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Abstract

Purpose Recent imaging studies have demonstrated functional brain network 
changes in patients with Alzheimer’s disease (AD). Eigenvector centrality (EC) is 
a graph analytical measure that identifiesprominent regions in the brain network 
hierarchy and detects localized differences between patient populations. 

Methods This study used voxel-wise EC mapping (ECM) to analyze individual whole-
brain resting-state functional magnetic resonance imaging (MRI) scans in 39 AD 
patients (age 67 ± 8) and 43 healthy controls (age 69 ± 7). Between-group differences 
were assessed by a permutation-based method. Associations of EC with biomarkers 
for AD pathology in cerebrospinal fluid (CSF) and Mini Mental State Examination 
(MMSE) scores were assessed using Spearman correlation analysis. 

Results Decreased EC was found bilaterally in the occipital cortex in AD patients 
compared to controls. Regions of increased EC were identified in the anterior 
cingulate and paracingulate gyrus. Across groups, frontal and occipital EC changes 
were associated with pathological concentrations of CSF biomarkers and with 
cognition. In controls, decreased EC values in the occipital regions were related to 
lower MMSE scores. 

Conclusion Our main finding is that ECM, a hypothesis-free and computationally 
efficient analysis method of functional MRI (fMRI) data, identifies changes in brain 
network organization inAD patients that are related to cognition and underlying AD 
pathology. The relation between AD-like EC changes and cognitive performance 
suggests that resting-state fMRI measured EC is a potential marker of disease 
severity for AD.
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Introduction

Alzheimer’s disease (AD) is a neurodegenerative disease with amyloid pathology 
leading to a complex array of cognitive disturbances [1]. On magnetic resonance 
imaging (MRI), AD is characterized by cortical atrophy, predominantly located in the 
medial temporal and parietal lobes [2,3]. Neuronal dysfunction can be detected using 
functional imaging techniques before structural changes manifest as cortical atrophy 
on MRI [4]. Resting-state functional MRI (fMRI) is used to study functional properties 
of the brain by detecting spontaneous neuronal activity as localized changes in the 
blood oxyhemoglobin/deoxyhemoglobin ratio [5]. Spatially distinct brain regions with 
co-varying resting state fMRI signals are considered to be functionally connected 
[6]. Several studies have shown AD-related changes in brain connectivity, leading to 
the definition of AD as a functional disconnection syndrome [7,8]. These functional 
changes already occur in the early stages of AD [9,10], and consist of decreases as 
well as increases in local network connectivity [11-14].

Common techniques to study functional connectivity in resting-state fMRI data are 
seed-based correlations [15-17] and independent component analysis [9,13,14,18], 
which mainly focuson specific predefined regions (seed-based analysis) or brain 
subnetworks (independent component analysis). Graph analytic methods can 
be used to investigate the global organization of the whole-brain network (i.e., 
the functional connectome), for example, by analyzing network efficiency and 
robustness, or by attributing importance to specific nodes in the network. Importance 
of a node can be expressed by a measure called centrality [19], which has recently 
been introduced to functional neuroimaging [20-22]. Centrality can be measured as a 
node’s number ofdirect connections (degree centrality), its average distance to other 
nodes (closeness centrality), its relative occurrence on connections between other 
nodes (betweenness centrality), or the sum of the centralities of its direct neighbors 
(eigenvector centrality; EC) (Fig. 1). The benefit of a centrality analysis compared to 
seed-based and independent component analyses is that it does not rely on a priori 
definitions of regions, and that it considers the brain as one large network rather than 
dividing it into several subnetworks.

Furthermore, because the output of a centrality analysis is a single map per subject, 
group analysis is possible without expert intervention, such as selecting (sub)
networks of interest. EC has gained attention as the mathematical principle behind 
the Google’s Page Rank algorithm [23]. The recursive definition of EC, that is, 
computing a node’s centrality by adding the centralities of its neighbors, makes it 
sensitive to different layers in the network hierarchy. When used as a measure for 
brain connectivity in restingstate fMRI, it has shown to be easily computable from the 
voxel-wise connectivity matrix, and robust against global physiological effects [21]. In 
this article, we study differences in functional brain organization between AD patients 
and healthy elderly controls using EC mapping (ECM). Second, we investigate 
whether changes in EC are related (i) to global cognition, using Mini Mental State 
Examination (MMSE) scores and (ii) to AD pathology, using measures of amyloid and 
tau proteins in cerebrospinal fluid (CSF).
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Figure 1: Differences between common centrality measures. a) Example of a simple graph. 
b) Degree centrality counts the number of edges attached to each vertex. c) Betweenness 
centrality counts how often a vertex occurs on the shortest path between two other vertices. 
d) Closeness centrality computes the average distance from a vertex to all other vertices, and 
differentiates between both central vertices and end vertices. e) EC counts the neighbors of 
each vertex, weighted by their centralities.

