Grey matter covariance networks in Alzheimer’s disease:
Edging towards a better understanding of disease progression

Ellen Dicks

The studies described in this thesis were carried out at the Alzheimer Center Amsterdam,
Department of Neurology, Vrije Universiteit Amsterdam, Amsterdam UMC. Research of
the Alzheimer Center is part of the Neurodegeneration program of Amsterdam
Neuroscience and supported by Stichting Alzheimer Nederland and Stichting VUmc
Fonds. The clinical database structure of the Alzheimer Center Amsterdam was developed
with funding from Stichting Diorapthe. Studies of this thesis were supported by the
ZonMw Memorabel Grant Program awarded to Betty M. Tijms (grant number 73305056).

Cover design: Pascal S. Dicks, B.A.
Printed by: Printclub GmbH Aachen

© Ellen Dicks, Amsterdam, The Netherlands
All rights reserved. No part of this thesis may be reproduced or transmitted in any form or
by any means without prior permission of the copyright holder, or, when applicable, with
permission of the publishers of the scientific journals.

VRIJE UNIVERSITEIT

Grey matter covariance networks in Alzheimer’s disease:
Edging towards a better understanding of disease progression

ACADEMISCH PROEFSCHRIFT
ter verkrijging van de graad Doctor of Philosophy
aan de Vrije Universiteit Amsterdam,
op gezag van de rector magnificus
prof.dr. V. Subramaniam,
in het openbaar te verdedigen
ten overstaan van de promotiecommissie
van de Faculteit der Geneeskunde
op woensdag 9 september 2020 om 11.45 uur
in de aula van de universiteit,
De Boelelaan 1105

door
Ellen Dicks
geboren te Aachen, Duitsland

promotoren:

prof.dr. W.M. van der Flier
prof.dr. F. Barkhof

copromotor:

dr. B.M. Tijms

TABLE OF CONTENTS
Chapter 1

General introduction

9

Chapter 2

Modeling grey matter atrophy as a function of time, aging or
cognitive decline show different anatomical patterns in
Alzheimer's disease

27

Chapter 3

Grey matter network measures are associated with cognitive
decline in mild cognitive impairment

85

Chapter 4

Single-subject grey matter networks predict future cortical
atrophy in preclinical Alzheimer’s disease

129

Chapter 5

Grey matter networks decline over the disease course of
autosomal dominant Alzheimer disease

179

Chapter 6

Grey matter network trajectories across the Alzheimer’s disease
continuum and relation to cognition

227

Chapter 7

Summary and general discussion

285

Appendix

Nederlandse samenvatting

311

List of publications

315

List of theses Alzheimer center

317

Portfolio

321

Dankwoord

323

About the author

327

Chapter 1
General introduction

GENERAL INTRODUCTION
Alzheimer’s disease (AD) is a neurodegenerative disorder and the most common cause of

dementia. In 2016, an estimated number of 43.8 million individuals worldwide lived with
dementia (Nichols et al., 2019), and Alzheimer’s disease accounts for approximately 6070% of cases (Barker et al., 2002; Plassman et al., 2007). This number is expected to
triple by 2050 due to increasingly aging populations (Prince et al., 2013), making
dementia, and in particular AD, a global health crisis.
The neuropathological hallmarks of the disease are aggregation of amyloid beta protein
into extraneuronal plaques and of hyperphosphorylated tau protein into intraneuronal
neurofibrillary tangles. Presumably, the malformation of these proteins initiates a
sequence of events that eventually leads to the dementia syndrome: starting with cellular
damage and synaptic dysfunction, potentially resulting in brain dysconnectivity and then
neurodegenerative changes, which in turn cause progressive cognitive impairment.
There is currently no treatment available to slow or even stop the AD disease process.
Clinical trials of disease-modifying treatments for AD have high failure rates (Cummings
et al., 2014). These often include individuals with mild or moderate dementia, who
already show cognitive impairment and neuronal damage. It is conceivable that therapies
are most effective if administered to individuals in the earliest stages of the disease and
before substantial and irreversible neuronal damage has started (Sperling et al., 2011b).
Based on this notion clinical trials have now begun to investigate treatment effects in
individuals in these early stages of the disease (Bateman et al., 2017; clinicaltrials.gov,
NCT02008357). Additionally, not all individuals will show disease progression during the
timeframe of clinical trials (Vermunt et al., 2019), which makes it difficult to observe
potential treatment effects on cognitive decline. Therefore, biomarkers are necessary, both
to identify individuals who will show fast disease progression but are still in the earliest
stages of AD and to accurately monitor disease progression.
In this thesis, using different approaches, we aimed to investigate whether measures for
brain dysconnectivity have use to track disease progression in AD, starting in the earliest
stages of the disease when cognition is still normal and before the onset of irreversible
atrophy.

9

The Alzheimer’s disease process

The Alzheimer’s disease process
The AD disease process starts with the aggregation of amyloid beta up to 20 years before
the onset of dementia (Bateman et al., 2012; Jack et al., 2013a; Jansen et al., 2015;
Villemagne et al., 2013; see Figure 1), which can be measured indirectly in cerebrospinal
fluid (CSF) or using positron emission tomography (PET). Following amyloid
aggregation, and around 10 years before the onset of dementia, neurodegenerative
changes start to manifest (Bateman et al., 2012; Jack et al., 2013a; Villemagne et al.,
2013). These are indicated by brain atrophy or CSF markers for neuronal injury, such as
tau. Finally, cognitive impairment gradually sets in, with memory typically being the first
cognitive domain to be affected, and then progressively deteriorates also affecting other
cognitive domains, such as attention/executive, language and visuospatial functioning
(Jack et al., 2010; Villemagne et al., 2013). These processes are related to disease stages
that indicate individuals’ cognitive and biomarker states: Individuals who have abnormal
biomarkers for amyloid and have normal cognition are labelled as having ‘preclinical AD’
(Sperling et al., 2011a) or harboring ‘Alzheimer’s pathologic change’ (Jack et al., 2018).
These individuals currently represent the earliest identifiable stage of AD. Once cognitive
deficits start to manifest, individuals are identified as having ‘mild cognitive impairment’
(MCI; Petersen et al., 1999), and in combination with abnormal amyloid biomarkers as
‘prodromal AD’ or ‘MCI due to AD’ (Albert et al., 2011; Jack et al., 2018). Combined,
these two stages (i.e., preclinical and prodromal AD) represent the predementia phase of
AD, which is followed by the AD dementia stage. Individuals in the predementia stage of
AD, and particularly those with preclinical AD, are most likely to benefit from treatments
or interventions, as brain damage is not yet substantial and likely to be reversible.
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Figure 1. Hypothetical model of biomarker changes in the AD disease process. Biomarkers for
amyloid beta (yellow) start to become abnormal first, potentially disrupting brain connectivity (red),
followed by biomarkers for neurodegeneration (blue). Cognitive impairment (green) manifests last in
the disease process, demarcating the disease stages of preclinical, prodromal and AD dementia.
[Adapted from Jack et al. (2013a)]

While abnormal amyloid is the earliest identifiable neuropathological change in AD, with
great prognostic value for the future onset of dementia in non-demented individuals
(Donohue et al., 2017), it shows only limited associations with the rate or timing of future
cognitive decline (Dubois et al., 2018), most likely because it reaches plateau levels early
on in the disease process (Jack et al., 2013b). Measures of neuronal injury, such as
abnormal tau biomarkers and hippocampal atrophy, seem more closely associated with
cognitive decline (Dickerson et al., 2009; Fox et al., 1999; van Rossum et al., 2012), but
these changes manifest relatively late in the disease process (Bateman et al., 2012; Jack et
al., 2013a; Villemagne et al., 2013; see Figure 1) and indicate irreversible damage.
The lack of accurate biomarkers for disease progression in AD hinders correct placement
of individuals in their individual disease trajectory. Estimates of when biomarkers start to
change in the disease process mostly stem from investigations of individuals with
autosomal-dominant AD, who account for under 1% of AD cases. For these individuals
the time until symptom onset can be relatively reliably estimated, due to the almost
complete penetrance of the genetic mutations that cause autosomal-dominant AD and the
consistency of symptom onset (Moulder et al., 2013; Ryman et al., 2014). In contrast,
sporadic, and the most common form of AD, does not have such clear genetic causes and
so, this type of information is not available. As such, studies typically use the elapsed time
from first study visit to estimate disease progression in sporadic AD. It is currently
unclear, whether modeling disease progression as a function of time provides accurate
11
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estimates of AD-related pathological changes or that the effects of e.g. aging on brain
changes confound these models. In this regard, new biomarkers are needed to reliably
track disease progression throughout the entire AD disease process and help in estimating
where individuals are in their disease process.

Brain connectivity: the missing link between amyloid and cognitive
decline?
Normal cognitive functioning requires the integration of processes from many different
brain regions along their connections. Amyloid impairs synaptic functioning (Koffie et al.,
2009; Shankar et al., 2008; Walsh et al., 2002), which potentially causes disruptions in
large-scale brain connectivity networks (Buckner et al., 2005; Kurudenkandy et al., 2014;
Palmqvist et al., 2017; Sperling et al., 2009). As such, brain connectivity might represent
the missing link between amyloid aggregation and cognitive dysfunction (see also Koch et
al., 2014) and a potential biomarker for cognitive decline in AD (see Figure 1).
In vivo brain connectivity can only be measured indirectly. Using MRI techniques brain
connectivity can be based on functional co-activation as measured with e.g. functional
MRI (Biswal et al., 1995; Lowe et al., 1998), the presence of white matter axonal fiber
tracts as measured with DTI (Conturo et al., 1999; Jones et al., 1999) and based on
intracortical similarity in grey matter as measured with structural MRI (Lerch et al., 2006;
Mechelli et al., 2005; Tijms et al., 2012). All these types of connectivity have been
previously shown to be disrupted in AD and disruptions are associated with the level of
cognitive impairment (for reviews see e.g. Pievani et al., 2014; Tijms et al., 2013b). Still,
brain connectivity as based on structural MRI has the highest potential to be implemented
as new biomarkers in clinical trials/practice as structural MRI is already included in
routine dementia workups and their acquisition and processing is less time consuming. As
such, we focused on this modality in this thesis.

Grey matter covariance networks
Brain connectivity as measured by intracortical similarity in grey matter (i.e., grey matter
covariance) is based on the notion that regions that show functional co-activation, also
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develop in a similar way, possibly due to shared neurotrophic factors during development
(Alexander-Bloch et al., 2013a, 2013b; Seeley et al., 2009; see Figure 2).

Figure 2. Overlap between functional connectivity and structural covariance networks.
Maximum atrophy of grey matter atrophy patterns in five different clinical syndromes (A) supplied the
seed regions to investigate functional connectivity (B) and grey matter covariance (C). Atrophy,
functional connectivity and grey matter covariance patterns highly overlap for each seed region /
clinical syndrome. [Reprinted from Neuron, 62(1), WW Seeley, RK Crawford, J Zhou, BL Miller, MD
Greicius, “Neurodegenerative Diseases Target Large-Scale Human Brain Networks”, 42-52, 2009,
with permission from Elsevier.]

In AD, atrophy does not occur uniformly throughout the brain or in random regions, but
shows distinct temporo-spatial patterns, similar to amyloid and tau pathology (Gordon et
al., 2018; Grothe and Teipel, 2016). In this way, regions that covaried in their grey matter
e.g., will lose their similarity when one region starts to atrophy, or may show consistent
similarity when both regions atrophy uniformly.
One way to describe these complex topographical changes is using the mathematical
concept of graph theory. A brain graph or network is composed of regions of interest,
called nodes, and the connections between them (e.g. grey matter covariance), called
edges or links. Graph theory provides several measures that can describe these complex
topological states on a whole-brain, as well as nodal (i.e. regional) level (Rubinov and
Sporns, 2010). This provides a powerful tool to study the temporo-spatial pattern of brain
pathological changes (Bullmore and Sporns, 2009; He et al., 2009; Tijms et al., 2013b)
and may in this way also provide more information than simple volumetric measures. As
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these measures capture very subtle neurodegenerative changes, they may also predict
future atrophy, before it is measurable with conventional volumetric methods.

Grey matter network disruptions in AD
Healthy individuals typically exhibit a brain topology that balances high
interconnectedness of neighboring nodes into clusters and few edges that connect distant
nodes (Figure 4). This configuration provides an optimal balance between (information)
segregation and integration and is termed “small-world” (Rubinov and Sporns, 2010;
Watts and Strogatz, 1998). Several studies have shown that this configuration is disrupted
in AD (He et al., 2008; Li et al., 2012; Pereira et al., 2016; Tijms et al., 2013a, 2013b; Yao
et al., 2010), with most studies indicating a transfiguration of the brain network towards a
more random organization with increasingly random edges (see Figure 3). These
disruptions in grey matter covariance manifest already in the earliest stages of the disease
in response to amyloid aggregation (ten Kate et al., 2018; Tijms et al., 2016) and before
overt atrophy (Voevodskaya et al., 2018). In MCI, networks become disorganized and
show a configuration between those found for cognitively unimpaired and AD individuals
(Pereira et al., 2016; Yao et al., 2010). Disruptions in grey matter network measures have
been further cross-sectionally associated with the level of cognitive impairment (Tijms et
al., 2014, 2013a). Taken together, these findings suggest that grey matter network
measures change during disease progression, starting in the earliest stages and may have
use to predict or even monitor disease progression and cognitive decline. However,
previous studies were often based on cross-sectional associations and/or reconstructed
grey matter covariance resulting in one network per group of individuals, which makes it
impossible to investigate intraindividual changes in grey matter network measures and
their associations with cognitive decline. As such, it still remains unclear at which point in
the AD disease process grey matter network disruptions manifest, how these disruptions
further evolve over time, and whether they are associated with cognitive decline within
individuals with AD. Answering these questions would help to further refine the current
model of the AD disease process and indicate whether grey matter network measures may
have use to aid in disease progression monitoring on an individual patient level.
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Figure 3. Types of network organization. Networks can be organized into three main types based on
their principal topology: regular, small-world and random networks. On one end of the spectrum,
regular networks show high interconnectedness between neighboring nodes (indicated by high
clustering [C]) and few edges between more distant nodes (indicated by high average path length [L]),
while random networks show low interconnectedness between neighboring nodes (low clustering) and
many edges between distant nodes (low path length). Small-world networks compromise these two
configurations with high interconnectedness between neighboring regions (indicated by high
clustering) and few connections between distant nodes (indicated by low path length), balancing
(information) segregation on a local level while ensuring (information) integration between distant
regions. C, clustering coefficient; L, path length. [Adapted from Tijms et al. (2013b)]

Thesis aims and outline
In this thesis, we aimed to investigate how grey matter network measures are related to
AD disease progression and whether these may be useful to predict and monitor cognitive
decline, starting in the earliest stages of AD and before the onset of irreversible atrophy.
To meet this overarching objective, we investigated different modeling approaches to
disease progression, and network measures and their association with cognitive decline
and atrophy from different angles:
In chapter 2 we examined how different modeling approaches of disease progression
influence spatial patterns of grey matter atrophy in AD.
In chapter 3 we investigated whether grey matter network measures at baseline can
predict the rate of future decline in specific cognitive domains within individuals with
MCI, and in addition to established AD biomarkers (i.e., CSF amyloid beta 1.42, CSF
total tau and hippocampal volume).
In chapter 4 we further examined whether grey matter network measures in early amyloid
aggregating regions can predict the rate and location of future atrophy within individuals
with preclinical AD.
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In chapter 5 we investigated grey matter network changes specifically in individuals with
autosomal-dominant AD, as these individuals allow for the reliable estimation of when
during the disease process changes in network measures start to manifest. We evaluated at
which point during the AD disease process grey matter network measures become
abnormal and whether disruptions are associated with cortical thinning, hypometabolism
and cognition.
In chapter 6 we investigated longitudinal changes in grey matter network measures and
their associations with concurrent cognitive decline within individuals across the AD
clinical continuum, to determine whether grey matter network measures can monitor
disease progression in AD.
We end this thesis with a summary and general discussion of our findings in chapter 7.
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Abstract
Background: Grey matter (GM) atrophy in Alzheimer's disease (AD) is most commonly
modeled as a function of time. However, this approach does not take into account interindividual differences in initial disease severity or changes due to aging. Here, we
modeled GM atrophy within individuals across the AD clinical spectrum as a function of
time, aging and MMSE, as a proxy for disease severity, and investigated how these
models influence estimates of GM atrophy.
Methods: We selected 523 individuals from ADNI (100 preclinical AD, 288 prodromal
AD, 135 AD dementia) with abnormal baseline amyloid PET/CSF and ≥1 year of MRI
follow-up. We calculated total and 90 regional GM volumes for 2281 MRI scans (median
[IQR]; 4 [3-5] scans per individual over 2 [1.6-4] years) and used linear mixed models to
investigate atrophy as a function of time, aging and decline on MMSE. Analyses included
clinical stage as interaction with the predictor and were corrected for baseline age, sex,
education, field strength and total intracranial volume. We repeated analyses for a sample
of participants with normal amyloid (n = 387) to assess whether associations were specific
for amyloid pathology.
Results: Using time or aging as predictors, amyloid abnormal participants annually
declined -1.29 ± 0.08 points and - 0.28 ± 0.03 points respectively on the MMSE
and -12.23 ± 0.47 cm3 and -8.87 ± 0.34 respectively in total GM volume (p <0 .001). For
the time and age models atrophy was widespread and preclinical and prodromal AD
showed similar atrophy patterns. Comparing prodromal AD to AD dementia, AD
dementia showed faster atrophy mostly in temporal lobes as modeled with time, while
prodromal AD showed faster atrophy in mostly frontoparietal areas as modeled with age
(pFDR < 0.05). Modeling change in GM volume as a function of decline on MMSE, slopes
were less steep compared to those based on time and aging (-4.1 ± 0.25 cm3 per MMSE
point decline; p < 0.001) and showed steeper atrophy for prodromal AD compared to
preclinical AD in the right inferior temporal gyrus (p < 0.05) and compared to AD
dementia mostly in temporal areas (pFDR < 0.05). Associations with time, aging and
MMSE remained when accounting for these effects in the other models, suggesting that
all measures explain part of the variance in GM atrophy. Repeating analyses in amyloid
normal individuals, effects for time and aging showed similar widespread anatomical
patterns, while associations with MMSE were largely reduced.
Conclusion: Effects of time, aging and MMSE all explained variance in GM atrophy
slopes within individuals. Associations with MMSE were weaker than those for time or
age, but specific for amyloid pathology. This suggests that at least some of the atrophy
observed in time or age models may not be specific to AD.
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Introduction
Alzheimer's disease (AD) is a neurodegenerative disorder and the most common cause of
dementia (Lobo et al., 2000; Plassman et al., 2007). The disease presumably starts with
the aggregation of amyloid beta, after which it can take up to 15 years for the dementia
syndrome to manifest (Bateman et al., 2012; Jansen et al., 2015). Because amyloid
becomes abnormal very early in the disease when cognition is still normal, it is difficult to
estimate when the disease has started and where individuals are in their disease trajectory.
As such, when modeling disease progression solely based on time from first assessment,
individuals' positions in their disease trajectory are not taken into account. Models that
account for disease severity might more accurately estimate disease specific outcome
measures within individuals, such as grey matter (GM) atrophy rates.
GM atrophy is thought of as a close biological substrate of decline in cognitive
functioning (Jack Jr. et al., 2010; Terry et al., 1991). Still, most studies model changes in
GM atrophy and cognitive decline separately, and not within individuals. Although
changes over time in both variables are correlated with each other (Jack Jr. et al., 2009;
McDonald et al., 2012; Sluimer et al., 2008), these associations do not account for interindividual differences in disease severity. Modeling change in both GM atrophy and
cognition within individuals, Jack Jr. et al. (2012) used Mini-Mental State Examination
(MMSE) at baseline as a proxy of disease severity to align individuals according to their
initial disease stage and investigated the associations of rates of hippocampal volume and
annualized cognitive decline in the MMSE. Results were in line with previous findings of
increasing hippocampal atrophy with advancing disease stages, supporting tests of
cognitive performance as a continuous approximation for disease severity. Other brain
areas in addition to the hippocampus are, however, likely related to disease progression
(ten Kate et al., 2017; Vemuri et al., 2011; Zeifman et al., 2015). Another complicating
factor is that GM volume declines with age (Bakkour et al., 2013; Fjell et al., 2014; Good
et al., 2001; Lee et al., 2018). It remains unclear, however, whether atrophy in more
widespread cortical areas is related to decline in MMSE within individuals, and to which
extent such associations are specific for AD and influenced by effects of time and/or
aging.
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In this study we therefore analyzed longitudinal changes in GM volumes using MMSE as
an anchor point for individual disease severity and investigated how these associations
differed from those using follow-up time or age in individuals with abnormal amyloid
across the clinical spectrum. We further studied whether such associations were specific
for distinct anatomical regions and for amyloid pathology.

Material and Methods
Participants
Data used in the preparation of this article were obtained from the Alzheimer's Disease
Neuroimaging Initiative (ADNI) database (http://adni.loni.usc.edu). The ADNI was
launched in 2003 as a public-private partnership, led by Principal Investigator Michael W.
Weiner, MD. The primary goal of ADNI has been to test whether serial magnetic
resonance imaging (MRI), positron emission tomography (PET), other biological markers,
and clinical and neuropsychological assessment can be combined to measure the
progression of mild cognitive impairment (MCI) and early Alzheimer's disease (AD).
ADNI was approved by the institutional review board of all participating institutions and
written informed consent was obtained from all participants at each site.
Details of clinical diagnoses have been previously described elsewhere (Petersen et al.,
2010; for a general procedures manual see https://adni.loni.usc.edu/wpcontent/uploads/2010/09/ADNI_GeneralProceduresManual.pdf). Briefly, classification
into the clinical stages, cognitively normal (CN), and MCI was based on screening with
the CDR, MMSE and delayed recall on Logical Memory II subscale of the Wechsler
Memory Scale-Revised (adjusted for education). Additionally, MCI and dementia
participants had to have a memory complaint. Dementia patients had to have a clinical
diagnosis of probable AD according to the NINCDS-ADRDA criteria (McKhann et al.,
1984).
We selected participants across the different clinical stages of the AD continuum
(preclinical AD, prodromal AD, AD dementia) from ADNI-1/GO/-2 with abnormal
amyloid biomarkers at baseline (PiB, AV45-PET or amyloid β 1–42 CSF) and ≥0.9 years
of repeated MRI available. A total of 523 patients met inclusion criteria and had MRI
scans of sufficient quality available.
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We used repeated MMSE as a measure for general cognitive functioning to align
individuals according to their disease severity. Over a median follow-up time of 2 years
(interquartile range (IQR): 1.6–4), a total of 2281 MMSE assessments were available with
a median number of neuropsychological follow-up of 4 (IQR: 3–5).
Additionally, we repeated analyses in a sample of individuals that fulfilled the same
inclusion criteria but with normal amyloid markers at baseline (n = 387). For these
individuals, a total of 1710 MMSE assessments were available (median (IQR) follow-up
time: 2.6 (2–4); median (IQR) number of assessments: 4 (3.8–5)).

Image acquisition and pre-processing
Image acquisition details and initial preprocessing are described elsewhere
(http://adni.loni.usc.edu/methods/mri-analysis/;Jack Jr. et al., 2008). All 3D T1-weighted
structural scans available for the selected participants were downloaded from the ADNI
LONI Image & Data Archive (IDA) [date of last access: 29.03.2017]. Scans that were
preprocessed with gradwarping, B1 correction and/or N3 scaling were downloaded for the
present analyses. If available and of sufficient quality, we chose the original sequence
over the repeated scan acquisition and the scans with the most preprocessing steps for
each acquisition date. In total, 2590 scans met inclusion criteria (n = 1988 scans for
individuals with normal baseline amyloid). Within individuals, scans were included when
they had the same field strength. First, all images were reoriented with FSL (v5.0.6). Next,
a subject-specific median template image from all follow-up scans was created with
Freesurfer (v5.3.0) to reduce bias in longitudinal registration (Reuter et al., 2012). Further
preprocessing was performed in SPM12. For each subject, scans were co-registered to the
subject-specific median template image, and then segmented into GM, white matter and
cerebrospinal fluid with the Markov Random Fields (MRF) parameter set to 2 and default
settings for all other parameters. Next, the automated anatomical labeling atlas (AAL;
Tzourio-Mazoyer et al., 2002) was warped from standard space to subject space using the
subject specific inversed normalization parameters. For each of the 90 cortical and
subcortical AAL areas we calculated regional GM volumes. Total intracranial volume
(TIV) was computed as the sum of GM, white matter and cerebrospinal fluid volumes in
cm3. All GM segmentations and subject-specific atlases were visually inspected for
quality.
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PET/CSF analysis
Participants were classified as having normal or abnormal amyloid based on amyloid PET
results (for processing details see http://adni.loni.usc.edu/methods/pet-analysis/;Jagust et
al., 2010; Jagust et al., 2015), and when PET was unavailable, on CSF amyloid β 1–42
results (Shaw et al., 2009). The threshold for abnormal amyloid was for PiB SUVRs >1.5
(available for n = 5, 0.6%), for AV45 SUVR >1.1 (available for n = 631, 69%) (both
SUVR calculated in reference to the cerebellum; Jagust et al., 2010; Jagust et al., 2015)
and for CSF amyloid β 1–42 levels <192 pg/ml (available for n = 850, 94%) (Shaw et al.,
2009).

Statistical analyses
Comparisons of baseline characteristics between baseline clinical stages (preclinical AD,
prodromal AD, AD dementia) were performed with one-way ANOVA, Kruskal tests or
chi-squared tests when appropriate. If significant differences were found, we performed
post-hoc comparisons with Tukey's tests or Dunn's tests with p values adjusted for
multiple comparisons with the Hochberg procedure.
We tested three models taking time, age or MMSE as predictor for change in GM volume
(outcome) with linear mixed effects using the R package ‘lme4’ (Bates et al., 2015) (see
also Fig. 1): Model 1 included time as the predictor and subject-specific random intercepts
and random slopes for time:
𝐺𝐺𝐺𝐺 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 = 𝛽𝛽𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + 𝛽𝛽𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝛽𝛽𝐶𝐶1 𝐶𝐶1 + 𝛽𝛽𝐶𝐶2 𝐶𝐶2 + 𝛽𝛽𝐶𝐶3 𝐶𝐶3 + 𝛽𝛽𝐶𝐶4 𝐶𝐶4 + 𝛽𝛽𝐶𝐶5 𝐶𝐶5
+ (1 + 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇|𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)

Model 2 included age (longitudinal, i.e., baseline age + follow-up time in years) as the
predictor and subject-specific random intercepts and random slopes for age:
𝐺𝐺𝐺𝐺 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 = 𝛽𝛽𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + 𝛽𝛽𝐴𝐴𝐴𝐴𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴 + 𝛽𝛽𝐶𝐶2 𝐶𝐶2 + 𝛽𝛽𝐶𝐶3 𝐶𝐶3 + 𝛽𝛽𝐶𝐶4 𝐶𝐶4 + 𝛽𝛽𝐶𝐶5 𝐶𝐶5
+ (1 + 𝐴𝐴𝐴𝐴𝐴𝐴|𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)

Model 3 included MMSE as the predictor and subject-specific random intercepts and
random slopes for MMSE:
𝐺𝐺𝐺𝐺 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 = 𝛽𝛽𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + 𝛽𝛽𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 + 𝛽𝛽𝐶𝐶1 𝐶𝐶1 + 𝛽𝛽𝐶𝐶2 𝐶𝐶2 + 𝛽𝛽𝐶𝐶3 𝐶𝐶3 + 𝛽𝛽𝐶𝐶4 𝐶𝐶4 + 𝛽𝛽𝐶𝐶5 𝐶𝐶5
+ (1 + 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀|𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)
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Figure 1. Hypothesized difference between taking time, age versus MMSE as a measure for
disease progression. For the time model, we included follow-up time (in years) as the predictor, a
random intercept for subjects and subject-specific random slopes for follow-up time. For the age
model, we included age as the predictor, a random intercept for subjects and subject-specific random
slopes for age. For the MMSE model, we included MMSE as a predictor, a random intercept for
subjects and subject-specific random slopes for MMSE. We additionally included an interaction effect
with baseline clinical stage (i.e., CN, MCI, dementia) to estimate cross-sectional and longitudinal
differences between the different clinical stages. Models were corrected for age at baseline (time and
MMSE model), sex, education and field strength.

Analyses were adjusted for the potential influence of age at baseline C1 (model 1 and
model 3), gender C2, education C3, field strength C4 and baseline total intracranial volume
C5. Because it is conceivable that baseline clinical stage (i.e., CN, MCI, AD dementia)
may influence the results and in order to assess potential non-linear effects for MMSE, we
repeated the models with an additional interaction term for time × diagnosis, age ×
diagnosis and MMSE × diagnosis, respectively. We only considered paired MRI and
MMSE data for these analyses (n = 2281 observations for individuals with abnormal
amyloid, n = 1710 observations for individuals with normal amyloid). For all models we
used an unstructured covariance matrix. Clinical stage differences in estimated marginal
means and trends are reported with the emmeans package (Lenth, 2018). Raw scores of
MMSE and GM volumes were used to aid interpretation. Models were repeated for all 90
AAL regions. In order to standardize effects across the different regions, local volumes
were normalized to the mean values of cognitively normal individuals with normal
amyloid at baseline. Type III analysis of variance with Satterthwaite's method were used
to estimate main effects. For each model, local analyses were corrected for multiple
testing with the false discovery rate (FDR) procedure (Benjamini and Hochberg, 1995).
To investigate whether longitudinal changes in MMSE or grey matter volumes were
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different depending on amyloid abnormality we refit all models for the total sample
including baseline amyloid status as a main term and interaction effect with the respective
predictor. Analyses were then repeated for individuals with normal amyloid markers to
investigate whether observed effects were specific for the presence of amyloid pathology.
We also investigated whether differences in field strength impacted our results and
repeated all main models stratified by field strength. Finally, we performed model fit
comparisons for non-nested linear mixed models based on differences in AIC and the
likelihood ratio test (Vuong, 1989) with the package ‘nonnest2’. R2 for fixed and random
effects were estimated with the ‘MuMIn’ package (Johnson, 2014; Nakagawa and
Schielzeth, 2013). Statistical analyses were performed in R (version 3.4.4, 2018-03-15)
and Surf Ice (version 2017-08-08) was used to visualize regional results.

Results
Sample description
In total 523 individuals with abnormal amyloid were included: 100 preclinical AD
participants, 288 individuals with prodromal AD and 135 patients with AD-type dementia
(Table 1). Participants were on average 74 ± 7 years old and 48% were female.
At baseline, AD-type dementia patients performed worst on the MMSE and had the
lowest GM and hippocampal volumes, followed by prodromal AD and then preclinical
AD (Table 2). At a regional level, AD dementia patients had the lowest volumes in the
medial temporal lobes, followed by prodromal AD and then preclinical AD participants
(see Supplementary Fig. 1a).

Model 1 results: changes in grey matter volumes and MMSE as a function of time
We first modeled changes in GM volumes and MMSE separately over time. Fig. 2a shows
the change over time in MMSE and GM volume according to baseline clinical stage. Over
time, the total sample showed declines of −1.29 ± 0.08 points per year on the MMSE and
−12.23 ± 0.47 cm3 or −2.1% (95%CI; −2.26%, −1.94%) per year in GM volume (all
p < .001; Table 2). Patients with AD-type dementia showed the fastest decline in the
MMSE and GM volume (β ± SE; −2.38 ± 0.18 points per year and −16.53 ± 1.15 cm3 or
−3.01% (95%CI; −3.42%, −2.6%) per year; all p < .001), followed by prodromal AD
(β ± SE; −1.08 ± 0.1 points per year and −12.52 ± 0.57 cm3 or −2.11% (95%CI; −2.3%,
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−1.92%) per year; all p < .001) and then preclinical AD (β ± SE, −0.27 ± 0.16 points per
year; p > .05; −6.99 ± 0.95 cm3 or −1.17% (95%CI; −1.48%, −0.86%) per year; p < .001).
For annual atrophy rates at a regional level, we found a widespread atrophy pattern with
the strongest associations for decline over time for the bilateral hippocampi, insulae and
Rolandic opercula (all pFDR < 0.001; Fig. 3a). AD dementia participants showed faster
atrophy over time mostly in temporal regions as compared to prodromal AD participants,
while the atrophy pattern was similar between prodromal and preclinical AD individuals
with faster atrophy for prodromal AD (all pFDR < 0.05).
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73.83 (6.84)

16 (14–18)

19 (4%)

154 (29%)

177 (34%)/
346 (66%)

1.39 (0.17)

333 (100%)

139.78 (28.66)

469 (95%)

110.17 (55.31)

273 (55%)

Age, years

Education, years

Progression to MCI

Progression to dementia

APOE4 allele (0/≥1)

AV45 PET SUVR a

Abnormal AV45 PET >1.11
SUVR a

CSF Aβ1–42, pg/ml b

Abnormal Aβ1–42 < 192 pg/ml b
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CSF total tau, pg/ml b

Abnormal total tau >93 pg/ml b

153 (56%)

110.47 (52.7)

263 (96%)

139.95 (27.17)

189 (100%)

1.38 (0.16)

96 (33%)/
192 (67%)

147 (51%)

n.a.

16 (14–18)

93 (74%)

133.65 (60.54)

125 (100%)

129.34 (21.28)

74 (100%)

1.45 (0.16)

28 (21%)/
107 (79%)

n.a.

n.a.

16 (13–18)

73.99 (7.37)

65 (48%)

AD dementia
(n = 135, 26%)

CN < MCI; CN < AD;
MCI < AD

CN < MCI; CN < AD;
MCI < AD

CN > MCI; CN > AD;
MCI > AD

n.a.

CN < AD; MCI < AD

CN < MCI; CN < AD;
MCI < AD c

n.a.

n.a.

n.s.

CN > MCI

CN > MCI; CN > AD

Pairwise comparisons

CN < MCI; CN < AD;
MCI < AD
Data are presented as N (%), mean (SD), or median (Q1-Q3), where appropriate. n.a., not applicable; n.s. not significant after adjustment for multiple
comparisons.
a
Available for n = 333.
b
Available for n = 493.
c
For ApoE ε4 carriers.

27 (29%)

77.71 (36.49)

81 (87%)

153.33 (35.36)

70 (100%)

1.34 (0.18)

53 (53%)/
47 (47%)

7 (7%)

19 (19%)

16 (14–18)

75.44 (5.57)

73.19 (6.91)

124 (43%)

253 (48%)

Female

64 (64%)

Prodromal AD
(n = 288, 55%)

Table 1. Demographic and clinical characteristics of the included sample.
Total group
Preclinical AD
(n = 523)
(n = 100, 19%)

Results

260 (61%)
1435.76 (140.14)

1509 (65%)

1451.67 (148.18)
597.74 (66.4)
8.36 (0.96)

582.91 (73.39)

7.53 (1.42)

7.71 (1.3)

593.53 (71.32)

1463.19 (145.29)

819 (59%)

5 (4–5.8)

3 (2–4)

Prodromal AD
(n = 288, 55%)

6.54 (1.42)

549.24 (72.67)

1438.89 (158.68)

256 (55%)

3 (3–4)

1.5 (1–2)

AD dementia
(n = 135, 26%)

CN > AD; MCI > AD

n.s.

n.s.

CN < MCI; CN > AD;
MCI > AD

CN > AD; MCI > AD

Pairwise comparisons

CN > MCI; CN > AD;
MCI > AD
Data are presented as N (%), mean (SD), or median (Q1-Q3), where appropriate. n.a., not applicable; n.s. not significant after adjustment for multiple
comparisons.

3

Hippocampal volume, cm

Grey matter volume, cm3

Total intracranial volume, cm

3

Field strength (3 T)

4 (3–5)

4 (3–5)

Number of assessments (MRI and
MMSE)

2.1 (2–4)

Preclinical AD
(n = 100, 19%)

2 (1.6–4)

Total group
(n = 523)

Follow up time, years (ADNI)

Table 1. Continued.
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3

3

[177.64]
7.15 ± 0.07

8.26 ± 0.12
***

***

570.16 ± 3.21

596.63 ± 5.43

[109.85]

[146.55]
***

***

−2.82***

5.98 ± 0.1***

[115.4]
−1.11***

−1.18***

−39.44***

−5.74***

Preclinical AD - Prodromal AD Prodromal AD - AD dementia

530.72 ± 4.6*** −26.47***

[73.78]

20.19 ± 0.27

25.92 ± 0.18

[95.09]

28.75 ± 0.3
***

AD dementia

***

Prodromal AD

[69.25]
[101.46]
[59.22]
Data are presented as β ± SE [t ratio] and in percentages (95% CI) for annual atrophy rates. Estimates are based on raw values/scores and were estimated with
linear mixed models. The models included the terms age, sex, education, field strength, total intracranial volume (for grey matter volumes) and follow-up time
in years for estimates of the total group. We additionally included baseline diagnosis and the interaction term follow-up time × diagnosis for effects per
clinical stage. Annual atrophy rates are based on estimates of annual decline divided by mean volumes at baseline for the total group or respective diagnosis
for results per clinical stage. GM, grey matter.
**
p < .01.
***
p < .001.

Hippocampal volume in cm

Grey matter volume in cm

MMSE
***

Preclinical AD

Table 2a. Cross-sectional estimates for MMSE, grey matter and hippocampal volumes over follow-up time.
Cross-sectional estimates
Cross-sectional differences
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[−9]

[−34.06]

[−28.71]

−0.32 ± 0.01***

−2.11%
(−2.3%, −1.92%)

[−22.07]

***

[−22.56]

−0.45 ± 0.02***

−3.01%
(−3.42%, −2.6%)

[−14.37]

−16.53 ± 1.15***

[−13.46]

−2.38 ± 0.18***

AD dementia

−0.15***

−5.53***

−0.8***

Preclinical AD Prodromal AD

−0.12***

−4.01**

−1.3***

Prodromal AD AD dementia

Longitudinal differences

Atrophy rate
−4.28%
−2.03%
−4.18%
−6.81%
(Hippocampus)
(−4.53%, −4.04%)
(−2.47%, −1.59%)
(−4.46%, −3.89%)
(−7.41%, −6.22%)
Data are presented as β ± SE [t ratio] and in percentages (95% CI) for annual atrophy rates. Estimates are based on raw values/scores and were estimated with
linear mixed models. The models included the terms age, sex, education, field strength, total intracranial volume (for grey matter volumes) and follow-up time
in years for estimates of the total group. We additionally included baseline diagnosis and the interaction term follow-up time × diagnosis for effects per
clinical stage. Annual atrophy rates are based on estimates of annual decline divided by mean volumes at baseline for the total group or respective diagnosis
for results per clinical stage. GM, grey matter.
**
p < .01.
***
p < .001.

−0.17 ± 0.02***

−0.32 ± 0.01***

Hippocampal
volume in cm3

−1.17%
(−1.48%, −0.86%)

−2.1%
(−2.26%, −1.94%)

[−26.18]

[−7.33]

−12.52 ± 0.57

−6.99 ± 0.95

−12.23 ± 0.47

[−11.33]
***

[−1.71]

***

[−16.17]

−1.08 ± 0.1***

−0.27 ± 0.16

Prodromal AD

−1.29 ± 0.08***

Preclinical AD

Atrophy rate (GM)

Grey matter volume
in cm3

MMSE

Total group

Table 2b. Longitudinal estimates for MMSE, grey matter and hippocampal volumes over follow-up time.
Longitudinal estimates
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Figure 2. Predicted changes in grey matter volumes and cognitive functioning (a) as a function of follow-up time, (b) as a function of aging and (c) as a
function of MMSE for the baseline clinical stages in individuals with abnormal amyloid markers. Predicted values are based on raw values and were estimated
with linear mixed models. The models included the terms age (for the time and MMSE models), sex, education, field strength and total intracranial volume
(for grey matter volumes), and time, age or MMSE as predictor, and the interaction term predictor × diagnosis. Regression lines are based on cross-sectional
(intercepts) and longitudinal (slopes) estimates of the respective model and are based on estimated marginal means for the clinical stages. Vertical line in (b)
indicates mean age at baseline for the total sample.
GM, grey matter.
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Figure 3. Surface plots of longitudinal associations of local grey matter volumes with (a) follow-up time, (b) aging and (c) decline in MMSE over time for the
total groups and per baseline clinical stage. The color bar indicates the effect sizes as t ratios based on local GM volumes standardized to the mean values of
cognitively normal individuals with normal amyloid at baseline (for descriptive data see Supplementary Table 7) and were obtained with linear mixed models.
Analyses were adjusted for age (for time and MMSE models), sex, education, field strength and total intracranial volume. Note that t ratios indicate the
strength of the effect and do not correspond to betas. For associations in the total group and baseline clinical stages, negative values indicate steeper grey
matter atrophy with increasing time or age and positive values indicate steeper grey matter atrophy with worsening MMSE. For comparison of clinical stages,
negative values indicate steeper atrophy rates for e.g. prodromal AD as compared to preclinical AD and positive values indicate less steep atrophy rates for
e.g. prodromal AD as compared to preclinical AD. Subcortical structures are plotted in ventricular areas as approximation. The model for the association with
MMSE for the total group did not converge for the left supramarginal gyrus. L, left hemisphere; R, right hemisphere; *puncorrected < 0.05.
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Model 2 results: changes in grey matter volumes and MMSE as a function of aging
When aligning individuals according to their age, we observed smaller estimates as
compared to modeling change as a function of time, with −0.28 ± 0.03 points per year of
age on the MMSE and −8.87 ± 0.34 cm3 or 1.52% (95%CI; −1.65%, −1.4%) per year of
age in GM volume (all p < .001: Table 3 and Fig. 2b). Across clinical stages, individuals
with prodromal AD showed the fastest decline over aging for MMSE (β ± SE;
−0.22 ± 0.03 points per year of age) and GM volume (−9.6 ± 0.42 cm3 or −1.62% (95%CI;
−1.76%, −1.48%) per year of age) compared to AD-type dementia (MMSE: −0.09 ± 0.04
per year of age, p > .05; GM: -7.94 ± 0.77 cm3 or −1.45% (95%CI; −1.72%, −1.17%) per
year of age, p < .001) and preclinical AD participants (MMSE: −0.14 ± 0.05 per year of
age, p < .05; GM: -6.3 ± 0.74 cm3 or −1.05% (95%CI; −1.3%, −0.81%) per year of age;
p < .001). Similar to the time model, we found widespread regional effects for decline in
GM volumes with age, with the strongest effects found for the bilateral hippocampi,
insulae and Rolandic opercula (all pFDR < 0.001; Fig. 3b). Compared to AD dementia,
prodromal AD participants showed faster atrophy in mostly frontoparietal areas, while
preclinical and prodromal AD showed a largely similar atrophy pattern albeit with faster
rates for prodromal AD (all pFDR < 0.05).

