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Abstract

Alzheimer’s disease (AD) is characterized by significant cerebral dysfunction,
including increased amyloid deposition, gray matter atrophy, and changes in
brain function. The involvement of highly connected network hubs, known as
the “rich club,” in the pathology of the disease remains inconclusive despite
previous research efforts. In this study, we aimed to systematically assess the
link between the rich club and AD using a multimodal neuroimaging
approach.

We employed network analyses of diffusion magnetic resonance imaging
(MRI), longitudinal assessments of gray matter atrophy, amyloid deposition
measurements using positron emission tomography (PET) imaging, and meta-
analytic data on functional activation differences. Our study focused on evalu-
ating the role of both the structural brain network’s core and extended rich
club regions in individuals with mild cognitive impairment (MCI) and those
diagnosed with AD.

Our findings revealed that structural rich club regions exhibited accelerated
gray matter atrophy and increased amyloid deposition in both MCI and
AD. Importantly, these regions remained unaffected by altered functional acti-
vation patterns observed outside the core rich club regions. These results shed
light on the connection between two major AD biomarkers and the rich club,

providing valuable insights into AD as a potential disconnection syndrome.

Abbreviations: AD, Alzheimer’s Disease; ADNI, Alzheimer’s Disease Data Sharing Initiative; DTI, diffusion tensor imaging; FA, fractional
anisotropy; FDR, false discovery rate; MCI, Mild Cognitive Impairment; MRI, magnetic resonance imaging; NIMARE, Neuroimaging Meta-Analysis
Research Environment; PET, positron emission tomography; ROI, region of interest; SUV, standardized regional uptake ratio value.
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1 | INTRODUCTION

Alzheimer’s disease (AD) is a neurodegenerative disorder
characterized by a progressive decline in cognitive func-
tion, leading to significant emotional, social, and societal
burdens for patients, families, and caregivers (Reitz
et al., 2011; Weller & Budson, 2018). At the neurobiologi-
cal level, the disease is marked by cerebral atrophy,
including volume loss, morphological changes, and corti-
cal thinning (Pini et al., 2016). Another key feature is the
accumulation of amyloid-beta plaques, abnormal protein
fragments that disrupt cell function and communication
between neurons (Blennow et al., 2006; Hardy &
Selkoe, 2002; Liu et al., 2013; Mawuenyega et al., 2010).
Additionally, the presence of tau pathology, characterized
by abnormal modifications of the tau protein and the for-
mation of neurofibrillary tangles within neurons, further
impairs neuronal function (Ittner & Gotz, 2011; Lee &
Leugers, 2012).

An influential hypothesis suggests that AD can be
seen as a disconnection syndrome, affecting the brain’s
network infrastructure (Brier et al., 2014; Delbeuck et al.,
2003; Geschwind, 1965; Wang et al., 2015). This disrup-
tion leads to disorganized network configurations, with
some brain regions being more vulnerable to pathological
changes than others (Brier et al., 2014; Fathian et al,,
2022; Wang et al., 2015). These particularly vulnerable
regions often correspond to highly connected network
hubs (Crossley et al., 2014), which play crucial roles in
information processing (van den Heuvel & Sporns, 2013).
Within the cerebral cortex, hubs are found in heteromo-
dal areas of the association cortices and are susceptible to
amyloid-beta deposition, atrophy, and disruption of activ-
ity and metabolism in AD (Buckner et al., 2009; Dai
et al., 2015; Stam et al., 2009; Yu et al., 2017).

The human brain’s densely connected hub regions
are thought to form a centrally connected “rich club”
(van den Heuvel & Sporns, 2011). This rich club exhibits
high interconnectivity among its hub regions, serving as
a central backbone for global communication and infor-
mation integration (van den Heuvel et al, 2012).
However, because of its dense connectivity and high
metabolic demands, the rich club is also susceptible to
pathology (Griffa & Van den Heuvel, 2018). While
reduced integrity of white matter connections between
rich club regions has been observed in several brain dis-
orders (de Lange et al., 2019), its involvement in AD is
still inconclusive.

