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Abstract
Objective. The aim of this study was to evaluate the effect of electroencephalographic (EEG) 
volume conduction in different measures of functional connectivity and to characterize the 
EEG coupling alterations at the different stages of dementia due to Alzheimer’s disease 
(AD). Approach. Magnitude squared coherence (MSCOH), imaginary part of coherence 
(iCOH), lagged coherence (lagCOH), amplitude envelope correlation (AEC), synchronization 
likelihood (SL), phase lag index (PLI), phase locking value (PLV), and corrected imaginary 
PLV (ciPLV) were applied to: (i) synthetic signals generated with a Kuramoto-based model 
of several coupled oscillators; and (ii) a resting-state EEG database of real recordings from 
51 cognitively healthy controls, 51 mild cognitive impairment (MCI) subjects, 51 mild AD 
(ADmil) patients, 50 moderate AD (ADmod) patients, and 50 severe AD (ADsev) patients. 
Main results. Our results using synthetic signals showed that PLI was the least affected 
parameter by spurious influences in a simulated volume conduction environment. Results 
using real EEG recordings showed that spontaneous activity of MCI patients is characterized 
by a significant coupling increase in the θ band. As dementia progresses, this increase in the θ 
band became more pronounced, and a significant widespread decrease in α band appeared at 
the last stage of dementia. Significance. Our results revealed that the estimation of functional 
EEG connectivity using PLI could reduce the bias introduced by the spurious influence of 
volume conduction, and it could increase the insight into the underlying brain dynamics at 
different stages of the AD continuum.

Keywords: Alzheimer’s disease, mild cognitive impairment, electroencephalography (EEG), 
synthetic signals, volume conduction, neural coupling
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1. Introduction

The human brain contains billions of interconnected neu-
rons forming a complex network of innumerable connections 
[1]. These networks are continuously changing and adapting 
themselves due to external and internal stimuli throughout the 
entire life span [2]. Specifically, the combination of different 
factors, such as synaptic pruning, the neuronal apoptosis, 
and the loss of cortico-cortical connections, is responsible 
for physiological brain aging [2]. However, some physio-
pathological processes can alter normal brain aging and cause 
dementia.

Dementia due to Alzheimer’s disease (AD) is the most 
common cause of dementia, with an estimated 60%–80% of 
cases [3]. Depending on the affected brain regions and the 
symptoms, different stages can be distinguished during the 
course of AD continuum. The initial symptoms of AD are usu-
ally preceded by a stage known as mild cognitive impairment 
due to AD (MCI). MCI subjects exhibit a memory impair-
ment beyond what would be expected for their age, but do 
not fully accomplish the criteria for dementia diagnosis [4]. 
Therefore, MCI can be considered a prodromal stage of AD, 
since previous research has shown that the conversion rate to 
AD is approximately 15% per year [5], whereas healthy con-
trols develop dementia at a rate of only 1%–2% per year [3]. 
Then, in the earliest AD stage, known as mild AD (ADmil), 
patients may function independently but they show symptoms 
as reading problems and clear deficits on clinical examina-
tion. In the next stage, moderate AD (ADmod), patients require 
a greater level of care because they show increasingly poor 
judgment and deepening confusion. Finally, severe AD 
(ADsev) is the last stage of this disease, in which patients loose 
the ability to respond to their environment and, eventually, to 
control movement.

During the last decades, several neuroimaging techniques 
have been used to detect brain changes associated with neu-
rodegeneration and cognitive decline [6]. Methods like func-
tional magnetic resonance imaging (fMRI) and positron 
emission tomography (PET) have been used to investigate 
functional and metabolic brain changes in AD and MCI [7, 
8]. However, fMRI and PET do not offer enough temporal 
resolution to study real-time brain dynamics. In order to study 
the dynamical processes involved in complex brain systems, 
techniques with high temporal resolution, such as electroen-
cephalography (EEG) and magnetoencephalography (MEG), 
are required [9]. Specifically, EEG is widely used in clinical 
settings to take advantage of its low cost and portability com-
pared to MEG. Moreover, EEG has already shown its useful-
ness to characterize brain dynamics in AD and MCI [10–13].

