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Abstract

The physiological basis of resilience to age-associated and AD-typical neurodegenerative pathology is still not well
understood. So far, the established resilience factor intelligence has been shown to be associated with white matter
network global efficiency, a key constituent of which are highly connected hubs. However, hub properties have also
been shown to be impaired in AD. Individual predisposition or vulnerability of hub properties may thus modulate the
impact of pathology on cognitive outcome and form part of the physiological basis of resilience. 85 cognitively normal
elderly subjects and patients with MCI with DWI, MRI and AV45-PET scans were included from ADNI. We recon-
structed the global WM networks in each subject and characterized hub-properties of GM regions using graph theory by
calculating regional betweenness centrality. Subsequently, we investigated whether regional GM volume (GMV) and
structural WM connectivity (WMC) of more hub-like regions was more associated with resilience, quantified as cogni-
tive performance independent of amyloid burden, tau and WM lesions. Subjects with higher resilience showed higher
increased regional GMV and WMC in more hub-like compared to less hub-like GM-regions. Additionally, this associ-
ation was in some instances further increased at elevated amounts of brain pathology. Higher GMV and WMC of more
hub-like regions may contribute more to resilience compared to less hub-like regions, reflecting their increased impor-
tance to brain network efficiency, and may thus form part of the neurophysiological basis of resilience. Future studies
should investigate the factors leading to higher GMV and WMC of hubs in non-demented elderly with higher resilience.
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Introduction

*Data used in preparation of this article were obtained from the

Alzheimer’s Disease Neuroimaging Initiative (ADNI) database

(adni.loni.usc.edu). As such, the investigators within the ADNI contrib- The field of neuroimaging has seen steadily 1] ising interest in

uted to the design and implementation of ADNI and/or provided data but the organizational network properties of the human brain — a

did not participate in analysis or writing of this report. A complete listing  ogeqrchy topic also referred to as connectomics (Fornito et al.

of ADNI investigators can be found at: http://adni.loni.usc.edu/wp- . . . . .

content/uploads/how to_apply/ADNI_Acknowledgement_List.pdf 2015). One major finding of related structural imaging studies
has been that the brain‘s organizational topology exhibits

prominent small-world properties, as in many natural and ar-
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material, which is available to authorized users. tificial networks (Hagmann et al. 2007). This means that white
matter (WM) connections between local grey matter (GM)
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between any pair of GM regions in the network are on the

' Department of Psychiatry and Psychotherapy, University Medical other hand much shorter than one would expect from a regu-
Center Mainz, Untere Zahlbacher Str. 8, 55131 Mainz, Germany larly organized network (Watts and Strogatz 1998). This con-

2 Center for Mental Health in Old Age, Landeskrankenhaus (ASR), figuration has the benefit of minimizing metabolic cost for the
Hartmiihlenweg 2-4, 55122 Mainz, Germany upkeep of WM connections, while simultaneously
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maximizing efficient information transfer capacity (Bullmore
and Sporns 2012). A key feature to achieve this type of orga-
nization is a small number of highly connected hubs providing
long distance connections between locally densely connected
clusters of the network (Hagmann et al. 2007). As only a small
number of regions in the network possess pronounced hub
properties, the small world properties of the network are also
theoretically robust to random insults (Albert et al. 2000). It is
thus remarkable that studies have shown increased GM atro-
phy and WM disconnection in AD and other neurodegenera-
tive diseases for hub regions identified from healthy anatomy
(Crossley et al. 2014; Filippi et al. 2013; Fischer et al. 2015).

Given that hub GM atrophy seems to be a distinct feature of
clinically manifest AD (Crossley et al. 2014), one may hy-
pothesize that the degree of hub GM atrophy may be associ-
ated with the degree of cognitive impairment. As such, pre-
served GM hub volume could possibly be a resilience factor to
age and AD-related brain pathology in analogy to the hippo-
campus (Wolfetal. 2018). There are two additional arguments
to warrant the investigation of this hypothesis.

First, hub properties may be associated with cognitive per-
formance. The organizational efficiency and robustness of the
WM structural brain network is achieved by integration of
locally densely connected clusters by highly connected hubs
as described above (Hagmann et al. 2007). Disconnection of
hubs will result in an efficiency decrease of the whole net-
work, as has been demonstrated in AD (Lo et al. 2010).
However, network efficiency is associated with intelligence
(Fischer et al. 2014; Li et al. 2009), which is a known factor
of resilience (Barulli and Stern 2013).

Second, there is tentative evidence that the
pathomechanism by which hubs are atrophied in AD may be
related to its molecular biomarker cascade. Raj et al. proposed
a network diffusion model of prion-like pathogens spreading
along WM fibers that predicted AD-typical GM atrophy prop-
erties from hypothetical pathogen exposure over time. As
hubs are crossed by a large proportion of all possible connec-
tions across the network, it is sensible to expect early and
prolonged exposure to spreading pathogens originating any-
where in the network (Raj et al. 2015). Hub atrophy may also
be caused by increased disconnection vulnerability of long
fiber pathways in AD (Crossley et al. 2014), to which hubs
tend to be connected (Zamora-Lopez et al. 2010). Finally, we
recently demonstrated decreased structural WM connectivity
of hubs in amyloid-beta positive patients with preclinical AD
(Fischer et al. 2015), which may drive subsequent GM atro-
phy at later disease stages. Thus, if hub atrophy and discon-
nection are part of the pathological cascade of AD that is
downstream from its early molecular biomarkers, its extent
may modulate or determine the onset of the effect of these
biomarkers on cognition to some degree.

