bioRxiv preprint doi: https://doi.org/10.1101/524355; this version posted January 18, 2019. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

TAU BURDEN AND SYNAPTIC HEALTH

Tau pathology in early Alzheimer’s disease
disrupts selective neurophysiological networks
dynamics

Ece Kocagoncu?, Andrew QuinnP¢, Azadeh Firouziand, Elisa Cooper®, Andrea Greve®,
Roger Gunndf9, Gary Green", Mark W. Woolrich®?¢, Richard N. Henson®', Simon
Lovestone®, Deep and Frequent Phenotyping study team and James B. Rowe?®

a. Department of Clinical Neurosciences, University of Cambridge, Cambridge, UK

b. Oxford Centre for Human Brain Activity, Wellcome Centre for Integrative Neuroimaging, University of
Oxford, Oxford, UK

c. Department of Psychiatry, University of Oxford, Oxford, UK

d. Invicro LLC, London, UK

e. MRC Cognition and Brain Sciences Unit, University of Cambridge, Cambridge, UK

f. Department of Medicine, Imperial College London, London, UK

g. Department of Engineering Science, University of Oxford, Oxford, UK

h. Department of Psychology, University of York, York, UK

i. Department of Psychiatry, University of Cambridge, Cambridge, UK

Correspondence to: Ece Kocagoncu

Cambridge Centre for Frontotemporal Dementia and Related Disorders,
University of Cambridge, Department of Clinical Neurosciences,
Herchel Smith Building, Forvie Site

Robinson Way, Cambridge Biomedical Campus,

Cambridge, CB2 0SZ, UK,

Email: ek390@cam.ac.uk

Abstract

The role of aggregation of misfolded Tau protein in the pathogenesis of Alzheimer’s disease is the subject
of rapid biomarker development and new therapeutic strategies to slow or prevent dementia. We tested
the hypothesis that Tau pathology is associated with functional organization of widespread
neurophysiological networks. We used electro-magnetoencephalography (E/MEG) in combination with
['8F]AV1451 PET scanning to quantify Tau-dependent network disruption. Using a graph theoretical
approach to MEG connectivity, we quantified nodal measures of functional segregation, centrality and
efficiency of information transfer. We correlated these metrics against the nodes’ uptake of [8F]AV1451.
There were both regional- and frequency-specific effects of Tau levels on the efficiency of information
transfer and network segregation in early AD. Tau correlated with temporal regional participation
coefficient (in delta, theta, beta bands); and temporal lobar eigenvector centrality (in theta, alpha, beta
bands), but greater eccentricity at higher frequencies (gamma). The results support the translational
development of neurophysiological “signatures” as biomarkers of Alzheimer’s disease, with potential to
facilitate experimental medicines studies.
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1. Introduction

There is a pressing need for new therapeutic strategies to prevent or arrest Alzheimer’s disease, especially
where applicable at the prodromal stage of disease. The evaluation of new candidate compounds requires
robust tools that are sensitive to the pathogenic mechanisms in early stages of disease. Commonly used
tools to quantify the effects of Alzheimer’s disease pathology in people vary in the degree of invasiveness
(e.g. magnetic resonance imaging versus lumbar puncture), cost and scalability for large trials (e.g. blood
tests versus positron emission tomography), and the degree to which they provide mechanistic insight into
the pathogenesis of Alzheimer’s disease (e.g. cognitive tests versus tau-ligand PET).

In this study, we assess a neurophysiological perspective that links recent advances in preclinical and
translational models of Alzheimer’s disease. There are two key aspects to our approach. First, is the
recognition of the effect of Tau and AB on synaptic dysfunction (Ittner et al., 2010; Murray et al., 2015),
early in the cascade of Alzheimer pathogenesis and without atrophy or cell death. This in turn impairs the
network dynamics, which underpin cognition (Ahmed et al., 2014; Kimura et al., 2014). Tau and AB
induced changes in GABAergic function (Li, G. et al., 2009), and glutamatergic function (Hsieh et al., 2006;
LaFerla and Oddo, 2005; Li, S. et al., 2009; Liu et al., 2004; Shankar et al., 2007) will further disrupt
effective communication in local and large scale neurocognitive networks.

Second, is the recognition of neurophysiological signatures of Alzheimer’s disease. For example,
magnetoencephalograhy (MEG) distinguishes Alzheimer’s disease pathology from frontotemporal lobar
degeneration by their spectral signatures, while retaining functional anatomical concordance with the
clinical syndromes (Sami et al., 2018). The brain’s evoked and induced responses as recorded by MEG and
electroencephalograhy (EEG) distinguish Alzheimer’s disease from controls, in advanced disease (Dauwels
et al., 2010; Sitnikova et al., 2018), mild cognitive impairment stage , and even pre-symptomatically in
carriers of autosomal dominant mutations (Ochoa et al., 2017; Suarez-Revelo et al., 2016). The spectral
features of non-invasive clinical studies recapitulate invasive and ex-vivo recordings of transgenic model
systems (Koss et al., 2016; Kurudenkandy et al., 2014; Sami et al., 2018). Thus, MEG and EEG offer one way
to capture synaptic dysfunction before extensive brain atrophy. However, the relationship between these
physiological indices and the characteristic Tau pathology of human Alzheimer’s disease is unknown.

