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Abstract. Objective. The aim of this study was to solve one of the current
limitations for the characterization of the brain network in the Alzheimer’s disease
(AD) continuum. Nowadays, frequency-dependent approaches have reached
contradictory results depending on the frequency band under study, tangling the
possible clinical interpretations. Approach. To overcome this issue, we proposed
a new method to build multiplex networks based on canonical correlation analysis
(CCA). Our method determines two basis vectors using the source and electrode-
level frequency-specific network parameters for a reference group, and then project
the results for the rest of the groups into these hyperplanes to make them
comparable. It was applied to: (i) synthetic signals generated with a Kuramoto-
based model; and (ii) a resting-state EEG database formed by recordings from
51 cognitively healthy controls, 51 mild cognitive impairment subjects, 51 mild
AD patients, 50 moderate AD patients, and 50 severe AD patients. Main
Results. Our results using synthetic signals showed that the interpretation of
the proposed CCA-based multiplex parameters (multiplex strength, multiplex
characteristic path length and multiplex clustering coefficient) can be analogous to
their frequency-specific counterparts, as they displayed similar behaviors in terms
of average connectivity, integration, and segregation. Findings using real EEG
recordings revealed that dementia due to AD is characterized by a significant
increase in average connectivity, and by a loss of integration and segregation.
Significance. We can conclude that CCA can be used to build multiplex networks
based from frequency-specific results, summarizing all the available information
and avoiding the limitations of possible frequency-specific conflicts. Additionally,
our method supposes a novel approach for the construction and analysis of
multiplex networks during AD continuum.
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1. Introduction

In terms of graph theory, a network can be defined
as a set of elements (nodes) linked by connections or
interactions (edges) [1]. In this regard the human
brain can be seen as a dynamic, complex network,
where brain regions are the nodes and the connections
between them are the edges. Cerebral networks are
continuously adapting themselves following external
and internal stimuli, as well as physiological sculpture
changes during brain maturation and throughout the
life span [2]. However, normal brain aging can
be altered by some physiopathological processes, like
those associated to neurodegeneration.

Dementia due to Alzheimer’s disease (AD) is the
most common cause of dementia, accounting for an
estimated 60 to 80 % cases [3]. Based on current
research advances, AD is best conceptualized as a
biological and clinical continuum, covering from the
preclinical to symptomatic phases of AD. Cognition
(including episodic memory, executive function, and
verbal fluency) and function (basic and complex
activities of daily living) appear to decline in a very
subtle way at AD early stages. While the concept of
a continuum appears to be more appropriate for the
characterization of AD course, some degree of staging
has been helpful for clinical purposes. Traditionally,
two key stages have been considered: mild cognitive
impairment (MCI) due to AD, and dementia due to AD
[4, 5]. MCI is usually considered a prodromal stage of
AD in which patients exhibit cognitive deficits, but do
not fully accomplish the criteria for dementia diagnosis
[6]. Then, depending on the symptoms, AD dementia
can be further divided into mild (ADmil), moderate
(ADmod), and severe AD (ADsev) [5]. Firstly, ADmil

patients show clear deficits on clinical examination but
they may function independently. In the next stage,
ADmod patients suffer increasingly poor judgment and
deepening confusion, and require a greater level of care.
Finally, ADsev patients are completely dependent as
they loose the ability to respond to their environment
and to control movement.

Nowadays, AD diagnosis is complex and with
a high degree of subjectivity [3]. Notwithstanding,
whole-brain neuroimaging techniques have shown their
potential to study MCI and AD brain alterations,
claiming their role as interesting methodologies to
find relevant biomarkers and develop new objective
diagnostic tools [7, 8, 9, 10]. Among them,

neurophysiological techniques provide the ability to
study fast changing neural networks. This is the case
of electroencephalography (EEG), which is a brain
imaging method that measures the electrical activity
generated by synchronized cortical neurons pools [9].