Materials and methods

Subjects

Eighty-two subjects were included in the study: 39 patients with AD (mean age 67, 
range 53–83) and 43 healthy controls (mean age 69, range 57–82). The data set was 
formed by combining two previously described restingstate fMRI data sets using the 
same scanning protocol [24,25]. Patients were recruited from the Alzheimer center 
of the VU University Medical Center, Amsterdam, the Netherlands. AD patients 
underwent a standard diagnostic procedure that included medical history, physical 
and neurological examination, neuropsychological testing, electroencephalography, 
screening laboratory tests, lumbar puncture, and brain MRI. The clinical diagnosis 
was established in a consensus meeting by a multidisciplinary team, considering all 
available clinical data. AD patients met the NINCDS-ADRDA criteria for “probable 
AD” [26]. Global cognitive functioning was assessed using the MMSE [Folstein et 
al., 1975]. Level of education was classified from 1 to 7 (low to highly educated) 
[27]. Controls consisted of family members of patients and volunteers recruited 
through advertisements posted in the Alzheimer Center and activity centers for the 
elderly in the community. The Ethical Review Board of the VU University Medical 
Center Amsterdam approved the study. Written informed consent was provided by all 
participants. Exclusion criteria included significant medical, neurological (other than 
AD) or psychiatric illness; a history of brain damage; and use of non AD related 
medication known to influence cerebral function such as benzodiazepines and 
antidepressants.
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Data Acquisition

Imaging was performed on a 1.5 Tesla Sonata scanner (Siemens AG, Erlangen, 
Germany) using a standard circularly polarized head coil (gradient 40 mT/m, slew 
rate 200T/m/s). Resting-state functional scans consisted of 200 T2 -weighted echo 
planar imaging volumes (repetition time (TR) = 2,850 ms; echo time (TE) = 60 ms; 
flip angle = 90º; 36 axial slices; matrix 64 x 64; voxel size 3.3 mm isotropic). Subjects 
were instructed to lie still with their eyes closed, not to think of anything in particular 
and not to fall asleep during the scan. Additionally a high-resolution T1-weighted 
magnetization prepared rapid acquisition gradient echo image (TR = 2,700 ms; TE = 
3.97 ms; inversion time (TI) =950 ms; flip angle = 8◦; 160 coronal slices; matrix 256 x 
192; voxel size 1 x 1.5 x 1 mm3) was acquired.

Preprocessing of MRI Data

Images were preprocessed using FSL (version 4.1; www.fmrib.ox.ac.uk/fsl) [29]. 
Each single subject resting-state fMRI data set underwent motion correction, removal 
of non-brain tissue, spatial smoothing using a 5 mm full-width-at-half-maximum 
(FWHM) Gaussian kernel, and high-pass temporal filtering equivalent to 100 s 
(0.01 Hz). After preprocessing, the fMRI volumes were registered to 2 mm isotropic 
standard space (MNI152) [30] via the subjects’ T1-weighted anatomical images, 
using affine registration.

ECM

ECM of the resting-state fMRI time series in MNI-space was performed using fast ECM 
(fECM) software (https://code.google.com/p/bias/source/browse/matlab/fastECM) 
[31], yielding a voxel-wise measure of relevance to the functional brain network. 
ECM requires the computation of the voxel-wise connectivity matrix to calculate its 
eigenvector [21]. The fECM software is faster and computationally more efficient 
because it computes matrix-vector products without having to compute or store the 
connectivity matrix. As comparing the properties of different network topologies is a 
non-trivial problem [32], a mask of in-brain voxels across all subjects’ preprocessed 
data sets (i.e., in the intersection of all single-subject masks) was applied before the 
EC maps were computed. ECM does not require thresholding or binarizing of the 
connectivity matrix, so all subjects’ networks had the same topology as well as the 
same size. EC maps of all subjects were concatenated into a single four-dimensional 
file. Nonparametric permutation tests (5,000 permutations) were used to detect 
statistically significant differences between AD patients and controls [33]. Age and 
sex were used as covariates. Statistical testing was done after threshold-free cluster 
enhancement at a family-wise error (FWE) corrected P-value of 5% [34].
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Voxel-Based Morphometry

