role in counteracting the reduction in global coupling associated with WMH. This study provides generative models
linking the structural damage caused by WMH to alterations in brain dynamics. These models might be used to evaluate the detri-
mental effects of WMH on brain dynamics in a subject-specific manner. Furthermore, it validates the use of whole-brain modeling
for hypothesis-testing of structure—function relationships in diseased states characterized by empirical disconnections.

1 | Introduction arising dynamics (Alstott et al. 2009; Cabral et al. 2012; Idesis
et al. 2022; Thiebaut de Schotten, Foulon, and Nachev 2020), ul-
The structural scaffold formed by white matter connec- timately yielding cognitive deficits (Jenkins et al. 2021; Thiebaut

tions shapes cerebral dynamical activity (Sporns 2013; de Schotten, Foulon, and Nachev 2020). White matter hyperin-
Sudrez et al. 2020). Its damage results in disruption of the tensities (WMH) constitute imaging correlates of white matter
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Summary

« White matter hyperintensities (WMH) appear in im-
aging studies as damage to focal white matter tracts,
but they induce dynamical effects on interregional
communication at a global level.

« In later stages of white matter damage, WMH might
also determine changes in intrinsic regional brain
node dynamics through disconnections.

« Whole-brain modeling can be used to effectively link
structural damage to associated alterations of brain
dynamics.

damage and are characterized by local areas of high signal in
T2-weighted MRI (Kantarovich et al. 2022; Wardlaw, Valdés
Hernandez, and Maniega 2015). They pathologically correspond
to vasculopathy, chronic demyelination, axonal damage and
loss (Wardlaw, Valdés Hernandez, and Maniega 2015). Previous
studies demonstrated that WMH is associated with alterations
of brain dynamics with significant effects both on static func-
tional connectivity (FC) and time-varying FC (tv-FC) (Jenkins
et al. 2021; Kantarovich et al. 2022; Schlemm et al. 2022; Schulz
et al. 2021). Nonetheless, these studies lacked a generative model
allowing them to explain these modifications and to compare
different pathophysiological hypotheses. Understanding the ef-
fects of WMH is of crucial clinical importance due to their high
prevalence and associated risk of developing cognitive impair-
ment (Debette and Markus 2010; Wardlaw, Valdés Hernandez,
and Maniega 2015). Better elucidation of the pathophysiologi-
cal effects of WMH on brain dynamics might provide insights
for the development of new preventive and treatment strategies
aimed at counteracting their detrimental effects. Furthermore,
generative models of brain signal alterations caused by WMH
might prove useful to predict subject-specific network dynamics
alterations stemming from WM lesions in a clinical setting.

By linking structural connectivity to the arising dynamics
through well-defined mathematical equations, whole-brain neu-
ral mass models (WBM) are well suited to explore the dynamical
effects of structural lesions, such as WMH (Alstott et al. 2009;
Cabral et al. 2012; Deco et al. 2017; Idesis et al. 2022). In WBM,
model parameters can be adjusted based on hypotheses about the
pathophysiological effects of the investigated observables (e.g., le-
sions of white matter tracts) and the biological plausibility of these
hypotheses can be tested in terms of goodness of fit between sim-
ulated and empirical fMRI or EEG data (Kobeleva et al. 2022).
From a network perspective, by interrupting the communication
between various brain regions, WMH can be conceptualized as
disconnections (Griffis et al. 2021; Idesis et al. 2022; Thiebaut
de Schotten, Foulon, and Nachev 2020). As shown by a previous
computational study, disconnections unlink each regional activ-
ity from that of other network's nodes, thus affecting the resulting
FC (Cabral et al. 2012). Although promising, previous theoretical
studies evaluating the impact of disconnections lacked validation
by empirical data analyses, thus limiting the clinical applicability
of whole-brain mass models for diagnostic or prognostic purposes.

In this study, by combining WBM with a virtual-lesioning
disconnectome approach—informed by empirical WMH

44

lesions—we aim to contribute to a deeper understanding of
the effect of structural alterations caused by WMH on resting-
state brain dynamics, going beyond focal lesion studies such
as in stroke (Idesis et al. 2022). We introduce the concept that
WMH might result in changes in the intrinsic dynamics of dis-
connected regions and build upon previous theoretical results
(Cabral et al. 2012) by testing theoretical predictions against
empirical data. Specifically, we aim to: (a) test how WMH in-
fluence inter-regional connectivity (structural disconnectivity
models) and neuronal activity at the node level (node discon-
nectivity models), and (b) determine whether WMH effects are
localized (i.e., focal) or indicative of more diffuse white matter
damage (i.e., global). To achieve this, we developed four distinct
WMH-weighted models to explore these hypotheses and com-
pared them to a baseline benchmark model with no information
regarding WMH. Our modeling approach is based on resting-
state fMRI data of 188 elderly nondemented study participants
(either cognitively normal or with mild cognitive impairment),
constituting one of the largest data-driven WBM studies to date.

2 | Materials and Methods
2.1 | Participants

From an initial sample of 363 elderly subjects without dementia
from the Alzheimer's Disease Neurolmaging Initiative 3 dataset,
188 subjects with available rs-fMRI, 3D-T1-weighted and 3D-
FLAIR sequences, acquired at 3T at the same timepoint, were
included after preprocessing. CSF biomarkers, including the
amyloid-beta peptide 42 to 40 ratio (AB42/AB40) and total tau
levels, were obtained from the UPENNBIOMK Master data re-
lease (Shaw et al. 2009). The detailed step-by-step inclusion and
exclusion flowchart is summarized in Figure S1. In exploratory
analyses, we assessed the associations between model-derived pa-
rameters of the homogeneous SDC model (i.e., the model with the
best fit) and executive functions and memory. We used the com-
posite measurements of executive functions and memory provided
in the ADNI database. The full details are in Gibbons et al. (2012).

2.2 | MRI Preprocessing and Timeseries
Extraction

The full MRI acquisition and preprocessing protocol is pro-
vided in the Supporting Information. Briefly,  MRIPrep v. 21.0.4
(Esteban et al. 2019) was used for fMRI preprocessing. XCP-D
(Adebimpe et al. 2023) was used to discard the first four time-
points, to perform the “nonaggressive” ICA-AROMA denoising
strategy (including six motion estimates and their derivatives as
well as signal from white matter and CSF), and to extract regional
timeseries for the 90 supratentorial regions of the automated
anatomical labeling (AAL) atlas (Tzourio-Mazoyer et al. 2002)
(Figure 1A and Table S1). Timeseries were demeaned, detrended
and filtered in the 0.04-0.07 Hz frequency range.

2.3 | Structural Connectivity

To avoid the possible detrimental effects of WMH on diffusion
tractography (Min et al. 2021; Svird et al. 2017), we used a
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FIGURE 1 |
preprocessing was performed using the reproducible containerized
versions of fMRIPrep (Esteban et al. 2019) and XCP (Adebimpe
et al. 2023). (B) WMH segmentation was performed in subject space

Preprocessing workflow of the study. (A) fMRI data

via automated deep learning software and visually checked to avoid
inconsistencies. Infratentorial WMH were removed. (C) MNI-registered
WMH masks were used as input for the Lesion Quantification Toolkit to
calculate subject-specific damage matrices, representing the percentage
of damage to each regional connection (represented by an “X” of
different dimensions on the damaged tract) and a node disconnection
vector, summarizing, for each brain region, the extent of regional
disconnection from the whole-brain network (represented by different
shades of red; gray defines nodes that were not disconnected by WMH).

normative SC matrix based on the AAL atlas from a previously
published study in healthy controls (Skoch et al. 2022).

2.4 | WMH Segmentation and Disconnectome
Analysis

Segmentation of WMHs was performed using a deep-learning-
based software (Li et al. 2018) in subject space (Figure 1B).
Segmentations were visually inspected to avoid inconsistencies and
manually modified, if needed. Infratentorial WMH were removed.
Fazekas score (Fazekas et al. 1987) was recorded. Total WMH vol-
umes were calculated in mm?, log-transformed and normalized to
the 0-1 range (only in the group with relevant WMH, namely the
volume for subjects without relevant WMH was set to 0). WMH
segmentations were registered to MNI space and used as inputs for
the Lesion Quantification Toolkit (LQT) (Griffis et al. 2021). The
full details are reported in the original paper (Griffis et al. 2021)
and graphically summarized in Figure 1C. Briefly, LQT employs a
normative white matter atlas in MNI space to estimate the damage
to each of 70 reference tracts caused by the input lesion. From this,
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a disconnection vector (3) representing the WMH-related discon-
nection to each region and a damage matrix (DM) representing the
percentage of damage to each edge are calculated.

2.5 | Hopf Model

We modelled each regional BOLD signal over time using the
normal form of a supercritical Hopf bifurcation and coupled
the resulting activity through the normative AAL atlas (Skoch
et al. 2022; Figure 2A). The Hopf model has been widely used
to describe whole-brain neural dynamics, given its ability to
capture static and dynamic properties of brain functional con-
nectivity (Deco et al. 2017). In the complex plane, the simulated
BOLD activity (z) of each node (1) over time (t) is described by
the following differential equation:

d
Zn — 2fa, +iw, — 2] + Pr1a(d) @

dt

wherez_ isacomplexnumberz, =x +iy ,w_ denotes theintrinsic
frequency of each node, which is determined empirically by aver-
aging the peak frequencies of narrowband-filtered BOLD signals
in the 0.04-0.07Hz range. We used group-averaged frequencies
for all simulations. 7, (t) represents additive Gaussian noise with
standard deviation {3. Substituting z_ in Equation (1) and dividing
into the real and imaginary parts of the equation, we obtain:

dx

d_tn= [an_xi_yi]xn_wnyn-l_ ﬁ']n(t) (2)
dy, B

ar [a, =2 =Yy, — X, + Pr, () 3)

Here, x, represents the BOLD signal for a single uncoupled
node. In the Hopf model, a,, is known as the bifurcation param-
eter, and can be thought of as a control parameter governing the
dynamical activity of each region. When the bifurcation param-
eter is negative (a, <0), the addition of Gaussian noise results
in noisy activity around a stable point, which can be thought of
as corresponding to asynchronous neuronal firing. After transi-
tioning to values greater than the bifurcation point (a =0), full
oscillations are observed for positive values (a, > 0), which cor-
respond to synchronized neuronal firing.