Given these findings, the aim of the present study was to
investigate, whether GM volume and WM structural

connectivity of more hub-like regions — compared to less
hub-like regions — may be more associated with resilience in
people without manifest dementia that span the ranges from
normal to mildly impaired cognition as well as normal to
elevated levels of known markers of age- and AD-related
brain pathology. To this end, resilience was statistically
modelled according to its definition as the variance of cogni-
tive outcome that could not be explained by present brain
pathology (Wolf et al. 2018).

Methods

Data used in the preparation of this article were obtained from
the Alzheimer’s Disease Neuroimaging Initiative (ADNI) da-
tabase (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), pos-
itron emission tomography (PET), other biological markers,
and clinical and neuropsychological assessment can be com-
bined to measure the progression of mild cognitive impair-
ment (MCI) and early Alzheimer’s disease (AD). For up-to-
date information, see www.adni-info.org.

Subjects

Subjects and their respective data points were selected from
the database of the ADNI project according to the following
criteria: baseline assessment during the ADNI 2 phase and
classification as cognitively normal or MCI, availability of
T1, FLAIR, diffusion weighted (DWI) MRI as well as
florbetapir (AV45) PET imaging at baseline. MCI subjects
were included so as to ensure sufficient variance of cognition
and pathological markers in a continuum of elderly non-
demented subjects for the assessment of possible resilience.
For details regarding the cognitive assessment within the
ADNI, please refer to the publicly available procedures man-
ual: https://adni.loni.usc.edu/wp-content/uploads/2008/07/
adni2-procedures-manual.pdf. In total, 85 subjects consisting
of 34 females and 51 males aged 56.5 to 89.0 years were
included (see Table 1 for descriptive sample characteristics).

Table 1 Sample demographics. CN: cognitively normal. MCI: mild
cognitive impairment. APOE4: apolipoprotein ¢4

N FM Age Education APOE4
+
CN 34 18/16  73.4+64 16.4+2.6 25/9
MCI 51 16/35 72.1+£6.6 16.0+£2.7 16/35
Total group 85 34/51 72.6+6.5 16.1+2.7 41/44
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CSF measurement

All CSF biomarkers collected at different centers were stored
and analyzed at the Penn ADNI Biomarker Core Laboratory at
the University of Pennsylvania, Philadelphia. CSF concentra-
tions of total tau were measured in the baseline CSF samples
using the multiplex xMAP Luminex platform (Lumnix Corp.,
Austin, TX). We included total tau instead of phosphorylated
tau, as the latter is included in the former and also more spe-
cific to AD and thus limited in scope to AD-specific tauopathy
(Blennow et al. 2001). More details on data collection and
processing of the CSF samples can be found elsewhere
(Shaw et al. 2009) (http://adni.loni.usc.edu/methods).

APOE genotype

Apolipoprotein (APOE) genotype was determined by
genotyping the two single nucleotide polymorphisms that de-
fine the APOE €2, €3, and ¢4 alleles (rs429358, rs7412) with
DNA extracted by Cogenics from a 3-ml aliquot of EDTA
blood (http://adni.loni.usc.edu/data-samples/genetic-data).

Imaging data acquisition

DWI, FLAIR and inversion-recovery spoiled gradient recalled
(IR-SPGR) T1-weighted imaging data were acquired on sev-
eral General Electric 3 T scanners using scanner specific pro-
tocols. Briefly, DWI data was acquired with a voxel size of
1.372x2.70 mm’, 41 diffusion gradients and a b-value of
1000 s/mm?. IR-SPGR data were acquired with a voxel size
of 1.02° x 1.20mm’.

AV45 PET imaging data were acquired on several types of
scanners using different acquisition protocols. In order to in-
crease data uniformity, the data underwent a standardized pre-
processing procedure at the ADNI project. All imaging proto-
cols and preprocessing procedures are available at the ADNI
website (http://adni.loni.usc.edu/methods/).

Data processing overview

The goal of this study was to assess, whether GMV and WMC
of hubs may be a resilience factor in elderly subjects without
dementia. To this end, GM was first segmented using a GM-
atlas. Second, the volume and the number of WM fiber con-
nections to other GM regions was calculated, which constitute
the two possible regional imaging resilience measures. Third,
the hub-likeness of each GM region was calculated as the
betweenness centrality of that region based on the whole-
brain WM network. The following sections give details on
the implementation of each step.

@ Springer

T1-weighted and FLAIR data processing

The T1-weighted IR-SPGR data was automatically tissue seg-
mented and spatially normalized to MNI-space using SPM8
(http://www.fil.ion.ucl.ac.uk/spm/) and the VBMS8-toolbox
(http://www.neuro.uni-jena.de/vbm/). Additionally, inverse
transformations from MNI to native T1 space were calculated.

Grey matter was segmented into 106 functionally and
anatomically defined cortical regions as well as the sub-
cortical basal ganglia regions as implemented in the prob-
abilistic Harvard Oxford Atlas supplied with FSL. The
volume of each region was calculated as the sum of the
product of the GM-tissue segmentation probability values
and the voxel size for each voxel with the highest proba-
bility of belonging to the respective region, i.e. majority
voting. The probability values were modulated based on
the Jacobian of affine and nonlinear components of the
normalization transformation to MNI space (Ashburner
and Friston 2000). GM volumes were normalized by di-
viding by the total intracranial volume (TIV) of the sub-
ject. Note that the different original size of atlas ROIs was
modeled statistically as a random effect (see section sta-
tistical analyses).

