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CHAPTER 6

Grey matter network disruptions and amyloid 
beta in cognitively normal adults
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ABSTRACT 

Grey matter networks are disrupted in Alzheimer’s disease (AD). It is unclear when these 
disruptions start during the development of AD. Amyloid beta 1-42 (Aβ42) is among the 
earliest changes in AD. We studied, in cognitively healthy adults, the relationship between 
Aβ42 levels in cerebrospinal fluid (CSF) and single-subject cortical grey matter network 
measures. Single-subject grey matter networks were extracted from structural magnetic 
resonance imaging scans in a sample of cognitively healthy adults (n = 185; age range 39 
- 79, mini-mental state examination > 25, n = 12 showed abnormal Aβ42 < 550 pg/mL). 
Degree, clustering coefficient, and path length were computed at whole brain level and 
for 90 anatomical areas. Associations between continuous Aβ42 CSF levels and single-
subject cortical grey matter network measures were tested. Smoothing splines were used 
to determine whether a linear or nonlinear relationship gave a better fit to the data. Lower 
Aβ42 CSF levels were linearly associated at whole brain level with lower connectivity 
density, and nonlinearly with lower clustering values and higher path length values, which 
is indicative of a less-efficient network organization. These relationships were specific to 
medial temporal areas, precuneus, and the middle frontal gyrus (all p < 0.05). These results 
suggest that mostly within the normal spectrum of amyloid, lower Aβ42 levels can be related 
to grey matter networks disruptions.

m.tenkate-layout.indd   190 26/07/2018   17:32



191

Grey matter networks and CSF amyloid

6

INTRODUCTION 

Coordinated patterns of grey matter morphology as measured with magnetic resonance 
imaging (MRI) can be concisely described as a network [1–8]. Although the precise 
biological meaning of these patterns is still unclear, they can be partially explained by 
functional co-activation and/or mechanical tension from axonal connectivity [1,9,10]. Brain 
areas that correlate in size are often involved in subnetworks that underlie specific cognitive 
functions [11–18]. For example, areas involved in visual processing grow in a coordinated 
way [16,19]. In Alzheimer’s disease (AD), such grey matter networks become disorganized 
[20–23], and these disruptions have been associated with cognitive dysfunction [21,24]. 
This suggests that grey matter networks capture pathologically relevant information. It is 
still unclear, however, at which point during the development of AD grey matter networks 
become disrupted.

AD pathological processes start as early as 20 years before the onset of dementia, with 
amyloid deposition being among the earliest changes [25–29]. Low values of amyloid-
beta 1-42 (Aβ42) in cerebrospinal fluid (CSF) are indicative of a higher amyloid plaque 
load in the brain, which is a strong predictor for future development of AD [30,31]. Aβ42 
plaque deposition between neurons disrupts their synaptic communication, resulting 
in disintegration of neuronal networks. We hypothesized that lower Aβ42 CSF levels in 
cognitively healthy adults may be associated with path length and clustering values that 
are more like those obtained in randomly organized networks. Recent studies suggest 
that the presence of Aβ42 pathology as measured by CSF or by amyloid positron emission 
tomography is associated with disruptions in grey matter networks in cognitively normal 
subjects [32,33]. But, the network results of Oh et al. [32] could not be associated with inter-
individual measures of Aβ42 pathology because those networks were derived at a group level, 
which results in one value per group. As such, the relationship between inter-individual 
values in Aβ42 levels and grey matter network property values remains unclear. Spreng 
and Turner [33] derived single-subject scores from group-derived grey matter networks 
and found that a decrease in grey matter connectivity over time was related to more CSF 
Aβ42 pathology at the baseline of the study. However, in that study, the correlation was 
assessed across diagnostic groups, and so, it remains unclear if this relationship was present 
in cognitively normal people. We recently developed a novel method to extract whole brain 
grey matter networks from single-subjects structural magnetic resonance images [8]. With 
this method, we investigated whether Aβ42 CSF levels are related to disruptions in single-
subject grey matter networks in cognitively normal adults.
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METHODS