Given that the brain is a coupled system consisting of various
nodes (brain regions), the activity of all nodes is coupled through
an underlying structural connectivity matrix Cnp, which is de-
fined as the number of streamlines connecting each two regions
nand p. The real part of the complex number z, representing the
BOLD signal for node n when considering the coupled whole-
brain system is then described by the following equation:

dx

n

E = [an _xi _yi]xn — WYy +G chp (xp _'xn) +ﬁ’1n(t) (4)
L

where G, defined as the global coupling weight, equally scales the

total input received by each brain area to determine the overall

synchronization. In the baseline model, we set the bifurcation pa-

rameter for all nodes at the brink of the bifurcation (a,= —0.02),
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as this nodal activity regime is able to give rise to complex col-
lective brain dynamics resembling whole-brain activity observed
in vivo (Deco, Jirsa, and McIntosh 2011; Deco et al. 2017). All
simulations were implemented in Neurolib (Cakan, Jajcay, and
Obermayer 2021). The sampling rate of 3s and simulation length
matched the empirical preprocessed fMRI recordings, plus two
initial minutes—to allow for the stabilization of the system after
the initial random conditions—that were discarded before other
analyses.

2.6 | Model Fitting

As commonly performed in the literature (Deco et al. 2019;
Patow et al. 2023), we initially aimed to best characterize both
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time-averaged and time-varying properties of the empirical
data by calculating FC and tv-FC (Deco et al. 2019) in healthy
subjects without WMH. In line with previous studies (Deco
et al. 2019; Patow et al. 2023), fitting tv-FC was clearly a stronger
model constraint compared with fitting FC in our dataset. As
can be seen in Figure S2, FC fits are consistently high across a
wide range of G (resulting in several possible G values to retrieve
the same FC), while tv-FC clearly shows a global minimum at
G=1.98. This is an expected finding, as tv-FC is better able to
capture the complex spatiotemporal structure inherent in fMRI
data. Due to better constraints in model parameter estimation,
we only focus on fitting tv-FC for further analyses.

Tv-FC was assessed using the phase functional connectivity dy-
namics (phFCD) (Deco et al. 2019). Briefly, for both empirical and

A Whole-brain modeling
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Bifurcation parameter
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FIGURE2 | Legend on next page.
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simulated signals, we first applied the Hilbert transform to calcu- 2.8 | WMH-Weighted Models

late the instantaneous BOLD phase of each region n at each time-

point ¢. For each timepoint, we then calculated its phase coherence ~ We first discuss the building blocks of WBM aimed at evaluat-
matrix by taking the cosine of the absolute phase difference of  ing the effects of WMH on brain dynamics, tested in the sub-
each two regions n and m. When the BOLD signal in regions n and groups with relevant WMH (88 subjects), and later presented the
m is synchronized, it means that their phases would be similar,  specific equations used for fitting. We developed four distinct
and, consequently, their phase difference is small, resulting in a WMH-weighted models (Figure 2B) guided by two sets of inter-
high phase coherence value (close to 1). On the other hand, if their ~ related hypotheses: (Sporns 2013) how WMH might influence
phases are not aligned (i.e., asynchronous), their phase coherence various parameters of the whole-brain model (i.e., edges vs.
value is close to zero. Since the phase coherence matrix is symmet- nodes), and (Suérez et al. 2020) the biological nature of WMH
ric, we only considered its upper triangular part and we accrued (i.e., local vs. global).

them over all timepoints for each subject or simulation. We finally

compared the empirical and simulated distributions of the phFCD The first set of hypotheses explored how WMH might impact

using the Kolmogorov-Smirnov distance (KSD). Lower KSD rep- brain dynamics. Since WMH damage WM tracts, which are cru-
resents better goodness of fit (Figure 2C). The full details are in cial for communication between brain regions, we posited that
Deco et al. (2019). WMH could reduce the strength of inter-regional communication

(i.e., the edges of the connectome), leading to structural discon-

nectivity (SDC) models. Additionally, experimental data suggest
2.7 | Modeling Steps that axonal lesions could alter the intrinsic dynamic of neuronal

firing (Nagendran et al. 2017). In the node disconnectivity (NDC)
We hypothesized that WMH might have an impact on brain models, we tested whether these changes could be seen in the
dynamics only after a certain threshold, so we used the clinical ~ whole-brain Hopf models as variations in (nodal) bifurcation pa-
Fazekas score (Fazekas et al. 1987)—a visual estimate of the rameters. Based on previous studies (Demirtas et al. 2017; Sanz
amount of WMH in structural MRI scans (score range 0-3)— Perl et al. 2023), we hypothesized that higher WMH-related dis-
to binarize our sample into a group without relevant WMH connections might induce reductions in bifurcation parameters.
(Fazekas <1) and a group with relevant WMH (Fazekas >1).
Previous studies using the Hopf model showed that brain dynam- The second set of hypotheses addressed whether WMH effects
ics in healthy subjects are best described by slightly subcritical are location-specific (i.e., local) or suggestive of a more diffuse
bifurcation parameters (Deco et al. 2017). We assessed the op- WM damage (i.e., global). Biological evidence posits that WMH
timal dynamical working point in our sample by performing a might represent just the observable aspect of a more widespread
group-level tuning of the Hopf whole-brain model in the healthy =~ WM damage that is not visible with conventional MRT (Maillard
subjects’ group (no WMH and cognitively unimpaired). Todoso, et al. 2011; ter Telgte et al. 2018). We explored this concept by de-
we fixed a (uniformly across regions) just below the critical bifur-  veloping homogeneous models, which hypothesized that WMH
cation point (@ =-0.02) and allowed G to vary as a free parameter effects are global and confronted them with heterogeneous mod-
(Figure 2B) (0<G<3.5, AG=0.02). The best G maximizing the els where the effects of WMH are locally confined to the specific
fit to empirical data was found at 1.98. We refer to the resulting  brain regions or connections damaged by visible WMH.
model (with a=-0.02 and G=1.98) as the baseline model and
use it as a reference benchmark for comparison of all WMH- To build the heterogeneous models, we used outputs from the
weighted models. LQT pipeline. For the heterogeneous SDC model, we linearly

FIGURE 2 | Schematics of the modeling pipeline. (A) In a whole-brain Hopf model, each regional dynamics over time is driven by its intrinsic
frequency (not shown, as this was estimated from the empirical data and not modified in relation to WMH) and by a bifurcation parameter, describing
the transition from asynchronous noisy behavior (< 0) to full oscillations (> 0), with zero referred to as the critical bifurcation point. The overall activity
of the network is derived from the sum of the local activity plus the weighted (by the strength of inter-regional connection, e.g., number of tracts)
sum of the activities of all regions connected to it, scaled by a global coupling parameter (G). Using this framework, a baseline model was constructed
based on a normative SC and tuned to the empirical data of subjects without cognitive impairment and without WMH (Baseline model). (B) This panel
displays the four WMH-weighted whole-brain models, categorized into homogeneous and heterogeneous types according to the hypotheses outlined
in the main text. These models investigate whether WMH effects are localized to specific brain regions (heterogeneous) or distributed broadly across
the brain (homogeneous). For the homogeneous models, the log-transformed volume of WMH is applied to uniformly reduce either connectivity or
bifurcation parameters uniformly across the brain. In the homogeneous Node Disconnectivity (NDC) model, the bifurcation parameters in all regions
are uniformly decreased, represented by red nodes with the same shade. In the homogeneous structural disconnectivity (SDC) model, connectivity
across all tracts is uniformly reduced, shown as uniformly thinner red lines. In the heterogeneous models, the NDC model links WMH to changes in
bifurcation parameters, using the node disconnectivity vector to inform how these parameters are altered in specific regions, depicted as red nodes
of varying shades. Meanwhile, the SDC version simulates how WMH reduce inter-regional communication along specific tracts. This is achieved by
using the damage matrix from the Lesion Quantification Toolkit to decrease connectivity only in those specific tracts, illustrated with red lines of
varying thickness. The brain network illustration also includes gray nodes, which represent regions where WMH do not impact bifurcation parameters
(matching the baseline model), and blue tracts, indicating connections not affected by WMH. These models were employed to simulate whole-brain
BOLD activity and were subsequently compared against empirical data and a baseline model without WMH information. (C) The dynamics of phase
coherence matrices (phFCD) was chosen as the fitting measurement between simulated and empirical data and compared with the Kolmogorov-
Smirnov distance (KSD, see Methods for a full description). Lower values of KSD represent a better fit.
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reduced the edge values of the normative SC matrix by the
subject-specific damage matrix. For the heterogeneous NDC
model, we reduced the bifurcation parameters proportionally to
the node disconnectivity vector. For the homogeneous models,
we used the log-transformed WMH volume as a proxy of over-
all brain damage. The homogeneous SDC model was created by
proportionally reducing the global coupling parameter, while
the homogeneous NDC model involved proportionally decreas-
ing all bifurcation parameters with increasing WMH volume.

To introduce information regarding WMH in the Hopf model we
performed a linear fitting of one of its parameters (a, G, or SC)
by WMH information (WMH volume log-transformed, node
disconnectivity or damage matrix) and explored the parameter
space using a grid search. More in detail, the NDC and SDC ho-
mogeneous models were obtained by fitting a or G, respectively,
as follows:

a=—0.02+wxWMH,,
+b(-0.1<w<0, -0.05<b <0, Aw=Ab=0.005);

G=1.98+w*WMH,
+b(-1<w<0,Aw=0.1; —0.5<b<0,Ab=0.05);

The heterogeneous SDC model was obtained by linearly reduc-
ing the weights of the SC based on the damage matrix calculated
by LQT, as follows:

SCper =SC+w# DM (-0.25 <w<0,b=0, Aw =0.005)

Elements with values less than zero in the resulting matrix were
reset to zero. This matrix was used instead than the healthy nor-
mative SC. The fitting of b was omitted considering that the av-
erage value of SC elements is approximately zero.

Finally, the heterogeneous NDC model used the region discon-
nection vector d as a spatial prior for linear fitting, leading to het-
erogeneous bifurcation parameters (different between regions):

d=-002+wxd
+b(=0.1<w<0, —0.05<b<0, Aw=Ab=0.005).

Homogeneous random models were obtained by randomly shuf-
fling WMH volume across subjects. The heterogeneous random
versions were obtained by randomly shuffling the region discon-
nection vector or damage matrix between subjects for node and
structural disconnectivity models, respectively.