TIV as well as WM hyperintensity volume (WMHYV) were
calculated at ADNI core laboratories from T1-weighted and
FLAIR data using published tissue segmentation methods
(DeCarli et al. 2005; Fletcher et al. 2012). WMHYV was also
normalized dividing by the TIV.

DWI data processing

DWI data were corrected for eddy currents and motion arte-
facts using the method of Rohde et al. as implemented in
VistaSoft (Rohde et al. 2004). Additionally, DWI data were
upsampled to 1 mm isotropic voxel size and constrained
spherical deconvolution was applied. For fiber tractography,
Anatomically Constrained Tractography (ACT) as imple-
mented in MRtrix was employed (Smith et al. 2012). This
approach incorporates anatomical constraints based on tis-
sue segmentations of T1 data. To this end, VBMS tissue
segmented data in T1 native space were coregistered using
SPMS to the upsampled DWI B0 images, and used in the
subsequent ACT. Based on the tissue segmentation images,
the ACT framework calculates an isocontour representing
the interface of GM and WM for the seeding of fibers.
Subsequently, tractography seed points were placed ran-
domly along the GM-WM interface. Starting from these
points, the probabilistic “ifod2” tractography algorithm
was executed until 500,000 anatomically plausible stream-
lines were reconstructed for each subject. Streamlines were
accepted if they met the anatomical constraints of ACT
(Smith et al. 2012).
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Network reconstruction and characterisation

In order to reconstruct WM fibers, the Harvard Oxford Atlas
GM ROIs were first warped to native T1 space using the
inverse VBMS8 normalization transformations and then trans-
ferred to the upsampled DWI space using the transformation
estimated from the T1 to BO coregistration. Subsequently, for
each ROI pair in each subject, the number of connecting
streamlines was obtained and recorded to construct the adja-
cency matrix, which was then binarized using a connection
threshold of at least 3 connecting streamlines for each connec-
tion (Fischer et al. 2014; Li et al. 2009) as in (Crossley et al.
2014). Based on these networks, the number of white matter
connections connecting to a GM region (WMC) was calculat-
ed for each GM ROI. Note that the different size of GM
regions may affect the number of connections. This was
modeled statistically as a random effect (see section statistical
analyses). Finally, GM regions of each subject were charac-
terized regarding their hub-like properties by calculating their
betweenness centrality (BC) from the white matter networks
(Crossley et al. 2014). Betweenness centrality measures the
proportion of the shortest paths between each pair of GM
regions across the network that passes through the GM region
in question. A higher BC thus indicates that the respective GM
region is more hub-like, as more connections may pass
through it. For a more detailed description and discussion of
graph measures see (Fornito et al. 2015). See Fig. 1 for an

Fig. 1 Visualization of reconstructed white matter networks.
Visualization of the white matter connections of a cognitively healthy
amyloid negative elderly subject. Lines indicate connections and
idealized orientation of reconstructed fibers within space. Line color
indicates direction. Blue spheres are located at the centers of mass of
grey matter atlas ROIs corresponding to the network nodes. The size of
the sphere indicates the number of white matter connections (WMC) to
the respective node

exemplary visualization of the reconstructed networks,
Table 2 for an overview of average BC values per GM region
across subjects as well as Fig. 2 for a boxplot of BC values of
GM regions across subjects.

PET data processing

Subjects’ global cortical amyloid-3 load was calculated from
florbetapir (AV45) PET images according to procedures
established by the ADNI (http://adni.loni.usc.edu/methods/
pet-analysis/). Briefly, cortical amyloid was calculated as the
average of the AV45 uptake in the frontal, angular/posterior
cingulate, lateral parietal and temporal cortices normalized by
dividing by the mean uptake in the cerebellum.

Neuropsychological assessment and quantification
of resilience

Subjects underwent an extensive neuropsychological assess-
ment. For details regarding the cognitive assessment within
the ADNI, please refer to the publicly available procedures
manual: https://adni.loni.usc.edu/wp-content/uploads/2008/
07/adni2-procedures-manual.pdf. Within the scope of this
study, the cognitive Alzheimer’s Disease Assessment Scale
(ADAS-cog), which spans several cognitive domains (Rosen
et al. 1984), as well as two compound scores assessing exec-
utive (EF) and memory functions (MEM) specifically were
used (Crane et al. 2012; Gibbons et al. 2012).

Approach to studying resilience mechanisms

Any analysis of resilience requires at least three types of mea-
sures: a possible resilience factor, a measure of pathology and
a measure of cognitive outcome (Stern 2012). However, anal-
yses that include these three measures in regression analyses
traditionally only consider an interaction between pathology
and the possible resilience factor as evidence of resilience
(Craik et al. 2011). Recently, we published a reconceptualiza-
tion of this approach that aims to introduce a further differen-
tiation of resilience by its relation to pathology (Wolf et al.
2018). Thus, a resilience factor may be associated with cog-
nitive outcome with and without the presence of pathology.
While this may seem trivial at first, it requires that the mech-
anism by which the resilience factor is associated with cogni-
tive outcome remains intact even if pathology is present. This
is termed general resilience. However, a resilience factor
might also become more associated with cognitive outcome
in the presence of more pathology, which corresponds to the
traditionally common statistical modeling of resilience in the
form of an interaction. This is termed dynamic resilience, as
the role of the resilience factor depends on the amount of
present pathology (for a descriptive overview of the pathology
measures in the sample please see Table 3).
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Table 2 Average betweenness centrality values of grey matter regions across subjects calculated from reconstructed white matter networks. Higher
betweenness centrality corresponds to more hub-like properties

