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Abstract

The characterization of the distinct dynamic functional connectivity (dFC) patterns that activate in the
brain during rest can help to understand the underlying time-varying network organization. The presence
and behavior of these patterns (known as meta-states) have been widely studied by means of functional
magnetic resonance imaging (fMRI). However, modalities with high-temporal resolution, such as electroen-
cephalography (EEG), enable the characterization of fast temporally evolving meta-state sequences. Mild
cognitive impairment (MCI) and dementia due to Alzheimer’s disease (AD) have been shown to disrupt
spatially localized activation and dFC between different brain regions, but not much is known about how
they affect meta-state network topologies and their network dynamics. The main hypothesis of the study
was that MCI and dementia due to AD alter normal meta-state sequences by inducing a loss of structure
in their patterns and a reduction of their dynamics. Moreover, we expected that patients with MCI would
display more flexible behavior compared to patients with dementia due to AD. Thus, the aim of the current
study was twofold: (i) to find repeating, distinctly organized network patterns (meta-states) in neural activ-
ity; and (ii) to extract information about meta-state fluctuations and how they are influenced by MCI and
dementia due to AD. To accomplish these goals, we present a novel methodology to characterize dynamic
meta-states and their temporal fluctuations by capturing aspects based on both their discrete activation and
the continuous evolution of their individual strength. These properties were extracted from 60-s resting-
state EEG recordings from 67 patients with MCI due to AD, 50 patients with dementia due to AD, and
43 cognitively healthy controls. First, the instantaneous amplitude correlation (IAC) was used to estimate
instantaneous functional connectivity with a high temporal resolution. We then extracted meta-states by
means of graph community detection based on recurrence plots (RPs), both at the individual- and group-
level. Subsequently, a diverse set of properties of the continuous and discrete fluctuation patterns of the
meta-states was extracted and analyzed. The main novelty of the methodology lies in the usage of Lou-
vain GJA community detection to extract meta-states from IAC-derived RPs and the extended analysis of
their discrete and continuous activation. Our findings showed that distinct dynamic functional connectivity
meta-states can be found on the EEG time-scale, and that these were not affected by the oscillatory slowing
induced by MCI or dementia due to AD. However, both conditions displayed a loss of meta-state modularity,
coupled with shorter dwell times and lower complexity of the meta-state sequences. Furthermore, we found
evidence that meta-state sequencing is not entirely random; it shows an underlying structure that is partially
lost in MCI and dementia due to AD. These results show evidence that AD progression is associated with
alterations in meta-state switching, and a degradation of dynamic brain flexibility.

Keywords: Dynamic functional connectivity, Dementia due to Alzheimer’s disease, Mild cognitive
impairment, Electroencephalography, Instantaneous amplitude correlation, Community detection
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1. Introduction

The human brain is a complex system com-
prised of a vast network of neurons connected by
synapses that engage in continuous ongoing electri-
cal and chemical processes that appear and dissolve5

across multiple spatial and temporal scales (Ba-
biloni et al. (2016b); Tognoli and Kelso (2014)). A
large body of work has studied the functional inter-
actions (functional connectivity, FC) between these
neuronal ensembles in a strictly static sense, over-10

looking the possible temporal dimensions at play in
these interactions (O’Neill et al. (2018)). This field,
known as static functional connectivity (sFC), as-
sumes that the statistical interdependence between
brain regions remains temporally stationary during15

the resting-state (Hindriks et al. (2016)). While
studies on sFC have offered significant insights into
the properties of neural activity (Hutchison et al.
(2013)), it has been shown that the brain does not
remain in a state of static equilibrium. Instead,20

it undergoes complex dynamic behavior with pat-
terns of FC that fluctuate in time and space (O’Neill
et al. (2018); Hansen et al. (2015)). Hence, it has
been proposed that resting-state networks display
meaningful dynamic behavior that is also distinct25

from the one found in task-driven brain activity
(Deco et al. (2013)). This novel field, known as
dynamic functional connectivity (dFC), has opened
the gates to a large array of studies that aim to
look past previous assumptions of stationarity dur-30

ing rest (for reviews, see O’Neill et al. (2018); Deco
et al. (2013)).

Neuronal activity can be measured with differ-
ent techniques, such as functional magnetic res-
onance imaging (fMRI), electroencephalography35

(EEG) and magnetoencephalography (MEG). Each
of these techniques is useful to estimate neuronal in-
teractions at different temporal and spatial scales,
such as on the order of seconds to minutes (fMRI)
and milliseconds (MEG and EEG) (Tewarie et al.40

(2019); Núñez et al. (2019a)). While most dFC re-
search has been conducted using fMRI, its time-
varying behavior evolves at a very slow rate and
is not able to characterize the potentially fast neu-
ronal dynamics (O’Neill et al. (2018)). In contrast,45

the high temporal resolution of both MEG and
EEG allows for a precise measurement of the (dy-
namically changing) oscillations that lie at the core

∗Corresponding author
Email address: pablo.nunez@gib.tel.uva.es (Pablo
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of brain function (Babiloni et al. (2016b); O’Neill
et al. (2018)). While MEG provides a higher spatial50

resolution, EEG is a cost-effective technique, widely
used in clinical settings, that directly measures the
electrical activity generated by postsynaptic poten-
tials (Núñez et al. (2019a); Poza et al. (2017)).

Even though neurophysiological techniques en-55

able the detection of very fast dynamics of func-
tional interaction, most traditional EEG/MEG
dFC studies suffer from the limitation of being
based on sliding windows (segments of a relatively
large number of temporal samples) from which the60

FC is estimated (Tewarie et al. (2019); O’Neill et al.
(2018); Fraschini et al. (2016)). The sliding window
approach suffers from a series of limitations, such as
the necessity of choosing a non-trivial window size
(Fraschini et al. (2016); Núñez et al. (2019a); Liuzzi65

et al. (2019)). In this study we used a recently pro-
posed measure of very high resolution FC: the in-
stantaneous amplitude correlation (IAC) (Tewarie
et al. (2019)). In order to account for the high
susceptibility to noise of this metric, a compromise70

between traditional sliding windows and instanta-
neous FC can be reached by means of data-driven
windows based on recurrence plots (RPs), (Tewarie
et al. (2019)), which are two-dimensional symmet-
ric matrices that represent visits to the same area75

in the phase space of a dynamical system (Marwan
et al. (2007); Webber and Zbilut (2005); Deco et al.
(2017b)).

Here, we advance the methodology presented by
Tewarie et al. (2019) by using these RPs to esti-80

mate the time windows in which the system can be
considered to be in the same state, and extracting
temporally repeating FC patterns by means of com-
munity detection methods (O’Neill et al. (2018);
Bassett et al. (2013)). In this study, we propose85

to extract these patterns by means of a community
detection algorithm (Louvain GJA) that does not
require a priori definition of the number of meta-
states (Zhou et al. (2019)). This is a known lim-
itation of most methods for the identification of90

repeating connectivity patterns, such as k -means
clustering (O’Neill et al. (2018)). These commu-
nities can be interpreted as temporally repeating
brain network configurations (meta-states). Af-
ter extracting temporally repeating meta-states, we95

construct a summary of the temporal activation of
these states, and extract relevant information about
the underlying temporal structure of the functional
brain networks. In order to achieve a comprehen-
sive and novel characterization of brain dynamics,100
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we computed two types of metrics: (i) based on
the discrete temporal activation of the meta-states,
and (ii) based on the continuous correlation of each
meta-state with the instantaneous FC. This new
methodology provides new information on brain105

meta-state switching that can be used to investi-
gate the possible alterations to normal brain behav-
ior during rest that may be induced by neurological
disorders.