EEG has already proven it usefulness to charac-
terize MCI and AD pathophysiological brain dynamics
during resting state [11]. Traditionally, three major ef-
fects of MCI and AD have been observed from EEG
recordings: slowing of the EEG, reduced complexity of
EEG signals, and perturbations in EEG connectivity
[11]. Based on connectivity results, graphs can be con-
structed as an abstract representation of the cerebral
activity, providing insights into the specific organiza-
tion of the brain. The organization of these graphs has
been quantified using parameters derived from com-
plex network theory in the conventional EEG frequency
bands: delta, theta, alpha, beta-1, beta-2, and gamma.
Recent functional network studies have reported that
AD is mainly associated with a decrease of integration
(local information processing) and a increase of segre-
gation (global information processing) [12, 13]. How-
ever, previous studies that compared graph properties
between AD and healthy control networks in specific
frequency bands, using EEG, MEG, and fMRI data,
did not report consistent result between them. On
one hand, contradictory results depending on the fre-
quency band under analysis were showed. For exam-
ple, Stam et al. reported significant clustering coef-
ficient decreases in alpha, but increases in theta [12].
The opposite trend was reported for the characteris-
tic path length, with significant increases in alpha and
decreases in theta [12]. This makes difficult to extract
conclusions about the alterations that AD neurodegen-
eration elicits in the global brain network. On the other
hand, previous studies also reported inconsistent re-
sults between them when studying the same frequency
band. Some works that investigated the average clus-
tering coefficient did not find differences between AD
and control subjects [14, 15, 16], others found signif-
icant decreases in AD [12, 17] and other studies also
found an increased clustering in AD [18, 19, 20]. This
issue also happens with the characteristic path length,
as higher values as the disease progresses were reported
[14, 15, 18, 19, 20], but also lower values [16, 17]. All
these results tangle the possible clinical interpretations
about the brain changes provoked by the AD neurode-
generation process. Furthermore, analyzing single lay-
ers separately could not capture relevant information
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of the whole brain network that could be provided by
a multiplex approach. Then, analyzing the multiplex
network considering the information of all layers to-
gether has focused a great attention.

Multiplex network theory has been applied in
different real-world multiplex networks, such as social
systems [21] and interconnected hyperlink networks
[22]. In the case of EEG-based networks, each
frequency-specific network (typically: delta, theta,
alpha, beta-1, beta-2, and gamma) corresponds to a
layer. These layers are interconnected by the links
between the same set of electrodes across layers.
Different methods have been used to build these
multiplex networks: from a simple parameter sum
across all frequency-specific layers to more complex
approaches [21, 23, 24], such as using a quality function
to determine the value of the links across the different
layers [25]. However, these methods present some
limitations. The estimation of multiplex parameters
and the comparison between multiplex networks could
be biased if the link weights are different across
studies [26]. Furthermore, these approaches could
compensate opposite trends between groups for the
analyzed frequency bands and blur the differences
between groups.

In this study, we proposed a new approach to build
multiplex networks based on Cononical Correlation
Analysis (CCA). The proposed method shows several
benefits over single-layer methodologies, and over other
previously proposed multiplex approaches. Regarding
the advantages over single-layer methodologies, results
obtained using the proposed method can summarize
the available information across all layers in one single
value, making the global brain network easier to
interpret from the clinical point of view. Having only
one value that represents a particular network feature
instead of one value per frequency-band also avoids
the problem of contradictory results depending on
the frequency band under study, which are commonly
obtained in AD studies [12, 27]. With regard to
the advantages over previously proposed multiplex
approaches, most of them require having the link values
between homologous nodes of different layers to build
the multiplex network, including those described in
the studies of De Domenico, Boccaletti, and Buldú
[22, 23, 28]. However, these interlayer links are not
usually available, as in our study. Other authors have
proposed multiplex approaches for scenarios where the
interlayer links are not available, such as the sum
of the different parameters for each layer [21, 23].
However, considering the results of some previous
studies [12, 27], where opposite trends were reported
depending on the frequency band under analysis
(e.g., significant clustering coefficient decreases in
alpha, but increases in theta), it could be expected