Model 3 results: changes in grey matter volumes as a function of MMSE
When modeling disease progression as a function of MMSE, we observed that steeper
decline on the MMSE was correlated with steeper GM volume loss
(β ± SE = 4.1 ± 0.25 cm3 or 0.7% (95%CI; 0.62%, 0.79%) per MMSE point, p < .001;
Table 4 and Fig. 2c). Compared to modeling atrophy as a function of time, where
individuals showed an atrophy rate of 2.1% and a 1.29 point reduction on MMSE per year
(i.e., atrophy rate of 1.63% with 1 point decline on MMSE), when change in both
variables was modeled within individuals, atrophy decreased much less with 0.71%
decrease in GM volume per 1 point decline in MMSE score. When using age as a proxy
for disease progression we, similarly to the model based on time, found steeper slopes for
atrophy of 1.54% and a 0.27 point decline on MMSE per year (i.e., atrophy rate of 5.7%
with 1 point decline on MMSE). This suggests that using time or age as a proxy for
disease progression may result in overestimation of disease-related atrophy, which may
not reflect individual decline on MMSE, as a proxy for disease progression. Across
clinical stages, prodromal AD participants showed the strongest associations of MMSE
42

Chapter 2. Grey matter atrophy as a function of time, aging or cognitive decline

and GM volume (β ± SE = 4.46 ± 0.33 cm3 per MMSE point, p < .001) followed by AD
dementia patients (β ± SE = 3.04 ± 0.48 cm3 per MMSE point, p < .001) and preclinical
AD (β ± SE = 2.64 ± 0.84 cm3 per MMSE point, p < .01). Associations of GM volumes
with MMSE did not depend on educational level (see Supplementary Table 1).
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Cross-sectional differences
Preclinical AD Prodromal AD - AD
Prodromal AD
dementia
***
-3.28
-4.13***

29.03±0.31***
25.75±0.18***
21.62±0.27***
[95.08]
[141.56]
[79.02]
Grey matter volume in cm3
600.75±6.78***
563.06±4.1***
532.19±6***
-37.7***
-30.87***
[88.55]
[137.37]
[88.68]
3
***
***
Hippocampal volume in cm
8.53±0.2
6.96±0.12
5.96±0.18***
-1.56***
-1***
[42.95]
[58.37]
[34.04]
Data are presented as β±SE [t ratio] and in percentages (95% CI) for annual atrophy rates. Estimates are based on raw values/scores and were estimated with
linear mixed models. The models included the terms sex, education, field strength, total intracranial volume (for grey matter volumes) and age in years for
estimates of the total group. We additionally included baseline diagnosis and the interaction term age × diagnosis for effects per clinical stage. Annual
atrophy rates are based on estimates of annual decline divided by mean volumes at baseline for the total group or respective diagnosis for results per clinical
stage.
GM, grey matter.
*
p<0.05; **p<0.01; ***p<0.001

MMSE

Table 3a. Cross-sectional estimates for MMSE, grey matter and hippocampal volumes over aging.
Cross-sectional estimates
Preclinical AD
Prodromal AD
AD dementia
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Longitudinal differences
Preclinical AD Prodromal AD Prodromal AD
AD dementia
-0.08
0.13*

-0.28±0.03***
-0.14±0.05*
-0.22±0.03***
-0.09±0.04
[-9.41]
[-2.69]
[-8.29]
[-2.23]
3
***
***
***
Grey matter volume in cm
-8.87±0.34
-6.3±0.74
-9.6±0.42
-7.94±0.77***
-3.3***
1.66
[-25.78]
[-8.56]
[-22.71]
[-10.32]
Atrophy rate (GM)
-1.52%
-1.05%
-1.62%
-1.45%
(-1.65%, -1.4%)
(-1.3%, -0.81%) (-1.76%, -1.48%) (-1.72%, -1.17%)
Hippocampal volume in cm3 -0.28±0.01***
-0.16±0.02***
-0.29±0.01***
-0.35±0.02***
-0.13***
-0.06**
[-33.58]
[-9.38]
[-28.42]
[-20.16]
Atrophy rate (Hippocampus) -3.73%
-1.95%
-3.79%
-5.43%
(-3.96%, -3.51%) (-2.36%, -1.54%) (-4.05%, -3.52%) (-5.95%, -4.9%)
Data are presented as β±SE [t ratio] and in percentages (95% CI) for annual atrophy rates. Estimates are based on raw values/scores and were estimated
with linear mixed models. The models included the terms sex, education, field strength, total intracranial volume (for grey matter volumes) and age in
years for estimates of the total group. We additionally included baseline diagnosis and the interaction term age × diagnosis for effects per clinical stage.
Annual atrophy rates are based on estimates of annual decline divided by mean volumes at baseline for the total group or respective diagnosis for results
per clinical stage.
GM, grey matter.
*
p<0.05; **p<0.01; ***p<0.001

MMSE

Table 3b. Longitudinal estimates for MMSE, grey matter and hippocampal volumes over aging.
Longitudinal estimates
Total group
Preclinical AD
Prodromal AD
AD dementia
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Cross-sectional differences
Preclinical AD Prodromal AD - AD
Prodromal AD
dementia
-18.03*
-16.46**

p<0.05; **p<0.01; ***p<0.001

*

588.05±5.53***
570.02±2.94***
553.56±4.34***
[106.37]
[194.14]
[127.58]
3
***
***
Hippocampal volume in cm
7.94±0.12
7.12±0.06
6.56±0.09***
-0.82***
-0.56***
[67.23]
[112.68]
[70.65]
Data are presented as β±SE [t ratio] and in percentages (95% CI) for annual atrophy rates. Estimates are based on raw values/scores and were estimated with
linear mixed models. The models included the terms age, sex, education, field strength, total intracranial volume and MMSE for estimates of the total group.
We additionally included baseline diagnosis and the interaction term MMSE × diagnosis for effects per clinical stage. Atrophy rates per 1 score decline on the
MMSE are based on longitudinal estimates divided by mean volumes at baseline for the total group or respective diagnosis for results per clinical stage.
GM, grey matter.

Grey matter volume in cm3

Table 4a. Cross-sectional estimates for grey matter and hippocampal volumes over MMSE.
Cross-sectional estimates
Preclinical AD
Prodromal AD
AD dementia
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Longitudinal differences
Preclinical AD Prodromal AD - AD
Prodromal AD
dementia
1.82
-1.42*

4.1±0.25***
2.64±0.84**
4.46±0.33***
3.04±0.48***
[16.23]
[3.16]
[13.71]
[6.34]
Atrophy rate (GM)
0.7%
0.44%
0.75%
0.55%
(0.62%, 0.79%) (0.17%, 0.72%)
(0.64%, 0.86%)
(0.38%, 0.72%)
Hippocampal volume in cm3 0.11±0.01***
0.09±0.02***
0.12±0.01***
0.08±0.01***
0.03
-0.04**
[21.37]
[5.16]
[18.16]
[8.05]
Atrophy rate (Hippocampus) 1.49%
1.06%
1.55%
1.19%
(1.34%, 1.63%) (0.66%, 1.46%)
(1.39%, 1.72%)
(0.9%, 1.48%)
Data are presented as β±SE [t ratio] and in percentages (95% CI) for annual atrophy rates. Estimates are based on raw values/scores and were estimated with
linear mixed models. The models included the terms age, sex, education, field strength, total intracranial volume and MMSE for estimates of the total group.
We additionally included baseline diagnosis and the interaction term MMSE × diagnosis for effects per clinical stage. Atrophy rates per 1 score decline on the
MMSE are based on longitudinal estimates divided by mean volumes at baseline for the total group or respective diagnosis for results per clinical stage.
GM, grey matter.
*
p<0.05; **p<0.01; ***p<0.001

Grey matter volume in cm3

Table 4b. Longitudinal estimates for grey matter and hippocampal volumes over MMSE.
Longitudinal estimates
Total group
Preclinical AD
Prodromal AD
AD dementia
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At a regional level, when modeling atrophy as a function of decline in MMSE, the
strongest associations were observed in the bilateral hippocampi, superior and middle
temporal poles and insulae (all pFDR < 0.001; Fig. 3c). The anatomical pattern of
associations between decline in MMSE and atrophy was similar for AD dementia and
prodromal AD patients, albeit with stronger associations for prodromal AD compared to
AD dementia patients especially in the left middle cingulate, Rolandic operculum,
hippocampus and right inferior occipital gyrus (pFDR < 0.05). Compared to preclinical AD,
prodromal AD patients showed stronger associations of decreasing MMSE and atrophy in
the right inferior temporal gyrus (puncorrected = 0.04).
We further investigated whether the observed association with MMSE, as a proxy for
disease severity, could be explained by the effect of follow-up time or aging. When we
repeated the model additionally accounting for time or age, associations of MMSE with
GM volumes remained significant for the total group and for individuals with prodromal
AD and AD dementia specifically (see Supplementary Tables 2 and 3), suggesting that
modeling atrophy as a function of MMSE in more advanced disease stages can explain
variance in atrophy in addition to time or aging. Similarly, refitting time and age models
with longitudinal measures of MMSE resulted in similar effects as compared to the
models that were not adjusted for within-individual cognitive decline (see Supplementary
Tables 4 and 5), suggesting that all measures can explain part of the variance in grey
matter atrophy. Model fit for all refitted models was significantly improved by
additionally adding time, age or MMSE, respectively.

Changes in grey matter volumes as a function of time, aging and MMSE in individuals
with normal amyloid
In order to investigate whether slopes in outcome measures differed for individuals with
abnormal and normal amyloid, we included baseline amyloid abnormality as interaction
effect with the respective predictor. In all models, longitudinal slopes for MMSE, grey
matter atrophy rates were steeper for individuals with abnormal amyloid as compared to
those with normal amyloid (see Supplementary Table 6). We subsequently repeated
analyses in a sample of 387 individuals with normal amyloid markers (190 CN, 180 MCI,
17 individuals with dementia; see Supplementary Table 7 for demographic and clinical
characteristics).
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For these participants we found a slower decline in MMSE (β ± SE; −0.09 ± 0.03 points
per year; p < .01) and a slower decline in GM volume over time (β ± SE; −5.32 ± 0.33 cm3
or −0.86% (95%CI; −0.97%, −0.76%) per year; p < .001) with 1.6 times weaker effect
strength compared to individuals with abnormal amyloid markers (t ratio (abnormal
amyloid): −26.18; t ratio (normal amyloid): −16.13; see Supplementary Table 8 also for
separate estimates for clinical stages). Using aging as a predictor we similarly found
slower decline in MMSE (β ± SE; −0.04 ± 0.01 points per year; p < .001) and GM volume
(β ± SE; −4.85 ± 0.25 cm3 or −0.79% (95%CI; −0.87%, −0.71%) per year; p < .001) with
1.3 times weaker effect strength for individuals with normal amyloid compared to those
with abnormal amyloid (t ratio (abnormal amyloid): −25.78; t ratio (normal amyloid):
−19.68; see Supplementary Table 9). The anatomical pattern for regional volume loss over
time or aging was similarly widespread compared to those observed for abnormal amyloid
individuals, while we found reduced differences between the clinical stages (Fig. 4a–b;
see Supplementary Fig. 2 for cross-sectional associations). When modeling GM atrophy
as a function of MMSE, we found that an atrophy rate of only 0.13% (95%CI; 0.01%,
0.25%) was directly related to decline on the MMSE (β ± SE; 0.83 ± 0.37 cm3 per MMSE
point; p < .05). Importantly, this association was of 7.2 times weaker effect strength
compared to individuals with abnormal amyloid (t ratio (abnormal amyloid): 16.23; t ratio
(normal amyloid): 2.24; Table 5), indicating that associations with MMSE were more
specific for amyloid pathology than associations with time or age. At a regional level, we
only found few associations between decreasing MMSE and atrophy and mean effects
were of 7 times weaker strength compared to the abnormal amyloid group (Fig. 4c). The
difference in the anatomical patterns and weaker associations further suggest that
observed associations between decline in GM volume and MMSE are specific for
individuals with abnormal amyloid.
For each model and both samples (i.e., amyloid abnormal and normal) we then compared
model fit statistics as based on differences in AIC and likelihood ratio tests, calculated
explained variance R2 and estimated variances in random effects. For both samples, best
model, indicated by lowest AIC and/or highest log-likelihood, was observed for models
based on time, followed by models based on aging and then MMSE (see Supplementary
Table 10). Aging models explained most variance in declining grey matter volume, as
indicated by marginal R2, followed by time and then MMSE. Variance in subject slopes
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of decline on MMSE was greatest for time models as compared to aging models. Variance
in random slope effects was lowest for MMSE models, followed by aging and then time
models, suggesting that modeling grey matter atrophy as a function of cognitive decline
leads to less inter-individual variance in atrophy slopes, which may reflect that individuals
are better aligned according to their disease severity.
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Figure 4. Surface plots of longitudinal associations of local grey matter volumes with (a) follow-up time, (b) aging and (c) decline in MMSE over time for the
total groups and per baseline clinical stage in individuals with normal amyloid. The color bar indicates the effect sizes as t ratios based on local GM volumes
standardized to the mean values of cognitively normal individuals with normal amyloid at baseline (for descriptive data see Supplementary Table 7) and were
obtained with linear mixed models. Analyses were adjusted for age (for time and MMSE models), sex, education, field strength and total intracranial volume.
Note that t ratios indicate the strength of the effect and do not correspond to betas. For associations in the total group and baseline clinical stages, negative
values indicate steeper grey matter atrophy with increasing time or age and positive values indicate steeper grey matter atrophy with worsening MMSE. For
comparison of clinical stages, negative values indicate steeper atrophy rates for e.g. prodromal AD as compared to preclinical AD and positive values indicate
less steep atrophy rates for e.g. prodromal AD as compared to preclinical AD. Subcortical structures are plotted in ventricular areas as approximation.
L, left hemisphere; R, right hemisphere; *puncorrected < 0.05.
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Grey matter volume in cm3

CN
MCI
Dementia
CN-MCI
MCI-Dementia
609.72±3.65***
597.59±3.89***
597.6±12.63***
-12.13*
0.01
[166.93]
[153.64]
[47.3]
3
***
***
Hippocampal volume in cm
8.6±0.08
7.95±0.08
7.1±0.26***
-0.66***
-0.85**
[109.26]
[94.5]
[27.1]
Data are presented as β±SE [t ratio] and in percentages (95% CI) for annual atrophy rates. Estimates are based on raw values/scores and were estimated with
linear mixed models. The models included the terms age, sex, education, field strength, total intracranial volume and MMSE for estimates of the total group.
We additionally included baseline diagnosis and the interaction term MMSE × diagnosis for effects per clinical stage. Atrophy rates per 1 score decline on the
MMSE are based on longitudinal estimates divided by mean volumes at baseline for the total group or respective diagnosis for results per clinical stage.
GM, grey matter.
*
p<0.05; **p<0.01; ***p<0.001

Table 5a. Cross-sectional estimates for grey matter and hippocampal volumes over MMSE in individuals with normal amyloid.
Cross-sectional estimates
Cross-sectional differences
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Table 5b. Longitudinal estimates for grey matter and hippocampal volumes over MMSE in individuals with normal amyloid.
Longitudinal estimates
Longitudinal differences
Total group
CN
MCI
Dementia
CN-MCI
MCI-Dementia
3
*
Grey matter volume in cm
0.83±0.37
0.99±0.62
0.66±0.5
0.8±1.4
-0.33
0.15
[2.24]
[1.6]
[1.31]
[0.58]
Atrophy rate (GM)
0.13%
0.16%
0.11%
0.14%
(0.01%, 0.25%)
(-0.04%, 0.36%)
(-0.05%, 0.27%)
(-0.34%, 0.62%)
Hippocampal volume in cm3 0.02±0.01**
0.02±0.01
0.01±0.01
0.02±0.03
-0.01
0.01
[2.67]
[1.7]
[1.41]
[0.77]
Atrophy rate (Hippocampus) 0.22%
0.22%
0.16%
0.31%
(0.05%, 0.38%)
(-0.04%, 0.47%)
(-0.06%, 0.38%)
(-0.49%, 1.1%)
Data are presented as β±SE [t ratio] and in percentages (95% CI) for annual atrophy rates. Estimates are based on raw values/scores and were estimated with
linear mixed models. The models included the terms age, sex, education, field strength, total intracranial volume and MMSE for estimates of the total group.
We additionally included baseline diagnosis and the interaction term MMSE × diagnosis for effects per clinical stage. Atrophy rates per 1 score decline on the
MMSE are based on longitudinal estimates divided by mean volumes at baseline for the total group or respective diagnosis for results per clinical stage.
GM, grey matter.
*
p<0.05; **p<0.01; ***p<0.001
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Discussion
In this study, we compared three different approaches to investigate longitudinal changes
in GM volume: by using follow-up time, aging or MMSE, as an anchor point to align
individuals according to their disease severity. Compared to modeling atrophy as a
function of time or aging we observed less steep slopes when modeling disease
progression based on change in MMSE. Associations with time, aging and MMSE
generally remained after additionally correcting for the other predictors, suggesting that
all measures explain part of the variance in GM atrophy. For the MMSE, associations
were specific for individuals with amyloid pathology, suggesting that modeling
longitudinal GM atrophy with MMSE as a proxy for disease progression might be specific
for cognitive decline in individuals with evidence of AD pathology.
Previous studies taking time between first visit and follow-up to model disease
progression found whole-brain atrophy rates of 0.4–0.7% for cognitively normal older
individuals and of 0.6–2.2% for AD patients (see Frisoni et al., 2010 for review), which
are similar to our estimates of annual atrophy rates. Faster decline in annualized wholebrain atrophy rates were furthermore found to correlate with faster annualized change on
the MMSE across individuals (Jack Jr. et al., 2009; Sluimer et al., 2008). Using the
MMSE at baseline to align individuals according to their initial disease stage, Jack Jr. et
al. (2012) found increasing hippocampal atrophy with advancing disease progression
within individuals. Additionally, Donohue et al. (2014) and Lorenzi et al. (2017) used
self-modeling regression and Bayesian Gaussian process regression respectively to place
individuals according to their disease stage and model declines in whole brain and
hippocampal volume. Using the MMSE to align individuals according to their disease
severity as a simple approach, our findings are in line with the results of those previous
studies and we further show that other regions besides the hippocampus are associated
with cognitive decline as a proxy for disease severity within individuals. Moreover, these
associations were only observed in individuals with aggregated amyloid.
The most pronounced effect of modeling disease progression by decreasing MMSE
compared to follow-up time or age was in the spatial pattern of associations observed in
individuals with normal and with abnormal amyloid: Using time or age abnormal and
normal amyloid participants showed, albeit with smaller atrophy rates, similar anatomical
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patterns; but when we used MMSE to model disease progression, we found widespread
regional associations in individuals with abnormal amyloid across the clinical stages,
whereas only few associations were found in amyloid normal individuals, most of which
for cognitively normal individuals. In individuals with abnormal amyloid, associations
with cognitive decline were strongest for regions including the hippocampus, superior and
middle temporal pole and insula, which have been associated with cognitive dysfunction
in AD (Chang et al., 2013; Dupont, 2002). In individuals with normal amyloid, we
observed most associations of regional atrophy rates and cognitive decline for cognitively
normal individuals in frontal and temporal regions (although these effects did not survive
correction for multiple testing). These regions have previously been associated with
cognitive performance in ‘normal’ aging in the absence of amyloid pathology (Bakkour et
al., 2013). However, when additionally correcting for age the results remained unchanged
in regions that included the left superior temporal pole, olfactory gyrus and right Heschl's
gyrus (see Supplementary Fig. 3), areas that have been reported to be affected in
frontotemporal dementia (Landin-Romero et al., 2017; Moller et al., 2016).This suggests
that these alterations are not due to ‘normal aging’, but rather may reflect that some of
these individuals have non-AD pathology.
By modeling atrophy as a function of MMSE, we observed a much less steep atrophy rate
of 0.7% per 1 point decline on the MMSE compared to 2.1% with 1.29 point decline on
the MMSE per year or 1.52% with 0.28 point decline on the MMSE per year of age when
modeling atrophy as a function of time or aging, respectively. Possibly, when individuals
are not aligned according to their initial disease severity, the steeper slopes may reflect
differences between individuals who were in early and those who were in more advanced
stages of the disease at their first visit. Our results suggest that modeling GM atrophy as a
function of MMSE shows involvement of anatomical areas that seem to be specifically
related to cognitive decline in AD. Still, the slopes for the MMSE model were less steep
as compared to the other models, and so we cannot exclude the possibility that GM
atrophy in other anatomical areas as observed in the time and age models may have yet to
affect the MMSE, or that those areas may be related to decline in more specific
neuropsychological domains. Future research should further investigate this question by
studying how GM atrophy relates to decline on specific neuropsychological tests scores.

55

Discussion

Compared to AD dementia, individuals with prodromal AD showed steeper atrophy
slopes in age and MMSE models, but not in time models, suggesting that GM atrophy
most closely relates with increasing age and decline on MMSE within prodromal AD
individuals. Possibly, these findings can be explained due to increased variance in this
group of individuals, while participants with dementia might start to show plateau or floor
effects in either MMSE and/or atrophy rates. At a regional level, we found similar atrophy
patterns between preclinical AD and prodromal AD for models based on time and age in
individuals with abnormal amyloid. Compared to prodromal AD participants with AD
dementia showed steeper atrophy slopes mostly in temporal regions for time and less
steep atrophy slopes mostly in frontoparietal regions for age models. These results suggest
that while GM volumes in the temporal lobes continue to decline over time in the
dementia stage, atrophy is most associated with increasing age within individuals in the
prodromal stage of the disease. Previous studies found higher atrophy rates for younger
ages especially in dementia (Fiford et al., 2018; Holland et al., 2012). However, these
studies used baseline age to align individuals while we model the effect of aging within
individuals. Regional atrophy as modeled over time and aging were also widespread in
both samples with steeper slopes for individuals with abnormal amyloid and most
pronounced in the medial temporal lobes, especially in the hippocampus. These results
provide further support for the notion that amyloid aggregation is not part of normal aging
and suggest that atrophy of the hippocampus is not specific for AD per se (Fjell et al.,
2014; ten Kate et al., 2017), but rather the rate of hippocampal atrophy.
Finally, model fit comparisons showed that the time model showed the best model fit.
However, when additionally including time or age to the MMSE model (and similarly
MMSE to the age and time model) effects remained comparable and these refitted models
significantly improved model fit compared to the original models, suggesting that adding
information on where individuals are in their disease trajectory explains additional
variance GM atrophy. These findings further suggest that time, aging and decline on
MMSE all explained part of the variance in GM atrophy within individuals. Future
research should further investigate the possibility to develop composite measures that
combine time or age with decline on MMSE, and should test whether this could improve
estimates of GM atrophy over time.
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Strengths of our study are the large number of individuals, which we were able to include
from ADNI, and patients with different levels of cognitive impairment with and without
biomarker evidence of AD over a long follow-up period of up to 10 years. A potential
limitation of our approach is the use of MMSE as a measure for general cognitive
functioning in this study. The MMSE is a cognitive screening tool that might not
adequately capture subtle cognitive impairment and cognitive decline (Tombaugh and
McIntyre, 1992), and this may have contributed to the less steep atrophy slopes we
observed. Although the MMSE is widely used and readily available for most studies,
future research should further investigate how atrophy correlates with other measures that
are more sensitive to subtle cognitive decline and to specific cognitive domains, which
might relate to distinct, regional atrophy patterns. Furthermore, our sample of individuals
with normal amyloid included only few dementia cases, which might have contributed to
the weaker associations of MMSE and GM atrophy. Future research should further
investigate the association of GM atrophy with time, age and cognitive decline in larger
samples of individuals with non-AD dementia. Another possible limitation of our study
might be in amyloid status classification. Here, we used PET when available, and
otherwise CSF results were used to classify participants. Although these measures
correlate (Zwan et al., 2014), they may reflect different aspects of amyloid pathology
(Landau et al., 2013; Mattsson et al., 2014; Palmqvist et al., 2016), since PET tracers
directly bind to amyloid fibrils, while in CSF amyloid accumulation is measured
indirectly by decreasing levels of soluble Aβ1–42. By using PET as first criterion for
amyloid abnormality we classified some participants as amyloid normal although they had
abnormal levels of CSF Aβ1–42 (n = 76, 8.4%) and vice versa (n = 38, 4.2%). Given that
this discordance occurred in <10% of individuals, however, it is unlikely to have
influenced the results. Finally, scans included in the present study were obtained with
different field strengths. Although we ensured that, within subjects, the same field
strength was used, and we adjusted for this variable in all the models, these field strengths
may still have influenced our estimates on grey matter atrophy. Additional post-hoc
analyses stratifying analyses for field strength showed that for abnormal amyloid
individuals, estimates of grey matter and hippocampal volumes for 1.5 Tesla scans were
slightly higher, those for 3 Tesla scans slightly lower as compared to the original
estimates, which were based on all individuals with abnormal amyloid (see
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Supplementary Table 11). Importantly, individuals with 1.5 Tesla scans (who were most
often included at the start of the study) also showed steeper decline on the MMSE, while
individuals with 3 Tesla scans showed less steep decline on the MMSE over time. For
individuals with normal amyloid, stratifying by field strength resulted in similar estimates
for all outcome measures in all models. These results suggest that differences in
subsample characteristics might have driven these differences, but not necessarily field
strength per se.

Conclusion
One challenge in AD research is the estimation of where an individual is along their
disease trajectory. Here, we modeled GM decline as a function of MMSE, in this way
aligning individuals according to their disease severity and compared associations to those
using follow-up time or aging. Our results suggest that modeling GM with MMSE decline
within individuals, as a proxy for disease progression, provides smaller atrophy rates than
those based on follow-up time or aging and are specific for cognitive decline in
individuals with evidence of amyloid pathology.
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Supplementary Figure 1. Surface plots of cross-sectional associations with local grey matter volumes and (a) follow-up time, (b) aging and (c) MMSE per
baseline clinical stage in individuals with abnormal amyloid markers. The color bar indicates the effect sizes as t ratios based on local GM volumes
standardized to the mean values of cognitively normal individuals with normal amyloid at baseline (for descriptive data see Supplementary Table 7) and were
obtained with linear mixed models. Analyses were adjusted for age (for time and MMSE models), sex, education, field strength and total intracranial volume.
Note that t ratios indicate the strength of the effect and do not correspond to betas. For comparison of clinical stages, negative values indicate steeper atrophy
rates for e.g. prodromal AD as compared to preclinical AD and positive values indicate less steep atrophy rates for e.g. prodromal AD as compared to
preclinical AD. Subcortical structures are plotted in ventricular areas as approximation. The model for the association with MMSE across the different clinical
stages did not converge for the left superior medial orbito-frontal gyrus. L, left hemisphere; R, right hemisphere.
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Supplementary Table 1. Longitudinal estimates of
grey matter and hippocampal volumes over MMSE
by educational level.
Amyloid abnormal
Grey matter volume in cm3 0.55±0.64
[0.85]
3
Hippocampal volume in cm 0±0.01
[0.37]
Amyloid abnormal
Grey matter volume in cm3

0.6±1
[0.6]
3
Hippocampal volume in cm 0.01±0.02
[0.48]
Data are presented as β±SE [t ratio]. Estimates are
based on raw values/scores and were estimated with
linear mixed models stratified by baseline amyloid
abnormality. The models included the terms age,
sex, field strength, baseline total intracranial volume,
MMSE, educational level and the interaction term
MMSE × educational level. For educational level we
used a cut-off of >12 years (high school) for higher
education.
*
p<0.05; **p<0.01; ***p<0.001
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Supplementary Table 2b. Longitudinal estimates for grey matter and hippocampal volumes over MMSE after correction for follow-up time.
Longitudinal estimates
Longitudinal differences
Preclinical AD Prodromal AD Total group
Preclinical AD
Prodromal AD
AD dementia
Prodromal AD
AD dementia
3
***
***
***
*
Grey matter volume in cm
2.11±0.24
0.09±0.73
2.2±0.3
1.78±0.43
2.1
-0.41
[8.98]
[0.13]
[7.32]
[4.15]
Hippocampal volume in cm3 0.05±0***
0.01±0.01
0.06±0***
0.04±0.01***
0.04**
-0.01
[12.79]
[0.92]
[11.14]
[6.05]
Data are presented as β±SE [t ratio]. Estimates are based on raw values/scores and were estimated with linear mixed models. The models included the terms
age, sex, education, field strength, total intracranial volume, follow-up time in years and MMSE for estimates of the total group. We additionally included
baseline diagnosis and the interaction term MMSE × diagnosis for effects per clinical stage. Model fit improved significantly by additionally adding a term for
follow-up time to the model for grey matter (chi-square=614.79, ∆(degrees of freedom)=1, p<0.001) and hippocampal volume (chi-square=1360.5, ∆(degrees
of freedom)=1, p<0.001) as outcome measures.
*
p<0.05; **p<0.01; ***p<0.001

Supplementary Table 2a. Cross-sectional estimates for grey matter and hippocampal volumes over MMSE after correction for follow-up time.
Cross-sectional estimates
Cross-sectional differences
Preclinical AD Prodromal AD - AD
Preclinical AD
Prodromal AD
AD dementia
Prodromal AD
dementia
3
***
***
***
***
Grey matter volume in cm
596.62±5.55
570.75±3.04
543.83±4.44
-25.87
-26.92***
[107.46]
[187.46]
[122.51]
3
***
***
Hippocampal volume in cm 8.2±0.12
7.14±0.07
6.29±0.1***
-1.05***
-0.85***
[69.76]
[107.53]
[65.89]
Data are presented as β±SE [t ratio]. Estimates are based on raw values/scores and were estimated with linear mixed models. The models included the terms
age, sex, education, field strength, total intracranial volume, follow-up time in years and MMSE for estimates of the total group. We additionally included
baseline diagnosis and the interaction term MMSE × diagnosis for effects per clinical stage. Model fit improved significantly by additionally adding a term for
follow-up time to the model for grey matter (chi-square=614.79, ∆(degrees of freedom)=1, p<0.001) and hippocampal volume (chi-square=1360.5, ∆(degrees
of freedom)=1, p<0.001) as outcome measures.
*
p<0.05; **p<0.01; ***p<0.001
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Longitudinal differences
Preclinical AD Prodromal AD Prodromal AD
AD dementia
*
1.99
-0.6

3

Total group
Preclinical AD
Prodromal AD
AD dementia
***
***
Grey matter volume in cm
2.43±0.24
0.6±0.74
2.58±0.3
1.99±0.43***
[10.34]
[0.81]
[8.58]
[4.58]
3
***
***
Hippocampal volume in cm 0.06±0
0.02±0.01
0.06±0.01
0.05±0.01***
0.04**
-0.02
[14.01]
[1.78]
[12.6]
[6.57]
Data are presented as β±SE [t ratio]. Estimates are based on raw values/scores and were estimated with linear mixed models. The models included the terms
sex, education, field strength, total intracranial volume, age in years and MMSE for estimates of the total group. We additionally included baseline diagnosis
and the interaction term MMSE × diagnosis for effects per clinical stage.
Model fit improved significantly by additionally adding a term age to the model with grey matter (chi-square=521.93, ∆(degrees of freedom)=0, p<0.001) and
hippocampal volume (chi-square=1153.9, ∆(degrees of freedom)=0, p<0.001) as outcome measure.
*p<0.05; **p<0.01; ***p<0.001

Longitudinal estimates

Supplementary Table 3b. Longitudinal estimates for grey matter and hippocampal volumes over MMSE after correction for aging.

Supplementary Table 3a. Cross-sectional estimates for grey matter and hippocampal volumes over MMSE after correction for aging.
Cross-sectional estimates
Cross-sectional differences
Preclinical AD –
Prodromal AD - AD
Preclinical AD
Prodromal AD
AD dementia
Prodromal AD
dementia
3
***
***
***
***
Grey matter volume in cm
600.71±5.8
569.12±3.2
546.05±4.66
-31.59
-23.07***
[103.5]
[177.7]
[117.23]
Hippocampal volume in cm3 8.39±0.14***
7.08±0.08***
6.34±0.11***
-1.31***
-0.74***
[61.76]
[90.85]
[56.76]
Data are presented as β±SE [t ratio]. Estimates are based on raw values/scores and were estimated with linear mixed models. The models included the terms
sex, education, field strength, total intracranial volume, age in years and MMSE for estimates of the total group. We additionally included baseline diagnosis
and the interaction term MMSE × diagnosis for effects per clinical stage.
Model fit improved significantly by additionally adding a term age to the model with grey matter (chi-square=521.93, ∆(degrees of freedom)=0, p<0.001) and
hippocampal volume (chi-square=1153.9, ∆(degrees of freedom)=0, p<0.001) as outcome measure.
*p<0.05; **p<0.01; ***p<0.001
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Supplementary Table 4b. Longitudinal estimates for grey matter and hippocampal volumes over follow-up time after correction for MMSE.
Longitudinal estimates
Longitudinal differences
Preclinical AD Prodromal AD Total group
Preclinical AD
Prodromal AD
AD dementia
Prodromal AD
AD dementia
3
***
***
***
***
***
Grey matter volume in cm
-10.99±0.48
-6.78±0.92
-11.74±0.57
-14.87±1.2
-4.96
-3.12*
[-23.12]
[-7.34]
[-20.44]
[-12.39]
Hippocampal volume in cm3 -0.3±0.01***
-0.17±0.02***
-0.3±0.01***
-0.4±0.02***
-0.14***
-0.1***
[-32.29]
[-9.25]
[-27.71]
[-20.35]
Data are presented as β±SE [t ratio]. Estimates are based on raw values/scores and were estimated with linear mixed models. The models included the terms
age, sex, education, field strength, total intracranial volume, MMSE and follow-up time in years for estimates of the total group. We additionally included
baseline diagnosis and the interaction term follow-up time × diagnosis for effects per clinical stage. Model fit improved significantly by additionally adding a
term MMSE to the model with grey matter (chi-square=32.952, ∆(degrees of freedom)=1, p<0.001) and hippocampal volume (chi-square=63.169, ∆(degrees
of freedom)=1, p<0.001) as outcome measure
*p<0.05; **p<0.01; ***p<0.001

Supplementary Table 4a. Cross-sectional estimates for grey matter and hippocampal volumes over follow-up time after correction for MMSE.
Cross-sectional estimates
Cross-sectional differences
Preclinical AD Prodromal AD - AD
Preclinical AD
Prodromal AD
AD dementia
Prodromal AD
dementia
Grey matter volume in cm3
594.38±5.37***
569.93±3.16***
534.44±4.61***
-24.45***
-35.5***
[110.69]
[180.43]
[115.92]
Hippocampal volume in cm3
8.2±0.12***
7.14±0.07***
6.07±0.1***
-1.06***
-1.08***
[69.93]
[103.2]
[60.79]
Data are presented as β±SE [t ratio]. Estimates are based on raw values/scores and were estimated with linear mixed models. The models included the terms
age, sex, education, field strength, total intracranial volume, MMSE and follow-up time in years for estimates of the total group. We additionally included
baseline diagnosis and the interaction term follow-up time × diagnosis for effects per clinical stage. Model fit improved significantly by additionally adding a
term MMSE to the model with grey matter (chi-square=32.952, ∆(degrees of freedom)=1, p<0.001) and hippocampal volume (chi-square=63.169, ∆(degrees
of freedom)=1, p<0.001) as outcome measure
*p<0.05; **p<0.01; ***p<0.001
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Supplementary Table 5b. Longitudinal estimates for grey matter and hippocampal volumes over aging after correction for MMSE.
Longitudinal estimates
Longitudinal differences
Preclinical AD Prodromal AD - AD
Total group
Preclinical AD Prodromal AD AD dementia Prodromal AD
dementia
3
***
***
***
***
*
Grey matter volume in cm
-6.81±0.31
-5.63±0.66
-7.67±0.39
-5.39±0.69
-2.04
2.28**
[-21.62]
[-8.54]
[-19.65]
[-7.79]
3
***
***
***
Hippocampal volume in cm -0.24±0.01
-0.15±0.02
-0.25±0.01
-0.28±0.02*** -0.1***
-0.02
[-31.54]
[-9.99]
[-27.06]
[-16.98]
Data are presented as β±SE [t ratio]. Estimates are based on raw values/scores and were estimated with linear mixed models. The models included the terms
sex, education, field strength, total intracranial volume, MMSE and age in years for estimates of the total group. We additionally included baseline diagnosis
and the interaction term age × diagnosis for effects per clinical stage. Model fit improved significantly by additionally adding a term MMSE to the model with
grey matter (chi-square=167.18, ∆(degrees of freedom)=1, p<0.001) and hippocampal volume (chi-square=185.22, ∆(degrees of freedom)=1, p<0.001) as
outcome measure
*p<0.05; **p<0.01; ***p<0.001

Supplementary Table 5a. Cross-sectional estimates for grey matter and hippocampal volumes over aging after correction for MMSE.
Cross-sectional estimates
Cross-sectional differences
Preclinical AD Prodromal AD Preclinical AD
Prodromal AD
AD dementia
Prodromal AD
AD dementia
3
***
***
***
***
Grey matter volume in cm
593.07±5.75
565.69±3.45
543.25±5.08
-27.38
-22.44***
[103.11]
[163.92]
[107.01]
Hippocampal volume in cm3
8.37±0.17***
6.98±0.1***
6.16±0.15***
-1.38***
-0.83***
[49.61]
[68.87]
[41.13]
Data are presented as β±SE [t ratio]. Estimates are based on raw values/scores and were estimated with linear mixed models. The models included the terms
sex, education, field strength, total intracranial volume, MMSE and age in years for estimates of the total group. We additionally included baseline diagnosis
and the interaction term age × diagnosis for effects per clinical stage. Model fit improved significantly by additionally adding a term MMSE to the model with
grey matter (chi-square=167.18, ∆(degrees of freedom)=1, p<0.001) and hippocampal volume (chi-square=185.22, ∆(degrees of freedom)=1, p<0.001) as
outcome measure
*p<0.05; **p<0.01; ***p<0.001
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Model 1 (Time)
Model 2 (Aging)
Model 3 (MMSE)
Cross-sectional
Longitudinal
Cross-sectional
Longitudinal
Cross-sectional Longitudinal
estimates
estimates
estimates
estimates
estimates
estimates
***
***
***
***
MMSE
-1.73±0.15
-1.12±0.09
-2.64±0.22
-0.18±0.03
n.a.
n.a.
[-11.24]
[-12.13]
[-12.04]
[-5.44]
GM volume in cm3
-21.99±3.39***
-6.51±0.6***
-25±4.15***
-3.67±0.44***
-97.22±14.05*** 2.84±0.48***
[-6.49]
[-10.91]
[-6.02]
[-8.39]
[-6.92]
[5.9]
Hippocampal volume in cm3 -0.72±0.08***
-0.21±0.01***
-0.85±0.11***
-0.17±0.01***
-2.93±0.29***
0.08±0.01***
[-9.22]
[-17.37]
[-7.53]
[-16.23]
[-10.15]
[8.53]
Data are presented as β±SE [t ratio]. Estimates are based on raw values/scores and were estimated with linear mixed models. The models included main
effects for amyloid abnormality and follow-up time in years (model 1), age in years (model 2) or MMSE (model 3) and their interaction terms as predictors.
Models were corrected for baseline age (model 1 and 3), sex, education, field strength and total intracranial volume (for grey matter volumes).
GM, grey matter; n.a., not applicable.
***
p<0.001

MMSE.

Supplementary Table 6. Cross-sectional and longitudinal estimates for MMSE and grey matter volumes by amyloid abnormality over time, aging and
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229.82 (38.33)
29 (17%)
59.17 (23.79)
19 (11%)
2.1 (2-4)
4 (3-5)
543 (67%)
1455.85
(141.33)
618.71 (59.8)
8.78 (1.03)

224.84 (38.33)
59 (17%)
59.86 (27.67)
37 (10%)
2.6 (2-4)
4 (3.8-5)

1080 (64%)
1465.59
(140.1)
616.92 (68.63)
8.48 (1.34)

675 (81%)
1472.18
(137.85)
618.57 (73.98)
8.35 (1.42)

218.93 (36.46)
28 (16%)
57.65 (26.36)
13 (8%)
3 (2-4)
5 (4-5)

MCI
(n=180, 47%)
75 (42%)
71.06 (8.43)
16 (14-18)
NA
14 (8%)
142 (79%) / 38
(21%)
1.01 (0.05)
0 (0%)

Data are presented as N (%), mean (SD), or median (Q1-Q3), where appropriate.
n.a., not applicable; n.s. not significant after adjustment for multiple comparisons.
a
available for n=298, bavailable for n=357, cfor ApoE ε4 carriers

Grey matter volume, cm3
Hippocampal volume, cm3

a

a

AV45 PET SUVR
Abnormal AV45 PET >1.11
SUVR
b
CSF Aβ1-42, pg/ml
b
Abnormal Aβ1-42 <192 pg/ml
b
CSF total tau, pg/ml
b
Abnormal total tau >93 pg/ml
Follow up time, years (ADNI)
Number of assessments
(MRI and MMSE)
Field strength (3T)
Total intracranial volume, cm3

Female
Age, years
Education, years
Progression to MCI
Progression to dementia
APOE4 allele (0/≥1 )

CN
(n=190, 49%)
89 (47%)
72.53 (5.96)
16 (15-18)
21 (11%)
5 (3%)
150 (79%) / 39
(21%)
1.02 (0.05)
0 (0%)

Total group
(n=387)
168 (44%)
72.21 (7.48)
16 (14.8-18)
21 (5%)
19 (5%)
308 (80%) / 78
(20%)
1.01 (0.05)
0 (0%)

36 (62%)
1504.24
(147.59)
579.59 (92.38)
6.6 (1.69)

235.22 (49.52)
2 (12%)
90.85 (53.25)
5 (31%)
2 (1-2)
3 (3-4)

Dementia
(n=17, 4%)
4 (24%)
80.93 (6.08)
16 (13.5-18)
NA
NA
16 (94%) / 1
(6%)
0.98 (0.07)
0 (0%)

n.s.
CN > MCI; CN > AD; MCI >
AD

CN > MCI
n.s.
CN < AD; MCI < AD
MCI < AD
CN > AD; MCI > AD
CN < MCI; CN > AD; MCI >
AD
CN < MCI; MCI > AD
n.s.

CN > AD
n.a.

n.s.
CN < AD; MCI < AD
n.s.
n.a.
n.a.
n.s.