Voxel-based morphometry (VBM) was performed using FSL-VBM [35]. Structural 
images were brain-extracted and gray matter-segmented before being registered 
to the MNI152 standard space using nonlinear registration. All native gray matter 
images were nonlinearly registered to a study-specific template and modulated 
to correct for local expansion or contraction due to the nonlinear component of 
the spatial transformation. The modulated gray matter density images were then 
smoothed with an isotropic Gaussian kernel with a sigma of 3 mm (i.e., FWHM of 
7 mm). Finally, nonparametric permutation tests (5,000 permutations) were used to 
detect statistically significant differences between AD patients and controls [33].

CSF Analysis

CSF was obtained by lumbar puncture of the L3/L4 or L4/L5 intervertebral space, 
using a 25-gauge needle. CSF Ab1-42 (amyloid), total tau (t-tau), and phosphorylated 
tau (p-tau) were measured with Innotest (Innogenetics) sandwich enzyme-linked 
immunosorbent assay as described previously [36]. The team involved in the CSF 
analysis was not aware of clinical diagnosis. CSF was available for 35of 39 AD patients 
(90%) and 16 of 43 healthy controls (37%). Mean age (P = 0.13) and distribution of 
gender (P = 0.51) did not differ between these AD patients and healthy controls. 
Median time between lumbar puncture and scan date was 3months (Interquartile 
range: 11 months).

Nonimaging Statistics

All other statistical analyses were performed using SPSS 15.0. For continuous 
measures, differences between groups were assessed using one-way analysis of 
variance. A Chi squared test was used to compare frequency distributions of gender. 
A student’s t-test was used to assess between group differences in mean frame-wise 
displacement [37] based on individual motion correction parameters. A two-tailed 
Spearman correlation analysis was performed across and within diagnostic groups 
to assess relationships of regional EC (extracted mean EC values from clusters of 
regional differences) with MMSE scores and with CSF measures of amyloid and tau.

Results

Patient characteristics

No group differences in age, gender, or level of education were found between 
patients and controls. As expected, MMSE scores were lower in AD patients (mean 
MMSE 22, range 17–27) than in controls (mean MMSE 29, range 25–30). In addition, 
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AD patients showed lower amyloid and higher t-tau and p-tau concentrations in 
CSF than controls (Table I). There were no group differences in mean frame-wise 
displacement (P = 0.52) resulting from the motion correction. The control group 
included three subjects with CSF amyloid levels below 550 ng/L (i.e., an AD profile) 
and three subjects with low MMSE scores (≤ 26). All three controls with low amyloid 
levels had normal MMSE-scores (i.e., two with MMSE-scores of 29 and one with an 
MMSE score of 30). Of the three subjects with low MMSE-scores, one showed a 
normal level of amyloid in CSF (1,015 ng/L, MMSE-score 26). No CSF amyloid data 
were available of the other two controls (MMSE-scores 25 and 26).

Table 1: Patient characteristics.

Controls AD p-value
N 43 39
Age 69 ± 7 67 ± 8 p=0.37
Sex 47% 41% p=0.62
Education 6 ± 1 5 ± 1 p=0.09
MMSE score 29 ± 1 22 ± 3 p<0.01
CSF amyloid (ng/L) 872 ± 263 467 ± 98 p<0.01
CSF t-tau (ng/L) 308 ± 154 896 ± 530 p<0.01
CSF p-tau (ng/L) 52 ± 22 100 ± 36 p<0.01

Data are presented as means ± standard deviations for controls and AD patients. Education: level of education 

using Verhage’s classification (Verhage, 1964), MMSE: Mini Mental State Examination, CSF: cerebrospinal fluid.

EC differences

Figure 2 shows mean EC maps of the AD group and the control group, where red and 
yellow colors represent high EC and blue represents low EC values. In the control 
group, highest mean EC values were located in the precuneus and the occipital 
cortex. In the group of AD patients, highest mean EC values were more spread across 
the entire cingulate cortex. Between-group analysis showed decreases in EC in AD 
patients compared to controls in the left and right occipital cortex (Fig. 3, blue regions), 
namely the cortex of the cuneus, the superior part of the lateral occipital cortex, and 
the occipital pole bilaterally, as well as the right inferior part of the lateral occipital 
cortex. Increased EC was found in AD patients compared to controls bilaterally in 
the medial frontal cortex (Fig. 3, red regions), namely the anterior cingulate and the 
paracingulate gyrus. Table II shows the MNI-coordinates and number of voxels of all 
clusters. Repeating the between-group analysis with an additional covariate of mean 
frame-wise displacement did not change the nature of the results (data not shown).
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Figure 2: Mean EC maps for both groups. The voxel-wise mean EC values were computed 
from all single subject maps in each group. For display purposes, data were resampled to a 1 
x 1 x 1 voxel dimension. Red and yellow areas show high EC values, blue areas show low EC 
values. MNI coordinates: x = 21, y = 217, z = 37. 