that this approach could compensate the opposite
trends for the analyzed frequency bands and blur
the differences between groups. In our method, the
different weights assigned to each layer during the
procedure of computing the multiplex parameters are
given by an objective procedure (CCA). These weights
define the hyperplane where the correlation between
source and electrode-level results is maximized and
they could be negative, thus avoiding to compensate
the aforementioned AD opposite trends in the different
frequency bands. CCA has been previously applied
as a feature extraction method in Brain Computer
Interface applications [29, 30], to investigate the
relationship between synchronous neural interactions
and cognitive neuropsychological domains in AD
patients [31], and to improve the accuracy in coherence
estimation by means of weighting [32]. We propose a
new methodology to build multiplex networks based on
CCA, which determines the coefficients that maximize
the correlation between electrode-level and source-level
results. Firstly, in order to evaluate the behavior of
the multiplex parameters under controlled coupling
conditions, we used our previously published synthetic
signals [33], generated by the combination of a surface
based computational model of the human head and
a model of coupled oscillators. Then, we applied
the proposed methodology to real EEG recordings to
obtain new multiplex parameters that summarize all
the frequency-band information for each subject under
study. Therefore, the aim of this study was to analyze
how three different CCA multiplex parameters (CCA
global strength sCCA, CCA characteristic path length
LCCA, and CCA clustering coefficient CCCA) are
affected by variations of connectivity using synthetic
signals, and if they are able to characterize the brain
alterations during AD continuum.

2. Materials

2.1. Synthetic signals

Firstly, in order to analyze the behavior of the new
proposed metrics, we used a set of simulated signals
using artificial brain sources and a realistic head model
previously published by our research group [33]. The
surface-based model was constructed from the open-
source Visible Human Project R© (VHP) dataset [34].
The brain, the cerebrospinal fluid, the skull, and the
skin were identified and hand-segmented using ITK-
Snap [35]. Then, neuronal activity was propagated
from synthetic brain sources to 19 simulated EEG
electrodes placed following the international 10-20
system.

Once the model was created, the electrical source
activity was simulated using a set of coupled oscillators
to generate a Kuramoto model by varying the global
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coupling parameter K. For each value of global
coupling K, 300 trials were simulated using 200
oscillators randomly placed inside the brain mesh. This
procedure results in 300 time series of 19 simulated
channels and 2500 samples. It is noteworthy that in
all trials, the initial 5000 samples were discarded to
eliminate transitory states of the oscillators. Further
details about the generation of these synthetic signals
can be found in our previous study [33].

2.2. Real EEG signals

The real dataset formed by 253 resting-state EEG
recordings. They were recorded from 51 cognitively
healthy control (HC) subjects, 51 MCI subjects,
51 ADmil patients, 50 ADmod patients, and 50
ADsev patients. HC group was composed by elderly
subjects with no neurological disorders. On the other
hand, patients with MCI and dementia due to AD
were diagnosed following the criteria of the National
Institute on Aging and Alzheimer’s Association (NIA-
AA) [4, 36]. The socio-demographic and clinical
characteristics of each group are provided in table 1.

For each subject, five minutes of resting state EEG
activity were recorded by means of a 19-channel EEG
system Nihon Kohden Neurofax JE-921A at a sampling
frequency of 500 Hz. The electrodes were placed
following the specifications of the international 10–20
system at Fp1, Fp2, Fz, F3, F4, F7, F8, Cz, C3, C4,
T3, T4, T5, T6, Pz, P3, P4, O1, and O2. Signals were
re-referenced by means of common average referencing.
Then, they were preprocessed in three steps [33, 37]:
(i) band-pass digital filtering to limit the spectral
content to the wide frequency band between 1 and
70 Hz (Hamming window, filter order 2000, forward
and backward filtering) and band-stop digital filtering
to remove the 50-Hz noise power (Hamming window,
filter order 2000, forward and backward filtering); (ii)
independent component analysis (ICA) to minimize
the presence of oculographic, cardiographic, and
myographic artifacts; and (iii) selection of 5 s artifact-
free epochs by visual inspection.

During the ICA analysis, an average of 2.01 ±
1.88 (mean ± standard deviation) components were
discarded per subject from a total number of 19
components. After the visual inspection, an average
of 38.81 ± 13.03 5-s artifact-free epochs per subject
were considered for further analysis.