2.9 | Statistical Comparisons

Categorical variables are reported as numbers (percentages)
and continuous variables as median (interquartile ranges) and
compared with the Chi-square and Mann-Whitney-U test,
respectively. Models' goodness of fit was compared with the
paired-samples Wilcoxon test and corrected for multiple com-
parisons with the Benjamini-Hochberg method (Benjamini and
Hochberg 1995). Partial correlation analyses were performed
using Spearman’s correlation and corrected for age.
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3 | Results
3.1 | Empirical Data Analysis

We first present the overall characteristics of the sample
(Table S2 and Figure S3). We hypothesized that WMH might
not have an impact on brain dynamics in the lowest Fazekas
score group due to their very limited extension, thus we bina-
rized our sample into a group without relevant WMH (Fazekas
<1, 100 subjects) and a group with relevant WMH (Fazekas > 1,
88 subjects). We also later explored the effects of WMH on brain
dynamics in the subgroup with the highest Fazekas score of 3
(“High WMH?”, 22 subjects). As expected, subjects with relevant
WMH were significantly older than those without (p <0.001).
There were no statistically significant differences in years of ed-
ucation and mini-mental state examination (MMSE) between
the two groups. WMH did not show any significant correlation
with AB42/AB40 nor tau CSF levels (all p>0.05; Figure S4).
Figure 3A shows the regional distribution of WMH (Figure 3A);
compared to the group without WMH, the group-averaged dis-
tribution of the phFCD was shifted towards lower values in in-
dividuals with WMH (p<0.001), suggesting lower synchrony
(Figure 3B).

3.2 | Model Comparison

Accounting for WMH-related damage resulted in better descrip-
tions (lower KSD) of the empirical data compared to the baseline
model (Figure 3C, for individual p values, please see Table 1). We
found that WMH significantly alter inter-regional communica-
tion strengths (i.e., edges), although this effect remained statis-
tically significant after correcting for multiple comparisons only
for the homogeneous SDC model. We compared these models
fits to the respective randomly implemented counterparts and
found that random models resulted in significantly lower model
fits for both SDC models (Figure S5, Table S3). Interestingly,
both heterogeneous models did not result in increased model fit
compared to their homogeneous counterparts. The volume of
WMH (log-transformed) was significantly positively correlated
with the percent improvement of model fit compared with base-
line for all WMH-weighted models (Figure 3D). These analyses
were performed considering partial correlation corrected for the
effects of age (Table 2). Based on these findings, we assessed
the dynamical effects of WMH in the group with the highest
WMH (Fazekas score of 3). Here, the heterogeneous SDC and
both NDC models described the empirical data significantly
better compared to the baseline, also after multiple comparisons
correction (Figure 3E), suggesting that at higher level of tract
damage, an effect on regional node dynamics is also observed
(Table 2).

3.3 | Assessing the Impact of Clinical Variables on
Model Fit

We then performed exploratory correlational analyses (partial
correlations, including the effects of age) to further evaluate if
other clinical variables might be responsible for the increase
in model fit compared to the baseline (Figure 4, Table 2). We

60f 11

Human Brain Mapping, 2024



49

B Distribution of phFCD
A 1200
V.‘,.» ‘{:\" No WMH
' P 1000 - WMH
AR &) ﬂll'j (‘{ b, (i
B = A, i T T e -1 1 so{ |
-d 4 - .. A | J ] ." "' A |
o O g - A B e e+ 8
& X a L N o ]
-~ - - " W \ f.Qn- b o |
y - v () S A 1
AN 400 7 |‘, 0.25, p < 0.001
J e —— 200 - }'-,
0.0 0.5 10 P
WMH probability (%) 0 1 T —
04 06 08
All WMH High WMH
C . D E e 2
i Homog. SDC  Heterog. SDC £ *
100
‘ r=0.27 r=0.29 0.50 - ¢
0.5 M p=0.01 o '. p<0. ° ol
$ ¢ ¢ ‘ g CI L 0.45 - N ¢
¢ 2 0% - T °
¢ o o P ° o V@do
= ° o\f o. ®o 0.40 - .
0.4 4 ° o0,
~100 - — I ) . 0.35
3 3
¥ 037 Homog. NDC  Heterog. NDC %2 °° 7
100
r=0.23 r=0.27 0.25 1
p=0.03 o p=0.0
g ° :."..‘. .."-. ..:. ° 0.15 4
0‘1 1 T T _100 = T ° T . T - ’ T 0'10 L T T
SDC NDC 4 5 4 5 SDC NDC
WMH vol. (log) WMH vol. (log)
Model Type
[ Baseline
[ Homogeneous
[l Heterogeneous
FIGURE 3 | (A) Maximum intensity projections along the sagittal (left), axial (middle) and coronal (right) planes of WMH probability maps.

(B) Histograms of the distribution of the group-averaged phase functional connectivity dynamics (phFCD) in the groups without (blue) and with
(orange) relevant WMH. The distribution of the phFCD is significantly shifted towards lower phFCD values in the group with relevant WMH,
suggesting lower synchrony (p <0.001). (C) Boxplots summarizing model comparisons between the baseline (white) and the homogeneous (light
blue) and heterogeneous models (dark blue). The same baseline model (in white) is shown twice for better visualization of the comparison. Structural
disconnectivity models (SDC), assessing the impact of WMH on structural connections are grouped on the left. Node disconnectivity (NDC) models,
showing the effects of WMH on bifurcation parameters are shown as grouped boxplots on the right. The boxplots represent the Kolmogorov-Smirnov
distance (KSD) between the empirical and simulated phase functional connectivity dynamics for the whole group with WMH. Note that after
Benjamini-Hochberg correction only the homogeneous SDC remained statistically significant. (D) Scatterplots depicting the correlation between
WMH volume (log-transformed, along the x axes) and the percentage of improvement in the model fit of the considered model (homogenous/
heterogeneous SDC/NDC) compared to the baseline model (r refers to post hoc Spearman's rank-order partial correlation corrected for age, p=p-
value). (E) The same model comparison as in (C) was evaluated in the group with the highest Fazekas score of 3. All comparisons remained statistically
significant also after Benjamini-Hochberg correction. *0.01 < p <0.05; **0.001 < p <=0.01.

found that for both SDC models, the increase in performance
was negatively correlated with years of patient education. For
the heterogeneous SDC model, the observed improvement was
also positively correlated with increasing age. No correlations
were found between these variables and either of the NDC mod-
els (Figure S5, Table 2).

3.4 | Assessing the Association Between Model
Parameters and Cognitive Scores

We performed exploratory analyses to investigate the association
of model-derived parameters on cognitive scores of executive

functions and memory. We focused on the homogeneous SDC
model since this was the best-performing model. We did not find
any statistically significant association between executive func-
tions and memory scores (Figure S6).

4 | Discussion

In this study, we aimed to quantify in vivo global dynamical
effects induced by WMH, which are highly prevalent lesions
of the WM in the general aging population (Garnier-Crussard
et al. 2023; Wardlaw, Valdés Herndndez, and Maniega 2015).
We combined WBM (Alstott et al. 2009; Cabral et al. 2012;
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Deco et al. 2017; Demirtas et al. 2017; Idesis et al. 2022; Patow
et al. 2023; Sanz Perl et al. 2023) with a virtual-lesioning ap-
proach (Griffis et al. 2021) and tested different hypothesis-
driven generative models of brain dynamics against empirical
resting-state fMRI data, providing new insights into the patho-
physiology of WMH from a network perspective. We tested
various hypotheses on the local versus global and nodal ver-
sus edge effects of WMH in different WMH-weighted models
and compared them both to a baseline model, to evaluate their
added accuracy in describing empirical data, and to random
models, to assess their robustness. We found that, although
WMH are focal lesions of WM tracts, they induce global ef-
fects on network dynamics by reducing the global coupling
of the network. At later stages of damage (e.g., higher WMH
volume), WMH also alter the intrinsic nodal dynamics of dis-
connected regions. Finally, exploratory analyses suggested
that level of education plays a role in counteracting the det-
rimental effects of WMH on global coupling, consistent with
previous work on cognitive reserve (Stern 2009). Our results

TABLE 1
distance (KSD) of the simulated phase functional connectivity

| Median (interquartile range) Kolmogorov-Smirnov

dynamics compared to the empirical data for the baseline and WMH-
weighted models.

All WMH High WMH

Model Name KSD 4 KSD P
Baseline 0.25 NA 0.25 NA

(0.20-0.31) (0.21-0.31)
Homogeneous 0.20 0.003* 0.19 0.003*
SDC (0.17-0.29) (0.16-0.21)
Heterogeneous 0.20 0.042 0.19 0.005*
SDC (0.17-0.28) (0.17-0.23)
Homogeneous 0.21 0.17 0.20 0.036*
NDC (0.18-0.27) (0.16-0.22)
Heterogeneous 0.21 0.12 0.19 0.036*
NDC (0.18-0.29) (0.14-0.24)

Note: Results are first presented in the complete group consisting of all subjects
with relevant WMH (A1l WMH) and then only for the group with a Fazekas
score of 3 (High WMH). p values represent the comparison of model fit of each
WMH-weighted model compared to the baseline model. Significant p values are
illustrated in bold, and significant p values after multiple-comparison correction
using the Benjamini-Hochberg correction are illustrated with *.

Abbreviations: NDC =node disconnectivity; SDC =structural disconnectivity.

TABLE2 |
model and the considered demographic variables.
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contribute to building biologically plausible and clinically in-
formative models of brain dynamics in the healthy aging pop-
ulation and in diseases characterized by an elevated volume
of WMH, such as cerebrovascular and Alzheimer's dementia
(Garnier-Crussard et al. 2023; Wardlaw, Valdés Hernandez,
and Maniega 2015). Furthermore, methods and insights from
this study might also be applied to other neurological diseases
characterized by WM disconnections, that is, multiple sclero-
sis or traumatic brain injury.