EEG measures the electrical activity generated by syn-
chronized cortical neuronal pools with electrodes placed at 
the scalp [14]. However, these signals suffer from attenuation, 
expansion and noise contamination when traveling across dif-
ferent surfaces in the head. These effects cause that there is no 
unique solution when estimating the active neuronal sources 
in the brain from the time series recorded on the scalp [10]. 

This is known as ‘volume conduction’ problem and can pro-
voke spurious correlations between time series recorded by 
nearby electrodes, because they are very likely to pick up 
electrical activity from the same brain sources, even if their 
are independent [10, 15]. In order to achieve a correct inter-
pretation of the results, it is important to employ coupling 
metrics that do not yield significant connectivity estimations 
between independent sources [16]. Consequently, these con-
nectivity estimations are indicators of real brain interactions, 
minimizing the effect of volume conduction distortion [17].

In order to simulate the neuronal current propagation from 
the source regions within the brain to the EEG electrodes, 
several electrical models have been proposed: from simple 
n-sphere models (in which each concentric spherical region 
represents different brain layers) to more accurate models 
based on information from other neuroimaging techniques 
[18]. To simulate the source activity, also different proce-
dures have been used, such as dipole generators, potential 
meshes, and oscillators [10, 18, 19]. The most extended elec-
trical model in EEG source analysis is the boundary element 
method (BEM) [20]. The BEM quasi-analytic solution can be 
obtained within n-shell geometry using spherical harmonics 
expansions (SHE) of the electric lead fields [21]. On the other 
hand, finite element based (FEM) approaches use real-head 
models assuming realistic information of where the different 
tissues (e.g. skin, skull, cerebrospinal fluid (CSF), gray and 
white matter) are inside the head [22, 23]. However, these 
methods do not allow the characterization of the influence of 
volume conduction in coupling estimators, since the simula-
tion of ideal scenarios without volume conduction is not fea-
sible [10, 19]. A first approach to evaluate the influence of 
EEG volume conduction in different connectivity metrics was 
performed by Stam et al [10], and another recent study repli-
cated this one with the same limitations [19]. In both studies, 
brain source activity was simulated using the well-known 
Kuramoto model [24], a set of globally coupled limit-cycle 
oscillators centered at a single frequency of 10 Hz. This value 
was selected as it is the predominant frequency in resting-state 
eyes-closed EEG activity [10]. To model volume conduction, 
they proposed three different scenarios of increasing common 
sources by allowing more than a single oscillator to contribute 
to each simulated EEG channel [10]. They conclude that this 
approach allowed them to test the behavior of various meas-
ures under exaggerated effects of volume conduction, but in 
a quite simple way because modeling realistic sources in a 
volume conductor is beyond the scope of their study [10]. 
Starting from this point, we wanted to go a step further and 
simulate the brain activity with multiple oscillators centered 
at different frequencies within all the available EEG spectrum, 
as well as a more realistic model of the electrical propagation 
of the electric signals from sources to electrodes.

In the present study, we used the combination of a surface-
based computational model of the human head obtained from 
anatomical cryosection images, and a model of coupled oscil-
lators that simulate the electrical activity of brain sources. 
Then, two different scenarios were considered: the first one is 
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a volume-conduction free case, while the other one is the real 
case with volume conduction. This model allows us to quanti fy 
how different functional connectivity metrics are affected by 
volume conduction. In this regard, eight measures, which have 
been developed to analyze neural connections, were evalu-
ated: magnitude squared coherence (MSCOH), imaginary part 
of coherence (iCOH), lagged coherence (lagCOH), amplitude 
envelope correlation (AEC), synchronization likelihood (SL), 
phase lag index (PLI), phase locking value (PLV), and cor-
rected imaginary PLV  (ciPLV). Many previous EEG studies 
have focused on the application of different connectivity met-
rics, since local activation studies are no longer sufficient for a 
full characterization of AD brain dynamics [25]. Their results 
support the well-established hypothesis of AD as a ‘discon-
nection syndrome’ [2], but all these results may be biased due 
to volume conduction effects. Therefore, the aim of this study 
was to analyze which functional connectivity measures are 
able to detect real changes in synchronization without being 
affected by volume conduction and if they are able to charac-
terize the brain alterations during AD continuum.