Pairwise comparisons

Supplementary Table 7. Demographic and clinical characteristics for individuals with normal amyloid.
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Supplementary Table 8a. Cross-sectional estimates for MMSE, grey matter and hippocampal volumes over follow-up time in individuals with normal
amyloid.
Cross-sectional estimates
Cross-sectional differences
CN
MCI
Dementia
CN-MCI
MCI-Dementia
***
***
***
***
MMSE
29±0.1
28.21±0.1
23.66±0.39
-0.79
-4.55***
[291.93]
[279.22]
[61.16]
3
***
***
Grey matter volume in cm
608.92±3.7
595.93±3.96
585.61±11.69***
-12.99*
-10.32
[164.43]
[150.53]
[50.1]
Hippocampal volume in cm3
8.6±0.08***
7.93±0.09***
6.64±0.25***
-0.67***
-1.29***
[107.19]
[93]
[26.11]
Data are presented as β±SE [t ratio] and in percentages (95% CI) for annual atrophy rates. Estimates are based on raw values/scores and were estimated with
linear mixed models. The models included the terms age, sex, education, field strength, total intracranial volume (for grey matter volumes) and follow-up time
in years for estimates of the total group. We additionally included baseline diagnosis and the interaction term follow-up time × diagnosis for effects per
clinical stage. Annual atrophy rates are based on estimates of annual decline divided by mean volumes at baseline for the total group or respective diagnosis
for results per clinical stage.
GM, grey matter.
*p<0.05; **p<0.01; ***p<0.001
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Supplementary Table 8b. Longitudinal estimates for MMSE, grey matter and hippocampal volumes over follow-up time in individuals with normal amyloid.
Longitudinal estimates
Longitudinal differences
CNMCITotal group
CN
MCI
Dementia
MCI
Dementia
MMSE
-0.09±0.03**
-0.07±0.04
-0.08±0.04
-0.52±0.24
0
-0.44
[-3.1]
[-1.84]
[-1.89]
[-2.12]
3
***
***
***
Grey matter volume in cm
-5.32±0.33
-5.18±0.47
-5.26±0.47
-10.25±2.4***
-0.08
-4.99
[-16.13]
[-11]
[-11.1]
[-4.26]
Atrophy rate (GM)
-0.86%
-0.84%
-0.85%
-1.77%
(-0.97%, -0.76%)
(-0.99%, -0.69%)
(-1%, -0.7%)
(-2.58%, -0.95%)
3
***
***
***
Hippocampal volume in cm -0.11±0.01
-0.09±0.01
-0.12±0.01
-0.28±0.04***
-0.02
-0.16***
[-18.48]
[-11.28]
[-13.98]
[-7.79]
Atrophy rate (Hippocampus) -1.29%
-1.05%
-1.39%
-4.22%
(-1.43%, -1.15%)
(-1.24%, -0.87%)
(-1.58%, -1.19%)
(-5.29%, -3.16%)
Data are presented as β±SE [t ratio] and in percentages (95% CI) for annual atrophy rates. Estimates are based on raw values/scores and were estimated with
linear mixed models. The models included the terms age, sex, education, field strength, total intracranial volume (for grey matter volumes) and follow-up time
in years for estimates of the total group. We additionally included baseline diagnosis and the interaction term follow-up time × diagnosis for effects per
clinical stage. Annual atrophy rates are based on estimates of annual decline divided by mean volumes at baseline for the total group or respective diagnosis
for results per clinical stage.
GM, grey matter.
*p<0.05; **p<0.01; ***p<0.001
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Supplementary Table 9a. Cross-sectional estimates for MMSE, grey matter and hippocampal volumes over aging in individuals with normal amyloid.
Cross-sectional estimates
Cross-sectional differences
CN
MCI
Dementia
CN-MCI
MCI-Dementia
***
***
***
***
MMSE
29.01±0.09
28.29±0.1
23.28±0.49
-0.73
-5.01***
[334.43]
[295.97]
[47.75]
3
***
***
Grey matter volume in cm
609.11±3.81
597.09±4.23
615.61±16.02***
-12.02*
18.53
[159.92]
[141.07]
[38.44]
Hippocampal volume in cm3
8.69±0.09***
8.09±0.09***
7.95±0.31***
-0.6***
-0.15
[101.7]
[86.56]
[25.46]
Data are presented as β±SE [t ratio] and in percentages (95% CI) for annual atrophy rates. Estimates are based on raw values/scores and were estimated with
linear mixed models. The models included the terms sex, education, field strength, total intracranial volume (for grey matter volumes) and age in years for
estimates of the total group. We additionally included baseline diagnosis and the interaction term age × diagnosis for effects per clinical stage. Annual atrophy
rates are based on estimates of annual decline divided by mean volumes at baseline for the total group or respective diagnosis for results per clinical stage.
GM, grey matter.
*p<0.05; **p<0.01; ***p<0.001
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Supplementary Table 9b. Longitudinal estimates for MMSE, grey matter and hippocampal volumes over aging in individuals with normal amyloid.
Longitudinal estimates
Longitudinal differences
CNMCITotal group
CN
MCI
Dementia
MCI
Dementia
MMSE
-0.04±0.01***
-0.02±0.01
-0.04±0.01**
0.05±0.07
-0.02
0.09
[-4.09]
[-1.65]
[-3.27]
[0.7]
3
***
***
***
Grey matter volume in cm
-4.85±0.25
-4.61±0.37
-4.96±0.35
-7.48±1.74***
-0.35
-2.51
[-19.68]
[-12.62]
[-14.31]
[-4.3]
Atrophy rate (GM)
-0.79%
-0.75%
-0.8%
-1.29%
(-0.87%, -0.71%)
(-0.86%, -0.63%)
(-0.91%, -0.69%)
(-1.88%, -0.7%)
3
***
***
***
Hippocampal volume in cm -0.1±0.01
-0.09±0.01
-0.11±0.01
-0.25±0.03***
-0.02
-0.14***
[-20.52]
[-12.43]
[-15.78]
[-7.75]
Atrophy rate (Hippocampus) -1.23%
-1.02%
-1.32%
-3.72%
(-1.35%, -1.11%)
(-1.18%, -0.86%)
(-1.49%, -1.16%)
(-4.67%, -2.78%)
Data are presented as β±SE [t ratio] and in percentages (95% CI) for annual atrophy rates. Estimates are based on raw values/scores and were estimated with
linear mixed models. The models included the terms sex, education, field strength, total intracranial volume (for grey matter volumes) and age in years for
estimates of the total group. We additionally included baseline diagnosis and the interaction term age × diagnosis for effects per clinical stage. Annual atrophy
rates are based on estimates of annual decline divided by mean volumes at baseline for the total group or respective diagnosis for results per clinical stage.
GM, grey matter.
*p<0.05; **p<0.01; ***p<0.001
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Supplementary Figure 2. Surface plots of cross-sectional associations of local grey matter volumes with (a) follow-up time, (b) aging and (c) MMSE per
baseline clinical stage for individuals with normal amyloid markers. The color bar indicates the effect sizes as t ratios based on local GM volumes
standardized to the mean values of cognitively normal individuals with normal amyloid at baseline (for descriptive data see Supplementary Table 7) and were
obtained with linear mixed models. Analyses were adjusted for age (for time and MMSE models), sex, education, field strength and total intracranial volume.
Note that t ratios indicate the strength of the effect and do not correspond to betas. For comparison of clinical stages, negative values indicate steeper atrophy
rates for e.g. prodromal AD as compared to preclinical AD and positive values indicate less steep atrophy rates for e.g. prodromal AD as compared to
preclinical AD. Subcortical structures are plotted in ventricular areas as approximation.L, left hemisphere; R, right hemisphere; n.s., not significant; *puncorrected
< 0.05
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Supplementary Table 10a. Comparison of model fit and variances of random effects for MMSE and grey matter and hippocampal volumes in individuals with
abnormal amyloid.
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Supplementary Table 10b. Comparison of model fit and variances of random effects for MMSE and grey matter and hippocampal volumes in individuals with
normal amyloid.
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Supplementary Figure 3. Surface plot of local grey matter atrophy as a function of MMSE after
additional correction for effects of aging for the amyloid normal CN subsample. The color bar
indicates the effect sizes as t ratios based on local GM volumes standardized to the mean values of
cognitively normal individuals with normal amyloid at baseline (for descriptive data see
Supplementary Table 7) and were obtained with linear mixed models. Analyses were adjusted for sex,
education, field strength and total intracranial volume. Note that t ratios indicate the strength of the
effect and do not correspond to betas. Subcortical structures are plotted in ventricular areas as
approximation. All puncorrected<0.05.
L, left hemisphere; R, right hemisphere
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***

82

-0.09±0.03**
[-3.1]

0.04±0.01*** n.a.
[-4.09]
4.85±0.25*** 0.83±0.37*
[-19.68]
[2.24]

-0.08±0.04*
[-2.12]

0.11±0.01*** -0.3±0.01***
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[-21.3]

*
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***
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-0.09±0.04*
[-2.16]

0.12±0.01***
[14.63]

4.16±0.41***
[10.05]

0.55±0.07*** n.a.
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***

Individuals with 1.5 Tesla scans
Model 1
Model 2
Model 3
(time)
(Aging)
(MMSE)

-0.04±0.02
n.a.
[-1.78]
3
***
***
***
GM volume in cm
-5.32±0.33
-5.42±0.39
-5.05±0.61
4.79±0.53*** 1.4±0.92
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[-8.27]
[-9.11]
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in cm3
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age (for model 1 and 3), sex, education, total intracranial volume (for grey matter volumes) and follow-up time in years (model 1), age in years (model 2) or
MMSE (model 3) and were stratified by amyloid status and field strength. Original model estimates with adjustment for field strength are additionally
provided, which included all individuals of the respective amyloid status group (i.e. including all field strengths).
*
p<0.05; **p<0.01; ***p<0.001
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Supplementary Table 11. Model estimates for MMSE, grey matter and hippocampal volumes for all individuals and after stratification by field strength
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Supplementary Table 12. Demographic and clinical characteristics of individuals with abnormal
amyloid by field strength.
N
Female
Age, years
Education, years
Progression to MCI
Progression to dementia
APOE4 allele (0/≥1 )

Total
523
253 (48%)
73.83 (6.84)
16 (14-18)
19 (4%)
154 (29%)
177 (34%) / 346
(66%)
1.39 (0.17)
333 (100%)

1.5 Tesla
178 (34%)
82 (46%)
74.36 (6.93)
16 (13-18)
7 (4%)
71 (40%)***
55 (31%) / 123
(69%)
-

3 Tesla
345 (66%)
171 (50%)
73.55 (6.79)
16 (14-18)
12 (3%)
83 (24%)
122 (35%) / 223
(65%)
1.39 (0.17)
333 (100%)

AV45 PET SUVR
Abnormal AV45 PET >1.11
SUVR
b
CSF Aβ1-42, pg/ml
139.78 (28.66)
137.81 (22.32)
140.9 (31.66)
b
Abnormal Aβ1-42 <192 pg/ml 469 (95%)
177 (99%)**
292 (93%)
b
CSF total tau, pg/ml
110.17 (55.31)
110.25 (51.59)
110.12 (57.39)
b
Abnormal total tau >93 pg/ml
273 (55%)
96 (54%)
177 (56%)
***
Follow up time, years (ADNI)
2 (1.6-4)
2.1 (2-4)
2 (1.1-4)
Number of assessments
4 (3-5)
5 (4-7)***
4 (3-5)
(MRI and MMSE)
MMSE
27 (25-29)
26 (24.2-28)*
28 (25-29)
3
Total intracranial volume, cm
1.45 (0.15)
1.45 (0.15)
1.45 (0.15)
3
Grey matter volume, cm
582.91 (73.39)
568.48 (75.33)
590.35 (71.35)
Hippocampal volume, cm3
7.53 (1.42)
7.06 (1.42)
7.77 (1.36)
Data are presented as N (%), mean (SD), or median (Q1-Q3), where appropriate. Comparisons of
baseline characteristics between individuals with different field strengths are based on chi-squared
tests, Student's t test or Mann-Whitney test where appropriate.
a
available for n=333, bavailable for n=493; -, AV45 PET was missing for individuals with scans on
1.5 Tesla systems.
*
p<0.05, **p<0.01, ***p<0.001.
a
a
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Chapter 3
Grey matter network measures are associated with
cognitive decline in mild cognitive impairment
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Abstract
Grey matter networks are disrupted in Alzheimer's disease and related to cognitive
impairment. However, it is still unclear whether these disruptions are associated with
cognitive decline over time. Here, we studied this question in a large sample of patients
with mild cognitive impairment with extensive longitudinal neuropsychological
assessments. Grey matter networks were extracted from baseline structural magnetic
resonance imaging, and we tested associations of network measures and cognitive decline
in Mini-Mental State Examination and 5 cognitive domains (i.e., memory, attention,
executive function, visuospatial, and language). Disrupted network properties were crosssectionally related to worse cognitive impairment. Longitudinally, lower small-world
coefficient values were associated with a steeper decline in almost all domains. Lower
betweenness centrality values correlated with a faster decline in Mini-Mental State
Examination and memory, and at a regional level, these associations were specific for the
precuneus, medial frontal, and temporal cortex. Furthermore, network measures showed
additive value over established biomarkers in predicting cognitive decline. Our results
suggest that grey matter network measures might have use in identifying patients who will
show fast disease progression.
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Introduction
Therapies targeted to treat Alzheimer's disease (AD) are probably most effective when
administered at very early stages of the disease, before the clinical syndrome
of dementia has become evident (Scheltens et al., 2016). Patients with mild cognitive
impairment (MCI) have an increased risk to develop dementia. Being able to identify
those MCI patients who will show fast cognitive decline could increase potential
treatment effects in clinical trials. However, this is challenging for individual patients, as
subjects with MCI show considerable variability in cognitive decline (Jack et al.,
2013, Scheltens, 2013). In addition, the biological substrate associated with decline in
specific cognitive domains is not well understood. Increasing evidence indicates that
measures of brain networks change during the course of AD (Pereira et al., 2016, Yao
et al., 2010), already starting at early, preclinical stages (Tijms et al., 2016). Therefore,
measures of brain networks might have promise as prognostic biomarkers for future
cognitive decline (Tijms et al., 2013b).
Brain networks can be determined based on similarity in grey matter structure between
brain areas as measured with structural magnetic resonance imaging (MRI) (Mechelli
et al., 2005, Tijms et al., 2012). Such patterns of grey matter similarity have been
associated with coordinated growth of grey matter during development (Alexander-Bloch
et al., 2013a), functional co-activation (Alexander-Bloch et al., 2013b), and/or axonal
connectivity (Gong et al., 2012). Several studies have shown that grey matter networks are
disrupted in AD, as indicated by a more random network organization (He et al., 2009, Li
et al., 2012, Tijms et al., 2013a, Tijms et al., 2013b, Yao et al., 2010). Furthermore, a
more random network topology has been cross-sectionally related to worse cognitive
impairment in AD patients (Tijms et al., 2013a, Tijms et al., 2014). In MCI, the network
topology seems to lie in between those of cognitively healthy older subjects and AD
patients (Pereira et al., 2016, Yao et al., 2010). Therefore, it could be hypothesized that
MCI patients who have a more randomly organized network will show faster decline in
cognitive functioning over time. However, previous studies investigated cross-sectional
effects and/or used a methodology that results in 1 network for a group of subjects. Thus,
this hypothesis has not been tested yet as it is not possible to relate group-based networks
to interindividual measures of decline. Therefore, it remains unclear whether a more
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random network topology may provide a biological substrate to explain cognitive decline
in single patients with MCI, and if so, whether this can be attributed to specific cognitive
domains.
In this study, we assessed whether baseline single-subject grey matter network measures
could explain differences among MCI subjects in their rates of cognitive decline for
specific cognitive domains. We further tested whether grey matter network measures have
additive value over established markers for AD (i.e., hippocampal volume, cerebrospinal
fluid [CSF] amyloid β 1–42 [Aβ42], and total taulevels) in predicting which patients will
show increased cognitive decline.

Material and Methods
Participants
Two-hundred and fifty-eight MCI patients (mean age = 67 ± 8 years, Mini–Mental State
Examination [MMSE] = 27 ± 2) with available baseline structural MRI, and at least 1 year
of follow-up including repeated neuropsychological testing were selected from the
Amsterdam Dementia Cohort of the Alzheimer Center of the VU University Medical
Center. Patients initially visited our memory clinic between 2000 and 2013. Most subjects
received a standard dementia screening that often included a medical history,
physiological and neurological examination, extensive neuropsychological screening,
blood testing, lumbar puncture, an electroencephalogram, and an MRI scan (van Der Flier
et al., 2014). Patients were diagnosed with MCI during a multidisciplinary consensus
meeting based on International Consensus Criteria: patients initially visiting our memory
clinic before 2012 were diagnosed with MCI according to Petersen criteria (Petersen
et al., 1999); after that the National Institute on Aging–Alzheimer's Association criteria
were used (Albert et al., 2011). Follow-up visits were scheduled approximately annually
as part of the clinical routine and often included standardized neuropsychological testing.
During a multidisciplinary consensus meeting at follow-up, a diagnosis of AD or another
type of dementia was made when subjects met the corresponding international research
and/or clinical consensus criteria (Gorno-Tempini et al., 2011, McKeith et al., 2005,
McKhann et al., 1984, McKhann et al., 2011, Neary et al., 1998, Rascovsky et al.,
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2011, Roman et al., 1993). Over a median follow-up time of 2.3 years, 115 (45%) patients
progressed to dementia. Ninety-eight (85%) out of the progressing patients received a
diagnosis of probable or possible AD during follow-up, and 17 patients received another
diagnosis (n = 7 vascular dementia; n = 3 dementia with Lewy bodies; n =
4 frontotemporal lobar degeneration; n = 1 primary progressive aphasia; and n = 2
unspecified dementia). The medical ethics committee of the VU University Medical
Center approved the study, and all subjects provided written informed consent.

Neuropsychological assessment
Neuropsychological examinations consisted of a standardized test battery (van Der Flier
et al., 2014) and included the Dutch version of the Rey Auditory Verbal Learning Test
(total immediate recall and delayed recognition) and correct words of the visual
association test for the memory domain; the trail making test part A, the forward subtest
of the Digit Span, and the Stroop test parts 1 and 2 for the attention domain; the backward
subtest of the Digit Span, the trail making test part B, the Stroop test part 3, the letter
fluency test, and the frontal assessment battery test for executive functioning; category
fluency (animals) and the visual association test naming subtest for the language domain,
and the dot counting and fragmented letters test for the visuospatial domain. General
cognitive function was assessed with the MMSE. A total number of 922
neuropsychological evaluations were available (median number of follow-ups: 3, range:
1–11). The percentage of missing values over all follow-up visits in
any neuropsychological test ranged from 1% to 37%. We combined tests into cognitive
domains to reduce the number of tests, and therefore, we estimated missing values using
multiple imputations as implemented in SPSS (version 22) to obtain unbiased estimates of
cognitive functioning. Age, sex, and education were included as predictors. Imputation
was repeated for 15 times. After imputation, test scores of the Stroop and trail making
tests were inverted so that lower scores reflect more impairment. All baseline test scores
were z-transformed, and follow-up z-scores were determined relative to baseline scores.
Per time point, the z-transformed scores were averaged across tests per cognitive domain.

MRI acquisition and preprocessing
Owing to the long period of time that subjects were included, imaging was acquired from
7 different systems using spoiled gradient-echo sequences. Acquisition details for the
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different systems are listed in the Supplementary Material. All structural T1-weighted
MRI scans were reviewed for brain pathology other than neurodegeneration by an
experienced radiologist. Images were preprocessed using SPM12 as implemented in
Matlab 7.12. First, the structural T1-weighted images were segmented into grey matter,
white matter, and CSF with the default settings for all parameters. The native space grey
matter–segmented images were then resliced to a voxel size of 2 × 2 × 2 mm, to
standardize voxel sizes and to reduce dimensionality. Next, 90 anatomical areas in subject
space were identified using the automated anatomical labeling (AAL) atlas (TzourioMazoyer et al., 2002), which was warped from standard space to native space using
subject-specific inversed normalization parameters. Total intracranial volume (TIV) was
computed as the sum of grey and white matter and CSF volumes in cubic centimeter.
Normalized grey matter was defined as the ratio of grey matter to TIV. Single-subject
grey matter networks were extracted from native space grey matter segmentations using
an automated method that has been published previously
(https://github.com/bettytijms/Single_Subject_Grey_Matter_Networks; Tijms et al.,
2012).

Grey matter network measures
The obtained networks were binarized after determining a threshold that ensured a similar
chance for all subjects to include on average 5% spurious correlations in the network. We
then calculated graph theoretical measures for the obtained grey matter networks that
quantify the amount of connectivity (i.e., degree and connectivity density) and the
network topology (i.e., clustering, path length, and betweenness centrality [BC]; Rubinov
and Sporns, 2010). For each network, the network measures size, degree, connectivity
density, clustering coefficient, path length, and BC were calculated. Connectivity density
is defined as the ratio of existing connections to the maximum number of connections
possible in the network. The clustering coefficient indicates the interconnectedness of
neighboring nodes. The path length quantifies the number of connections between 2 nodes
along the shortest path. Betweenness centrality measures the number of shortest paths that
pass through a node and is indicative of the importance of a node in a network (Rubinov
and Sporns, 2010). To estimate how the network topology deviates from randomly
organized networks, we also calculated measures of the small-world property. Normalized
versions of global clustering coefficient (gamma) and path length (lambda) were
90

Chapter 3. Grey matter networks predict cognitive decline

calculated by dividing the unnormalized measures with the corresponding average of
clustering or path length values of 20 randomized reference networks that kept the degree
distribution intact (Maslov and Sneppen, 2002). The small-world coefficient is defined as
the ratio of gamma to lambda (Humphries and Gurney, 2008) with values >1 indicating an
optimal balance between information segregation (greater than random clustering) and
integration (similar to random path length; Rubinov and Sporns, 2010). At a regional
level, we averaged local values across nodes that were labeled according to the AAL atlas
to enable comparison across subjects, and global network measures were obtained by
averaging the local network measures across all nodes. All network measures were
computed with functions from the Brain Connectivity Toolbox adjusted for large-sized
networks (https://sites.google.com/site/bctnet/; Rubinov and Sporns, 2010).

CSF analysis
CSF samples were obtained with a lumbar puncture between the L3/L4, L4/L5, or L5/S1
intravertebral space using a 25-gauge needle and syringe and collected
in polypropylene tubes. Concentrations of Aβ42 and total tau were determined with
sandwich ELISAs (Innotest, Fujirebio, Belgium) (Mulder et al., 2010) at the
Neurochemistry Laboratory of the Department of Clinical Chemistry of the VUmc.

Statistical analysis
Comparisons of clinical characteristics between stable MCI subjects and those patients
who progressed during follow-up were performed with Student's t-tests, Kruskal tests, or
χ2 tests where appropriate. We tested associations of baseline grey matter network
measures (predictor variables) and decline over time in each cognitive domain (outcome
variables) with linear mixed models, including grey matter network measures and time as
main terms to assess baseline effects and an interaction term of grey matter network
measures × time to assess annual change effects. We estimated random slopes and
intercepts for subjects with the lme4 package (Bates et al., 2015) in R (version 3.3.0,
2016-05-03). Results were pooled over imputed data sets using Rubin's rules as
implemented in the package MICE (van Buuren and Groothuis-Oudshoorn, 2011). Sex,
age, education, scanner type, and TIV were included as covariates. For the network size,
we excluded TIV as a covariate because of the high correlation between these measures.
First, the size, degree, and connectivity density were tested, and if any of these measures
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showed a significant association, they were included as an additional covariate in the
respective model, since they influence other network property values (van Wijk et al.,
2010). Analyses of annual change effects were repeated at a local level for each of the 90
AAL areas including local grey matter atrophy as an additional covariate. Local analyses
were corrected for multiple testing with the false discovery rate (FDR) procedure
(Benjamini and Hochberg, 1995), with pFDR < 0.05 indicating statistical significance. We
used logistic regression modeling to study whether network properties could predict
which subjects would show fast progression. Per cognitive domain, we classified patients
based on whether their slope was higher (i.e., slow decline) or lower (i.e., fast decline)
than the median slope of the total group corrected for education. Logistic regression
analyses were employed for slow/fast cognitive decline (outcome variable) with network
measures as the predictor variable and age, sex, TIV, and scanner included as covariates
(model 1). To study whether network measures could explain variance beyond more
established biomarkers, we repeated the logistic regression analyses subsequently adding
hippocampal volume (model 2), CSF Aβ42 levels (model 3), and CSF total tau levels
(model 4) as covariates. All statistical analyses were performed in R (version 3.3.0, 201605-03), and Brain Viewer (version 1.53; Xia et al., 2013) was used to visualize regional
results.

Results
Sample description
Baseline demographical, clinical, and grey matter connectivity measures are summarized
in Table 1. Subjects were on average 67 ± 8 years of age, and 105 (41%) were females.
Follow-up information was available over a median of 2.3 (1.4–3.1) years. Over the
follow-up period, patients showed decline in all cognitive domains examined
(all p < 0.01), and this was most pronounced for the MMSE and the memory domain
(Table 2). Progressing patients had lower normalized grey matter and hippocampal
volumes and CSF Aβ42, and higher CSF total tau and p-tau levels (all p < 0.05). All
networks had an average connectivity density of 16.31% (±1.33) and were small-world
networks. None of the networks had disconnected nodes. Compared to subjects who
remained stable, subjects who progressed to dementia showed significantly lower values
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of gamma and the small-world coefficient (p < 0.05) and a trend for lower BC values (p =
0.053) at baseline.
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Table 1. Demographics and grey matter network characteristics of the included sample.
Total
Stable
Progression
N
Female
Age, years
Education
Co-medication
Follow up time, years
CSF Aβ42, pg/ml
CSF total tau, pg/ml
CSF p-tau, pg/ml
Progression to AD-type
dementia
Progression to non-AD
Nomalized grey matter volume,
cm3
Hippocampal volume, cm3
Network size
Network degree
Connectivity density
Clustering coefficient
Path length

258
105 (41%)
66.7 (7.96)
5 (4-6)
38 (15%)
2.3 (1.4-3.1)
589 (454-899)
405 (263.2-625)
64 (45-84)

100
40 (40%)
67.03 (6.85)
5 (4-6)
12 (12%)
2.2 (1.2-3.1)
639 (486.8-978.2)
345.5 (247.2-513.8)
53 (41.2-74.8)

115
52 (45%)
68.25 (8.05)
5 (4-6)
18 (16%)
2.3 (1.7-3.3)
511 (404-613) c
550 (370-803) c
76 (59-107) c

98 (38%)
17 (7%)

n.a.
n.a.

98 (85%)
17 (15%)

410.48 (48.27)
7.71 (1.28)
7000.97 (669.22)
1140.37 (135.18)
16.31 (1.33)
0.46 (0.02)
2.01 (0.02)

411.26 (41.43)
7.93 (1.19)
7033.14 (654.87)
1130.65 (128.79)
16.09 (1.24)
0.46 (0.02)
2.02 (0.02)

396.75 (50.27) b
7.16 (1.2) c
6892.62 (672.31)
1125.29 (137.94)
16.34 (1.38)
0.46 (0.03)
2.01 (0.02)
6961.89 (697.79)

a
Betweenness centrality
7099.74 (700.32) 7140.93 (669)
Gamma
1.66 (0.1)
1.66 (0.09)
1.63 (0.1) b
Lambda
1.1 (0.01)
1.1 (0.01)
1.09 (0.01)
Small-world coefficient
1.51 (0.08)
1.51 (0.07)
1.49 (0.08) b
n.a. is not applicable. Data are presented as N (%), mean (SD) or median (IQR). Education was
assessed with the Verhage classification system (Verhage, 1964).
a
p = 0.053; b p < 0.05; c p < 0.001.
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Table 2. Neuropsychological baseline data and annual change.
Baseline score
Annual change p Value
N missing (%)
(Annual
change)
MMSE
-0.24 (1.05)
-0.23 (0.03)
<0.001
MMSE, raw score
26.68 (2.45)
-0.57 (0.07)
<0.001
105 (11.4)
Memory
-0.3 (0.64)
-0.16 (0.02)
<0.001
RAVLT, immediate
30.95 (7.77)
-1.18 (0.2)
<0.001
78 (8.5)
recall
RAVLT, correct
25.97 (2.96)
-0.56 (0.07)
<0.001
87 (9.4)
VAT a1 and a2
9.83 (2.74)
-0.67 (0.07)
<0.001
54 (5.9)
Attention
-0.14 (0.84)
-0.13 (0.02)
<0.001
Digit span forward
12.28 (2.9)
-0.13 (0.05)
0.012
9 (1.0)
TMT A
-47.73 (19.98)
-4.15 (0.86)
<0.001
20 (2.2)
Stroop 1
-48.5 (11.48)
-2.03 (0.3)
<0.001
222 (24.1)
Stroop 2
-67.29 (16.33)
-2.95 (0.5)
<0.001
224 (24.3)
Executive function
-0.15 (0.73)
-0.11 (0.02)
<0.001
Digit span backward
8.56 (2.87)
-0.07 (0.06)
0.265
9 (1.0)
Letter fluency (DAT)
33.56 (11.53)
-0.13 (0.21)
0.532
217 (23.5)
FAB
15.93 (1.86)
-0.27 (0.07)
<0.001
252 (27.3)
Stroop 3
-127.72 (42.43) -11.85 (2.01)
<0.001
239 (25.9)
TMT B
-131.97 (71.88) -13.02 (1.58)
<0.001
90 (9.8)
Language
-0.15 (0.88)
-0.15 (0.03)
<0.001
VAT naming
11.88 (0.46)
-0.07 (0.02)
0.002
56 (6.1)
Category fluency
18.87 (5.21)
-0.96 (0.11)
<0.001
45 (4.9)
(animals)
Visuospatial
-0.1 (0.67)
-0.07 (0.02)
<0.001
Fragmented letters
18.67 (1.36)
-0.21 (0.07)
0.003
336 (36.4)
Dot counting
9.65 (0.64)
-0.06 (0.03)
0.041
340 (36.9)
Data are presented as mean (SD) for baseline test scores and annual change as β (SD) as
estimated by linear mixed models. Domain scores are given in z-scores and are based on the
averaged imputed z-scores of the respective subtests. Scores for subtests represent the unimputed,
raw scores. Note that scores for TMT and Stroop were inverted, so that higher scores indicate
better performance.
Key: FAB, Frontal Assessment Battery; MMSE, Mini-Mental State Examination; RAVLT, Rey
Auditory Verbal Learning Test; TMT, Trail Making Test; VAT, Visual Association Test.
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Baseline and annual change effects of global network measures
Table 3 shows estimated baseline and annual change effects of global network measures
on cognitive impairment. We found several baseline effects of global network measures
on cognition: for global cognitive function, lower values of the degree (β ± SE; 0.2 ±
0.09) and BC (β ± SE = 0.33 ± 0.15) were associated with worse performance in the
MMSE (p < 0.05). Patients with higher values of the characteristic path length (β ±
SE = −0.11 ± 0.05) showed worse memory performance at baseline (p< 0.05). Lower
values of BC were associated with worse performance in attention (β ± SE = 0.45 ±
0.13; p < 0.001), executive (β ± SE = 0.38 ± 0.1; p < 0.001), and language functioning (β
± SE = 0.29 ± 0.13; p < 0.05). Lower values of the characteristic path length (β ± SE = 0.1
± 0.04) and lambda (β ± SE = 0.1 ± 0.5) were additionally associated with worse
executive functioning (all p < 0.05).
Longitudinal analyses showed that lower small-world coefficient values at baseline were
associated with worse decline in memory (β ± SE = 0.05 ± 0.02), attention (β ± SE = 0.04
± 0.02), and executive functioning (β ± SE = 0.04 ± 0.02; all p < 0.05). Patients with
lower gamma values at baseline showed faster decline in memory (β ± SE = 0.04 ± 0.02),
attention (β ± SE = 0.04 ± 0.02), and executive functioning (β ± SE = 0.04 ± 0.02; all p <
0.05). Smaller network size (β ± SE = 0.07 ± 0.03) and lower BC values (β ± SE = 0.08 ±
0.03) were additionally related to steeper decline in MMSE, whereas lower values of
network size (β ± SE = 0.05 ± 0.02), degree (β ± SE = 0.05 ± 0.02), and BC (β ± SE =
0.06 ± 0.02) were associated with steeper decline in memory (all p < 0.01). No
associations were found for grey matter network properties and change over time in
language and visuospatial functioning (all p > 0.05).
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0.2 (0.09)

Deg

0.05 (0.07)

λ
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0.04 (0.07)

0.05 (0.03)

0.01 (0.03)

0.04 (0.03)

b

0.08 (0.03)

0.01 (0.05)
b

0.05 (0.02)

-0.09 (0.05) 0.03 (0.02)

a

-0.01 (0.05) 0.04 (0.02)

b

-0.17 (0.11) 0.06 (0.02)

0.02 (0.02)

0 (0.05)

0.08 (0.06)

0.02 (0.06)

c

0.45 (0.13)

0.1 (0.05)

a

0.04 (0.02)

0.03 (0.02)

a

0.04 (0.02)

0.02 (0.02)

0.02 (0.02)

-0.04 (0.06) 0.03 (0.02)

-0.09 (0.06) 0.01 (0.02)

0.02 (0.07)

ATTENTION
Baseline
Annual
effect
change
0.08 (0.06) 0.02 (0.02)
0.02 (0.02)

0.06 (0.04)

0.1 (0.05) a

0.07 (0.04)

0.38 (0.1) c

a

0.04 (0.02)

0.02 (0.02)

a

0.04 (0.02)

0.03 (0.02)

0.05 (0.06)

0.05 (0.06)

0.05 (0.06)

a

0.29 (0.13)

0.04 (0.06)

0.02 (0.02)

0.1 (0.04)

0.01 (0.06)

a

0.03 (0.03)

-0.05 (0.06) 0.03 (0.02)

VISUOSPATIAL
Baseline
Annual
effect
change
0.08 (0.05) 0.01 (0.02)

0.05 (0.03)

0.03 (0.03)

0.05 (0.03)

0.05 (0.03)

0.04 (0.03)

0.01 (0.03)

0.03 (0.05)

0.03 (0.05)

0.03 (0.05)

-0.02 (0.1)

0.04 (0.04)

0.01 (0.02)

0.01 (0.02)

0.01 (0.02)

0.01 (0.02)

-0.01 (0.02)

-0.02 (0.05) 0.03 (0.02)

-0.01 (0.06) -0.01 (0.03) -0.04 (0.05) 0.03 (0.02)

0.03 (0.08)

LANGUAGE
Baseline
Annual
effect
change
0.07 (0.06) 0.04 (0.03)

-0.01 (0.05) 0.01 (0.02)

-0.05 (0.05) 0 (0.02)

0.02 (0.06)

EXECUTIVE
FUNCTION
Baseline
Annual
effect
change
0.06 (0.05) 0.02 (0.02)

Data are presented as β (SE) as estimated by linear mixed models. The models included the covariates age, sex, education, MRI scanner type, TIV, network
measure, follow-up time in years and the interaction term network measure × time. Size, Degree, ConDen were additionally corrected for when they showed
a significant effect in the respective model.
a
p < 0.05; b p < 0.01; c p<0.0009 (i.e., Bonferroni corrected)
Key: BC, Betweenness centrality; Deg, Degree; Dens, Connectivity density; C, Clustering coefficient; L, Path length; γ, Gamma; λ, Lambda; MMSE, Minimental state examination; SW, Small-world coefficient.

SW

0.04 (0.07)

γ

a

0.33 (0.15)

BC

a

0.02 (0.02)

0.01 (0.02)

b

0.05 (0.02)

-0.11 (0.05) 0.02 (0.02)

0.06 (0.07)

L

0.04 (0.03)

-0.21 (0.18) -0.03 (0.03) 0.06 (0.05)

-0.05 (0.03) 0.09 (0.05)

0.08 (0.07)

b

MEMORY
Baseline
Annual
effect
change
0.03 (0.05) 0.05 (0.02)

C

Dens 0.13 (0.07)

0.03 (0.03)

a

Size

a

MMSE
Baseline
Annual
effect
change
0.1 (0.07)
0.07 (0.03)

Table 3. Baseline and annual change effects of grey matter connectivity measures on cognition.
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Results

When we restricted analyses to patients who remained stable and those who
progressed to AD-type dementia (n = 98), the observed associations between size
and BC and cognitive decline over time became slightly stronger for memory and
MMSE (Supplementary Table 1A). Effect sizes for attention and executive
functioning remained similar but were no longer significant. In this subsample,
higher connectivity density values were related to steeper decline in language
functioning (β ± SE = −0.05 ± 0.03; p < 0.05; Supplementary Table 1A). When
restricting analyses to patients who remained stable and those who received a
diagnosis other than AD during follow-up (n = 17), effect sizes for the
associations of network measures and decline in the MMSE decreased
(Supplementary Table 1B). Effect sizes of network measures remained similar for
decline in memory and attention and became slightly stronger for executive
functioning. In this sub-group, we found additional associations of lower
connectivity density (β ± SE = 0.05 ± 0.02) and clustering coefficient values (β ±
SE = 0.05 ± 0.02) with steeper decline in visuospatial functioning (all p < 0.05).

Anatomical specificity of associations between grey matter network measures
and cognitive decline
We found several effects of local network measures on cognitive decline over time
for global cognitive functioning and memory: lower values of the network degree
in the temporal lobes and prefrontal areas showed the largest effect sizes for
decline in memory (Fig. 1A and Supplementary Table 2). Lower baseline BC
values were related to faster decline in both memory and MMSE for several brain
areas, including the left superior medial orbitofrontal and the bilateral
precentral gyrus (all pFDR < 0.05; Fig. 1). The strongest effects were found for the
associations of lower BC in the right precuneus and faster decline in memory (β ±
SE = 0.07 ± 0.02) and MMSE (β ± SE = 0.11 ± 0.03; all pFDR < 0.01). Lower
values of the BC in the right supramarginal, middle occipital, superior parietal,
middle temporal, parahippocampal gyrus, and bilateral inferior temporal gyri were
specifically associated with increased decline in memory functioning over time
(all pFDR < 0.05; Fig. 1B). For the MMSE, the associations additionally involved
the left anterior cingulate, right lingual gyrus, right fusiform gyrus, right
hippocampus, left parahippocampal gyrus, and right thalamus (all pFDR <
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0.05; Fig. 1C; Supplementary Tables 2 and 3 for all local effects for MMSE and
memory).
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Figure 1. Regional associations of network measures with cognitive decline over time.
The colorbar indicates the level of significance after FDR-correction per AAL area. Analyses
were adjusted for age, sex, education, local grey matter volume and the local degree. (A) For
the memory domain, lower values of the degree in widespread areas, involving particularly
the temporal lobes and prefrontal areas in the left hemisphere, were significantly associated
with steeper decline over time. (B) Lower values of the betweenness centrality were
associated with increased decline in memory functioning over time in the right precuneus, left
superior medial orbito-frontal gyrus, right supramarginal gyrus, bilateral precentral gyrus,
bilateral inferior temporal gyrus, left superior medial frontal gyrus, right superior parietal
gyrus, right middle temporal gyrus, right parahippocampal gyrus, left superior temporal pole,
right middle occipital gyrus and left thalamus. (C) Lower betweenness centrality values were
associated with increased decline over time in MMSE, specifically for the right precuneus,
left superior medial-orbito-frontal gyrus, bilateral precentral gyri, bilateral superior medial
frontal gyri, bilateral thalami, left anterior cingulate, left parahippocampal gyrus, left superior
temporal pole, right lingual gyrus, right fusiform gyrus and right hippocampus. Subcortical
structures are plotted in ventricular areas as approximation. Estimated cross-sectional and
annual change effects for all AAL areas are listed in Supplementary Table 2 and 3.
Abbreviations: L, left hemisphere; R, right hemisphere.
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Repeating analyses after excluding subjects who progressed to non-AD type
dementia, we found similar effects for the local BC on memory decline over time
while the weakest associations were no longer significant (Supplementary
Fig. 1B). Effects for local BC values and decline in the MMSE were slightly
stronger and additionally included the right paracentral lobule (Supplementary
Fig. 1C). For this subsample, we additionally found associations for lower values
of the local degree and increased decline in memory functioning for regions that
included the right olfactory gyrus, left precuneus, bilateral putamen, and left
superior temporal pole (Supplementary Fig. 1A). After restricting analyses to
stable patients and those with a follow-up diagnosis other than AD, lower values
of the BC in the right supramarginal gyrus (β ± SE = 0.07 ± 0.02) and left inferior
temporal gyrus (β ± SE = 0.06 ± 0.02) were associated with steeper memory
decline over time (all pFDR = 0.02). Local associations of the degree with worse
memory decline largely overlapped with those seen for the total group
(Supplementary Fig. 2). In addition, we found a significant association of lower
BC in the right olfactory gyrus with increased decline in attention over time (β ±
SE = −0.09 ± 0.02; pFDR = 0.004).

Comparison of network measures with other biomarkers to predict which
subjects will show fast cognitive decline
We further investigated whether those network measures that showed the largest
effect sizes in the mixed model analyses would show additive value to established
biomarkers to predict which patients show faster than median rate of cognitive
decline. Across the domains, subjects classified as fast progressors showed similar
proportions of progression to clinical AD dementia (Supplementary Table 4). For
the MMSE and memory functioning, gamma and the small-world coefficient were
predictive for fast decline, and this effect remained after correcting for
hippocampal volume and CSF Aβ42 levels (Table 4). These effects lost
significance, however, when CSF total tau levels were added to the model. For
attention and executive functioning, the BC, gamma and small-world coefficient
showed the strongest predictive effects, which remained stable after correcting for
hippocampal volume, CSF Aβ42, and total tau levels (all p < 0.05).
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Table 4. Odds ratio to predict which individual subjects will show faster than median
decline for specific cognitive domains.
Model 1
Model 2
Model 3
Model 4
MMSE
Size
0.32 (0.12-0.84) 0.39 (0.14-1.08) 0.38 (0.14-1.05) 0.41 (0.15-1.14)
b

a

a

a

Degree

0.56 (0.36-0.87)

0.6 (0.38-0.97)

0.61 (0.38-0.97)

0.72 (0.45-1.14)

BC
Gamma

0.59 (0.28-1.23) 0.73 (0.33-1.62)
0.64 (0.46-0.9) b 0.68 (0.47-0.98)

0.7 (0.32-1.57)
0.67 (0.47-0.98)

0.7 (0.32-1.57)
0.78 (0.54-1.13)

Small world

0.63 (0.45-0.87)

0.65 (0.46-0.94)

0.65 (0.45-0.93)

0.76 (0.53-1.09)

Memory
Size

0.34 (0.13-0.89)

0.5 (0.18-1.38)

0.47 (0.17-1.31)

0.51 (0.18-1.41)

Degree

0.67 (0.44-1.03)

0.8 (0.51-1.24)

0.81 (0.52-1.25)

0.95 (0.61-1.48)

BC

0.44 (0.21-0.94)

0.61 (0.27-1.37)

0.57 (0.25-1.29)

0.57 (0.25-1.3)

Gamma

0.63 (0.46-0.88)

0.72 (0.5-1.04) a

0.71 (0.5-1.03) a

0.83 (0.58-1.19)

Small world

0.64 (0.46-0.88)

0.73 (0.51-1.03)

0.71 (0.5-1.01) a

0.83 (0.59-1.18)

Attention
Size

0.43 (0.16-1.11)

0.46 (0.17-1.29)

0.46 (0.16-1.27)

0.47 (0.17-1.3)

Degree
BC

0.77 (0.49-1.21)
0.34 (0.16-0.73)

0.81 (0.5-1.3)
0.34 (0.15-0.77)

0.81 (0.5-1.31)
0.33 (0.14-0.75)

0.85 (0.53-1.38)
0.33 (0.14-0.75)

Gamma

0.57 (0.4-0.81)

0.54 (0.36-0.81)

0.54 (0.36-0.81)

0.56 (0.37-0.84)

Small world

0.6 (0.43-0.85) c

0.59 (0.4-0.86) c

0.58 (0.4-0.86) c

0.6 (0.41-0.89) b

Executive
functioning
Size

0.26 (0.1-0.71) c

0.3 (0.1-0.89) b

0.3 (0.1-0.88) b

0.31 (0.11-0.93)

Degree
BC

0.79 (0.51-1.22)
0.25 (0.11-0.55)

0.88 (0.55-1.41)
0.27 (0.11-0.64)

0.89 (0.56-1.41)
0.26 (0.11-0.62)

1 (0.62-1.61)
0.26 (0.11-0.62)

Gamma

0.56 (0.39-0.82)

0.58 (0.38-0.88)

0.57 (0.38-0.88)

0.64 (0.42-0.96)

Small world

0.59 (0.41-0.85)

0.6 (0.4-0.91)

0.6 (0.39-0.91)

0.67 (0.45-1) a

b

b

b

c

b
a

b
c
c

a

c

c

c
c
c

b

a

b
c

c

b

b

b

b
b

c
c

c
c

b

c

b

b

c

b

Data is represented as OR (95% CI). Model 1 contains the respective network measure as
predictor. Model 2 additionally includes hippocampal volume, Model 3 CSF Aβ42 levels
and Model 4 CSF total tau levels as covariates. All models were corrected for age, gender
age, total brain volume and scanner.
a
p < 0.1; b p < 0.05, c p < 0.01.; Key: BC, betweenness centrality.
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Discussion
Our main finding is that MCI patients who had grey matter network measures that
are indicative of a more random network organization at the time of first visit
showed a steeper rate of decline in cognitive functioning. These results suggest
that grey matter networks might contain information that could help in
discriminating MCI subjects who will show fast cognitive decline in specific
cognitive domains.
Grey matter network properties showed the strongest associations with decline in
global cognitive functioning and memory compared with other cognitive domains.
Memory is among the first cognitive functions to be affected in AD, whereas other
cognitive domains usually become impaired at later stages of the disease (Jack
et al., 2013). Lower values of gamma and the small-world property are indicative
of a more random network organization, which has often been reported for AD
patients (Tijms et al., 2013a, Tijms et al., 2013b, Yao et al., 2010). We have
previously shown that a more random network topology was associated with
worse cognitive impairment when comparing patients with AD dementia with
controls cross-sectionally, and within AD (Tijms et al., 2013a, Tijms et al., 2014).
Previous studies investigating grey matter networks in MCI have reported
intermediate values of the small-world coefficient relative to cognitively normal
controls and AD subjects (Pereira et al., 2016, Yao et al., 2010), suggesting that
lower small-world values in these MCI patients may herald prodromal AD. Our
findings seem to support this idea, since MCI subjects who progressed to dementia
showed lower BC, gamma, and small-world coefficient values, suggesting that
their networks seem to be similarly organized to networks we previously observed
in subjects with AD dementia. Still, previous studies have reported conflicting
results concerning the directionality of network measures when comparing patient
groups to healthy controls. For example, both increased and decreased clustering
coefficient and path length values (He et al., 2008, Pereira et al., 2016, Tijms
et al., 2013a, Yao et al., 2010) have been reported for AD patients compared with
controls. A potential explanation for these conflicting results might lie in the
different network reconstruction methods that have been used (Tijms et al.,
2013b). Alternatively, the changes in network measures due to illness might not
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follow a linear path (Seo et al., 2013). Future studies should further investigate
trajectories of network changes over time.
Lower BC values were associated with a steeper decline in the MMSE and the
memory domain. Betweenness centrality measures the importance of a node in a
network and identifies hubs (Rubinov and Sporns, 2010). Hub regions are thought
to control the information flow between functionally segregated areas and seem to
be especially vulnerable in AD-related pathology (Tijms et al., 2013a, Tijms et al.,
2013b, Yao et al., 2010). We hypothesize that the loss of hubs impedes the
information flow between functionally distinct areas, resulting in impaired
cognitive functioning as suggested by our findings. Our results showed that
decreased BC values in several distinct brain areas, including the precuneus,
the superior frontal gyrus, and the supramarginal gyrus, were associated with a
steeper cognitive decline. These brain areas have previously been implied in the
progression to AD as showing increased cortical thinning (Dickerson et al., 2009).
Our analyses were adjusted for local grey matter atrophy, and so these results
suggest that grey matter network measures explain variance in cognitive decline
beyond atrophy. The precuneus and superior frontal gyrus have previously also
been implicated with early amyloid aggregation (Rowe et al., 2007, Thal et al.,
2002), suggesting that grey matter networks might reflect subtle structural
alterations in the brain caused by amyloid deposits. We additionally found
associations for the bilateral precentral gyri and cognitive decline. Decreased
clustering coefficient values in the precentral gyri have been associated with lower
Aβ42 levels in a study of cognitively healthy adults (Tijms et al., 2016),
suggesting that network alterations in this area might be affected in the very early
phases of AD.
After we restricted analyses to subjects who progressed to Alzheimer's dementia
during follow-up, associations of BC on cognitive decline in global cognition and
memory slightly increased, suggesting that MCI subjects with lower BC values are
on the path toward AD dementia. Analyses restricted to patients who developed
non-AD dementia during follow-up showed decreased effect sizes of network
measures for decline in the MMSE and slightly increased effect sizes for executive
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functioning, suggesting that domain-specific associations of network measures
depend on the composition of the patient groups.
In contrast to previous studies that used methods that result in 1 network for an
entire group of subjects, our approach to extract networks for single-subjects
allowed us to further extend the literature by showing that network alterations are
related to cognitive decline and showed additive value in predicting which subject
showed worse than median decline. Gamma, for example, could predict which
subjects showed fast decline in memory and MMSE, even when corrected for
hippocampal volume, suggesting that this measure contains additive value over
this more established biomarker for memory functioning. Results remained similar
when adding CSF Aβ42 levels to the model but did not have additive value over
total tau levels. Thus, when CSF is available, tau would be the biomarker of
preference to select subjects who will show fast decline in memory. For attention
and executive functioning, network measures were the best predictors for fast
decline, beyond all other established biomarkers. These results suggest that grey
matter network measures contain information beyond established biomarkers that
could further aid in identifying those patients who will show increased cognitive
decline and in specifying which specific cognitive domains will be affected over
time.
A potential limitation of the method we used to construct networks is that these
result in subject-specific network sizes and degrees. van Wijk et al. (2010) have
shown that those measures influence other network properties and, therefore,
differences in network size and degree might impact the results. How to deal with
networks of unequal size and/or degree is still an open question. Methods that
enforce identical degree and size might introduce bias, especially in the case of
patient populations who are known to show atrophy and/or changes in brain
networks. By keeping intact patient-level information on the size and degree, we
showed for which cognitive domains these basic network properties play a role.
When necessary, we controlled further analyses for these properties to assess
whether more complex measures still explain additional variance in the data. A
strong aspect of our study is that we were able to include a large sample of MCI
patients who had extensive neuropsychological assessment over follow-up. This
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long period of time, however, also is a potential limitation because MRI scans
were acquired on 7 different systems. Although we accounted for scanner system
in the analyses by including this variable as a covariate, the possibility that this has
introduced noise in the analyses cannot be excluded. Another potential limitation
is that not all subjects had complete neuropsychological test data available. We
have used a multiple imputation procedure to estimate missing values based on
multivariate patterns of existing data, which at least enabled us to avoid selection
bias that might have been introduced if only complete cases were analyzed.
Furthermore, cognitive tests that are used in clinical practice have not been
designed to capture changes over time and so might not adequately capture
changes in cognition. We observed relatively little decline for both the
visuospatial and the language domain, and cognitive tests used for the respective
composite scores equally showed little variance, presumably due to ceiling effects.
Future research should further investigate grey matter network measures in
relation to cognitive tests that are more sensitive to detect decline over time.