To assess the ability of this new methodology to110

detect meaningful information, we apply it to two
closely related conditions that affect brain activity:
mild cognitive impairment (MCI) and dementia due
to Alzheimer’s disease (AD). Dementia due to AD is
a neurodegenerative disorder that has been shown115

to perturb EEG brain activity. AD is characterized
by the progressive disruption of different brain ar-
eas (Pievani et al. (2011); Palop and Mucke (2010)).
Some observed disruptions include power shifts of
neural activity to lower frequencies, aberrant con-120

nectivity patterns, and alterations of network prop-
erties (Rossini et al. (2020)). MCI is sometimes
considered a prodromal stage of AD, with both dis-
orders being seen as part of the same continuum
(Petersen (2004)). We found that patients with125

MCI often show subtle neural abnormalities com-
pared to normal aging than can be seen as an early
indicator of AD (Poza et al. (2017)). In our previ-
ous studies we observed these effects that pointed
to frequency-dependent aberrant dynamic behav-130

ior in MCI and dementia due to AD (Núñez et al.
(2020, 2019b)). Patients with MCI and dementia
due to AD displayed abnormal electrode-level EEG
activity recurrence and non-stationarity patterns.
Specifically, controls showed higher levels of non-135

stationarity compared to MCI and AD in the theta
and alpha bands; the opposite behavior occurred in
the beta band, pointing to aberrant state switch-
ing in MCI and AD (Núñez et al. (2020)). We also
found a significant reduction in alpha and beta am-140

plitude envelope correlation dFC (using sliding win-
dows) in AD compared to controls, indicating a loss
of neural dynamics in patients with this condition
(Núñez et al. (2019b)).

Based on these premises, in the present study,145

we hypothesized that MCI and dementia due to AD
might alter normal meta-state sequencing, inducing
a loss of underlying structure of repeating patterns
in said sequences, as well as a loss in dynamics of
general state fluctuations. Consequently, the pur-150

pose of the present study is twofold: (i) in a first
step, we focused on finding stable, distinctly or-

ganized repeating network patterns (meta-states);
and (ii) secondly, we aimed at extracting relevant
information about the fluctuations of these meta-155

states to study how they are influenced by MCI and
dementia due to AD. The manuscript is structured
in two parts: first, a novel methodology for meta-
state extraction by means of a RP and community
detection is presented; then, the extracted meta-160

states, their temporal sequencing, and dynamical
properties are compared between healthy controls,
patients with MCI and patients with dementia due
to AD.

2. Materials165

2.1. Subjects

The study sample was formed by 160 subjects:
43 cognitively healthy controls, 67 patients with
MCI due to AD, and 50 patients with dementia
due to AD. The criteria of the National Institute170

on Aging and Alzheimer’s Association (NIA-AA)
were used to diagnose the patients with MCI or de-
mentia due to AD (McKhann et al. (2011); Albert
et al. (2011)). The control group was composed of
elderly subjects with no history of neurological or175

psychiatric disorders. Potential participants were
excluded according to the following exclusion crite-
ria: (1) presence or history of other neurological or
psychiatric diseases; (2) atypical course or uncom-
mon clinical presentations according to the NIA-180

AA criteria; (3) advanced dementia (Clinical De-
mentia Rating = 3); (4) institutionalized patients;
or (5) medication that could have an influence on
EEG activity. The socio-demographic characteris-
tics of each group are specified in Table 1. The185

database used in this study is an updated version
of the one used in Núñez et al. (2019b) and Núñez
et al. (2020).

Statistical analyses were conducted over all clin-
ical and socio-demographic data in order to assess190

possible differences between groups that may act as
confounding factors. The groups did not differ in
age (χ2(2) = 4.62, p = 0.091, Kruskal-Wallis test)
or sex (χ2(2) = 2.72, p = 0.256, Chi-squared test).
The groups did show statistically significant differ-195

ences in education level (χ2(2) = 10.81, p < 0.001,
Chi-squared test). Thus, statistical differences be-
tween both education levels were assessed for all the
extracted measures (see section 4.2).

As expected, MMSE scores were lower in patients200

with AD compared to controls (U = 8.184, p <
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0.001, Mann-Whitney U -test) and patients with
MCI (U = 8.074, p < 0.001, Mann-Whitney U -
test). MMSE scores were also lower in patients with
MCI compared to controls (U = 5.463, p < 0.001,205

Mann-Whitney U -test).
All participants and caregivers were informed

about the research and study protocol and gave
their written informed consent. The Ethics Com-
mittee of the “Ŕıo Hortega” University Hos-210

pital (Valladolid, Spain) approved the study
(36/2014/02) according to the Code of Ethics of
the World Medical Association (Declaration of
Helsinki).

2.2. Electroencephalographic recordings215

EEG signals were recorded by means of a 19-
channel EEG system (XLTEK R©, Natus Medical)
at the Department of Clinical Neurophysiology of
the “Ŕıo Hortega” University Hospital, Valladolid,
Spain. EEG activity was recorded from electrodes220

Fp1, Fp2, Fz, F3, F4, F7, F8, Cz, C3, C4, T3, T4,
T5, T6, Pz, P3, P4, O1, and O2, according to the
specifications of the international 10-20 system and
at a sampling frequency of 200 Hz. The recorded
signals were bipolar and re-referenced by means of225

common average referencing (CAR) (Núñez et al.
(2019a)). Subjects were asked to remain awake,
still, and with eyes closed during the acquisition of
the EEG. In order to prevent sleepiness, EEG traces
were visually monitored in real time. Drowsiness230

episodes, subtle muscle activity, and eye-movement
related artifacts were identified and marked during
the course of the EEG acquisition.

Five minutes of EEG activity were recorded for
each subject. The EEG signals were then prepro-235

cessed in three steps (Núñez et al. (2019b, 2020)):
(i) independent component analysis to remove com-
ponents with artifacts, such as the heartbeat, eye
blinks and electromyographic artifacts; (ii) finite
impulse response (FIR) filtering (Hamming win-240

dow, filter order 2000, forward and backward fil-
tering) to remove 50 Hz noise and to limit spectral
content to the wide frequency band of [1 70] Hz;
and (iii) visual rejection of any remaining artifacts,
selecting the first 60 consecutive seconds of artifact-245

free activity for each subject.

3. Methods

3.1. Source localization: sLORETA

The EEG time series were reconstructed at
the source level by means of standardized low250

resolution brain electromagnetic tomography
(sLORETA), which estimates a specific solu-
tion to the EEG inverse problem with zero
localization errors (Pascual-Marqui (2002)). Lo-
calization inference in sLORETA is based on255

the standardization of the current density esti-
mates (Pascual-Marqui (2002)). A sLORETA
implementation is freely available in Brainstorm
(http://neuroimage.usc.edu/brainstorm) (Tadel
et al. (2011)) and is described in detail in (Pascual-260

Marqui (2002)). This method has been widely
used to analyze EEG activity (Babiloni et al.
(2016a); Jatoi et al. (2014); Rodŕıguez-González
et al. (2020)).

A forward model was created using the anatomi-265

cal information of the ICBM152 template from the
Montreal Neurological Institute (Mazziotta et al.
(2001); Douw et al. (2018)). A three-layer head
model (brain, skull, and scalp) was built using a
Boundary Element method based on the aforemen-270

tioned template using OpenMEEG software (Gram-
fort et al. (2010)). This head model was used as
source space, with a total number of 15000 sources,
which were restricted to be normal to cortex. The
15000 source-reconstructed EEG time series were275

parcellated into the 68 cortical regions of interest
(ROIs) of the Desikan-Killiany atlas by averaging
the sources after flipping the sign of sources with
opposite directions (Desikan et al. (2006)).

Sign-flipping of sources over a ROI is performed280

due to an important limitation of sLORETA and
other source reconstruction techniques, which is the
fact that sources have arbitrary orientations (i.e., a
source with a particular orientation will generate
the same activation pattern at the electrode as one285

with the same orientation but opposite polarity)
Vidaurre et al. (2016). This makes it impossible
to distinguish between the two scenarios, as both
would lead to the same EEG signal at the sensor
level. For this reason, sign-flipping is necessary to290

avoid self-cancellation of neighboring sources when
averaging over a region of interest (ROI), which
would lead to distorted and incorrect reconstruc-
tion of averaged ROI activity.