Subjects 
In total, 408 cognitively normal adults were enrolled in the Gipuzkoa Alzheimer Project 
(GAP), which is a longitudinal study on predementia AD in people who were recruited 
from the general population. Inclusion criteria for the GAP study were community-dwelling 
adults (39-80 years) subjects without dementia and a Clinical Dementia Rating score ≤ 0.5. 
Exclusion criteria were any significant neurologic, systemic, or psychiatric disorder that 
could cause cognitive impairment. Subjects were recruited between June 2011 and January 
2013 via advertisements in the local media and presentations at the local Alzheimer Family 
Association. All subjects underwent thorough neurological, neuropsychological, and 
cardiovascular examination and MRI scanning. All participants were invited for lumbar 
puncture and cerebrospinal fluid (CSF) sample donation. Blood and CSF samples were 
obtained at baseline and stored at the Basque Biobank for Research (Basque Foundation for 
Health Research and Innovation). Apoliprotein E (APOE) genotype was determined using 
a one-stage polymerase chain reaction as previously described [34]. Subjects were then 
classified as APOE ε4 carriers if they had ≥1 APOE ε4 allele, or as noncarriers otherwise. 
The local Ethics Committee approved the study protocol, and all subjects gave written 
informed consent. Inclusion criteria for the present study were the availability of both CSF 
and structural MRI (n = 185).

Cerebral spinal fluid analysis 
In subjects who gave informed consent, CSF was obtained by lumbar puncture performed 
by a neurologist at the L3/L4 or L4/L5 intervertebral space with the subjects in left lateral 
decubitus position, using a 22-gauge atraumatic needle (Whitacre-22G, without introducer) 
following international consensus recommendations [35]. CSF samples were analysed at 
the laboratory of Neuroscience of the Hospital Sant Pau in Barcelona. This laboratory is 
part of the Alzheimer’s Association Quality Control Program. Briefly, CSF was collected 
in the morning between 09:00 and 12:00 hours in polypropylene tubes and immediately 
centrifuged (1900-2000 g x 10 minutes). The first 1-2 cc was discarded to avoid any possible 
hematic contamination. All samples were aliquoted (0.5 mL) into polypropylene tubes and 
frozen at -80 °C until analysed. Commercially available enzyme-linked immunosorbent 
assay kits were used to determine levels of Aβ42 (InnotestTM β-Amyloid1-42, Fujirebio-
Innogenetics). The main objective of this study was to investigate if continuous values of 
Aβ42 CSF are associated with grey matter network property values. In addition, we classified 
subjects as amyloid positive using a predefined cut-off of Aβ42 CSF < 550 pg/mL [36] to 
determine the proportion of subjects with pathological levels of Aβ42.
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Image acquisition and preprocessing
Whole-brain structural MRI scans were obtained with a Siemens 3T Magnetom TrioTim 
scanner. Isotropic 3-dimensional T1- weighted images were acquired with a sagittal 
magnetization prepared rapid acquisition gradient-echo sequence (MPRAGE, 1.25 mm x 
1.25 mm x 1.25 mm voxels, repetition time = 2300 ms, echo time = 2.86 ms, inversion time 
= 900 ms, field of view = 240 mm, flip angle = 9°). The images were segmented into grey 
matter, white matter, and cerebrospinal fluid with the voxel-based morphometry toolbox 
version 8 (VBM; University of Jena, Department of Cognitive Neurology: http://dbm.
neuro.uni-jena.de/vbm) implemented in Statistical Parametric Mapping software version 8 
(SPM8; Wellcome Department of Cognitive Neurology, London, UK) running in MATLAB 
2011a (MathWorks Inc., Natick, MA, USA), with the default settings for all parameters. 
The quality of all segmentations was visually assessed, and none had to be excluded. In the 
native space grey matter segmentation of each subject, 90 anatomical areas were identified 
on the basis of the automated anatomical labelling atlas (AAL [37]) using the individual 
brain atlases statistical parametric mapping toolbox in SPM. This toolbox was also used 
to obtain whole brain grey matter, white matter, and total intracranial volumes (i.e., grey 
matter + white matter + cerebrospinal fluid volume). After segmentation, the images were 
resliced into 2 mm x 2 mm x 2 mm voxels.

