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Abstract

Recent findings in AD models but also human patients suggest that amyloid can cause intermittent neuronal hyperactivity. The
overall goal of this study was to use dynamic fMRI analysis combined with graph analysis to a) characterize the graph analytical
signature of two types of intermittent hyperactivity (spike-like (spike) and hypersynchronus-like (synchron)) in simulated data
and b) to attempt to identify one of these signatures in task-free fMRIs of cognitively intact subjects (CN) with or without
increased brain amyloid. The toolbox simtb was used to generate 33 data sets with 2 short spike events, 33 with 2 synchron and
33 baseline data sets. A combination of sliding windows, hierarchical cluster analysis and graph analysis was used to characterize
the spike and the synchron signature. Florbetapir-F18 PET and task-free 3 T fMRI was acquired in 49 CN (age=70.7 +6.4).
Processing the real data with the same approach as the simulated data identified phases whose graph analytical signature
resembled that of the synchron signature in the simulated data. The duration of these phases was positively correlated with
amyloid load (» =0.42, p <0.05) and negatively with memory performance (» =—0.43, p <0.05). In conclusion, amyloid
positivity is associated with intermittent hyperactivity that is caused by short phases of hypersynchronous activity. The negative
association with memory performance suggests that these disturbances have the potential to interfere with cognitive processes

and could lead to cognitive impairment if they become more frequent or more severe with increasing amyloid deposition.
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Introduction

Several recent task-free fMRI publications suggest that abnor-
mal functional connectivity might be one of the earliest man-
ifestations of amyloid positivity in cognitively intact subjects
(for example, Sheline et al. 2010; Brier et al. 2014; Wang et al.
2013; Sperling et al. 2009; Jack et al. 2013; Steininger et al.
2014). It is usually assumed that these connectivity distur-
bances are stable over time but recent findings suggest that
this assumption might not be entirely correct. Studies in ani-
mal models of Alzheimer’s disease (AD) but also in patients
suffering from familial AD for example found that high levels
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of amyloid and amyloid plaques can cause intermittent neu-
ronal hyperactivity (Born 2015; Stargardt et al. 2015). The
best documented type of hyperactivity are Intermittent epilep-
tic discharges that occur in animal models after amyloid ag-
gregation and can evolve in later stages into clinically mani-
fest seizures (Vossel et al. 2013, Mucke and Selkoe 2012,
Palop and Mucke 2010, Talantova et al. 2013, Busche et al.
2012, Greinberger et al. 2012, Palop et al. 2007; Sanchez et al.
2012). Only about 2% of the patients diagnosed with mild
cognitive impairment (MCI) or dementia due to sporadic
AD show overt epileptiform discharges during routine EEG
recordings (Liedorp et al. 2009). However, with prolonged
recordings that also include sleep phases it is possible to ob-
serve epileptiform activity in up to 60% of the MCI and in
about 20% of the AD patients (Vossel et al. 2016). In addition
to overt epileptiform discharges, recent findings in animal
studies suggest that oligomeric amyloid can cause at least
one other type of hyperactivity. This hyperactivity is charac-
terized by abnormal neuronal firing patterns caused by a
higher failure rate to transition into the relatively depolarized
state due to an abnormal synchronization of the inputs from
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the network of interacting neurons (Stern et al. 2004; Kellner
et al. 2014). These disturbances have been shown to be asso-
ciated with hyperexcitability and hypersynchrony at the wider
network level (Shah et al. 2016). One of the most interesting
characteristics is that they can already be observed before
pathological amyloid plaque aggregation and also before the
appearance of overt epileptiform activity (Stern et al. 2004;
Kellner et al. 2014; Shah et al. 2016). It is tempting to specu-
late that this type of activity could be responsible for the in-
termittent focal and/or diffuse hyperactivity, e.g., transient fo-
cal or widespread slow activity, that is found in 2045% of the
routine visual EEGs (Stomrud et al. 2010, Liedorp et al. 2009
and 2010) and the abnormal synchronization seen in quanti-
tative EEG analyses (Smailovic et al. 2017) in MCI and AD
patients. Complex interictal epileptiform discharges as well as
focal and diffuse hypersynchrony have been associated with
impaired cognitive performance (Kleen et al. 2013; Smits
et al. 2011) which raises the possibility that both types of
intermittent neuronal hyperactivity could have a negative im-
pact on cognition in the preclinical and clinical stages of AD.

The first goal of this study was to obtain evidence for the
existence of amyloid associated intermittent hyperactivity in
task-free fMRI of cognitively intact subjects with and without
increased brain amyloid. The traditional type of task-free anal-
ysis is based on the average connectivity across the whole
acquisition time. However, in diseases known or suspected
to be associated with intermittent or paroxysmal activity, these
events are likely to be cancelled out by the long phases of
physiological activity or cause unspecific connectivity distur-
bances. Therefore, a sliding windows approach, one of the
most common dynamic fMRI analysis techniques
(Hutchison et al. 2013), combined with a cluster analysis to
identify different activity states and graph analysis to describe
them was used in this study to capture the episodes of inter-
mittent hyperactivity. The second goal was to investigate the
relationship between these hyperactivity episodes and amy-
loid plaque load and cognition. The third and last goal was
to learn more about the nature of these hyperactivity episodes
by comparing their graph analytical features with those seen in
simulated resting state data in which short episodes of the two
types of amyloid associated hyperactivity discussed in the
previous paragraph, i.e., epileptiform and hypersynchrony,
had been modeled.

Materials and methods

Population

A total of 51 elderly (60 years and older), cognitively intact
subjects who were recruited from local Memory Clinics and

the community with flyers and advertisements in local news-
papers participated in this study. Exclusion criteria included
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any poorly controlled medical illness (untreated diabetes, hy-
pertension, thyroid disease) and/or use of medication or rec-
reational drugs that could affect brain function, a history of
brain trauma, brain surgery or evidence for ischemic events
(stroke but not white matter hyperintensities or small lacunes)
and skull defects on the MRI. Normal cognitive functioning
was assessed by a battery of standard tests. Mini Mental State
Examination (MMSE) and Clinical Dementia Rating (CDR)
were administered as a quick screening tool to identify poten-
tial MCI. The Wechsler Adult Intelligence Scale 11 (WAIS I1I,
digit symbol, matrix reasoning) and the Delis-Kaplan
Executive Function System (DKEF, trail making, verbal flu-
ency, design fluency) were used to assess different aspects of
global cognitive function. The California Verbal Learning Test
II (CVLT-II) was used to assess memory performance. From
this battery, three CVLT-II subtests, Immediate Recall
Discriminability, Short Free Discriminability and Delayed
Recall Discriminability, were chosen to assess the impact of
amyloid-associated hyperactivity on cognitive function be-
cause an association between these measures and brain struc-
ture had been in a previous study in this cohort (Mueller et al.
2011). Subjects were considered to be cognitively intact if
they had a MMSE > 26 and a CDR =0.0 and if they scored
within 1.5 SD on all other tests. All participants underwent
structural and functional imaging on a 3 T MRI and a
florbetapir F18 (Amyvid ™) PET exam to determine the am-
yloid beta plaque load. Two patients had imaging data of in-
sufficient quality and thus had to be excluded from the anal-
ysis, so that the final study population encompassed 49 sub-
jects (please see Table 1 for demographic details of the final
study population). The study was approved by the committees
of human research at the University of California, San
Francisco (UCSF) and VA Medical Center San Francisco,
and written informed consent was obtained from all subjects
according to the Declaration of Helsinki.