We found that, when considering all subjects with WMH, SDC
models yielded a significantly better fit compared to the baseline
model, while NDC models performed better only when consid-
ering the specific subgroup with the highest Fazekas score (i.e.,
high WMH group). This finding suggests that alterations in inter-
regional communication induced by WMH (as evidenced by
SDC models) play a more prominent role in shaping global brain
dynamics, namely reducing the strength of inter-regional com-
munication (i.e., on the connectome edges). Only when a certain
level of damage is reached, then disturbances in local nodal ac-
tivity might play a role. In light of the location of WMH this is not
an unexpected finding, but notably, modeling these effects con-
sidering the location-specific damage to WM tracts did not yield
better descriptions of empirical data compared to considering
their effect as globally homogeneous. This suggests that the dam-
age associated with WMH might have dynamic repercussions
at the whole-brain level. A previous study by Cabral et al. (2012)
already showed in theoretical simulations that increasing levels
of disconnections led to similar network reorganizations as re-
ductions in global coupling. In this scenario, the more damage to
white matter tracts, namely the higher the WMH load, the more
the dynamical effects caused by disconnections resemble those
occurring from a reduction in global coupling. From a biologi-
cal perspective, a previous study also showed the existence of a
widespread damage to white matter tracts that are not observ-
able with structural MRI, of which WMH are just the tip-of-the-
iceberg (Maillard et al. 2011; ter Telgte et al. 2018). WMH are
surrounded by an area without abnormalities on conventional
MRI, but where diffusion metrics in diffusion tractography are
already altered (Maillard et al. 2011; Maniega et al. 2015). We
suggest that these unobservable lesions might already determine
communication impairments in widespread networks. In this
scenario, the damage that was accounted for in the heteroge-
neous SDC model might thus be underestimated compared to the
damage to the real empirical network. Thus, a global measure

Correlations (Spearman's ) between the percentage increase in model performance compared to the baseline for each WMH-weighted

Heterogeneous
Homogeneous SDC  Heterogeneous SDC Homogeneous NDC NDC
Demographic variable r P r P r P r P
WMH volume (log) 0.27 0.01 0.29 0.007 0.23 0.03 0.27 0.01
Age 0.15 0.16 0.23 0.03 0.21 0.052 0.10 0.35
MMSE -0.19 0.08 -0.15 0.17 -0.13 0.23 -0.10 0.36
Education (years) -0.26 0.02 -0.21 0.045 -0.21 0.055 0.16 0.14

Note: All correlations refer to partial correlations corrected for age, except for age itself. Significant p values are illustrated in bold.
Abbreviations: MMSE =Mini Mental State Examination; NDC =node disconnectivity; SDC =structural disconnectivity.
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FIGURE 4 | Scatterplots depicting the correlation between

demographics factors (age, years of patient education and mini-mental
status examination (MMSE), and the percentage improvement in
model performance of the considered model compared to the baseline
model. The first row shows the results for the homogeneous structural
disconnectivity model (SDC), while the second row shows the results for
the heterogeneous SDC. For age, r refers to Spearman’s rank correlation,
while for patient education and MMSE, r refers to Spearman's partial
correlation accounting for age. p=p-value, not corrected for multiple
comparisons.

of WMH (since we perform a linear fitting) might be enough to
capture this damage. Future studies using advanced diffusion-
tractography-based measurements (e.g., fractional anisotropy)
could further evaluate this hypothesis by also accounting for
the normal-appearing white matter damage. Albeit previous
associational studies on the effects of WMH on inter-regional
FC are mixed (Schulz et al. 2021) and the association might be
confounded by several factors (see next paragraph), our results
are in line with the prevailing idea that WMH mostly reduces
long-distance FC (Quandt et al. 2020; Yang et al. 2023) and con-
sequently increase local efficiency (Vergoossen et al. 2021). The
increase in local efficiency is also predicted by computational
models characterized by a reduction in global coupling (Cabral
et al. 2012), thus we are planning a future study to investigate
whether this relationship can also be observed in our models fit-
ted to empirical data of subjects with WMH.

Interestingly, for both SDC models, we found an inverse asso-
ciation between model performance increase—compared with
the baseline—and years of education. We speculate that this
finding might be related to nonlinearities occurring in vivo
caused by counteracting increases in global coupling associated
with higher educational status that could be linked to the con-
struct of “cognitive reserve”. Cognitive reserve refers to a series
of protective mechanisms that allow an individual to mitigate
the detrimental effects of age or pathological biomarkers (e.g.,
amyloid, tau, WMH) to achieve better results than what would
have been predicted by simply evaluating the observed damage
(Stern 2009). Previous studies demonstrated that cognitive re-
serve is indeed related to increases in resting-state functional
connectivity in distributed resting-state networks (Marques
et al. 2016), as well as with a more integrated and interconnected
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network configuration (Chaddock-Heyman et al. 2018). Given
the exploratory nature of this finding, future studies are needed
to further explore this hypothesis.

When WMH become widely diffuse throughout the brain,
namely when the Fazekas score is 3, then a more negative
shift away from the bifurcation parameter of the nodes is also
observed, that is, the dynamical behavior of the networks be-
comes noisier. This reduction in bifurcation parameters might
be linked to other known pathological processes also associated
with WMH, especially at later stages, such as tau and amyloid
(Demirtas et al. 2017; Patow et al. 2023). However, our study did
not find any significant correlation between WMH and CSF lev-
els of AB42/AB40 nor tau, suggesting that, if present, the inter-
play among these pathologies might be more intricate and not
simply linear in nature. An alternative hypothesis is that neurons
might not suffer from alterations to their intrinsic patterns of fir-
ing when demyelination and axonal damage are below a certain
threshold, possibly due to compensatory mechanisms (Naud and
Longtin 2019). Only when this threshold is surpassed, then ab-
normal neuronal firing might occur. Future studies might imple-
ment biophysically detailed models and account for both WMH
and amyloid/tau to try to disentangle their separate and synergis-
tic contributions to intrinsic regional dynamics.

Some limitations apply to this study, some intrinsically linked to
the methodology of rs-fMRI. The BOLD signal does not directly
measure neuronal activity per se, but rather slow oscillations de-
riving from neuro-vascular coupling (Logothetis 2003; Logothetis
and Wandell 2004). WMH are commonly associated with cerebral
small vessel disease, thus, they might be associated with whole-
brain level alterations of neuro-vascular coupling (Girouard and
Iadecola 2006), increasing the intricacy in the interpretation of
our results. Another limitation of our study is the age difference
between the group with and without WMH. WMH are intrinsi-
cally associated with the aging process, resulting in an older aver-
age age for the cohort with WMH compared to the control group
without WMH. To address the influence of the age difference,
we evaluated the partial correlations corrected by age between
increases in model performance and WMH and demographics
variables. Furthermore, we used a normative SC for both groups,
mitigating the potential impact of the age difference on SC mea-
sures. Another limitation is that model-derived parameters did
not correlate with cognitive function scores, which are known
to be impacted in subjects with WMH. A possible explanation is
that in our study, we focused on fitting models to achieve the best
average of single-subject fitting (i.e., using the same weight and
bias for all subjects). While this resulted in models that could be
applied to unseen subjects for a good representation of their dy-
namics, certain individual characteristics were not represented,
leading to a lack of correlation with cognitive scores on a subject-
specific basis. Lastly, our modeling approach, as common to many
previous modeling studies using the Hopf model with rs-fMRI
(Deco et al. 2017; Demirtas et al. 2017; Sanz Perl et al. 2023), did
not include delays due to the longer timescales of the BOLD signal
acquisition (seconds vs. the millisecond scale of inter-neuronal
signaling), but studying the heterogeneous effects of WMH on de-
lays could be an interesting direction to explore in future studies.

In summary, our study provides further understanding of the
dynamical effects of WMH, suggesting the presence of an
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associated widespread damage to WM tracts with relevant dy-
namical effects on global synchronization and, at later stages,
also on regional brain dynamics. The models developed in this
study also show promise for clinical applications, that is, in pre-
dicting subject-specific network effects in the presence of WMH.
The pathophysiological insights developed and discussed in this
study might be used, alone or in combination with other bio-
markers (e.g., tau and amyloid), to inform and create more bio-
logically plausible representations of brain dynamics in several
diseases characterized by WMH, such as Alzheimer's disease,
but also in other pathologies harboring WM disconnections
(e.g., multiple sclerosis, traumatic brain injury). Furthermore,
our study highlights the importance of whole-brain modeling to
reconcile theoretical predictions with the nuances and complex-
ities arising from biological findings, effectively bridging the gap
between the two.
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Abstract

Age-related brain changes affect sleep and are reflected in properties of sleep slow-waves, however,
the precise mechanisms behind these changes are still not completely understood. Here, we adapt a
previously established whole-brain model relating structural connectivity changes to resting state
dynamics, and extend it to a slow-wave sleep brain state. In particular, starting from a representative
connectome at the beginning of the aging trajectory, we have gradually reduced the inter-hemispheric
connections, and simulated sleep-like slow-wave activity. We show that the main empirically observed
trends, namely a decrease in duration and increase in variability of the slow waves are captured by the
model. Furthermore, comparing the simulated EEG activity to the source signals, we suggest that the
empirically observed decrease in amplitude of the slow waves is caused by the decrease in synchrony
between brain regions.
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Significance Statement

Aging is characterized by changes in slow wave (SW) sleep features, yet the precise mechanisms
driving these alterations remain elusive. Employing a connectome-based model, we implement the
established age-related reductions in inter-hemispheric connectivity, successfully replicating the
SW changes in the simulated activity. Our simulation of EEG activity also suggests that observed
decreases in SW amplitude stems from diminished synchrony between brain regions. Our results
support the notion that alterations in SW characteristics result from reductions in cortical excitatory
drive—here facilitated by the inter-hemispheric connections. Our model serves as a robust foun-
dation for extensions to population studies and interventional work in animal models of aging aimed
at disentangling the contributions of network alterations, changes to local neural mass properties,
and neuromodulation.

Introduction

Slow waves (SW) are neural oscillations occurring during non-rapid eye movement
(NREM) sleep that are characterized by a phase of hyperpolarization (down period), during
which cortical neurons are silent, and by a phase of depolarization, in which intense neuronal
firing occurs (up period) (Steriade et al., 1993). SW characteristics vary across the lifespan,
changing in both healthy (Van Cauter et al., 2000; Landolt and Borbély, 2001; Mander et al.,
2017) and pathological aging. Compared to young subjects, older individuals show a lower
percentage of deep SW sleep (Van Cauter et al., 2000; Landolt and Borbély, 2001; Mander
et al., 2017), lower SW density and amplitude, especially at the beginning and end of the
night (El Kanbi et al., 2023), and both longer SW positive and negative phase duration, espe-
cially in prefrontal/frontal brain areas (Carrier et al., 2011). Furthermore, in a recent study of
more than 2000 individuals, El Kanbi et al. (2023) also found that slow-wave inducing audi-
tory stimulation during N3 (Debellemaniere et al., 2018) were much less successful in older
subjects compared to younger ones. Although these descriptive changes of SW character-
istics with aging are well known in the literature, the exact mechanisms linking aging to alter-
ations in SW are still not fully elucidated.