In the current study, we exploit the spatiotemporal precision of MEG to study network connectivity and
oscillatory patterns, across different frequency bands. We use a graph theoretical approach, to extract
regional and frequency specific summary measures of complex network function (Bullmore and Sporns,
2009). These graph metrics reflect the efficiency of information transfer and the extent to which a given
region contributes to information processing at the modular or global level. For example, Alzheimer’s
disease decreases the clustering coefficient and path length (i.e. measures of network efficiency at the
local and global level) of network interactions in the alpha and beta bands (de Haan et al., 2009; Stam et
al., 2009), while the reduction of small worldness (Vecchio et al., 2016) and eigenvector centrality of
temporal areas (de Haan et al., 2012b) suggest an imbalance between local functional specialization and
global integration.

We tested the relationship between such neurophysiological network changes and the progression of Tau
pathology. Previous studies using fMRI based network connectivity measures (rather than MEG/EEG) have
shown that the degree of connectivity of each cortical region correlates with expression of the MAPT gene
for Tau (Rittman et al., 2016) and the accumulation of Tau as measured by [*®F]AV1451 PET (Cope et al.,
2018). This ligand binds to Tau aggregates in Alzheimer’s disease, in proportion to disease severity (Brier et
al., 2016; Passamonti et al., 2017), and mirrors the distribution of pathology and functional deficits in
variant presentations of Alzheimer’s disease (Ossenkoppele et al., 2016). We therefore used [*¥F]AV1451
PET to test the relationship between Tau pathology burden and MEG connectivity.

Our primary goal was to quantify the correlation of Tau burden with physiological network properties in
early Alzheimer’s disease. A secondary goal was to measure the effect of Tau burden on the rate of
change in these network properties, over six months. We hypothesized that in Alzheimer’s disease, (i)
efficiency of information transfer at the local and global level is disrupted; (ii) the influence of central
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nodes on the network weaken; (iii) segregation of functional modules is reduced; (iv) and that these
changes in graph metrics correlate with local increases in Tau burden across the cortex.

2. Materials and Methods
2.1 Study design

The Deep and Frequent Phenotyping study is a collaboration between the Dementias Platform UK and the
NIHR Translational Research Collaboration in Dementia. It aims to assess the acceptability and feasibility of
extensive and frequent phenotyping, to aid the design of larger scale future biomarker studies (Koychev et
al., 2017). Here we report data from the pilot study phase, which included patients with early symptomatic
Alzheimer’s disease. The study was approved by the National Research Ethics Committee London (REC
reference 14/L0/1467). All participants had mental capacity and provided written informed consent.

2.2. Participants

12 participants with probable Alzheimer’s disease (McKhann et al., 1984) were recruited from local
memory clinics (mean age: 69.94, age range: 54-82.7, 9 males, 3 females). Participants had a mean MMSE
score of 24/30 (SD = 2.27), mean CDR score of 0.6/3 (SD = 0.31), and mean ADAS-Cog score of 13.9/70 (SD
=5.43) Participants had stable medication dose for at least a month, and for cholinesterase inhibitors
and/or Memantine stable medication dose for at least three months.

2.3. MEG acquisition

MEG scans were acquired at rest (eyes open) over five minutes at four sites at baseline (Functional
Imaging Laboratory at University College London, Oxford Centre for Human Brain Activity in University of
Oxford, York Neuroimaging Centre at University of York, and MRC Cognition and Brain Sciences Unit at the
University of Cambridge) using three types MEG scanners (CTF/VSM Omega 275, Elekta Vector View 306
and 4D Magnes 3600). Nine participants had a repeat E/MEG scan 6 months later.

Participants were seated in a magnetically shielded room and positioned under the MEG scanner in the
upright position. EOG and ECG electrodes were used where available, plus head position indicator coils.
For coregistration of the participant’s T1-weighted MRI scan to the MEG sensors, three fiducial points
(nasion, left and right pre-auricular) and head surface points were digitized using Polhemus digitization.
Simultaneous E/MEG was recorded continuously at 1000 Hz.

2.4. PET and MR

All PET scans were acquired at Imanova. MR scans were acquired at the Cambridge, Oxford and London
sites, using Siemens 3T Trio with a 32-channel phased array head coil. 1 mm isotropic whole-brain
structural 3D T1-weighted MPRAGE images were acquired using Tl = 880 ms, TR = 2000 ms, and FA = 8°
with a parallel imaging factor of 2. Two dynamic PET scans for AB and Tau were acquired on separate days.
Participants were injected an intravenous bolus of [*¥F]AV1451 (120 min, 163 + 10 MBq) and [*8F]AV45
tracers (60 min, 150 + 24 MBq) for Tau and AR respectively. A low dose CT scan immediately before each
PET scan was used to estimate attenuation. The scans were acquired on Siemens PET/CT scanners (either
Hi-Rez Biograph 6 or Biograph 6 TruePoint with TrueV, Siemens Healthcare, Erlangen, Germany). Dynamic
images were reconstructed using a 2D Filtered Back Projection (FBP) algorithm resultingin a 128 x 128
matrix with 2 mm isotropic voxels. Corrections were applied for attenuation, randoms, scatter, and tracer
radioactive decay.