3.2. Meta-state detection by means of community295

detection: analysis steps

The analysis-steps of the study are visualized in
figure 1. The workflow of the study was divided
into four steps which are described in detail in the
following sections. First (1), an instantaneous FC300

tensor was computed by means of the IAC for all
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Table 1: Socio-demographic and clinical data. AD: Alzheimer’s disease; MCI: mild cognitive impairment; m: median; IQR:
interquartile range ; M: male; F: female; A: primary education or below; B: secondary education or above; MMSE: Mini-Mental
State Examination

Data
Group

Patients with AD Patients with MCI Controls
Number of subjects 50 67 43
Age (years) (m[IQR]) 78.5[75.7, 82.4] 77.2[72.2, 80.6] 75.8[74.0, 78.7]
Sex (M:F) 23 : 27 29 : 38 13 : 30
Education level (A:B) 35 : 15 41 : 26 16 : 27
MMSE (m[IQR]) 22[20, 24] 27[26, 28] 29[28, 30]

samples in the 60-s EEG recordings (68 ROIs × 68
ROIs × 12000 samples). The IAC was computed
in the conventional frequency bands: delta (δ, 1-4
Hz), theta (θ, 4-8 Hz), alpha (α, 8-13 Hz), beta-1305

(β1, 13-19 Hz), and beta-2 (β2, 19-30 Hz). Then
(2), whole-recording RPs were computed from
the IAC matrices of each temporal sample; and
data-driven windows were obtained to mitigate the
effect of noise and aggregate the data, as well as310

to reduce the size of the RPs for computational
purposes. In the next step (3a), in order to
aggregate subject meta-states into generalized
networks, per-group community detection was
performed based on the RPs constructed from the315

data-driven windows of all subjects in a group.
Afterwards (3b), per-subject community detection
was performed on the RPs of each subject. Finally
(4), two representations of the temporal evolution
of the dominant subject-level meta-states were320

obtained. The first, called the temporal activation
sequence (TAS), represents the discrete activation
of the dominant meta-states. This was achieved
by assigning each temporal sample in the time
evolving FC tensor to the closest meta-state, in325

terms of the Spearman correlation. The second,
the instantaneous correlation tensor (ICT) is a
representation of the Spearman correlation of each
meta-state with the IAC for each temporal sample.
Then, a series of metrics, such as dwell time and330

complexity, were extracted from the TAS and the
ICT.
The code for the computation of
the IAC can be found on Github
(https://github.com/Prejaas/High-temporal-335

resolution-MEG-measures-of-functional-
connectivity). The code for the computation
of data-driven windows, meta-state extraction,
the TAS and ICT, and the metrics of meta-
state activation can be found on Github as340

well (https://github.com/pablonuneznovo/Meta-

state-extraction-from-high-temporal-resolution-
connectivity).

3.2.1. Instantaneous amplitude correlation (IAC)

The instantaneous amplitude correlation (IAC) is345

a high temporal resolution measure of FC based on
a widely used metric of static FC, the amplitude
envelope correlation Brookes et al. (2011, 2014);
O’Neill et al. (2015); it can be seen as its instanta-
neous counterpart (Tewarie et al. (2019)). The IAC350

is based on the notion that if two regions display
high amplitudes at the same time, their correlation
will increase (Tewarie et al. (2019)). Thus, the IAC
is computed as the Hadamard product between the
amplitude envelopes of two ROIs (Tewarie et al.355

(2019)):

IACij(t) = Êi(t) ◦ Êj(t), (1)

where ◦ represents the Hadamard product and Ê(t)
is the amplitude envelope of a normalized (z-score)
time-series. Due to its nature, the IAC is not sen-
sitive to interactions due to negative correlations360

between the envelopes (Tewarie et al. (2019)). In
order to minimize spurious correlations due to the
effects of spatial leakage, before the computation of
the IAC, the time-series were pairwise orthogonal-
ized after band-pass filtering (O’Neill et al. (2018)).365

3.2.2. Recurrence plots (RPs) and data-driven win-
dows

The property of returning to previous states (re-
currence) is a fundamental characteristic of many
dynamical systems (Marwan et al. (2007)). RPs
are two-dimensional plots that can characterize the
emergence and dissolution of states in dynami-
cal systems and help to visualize periodicity pat-
terns (Marwan et al. (2007); Webber and Zbilut
(2005)). In their original definition, RPs are sym-
metric N×N binary arrays (Marwan et al. (2007)):
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Figure 1: Analysis-steps of the study. (1) Computation of instantaneous FC tensor by means of the IAC in the conventional
frequency bands: delta (δ, 1-4 Hz), theta (θ, 4-8 Hz), alpha (α, 8-13 Hz), beta-1 (β1, 13-19 Hz) and beta-2 (β2, 19-30 Hz).
(2) Computation of sample-by-sample whole-recording RPs from the IAC matrices, followed by identification of data-driven
windows to mitigate the effect of noise and aggregate the data. Each sample corresponds to a sampling period of 5 ms.
Each data-driven window has a duration of 5 ms × the specific number of samples in the window. (3a) Per-group community
detection to aggregate subject meta-states into generalized networks. (3b) Per-subject community detection to extract distinct
communities, identified as meta-states. (4) Computation of the temporal activation sequence (TAS) and the instantaneous
correlation tensor (ICT), representing the discrete and continuous temporal evolution of the meta-states by means of their
Spearman correlation with the instantaneous FC matrices. Computation of the modularity, as well as measures derived from
the TAS (dwell time, TAS complexity), the ICS (instantaneous correlation speed), and from both (leap size).6



Rn,m(ε) = Θ(ε− ‖Xn −Xm‖), (2)

where Xn is the trajectory at time n, ε is a thresh-
old (which has to be chosen carefully (Marwan et al.
(2007))), Θ(·) is the Heavyside function, and ‖ · ‖ is
a norm. In case of a time-series with M regions, Xn

would have dimensions Mx1. Usually, the trajec-
tory is reconstructed from a time-series x by means
of time delayed embedding (Marwan et al. (2007)).
However, here we use the Spearman correlation be-
tween the IAC FC time-series instead of the norm
in equation 2, in order to avoid choosing an arbi-
trary threshold, so that the RP becomes (Tewarie
et al. (2019)):

Rn,m = corr[IAC(n), IAC(m)]. (3)

By doing this, we get an RP that displays how
the functional network returns to similar configu-
rations.370

The IAC FC-based RPs can be used to show the
points in time where the system transitions to other
states by computing the gradients along the diag-
onal and setting the local maxima in the gradient
matrix; this information reveals transitions to other375

states, as boundary points for data-driven windows
(Tewarie et al. (2019)). These data-driven win-
dows identify periods in which the FC is similar
across the brain, and have the added advantage of
mitigating the effects of noisy estimates of instan-380

taneous FC. The only constraint set was that the
minimum distance between local maxima was of at
least one oscillation of the frequency band of inter-
est (Tewarie et al. (2019)). Supplementary figure
S1 shows a schematic overview of the approach. Af-385

ter setting the data-driven windows, the IAC was
temporally averaged over these windows; thus, a
temporally aggregated RP was computed with the
windowed IAC in order to reduce noise and make
the next analysis step computationally feasible.390

3.2.3. Meta-state extraction by means of commu-
nity detection

Community detection has been used in FC ma-
trices themselves to uncover brain regions that are
highly clustered and weakly connected to other re-395

gions (Gates et al. (2016); Bassett and Bullmore
(2006)). However, in the present study we use a
community detection algorithm to find which of the
windowed FC matrices are highly correlated to oth-
ers, similarly to (Zhou et al. (2019)). That is, we400

aim to find clusters of whole brain activity that re-
peat over time, identified as meta-states, in an un-
supervised fashion. This eliminates one of the main
disadvantages of most clustering methods, as well
as other techniques for functional network detection405

such as hidden Markov models and non-negative
tensor factorization, which is the fact that one has
to a priori determine the number of communities to
extract (Tewarie et al. (2019); Cabral et al. (2017);
Ponce-Alvarez et al. (2015); O’Neill et al. (2018)).410