Aging is associated with many structural brain alterations involving both the gray (Giorgio
et al., 2010; Bethlehem et al., 2022) and white matter (Antonenko and Fl6el, 2014;
Damoiseaux, 2017; Puxeddu et al., 2020; Lavanga et al., 2023a) that might be implicated
in the alteration of SW. Previous studies showed a reduction in cortical gray matter occur-
ring across the lifespan (Giorgio et al., 2010; Bethlehem et al., 2022) and this has already
been linked to alterations in SW (Dubé et al., 2015). Reduced cortical thickness in regions
that are normally involved in SW generation (e.g., insula, superior temporal, parietal, middle
frontal) mediated the negative effects of aging on SW density, whereas reduced SW ampli-
tude was associated with reduced cortical thickness in middle frontal, medial prefrontal, and
medial posterior regions (Dubé et al., 2015). Another prominent aspect of age-related struc-
tural changes is the reduction in white matter connections (Antonenko and Fléel, 2014;
Damoiseaux, 2017) which was shown to occur especially for inter-hemispheric connections
(Puxeddu et al., 2020; Lavanga et al., 2023a). Inter-hemispheric connections have a prom-
inent influence on aspects of coordinated neural dynamics both during awake resting state
activity (Lavanga et al., 2023a), and during sleep (Avvenuti et al., 2020). In the awake state,
reductions in inter-hemispheric connectivity have been linked to a reduction in functional
dynamical flexibility (Lavanga et al., 2023a). During sleep, a previous study on callosoto-
mized patients with drug-resistant epilepsy (Avvenuti et al., 2020) reported that SW
displayed a significantly reduced probability of cross-hemispheric propagation and a stron-
ger interhemispheric asymmetry compared to controls (Avvenuti et al., 2020). Nevertheless,
if reduced inter-hemispheric connectivity might play a role in shaping SW characteristics
during normal aging has not yet been investigated.

Connectome-based whole-brain modeling frameworks, such as The Virtual Brain (TVB)
(Sanz-Leon et al., 2015; Schirner et al., 2022), can create personalized virtual brain models
(Ghosh et al., 2008; Deco and Corbetta, 2011), that can integrate individual structural brain
imaging data and, based on the mean field model (Abbott and van Vreeswijk, 1993;
Treves, 1993; Brunel and Hakim, 1999; Knight, 2000; Mattia and Del Giudice, 2002) gov-
erning the dynamics of each node of the network, capture the characteristics of resting-
state (Lavanga et al., 2023a) or SW dynamics (Goldman et al., 2022). Using a spiking
model of adaptive exponential integrate and fire (AdEx) neurons, El Kanbi et al. (2023)
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suggest that the reduction of the excitatory drive might be the mechanism behind the observed SW changes on the level of
individual neuronal populations. Here, we aim to investigate to which degree this reduction of excitatory drive might be
related to the reduction of inter-hemispheric connectivity. In particular, by using the AdEx mean field model (Di Volo et
al., 2019) and structural connectivity matrices representative of the participants of the 1000BRAINS study (Caspers et
al., 2014) at the beginning of the aging trajectory, we recapitulate the main aging-associated alterations of EEG slow-wave
recordings (El Kanbi et al., 2023) by manipulating the underlying structural connectivity (Lavanga et al., 2023a) (i.e., by
reducing the connection strengths of inter-hemispheric tracts, Fig. 1). Then, we investigate the changes of the slow-wave
characteristics in the model along the virtual ageing trajectory on the source level, and relate these to the hypothesized
decrease of the excitatory drive and changes in synchrony. Through this simulation-based approach, we aim to gain
insights into the underlying mechanisms linking aging, inter-hemispheric connectivity, and slow wave dynamics.

Methods

Structural connectivity. An anonymized connectome was drawn from an embedding of structural connectivity matrices of
the youngest subjects of the 1000BRAINS project (Caspers and Schreiber, 2021; Lavanga et al., 2023b). The original connec-
tomes resulted from a pipeline described in detail in Caspers et al. (2014). In short, for each participant, a T1-weighted and
diffusion-weighted MRI images were obtained. The T1 scan (MPRAGE, 176 slices, TR=2.25 s, TE = 3.03 ms, TI=900 ms,
FoV =256 x 256 mm?, flip angle = 9°, resolution 1 mm isotropic) was used to extract cortical grey matter masks, which
were divided into 100 regions using the Schaefer parcellation scheme (17-Networks, Schaefer et al., 2018). The diffusion
MRI (two b-value scans b = 1,000 s/mm? (EPI, TR=6.3 s, TE=81 ms, 7 b0-images and 60 DW volumes) and b=2, 700 s/
mm? (EPI, TR=8's, TE = 112 ms, 13 b0-images and 120 DW volumes)) were registered to the T1 images, and used to generate
streamlines between the respective regions defined by the parcellation, resulting in a 100 x 100 connectivity matrix. The rep-
resentative connectome at the start of the aging trajectory was derived from the pseudonymized dataset (Caspers and
Schreiber, 2021, N = 645, age 55-63 years).

The representative connectome for the subjects at the start of the aging trajectory was computed from 220 connec-
tomes of subjects in the age group of 55-63 years. The connectomes were linearized and stacked resulting in a
220 x 1002 matrix W. The matrix W was then factorized using singular value decomposition giving W= USV. The first
33 components were sufficient to eliminate any confusion when the connectomes were projected back into this space,
so we have set the dimension of the generative distribution constructed in the next step to d=33. The matrix U can be
cast into a multivariate normal distribution Uy = (u, %) such that means are w; =avg;;-4(U;) and the covariance
3= cov(U,-]T-J<d). A sample U drawn from the Uy is then converted to a connectome W' by computing W' =

U'diagS; J<d\/,.jTJ<d and devectorizing W' back to a 100 x 100 matrix.

Virtually aged structural connectome. The structural connectome was virtually aged (Lavanga et al., 2023a) by gradually
decreasing the interhemispheric connections. In particular, given the weighted connectivity matrix W and the matrix M«
such that Mj; = 1 for intra-hemispheric connections, and Mj = 1 — a for inter-hemispheric connections, the gradually
aged connectome was computed as element-wise product W, = W © M,, for a0, 6] with a step of 0.1, resulting in
7 samples along the virtual aging trajectory. Here, the a =0 signifies an unaltered connectivity matrix, while a=0.6 corre-
sponds to the highest reduction observed in the elderly subjects (Lavanga et al., 2023a).

Modeling. The Adaptive Exponential Integrate-and-Fire (AdEx) model is a biologically realistic neuron model that has
been widely used to simulate the electrical activity of neurons (Brette and Gerstner, 2005). It is an extension of the classic
integrate-and-fire model, incorporating both an exponential spike mechanism and an adaptation process. The mean field
equations for the AdEx model includes conductance-based synaptic interactions and accounts for adaptation, leading to
the following set of equations (Zerlaut et al., 2018; Di Volo et al., 2019; Goldman et al., 2022):

v, 1 F,
Ta_t# =Fu—vi)+ Eﬁc)\n’
Crg _ FAQ/T—Fy) oF, oF,
T%m = 5, — —}—(F,\—VA)(F,,—v,,)—{—ﬁcnu—l—ﬁc,\ﬂ—.?c)m, (1)
w, W, a, [ ve, v, W,)-EL, |
I _m"‘buvu t—

where v,, is the average firing rate of population p = {e, i} (excitatory or inhibitory), F,, = F,(ve + V7, v; + vI", W,)) is the trans-
fer function, v{g and vjf” are the inputs to the excitatory and inhibitory populations, c,, is the covariance between popula-
tions A and n and W is a population adaptation variable (Di Volo et al., 2019). The mean field model can accurately predict
the average spontaneous activity levels in asynchronous irregular regimes, capture the transient temporal response of the
network to complex external inputs, and quantitatively describe regimes where high-and low-activity states alternate
(up/down state dynamics).

The previous equations can be extended to describe large networks of interconnected brain regions, with each region
being described by a mean-field model and the connectivity derived from human tractography (structural connectivity). In
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Table 1. AAEx mean field model parameters
(@) Scalar parameters of the AdEx mean field model
parameter value parameter value parameter value
Cnm 200.0pF S; 1.2 g 0.2
E, -63.0mV T 40.0ms e} 10.0nS
E;, -65.0mV ae 0.0nS Pcon, 0.05
E. 0.0mV a; 0.0nS Pcon, 0.05
E; -80.0mV be 60.0 pA Tou 5.0ms
Kext, 400 b; 0.0pA Te 5.0ms
Kext, 0 v 0.315e—3kHz T 5.0ms
Niot 10,000 vy 0.000 kHz Twe 500.0 ms
Qe 1.5nS v 0.315e—-3kHz Tw, 1.0ms
Qi 5.0nS 74 0.000kHz noise weight 1le-4
(b) Values for the fitted polynomials P of the transfer function F,,. See Di Volo et al. (2019) for detailed description. Values are given in V
cell type Po P, P, P, Pz Py Pz Py, oy Pz Poyn
excitatory —0.0498 0.00506 -0.025 0.0014 —0.00041 0.0105 —0.036 0.0074 0.0012 —0.0407
inhibitory —-0.0514 0.004 —0.0083 0.0002 —0.0005 0.0014 —-0.0146 0.0045 0.0028 -0.0153

addtion, such network can be driven by noise to produce spontaneous activity. In particular, the network input enters at
node k at time t by expanding the excitatory input term v as

V(k, 1) =G, Z Cive(j, t — Dxj) + wOUI(t),, @)
]

where G, is a scaling factor, Cy; is the connectivity matrix, Dy ; is the propagation delay, w is the noise scaling factor, and
OU(t)x is the noise drive defined as Ornstein-Uhlenbeck process:

TouydOU = —0Udt 4 dW, (3)

where Tgy is time constant and dW, is an increment of a Wiener process. The network input is scaled differently for the
inhibitory and excitatory populations given the S; constant, such that G, =S; G. The parameters of the model were adapted
from Goldman et al. (2022) and are listed in Table 1.

For the following analyses, 30 s of data were simulated and the first initial transient of 2 s was discarded before further
processing.