PET

Florbetapir F18 PET exams were acquired either at the VA
Medical Center, San Francisco on a GE Discovery 690 PET
scanner or at the China Basin Campus of the University of
California, San Francisco on a GE Discovery STE VCT PET
system. The participants were injected with 10 mCi
(370 MBq) of florbetapir followed by 10 min PET acquisition
50 min later. The images were reconstructed and normalized
to a florbetapir template on which several gray matter regions
of'interest known to be vulnerable to amyloid deposition in the
temporal and parietal lobes, precuneus and anterior and pos-
terior cingulate were labeled (Joshi et al. 2015). The mean
count from each of these regions was extracted and regional
Standard Uptake Value Ratios (SUVR) were calculated using
whole cerebellum as the reference region. The global SUVR
was calculated by averaging the SUVRs from the all cortical
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Table 1 Subject Characteristics
Amyloid negative Amyloid positive
n=30 n=19
Age 70.2 (6.3) 71.3 (6.5)
SUVR 1.02 (0.06) 1.24 (0.11)*
ApoE4 pos/neg 7/23 8/11
CDR 0.0 (0.00) 0.03 (0.12)
MMSE 29.8 (0.5) 29.6 (0.8)
CVLT-II immediate recall discriminability 2.3(0.4) 2.4 (0.7)
CVLT-II short free recall discriminability 2.6 (0.7) 2.5(0.9)
CVLT-II delayed recall discriminability 2.6 (0.7) 2.5(0.8)
DKEF Verbal Fluency 13.9 (3.33) 13.6 (3.3)
Digit Symbol 65.6 (17.1) 64.2 (13.7)
*p<0.5

labels. Participants with a global SUVR equal or higher than
1.10 were considered to be amyloid positive.

MR acquisition

All images were acquired on a Siemens Skyra 3 T MR system
equipped with a 20 channel receive coil. The following se-
quences were obtained as part of a larger research protocol. 1.
T1-weighted gradient echo MRI (MPRAGE) of entire brain,
TR/TE/TI=2300/2.96/1000 ms, 1.0 x 1.0 x 1.0 mm”® resolu-
tion, acquisition time = 5.30 min for tissue segmentation. 2.
PD/T2 weighted 2D turbo spin-echo sequence, TR =3210,
TE1/2=101/11 ms, 1.0 x 1.0 x 3.0 mm® resolution, acquisi-
tion time: 3.43 min, for co-registration between T1 and EPI
data. 3. 2D gradient echo EPI sequence TR/TE =3000/30 ms,
flip angle = 80, 2.5 x 2.5 x 3 mm resolution, no gaps, acquisi-
tion time = 8.00 min for dynamic task-free analysis. Subjects
were instructed to refrain from caffeinated beverages on the
day of the exam, to close their eyes and to relax but stay awake
and think of nothing in particular during the scan.

MR processing

SPM12 was used for the preprocessing of the structural and
fMRI data (www.fil.ion.ucl.ac.uk/spm/). The T2 weighted
image was co-registered to the T1 image. The T1 weighted
images were segmented into tissue categories and the gray
matter maps were warped onto a symmetrical gray matter atlas
in MNI space using SPM12’s DARTEL routine. The first 6
time frames were discarded to allow the MRI signal to achieve
T1 equilibrium. The remaining 154 timeframes/subject
underwent slice time correction, motion correction and re-
alignment onto a mean EPI image in the T1 space, spatial
normalization using the transformation matrices generated
by DARTEL during the warping of the gray matter maps onto
the gray matter template with re-sampling to a 1.5 % 1.5 x 1.
5 mm resolution. Framewise displacement (Power et al. 2012)

was used to assess the motion during the exam. There was no
significant difference between amyloid negative and amyloid
positive CN (0.255+0.119 vs. 0.2145+0.07, p = 0.19). Conn
17a (www.nitrec.org/projects/conn/, Whitfield-Gabrieli and
Nieto-Castagnon 2012) a SPM based toolbox for task and
task-free fMRI analysis was used for further processing in-
cluding linear detrending and band pass filtering (0.008-0.
09 Hz) with simultaneous denoising. The latter included the
aCompCorr routine to reduce the effects of physiological
noise (eroded white and csf maps,5 components each) and
motion regression (6 affine motion parameters and 6 first or-
der temporal derivatives). In addition to that, ART as imple-
mented in the conn preprocessing was used to identify
timeframes with extreme fluctuations of the global signal
(>z-score of 5) and/or motion exceeding a movement thresh-
old of 0.9 mm (motion outliers). Conn disregards these
timeframes during the denoising procedure but does not re-
move them and thus leaves the original time series intact. This
resulted not only in a more efficient denoising of non-motion
corrupted timeframes but also ensured that motion contami-
nated sections maintained the typical “motion signature” un-
altered and thus were assigned to “motion clusters” during the
next processing steps. No global signal removal was per-
formed since this is known to falsely increase anticorrelations
between time series (Murphy et al. 2009). The atlas of intrinsic
connectivity of homotopic areas (AICHA, Joliot et al. 2015,
cf. Fig. 1) consisting of 192 homotopic cortical, and subcorti-
cal region pairs was used to extract the mean time series and to
estimate the functional connectivity.

Simulated data

Simulated data to characterize the graph analytical signatures
of the two types of amyloid-associated hyperactivity
discussed in the introduction was generated with SimTB
(mialab.mrm.org/software/simtb, Erhardt et al. 2012).
SimTB uses a data generation model consistent with spatio-
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Real data parcellation: AICHA

Simulated data: Source map

bifrontal basal sources
bifronto-medial source
default mode network source
precuneus source
dorsal attention network
ipsilateral dorso-frontal source
. contralateral dorso-frontal source
. contralateral lateral temporal source
. contralateral hippocampus

Blue = CSF sources
Gray = WM sources

White = sources with random events only

Fig. 1 Left Side: SimTB simulation: The sources of the default SimTB
template that were used to model the two signals are highlighted in red
(ipsilateral) and orange (contralateral). SIimTB uses a data generation
model that is consistent with spatiotemporal separability, i.e. the activa-
tions are expressed as a linear combination of amplitude scaled and base-
line shifted time courses and spatial map sources. The connection be-
tween different spatial maps is determined by their closeness to each
other, i.e., long-distance correlations that are known to exist in real data
are not modeled. The localization of the spatial maps and their spatial
extent are slightly varied to introduce some variations between subjects
and Gaussian noise is added so that each subject spatial map is unique.