Summary steps of the PET and MR preprocessing are given in Fig 1A (Firouzian et al., 2018). PET and MR
imaging processing was performed using MIAKAT™ (www.miakat.org). Each participant’s whole brain was
extracted using the FMRIB software library (FSL) (Jenkinson et al., 2012), brain extraction tool (Smith,
2002) and the corresponding grey matter probability maps were created using SPM5

(www. fil.ion.ucl.ac.uk/spm). Further, dynamic PET data were corrected for motion. Regional time activity
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curves (TACs) were generated using the atlas and dynamic PET images. The simplified reference tissue
model (SRTM) with cerebellar grey matter as a reference region were applied to the regional TACs to
estimate the non-displaceable binding potential (BPnp) used to quantify the amount of tracer binding to
the target proteins. The resulting BPnp maps were coregistered to participant’s T1-weighted MRI scan. To
correct for the partial volume effects, the Muller-Gartner method was applied voxel-wise, which employs a
3-compartment model of the brain (i.e. white matter, grey matter and CSF tissue maps), as implemented
in the PETPVE12 toolbox (Gonzalez-Escamilla et al., 2017). MR images and corrected PET images were
normalized and resliced to match the atlas dimensions and resolution (1 mm isotropic). Current analysis
focused on cortical Tau burden only.

A  E/MEG PET/MR Fig 1. Details of the analysis
Preprocessing and | : )
ba?md-pass fﬁter ‘ Attenuation correction| A. Pipeline showing the steps of
V E/MEG and PET/MR processing
Source localisation Whole brain extraction ’e“d’”Q up to the.graph theoretica/
| 7 analysis. B. Alzheimer’s disease
Eigenvariate e e — re/ateof ROls useq in the regional
computation | analysis, subcortical areas not
¥ shown. Key: SRTM, simplified
Symmetric | SRTM and Logan reference tissue model; PVC, partial
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2.5. E/MEG preprocessing and source localization

The raw MEG data acquired through Elekta scanners were pre-processed using MaxFilter 2.2 (Elekta Oy).
Maxfiltering included detection and interpolation of bad sensors, signal space separation to remove
external noise from the data and head movement correction. MEG data acquired through the CTF system
were analyzed as third order synthetic gradiometers. Cardiac and blink artefacts were removed using an
independent component analysis with 800 maximum steps and 64 principal components via the EEGLAB
toolbox (Delorme and Makeig, 2004). On average 1.36 blink components (SD = 0.95) and 0.8 cardiac
components (SD = 0.41) were removed. Summary steps of the E/MEG preprocessing are given in Fig 1A.

Data were further processed in SPM12 (www.fil.ion.ucl.ac.uk/spm). Data were bandpass filtered to five
frequency bands of interest using fifth-order Butterworth filters: delta (0.1-4 Hz), theta (4-8 Hz), alpha (8-
12 Hz), beta (12-30 Hz), and gamma (30-100 Hz). Data in the gamma band were further notch filtered to
remove line noise. The continuous data were epoched into 4s long consecutive segments, resulting in
approximately 75 epochs per participant. These segments were visually inspected for any remaining
artefacts (e.g. motor) and bad channels and trials were removed. On average 5.46 (SD = 7.39) trials and
2.25 channels (SD = 2.75) were removed per participant. Data were then downsampled to 200 Hz.

The E/MEG data were source localized using all sensor types (Henson et al., 2009). The source space was

modelled with a medium sized cortical mesh consisting of 8196 vertices via inverse normalization of SPM’s
canonical meshes. Sensor positions were coregistered to the native T1-weighted MPRAGE scans using the
fiducial and head shape points. Single shell and BEM models were used for forward modelling of MEG and
EEG data respectively. Total power (induced and evoked)was estimated over the trials using the minimum
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norm estimate solution (R? model fit: M = 91.49; SD = 6.56). Across all participants, the two visits and the
frequency bands, five inversions showed R? lower than 80%, and were excluded from the following
analyses.

2.7. Graph theoretical analysis

A cortical graph was based on the Harvard Oxford atlas (HO) thresholded at 25%, with 98 cortical parcels
including the hippocampi. The data were extracted from all the vertices that constitute each parcel, and
their first eigenvariate was computed. Multivariate leakage correction method was applied that removes
the zero lag effects across all parcels using symmetric orthogonalization (Colclough et al., 2015), allowing a
more accurate estimation of functional dependencies. The Hilbert envelope of each parcel’s time series
was computed to extract the analytic signal, and epochs were concatenated. Pairwise functional
connectivity between parcels was computed using amplitude envelope correlations (AEC), which was
previously shown to be the most consistent network connectivity estimate at the group level (Colclough et
al., 2016). The AEC of every pair of parcels formed the association matrices.

Choices of the analysis parameters were made based on test-retest reliability outcomes. The association
matrices were thresholded at 25% density. This threshold was chosen because reliability of the metrics at
low sparsities (< 10%) is low: networks get fractured and disconnected (Dennis et al., 2012). Reliability of
the metrics is improved at higher densities (Braun et al., 2012), and have been shown to be stable
between sparsities of 0.2 to 0.3, with a sharp drop in reliability above 0.3 (Dennis et al., 2012). We opted
for thresholded weighted graphs as they generate more stable measurements compared to binarized
graphs (Wang et al., 2011). Graph metrics were then calculated on the weighted association matrices
using the Brain Connectivity Toolbox (Rubinov and Sporns, 2010) in Matlab 2017a (The Mathworks Inc.,
2017). We use four metrics to capture essential global and local characteristics of the network
communication at the nodal level. Metrics were computed for each of 98 nodes, five frequency bands and
12 participants, then normalized against 500 random graphs with equivalent degree.

(1) Eigenvector centrality is an extension of degree centrality. Degree centrality measures how many links
connect with a node, giving equivalent weights to links coming from each connecting node. Eigenvector
centrality is a meta-metric that quantifies the functional influence of a node on every other node in the
graph, by weighting the importance of each nodal connection based on the influence of the nodes with
which they connect. It is measured as the first eigenvector of the adjacency matrix corresponding to the
largest eigenvalue (Bonacich, 1972).