2. Materials

2.1. Subjects

In this study, resting-state EEG activity was recorded from a 
total of 253 subjects: 51 cognitively healthy control (HC) sub-
jects, 51 MCI subjects, 51 ADmil patients, 50 ADmod patients, 
and 50 ADsev patients. Firstly, information from the recordings 
of HC subjects, combined with the Kuramoto model and the 
real-head model, was used to create the synthetic data. Then, 
all recordings were used to study the neural interactions of the 
aforementioned stages during AD continuum.

Healthy controls had no pathological background, and 
underwent a cognitive assessment in order to discard any 
symptoms of neurological disorder. 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) [26]. No significant differences between groups 
were found in age (p   >  0.05, Kruskal–Wallis test). Socio-
demographic and clinical data are provided in table 1.

This study was carried out in accordance with the recommen-
dations of the Code of Ethics of the World Medical Association 
with written informed consent from all subjects. All subjects 
and caregivers gave written informed consent in accordance 
with the Declaration of Helsinki. The protocol was approved by 
the Ethics Committee of Porto University (Portugal).

2.2. EEG recordings

For each subject, five minutes of resting-state EEG activity 
were recorded using a 19-channel system at the electrodes 
Fp1, Fp2, Fz, F3, F4, F7, F8, Cz, C3, C4, T3, T4, T5, T6, 
Pz, P3, P4, O1, and O2 following the International System 
10–20. Signals were recorded at a sampling frequency of 500 
Hz using the Nihon Kohden Neurofax JE-921A system with 
common average reference (CAR).

Subjects were asked to remain awake with closed eyes 
during EEG acquisition. For each recording, the same pre-
processing procedure was applied [13]. It consists of the fol-
lowing steps: (i) digital filtering using a Hamming window 
bandpass FIR filter in the band of interest (1–70 Hz) and a 
notch filter to remove the power line frequency interference 
(50 Hz); (ii) independent component analysis (ICA) to mini-
mize the presence of oculographic, cardiographic, and myo-
graphic artifacts; and (iii) selection of 5 s artifact-free epochs 
by visual inspection.

3. Methods

Our methodology is divided into the following steps:

 (i)  Firstly, the modeling of synthetic signals from the 19 
simulated EEG channels is performed. We used a surface-
based model built from information of the Visible Human 
Project

R©
 (VHP) dataset [27] (see section  3.1). The 

electrical activity of brain sources was simulated using 
200 oscillators forming a the Kuramoto model, where 
each oscillator represents the electrical activity generated 
by synchronized neuronal pools (see section  3.2). The 
amplitude of the oscillators was determined based on the 
spectral content of HC subjects’ EEG activity (see sec-
tion 3.3). Then, two different scenarios were simulated: 
the first one is a volume-conduction free case, while the 
second one is a simulated case with volume conduction 
(see section 3.3).

 (ii)  Secondly, the selected eight connectivity metrics 
(MSCOH, iCOH, lagCOH, AEC, SL, PLI, PLV , and 
ciPLV ) were computed for these two scenarios in order 
to quantitatively determine which of the analyzed con-
nectivity metrics are able to detect real changes in 
synchronization without being affected by volume con-
duction. We used the Two-sample Kolmogorov–Smirnov 
test for this purpose (see section 3.5).

 (iii)  Finally, for the chosen metrics in the previous step, cou-
pling patterns were obtained for the five groups of our 

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.
b MMSE, 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.
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database. Then, statistical differences were evaluated 
between groups comparing healthy controls with each 
stage of dementia (MCI, ADmil, ADmod, and ADsev).

3.1. Real-head model

In order to analyze the effect of volume conduction on the dif-
ferent functional connectivity metrics, we simulated synthetic 
signals using artificial sources inside the brain surface of a 
real-head model. Surface-based models describe each indi-
vidual tissue as a triangular surface mesh. In this study, the 
surface-based computational model of the human head was 

constructed from the open-source Visible Human Project R© 
(VHP) dataset [27]. The VHP dataset contains a large amount 
of magnetic resonance images, computed tomographies, and 
anatomical cryosection images from both males and females.