Studies investigating rich club organization in AD
have yielded inconsistent findings, thereby warranting
further investigation. Some studies have reported pre-
served rich club organization in individuals with AD
(Daianu et al., 2015; Ma et al., 2022), while others have
observed alterations in the organization, either an
increase (Daianu et al., 2016; W. J. Lee et al., 2018; Yan
et al., 2018) or decrease (Drenthen et al., 2022; Fathian
et al., 2022; Xue et al., 2020). These discrepancies in find-
ings may be attributed to methodological variations
across studies such as different analytic approaches and
imaging techniques (Wu et al., 2019). While the literature
presents divergent findings on the connectivity between
rich club regions in AD, consensus emerges when
examining feeder connections, which link peripheral
(i.e., non-rich club member) brain regions to the rich
club. Multiple studies consistently report a decrease in
connectivity of feeder connections in the context of AD,
indicating their potential involvement in the disease’s
pathophysiology (Cao et al., 2020; Daianu et al., 2016;
Lee et al., 2018; Mirza-Davies et al., 2022).

Despite evidence suggesting a spatial co-localization
of Alzheimer-related pathology with structural network
hubs in the human brain, the specific role of the rich club
in AD remains poorly understood. To address this knowl-
edge gap, we aim to investigate the potential involvement
of structural rich club regions in AD by examining the
progression of atrophy, amyloid deposition, and func-
tional disturbances. To accomplish this, we adopt a mul-
timodal neuroimaging approach, integrating structural
connectivity data from a cohort of healthy elderly
participants with case—control data of patients with AD
and mild cognitive impairment (MCI) that include
longitudinal assessments of gray matter atrophy in
magnetic resonance imaging (MRI) data, assessments of
amyloid deposition in positron emission tomography
(PET) data, and meta-analytic indicators of functional
disturbances. To obtain a comprehensive understanding
of the structural rich club in MCI and AD, we extend
our investigation beyond the narrow-sense core rich
club and include an analysis of the larger extended rich
club, considering that the rich club concept encompasses
both a specific subset of highly interconnected hub
regions and a broader principle of network organization,
where also less heavily-connected regions exhibit prefer-
ential connections beyond their individual connectivity
degree. For both the core rich club and for the extended
rich club, we ask whether rich club regions show
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accelerated gray matter atrophy, increased amyloid depo-
sition, and more signs of functional disturbances than the
remaining peripheral regions in patients relative to
healthy controls.

2 | METHODS

In the present study, we reconstruct a structural refer-
ence connectome that represents the healthy brain net-
work in elderly individuals. This connectome forms the
cornerstone of our subsequent analyses, where we seek
to discern patterns of structural atrophy, amyloid deposi-
tion, and disruptions in functional brain activation
among patients diagnosed with AD and MCI. By leverag-
ing a structural reference connectome derived from
healthy elderly participants, we can chart structural and
functional alterations, devoid of confounding effects
stemming from neurodegeneration in the brain’s struc-
tural network organization. Anchoring the reference con-
nectome on structural connectivity measures derived
from diffusion MRI underscores the organizational
principles of anatomical connectivity, resulting in hub
measures that are more interpretable than those based
solely on functional connectivity (van den Heuvel &
Sporns, 2013).

We combine neuroimaging data from three different
cohorts: a) Structural MRI for the assessment of gray
matter atrophy in patients with AD, MCI, and healthy
controls from the ADN1 cohort (Petersen et al., 2010), b)
florpetapir PET data for the assessment of amyloid depo-
sitions in patients with AD, MCI, and healthy controls
from the ADNI-GO/2 cohort, and c) structural connectiv-
ity data from the 10kinlday cohort (van den Heuvel
et al., 2019) for building a reference connectome from
elderly healthy controls. These data are complemented
by meta-analytic reverse inference decoding in
Neurosynth (Yarkoni et al., 2011) to address functional
disturbances in AD and MCI. All three data sets and the
meta-analytic approach will be described in the follow-
ing. We combined data from all imaging modalities at the
level of 82 cortical and subcortical regions of interest
(ROIs) as described in the Desikan—Killiany atlas
(Desikan et al., 2006). This atlas is extensively utilized in
clinical neuroimaging and network neuroscience, thereby
ensuring the comparability of our present results with
the extensive body of existing literature (Lariviere
et al., 2021).

Part of the data used in the preparation of this article
were obtained from the Alzheimer’s Disease Neuroimag-
ing Initiative (ADNI) database (adni.loni.usc.edu). The
ADNI was launched in 2003 as a public-private partner-
ship, led by Principal Investigator Michael W. Weiner,

MD. The primary goal of ADNI has been to test whether
serial MRI, PET, other biological markers, and clinical
and neuropsychological assessment can be combined to
measure the progression of MCI and early AD. For up-
to-date information, see www.adni-info.org.