(2) Clustering coefficient is the fraction of triangular connections formed by a node with other nodes. A
node is strongly clustered if a large proportion of its neighbors are neighbors of each other. Since nodes
that have high local clustering are also well connected locally, this measure captures local efficiency of
information transfer.

(3) Eccentricity is defined as the longest distance between a node and any other node in the network. It is
a nodal measure of global efficiency, reflecting long-range efficiency of information transfer and network
integration, where high values of eccentricity indicate low global efficiency of communication.

(4) Participation coefficient reflects the diversity of nodes’ intermodular connections (i.e. connectivity to
multiple functional modules), and is computed using the Louvain community detection algorithm (Blondel
et al., 2008). Participation coefficient captures the segregation of functional networks, where a high
participation coefficient would indicate connectivity to a high number of segregated functional modules.
Modular networks maintain a balance between functionally specialized modules that have high within and
between-module connectivity. Because of this fine balance, higher participation coefficient values does
not necessarily correspond to better modularity; they could reflect a breakdown of functional segregation.

2.8. ROI selection

ROl selection was based on brain regions widely reported to accumulate neurofibrillary tangles and show
atrophy in early stages of Alzheimer’s disease including Braak areas (Braak et al., 2006; Jack et al., 2018;
Johnson et al., 2016; Ossenkoppele et al., 2016). ROIs consisted of hippocampus, entorhinal cortex,
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parahippocampal gyrus, angular gyrus, supramarginal gyrus, posterior and temporo-occipital middle and
inferior temporal gyri, anterior and posterior fusiform cortex, precuneus, posterior cingulate gyrus, middle
and superior frontal gyri and orbitofrontal cortex bilaterally.

2.9. Correlations and statistical analysis

We tested the relationship between the network properties and Tau burden both at the lobar level and at
the level of the above ROls. Metrics calculated for each participant were partially correlated with the Tau
burden at each parcellation using Pearson’s correlations, whilst controlling for participants’ age. The nodes
were grouped into five functional areas (i.e. lobes): frontal, temporal, parietal, occipital and limbic areas.
To test changes at the lobe level, the correlation coefficients extracted from the nodes from each
functional area were Fisher z-transformed then tested using one sample t-tests.

Finally, to explore longitudinal changes in network function, the differences in connectivity and graph
metrics for the lobes and ROIs were compared between the baseline and 6-month visit using paired t-
tests. In addition, to quantify the relationship between the longitudinal changes and Tau pathology, we
correlated the Tau burden with these changes in connectivity. The resulting p values were corrected for
multiple comparisons of metrics, bands and lobes, using false discovery rate at 0.05. The graph metrics in
the MNI space were back-projected onto the canonical Freesurfer cortical surface for ease of visualization
using the MNI2FS toolbox (https://github.com/dprice80/mni2fs).

3. Results

3.1. Tau deposition and connectivity

All participants showed the typical widespread bilateral Tau deposition (Passamonti et al., 2017; Scholl et
al., 2016). Fig 2A shows [*8F]AV1451 BPnp maps across participants, with highest levels at the precuneus,
posterior cingulate, posterior middle temporal, anterior fusiform, inferior parietal lobules, and the
putamen. Fig 2B shows the [*8F]AV1451 BPyp binding for each participant, ordered from left to right in
decreasing MMSE scores. Fig 2C displays the mean degree maps at the baseline visit, across the frequency
bands. The maps were visualized using the BrainNet Viewer (www.nitrc.org/projects/bnv). There was
strong connectivity between frontal, temporal and limbic nodes, and strong connectivity within occipital
and parietal nodes.

3.2. Impact of Tau burden on network properties

Participation coefficient was significantly related to the Tau deposition in delta, theta, alpha and beta
bands. Fig 3A shows the back-projected participation coefficient values at each node onto the cortical
surface across five frequency bands. The values are thresholded for each frequency band to allow better
visualization of cortical distribution. We find the highest values around the frontal, posterior temporal
lobes as well as posterior cingulate gyrus and precuneus indicating that these areas have higher number of
connections to functional modules in lower frequency bands. Fig 4A displays the distribution of correlation
values between participation coefficient and Tau within functional lobes. The results of the lobar level
correlations of the metrics with Tau are given in Table 1.

We found contrasting patterns between functional involvement and segregation with Tau across
functional lobes. The participation coefficient in the frontal, limbic and temporal lobes showed a positive
relationship with Tau burden, where this effect was stronger for lower frequency bands, suggesting
increases in involvement of nodes in multiple functional modules, i.e. decreases in functional segregation
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Fig 2. [18F] AV1451 binding maps and connectivity patterns.

A. Map of tau deposition overlap across the participants, measured as the [18F]JAV1451 non-displaceable binding potential
where lighter colors indicate higher Tau burden across the sample. The map shows the characteristic AD tau distribution that
spreads over temporoparietal, posterior medial and superior frontal areas bilaterally. Strongest overlap is observed around
the precuneus, angular gyri, posterior middle temporal, and inferior temporal areas. B. Tau deposition maps of individual
participants ordered by decreasing MMSE scores, displaying the left lateral and medial views. C. Degree maps displaying the
mean connectivity patterns across five frequency bands on left lateral and medial surfaces. Connections are thresholded to
display the strongest 10% for ease of visualization. Increasing node size and edge thickness indicate higher degree and
stronger connectivity respectively. Note that the connectivity patterns across the bands largely overlap where the strongest
connections are between the temporal nodes and the frontal and limbic nodes. Occipital nodes show strong within lobe, but
weak between lobe connectivity. Parietal nodes show weak connectivity both within and between lobes.

of the cortex. We found the opposite pattern in the occipital and parietal nodes being stronger in higher
frequency bands. Decreases in participation coefficient in these lobes indicate an increasing isolation from
remaining functional networks in the brain. The ROl analysis results given in Table 2 corroborate this
pattern and reveal that the strongest effects in participation coefficient among the Alzheimer’s ROls are
observed in the entorhinal and parahippocampal cortices.