EEG

The EEG observer model complements the generative model of the brain dynamics (that is the networked AdEx model)
in order to provide simulated EEG signals. Here, four virtual electrodes were positioned on the forehead to simulate the
placement of headband devices commonly used in sleep studie s, i.e., the Dreem Headband (Arnal et al., 2020). A detailed
view of the electrodes placement is presented in Extended Data Figure 2-3. Given the small number of electrodes and
coarse-grained spatial resolution of the dynamical model, a simplified forward solution ommiting the conductivities and
dipole orientation was employed (Sarvas, 1987). The elements of the leadfield matrix L prescribing the contribution of
each of the brain network nodes to the sensor-level signals, were calculated as follows:

Ly =1/dj

where dj; is the euclidean distance between brain region i the electrode . The EEG signals are then derived as the dot prod-
uct between the lead field matrix and the output of the AdEx model.

Analysis
Detection of up- and down-states

The dynamics of the model in the sleep-like regime exhibits regular slow-wave dynamics, characterized by alternating peri-
ods of high and low activity (up- and down-states, Goldman et al., 2022). In order to quantify this dynamical pattern, we applied
the following steps to identify and evaluate the up- and down-states in both the EEG and source-level time-series. The sim-
ulated EEG time-series was first normalized in the [0 — 1] range and then binarized using a threshold of 0.5 (see Extended Data
Fig. 5-2). Up-states were defined as having higher activity than the threshold and down-states as having lower activity than the
threshold, respectively. Then, the start and length of each up or down state were identified, and only cycles where both states
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lasted at least 50 milliseconds were considered for further analysis. Same procedure was also applied on the source-level time-
series, with the binarization threshold of 0.3, and duration threshold of 40 milliseconds. A detailed view of the behavior for
various time and amplitude thresholds for the source-level signals is presented in Extended Data Figure 3-1, and for the
simulated EEG in Figure 2-2. The particular values of the thresholds were chosen to avoid misinterpreting noise-driven fluc-
tuation in the down-state (threshold too low), and missing lower-amplitude up-states (threshold too high).

Slow wave characterization

To evaluate the effects of aging on the SW properties, we particularly focused on the following variables: average SW
frequency, average up and down-state duration, the coefficient of variance of the SW frequency and synchrony. Each of
these is further detailed below. First, the total duration of each up-down cycle was extracted as the time interval from the
first point above the selected threshold to the last point recorded before the onset of a new up-state. The corresponding
frequency for each SW was taken as the inverse of the duration, then the mean and standard deviation were computed
based on the distribution of these frequency values, and the coefficient of variation (CV) was calculated as the ratio of
the standard deviation to the mean (following El Kanbi et al., 2023).

To evaluate the effect of aging on the simulated SW EEG sleep-like activity, we focused on key parameters, including
average frequency of the slow oscillations (SO), average up and down-state duration, CV of the SO and average amplitude
of the SO. The data features were calculated for the EEG sensor time-series in the same way as described above for the
source-level signals. Results are reported as averages across the simulated EEG channels.

On the source level, we report both the averages across all nodes of the brain network, and for the individual nodes (in a
form of a spatial map), in order to account for the potential differential effects of aging across the network nodes. We also
explored how the change through the synthetic aging in the above-mentioned features of the slow waves relates to the
graph-theoretical measures of node significance in the structural network (node strength and eigenvector centrality).
Briefly, node strength is quantified as the aggregate of the weights of all edges connected to a node, offering a measure
of its significance in a weighted network. Eigenvector centrality, on the other hand, assigns scores to nodes relative to the
quality of their connections, where links to nodes with high scores are more important in determining a node’s score than
links to nodes with lower scores. Consequently, a node with high eigenvector centrality indicates that many of its connec-
tions are to other nodes that also have high eigenvector scores.

Phase synchrony

In order to characterize the phase synchrony between the different nodes, the phase locking value (PLV) was calculated.
PLV was originally introduced by Lachaux et al. (1999), and it was previously used in the analysis of resting state connec-
tivity in magnetoencephalography (MEG) (Ghuman et al., 2011), as it provides a tool to analyse temporal relationships
between two neural signals without considering the amplitude of the signal. PLV expresses the absolute value of the
mean phase difference between two signals and can be described as follows:

N
PLV = ‘1 3 el
N t=1

where i andj the indices of nodes, ¢(t) the phase of the time series extracted by the Hilbert transform at time t and N is the total
number of time points, so that the metric was computed for each pair of node /, j and averaged over time. PLV values range
between 0 and 1 for random and fixed phase relationships, respectively. Thus, higher values describe higher degree of syn-
chrony. In our case, we apply PLV at the source-level of the simulated data—that is directly to the time-series of the state

Table 2. Listing of the frontal areas included in the frontal areas synchrony exploration in Figure 5

Hemisphere Network Acronym
LH LimbicB OFC
LH ContA PFCI
LH ContB PFClv
LH DefaultA PFCm
LH DefaultB PFCv
LH DefaultB PFCv
RH SalVentAttnB PFCI
RH LimbicB OFC
RH ContA PFCI
RH ContB PFClv
RH DefaultA PFCm
RH DefaultB PFCv
RH DefaultB PFCv
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variables of the AAEx model in each of the nodes—hence avoiding any volume conduction biases common in EEG applica-
tions (Stam et al., 2007).

The metric was calculated by definition for each pair of nodes, for the two types of populations (excitatory and inhibitory)
resulting in a nodes x nodes symmetric matrix M. The mean of the matrix excluding the diagonal elements was averaged
over all trials to provide an estimation of whole-brain synchrony across different degrees of virtual aging. The intra- and
inter-hemispheric synchrony (per hemisphere) was also explored separately, by averaging over the relevant submatrices
of M (top-right for interhemispheric, top-left for right intrahemispheric and bottom-right for left interhemispheric syn-
chrony). Additionally, the synchrony of frontal brain regions was calculated (see Table 2 and Fig. 5-1 for details on the
regions), motivated by the frontal position of the electrodes in the experimental data (El Kanbi et al., 2023).

Code accessibility
Codes implementing the simulation and analysis steps described above are publicly available as Extended Data 1 and in
the following repository https:/gitlab.ebrains.eu/fousekjan/vab-sleep.

Results

The virtual aging brain model replicates the age-related changes of sleep slow waves

Simulated SW characteristics along the virtual aging trajectory (reduction in inter-hemispheric connections) show the
same trends of changes as the reported empirical observations. In particular, with age, the frequency of the SW decreases
(Fig. 2a), the coefficient of variation increases (Fig. 2d), and the amplitude of the SW decreases (Fig. 2e). The shape of the
SW also changes, namely the down-states become longer with age (Fig. 2¢) while up-states remain almost unchanged
(Fig. 2b). All panels of Figure 2 show the variability of the average channel characteristics of the SW across 16 different
realizations of the stochastic process. We refer to Extended Data Figure 2-1 for the parameter differences assessed
with Kruskal-Wallis for each degradation level a.

To simulate other reported effects of the aging process (Coelho et al., 2021; Petkoski et al., 2023), particularly affecting the
fronto-parietal connections, the left fronto-parietal connections (Extended Data Fig. 3-3, lobes defined by FSL MNI atlas
Collins et al., 1995) were reduced similarly as described in Section 3.1, with the degree of connectome degradation represented
by the parameter 8 € [0.1, 0.6]. The results, reported in the Extended Data Figure 3-2, well align with those in Figure 3, showing that
the additional decrease in connectivity further amplifies the effects observed after the reduction of inter-hemispheric connections.

Network changes have spatially differential impact
The computational model provides access to the activity on the level of individual nodes in addition to the simulated
EEG. There, the age-related trends of the main characteristics of the EEG slow oscillations described in the previous
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Figure 1. Overview of the approach. a, The age-related deterioration of the interhemispheric connections is captured as a gradual decrease in the respec-
tive elements in the structural connectivity (SC) matrix representative of an older adult. b, Virtual Brain model is constructed from the SCs along the virtual
aging trajectory using the AdEx mean field model to govern the nodes’ dynamics. ¢, The brain network model is used to simulate the sleep-like activity both
on the source-level and on the EEG sensors, which is then compared across the virtual aging trajectory and against the empirical data with respect to the
selected data features. d, Empirical observations of interest (El Kanbi et al., 2023): flattening of the slow oscillations (decrease in amplitude) and decrease in
density (fewer SO per time unit).
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Figure 2. Slow oscillation (SO) changes along the virtual aging trajectory in the simulated EEG data. A value of 50 ms is taken for the spike temporal length
and 0.5 for the amplitude threshold. The boxplots represent the variability of the average network characteristics for 16 different realizations of the OU
process. The following effects are observed: Decrease in SO frequency a, Slight increase in up-state duration b, Increase in down-state duration c,
Increase in coefficient of variation (CV) of the SO d, Decrease in amplitude of the SO e, Extended Data Figure 2-1 provides the statistical evaluation of
the differences. Extended Data Figure 2-2 details the robustness of the results with respect to the choice of the up-state threshold. Extended Data
Figure 2-3 shows the position of the EEG electrodes.

section were preserved when averaged over the nodes of the network: the frequency decreased (Fig. 3a) and the coeffi-
cient of variability increased (Fig. 3d). In agreement with the spiking neural network (El Kanbi et al., 2023), the duration of
the down state increased while the duration of the up state slightly decreased (Fig. 3b,c). At a node-specific level, instead,
different nodes exhibited different rates of change of the SW characteristics along the virtual aging trajectory (Fig. 3e-h).
When evaluating the linear relationship between nodal SW characteristics and alterations in graph properties of the SC
along the virtual aging trajectory (Fig. 4 and Extended Data Fig. 4-1), we observed a reduction in nodal frequency and
up-time duration with diminishing nodal strengths, and an increase in nodal down-time and CV with reducing nodal
strengths. Lastly, we explored whether there was a change across the aging trajectory in terms of initiation of the individual
slow waves—that is which nodes arrive first to the up-state within the synchronous wave. While certain nodes initiated
the slow wave more frequently than others, this didn’t change significantly across the ageing trajectory (Extended Data
Figs. 4-2 and 4-3).