2.1 | Structural MRI data

We included N =424 participants (n =224 males,
n = 200 females) from the ADNI data set with at least
two available MRI scans (at screening and at 12 months
follow-up) that had been processed with Freesurfer’s
longitudinal pipeline. The sample included n =72
patients with AD (age M =73.93, SD=17.99, n= 34
male, n = 38 female), n = 215 patients with MCI (age
M = 74.04, SD = 7.24, n = 124 male, n = 91 female),
and n = 137 healthy control participants (M = 74.86,
SD = 4.85, n = 66 male, n = 71 female). All structural
MRI data were acquired at 1.5 T.

2.2 | PET data

We included N = 363 participants from the ADNI-GO/2
cohort who had undergone structural MRI imaging at 3T
at baseline and at least one session of PET imaging with
florbetapir (**F-AV-45) as radionucleotide. In case that
more than one PET session was available, we selected the
session closest to the baseline MRI scan. The sample
included n =102 patients with AD (age M = 74.23,
SD = 8.14, n = 57 male, n = 45 female), n = 119 patients
with MCI (age M =72.54, SD =7.92, n =61 male,
n =58 female), and n = 142 healthy controls (age
M = 73.43, SD = 6.22, male n = 72, female n = 70).

2.3 | Connectome data

We used connectome data from the openly available
10kinlday data (van den Heuvel et al., 2019). This data
set contains structural connectome data from 8168 partic-
ipants. From this dataset, we selected connectome matri-
ces from healthy (i.e., non-patient) participants aged
55 to 90 years to match the age range from the ADNI
data sets. This resulted in a final sample of N = 865
participants (n = 417 males, n = 446 females, n = 2 no
gender specified) from eight age groups (50-55 n = 224,
55-60 n =163, 60-65 n =121, 65-70 n = 186, 70-75
n =295 75-80 n=>51, 80-85 n =21, 85-90 n =4).
Details on the processing pipeline and quality control
are given in van den Heuvel et al. (2019). In brief, con-
nectomes were assembled by first obtaining a cortical

85UB017 SUOLILLIOD BAIFER1D 3|qedlidde auy Aq pausenob ke sSppie VO ‘s o S3In1 10} Afeiq 1 8UIIUO 8|1 UO (SUORIPLIOD-PUR-SBY/W0D" A3 1M A1 1 BUIUO//STNY) SUORIPUOD PUe SWie L 8U3 39S *[7202/90/T0] Uo Aiqiauliuo A8|IM BILI04IED JO AISBAIN AQ #8E9T UB/TTTT OT/I0P/WO00 A3 1M Afelq 1 pUI|UO//SONY W04 PAPEO|UMOQ ‘0 ‘89S609T


http://adni.loni.usc.edu
http://www.adni-info.org

MARKETT ET AL.

lwiLey- DT

and subcortical gray matter parcellation from running
T1-weighted structural images through Freesurfer (Fischl
et al., 2004) and then collating the resulting parcellation
with DTI (diffusion tensor imaging) data. Diffusion data
were first corrected for susceptibility and eddy current
distortions. Then each voxel’s main diffusion direction
was obtained via robust tensor fitting. Large white matter
pathways were formed by deterministic fiber tractogra-
phy (Mori et al., 1999). Fiber streamlines were propa-
gated along each voxel’s main diffusion direction after
originating from eight seeds evenly distributed across
each white matter voxel until a stopping criterion was
met (hitting a voxel with FA < .1, a voxel outside the
brain mask, or making a turn of >45°). A pair of regions
from the gray matter parcellations was considered con-
nected when both regions were touched by a recon-
structed streamline. Connections were weighted with the
total number of streamlines that touched both ROIs. This
resulted in one weighted and undirected connectome
matrix for each individual.