The eigenvector centrality captured a node’s central influence in communication between other central
nodes. The values were higher for lower frequencies especially around bilateral middle and superior
frontal as well as posterior temporal and cingulate and precuneus. We found significant effects (Table 1) in
theta, alpha and beta bands (Fig 4B), with similar patterns of decreasing and increasing centrality in the
occipital and temporal nodes respectively with increasing Tau levels. Regional analysis revealed (Table 2)
positive correlations in the frontal nodes. However, in the absence of lobar level results, these effects
indicate that the centrality changes in the frontal lobe are focal.
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Fig 3. Distribution of normalized graph metrics across the cortex and frequency bands

3D back-projections of the graph metrics onto the left lateral and medial cortical surfaces, going from gamma down to delta
band. The scales are adjusted for each metric to allow better visualization of differences in cortical distribution. (A)
Participation coefficient and (B) eigenvector centrality are higher for lower frequency bands. Their distribution is overlapping
and concentrated around frontal, inferior parietal areas and precuneus. However, the efficiency measures (C-D), display
higher values for higher frequency bands, suggesting that local and global efficiency are disrupted more strongly in lower and
higher frequency bands respectively. Key: y, gamma; 8, beta, a, alpha; U, theta; 6, delta band

Fig 4. Lobar level correlations between

A Participation coefficient B Eigenvector centrality etrics ond Tou burden
all  fro lim occ par tem _all fro lim occ par tem
1 1 Violin plots displaying the distribution of r
o ur values across parcels and frequency bands,
clustered by functional lobes. Red line
1 indicates r=0. Black lines indicate the mean.
17 Correlations that were significantly different
than zero after FDR correction are displayed
Br in purple. A. Participation coefficient
correlations. Note consistent positive
-1 correlations of tau with the frontal, limbic
1 and temporal nodes, and negative
ar * ar correlations with the occipital and parietal
nodes, indicating widespread changes in
1] 1] functional specificity and segregation. B.
17 17 Eigenvector centrality correlations. Between
theta and beta bands, the centrality of
Or or temporal and parietal nodes increases with
increasing tau deposition, whereas occipital
-%z ’%z nodes are shown to have decreasing central
‘ * | * role in communication. Key: all, whole brain;
S5 ’;‘ 5 fro, frontal, lim, limbic; occ, occipital; par,
parietal; tem, temporal; r, Pearson’s r; y,
1 1 gamma, 6, beta, a, alpha; U, theta, 6, delta
band.

Clustering coefficient values displayed in Fig 3C were higher for high frequency bands, observed in the
bilateral middle and superior frontal gyri, temporal poles and middle temporal gyri. In contrast to our
predictions, correlations of clustering coefficient with Tau (see Supplementary information) were modest
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and restricted to the occipital nodes (Table 1). Regional analyses revealed a negative relationship in the
temporal and limbic regions but a positive relationship in the frontal regions (Table 2). In the absence of
strong lobar level effects, these results indicate that Tau-related clustering changes are more focal.

Finally, Fig 3D shows the back-projections of the eccentricity values on the cortex. We found a positive
relationship between eccentricity and Tau in the temporal nodes solely in the gamma band, i.e. decreased
global efficiency. Regional analyses further added negative correlations in the orbitofrontal and entorhinal
cortex.

Table 1. Lobar level analysis results across metrics and bands

Metric-Band-Lobe M SD df t Pun Prar
Participation Coefficient
Beta
Occipital -0.28 0.34 17 -3.31 0.004 0.027
Parietal -0.39 0.35 13 -3.78 0.002 0.021
Temporal 0.16 0.23 29 3.87 <0.001 0.007
Alpha
Frontal 0.22 0.32 21 3.08 0.006 0.035
Limbic 0.27 0.26 13 3.67 0.003 0.023
Occipital -0.23 0.26 17 -3.58 0.002 0.021
Parietal -0.20 0.24 13 -2.96 0.011 0.060
Theta
Temporal 0.28 0.29 29 5.05 <0.001 <0.001
Whole brain 0.13 0.41 97 391 <0.001  <0.003
Delta
Frontal 0.24 0.34 21 3.24 0.004 0.027
Temporal 0.35 0.31 29 5.70 <0.001 <0.001
Whole Brain 0.12 0.41 97 2.97 0.004 0.027
Eigenvector centrality
Beta
Occipital -0.32 0.29 17 -4.70 <0.001 0.003
Temporal 0.20 0.28 29 391 <0.001 0.007
Alpha
Occipital -0.24 0.24 17 -4.17 <0.001 0.008
Temporal 0.21 0.24 29 4.69 <0.001 0.001
Theta
Parietal 0.14 0.26 13 3.12 0.008 0.046
Temporal 0.20 0.28 29 3.74 <0.001 0.008
Whole brain 0.11 0.33 97 3.06 0.002 0.023
Clustering coefficient
Alpha
Occipital 0.19 0.25 17 3.09 0.006 0.039
Eccentricity
Gamma
Temporal 0.38 0.39 29 4.89 <0.001 0.001
Whole brain 0.20 0.40 97 5.03 <0.001 <0.001

P values were corrected for multiple comparisons using false discovery rate.
Key: pun, uncorrected p value; psa;, false discovery rate corrected p value.