3. Methods

Firstly, synthetic signals were used to study the
behavior of the CCA multiplex parameters under
different connectivity conditions. For this purpose, we
performed the following steps:

(i) Estimation of connectivity between pair-wise
nodes using Phase Lag Index (PLI) (see Section
3.2) at the electrode-level and source-level syn-
thetic signals.

(ii) Calculation of frequency-specific network param-
eters: global strength (s), characteristic path
length (L), and clustering coefficient (C) were ob-
tained from PLI matrices both at electrode-level
and at source-level (see Section 3.3).

(iii) These electrode and source frequency-specific
parameters formed the multidimensional variables
to compute CCA. Then, two basis vectors were
obtained (electrode-level and source-level) using
the less connected synthetic signals, which were
computed with K = 2 in the Kuramoto model
(see Sections 3.4 and 3.5).

(iv) Finally, in order to make results comparable,
network parameters from all groups (K = 2,
2.5, 3, and 3.5) were projected onto these
hyperplanes computing the linear combination of
the frequency-dependent results multiplied by the
reference basis vectors.

Then, real EEG signals were used to analyze the
trends of the CCA multiplex parameters during AD
continuum. This procedure is represented in figure 1,
and it is divided into the following steps:

(i) Source level signals were reconstructed from real
EEG recordings using standardized low resolution
brain electromagnetic tomography (sLORETA)
(see Section 3.1).

(ii) Connectivity between pair-wise electrodes was
computed using PLI for the real EEG recordings,
and between pair-wise Regions of Interest (ROIs)
for reconstructed source-level signals (see Section
3.2).

(iii) The aforementioned frequency-specific network
parameters were also obtained from PLI matrices
(see Section 3.3).

(iv) Two basis vectors were obtained (electrode-level
and source-level) using only the HC results (see
Sections 3.4 and 3.5).

(v) Then, results from all groups (HC, MCI, ADmil,
ADmod, and ADsev) were projected into these
hyperplanes computing the linear combination of
the frequency-dependent results multiplied by the
reference basis vectors (see Section 3.5).”

It is noteworthy that, in both cases, we
only analyzed the source-level results, since source-
reconstructed networks are comparable regardless of
the EEG recording system configuration. That
is, if the Desikan-Killiany atlas is used to reduce
signal dimensionality into ROIs, the derived networks
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Figure 1. Block diagram of the used methodology with the real EEG signals. It is divided into the following steps: (i) reconstruction
of the source-level signals from real EEG recordings (see Section 3.1); (ii) estimation of connectivity between pair-wise nodes (see
Section 3.2); (iii) computation of frequency-specific network parameters (see Section 3.3); (iv) Computation of the multiplex model
based on CCA: determination of the basis vector (vb) that defines the reference hyperplane using the healthy control results (see
Sections 3.4 and 3.5); (v) CCA projection: projection of the results onto these hyperplanes computing the linear combination of the

frequency-dependent results multiplied by the reference basis vectors: sCCA =
∑B

b=1
sb · vb (see Section 3.5).
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Table 1. Socio-demographic and clinical data.

HC MCI ADmil ADmod ADsev

Number of subjects 51 51 51 50 50
Age (years) (mean±SDa) 80.14±7.09 85.53±7.25 80.69±7.05 81.30±8.04 79.98±7.82
Gender (Male:Female) 26:25 15:36 21:30 7:43 7:43
MMSEb (mean±SDa) 28.82±1.13 23.33±2.84 22.49±2.27 13.60±2.76 2.42±3.70

a SD: standard deviation; bMMSE, Mini Mental State Examination score; HC: cognitively healthy control
subjects; MCI: Mild Cognitive Impairment patients; ADmil: mild Alzheimer’s disease patients; ADmod: moderate
Alzheimer’s disease patients; ADsev: severe Alzheimer’s disease patients.

will have always 68 nodes. Otherwise, electrode-
level networks size depends on the number of
acquisition channels, that can vary depending on the
configuration. Furthermore, source-level results will
allow us to analyze and compare new groups that could
have been recorded with different EEG configurations,
or even using MEG, with the healthy control group
used in this study. This would not be possible if we
use the electrode-level results.