2.4 | Network and rich club analysis

Network analysis and extraction of network parameters
were performed in Matlab. We created a weighted 82 * 82
group connectome adjacency matrix that contained
connections present in at least 60% of all participants,
weighted by the mean number of streamlines computed
per connection across all participants. The threshold of
60% has been demonstrated to strike an optimal balance
between false-positives and false-negatives in structural
brain networks (de Reus & van den Heuvel, 2013). We
followed standard procedures for rich club analysis
(Riedel et al., 2022; van den Heuvel et al., 2013) based on
code from the Brain Connectivity Toolbox (BCT,
Rubinov & Sporns, 2010). A network is said to have rich
club properties when high degree nodes show a higher
level of interconnectedness than expected from their high
degree alone (van den Heuvel & Sporns, 2011), across a
range of degree thresholds. The rich club regime was
established as follows: We first computed the weighted
rich club coefficient (using the BCT function rich_-
club_wu.m) across the full range of levels k from the net-
work’s degree distribution (k = 1,...,35). Because high
degree nodes have a high likelihood to connect to other
high degree nodes by chance alone, it is necessary to
establish that the empirical level of interconnectedness
exceeds the level of interconnectedness in random net-
work null models. We created 10,000 null networks by
reshuffling all connections in the matrix, effectively
destroying network topology. We used the BCT function
randmio_und.m that preserves the degree distribution of

the network. Each connection was rewired 10 times.
Standardized rich club coefficients were then obtained by
dividing empirical coefficients by coefficients from all
10,000 iterations of the null model across the full range
of k. We determined the rich club regime as the largest
series of subsequent k, where the empirical rich club
coefficient was larger than the rich club coefficient in
95% of all null networks. We assigned nodes to the rich
club when their nodal degree was equal to or larger than
the k-value where the normalized rich club coefficient
was maximal. We complemented this definition by a
second analysis of an “extended rich club”, which
included all brain regions with nodal degree equal to or
larger than the k-value that marked the starting point of
the rich club regime.

2.5 | Atrophy analysis

Atrophy for each participant and for each of the
82 regions of interest was computed by subtracting mean
gray matter volume at baseline from gray matter volume
at follow up (12 months later). These within-participant
comparisons were facilitated by Freesurfer’s longitudinal
processing module, which ensures unbiased volume esti-
mates at each time point. We computed mean atrophy
for structural rich club regions and for peripheral
(i.e., non-rich club) regions. To explore atrophy differ-
ences within the rich club, nodal atrophy estimates were
averaged for each rich club region in the three study
groups separately, and the differences between each
patient group and the control group were plotted. To
characterize atrophy differences from a network perspec-
tive, nodal atrophy was correlated non-parametrically
with the nodal degree obtained from the reference con-
nectome and with regional gray matter volume at base-
line. All correlations were computed within participants
and z-transformed before statistical analysis.

2.6 | PET analysis

Regions of interest were delineated at baseline by run-
ning structural images through Freesurfer. Mean florbe-
tapir update was computed for each of the 82 regions of
interest. Mean uptake was standardized with the size
of the respective ROI (mean gray matter volume of ROIs
from the baseline MRI scan). For each level K, standard-
ized regional uptake ratio value (SUV) of florbetapir
PET was calculated across rich club and non-rich club
regions by dividing the sum of the florbetapir-
volume-products across regions by the sum of the vol-
umes across regions.

85UB017 SUOLILLIOD BAIFER1D 3|qedlidde auy Aq pausenob ke sSppie VO ‘s o S3In1 10} Afeiq 1 8UIIUO 8|1 UO (SUORIPLIOD-PUR-SBY/W0D" A3 1M A1 1 BUIUO//STNY) SUORIPUOD PUe SWie L 8U3 39S *[7202/90/T0] Uo Aiqiauliuo A8|IM BILI04IED JO AISBAIN AQ #8E9T UB/TTTT OT/I0P/WO00 A3 1M Afelq 1 pUI|UO//SONY W04 PAPEO|UMOQ ‘0 ‘89S609T



MARKETT ET AL.

2.7 | Functional meta-analysis

Functional characterization of all 82 regions of interests
was achieved via meta-analytic reverse inference decod-
ing, using the NeurosynthDecoder as implemented in the
Neuroimaging Meta-Analysis Research Environment
(NiMARE; Salo et al., 2022), following our standard pro-
tocols (Boeken et al., 2022; Boeken & Markett, 2023).
Neurosynth is a comprehensive data base of the func-
tional neuroimaging literature and contains functional
activation foci from 14,371 functional neuroimaging
together with relevant meta data (called terms) which can
be queried to gain insights under which conditions these
activation foci have been obtained. Neurosynth’s meta
data contain around 3000 terms covering various catego-
ries such as psychological constructs (e.g., “memory”),
disease related-terms (e.g., “alzheimer”, “mild cognitive”),
and anatomical terms (Yarkoni et al., 2011).