Single-subject grey matter networks 
Single-subject grey matter networks were extracted from native space grey matter 
segmentations using a fully automated method that was implemented in MATLAB (https://
github.com/bettytijms/Single_Subject_Grey_Matter_Networks [8]). Nodes were defined as 
small regions of interest of 3 x 3 x 3 voxel cubes thereby using geometrical information as 
well as grey matter density values in the voxels. Nodes were connected with edges when 
they showed similar grey matter structure as determined by calculating the correlation 
across grey matter values between 2 corresponding voxels of 2 regions of interest:

The numerator of the correlation coefficient rjm is the sum over the product of the 
differences between the cubes’ values at each voxel location i = 1, 2, ... n for n voxels (after 
subtraction of the cubes’ average values, respectively, ῡj and ῡm). The denominator of the 
correlation coefficient is the product of the cubes’ standard deviations (SDs). The cortex is a 
curved object and so 2 similar cubes could be located at an angle to each other, incorrectly 
decreasing similarity values. Therefore, each seed node was rotated by an angle q with 
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multiples of 45° and reflected over all axes to identify the maximal similarity value with 
the target node. Nodes with 0 variance in their grey matter values were excluded (average 
across all subjects < 0.01%) because for these cases, the correlation coefficient is undefined. 
Next the similarity matrices were binarized after determining a threshold with a random 
permutation method to ensure for all subjects a similar chance of including on average 5% 
(SD = 0.03 x 10-6) spurious correlations in the networks [38]. The average correlation value 
of the resulting thresholds was 0.55 (SD = 0.0008).

Network properties 
For each node in the networks, we calculated the degree (i.e., the number of edges of a 
node), characteristic path length L (i.e., the minimum number of edges between any pair of 
nodes), clustering coefficient C (i.e., the level of interconnectedness between the neighbours 
of a node), and betweenness centrality (i.e., the proportion of characteristic paths that run 
through a node). To estimate normalized path length λ and normalized cluster coefficient 
γ, we averaged the characteristic path length L and clustering coefficient C across the nodes 
for each network and then divided these properties by those that were averaged across 20 
randomized reference networks that had an identical size and degree distribution [39–41]. 
Network property computation was performed with scripts from the Brain Connectivity 
Toolbox modified for large sized networks (www.brain-connectivity-toolbox.net [42]).

Statistical analyses 
Statistical analyses were performed in R version 3.0.3 (www.Rproject.org). Age deviated 
from normality and was Box-Cox transformed with a lambda of 0.75. First, network 
property values were adjusted for the effects of age, gender, and whole brain grey matter 
volume with linear regressions because these variables have been shown to influence 
network property values. The resulting residuals were used for subsequent analysis. We 
also tested for correlations between covariates and Aβ42 CSF levels and found that only age 
was associated with Aβ42 (β (SE)= -0.24 (0.07), p = 0.001). The independent variable was 
Aβ42 CSF level, the dependent variables were the covariate adjusted grey matter network 
properties. The function smooth.spline() was used to determine whether a linear or 
nonlinear line provided the best fit to the data. In case of nonlinearity, a breakpoint was 
identified, as the point where the slope changed was maximal using the second derivative. 
This point corresponded to a change in the relationship between Aβ42 levels and network 
properties. Using this breakpoint, two separate functions were fitted. Assumptions of all 
linear regression analyses were evaluated with the R package GVLMA [43]. In case of 
outliers (defined as values higher or lower than 3 SDs above or below the mean), analyses 
were repeated without outliers. In the case of heteroscedasticity, p values were recalculated 
after robust sandwich variance estimation using the R package Sandwich [44]. First, we 

m.tenkate-layout.indd   194 26/07/2018   17:32



195

Grey matter networks and CSF amyloid

6

tested if there was an interaction effect of APOE genotype on the relationship between Aβ42 
CSF levels and global network properties. In the absence of such an interaction effect (i.e., 
p > 0.05), we continued further analyses without the interaction term and included APOE 
genotype as a covariate. In the case a relationship was found between amyloid levels and 
a global grey matter network property, we further investigated such relationships at the 
local level of AAL anatomical areas (within each AAL area, the corresponding nodal values 
were averaged for dimensionality reduction). Global (9 tests) and local analyses (90 tests 
per network property) were corrected for multiple hypotheses testing with the p.adjust() 
function using the false discovery rate [45,46] and indicated as pFDR.