Conclusion
MCI patients are at increased risk to develop dementia; however, they show
considerable variability in symptom presentation and rate of decline. For clinical
trial development, prognostic measures are needed that can be used to include
those subjects who will show fast decline, to increase the chances to observe
potential treatment effects. Here, we demonstrated that those MCI patients with
more severe disruptions in baseline grey matter connectivity showed a steeper
decline in MMSE and in memory, attention, and executive functioning over time.
Together our findings suggest that grey matter network measures might contain
prognostic information about future cognitive decline in specific cognitive
domains.
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Supplementary Material
MRI acquisition parameters: Structural MRI T1-weighted images were acquired
from 7 different systems using spoiled gradient-echo sequences with the following
acquisition parameters: 1T Siemens Magnetom Impact (n=74 subjects; 28.7%):
MPRAGE, coronal plane, repetition time (TR) 15 ms, echo time (TE) 7 ms,
inversion time (TI) 300 ms, flip angle (FA) 15°, voxel size 1×1×1.5 mm3; 1.5T
Siemens Vision (n=1; 0.4%): MPRAGE, coronal plane, TR 15 ms, TE 7 ms, FA
8°, voxel size 0.98×0.98×1.5 mm3; 1.5T Siemens Sonata (n=19; 7.4%):
MPRAGE, coronal plane, TR 2700 ms, TE 3.97 ms, TI 950 ms, FA 8°, voxel size
1×1×1.5 mm3; 1.5T Siemens Avanto (n=6; 2.3%): MPRAGE, coronal plane, TR
2700 ms, TE 5.2 ms, TI 950 ms, FA 8°, voxel size 1×1×1.5 mm3; 1.5T GE
SignaHDxt (n=11; 4.3%): FSPGR, sagittal plane, TR 12.4 ms, TE 5.17 ms, TI
450 ms, FA 12°, voxel size 0.98×0.98×1.5 mm3; 3T GE SignaHDxt (n=144;
55.8%): FSPGR, sagittal plane, TR 708 ms, TE 7 ms, FA 12°, voxel size
0.98×0.98×1 mm3; 3T Philips Ingenuity PET/MR system (n=3; 1.2%): TFE,
sagittal plane, TR 7 ms, TE 3 ms, FA 12°, voxel size 1×1×1 mm3.
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Data are presented as β (SE) as estimated by linear mixed models. Non-AD progressors (n=17) were excluded for this analysis. The models included the
covariates age, sex, education, MRI scanner type, TIV, network measure, follow-up time in years and the interaction term network measure × time. Size,
Degree, ConDen were additionally corrected for when they showed a significant effect in the respective model.
a
p < 0.06; b p < 0.05; c p < 0.01; d p<0.0009 (i.e., Bonferroni corrected)
Key: BC, Betweenness centrality; Deg, Degree; Dens, Connectivity density; C, Clustering coefficient; L, Path length; γ, Gamma; λ, Lambda; MMSE, Minimental state examination; SW, Small-world coefficient.

0.08 (0.07)

λ

b

0.13 (0.08)

0.04 (0.07)

Dens

c

0.21 (0.1) b 0.04 (0.03)

Deg

Baseline
effect
0.03 (0.05)

Size

Annual
change
0.08 (0.03)

MEMORY

Baseline
effect
0.11 (0.08)

MMSE

Supplementary Table 1a. Baseline and annual change effects of grey matter connectivity measures on cognition restricted to progressors to AD-type
dementia.
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Data are presented as β (SE) as estimated by linear mixed models. Progressors to AD-type dementia (n=98) were excluded for this analysis. The models
included the covariates age, sex, education, MRI scanner type, TIV, network measure, follow-up time in years and the interaction term network measure ×
time. Size, Degree, ConDen were additionally corrected for when they showed a significant effect in the respective model.
a
p < 0.06; b p < 0.05; c p < 0.01; d p<0.0009 (i.e., Bonferroni corrected)
Key: BC, Betweenness centrality; Deg, Degree; Dens, Connectivity density; C, Clustering coefficient; L, Path length; γ, Gamma; λ, Lambda; MMSE, Minimental state examination; SW, Small-world coefficient.
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Supplementary Table 1b. Baseline and annual change effects of grey matter connectivity measures on cognition restricted to non-AD progressors.
MMSE
MEMORY
ATTENTION
EXECUTIVE
LANGUAGE
VISUOSPATIAL
FUNCTION

Supplementary Material

Chapter 3. Grey matter networks predict cognitive decline
Supplementary Table 2. Baseline and annual change effects of the local degree and betweenness
centrality on memory function.
Degree
Betweenness centrality
Baseline effect Annual change Baseline effect Annual change
L Precentral gyrus
0.05 (0.06)
0.05 (0.02) a
-0.05 (0.05)
0.04 (0.02) a
R Precentral gyrus
0.04 (0.06)
0.03 (0.02)
-0.06 (0.06)
0.06 (0.02) a
L Superior frontal gyrus
0.03 (0.07)
0.03 (0.02)
-0.13 (0.05)
0.01 (0.02)
R Superior frontal gyrus
0.09 (0.07)
0.04 (0.02)
-0.04 (0.06)
0.04 (0.02)
a
L Superior orbito-frontal gyrus 0.11 (0.06)
0.05 (0.02)
-0.11 (0.06)
0.03 (0.02)
a
R Superior orbito-frontal gyrus 0.11 (0.06)
0.05 (0.02)
-0.03 (0.05)
0.03 (0.02)
L Middle frontal gyrus
0.03 (0.07)
0.04 (0.02) a
-0.09 (0.07)
0.03 (0.02)
R Middle frontal gyrus
0.06 (0.07)
0.03 (0.02)
-0.13 (0.07)
0.02 (0.02)
a
L Middle orbito-frontal gyrus 0.06 (0.06)
0.05 (0.02)
-0.04 (0.06)
0.04 (0.02)
a
R Middle orbito-frontal gyrus 0.08 (0.06)
0.06 (0.02)
-0.05 (0.05)
0.03 (0.02)
L inferior frontal operculum
0.1 (0.05)
0.03 (0.02)
-0.05 (0.06)
0 (0.03)
R inferior frontal operculum
0.14 (0.05)
0.02 (0.02)
0.09 (0.05)
0.01 (0.02)
a
L inferior frontal triangularis
0.07 (0.06)
0.05 (0.02)
-0.05 (0.05)
0.03 (0.02)
a
R inferior frontal triangularis
0.09 (0.07)
0.05 (0.02)
-0.04 (0.06)
0.03 (0.02)
L inferior orbito-frontal gyrus 0.07 (0.06)
0.05 (0.02) a
-0.02 (0.05)
0.02 (0.01)
R inferior orbito-frontal gyrus 0.17 (0.06)
0.04 (0.02)
-0.08 (0.06)
0.03 (0.02)
L Rolandic operculum
0.01 (0.05)
0 (0.02)
-0.11 (0.05)
0 (0.02)
R Rolandic operculum
0.07 (0.05)
0.01 (0.02)
-0.05 (0.06)
0.02 (0.02)
L supplementary motor area
0.02 (0.06)
0.06 (0.02) a
-0.09 (0.06)
0.04 (0.02)
R supplementary motor area
-0.05 (0.05)
0.01 (0.02)
-0.1 (0.06)
0.03 (0.02)
L olfactory gyrus
0.06 (0.04)
0 (0.02)
-0.12 (0.06)
0.01 (0.02)
R olfactory gyrus
0.02 (0.05)
0.04 (0.02)
-0.03 (0.04)
0.02 (0.02)
L superior medial frontal gyrus -0.03 (0.05)
0.04 (0.02) a
-0.02 (0.06)
0.06 (0.02) a
R superior medial frontal gyrus -0.02 (0.05)
0.03 (0.02)
-0.11 (0.06)
0.04 (0.02)
Data are presented as β (SE) as estimated by linear mixed models. The models included the
covariates age, sex, education, MRI scanner type, TIV, the respective measure, follow-up time in
years and the interaction term of the respective measure × time. The model for betweenness
centrality was additionally adjusted for local grey matter volume and the local degree.
a
pFDR < 0.05; b pFDR < 0.01.
Key: L, left hemisphere; R, right hemisphere.
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Degree
Baseline
effect
0.05 (0.05)

Annual
change
0.05 (0.02) a

Betweenness centrality
Baseline
Annual
effect
change
-0.05 (0.05)
0.06 (0.02) b

L superior medial orbito-frontal
gyrus
R superior medial orbito-frontal
0.03 (0.05)
0.03 (0.02)
-0.04 (0.05)
0.03 (0.02)
gyrus
L gyrus Rectus
0.07 (0.05)
0.03 (0.02)
-0.05 (0.06)
0.03 (0.02)
R gyrus Rectus
0.04 (0.05)
0.03 (0.02)
-0.05 (0.06)
0.03 (0.02)
L insula
-0.01 (0.06)
0.03 (0.02)
-0.23 (0.07)
0.03 (0.02)
R insula
0.07 (0.06)
0.03 (0.02)
0.02 (0.06)
0.03 (0.02)
L anterior cingulate
0.03 (0.05)
0.05 (0.02) a 0 (0.06)
0.04 (0.02)
R anterior cingulate
-0.04 (0.05)
0.02 (0.02)
-0.12 (0.06)
0.01 (0.02)
L middle cingulate
0.05 (0.06)
0.04 (0.02) a -0.09 (0.05)
0.01 (0.02)
R middle cingulate
-0.02 (0.06)
0.03 (0.02)
-0.01 (0.06)
0 (0.02)
L posterior cingulate
-0.01 (0.05)
0.04 (0.02) a -0.02 (0.04)
0.03 (0.01)
R posterior cingulate
0.05 (0.05)
0.02 (0.02)
-0.05 (0.04)
0 (0.02)
L hippocampus
0.02 (0.06)
0.05 (0.02) a -0.08 (0.07)
0.03 (0.02)
R hippocampus
0.04 (0.06)
0.06 (0.02) a -0.12 (0.06)
0.04 (0.02)
L parahippocampal gyrus
0.07 (0.05)
0.03 (0.02)
-0.09 (0.06)
0.04 (0.02)
R parahippocampal gyrus
0.13 (0.05)
0.05 (0.02) a -0.09 (0.06)
0.05 (0.02) a
L amygdala
0.05 (0.04)
0.01 (0.02)
0.03 (0.05)
0.01 (0.02)
R amygdala
0 (0.05)
0.03 (0.02)
0.02 (0.05)
0.02 (0.02)
L Calcarine
0.07 (0.06)
0.03 (0.02)
-0.09 (0.05)
0.04 (0.02)
R Calcarine
0.04 (0.05)
0.02 (0.02)
-0.03 (0.05)
0 (0.02)
L cuneus
0.09 (0.06)
0.04 (0.02) a -0.05 (0.06)
0.05 (0.02)
R Cuneus
0.05 (0.05)
0.02 (0.02)
-0.07 (0.06)
0.05 (0.02)
L Lingual gyrus
0.05 (0.06)
0.03 (0.02)
-0.1 (0.06)
0.03 (0.02)
R lingual gyrus
0.13 (0.06)
0.03 (0.02)
-0.05 (0.06)
0.03 (0.02)
Data are presented as β (SE) as estimated by linear mixed models. The models included the
covariates age, sex, education, MRI scanner type, TIV, the respective measure, follow-up time in
years and the interaction term of the respective measure × time. The model for betweenness
centrality was additionally adjusted for local grey matter volume and the local degree.
a pFDR < 0.05; b pFDR < 0.01.
Key: L, left hemisphere; R, right hemisphere.
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Supplementary Table 2. Continued
Degree
Betweenness centrality
Baseline effect
Annual change
Baseline effect
Annual change
L Superior occipital
0.01 (0.06)
0.04 (0.02)
-0.05 (0.05)
0.03 (0.02)
a
R Superior occipital
-0.01 (0.05)
0.05 (0.02)
-0.05 (0.05)
0.03 (0.02)
a
L middle occipital
0.04 (0.06)
0.05 (0.02)
-0.11 (0.06)
0.04 (0.02)
R middle occipital
0.03 (0.06)
0.05 (0.02) a
-0.12 (0.05)
0.05 (0.02) a
L inferior occipital
-0.03 (0.06)
0.03 (0.02)
0.02 (0.04)
0.03 (0.02)
a
R inferior occipital
0.07 (0.06)
0.05 (0.02)
-0.08 (0.05)
0.04 (0.02)
a
L fusiform
0.12 (0.06)
0.04 (0.02)
-0.1 (0.06)
0.02 (0.02)
R fusiform
0.12 (0.06)
0.05 (0.02) a
-0.08 (0.06)
0.04 (0.02)
L postcentral gyrus
0.11 (0.06)
0.03 (0.02)
0.05 (0.06)
0.04 (0.02)
R postcentral gyrus
0.15 (0.06)
0.03 (0.02)
0.06 (0.06)
0.04 (0.02)
L superior parietal
0.05 (0.06)
0 (0.02)
-0.02 (0.06)
0.03 (0.02)
R superior parietal
-0.05 (0.06)
0.03 (0.02)
0.01 (0.05)
0.05 (0.02) a
L inferior parietal
0.14 (0.06)
0.02 (0.02)
0.04 (0.05)
0 (0.02)
R inferior parietal
0.08 (0.05)
0.01 (0.02)
-0.03 (0.06)
0.02 (0.02)
a
L supramarginal gyrus
0.06 (0.05)
0.05 (0.02)
-0.06 (0.05)
0.04 (0.02)
R supramarginal gyrus
0.05 (0.06)
0.04 (0.02) a
-0.01 (0.05)
0.07 (0.02) a
L angular gyrus
0.06 (0.06)
0.04 (0.02)
-0.02 (0.05)
0.04 (0.02)
a
R angular gyrus
0.09 (0.06)
0.05 (0.02)
-0.05 (0.06)
0.02 (0.02)
L precuneus
0.01 (0.06)
0.04 (0.02)
-0.01 (0.06)
0.03 (0.02)
R precuneus
0.11 (0.05)
0.03 (0.02)
-0.08 (0.07)
0.07 (0.02) b
L paracentral lobule
-0.02 (0.05)
0.02 (0.02)
-0.04 (0.05)
0.02 (0.02)
R paracentral lobule
0.04 (0.05)
0.01 (0.02)
-0.03 (0.05)
0.02 (0.02)
L caudate
0.1 (0.06)
0.04 (0.02)
0.03 (0.05)
0.01 (0.02)
R caudate
0.03 (0.06)
0.04 (0.02)
-0.04 (0.06)
0.04 (0.02)
Data are presented as β (SE) as estimated by linear mixed models. The models included the
covariates age, sex, education, MRI scanner type, TIV, the respective measure, follow-up time in
years and the interaction term of the respective measure × time. The model for betweenness
centrality was additionally adjusted for local grey matter volume and the local degree.
a
pFDR < 0.05; b pFDR < 0.01.
Key: L, left hemisphere; R, right hemisphere.
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Degree
Betweenness centrality
Baseline effect Annual change Baseline effect Annual change
L putamen
0.09 (0.06)
0.04 (0.02)
-0.03 (0.04)
0.03 (0.02)
R putamen
0.1 (0.06)
0.04 (0.02)
-0.07 (0.06)
0.04 (0.02)
L pallidum
0.05 (0.05)
0.04 (0.02)
-0.04 (0.04)
0.02 (0.02)
R pallidum
0.13 (0.05)
0.05 (0.02) a
0 (0.05)
0.02 (0.02)
a
L thalamus
0.05 (0.06)
0.05 (0.02)
0 (0.05)
0.05 (0.02) a
R thalamus
0.11 (0.07)
0.04 (0.02)
0.04 (0.06)
0.03 (0.02)
L Heschl’s gyrus
0 (0.04)
0.02 (0.02)
0.03 (0.03)
-0.01 (0.02)
R Heschl’s gyrus
-0.02 (0.04)
0.02 (0.02)
-0.04 (0.05)
0 (0.02)
L superior temporal gyrus 0.16 (0.06)
0.04 (0.02)
0.04 (0.06)
0.04 (0.02)
a
R superior temporal gyrus 0.12 (0.06)
0.04 (0.02)
-0.01 (0.05)
0.03 (0.02)
L superior temporal pole
0.01 (0.05)
0.04 (0.02)
-0.03 (0.05)
0.05 (0.02) a
R superior temporal pole
0.01 (0.06)
0.03 (0.02)
-0.11 (0.07)
0.03 (0.02)
a
L middle temporal gyrus
0.11 (0.07)
0.06 (0.02)
-0.07 (0.06)
0.04 (0.01)
a
R middle temporal gyrus
0.04 (0.07)
0.06 (0.02)
-0.09 (0.07)
0.05 (0.02) a
L middle temporal pole
-0.01 (0.06)
0.04 (0.02)
-0.06 (0.05)
0.01 (0.02)
R middle temporal pole
0.09 (0.06)
0.05 (0.02) a
-0.07 (0.06)
0.01 (0.02)
a
L inferior temporal gyrus
0.09 (0.06)
0.05 (0.02)
-0.15 (0.05)
0.05 (0.02) a
R inferior temporal gyrus
0.08 (0.07)
0.06 (0.02) a
-0.14 (0.06)
0.06 (0.02) a
Data are presented as β (SE) as estimated by linear mixed models. The models included the
covariates age, sex, education, MRI scanner type, TIV, the respective measure, follow-up time in
years and the interaction term of the respective measure × time. The model for betweenness
centrality was additionally adjusted for local grey matter volume and the local degree.
a
pFDR < 0.05; b pFDR < 0.01.
Key: L, left hemisphere; R, right hemisphere.
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Supplementary Table 3. Baseline and annual change effects of the betweenness centrality on the
MMSE.
Baseline effect
Annual change
L Precentral gyrus
0.01 (0.07)
0.07 (0.03) a
R Precentral gyrus
0.04 (0.08)
0.09 (0.03) a
L Superior frontal gyrus
0.07 (0.07)
0.04 (0.03)
R Superior frontal gyrus
0.14 (0.08)
0.03 (0.03)
L Superior orbito-frontal gyrus
-0.07 (0.08)
0.04 (0.03)
R Superior orbito-frontal gyrus
-0.07 (0.07)
0.05 (0.03)
L Middle frontal gyrus
0.05 (0.09)
-0.01 (0.03)
R Middle frontal gyrus
0.1 (0.09)
-0.01 (0.03)
L Middle orbito-frontal gyrus
-0.01 (0.08)
0.02 (0.03)
R Middle orbito-frontal gyrus
-0.03 (0.07)
0.02 (0.03)
L inferior frontal operculum
-0.1 (0.09)
0.05 (0.04)
R inferior frontal operculum
-0.01 (0.07)
0.03 (0.03)
L inferior frontal triangularis
-0.02 (0.07)
0.04 (0.03)
R inferior frontal triangularis
0.02 (0.08)
0 (0.03)
L inferior orbito-frontal gyrus
-0.06 (0.07)
0.01 (0.02)
R inferior orbito-frontal gyrus
-0.02 (0.08)
0 (0.03)
L Rolandic operculum
-0.01 (0.07)
0.01 (0.03)
R Rolandic operculum
-0.14 (0.08)
0.04 (0.03)
L supplementary motor area
0.03 (0.08)
0.01 (0.03)
R supplementary motor area
0.04 (0.08)
0.05 (0.03)
L olfactory gyrus
-0.06 (0.08)
0.01 (0.03)
R olfactory gyrus
-0.14 (0.06)
0.04 (0.03)
L superior medial frontal gyrus
0.08 (0.08)
0.09 (0.03) a
R superior medial frontal gyrus
-0.1 (0.08)
0.08 (0.03) a
Data are presented as β (SE) as estimated by linear mixed models. The models included the
covariates age, sex, education, MRI scanner type, TIV, the respective measure, follow-up time in
years and the interaction term of the respective measure × time. The model for betweenness
centrality was additionally adjusted for local grey matter volume and the local degree.
a
pFDR < 0.05; b pFDR < 0.01.
Key: L, left hemisphere; R, right hemisphere.
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Supplementary Table 3. Continued
Baseline effect
Annual change
L superior medial orbito-frontal gyrus
0.03 (0.07)
0.1 (0.03) a
R superior medial orbito-frontal gyrus
0 (0.07)
0.05 (0.03)
L gyrus Rectus
0.02 (0.08)
0.06 (0.03)
R gyrus Rectus
-0.05 (0.08)
0.06 (0.03)
L insula
-0.15 (0.09)
0.05 (0.03)
R insula
0 (0.08)
0.06 (0.03)
L anterior cingulate
0 (0.08)
0.09 (0.03) a
R anterior cingulate
-0.22 (0.08)
0.06 (0.03)
L middle cingulate
-0.15 (0.07)
0.01 (0.03)
R middle cingulate
0.05 (0.08)
0.02 (0.03)
L posterior cingulate
0.02 (0.06)
0.05 (0.02)
R posterior cingulate
-0.09 (0.06)
0.05 (0.03)
L hippocampus
-0.15 (0.09)
0.07 (0.03)
R hippocampus
-0.08 (0.08)
0.08 (0.03) a
L parahippocampal gyrus
-0.09 (0.08)
0.09 (0.03) a
R parahippocampal gyrus
-0.14 (0.08)
0.07 (0.03)
L amygdala
-0.12 (0.07)
0.02 (0.03)
R amygdala
-0.07 (0.06)
0.03 (0.03)
L Calcarine
-0.03 (0.07)
0.06 (0.02)
R Calcarine
0.01 (0.07)
0.02 (0.03)
L cuneus
0.09 (0.09)
0.08 (0.03)
R Cuneus
-0.02 (0.09)
0.03 (0.03)
L Lingual gyrus
-0.08 (0.08)
0.07 (0.03)
R lingual gyrus
-0.03 (0.08)
0.08 (0.03) a
Data are presented as β (SE) as estimated by linear mixed models. The models included the
covariates age, sex, education, MRI scanner type, TIV, the respective measure, follow-up time in
years and the interaction term of the respective measure × time. The model for betweenness
centrality was additionally adjusted for local grey matter volume and the local degree.
a
pFDR < 0.05; b pFDR < 0.01.
Key: L, left hemisphere; R, right hemisphere.
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Supplementary Table 3. Continued
Baseline effect
Annual change
L Superior occipital
-0.03 (0.07)
0.03 (0.03)
R Superior occipital
0.06 (0.07)
0.01 (0.03)
L middle occipital
-0.1 (0.08)
0 (0.03)
R middle occipital
0.03 (0.07)
0 (0.03)
L inferior occipital
0.06 (0.06)
0.04 (0.03)
R inferior occipital
-0.05 (0.07)
0.06 (0.03)
L fusiform
-0.11 (0.08)
0.06 (0.03)
R fusiform
-0.12 (0.08)
0.08 (0.03) a
L postcentral gyrus
0.1 (0.08)
0.06 (0.03)
R postcentral gyrus
0.06 (0.08)
0.07 (0.03)
L superior parietal
0.12 (0.08)
0.03 (0.03)
R superior parietal
0 (0.08)
0.04 (0.02)
L inferior parietal
0.06 (0.07)
0 (0.02)
R inferior parietal
0.08 (0.08)
0.02 (0.03)
L supramarginal gyrus
-0.02 (0.07)
0.04 (0.03)
R supramarginal gyrus
-0.02 (0.06)
0.06 (0.03)
L angular gyrus
0.14 (0.06)
0.02 (0.03)
R angular gyrus
-0.09 (0.08)
-0.01 (0.03)
L precuneus
0.01 (0.08)
0.02 (0.02)
R precuneus
-0.01 (0.09)
0.11 (0.03) b
L paracentral lobule
0.03 (0.07)
0.06 (0.03)
R paracentral lobule
0.04 (0.07)
0.06 (0.03)
L caudate
0.01 (0.07)
0.05 (0.03)
R caudate
-0.13 (0.07)
0.07 (0.03)
Data are presented as β (SE) as estimated by linear mixed models. The models included the
covariates age, sex, education, MRI scanner type, TIV, the respective measure, follow-up time in
years and the interaction term of the respective measure × time. The model for betweenness
centrality was additionally adjusted for local grey matter volume and the local degree.
a
pFDR < 0.05; b pFDR < 0.01.
Key: L, left hemisphere; R, right hemisphere.
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Baseline effect
Annual change
L putamen
-0.03 (0.06)
0.03 (0.03)
R putamen
-0.05 (0.09)
0.01 (0.04)
L pallidum
-0.03 (0.06)
-0.01 (0.03)
R pallidum
-0.09 (0.06)
0.01 (0.02)
L thalamus
-0.04 (0.07)
0.09 (0.03) a
R thalamus
-0.01 (0.08)
0.1 (0.03) a
L Heschl’s gyrus
0.02 (0.05)
-0.03 (0.03)
R Heschl’s gyrus
-0.06 (0.07)
-0.02 (0.02)
L superior temporal gyrus
0.01 (0.08)
0.03 (0.03)
R superior temporal gyrus
0.06 (0.07)
0.05 (0.03)
L superior temporal pole
-0.12 (0.06)
0.08 (0.03) a
R superior temporal pole
0.01 (0.09)
0.07 (0.03)
L middle temporal gyrus
0 (0.08)
0.01 (0.02)
R middle temporal gyrus
-0.03 (0.09)
0.03 (0.03)
L middle temporal pole
0.04 (0.07)
0.04 (0.03)
R middle temporal pole
0.02 (0.08)
0 (0.03)
L inferior temporal gyrus
-0.09 (0.07)
0.05 (0.03)
R inferior temporal gyrus
-0.02 (0.09)
0.08 (0.03)
Data are presented as β (SE) as estimated by linear mixed models. The models included the
covariates age, sex, education, MRI scanner type, TIV, the respective measure, follow-up time in
years and the interaction term of the respective measure × time. The model for betweenness
centrality was additionally adjusted for local grey matter volume and the local degree.
a
pFDR < 0.05; b pFDR < 0.01.
Key: L, left hemisphere; R, right hemisphere.
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Supplementary Table 4. Clinical progression of subjects classified as showing slow or fast
cognitive decline.
MMSE
Memory
Attention
Executive
Function
Slow decline
Stable
0.37 (0.37-0.38) 0.39 (0.38-0.4)
0.35 (0.34-0.36) 0.39 (0.38-0.39)
Progression
0.13 (0.12-0.13) 0.11 (0.1-0.12)
0.15 (0.14-0.16) 0.11 (0.11-0.12)
Progression
0.1 (0.1-0.11)
0.08 (0.08-0.09) 0.13 (0.12-0.13) 0.1 (0.09-0.1)
AD dementia
Progression
0.02 (0.02-0.02) 0.03 (0.02-0.03) 0.02 (0.02-0.03) 0.01 (0.01-0.02)
non-AD dementia
Fast decline
Stable
0.18 (0.18-0.19) 0.16 (0.16-0.17) 0.2 (0.2-0.21)
0.17 (0.16-0.17)
Progression
0.32 (0.31-0.32) 0.34 (0.33-0.34) 0.3 (0.29-0.3)
0.33 (0.33-0.34)
Progression
0.28 (0.27-0.28) 0.3 (0.29-0.3)
0.25 (0.25-0.26) 0.28 (0.28-0.29)
AD dementia
Progression
0.04 (0.04-0.05) 0.04 (0.03-0.04) 0.04 (0.03-0.05) 0.05 (0.05-0.06)
non-AD dementia
Data is represented as fractions (95% CI across imputed data sets). Subjects were classified as
showing slow and fast cognitive decline based on the median slope for the respective domain.
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Supplementary Figure 1. Regional associations of network measures with cognitive decline over
time restricted to progressors to AD-type dementia.
The colorbar indicates the level of significance after FDR-correction per AAL area. Progressing
subjects with a follow-up diagnosis other than AD (n=17; 7%) were excluded for this analysis. All
analyses were adjusted for age, sex, education, local grey matter volume and analyses of the effect of
betweenness centrality were additionally adjusted for the local degree. (A) For the memory domain,
lower values of the degree in widespread areas, involving particularly the temporal lobes and
prefrontal areas in the left hemisphere, were significantly associated with steeper decline over time.
(B) Increased decline over time in memory was associated with lower values of betweenness centrality
in the right precuneus, right precentral gyrus, right supramarginal gyrus, left superior medial orbitofrontal gyrus, right superior parietal gyrus, left superior medial frontal gyrus, right inferior temporal
gyrus and right middle temporal gyrus. (C) For the MMSE, lower betweenness centrality values
indicated a steeper decline in over time in the right precuneus, bilateral precentral gyrus, left superior
medial orbito-frontal gyrus, bilateral superior medial frontal gyri, left anterior cingulate, bilateral
thalami, left parahippocampal gyri, right lingual gyrus, right hippocampus, right paracentral lobule,
right fusiform and left superior temporal pole. Subcortical structures are plotted in ventricular areas as
approximation. Abbreviations: L, left hemisphere; R, right hemisphere.
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Supplementary Figure 2. Regional associations of the local degree with cognitive decline in memory
decline over time restricted to non-AD progressors.
The colorbar indicates the level of significance after FDR-correction per AAL area. Subjects who
progressed to AD-type dementia during follow-up (n=98; 38%) were excluded for this analysis.
Analyses were adjusted for age, sex, education and local grey matter volume. Lower values of the
degree were associated with increased decline in memory functioning over time in the bilateral middle
temporal gyri, bilateral inferior temporal gyri, left thalamus, bilateral fusiform gyri, bilateral inferior
frontal triangularis, bilateral middle occipital gyri, bilateral hippocampi, bilateral middle orbito-frontal
gyri, left precentral gyrus, bilateral superior orbito-frontal gyrus, right superior medial orbito-frontal
gyrus, right middle temporal pole, right parahippocampal gyrus, bilateral middle cingulate, left
anterior cingulate, left inferior occipital, left supplementary motor area, bilateral superior occipital
gyri, bilateral superior temporal gyri, right angular gyrus, right caudate, right supramarginal gyrus,
bilateral middle frontal gyri, right superior frontal gyrus, right putamen, right inferior orbito-frontal
and right postcentral gyrus. Subcortical structures are plotted in ventricular areas as approximation.
Abbreviations: L, left hemisphere; R, right hemisphere.
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Abstract
The development of preventive strategies in early-stage Alzheimer's disease (AD) requires
measures that can predict future brain atrophy. Gray matter network measures are related
to amyloid burden in cognitively normal older individuals and predict clinical progression
in preclinical AD. Here, we show that within individuals with preclinical AD, gray matter
network measures predict hippocampal atrophy rates, whereas other AD biomarkers (total
gray matter volume, cerebrospinal fluid total tau, and Mini-Mental State Examination) do
not. Furthermore, in brain areas where amyloid is known to start aggregating (i.e. anterior
cingulate and precuneus), disrupted network measures predict faster atrophy in other
distant areas, mostly involving temporal regions, which are associated with AD. When
repeating analyses in age-matched, cognitively unimpaired individuals without amyloid or
tau pathology, we did not find any associations between network measures and
hippocampal atrophy, suggesting that the associations are specific for preclinical AD. Our
findings suggest that disrupted gray matter networks may indicate a treatment opportunity
in preclinical AD individuals but before the onset of irreversible atrophy and cognitive
impairment.
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Introduction
Alzheimer's disease (AD) is a neurodegenerative disorder that is the most common cause
of dementia (Lobo et al., 2000, Plassman et al., 2007). Among the earliest pathological
changes in AD is aggregation of amyloid beta into plaques (Bateman et al., 2012, Jansen
et al., 2015), starting in the anterior cingulate cortex and the precuneus (Palmqvist et al.,
2017, Villain et al., 2012, Villeneuve et al., 2015). Once amyloid has aggregated, it may
take up to 10 years before atrophy starts (Bateman et al., 2012), which most prominently
affects more distant brain areas in the medial temporal lobes (Chetelat et al., 2012,
Dickerson et al., 2009, Whitwell et al., 2007) and is more closely related to cognitive
decline (van Rossum et al., 2012). How amyloid aggregation in one brain area eventually
leads to neurodegeneration in more distant brain areas remains largely unclear. For
development of preventive strategies, it is important to predict future brain atrophy, as this
may aid in identifying which individuals with abnormal amyloid but still normal cognition
(i.e. preclinical AD; Sperling et al., 2011) will show disease progression but before the
onset of irreversible atrophy.
Amyloid aggregation disrupts local synaptic functioning (Koffie et al., 2009, Shankar et
al., 2008, Walsh et al., 2002), potentially leading to disruptions of large-scale brain
connectivity networks (Buckner et al., 2005, Kuchibhotla et al., 2008, Kurudenkandy et
al., 2014, Palmqvist et al., 2017, Palop et al., 2007, Sperling et al., 2009). One approach to
measure brain networks is based on intracortical similarity on structural magnetic
resonance imaging (MRI) (i.e. gray matter connectivity; Mechelli et al., 2005, Tijms et al.,
2012). Intracortical similarity has been associated with coordinated growth patterns
(Alexander-Bloch et al., 2013b), functional coactivation (Alexander-Bloch et al., 2013a)
and axonal connectivity (Gong et al., 2012). We and others have shown that gray matter
networks are disrupted in AD (He et al., 2008, Pereira et al., 2016, Tijms et al., 2013a,
Tijms et al., 2013b, Yao et al., 2010), associated with cognitive impairment (Tijms et al.,
2013a, Tijms et al., 2014), and related to faster disease progression and cognitive decline
in the predementia stage of AD (Dicks et al., 2018, Tijms et al., 2018, Verfaillie et al.,
2018). Furthermore, disrupted gray matter network organization has been associated with
aggregating amyloid in cognitively normal individuals (ten Kate et al., 2018, Tijms et al.,
2016) and before overt atrophy is evident (Voevodskaya et al., 2018). Taken together,
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these findings suggest that gray matter network measures might have use to identify those
individuals who will progress to AD dementia in the earliest, preclinical stages of AD and
before the onset of irreversible atrophy. In a cross-sectional study, Seeley et al. previously
showed that atrophy patterns in patients with AD dementia reflect brain regions that show
both strong functional coactivation as well as covariation in gray matter volume across a
group of cognitively normal individuals, suggesting that regions that are highly
interconnected share vulnerability for neurodegeneration (Seeley et al., 2009). It could be
hypothesized that gray matter network disruptions due to amyloid aggregation in one
region of the brain may capture the earliest neurodegenerative changes in preclinical AD
and predict future atrophy in more distant regions. However, as previous findings were
based on cross-sectional studies and/or used only 1 network per group of individuals, it is
still unclear whether gray matter network disruptions can predict the rate and location of
future atrophy within individuals.
In this study, we used a subject-specific approach to construct gray matter networks in
individuals with preclinical AD and investigated whether altered gray matter network
measures at baseline could predict the rate and location of future atrophy. We first
compared the predictive performance for future hippocampal atrophy between wholebrain gray matter network measures and other AD markers that have been previously
associated with reduced gray matter volume (i.e. total gray matter volume, cerebrospinal
fluid [CSF] total tau levels, and Mini-Mental State Examination [MMSE] scores). We
then investigated whether gray matter network measures specifically in regions, where
amyloid has previously been shown to start aggregating (i.e. anterior cingulate and
precuneus; Palmqvist et al., 2017, Villeneuve et al., 2015), could predict the rate of
subsequent atrophy in other brain areas within single individuals with preclinical AD. We
also performed analyses in cognitively unimpaired, age-matched individuals without
evidence of amyloid or tau pathology to study whether results were specific for preclinical
AD, and additionally investigated the effects of clinical progression, tau pathology, and
sex on network disruptions and their associations with future hippocampal atrophy.
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Material and Methods
Participants
Data used in the preparation of this article were obtained from the Alzheimer's Disease
Neuroimaging Initiative (ADNI) database (http://adni.loni.usc.edu). The ADNI was
launched in 2003 as a public-private partnership, led by the principal investigator Michael
W. Weiner, MD. The primary goal of ADNI has been to test whether serial MRI, positron
emission tomography (PET), other biological markers, and clinical and
neuropsychological assessment can be combined to measure the progression of mild
cognitive impairment and early AD. ADNI was approved by the institutional review board
of all participating institutions, and written informed consent was obtained from all
participants at each site.
We selected all participants with preclinical AD from ADNI as defined by normal
cognition and abnormal amyloid CSF markers at baseline who had at least 1 year of MRI
follow-up with a minimum of 2 structural MRI scans available. In addition, we included
cognitively unimpaired, age-matched individuals without amyloid or tau pathology as a
control group (control; n = 71), to determine whether results were specific for individuals
with preclinical AD. Details of clinical diagnostic criteria have been previously described
(Aisen et al., 2015, Petersen et al., 2010). Briefly, cognitively normal individuals had to
have a clinical dementia rating (CDR) score of 0, an MMSE score between 24 and 30, and
no impaired memory as based on education-adjusted cutoffs on the delayed recall subtest
of the Logical Memory II subscale of the Wechsler Memory Scale–Revised (Aisen et al.,
2015, Petersen et al., 2010). In total, 110 preclinical AD individuals were included with a
median of 5 (min-max: 2-10) repeated MRI scans over a median follow-up time of 2.2
(min-max: 1-9) years, during which time 25% of individuals progressed to mild cognitive
impairment or dementia because of AD. Diagnoses of mild cognitive impairment or
dementia were based on cognitive impairment on the CDR, MMSE, or logical memory–
delayed recall (for cutoff scores, refer to the studies by Aisen et al., 2015, Petersen et al.,
2010). In addition, patients with dementia had to have a clinical diagnosis of probable AD
as per the NINCDS-ADRDA criteria (McKhann et al., 1984).
We used CSF measures for amyloid beta 1-42 to determine amyloid abnormality and
additionally CSF total tau to determine tau abnormality in control individuals. Amyloid
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beta 1-42 and total tau were measured with the multiplex xMAP Luminex platform
(Luminex Corp, Austin, TX, USA) and INNO-BIA AlzBio3 (Innogenetics, Ghent,
Belgium) immunoassay kit-based reagents (Shaw et al., 2009). Abnormal amyloid was
indicated by levels <192 pg/mL, and abnormal tau was indicated by levels of >95 pg/mL
(Shaw et al., 2009).

MRI acquisition and preprocessing
Image acquisition details and initial preprocessing have been previously described
(http://adni.loni.usc.edu/methods/mri-analysis/; Jack et al., 2008). We downloaded all 3dimensional T1-weighted structural scans that were preprocessed with gradient
nonlinearity correction, B1 inhomogeneity, and/or N3 correction and of sufficient quality
from the ADNI LONI Image & Data Archive (date of last access: 29.03.2017; n = 534).
Scans that were acquired using different field strengths within subjects were excluded.
First, all images were reoriented with FSL (v5.0.6). Next, to reduce bias in longitudinal
registration (Reuter et al., 2012), we created a subject-specific median template image
with FreeSurfer (v5.3.0) to which all longitudinal scans were co-registered. We then
segmented images into gray matter, white matter, and CSF with the Markov random fields
parameter set to 2 and default settings for all other parameters. Co-registration and
segmentation was performed with SPM12 running under Matlab (v.7.12.0.635). Finally,
using the subject-specific inversed normalization parameters, the automated anatomical
labeling atlas (AAL) (Tzourio-Mazoyer et al., 2002) was warped from standard space to
subject space, and we calculated regional gray matter volumes for each of the 90 cortical
and subcortical AAL areas. Total intracranial volume was computed as the sum of gray
matter, white matter, and CSF volumes in cm3, and gray matter volume was normalized
to baseline total intracranial volume. All gray matter segmentations and subject-specific
atlases were visually checked for quality.

Single-subject grey matter network measures
Single-subject gray matter networks were reconstructed from subject space gray matter
segmentations of baseline MRI scans using an automated method
(https://github.com/bettytijms/Single_Subject_Grey_Matter_Networks), which has been
described previously (Tijms et al., 2012). Briefly, nodes were defined as small regions of
interest of 3 × 3 × 3 voxel cubes and connected when they showed similar gray matter
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structure as defined by a significant correlation between voxels of 2 nodes. By defining
nodes as cubes, both spatial information (i.e. the folding structure of the cortex) and local
gray matter values were used to assess the correlation between nodes. Because the cortex
is a curved object, regions of interest could be located at an angle to each other, thus
possibly decreasing correlations. Therefore, for each pairwise comparison, the seed cube
was rotated by an angle with multiples of 45° to identify the maximum correlation
coefficient. Next, we binarized the networks using subject-specific thresholds based on
empirical null model distributions (Noble, 2009) that ensured that all individuals showed a
similar chance of 5% false-positive connections within the network. A detailed description
of the single-subject network extraction technique can be found in the study Tijms et al.,
2012. For each single-subject gray matter network, we computed the network size, degree,
connectivity density, clustering coefficient, and path length. The network size is the
number of nodes (i.e. cubes) in the network. The degree corresponds to the number of
connections per node. The connectivity density is the ratio of present connections divided
by the number of possible connections in the network. The clustering coefficient indicates
the interconnectedness of neighboring nodes and the path length corresponds to the
average shortest paths between all nodes in the network (Rubinov and Sporns, 2010). To
obtain network measures for the precuneus and anterior cingulate, we averaged measures
across nodes that were labeled in accordance with the AAL atlas. Global network
measures were obtained by averaging measures across all nodes of the network. We
additionally computed the global normalized clustering coefficient, normalized path
length (gamma, lambda), and small-world coefficient for the whole brain to estimate how
these network measures deviated from randomly organized networks as follows: Gamma
and lambda were computed by normalizing clustering coefficient and path length values
with the respective mean values of 5 randomized reference networks, which kept the
degree distribution intact (Maslov and Sneppen, 2002). The small-world coefficient is
defined as the ratio of gamma to lambda (Humphries and Gurney, 2008). All network
measures were calculated using functions from the Brain Connectivity Toolbox
(https://sites.google.com/site/bctnet/; Rubinov and Sporns, 2010) adjusted for large-sized
networks.
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Statistical analysis
Cortical atrophy was determined by fitting linear mixed models for each AAL area with
longitudinal gray matter volume as outcome and time from baseline as predictor. We
fitted random slopes for time and intercepts for individuals and assumed an unstructured
covariance structure using the R package “lme4” (Bates et al., 2015). We first assessed
whether global network measures could predict future hippocampal atrophy, as a
prominent region for AD-associated atrophy. Repeated hippocampal volume over time
was used as the outcome (i.e. hippocampal volume at baseline, hippocampal volume at
visit 1, hippocampal volume at visit 2, and so on) and baseline network measures (NM),
time, and their interaction as the predictors.
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 = 𝛽𝛽𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝛽𝛽𝑁𝑁𝑁𝑁 𝑁𝑁𝑁𝑁 + 𝛽𝛽𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝛽𝛽𝑁𝑁𝑁𝑁×𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑁𝑁𝑁𝑁 × 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
+ (1 + 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇|𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)

We repeated these analyses including clinical progression as a main term and interaction
effect (i.e. network measure × time × clinical progression) to investigate whether the
observed effects were stronger for those individuals who progressed during follow-up.
Similarly, we also investigated the effects of tau and sex on baseline network disruptions
and associations with future hippocampal atrophy by including tau abnormality or sex as
additional interaction term in the analyses. We qualitatively compared the predictive
performance between global network measures and other markers that are associated with
reduced gray matter volume (i.e. CSF total tau, MMSE scores, and total gray matter
volume). For visualization purposes and to aid in comparison of the predictive
performances, we additionally performed linear regression analyses with subject-specific
hippocampal atrophy slopes as outcome and baseline whole-brain gray matter network
measures or AD markers as predictor.
∆ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 = 𝛽𝛽𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + 𝛽𝛽𝑁𝑁𝑁𝑁 𝑁𝑁𝑁𝑁

To investigate whether altered network measures in early amyloid accumulating regions
(i.e. anterior cingulate and precuneus) could predict the rate and location of future
atrophy, we repeated analyses as for hippocampal volume but with longitudinal local gray
matter volumes for each AAL region as the outcome and local network measures of the
anterior cingulate or precuneus, time and their interaction as the predictors. All local gray
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matter volumes and network measures were standardized across regions as per the mean
baseline values of individuals who remained cognitively stable to aid interpretation of the
results. We also performed analyses for hippocampal and whole-brain atrophy in control
individuals, who were age-matched to the original sample using the R package
“Matching” (Sekhon, 2008) to study specificity of results for preclinical AD. All analyses
were adjusted for age, gender, field strength, and total gray matter volume. Statistical
analyses were performed in R (version 3.4.4, 2018-03–15) and Surf Ice (version 2017-0808) was used to visualize regional results.