Reverse inference decoding seeks to establish associa-
tions between a given term entry in the meta data (such
as “alzheimer” or “mild cognitive”) and regional activity
by determining the relative over-representation of these
term in studies reporting activation at a particular loca-
tion. To this end, the term-specific activations are com-
pared with the entire Neurosynth database, that is, to
14,371 functional neuroimaging studies and around 3000
term annotations. We queried the database with all
82 regions of interest and searched the resulting datasets
for the terms “alzheimer”, “alzheimer disease”, “mild
cognitive”, “mci” (i.e., both as for mild cognitive impair-
ment) and “cognitive impairment”. We then calculated a
two-way chi-square statistic for each region to assess the
statistical independence of the label’s presence and
the term selection, using the Benjamini-Hochberg proce-
dure to control the false discovery rate. For all significant
region-term associations, we then calculated the Bayes
Factor as the ratio between the posterior odds and the
prior odds (Goodman, 1999; Poldrack, 2006), to obtain an

Rich Club Curves

Degree Level K

T Wiy

interpretable measure of association strength of the term
(e.g., “Alzheimer disease”) given a possible activation
(obtained by the meta-analysis) within the given region
of interest.

2.8 | Statistical analysis

Atrophy and amyloid data were analyzed by analyses of
variance, treating the structural rich club as within-
subject factor (rich club vs. periphery), group as between-
subject factor (Alzheimer, MCI, healthy controls), and
participants’ age as covariate. Significant interactions
between rich club and group were further explored
by post-hoc comparisons that focused on two groups
only (healthy controls vs. MCI, healthy controls
vs. Alzheimer, MCI vs. Alzheimer).

For each meta-analysis, we calculated Bayes factors
for rich club and non-rich club regions by averaging the
regional Bayes factors for both sets of brain regions. Sta-
tistical significance of the association between the rich
club and functional activation differences was examined
through a series of xz-tests, examining whether brain
regions with meta-analytical activation differences were
more likely to be rich club members or not.

3 | RESULTS

3.1 | Rich Club

We confirmed rich club organization in the weighted
structural reference connectome (Figure 1la), starting
from nodes with degree >12 up to degree >27 (p < .05,
FDR-corrected, Figure 1b). The peak of the normalized
rich club curve at k>26 revealed a rich club of seven
nodes (8.54%) for which the rich club effect was maximal
(Figure 1c, red nodes). These regions included the

FIGURE 1 Structural reference connectome based on the standard Freesurfer atlas, (b) rich club curves (b) for the empirical (black),
null model (gray), and normalized (red) rich club coefficients in the reference connectome. The shaded area indicates the rich club regime

where the normalized rich club coefficient was significantly larger than 1 (dashed line). (c) Rich club regions: the red regions are the rich

club according to the maximal rich club coefficient (k > 26), the blue regions are the additional members of the extended rich club (k > 12).
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putamen bilaterally, superior frontal and superior parie-
tal cortex bilaterally, and the left insula.

The rich club regime, however, started already at
k>12, identifying 46 additional regions in the extended
rich club (53 nodes in total, 64.64%, Figure 1c, all
highlighted nodes in red and blue).

3.2 | Atrophy

We assessed gray matter atrophy of the structural rich
club and the extended structural rich club longitudinally
in patients with AD, MCI, and healthy -controls
(Figure 2). Disease status was related to gray matter
atrophy, irrespective of participants’ age (main effect:
F(2, 420) = 7.8, p < .001, n* = .036): patients with AD
showed higher atrophy than patients with MCI
(F(1, 284) = 6.763, p = .01, n2 =.023), and patients with
MCI showed higher atrophy than healthy individuals
(F(1, 349) = 4.183, p = .042, n> = .012). Disease status
was differentially related to atrophy of rich club regions
(interaction: F(2, 420) = 3.170, p =.043, 1> = .015).
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FIGURE 2