Grey matter region Mean betweenness centrality

Left Right
Frontal Pole 116.95 195.65
Insular Cortex 266.06 210.75
Superior Frontal Gyrus 51.94 78.59
Middle Frontal Gyrus 47.95 75.57
Inferior Frontal Gyrus, pars triangularis 13.7 16.7
Inferior Frontal Gyrus, pars opercularis 23.12 23.28
Precentral Gyrus 150.06 163.81
Temporal Pole 42.42 57.67
Superior Temporal Gyrus, anterior division 8.62 4.59
Superior Temporal Gyrus, posterior division 24.75 23.54
Middle Temporal Gyrus, anterior division 6.88 7.31
Middle Temporal Gyrus, posterior division 58.11 72.87
Middle Temporal Gyrus, temporooccipital part 54.06 69.12
Inferior Temporal Gyrus, anterior division 7.53 7.22
Inferior Temporal Gyrus, posterior division 20.28 32.94
Inferior Temporal Gyrus, temporooccipital part 19.06 43.35
Postcentral Gyrus 141.59 94.8
Superior Parietal Lobule 122.06 82.74
Supramarginal Gyrus, anterior division 36.06 19.39
Supramarginal Gyrus, posterior division 56.4 52.44
Angular Gyrus 47.35 48.73
Lateral Occipital Cortex, superior division 253.08 225.08
Lateral Occipital Cortex, inferior division 60.15 5091
Intracalcarine Cortex 36.26 26.8
Frontal Medial Cortex 4.86 7.77
Juxtapositional Lobule Cortex (formerly Supplementary Motor Cortex) 12.35 17.23
Subcallosal Cortex 10.21 10.12
Paracingulate Gyrus 35.7 41.86
Cingulate Gyrus, anterior division 140.71 141.09
Cingulate Gyrus, posterior division 398.77 407.38
Precuneous Cortex 354.59 312.2
Cuneal Cortex 34.26 27.08
Frontal Orbital Cortex 17.31 25.56
Parahippocampal Gyrus, anterior division 3.46 2.99
Parahippocampal Gyrus, posterior division 3.05 3.52
Lingual Gyrus 13.45 26.55
Temporal Fusiform Cortex, anterior division 533 5.95
Temporal Fusiform Cortex, posterior division 9.67 12.06
Temporal Occipital Fusiform Cortex 6.46 10.87
Occipital Fusiform Gyrus 14.78 7.9
Frontal Operculum Cortex 4.13 6.13
Central Opercular Cortex 19.02 11.78
Parietal Operculum Cortex 48.5 38.66
Planum Polare 37 36.08
Heschl’s Gyrus (includes H1 and H2) 6.02 12.02
Planum Temporale 40.4 32.74
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Table 2 (continued)

Grey matter region

Mean betweenness centrality

Left Right
Supracalcarine Cortex 6.05 17.44
Occipital Pole 39.78 31.55
Thalamus 437.68 364.6
Caudate 188.47 122.13
Putamen 218.49 318.64
Pallidum 58.38 82.36
Accumbens 3.14 5.4

These concepts are statistically modeled using the follow-
ing equation:

COG~RES + PATH + RES*PATH

where COG represents the cognitive outcome measure, PATH
represents a measure of pathology and RES represents a pos-
sible resilience factor. As pathology is included in this model,
effects of pathology on cognitive outcome and the resilience
factor are partialled out (Bortz 2013). The regression model
thus estimates the association between those parts of the var-
iance of cognitive outcome and of the resilience factor which
are unexplained by pathology. This corresponds to more gen-
eral definition of resilience as cognitive variance beyond what
is expected based on the amount of present pathology, cogni-
tive outcome within the context of this model will thus be
referred to as resilience for improved comprehensibility in
the results and discussion sections. The inclusion of the inter-
action term between the resilience factor and pathology addi-
tionally assesses the dependence of that association on the
presence of pathology. The model is easily extended to in-
clude several measures of pathology and additional covariates.

In summary, the model supports a possible resilience factor
in the following three scenarios:

Fig. 2 Box plots of grey matter
regions, ordered from left to right
by increasing median
betweenness centrality. Note that 900
betweenness centrality was
logarithmized for statistical

analyses (see methods section) 500

Betweenness Centrality

(1). General resilience factor: Positive association of the re-
silience factor with resilience. No association of the in-
teraction term RES * PATH with resilience.

This result indicates that the resilience factor is associated
with resilience, irrespective of the amount of pathology.

(i1). Dynamic resilience factor: Significant association be-
tween the interaction term RES * PATH and resilience,
such that the resilience factor is more positively associ-
ated with resilience at higher levels of the pathology
measure. No main (independent) effect of the resilience
factor on resilience.

This result indicates a dynamically changing association
between resilience factor and resilience as a function of the
amount of pathology, where the resilience factor is not asso-
ciated with resilience at lower levels of pathology.

(iii). General and dynamic resilience factor: Significant pos-
itive main effect for the association of the resilience
factor with resilience independent of pathology.
Significant association between the interaction term
RES * PATH and resilience, such that the resilience

Grey Matter Regions ordered by increasing Median Betweenness Centrality
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Table 3  Descriptive statistics of cerebral pathology measures. AV45:
Global florbetapir standardized uptake value ratio. TAU: liquor specimen
total tau. WMHYV: normalized white matter hyperintensity volume in
percent

CN MCI Total
AV45 1.08+0.14 1.26+0.24 1.19+0.22
TAU 61.29+£23.98 98.30+61.02 83.50+£52.68
WMHV 0.38+0.28 0.58+0.57 0.53+0.49

factor is positively related to resilience where the
strength of this association is higher at high levels of
pathology. This result indicates that a significant part of
the association of the resilience factor with resilience is
independent of the amount of pathology. However, the
strength of this association dynamically increases at
higher levels of pathology.