In our particular case, we used a previously created model 
described at [28]. This model is also available online at www.
wiley.com/legacy/wileychi/makarov/matlab.html and has 
already been used in different studies to provide insight into 
the propagation of electromagnetic fields through the human 
head and transcranial direct current stimulation [29, 30].

This model used anatomical cryosection images from a 
patient in the construction of the model. These images have 
a resolution of 2048 × 1216 pixels, which corresponds with 
a spatial resolution of 0.33 mm. Then, the main structures of 
the head were identified and hand-segmented using ITK-Snap 
[31]. Specifically, the brain, the CSF, the skull, and the skin 
were identified. The results of this segmentation were very 
fine meshes with a large number of nodes for each tissue. 
Then, in order to reduce the computational cost of the simula-
tions, the number of nodes was reduced, eliminating defects 
and discrepancies.

In this study, 19 simulated EEG electrodes were placed 
according to the International System 10–20. Thus, the final 
result of the real-head model is shown in figure 1. The elec-
trical activity produced by synchronized neuronal pools 
generates electromagnetic waves (in our simulations, the elec-
trical activity of each brain source is simulated with a coupled 
oscillator of the Kuramoto model). As the electromagnetic 
waves propagate from sources to electrodes, their amplitudes 
experience some attenuation. This attenuation defines the rate 
of amplitude loss of an electromagnetic wave defined by the 
parameter α (electrical attenuation). For each of the afore-
mentioned modeled tissues, α was assigned according to: 
αbrain = 0.002 726, αCSF = 0.016 624, αskull = 0.001 665, and 
αskin = 0.000 165. The procedure to compute α from relative 
permittivity and electrical conductivity values for each tissue 
(taken from Hasgal database, available at www.itis.ethz.ch/
database) is detailed in the table A of the supplementary mate-
rial (stacks.iop.org/JNE/16/066019/mmedia).

Once the model was created, the electrical activity of 
brain sources was simulated using a set of coupled oscillators 
forming a Kuramoto model.

3.2. Kuramoto model

The original model proposed by Kuramoto described the 
phase dynamics of N equally weighted and purely sinusoidal 
coupled oscillators. The phase dynamics of each oscillator is 
described by the following differential equation [24]:

dθi

dt
= ωi +

K
N

N∑
j=1

sin(ωj − ωi), (1)

where θi represents the phase of the ith oscillator, whose 
natural frequency is ωi , and K is the global coupling strength 
between all oscillators. This equation reflects that the phase 
evolution of each oscillator is determined by its natural fre-
quency, ωi , and the average influence of all other oscillators.

The natural frequencies ωi are distributed according to some 
unimodal and symmetric probability distribution g(ω). Thus, 
the distribution should fulfill that g(ω) = g(−ω) for all ω. 
Typically, Lorentzian distributions centered around ω0 and with 
width γ are used to determine these natural frequencies [32]:

g(ω) =
γ

π[γ2 + (ω − ω0)2]
. (2)

The global level of synchronization between the N oscil-
lators that compose the system over time, r(t), is defined as:

r(t) =
1
N

N∑
j=1

e jθi(t). (3)

If the model is integrated numerically varying the global 
coupling K, two different scenarios appear. On one hand, 
for simulations with K less than a certain threshold Kcrit, r(t) 
evolves towards zero. This means that the oscillators act as 
if they were unsynchronized. On the other hand, when K 
exceeds Kcrit, r(t) grows exponentially, reflecting the emer-
gence of a single cluster of synchronized oscillators [32]. As 
the natural frequencies are taken from a Lorentzian distribu-
tion, this critical value Kcrit is only determined by the distribu-
tion width and is given by Kcrit = 2γ [10].