Relative to healthy controls, patients with AD showed
more pronounced atrophy in their rich club (F(1, 206)
=6.387, p = .012, n° = .03). There was no such effect
in patients with MCI (F(1, 349) = 1.466, p = .227,
n® = .004). Although all rich club regions exhibited signs
of atrophy in patients compared with controls, the extent
of atrophy was notably more pronounced in the cortical
rich club regions (see Figure 3a). For the extended rich
club, disease status was also differentially related to atro-
phy (interaction: F(2, 420) = 7.99, p < .001, n* = .037).
Relative to healthy controls, both patients with AD (F
(1, 206) = 16.414, p < .001, n2 = .074) and patients with
MCI showed higher atrophy in extended rich club
regions (F(1, 349) = 5.039, p = .025, n> = .014). Across
the entire brain network, the degree of atrophy was
observed to be more prominent in regions with
larger nodal degrees and greater gray matter volume at
baseline. Notably, this relationship was more pro-
nounced in the patient groups compared with healthy
controls (nodal degree: F(2, 421)=3.936, p < .02,
n2 = .018; baseline volume: F(2, 421) = 3.801, p = .023,
n? = .018).
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Atrophy (top row), amyloid (middle row), and functional (bottom row) results for rich club and peripheral regions in

patients with AD, patients with MCI, and healthy controls. The left panels use a rich club definition based on the maximal rich club

coefficient. The right panels use an extended rich club definition, according to the rich club regime. In the bottom panels, search terms for

the functional meta-analyses are plotted on the x-axis, while the y-axis gives the averaged Bayes factors for rich club and peripheral regions

respectively. Larger Bayes factors imply more evidence for an association between the search term and regional functional activation

differences.
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All club nodes exhibit signs of atrophy in Alzheimer’s disease (AD) and mild cognitive impairment (MCI). (a) The depicted

statistics represent the atrophy in patient groups relative to the control group. The average atrophy of non-rich club regions is displayed

above the dashed line for reference; acronyms: superior frontal gyrus (SFG) and superior parietal gyrus (SPG). Across the entire network,

regions with high degrees (b) and larger gray matter volume at baseline (c) display greater atrophy, with this trend being more pronounced

in patient groups. The black markers give the average correlation (+ standard error) in each group, each data point is the correlation of one

individual, and the shaded box gives the interquartile range.

3.3 | Amyloid

We assessed amyloid load of the structural rich club and
the extended structural rich club in patients with AD,
MCI, and healthy controls (Figure 2). Disease status was
related to amyloid load, irrespective of participants’ age
(main effect: F(2, 359) = 28.885, p <.001, 1> = .139):
patients with AD showed higher amyloid load than
patients with MCI (F(1, 218)=8.457, p = .004,
n® = .037), and patients with MCI showed higher amy-
loid load than healthy individuals (F(1, 258) = 22.698,
p < .001, n* = .081). In the entire sample, we observed
slightly elevated amyloid load in peripheral regions rela-
tive to core rich club regions (main effect: F(1, 359)
=4.215, p = .041, n2 =.012). This effect, however, was
qualified by a significant interaction with disease status
F(2, 359) = 11.983, p < .001, n? = .063). The higher amy-
loid load in peripheral regions was only seen in controls
but not in patients with MCI (interaction: F(1, 258)
=16.625, p < .001, n* =.061) and not in patients with
AD (interaction: F(1, 241) = 19.971, p < .001, n2 =.077).
Amyloid load differed between the extended rich club
and the periphery depending on disease status

(interaction: F(2, 359) = 11.9, p < .001, n* = .062). Rela-
tive to healthy controls where amyloid load did not differ
between extended rich club and peripheral regions,
patients with MCI (interaction: F(1, 258)=16.7,
p < .001, n* =.061) and patients with AD (interaction:
F(1, 241) = 21.582, p <.001, n2 =.082) had a higher
amyloid load in the periphery.

3.4 | Functional meta-analyses

We queried the Neurosynth database for meta-analyses
of terms related to Alzheimer and MCI (i.e., “Alzheimer”,
“Alzheimer disease”, “mild cognitive”, “mci”, and “cogni-
tive impairment”), collating results from case-control
comparisons across the functional imaging literature
(Figure 2). Bayes factors — averaged across all rich club
and all peripheral regions - suggest that peripheral
regions are slightly more likely to be activated than core
rich club regions when comparing patients with healthy
controls. No such difference was seen for the extended
rich club. Across all brain regions, there was no signifi-
cant difference in meta-analytically associated brain
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regions between rich club regions and the periphery
()*-tests, all p > .05).

4 | DISCUSSION

We investigated the potential role of the structural rich
club - a group of highly interconnected and central hub
regions in the connectome - in AD and MCI. To achieve
this, we combined structural connectivity data with lon-
gitudinal assessments of gray matter atrophy, amyloid
deposition measurements using PET imaging, and meta-
analytic data on functional activation differences.