The concepts of general and dynamic resilience overlap but
are not equivalent to the concept of brain reserve and cognitive
reserve put forward by (Barulli and Stern 2013): whereas the
definitions of brain reserve and cognitive reserve refer to the
quality of the underlying mechanism of resilience, the concept
of general and dynamic resilience is based entirely on the
empirical manifestation of resilience as associations with the
resilience factor (Wolf et al. 2018). Brain reserve could thus
manifest as general resilience or dynamic resilience (e.g. dy-
namic in the case of a threshold based association), as might
cognitive reserve (which may have a positive effect on cogni-
tion even in the absence of pathology).

Statistical analyses
Model adaption

The present study investigates whether GMV and WMC of
more hub-like GM regions are more associated with resil-
ience. As GMV and WMC are based on differently sized
ROIs and span several data points per subject, random ef-
fects per ROI and per subject need to be modeled.
Additionally, spatial autocorrelation of model residuals
needs to be controlled. To this end, we employed linear
mixed effects models (LMM) for data analysis, which re-
quired an adaption of the resilience model described in the
previous section. The position of the resilience factors,
GMYV and WMC, and cognitive outcome need to be
interchanged in order to put GMV and WMC data as depen-
dent variables for the controling of random effects. In the
case of general resilience, this would have no effect on the
estimation of the association between resilience factor and
cognitive outcome in ordinary least squares multiple regres-
sion analysis, since the residual variance of the dependent

@ Springer

variable and predictor after removing the effects of all other
predictors are used for estimation of partial regression co-
efficients (PRC) (Bortz 2013). The numerical difference of
PRC:s after the interchange of a predictor and the dependent
variable would refer merely to the different scaling of the
coefficient by the variance of the variables (Bortz 2013).
For this reason, cognitive outcome can in principle still be
refered to as resilience. However, within the context of dy-
namic resilience, the interchange results in an interaction
term that is the product of cognitive outcome and pathology
as opposed to the product of resilience factor and pathology
as in the original modeling approach and thus acquires a
slightly different meaning. This will be taken into account
within the limitation section of the discussion.

Model details

In order to investigate, whether regional GMV and WMC of
more hub-like GM regions were more associated with resil-
ience than less hub-like GM regions, the following linear
mixed effects models were estimated:

Regional Grey Matter Volume of Hubs - General
Resilience

(a)
GMV~COG + BC + COG*BC + AV45 + TAU
+ WMHYV + (1|ROI) + (1|SUB)

Regional Grey Matter Volume of Hubs - Dynamic
Resilience

(b)
GMV~COG + BC + COG*BC + COG*AV45
+ BC*AV45 + COG*BC*AV4S5 + AV45 + TAU
+ WMHYV + (1|ROI) + (1|SUB)
(c)
GMV~COG + BC + COG*BC 4 COG*TAU
+ BC*TAU + COG*BC*TAU + AV45 + TAU
+ WMHYV + (1|ROI) + (1|SUB)
(d)
GMV~COG + BC + COG*BC + COG*WMHV

+ BC*WMHYV + COG*BC*WMVH + AV45
+ TAU + WMHYV + (1|ROI) + (1|SUB)
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Regional White Matter Connectivity of Hubs - General
Resilience

(e)
WMC~COG + BC 4 COG*BC + AV45 + TAU
+ WMHYV + (1[ROI) + (1|SUB)

Regional White Matter Connectivity - Dynamic Resilience

®
WMC~COG + BC + COG*BC + COG*AV45
+ BC*AV45 + COG*BC*AV45 + AV45 + TAU

+WMHYV + (1|ROI) + (1|SUB)

(8
WMC~COG + BC + COG*BC + COG*TAU
+ BC*TAU + COG*BC*TAU + AV45 + TAU
+ WMHV + (1|ROI) + (1|SUB)

(h)
WMC~COG + BC 4 COG*BC + COG*WMHV
+ BC*WMHYV + COG*BC*WMVH + AV45
+ TAU + WMHYV + (1|ROI) + (1|SUB)

where GMYV refers to grey matter volume, WMC to white
matter connectivity, COG to cognitive outcome (ADAS-cog,
EF and MEM), BC to betweenness centrality (i.e. hub-
likeness of the respective ROI), AV45 to global amyloid bur-
den, TAU to total corticospinal fluid tau and WMHYV to white
matter hyperintensity volume. The terms (1]ROI) and (1|SUB)
refer to a random intercept estimated for each ROI and for
each subject (crossed random effects). Terms of interest (in
italics) were in the case of general resilience the first order
interaction term COG * BC - whether GMV or WMC of more
hub-like GM regions was more associated with cognitive per-
formance unexplained by pathology - and in the case of dy-
namic resilience the second order interaction term COG * BC
* pathology (Whether GMV or WMC of more hub-like regions
was more associated with cognitive performance unexplained
by pathology at elevated amounts of pathology).

For significance testing, these models as well as a corre-
sponding reduced model each with the respective term of in-
terest removed were estimated using maximum likelihood.
Each model was then compared to its reduced counterpart
using AIC. If the difference of the AIC of reduced model

minus the full model was at least 10, significance testing
was carried out using likelihood ratio test (LRT). For the
reporting of regression coefficients of models with significant
terms of interest, the respective models were reestimated using
restricted maximum likelihood. These models were also
reestimated using robust linear mixed effects models
(RLMM) for coefficient comparison. Additionally, Moran‘s
I-test was used to test for residual autocorrelation.