When viewing the RP as a graph, each data-
driven window is a node, and the Spearman corre-
lation between windows are the edges between the
nodes. Thus, the RP can be seen as a weighted
graph (since edges can be any value from -1 to415

1) differentiating stronger and weaker correlations
(Zhou et al. (2019)). In order to detect repeat-
ing communities (meta-states) in the RP, we used
the Louvain GJA method, a hierarchical cluster-
ing approach that maximizes the modularity score420

(Gates et al. (2016)). The modularity measures
the strength of links within a community com-
pared to links outside the said community (Gates
et al. (2016)). The Louvain GJA method (Ru-
binov and Sporns (2011)) is an improved version425

of the algorithm originally described by (Blondel
et al. (2008)). It initializes each node in its own
community and then identifies the local maxima of
the modularity score by looking at its changes it-
eratively when moving nodes to other communities430

(Gates et al. (2016)). It has been proven to be
robust in the presence of poorly defined communi-
ties (i.e., communities with medium to high corre-
lations between them and unequally sized commu-
nities (Gates et al. (2016))). Since the algorithm is435

non-deterministic, we ran it 100 times and kept the
solution with the highest modularity (Gates et al.
(2016)). We used the implementation of the Lou-
vain GJA algorithm from the brain connectivity
toolbox Rubinov and Sporns (2010).440

As indicated in Figure 1, two types of community
analyses were performed:

• Per-subject community detection: a RP
based on the windowed IAC was computed
for each subject and community detection was445

performed on each individually. Then, the spa-
tial patterns of each community (meta-state)
for each individual subject were obtained by
averaging the windowed IAC FC matrices that
belonged to the same meta-state.450

• Per-group community detection: the
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same procedure as in per-subject community
detection, except that the RPs were con-
structed from the concatenated windowed IAC
of all subjects in each group.455

3.2.4. Meta-state temporal activation sequence
(TAS) and instantaneous correlation tensor
(ICT)

Once the meta-states were obtained from the
windowed IAC FC matrices, to further dive into the460

temporal fluctuations, each of the temporal sam-
ples in the original, non-windowed FC time series
was assigned to the closest meta-state by means of
the Spearman correlation distance. The resulting
symbolic time series, which we named temporal ac-465

tivation sequence (TAS), shows the temporal evo-
lution of the dominant meta-states during the 60-s
EEG recording. The concept of the TAS as discrete
state time courses has been previously applied to
characterize transitions between brain states (e.g.,470

in the context of hidden Markov models applied
to MEG (Baker et al. (2014)) and fMRI leading
eigenvector decomposition (Cabral et al. (2017))).
Moreover, the characterization of discrete dynamic
network switching by means of Leading Eigenvec-475

tor Dynamic Analysis has recently been mathemat-
ically formalized and validated with a large dataset
(Vohryzek et al. (2020)). The instantaneous corre-
lation tensors (ICT) can also be used to compute
parameters of brain activation and serve as a rep-480

resentation of continuous activation of brain states,
complementing the discrete representation of the
TAS. Figure 2 displays a sample TAS, as well as
the associated ICT. Two types of metrics were com-
puted in the next step: measures derived in terms485

of the discrete states (TAS) (Figure 2, upper panel),
and measures based on the continuous correlation
(ICT) (Figure 2, lower panel). Supplementary ma-
terial video SV1 shows a visual representation of the
TAS and ICT in real time for a cognitively healthy490

subject and an AD patient.

3.2.5. Metrics of meta-state activation

Along with the modularity, two parameters were
extracted from the TAS (average dwell time and
TAS complexity), one from the continuous corre-495

lations (instantaneous correlation speed) and one
from information from both the TAS and the con-
tinuous correlation (leap size). These parameters
provide information about the underlying temporal
structure of the brain networks, the flexibility and500

variability of brain activation during rest, and the
biological cost of meta-state switching:

Average dwell time. This parameter (also
referred to in the literature as “life time” (Baker
et al. (2014)) measures the time the brain spends505

in the same dominant meta-state on average, and
has been widely used in studies of dynamic brain
state switching (Schumacher et al. (2019); Baker
et al. (2014); Cabral et al. (2017); Vohryzek et al.
(2020)).510

TAS complexity. In order to efficiently cap-
ture the underlying structural richness of tempo-
ral meta-state sequencing, we used the Lempel-Ziv
complexity (LZC). The LZC is a non-parametric
measure of complexity for one-dimensional signals515

that relates to the amount of distinct substrings and
their rate of occurrence (Abásolo et al. (2006)). A
higher LZC indicates that the data is more com-
plex (Abásolo et al. (2006)). The LZC algorithm is
described in (Abásolo et al. (2006)), with the only520

difference here being that the TAS is already a finite
symbol sequence, thus no conversion is needed.

Instantaneous correlation speed (ICS). The
ICT is a measure of the Spearman correlation of
each meta-state at each time point (dimensions525

K × T , where K is the number of meta-states and
T is the number of temporal samples in the 60-s
EEG segment), and can thus be seen as a tempo-
rally changing position vector, where each spatial
coordinate corresponds to a meta-state. The ICT530

can therefore be seen as a representation of how the
meta-states dynamically attract the resting brain
towards a specific network configuration.

Considering the difference in meta-state correla-
tion position between consecutive time points as a535

displacement vector ~r, the instantaneous correla-
tion velocity can be easily calculated as its deriva-
tive with respect to time ~v = ~r′. The ICS is the
magnitude of the instantaneous correlation velocity
s = |~v|. Figure 2 and supplementary material video540

SV1 show a visual representation of the temporal
evolution of meta-state correlations (SV1 shows a
real-time representation in polar coordinates). In
order to characterize the dynamic flexibility of the
brain during meta-state switching, we computed545

both the mean and the standard deviation of the
ICS.

Leap size. The leap size is a measure that
characterizes the metabolic cost of transitioning
from one meta-state to another; it is computed as550

the distance between one meta-state and the next
(Ramirez-Mahaluf et al. (2020)). We calculated the
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leap size as 1 − the Spearman correlation coefficient
of the consecutive IAC FC matrices when a meta-
state transition occurred (Ramirez-Mahaluf et al.555

(2020)). Thus, this measure is derived from both
the ICT and the TAS.
Modularity. The modularity is a measure of the

strength of links within a community compared to
links outside the community (Gates et al. (2016)).560

In other words, it can be seen as an indicator of how
well the communities within the graph are parti-
tioned, with higher values meaning more clustered
communities (Gates et al. (2016)). In this case, we
interpreted this measure as indicating how well de-565

fined and separated the meta-states for each subject
were. The modulation values used here were those
obtained from the Louvain GJA algorithm during
the per-subject community detection step.

3.2.6. Surrogate data for measure normalization570

In order to evaluate whether the extracted mea-
sures of dynamic state behavior reflected real dFC
and were not due to random fluctuations, we
performed surrogate data testing (Hindriks et al.
(2016)). We constructed surrogate versions of each575

EEG recording by means of the amplitude adjusted
Fourier transform (AAFT). It is an improvement
of the phase randomization method of surrogate
data construction (Prichard and Theiler (1994))
that retains the amplitude distribution of the orig-580

inal time series (Theiler et al. (1992); Khambhati
et al. (2018)). Crucially, we used the same sequence
of random numbers for every ROI (uniform phase
randomization) to ensure that the linear correla-
tions were kept intact (in other words, to preserve585

static FC) (Hindriks et al. (2016); Khambhati et al.
(2018)).

As in Núñez et al. (2019b), all the measures were
normalized by dividing them by the average values
computed from 100 surrogate time series. Thus,590

values that cannot be explained by genuine fluc-
tuations are closer to 1, while values that are far
from 1 (higher or lower) reflect behavior that is in-
trinsically due to dFC. Moreover, this correction
ensures that all the measures can be compared be-595

tween groups (Núñez et al. (2019b)).