3.3. Longitudinal changes in network properties and connectivity

The connectivity changes within the lobes, connectivity of each ROl with the remaining Alzheimer’s ROls
(i.e. 31 nodes) displayed only subtle changes in magnitude and were not significant at the corrected level.
At the lobar level only one effect survived the FDR correction. The frontal participation coefficient in the
gamma band showed significant increases over 6 months (t(11) = -2.86; pu,» = 0.009; pssr = 0.036).

ROl analyses showed significant results for eccentricity and eigenvector centrality metrics longitudinally.
Eccentricity showed increases in 6 months period in the left posterior middle temporal gyrus in the gamma
band (t(11) = -3.02; pu» = 0.007; pssr = 0.035), providing evidence for further decreases in long range
efficiency of gamma synchrony. We found significant decreases in node centrality as measured by the
eigenvector centrality in left precuneus (t(11) = 3.57; pun = 0.003; pss- = 0.013) and posterior middle
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temporal gyrus (t(11) = 3.18; pun = 0.006; psgr = 0.029) and a marginal effect in the left angular gyrus (¢(11)
=2.83; pun = 0.012; ps4r = 0.060) all in delta band. These eigenvector centrality results complement the
negative correlations shown for eigenvector centrality-Tau in the parietal nodes.

Table 2. Regional analysis results

Metric-Band-RO! r Pun Prdr
Participation coefficient
Gamma
L pos temporal fusiform gyrus 0.75 0.008 0.031
Beta
R entorhinal cortex 0.85 >0.001 0.003
L parahippocampal cortex 0.81 0.003 0.011
R precuneus -0.76 0.007 0.028
Alpha
L orbitofrontal cortex 0.76 0.007 0.027
Delta
R pos temporal fusiform gyrus 0.85 0.006 0.026
Eigenvector centrality
Gamma
R superior frontal gyrus 0.74 0.008 0.034
R middle frontal gyrus 0.80 0.003 0.013
Beta
R entorhinal cortex -0.69 0.017 0.035
Delta
R pos supramarginal gyrus -0.81 0.015 0.042
Clustering coefficient
Gamma
L inferior temporo-occipital gyrus 0.76 0.006 0.025
R angular gyrus -0.83 0.001 0.006
R middle frontal gyrus 0.75 0.008 0.016
L superior frontal gyrus 0.72 0.012 0.049
Beta
R entorhinal cortex -0.69 0.017 0.035
Alpha
L parahippocampal cortex -0.75 0.008 0.032
Delta
R pos supramarginal gyrus -0.78 0.021 0.042
R inferior temporal gyrus -0.83 0.011 0.046
Eccentricity
Gamma
R pos inferior temporal gyrus 0.81 0.007 0.031
R pos temporal fusiform gyrus 0.86 0.003 0.012
R ant temporal fusiform gyrus 0.79 0.010 0.042
R orbitofrontal cortex 0.79 0.011 0.045
R entorhinal cortex 0.77 0.014 0.056
L pos inferior temporal gyrus 0.72 0.028 0.056

P values were corrected for multiple comparisons using false discovery rate.
Key: pun, uncorrected p value; psa, false discovery rate corrected p value; R, right; L, left; pos, posterior; ant, anterior.

3.4. Tau-related rates of change in networks

We further tested the relationship between the connectivity and graph metric changes over time and the
baseline Tau burden. Negative and positive correlations indicate overall patterns of increases and
decreases in measurements over a 6 months’ period in relation to the participants’ Tau levels at the
baseline visit. The change in delta connectivity between temporal and frontal (ra=-0.85; pu, = 0.016; psr =
0.018), limbic (r = -0.85; pun = 0.015; pssr = 0.018), occipital (ra=-0.84; pun = 0.017; psr = 0.018), and
parietal (ra=-0.85; pun = 0.015; prs- =0.018) lobes, as well as within the temporal lobe itself (ra=-0.84; pun
=0.018; prar = 0.018), significantly correlated with the mean Tau burden in the temporal lobe. We then
focused on the correlations at the ROl level. The delta band connectivity changes of the right entorhinal
cortex (ra=-0.94; pu, = 0.002; psr = 0.008), posterior temporal fusiform cortex (ra=-0.90; pun = 0.005; pyar
=0.025), and posterior inferior temporal gyrus (ra=-0.91; pun» = 0.004; ps4- = 0.021) with the remaining

Page 11 of 19


https://doi.org/10.1101/524355
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/524355; this version posted January 18, 2019. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

TAU BURDEN AND SYNAPTIC HEALTH

ROIs was significantly related to their Tau burden. Further, in the theta band the right temporo-occipital
inferior temporal gyrus showed significant correlations (ra=-0.85; pu» = 0.007; psr = 0.036).