temporal separability, i.e., it simulates data as a product of
spatial maps and time courses. The SimTB standard template
with 30 partially overlapping spatial maps was used to model
task-free activity and task-free activity with short hyperactiv-
ity episodes (Fig. 1, please refer to legend for a summary how
the signal is modeled in SimTB). Except for the modifications
relating to the hyperactivity episodes, the parameters of the
experiment described in Erhardt et al. 2012 were used in this
study. Task-free data without episodes of the two amyloid
associated hyperactivity types (baseline) was simulated for
33 subjects, each with 30 sources or ROIs of which two were
allocated to CSF and two to white matter in a dataset of 148 x

148 voxels and 230 timepoints collected with a TR of 3 s. To
mimic the effect of mild motion, the sources of each subject
were allowed a translation up to max 0.02 of the entire image
length and a rotation of up to max 5 degree for each sample.
Unique events that occurred with a probability of 0.35 at each
TR for all sources were used to simulate BOLD signal fluctu-
ations in the absence of amyloid associated abnormalities.
Their amplitude was kept constant at 0.8 for tissue sources
and at 0.05 for the CSF sources. Amplitude and probability
of the unique events were determined by testing a range of
parameters (0.2—1 for amplitude and 0.2-0.4 for probability)
and choosing those that produced baseline data that showed
similar short spontaneous phases of mildly increased pos
strength/decreased neg strength after processing as those seen
in the data from amyloid neg CN (cf. Fig. 2). Two types of
amyloid associated hyperactivity episodes were evaluated: 1.
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The time courses were generated by adding amplitude scaled task/event
related and randomly occurring unique events and convolving it with a
canonical hemodynamic response function, scaling it to have a peak-to-
peak range of one and adding Gaussian noise. The resulting time courses
and the spatial maps scaled by component amplitudes are combined and
then scaled to a tissue weighted baseline to generate the no-noise data.
The final noise data is generated by adding motion and Rician noise.
Please see Erhardt et al. 2012 for details. Right side: AICHA (atlas of
intrinsic connectivity of homotopic areas) parcellation used to extract
BOLD signals in real data

Epileptiform or spike-like (spike). The effects of epileptiform
discharges on the BOLD signal have been intensively studied
in epilepsy patients who underwent simultaneous EEG re-
cordings to identify epochs with epileptiform activity. The
BOLD changes associated with the epileptic discharge appear
with a 4-6 s delay and last about 10 s. Initially, they are
typically positive and focal but can become widespread and
- if they involve the default network — negative in later phases.
In short, the isolated epileptogenic spike behaves in many
ways like a very short, albeit non-physiological activation task
with synchronized BOLD signal fluctuations over several
brain regions that will disrupt the typical task-free connectiv-
ity patterns in a complex way (Wennberg et al. 2011, Faizo
etal. 2014, Lopes et al. 2014, Liu et al. 2014, Kay et al. 2014,
Bai et al. 2011, Mishra et al. 2013). The spike signal was
therefore modeled as a short (<1TR) activation (linear convo-
lution with canonical hemodynamic response function) with
decaying amplitude that appeared first in the left hippocampus
source (amplitude 2.0) before spreading with a delay of 0.2 s
for each step to the ipsilateral temporal lobe (amplitude 2.0)
and thalamus (amplitude 1.8) sources, to the bi-frontal basal

Fig. 2 Examples positive (pos) and negative (neg) strength maps for P>
simulated data and real data. The x axis represents the regions of interest
(1-30 for simulated data, 1-384 for real data, The y-axis the represents
windows (1-214 for simulated data and 138 for real data). The window
during which the spike and hyper signal were modeled are indicated with
“spike” and “synchron”
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sources (amplitude 1.8) and fronto-medial source (amplitude
0.05), the dorsal attention network sources (amplitude 1.5)
and the frontal lateral sources (amplitude ipsilateral 1.8, con-
tralateral 1.5), the precuneus (amplitude 1.0) and DMN
sources (amplitude —1.0) and finally to the contralateral hip-
pocampus (amplitude 1.0) and temporal lobe source (ampli-
tude 1.0). The activity of the remaining sources was modeled
with randomly occurring unique events (probability: 0.35,
amplitude 0.8). The signal spread used in this simulation mim-
icked one of the possible propagation patterns seen in epileptic
discharges in temporal lobe epilepsy (TLE) to account for the
finding that epileptiform discharges in AD patients are pre-
dominantly observed in the temporal regions (Vossel et al.
2013). It has to be emphasized though that because of the
use of global strength fluctuations instead of source-wise or
ROI-wise fluctuations for the next processing steps, the order
of the spread or the sources used to model the signal does not
really matter. 2. Diffuse slowing or weak hypersynchrony-like
(synchron). In contrast to the BOLD signal of the epileptogen-
ic signal, there exists only one task-free fMRI study in an
animal model (Shah et al. 2016) that describes this abnormal-
ity as hypersynchronous event encompassing hippocampus
medial temporal structures, thalamus, DMN and cingulate.
The synchron activity was modeled as a short activation with
the same amplitude as the random signal (amplitude 0.8) that
occurred simultaneously in the same sources involved in gen-
erating the spike model. 66 data sets were simulated with these
parameters (33 with 2 spike-like 80 TR apart, i.e., between
windows 70-85 and 150-165, 33 with 2 synchron BOLD
signals 80 TR apart, i.e., between windows 70-85 and 150—
165). They were compared to the 33 simulated data sets with
baseline activity.

Variants of the two signals of interest were also explored
to investigate effects of spatial extent (number of sources
showing the signal), duration of the signal or occurrence of
both signal types in the same data set on the graph analyt-
ical signature. More restricted patterns, e.g. spike or
synchron phases restricted to one or two regions, did not
produces a signature that could reliably be observed with
the global approach used in this study and their appearance
in the strength maps was not consistent with the appearance
of a widespread disturbance observed in the strength map
of the real data. This was also the reason why the spike
signal was modeled as a widespread bilateral event that is
more commonly associated with epileptiform discharges in
primary generalized epilepsy although this type of wide-
spread discharge can also be observed in focal epilepsy (An
et al. 2015). More complex signals, e.g. longer spike or
synchron phases (3 TR instead of 1 TR), spikes with
shorter propagation times, synchron with propagation) typ-
ically resulted in more complex cluster patterns that were
not observed in the real data and thus also not further
explored.
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Dynamic functional connectivity analysis and graph analysis

A sliding windows approach was used to detect episodic hy-
peractivity in real data and the effects of the two simulated
hyperactivity types in simulated data. Based on observations
that robust estimations of the functional connectivity without
loss of potentially interesting fluctuations are possible with
window sizes around 30-60 s (Hutchison et al. 2013),a 45 s
window (15 timeframes) was chosen that was advanced with
increments of one TR along the artifact corrected time series
resulting in 138 windows/subject or 6762 windows for all 49
subjects and in 214 windows/subject or 7062 windows for
each of the three simulated data sets.