3.1. Source reconstruction: sLORETA

Time series at source level from real EEG recordings
were obtained using sLORETA, available in Brain-
storm (http://neuroimage.usc.edu/brainstorm) [38].
sLORETA is based on a model of lineal distributed
sources and provides a solution maximizing the cor-
relation between neighboring sources, assuming that
nearby neurons are synchronized [39]. In addi-
tion, sLORETA reduces the errors on the estimated
source activity applying some physiological restric-
tions. sLORETA provides high-dimensionality source-
level signals, which were projected in 68 ROIs using the
Desikan-Killiany atlas. Technical details of the method
are described in [39].

3.2. Connectivity

In order to construct the brain networks, adjacency
matrices were computed using PLI. PLI is a
connectivity metric proposed by Stam et al. [40] that
quantifies the phase difference distribution between
two time series. The stronger the phase locking
is, the larger the PLI will be, except the case
of shared signals at zero phase lag (where it is
non sensitive). Moreover, our previous work using
synthetic signals [33] demonstrated that PLI can
detect real changes in synchronization. Additionally,
this work also showed that PLI is less affected by
the volume conduction problem than other measures,
such as magnitude squared coherence, imaginary
part of coherence, amplitude envelope correlation,
synchronization likelihood, or phase locking value [33].

Mathematically, PLI is defined as [40]:

PLIX,Y = |〈sign sin(∆φX,Y )〉|, (1)

where 〈·〉 indicates the expectation operator and
∆φX,Y is the phase difference or relative phase between
signals X and Y .

PLI was computed for the six conventional EEG-
frequency bands: delta (δ, 1-4 Hz), theta (θ, 4-8 Hz),
alpha (α, 8-13 Hz), beta-1 (β1, 13-19 Hz), beta-2 (β2,
19-30 Hz), and gamma (γ, 30-70 Hz).

3.3. Network parameters

Three network parameters derived from graph theory
were computed from PLI matrices to summarize
diverse aspects of global and local brain connectivity:
global strength (s), characteristic path length (L), and
clustering coefficient (C).

s is a basic network metric that is commonly used
as a measure of density, representing the total ‘wiring
cost’ of the network [41]. It is computed as the mean
number of links connected to the nodes:

s =
1

N

∑
i∈N

si =
1

N

∑
i∈N

∑
j∈N

aij , (2)

where aij is the PLI value between nodes i and j and
N is the total number of nodes.

L is the most commonly used measure of
functional integration. Brain integration resumes
the ability to combine specialized information from
distributed brain regions. Anatomically, paths are
sequences of nodes and links that represent potential
routes of information flow between different brain
regions. Specifically, L is defined as the average
shortest path length between all pairs of nodes in the
network [41]:

L =
1

N

∑
i∈N

∑
j∈N,j 6=i lij

N − 1
, (3)

where lij is the shortest path length (distance) between
nodes i and j.

C is a simple segregation metric based on the num-
ber of triangles in the network. Segregation quanti-
fies the ability of the brain to process information in
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densely interconnected groups of brain regions. Math-
ematically, C reflects the prevalence of clustered con-
nectivity around individual nodes and represents the
fraction of the node neighbors that are also neighbors
of each other [41]:

C =
1

N

∑
i∈N

2ti
si(si − 1)

, (4)

where ti is the geometric mean of triangles around node
i and si is the strength of a node i.

Since PLI results are frequency dependent, one
value for every network parameter was obtained for
each of the previously defined frequency bands. These
frequency-specific values were then used to compute
the multiplex parameters by means of CCA.

3.4. Canonical Correlation Analysis (CCA)

CCA is a statistical method for measuring the linear
relationship between two datasets of multidimensional
variables X ∈ <m×N and Y ∈ <n×N , where N is the
number of observations which must be the same for
both datasets, and m and n are the number of variables
in each dataset, respectively [42]. CCA can be defined
as the problem of finding two sets of basis vectors
w ∈ <m×1 and v ∈ <n×1, such that the correlations
between the projections of the variables onto these
basis vectors are mutually maximized [42]:

ρ = arg max
w,v

wTXY T v√
wTXXTw

√
vTY Y T v

(5)