Results
Characteristics of the study sample
In this study, we selected all individuals from the ADNI cohort who had normal cognition
and abnormal CSF levels of amyloid beta 1-42 at baseline and at least 1 year of MRI
follow-up available (n = 110). Table 1 shows the baseline characteristics of the included
sample and by clinical progression. Individuals were on average 75 ± 6 years of age, and
57 % were women. During follow-up (median [interquartile range] 2.2 [2–4] years), 28
participants (25%) showed clinical progression (n = 21 to prodromal AD and n = 7 to AD
dementia). Progressing participants were on average older, had more MRI scans over a
longer follow-up period available, and had higher total intracranial volume (p < 0.05). In
addition, progressing participants had higher network size and degree (due to higher gray
matter volume; p < 0.065) and lower gamma and small-world coefficient values at
baseline (p < 0.05) and showed a tendency for lower lambda values than those who
remained stable (p < 0.065). Over time, the total sample showed cortical atrophy with
fastest rates observed in the hippocampus (β ± SE; left hippocampus: −0.15 ± 0.01, right
hippocampus: −0.14 ± 0.01; all p < 0.001) (Fig. 1, Fig. 2A). Individuals who progressed
during follow-up showed faster hippocampal atrophy rates than those who remained
stable (pinteraction < 0.001; Fig.2A; see also Supplementary Fig. 1 and Supplementary Table
1). Additional analyses performed in a subset of individuals who had amyloid PET
available showed highest uptake in the precuneus as compared with controls with normal
CSF amyloid levels (see Supplementary Fig. 2).
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Table 1. Baseline characteristics of the total sample and by clinical progression.
Total
Stable
Progression
N
110
82 (75%)
28 (25%)
Female
63 (57%)
51 (62%)
12 (43%)
Age in years
74.871 (6.084)
74.05 (6.357)
77.275 (4.487)*
MMSE
29 (29-30)
29 (29-30)
29 (28-30)
Education in years
16 (14-18)
16 (14-18)
16 (14-18)
CSF Aβ 1-42 in pg/ml
149.166 (25.393) 150.138 (25.626) 146.321 (24.934)
CSF total tau in pg/ml
73.845 (38.418)
71.063 (39.216)
81.989 (35.391)
Abnormal total tau >93 pg/ml
30 (27%)
20 (24%)
10 (36%)
Total intracranial volume in cm3
1439.591
1417.037
1505.643
(144.808)
(145.665)
(122.185)**
Grey matter volume in cm3
0.601 (0.067)
0.597 (0.069)
0.614 (0.064)
a
Normalized grey matter volume in 0.419 (0.04)
0.423 (0.038)
0.409 (0.043)
cm3
Number of repeated MRI
5 (4-6)
5 (4-5.8)
6 (3.8-7.2)*
Follow-up time in years
2.2 (2-4)
2.1 (2-4)
4 (2.2-6)**
Size
6753.082
6658.341
7030.536
(606.983)
(616.29)
(490.741)**
Degree
1204.765
1191.003
1245.069
(132.373)
(129.279)
(135.429)†
Connectivity density
17.845 (1.14)
17.896 (1.092)
17.697 (1.279)
Clustering
0.49 (0.022)
0.491 (0.021)
0.485 (0.023)
Path length
1.998 (0.021)
2 (0.021)
1.993 (0.022)
Gamma
1.688 (0.079)
1.698 (0.076)
1.661 (0.084)*
Lambda
1.097 (0.012)
1.098 (0.012)
1.093 (0.012)†
Small-world coefficient
1.539 (0.058)
1.545 (0.055)
1.519 (0.064)*
Data are presented as N (%), mean (SD) or median (IQR) where appropriate.
a
Grey matter volume was normalized to total intracranial volume.
†p<0.065; *p<0.05; **p<0.01
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Figure 1. Surface plots of regional atrophy rates over time. The color bar indicates standardized betas
of regional atrophy rates and were obtained with linear mixed models. Analyses were adjusted for age,
sex, education, field strength and total intracranial volume. Subcortical structures are plotted in
ventricular areas as approximation. L, left hemisphere; R, right hemisphere.
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Prediction of hippocampal atrophy rates
We first investigated whether baseline global network measures and other AD markers
that have been related to cognitive decline (MMSE scores, CSF total tau, and total gray
matter volume) could predict hippocampal atrophy rates. Baseline MMSE scores, CSF
total tau, and whole-brain gray matter volume did not show associations with subjectspecific hippocampal atrophy rates (all p > 0.05; Table 2) (see also Fig. 2B–D). Lower
connectivity density and lower clustering at baseline predicted faster subsequent
hippocampal atrophy (β ± SE; both 0.04 ± 0.01; p < 0.005; Table 2) (see also Fig. 2E–F).
Analyses including disease progression as an additional interaction term did not show
significant interaction effects (all p > 0.05; see Supplementary Table 1), suggesting that
the association of baseline network measures and subsequent atrophy was similar for
individuals who remained stable and those who showed clinical progression during
follow-up.
Table 2. Effects of baseline AD markers and grey matter network measures on cross-sectional and
longitudinal hippocampal volume.
Cross-sectional effects
Longitudinal effects
MMSE
0.11±0.07
-0.01±0.01
CSF total tau
0±0.08
-0.02±0.01
Grey matter volume
0.63±0.07***
0±0.01
Grey matter network measures
Size
0.04±0.1
-0.02±0.01
Degree
-0.11±0.1
0.01±0.01
Connectivity density
-0.06±0.06
0.04±0.01**
Clustering
-0.04±0.07
0.04±0.01**
Path length
0.1±0.05
-0.01±0.01
Gamma
0.07±0.07
0.02±0.01
Lambda
0.09±0.06
0.02±0.01
Sigma
0.06±0.08
0.02±0.01
Data are presented as β±SE. Linear mixed models included the terms for the baseline values of the
respective predictor (e.g. baseline MMSE), follow-up time in years and their interaction (e.g.
baseline MMSE × time). Cross-sectional effects represent the association between AD markers or
grey matter network measures and hippocampal volume when time is held constant and are given
by the main term for the respective predictor. Longitudinal effects describe the association between
baseline AD markers or grey matter network measures on the rate of change in hippocampal
volume over time and are given by the interaction term for the respective AD marker or network
measure × time. All analyses were corrected for age and gender, and additionally adjusted for field
strength for grey matter volume, and field strength and baseline grey matter volume for grey matter
network measures.
**p<0.01; ***p<0.001. P-values are adjusted with the false-discovery rate.

140

Figure 2. Association of baseline AD markers and whole-brain grey matter network measures with hippocampal atrophy rates. Predicted decline in
hippocampal volume over time (a) and associations of baseline AD markers (b-d) and whole-brain grey matter network measures (e-h) with subject-specific
annual hippocampal atrophy rates. Longitudinal decline in hippocampal volume over time was estimated with linear mixed models adjusted for age, sex, field
strength and total grey matter volume. To aid in comparison of predictive performances we report standardized β±SE for (b-h) as estimated with linear
regression analyses. Linear regression analyses included the terms for subject-specific annual hippocampal atrophy rates as outcome and baseline values of
AD markers (b-d) or grey matter network measures (e-h) as the respective predictor. Note that standardized betas for (b-h) estimated with linear regression
analyses do not correspond to the betas in Table 2, which were estimated with linear mixed models.
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Prediction of whole-brain atrophy patterns
We further investigated whether network measures in the anterior cingulate and precuneus
could predict the spatiotemporal pattern of atrophy. Both local clustering and path length
values showed associations with subsequent gray matter atrophy, for specific parts of the
brain (Fig. 3, see Supplementary Fig. 3 for cross-sectional relationships): Lower clustering
values in the anterior cingulate and precuneus of both hemispheres were associated with
faster atrophy in mostly temporal regions, including the right superior, middle temporal
pole, hippocampus, and left parahippocampal gyrus (all p < 0.05; Fig. 3A–D). Higher path
length values in the right anterior cingulate and bilateral precuneus were associated with
faster atrophy in mostly frontal regions, including the right superior, middle frontal gyrus,
and left middle cingulate (all p < 0.05; Fig. 3E–H). Gray matter volumes of the anterior
cingulate or precuneus did not predict future hippocampal atrophy rates (all p > 0.05; see
Supplementary Table 2), indicating that network measures contain information that relate
to the rate of hippocampal atrophy beyond volumetric measures.

Prediction of atrophy rates in control individuals
We then performed analyses in cognitively unimpaired, amyloid/tau normal, age-matched
individuals (control) to investigate whether the observed effects were specific for
preclinical AD individuals. At baseline, controls had more years of education (p < 0.05)
and slightly higher gray matter volume (p < 0.065) than preclinical AD (see
Supplementary Table 3). We observed slightly higher path length values (p < 0.065) and
higher gamma, lambda, and small-world coefficient values (all p < 0.05) for control than
those for preclinical AD, suggesting that networks were more random in preclinical AD
individuals. Over time, controls also showed cortical atrophy with the steepest rate in the
left hippocampus (β ± SE; −0.1 ± 0.01; p < 0.001; see Supplementary Fig. 4), albeit at a
much slower rate than preclinical AD. We found no effects of baseline whole-brain gray
matter network measures or other AD markers (i.e. CSF total tau, MMSE, and total gray
matter volume) on the rate of future hippocampal atrophy in control individuals (see
Supplementary Table 4). On a regional level, higher baseline clustering and path length
values of the anterior cingulate and precuneus were associated with faster atrophy rates in
mostly frontal and temporal regions but not the hippocampus (see Supplementary Fig. 5;
see Supplementary Fig. 6 for cross-sectional relationships).
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Figure 3. Longitudinal effects of baseline precuneal and anterior cingulate network measures on regional atrophy over time. The color bar indicates the effect
strength as t ratios, which were obtained with linear mixed model analyses with longitudinal regional grey matter volume as outcome and time, baseline
network measure (e.g. clustering in the left anterior cingulate for panel a) and their interaction (time × network measure) as predictors. Analyses were adjusted
for age, sex, field strength and total grey matter volume. Subcortical structures are plotted in ventricular areas as approximation. L, left hemisphere; R, right
hemisphere n.s., not significant.
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Effect of tau and sex on network disruptions and associations with hippocampal
atrophy rates
Finally, we investigated the potential influences of tau abnormality and sex on our
analyses. Individuals with abnormal levels of total tau (n = 30) were on average older, had
lower levels of CSF amyloid beta 1-42, and had lower connectivity density and clustering
values at baseline than those with normal levels of tau (n = 80) (p < 0.05; see
Supplementary Table 5). There was no effect of tau abnormality on hippocampal atrophy
rates over time (see Supplementary Table 6). When including tau abnormality as
additional interaction term with the predictors for hippocampal atrophy we observed no
significant effects, suggesting that individuals with abnormal and normal tau levels show
similar associations between AD markers or gray matter network measures and
hippocampal atrophy rates (all pinteraction > 0.05; Supplementary Table 6).
Comparing female with male individuals with preclinical AD, male individuals were on
average older, higher educated, and had higher total intracranial volume and gray matter
volume, whereas they showed lower normalized gray matter volume than female
preclinical AD individuals (p < 0.05; Supplementary Table 7). Male individuals further
showed higher network size and degree and lower lambda values at baseline. Both sexes
had similar hippocampal atrophy rates over time (pinteraction > 0.05; Supplementary
Table 8). Repeating analyses for hippocampal atrophy including sex as an additional
interaction term showed stronger associations between connectivity density and clustering
values with future hippocampal atrophy rates in female preclinical AD individuals than in
male individuals (interaction β ± SE; both −0.05 ± 0.02, p < 0.05; Supplementary Table
8).

Discussion
The main result of our study is that individuals with preclinical AD who had low
clustering and high path length values in early amyloid accumulating regions (i.e. anterior
cingulate and precuneus) showed faster rates of subsequent atrophy in distant temporal
and frontal regions. These results suggest that gray matter network measures may have
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use for identifying those individuals with preclinical AD who will show disease
progression but before overt atrophy.
Individuals with preclinical AD are at increased risk for cognitive decline (Donohue et al.,
2017, Parnetti et al., 2019, Vos et al., 2013). In our sample, 25% of individuals with
preclinical AD progressed to mild cognitive impairment or dementia during follow-up,
which is in line with previous estimates (Donohue et al., 2017, Parnetti et al., 2019, Vos et
al., 2013). Furthermore, we observed that individuals with preclinical AD who later
showed clinical progression had lower gamma values at baseline than those who remained
stable, replicating our previous observations in another clinical cohort (Tijms et al., 2018).
We further found that lower gray matter network measures at baseline predicted future
hippocampal atrophy rates, whereas MMSE scores, CSF total tau, or total gray matter
volume were not associated with individual rates of hippocampal atrophy, suggesting that
network measures might capture more subtle neurodegenerative changes in very early
preclinical stages. We did not find associations between network measures and future
hippocampal atrophy rates in cognitively unimpaired age-matched individuals without
amyloid or tau pathology, suggesting that these effects were specific for individuals with
preclinical AD. A practical implication of our findings is that disrupted gray matter
network measures may have use to identify those individuals with preclinical AD who
will show disease progression but before the onset of irreversible atrophy and cognitive
impairment. These results warrant further study in multiple independent data sets to
investigate to what extent single-subject gray matter network measures can be used for
e.g. patient identification in clinical trials.
One unresolved question in AD is the seeming spatiotemporal disconnect between the
brain areas that are prone to aggregate amyloid early in the disease and medial temporal
lobe atrophy in later disease stages. One hypothesis is that this might be driven by
network (dis)connections: disruption of local synaptic functioning or connectivity due to
amyloid (Koffie et al., 2009, Shankar et al., 2008, Walsh et al., 2002) and subsequent
early neuronal cell death might lead to the loss of neurotrophic factors and/or absence of
stimulation and thus atrophy of connected, but still more distant regions (Salehi et al.,
2006, Seeley et al., 2009). A previous study showed that group-based structural
covariance networks were indeed predictive for the locations of dementia type–specific
atrophy patterns (Seeley et al., 2009). Our results further extent on that work by showing
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with our single-subject approach in preclinical AD that gray matter network measures in
early amyloid accumulating regions can predict the rate of future atrophy and the
anatomical location in individual persons. It should be noted, however, that gray matter
networks reflect similarity in gray matter morphology, or atrophy patterns, which could
exist in the absence of direct anatomical connections. Future studies should further
investigate the neurobiological basis of these findings in combination with functional
measures, such as functional MRI, or anatomical measures such as diffusion tensor
imaging to further investigate in what way these distant regions are connected.
We also found that clustering coefficient and path length values were both related to
subsequent atrophy in other distant and different regions of the brain, respectively in
temporal and more frontal regions. This suggests that clustering and path length may
reflect different aspects of neuronal degeneration as captured with gray matter covariance
networks. Clustering values indicate the interconnectedness of neighboring nodes,
whereas path length measures the average shortest connections between all nodes in the
entire network (Rubinov and Sporns, 2010). Possibly, lower clustering values (i.e. higher
dissimilarity between neighboring nodes) reflect asynchronous atrophy of brain areas that
were initially more similar to each other, whereas higher path length values (i.e. higher
dissimilarity network-wide) potentially reflect asynchronous atrophy over the entire brain.
Higher path length values were associated with faster future atrophy rates in
predominantly frontal but still widespread areas of the brain. These regions are affected
relatively late in the disease by tau pathology (Braak and Braak, 1991). It would be of
interest for future studies to investigate how network alterations are associated with tau
PET patterns. Our analyses in age-matched individuals without amyloid or tau pathology
showed that higher clustering and path length values were most consistently associated
with faster atrophy rates in frontal and temporal regions, which are more associated with
“normal” aging processes (Fjell et al., 2009, Fjell et al., 2014). Our finding that higher
clustering values were associated with faster atrophy rates in these individuals suggests
that neighboring regions show uniform neurodegenerative changes, presumably because
of causes other than amyloid aggregation. Taken together, our findings suggest that lower
clustering values might indicate AD specific atrophy, whereas higher path length values
may indicate brain alterations that might reflect “normal” aging.
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Our finding that preclinical AD showed globally lower path length values than controls
but similar local associations of higher path length values with faster atrophy rates seems
conflicting. Additional post hoc comparisons for local path length values showed that for
preclinical AD, path length values were lower in mostly temporal regions than those of
controls (Supplementary Fig. 7), which explains the differences in global path length
values. Importantly, local path length values did not differ between the groups for our a
priori defined target regions (i.e. anterior cingulate and precuneus). These results and our
findings of similar local associations of higher path length values with faster atrophy rates
further support that local path length values of the anterior cingulate and precuneus may
reflect normal aging processes.
We found no associations between baseline MMSE scores, CSF total tau, or total gray
matter volume with future hippocampal atrophy. Individuals with preclinical AD are still
cognitively normal, and all had very high MMSE scores; so, the limited variability may
explain the lack of predictive power for hippocampal atrophy. Furthermore, while changes
in CSF total tau levels might occur relatively early in the disease process around the same
time as atrophy in the hippocampus starts (Bateman et al., 2012), previous studies in
individuals with preclinical AD also did not find direct associations between levels of
CSF total tau and hippocampal (Wang et al., 2015) or entorhinal cortex atrophy (Desikan
et al., 2011), which is in line with our findings. In addition, the observed associations
between network measures and hippocampal atrophy did not depend on tau abnormality,
and there were no differences between individuals with abnormal and normal levels of
total tau in gray matter network disruptions (when accounting for age differences).
Possibly, this indicates that CSF total tau levels and gray matter network disruptions may
reflect different aspects of neurodegeneration. In line with this explanation, we previously
also found that when predicting clinical progression in predementia AD, gray matter
network measures contained predictive information in addition to CSF total tau levels
(Tijms et al., 2018). Another previous study reported higher clustering values for
individuals with abnormal levels of phosphorylated tau in CSF (Cantero et al., 2018).
Possibly, the discrepancy with our results is that those individuals had normal amyloid
levels, which has also been called “suspected non-AD pathophysiology” or “SNAP” (Jack
et al., 2016) which reflects other disease causes than AD. Possibly, gray matter networks
change differently depending on the underlying pathology, and future research should
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further investigate gray matter network alterations in SNAP populations. In addition,
baseline total gray matter volume and precuneus and anterior cingulate volumes were not
associated with future hippocampal atrophy, suggesting measurable, gross atrophy had not
manifested yet in these individuals. These findings are in line with the notion that wholebrain gray matter network measures contain more information than more simple
volumetric measures and suggest that network measures can predict hippocampal atrophy
before irreversible overt atrophy and cognitive impairment manifest.
Finally, we observed that the associations of connectivity density and clustering values on
hippocampal atrophy were stronger for female than for male individuals, whereas there
were no significant differences between female and male individuals in baseline network
measures or hippocampal atrophy rates over time. While to date, no study has investigated
the effect of sex specifically on gray matter disruptions in AD, this result seems to be in
line with other studies showing that female individuals who have higher levels of amyloid
show relatively faster hippocampal atrophy or cognitive decline as compared with male
individuals and as such hint at potentially higher susceptibility for AD pathology in
women (Buckley et al., 2018, Koran et al., 2017). Future studies should further investigate
potential implications of sex differences for individual patient-based measures on their
e.g. gray matter network measure profile.
A potential limitation of our study is that although this is the largest longitudinal data set
on preclinical AD available, with individuals followed up to nine years, the median
follow-up duration was of 2.2 years. Therefore, we cannot exclude the possibility that
more individuals would have shown disease progression if they would have been followed
up for a longer period of time. Still, even within this relatively short median follow-up
duration, we were able to observe a relationship between baseline gray matter network
measures and subsequent atrophy. Another potential limitation of this study is that, while
we ensured that scans of the same field strength were included within subjects, field
strengths differed between individuals. To account for this, we included field strength as
covariate in our analyses, and although we cannot exclude that this might have influenced
our results, previous studies in ADNI have shown similar atrophy rate estimates for 1.5
Tesla and 3 Tesla scans (Dicks et al., 2019, Ho et al., 2010). A strength of this study is the
use of our method to construct individual participant level gray matter networks, whereas
previous approaches only allowed to construct 1 network across a group of individuals.
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This method enabled us to investigate associations of gray matter network measures and
atrophy rates within individuals. Furthermore, gray matter networks were reconstructed
from structural MRI, which is routinely acquired in patient care and therefore has high
potential to translate to daily practice.

Conclusion
In conclusion, we showed that lower gray matter network measures in early amyloid
accumulating regions predict the rate and anatomical pattern of future atrophy in
cognitively normal individuals with abnormal amyloid markers. These results suggest that
gray matter network measures are a sensitive measure to detect future gray matter atrophy
and so may be useful as a tool to select individuals for potential prevention opportunities
in the earliest stages of AD.
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Supplementary Figure 1. Surface plots for cross-sectional (A) and longitudinal (B) differences in grey matter volumes between individuals who remained
stable and those that progressed during follow-up. The color bar indicates the effect strength as t ratios, which were obtained with linear mixed model analyses
with longitudinal regional grey matter volume as outcome and time, clinical progression and their interaction (time × progression) as predictors. Analyses
were adjusted for age, sex, field strength and total grey matter volume. Negative values indicate lower volumes (A) or steeper atrophy slopes (B) for
progressing individuals, positive values indicate lower volumes (A) or steeper atrophy slopes (B) for stable individuals. Subcortical structures are plotted in
ventricular areas as approximation. L, left hemisphere; R, right hemisphere.
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Supplementary Table 1. Effects of baseline AD markers and grey matter network measures on cross-sectional and longitudinal hippocampal volume by
clinical progression.
Cross-sectional effects
Longitudinal effects
Interaction
Stable
Progression
Interaction
Stable
Progression
a
Hippocampal volume
-0.31±0.13*
-0.14±0.15
-0.03±0.19
-0.11±0.03***
-0.11±0.01***
-0.22±0.03***
MMSE
-0.13±0.15
-0.01±0.02
CSF total tau
0.01±0.19
0.01±0.03
Grey matter volume
-0.36±0.13**
0.75±0.09***
0.36±0.12**
-0.03±0.03
Grey matter network measures
Size
-0.23±0.14
-0.01±0.03
Degree
-0.22±0.12
-0.01±0.02
Connectivity density
-0.11±0.11
-0.01±0.02
Clustering
-0.17±0.12
-0.02±0.02
Path length
0±0.12
-0.02±0.02
Gamma
-0.24±0.11*
0.09±0.09
-0.01±0.12
-0.04±0.03
Lambda
-0.07±0.12
-0.03±0.03
Sigma
-0.27±0.11*
0.1±0.09
-0.03±0.13
-0.04±0.02
Data are presented as β±SE. Linear mixed models included the terms for the baseline values of the respective predictor (e.g. baseline MMSE), follow-up
time in years, clinical progression and their interaction (e.g. baseline MMSE × time × progression). If interaction effects were significant, analyses were
rerun stratified for stable and progressing individuals. Cross-sectional effects represent the association between AD markers or grey matter network
measures and hippocampal volume when time is held constant and are given by the main term for the respective predictor. Longitudinal effects describe
the association between baseline AD markers or grey matter network measures on the rate of change in hippocampal volume over time and are given by
the interaction term for the respective AD marker or network measure × time. All analyses were corrected for age and gender, and additionally adjusted for
field strength for grey matter volume, and field strength and baseline grey matter volume for grey matter network measures.
a
Cross-sectional and longitudinal differences in hippocampal volume by clinical progression were estimated with linear mixed models and included
follow-up time in years, clinical progression and their interaction as predictors and were adjusted for age, gender, field strength and baseline grey matter
volume.
*p<0.05; **p<0.01; ***p<0.001; all uncorrected.
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Subsample analysis of amyloid PET
We aimed to replicate the findings by Palmqvist et al. (2017), which showed the
precuneus and anterior cingulate as the regions, in which amyloid starts to aggregate.
Replicating the analysis approach by Palmqvist et al. (2017) for the BioFINDER part of
the study, we included all individuals from our sample who were amyloid-negative on
PET (n=71 individuals with analyzed PET available from ADNI; see Jagust et al., 2015
for image processing details). Mean PET tracer uptake for each FreeSurfer defined region
was normalized to tracer uptake in the cerebellum to create regional SUVRs. In line with
the original study by Palmqvist et al. (2017), we then compared regional SUVR values
between individuals who had normal amyloid in CSF (n=42) to those who had abnormal
levels of amyloid in CSF (n=29), while correcting for the potential effects of age and
gender. We observed the largest difference in amyloid PET SUVR for the precuneus,
replicating previous findings (Palmqvist et al., 2017; see Supplementary Figure 2).

Supplementary Figure 2. Surface plots of amyloid PET SUVR differences between individuals with
normal amyloid on PET and in CSF and individuals with normal amyloid PET and abnormal amyloid
in CSF. Effects were corrected for the potential influences of age and gender, similar to the method
described by Palmqvist et al. (2017). The color bar indicates the F statistic (all p<0.1). Results were
averaged over the left hemisphere.
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Supplementary Figure 3. Surface plots for cross-sectional associations between baseline precuneal and anterior cingulate network measures and regional
grey matter volumes. The color bar indicates the effect strength as t ratios, which were obtained with linear mixed model analyses with longitudinal regional
grey matter volume as outcome and time, baseline network measure (e.g. clustering in the left anterior cingulate for panel a) and their interaction (time ×
network measure) as predictors. Cross-sectional effects represent the association between AD markers or grey matter network measures and hippocampal
volume when time is held constant and are given by the main term for the respective predictor. Longitudinal effects describe the association between baseline
AD markers or grey matter network measures on the rate of change in hippocampal volume over time and are given by the interaction term for the respective
AD marker or network measure × time. Analyses were adjusted for age, sex, field strength and total grey matter volume. Subcortical structures are plotted in
ventricular areas as approximation. L, left hemisphere; R, right hemisphere.
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Supplementary Table 2. Effects of baseline grey matter volumes of the
anterior cingulate and precuneus on cross-sectional and longitudinal
hippocampal volume.
Cross-sectional effects
Longitudinal effects
Anterior cingulate, left
0.08±0.05
-0.01±0.01
Anterior cingulate, right
0.13±0.04**
0±0.01
Precuneus, left
-0.15±0.05**
0±0.01
Precuneus, right
-0.13±0.06*
0.01±0.01
Data are presented as β±SE. Linear mixed models included the terms for the
baseline values of the respective predictor (e.g. baseline left anterior cingulate
volume), follow-up time in years and their interaction (e.g. baseline left
anterior cingulate volume × time). Cross-sectional effects represent the
association between regional grey matter and hippocampal volume when time
is held constant and are given by the main term for the respective predictor.
Longitudinal effects describe the association between regional grey matter
volumes on the rate of change in hippocampal volume over time and are given
by the interaction term for the respective regional grey matter volume × time.
All analyses were corrected for age, gender, field strength and baseline total
grey matter volume.
*p<0.05; **p<0.01; all uncorrected
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Supplementary Table 3. Comparison of baseline characteristics between control and preclinical
AD individuals.
Control
Preclinical AD
N
71
110
Female
35 (49.3%)
63 (57.3%)
Age in years
73.579 (5.679)
74.871 (6.084)
MMSE
29 (29-30)
29 (29-30)
Education in years
17 (16-18.5)
16 (14-18)*
CSF Aβ 1-42 in pg/ml
239.380 (25.044)
149.166 (25.393)***
CSF total tau in pg/ml
53.983 (15.781)
73.845 (38.418)***
Abnormal total tau >93 pg/ml
0 (0%)
30 (27.3%)***
Progression to MCI
8 (11.3%)
21 (19.1%)
Progression to dementia
3 (4.2%)
7 (6.4%)
3
Total intracranial volume in cm
1.448 (0.135)
1.440 (0.145)
Grey matter volume in cm3
0.620 (0.057)
0.601 (0.067)†
a
3
Normalized grey matter volume in cm
429.632 (33.252)
419.180 (39.950)
Number of repeated MRI
5 (4-6)
5 (4-6)
Follow-up time in years
3.0 (2-4)
2.2 (2-4)
Size
6804.831 (595.422)
6753.082 (606.983)
Degree
1232.424 (116.037)
1204.765 (132.373)
Connectivity density
18.138 (1.107)
17.845 (1.140)
Clustering
0.497 (0.017)
0.490 (0.022)
Path length
2.004 (0.024)
1.998 (0.021)†
Gamma
1.720 (0.069)
1.688 (0.079)**
Lambda
1.102 (0.012)
1.097 (0.012)**
Small-world coefficient
1.560 (0.048)
1.539 (0.058)*
Data are presented as N (%), mean (SD) or median (IQR) where appropriate.
a
Grey matter volume was normalized to total intracranial volume.
†p<0.065; *p<0.05; **p<0.01; p<0.001; n.a., not applicable.
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Supplementary Figure 4. Surface plots of regional atrophy rates in control individuals over time. The
color bar indicates standardized betas of regional atrophy rates and were obtained with linear mixed
models. Analyses were adjusted for age, sex, education, field strength and total intracranial volume.
Subcortical structures are plotted in ventricular areas as approximation. L, left hemisphere; R, right
hemisphere.
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Supplementary Table 4. Effects of baseline AD markers and grey matter
network measures on cross-sectional and longitudinal hippocampal volume in
control individuals with normal cognition and normal AD biomarkers (n=71).
Cross-sectional
Longitudinal
effects
effects
MMSE
0.09±0.11
0.01±0.01
CSF total tau
0.09±0.1
-0.01±0.01
Grey matter volume
0.47±0.12***
0.01±0.01
Grey matter network measures
Size
0.27±0.15
0.01±0.01
Degree
0.1±0.12
0.01±0.01
Connectivity density
-0.03±0.09
-0.01±0.01
Clustering
-0.04±0.09
0±0.01
Path length
-0.07±0.09
0.01±0.01
Gamma
-0.17±0.11
0.01±0.01
Lambda
-0.09±0.1
0±0.01
Sigma
-0.19±0.12
0.01±0.01
Data are presented as β±SE. Linear mixed models included the terms for the
baseline values of the respective predictor (e.g. baseline MMSE), follow-up
time in years and their interaction (e.g. baseline MMSE × time). Crosssectional effects represent the association between AD markers or grey matter
network measures and hippocampal volume when time is held constant and
are given by the main term for the respective predictor. Longitudinal effects
describe the association between baseline AD markers or grey matter network
measures on the rate of change in hippocampal volume over time and are
given by the interaction term for the respective AD marker or network
measure × time. All analyses were corrected for age and gender, and
additionally adjusted for field strength for grey matter volume, and field
strength and baseline grey matter volume for grey matter network measures.
CN, Cognitively unimpaired, age-matched individuals without amyloid or tau
pathology.
***p<0.001, uncorrected
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Supplementary Figure 5. Longitudinal effects of baseline precuneal and anterior cingulate network measures on regional atrophy over time in control
individuals. The color bar indicates the effect strength as t ratios, which were obtained with linear mixed model analyses with longitudinal regional grey
matter volume as outcome and time, baseline network measure (e.g. clustering in the left anterior cingulate for panel a) and their interaction (time × network
measure) as predictors. Cross-sectional effects represent the association between AD markers or grey matter network measures and hippocampal volume when
time is held constant and are given by the main term for the respective predictor. Longitudinal effects describe the association between baseline AD markers
or grey matter network measures on the rate of change in hippocampal volume over time and are given by the interaction term for the respective AD marker or
network measure × time. Analyses were adjusted for age, sex, field strength and total grey matter volume. Subcortical structures are plotted in ventricular
areas as approximation. L, left hemisphere; R, right hemisphere; n.s., not significant
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Supplementary Figure 6. Surface plots for cross-sectional associations between baseline precuneal and anterior cingulate network measures and regional
grey matter volumes in control individuals. The color bar indicates the effect strength as t ratios, which were obtained with linear mixed model analyses with
longitudinal regional grey matter volume as outcome and time, baseline network measure (e.g. clustering in the left anterior cingulate for panel a) and their
interaction (time × network measure) as predictors. Cross-sectional effects represent the association between AD markers or grey matter network measures
and hippocampal volume when time is held constant and are given by the main term for the respective predictor. Longitudinal effects describe the association
between baseline AD markers or grey matter network measures on the rate of change in hippocampal volume over time and are given by the interaction term
for the respective AD marker or network measure × time. Analyses were adjusted for age, sex, field strength and total grey matter volume. Subcortical
structures are plotted in ventricular areas as approximation. L, left hemisphere; R, right hemisphere.
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Supplementary Table 5. Comparison of baseline characteristics between preclinical AD
individuals with normal and abnormal tau.
Normal tau
Abnormal tau
N
80
30
Female
48 (60%)
15 (50%)
Age in years
73.845 (6.019)
77.607 (5.457)**
MMSE
29 (29-30)
30 (29-30)
Education in years
16 (14-18)
16 (14-18)
CSF Aβ 1-42 in pg/ml
152.379 (25.597)
140.600 (23.115)*
CSF total tau in pg/ml
54.627 (18.515)
125.090 (29.634)***
Progression to MCI
14 (17.5%)
7 (23.3%)
Progression to dementia
4 (5.0%)
3 (10.0%)
3
Total intracranial volume in cm
1.436 (0.153)
1.450 (0.122)
3
Grey matter volume in cm
0.601 (0.073)
0.603 (0.049)
a
3
Normalized grey matter volume in cm
419.960 (42.363)
417.100 (33.221)
Number of repeated MRI
5 (4-6)
5 (3-6)
Follow-up time in years
2.1 (2-4)
3.5 (2-4)
Size
6722.625 (642.116)
6834.300 (502.197)
Degree
1211.186 (137.143)
1187.642 (119.198)
Connectivity density
18.021 (1.094)
17.378 (1.147)**
Clustering
0.493 (0.021)
0.481 (0.021)*
Path length
1.997 (0.021)
1.999 (0.022)
Gamma
1.693 (0.084)
1.675 (0.064)
Lambda
1.098 (0.012)
1.095 (0.010)
Small-world coefficient
1.542 (0.062)
1.530 (0.048)
Data are presented as N (%), mean (SD) or median (IQR) where appropriate.
a
Grey matter volume was normalized to total intracranial volume.
*p<0.05; **p<0.01; p<0.001.
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Supplementary Table 6. Effects of baseline AD markers and grey matter network measures on cross-sectional and longitudinal hippocampal volume by
tau abnormality.
Cross-sectional effects
Longitudinal effects
Interaction
Normal tau
Abnormal tau
Interaction
Normal tau
Abnormal tau
a
Hippocampal volume
-0.28±0.12*
-0.11±0.11
-0.69±0.36
-0.05±0.03
MMSE
-0.12±0.14
-0.02±0.02
CSF total tau
-0.02±0.28
0.04±0.04
Grey matter volume
-0.23±0.15
-0.02±0.03
Grey matter network measures
Size
-0.14±0.14
0.01±0.03
Degree
-0.1±0.13
0.02±0.03
Connectivity density
0.03±0.11
0.01±0.03
Clustering
0.04±0.12
0.01±0.03
Path length
0.11±0.11
-0.02±0.03
Gamma
-0.02±0.13
-0.02±0.03
Lambda
0.19±0.13
-0.01±0.03
Sigma
-0.07±0.13
-0.02±0.03
Data are presented as β±SE. Linear mixed models included the terms for the baseline values of the respective predictor (e.g. baseline MMSE), follow-up
time in years, tau abnormality and their interaction (e.g. baseline MMSE × time × tau abnormality). If interaction effects were significant, analyses were
rerun stratified for individuals with normal and abnormal tau. Cross-sectional effects represent the association between AD markers or grey matter network
measures and hippocampal volume when time is held constant and are given by the main term for the respective predictor. Longitudinal effects describe
the association between baseline AD markers or grey matter network measures on the rate of change in hippocampal volume over time and are given by
the interaction term for the respective AD marker or network measure × time. All analyses were corrected for age and gender, and additionally adjusted for
field strength for grey matter volume, and field strength and baseline grey matter volume for grey matter network measures.
a
Cross-sectional and longitudinal differences in hippocampal volume by tau abnormality were estimated with linear mixed models and included follow-up
time in years, tau abnormality and their interaction as predictors and were adjusted for age, gender, field strength and baseline grey matter volume.
*p<0.05, uncorrected.
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Supplementary Table 7. Comparison of baseline characteristics between female and male
preclinical AD individuals.
Female
Male
N
63
47
Age in years
73.911 (5.115)
76.157 (7.035)†
MMSE
29 (29-30)
29 (28-30)
Education in years
16 (14-18)
16 (16-18)*
CSF Aβ 1-42 in pg/ml
148.768 (22.732)
149.700 (28.825)
CSF total tau in pg/ml
73.324 (37.769)
74.543 (39.671)
Abnormal total tau >93 pg/ml
15 (23.8)
15 (31.9)
Progression to MCI
9 (14.3%)
12 (25.5%)
Progression to dementia
3 (4.8%)
4 (8.5%)
3
Total intracranial volume in cm
1.369 (0.122)
1.535 (0.117)***
3
Grey matter volume in cm
0.585 (0.061)
0.623 (0.071)**
a
3
Normalized grey matter volume in cm
428.500 (35.265)
406.688 (42.746)**
Number of repeated MRI
5 (3-6)
5 (4-6)
Follow-up time in years
2.1 (2-4)
2.2 (2-4)
Size
6472.571 (524.850)
7129.085 (499.515)***
Degree
1160.192 (126.004)
1264.512 (117.276)***
Connectivity density
17.921 (1.174)
17.743 (1.096)
Clustering
0.492 (0.021)
0.487 (0.023)
Path length
2.001 (0.022)
1.994 (0.020)
Gamma
1.699 (0.067)
1.673 (0.091)
Lambda
1.099 (0.011)
1.094 (0.012)*
Small-world coefficient
1.546 (0.048)
1.529 (0.070)
Data are presented as N (%), mean (SD) or median (IQR) where appropriate.
a
Grey matter volume was normalized to total intracranial volume.
†p<0.065; *p<0.05; **p<0.01; p<0.001; n.a., not applicable.
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Supplementary Table 8. Effects of baseline AD markers and grey matter network measures on cross-sectional and longitudinal hippocampal volume by
sex.
Cross-sectional effects
Longitudinal effects
Interaction
Female
Male
Interaction
Female
Male
a
Hippocampal volume
0.09±0.12
-0.02±0.03
MMSE
-0.14±0.14
0±0.02
CSF total tau
-0.01±0.16
0.02±0.03
Grey matter volume
-0.07±0.11
-0.01±0.03
Grey matter network measures
Size
-0.14±0.13
0±0.03
Degree
-0.24±0.12*
-0.01±0.12
-0.34±0.16*
-0.04±0.03
Connectivity density
-0.18±0.11
-0.05±0.02*
0.06±0.01***
0.01±0.02
Clustering
-0.13±0.11
-0.05±0.02*
0.06±0.02***
0.01±0.02
Path length
0.2±0.11
0.02±0.03
Gamma
-0.02±0.11
-0.02±0.03
Lambda
0.1±0.11
-0.02±0.03
Sigma
-0.05±0.1
-0.02±0.02
Data are presented as β±SE. Linear mixed models included the terms for the baseline values of the respective predictor (e.g. baseline MMSE), follow-up
time in years, sex and their interaction (e.g. baseline MMSE × time × sex). If interaction effects were significant, analyses were rerun stratified for female
and male individuals. Cross-sectional effects represent the association between AD markers or grey matter network measures and hippocampal volume
when time is held constant and are given by the main term for the respective predictor. Longitudinal effects describe the association between baseline AD
markers or grey matter network measures on the rate of change in hippocampal volume over time and are given by the interaction term for the respective
AD marker or network measure × time. All analyses were corrected for age, and additionally adjusted for field strength for grey matter volume, and field
strength and baseline grey matter volume for grey matter network measures.
a
Cross-sectional and longitudinal differences in hippocampal volume by sex were estimated with linear mixed models and included follow-up time in
years, sex and their interaction as predictors and were adjusted for age, field strength and baseline grey matter volume.
*p<0.05; ***p<0.001; all uncorrected.
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Supplementary Figure 7. Surface plot of regional decreases in baseline path length values for
preclinical AD as compared to control individuals. The color bar indicates the t-statistic, unadjusted
for covariates. All p<0.05. Subcortical structures are plotted in ventricular areas as approximation. L,
left hemisphere; R, right hemisphere.
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Abstract
Structural grey matter covariance networks provide an individual quantification of
morphological patterns in the brain. The network integrity is disrupted in sporadic
Alzheimer disease, and network properties show associations with the level of amyloid
pathology and cognitive decline. Therefore, these network properties might be disease
progression markers. However, it remains unclear when and how grey matter network
integrity changes with disease progression. We investigated these questions in autosomal
dominant Alzheimer disease mutation carriers, whose conserved age at dementia onset
allows individual staging based upon their estimated years to symptom onset. From the
Dominantly Inherited Alzheimer Network observational cohort, we selected T1-weighted
MRI scans from 269 mutation carriers and 170 non-carriers (mean age 38±15 years, mean
estimated years to symptom onset -9±11), of whom 237 had longitudinal scans with a
mean follow-up of 3.0 years. Single-subject grey matter networks were extracted, and we
calculated for each individual the network properties which describe the network
topology, including the size, clustering, path length and small worldness. We determined
at which time point mutation carriers and non-carriers diverged for global and regional
grey matter network metrics, both cross-sectionally and for rate of change over time.
Based on cross-sectional data, the earliest difference was observed in path length, which
was decreased for mutation carriers in the precuneus area at 13 years and on a global level
12 years before estimated symptom onset. Based on longitudinal data, we found the
earliest difference between groups on a global level 6 years before symptom onset, with a
greater rate of decline of network size for mutation carriers. We further compared grey
matter network small worldness with established biomarkers for AD (i.e., amyloid
accumulation, cortical thickness, brain metabolism, and cognitive function). We found
that greater amyloid accumulation at baseline was associated with faster decline of small
worldness over time, and decline in grey matter network measures over time was
accompanied by decline in brain metabolism, cortical thinning, and cognitive decline. In
summary, network measures decline in autosomal dominant Alzheimer disease, which is
alike sporadic Alzheimer disease, and the properties show decline over time prior to
estimated symptom onset. These data suggest that single-subject networks properties
obtained from structural MRI scans form an additional non-invasive tool for
understanding the substrate of cognitive decline and measuring progression from
preclinical to severe clinical stages of Alzheimer disease.
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Introduction
In order to advance clinical trials to slow or halt Alzheimer disease, the most frequent
cause of dementia (Scheltens et al., 2016), it is important both to understand the evolution
of pathophysiological changes occurring and to develop disease progression markers
(Aisen et al., 2017). Current biomarkers reliably detect Alzheimer disease pathology (Jack
et al., 2018), however predicting and monitoring disease progression remains difficult.
Brain network properties are linked to cognitive function (Bassett and Bullmore, 2009;
Chhatwal et al., 2018; Franzmeier et al., 2018), and therefore studying network integrity
may offer new insights into disease progression in Alzheimer disease.
One way to measure of brain networks is by determining the similarity of grey matter
morphological measures between brain regions across individuals, i.e., grey matter
covariance networks (He et al., 2008; Li et al., 2012; Tijms et al., 2012) (Panel 1). This
approach is based on the notion that brain regions involved in distinct cognitive functions
tend to develop in a similar way, possibly due to shared neurotrophic factors (AlexanderBloch et al., 2013a; Alexander-Bloch et al., 2013b; Zielinski et al., 2010). Common
developmental trajectories and functional coactivation result in similar grey matter tissue
properties, as measured on structural MR imaging (Draganski et al., 2004; Mechelli et al.,
2005; Seeley et al., 2009). These covariance patterns are related to normal cognition
(Doucet et al., 2019; Seidlitz et al., 2018), and reveal in healthy individuals an optimal,
‘small-world’, organization by graph theory description (He et al., 2007; Humphries and
Gurney, 2008). In sporadic Alzheimer disease dementia, grey matter networks are
disrupted, the properties show a less optimal, random organization of the network (Kim et
al., 2016; Tijms et al., 2013a; Yao et al., 2010). In predementia stages, such loss of
network integrity predicts clinical progression and cognitive decline (Dicks et al., 2018;
Tijms et al., 2018). The presence of amyloid β (Aβ) pathology in cognitively normal
individuals has also been associated with grey matter network alterations (Ten Kate et al.,
2018; Tijms et al., 2016; Voevodskaya et al., 2018). Together, these observations suggest
that these network properties change over the course of Alzheimer disease, from early
stages, and that individual grey matter network extractions could possibly be used to
monitor disease progression. However, as previous findings were based on one-time

181

Material and Methods

network extractions, it remains unclear whether, and when, these networks change within
individuals as they progress in their disease.
A complication when studying sporadic Alzheimer disease is the difficulty of placing
presymptomatic individuals on their disease timeline (Donohue et al., 2014; Roe et al.,
2018; Vermunt et al., 2019; Villemagne et al., 2013; Young et al., 2014). This issue is less
problematic for carriers of a genetic mutation that causes autosomal dominant Alzheimer
disease, because the age at onset of dementia can be estimated, from the age at onset in
family members or carriers of the same specific mutation type. The estimated years to
symptom onset (EYO) can serve as a proxy for disease duration (Bateman et al., 2012;
Ryman et al., 2014). Using this paradigm, previous work demonstrated that Aβ
aggregation starts more than two decades before dementia onset (Gordon et al., 2018;
McDade et al., 2018; Oxtoby et al., 2018). Closer to symptom onset, individuals show
accelerated hypometabolism and cortical thinning, which is followed by cognitive decline
(Benzinger et al., 2013; Kinnunen et al., 2018; Wang et al., 2019). When during these
processes grey matter networks start to decline remains unknown.
Here, we investigated for the first time single-subject grey matter networks over the
course of autosomal dominant Alzheimer disease. We assessed when, and how, the
network properties change as a function of EYO, both cross-sectionally and
longitudinally, on a global and regional level. To understand the relationship between grey
matter network property changes and disease progression, we also investigated how the
small world coefficient alters with established Alzheimer disease markers of Aβ
accumulation, brain metabolism, cortical thickness, and cognitive function.

Material and Methods
DIAN study design and participants
In the worldwide Dominantly Inherent Alzheimer Network (DIAN) longitudinal cohort
study, families with individuals carrying a PSEN1, PSEN2 or APP mutation undergo
genetic testing and repeated clinical, cognitive, fluid, and brain imaging assessments. The
non-carrier family members act as an inherent control group. Participants generally have
study visits every three years at earlier disease stages and these assessments become
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yearly when either symptoms are present, or they are within three years of their EYO.
DIAN protocols had supervisory approval from the ethical review board of Washington
University in St. Louis, and all participants gave informed consent. For this study, we
selected data from all participants who had undergone at least one MRI scan that passed
quality control in the 12th data freeze. Families with the Dutch or Flemish APP mutation
were excluded because these mutations result in a different phenotype, with
predominantly cerebral amyloid angiopathy.

Estimated years to symptom onset (EYO)
We calculated the EYO for mutation carriers and non-carriers identically: The EYO was
defined as the mutation-specific mean age at onset subtracted by the individuals’ visit age
(Ryman et al., 2014). In case of an unknown mutation-specific age at onset, the parental
age at disease onset, reported by the participant, was used instead. For example, if the
mean age at symptom onset for a specific mutation is 50 years, then a 35 year old
individual would have an EYO of -15. For the carriers of the ADAD mutation, this
indicates that the individual is expected to show clinical symptoms of Alzheimer disease
15 years later.