Figure 3: Group-wise EC differences, after nonparametric permutation testing. Red voxels 
show clusters of EC increases in AD patients compared with controls, blue voxels show clusters 
of EC decreases in AD patients compared with controls (FWE-corrected P < 0.05). Results are 
corrected for age and sex. These clusters were used as region-of-interest to extract mean 
EC values from each individual EC map. Results are displayed on standard MNI152 brain 
in radiological orientation. For display purposes, data were resampled to a 1 x 1 x 1 voxel 
dimension. MNI coordinates: x = 22, y = 284, z = 22.
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Gray matter density differences

Figure 4 gives an overview of the regions of lower gray matter density in AD patients 
compared with controls. Differences in gray matter were visible in all lobes, most 
prominently in the lateral parietal cortex (including the supramarginal and angular 
gyrus), the precuneus and the lateral and medial temporal cortex. Decreased EC 
in the lateral occipital cortex partly overlapped with areas of decreased gray matter 
density in AD (Fig. 4, Table II) in the right inferior and superior occipital cortex and the 
cuneal cortex (84 voxels). Spatial overlap of regions with increased EC in AD patients 
(frontal clusters) and AD-related gray matter decreases consisted of 7 voxels in the 
right paracingulate gyrus. Overall, ECM clusters consisted of 577 voxels, from which 
16% (total of 91 voxels) overlapped with atrophy.

Figure 4: Group-wise gray matter density differences, displayed together with EC differences. 
Yellow voxels show regions of decreased gray matter density in AD compared with controls 
(FWE-corrected P < 0.05). Red voxels show clusters of EC increases in AD patients compared 
with controls; voxels are green where EC increases overlap with gray matter density decreases 
in AD. Blue voxels show clusters of EC decreases in AD patients compared with controls; voxels 
are green where EC decreases overlap with gray matter density decreases in AD. Results are 
corrected for age and sex. Results are displayed on standard MNI152 brain in radiological 
orientation. For display purposes, data were resampled to a 1 x 1 x 1 voxel dimension. MNI 
coordinates: x = 5, y = 284, z = 19.

Correlation of EC with global cognitive function

Both lower EC in the occipital regions and higher EC in the medial frontal regions 
were related to MMSE-scores across groups (P < 0.001). Within the control group, 
lower occipital EC values were associated with lower performance on the MMSE (ρ = 
0.38, P = 0.01). In AD patients, no relation between EC and MMSE-scores was found 
(Table III, Fig. 5).
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Correlation of EC with CSF biomarkers

Across groups, regional mean EC values were related to CSF biomarkers (Table III, 
Fig. 5). Lower levels of amyloid were associated with lower EC values in the occipital 
regions (ρ = 0.44, P = 0.001) and higher EC values in the frontal regions (ρ = 20.43, 
P = 0.002). Higher levels oft-tau and p-tau were associated with lower EC values 
in the occipital regions (ρ =20.33, P = 0.02 and ρ = 0.42, P = 0.002) and higher EC 
values in the frontal regions (ρ = 20.28, P = 0.051 (trend) and ρ = 0.37, P = 0.008). No 
significant correlations of EC with amyloid, t-tau and p-tau were found within groups.

Table 2: Overview of clusters with eigenvector centrality differences in AD patients compared 
to controls.

# Location 
 

Voxels (n) MNI-coordinates p-value

1 Anterior cingulate, 
paracingulate gyrus

166 0,46,6 p=0.013

2 Anterior cingulate, 
paracingulate gyrus

135 -2,28,28 p=0.030

3 Right cuneus 112 12,-76,20 p=0.024
4 Right lateral occipital 

cortex
87 40,-82,0 p=0.026

5 Left cuneus and 
occipital pole

71 -14,-82,24 p=0.030

6 Right cuneus 6 8,-72,18 p=0.045

In four clusters in the left and right occipital cortex EC is decreased in AD (clusters 3-6). In two clusters in the mesofrontal cortex EC is increased in AD (clusters 1 

and 2). The right column displays the number of voxels that overlap with gray matter density decreases as detected by voxel-based morphometry.