Graph analysis (Sporns et al. 2000) was used to character-
ize the interactions between the different ROIs in each win-
dow. Graph analysis describes a network as a system of nodes
and edges that connect nodes with similar properties. In terms
of in vivo imaging, nodes correspond to ROIs for which the
property of interest, e.g., mean time course of the BOLD sig-
nal in a RO], is known and the edges represent the strength of
the correlation between any two ROIs based on the similarity
of this property. The result is a correlation matrix that de-
scribes this relationship for every possible combination of
ROIs. Several graph analytical measures can be calculated to
further characterize the network. In this project measures for
modularity and centrality that allowed to investigate the dy-
namic behavior of fully connected matrices with positive and
negative correlations (https://sites.google.com/site/bctnet/
measures/, Rubinov and Sporns 2010, 2011) were chosen
since they are better suited to detect complex changes of
connectivity patterns than more traditional measures based
on sparse positive connections alone. Positive and negative
strength provide a measure of the intensity of the
correlations between a specific node with the other nodes in
the network and indicate if these connections are based more
on positive than negative correlations. The existence of
negative connections or anti-correlations in task-free data
had initially been questioned after it had been shown that
regressing out the global signal intensity introduced spurious
negative correlations (Murphy et al. 2009). However, since
then several studies that acquired EEG and fMRI data simul-
taneously provided support that negative correlations repre-
sent indeed a neurophysiological phenomenon (Carbonell
et al. 2014; Chai et al. 2012; Keller et al. 2013; Chang et al.
2013). Hyperactivity was expected to be associated with in-
creased positive strength and simultaneously decreased nega-
tive strength reflecting the more widespread than usual syn-
chronized (synchron) or near-synchronized (spike) activity.
Modules are groups of nodes or brain regions that share high
positive correlations between each other but mostly weak or
no connections with brain regions not belonging to this group.
The modularity algorithm (modularity finetune und sign
was applied 100 times to each window and the partition with
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the highest modularity Q* (average difference between within
module connection weights present and by chance expected
within module connection weights (cf. Rubinov and Sporns
2011 for details of the algorithm and definition of Q*) and
highest frequency was selected. Diversity finally provides in-
formation about the strength of the connections between
nodes within the same module compared to the strength of
connections to nodes from other modules. A high value means
that the nodes or brain region have also strong correlations
with other brain regions that do not belong to their group or
module, a low value means that only very few such correla-
tions exist. Diversity allows to further characterize high
strength nodes by distinguishing between those that connect
modules (high strength, high diversity) and those that separate
modules (high strength, low diversity). It was expected that
the graph analytical signature of spike would be dominated by
separated high strength nodes and that of synchron by con-
nected high strength nodes. Please see Fig. 2 for representative
maps of the fluctuations of positive and negative strength in
simulated and real data.

Characterization of different activity states in real
and simulated data with hierarchical cluster analysis

Real data: Nodal positive and negative strength in each win-
dow were converted into nodal z-scores using mean and stan-
dard deviation of the nodal strength of the amyloid neg CI as
reference with the following formula: strength z-score of node
x in window n = strength of node x in window n — mean of
strength of node x from all windows in reference data set/
standard deviation of strength of node x from all windows in
reference data set. The calculation of z-scores served two
purposes. 1. To ensure that fluctuations of neg and pos
strength were weighted equally in the cluster analysis. 2.
To correct for the differences in strength between real data
and simulated data due to the different number of nodes
when comparing the graph analytical signatures of the real
data cluster with those of the simulated data. The thus cal-
culated nodal z-scores/window were averaged over all
nodes to obtain global positive and negative strength z-
scores for each window in each subject. Hierarchical cluster
analysis (Ward’s minimum variance methods with the cubic
clustering criterion to identify optimal cluster number) was
used to identify different global negative and positive strength
profiles representing different states of activity. Entering the
global positive and negative strength z-scores/window of am-
yloid pos and neg subjects together in the cluster analysis
identified 11 different clusters or activity states in the real data.
Please see Fig. 3.

The output generated by ART was used to identify win-
dows with motion outliers in the real data and to calculate the
% of motion outliers for each cluster. Clusters 9-11 consisted
of more than 50% of motion outliers (range 75-100%) and

therefore were considered to represent “motion clusters” and
were not further evaluated. 38.6% of the windows assigned to
cluster 1 had been identified as motion outliers and therefore
cluster 1 was considered as “motion contaminated. All other
clusters had 20% or less motion outliers and were together
with cluster 1 fully evaluated after excluding all motion outlier
windows. Eliminating windows with excessive motion results
in a more rigorous elimination of motion artifacts than just
eliminating the motion affected timeframe alone because it
also eliminates timeframes with subthreshold motion that usu-
ally accompany timeframes with suprathreshold motion.

After assigning each window to a cluster based on its glob-
al strength profile the next step was to investigate if certain
clusters tended to occur together. This was done by calculating
the “cluster neighborhood” or the frequency by which a win-
dow that had been assigned to cluster A were next to a window
assigned to one of the other clusters in a data set. The frequen-
cies with which the other clusters appeared were compared
with Fisher’s exact test (p <0.05 with Bonferroni correction
for multiple comparisons) to identify those cluster(s) that were
significantly more often found in the neighborhood of cluster
A than others clusters.

Simulated data: The simulated data was similarly proc-
essed as the real data. Nodal positive and negative strength
in each window were first converted into nodal z-scores
using the mean and standard deviation of the nodal strength
of the baseline data sets as reference and then global posi-
tive and negative strength z-scores for each window calcu-
lated. To mimic the mixture of data from subjects with low
(amyloid neg) and high (amyloid pos) probability to expe-
rience hyperactivity found in real data, the global positive
and negative strength z-scores/window of the “spike” data
set and of the baseline data set were entered together in the
hierarchical cluster analysis. This identified 8 different
clusters or activity state. The synchron data set was proc-
essed in the same way and 13 different clusters/activity
states identified. Cluster neighborhood was calculated for
each of the two simulated data sets in the same way as had
been done for real data.

Matching graph analytical signatures in real data
with simulated data signatures

The graph analytical signature of the spike-like and the
synchron -like signals is characterized by a single or more
likely a group of clusters that occur almost exclusively during
spike and synchron phases. Each of these clusters is defined
by a specific profile of its means of pos and neg strength and
pos and neg diversity. In order to identify which set of signal
clusters represented a better match to the clusters found in real
data, these means were converted into a graphical representa-
tion or signature map (please see Fig. 4a). A weighted dice
coefficient was calculated between each and every signature
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Fig. 3 Overview of processing steps. An example of a strength maps of
an amyloid neg subject is depicted on the right side (a). For the analysis
the strength maps of all 49 subjects were combined (b), converted into
nodal z-scores using the mean and std. from the amyloid neg CN group as
a reference from which the global pos and neg strength mean z-scores/
window were calculated by averaging the nodal pos strength and neg
strength z-scores of each window (c). The global pos and neg strength
mean z-score/window were used as the input for a hierarchical cluster
analysis to identify clusters of windows with a similar global pos and neg
strength profiles representing different activity states. The cluster analysis

map of the simulated data and each and every signature map
of the real data. The weighting was applied to both strength
means that were counted double to emphasize that pos and
neg strength had not only been used to define the clusters but
also because they spanned a larger range than the diversity
means and thus contributed more to distinguish the clusters.
The real data cluster that had the highest dice coefficient with
the hyperactivity associated clusters in the simulated data was
identified (Fig. 4 b). The hyperactivity type with the higher
dice in this comparison was deemed to capture the nature of
disturbance causing hyperactivity episodes in real data better
than the one with the lower dice.