3.3. Statistical analyses

An exploratory analysis was initially performed
to assess the distribution of the average dwell time,
TAS complexity, ICS, leap size and modularity.600

Normality was assessed with the Lilliefors test,

while homoscedasticity was assessed with the Lev-
ene test. The results showed that the values did not
meet parametric test conditions for all measures.
Therefore, between-group differences were assessed605

with non-parametric tests.
We conducted exploratory Kruskal-Wallis tests

on the dwell time, TAS complexity, ICS, leap size,
and modularity values in all frequency bands un-
der study to detect global interactions between the610

three groups. Afterwards, post-hoc Mann-Whitney
U -tests were performed to assess pairwise between-
group differences in the frequency bands that dis-
played global interactions. A false discovery rate
(FDR) correction was used to control for type I615

error (Benjamini and Hochberg (1995)). FDR cor-
rection was applied to control for the number of
bands (global interactions) and groups (pairwise
comparisons), with a significance level of α = 0.05.
Signal processing and statistical analyses were per-620

formed using MATLABR© (version R2018a Math-
works, Natick, MA). The brain networks were vi-
sualized with the BrainNet Viewer (http://www.
nitrc.org/projects/bnv/) (Xia et al. (2013)).

4. Results625

4.1. Community detection

We first performed per-subject community detec-
tion to extract personalized meta-states in order to
enable the computation of accurate TAS and ICT
for each subject. Figure 3 shows histograms with630

the number of communities that were found for the
subjects in all groups and frequency bands. No sta-
tistically significant differences between groups for
the distributions of the number of meta-states were
found in any band (p > 0.05, Chi-squared test). It635

can be observed that the number of detected meta-
states detected varied between 2 and 5. In the delta
and theta bands, most subjects showed 4 meta-state
network configurations, while in alpha, beta-1, and
beta-2 the majority of subjects displayed 3 meta-640

states
Subsequently, per-group community detection

was also performed to find generalized brain net-
works that encompassed the meta-states of all sub-
jects in a group. The meta-states found for each645

group in the alpha band are shown in figure 4 (the
correspondence with specific ROIs in the Desikan-
Killiany atlas for each row/column is displayed in
figure S2 of the supplementary material). Spear-
man correlations between meta-states were also650
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Figure 2: Temporal activation sequence (upper diagram) and instantaneous correlation tensor (lower diagram) for a sample
patient with AD for the first 10 seconds of the recording in the alpha band. The temporal activation sequence is a symbolic
representation that shows the dominant meta-states at each time point. The highest correlation at each time point is marked
with a bold line. Brain plots for each meta-state are also represented. As can be observed, more than one state can be correlated
with the instantaneous FC at one time point.

Figure 3: Histograms depicting the number of communities (meta-states) detected by the Louvain GJA algorithm for all
subjects and frequency bands.
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performed to assess spatial similarity, and are in-
cluded in tables ST1 to ST3 of the supplemen-
tary material. We only display here the alpha-band
meta-states, since it was the band where between-
group differences were found for TAS-based mea-655

sures (see the following section). The meta-states
for the remaining bands (with the exception of beta-
2, since community detection proved to be compu-
tationally unfeasible due to the large size of the
whole-group RPs in this band) are shown in sup-660

plementary material figures S3 to S5. The meta-
states are ordered according to the total number of
appearances across time for all the subjects in the
group. The results in the alpha band show three
main meta-states for all groups: a frontal network665

with left-parietal connections (IAC meta-state 1),
a predominantly parietal network with frontal con-
nections (IAC meta-state 2), and a right-temporal
network with some left-temporal, parietal and oc-
cipital connections (IAC meta-state 3).670

4.2. Between-group comparisons for meta-state ac-
tivation metrics

Figure 5 displays the normalized average dwell
time, TAS complexity, average and standard de-
viation of the ICS, average leap size, and average675

modularity values for all frequency bands. Statis-
tically significant differences were mostly found in
the alpha band for most of the measures.
Average dwell time. Statistically significant

between group differences were found in the alpha680

band (p = 0.041, Kruskal-Wallis test, FDR cor-
rected p-values). The control group displayed the
longest dwell times of all three groups, with the
post-hoc analysis showing that they were longer on
average than for the ones for patients with MCI685

(p = 0.055, Mann-Whitney U -test, FDR corrected
p-values) and dementia due to AD (p = 0.007,
Mann-Whitney U -test, FDR corrected p-values).
The controls were also the group with the highest
proportion of subjects having longer average dwell690

times than those obtained with surrogate data.
TAS complexity. In the theta, alpha, beta-

1, and beta-2 bands, most subjects displayed lower
TAS complexity values than obtained for the surro-
gate data. This is the expected result, since it indi-695

cates a lower number of possible symbolic strings,
in line with the concept of the system returning
(and staying for a while) in previous states, as op-
posed to a surrogate with similar meta-states (sFC
is not destroyed by AAFT, so the spatial patterns700

of meta-states are similar to the ones in the origi-
nal time series), but no underlying dynamic struc-
ture. Statistically significant between group differ-
ences were found in the alpha band (p = 0.026,
Kruskal-Wallis test, FDR corrected p-values). The705

post-hoc analysis revealed that controls had a less
complex TAS sequence compared to both patients
with MCI (p = 0.007, Mann-Whitney U -test, FDR
corrected p-values) and dementia due to AD (p =
0.043, Mann-Whitney U -test, FDR corrected p-710

values). Interestingly, patients with MCI showed
values closer to the surrogates than patients with
dementia due AD.

Mean and standard deviation of the ICS.
The mean ICS showed no statistically significant715

differences between groups in any band (p > 0.05,
Kruskal-Wallis test, FDR corrected p-values). Fur-
thermore, around half of the subjects displayed val-
ues that were similar to those for the surrogates,
indicating that the mean ICS is not affected by the720

dynamic behavior of resting-state EEG activity. In
contrast, the standard deviation of the ICS was, for
most of the subjects, higher than expected of surro-
gate data, meaning dFC has an effect on speed vari-
ability. The alpha band showed statistically signif-725

icant group differences (p = 0.006, Kruskal-Wallis
test, FDR corrected p-values), but only the MCI
group displayed a statistically significant lower vari-
ability of the ICS than the control group (p < 0.001,
Mann-Whitney U -test, FDR corrected p-values).730

Average leap size. No statistically significant
differences were found in any band, although the al-
pha band lost its statistical significance after FDR
correction (p = 0.1, Kruskal-Wallis test, FDR cor-
rected p-values), with controls showing a higher735

meta-state transition cost than patients with MCI
(p = 0.022, Mann-Whitney U -test, FDR corrected
p-values).

Average modularity. Statistically significant
differences were found in the alpha (p < 0.001,740

Kruskal-Wallis test) and beta-1 bands (p = 0.055,
Kruskal-Wallis test). Furthermore, controls showed
higher modularity values than patients with MCI
(alpha: p = 0.03, beta: p = 0.03, Mann-Whitney
U -test, FDR corrected p-values), and patients with745

dementia due to AD in both bands (alpha: p <
0.001, beta-1: p < 0.001, Mann-Whitney U -test,
FDR corrected p-values) indicating that the meta-
states were more separated and better defined for
the controls.750

In order to test whether the mismatch in edu-
cation level could have an effect on between-group
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Figure 4: Group meta-states for controls, patients with MCI, and patients with AD in the alpha band. Panel A shows brain
plots with the 5% strongest connections of the meta-states obtained from performing community detection by means of the
Louvain GJA method in RPs built from the data-driven windows of all subjects in a group (per-group community detection).
Panel B displays the same meta-states as a matrix representation, where each axis represents the ROIs in the Desikan-Killiany
atlas.

comparisons, we tested for statistical differences in
grand-average mean dwell time, TAS complexity,
mean and standard deviation of the ICS, leap size755

and modularity between subjects with education
level A and B for all groups (Mann-Whitney U -
test). No statistical differences for any of the mea-
sures in any group or band were found (p > 0.05).