Table 3: Associations of mean eigenvector centrality values with Mini Mental State Examination 
(MMSE) scores and measures of AD pathology.

MMSE Amyloid Tau P-tau
Frontal regions

Across groups -0.57*** -0.43** 0.42** 0.37**
Controls -0.20 -0.12 -0.02 -0.06
AD 0.03 -0.25 0.03 0.03
Occipital regions
Across groups 0.68*** 0.44** -0.33* -0.28+
Controls 0.38* 0.29 0.35 0.41
AD 0.08 0.20 0.05 0.06

Scatterplots of the relationship between a) frontal EC increases and MMSE-scores, b) occipital EC decreases and MMSE-scores, c) frontal EC increases and 

amyloid in CSF, and d) occipital EC decreases and amyloid in CSF.
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Figure 5: Scatterplots of the relationship between a) frontal EC increases and MMSE-scores, 
b) occipital EC decreases and MMSE-scores, c) frontal EC increases and amyloid in CSF, and 
d) occipital EC decreases and amyloid in CSF.

Discussion

This is the first study that uses ECM to analyze restingstate fMRI data in AD patients. 
The main advantages of ECM compared to current methods are that the analysis is 
done on single-subject data, and that the brain is analyzed as a single network rather 
than being divided into subnetworks. Our results show that ECM of resting-state fMRI

data detect distributed changes in brain network function in AD. Compared to controls, 
AD patients show decreased EC in the bilateral occipital cortex, and increased EC 
in the anterior cingulate and paracingulate gyrus. These changes are associated 
with cognitive performance and AD pathology (CSF biomarkers) across diagnostic 
groups. Occipital EC decreases are associated with cognitive performance within 
the control group. To date, only one other study has used ECM to study functional 
connectivity in AD patients [38], using magneto-encephalography instead of resting-
state fMRI. De Haan et al. [38] described decreases in EC in AD patients in the 
temporal areas, which are strongly related to MMSE scores, and, in high-frequency 
bands, in the posterior cortex. Furthermore, in most frequency bands, highest EC 
values are located in the parietal areas of the brain. This is in agreement with the 
current data, where patients and controls show high mean EC values in the medial 
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parietal and occipital cortex. High EC values in the medial parietal cortex confirm the 
role of the precuneus and posterior cingulated cortex as a hub within the functional 
brain network [39,40]. This region appears to be particularly vulnerable for AD 
pathology, as indicated by a convergence of amyloid deposition, hypometabolism, 
and atrophy in this region [2,39-43].