We did not find any significant correlations of the graph metrics at the lobe level, indicating that Tau
related rate of change in metrics is not equally distributed across the functional lobes. However, we found
significant correlations among the ROls. The change in participation coefficient related to the Tau burden
in the right superior frontal gyrus (ra= 0.91; pu» = 0.004; psyr = 0.044) in the delta band, suggesting a
decrease in functional involvement. Eigenvector centrality showed effects in the delta and beta bands. In
the delta band left middle frontal gyrus (ra=0.93; pun» = 0.002; ps4r = 0.045) and in the beta band the left
posterior temporal fusiform cortex (ra=0.89; pu» = 0.001; psr = 0.025) showed a significant effect,
indicating decreases in their centrality in information transfer between important nodes. Clustering
coefficient rate of change significantly related to Tau in the right superior frontal gyrus (ra=-0.91; pun =
0.004; ps4- = 0.044) in the delta band, suggesting an increase in the local efficiency of information transfer
to the baseline Tau burden. We did not find significant relationship between rate of change in eccentricity
and the baseline Tau.

4. Discussion

In this study, we investigated the impact of Tau burden on neurophysiological network properties as
captured by E/MEG, and the effectiveness of these biomarkers to track short-term disease progression in
early Alzheimer’s disease. We demonstrated that the segregation of functional brain networks and the
functional influence of regions exerted on the remaining network were modulated as a function of Tau
burden, leading to an increasingly fragmented network. Secondly, we showed that Tau burden disrupts
global more than local efficiency of information transfer. We finally report key regions that display greatest
shifts in network properties in 6 months and in relation to the Tau burden: including middle temporal and
angular gyri, superior frontal gyri and precuneus. Our findings provide support for neurophysiological
biomarkers in experimental medicines studies or early phase trials in Alzheimer’s disease.

In line with our predictions, the analysis showed Tau-related increases in participation coefficient in the
frontal, limbic and temporal lobes at lower frequencies (delta and theta bands). This is in agreement with
previous studies focusing on the mild cognitive impairment and Alzheimer’s disease patients that report
increases in functional modules in the delta and theta bands (de Haan et al., 2012a), and increased global
participation in fMRI (Cope et al., 2018). Increases in participation coefficient suggest an increased
involvement in functional modules. A healthy profile of functional involvement, hinges on a fine balance
between inter- and intra-modular communication, where the breakdown of this profile could be a result of
either a sub-optimal increase (i.e. disruption of segregation), or decrease (i.e. isolation) of functional
involvement. Thus, widespread increases in participation coefficient suggest disruptions in functional
segregation and sub-optimal network processing. We found the opposite pattern in the parietal and
occipital lobes, which indicates a disruption of their multi-module connectivity and increasing isolation as
the pathology progressed. This interpretation is in line with the findings of a large scale MR study by Brier
and colleagues (2014) which showed decreasing participation coefficient and inter-modular connectivity in
the frontal, occipital and parietal regions in mild cognitive impairment and Alzheimer’s disease patients
compared to controls. Similarly, in a hidden markov modeling analysis, the posterior default mode network
of Alzheimer’s patients, consisting of precuneus and posterior cingulate cortex, was visited less often and
for shorter periods (Sitnikova et al., 2018).

The eigenvector centrality results complemented the participation coefficient results showing Tau-related
decreases of the occipital nodes and increases of the temporal and frontal nodes. This fronto-occipital
pattern has been recently reported using fMRI, related to the CSF p-Tau level as well as patients” MMSE
scores (Binnewijzend et al., 2014; Cope et al., 2018). Similarly, the glucose metabolism in the occipital
areas of the ApoE4 carriers gets reduced (Ossenkoppele et al., 2013). Synchronization likelihood of the
occipital areas decrease whereas a increase is observed among the frontal nodes (Sanz-Arigita et al.,
2010). Complementary to what we found for participation coefficient, these results suggest a shift towards
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an increasingly fragmented network where frontal and temporal nodes become more influential and
involved in information transfer, whereas parietal and occipital nodes get further disconnected and
isolated.

Eccentricity showed strong disruptions among the temporal nodes in the highest frequencies (gamma
band), suggesting an impairment in global efficiency of feed-forward information transfer. These findings
are consistent with previous reports showing increases in the global characteristic path length (Zhao et al.,
2012) with decreasing MMSE scores (Stam et al., 2006), and decreases in global efficiency and connectivity
between long-distance hubs (Li et al., 2013; Liu et al., 2014). Long range gamma synchrony is thought to be
a fundamental function of the brain serving to integrate information processed in-tandem across regions
in a network (Basar-Eroglu et al., 1996). Synchronization of processing in the gamma band exists both
locally and across long distances in the cortex even with zero lag delays (Rodriguez et al., 1999; Singer,
1999). Previous studies reported widespread loss of long-range gamma synchrony in humans (Koenig et
al., 2005; Stam et al., 2002) and tau mediated network instability in gamma band in mouse models of
Alzheimer’s disease (Verret et al., 2012). We speculate that the effect in the gamma band results from the
degeneration of cholinergic projections and impaired muscarinic reception function, which enhance
gamma frequencies in the healthy brain (Rodriguez et al., 2004).

The secondary aim of the study was to assess and quantify changes that occur over 6 months. Changes in
such a short period could aid evaluation and fast turnover of experimental drugs for Alzheimer’s disease.
Among our four network metrics, all but clustering coefficient showed significant changes in 6 months,
where we observed largest changes for the eigenvector centrality. Eigenvector centrality showed
decreases in the precuneus, middle temporal gyrus and marginally in the angular gyrus in the delta band,
indicating decreases of functional influence over other nodes in the network. In line with the lobar level
findings, we found further decreases in global efficiency, in the posterior middle temporal gyrus in gamma
band. Finally, in contrast to the widespread effects at the lobar level, participation coefficient displayed
modest increases in the gamma band only in the frontal lobe. Among the four metrics, only two (i.e.
eigenvector centrality and eccentricity) showed direct relationship to the local tau burden, whilst capturing
short-term changes in network functioning. This analysis also highlighted key regions that show faster
rates of change in their network properties over 6 months. We found that the network properties changed
faster in the precuneus, inferior parietal lobule, and the middle temporal gyrus compared to the rest of
the network. This could be attributed to their faster rates of Tau accumulation (Ishiki et al., 2015) and of
cortical thinning observed for the mild cognitive impairment patients converting to Alzheimer’s disease
and Alzheimer’s patients (Li et al., 2012).