Stationary analysis
Global (average over all nodes) and nodal positive and
negative strength were calculated for each subject from

the each subject’s whole time series after removing mo-
tion outlier timeframes.
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identified 11 different clusters, each is coded by a different color (d) The
output from ART was used to identify windows with excessive motion or
global signal fluctuations (e) and to eliminate them from all further anal-
yses. Dark blue indicates windows without excessive motion, red indi-
cates windows with excessive motion that will be excluded from the
analysis. The right-most panel shows sample subject (f). The color bar
to the left of the pos strength map represent the color coded clusters or
activity states that have been detected in this subject. The red zone indi-
cates windows with excessive motion that were omitted from the analysis

Statistics

Dynamic analysis Mann Whitney and one tailed Spearman
correlation tests were used to test for differences of the occur-
rences of different clusters between amyloid pos and amyloid
neg CN and to investigate the relationship between cluster
counts and module frequency and SUVR, age and cognitive
function. Given the a priori hypotheses stated in the introduc-
tion, no correction for multiple comparisons was performed
for findings in accordance with those hypotheses (positive
correlation of number of windows with hyperactivity
signature/subject with SUVR and negative with measures of
memory performance). JMP 12.1.0 was used for statistical
analyses,.

Stationary analysis Mann Whitney tests to assess group
effects and two-tailed Spearman correlation analyses
corrected for multiple comparisons (FDR p <0.05) were
used to assess global and each nodes strength with SUVR
and memory performance.
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Fig.4 a. Examples of signature maps. Upper row spike signature maps of
simulated data, lower row, hyper signature maps of the simulated data.
Signature map of real data cluster 8. The four red blocks represent the
cluster means of positive strengths, negative strength, positive diversity
and negative diversity. The height (blue arrow spike cluster 7) of each
block is 1, the length (red arrow) corresponds to the mean global z-score
of the measure (cf Table 2). 4 b. Dice coefficient map of the signature

Results
Dynamic connectivity analysis
Simulated data

Characterization of the “spike” and “synchron” graph ana-
lytical signatures The strength profiles of the 8 clusters iden-
tified in the base/spike population and of the 13 clusters iden-
tified in the base/synchron population are shown in Tables 2
and 3. The activity clusters observed in the epochs during
which the spike and synchron signals had been introduced

real datacluster 8

12 -3 -4
mean global z-score

real data clusters

maps of the hyper-like simulated data and the real data clusters. The tan
colored cluster numbers correspond to the two clusters predominantly
found during hyper windows, the lighter colored clusters represent the
background clusters associated with them. Real data cluster 8 associated
with SUVR and cognition is indicated with light red. Its associated neigh-
boring clusters or background clusters are highlighted with pale red

(windows 70—-85 and windows 150—165) were compared with
those seen in the baseline data sets in these windows. It was
assumed that clusters that were only or predominantly ob-
served in windows 70-85 and 150-165 of the spike and
synchron data sets but not outside of these windows or in
the baseline data sets represented activity that was associated
with the two signals of interest.

Base/spike data set: Please see also Table 2. Windows
70-85 and 150-165 contained 91.8% of all windows assigned
to cluster 7 and 97.1% of all windows assigned to cluster 8. In
accordance, the frequency of windows assigned to cluster 7
and 8 outside spike epochs and in the baseline data was low.

Table 2 Strength and diversity profiles of spike signal clusters

Cluster Window count meanSposZ meanSnegZ meanDposZ meanDnegZ Neighboring clusters —~ Assignment

1 3537 0.073 —0.166 0.084 0.032 4,6,2,3 background

2 863 0.605 0.010 —0.116 —0.264 1 spike background

3 649 0.536 —0.533 0.187 —0.089 1,2 spike background

4 2587 0.114 0.170 —0.081 —0.080 1,5,6 background

5 1636 0.194 0.485 —0.307 —0.261 4,6 background

6 3945 —0.254 0.073 0.044 0.140 1,4,5 background

7 596 1.280 0.176 —0.473 —0.663 2,8,3 balanced simple spike/complex spike
8 311 2.106 —0.419 —0.379 —0.751 7,3 unbalanced complex spike

neighboring clusters, appear significantly more often with this cluster than other clusters, bold clusters appear significantly more often with this cluster

than non-bold clusters listed in column

meanSposZ, mean of pos strength z-score (please see methods for details) in cluster

meanSnegZ, mean of neg strength z-score in cluster

meanDposZ, mean of pos diversity z-score (please see methods for details) in cluster

meanDnegZ, mean of neg diversity z-score in cluster
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Table 3 Strength and diversity profiles of hypersynchronous signal clusters

Cluster ~ Window count  meanSposZ  meanSnegZ meanDposZ  meanDnegZ  Neighboring clusters — Assignment

1 1592 0.063 —0.040 0.013 -0.012 2,6,3,7,8,10 background

2 1586 —0.031 —0.253 0.125 0.078 1,3, 10, 11 background

3 3037 —0.307 —0.047 0.085 0.165 7,2, 1 background

4 741 —0.012 0.461 —0.257 —0.142 7 background

5 296 0.362 0.552 —0.428 —0.425 6,4 background

6 1185 0.180 0.215 —0.176 —0.184 1,7,8,5 background

7 2497 —0.124 0.224 —0.073 0.008 3,4,1,6 background

8 810 0.410 0.035 —0.093 —0.246 1, 6,10, 12 balanced hyper background

9 164 0.868 0.229 —0.358 —0.582 8 balanced hyper

10 618 0.307 —0.267 0.083 —0.080 2,11,1,8, 12 background

11 732 0.336 —0.565 0.209 —0.034 10, 2, 12 unbalanced hyper background
12 640 0.714 -0.310 0.002 —0.287 11, 8, 10, 13 unbalanced hyper background
13 226 1.356 —0.612 0.016 -0.515 12,11 unbalanced hyper

neighboring clusters, appear significantly more often with this cluster than other clusters, bold clusters appear significantly more often with this cluster

than non-bold clusters listed in column

meanSposZ, mean of pos strength z-score (please see methods for details) in cluster

meanSnegZ, mean of neg strength z-score in cluster

meanDposZ, mean of pos diversity z-score (please see methods for details) in cluster

meanDnegZ, mean of neg diversity z-score in cluster

The frequencies of windows assigned to clusters 1-6 were low
in windows 70-85 and 150-165, i.e., during spike epochs.
Based on these observations, it was concluded that cluster 7
and 8 activity represented the graph analytical signature of the
spike signal. The neighborhood frequency analysis indicated
that cluster 7 windows occurred together with cluster 8 and
cluster 2 windows in spike epochs. Cluster 8§ windows were
mostly associated with cluster 7 but also with cluster 3 win-
dows. The presence of windows assigned to clusters 7 and/or
8 identified 65/66 spike epochs. 47.7% of the epochs were
defined by a combination of cluster 7 and 8. 47.7% were
identified by windows assigned to cluster 7 alone and less than
1% by those assigned to cluster 8 alone. Please see Table 2a
for the strength and diversity profiles of cluster 7 and 8.
Cluster 2 had a similar but less prominent profile as cluster 7
and cluster 3 had a similar but less prominent profile as cluster
8. Based on these observations clusters 2 and 3 were consid-
ered to represent baseline activity that transitioned into the
pattern of cluster 7 (simple spike pattern) or a mixture of
cluster 7 and 8 (complex spike pattern) with the application
of the spike signal.