Table 1: Sample characteristics.

Characteristic All

Sample size N 185

Female, N, % 102, 55%

Age years, median (IQR) 56 (10)

MMSE, median (IQR) 29 (2)

CDR = 0.5, N, % 17, 9%

Years of education, median (IQR) 14 (5)

APOE ε4 carrier, N, % 43, 23%

Grey matter volume cm3, median (IQR) 663 (75)

Aβ42 pg/ml, median (IQR) 841 (242)

Aβ42 < 550 pg/ml, N, % 12, 6%

APOE = apolipoprotein E; CDR = clinical dementia rating; IQR = interquartile range; MMSE = mini-mental state 
examination.

RESULTS

Sample description
The demographic characteristics of the current sample are described in Table 1. The age of 
our subjects ranged between 39 and 79 years old, 55% were female, and 23% were APOE ε4 
carriers. All single-subject grey matter networks were fully connected, had an average size 
of 6553 nodes (SD = 539), and an average connectivity density of 20% (SD = 1) across all 
subjects. In addition, all networks showed a γ > 1 and a λ close to 1, suggesting that these 
networks have a higher clustering coefficient value and a similar path length in comparison 
to a randomly organized network. 
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Whole brain analyses
Aβ42 levels did not correlate with whole brain grey matter volume (Table 2 and Figure 1). No 
interaction effects were found of APOE status on the relationship between Aβ42 levels and 
graph property values (all p > 0.05). Lower Aβ42 levels (i.e., indicative of a higher amyloid 
plaque load in the brain) were related with lower connectivity density values (Table 2 and 
Figure 1). Aβ42 levels were nonlinearly related with clustering and path length values: Aβ42 
levels higher than 1055 pg/mL were unrelated with clustering, whereas lower Aβ42 levels were 
related to lower clustering values. Aβ42 levels higher than 1012 pg/mL were unrelated with 
path length, whereas lower Aβ42 levels were related to higher path length values. No other 
relationships were found between Aβ42 and network property values (Table 2 and Figure 
1). Repeating these analyses including Clinical Dementia Rating status as an additional 
covariate did not change these results. Additional analyses on a subsample including only 
people with normal Aβ42 levels (i.e., Aβ42 ≥ 550 pg/mL) did not change the main results.

Table 2: Relationship Aβ42 and global network properties. 

Network property β (standard error) Aβ42 ≤ cut-off Aβ42 > cut-off

Grey matter volume A 0.003 (0.07)

Size1 -0.03 (0.07)

Degree 0.14 (0.07)

Connectivity % 0.19 (0.07)

Clustering Aβ42 cut-off = 1055 B 0.21 (0.08)* -0.14 (0.18)

Path Length Aβ42 cut-off = 1012 B -0.21 (0.08)* 0.13 (0.16)

Betweenness centrality -0.00002 (0.07)

Gamma -0.16 (0.07)

Lambda -0.09 (0.07)

Standardized β (standard error) of regression analyses to assess the relationship between Aβ42 with total grey 
matter volume and global network property values. * pFDR < 0.05. A For these variables, only gender and age were 
corrected because of their high correlation with total intracranial volume. B Indicates a nonlinear relationship, with 
indicated Aβ42 cut-off.
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Figure 1: Relationship between cerebrospinal fluid Aβ42 levels with grey  matter volume and 
grey matter network properties.
Analyses were adjusted for covariates (grey matter volume and size were only adjusted for age and gender). Circles 
filled with the colour grey indicate people with abnormal Aβ42 levels (< 550 pg/mL). A vertical dotted line indicates 
the optimal cut-off for nonlinear relationships. * Indicates significant relationship (pFDR < 0.05). 