Clinical evaluation and cognition
Disease severity was measured using the Clinical Dementia Rating scale (CDR) (Morris,
1993), administered to the participant and study partner by blinded raters. Participants
were classified as being unimpaired (global CDR score=0) or symptomatic (global CDR
0.5, 1, 2 & 3). In addition, cognitive function was summarized using a cognitive
composite developed in the DIAN project (Bateman et al., 2017), consisting of the
average of equally weighted z-scores of the Logical Memory delayed recall total score
from the Wechsler Memory Scale-Revised, DIAN Word List Test delayed free recall
score, Digit Symbol Coding total score from the Wechsler Adult Intelligence ScaleRevised Digit Symbol Substitution Test, and the total score from the Mini Mental State
Examination.

MRI acquisition and preprocessing
MRI T1-weighted scans (1.1 x 1.1 x 1.2 mm3 voxels, repetition time = 2300 ms, echo time
= 2.95 ms, flip angle 9°) were acquired according to Alzheimer Disease Neuroimaging
Initiative (ADNI) protocols (Jack et al., 2010). We segmented T1 images into grey and
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white matter and CSF, using the Statistical Parametric Mapping software version 12
(SPM12; Wellcome Trust Centre for Neuroimaging, UCL Institute of Neurology, London,
UK). All segmentations were checked visually, after which 51 scans were removed due to
failed segmentations or severe motion artifacts. Native space grey matter segmentations
were resampled into 2 x 2 x 2 mm3 voxels. This voxel-wise data was used as input for
connectivity analyses.

Single-subject grey matter networks and metrics
Grey matter networks were computed according to a previously published, automated
pipeline (Tijms et al., 2012) that includes two steps figurated in Panel A: (1) grey matter
network extraction
(https://github.com/bettytijms/Single_Subject_Grey_Matter_Networks; implemented in
Matlab2016b (MathWorks, Natick, MA)), and (2) graph theory-based metric calculation
(Rubinov and Sporns, 2010; Tijms et al., 2012). To extract single-subject grey matter
networks, we parcellated each individual’s native space grey matter segmentation into 6 x
6 x 6 mm3 cubes, containing 27 voxels. These non-overlapping cubes serve as the ‘nodes’
in the network. Connections between each pair of cubes across an individual’s scan were
established by calculating the Pearson’s correlation coefficient between the corresponding
voxels. This approach takes into account both the grey matter probability (i.e. from the
tissue segmentation) as well as the spatial information present in 27 voxels within each
cube. All correlations were stored in a matrix, and the presence or absence of connections
between nodes was dichotomized according to an individualized threshold that ensured a
maximum of 5% spurious connections for each individual (Tijms et al., 2012).
For each individual’s binarized grey matter network, we calculated graph theory metrics
describing the global network properties: size, degree, connectivity density, clustering
coefficient, path length, normalized clustering, normalized path length, and small world
coefficient (see Panel 1 for explanation of these metrics). We also calculated regional
network properties. In order to aid comparability with other studies previously performed
in DIAN, regional network metrics were calculated within each region of the DesikanKilliany atlas (Desikan et al., 2006). The regional masks were obtained by first
parcellating each individual’s T1 image into 34 anatomical regions of interest (ROIs) from
the Desikan atlas using Freesurfer 5.3 (Fischl, 2012) (http://surfer.nmr.mgh.harvard.edu).
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The Freesurfer output was then aligned to the native space T1 using FSL
(https://fsl.fmrib.ox.ac.uk/fsl), and this transform was used to register the parcellation into
native space. The network values of the degree, clustering coefficient, and path length
were subsequently averaged within a region. Graph theory metrics were calculated using
scripts from the brain connectivity toolbox (https://sites.google.com/site/bctnet/), modified
for large sized networks.
Panel 1 Grey matter network metrics
A. Grey matter network extraction
from the individual brain
segmentation (described in text)
B. The sum of the number of nodes,
i.e., the number of cubes, is the size of
the network. The degree is the
average number of connections per
node. The connectivity density is the
percentage of the number of
connections in the network compared
to the maximum number of
connections possible. The clustering
coefficient of a node describes the
proportion of connections between
neighbors for every node. For
example, in case a node connects to 3
other nodes, there are 3 possible
connections between those 3 adjacent
nodes. If only 1 connection is present
between 2 of the 3 other nodes, the
clustering of the primary node is 1 out
of 3, 0.33. Global clustering is
determined by taking averaging
clustering values across all nodes.
Path length is the mean of the shortest

With permission from Verfaillie et al. 2018, Human Brain Mapping

paths for a node to reach every other node in the network. The global path length is the average path
length across all nodes.
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C. Normalized clustering and normalized path length describe how on a global level a network
organization differs from a randomly organized network. The networks are randomized by rewiring
the connections randomly in each network, while keeping intact the total number of nodes and degrees
(Maslov and Sneppen, 2002). The network’s observed clustering and path length are divided by the
clustering and path length values, respectively, of averaged random networks to obtain the normalized
values. Lastly, the small world coefficient is the normalized clustering divided by the normalized path
length. The network has the “small world property” if this ratio is higher than 1, indicating a path
length close to the random networks, yet a greater then random clustering. This is optimal, because of
fast exchange of information between remote clusters, and specialized information processing within
clusters.

Other DIAN imaging data
We examined regional data for Aβ using PET imaging with 11C-Pittsburgh Compound B
(Aβ PET), glucose metabolism with 18F-Fluorodeoxyglucose PET (FDG-PET), and
cortical thickness and volumes from structural MRI. Details on data processing have
previously been described (Gordon et al., 2018). The Freesurfer ROIs were used to
process the amyloid and FDG-PET data. PET data are processed using a cerebellar grey
reference region and partial volume corrected using a geometric transfer matrix approach
(Su et al., 2015; Su et al., 2013). In this study, we utilized the MRI precuneus cortical
thickness, the precuneus Aβ PET, and to match a previously defined meta-ROI, the
average of the left and right isthmus cingulate and inferior parietal region in FDG-PET for
crossmodal comparison with grey matter network properties (Landau et al., 2011).

Statistical analysis
As part of sample characterization, we compared four groups (non-carriers; asymptomatic
mutation carriers with an EYO before -15 years; asymptomatic mutation carriers with
EYO between -15 and 0 years; and symptomatic mutation carriers) on cross-sectional grey
matter network small world values, and the other network measures with the KruskalWallis test, and post-hoc Wilcoxon test with Holm p-value adjustment. We extracted
individual slopes with linear mixed models in R for those individuals with repeated
measures. Using the same statistical tests, we compared those extracted slopes between
the groups. In addition we compared individuals with different mutation types
(PSEN1/PSEN2/APP) on the baseline network property values.
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For the main analyses, we compared mutation carriers and non-carriers to determine (1)
the EYO at which grey matter network metrics showed cross-sectional differences
between groups, and (2) the EYO at which the groups had a different rate of change over
time by fitting linear mixed effects models. Specifically, we used Bayesian inference
methods (Gordon et al., 2018; Mishra et al., 2018) to determine the EYO point that 99%
credible intervals of the difference distribution did not overlap 0. In these methods, the
model parameters were estimated as previously described, applying a Hamiltonian
Markov chain Monte Carlo sampling of the posterior distribution, with 10,000 iterations
in 8 chains, 5000 warm-up, thinning retaining 1 out of every 10 iterations, and cauchy
prior in the STAN package for R. We checked the model convergence statistic GelmanRubin diagnostic, the Ř-statistic (rhat), which compares the between and within-chain
estimates for each of the model parameters. These should be at least close to 1.0, and were
for all models close to 1.00 (Carpenter et al., 2017; Gelman et al., 2015). From the
posterior distribution we calculated the range 99% credible intervals around the estimates,
i.e., 0.005 to 0.995 range. We also calculated the difference curve between the mutation
carriers and non-carriers by EYO with 99% credible intervals. We refer to the ‘divergence
point’ as the point where the 99% credible interval of this difference curve between
carriers and non-carriers did not contain 0 (i.e., no difference). The credible interval is the
Bayesian equivalent of the frequentist confidence interval. The main difference is that the
Bayesian directly estimates the credible interval from a actual computed population (i.e.,
posterior) distributions, rather than hypothesized as in the frequentists approach.
Therefore, an advantage of the Bayesian approach is that the credible interval can be
interpreted in a probabilistic way. To allow for non-linear effects, without assuming a
particular shape, we applied a restricted cubic spline with knots at the 0.10, 0.50 and 0.90
of the EYO distribution, also described previously (Gordon et al., 2018), that included a
linear term (EYOlinear) and a cubic term (EYOcubic). Cross-sectional models contained
fixed terms for EYO, mutation status, their interaction, and a random effect for family
cluster. Longitudinal models were used to study the rate of change of network properties,
and individuals with one data point were also included. Those models included fixed
terms for baseline EYO (two terms: EYOlinear and EYOcubic), time after baseline,
mutation status and, all 2- and 3-way interactions (see formulas in Sup., p.6).
Additionally, all models included random intercept terms for subject and family cluster,
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and a random slope for subject. The covariates whole-brain grey matter volume and sex
were included as fixed terms. Equivalent to previous work, when size, degree or
connectivity density were found to be associated with mutation status in any of the
models, they were included as additional covariates for sensitivity analysis as these
variables also influence more complex network metrics (Tijms et al., 2013a). Regional
models were adjusted for sex, regional degree, and regional grey matter volume.
We examined relationships between grey matter network small world coefficient and
established AD markers within mutation carriers. Previous research suggested grey matter
networks may be disrupted in response to Aβ accumulation, precipitating cognitive
decline (Ten Kate et al., 2018). For this reason, our models included either precuneus PET
Aβ as a predictor and grey matter network metrics as outcomes, or grey matter network
metrics as a predictor and cortical thickness (precuneus), brain metabolism (meta-ROI), or
cognition (DIAN cognitive composite) as the respective outcomes. These predictors and
outcomes were z-scored to the whole group. We fitted three sets of linear mixed effects
models that were all adjusted for baseline grey matter volume, age, and sex, and with
random intercept for family cluster, in lme4 package in R (Bates, 2014) (see detailed
formulas in Sup., p.6). If models failed to converge, the term for family cluster was
removed. Models were divided into three sections. The first were baseline comparisons.
The second set were longitudinal comparisons in participants with at least 2 data points to
avoid convergence issues, and included additional random effects for subject intercept and
slope of the predictor. The final set of models were used to evaluate whether baseline data
could predict change over time in the outcome. These models had fixed effects for
baseline predictor, time from baseline, and its interaction, and a random subject intercept
and slope of time from baseline. We focused on the grey matter network small world
coefficient, as this metric is indirectly derived from all other network metrics, and can
thus be considered a summary statistic (Panel 1 p.8). We also show exploratory graphs for
the other network measures for completeness, and repeated as a sensitivity analysis the
crossmodal models for the mutation carriers only.
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Results
In total, 439 participants from the DIAN study, with a mean±SD age of 38±11 years and a
mean±SD EYO of -9±11), had MRI scans of sufficient quality to be included in the
present analyses. The group consisted of 269 (61%) ADAD mutation carriers and 170
(39%) non-carrier family members (Table 1). Of this sample, 237 (54%) participants had
longitudinal MRI scans, with a mean of 2.5 scans per participant and a maximum of 6
acquired over a mean±SD 3.0±1.5 years of follow-up (clinical and PET data in Sup. Table
S1). There were groups differences between asymptomatic mutation carriers with EYO<15 years, asymptomatic mutation carriers -15<EYO<0 years, symptomatic mutation
carriers and non-carriers on cross-sectional network values and extracted slopes (Sup.
Figure S3&S4). For most network measures, we found that the mutation carriers who are
far away from expected onset (EYO >15 years) and the non-carriers had slightly higher
network property value than mutation carriers who were closer to expected symptom
onset, and a further decrease in the symptomatic stage. Rate of decline showed a similar
pattern between these groups. Figure 2 shows these comparisons for the small world
values. Comparing PSEN1/PSEN2/APP mutation carriers at baseline on all network
metrics, the network size and average degree were slightly lower in PSEN1 carriers, while
the other metrics were similar (Sup. Figure S5).
Table 1. Group characteristics

Baseline age, years

Non-carriers
(N=170)
38 (11)

Asymptomatic
mutation carriers
(N=174)
34 (9)

Symptomatic
mutation carriers
(N=95)
46 (10)

Female, N (%)

101 (59%)

100 (57%)

50 (53%)

Estimated years to onset

-11 (12)

-14 (8)

1 (7)

MMSE

29.1 (1.2)

29.1 (1.2)

22.9 (6.6)

Total MRI scans, 1/2/3/4-6, N

84/61/18/7

84/59/28/3

34/30/17/14

Longitudinal scans

2.4 (0.8)

2.4 (0.7)

2.9 (1.1)

Follow-up time MRI visits, years

3.3 (1.5)

3.2 (1.5)

2.2 (1.3)

Mutation type, PSEN1/PSEN2/APP, N n/a
133/16/25
75/2/18
Mean (SD), unless otherwise specified. MMSE=Mini Mental State Examination. Estimated years to
symptom onset is the expected age at onset of the mutation that runs in the family.
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Cross-sectional divergences between mutation carriers and non-carriers
The mutation carriers diverged from non-carriers on all grey matter network metrics,
except for network size and raw path length (Figure 1, Sup. Table S2). Lower network
metric values for mutation carriers relative to non-carriers were observed earliest in
normalized path length at EYO -12, followed by lower normalized clustering at EYO -8.7,
small world coefficient at EYO -8.4, clustering coefficient at EYO -7.5, connectivity
density at EYO -5.6, and degree at EYO 0. When additionally adjusting for degree or
connectivity density the estimates for network metrics yielded similar results (Sup. Table
S2). Using the same methods, but now implemented on a regional level, the earliest
divergence between mutation carriers relative to non-carriers was found for path length in
the precuneus at EYO -13.1, for clustering in the superior temporal gyrus at EYO -10, and
for network degree in the banks of the superior temporal gyrus at EYO -7 (Figure 3, Sup.
Table S3).
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Figure 1 Grey matter networks by estimated year of onset at baseline between mutation carriers
and non-carriers. The fitted lines are based on all data points extending to -38 to +20. Left of EYO 0
is before expected symptom onset, and right of EYO 0 is after expected symptom onset. The EYO
were first jittered, and then the data points before -20 and after EYO +8 removed to avoid accidental
unblinding of participants. Dotted line is the point of divergence between mutation carriers and noncarriers. N=439.

Divergences of rates of change between mutation carriers compared to non-carriers
When comparing rates of change over time, mutation carriers diverged from non-carriers
by EYO for all grey matter network metrics, except connectivity density. Steeper decline
for mutation carriers relative to non-carriers was detected earliest for network size, at
baseline EYO -6.0, followed by small world coefficient at EYO -4.7, normalized
clustering at EYO -4.6, degree at EYO -4.4, normalized path length at EYO -2.8,
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clustering coefficient at EYO -2.6, and path length at +1.0 (Figure 2, Sup. Table S2 and
Figure S1). When additionally adjusting for degree the estimates for network metrics
yielded similar results, except for clustering coefficient, which lost significance. On a
regional level, the earliest steep decline rate for mutation carriers compared to noncarriers was detected for degree in the lateral occipital gyrus at EYO -7.4, for clustering in
the parahippocampal gyrus at EYO -6.2, and for path length in the precentral gyrus at
EYO -4.2. (Figure 3, Supplement Table S3).

Figure 2 Small world coefficient for mutation carriers and non-carriers by group and rate of
change by estimated year of onset. A&B p-values based on Kruskal-Wallis, and post-hoc Wilcoxin
with Holm method correction shown for the comparison of all groups to the asymptomatic EYO
between -15 and 0 mutation carriers group. No covariates included. C&D The fitted lines are based on
all data points extending to -38 to +20. Left of EYO 0 is before expected symptom onset, and right of
EYO 0 is after expected symptom onset. The EYO were first jittered, and then the data points before 20 and after EYO +8 removed to avoid accidental unblinding of participants. Dotted line is the point
of divergence of rate of change between mutation carriers and non-carriers.
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Figure 3 Regional EYO of diversion between mutation carriers and non-carriers for grey matter
network degree, clustering coefficient and path length. Linear mixed models adjusted for sex, total
grey matter volume and regional volume. MC=mutation carrier, NC= non-carrier. For details EYO by
region see supplement table S3. N=416.

Association of grey matter networks with other neuroimaging data and cognition
Established markers of Alzheimer disease showed significant relationships with the small
world coefficient used as a global network summary statistic. We examined crossmodal
relationships between baseline markers; over repeated measures; and whether baseline
values could predict further decline in the other marker. We found that higher Aβ
deposition load on PET was cross-sectionally related to a lower small world coefficient
(β±SE = -0.22±0.05, p=3x10-6, Figure 4). In a longitudinal design, faster amyloid
accumulation over time related to concurrent small world coefficient decline (β±SE = 0.33±0.06, p=1x10-7). Thirdly, a higher amyloid load at baseline predicted steeper decline
of the small world coefficient over time (β±SE = -0.07±0.01, p=4x10-8).
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Figure 4 Association of amyloid PET with grey matter Nntwork small world coefficient in
mutation carriers. For visualization purposes plotted extracted slopes with mixed model and line
fitted with simple regression line in ggplot in R. Models to obtain beta and p-values specified in
methods. GM network = grey matter network. Yellow circle = CDR 0 at baseline, Red triangle =
CDR>0 at baseline. Amyloid PET = precuneus SUVr, Cross-sectional N= 222, Longitudinal N= 120,
Predict change N= 131. For other grey matter network metrics see supplemental figure S2.

Grey matter network small world coefficient and the markers of Alzheimer disease
progression showed significant relationships, both cross-sectionally and longitudinally
(Figure 5). Specifically, a lower small world coefficient was cross-sectionally related to
lower FDG-PET metabolism in the meta-ROI (B±SE = 0.44±0.08, p=2x10-7), as well as
lower precuneus cortical thickness (β±SE = 0.50±0.06, p=2x10-15). For cognition, a lower
small world coefficient was cross-sectionally related to lower scores on the DIAN
cognitive composite (β±SE = 0.28±0.08, p=3 x10-4). In a longitudinal design, decline of
the small world coefficient over time related to concurrent decreases of FDG-PET
metabolism (β±SE = 0.54±0.06, p=5x10-14) and faster precuneus cortical thinning (β±SE =
0.55±0.06, p=1 x10-17). A declining small world coefficient over time was related to
concurrent decline on the cognitive composite (β±SE = 0.47±0.06, p=2x10-11). Thirdly, a
lower small world coefficient at baseline predicted faster neurodegeneration as measured
by FDG-PET metabolism (β±SE = 0.12±0.02, p=2x10-8) and precuneus cortical thinning
(β±SE = 0.10±0.01, p=4x10-12), and steeper cognitive decline over time (composite B±SE
= 0.08±0.02, p=2 x10-7). Associations for the exploration with other network properties
can be found in Sup. Figures S2-5.
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Figure 5 Associations of grey matter network small world coefficient with FDG-PET
metabolism, cortical thickness and cognition. For visualization purposes plotted extracted slopes
with mixed model and line fitted with simple regression line in ggplot in R. Models to obtain beta and
p-values specified in methods. Inversed small world coefficient to aid visualization, see also
supplemental table S4. Yellow circle = CDR 0 at baseline, Red triangle = CDR>0 at baseline. MRI
thickness = cortical thickness precuneus, FDG-PET = METAROI SUVr as described in methods.
DIAN composite: equally weighted z-score of Logical Memory Delayed Recall of the Wechsler
memory test, DIAN Word List Test (comparable to International Shopping List Test), Digit Symbol
Substitution Test and Mini Mental State Examination. Cross-sectional FDG-PET N=238 MR
thickness N= 260, Cognition N=251; Longitudinal: FDG-PET N= 129 MR thickness N=146 ,
Cognition N= 140;Predict change: FDG-PET N= 131 MR thickness N= 146, Cognition N= 143. For
other grey matter network metrics see supplemental figures S3-5.

We repeated the cross-modal analyses, this time solely including the mutation carriers
who were asymptomatic at baseline (see Sup. Table S4). In brief, most relationships,
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albeit attenuated, were also present in the asymptomatic mutation carriers only. The crosssectional relationships with the small world coefficient remained significant for FDG-PET
metabolism and precuneus cortical thickness. All longitudinal relationships indicating
concurrent changes between markers were significant. Of the third set of models, aimed at
predicting the change over time, two model did not converge (with amyloid PET and with
cognition). The baseline small world property still predicted decline of FDG-PET
metabolism.

Discussion
Using a single-subject approach, we found that structural grey matter network properties
deteriorated over the course of autosomal dominant Alzheimer disease and that movement
to a more random network topology closely correlated with cognitive decline. When
comparing mutation carriers to non-affected family members global network disruptions
were detected cross-sectionally as early as 12 years before expected symptom onset.
Longitudinally, increased rates of decline of network metrics were evident from 6 years
before expected symptom onset. In line with our hypotheses based on cross-sectional
studies in sporadic AD, a lower small worldness of the network was associated with
abnormalities and decline of established markers of Alzheimer disease. Thus, our grey
matter network analysis in this unique cohort of autosomal dominant Alzheimer disease
contributes to our understanding of the Alzheimer disease trajectory, and indicates that
our methods may potentially be a useful additional non-invasive tool for tracking disease
progression.
As Alzheimer disease progresses, there is substantial amyloid accumulation, volumetric
loss, hypometabolism, and cognitive decline, but how grey matter networks fit into these
processes remained unclear. Prior work in sporadic Alzheimer disease has shown that
grey matter networks might be sensitive to biological changes during the preclinical stages
of the disease (Ten Kate et al., 2018; Tijms et al., 2016; Voevodskaya et al., 2018). In the
current work, we observed similar alterations of grey matter network properties in
autosomal dominant Alzheimer disease as a function of estimated years to symptom onset.
The mostly consistent changes in network properties between sporadic and autosomal
dominant Alzheimer disease strengthens the hypothesis that grey matter network
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disruptions are one of the downstream effects of amyloid accumulation. Using amyloid
PET, we extended previous cross-sectional findings from studies in sporadic Alzheimer
disease (Ten Kate et al., 2018), by showing that higher baseline amyloid PET and higher
amyloid accumulation rates are related to faster decline of grey matter network properties
over time. Within asymptomatic mutation carriers only, the relationship between amyloid
and the small world coefficient were more subtle and did only reach significance when
studying concurrent changes of both markers, possibly due a decrease in power. The small
world summery measure was also related to sensitive markers of Alzheimer disease
neurodegeneration and cognitive decline, in cross-sectional and longitudinal design. For
these relationships, the sensitivity analyses in asymptomatic mutation carriers showed that
the small world coefficient already in early disease stages declined concurrently with
other Alzheimer disease markers. This suggested these processes occur, at least partly, in
parallel (Wang et al., 2019), and supports the notion that grey matter network decline is a
sign of progression of Alzheimer disease.
Previous studies in sporadic Alzheimer disease had suggested decline over time of grey
matter network integrity, as there was a decrease over disease stages cross-sectionally
(Tijms et al., 2013b; Voevodskaya et al., 2018; Yao et al., 2010). Here, we show that grey
matter network properties decline over time within individuals, and how decline rates start
to increase with disease severity. Differences between mutation carriers and non-carriers
in the rate of decline were generally detected later than cross-sectionally, which could
have occurred because cross-sectional estimates across individuals by EYO may
overestimate changes due to variance in the EYO measure (i.e., Some individuals at EYO
-12 are actually only 5 or 6 years from actual onset) (McDade et al., 2018). Another
potential cause of cross-sectional and longitudinal estimate differences include sample
sizes, with less individuals who had longitudinal data. Measurement variability over
repeated measures within individuals can also have contributed to later detection of
differences in the longitudinal design if these exceeded subtle rates of change. Longer
follow-up time per individual in larger visit numbers are necessary for increasingly
precise estimates of divergence in change over time.
Altering of network properties was not detected for every metric. This may be an
indication that these metrics pick up different aspects of neurodegeneration. The small
world measures (normalized clustering, and normalized path length and small world
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coefficient) showed early cross-sectional changes and seemed most sensitive to measure
change over time. This is in line with network theory and previous findings in Alzheimer
disease (Tijms et al., 2018), which indicated that brain networks tend to become more
similar to random networks over the disease course. The normalized network metrics
reflect how different a network is from random, which may be why these best capture
decline over time. Future studies are needed to confirm which network property would be
the most robust summary statistic to track longitudinal grey matter network integrity in
Alzheimer disease.
On a regional level, cross-sectional network property alterations were evident earliest in
the parietal regions, and then spread across the brain. Most brain regions showed a
difference first for path length, then for clustering and then for degree, except for the
temporal regions, in which earlier and more pronounced lowering of the clustering
coefficient was seen. Regional cross-sectional patterns showed early alterations for path
length and clustering in areas with most pathology in autosomal dominant Alzheimer
disease, including the precuneus. Regions of the default mode network also showed early
alterations. Compared to previous sporadic Alzheimer disease studies, we find more
widely affected connectivity, but the patterns are largely overlapping (Ten Kate et al.,
2018; Tijms et al., 2018; Verfaillie et al., 2018).
Compared to other structural grey matter imaging, the cross-sectional differences in the
most sensitive grey matter network metrics were detected earlier than cortical thickness
and volumetric measures. It was not part of this study to investigate whether grey matter
network integrity measures have the same or higher sensitivity to early alterations than
other structural MRI markers. Still, we adjusted for grey matter volume to assure
measuring value beyond simple volumes. The increased rates of change of network
properties were detected at a similar stage to the volumetrics, and later precuneus cortical
thinning in dominantly inherited Alzheimer disease, which is the earliest region of change
(Gordon et al., 2018; Kinnunen et al., 2018). The results merit application of grey matter
networks in future deeper investigations, for example using multimodal network
approaches with white matter and functional connectivity, to better understand the
substrate of cognitive decline. The observation that network disruptions increase over time
in a large multicenter study is relevant for clinical trials. As the method only requires
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standard T1 scans and the available pipeline for network calculation, a next step is to test
the approach retrospectively in clinical trial populations.
One of the strengths of the current study design is the use of a previously validated
method for grey matter network extraction. The unique traits of the DIAN cohort provided
the ability to map changes in grey matter networks across decades of disease time. It
should be noted that the estimates as a function of the expected symptom onset in
dominantly inherited Alzheimer disease are influenced by sample size. Still, this method
provides a way to detect and compare changes due to Alzheimer disease before symptom
onset, and combine different families. Additionally, the rich characterization of DIAN
participants provided the ability to relate observed changes in networks to other
neuroimaging markers of pathology as well as cognition. A potential limitation is that our
study included an average time period of 3 years in the longitudinal cohort, which may not
be enough time to reliably measure changes due to Alzheimer disease in its very early
stages. Yet, we show the longitudinal analysis of structural grey matter networks
alongside of the cross-sectional results, which to the best of our knowledge has not been
studied before and warrants further investigation of how grey matter network integrity
decreases over time in sporadic Alzheimer disease.

Conclusion
In conclusion, in autosomal dominant Alzheimer disease individual grey matter network
properties are robustly associated with Alzheimer disease severity and progression as
shown by the associations with EYO, amyloid accumulation, rate of neurodegeneration,
and cognitive decline. These data suggest that single-subject grey matter network integrity
measures obtained from structural MRI scans provide an additional, non-invasive tool for
understanding and measuring progression from preclinical to severe clinical stages of
Alzheimer disease. These grey matter network properties can reflect the asynchronous
start of brain pathology following Alzheimer disease-related cellular damage and
inflammatory processes, informing about changes in grey matter covariance (Verfaillie et
al., 2018).
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Supplementary Table S1. Summary data other modalities
Noncarriers
(N=170)
N observations per
participant

N observations in
longitudinal
analysis per
participant

Follow-up time

Amyloid PET scans,
1/2/3/4-7
FDG-PET scans, 1/2/3/47
Cognitive composite,
1/2/3/4-7
Amyloid PET scans,
mean±SD
FDG-PET scans,
mean±SD
Cognitive composite,
mean±SD
Amyloid PET scans,
years
FDG-PET scans, years

n/a

Asymptomatic
mutation
carriers
(N=174)
83/ 58/ 16/ 3

Symptomatic
mutation
carriers
(N=95)
31/ 28/ 11/ 6

n/a

88/ 54/ 21/ 3

28/ 33/ 11/ 9

n/a

76/ 61/ 27/ 5

33/ 22/ 12/ 16

n/a

2.3±0.7

2.6±1.0

n/a

2.4±0.7

2.6±1.0

n/a

2.4±0.7

3.0±1.2

n/a

3.3±1.4

2.2±1.4

n/a

3.3±1.4

2.2±1.3

Cognitive composite,
n/a
3.4±1.5
2.5±1.5
years
Baseline value
Amyloid PET precuneus, 1.2 ( 0.2)
2.0 (1.0)
3.5 (1.4)
SUVr
FDG-PET, DIAN
1.70 (0.13) 1.68 (0.16)
1.46 (0.23)
METAROI
Cognitive composite, z0.44 (0.50) 0.37 (0.50)
-0.83 (0.64)
score
Cortical thickness
4.8 (0.3)
4.8 (0.3)
4.2 (0.5)
precuneus
Total grey matter
622 (61)
627 (64)
567 (72)
volume*1000
Symptomatic by CDR >= 0.5. Mean (SD), unless otherwise specified. DIAN METAROI = Mean of 4
Desikan regions of Freesurfer: isthmus cingulate and inferior parietal, both left and right hemisphere.
DIAN composite: equally weighted z-score of Logical Memory Delayed Recall of the Wechsler
memory test, DIAN Word List Test (comparable to International Shopping List Test), Digit Symbol
Coding and Mini Mental State Examination over all measurements.
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Supplementary Table S2a. Divergence between carriers and non-carriers by estimated years to
symptom onset (EYO) cross-sectional, with sensitivity analysis for different models
EYO of divergence
Covaria
tes:
sex 0 =
male
- gm
volume
meancentere
d

Covariates:
- sex 0 =
female
- gm
volume
meancentered

Covariates:
- sex 0 = male
- gm volume meancentered
- average degree
mean-centered

No
covaria
tes.
with
family
term

No
covaria
tes. no
family
term

Covariat
es:
- sex 0 =
male
- gm
volume
meancentered
connecti
vity
density
meancentered

no diff

n/a

no diff

n/a

+1.0

n/a

-1.2

n/a

Cross-sectional
Size no diff
Average degree 0.0

Connectivity -5.6
-5.6
n/a
-5.8
n/a
Density
Average -7.5
-7.3
-8.6
-7.6
-7.7
clustering
Normalized -8.7
-8.5
-9.6
-7.7
-8.8
clustering
Average path no diff
no diff
n/a
-3.5
n/a
length
Normalized path -12
-11.9
-12.4
-8.8
-12.5
length
Small world -8.4
-8
-7.7
-7.5
-6.8
property
Output cross-sectional analysis 99% credible intervals of the difference line; gm volume = total grey
matter volume; gm volume and average degree were mean-centered; all models include a random
family intercept and in the longitudinal models also for subject intercept and slope.

211

Supplementary Material
Supplementary Table S2b. Divergence between carriers and non-carriers by estimated years to
symptom onset (EYO) longitudinal, with sensitivity analysis for different models
EYO of divergence
Covaria
tes:
sex 0 =
male
- gm
volume
meancentere
d

Covariates:
- sex 0 =
female
- gm
volume
meancentered

Covariates:
- sex 0 = male
- gm volume meancentered
- average degree
mean-centered

No
covaria
tes.
with
family
term

No
covaria
tes. no
family
term

Covariat
es:
- sex 0 =
male
- gm
volume
meancentered
connecti
vity
density
meancentered

Longitudinal
Size -6.0

-6.3

n/a

-6.1

-6.0

Average degree -4.4

-4.0

n/a

-3.4

-3.5

Connectivity no diff
no diff
n/a
no diff no diff
Density
Average -2.6
-3.3
no diff
-3.5
-2.8
clustering
Normalized -4.6
-4.4
-4.5
-4.7
-4.7
clustering
Average path +1.0
+0.9
-4.8
+1.1
+1.2
length
Normalized path -2.8
-3.0
-4.2
-2.4
-2.4
length
Small world -4.7
-4.7
-4.4
-4.3
-4.4
property
Output cross-sectional analysis 99% credible intervals of the difference line; gm volume = total grey
matter volume; gm volume and average degree were mean-centered; all models include a random
family intercept and in the longitudinal models also for subject intercept and slope.
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Supplementary Table S3. Regional point of divergence between carriers and non-carriers by
estimated years to symptom onset (EYO) cross-sectionally and longitudinal rate of change
Lobe
Region
Cross-sectionally
Longitudinal rate of change
Path
Degree Clustering
Degree Clustering Path length
length
F/P/T Insula
-4.7
-8.7
F
Caudal middle frontal
-6.8
-7.4
-1.1
F
Frontal pole
-0.8
F
Lateral orbitofrontal
-5.8
+4.7
+0.5
F
Medial orbito frontal
+1.7
+0.0
F
Para central
-3.8
-1.7
F
Pars opercularis
-4.0
-9.5
F
Pars orbitalis
-1.7
F
Pars triangularis
-4.3
-4.5
+0.4
F
Pre central
-4.2
-6.3
-4.2
F
Rostral middle frontal
-6.8
-9.7
-2.4
F
Superior frontal
-7.9
-4.6
F (C) Caudal anterior cingulate -1.4
F (C) Rostral anterior cingulate -1.8
-3.8
P
Inferior parietal
+0.4
-4.9
-6.9
-1.9
P
Post central
-7.4
-10.3
P
Precuneus
-7.9
-13.1
-2.3
P
Superior parietal
-3.8
-12.0
-1.7
P
Supramarginal
-3.3
-8.4
-1.0
P (C) Isthmus cingulate
+3.0
-4.0
-6.3
-3.0
P (C) Posterior cingulate
-5.2
-8.8
O
Cuneus
-7.4
-6
+0.5
O
Lateral occipital
+0.3
-7.6
-7.4
O
Lingual
+1.7
-6.7
-7.3
+3.5
O
Pericalcarine
-3.2
-5.0
-10.5
T
Banks superior temporal -7.0
-2.0
-7.2
0.9
T
Entorhinal
+1.8
-4.1
-4.7
T
Fusiform
-3.5
-6.1
-5.3
-4
-2.1
T
Inferior temporal
-3.1
-3.7
-4.7
-3.6
T
Middle temporal
-2.4
-6.4
-7.9
-0.7
T
Parahippocampal
-0.7
-4.0
-1.4
-6.2
T
Superior temporal
-10.0
-4.2
T
Temporal pole
-4.2
T
Transverse temporal
-2.9
-8.4
-1.1
Output cross-sectional analysis 99% credible intervals of the difference line; all models include a
random family intercept and in the longitudinal models also for subject intercept and slope. The
models for degree are adjusted for baseline grey matter volume, mean-centered, baseline regional
volume, mean-centered, and sex (0=male), and for clustering and path length also for baseline degree,
mean-centered. T=temporal lobe, P=parietal lobe, F=frontal lobe, C=cingulate, O=occipital. EYO =
estimated years to symptom onset.
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Supplementary Table S4. Associations between grey matter network small world property and other
imaging and clinical markers in mutation carriers
All mutation carriers Baseline
asymptomatic
mutation carriers
only
Model
Outcome
Predictor
Beta (SE)
p-value Beta (SE)
pvalue
Model 1 Crosssectional

Model 2
Longitudinal;
fixed effect
predictor

Model 3 Predict
change with
baseline value;
fixed effect
interaction
predictor over
time after
baseline

Small world
property

Amyloid PET

-0.22 (0.05) 3e-06 -0.11 (0.07) 0.11

FDG-PET

Small world property 0.44 (0.08)

2e-07 0.19 (0.10)

0.06

MR thickness

Small world property 0.50 (0.06)

2e-15 0.21 (0.07)

4e-03

Cognitive
composite

Small world property 0.28 (0.08)

3e-04 -0.04 (0.09) 0.65

Small world
property

Amyloid PET

FDG-PET

Small world property 0.54 (0.06)

5e-14 0.25 (0.09)

5e-03

MR thickness

Small world property 0.55 (0.06)

1e-17 0.31 (0.06)

1e-05

Cognitive
composite

Small world property 0.47 (0.06)

2e-11 0.20 (0.10)

0.04

Small world
property

Amyloid PET

FDG-PET

Small world property 0.12 (0.02)

2e-08 0.08 (0.03)

9-e-3

MR thickness

Small world property 0.10 (0.01)

4e-12 0.03 (0.02)

0.06

Cognitive
composite

Small world property 0.08 (0.02)

2e-07 0.04 (0.02)

0.04$

-0.33 (0.06) 1e-07 -0.30 (0.09) 2e-03

-0.07 (0.01) 4e-08 -0.03 (0.02) 0.07$

Linear models adjusted for baseline age, sex, total grey matter volume, and if possible family cluster.
Additionally, in model 2 random effect for subject intercept and subject predictor slope, and in model
3 subject intercept and slope after baseline, plus fixed effect time after baseline and interaction
between time and predictor. Amyloid PET = precuneus SUVr, MR thickness = cortical thickness
precuneus, FDG-PET = METAROI SUVr as described in methods. DIAN composite: equally
weighted z-score of Logical Memory Delayed Recall of the Wechsler memory test, DIAN Word List
Test (comparable to International Shopping List Test), Digit Symbol Coding and Mini Mental State
Examination. All predictor and outcome variables were scaled.
For the asymptomatic mutation carriers only (cross N=170; long N=93; $ = failed to converge)
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Supplementary Figure S1. Estimated rate of change for longitudinal grey matter networks
properties with estimated points of divergence of the rate of change between mutation carriers
and non-carriers The fitted lines are based on all data points extending to -38 to +20. Dotted line is
approximately placed on the estimated point of divergence between mutation carriers and non-carriers
– this is when the difference curve is different from 0 based on the 99% credible interval.
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Supplementary Figure S2. Raw data longitudinal grey matter networks. The graph was adapted to
avoid accidental unblinding of participants, including 1 outlier removed. Left of EYO 0 is before
expected symptom onset, and right of EYO 0 is after expected symptom onset. The EYO were first
jittered, and then the data points before -20 and after EYO +8 removed. Dotted line is approximately
placed on the estimated point of divergence of the rate of change (see previous Figure & Table S2)
between mutation carriers and non-carriers.
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Supplementary Figure S3. Cross-sectional grey matter network properties in non-carriers and 3
groups of mutation carriers N=439. Analysis with R-package ggpubr; p-values based on KruskalWallis and if significant post-hoc Wilcoxin with the Holm method correction shown for the
comparison of all groups to the late asymptomatic mutation carriers group. No covariates included.
Comparison shown with the asymptomatic mutation carriers with EYO between -15 and 0.
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Supplementary Figure S4. Extracted rates of change of grey matter network properties in noncarriers and 3 groups of mutation carriers N=237. Analysis with R-package lme4 & ggpubr;
Individual slopes extracted with mixed model. P-values based on Kruskal-Wallis and if significant,
post-hoc Wilcoxin with Holm method correction shown for the comparison of all groups to the late
asymptomatic mutation carriers group. No covariates included. Comparison shown with the
asymptomatic mutation carriers with EYO between -15 and 0. Models for Network size and Degree no
convergence.
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Supplementary Figure S5. Grey matter networks for mutation carriers with different mutation
types PSEN1/PSEN2/APP Analysis with R-package ggpubr; p-values based on Kruskal-Wallis and if
significant post-hoc Wilcoxin with the Holm method. No covariates included.
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Parameters in statistical models

1. EYO comparisons:
a. Cross-sectional
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
= 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝐸𝐸𝐸𝐸𝑂𝑂𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 + 𝛽𝛽2 ∗ 𝐸𝐸𝐸𝐸𝑂𝑂𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + 𝛽𝛽3
∗ 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
+ 𝛽𝛽4 ∗ 𝐸𝐸𝐸𝐸𝑂𝑂𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 ∗ 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝛽𝛽5
∗ 𝐸𝐸𝐸𝐸𝑂𝑂𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ∗ 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑢𝑢𝑢𝑢 + (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑦𝑦𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ) + 𝛽𝛽𝛽𝛽
∗ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

b. Longitudinal

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
= 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝐸𝐸𝐸𝐸𝑂𝑂𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 + 𝛽𝛽2 ∗ 𝐸𝐸𝐸𝐸𝑂𝑂𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + 𝛽𝛽3 ∗ 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
+ 𝛽𝛽4𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
+ 𝛽𝛽5 ∗ 𝐸𝐸𝐸𝐸𝑂𝑂𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 ∗ 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝛽𝛽6 ∗ 𝐸𝐸𝐸𝐸𝑂𝑂𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ∗ 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
+ 𝛽𝛽7 ∗ 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ∗ 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝛽𝛽8 ∗ 𝐸𝐸𝐸𝐸𝑂𝑂𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 ∗ 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ∗ 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
+ 𝛽𝛽9 ∗ 𝐸𝐸𝐸𝐸𝑂𝑂𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ∗ 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ∗ 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
+ (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑚𝑚 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 + 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 |𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼)
+ (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑦𝑦𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ) + 𝛽𝛽𝛽𝛽 ∗ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
2. Crossmodal comparisons mutation carriers only
a. Cross-sectional
𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑒𝑒𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏
= 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑟𝑟𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏
+ (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑦𝑦𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 )
b. Longitudinal

+ 𝛽𝛽𝛽𝛽 ∗ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 = 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 + 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼)
+ (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑦𝑦𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ) + 𝛽𝛽𝛽𝛽 ∗ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
c. Predict rate of change over time

𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 = 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑟𝑟𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 + 𝛽𝛽2 ∗ 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝛽𝛽3 ∗ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟𝑏𝑏𝑏𝑏𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ∗ 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
+ (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 + 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡|𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼)
+ (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖|𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑦𝑦𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ) + 𝛽𝛽𝛽𝛽 ∗ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
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Supplementary Figure S6 Comparisons PIB and other grey matter network in mutation carriers. Yellow circle = asymptomatic; red triangle =
symptomatic at baseline
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Supplementary Figure S7 Comparisons other grey matter network measures and FDG metabolism in mutation carriers. Yellow circle =
asymptomatic; red triangle = symptomatic at baseline

Supplementary Material

222

Supplementary Figure S8 Comparisons other grey matter network measures and cortical thickness in mutation carriers. Yellow circle =
asymptomatic; red triangle = symptomatic at baseline
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Supplementary Figure S9 Comparisons other grey matter network measures and cognition in mutation carriers. Yellow circle = asymptomatic; red
triangle = symptomatic at baseline
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Abstract
Biomarkers are needed to monitor disease progression in Alzheimer’s disease. Grey
matter network measures have such potential, as they are related to amyloid aggregation
in cognitively unimpaired individuals and to future cognitive decline in predementia
Alzheimer’s disease. Here, we investigated how grey matter network measures evolve
over time within individuals across the entire Alzheimer’s disease cognitive continuum
and whether such changes relate to concurrent decline in cognition. We included 190
cognitively unimpaired, amyloid normal (controls) and 523 individuals with abnormal
amyloid across the cognitive continuum (preclinical, prodromal, Alzheimer’s disease
dementia) from the Alzheimer’s Disease Neuroimaging Initiative and calculated singlesubject grey matter network measures (median of 5 networks per individual over 2 years).
We fitted linear mixed models to investigate how network measures changed over time
and whether such changes were associated with concurrent changes in memory, language,
attention/executive functioning and on the Mini-Mental State Examination. We further
assessed whether associations were modified by baseline disease stage. We found that
both cognitive functioning and network measures declined over time, with steeper rates of
decline in more advanced disease stages. In all cognitive stages, decline in network
measures was associated with concurrent decline on the Mini-Mental State Examination,
with stronger effects for individuals closer to Alzheimer’s disease dementia. Decline in
network measures was associated with concurrent cognitive decline in different cognitive
domains depending on disease stage: In controls, decline in networks were associated with
decline in memory and language functioning; preclinical Alzheimer’s disease showed
associations of decline in networks with memory and attention/executive functioning;
prodromal Alzheimer’s disease showed associations of decline in networks with cognitive
decline in all domains; Alzheimer’s disease dementia showed associations of decline in
networks with attention/executive functioning. Decline in grey matter network measures
over time accelerated for more advanced disease stages and was related to concurrent
cognitive decline across the entire Alzheimer’s disease cognitive continuum. These
associations were disease stage dependent for the different cognitive domains, which
reflected the respective cognitive stage. Our findings therefore suggest that grey matter
measures are helpful to track disease progression in Alzheimer’s disease.
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Introduction
Alzheimer’s disease is a neurodegenerative disorder that is characterized by a progressive
loss of cognitive functioning. The pathological cascade of Alzheimer’s disease starts with
the aggregation of amyloid beta up to 20 years before the onset of dementia (Bateman et
al., 2012; Jansen et al., 2015). Once amyloid reaches abnormal levels, however, its
absolute levels only show limited association with cognitive decline (Farrell et al., 2017;
Dubois et al., 2018). Measures of neurodegeneration, such as hippocampal atrophy, are
more strongly associated with cognitive decline and clinical progression (Fox et al., 1999;
Jack et al., 2000; Dickerson et al., 2009), but manifest relatively late in the disease process
(Bateman et al., 2012) and represent irreversible damage. Therapies targeted to treat
Alzheimer’s disease are probably most effective in the early stages of the disease, before
overt and irreversible atrophy. For development of such secondary prevention trials it is
important to precisely and timely measure disease progression. To this end, biological
substrates of cognitive dysfunction in early stages of the disease, when neurodegenerative
changes are still subtle, are needed.
Normal cognitive function requires communication between different brain areas through
their connections (i.e., brain connectivity). In Alzheimer’s disease, amyloid impairs
synaptic functioning (Walsh et al., 2002; Shankar et al., 2008; Koffie et al., 2009), which
may disrupt large-scale brain connectivity networks (Selkoe, 2002; Buckner et al., 2005;
Sperling et al., 2009; Palmqvist et al., 2017) and so early changes in brain connectivity
patterns may represent an early link between amyloid aggregation and later cognitive
decline in Alzheimer’s disease. Brain connectivity can be measured based on similarity in
grey matter (Mechelli et al., 2005; Tijms et al., 2012), which has been associated with
coordinated growth during development (Alexander-Bloch et al., 2013b), functional coactivation (Alexander-Bloch et al., 2013a) and axonal connectivity (Gong et al., 2012).
We and others have previously shown that grey matter connectivity is disrupted in
Alzheimer’s disease (He et al., 2008; Yao et al., 2010, Tijms et al., 2013a, b; Pereira et al.,
2016). In predementia stages, the level of grey matter network disruptions seems to lie in
between those for cognitively normal and Alzheimer’s disease dementia individuals (Yao
et al., 2010; Pereira et al., 2016). Worse network disruptions are related to more severe
cognitive impairment in Alzheimer’s disease dementia (Tijms et al., 2013a, 2014) and to
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the rate of future cognitive decline and clinical progression in predementia Alzheimer’s
disease (Dicks et al., 2018; Tijms et al., 2018; Verfaillie et al., 2018). Disruptions in grey
matter network measures have been shown to manifest already in cognitively normal
individuals with the aggregation of amyloid (Tijms et al., 2016; ten Kate et al., 2018) but
before overt atrophy (Voevodskaya et al., 2018), suggesting these measures detect subtle
structural changes in grey matter in the earliest stages of the disease due to amyloid
aggregation. It could be hypothesized that the ongoing neurodegenerative changes
throughout the disease might render the networks increasingly vulnerable, and thus
represent a close biological substrate for cognitive decline and disease progression in
Alzheimer’s disease. Because amyloid preferentially starts to aggregate in distinct regions
of the cortex (Villain et al., 2012; Villeneuve et al., 2015; Palmqvist et al., 2017) and
atrophy affects different regions of the brain (Whitwell et al., 2007; Dickerson et al.,
2009), changes in network measures might show a distinct temporo-spatial pattern
throughout the disease. While previous studies suggested that grey matter networks
change as the disease progresses, those results were based on cross-sectional comparisons,
and as such it remains unclear, how grey matter network measures evolve during the
course of the disease.
Therefore, the objectives of this study were to investigate how grey matter network
measures decline over time within individuals across the Alzheimer’s disease cognitive
continuum (i.e., cognitively unimpaired to dementia), how grey matter network measures
are influenced by additional tau pathology and whether these changes translate to decline
in specific cognitive domains within individuals.