For all full models, age was entered as a covariate.
Additionally, gender, years of education, APOE-4 positivity
and clinical status (CN or MCI) were considered as potential
covariates. All models were thus estimated first without these
potential covariates well as with all possible combinations of
them. Finally, AIC was used to select the respective appropri-
ate combination of covariates for each model. Reduced
models included the same combination of covariates as the
full models.

All statistical analyses were conducted using R 3.4.0 as
well as the packages” Ime4 “(Bates et al. 2014),” robustimm
“(Koller 2016),” robustbase “(Todorov and Filzmoser 2009)
and” ape “(Paradis et al. 2004). Data points with implausible
measurements derived from imaging data, i.e. regional GMV,
WMC and BC, were dropped. All variables that were part of
an interaction term in any model were centered to reduce
collinearity (Aiken et al. 1991). BC and WMHYV were log-
transformed to achieve approximate normal distribution. The
significance threshold was set to oc=0.05 for all analyses.
Additionally, the Holm-Bonferroni method was applied to
control the family wise error rate (Holm 1979).

Results

For an overview of estimated model parameters, please refer
to Table 4. For a visualization of the estimated terms of interest
as well as scatter plots of the data, please see Figs. 3 and 4.

For models of general resilience, AIC indicated a better fit
for the full models including the interaction term of resilience
and BC compared to reduced models, for both GMV and
WMC and across cognitive outcome measures (AAIC be-
tween 33.86 and 82.68), with the exception of MEM for
WMC (AAIC -.85). The corresponding p values calculated
by means of LRT for all general resilience models with AAIC
greater than 10 were all smaller than .00001. The estimated
significant interactions were such that resilience, i.e. cognitive
outcome controlled for pathology measures, was more asso-
ciated with GMV and WMC of GM regions with higher BC,
i.e. more hub-like properties. The significant estimated stan-
dardized betas ranged between .0110 and .0234. Robust
reestimation of these models yielded coefficients of similar
magnitude and directionality between .0084 and .0221 for
the interaction term.
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Table 4 Model estimates and results. AAIC: Difference of Akaike‘s
Information Criterion of the reduced model without the term of interest
and the full model. Beta: standardized regression coefficient. Robust beta:
robust standardized regression coefficient. LRT: likelihood ratio test.
GMV: normalized regional grey matter volume. WMC: number of
regional white matter connections. ADAS-cog: Alzheimer‘s Disease

Assessment Scale. EF: Executive function compound score. MEM:
memory function compound score. BC: regional betweenness centrality
derived from individual white matter networks. AV45: amyloid burden
quantified by florbetapir PET. TAU: liquor specimen total tau. WMHV:
normalized white matter hyperintensity volume

Dependent variable Term of interest AAIC Beta Robust beta LRT Chi? P-value
GMV ADAS * BC 65.28 0.0149 0.0104 67.28 <0.00001*
ADAS * AV45 * BC 33.39 0.0129 0.0112 35.39 <0.00001*
ADAS * TAU * BC 22.25 0.0124 0.0103 24.25 <0.00001*
ADAS * WMHYV * BC —1.68
EF * BC 33.86 0.0110 0.0084 35.86 <0.00001*
EF * AV45 * BC 5.52
EF * TAU * BC —0.68
EF * WMHV * BC 0.18
MEM * BC 70.59 0.0154 0.0103 72.59 <0.00001*
MEM * AV45 * BC 17.81 0.0114 0.0099 19.81 <0.00001*
MEM * TAU * BC -1.13
MEM * WMHYV * BC -1.35
WMC ADAS * BC 44.06 0.0171 0.0173 46.06 <0.00001*
ADAS * AV45 * BC 6.46
ADAS * TAU * BC -1.96
ADAS * WMHYV * BC —-0.57
EF * BC 82.68 0.0234 0.0221 84.68 <0.00001*
EF * AV45 * BC 3.39
EF * TAU * BC 27.97 -0.0139 -0.0169 29.97 <0.00001*
EF * WMHV * BC 99.05 0.0246 0.0256 101.05 <0.00001*
MEM * BC —0.85
MEM * AV45 * BC 2.58
MEM * TAU * BC 0.44
MEM * WMHV * BC 23.69 0.0133 0.0156 25.69 <0.00001*

*Statistically significant

For models of dynamic resilience, the results were
more varied. For GMV, AIC indicated a better fit for the
full models including the second order interaction term of
resilience with BC and AV45 for the cognitive outcome
measures ADAS-cog and MEM (AAIC 33.39 and 17.81,
respectively), as well as the interaction term of resilience
with BC and tau for the cognitive outcome measure
ADAS-cog (AAIC 22.25). The corresponding p values
calculated by means of LRT were all below .00001.
These interactions were such that dynamic resilience for
amyloid and tau, i.e. cognitive performance unexplained
by pathology at increased amounts of global amyloid bur-
den or CSF total tau, was more associated with GMV of
GM regions with higher BC values. The significant esti-
mated standardized betas ranged between .0114 and
.0129. Robust reestimation of these models yielded coef-
ficients of similar magnitude and directionality for the
interaction term between .0099 and .0112.