Next to the core rich club, which included the
putamen, superior frontal and parietal cortices, and the
insula, in accordance with the previous literature (Collin,
et al.,, 2014; Markett et al., 2017; van den Heuvel
et al., 2013; van den Heuvel & Sporns, 2011; Verstraete
et al., 2014), we also examined an “extended rich club”,
following previous observations that rich club organiza-
tion is a general principle of brain networks and not of a
few high-degree nodes only (Griffa & Van den
Heuvel, 2018; Riedel et al., 2022; van den Heuvel &
Sporns, 2011). The extended rich club included all brain
regions that demonstrated stronger interconnectedness
than expected based on the number of their connections
alone, and thus fell under the network’s rich club regime.
We found that approximately two thirds of all brain
regions met this criteria, underscoring the prevalence of
rich club organization as a general principle of the brain
network. By examining the extended rich club, we were
able to gain a more detailed perspective on the potential
role of the most peripheral regions in AD and MCI.

Gray matter atrophy was accelerated not only in the
core rich club regions, but also in the extended rich club.
This finding suggests that progressing gray matter atrophy
in MCI and AD is generally associated with nodal degree
and affects rich club properties at the network level.
Progressive atrophy of rich club regions is consistent with
previous work on network hubs in AD (Crossley
et al.,, 2014; Dai et al., 2015) and confirms that cortical
atrophy does not only co-localize with hub regions in gen-
eral but also with the rich club in particular.

In healthy individuals, no significant difference in
amyloid deposition was observed between peripheral and
extended rich club areas. However, core rich club regions
appeared less affected by amyloid deposition compared
with all other regions. Both patients with MCI and AD
exhibited higher amyloid loads than healthy controls,
with amyloid deposition appearing to target rich club
regions more extensively, consistent with prior research
(Buckner et al., 2009). The discrepancy in amyloid depo-
sition between core rich club regions and other brain

regions seen in healthy individuals disappeared in both
patient groups. Furthermore, the extended rich club
exhibited a lower amyloid load than the periphery in
patients with MCI and AD. While caution is warranted
in interpreting these findings because of the absence of
longitudinal data, they suggest that rich club regions may
exhibit a distinct trajectory in disease progression, in line
with previous studies (Yan et al., 2018).

On the functional level, we found more evidence for
altered activation in peripheral regions than core rich
club regions in AD and MCI across all meta-analyses.
Even though the overall effect sizes were rather small, we
can conclude that if functional differences occur in AD
and MCI, they are more likely to target the periphery
than the network’s structural core.

The identification of rich club atrophy, which has
been observed in normal aging but appears to be acceler-
ated in MCI and AD, raises questions regarding the
underlying mechanisms and their relationship to amyloid
pathology. Traditionally, atrophy has been considered a
consequence of amyloid accumulation, as proposed by
the amyloid cascade model, which posits an imbalance
between amyloid-beta production and clearance as the
initial event in the pathogenesis of AD (Jack et al., 2013).
This imbalance leads to increasing amyloid deposits, trig-
gering an inflammatory response that ultimately results
in progressive atrophy and clinical dementia.

Interestingly, our study reveals that in healthy
individuals, amyloid predominantly accumulates in
the periphery of the brain, with a relative under-
representation in the rich club regions. However, this
distinction diminishes in individuals with MCI and AD,
suggesting a shift in amyloid deposition towards the rich
club. This observation supports the possibility that
pathological proteins may spread trans-neuronally
(Goedert, 2015; Prusiner, 1984), making the highly con-
nected rich club regions susceptible to pathological pro-
cesses originating in the periphery. Nonetheless, the
question arises as to why significant atrophy occurs spe-
cifically in the rich club regions if amyloid deposition ini-
tially occurs in the periphery. Several scenarios can be
considered to explain this phenomenon. Firstly, hub
regions possess more gray matter volume compared with
peripheral regions, rendering them more prone to faster
volume loss in response to pathology. Additionally, hub
regions have higher metabolic rates (Collin, et al., 2014;
Liang et al.,, 2013; Vaishnavi et al., 2010), which may
amplify the detrimental effects of pathological processes.
Furthermore, afferent projections from the periphery
tend to converge onto hub regions (Harriger et al., 2012;
Senden et al., 2018; van den Heuvel et al., 2012). Periph-
eral pathology could thus lead to diminished input and
pronounce atrophy even beyond any local pathology
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resulting from increasing amyloid levels in the rich club
(Fornito et al., 2015).