Regional analyses
We further investigated if the associations between Aβ42 and global network measures 
were homogenously distributed across the cortex or located in specific anatomical areas. 
No interaction effects were found of APOE status on the relationship between Aβ42 levels 
and graph property values (all p > 0.1). Lower Aβ42 levels were related to lower clustering 
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values in several cortical areas, comprising mostly dorsolateral frontal and medial posterior 
cortex, including the left insula, right precuneus, and parahippocampal gyrus (Figure 2A). 
Lower Aβ42 levels were related to higher path length values in the left inferior and middle 
temporal gyri, inferior parietal, supplementary motor area, right middle frontal, and lingual 
gyri (Figure 2B). Associations between Aβ42 levels and local grey matter volume did not 
survive correction for multiple testing.

Figure 2: Surface plot of the standardized β values of the relationship between Aβ42 with 
local clustering and path length (pFDR < 0.05).
(A) Lower clustering values were linearly associated with low Aβ42 levels in the bilateral precentral gyri, left middle 
frontal gyrus, supplementary motor area, left precuneus, right fusiform gyrus, right parahippocampal gyrus, and 
right superior occipital gyrus. This relationship was nonlinear in the right calcarine sulcus, left insula, and right 
precuneus (Aβ42 levels < 1200 pg/mL). (B) Higher path length values were linearly associated with low Ab42 levels 
in the left inferior parietal, middle frontal, and supplementary motor area. This relationship was nonlinear in the 
left inferior and middle temporal, right lingual gyri (Aβ42 levels < 1200 pg/mL).

DISCUSSION

In the present study, we investigated associations between AD pathology as indicated by CSF 
Aβ42 and grey matter network measures in a large and well-phenotyped cohort of cognitively 
normal adults. We found that largely within the normal spectrum of Aβ42 values, lower Aβ42 
levels were associated with a lower connectivity density, clustering coefficient, and higher 
path length values. These results could not be explained by volumetric measurements, 
gender, age, or APOE ε4 genotype.
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Spreng and Turner [33] previously reported that lower Aβ42 levels were related to decreased 
connectivity density of grey matter networks based on a specific subselection of brain 
areas across a group of AD, mild cognitive impairment, and control subjects. We further 
extend these findings to whole brain network measures and found that lower Aβ42 CSF 
levels were related to higher path length and lower clustering coefficient values within 
cognitively normal adults. These network disruptions may reflect early neurodegenerative 
changes of the brain that occur in a coordinated way, rather than in isolation [1,9]. Brain 
areas that correlate in volume and/or thickness are often involved in cortical networks 
that have been associated with cognitive functions, suggesting that structural morphology 
could reflect functional relationships [5,6,9,15,24,47,48]. Aβ42 CSF levels were unrelated to 
normalized network properties, suggesting that global organization is still intact. In AD, 
global organization is more similar to that of a random network, which has been repeatedly 
reported across imaging modalities [20,21,24,49–53]. On the basis of our results, a lower 
connectivity density, higher path length, and lower local clustering values in cognitively 
normal adults with Aβ42 CSF levels that were largely within the normal spectrum are likely 
a very early sign of incipient network disorganization.

The global relationships between Aβ42 CSF levels with clustering and path length can be 
attributed to mostly frontal, temporal, and parietal areas. Lower Aβ42 CSF levels were related 
to lower clustering in the bilateral precuneus and right medial temporal areas, which are 
typically involved in AD [54]. This relationship was also found in the left middle frontal, 
precentral, and insular cortex, all part of the salience network that underlies cognitive 
processing [55,56]. We further found a correlation between lower Aβ42 levels and higher 
path length in the left middle frontal gyrus, inferior parietal areas, and inferior temporal 
areas, which are known to be associated with memory functioning. Similar associations were 
found in the precentral gyrus and supplementary motor area, and this was unexpected, as 
these areas have shown a relative resistance to amyloid pathology in AD [54]. Still, in mild 
cognitive impairment and AD, the functional connectivity of motor sensory areas has been 
reported to be decreased, which was associated with increased structural damage in the 
temporal cortex [57–59]. This suggests that local damage to the brain can have widespread 
effects on function [60].