@ Springer

For WMC, AIC indicated a better fit for the full models
including the second order interaction term of resilience
with BC and WMHYV for the cognitive outcome measures
EF and MEM (AAIC 99.05 and 23.69, respectively), as
well as the interaction term of resilience with BC and tau
for the cognitive outcome measure EF (AAIC 27.97). The
corresponding p-values calculated by means of LRT were
all below .00001. These interactions were different for
WMHYV and tau: dynamic resilience at increased amounts
of WMHV was more associated with WMC of GM re-
gions with higher BC for the cognitive outcome measures
EF and MEM. In contrast, dynamic resilience at increased
amounts of CSF total tau was less associated with WMC
of GM regions with higher BC values for the cognitive
outcome measure EF. The significant estimated standard-
ized betas for WMHV were .0246 for EF and .0133 for
MEM, as well as for tau —.0139 for EF. Robust
reestimation of these models yielded coefficients of
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similar magnitude and directionality for the interaction
term (for WMHYV .0256 for EF and .0156 for MEM as
well as for tau —.0169 for EF).

All statistically significant main results survived the
family wise error correction according to Bonferroni.
Moran‘s 1 did not show significantly auto correlated
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<« Fig. 3 Higher Association of Grey Matter Volume of more Hub-like
Grey Matter Regions with General Resilience. Left column:
visualization of the shape of the estimated association of resilience, i.e.
cognitive outcome controlled for pathology, and regional grey matter
volume modulated by betweenness centrality (BC), i.e. hub-likeness.
GMV: sum of estimated regression coefficients of cognitive outcome
and the interaction of cognitive outcome and BC both multiplied with
respective values from a parameter grid representing the data-range. Note
that the main effect of BC is not considered. Cognitive outcome and BC
were demeaned, ADAS-cog was inverted. Right column, GMV: scatter
plot of the residual variance of regional grey matter volumes — after
partialling out the estimated random effects, covariates and the main
effect of BC as well as removing 0.1% of most extreme values — with
the overlayed regression surface from the left column, representing the
BC-modulated association with resilience. The upper edge of the left
column plots corresponds to the frontal edge of the regression surface
in the right column plots

residuals for the general resilience models (p-values be-
tween .36655 and .74474). Apart from age, additional
covariates selected for the models via AIC were years of
education for the dynamic resilience model including
GMYV, ADAS-cog and amyloid load, years of education
and clinical status (CN/MCI) for the general and all dy-
namic resilience models including GMV and EF as well as
years of education for the dynamic resilience model in-
cluding GMV, MEM and tau.

Discussion

The main results of this study indicate that better cognitive
performance than expected based on brain pathology general-
ly was more associated with GMV and WMC of more hub-
like GM regions compared to less hub-like GM regions. Or
equivalently, general resilience was more associated with
GMV and WMC of more hub-like GM regions.
Additionally, in some instances the higher association of cog-
nitive performance unexplained by brain pathology with
GMV and WMC at increased amounts of brain pathology
compared to less amounts was further increased for more
hub-like GM regions compared to less hub-like GM regions.
Or equivalently, dynamic resilience was more associated with
GMYV and WMC of more hub-like GM regions — specifically,
for GMV at higher amyloid burden as well as at higher
amounts of CSF tau, and for WMC at higher WMHV.
However, in one instance dynamic resilience at higher levels
of CSF tau was less associated with WMC in more hub-like
GM regions.

To our best knowledge, properties of hubs characterized
using graph theory have not been investigated for their asso-
ciation with resilience before. However, higher brain volume
as well as regional GMV have been demonstrated to be asso-
ciated with resilience (Arenaza-Urquijo et al. 2013; Bartrés-
Faz et al. 2009; Barulli and Stern 2013). Microstructural WM
properties as well as WM network efficiency have been
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shown to be associated with known proxy measures of resil-
ience such as intelligence and education (Deary et al. 2010;
Fischer et al. 2014; Li et al. 2009; Teipel et al. 2009; Wook
Yoo et al. 2015). The association of WM network efficiency
and intelligence shown previously lends a starting point for a
possible explanation of the higher association of more hub-
like GM regions‘properties with resilience. FMRI studies
show that solving increasingly demanding cognitive tasks,
as are found in intelligence assessment, is generally accompa-
nied by synchronized activation of more GM regions, which
in turn depends upon WM properties (Deary et al. 2010). It is
thus a plausible assumption that more efficient WM organiza-
tion will enable more efficient and/or effective information
transfer and synchronized distributed information processing,
leading to better performance in subjects. Furthermore, the
WM network efficiency is dependent upon the prominent
small world characteristics of the network, a key feature of
which are short paths between any pair of nodes, i.e. GM
regions, in the network. Short paths, in turn, are provided by
highly connected hub regions, which connect clusters of in-
terconnected GM regions via long distance fiber paths
(Bullmore and Sporns 2012; M. P. van den Heuvel and
Sporns 2013). As intelligence is a known factor for resilience
(Barulli and Stern 2013), it follows that hub properties are
likely to be more associated with resilience as well. The results
of the present study are in support of this hypothesis. More
specifically, as high WM structural connectivity of hub re-
gions is a key factor of WM network efficiency, the finding
of a higher association with resilience is in line with the hy-
pothesis stated above. Concerning hub GMV, one may expect
that not only connectivity of hubs has an effect on the efficacy
of synchronized information processing but also the integrity
of the hub‘s GM, of which volume is a common surrogate
marker. The implicit hypothesis is that as information passes
from one GM region to another via the hub as predicted by the
hub‘s high BC measure, some form of relaying, reencoding
and/or processing may take place that depends on the integrity
of the hub‘s GMV. Since the WM network architecture pre-
dicts a sizeable proportion of possible connections to pass
through hub regions (quantified by BC), which is supported
by findings of higher functional activity and connectivity in
hubs in healthy subjects (Liang et al. 2013; Tomasi et al.
2013), it follows that GMV of more hub-like regions may be
more associated with resilience. The findings of the present
study lend support to this hypothesis.