Figure 1. Real-head model from the VHP dataset [27].
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For each oscillator, equation (1) was numerically integrated 
using the Runge–Kutta method of order four [10]. Then, the 
state of the ith oscillator, which was obtained from ω0, at time 
t is given by:

Oi,ω0(t) = Aω0 sin θi(t), (4)

where Aω0 was a constant amplitude for all the oscillators 
obtained with the same ω0, but frequency-dependent. The 
resulting time series represent the electrical activity of the 
brain sources.

3.3. Model simulations

Many parameters of the previously described Kuramoto model 
should be set for the simulation of the synthetic EEG signals 
that represent the electrical activity of the brain sources. 
Firstly, we divided the available spectrum of the real EEG sig-
nals from HC subjects (between 1 and 70 Hz) into spectral 
bands of 1 Hz wide. Then, we took the central frequencies ω0 
of each oscillator by evaluating the range f0 ∈ [1.5, 69.5] Hz 
(step  =1 Hz), as ω0 = 2πf , as described in our previous work 
[33]. For each frequency band, a total number of N  =  200 
oscillators randomly placed inside the brain mesh were simu-
lated, each one representing an active cerebral source. In order 
to extract analytical results, an infinite number of oscillators 
is needed, but it has been demonstrated that a limited number 
of them can be used to explain empirical results [34]. Also, 
this number of brain sources was determined as a trade-off 
that reduced computational costs and allowed every synthetic 
electrode to have a closest brain source. Specific oscillation 
frequencies were determined by a Lorentzian distribution of 
central frequency ω0 and width γ = 1 [10, 19, 33].

The state of each oscillator was obtained by numerical inte-
gration with a time step of 2 ms (corresponding to a sample 
frequency of 500 Hz, according to the sample frequency of 
the real EEG recordings). With the aim of simulating the state 
of the oscillator Oi,ω0(t), values of Aω0 were determined as the 
squared root of the relative power in each 1 Hz frequency band 
centered at ω0, only taking into account real EEG recordings.

Then, we simulated two different scenarios:

 (i)  Firstly, an ideal volume-conduction free case in which 
each source is only registered by the closest EEG elec-
trode. Thus, the voltage Vj(t) of the j th simulated EEG 
channel at a time t was related to the state Oi,ω0(t) of the 
ith oscillator (centered at ω0) at a time t as:

Vj(t) =
∑
ω0

∑
i

∑
α

Oi,ω0(t) · e−α·di,J(α), (5)

  with di,J = min(di,j) for all j . α represents the electrical 
attenuation of each modeled tissues of the head, di,j  repre-
sents the total distance (in meters) between the simulated 
brain source i and the simulated EEG electrode j , and 
di,J(α) represents the distance (in meters) between the 
simulated brain source i and the simulated EEG electrode 
j  in the modeled tissue with electrical attenuation α.

 (ii)  The second scenario represents the real-case with volume 
conduction, where each source activity is registered by 

all simulated EEG electrodes. Therefore, the voltage Vj(t) 
can be defined as:

Vj(t) =
∑
ω0

∑
i

∑
α

Oi,ω0(t) · e−α·di,j(α). (6)

For each value of global coupling K, 300 trials were simu-
lated, resulting 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.

3.4. Functional connectivity metrics

Functional connectivity between each pair of electrodes was 
estimated using eight different functional coupling metrics, 
complementary from the point of view of the inference pro-
cess: MSCOH, iCOH, lagCOH, AEC, SL, PLI, PLV, and 
ciPLV.

MSCOH is a well-known method that combines sensi-
tivity to both amplitude and phase synchrony based on the 
nor malized cross-spectral density. Given two time series X 
and Y two time series (from two different EEG channels), it is 
defined as [35]:

MSCOHX,Y = |COHX,Y |2 =
|SXY |2

PXPY
, (7)

where SXY is the cross-spectrum of X and Y, and PX and PY are 
the power spectral density of X and Y respectively.

iCOH is the result of the projection of COHX,Y into the 
imaginary axis. Its main advantage is that it rules out instan-
taneous interactions, which may be due to volume conduction 
[36]. Its mathematical formulation reads:

iCOHX,Y = �{COHX,Y}, (8)
where �{·} represents the imaginary part.

lagCOH was proposed by Pascual-Marqui et al [37] to esti-
mate connectivity between different brain regions removing 
the instantaneous contribution, which could be mainly due to 
volume conduction. It is defined as [37]:

lagCOHX,Y =
[�{SX,Y}]2

SXSY −�{SXY}2 , (9)

where �{·} represents the real part.
AEC estimates the correlation of two signals based on their 

amplitudes. Firstly, time series are orthogonalized for each 
trial separately [38]. Then, their power envelopes are obtained 
using the Hilbert transform. Finally, coupling is calculated as 
the Pearson correlation between the log-transformed power 
envelopes [39].