A previous study showed in a sample that combined controls, mild cognitive impairment 
and AD patients, decreased structural covariance in APOE ε4 carriers in comparison to 
non-carriers [33]. In our study, we did not find a significant interaction effect of APOE 
ε4 status on the relationship between amyloid and grey matter network properties. A 
possible explanation for the lack of an APOE effect in our results may be that in contrast to 
Spreng et al. [33], all our participants are cognitively normal. A similar study investigating 
grey matter structure in cognitively normal individuals also did not find an association 
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with APOE ε4 status [32]. This suggests that the brain structural changes associated with 
APOE ε4 differ between cognitively normal and impaired populations. Using resting-state 
functional connectivity, another study reported both decreased and increased connectivity 
of the precuneus with other brain areas in amyloid negative cognitively normal adults [61]. 
That study did not investigate if continuous amyloid values were associated with functional 
connectivity, and so, it remains unclear if such relationships differed between those groups.

Our results are largely in line with a previous study by Oh et al. [32], who used a group-level 
approach to construct grey matter networks in cognitively normal adults using the inferior 
frontal gyrus and the posterior cingulate cortex as seeds. Across the total group, higher 
global PiB load was correlated with less grey matter in the left inferior frontal gyrus. Less 
grey matter volume of the left inferior frontal gyrus covaried at a group level with mostly 
dorsolateral prefrontal areas. Within the high PiB load group, higher PiB load correlated 
with less grey matter volume in the posterior cingulate cortex, and this covaried across 
the group with mostly medial, posterior, and temporal areas. However, that study derived 
grey matter covariation using a group average approach, and so, those grey matter network 
results cannot be translated to single subjects. Our results using a single-subject approach 
extend the previous study and suggest that single-subject grey matter networks may have 
use to predict low amyloid levels. Other studies in cognitively normal adults have reported 
relationships between decreased Aβ42 CSF levels and decreased grey matter volume or 
thickness in anatomically widespread regions including the dorsolateral prefrontal and 
parietal and occipital cortex [62–66]. However, none of these previous studies showed 
a relationship between Aβ42 pathology and grey matter volume or thickness in medial 
temporal areas [62–67]; but note that Tosun et al. [66], similar to our study, did not find 
associations in healthy controls between Aβ42 and grey matter volume, and Oh et al. [65] 
only found these associations within the amyloid positive group). This is surprising because 
such a relationship has been consistently reported in mild cognitive impairment and AD 
[66–68]. This leads us to consider that at earlier stages of AD, amyloid disrupts brain 
areas that are distant from the medial temporal lobe, but connected to it, and later-stage 
degeneration of the medial temporal lobe might be induced through these connections 
[67,69–72]. Our results support this hypothesis, as we found that lower Aβ42 CSF levels were 
associated with lower clustering values in the medial temporal areas. This result suggests 
that a network approach is more powerful than univariate volumetric measures and may 
already be sensitive enough to detect such vulnerability for future degeneration at very early 
stages of AD.

A limitation of the present study is that Aβ42 plaque load in the brain was measured in CSF 
and so does not contain regionally specific information on Aβ42 plaque load. Therefore, the 
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regional associations we found with grey matter network measures should not be interpreted 
as being indicative of Aβ42 load of that brain region per se, but rather, as indicative of that 
region being involved in the disease process very early on.

Furthermore, we have investigated the relationship between Aβ42 pathology and grey matter 
networks cross-sectionally, and so, we are unable to investigate if these changes are related 
to clinical outcomes. Still, a strong aspect of our approach is that we used Aβ42 CSF levels 
in a continuous way. This allowed us to identify grey matter network alterations that occur 
largely within the normal spectrum of Aβ42 CSF levels. Low Aβ42 CSF levels that are still 
within the normal range are predictive of future Aβ42 decline and so may represent the very 
first stages toward amyloid pathology [73,74]. Currently, longitudinal follow-up data of the 
GAP study are being collected. With this data, we can further investigate if grey matter 
network measures may have use as a biomarker for early diagnosis of the disease.

CONCLUSION

People who are cognitively normal show considerable inter-individual variability in Aβ42 
CSF levels. Within this population, we were able to show that grey matter networks show 
more disruptions when Aβ42 levels are lower, but still within a normal range. Our findings 
suggest that grey matter networks show signs of disruption at very early stages of the 
pathogenesis towards AD.
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