Furthermore, in addition to the higher association of gen-
eral resilience with regional GMV and WMC in more hub-like
regions, our results indicate that in some instances dynamic
resilience is also more associated with GMV and WMC of
more hub-like regions. For GMYV, this was the case at in-
creased levels of cerebral amyloid burden when considering
ADAS-cog and MEM, as well as at increased levels of CSF
tau when considering ADAS-cog. Amyloidosis has been
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(Reuter-Lorenz and Park 2014). It is probable that the efficacy
and efficiency of these more widely distributed networks de-
pends upon hub integrity, for which GMV may be a surrogate.

Furthermore, there is some evidence that lesions associated
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<« Fig. 4 Higher Association of White Matter Connectivity of more Hub-
like Grey Matter Regions with General Resilience. Left column:
visualization of the shape of the estimated association of resilience, i.e.
cognitive outcome controlled for pathology, and regional white matter
connectivity modulated by betweenness centrality (BC), i.e. hub-
likeness. WMC: sum of estimated regression coefficients of cognitive
outcome and the interaction of cognitive outcome and BC both
multiplied with respective values from a parameter grid representing the
data-range. Note that the main effect of BC is not considered. Cognitive
outcome and BC were demeaned, ADAS-cog was inverted. Right
column, WMC: scatter plot of the residual variance of regional white
matter connectivity — after partialling out the estimated random effects,
covariates and the main effect of BC as well as removing 0.1% of most
extreme values — with the overlayed regression surface from the left
column, representing the BC-modulated association with resilience. The
upper edge of the left column plots corresponds to the frontal edge of the
regression surface in the right column plots

with neurosurgery on the brain lead to higher load of activity
in hub regions (Carbo et al. 2017), which possibly refers to
compensatory activity as well. As CSF tau is an established
marker of neurodegeneration, compensatory activity due to
neurodegeneration may be dependent on GM hub integrity
as well, as in the case of amyloidosis. Recruitment of neural
resources via expanded or altered functional networks and
corresponding increased hub activity may be an explanation
for the increased association of GMV of more hub-like regions
with dynamic resilience.

In contrast to GMV, WMC of more hub-like GM regions
was less associated with dynamic resilience at increased CSF
tau when considering EF. This is the only model, where prop-
erties of more hub-like GM regions were less associated with
resilience and thus seemingly counterintuitive. However, a
possible explanation is provided by the recent finding that
WMC of hubs is impaired already at the preclinical stage of
AD, i.e. in asymptomatic subjects with cerebral amyloidosis
(Fischer et al. 2015). At elevated amounts of CSF tau, which
chronologically follows cerebral amyloid deposition in the
biomarker cascade of AD (Jack et al. 2013), the process of
WMC impairment of specifically more hub-like GM regions
may be too advanced for it to benefit compensatory activity
involving hub-like GM regions. In contrast, GMV of more
hub-like GM regions has only been shown to be impaired at
the dementia stage of AD (Crossley et al. 2014). Finally, the
fact that WMC of more hub-like GM regions is more associ-
ated with dynamic resilience at increased WMHV when con-
sidering both EF and MEM is consistent with this view, as
white matter lesions are an age-associated rather than AD-
specific pathology. As increased WMHYV impairs the informa-
tion transfer between distributed functional networks of the
brain, white matter lesions are associated with an overall
slowing of processing speed (D. M. J. van den Heuvel et al.
2006). The effectiveness of putative compensatory rerouting
via alternative WM pathways may be increased by higher
WMC of more hub-like GM regions, which are essential to
overall network integration and efficiency (Hagmann et al.
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2007) — thus being more associated with dynamic resilience
than less hub-like GM regions.

Finally, regarding the results with respect to the different
cognitive outcome measures used for the modelling of resil-
ience in this study, there is a striking difference between
models of general and of dynamic resilience. Higher associa-
tion of properties of more hub-like GM regions with general
resilience is consistent across cognitive outcome measures
with the exception of WMC and MEM - one might thus
generalize that higher WMC and GMV of more hub-like
GM regions is more beneficial for general resilience across
several cognitive domains. Regarding dynamic resilience,
however, the higher association of properties of more hub-
like GM regions seems to be generally more limited to specific
combinations of the properties of the more hub-like GM re-
gions and the cognitive and pathology measures considered
for dynamic resilience.

This study has several limitations. First, the sample size of
85 subjects is rather small in order to draw conclusions about
the general population. However, this should not be a problem
regarding the data analysis methodology, as there are around
106 data points per subject available for model estimation.
Second, the study sample is divergent in a number of aspects
from the general population regarding ethnicity, education,
familial history of AD and memory impairment within the
MCI group, thus limiting generalization further. Third, the
cross sectionality of the analysis does not allow the inference
of causality. Fourth, as discussed in the model adaption sec-
tion, the flipping of the dependent and independent variable
part of an interaction term may lead to slightly different esti-
mates due to the differently calculated interaction term.
However, the supplementary material to this article includes
a calculation with regard to this matter.

Conclusion

Preserved GMV and WMC of more hub-like GM regions are
more associated with resilience, i.e. better cognitive function
in individuals than expected based on cerebral pathology.
Additionally, elevated amounts of brain pathology may in
some instances increase the contribution of GMV and WMC
of more hub-like GM regions to resilience. Future studies
should aim to investigate the factors that determine inter-
individual variance of hub GMV and WMC in normal aging
and disease with the ultimate goal of designing possible inter-
vention strategies to strengthen the cerebral structural
connectome*s resilience capacity.
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