Base/synchron data set: Please see also Table 3. Windows
70-85 and 150-165 contained 74% of all windows assigned
to cluster 9 and 81% of all windows assigned to cluster 13.
The frequency of the other clusters during synchron periods
ranged between 0.5% (cluster 3) and 44% (cluster 12). The
graph analytical signatures of cluster 9 and 13 were therefore
considered to represent the synchron signal. The neighbor-
hood frequency analysis indicated an association of cluster 9

@ Springer

with cluster 8 windows and an association of cluster 13 win-
dows with cluster 12 windows. The presence of windows
assigned to clusters 9 and 13 identified 38/66 synchron
epochs. 18 episodes were identified by cluster 13 windows
alone and 10 by cluster 9 windows alone. 10 synchron epi-
sodes were identified by a combination of cluster 9 and cluster
13. Please see Table 3 for the strength and diversity profiles of
clusters 9 and 13. Cluster 8 had a similar strength/diversity
profile as synchron cluster 9 and was therefore considered to
represent a background activity that transitioned into cluster 9
activity with the application of the synchron signal. The same
applied to clusters 11 and 12 who appeared together with
synchron cluster 13.

Real data

The strength profile of the 11 clusters identified in amyloid
pos and neg CN including the information about cluster neigh-
bors is shown in Table 4. Compared to the strength profiles of
the simulated data, the percentage of clusters with decreased
positive strength was higher in real data than in the spike data
sets (45.5% vs 12.5%) and the synchron data sets (45.5% vs
30.8%) indicating a more balanced strength profile in real data
than in simulated data. Cluster 8 was the only real data cluster
whose graph analytical signature corresponded to the hypoth-
esized “hyperactivity” pattern.

Comparison to “spike” simulation: The strength/
diversity profile of spike cluster 7 was closest to that of the
motion contaminated real data cluster 1 (signature map dice
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co-efficient 0.38) and that of spike cluster 8 was closest to real
data cluster 8 (signature map dice co-efficient 0.45). Both dice
coefficients were low indicating that the spike signal was not a
good match for the real data.

Comparison to “synchron” simulation: The strength/
diversity profile of synchron cluster 9 was closest to the profile
of the motion contaminated real data cluster 1 with a signature
map dice co-efficient of 0.44 which was considered to be too
low to be a good match for real data. The strength/diversity
profile of synchron cluster 13 matched the signature of real
data cluster 8 with a signature map dice co-efficient 0.66 rea-
sonably well though. The strengths/diversity profiles of real
data cluster 8 and that of one its neighboring clusters (real data
cluster 6) also matched the profile of cluster 12 that had been
identified as the background activity of synchron cluster 13
reasonably well (signature map dice co-efficient with real data
cluster 8 was 0.69 and 0.74 with real data cluster 6). The
strength/diversity profile of real data cluster 7 that was more
commonly associated with real data cluster 8.than cluster 6
matched the profile of simulated cluster 11 (dice coefficient
0.75) well but less so that of cluster 12 (dice coefficient 0.42).
Taken together, the strength and diversity profile of synchron
cluster 13 and its background activity clusters 12 and 11 were
reasonably well matched with the strength and diversity pro-
file of real data cluster 8 and its neighboring clusters 7 and 6.

To test the relationship between amyloid load and occur-
rence of real data cluster 8, the number of windows which had
been assigned to this cluster were counted in each subject. The
Spearman rank correlation coefficient between the total num-
ber of cluster 8 windows/subject in those subjects in whom
this cluster was present (n =21) and their SUVR was r =0.42
p =0.03. The median count of cluster 8§ windows was 11
(range: 1-31) in amyloid neg CN and 17 (range 4-49) in
amyloid pos CN. Significant correlations between window
counts/subject and SUVR were only found for cluster 8.

The memory performance of subjects with cluster 8 win-
dows did not significantly differ from those without cluster 8
windows (cluster 8 no/yes: immediate recall: 2.3 +0.4 vs 2.3
+0.6; short free recall: 2.5+0.7 vs 2.6 £0.8; delayed recall:
2.5+0.7 vs 2.6 £0.8). However within the group of subjects
who had cluster 8, the total number of cluster 8 window/
subject was negatively correlated with immediate free recall
(r =—0.38, p =0.049), short free recall (» =—0.43, p =0.03
and delayed recall discriminability (» =—0.40, p =0.042).
Neither immediate free recall (» =—0.06, p = 0.40), short free
recall (r =0.36, p =0.06) nor delayed recall discriminability
(r=-0.31, p =0.09) were correlated with SUVR.

Effects of motion
Dynamic task-free fMRI data processing approaches are par-

ticularly sensitive to head motion that can introduce artificial
signal fluctuations mimicking temporary changes in
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connectivity patterns (Hutchison et al. 2013). To account for
that a modification of data scrubbing (Powers et al. 2014,
2015) was used in this study to eliminate windows containing
timeframes with excessive motion. To investigate the influ-
ence of the remaining motion on the association of cluster §
window counts with SUVR etc., the median framewise
displacement/window was calculated for each subject with
cluster 8 windows using the same sliding window parameters
that had been used to subdivide the BOLD data timecourses. It
was assumed that if motion indeed induced a particular
strength/diversity pattern and thus generated motion driven
cluster profile(s), subjects with more motion artifacts should
have higher counts of these clusters, i.e., the counts of motion
driven clusters should be positively correlated with the motion
in these subjects. The cluster 8 counts/subject did not correlate
with the median framewise displacement/window in subjects
with cluster 8 windows (» =0.03, p = 0.45). The same associ-
ations between real cluster 8 window counts and SUVR etc.
were also found, when the analysis was restricted to subjects
without motion outlier windows during cluster 8 windows (no
of subjects = 17, Spearman rank correlation cluster 8 window
counts with SUVR: » =0.52 p =0.02, immediate free recall:
r=-0.43,p=0.049, short free recall: » =—0.45, p =0.039,
delayed discriminability » =—0.48, p=0.03) median
framewise displacement: » =0.16, p =0.27). Finally, SUVR
was significantly negatively correlated with subject motion
(r=—0.293, p=10.02) which indicates that that amyloid posi-
tivity was associated with less motion rather than more
motion.

Based on these results and on those in the previous section,
it is concluded that it is very unlikely that the correlations
between SUVR and cluster 8 window counts were caused
by motion.