3.5. CCA: A new way to build multiplex networks

In this study, we propose to use the basis vectors
obtained with CCA to reduce the frequency band
dimensionality of every network parameter and to
obtain multiplex metrics. Specifically, electrode and
source-level network parameters in every frequency
band formed the two datasets of multidimensional
variables: X,Y ∈ <B×N and w, v ∈ <B×1 where N
is the number of observations, and B = 6 corresponds
to the six conventional EEG frequency bands. Then,
we computed new CCA multiplex parameters as the
projection of the results onto these hyperplanes, which
is equivalent to compute the linear combination of
the frequency-dependent results multiplied by the
basis vectors. In terms of notation, our new CCA
multiplex parameters are defined as sCCA, LCCA,
and CCCA corresponding to those obtained from the
classical measures in each frequency band s, L, and C,
respectively.

Mathematically, sCCA is defined as:

sCCA =

B∑
b=1

sb · vb, (6)

where sb is the value of s in the bth frequency band and
vb is the bth value of the basis vectors obtained with
CCA. LCCA and CCCA can be defined analogously.

3.6. Statistical analysis

For both analyses, an exploratory analysis was carried
out to assess the distribution of the CCA multiplex
values with the synthetic and real EEG recordings.
As our results did not meet the parametric test
assumptions of normality (Shapiro-Wilk test) and
homoscedasticity (Levene’s test), statistical differences
between groups were evaluated with the Mann-
Whitney U -test.

4. Results

4.1. Synthetic signals

In order to analyze the behavior of the new CCA
multiplex parameters depending on the level of
connectivity, they were calculated from the time
series generated with the Kuramoto model. Firstly,
we calculated the source-level basis vector for each
network parameter obtained with the less connected
signals and then projected the results from the rest of
the groups onto these hyperplanes.

Distribution results for sCCA, LCCA, and CCCA

using synthetic signals are shown in figures 2(a)-
(c), respectively. Firstly, our sCCA results revealed
an increasing trend as connectivity increases. It
is also possible to observe that differences between
consecutive groups are getting larger as the Kuramoto
global coupling parameter (K) increases. This trend
is similar to the one expected for the classical network
parameter s: as connectivity increases, networks are
more connected and the values of s become higher.
Secondly, LCCA followed the opposite trend, as LCCA

results were smaller for higher values of global coupling.
These results are in line with the one expected for L,
as connectivity increases will lead to more integrated
networks, associated with lower values of L. Finally,
our results using CCCA showed a growing trend as
connectivity increases. This increasing segregation
trend was also supported by the expected values of C
for each frequency band. With higher connected nodes,
more segregated networks will be obtained, since more
node neighbors could be also neighbors of each other.

To sum up, our proposed method provides
results that are able to summarize the available
information across all layers in one single value,
overcoming the existing problems derived from the
traditional frequency-dependent network analysis.
Additionally, the proposed multiplex parameters
followed a similar behavior compared with the classical
network parameters. Then, they can be interpreted
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Figure 2. sCCA, LCCA, and CCCA value distributions obtained using synthetic signals as a function of the Kuramoto model global
coupling intensity (K). Statistically significant pairwise differences are marked with red brackets (p < 0.05, Mann-Whitney U -test).

in similar network terms: multiplex global average
connectivity for sCCA, multiplex network integration
for LCCA, and multiplex network segregation for
CCCA.

4.2. Real EEG recordings

The distribution plots for sCCA, LCCA, and CCCA

obtained using the real EEG recordings from HC
and the different AD severity groups are displayed in
figure 3. Statistically significant differences between
groups (p-values < 0.05, Mann–Whitney U -test) are
also displayed.

Firstly, in the case of sCCA, our results showed
that HC subjects displayed low average connectivity
levels and they rise as the disease progresses,
excluding the case of ADmil that had the lowest
connectivity values. Mann-Whitney U -tests revealed
that the ADsev group could be differentiated from
the rest of the groups, as statistically significant
differences were found for all these comparisons.
Significant differences between ADmil and ADmod

sCCA values were also found. Secondly, LCCA results
showed slightly higher values as dementia severity
increases, being only statistically significant for HC
vs ADsev comparison. Finally, CCCA results revealed
more segregated multiplex networks as the disease
progresses, as it showed a decreasing trend from HC
subject to ADsev patients. Only ADmil were slightly
shifted up from this trend. The Mann-Whitney
U -tests revealed statistically significant differences
between ADsev patients and all the rest of the groups,
HC subjects vs. ADmod, and ADmil vs. ADmod

comparisons.