Material and Methods
Participants
Data used in the preparation of this article were obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database (http://adni.loni.usc.edu). The ADNI was
launched in 2003 as a public-private partnership, led by Principal Investigator Michael W.
Weiner, MD. The primary goal of ADNI has been to test whether serial magnetic
resonance imaging (MRI), positron emission tomography (PET), other biological markers,
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and clinical and neuropsychological assessment can be combined to measure the
progression of mild cognitive impairment and early Alzheimer’s disease. ADNI was
approved by the institutional review board of all participating institutions and written
informed consent was obtained from all participants at each site.
We included all cognitively unimpaired, amyloid-normal individuals (controls; CN) and
individuals with Alzheimer’s disease across the cognitive continuum (preclinical,
prodromal, Alzheimer’s disease dementia) from ADNI, who had baseline amyloid
biomarkers (PiB, AV45 PET or amyloid β 1-42 CSF) and ≥0.9 years of MRI follow-up
available. A total of 713 individuals met inclusion criteria (190 CN, 100 preclinical, 288
prodromal, 135 Alzheimer’s disease dementia). Criteria for clinical diagnoses in ADNI
have been previously described (Petersen et al., 2010). Briefly, clinical diagnoses were
based on subjective memory complaints, the CDR, the MMSE and education-adjusted
cut-off values for the delayed recall of the Logical Memory II subscale of the Wechsler
Memory Scale-Revised. Dementia patients additionally had to fulfill clinical diagnostic
criteria for probable dementia according to the National Institute of Neurological and
Communicative Disorders and Stroke–Alzheimer's Disease and Related Disorders
Association criteria for probable Alzheimer’s disease (McKhann et al., 1984). Individuals
with abnormal amyloid diagnosed as ‘early’ or ‘late’ mild cognitive impairment in ADNI
were combined into the prodromal AD group.
Amyloid status at baseline was determined based on PiB or AV45 PET
(http://adni.loni.usc.edu/methods/pet-analysis/; Jagust et al., 2010, 2015), if available, and
otherwise based on amyloid β 1-42 CSF levels (Shaw et al., 2009). To determine amyloid
abnormality we used the recommended cut-offs of >1.5 standardized uptake value ratio
(SUVR) for PiB (n=4, 0.6% available), >1.1 SUVR for AV45 (n=476, 66.8% available)
(for both SUVRs the cerebellum was used as reference region; Jagust et al., 2010, 2015)
and <192 pg/ml for amyloid β 1-42 CSF levels (n=663, 93% available) (Shaw et al.,
2009).

MRI acquisition and preprocessing
We downloaded all available 3D T1-weighted scans with minimal preprocessing by
ADNI from the ADNI LONI Image & Data Archive (IDA) [date of last access:
29.03.2017]. Within individuals, scans were only included when they had the same field
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strength. Details of image acquisition and initial preprocessing by ADNI have been
previously described by Jack et al. (2008) (see also http://adni.loni.usc.edu/methods/mrianalysis/) and further image processing for this study are described in detail by Dicks et
al. (2019). Briefly, longitudinal scans within individuals were co-registered to a subjectspecific median template image (Reuter et al., 2012) and then segmented into grey matter
(GM), white matter and cerebrospinal fluid using SPM12. Using the subject-specific
inversed normalization parameters we warped the automated anatomical labelling atlas
(AAL; Tzourio-Mazoyer et al., 2002) from standard space to subject space. GM volumes
were calculated for each of the 90 regional cortical and subcortical AAL areas. Total
intracranial volume was computed as the sum of grey and white matter and cerebrospinal
fluid in cm3. A total of 3523 scans were of sufficient quality with a median number of 5
(IQR; 4-6) MRI scans per individual over a median follow-up of 2 (2-4) years. From all
individual GM segmentation we extracted single-subject grey matter networks using an
automated method that has been previously described
(https://github.com/bettytijms/Single_Subject_Grey_Matter_Networks; Tijms et al.,
2012).

Grey matter network measures
For each network reconstructed from each scan, we calculated the network size, degree,
connectivity density, clustering coefficient, path length and small-world measures (i.e.,
gamma, lambda) (for an overview of the measures see Rubinov and Sporns, 2010). The
network size corresponds to the number of nodes in the network and the degree indicates
the average number of connections per node. Connectivity density is the ratio of the
number of existing connections to the number of connections possible in the network. The
clustering coefficient is the proportion of connected nodes that are also interconnected.
Path length measures the average number of connections along the shortest path between
every pair of nodes in the network. We further computed small-world measures in order to
investigate how the network topology deviated from randomly generated networks: We
used the corresponding values of 5 randomized networks with preserved degree
distribution (Maslov and Sneppen, 2002) to calculate normalized values of the clustering
coefficient (gamma) and path length (lambda). Local values of the degree, clustering and
path length were computed by averaging the values over the corresponding nodes of each
AAL area and global values were computed by averaging the values for all nodes over the
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entire network. For all network measures, we used the functions of the Brain Connectivity
Toolbox adjusted for large-sized networks (https://sites.google.com/site/bctnet/; Rubinov
and Sporns, 2010).

Neuropsychological assessments
We used the immediate and delayed recall subtests of the Rey Auditory Verbal Learning
Test (RAVLT) (Rey, 1964), category fluency (animals), the trail making test (TMT)
(Reitan, 1958) part A, TMT B and the MMSE (Folstein et al., 1975) available in ADNI as
measures for memory, language, attention/executive functioning and disease severity,
respectively. For analyses investigating whether changes in network measures were
associated with concurrent cognitive decline over time within individuals we included
only those individuals from our total sample who had ≥0.9 years of follow-up of both the
respective neuropsychological assessment and MRI scans available. A total of 3049
assessments were available for the RAVLT, 3081 assessments for category fluency, 2935
assessments for the TMT and 3092 assessments for the MMSE. For all
neuropsychological tests, the median number of assessments per individual was 4 (IQR;
3-5) over a median follow-up time of 2 (2-4) years.

Statistical analysis
Differences in baseline characteristics between diagnostic groups were assessed with oneway ANOVA, Kruskall-Wallis or chi-squared tests, where appropriate. If significant
differences were found we performed post-hoc comparisons with Tukey’s or Dunn’s tests
adjusted for multiple comparisons with the Hochberg procedure.
We fitted two sets of Bayesian linear mixed models with subject-specific intercepts and
slopes with the package ‘rstanarm’ (Goodrich et al., 2020): we first assessed how network
measures changed over time (model 1) and then investigated whether changes in network
measures were associated with concurrent change in cognition within individuals (model
2). For model 1, follow-up time in years was entered as predictor and longitudinal
network measures (NM) were included as outcome.
𝑁𝑁𝑁𝑁 = 𝛽𝛽𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + 𝛽𝛽𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + (1 + 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇|𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)

We repeated model 1 for local network measures for each of the 90 AAL areas, correcting
for longitudinal local grey matter volume.
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For model 2, longitudinal network measure was entered as predictor and longitudinal
cognitive test score was entered as outcome.
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝛽𝛽𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 + 𝛽𝛽𝑁𝑁𝑁𝑁 𝑁𝑁𝑁𝑁 + (1 + 𝑁𝑁𝑁𝑁|𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)

Both sets of models additionally included baseline diagnosis (i.e., CN, preclinical,
prodromal, Alzheimer’s disease dementia) as a main term and an interaction effect with
the predictor in order to investigate whether changes in network measures over time or
associations with cognition depended on the baseline disease stage and in this way also
approximated non-linear changes during the disease course. All analyses were corrected
for age at baseline, sex, field strength and baseline total grey matter volume. Baseline total
grey matter volume was excluded for network size and degree due to the high correlation
between these measures. For associations with concurrent decline in cognition (model 2)
we additionally corrected for educational level. All network measures and
neuropsychological test scores were standardized to the mean values of CN group at
baseline. Estimated marginal means and trends, and group differences between baseline
disease stages were estimated with the emmeans package (Russell Lenth, 2018).
All models except for network size and degree were run using eight independent chains
with 10000 iterations after 5000 initial warm-up samples. The final posterior sample
consisted of 4000 draws. In models for network size and degree we increased iterations to
15000 with 7500 warm-up samples because not all iterations initially converged as
indicated by the Gelman and Rubin potential scale reduction factor R̂ (Gelman and Rubin,
1992; Andrew Gelman and Kenneth Shirley, 2011). For all models, we used a Cauchy
distribution as prior for the intercept and each fixed effect. Effects were considered
statistically significant if the 95% credible interval (95% CI) of the posterior distribution
did not overlap zero.
In order to assess whether additional tau pathology influences grey matter network
measures in Alzheimer’s disease individuals, we fitted two sets of linear mixed models
with subject-specific random intercepts and slopes with the package ‘lme4’. For the first
set of models we used continuous baseline CSF total tau levels, follow-up time in years
and their interaction (i.e., baseline CSF total tau levels × follow-up time in years) as
predictor and longitudinal network measures as outcome. For the second set of models we
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used dichotomized baseline CSF total tau (i.e., normal/abnormal), follow-up time in years
and their interaction (i.e., baseline CSF total tau status × follow-up time in years) as
predictor and longitudinal network measures as outcome. Both sets of models were
repeated for each Alzheimer’s disease diagnostic group and were adjusted for age, sex,
field strength, and total grey matter volume.
All statistical analyses were performed in R (version 3.4.4, 2018-03-15) and Surf Ice
(version 2017-08-08) was used to visualize regional results.

Results
The total sample included 713 individuals: 190 CN, 100 preclinical, 288 prodromal and
135 Alzheimer’s disease dementia individuals (Table 1). The preclinical Alzheimer’s
disease group included more females than the prodromal Alzheimer’s disease group and
individuals with preclinical Alzheimer’s disease were older than CN or prodromal
Alzheimer’s disease individuals (p<.05). CN showed higher years of education than
individuals with prodromal Alzheimer’s disease or Alzheimer’s disease dementia (p<.05).
CSF amyloid beta 1-42 levels and grey matter volumes were lowest and CSF total tau
levels highest for Alzheimer’s disease dementia individuals followed by prodromal
Alzheimer’s disease, preclinical Alzheimer’s disease and CN individuals (p<.05).
Alzheimer’s disease dementia individuals had the shortest follow-up time with the fewest
MRI scans available and CN and preclinical Alzheimer’s disease individuals additionally
had fewer MRI scans than individuals with prodromal Alzheimer’s disease available
(p<.05).
Longitudinal changes in cognitive performance over time by baseline disease stage are
shown in Fig. 1 (see also Supplementary Fig. 1 for cross-sectional and longitudinal group
estimates and differences). As expected, CN individuals and individuals with preclinical
Alzheimer’s disease showed the least impairment in cognition at baseline and the slowest
cognitive decline, followed by prodromal Alzheimer’s disease and then Alzheimer’s
disease dementia in all neuropsychological tests. Across neuropsychological tests, decline
was most pronounced for the MMSE and attention/executive functioning in individuals
with Alzheimer’s disease dementia.
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Table 1. Demographic and clinical characteristics of the included sample and by baseline disease stage.
Total
CN
Preclinical AD
Prodromal AD
(n=713)
(n=190)
(n=100)
(n=288)
Female
342 (48%)
90 (47%)
64 (64%)
124 (43%) b
Age in years
73.5 (6.65)
72.55 (5.95) b
75.44 (5.57)
73.19 (6.91) b
Education in years
16 (14-18)
16 (15-18)
16 (14-18)
16 (14-18) a
Progression to MCI
40 (6%)
21 (11%)
19 (19%)
n.a.
Progression to dementia
159 (22%)
5 (3%)
7 (7%)
147 (51%)
APOE4 allele (0/≥1)
328 (46%) /
151 (79%) /
53 (53%) /
96 (33%) /
b,c,d
c,d
385 (54%)
39 (21%)
47 (47%)
192 (67%) d
*PiB PET SUVR
1.88 (0.27)
n.a.
n.a.
1.88 (0.33)
*Abnormal PiB PET >1.5 SUVR
4 (100%)
n.a.
n.a.
3 (100%)
†
b,c,d
d
AV45 PET SUVR
1.28 (0.22)
1.02 (0.05)
1.34 (0.18)
1.38 (0.16) d
†
Abnormal AV45 PET >1.11 SUVR
333 (70%)
0 (0%)
70 (100%)
189 (100%)
‡
a
CSF Aβ 1-42 in pg/ml
163.01 (50.41)
229.86 (38.22)
153.33 (35.36)
139.95 (27.17) a,b
‡
Abnormal Aβ 1-42 <192 pg/ml
497 (75%)
29 (17%) b,c,d
81 (87%) c,d
263 (96%) d
‡
b,c,d
c,d
CSF total tau in pg/ml
96.93 (54.03)
58.99 (23.83)
77.71 (36.49)
110.47 (52.7) d
‡
Abnormal tau >93 pg/ml
291 (44%)
19 (11%) b,c,d
27 (29%) c,d
153 (56%) d
Follow up time in years
2 (2-4)
2.2 (2-4)
2.1 (2-4)
3 (2-4)
c
c
Number of MRI scans
5 (4-6)
5 (4-6)
5 (3.2-6)
5 (4-6)
Field strength (3T)
2303 (69%)
666 (77%)
315 (73%)
997 (67%)
Total intracranial volume in cm3
1452.91 (146.18) 1455.99 (140.97) 1435.76 (140.14) 1463.19 (145.29)
Grey matter volume in cm3
592.38 (71.79)
618.61 (59.66)
597.74 (66.4)
593.53 (71.32) a
Normalized grey matter volume in cm3 408.86 (41.38)
426.29 (34.69)
417.47 (36.81)
406.75 (40.97) a
3
a
Hippocampal volume in cm
7.86 (1.44)
8.78 (1.03)
8.36 (0.96)
7.71 (1.3) a,b
Data are presented as N (%), mean (SD) or median (Q1-Q3), where appropriate.
a
higher for CN; b higher for preclinical AD; c higher for prodromal AD; d higher for AD dementia.
* available for n=4; † available for n=476; ‡ available for n=663
n.a., not applicable; AD, Alzheimer’s disease.
AD dementia
(n=135)
64 (47%)
74.08 (7.43)
16 (13-18) a
n.a.
n.a.
28 (21%) /
107 (79%)
1.89 (n.a.)
1 (100%)
1.45 (0.16)
74 (100%)
129.23 (21.33) a,b,c
124 (100%)
133.63 (60.79)
92 (74%)
1.5 (1-2) a,b,c
4 (4-4) a,b,c
325 (59%) a
1439.36 (158.58)
549.01 (72.93) a,b,c
382.45 (40.06) a,b,c
6.54 (1.42) a,b,c

Results
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Figure 1. Longitudinal changes in neuropsychological test scores over time by baseline disease
stage. Changes in MMSE, RAVLT immediate and delayed recall (a) and changes in TMT A, B and
category fluency performance (b). Regression lines are based on estimated marginal means (intercept)
and trends (slope) per baseline disease stage as modelled with Bayesian linear mixed models. The
shaded area represents 95% credible intervals. Note that scores for TMT were inverted, so that lower
scores indicate worse performance. Intercept and slope estimates can additionally be found in
Supplementary Fig. 1.
AD, Alzheimer’s disease.
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Cross-sectional differences and within-individual changes in grey matter network
measures
At baseline, individuals with Alzheimer’s disease dementia showed lower network size
compared to prodromal Alzheimer’s disease (Fig. 2 and Fig. 3a). Alzheimer’s disease
dementia individuals showed the lowest path length values compared to all other groups.
For gamma and lambda, baseline values were highest for CN individuals, followed by
preclinical and prodromal Alzheimer’s disease, and then Alzheimer’s disease dementia.
Cross-sectional results of local network measures largely reflected those for global
network measures (see Supplementary Fig. 2).
Over time, all network measures, except connectivity density, significantly declined
within individuals of all groups, with fastest decline in gamma and lambda, followed by
clustering, then path length and finally basic network measures (i.e., size, degree,
connectivity density; see Fig. 2, Fig. 3b, and Supplementary Fig. 3 for individual-specific
line plots). The rate of decline in network measures depended on individuals’ cognitive
stage, with decline in network measures generally accelerating with advancing disease
stages: Network size and degree declined similarly in CN and preclinical Alzheimer’s
disease individuals, and then accelerated significantly in prodromal Alzheimer’s disease
and Alzheimer’s disease dementia individuals, indicating acceleration in later disease
stages in these measures. Connectivity density declined only in individuals with
preclinical and prodromal Alzheimer’s disease, but showed similar rates of decline.
Decline in clustering and gamma was slowest in CN individuals, slightly accelerated for
preclinical Alzheimer’s disease and significantly accelerated in prodromal and dementia
stages, suggesting an accelerating decline early in the disease process. Additionally,
decline in gamma was significantly faster in Alzheimer’s disease dementia than
prodromal Alzheimer’s disease, suggesting increasingly faster rates of decline in gamma
values throughout the course of the disease. Decline in path length and lambda values was
similar for CN and preclinical Alzheimer’s disease individuals and then declined
significantly faster for prodromal Alzheimer’s disease and Alzheimer’s disease dementia
individuals, indicating an acceleration of decline in later disease stages.
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When we repeated analyses correcting for longitudinal whole-brain grey matter volume,
effects were attenuated, with only those in prodromal Alzheimer’s disease remaining
significant (Supplementary Fig. 4 and Supplementary Fig. 5).

239

Results

Figure 2. Longitudinal changes in global network measures over time by baseline disease stage.
Changes in network size, degree and connectivity density (a) and changes in clustering, path length,
gamma and lambda values (b). Regression lines are based on estimated marginal means (intercept) and
trends (slope) per baseline disease stage as modelled with Bayesian linear mixed models. The shaded
area represents 95% credible intervals. Intercept and slope estimates can additionally be found in Fig.
3.
AD, Alzheimer’s disease.
Gamma is normalized clustering; lambda is normalized path length.
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Figure 3a. Cross-sectional effects in global network measures by baseline disease stage. Crosssectional effects are based on estimated marginal means and trends, respectively, as modelled with
Bayesian linear mixed models. The error bars represent 95% credible intervals. Effects were
considered significant if the 95% credible interval did not cross zero. Group differences were
considered significant if the 95% credible interval of the pairwise group comparison did not cross zero
and effects for the respective groups were significant.
a
significantly different to CN; b significantly different to preclinical AD; c significantly different to
prodromal AD.
AD, Alzheimer’s disease.
Gamma is normalized clustering; lambda is normalized path length.
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Figure 3b. Longitudinal effects in global network measures by baseline disease stage.
Longitudinal effects are based on estimated marginal means and trends, respectively, as modelled with
Bayesian linear mixed models. The error bars represent 95% credible intervals. Effects were
considered significant if the 95% credible interval did not cross zero. Group differences were
considered significant if the 95% credible interval of the pairwise group comparison did not cross zero
and effects for the respective groups were significant.
a
significantly different to CN; b significantly different to preclinical AD; c significantly different to
prodromal AD.
AD, Alzheimer’s disease.
Gamma is normalized clustering; lambda is normalized path length.
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On a regional level, correcting for concurrent local atrophy, (Fig. 4), the local degree most
consistently declined, with the decline manifesting in the temporal lobes in CN
individuals, additionally including most prominently the cingulate cortices in preclinical
Alzheimer’s disease individuals and then further affecting more frontal areas in
individuals with prodromal Alzheimer’s disease. At the same time, the local degree in
mostly parietal regions increased in all three groups. For Alzheimer’s disease dementia
individuals, we further found almost exclusively increases over time in the local degree,
particularly in the bilateral hippocampi. For the local clustering coefficient, we found
mostly decline over time, with relatively little decline manifesting in CN individuals
mostly restricted to parietal regions, and increasingly widespread effects in preclinical and
prodromal Alzheimer’s disease individuals. For Alzheimer’s disease dementia individuals,
decline in local clustering values was steeper compared to the other groups, and restricted
to mostly fronto-parietal regions. For the local path length, similar to the other network
measures, decline manifested in few regions in CN individuals, including the left
precuneus and superior frontal gyrus, and became increasingly widespread in preclinical
and then prodromal Alzheimer’s disease. Additionally, we found an increase in path
length values over time, most consistently in the right parahippocampal gyrus in CN and
prodromal Alzheimer’s disease individuals, but not in individuals with preclinical
Alzheimer’s disease or Alzheimer’s disease dementia. For Alzheimer’s disease dementia,
similarly to the local clustering coefficient, the decline in path length values that was
observed was steeper, but restricted to fewer regions, partly reflecting those regions that
showed increasing values of the local degree in the same group of individuals.
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Figure 4. Surface plots of longitudinal effects in regional network measures by baseline disease stage. Longitudinal changes in local degree (a), local
clustering (b) and local path length (c) are based on estimated marginal trends as modelled with Bayesian linear mixed models. Effects were considered
significant if the 95% credible interval did not cross zero. Group differences were considered significant if the 95% credible interval of the pairwise group
comparison did not cross zero and effects for the respective groups were significant. For group comparisons, negative values indicate faster decline in e.g. AD
dementia as compared to prodromal AD and positive values indicate less steep decline. Subcortical structures are plotted in ventricular areas as approximation.
L, left hemisphere; R, right hemisphere. *Faster decline of clustering in left pallidum for AD dementia as compared to prodromal AD.
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We additionally investigated whether grey matter network disruptions in individuals with
Alzheimer’s disease were associated with tau pathology (Supplementary Tables 1-3).
Cross-sectionally, higher baseline levels of total tau were associated with lower baseline
network size and degree in prodromal Alzheimer’s disease and lower baseline degree,
connectivity density and clustering in Alzheimer’s disease dementia. Longitudinally,
higher baseline tau was associated with faster decline in lambda in preclinical Alzheimer’s
disease and faster decline in degree and clustering values in prodromal Alzheimer’s
disease. For Alzheimer’s disease dementia, lower baseline tau was associated with faster
decline in lambda values. When we repeated analyses for Alzheimer’s disease dementia
excluding one individual with noticeably low tau and fast decline in lambda (see
Supplementary Fig. 6), the association between tau and lambda was greatly reduced and
no longer significant (β±SE=0.001±0.0005; p=0.07).
Using tau status (normal/abnormal) as predictor instead of continuous values, we observed
similar results for individuals with preclinical Alzheimer’s disease (see Supplementary
Tables 4-7): preclinical Alzheimer’s disease individuals with abnormal tau showed steeper
rates of decline in path length and lambda compared to preclinical Alzheimer’s disease
individuals with normal tau levels. Together, these results suggest that additional tau
pathology accelerates the decline in network measures particularly in the predementia
stages of the disease.

Associations of within-individual change in network measures and concurrent
cognitive decline
We further investigated whether decline in network measures was related to concurrent
decline in cognition within individuals. We found several associations between changes in
network measures and cognitive decline over time within individuals of all groups, with
decline in network measures, most prominently gamma and lambda, being related to
concurrent decline in distinct cognitive domains depending on disease stage (Fig. 5): In
CN individuals, decline in network measures was associated with concurrent decline in
memory (RAVLT immediate: network size, clustering; RAVLT delayed: connectivity
density, clustering and gamma), language (category fluency: clustering and gamma) and
MMSE (gamma). For preclinical Alzheimer’s disease, the association between decline in
network measures and concurrent memory decline was slightly stronger compared to CN
(RAVLT immediate and delayed: path length, gamma and lambda), and we observed
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associations of decline in network measures and decline in attention/executive functioning
(TMT B: gamma, lambda) and decline in network measures was additionally related to
decline in language functioning (path length, lambda) and the MMSE (gamma, lambda).
In prodromal Alzheimer’s disease, these associations were generally stronger than for
preclinical Alzheimer’s disease, with decline in all network measures and most
prominently gamma and lambda, showing associations with concurrent decline in all
cognitive domains. In Alzheimer’s disease dementia, we found fewer associations
between decline in network measures and decline in memory functioning (RAVLT
immediate: network size, clustering, gamma and lambda), while decline in most network
measures (except for the path length) was associated with decline in attention/executive
functioning and all network measures were related to decline on the MMSE. Additionally,
decline in network measures (network size, clustering, path length, gamma and lambda)
was associated with decline in language functioning in Alzheimer’s disease dementia
individuals.
When repeating analyses additionally accounting for the effect of whole-brain grey matter
or hippocampal volume changes, effects for path length and lambda on decline in memory
tests remained in preclinical Alzheimer’s disease, and for prodromal and Alzheimer’s
disease dementia effects were attenuated but remained significant (Supplementary Fig. 7
and Supplementary Fig. 8), indicating that these measures explain variance in cognitive
decline in addition to grey matter atrophy and hippocampal atrophy.
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Figure 5a. Within-individual associations of declines in global network measures and cognition
in CN. Effects of network measures on cognitive decline in CN are based on estimated marginal
trends as modelled with Bayesian linear mixed models. The error bars represent 95% credible
intervals. Effects were considered significant if the 95% credible interval did not cross zero. Group
differences were considered significant if the 95% credible interval of the pairwise group comparison
did not cross zero and effects for the respective groups were significant.
a
significantly different to CN; b significantly different to preclinical AD; c significantly different to
prodromal AD.
AD, Alzheimer’s disease.
Gamma is normalized clustering; lambda is normalized path length.
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Figure 5b. Within-individual associations of declines in global network measures and cognition
in preclinical Alzheimer’s disease. Effects of network measures on cognitive decline in preclinical
Alzheimer’s disease are based on estimated marginal trends as modelled with Bayesian linear mixed
models. The error bars represent 95% credible intervals. Effects were considered significant if the 95%
credible interval did not cross zero. Group differences were considered significant if the 95% credible
interval of the pairwise group comparison did not cross zero and effects for the respective groups were
significant.
a
significantly different to CN; b significantly different to preclinical AD; c significantly different to
prodromal AD.
AD, Alzheimer’s disease.
Gamma is normalized clustering; lambda is normalized path length.
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Figure 5c. Within-individual associations of declines in global network measures and cognition
in prodromal Alzheimer’s disease. Effects of network measures on cognitive decline in prodromal
Alzheimer’s disease are based on estimated marginal trends as modelled with Bayesian linear mixed
models. The error bars represent 95% credible intervals. Effects were considered significant if the 95%
credible interval did not cross zero. Group differences were considered significant if the 95% credible
interval of the pairwise group comparison did not cross zero and effects for the respective groups were
significant.
a
significantly different to CN; b significantly different to preclinical AD; c significantly different to
prodromal AD.
AD, Alzheimer’s disease.
Gamma is normalized clustering; lambda is normalized path length.
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Figure 5d. Within-individual associations of declines in global network measures and cognition
in Alzheimer’s disease dementia. Effects of network measures on cognitive decline in Alzheimer’s
disease dementia are based on estimated marginal trends as modelled with Bayesian linear mixed
models. The error bars represent 95% credible intervals. Effects were considered significant if the 95%
credible interval did not cross zero. Group differences were considered significant if the 95% credible
interval of the pairwise group comparison did not cross zero and effects for the respective groups were
significant.
a
significantly different to CN; b significantly different to preclinical AD; c significantly different to
prodromal AD.
AD, Alzheimer’s disease.
Gamma is normalized clustering; lambda is normalized path length.
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Discussion
Our main finding is that grey matter network measures, particularly gamma and lambda,
declined over time across the Alzheimer’s disease clinical continuum, with disruptions
accelerating for more advanced disease stages. Importantly, changes in these network
measures were associated with concurrent decline in specific cognitive domains, which
reflected the respective cognitive stage. These findings suggest that grey matter network
measures are useful to track disease progression across the Alzheimer’s disease cognitive
continuum.
Previous studies using cross-sectional approaches reported disruptions in grey matter
network measures across the clinical spectrum of Alzheimer’s disease: starting in the
earliest stages of Alzheimer’s disease, when cognition was still intact and amyloid started
aggregating (Tijms et al., 2016; ten Kate et al., 2018; Voevodskaya et al., 2018), showing
intermediate disruptions for prodromal Alzheimer’s disease as compared to CN and
Alzheimer’s disease dementia individuals (Yao et al., 2010; Pereira et al., 2016) and being
associated with the rate of future cognitive decline in preclinical (Verfaillie et al., 2018)
and prodromal Alzheimer’s disease (Dicks et al., 2018), and with cognitive impairment in
the dementia stage (Tijms et al., 2013a, 2014). Here, using a longitudinal approach, we
extend on those results by showing in a longitudinal design that within individuals the rate
of decline in grey matter network measures accelerates as the disease progresses and that
those changes are associated with decline in cognition throughout the Alzheimer’s disease
cognitive continuum.
Network measures, most notably gamma and lambda, declined in all groups with decline
accelerating in individuals in more advanced stages of the disease. For preclinical
Alzheimer’s disease, baseline clustering and especially gamma and lambda values were
already lower than in CN individuals, suggesting that grey matter network disruptions
manifest in the earliest stage of Alzheimer’s disease. Additionally, decline in clustering
and gamma values over time was slightly faster in preclinical Alzheimer’s disease than for
CN individuals. Lower clustering values have previously been related to lower CSF
amyloid levels (Tijms et al., 2016) and higher amyloid PET SUVR (ten Kate et al., 2018)
mostly within the normal range in cognitively normal individuals. Presumably, early
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synaptic dysfunction due to amyloid aggregation renders grey matter morphology more
dissimilar at a regional level, resulting in lower clustering and gamma values already in
the preclinical stage. We further observed that decline in network measures was
accelerated with higher tau levels in the preclinical and prodromal Alzheimer’s disease
stage. This suggests that high levels of tau may exacerbate the disruption of grey matter
networks in the predementia stages of the disease. Future studies should further
investigate the association between network measures and tau with e.g. tau PET.
In line with the results for global network measures, local associations showed that
already in the preclinical stage clustering values were lower compared to CN mostly in the
temporal lobes. Over time, clustering values declined in widespread regions, which
extended to frontal and parietal areas. Potentially, local early neurodegenerative changes
may cause large-scale disruptions network-wide, presumably due to lack of stimulation
and/or neurotrophic factors from connecting regions (Salehi et al., 2006; Seeley et al.,
2009). Additionally, while local path length values showed a similar widespread
anatomical pattern of decline, this decline was observed for spatially separate regions
from those of clustering, which suggests that clustering and path length may capture
distinct aspects of ongoing neurodegenerative processes. In preclinical Alzheimer’s
disease individuals, decline in network measures, most prominently gamma and lambda,
was furthermore associated with concurrent decline on the MMSE and in memory
functioning, which is in line with the observation that memory functioning is the first
cognitive domain to be affected in (typical) Alzheimer’s disease (Scheltens et al., 2016).
A practical implication of these findings is that network measures, and especially gamma,
might be used to monitor disease worsening from the earliest stages of Alzheimer’s
disease, which is important for the development of new therapies in clinical trials.
For prodromal Alzheimer’s disease and Alzheimer’s disease dementia, baseline network
measures were more decreased and decline in network measures markedly accelerated,
suggesting that as neuronal damage becomes more widespread in later stages of disease,
networks become increasingly random, as indicated by a rapid decline in small-world
values, in line with previous cross-sectional studies in Alzheimer’s disease (He et al.,
2008; Yao et al., 2010, Tijms et al., 2013a, b; Pereira et al., 2016). In these individuals,
local network measures at baseline were mostly decreased compared to preclinical
Alzheimer’s disease, and for prodromal Alzheimer’s disease showed widespread and
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slightly steeper annual decline, particular for local clustering values. Unexpectedly, we
observed for individuals with Alzheimer’s disease dementia an increase in local degree,
concerning mostly parietal and medial temporal regions that overlapped with a decline in
local path length values. Possibly, this increase indicates that neurodegeneration starts to
affect almost the entire cortex in the dementia stage of Alzheimer’s disease, which leads
to increased similarity between brain areas due to atrophy and causes an increase in
random connections in grey matter networks as suggested by the concurrent decline in
normalized path length.
In individuals with prodromal Alzheimer’s disease, decline in all network measures was
associated with concurrent decline in all cognitive tests and showed the strongest effects
across all groups. This finding may indicate how continuing neuronal loss, as reflected by
the disruption in network measures, gives rise to the cognitive dysfunction as seen in
Alzheimer’s disease, particularly in the prodromal stage. In Alzheimer’s disease dementia
individuals these associations were again reduced for most cognitive tests, possibly
reflecting floor effects in cognitive and neurodegenerative decline in the dementia stage of
the disease. However, associations with decline on non-memory domains and global
cognition became stronger in this group, suggesting that network measures might still
have use to monitor disease severity in this stage and might thus aid in the development of
tertiary prevention trials.
Network measures also declined in CN individuals, who had normal amyloid levels based
on PET, and these changes were associated with concurrent decline in memory, language
functioning and on the MMSE. This suggests that with normal aging, networks also
become more randomly organized, albeit at much slower rates than in Alzheimer’s
disease, and that these changes are associated with decline in cognition during normal
ageing. Alternatively, subthreshold effects of abnormal amyloid in CSF may explain at
least some of the decline in network measures we observed in CN individuals. Additional
post-hoc analyses showed that indeed individuals with lower, but still mostly normal CSF
amyloid levels already showed decline in degree (Supplementary Tables 8 and 9).
However, longer follow-up is necessary to determine how many individuals developed
abnormal amyloid, and whether their network organization further declines to resemble
those in the preclinical stage. Previous cross-sectional studies on normal aging have
reported both reorganization of brain networks towards a more regular (i.e. high
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clustering, high path length) and towards a more random (i.e., low clustering, low path
length) topology (Chen et al., 2011; Wu et al., 2012, 2013; Zhu et al., 2012; Carey et al.,
2019). Cross-sectional studies only capture a moment in time of a sample of individuals,
and cohort effects might explain the conflicting results previously reported. Here, using a
longitudinal approach, our results of declining gamma and lambda values in CN support
the finding of brain networks reorganizing towards a more random topology in older age.
Additional post-hoc analyses showed that while older individuals had lower baseline
network measures, the rate of decline in network measures was not associated with age
(Supplementary Table 10), suggesting that network measures decline linearly with
advancing age. Future studies should further aim to clarify how network measures change
within ‘healthy’ individuals across a wider lifespan. Our finding of associations between
network measures and concurrent changes in cognition in cognitively unimpaired normal
older individuals also supports the idea that network measures may provide a biological
substrate for cognitive dysfunction during normal ageing.
A potential limitation is that we modeled changes in network measures over disease
advancement using follow-up time as predictor, which may not adequately capture where
individuals are in their own disease trajectory (Bateman et al., 2012; Insel et al., 2017;
Vogel et al., 2018), and as such slope estimates based on time may be overestimated
(Dicks et al., 2019). Still, modeling concurrent changes in grey matter network measures
and cognitive dysfunction, we showed that network measures are closely related to
disease advancement within individuals, and thus network measures may inform on an
individual’s precise disease stage. Additionally, we used individual neuropsychological
tests to investigate the association of declines in network measures and cognition.
Composite scores may outperform their single components in assessing cognitive decline
over time and may show stronger associations with neuroimaging markers (Crane et al.,
2012; Gibbons et al., 2012). However, using individual tests as outcome measures eases
interpretation of results and comparison across different cognitive stages. Another
potential limitation of our study is that we prioritized amyloid PET to determine amyloid
positivity, and in this way included some individuals in the Alzheimer’s disease
continuum although they had normal amyloid in CSF. This may have attenuated some of
the results, but, since the percentage of individuals with discordant amyloid was low (13%
for preclinical, 4% for prodromal Alzheimer’s disease), such effects are likely to be
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minimal. Strengths of our study include the large number of participants from ADNI who
had long follow-up duration of up to 10 years with repeated MRI available. Using our
approach to construct single-subject grey matter networks furthermore enabled us to
investigate declines in network measures and cognition and their associations on an
individual participant data level, in contrast to group-level network measures.
Additionally, grey matter networks are reconstructed from structural MRI, which are
routinely acquired in large research cohorts and clinical practice, are less affected by
artefacts, and their acquisition and processing is less time consuming than those for other
sequences.

Conclusion
In conclusion, we showed that network measures continuously decline over time within
individuals, and that the rate of decline accelerates for individuals in more advanced
stages of the disease. Changes in network measures were associated with concurrent
cognitive decline across the entire Alzheimer’s disease continuum, suggesting that grey
matter network measures may have use to help monitoring disease progression in
Alzheimer’s disease.
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Supplementary Figure 1. Cross-sectional and longitudinal effects in neuropsychological test scores by baseline disease stage. Cross-sectional effects are
shown in (a) and longitudinal effects are shown in (b) and are based on estimated marginal means and trends, respectively, as modelled with Bayesian linear
mixed models. The error bars represent 95% credible intervals. Effects were considered significant if the 95% credible interval did not cross zero. Group
differences were considered significant if the 95% credible interval of the pairwise group comparison did not cross zero and effects for the respective groups
were significant. Note that scores for TMT were inverted, so that lower scores indicate worse performance.
a
significantly different to CN; b significantly different to preclinical AD; c significantly different to prodromal AD.
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Supplementary Figure 2. Surface plots of cross-sectional effects in regional network measures by baseline disease stage. Longitudinal changes in local
degree (a), local clustering (b) and local path length (c) are based on estimated marginal means as modelled with Bayesian linear mixed models. Effects were
considered significant if the 95% credible interval did not cross zero. Group differences were considered significant if the 95% credible interval of the
pairwise group comparison did not cross zero and effects for the respective groups were significant. For group comparisons, negative values indicate lower
values in e.g. AD dementia as compared to prodromal AD and positive values indicate higher values. Subcortical structures are plotted in ventricular areas as
approximation.
L, left hemisphere; R, right hemisphere.
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Supplementary Figure 3. Within-individual change in network measures over time. Displayed are observed data (dark blue) and median estimates (light
blue) of the posterior predictive distribution as estimated with Bayesian linear mixed models. Vertical bars in light blue indicate 95% credible intervals around
the median estimates of the posterior predictive distribution.
Gamma is normalized clustering; lambda is normalized path length.
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Supplementary Figure 3. Continued.
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Supplementary Figure 4. Longitudinal changes in global network measures over time by baseline
disease stage after correction for longitudinal grey matter volume. Changes in network size, degree
and connectivity density (a) and changes in clustering, path length, gamma and lambda values (b).
Regression lines are based on estimated marginal means (intercept) and trends (slope) per baseline
disease stage as modelled with Bayesian linear mixed models. The shaded area represents 95%
credible intervals. Intercept and slope estimates can additionally be found in Supplementary Figure 4.
AD, Alzheimer’s disease. Gamma is normalized clustering; lambda is normalized path length.
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Supplementary Figure 5. Cross-sectional and longitudinal effects in global network measures by baseline disease stage after correction for longitudinal grey
matter volume. Cross-sectional effects are shown in (a) and longitudinal effects are shown in (b) and are based on estimated marginal means and trends,
respectively, as modelled with Bayesian linear mixed models. The error bars represent 95% credible intervals. Effects were considered significant if the 95%
credible interval did not cross zero. Group differences were considered significant if the 95% credible interval of the pairwise group comparison did not cross
zero and effects for the respective groups were significant.
a
significantly different to CN; b significantly different to preclinical AD; c significantly different to prodromal AD.
AD, Alzheimer’s disease. Gamma is normalized clustering; lambda is normalized path length.
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Supplementary Table 1. Cross-sectional and longitudinal associations between baseline CSF tau
levels and network measures in preclinical AD individuals.
Baseline effects
Annual change effects
Size
-0.136±0.259
-0.001±0.008
Degree
-0.25±0.275
-0.001±0.043
ConDens
-0.371±0.256
0.015±0.06
Clustering
-0.201±0.264
-0.017±0.047
Path length
0.413±0.251
-0.085±0.062
Gamma
0.27±0.241
-0.009±0.035
Lambda
0.231±0.248
-0.08±0.039*
Data are presented as standardized β ± SE and were estimated with linear mixed models. The
models included the terms follow-up time in years, baseline CSF tau levels, their interaction (i.e.,
follow-up time in years × baseline CSF tau), age, sex, field strength, and grey matter volume
(excluded for size, degree). For network size the subject-specific random slope was excluded as the
model failed to converge. ConDens, Connectivity density.
*p < 0.05.

Supplementary Table 2. Cross-sectional and longitudinal associations between baseline CSF tau
levels and network measures in prodromal AD individuals.
Baseline effects
Annual change effects
Size
-0.183±0.092*
-0.011±0.006
Degree
-0.261±0.111*
-0.053±0.018**
ConDens
-0.078±0.096
-0.047±0.026
Clustering
-0.045±0.096
-0.044±0.017**
Path length
0.04±0.085
0.033±0.026
Gamma
0.016±0.086
-0.018±0.013
Lambda
0.027±0.088
0.016±0.016
Data are presented as standardized β ± SE and were estimated with linear mixed models. The models
included the terms follow-up time in years, baseline CSF tau levels, their interaction (i.e., follow-up
time in years × baseline CSF tau), age, sex, field strength, and grey matter volume (excluded for size,
degree). For clustering the subject-specific random slope was excluded as the model failed to converge.
ConDens, Connectivity density.
*p < 0.05, **p < 0.01.
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Supplementary Table 3. Cross-sectional and longitudinal associations between baseline CSF tau
levels and network measures in AD dementia individuals.
Baseline effects
Annual change effects
Size
-0.089±0.132
-0.019±0.012
Degree
-0.292±0.144*
-0.05±0.05
ConDens
-0.308±0.141*
-0.071±0.08
Clustering
-0.3±0.131*
-0.059±0.063
Path length
0.076±0.137
0.1±0.07
Gamma
0.022±0.119
0.035±0.036
Lambda
-0.073±0.123
0.074±0.037*
Data are presented as standardized β ± SE and were estimated with linear mixed models. The models
included the terms follow-up time in years, baseline CSF tau levels, their interaction (i.e., follow-up
time in years × baseline CSF tau), age, sex, field strength, and grey matter volume (excluded for size,
degree). For all network measures (except for network size) the subject-specific random slope was
excluded as models failed to converge. ConDens, Connectivity density.
*p < 0.05.