Stationary analysis

There were no significant associations between global station-
ary strength and SUVR or memory performance. At the level
of individual nodes, the neg strength of a node situated in the
left precuneus was negatively correlated with SUVR (r=0.-
46, p = 0.001) but not with any of the cognitive measures. Neg
strength of this node was decreased in amyloid pos CN com-
pared to amyloid neg CN (15.4+3.6 vs 19.8£6.2, p =0.01)
its pos strength was not different between the two groups.

Discussion

This study used dynamic functional connectivity analysis and
graph analysis to investigate if amyloid causes intermittent
functional connectivity disturbances consistent with intermit-
tent hyperactivity in brains of cognitively intact elderly sub-
jects with and without increased amyloid load. Based on the
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electrophysiological characteristics of intermittent amyloid-
induced hyperactivity observed in AD animal models and
EEG abnormalities in patients with MCI and AD, two types
of intermittent hyperactivity, spike and synchron, were char-
acterized in simulated data and compared to the findings in
real task-free fMRI data. There were two major findings: 1.
The simulation showed that the two types of hyperactivity had
similar but nonetheless sufficiently different graph analytical
profiles to be distinguished from each other. 2. Analyzing real
data with the same approach identified phases of activity
whose graph analytical signature was consistent with a hyper-
activity episode and resembled the simulated synchron signa-
ture. The duration of these phases was positively correlated
with amyloid load and negatively with memory performance.
Taken together, dynamic connectivity analysis combined with
graph analysis found intermittent amyloid load associated dis-
turbances of functional connectivity consistent with phases of
hypersynchronous hyperactivity. The only evidence for a dis-
turbed functional connectivity in the stationary analysis was a
decreased neg strength in the left precuneus in amyloid pos
CN that was also negatively correlated with SUVR. In the
following paragraphs potential interpretations of these dynam-
ic disturbances and their potential impact on cognitive pro-
cesses will be discussed.

Simulated data

Data sets containing two different of types of short hyperac-
tivity episodes were generated and their graph analytical sig-
nature characterized by comparing them to the graph analyti-
cal patterns caused by random events. The two hyperactivity
types generated two slightly different responses. Both re-
sponses were characterized by an increased positive strength
as expected but one was accompanied by decreased negative
strength (unbalanced) also expected and the other by a normal
or increased negative strength (balanced) which had not been
expected. In the case of the spike-like hyperactivity the bal-
anced and unbalanced types were observed together in rough-
ly half of the spike episodes. The remaining spike episodes
showed only the balanced type. In the case of the synchron -
like signal, the balanced and unbalanced types were not ob-
served together. Since the hyperactivity model was kept con-
stant in all data sets it is possible to exclude what would have
been one of the obvious explanations for such an observation
inreal data, i.e., varying severity or varying spreading patterns
of the hyperactivity. This leaves the alternative explanation
that the appearance of the hyperactivity response is influenced
by the background activity at the time of its occurrence. This
explanation is supported by the neighborhood analysis that
showed that both hyperactivity responses were embedded in
background activity with a graph analytical signature similar
to their own. The most obvious difference between the two
signal types was the frequency with which they were able to

induce a noticeable change of the random background activity.
While the spike-like signal produced a response with a char-
acteristic graph analytical profile signature in 98% of the of
the spike epochs, the synchron -like signal did so only in 58%
of the synchron epochs. The lower detectability of the
synchron signal could not simply be explained by the presence
of the “wrong type” of background activity during application
of the signal since one of the two background activities asso-
ciated with the synchron signal was present in 53% of the
epochs without a detectable synchron signature. Simulations
with both signals using different parameters, e.g., length, re-
peats, motion etc., had shown that the number of sources
showing the signal, and signal amplitude were the two main
factors that determined if the signal was detected by the global
approach used in this study. Since the number of sources was
the same but the amplitudes of the spike-like signal were
clearly higher than those of the random background activity
or those of the synchron -like signal, the lower amplitude of
the synchron signal is the most likely explanation for this
difference. Taken together, both hyperactivity types exagger-
ated the background activity at the time of their occurrence
and thereby created two different hyperactivity states (bal-
anced vs. unbalanced).

Real data

The same analysis approach that had been used to characterize
the graph analytical features of the two simulated hyperactiv-
ity signals also identified a real data cluster consistent with
intermittent neuronal hyperactivity, i.e., increased pos and de-
creased neg strength associated with increased pos diversity
indicating an increased interaction between modules or com-
munities. Its graph analytical signature was very similar to that
of the unbalanced synchron -type signature observed in the
simulated data. The number of windows in subjects showing
this synchron -type graph analytical patterns was positively
correlated with their SUVR supporting the hypothesized rela-
tionship between intermittent neuronal hyperactivity and am-
yloid load.

As in the simulated data, these hyperactivity epochs in real
data were associated with background activity whose graph
analytical signature was similar to their own but less promi-
nent. The amount of time during which that background ac-
tivity occurred was longer in subjects in whom phases of
intermittent neuronal hyperactivity were observed than in
those in whom that was not the case (with cluster 8 vs. without
cluster 8: cluster 7: mean: 27.8 +18.2 vs. mean: 11.9+12.1,
p <0.05; cluster 6: mean: 16.5+13.1 vs. mean: 9.6+ 7.6 p =
0.07). This could indicate that the background activity preced-
ing the hyperactivity epoch represents not only a transition
from normal to abnormal activity but rather a state that has
to last for a minimal amount of time for the hypersynchronous
signal to be able to generate a detectable imprint.
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Only 21 of the 49 subjects showed this intermittent hyper-
activity though. One explanation for this could be the same as
for the limited detection of the synchron-signal in simulated
data, i.e., the limited ability of the global approach to identify a
distinct signature of a relatively weak hypersynchronous sig-
nal. In this case, it should be possible to increase the likelihood
to identify a distinct signature by focusing on brain regions
suspected to be most likely involved in the generation of the
hyperactivity, e.g. the temporal lobes. Another explanation is
that the hypersynchronous hyperactivity responsible for the
appearance of this graph analytical activity in a task-free state
is indeed a paroxysmal event as suggested by the EEG studies
in MCI and AD. In this case, its detectability could be en-
hanced by increasing the acquisition time. Finally, it cannot
be excluded that this type of intermittent hyperactivity occurs
indeed only in a particular subset of CN. Longitudinal studies
could help to investigate this possibility and its role in the
development of AD.