The rate of change of connectivity related to Tau burden at baseline. The temporal Tau levels at baseline
were linked to increased delta connectivity of the temporal lobe with the remaining network as well as
within itself. Similarly, at the ROl level, we found increases in delta and theta connectivity of the
entorhinal, inferior temporal and fusiform areas with the remaining network. These results are
complementary to reported increases in delta and theta synchrony (Babiloni et al., 2004; Poza et al.,
2008), where the slowing of frequencies was related to the white matter atrophy (Babiloni et al., 2006)
and progression from mild cognitive impairment to Alzheimer’s disease (Babiloni et al., 2010; Huang et al.,
2000; Jelic et al., 2000). Compared to Alzheimer’s patients who are either €2 or €3 carriers, €4 carriers
display longitudinal increases in delta and theta power (Lehtovirta et al., 1996). This slowing could be
linked to the impairments in cholinergic-muscarinic transmission which causes decreases in gamma, and
increases in resting delta and theta power (Bosboom et al., 2009).

We predicted that two measures of efficiency, clustering coefficient and eccentricity would display
widespread disruptions in relation to Tau accumulation. In contrast to our predictions, we found focal
effects for the clustering coefficient. The reports on local efficiency changes in Alzheimer’s disease
measured by the clustering coefficient are mixed. Some reported decreases pronounced in the
hippocampi (Supekar et al., 2008), and in the alpha and beta bands (de Haan et al., 2009), which relate to
the positive biomarker status of the patients (Brier et al., 2014). Others showed increases in the delta and
alpha bands (Buldu et al., 2011; Vecchio et al., 2014; Zhao et al., 2012), or reported that the clustering

Page 13 of 19


https://doi.org/10.1101/524355
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/524355; this version posted January 18, 2019. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

TAU BURDEN AND SYNAPTIC HEALTH

remains relatively spared in disease progression (Cope et al., 2018; Stam et al., 2006). Our regional
analyses showed a Tau related negative pattern in medial temporal and inferior parietal areas, and a
positive pattern in the middle frontal and temporo-occipital areas. The areas showing a reduction in
clustering were entorhinal, parahippocampal cortex and angular and supramarginal gyri which accumulate
Tau earlier in disease. We attribute this pattern to a non-linear impact of tau on local clustering; i.e. as Tau
builds up, the clustering initially increases followed by a decrease, which could additionally explain the
abundant contradicting findings in the literature.

E/MEG has been widely utilized in network research. Its use historically originates from the field of
epilepsy, however now it is used for in-depth understanding of neurophysiological underpinnings of the
fundamental brain processes and their dysfunction. Despite its lower spatial resolution compared to MR
and PET, E/MEG remains the only scanner that can directly measure activity produced by neuronal
populations, and it does so at the brain’s inherent speed, i.e. the millisecond time resolution. This fast
capture allows us to see transient patterns of brain activity invisible to slower scanners such as MR.
Moreover, it allows investigations of brain activity patterns, spread across different frequency bands. The
current analysis similarly demonstrates this multi-faceted nature of neurophysiology, i.e. how connectivity
patterns and network metrics behave differently to low versus high frequency bands. The information
embedded in different frequencies could be valuable in detecting disorders, where neuronal populations
show impaired functions such as in neurodegenerative disorders.

When EEG and MEG are combined, they could capture the brain activity originating from both radial and
tangential orientations brain tissue. Since the sensors are outside the head, the signal to noise ratio
decreases as the distance between the sensors and the electrical source in the brain increases. This makes
the signals estimated from subcortical nuclei and ventral areas weaker compared to more lateral and
superficial sources. However, the current results indicate that despite having lower signal to noise and
weaker amplitudes, we are able to capture patterns of brain activity in deeper sources even with a small
sample of participants.

Due to the small sample size of the pilot study and the absence of data from healthy controls, we have
adopted an exploratory correlational approach between the Tau burden and neurophysiological metrics.
However, future confirmatory studies could increase the number of patients and include data from
matched healthy participants. Similarly, acquiring Tau PET at two time points, and relating changes in
longitudinal Tau PET to the changes in longitudinal graph metrics, would strengthen the findings.

5. Conclusions

Our findings provide the first evidence that Tau pathology disrupts human brain network connectivity. This
may be due to synaptic dysfunction as shown in animal models, or additionally from somatic and axonal
deficits. In early Alzheimer’s disease with increasing Tau burden, the brain shifts towards a fragmented
network where fronto-temporal areas became crucial for information transfer, and parietal and occipital
areas get further disconnected from the remaining network. Whilst we observe modest local disruptions in
efficiency, Alzheimer’s disease displays a greater impact on long-range global efficiency of the temporal
areas. Since neurophysiological network biomarkers directly relate to Tau pathology, they could be utilized
as a non-invasive tool to track short term disease progression and the impact of disease modifying
therapies.
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