Although the precise computational role of the rich
club remains a topic of ongoing investigation, emerging
evidence suggests its potential involvement in synchro-
nizing activity and influencing functional reconfigura-
tions within the periphery (Senden et al., 2014, 2018).
The observed differences in peripheral activation may
therefore result from dysfunction within the rich club.
Another plausible explanation for the observed periph-
eral activation differences lies in the activation of com-
pensatory mechanisms. It has been suggested that plastic
changes are more likely to occur in the periphery as the
brain network adapts and reconfigures in response to
AD-related pathology (Chen et al., 2020; Ma et al., 2022).
Consequently, the functional deficits observed in the
periphery could potentially represent compensatory
mechanisms or early-stage adaptations, while functional
impairments within the rich club regions may manifest
at later stages of the disease. Quite typically, fMRI assess-
ments involve early-stage patients who are still relatively
less affected by the disease (Fox & Greicius, 2010). This
supports the suggestion that the observed peripheral acti-
vation differences might indeed be indicative of compen-
satory processes at play in early-stage patients.

The suggested link between amyloid PET and struc-
tural atrophy in relation to the rich club is particularly
noteworthy as it connects two major biomarkers for AD
with the structural rich club (Jack & Holtzman, 2013).
This is significant because previous studies on structural
and functional connectivity have yielded inconsistent
findings regarding potential alterations in the rich club
during the pathogenesis of AD. Establishing a connection
between the rich club and key biomarkers of AD is thus a
major step towards understanding AD from the perspec-
tive of a disconnection syndrome.

This being said, the present results need to be inter-
preted with caution because of several notable limitations.

First, the cross-sectional nature of our study, involv-
ing PET and functional data, restricts the ability to draw
conclusions about causal relationships and dynamic
changes over time. Furthermore, the limited longitudinal
data with only two data points for atrophy and the
absence of conversions from healthy to MCI or from
healthy to AD limit the interpretation of our findings,
particularly in relation to disease progression. It is impor-
tant to consider these limitations when interpreting, for
instance, the PET findings. The observed significant dif-
ferences in controls that diminish in MCI and AD raise
the question of whether the suggested trend persists
when additional data points at later disease stages are
included.

T Wiy

Another limitation stems from the inclusion of
different samples for different imaging modalities, which
precludes a direct comparison of the molecular,
structural, and functional aspects within the same indi-
viduals. This introduces the challenge of narratively
linking the different levels of analysis. Furthermore, the
lack of matching between samples regarding disease
stages constrains direct comparisons between the differ-
ent imaging modalities at specific disease stages and
may introduce confounding variables that influence the
observed effects. Future research endeavors should aim
to investigate atrophy, amyloid deposition, and func-
tional disturbances within the same individuals and
endeavor to replicate these findings in a prospective lon-
gitudinal design.

On the other hand, a strength of our study is that we
utilized independent data from elderly individuals and
healthy subjects as a common reference to define the rich
club. This approach ensures that the reported effects spe-
cifically relate to typical rich club regions of the healthy
brain. There is evidence that the rich club reorganizes
during normal aging (Grayson et al., 2013; Riedel
et al., 2022) but also during AD (Cao et al., 2020; Ma
et al., 2022). Choosing a common and independent
reference ensures that our results are not confounded by
remodeling and adaptation to disease processes. Addi-
tionally, we examined the extended rich club, which
includes all regions within the rich club regime, not just
the top degree nodes. By considering the extended rich
club, we accounted for the inclusion of “next in line”
regions that would become part of the narrow sense rich
club over time. Since progressing atrophy and amyloid
deposition in AD and MCI also involved the extended
rich club, there is reason to assume that the observed
effects are not confounded by qualitative changes to con-
nectome organization in dementia and its prodromal
stages. Nevertheless, future studies may wish to incorpo-
rate an additional data layer with information on
structural connectivity in patient groups to delineate neu-
rodegeneration in brain network organization alongside
local disturbances in brain structure and function.

In conclusion, while our study provides insights into
the role of the structural rich club in AD pathogenesis,
it is important to acknowledge the limitations associated
with the cross-sectional design, limited longitudinal
data, lack of conversions, and inclusion of different
samples for different imaging modalities. These limita-
tions should be carefully considered when interpreting
the findings. Future research that addresses these limi-
tations could further advance our understanding of the
rich club and its implications in neurodegenerative
diseases.
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