In our study, we have found regions of decreased EC in the bilateral occipital cortex 
of AD patients. This finding suggests a diminished role of the posterior part of the 
brain in global network function in AD patients, but does not indicate the precuneus 
and posterior cingulate cortex as the brain regions with most severe functional 
disruption in AD. A possible explanation for this finding might lay in the fact that EC 
measures different layers of the functional hierarchy, while other measures such as 
degree centrality are based on direct connections only. Buckner et al. have used 
degree centrality to prove the importance of the posterior cingulate cortex as a hub 
[39]. However, a comparison of different centrality types (among others, degree 
and EC) shows highest values of degree centrality in the precuneus and posterior 
cingulate, while EC is highest in the occipital lobes [22]. The fact that EC detects 
other brain regions as most “central” or important than degree centrality, may also 
explain why EC is sensitive to detecting EC changes in AD in the occipital cortex 
instead of the precuneus and posterior cingulate. Furthermore, a recent positron 
emission tomography study that compared brain glucose metabolism in APOE e4-
carriers and non-carriers, confirms that posterior brain function diminishing in AD is 
not limited to the precuneus but includes the occipital lobes as well [44]. An important 
finding in this article is the increased EC in the anterior cingulate and paracingulate 
gyrus in AD patients. This increase indicates a more prominent role of frontal areas 
in the functional brain network in AD patients. Current literature on brain subnetworks 
(i.e., studies using seed-based and independent component analyses) confirms 
these findings. While posterior brain function diminishes, the frontal areas of the 
brain seem to become more important in global network organization, which may 
indicate a mechanism of functional compensation [11-13,45]. Sanz-Arigita et al. use 
a subset of the current data to examine global functional brain connectivity in AD 
using synchronization likelihood as a connectivity measure [46], reporting increased 
functional connectivity in AD patients in the frontal part of the brain and decreased 
functional connectivity in the parietal and occipital parts of the brain. Our EC findings 
not only consolidate those results, but the spatial features of our findings also provide a 
much more detailed picture of disease related brain network differences .In our study, 
cognitive performance is associated with changes in EC across diagnostic groups. 
Markedly, within controls, occipital EC decreases are also associated with a poorer 
cognitive performance, indicating that AD-like changes in network organization are 
related to deterioration of cognitive function within the control group. It is estimated 
that 20–40% of the healthy elderly population have amyloid plaque formation in the 
brain, possibly a sign of early stage AD [47-49]. Our control group included three 
subjects with AD-like CSF amyloid levels in CSF and three other subjects with low 
MMSE-scores. Since a lowered CSF amyloid level was no exclusion criteria for healthy 
controls at the moment of data collection, and these subjects had normal MMSE-
scores, they were not excluded. To prevent these outliers from dictating results, we 
used a nonparametric Spearman’s rank correlation analysis. The relation between 
EC and cognition in controls indicates that resting-state brain function measured by 
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EC may be a potential marker of disease severity or AD. As this is not endorsed by a 
correlation between EC and cognition in AD patients, further research is necessary 
to confirm or refute this hypothesis. Brain network alterations were associated with 
abnormal levels of CSF biomarkers across groups. Within groups, we found no 
associations between EC changes and CSF biomarkers. Amyloid plaque deposition 
is considered to be one of the earliest expressions of AD pathology. It is assumed that 
amyloid accumulation starts years before clinical symptoms arise, and has already 
reached a plateau in an early stage of clinical AD [4,50]. Tau-mediated neuronal 
dysfunction is hypothesized to follow the amyloid accumulation [4]. As a result of the 
early plateau, especially CSF amyloid tends to show little variance within diagnostic 
groups. This is a likely reason why within group analyses show no relation between 
CSF biomarkers and EC changes. As lumbar puncture is an invasive procedure and 
not obligatory for healthy controls to take part in the study, CSF material was only 
available of 37% of the healthy controls, which may have influenced the sensitivity of 
the statistical tests.

Limitations and future directions

Our data were acquired on a 1.5 Tesla machine. Using these data, we were able to 
compare our results to previous results that were obtained with different analysis 
techniques [18,46]. Current studies often use higher magnetic fields that allow a 
better temporal and spatial resolution. Cortical atrophy influences the blood oxygen 
level-dependent (BOLD) signal, possibly leading to a reduced functional connectivity 
estimate due to structure loss [51]. Ideally, partial volume correction should be 
applied to the unprocessed fMRI data before statistical analysis. However, to our 
knowledge there is no agreement in the literature on the optimal way to perform 
gray matter volume correction on fMRI data. We, therefore, display uncorrected EC 
changes and VBM maps of cortical atrophy, to show the overlap between functional 
and structural changes. The effect of head motion is a potentially important factor that 
needs to be considered when interpreting functional connectivity results from BOLD 
fMRI data [52,53]. At the same time, recent findings show that overly zealous efforts 
to remove bias factors may actually degrade the data [54]. In this study, we calculated 
and compared mean displacement parameters. AD patients and controls showed 
no differences in mean frame-wise displacement, and adding this parameter as a 
covariate to the voxel-wise analysis did not essentially change between-group EC 
differences. We resampled our fMRI data from 3.3 mm isotropic to a 2 mm MNI152 
standard space [31], which introduces nodes and edges. However, as this introduction 
of edges is a global effect, and EC is less sensitive to direct numbers of neighbors 
(unlike degree centrality), this does not drastically influence results. This is especially 
true because Gaussian smoothing was used to reduce local spatial variability. Signals 
of white matter, CSF, heart rate, or respiration were not explicitly removed, as earlier 
studies state that EC does not show global effects from physiological influences 
[21]. Future research may elucidate the influence of physiological noise on different 
measures of centrality. Part of the control group consisted of family members of AD 
patients. This may have caused a selection bias, since family history is a risk factor 
for AD [55]. Furthermore, no follow-up information is available for the control group. 
Therefore, it is not known which portion of the group might eventually develop AD.
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Conclusion

Using ECM, we have identified regional changes in global brain network organization 
in AD patients. Ther elation between AD-like EC changes and cognitive performance 
suggests that resting-state fMRI measured EC is a potential marker of disease 
severity for AD. We have demonstrated that ECM is a fully data-driven functional 
connectivity analysis at the single-subject level that can be readily used to detect 
disease-related brain network changes.
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