5. Discussion

In the present study, we proposed a new methodology
to build multiplex networks based on CCA. Addition-
ally, we evaluated the behavior of these new metrics
using synthetic signals varying their connectivity, and

we analyzed their ability to characterize the brain net-
work alterations during the different stages of AD con-
tinuum.

5.1. CCA multiplex network parameter interpretations

In order to asses the interpretation of the new
CCA-based multiplex network parameters, a set of
synthetic signals was used. This approach allowed
us to study the behavior of the proposed multiplex
parameters (sCCA, LCCA, and CCCA) in different
connectivity scenarios and relate them with their
frequency-specific counterparts. Previous studies have
evaluated the performance of various connectivity
metrics by simulating different scenarios with the well-
studied Kuramoto model [33, 40, 43]. To the best
of our knowledge, no previous work has analyzed the
performance of frequency-specific network parameters
nor multiplex ones.

In the frequency-specific case, the strength
represents the sum of the weighted links connected to
that node [41]. Then, the global strength s is most
commonly used as a measure of density, with higher
values for more connected networks [41]. Our results
using sCCA followed the same trend, showing bigger
increases between consecutive groups as connectivity
grows. Thus, the interpretation of the CCA-based
multiplex parameter obtained from s can be analogous
to the frequency-specific metric.

The characteristic path length L is most com-
monly used integration metric and measures the aver-
age shortest path length between all pair-wise nodes
[41, 44]. Theoretically, more disconnected networks
lead to higher values of L. In the extreme case, paths
between disconnected nodes are defined to have infi-
nite length [41]. This trend is also observed for our
multiplex LCCA results, as lower values are obtained
as connectivity grows. Consequently, connectivity in-
creases elicits decreases in the values of LCCA, which
can be interpreted as more integrated multiplex net-
works.
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Figure 3. sCCA, LCCA, and CCCA value distributions obtained using real EEG recordings from subjects at different stages of
AD continuum: HC subjects, MCI patients, ADmil patients, ADmod patients, and ADsev patients. Statistically significant pairwise
differences are marked with red brackets (p < 0.05, Mann-Whitney U -test).

The mean clustering coefficient C is a simple
measure of segregation, computed as the average
fraction of triangles around an individual node [41,
44]. Therefore, lower connected networks result
in higher segregated network, as nodes with a low
strength may not have clustered connectivity around
them [41]. When our proposed CCA-based multiplex
approach is applied, CCCA results followed the same
trend, showing higher segregation for more connected
multiplex networks.

Therefore, considering these results, we can
conclude that the interpretation of the CCA-based
multiplex parameters can be analogous to their
frequency-specific counterparts, as they revealed the
same behavior using synthetic signals. Additionally,
our proposed method is able to capture and summarize
all the relevant information of the whole brain network,
while a single-layer approach only provides a limited
perspective of the neural network properties.

5.2. Abnormal multiplex network patterns in AD
progression

Network organization has conventionally been ana-
lyzed in diverse frequency bands, as they are consid-
ered to be associated with different cognitive processes.
Previous EEG studies have shown that functional
connectivity patters in AD networks are frequency-
dependent [24, 45]. Specifically, in our database, net-
work topologies in low-frequency bands tend to be less
integrated and more segregated as the disease sever-
ity increases, reducing their global performance and
enhancing their local performance [27]. Here, we in-
tegrate all frequency-specific networks in a multiplex
framework using CCA to study the brain changes dur-
ing AD continuum. Our results indicated that multi-
plex networks are characterized by higher average con-
nectivity as AD severity increases, revealed by an in-
creasing trend in sCCA. Furthermore, these networks
tended to be less integrated (revealed by a increase in

LCCA) and less segregated (decrease in CCCA) as the
disease progresses.