Supplementary Figure 6. Association of baseline CSF total tau with the rate of decline in lambda in
Alzheimer’s disease dementia individuals. Longitudinal decline in values over time was estimated
with linear mixed models adjusted for age, sex, field strength and total grey matter volume. Please
note that the model used to extract the subject-specific slopes failed to converge.
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Supplementary Table 4. Demographic and clinical characteristics of the AD groups by tau abnormality at baseline.
Preclinical AD
Prodromal AD
AD dementia
normal
abnormal
normal
abnormal
normal
abnormal
(n=66)
(n=27)
(n=122)
(n=153)
(n=32)
(n=92)
Female
46 (69.7%)
15 (55.6%)
45 (36.9%)
73 (47.7%)
11 (34.4%)
50 (54.3%)
Age in years
74.48 (5.37)
77.64 (5.15)*
72.70 (6.56)
73.50 (7.13)
74.69 (7.83)
74.12 (7.33)
Education in years
16 (14-18)
16 (14-18)
16 (14-18)
16 (13-18)
16 (15-18.5)*
16 (13-17)
Progression to MCI
11 (16.7%)
6 (22.2%)
n.a.
n.a.
n.a.
n.a.
Progression to dementia
3 (4.5%)
3 (11.1%)
48 (39.3%)
94 (61.4%)
n.a.
n.a.
APOE4 allele (≥1)
30 (45.5%)
13 (48.1%)
71 (58.2%)
110 (71.9%)*
22 (68.8%)
75 (81.5%)
*PiB PET SUVR
n.a.
n.a.
1.7 (0.19)
2.23 (n.a.)
n.a.
1.89 (n.a.)
†
AV45 PET SUVR
1.31 (0.15)
1.40 (0.22)
1.34 (0.17)
1.41 (0.15)*
1.51 (0.15)
1.45 (0.16)
CSF Aβ 1-42 in pg/ml
156.92 (37.08)
144.54 (29.54)
146.15 (31.99)*
135.00 (21.45)
134.59 (22.71)
127.36 (20.63)
Abnormal Aβ 1-42 <192 pg/ml
56 (84.8%)
25 (92.6%)
111 (91.0%)
152 (99.3%)*
32 (100.0%)
92 (100.0%)
CSF total tau in pg/ml
58.86 (17.79)
123.77 (28.55)* 66.81 (16.55)
145.28 (45.16)* 70.72 (16.36)
155.51 (55.03)*
Follow up time in years
2.09 (2.01-4)
3.95 (2.02-4.18) 3 (1.97-4.02)
2.98 (1.98-4.02) 1.98 (1.02-2.01)
1.96 (1.01-2.01)
Number of MRI scans
5 (3.25-6)
5 (3.5-6)
5 (4-6)
5 (5-6)
4 (4-4)
4 (4-4)
Field strength (3T)
45 (68.2%)
21 (77.8%)
78 (63.9%)
102 (66.7%)
15 (46.9%)
53 (57.6%)
Total intracranial volume in cm3
1426.97
1454.70
1486.06
1446.40
1497.41
1414.95
(149.51)
(118.68)
(140.21)*
(146.90)
(149.83)*
(156.77)
3
Grey matter volume in cm
594.64 (74.34)
606.59 (47.43)
605.55 (70.05)*
582.81 (71.00)
563.56 (76.48)
540.78 (70.78)
Normalized grey matter volume in
417.73 (39.03)
418.48 (33.81)
408.66 (41.20)
403.97 (40.25)
376.96 (39.37)
383.09 (38.08)
cm3
Hippocampal volume in cm3
8.39 (1.08)
8.29 (0.65)
7.90 (1.29)*
7.53 (1.31)
6.66 (1.64)
6.40 (1.30)
Data are presented as N (%), mean (SD) or median (Q1-Q3), where appropriate.
*higher for abnormal compared to normal tau (or vice versa) within respective diagnostic group
* available for n=3 (prodromal AD), n=1 (AD dementia); † available for n=63 (preclinical AD), n=176 (prodromal AD), n=63 (AD dementia)
n.a., not applicable
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Supplementary Table 5. Influence of CSF tau status at baseline on cross-sectional and longitudinal network measures in preclinical AD individuals.
Baseline estimates
Baseline differences
Annual change estimates
Annual change differences
normal vs
normal vs
normal tau
abnormal tau
abnormal
normal tau
abnormal tau
abnormal
Size
-0.023±0.119
0.131±0.185
-0.153±0.212
-0.023±0.004***
-0.031±0.006***
0.008±0.007
Degree
-0.03±0.131
-0.033±0.203
0.004±0.234
-0.064±0.013***
-0.002±0.018
-0.063±0.022##
ConDens
-0.07±0.119
-0.368±0.185
0.297±0.212
-0.046±0.026
0.024±0.037
-0.069±0.044
Clustering
-0.334±0.122
-0.606±0.19
0.272±0.217
-0.04±0.021
-0.005±0.029
-0.036±0.034
Path length
-0.41±0.118
-0.325±0.184
-0.085±0.21
0.005±0.027
-0.092±0.038*
0.097±0.046#
Gamma
-0.668±0.117
-0.678±0.182
0.009±0.208
-0.021±0.013
-0.029±0.017
0.008±0.02
Lambda
-0.479±0.12
-0.561±0.186
0.083±0.213
-0.015±0.013
-0.083±0.018***
0.068±0.021##
Data are presented as standardized β ± SE and were estimated with linear mixed models. The models included the terms follow-up time in years, baseline
CSF tau status (i.e., normal, abnormal), their interaction (i.e., follow-up time in years × baseline CSF tau status), age, sex, field strength, and grey matter
volume (excluded for size, degree). For degree, gamma and lambda the subject-specific random slope was excluded as the model failed to converge.
ConDens, Connectivity density.
* indicates slope differs from 0 with p < 0.05, ** indicates slope differs from 0 with p < 0.01, *** indicates slope differs from 0 with p < 0.001.
# indicates slopes differ between groups with p < 0.05, ## indicates slopes differ between groups with p < 0.01.
Gamma is normalized clustering; lambda is normalized path length.
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Supplementary Table 6. Influence of CSF tau status at baseline on cross-sectional and longitudinal network measures in prodromal AD individuals.
Baseline estimates
Baseline differences
Annual change estimates
Annual change differences
normal vs
normal vs
normal tau
abnormal tau
abnormal
normal tau
abnormal tau
abnormal
Size
-0.077±0.075
-0.237±0.067
0.16±0.098
-0.037±0.003***
-0.054±0.002***
0.017±0.003#
Degree
-0.087±0.089
-0.36±0.08
0.273±0.117*
-0.056±0.01***
-0.111±0.009***
0.055±0.013#
ConDens
-0.101±0.078
-0.254±0.069
0.153±0.101
0±0.021
-0.04±0.02
0.039±0.027
Clustering
-0.357±0.076
-0.497±0.068
0.14±0.1
-0.018±0.017
-0.057±0.016**
0.039±0.021
Path length
-0.383±0.07
-0.337±0.062
-0.046±0.091
-0.036±0.015*
-0.019±0.015
-0.017±0.02
Gamma
-0.686±0.07
-0.719±0.063
0.033±0.092
-0.03±0.011*
-0.029±0.011*
-0.001±0.014
Lambda
-0.458±0.071
-0.484±0.063
0.026±0.093
-0.028±0.013
-0.013±0.013
-0.014±0.017
Data are presented as standardized β ± SE and were estimated with linear mixed models. The models included the terms follow-up time in years, baseline
CSF tau status (i.e., normal, abnormal), their interaction (i.e., follow-up time in years × baseline CSF tau status), age, sex, field strength, and grey matter
volume (excluded for size, degree). For size, degree and path length the subject-specific random slope was excluded as the model failed to converge.
ConDens, Connectivity density.
* indicates slope differs from 0 with p < 0.05, ** indicates slope differs from 0 with p < 0.01, *** indicates slope differs from 0 with p < 0.001.
# indicates slopes differ between normal and abnormal tau with p < 0.001.
Gamma is normalized clustering; lambda is normalized path length.
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Supplementary Table 7. Influence of CSF tau status at baseline on cross-sectional and longitudinal network measures in AD dementia individuals.
Baseline estimates
Baseline differences
Annual change estimates
Annual change differences
normal vs
normal vs
normal tau
abnormal tau
abnormal
normal tau
abnormal tau
abnormal
Size
-0.228±0.155
-0.491±0.091
0.262±0.181
-0.058±0.012***
-0.083±0.007***
0.025±0.014
Degree
-0.369±0.17
-0.691±0.1
0.321±0.199
-0.036±0.055
-0.118±0.032***
0.082±0.063
ConDens
-0.368±0.171
-0.465±0.1
0.097±0.199
0.082±0.09
-0.036±0.056
0.117±0.103
Clustering
-0.873±0.16
-0.969±0.094
0.096±0.186
0.022±0.071
-0.071±0.045
0.093±0.08
Path length
-0.851±0.163
-0.824±0.095
-0.027±0.189
-0.159±0.079
-0.035±0.049
-0.124±0.089
Gamma
-1.664±0.141
-1.496±0.083
-0.167±0.164
-0.023±0.041
-0.02±0.027
-0.002±0.046
Lambda
-1.106±0.146
-1.11±0.085
0.004±0.17
-0.095±0.042
-0.031±0.028
-0.064±0.048
Data are presented as standardized β ± SE and were estimated with linear mixed models. The models included the terms follow-up time in years, baseline
CSF tau status (i.e., normal, abnormal), their interaction (i.e., follow-up time in years × baseline CSF tau status), age, sex, field strength, and grey matter
volume (excluded for size, degree). For size and degree the subject-specific random slope was excluded as the model failed to converge. ConDens,
Connectivity density.
*** indicates slope differs from 0 with p < 0.001.
Gamma is normalized clustering; lambda is normalized path length.
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Supplementary Figure 7. Within-individual associations of declines in global network measures and cognition by baseline disease stage after correction for
longitudinal grey matter volume. Effects of network measures on cognitive decline in CN (a), preclinical AD (b), prodromal AD (c) and AD dementia
individuals (d) are based on estimated marginal trends as modelled with Bayesian linear mixed models. The error bars represent 95% credible intervals.
Effects were considered significant if the 95% credible interval did not cross zero.
AD, Alzheimer’s dementia. Gamma is normalized clustering; lambda is normalized path length.
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Supplementary Figure 7. Continued.
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Supplementary Figure 8. Within-individual associations of declines in global network measures and cognition by baseline disease stage after correction for
hippocampal volume. Effects of network measures on cognitive decline in CN (a), preclinical AD (b), prodromal AD (c) and AD dementia individuals (d) are
based on estimated marginal trends as modelled with Bayesian linear mixed models. The error bars represent 95% credible intervals. Effects were considered
significant if the 95% credible interval did not cross zero.
AD, Alzheimer’s dementia. Gamma is normalized clustering; lambda is normalized path length.
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Supplementary Figure 8. Continued.
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Supplementary Table 8. Demographic and clinical characteristics of the CN group by
baseline CSF amyloid in tertiles.
low [<219pg/ml] intermediate
high
(n=60)
[<250pg/ml]
(n=53)
(n=58)
Female
30 (50.0%)
27 (46.6%)
21 (39.6%)
Age in years
72.27 (6.62)
71.72 (5.56)
73.89 (5.49)
Education in years
16 (16-18)
16.5 (15.25-18)
16 (16-19)
Progression to MCI
7 (11.7%)
6 (10.3%)
6 (11.3%)
Progression to dementia
1 (1.7%)
3 (5.2%)
1 (1.9%)
APOE4 allele (≥1)
16 (26.7%)
11 (19.0%)
6 (11.3%)
†
AV45 PET SUVR
1.03 (0.06)
1.01 (0.05)
1.01 (0.05)
CSF Aβ 1-42 in pg/ml
189.01 (26.96)b,c 234.85 (8.92)c
270.65 (14.65)
Abnormal Aβ 1-42 <192 pg/ml
29 (48.3%)
0 (0.0%)a
0 (0.0%)a
CSF total tau in pg/ml
55.64 (27.97)
56.36 (20.26)
65.67 (21.28)
Abnormal tau >93 pg/ml
7 (11.7%)
3 (5.2%)
9 (17.0%)
Follow up time in years
2.03 (1.98-4)c
2.97 (1.99-4.01)
3.01 (2.02-4.08)
Number of MRI scans
5 (3.75-6)
5 (4-6)
5 (4-6)
Field strength (3T)
56 (93.3%)
40 (69.0%)a
32 (60.4%)a
3
Total intracranial volume in cm
1432.32 (129.64) 1462.57 (146.95) 1471.75 (149.40)
Grey matter volume in cm3
612.72 (56.39)
621.10 (60.44)
617.70 (62.25)
Normalized grey matter volume
429.58 (39.81)
425.94 (31.74)
421.12 (34.59)
in cm3
Hippocampal volume in cm3
8.65 (0.96)
8.91 (0.98)
8.72 (1.02)
Data are presented as N (%), mean (SD) or median (Q1-Q3), where
appropriate.
a
higher for low group; b higher for intermediate group; c higher for high
group
†
available for n=124
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Supplementary Table 9a. Influence of baseline amyloid levels in CSF on cross-sectional network measures in CN individuals.
Baseline estimates
Baseline differences
low vs
low vs
intermediate vs
low
intermediate
high
intermediate
high
high
Size
-0.363±0.118
-0.111±0.106
-0.082±0.109
-0.252±0.148
-0.282±0.155
-0.03±0.15
Degree
-0.127±0.133
-0.009±0.12
0.105±0.122
-0.117±0.167
-0.232±0.174
-0.114±0.168
ConDens
0.42±0.127
0.165±0.115
0.261±0.117
0.255±0.16
0.159±0.167
-0.096±0.161
Clustering
0.356±0.124
0.069±0.111
0.123±0.114
0.287±0.155
0.233±0.162
-0.054±0.157
Path length
-0.019±0.133
-0.164±0.12
-0.297±0.123
0.145±0.167
0.278±0.175
0.133±0.169
Gamma
0.06±0.108
-0.106±0.098
-0.149±0.1
0.165±0.136
0.209±0.143
0.043±0.138
Lambda
0.224±0.132
-0.08±0.119
-0.173±0.122
0.304±0.166
0.397±0.173
0.093±0.167
Data are presented as standardized β ± SE and were estimated with linear mixed models. The models included the terms follow-up time in years, tertiles of
baseline CSF Aβ 1-42 (i.e., low, intermediate, high), their interaction (i.e., follow-up time in years × tertiles of baseline CSF Aβ 1-42), age, sex, field
strength, and grey matter volume (excluded for size, degree). For clustering the subject-specific random slope was excluded as the model failed to
converge. ConDens, Connectivity density.
Gamma is normalized clustering; lambda is normalized path length.
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Supplementary Table 9b. Influence of baseline amyloid levels in CSF on longitudinal network measures in CN individuals.
Annual change estimates
Annual change differences
low vs
low vs
intermediate vs
low
intermediate
high
intermediate
high
high
Size
-0.025±0.003***
-0.019±0.003***
-0.015±0.003***
-0.006±0.005
-0.01±0.004
-0.004±0.004
Degree
-0.045±0.013**
-0.041±0.012**
-0.025±0.011
-0.005±0.018
-0.02±0.016
-0.016±0.016
ConDens
-0.009±0.023
-0.013±0.021
-0.003±0.019
0.003±0.03
-0.006±0.029
-0.009±0.028
Clustering
-0.011±0.016
-0.011±0.016
0±0.013
0.001±0.022
-0.011±0.02
-0.011±0.02
Path length
-0.017±0.021
0.003±0.02
0.013±0.018
-0.021±0.029
-0.03±0.027
-0.01±0.026
Gamma
-0.009±0.015
-0.01±0.014
-0.001±0.012
0±0.019
-0.008±0.019
-0.008±0.018
Lambda
-0.01±0.017
0.002±0.016
0.012±0.015
-0.011±0.022
-0.022±0.022
-0.01±0.021
Data are presented as standardized β ± SE and were estimated with linear mixed models. The models included the terms follow-up time in years, tertiles of
baseline CSF Aβ 1-42 (i.e., low, intermediate, high), their interaction (i.e., follow-up time in years × tertiles of baseline CSF Aβ 1-42), age, sex, field
strength, and grey matter volume (excluded for size, degree). For clustering the subject-specific random slope was excluded as the model failed to
converge. ConDens, Connectivity density.
* indicates slope differs from 0 with p < 0.05, ** indicates slope differs from 0 with p < 0.01, *** indicates slope differs from 0 with p < 0.001.
Gamma is normalized clustering; lambda is normalized path length.
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Supplementary Table 10. Influence of age on cross-sectional and longitudinal network measures in
CN individuals.
Cross-sectional effects
Longitudinal effects
Size
-0.007±0.01
-0.001±0.001
Degree
-0.035±0.011**
0±0.001
ConDens
-0.032±0.011**
0.001±0.002
Clustering
-0.031±0.01**
0.001±0.002
Path length
0.007±0.011
-0.001±0.002
Gamma
-0.011±0.009
-0.001±0.001
Lambda
-0.003±0.011
-0.001±0.001
Data are presented as standardized β ± SE and were estimated with linear mixed models. The models
included the terms follow-up time in years, baseline age, their interaction (i.e., follow-up time in years
× baseline age), sex, field strength, and grey matter volume (excluded for size, degree). For clustering
and gamma the subject-specific random slope was excluded as models failed to converge. ConDens,
Connectivity density.
**
p < 0.01.
Gamma is normalized clustering; lambda is normalized path length.

Chapter 6. Grey matter networks and concurrent cognition
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SUMMARY AND GENERAL DISCUSSION
The aim of this thesis was to assess how grey matter network measures are related to AD
disease progression and whether these measures may have use as biomarkers to predict
and monitor cognitive decline, starting in individuals who are in the earliest stages of the
disease when cognition is still normal and before the onset of irreversible brain atrophy.
We examined different modeling approaches to disease progression as well as grey matter
network disruptions in the AD disease process and their associations with cognitive
decline and atrophy.
The main findings of this thesis are (see also Figure 1):
-

Modeling disease progression based on MMSE, as a proxy for disease severity,
instead of time or aging, reveals grey matter atrophy patterns that seem specific to
AD pathology.

-

Grey matter network measures may have use to identify those individuals with
MCI likely to show fast cognitive decline and in addition to established biomarkers

-

Grey matter network measures can predict future rates and patterns of atrophy in
preclinical AD.

-

Decline in grey matter network measures accelerates in more advanced disease
stages and is associated with concurrent cognitive decline across the entire AD
cognitive continuum.

-

In autosomal-dominant AD, disruptions in grey matter network measures manifest
up to 12 years before the onset of dementia and are associated with cortical
thinning, hypometabolism and cognition.

In the following sections we will summarize our findings, discuss the results with regard
to the literature as well as potential methodological considerations. We will further
discuss the practical implications of our results and suggest potential avenues for future
research.
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Modeling disease progression: influences of time and aging on grey
matter atrophy estimates
Biomarkers for AD pathology have great diagnostic value, but contain only limited
information on where individuals are in their disease trajectory. Studies usually model
neuropathological changes in AD based on time since the first visit. At the time of first
visit, however, individuals may differ in the duration of their disease process, with some
individuals being closer and others further away from dementia onset. Another
complicating factor for MRI markers for neurodegeneration is that also with normal aging
the brain shows atrophy. In chapter 2 of this thesis we investigated this challenge by
comparing different modeling approaches to disease progression (time, aging and the
MMSE, as a proxy for disease severity) on their influence on estimates of grey matter
atrophy. In a large sample of individuals with and without abnormal AD biomarkers, we
showed that estimates of grey matter atrophy based on time or aging showed similar
patterns of atrophy in individuals with and without abnormal amyloid, albeit with smaller
rates for amyloid normal individuals. In contrast, when using the MMSE as an alternative
approach to disease progression modeling, estimates of atrophy rates were reduced, but
seemed specific for individuals with evidence of amyloid pathology. The implicated
regional associations showed most correspondence with brain areas previously reported to
be associated with cognitive decline in AD (Chang et al., 2013; Dupont, 2002). These
findings suggest that at least some of the atrophy as modeled over time or aging may not
be specific to disease progression in AD. However, a limitation of using the MMSE as a
proxy for disease progression is that it is relatively insensitive for subtle cognitive decline
(Tombaugh and McIntyre, 1992) and this seems to be reflected by the smaller atrophy
rates that we observed in this model. Possibly, other more sensitive cognitive tests may
yield specific estimates of grey matter atrophy that may also capture decline in distinct
cognitive domains. Still, all models explained part of the variance in grey matter atrophy
rates, and our results suggested that a composite measure for disease progression that
combines time or age with cognitive decline, may improve estimates of grey matter
atrophy rates. This finding is important for clinical trials that use atrophy as secondary
outcome measure, as disease-specific estimates will help to assess potential treatment
effects.
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Brain connectivity: the missing link between amyloid and cognitive
decline
Amyloid disrupts local synaptic functioning, leading to early neuronal cell death, which
may lead to disruptions of large-scale networks that are important for normal cognitive
functioning. As such, we hypothesized that grey matter networks may provide the missing
link between amyloid and cognitive decline in AD (see chapter 1) and that network
measures may have use as biomarkers to predict and monitor cognitive decline in AD,
starting in the very early stages of the disease, when atrophy is not yet extensive and
likely to be reversible. Previous studies had found that grey matter networks show a more
random configuration in AD (He et al., 2008; Li et al., 2012; Pereira et al., 2016; Tijms et
al., 2013a, 2013b; Yao et al., 2010), starting in the early stages of the disease in response
to amyloid aggregation (ten Kate et al., 2018; Tijms et al., 2016) and before measurable
atrophy (Voevodskaya et al., 2018), showing intermediate values for MCI as compared to
cognitively unimpaired and AD dementia individuals (Pereira et al., 2016; Yao et al.,
2010) and being cross-sectionally related to the level of cognitive impairment in AD
dementia patients (Tijms et al., 2014, 2013a). These findings established the link between
amyloid and grey matter networks and suggested that grey matter networks may capture
information of cognitive dysfunction in AD, thus providing the possible link between grey
matter networks and cognitive decline. But because previous studies used network
reconstruction approaches that result in one network per group of individuals and/or were
based on cross-sectional results, it remained unclear whether disruptions in grey matter
networks can predict future cognitive decline within individuals in the predementia phase
and whether network measures may serve as biological substrates of distinct cognitive
domains. In chapter 3 of this thesis, we investigated these questions in a large sample of
individuals with MCI who had extensive neuropsychological follow-up available. We
found that individuals who had more disorganized networks at baseline, as indicated by
lower gamma and small-world values, showed faster rates of decline over time in
memory, attention and executive functioning. Lower betweenness centrality values, a
measure indicating the number of hubs or highly connected nodes, was associated with the
rate of decline on the MMSE and memory functioning. Additionally, network measures
contained information on the rate of cognitive decline in addition to other established AD
biomarkers (CSF amyloid, tau and hippocampal volume). These findings suggest that grey
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matter network measures may have use as stratification markers for the risk of cognitive
decline in individuals with predementia AD.
Because grey matter networks seem to capture subtle changes in the brain’s cortical
structure due to amyloid, we hypothesized that network measures may predict the rate of
future atrophy. In chapter 4 we investigated whether grey matter network measures can
predict the future rate and anatomical location of atrophy in individuals with preclinical
AD. We found that lower connectivity density and clustering values were associated with
faster rates of future hippocampal atrophy, while established AD-biomarkers (i.e., total
grey matter volume, CSF total tau and MMSE scores) were not. Specifically, lower
clustering values in regions, where amyloid is known to start aggregating (i.e., anterior
cingulate and precuneus; Palmqvist et al., 2017; Villain et al., 2012; Villeneuve et al.,
2015) predicted atrophy patterns mostly involving the temporal lobe, which are associated
with AD. This work suggests that grey matter network measures can predict disease
progression in the early preclinical stages but already before irreversible atrophy has
started.
In chapter 5 and chapter 6 we further extend on the previous work by investigating
whether grey matter network measures track disease progression throughout the disease
process. Specifically, in chapter 5 we showed in individuals with autosomal-dominant
AD that disruptions in grey matter networks start to manifest up to 12 years before
estimated symptom onset, as indicated by decreased lambda values. Steeper rates of
decline were observed up to 5 years prior to symptom onset in gamma values for mutation
carriers compared to non-carriers. The deterioration of grey matter network measures was
further associated with cortical thinning, brain metabolism and cognitive decline,
suggesting that grey matter networks are associated with disease progression in
autosomal-dominant AD. In chapter 6 we assessed how grey matter network measures
change over time within individuals with sporadic AD and whether these changes are
related to concurrent decline in cognition. In a large sample of individuals with repeated
imaging available, we observed that networks become progressively more random across
the AD cognitive continuum, as indicated by declining gamma and lambda values, and
that the decline in these network measures accelerated in more advanced disease stages.
The decline in network measures were estimated with models based on time and may as
such not be specific to cognitive dysfunction in AD (see chapter 2 and previous section).
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Therefore, we also modeled changes in network measures and concurrent cognition in
joint models, and using this approach we observed that decline in network measures was
directly associated with concurrent decline in cognition, from preclinical to dementia
stages. Results showed decline in cognitive domains that seemed specific for cognitive
stages: for preclinical AD we observed the strongest associations with memory and
attention/executive functioning, for prodromal AD network measures showed associations
with decline in all cognitive domains and for AD dementia, network measures were
associated with attention/executive functioning. Our findings suggest that network
measures may have use to track disease progression in individuals with AD, starting in the
early preclinical stages of the disease.
In summary, the work in chapters 4, 5 and 6 suggests that amyloid aggregation leads to
early, subtle atrophy patterns, which can be captured by changes in grey matter covariance
networks. These networks contain information on future atrophy (chapter 4) and cognitive
decline (chapters 3, 5 and 6) that manifest later in the disease process and, as such, have
use to predict and monitor disease progression in AD, starting before the onset of
irreversible atrophy (see Figure 1A).

291

Brain connectivity: the missing link between amyloid and cognitive decline

Figure 1. Summary of the main findings in this thesis. (A) Hypothesized model of the AD disease
process including changes in grey matter covariance networks after amyloid aggregation and before
neurodegeneration and cognitive decline that were observed in this thesis [Adapted from Jack et al.
(2013)]. (B) Flow chart of the hypothesized associations (arrows) between amyloid aggregation, grey
matter network measures, atrophy and cognitive decline.
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Biological basis of grey matter network disruptions in AD
We have shown in this thesis that disruptions in grey matter networks represent the
possible missing link between amyloid aggregation early in the disease process and
atrophy as well as cognitive decline in later disease stages. In this section we will discuss
the potential biological basis of grey matter network disruptions in AD and possible
mechanisms with which grey matter networks may facilitate the AD pathological cascade.
Throughout our work we have consistently found that grey matter network disruptions are
associated with amyloid aggregation, both in comparison of individuals with versus
without abnormal levels of amyloid (see chapter 4 and chapter 6) and in correlation
analyses in individuals with autosomal-dominant AD (see chapter 5). Specifically, lower
clustering values were most consistently associated with higher levels of amyloid, which
is also in line with results from previous studies that used different cohorts (ten Kate et al.,
2018; Tijms et al., 2016; Voevodskaya et al., 2018). Presumably, amyloid aggregation
leads to initially asynchronous atrophy patterns, which translates to decreased similarity
(and thus disconnections) between neighboring nodes that were previously connected,
thus resulting in lower clustering values. For normalized clustering (i.e., gamma), we
found fewer and weaker associations with amyloid, indicating that the global network
organization might not yet be similar to a random network in this early phase of the
disease process.
On a regional level, we show in chapter 5 in individuals with autosomal-dominant AD
that disruptions in grey matter networks first start to manifest in the precuneus (see Figure
1B). This brain region has previously also been shown to start aggregating amyloid in
both forms of the disease (Gordon et al., 2018; Palmqvist et al., 2017; Villain et al., 2012;
Villeneuve et al., 2015), and further supports the notion that amyloid aggregation leads to
subtle atrophy patterns, which may more clearly manifest as disruptions in grey matter
covariance networks. The earliest disruptions of grey matter networks were indicated by
lower path length values in this region. Path length values measure the average shortest
connections in the entire network, with lower path length values indicating more direct
connections (i.e., higher grey matter similarity) network-wide. Only closer to dementia
onset lower clustering values manifested in the precuneus (see Figure 1B), which seems in

293

Biological basis of grey matter network disruptions in AD

contrast to our observation in sporadic AD that amyloid aggregation most consistently
leads to decreasing clustering values. A possible explanation of these discrepant findings
is that individuals with autosomal-dominant AD show accelerated and more widespread
atrophy as compared to those with sporadic AD (Bateman et al., 2011), which might have
led to more synchronous brain wide atrophy patterns and thus lower path length values in
this sample.
While the precuneus is one of the brain regions where amyloid starts to aggregate, atrophy
manifests later in the disease process and in more distant, temporal regions. In chapter 4
we show in individuals with preclinical AD that lower clustering values, especially of the
precuneus, predict future atrophy mostly in temporal regions, which is commonly
associated with AD (see Figure 1B). This finding suggests that grey matter networks may
play a key role in the AD disease process and can possibly explain the temporo-spatial
disconnect between amyloid aggregation and neurodegeneration. Specifically, the
precuneus may show very subtle atrophy in response to amyloid aggregation in the early
phase of the disease, at which point other brain regions are not yet affected by
neurodegeneration. These asynchronous atrophy patterns would result in decreased
similarity between neighboring brain regions, which are captured by lower clustering
values. Possibly, the lack of stimulation and/or neurotrophic factors along these
connections may then drive brain atrophy in more distant regions (Salehi et al., 2006;
Seeley et al., 2009). In turn, the atrophy in these regions (as well as grey matter network
disruptions) may then translate to the cognitive impairment as seen in AD (see Figure 1B).
However, more research is necessary to determine the neurobiological mechanisms with
which grey matter networks may facilitate neurodegenerative processes (see section
‘Future research’).
During these early stages of the disease networks further deteriorate and begin to decline
to a more random organization, as most consistently indicated by lower gamma values: in
chapter 6 we showed slightly faster rates of decline for gamma in preclinical AD as
compared to control individuals without AD pathology; in chapters 3 and 4 those
individuals with preclinical/prodromal AD who clinically progressed showed lower
gamma values as compared to stable individuals; and lower gamma values were most
consistently associated with more cortical thinning, hypometabolism (chapter 5), future
rates of cognitive decline (chapter 3) and concurrent cognitive decline (chapters 5 and 6).
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These findings are in line with previous studies that used the same method to construct
single-subject grey matter networks in partly different cohorts (Tijms et al., 2018;
Verfaillie et al., 2018) and suggest that gamma has the greatest sensitivity to measure
disease progression in AD. Potentially, lower gamma values, similar to clustering values,
indicate the initially asynchronous atrophy patterns, but as this measure is normalized to
randomized reference networks it may show more robust associations. As such, gamma
has the greatest potential to be of use to monitor disease progression and measure possible
treatment effects in clinical trials in the early stages of AD.

Grey matter network disruptions and atrophy in normal aging
In order to assess whether our findings were specific for AD, we investigated effects in
cognitively unimpaired individuals with normal AD biomarkers throughout this thesis,
and as such, also gained insight into grey matter network disruptions and atrophy that
occur during ‘normal’ aging processes (i.e., in the absence of AD pathology). In line with
several other studies (for review, see e.g. Fjell and Walhovd, 2010), we show in chapter 2
and chapter 4 that atrophy is part of the aging process and particularly that hippocampal
atrophy is not specific for AD and also occurs with advancing age, albeit at smaller rates
(Fjell et al., 2014; ten Kate et al., 2017).
In chapter 5 and chapter 6 we observed that, similarly to atrophic changes, network
measures also decline with advancing age in individuals without AD pathology. The
decline in network measures already manifests in individuals in mid-life (see chapter 5)
and network measures seem to continue to decline late in life (see chapter 6). Previous
studies investigating the effects of normal aging on grey matter networks found both
reorganization towards a more regular as well as random pathology (Carey et al., 2019;
Chen et al., 2011; Wu et al., 2013, 2012; Zhu et al., 2012). Our findings suggest that grey
matter networks reconfigure toward a more random network organization during aging,
but similarly to atrophic changes, show smaller rates of decline compared to individuals
with AD. Furthermore, in chapter 4 and chapter 6 we show that grey matter networks
also contain information on future atrophy and concurrent cognitive decline in normal
aging, respectively, suggesting that network measures represent biological substrates of
these processes regardless of amyloid pathology. While the control individuals included
for our studies did not show AD pathology, it is still possible, however, that they may
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have harbored other pathologies, such as e.g. frontotemporal dementia. As such, we
cannot exclude the possibility that the observed network disruptions were not caused by
normal aging but by other pathological processes.

Methodological considerations
A potential limitation of this thesis is that we pooled individuals whose scans were
acquired at different field strengths (chapters 2, 4, 6), which might have influenced our
results. Scanners are often upgraded over time, can differ between different acquisition
sites in large research cohorts and in multi-center studies (e.g. Jack et al., 2015). In order
to reduce potential confounds, studies often only include individuals who have the same
field strength available. However, limiting the included individuals to one field strength
can significantly reduce sample sizes and/or follow-up periods and can itself introduce
bias. An additional finding of chapter 2 was that estimates of grey matter atrophy were
comparable between different field strengths. In our study, which included a large number
of individuals (n>500), we showed that differences in grey matter atrophy estimates are
likely caused by demographic differences and not by differences in field strength. This
result is also in line with other studies that investigated the effect of field strength in
smaller sample sizes and/or using different cohorts (Dickerson et al., 2008; Ho et al.,
2010) and will help future studies to increase sample sizes and follow-up periods.
Presumably, the comparability of grey matter estimates between different field strength
we found is because of the scanner harmonization efforts of the Alzheimer’s Disease
Neuroimaging Initiative (ADNI), whose data we used for a large part in this thesis. To
minimize scanner effects between different sites and due to scanner upgrades, ADNI
employs a harmonized protocol and phantom scans (Jack et al., 2015). Our results indicate
that this approach is a successful strategy and encourage the implementation of such
harmonization efforts in multi-center studies and clinical trials.
In this work we used an approach to construct single-subject grey matter networks that
results in networks of different sizes. Basic network parameters, such as size, degree and
connectivity density, have been shown to influence higher-order network measures (van
Wijk et al., 2010) and so studies often enforce the same network size, degree and/or
connectivity density between individuals. When investigating individuals with AD, who
show atrophic brain changes, however, enforcing the same values in these parameters will
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likely also introduce bias (Tijms et al., 2013a). In this work, we tested and, when
necessary, corrected for basic network parameters in order to limit any confounding
effects. How to ultimately deal with networks of different sizes still remains unclear.
Early results from an ongoing research project in our group show that enforcing the same
connectivity density between individuals leads to higher variability between studies, while
using subject-specific connectivity densities can increase the consistency of results (Dicks
et al., 2018).

Practical implications
Implications for the Alzheimer’s disease process
The AD disease process is thought to start with the aggregation of amyloid beta, which
triggers a cascade of pathological effects that eventually cause neurodegeneration, which
in turn will ultimately lead to cognitive impairment. How amyloid aggregation facilitates
these processes largely remains unclear, also with regard to the temporal (and spatial)
disconnect between amyloid aggregation in early stages of the disease and
neurodegeneration in later stages. With this thesis we were able to provide a possible link
with brain connectivity (see also Figure 1B). Based on this idea, amyloid aggregation
disrupts grey matter networks on a local level early in the disease process (see chapters 4,
5 and also chapter 6). These local disruptions may potentially drive or contribute to
neurodegeneration in other, more distant regions (chapter 4), possibly due to absence of
stimulation and neurotrophic factors between functionally connected regions (Salehi et al.,
2006; Seeley et al., 2009). However, future research is necessary to determine whether
brain connectivity indeed facilitates the neurodegeneration as seen in AD (see also next
section). Alternatively, amyloid aggregation may drive pathological spread of other
pathological factors, such as tau, through (physically) connected regions (Jacobs et al.,
2018).

Implications for clinical trials
The long preclinical phase of AD, in which amyloid is abnormal but cognition is still
intact, provides an ideal opportunity for secondary prevention, as brain damage is not yet
extensive and can potentially be reversed. The success of clinical trials in these early
stages in part depends on how accurate the outcome measures can capture disease changes
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– and improvement. One complicating factor is the large interindividual variability in
disease progression among patients. In this thesis we have shown that grey matter network
measures have use to predict cognitive decline, starting in the early, preclinical stages of
the disease, and before overt atrophy. These findings indicate that grey matter network
measures have the potential to select those individuals who will show fast progression for
clinical trials. Additionally, as network measures may monitor concurrent cognition and
disease progression, they may have use as outcome measures in clinical trials to measure
treatment effects, in addition to more conventional biomarkers, such as hippocampal
atrophy (although future research is necessary, see next section).

Future research
Our findings suggest that disruptions in grey matter covariance networks play an
important role in the AD disease process and can inform on the cognitive outcome in
individuals at risk for progression to AD. Still, several questions remain that need to be
addressed in future research.
We have consistently shown that grey matter networks become disorganized in response
to amyloid pathology. Much less is known, however, about the (temporal and/or spatial)
relationship between grey matter networks and other AD-related processes, such as e.g.
tau pathology. For example, it has been suggested that brain connectivity may represent a
pathway, along which pathological factors may spread (Jacobs et al., 2018; Seeley et al.,
2009). It is currently also unclear whether grey matter network disruptions initiate other
downstream pathological events and how these different processes interact with each
other. Future studies that include longitudinal assessments of grey matter network
measures and other AD biomarkers, as measured with e.g. CSF, should address these
questions.
Additionally, it remains largely unclear what the different network measures exactly
indicate. Graph theoretical measures have been mostly interpreted in terms of functional
organization of the brain (see e.g. Rubinov and Sporns, 2010), but these interpretations
still lack supporting data and therefore remain hypothetical. MRI simulation studies could
potentially uncover what graph theoretical measures constitute with respect to the atrophy
patterns as seen in AD. In this respect multi-modal approaches may also be helpful, since
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brain connectivity can also be measured based on other imaging modalities (e.g. fMRI,
DTI; see chapter 1). It is still unclear how network measures as derived from these
different types of connectivity are related to each other within individuals, which would
aid in the interpretation of graph theoretical measures. Potentially, network disruptions as
measured with different modalities may also manifest at different time points during the
AD disease process and show modality-specific associations with impairment in distinct
cognitive domains. We are currently examining these questions, which will further our
understanding of the AD disease process and biological substrates of cognitive
dysfunction in AD. Still, out of these imaging modalities, structural MRI is the most
robust, the easiest to obtain and already included in standard dementia workups. As such,
biomarkers based on structural MRI have the highest potential to be implemented in
clinical practice or to be used for patient identification in (multi-center) clinical trials.
Finally, while our findings suggest that grey matter network measures have use to identify
those individuals who will show fast disease progression and to monitor disease
progression, additional studies are necessary before grey matter network measures can be
implemented for e.g. patient identification in clinical trials or disease progression
monitoring in clinical practice. First, while we show that a more disorganized network
configuration is associated with faster disease progression, there are currently no cut-off
values available. These are necessary in order to classify individuals into low/high risk of
disease progression. Future studies that combine multiple independent cohorts should
therefore aim to derive cut-off values for network measures and assess their accuracy in
predicting disease progression on an individual patient level. Second, in chapter 4 we
found that the association between grey matter network measures and future hippocampal
atrophy is stronger for female than for male individuals. The possible effect of sex is an
important issue that needs to be accounted for when predicting disease progression, e.g.
by deriving sex-specific cut-off scores for grey matter network measures. Future studies
should specifically investigate the effect of sex as well as other demographic variables on
grey matter network measures and their association with atrophy/cognitive decline in
multiple independent datasets, also in order to exclude the possibility that these effects
were driven by cohort effects.
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NEDERLANDSE SAMENVATTING
De ziekte van Alzheimer is de meest voorkomende form van dementie.
Neuropathologisch is de ziekte gekenmerkt door stapeling van amyloid-beta en tau
eiwitten in de hersenen. De stapeling van deze eiwitten veroorzaakt schade aan
hersencellen, potentieel stoornissen in de communicatie tussen hersenregio’s
(hersenconnectiviteit) en het verlies van hersenweefsel (atrofie). Deze veranderingen
leiden tot achteruitgang in het denkvermogen (cognitie) en het dementie syndroom.
Tot nu toe zijn er nog geen therapieën om de ziekte van Alzheimer te stoppen. Zulke
therapieën zullen waarschijnlijk het best bij mensen werken, die in de vroegste fase van de
ziekte zijn. Deze mensen hebben ophoging van amyloid-beta, maar nog geen stoornissen
in het denkvermogen en onomkeerbaar weefselverlies (preklinische fase) of alleen lichte
stoornissen (prodromale fase). Bij deze mensen is het belangrijk al vroege, subtiele
veranderingen in het denkvermogen nauwkeurig te kunnen meten om
behandelingseffecten in te schatten. Om de succes van behandelingen te toetsen is het ook
belangrijk die mensen te herkennen, die in de tijdsduur van een klinische studie cognitieve
stoornissen gaan ontwikkelen.
Hoewel ophoging van amyloid-beta een goede indicator is voor het ontwikkelen van
Alzheimerdementie, is het geen goede voorspeller voor wanneer cognitieve stoornissen
gaan ontwikkelen en de snelheid van cognitieve achteruitgang (omdat amyloid-beta al
ruim 20 jaar voor het ontwikkelen van klachten begint te stapelen). Ophoging van tau en
atrofie zijn directer gerelateerd aan cognitieve achteruitgang, maar deze veranderingen
ontwikkelen laat in het ziekteproces en veroorzaken onomkeerbare schade. Daarom zijn er
nieuwe maten nodig die cognitieve achteruitgang en ziekteprogressie nauwkeurig en
vroeg in het ziekteproces - voor het ontstaan van onomkeerbaar weefselverlies - kunnen
meten.
Voor het denkvermogen is de communicatie tussen hersenenregio’s belangrijk. Omdat
ophoging van amyloid-beta schaden aan hersencellen veroorzaakt en potentieel
communicatie tussen hersenregio’s verstoord, zou hersenconnectiviteit een goede maat
kunnen zijn om het denkvermogen te meten. In dit proefschrift hebben wij daarom
gekeken of deze ‘hersennetwerken’ ziekteprogressie en achteruitgang in het
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denkvermogen kunnen voorspellen en meten, beginnend bij mensen die nog geen
onomkeerbaar weefselverlies hebben. Met name hebben wij grijze stof netwerken
onderzoekt, die het voordeel bieden dat er alleen standaard structurele MRI voor nodig is.
Dat wij ziekteprogressie niet nauwkeurig kunnen meten, betekend ook dat wij niet weten,
waar individuen in hun ziekte traject zitten. Meestal gebruiken onderzoekers de tijd vanaf
de eerste bezoek om pathologische veranderingen tijdens de ziekteprogressie te
modeleren. Maar op de eerste bezoek zouden mensen dichter bij en verder weg van het
dementie-stadium kunnen zijn. Daarnaast zou ook verouderen deze veranderingen kunnen
beïnvloeden. Daarom hebben wij in hoofdstuk 2 gekeken hoe inschattingen van
weefselverlies veranderen als we verschillende methoden gebruiken om ziekteprogressie
te modeleren (d.w.z. tijd vanaf eerste visite, leeftijd, cognitie). We laten zien dat
inschattingen van atrofie specifiek lijken voor mensen met de ziekte van Alzheimer als we
ziekteprogressie op basis van achteruitgang in cognitie modeleren. Dit is belangrijk voor
klinische studies, die atrofie als uitkomstmaat gebruiken om behandelingseffecten te
toetsen.
In hoofdstuk 3 kijken we of grijze stof netwerken cognitieve achteruitgang kunnen
voorspellen. In mensen met lichte cognitieve stoornissen laten we zien dat mensen die
meer gestoorde netwerken hebben, sneller in hun denkvermogen achteruitgaan. Grijze stof
netwerken hadden ook toegevoegde waarden voor het voorspellen van cognitieve
achteruitgang boven typisch gebruikte maten van amyloid, tau en atrofie in de
hippocampus (een belangrijke hersenstructuur bij de ziekte van Alzheimer).
In hoofdstuk 4 laten we bij mensen in de vroege, preklinische fase van de ziekte zien dat
grijze stof netwerk maten ook weefselverlies in de hippocampus kunnen voorspellen.
Andere typisch gebruikte maten, zoals grijze stof volume, tau en cognitie, hadden geen
voorspellende waarde voor hippocampusatrofie. Daarnaast voorspelden meer gestoorde
netwerk maten in hersenregio’s waar amyloid begint te stapelen ook atrofie in andere
regio’s, die bij de ziekte van Alzheimer belangrijk zijn. Dit suggereert dat grijze stof
netwerk maten ziekteprogressie kunnen voorspellen maar reeds voor het begin van
onomkeerbaar weefselverlies.
In de volgende twee hoofdstukken hebben wij onderzoekt of grijze stof netwerken
ziekteprogressie tijdens het ziekte verloop kunnen meten. In hoofdstuk 5 hebben wij bij
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mensen met een genetische vorm van de ziekte van Alzheimer onderzoekt wanneer grijze
stof netwerken in de ziekte beginnen te veranderen. Bij deze mensen zal de ziekte van
Alzheimer op ongeveer dezelfde leeftijd tot uiting komen als bij hun ouders. Dit stelt ons
in staat de veranderingen tijdens het ziekteproces te vervolgen. Wij laten zien dat
netwerken al vroeg in de ziekte (ruim 12 jaar voor het ontwikkelen van klachten)
beginnen te veranderen. De veranderingen in grijze stof netwerken hingen ook samen met
amyloid-beta ophogingen in het begin van de ziekte, en andere pathologische processen
tijdens het verloop van de ziekte.
In hoofdstuk 6 hebben wij onderzoekt hoe grijze stof netwerken over de tijd veranderen
en of deze veranderingen samenhangen met achteruitgang in cognitie. Wij laten zien dat
netwerk maten sneller achteruitgaan bij mensen die dichter bij het dementie-stadium zijn.
De veranderingen in de netwerk maten waren gerelateerd aan achteruitgang in cognitie,
van cognitief normaal tot dementie. Dit suggereert dat netwerk maten cognitieve
achteruitgang tijdens het verloop van de ziekte kunnen meten, beginnend in de vroege,
preklinische fase. Daarmee hebben grijze stof netwerk maten het potentiaal in klinische
studies te helpen om individuen te identificeren, die snel achteruit zullen gaan, en om
behandelingseffecten te meten.
Het proefschrift eindigt met een samenvatting en een discussie van onze bevindingen.
Hierbij worden ook mogelijke beperkingen en implicaties van ons onderzoek besproken.
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