5. Discussion760

We adopted a novel approach to investigate the
dynamic formation of specific brain networks dur-
ing rest by capturing aspects based on both the dis-
crete activation of brain meta-states and the contin-
uous description of the evolution of the meta-state765

strength. Our findings show that: (i) the proposed
methodology is able to find meaningful meta-states
in resting-state EEG recordings (ii) MCI and AD
do not affect the spatial profile of the main meta-
states that appear during rest, but they are less well770

defined; (iii) MCI and AD meta-states are briefer
and less dynamically structured than those of cog-
nitively healthy elderly controls; and (iv) healthy
controls display a higher dynamic flexibility than
patients with MCI, as their brain networks are775

more dynamically pulled towards meta-states (at-
tractors).

5.1. Detection and characterization of group meta-
states

Our first objective was to identify dynamic func-780

tional meta-states in the EEG activity of the pop-
ulation under study. When conducting a whole-
group analysis in the alpha band, 3 meta-states
were found for all groups. One must exercise cau-
tion when identifying these meta-states as specific785

resting-state networks, since the more well-known
ones are usually based on blood-oxygen-level depen-
dent imaging (BOLD), not on EEG (Damoiseaux
et al. (2006)). For all three groups (controls, MCI,
and AD), the number of communities converged to790

3 as the frequency increased. The number of avail-
able data-driven windows increases with frequency,
and graph community detection algorithms usu-
ally behave better with larger graphs (Gates et al.
(2016)). Thus, we hypothesized that the number795

of dominant group meta-states with Louvain GJA
as the community detection algorithm in the 60-s
EEG recordings is closer to 3. In order to test this,
we performed an additional test on the 16 control
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Figure 5: Distribution plots depicting normalized (A) average dwell time, (B) TAS complexity, (C) average ICS, (D) standard
deviation of the ICS, (E) average leap size, and (F) average modularity. The values were normalized by dividing the raw values
by the average values extracted from 100 amplitude-adjusted Fourier transform (AAFT) surrogate versions of the original
data. Values above the red line correspond to greater observed values for the original time series than for the surrogates
(and vice-versa). Statistically significant between-group differences are marked with blue rectangles (p < 0.05, Kruskal-Wallis
test, FDR corrected p-values), while differences that were significant before FDR correction (p < 0.05, Kruskal-Wallis test)
are marked with dashed blue rectangles. Statistically significant post-hoc pairwise differences are marked with red brackets
(p < 0.05, Mann-Whitney U -test, FDR corrected p-values).

13



subjects who had two minutes of artifact-free EEG800

recordings available. We performed the same com-
munity detection as in the main study but changed
the length of the analyzed data-segment from 1 to
120 s in steps of 1 s. The results (supplementary
material figure S6) show a clear convergence to 3805

communities in the theta, alpha, beta-1, and beta-
2 bands. We did not perform this analysis in the
delta band due to the data segment not being long
enough to define data-driven windows for very short
epochs.810

Our results suggest that MCI and AD do not di-
rectly affect the “global” EEG spatial patterns of
resting-state networks themselves. However, the al-
pha and beta-1 modularity decrease found in MCI
and AD suggests that their EEG resting-state net-815

works are more diffuse and less well defined, i.e.,
the networks that dynamically form and dissolve
are not as well differentiated in MCI and AD com-
pared to healthy elderly controls. Interestingly, av-
erage sFC IAC values were lower in controls com-820

pared to patients with MCI and dementia due to
AD in the alpha band (see supplementary mate-
rial figure S7). This result could imply that MCI
and AD induce global alpha hyperconnectivity that
is associated with loss of network definition. It is825

worth noting that disparate results can be found in
the literature when it comes to sFC in MCI and AD:
while some studies have also found hyperconnectiv-
ity between specific brain regions in patients with
AD (Fu et al. (2019)) and in early stages of demen-830

tia (Bonanni et al. (2020)), the opposite behavior
has been reported as well (Babiloni et al. (2016b);
Briels et al. (2020)). Nonetheless, it is worth men-
tioning that when computing AEC based on a slid-
ing window approach (with window sizes of 0.5, 15835

and 60 s, see supplementary material figure S8) we
found that the results showed a decrease in sFC
in the alpha band for patients with AD for sliding
window sizes of 15 and 60 s. This disagreement
could be due to a variety of reasons, such as the840

fact that IAC is more suitable for the characteri-
zation of fast connectivity than AEC Tewarie et al.
(2019). It could also be the case that AD induces an
increase in very fast bursts of instantaneous connec-
tivity that are canceled when averaging across long845

windows. This is supported by the fact that simula-
tions have shown that AEC correlation with ground
truth states was maximal for window lengths that
matched state duration Liuzzi et al. (2019). We
also calculated the Spearman correlation between850

the average IAC and the relative power of each band

and found that they were weak and not statistically
significant (see supplementary material figure S9).
Moreover, there were statistically significant differ-
ences in relative power between groups in the theta855

and beta-1 bands, with patients with AD showing
clear power shifts towards lower frequencies and
patients with MCI also displaying these shifts to
a lesser degree (see supplementary material figure
S10). Crucially, there were no statistically signifi-860

cant differences in alpha relative power, which sup-
ports the notion that instantaneous FC is less af-
fected by relative power than traditional windowed
FC. Additionally, scalp topographies of the relative
power of each group meta-state in the alpha band865

were obtained (see supplementary material figure
S11) and no statistically significant differences in
relative power between meta-states was found, in-
dicating that network activation patterns appear to
be independent from raw power.870

We also obtained scalp topographies of the meta-
states in the alpha band in order to compare with
traditional EEG microstates and assess possible re-
lationships between them and network meta-sates
(Khanna et al. (2015)). The scalp topographies875

were obtained by averaging the EEG time-series
from the 19 scalp recordings in each of the data-
driven windows. Then, the windowed EEG was av-
eraged again for all the data-driven windows cor-
responding to each specific meta-state (see supple-880

mentary material figure S12). The scalp topogra-
phies corresponding to each meta-state were differ-
ent for each group, and for the most part did not re-
semble the four traditional EEG microstate topolo-
gies. Possible exceptions are control meta-state 1,885

which resembles microstate D, AD meta-state 1 and
MCI meta-state 3, which resemble microstate C,
and AD meta-states 2 and 3, which resemble mi-
crostate B (Khanna et al. (2015)). This suggests
that source-level network meta-states are indepen-890

dent from scalp activation to some extent.
Our results do not necessarily mean that the

brain only passes through 3 meta-states during rest,
but that these 3 topologies were the predominant
ones on the EEG time scale. Interestingly, an fMRI-895

based study that performed community detection
with a similar method also found 3 states in healthy
young subjects (Zhou et al. (2019)). Another fMRI
study obtained an optimal number of 3 communi-
ties using k -means clustering to detect functional900

states in patients with AD and dementia with
Lewy bodies (Schumacher et al. (2019)). Other
fMRI studies that have tried to identify meta-states
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found different numbers of FC states. For exam-
ple, Cabral et al. found 5 FC states in healthy905

controls during rest with their Leading Eigenvec-
tor Dynamic Analysis methodology (Cabral et al.
(2017)), while Fu et al. found 4 states in controls,
patients with AD, and patients with subcortical is-
chemic vascular disease using k -means clustering910

(Fu et al. (2019)). We hypothesize that the 3 meta-
states characterized by our methodology are a dom-
inant subset from the full repertoire that could be
detectable with other techniques, like the ones pre-
viously mentioned or Hidden Markov Models (see915

Baker et al. (2014); Vidaurre et al. (2018); Hunyadi
et al. (2019)). Furthermore, the results do not nec-
essarily imply that all subjects displayed the same
individual meta-states. When taken together, the
individual network configurations aggregate into 3920

meta-states that can be seen as a “summary” of
the underlying networks. However, one must take
into account that these meta-states were computed
as the average of a large number of windows that
belong to different subjects. Thus, individual id-925

iosyncrasies or subtle differences are lost in these
group meta-states (Hutchison et al. (2013)). Some
subject-specific states also get lost when perform-
ing whole-group community detection (Schumacher
et al. (2019); Gu et al. (2020)), which explains the930

apparent discrepancy between the number of whole-
group meta-states and some subjects who showed 4
individual meta-states.