Decrease in EEG amplitude reflects decrease in inter-region synchrony

The decrease in amplitude is observed both in the empirical EEG data (El Kanbi et al., 2023; Fig. 1d) and in our simulated
EEG data (Fig. 2e). However, no such decrease was observed on the network level. In order to explain this discrepancy, we
turned to synchrony on the network level as the desynchronized oscillations would translate to smaller amplitudes on the
EEG level due to linear mixing of the network-level signals through the leadfield matrix (Section 3.3.1). Indeed, the syn-
chrony between the nodes, quantified by the PLVs, decreased as a function of increased virtual aging (Fig. 5a) for both
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Figure 3. Relationship between degradation level (increasing synthetic aging) and slow wave oscillation characteristics across all nodes (first row) and at a
single-node level (second row) for frequencies a, e, (Freq.) average up-b, f, and down-state duration ¢, g, and coefficient of variation d, h, (CV). In the first row
a-d, each box-and-whisker plot represents the distribution of the considered value (e.g., frequency) across 16 realizations of noise averaged over all nodes,
obtained for each single weight used to scale the structural connectivity matrix on 30 s simulations. The red line in each graph represents the linear fit across
the mean values for each synthetic age (e.g., each weight). The second row e-h, shows a brain surface—for the 100 regions of the Schaefer atlas—colored
proportionally to the slopes of change of each single node, showing if the considered value (e.g., Frequency) increases (positive values) or decreases (negative
values) along the synthetic aging process for that node. Extended Data Figure 3-1 details the robustness of the results with respect to the choice of the
up-state threshold. Extended Data Figure 3-2 shows the complementary effect of the additional deterioration of the fronto-parietal tracts. Extended Data
Figure 3-3 shows the location of the frontal and parietal areas.

excitatory and inhibitory neural populations. Moreover, this decrease was driven by the decrease of synchrony between
inter-hemispheric pairs of nodes (Fig. 5b,c).

Discussion
In this study, we aimed to investigate whether alterations in SW characteristics observed with aging derive from a reduc-

tion in nodal excitatory drives due to diminished inter-hemispheric connectivity. To assess this, we simulated SW oscil-
lations by using a mean field whole-brain network model of sleep-like activity (AJEXx) (Zerlaut et al., 2018; Di Volo et al.,
2019; Goldman et al., 2022), where nodal activities were coupled by an underlying structural connectivity matrix.
We employed the “virtual-aging” framework (Lavanga et al., 2023a), and, starting from a representative structural
connectome (at the beginning of the aging trajectory), we synthetically reduced only the inter-hemispheric connections
to simulate aging.

First, we were able to qualitatively reproduce, in our simulations, the age-related changes in SW characteristics
observed in real empirical EEG recordings (El Kanbi et al., 2023). Notably, the simulated SW successfully mirrored the
decreased SW frequency and duration of Up-states, increased variability and prolonged duration of Down-states
observed at the EEG-level with aging (Van Cauter et al., 2000; Landolt and Borbély, 2001; El Kanbi et al., 2023). Similar
effects were observed for slow-waves in an early-aging model in mice (Castano-Prat et al., 2017). Inter-hemispheric con-
nections are well-known to decrease with aging (Puxeddu et al., 2020; Lavanga et al., 2023a) and our results align with
previous literature showing their importance in influencing both awake resting state activity (Lavanga et al., 2023a) and
sleep SW characteristics (Avvenuti et al., 2020). Previous work has hypothesized that a reduction in the neural cortical
excitatory drive underlies many of the SW alterations observed with aging (Castano-Prat et al., 2017; El Kanbi et al.,
2023). In particular, both electrophysiological findings on a mouse model of aging (Castano-Prat et al., 2017) and simu-
lations from a computational model (El Kanbi et al., 2023) suggested that slower speed of propagation and diminished
frequency of SW were linked to reduced cortical excitability. Here, by characterizing inter-hemispheric connections as
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Figure 4. Regional association between rates of change (slope) in SW features and rates of change (slope) in graph theory metrics—node strength-across
different levels of synthetic aging for each node of the 100-Schaefer atlas. The slope in all cases is the rate of change of the given metric over the levels of
synthetic aging. Each point represents an average value across different noise realizations. Extended Figure 4-1 shows the rate of change of the SW fea-
tures with respect to eigenvector centrality. Extended Figure 4-2 provides an overview of which nodes initiate the slow waves across the ageing trajectory.
Extended Figure 4-3 shows the summary statistic for the SW initiation.

only excitatory, we were able to provide evidence for the network origin of this reduced excitatory drive. In fact, diminishing
inter-hemispheric connections in the model is equivalent to a reduction in the external excitatory drive for each connected
node. Even though the nodes of the network were identical in their mean field model parameters, the effect of the reduced
interhemispheric connections was spatially heterogeneous. Such heterogeneous age-related changes in structure-
function coupling have been previously reported in awake fMRI data (Zamani Esfahlani et al., 2022), and together with
our results suggest an intriguing direction for future empirical cohort studies of sleep EEG data. Given that previous studies
have reported that the effects of aging also include the reduction of certain specific intra-hemispheric connections, we
also investigated changes in slow-wave characteristics by selectively reducing the left fronto-parietal connections
(Coelho et al., 2021; Petkoski et al., 2023). By applying the same “virtual aging” procedure, we showed that these alter-
ations only strengthen the observed effects determined by the reductions in inter-hemispheric connections.
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Figure 5. Mean PLVs, averaged over all trials (n = 15), as a metric for phase synchronization between the different nodes. Increasing degradation level
denote virtual aging, which is characterized by a decrease in synchrony. The observed decrease of synchrony in the level of whole-brain a, is driven by
adecrease in the interhemispheric synchrony ¢, as a minimal effect is detected in the synchrony within the same hemisphere b. The frontal areas (@—dotted
line) reflect the same tendency in synchrony as the whole brain. Extended Figure 5-1 shows the selected frontal areas and their connections. Extended
Figure 5-2 shows an example time-course of the SW dynamics.

In empirical data, aging is also consistently linked with a decline in EEG amplitude (El Kanbi et al., 2023), suggesting a
potential reduction in synchrony among brain regions. Notably, our virtual aging simulations revealed a more pronounced
reduction in inter-hemispheric synchrony compared to intra-hemispheric synchrony. We thus suggest that reduced inter-
hemispheric structural connections might also yield reduced inter-hemispheric synchrony and reduced EEG amplitude.
SW are commonly conceptualized as traveling waves (Massimini et al., 2004), with propagation mainly via cortico-cortical
white matter connections. Our results align with previous studies that demonstrated a direct association between param-
eters reflecting slow-wave synchronization and the microstructure (Buchmann et al., 2011; Piantoni et al., 2013) and struc-
tural integrity (Avvenuti et al., 2020) of the corpus callosum. In this view, inter-hemispheric connections likely serve as the
primary pathway for cross-hemispheric propagation of slow waves (Avvenuti et al., 2020). Furthermore, the loss of slow-
wave synchrony may further impact the high-frequency activity related to plastic processes such as memory consolida-
tion, which is modulated by the slow-wave activity and potentially relying on the synchronous slow-waves for efficient
inter-area communication (Helfrich et al., 2018; Staresina et al., 2023).

It should be noted that our simulations were performed only on one representative connectome, drawn from the embed-
ding of connectomes of adults aged 55-63, that was “virtually aged.” Thus, future studies could aim at extending our
results to empirical cohorts in order to address the inter-individual variability. In particular, virtual brain models with model
parameters personalized with respect to individual EEG data would allow for relating the structural and functional changes
to the decline in cognitive performance and other factors (Lavanga et al., 2023a). While the starting point of the virtual aging
trajectory falls into the middle-aged adult bracket, it reflects the starting point of both the white matter changes (Schilling
et al., 2022), and changes in the slow wave characteristics of the sleep (Mander et al., 2017; El Kanbi et al., 2023).

Furthermore, in this study, we only focused on inter-hemispheric connectivity, thus we cannot exclude that other factors
known to be associated with aging (e.g., age-related neuromodulatory changes or grey matter atrophy) might also play a
role in shaping SW characteristics. In particular, the role of aging-associated cholinergic reduction (Muir, 1997), which can
be modeled as a variation of the adaptation parameter of the AAEx model (Brette and Gerstner, 2005; Zerlaut et al., 2018),
should be further explored in future studies. While the local and network contributions to the reduced excitatory drive are
difficult to disentangle, the respective hypotheses can be implemented in the virtual model of the mouse brain and aug-
ment the interpretation of the data on age-related changes of the slow wave characteristics of brain activity in animal mod-
els of aging (Melozzi et al., 2017; Sacha et al., 2024), including interventional studies (Spiegler et al., 2020).

The understanding of the age-related changes in sleep is important also due to sleep being implied as an intervention
target in the neurodegenerative diseases (Tatulian, 2022). In fact, the disease can accelerate the age-related changes of
the sleep processes reflected in the EEG features, such as the decrease in amplitude of the slow wave power (for review
see Romanella et al., 2021). Moreover, the mechanistic models have recently provided explanations of the characteristic
frequency slowing of the spontaneous awake brain activity in terms of local changes of the neural mass parameters due to
the neurotoxicity (Alexandersen et al., 2023; Cabrera-Alvarez et al., 2024). Integrating these models with the model of the
aging sleep brain state presented in this paper constitutes an intriguing area of future work.
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In conclusion, our study sheds light on the potential role of inter-hemispheric connectivity in shaping age-related
changes in SW sleep. By bridging the gap between mechanistic modeling and empirical observations, our findings
pave the way for further research aimed at understanding and improving sleep quality in the aging population.
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4. Discussion with references

In this thesis | contribute to advancing neuroimaging-based brain network models
for neurodegenerative diseases in two main ways. First, my results increase our
understanding of the multifactorial nature of AD, the most common
neurodegenerative disease, particularly regarding CSVD co-pathologies. In a
genetic ADAD cohort, | showed that PVS alterations may be intrinsic to AD
pathogenesis. Additionally, in aging-associated AD | found that WMH are linked
to cortical thinning in AD-vulnerable temporal regions - further supporting the idea
that CSVD is an integral part of AD pathology. Second, my findings contribute to
building more biologically informed brain network models allowing for a more
detailed investigation into how CSVD and WM damage affect brain dynamics in
wakefulness and sleep. Using these models, | found that the global burden of
WMH affect wakeful resting-state activity in early AD by reducing the global
coupling of brain regions (e.g., their synchrony). Additionally, reductions in inter-
hemispheric WM connections are responsible for sleep slow-wave activity

changes commonly observed in aging and AD.

4.1 CSVD contributes to AD pathogenesis

My first two projects investigated the role of CSVD in AD. These results challenge
the conventional view of CSVD as only a secondary, age-related co-pathology in
late-onset AD. They further suggest the importance of considering CSVD and the
related WM damage to fully account for the pathophysiological complexity of AD.