The findings of this study suggest that amyloid can cause
widespread, weak intermittent hypersynchrony in cognitively
intact older subjects that shared several features with amyloid
associated hyperactivity observed in animal models of AD
(Stern et al. 2004; Kellner et al. 2014; Shah et al. 2016). For
example, similarly as in AD animal models, the
hypersynchrony was widespread (Shah et al. 2016). This is
probably only possible in the earliest stages of the disease
when gray and white matter structures enabling synchroniza-
tion between distant brain regions are still mostly intact
(Mueller and Weiner 2017). Progressive synaptic loss and
neuronal dysfunction/loss due to the toxic effects of amyloid
are likely to initially “reshape” the hyperactivity, e.g. prevent
widespread hypersynchrony but increase the likelihood of fo-
cal hypersynchrony and thereby of epileptogenic discharges
(Lam et al. 2017). In the long run however, neuronal loss will
likely abolish the ability to initiate hyperactivity states and
thereby initiate the transition from a state of hyperexcitability
to the state of hypoexcitability that characterizes the later
stages of AD (Schultz et al. 2017; Demirtas et al. 2017).
Another feature shared with animal models was that short
hypersynchrony episodes could already be observed in sub-
jects with normal amyloid load and became longer with in-
creasing amyloid load. This could indicate that oligomeric
amyloid is the driving force behind these disturbances and
not plaque amyloid. Oligomeric amyloid as the main agent
of hypersynchrony would also explain why hypersynchrony
duration was significantly associated with memory perfor-
mance and amyloid load but memory performance and amy-
loid load were not associated with each other. The negative
association between hypersynchrony duration and memory
performance in the absence of objective memory impairment
suggests that these hypersynchrony episodes have the poten-
tial to interfere with cognitive performance if they become
more frequent, last longer or are triggered by tasks that engage
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networks involved in their generation. The latter possibility is
supported by the studies of Bakker and co-workers (Bakker
et al. 2012, 2015) who demonstrated a task associated hyper-
activity in the mesial temporal lobes of MCI subjects
performing a pattern separation test. Interestingly, treatment
with levetiracetam not only suppressed the hyperactivity but
also improved task performance. This could indicate that le-
vetiracetam might eventually also be able to suppress the
hypersynchrony episodes observed in this study.

Comparison with other dynamic task-free fMRI
approaches

Several intriguing approaches for the dynamic analysis of
task-free fMRI have been proposed in recent years, e.g.,
Jones et al. 2012, Chen et al. 2015, Liu et al. 2013, Zalesky
etal. 2014, Allen et al. 2014, Leonardi et al. 2013; Kiviniemi
etal. 2011, Hutchison et al. 2013, Yang et al.2014, Betzel et al.
20165 De Vos et al. 2018, Demirtas et al. 2017, Cérdova-
Palomera et al. 2017; Wee et al. 2016., Khambhati et al.
2018, please see Preti et al. 2017 for a review). Most focus
on connectivity fluctuations within the boundaries of net-
works originally derived from stationary analyses, on identi-
fying and characterizing a predefined number of network con-
figurations or on fluctuations of the community structure.
More importantly though, most of these approaches focus on
describing connectivity fluctuations during the same activity
state which is rest. In contrast, this study attempts to capture
the disruption of the normal task-free activity by a non-
physiological intermittent disturbance. In contrast to other dy-
namic analysis analyses, the approach used here does not nec-
essarily assume that the fluctuations in the absence of this
non-physiological disturbance contain indeed meaningful
biological information. Furthermore, the approach intro-
duced here uses a global measure of brain connectivity to
identify different states of connectedness and thus it is very
likely that epochs that have been assigned to the same clus-
ter encompass different network configurations. In summa-
ry, the approach proposed here captures different aspects of
the brain dynamic than other dynamic approaches which
prevents a direct comparison. The fact that so many differ-
ent approaches for dynamic task-free fMRI analysis have
been introduced in the last couple of years indicates that this
field generates a lot of interest and promise but is still in its
early stages. More research is needed to determine how
useful the combined cluster/graph analysis approach intro-
duced here will be for understanding the healthy and dis-
eased brain.

Limitations

This study has several limitations. 1. The size of the study
population was small. The next step is to replicate the finding
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in another independent data set which was recently done in a
small pilot study with 27 randomly selected non-demented
ADNI3 subjects (13 CN and 14 MCI, mean age: 71.2 (5.2),
mean MMSE: 28.4 (3.0), mean ADAScog: 12.5 (6.2), mean
SUVR: 1.08 (0.13), range: 0.87—1.39, amyloid neg: 17, amy-
loid pos:9). The data was processed in the same way as de-
scribed in the manuscript. The method described in the man-
uscript was used compare the graph signature found in the
ADNI3 pilot population with those of the population de-
scribed here and with the cluster signature of the simulated
data. The ADNI 3 cluster with the highest dice to the amyloid
cluster (dice: 0.73) was also the best match for the simulated
“synchron signal” (dice: 0.78). Using correlation analyses,
significant positive correlations between the duration of
ADNI3 cluster were found for Abeta load (» =0.47, p =0.01
and ADAScog (» =0.45, p=0.01). None of the other clusters
identified in the ADNI3 data showed the these associations. 2.
The EPI sequence used in this study used a TR of 3 s which is
relatively long for a dynamic analysis where shorter TR and
thus more timepoints/window are desirable. It cannot be ex-
cluded that short intermittent amyloid induced abnormalities
were missed because of this. 3. One of the challenges of the
sliding windows approach is the choice of the correct window
length since a too short window can cause spurious fluctua-
tions and a too long window can smooth physiological fluc-
tuations. A recent study that used simulated BOLD fluctua-
tions to investigate the relationship between window length
and spurious fluctuations suggested that the combination of a
high-pass filter of 0.008 with a window length of 45 s used in
this study could result in spurious fluctuations (Leonardi and
Van De Ville 2014). We consider it unlikely though that the
findings reported here were caused by spurious fluctuations.
Spurious fluctuations caused by too short windows should
affect amyloid pos and amyloid neg CN equally (Hutchison
et al. 2013; Zalesky and Breakspear 2015) and would not be
expected to show a relationship with amyloid load and mem-
ory performance. Nonetheless the influence on window length
on the graph analytical profiles described in this study needs to
be carefully investigated. 4. The study used simulations of two
different types of abnormal neuronal firing observed in an-
imal models with increased amyloid levels. Simulating
these events requires making assumptions about their be-
havior based on what is known about them from the litera-
ture. These assumptions might not be entirely correct. The
conclusions regarding the nature of the amyloid associated
abnormalities in the real data based on their similarity to
these simulated signals have therefore to be further corrob-
orated. The next step to do this are simultaneous EEG/MRI
studies. This will also allow to definitively exclude a con-
tribution of sleepiness to the findings reported here al-
though one would not expect to find an association between
amyloid load and the length of the hyperactivity phases if
sleepiness were indeed a major contributor.

Conclusion

The dynamic analysis combined with graph analysis detected
evidence for intermittent amyloid associated disturbances of
the functional connectivity. The results from the simulated
data suggests that these disturbances could be caused by those
short phases of hypersynchronous activity that have been de-
scribed in quantitative EEG analyses of AD and MCI patients.
The frequency of these disturbances was relatively low and
did not affect the cognitive abilities in the study population
(please see Table 1). However, given that the length of these
episodes was negatively correlated with memory performance
it seems likely that these disturbances have the potential to
interfere with cognitive processes and could lead to cognitive
impairment if they become more frequent or more severe with
increasing amyloid deposition. Given the relatively small
sample size, these findings have to be considered preliminary
and need to be repeated, ideally with simultaneous EEG re-
cordings, in a larger population that also includes cognitively
impaired individuals.
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