It was also observed that, while the ongoing
resting-state EEG always has a dominant meta-935

state, the ICT shows that the instantaneous FC
is often correlated with more than one network
configuration. This leads us to believe that meta-
states are not mutually exclusive and are more a
representation of individual, well-defined network940

configurations that can be simultaneously active.
This is in line with non-negative tensor factoriza-
tion analyses, in which all the states are active at all
times, only with different strengths (Tewarie et al.
(2019); Ponce-Alvarez et al. (2015)). These tran-945

sient states emerge and dissolve in a non-discrete
fashion, just as they do in the present study. Thus,
our results support the notion of the brain being a
metastable system in which the meta-states act as
attractors which pull the functional network with950

variable strength, but never settle for long into a
specific one (Tognoli and Kelso (2014); Vohryzek
et al. (2020)).

5.2. MCI- and AD-induced alterations to dynamic
meta-state switching955

The second objective of the study was to explore
how MCI and AD might influence normal meta-
state sequences during rest. The results for the
average dwell time, TAS complexity, and standard
deviation of the ICS in the alpha band confirm our960

hypothesis that these diseases may induce a loss in
dynamic state fluctuations and break the underly-
ing structure of the state sequences.

We already found evidence of the presence of dFC
in cognitively healthy elderly controls, patients with965

MCI, and patients with dementia due to AD in
a previous work, in which dFC was measured by
means of sliding windows and the amplitude en-
velope correlation (AEC) (Núñez et al. (2019b)).
The present study further strengthens those find-970

ings. The less due to dFC the observed measures
of meta-state shifting are, the closer the values of
each extracted measure will be to 1. Thus, it is
clear from the results that brain meta-state shifting
in patients with MCI and AD is more unstable and975

less structured, and more influenced by sFC and
other factors than than in the controls. The impor-
tance of conducting surrogate testing when assess-
ing the presence of dFC-related metrics cannot be
understated. If one does not normalize, the results980

can be misleading and reflect differences that can
be due to random fluctuations in static FC (Hin-
driks et al. (2016)). To test this, we conducted
two additional tests: first, we performed the same
between-group comparisons for the surrogate data985

alone (see supplementary material figure S13), and
we found statistically significant differences in the
theta and beta-1 bands, but not in alpha. The
between-group differences could be due to differ-
ences in power, static FC, or even noisier segments990

for patients with AD. However, the values in al-
pha for most measures show statistically significant
differences after normalizing by means of the sur-
rogate data. This indicates that these differences
should be almost entirely due to dFC. Secondly, we995

compared the original, non-normalized values of all
the measures for the three groups separately with
the average of their corresponding surrogate data
(see supplementary material figures S14 to S16).
For the control group there were statistically signif-1000

icant differences between the measures derived from
the original time-series and the ones derived from
the surrogates in alpha for all measures except the
mean of the ICS (which did not show statistically
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significant differences between groups after normal-1005

ization either). This further supports the notion
that the differences in the alpha band are due to
differences in dFC between groups, and, in some
cases, due to the lack of alpha dFC in the MCI and
AD groups.1010

We observed that average dwell times were sig-
nificantly lower for patients with MCI and AD com-
pared with controls. Previous research has already
shown AD patients spending less time in default
mode network states (Jones et al. (2012)). Some1015

fMRI studies found evidence of patients with AD
having shorter dwell times in baseline states and
longer times in weaker states (Fu et al. (2019); Gu
et al. (2020)). Our study does not distinguish be-
tween these two types of states (weakly and strongly1020

connected), but our findings point to EEG meta-
states being more transient in MCI and AD. We
speculate that this could be related to how meta-
states are less defined in these groups, which could
lead to them “dominating” over others for shorter1025

times. If the assumption is made that each meta-
state corresponds to a specific active module fo-
cused on a functional quality (Jones et al. (2012)),
then this might mean that the MCI and AD brain
is associated with more unstable cognition. How-1030

ever, alternative explanations must be considered as
well; it may be possible that more transient meta-
states could be a sign of more flexible cognition
in patients with MCI and AD, perhaps as a com-
pensatory mechanism, although such behavior has1035

usually only been suggested in patients with MCI
and preclinical or early AD (Maestú et al. (2011);
Gaubert et al. (2019); Jones et al. (2016)).

We hypothesize that the TAS complexity results
are evidence of the existence of an underlying struc-1040

ture in the sequence of meta-states in healthy con-
trols. Controls show a relatively limited amount
of possible meta-state sequences when compared
to the pathological groups. This finding suggests
that meta-state sequencing is not entirely arbitrary.1045

The fact that meta-state transitions are not com-
pletely random has been previously suggested (Vi-
daurre et al. (2017)). Thus, it can be inferred that
MCI and AD induce changes into these meta-state
transition sequences leading to a loss of some of1050

their structure and an increase of their random-
ness. It has been observed that staying in the same
meta-state for consecutive windows could be a way
to keep transition networks cost-efficient (Ramirez-
Mahaluf et al. (2020); Zalesky et al. (2014)). Fur-1055

thermore, higher cognition has also been corre-

lated with efficient planning of meta-state switch-
ing (Ramirez-Mahaluf et al. (2020)). It is impor-
tant to highlight that the TAS complexity measures
the complexity of the symbolic activation sequence1060

of the meta-state activation patterns, not the raw
EEG data, since EEG complexity has been found
to be reduced in AD when compared to controls
(Abásolo et al. (2006)). Although we observed that
the control group showed a tendency towards higher1065

metabolic cost when transitioning to another domi-
nant meta-state, they stayed in the same dominant
state for longer times. This could indicate that con-
trols make fewer, but more substantial meta-state
transitions than patients with MCI or dementia due1070

to AD.
Our results showed that the mean ICS is not a

property intrinsically due to dFC and thus can-
not be associated with any MCI- or AD-induced
alterations in dynamic network switching. How-1075

ever, the higher standard deviation of the ICS in
controls compared to MCI points to a deficit of al-
pha dynamic brain flexibility that is at least par-
tially recovered in subjects that have progressed
to AD. In a previous study (conducted at scalp-1080

level), we found an overall decrease in alpha non-
stationarity in patients with MCI that was more
pronounced than in patients with AD (Núñez et al.
(2020)). We speculate that the reduced dynamic
flexibility may be related to the more stationary1085

sensor-level EEG activity, which could be linked
to the hypothesis that MCI displays excessive neu-
ronal activity possibly leading to amyloid deposi-
tion (de Haan et al. (2012)). In this case, excessive,
stationary activity would lead to steadier and less1090

fluctuating movement between network configura-
tions, with less sudden changes in attraction to-
wards specific meta-states.