Since CSVD is usually associated with confounders, such as aging and
cardiovascular risk factors, in Project 1 (Leone et al., 2025), | focused on
individuals with a genetic form of AD, which typically manifests between ages 30
and 50. Here, | investigated PVS alterations as a biomarker of CSVD. A novel,
fully automated MRI method (Barisano et al., 2025), allowed us to quantify PVS
metrics, in terms of count and mean diameter, across the whole brain. This
approach overcame the limitations of traditional, manually rated scales of PVS
restricted to a single MR slice. In this project, | found that mutation carriers had

fewer but enlarged PVS compared to non-carrier relatives, with changes emerging
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up to 18 years before dementia onset. Given that PVS visibility on MRI reflects
normal perivascular fluid flow, reduced visibility may indicate small vessel
dysfunction. This is consistent with prior findings of CSVD in post-mortem ADAD
cases (Littau et al., 2022), reduced cerebral blood flow in ADAD (McDade et al.,
2014), and recent studies reporting lower PVS volume in individuals with mild
cognitive impairment and in subjects at-risk for dementia in late-onset AD
(Barisano et al.,, 2025). While PVS count was reduced earlier, enlargement
occurred a few years later. | speculate that this suggests a two-phase process
where initial small vessel dysfunction alters perivascular fluid dynamics, later
leading to a compensatory enlargement of still patent PVS. When comparing the
trajectories of PVS alterations along the disease course with those of established
biomarkers such as cerebrospinal fluid (CSF) AB and tau, | observed a temporal
overlap. Both PVS metrics and CSF biomarkers exhibited increasingly abnormal
values closer to the onset of dementia, potentially suggesting that changes in PVS
occur in a similar time frame as classical AD pathology. Similarly, when | assessed
the regional distribution of PVS alterations, | observed a spatial overlap with
common sites of pathology in ADAD, such as the basal ganglia and temporal lobe
(Bateman et al., 2012). These findings reinforce the hypothesis that PVS
alterations are linked to AD-specific mechanisms. These results are in line with
previous findings on WMH in ADAD, where mutation carriers had greater WMH
volume, increasing approximately 6 years before expected symptom onset (Lee
et al., 2016; Schoemaker et al., 2022). A limitation of this study was that amyloid
and tau CSF and PET data were not available for our cohort, so we could only
compare the temporal and spatial distribution of PVS alterations with a reference
cohort (Bateman et al., 2012). Although the accumulation of amyloid and tau in
ADAD is more stereotypical than late-onset AD (Bateman et al., 2012), future
studies should aim to directly compare PVS alterations with amyloid and tau CSF
and PET data within the same cohort. Overall, these results suggest an intrinsic
involvement of small brain vessels and their surrounding PVS in the

pathophysiology of ADAD.
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Having provided evidence for a direct link between CSVD and AD pathology in a
cohort without confounders, in Project 2 (Leone & Kobeleva, 2025), | further
analyzed the effects of CSVD on early neurodegeneration in late-onset, sporadic,
AD. In this study, | tested whether WMH were associated with cortical thinning in
AD-vulnerable temporal regions (Jack et al., 2015) in addition to amyloid and tau,
and whether global (cerebrovascular disease) or focal (axonal degeneration)
processes explained this association. To estimate axonal degeneration, | used a
disconnectome approach (Griffis et al., 2021). By evaluating the location of WMH
within the brain and by combining it with a reference tractography atlas, this
approach allowed me to trace the focal burden of WMH both to the specific WM
tracts affected and to the cortical regions connected to those tracts. This study
demonstrated that the global burden of WMH, namely the total volume of WMH,
is linked with cortical thinning in AD-vulnerable regions of the temporal lobe, also
when correcting for regional tau and amyloid deposition. The global burden of
WMH explained a substantial proportion of variance in cortical thickness,
exceeding that of amyloid. Periventricular WMH showed the strongest
associations with reduced cortical thickness in AD-vulnerable temporal regions.
The associations between WMH and cortical thinning were generally stronger in
amyloid-positive individuals and were largely confined to AD-vulnerable temporal
regions, with no strong associations observed in other brain regions. These
findings align with recent evidence that vascular pathology may contribute to AD-
related atrophy beyond classical AD mechanisms, for example via hypoxic
damage or blood-brain-barrier dysfunction (Barisano et al., 2022). The absence
of associations between the focal burden of WMH and cortical thinning suggests
that diffuse processes, rather than axonal degeneration, may drive early WMH-
related neurodegeneration. However, this could differ from later stages of the
disease, since WMH-connected regions have lower cortical thickness compared
to WMH-unconnected regions in later dementia stages (J. Zhang et al., 2024). In
this study, | did not find any longitudinal associations between WMH and cortical
thinning, possibly due to the relatively short follow-up or dominant tau-related
degeneration. Itis worth noting that this study used a population-based reference

tractography atlas to quantify the focal burden of WMH. This choice was
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performed to reduce false positive WM connections that are often observed in
single-subject diffusion tractography. However, this prevented the assessment of
WM tract variability between individuals. Therefore, future studies using individual
subjects’ tractography data will be crucial to further confirm our findings and to
fully clarify the mechanisms linking WMH and neurodegeneration in AD. Overall,
the findings of this study further highlight the role of CSVD in shaping structural
brain changes in AD, setting the stage for exploring how such pathology influence

brain dynamics during wakefulness and sleep.

4.2 White matter co-pathologies influence brain dynamics during wakefulness and
sleep

Results from the previous projects set the stage to evaluate the effects of CSVD-
related WM damage, such as WMH, on brain network activity. In Project 3 (Leone
et al., 2024), | developed a brain network model and combined it with a
disconnectome (Griffis et al., 2021) approach to study the pathological effects of
WMH on brain dynamics. As in Project 2, the disconnectome framework enabled
me to map focal WMH-related damage both to the affected WM tracts and to the
cortical regions connected to those tracts. Incorporating this information into the
brain network model allowed me to simulate the resulting alterations in brain
dynamics, thereby providing a “mechanistic” link between WM damage and its
functional consequences. In line with the approach used in Project 2, here | again
investigated whether the impact of WMH on brain dynamics depended on global
versus focal effects. In this study, | showed that the pathological effects of WMH
are linked to WMH-associated reductions in global coupling, leading to diminished
overall synchronization of the brain. Alterations of local regional dynamics through
disconnections are less relevant and present only at higher stages of WMH
damage. Exploratory analyses suggested that education might play a beneficial
role in counteracting the reduction in global coupling associated with WMH.
Previous associational studies on the effects of WMH on inter-regional functional
connectivity are mixed (Schulz et al., 2021), but results from my study are in line
with the prevailing idea that WMH mostly reduce long-distance functional

connectivity (Quandt et al., 2020). The association with global rather than focal
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damage further supports the hypothesis that CSVD induces widespread damage
to WM tracts. This damage, although not directly observable with structural MR,
could already impair brain communication in widespread networks (Ter Telgte et
al., 2018). Future studies could incorporate more advanced diffusion tensor
imaging metrics, such as fractional anisotropy, in brain network models. These
metrics may already be altered within the normal appearing white matter, possibly
providing an additional characterization of the effects of CSVD-related damage on
brain function. Overall, this study bridged the structural and functional alterations
observed in subjects with WMH using a biophysical (“mechanistic”) brain network
model. These results provide a needed foundation for future work aiming to build
more biologically realistic brain network models in AD by combining the effects of

WMH with those of amyloid and tau.

In Project 4 (Lupi et al., 2024), | contributed to a study investigating how inter-
hemispheric WM damage, a common feature of both aging and AD, exacerbated
by CSVD, impacts the dynamics of SWS. We initially developed a brain network
model using a reference structural connectome of middle-aged adults. Then, we
simulated a progressive reduction of inter-hemispheric WM connections (“virtual
aging”), mimicking the evolution of structural disconnections observed in empirical
aging (Lavanga et al., 2023). Our model demonstrated that this loss of structural
connectivity alone induced characteristic alterations in SWS, namely a reduction
in slow-wave frequency and amplitude, alongside increased temporal variability.
These simulated outcomes not only recapitulate the well-documented changes to
SWS observed in aging (Kanbi et al., 2023) but also mirror the SWS disturbances
that are hallmarks of AD (Zhang et al., 2022). Although our study was based on
theoretical simulations, it provides a powerful mechanistic hypothesis: that the
integrity of inter-hemispheric WM tracts is critical for sustaining the cortical
synchrony necessary for normal SWS. This suggests that WM damage, as a
common underlying pathology, could be a direct driver of the SWS disruptions
seen in both aging and AD. Understanding this link is clinically significant, as
impaired SWS may in turn accelerate neurodegeneration by hindering processes

like metabolic waste clearance along PVS (Tatulian, 2022). It is worth noting that
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this work relied on a “virtual aging” model rather than empirical data. Future
studies, possibly in a longitudinal setting, should combine empirical structural
connectivity data of the aging brain with electrophysiological sleep recordings to
properly validate our synthetic findings in vivo. Nevertheless, the findings of this
study provide crucial information that build a strong foundation to investigate the
combined effects of WM damage, amyloid, and tau pathologies on sleep

architecture in aging and AD.

4.3 Conclusion

In conclusion, this work deepens our understanding of how WM co-pathologies,
such as CSVD, affect brain structure and function in AD. Moreover, by
incorporating this information into brain network models, it brings them closer to
biologically realistic representations that better capture the full complexity of the
disease. More biologically realistic models may support earlier and more precise
detection of subtle brain functional alterations in AD and other neurodegenerative
diseases. Additionally, by simulating how an individual's brain responds to specific
interventions, such as drugs or stimulation, brain network models have the
potential to help tailor treatments to each patient’s unique brain activity profile.
These advancements may enable interventions to be applied at earlier disease

stages and more effectively, ultimately improving patient care and outcomes.
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5. Statement on own contribution
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personally wrote the code for all statistical analyses. | made all figures, wrote the

first draft of the manuscript, and provided revisions after reviewers’ comments.

Project 2 was designed by me in collaboration with Prof. Dr. Med. Xenia Kobeleva
(Head of Computational Neurology group at the Ruhr University Bochum). The
raw data used for this study was generated by the Alzheimer's Disease

Neuroimaging Initiative (ADNI, https://adni.loni.usc.edu/). | personally wrote all the

code needed for the preprocessing of imaging data and independently performed
all statistical analyses. | made all figures, wrote the first draft of the manuscript,

and provided revisions after reviewers’ comments.

Project 3 was designed by me in collaboration with Prof. Dr. Med. Xenia Kobeleva
(Head of Computational Neurology group at the Ruhr University Bochum). The
raw data used for this study was generated by the Alzheimer's Disease

Neuroimaging Initiative = (ADNI, https://adni.loni.usc.edu/). The image

preprocessing was performed by a research assistant, Steven Geysen, under my
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