Firstly, a consensus with decreased functional
connectivity in alpha band has been reached by
previous studies [11, 33, 46, 47]. However, inconsistent
results have been found for other frequency bands
[33, 48]. These frequency-dependent connectivity
variations lead to contradictory results in terms of
global strength, which depends on the frequency
under analysis. Our previous work using the
same database supports these frequency-dependent
results, as significant increases of s in the theta
band and significant decreases of s in the alpha
band were reported as the disease severity increases
[27]. To the best of our knowledge, no previous
study has analyzed the mean average connectivity
in multiplex networks during AD continuum. This
could be due to this parameter alone does not give
further information about network organization, but
it can be useful combined with the integration and
segregation information given by LCCA and CCCA

results, respectively.
Secondly, our LCCA results are in line with

previous studies that reported lower integration in AD
networks compared to HC subjects, revealed by an
increase in the characteristic path length values [26],
a decrease in the network global efficiency [13], and
a decrease in the participation coefficient [49]. From
the clinical point of view, the global propensity to
facilitate information exchange is progressively reduced
as a consequence of neurodegeneration as dementia
severity increases [50].

Finally, many previous studies showed decreases
in global segregation for the AD group using both
multiplex and frequency-specific networks [12, 51,
52], in line with our CCCA results. Clinically,
this could reflect that local information exchange
between frequency bands is progressively disrupted
as a consequence of AD [52]. However, increases in
clustering coefficient are also reported as a possible
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compensatory mechanism that is triggered by the
dysfunctional integration in the AD brain networks
[25, 53]. This compensatory effect could explain the
CCCA values obtained for the ADmil group, as it did
not follow the declining trend of CCCA as AD severity
increases.

Putting these results together, our findings
indicated that dementia due to AD is characterized
by a loss of ‘small-world’ networks as the disease
progresses (revealed by decreases in integration and
segregation) [16, 54]. This progressive loss of small-
world network properties would increase multiplex
networks vulnerability [55].

5.3. Limitations and future research lines

Despite the fact that we have reduced the volume-
conduction bias (by using PLI to build the connec-
tivity network), reduced the frequency-specific results
bias (by adopting a multiplex approach), and facili-
tated the comparison with other EEG-channel config-
urations and neuroimaging methods (by using source-
level results obtained with a standard atlas), the
present study has some limitations that should be con-
sidered.

Firstly, multiplex network parameters were aver-
aged for all ROIs. Future studies should be carried
out taking into account the specific value for each ROI.
These spatial analyses could lead us to accurately iden-
tify brain areas with abnormal neural patters to gain
further insights on AD continuum neurodegeneration
processes.

Secondly, even if we had a large database
composed of 253 recordings to characterize the brain
abnormalities during the AD progression, subjects
were divided into five groups depending on their stage.
Thus, each group was formed by only 50 or 51 subjects;
this sample size is not big enough to perform a
classification analysis and prove the usefulness of our
proposed methodology as a generalizable diagnostic
tool.

Finally, despite we had the AD continuum
stratified into five severity groups, it would be useful
to perform a longitudinal study focused only on MCI
subjects. This group is the most clinically interesting
group, since two distinct subgroups of patients with
MCI can be distinguished: those that remain stable at
MCI condition, and those that progress to AD. This
research could provide deeper understanding on the
complex neural changes during MCI and may allow
to predict AD progression at an early stage.

6. Conclusions

In the present study, an original methodology to
build multiplex networks is proposed, evaluated with

synthetic signals, and applied to real EEG recordings
from patients in different stages of AD continuum.
We proved that the proposed CCA-based multiplex
parameters can be interpreted in an analogous way
compared to their frequency-specific counterparts, as
they revealed the same behavior against coupling
variations using synthetic signals. Furthermore,
our results using real EEG recordings revealed
that dementia due to AD altered progressively the
small-world network properties, increasing multiplex
networks vulnerability as a consequence of the
neurodegenerative processes.
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Eduardo Santamaŕıa-Vázquez, and Aarón Maturana-
Candelas were in receipt of a predoctoral scholarship
from the ‘Junta de Castilla y León’ and the ‘Euro-
pean Social Fund’. Vı́ctor Rodŕıguez-González was in
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