In order to assess the reliability of the methodol-
ogy, we repeated the whole procedure on the second1095

minute of resting-state activity and the full 120-
s segments, on the subjects that had two minutes
of artifact-free EEG data available (16 controls, 29
patients with MCI and 27 patients with AD). The
main results are displayed in supplementary mate-1100

rial figures S17 and S19 (group meta-states in the
alpha band for the second minute of activity and the
full 120-s segment respectively), as well as S18 and
S20 (between-group comparisons for the normalized
measures, for the second minute of activity and the1105

full 120-s segment respectively). The group meta-
states closely resemble the ones found for the full
database, with small differences in network topol-
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ogy most likely due to the small number of subjects
(especially for the control group). No statistically1110

significant differences were found, most likely due
to the reduced number of subjects when compared
to the full database. The overall tendencies for all
measures, however, were the same as in the main
results.1115

Several studies have tried to characterize the
mechanisms of dynamic integration of information
that occur at the system-level by means of com-
putational modeling Deco et al. (2013); Cabral
et al. (2014); Deco et al. (2017a). These resting-1120

state models share the common trait that struc-
tured fluctuations emerge when the system is at
a point of bifurcation, or point of criticality, be-
tween steady state and oscillatory regime where
multistable states appear Deco et al. (2013); Cabral1125

et al. (2014); Deco et al. (2017a). This remarkably
fits with our findings of attractors that dynami-
cally pull the system into meta-states. Moreover,
it has also been shown that oscillator-based mod-
els modulate frequency-specific amplitude fluctua-1130

tions and show good fit with empirical MEG data
Cabral et al. (2014); Deco et al. (2017a). In this
respect, our findings are in line with the behav-
ior reported in these studies, since the alterations
in dynamic alpha IAC patterns could be linked to1135

impairment of meta-stable formation of large-scale
networks in MCI and AD. These would lead to di-
minished correlated amplitude fluctuations in this
frequency band Cabral et al. (2014); Deco et al.
(2017a).1140

5.3. Limitations and future research lines

This study has several limitations that merit fur-
ther attention. Firstly, we tried to solve the well-
known problem of having to choose a window size to
measure dFC by means of sliding windows by using1145

a measure of instantaneous FC (i.e., IAC). How-
ever, these measures come with the hurdle of lower
SNR, as well as higher memory requirements for
computational processing of the connectivity matri-
ces. We used data-driven windows based on RPs to1150

address both issues. However, alternative methods
to build data-driven windows could be explored in
future works, such as single-scale time-dependent
windows (Zhuang et al. (2020)). It is also worth
mentioning that the IAC is not sensitive to oscilla-1155

tion power, and Hidden Markov Model-based stud-
ies have found states that are characterized by in-
creased or decreased oscillation power Baker et al.
(2014). Thus, it could be the case that due to the

limitations of IAC some meta-states could be ob-1160

fuscated.
The method proposed in this study is not with-

out its limitations. Even though the between-
group comparisons survive FDR statistical correc-
tion, this does not mean that improvements could1165

not be made to the processing pipeline. In par-
ticular, it is possible that our method lacks sensi-
tivity which could lead to the detection of fewer
states than the ones that are present. We used the
Louvain GJA algorithm to detect communities in1170

the RPs due to its advantages, although this al-
gorithm has some limitations (both are indicated
in section 3.2.3) (Gates et al. (2016)). It would
be interesting to analyze whether other community
detection algorithms, such as Walktrap, Newman’s1175

Spectral Approach, Infomap, Label Propagation or
non-backtracking matrix (Gates et al. (2016); Krza-
kala et al. (2013)), lead to similar results. It is
possible, however, that other community detection
methods could lead to an increased number of false1180

positives. Of note, we characterized how the record-
ing length affected the number of communities that
the Louvain GJA detected (see Supplementary Ma-
terial figure S6). We found that it converged to
three in the theta, alpha, beta-1, and beta-2 bands.1185

Thus, observing how the communities detected vary
according to each algorithm could be an interesting
study in itself, since it could be possible that some
algorithms could identify more meta-states or have
more reproducible results.1190

While it is not possible to characterize the specific
properties, such as average dwell time, inter-state
intervals or fractional occupancy of the “group”
meta-states, due to the fact that they are not specif-
ically associated to specific “per-subject” meta-1195

states, it has been reported that some MEG states,
such as those in the bilateral default and dorsal at-
tention networks, have reduced duration in patients
with AD compared to cognitively healthy controls
(Sitnikova et al. (2018)). It would be interesting to1200

perform an analysis where meta-state characteriza-
tion is done only at the group level. This would
enable direct comparison between the specific state
properties of each group, while losing the precision
that per-subject meta-state characterization facili-1205

tates.
Due to the exploratory nature of the study, and

the fact that the metrics of meta-state correlation
were measuring relatively independent properties of
the dynamic activation of meta-states, we only cor-1210

rected the p-values for the number of bands. How-
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ever, a stricter correction for the global interac-
tions was also performed (correcting for the num-
ber of bands and the number of measures) and
is included in the supplementary material (table1215

ST4). With this strict correction, the average dwell
time and the TAS complexity lose statistically sig-
nificant differences in the alpha band (p = 0.062
and p = 0.053 respectively), and the modularity
loses statistically significant differences in the beta-1220

1 band (p = 0.110).
The influence of sFC was minimized by the use of

surrogate normalization, but the fact that the be-
havioral variability found in patients with MCI and
dementia due to AD could be underpinned by sFC1225

and structural connectivity cannot be overlooked.
It might be the case that the between-group differ-
ences explained by dFC could be, at least partially,
indirectly caused by abnormal sFC and structural
connectivity. Both of these have been previously1230

observed in patients with MCI and dementia due
to AD Pineda-Pardo et al. (2014), and account for
the majority of the variance in fMRI data from in-
dividuals Vidaurre et al. (2019). Thus, it is impor-
tant to point out that structural connectivity, sFC1235

and dFC are complementary techniques, with dFC
having been associated with behavioral traits not
dominated by anatomy, but more complex cogni-
tive functions Vidaurre et al. (2019).

Another interesting research line could be repli-1240

cating the results with different databases, not only
EEG-based but MEG ones as well. MEG signals are
less sensitive to field spread and volume conduction
(Lai et al. (2018)). An important limitation of the
study is the fact that the 68 ROI time-courses were1245

estimated from 19 EEG channels. Due to the lim-
ited spatial resolution of the source estimation, we
avoided over-interpretation of the results by refer-
ing to relatively broad areas (e.g., left-temporal)
instead of specific ROIs of the Desikan-Killiany at-1250

las. Nonetheless, it is noteworthy that the meta-
states that we extracted closely resemble some of
the meta-states found for an MEG database us-
ing non-negative tensor factorization (Tewarie et al.
(2019)).1255

Finally, since the patients with MCI can usu-
ally be separated into two subgroups (the ones that
eventually developed AD and the ones that remain
stable in MCI condition), when that information
becomes available, it would be of interest to in-1260

vestigate whether the two subgroups are closer in
meta-state behavior to the controls and the patients
with AD, respectively. This could thereby identify

early signs of neurodegeneration that are specific to
AD in the MCI-AD continuum. To achieve this, it1265

would also be interesting to expand the database
so that all patient subgroups and the control group
can be matched in number of subjects.

6. Conclusion

In the present study, we applied a novel method-1270

ology to detect meta-states and their temporal se-
quencing in resting-state EEG recordings from con-
trols, as well as patients with MCI and demen-
tia due to AD. Our approach revealed that MCI
and AD do not change the network topology of the1275

main meta-states, but they induce a loss of flexi-
bility and definition of neural networks when the
brain moves through meta-state space. These al-
terations are characterized by a decrease in mod-
ularity, shorter dominant meta-state dwell times,1280

diminished metabolic cost of state transition, and
decrease in variability of the correlation speed. All
these results point to an overall more erratic dy-
namic behavior of the brain during rest, coupled
with weaker meta-state differentiation, possibly as-1285

sociated with unstable cognition. Furthermore, we
also showed that dynamic state switching is not
entirely random, with an underlying transition se-
quence structure that is also partially lost as the
MCI-AD continuum progresses. We believe this1290

work could be a starting step towards a comprehen-
sive characterization of the spatio-temporal dynam-
ics of functional network switching in the MCI-AD
continuum.

7. Acknowledgements1295

This research was supported by ‘Ministerio de
Ciencia e Innovación - Agencia Estatal de In-
vestigación’ and ‘European Regional Development
Fund’ (FEDER) and ‘Ministerio de Ciencia, Inno-
vación y Universidades’ under projects PGC2018-1300

098214-A-I00, the ‘European Commission’ and
FEDER under project ‘Análisis y correlación en-
tre el genoma completo y la actividad cerebral
para la ayuda en el diagnóstico de la enfermedad
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