SL represents the likelihood that if a system is in the same 
state at two different times, another system will also be in the 
same state at these two times. The detailed mathematical pro-
cedure to compute SL proposed by Stam et al can be found 
in [40].

PLI was also proposed by Stam et al [10] to overcome SL 
limitations and quantifies the asymmetry of the phase differ-
ence distributions of two signals. It is non sensitive to shared 
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signals at zero phase lag, and the stronger this nonzero phase 
locking is, the larger the PLI will be. Mathematically, it is 
defined as [10]:

PLIX,Y = |〈sign sin(∆φX,Y)〉|, (10)

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

PLV is a time-dependent connectivity measure that looks 
for latencies at which the phase difference between the sig-
nals varies little across trials [41]. For resting-state data, it is 
defined as [42]:

PLVX,Y(t) =
1
T
|

T∑
t=1

e−i(φX(t)−φY(t))|, (11)

where T is the data length and φ is the instantaneous phase of 
the signals X and Y at time t.

ciPLV was proposed by Bruña et  al [43] to remove the 
contribution of the zero phase differences of PLV . Thus, this 
measure is insensitive to zero-lag effects and it is corrected 
in a similar way to lagCOH. Mathematically, it is defined as 
[43]:

ciPLVX,Y(t) =
1
T �{e−i(φX(t)−φY(t))}√

1 − ( 1
T �{e−i(φX(t)−φY(t))})2

. (12)

3.5. Statistical and classification analyses

Firstly, in order to evaluate the influence of volume conduc-
tion with synthetic data, two-sample Kolmogorov–Smirnov 
test (ks statistic) was used. The lower the values of ks, the 
lesser the differences between both curves. Specifically, the 
red curve corresponds to volume-conduction free case and the 
blue one to the real-case with volume conduction. Therefore, 
the more similar the curves of volume-conduction free sce-
nario and the real case scenario with volume conduction are, 
the metric has a better behavior detecting real changes in syn-
chronization without being affected by volume conduction.

Then, an exploratory analysis was carried out to assess the 
distribution of the coupling values with the real EEG record-
ings. As our results did not meet the parametric test assump-
tions of normality (Shapiro–Wilk test) and homoscedasticity 
(Levene’s test), statistical differences between HC subjects 
and the rest of the groups were evaluated with the Mann–
Whitney U-test. In order to deal with multiple simultaneous 
comparisons, a false discovery rate (FDR) controlling proce-
dure was applied [44].

Finally, a classification approach using a leave-one-out 
cross validation procedure was performed to evaluate the clin-
ical value of our metrics. As the characterization of the EEG 
may lead to the extraction of several redundant features, a fea-
ture selection stage based on stepwise multilinear regression 

Figure 2. Normalized power spectral density (PSDn) function grand-averaged over all trials and channels (left panels), and two random 5 
s EEG epochs from all EEG channels (right panels): (a) HC subject, and (b) synthetic signal obtained with the Kuramoto model (simulated 
scenario with volume conduction).
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Figure 3. MSCOH, iCOH, lagCOH, AEC, SL, PLI, PLV , and ciPLV  values as a function of global coupling intensity (K) for the ideal 
volume-conduction free scenario (red) and the real-case with volume conduction scenario (blue). The solid lines indicate the average values 
and the shaded areas represent the standard deviation of the 300 simulated epochs. Two-sample Kolmogorov–Smirnov test values (ks 
statistic) are specified for each metric.

J. Neural Eng. 16 (2019) 066019
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with a conditional forward selection approach was included to 
select an optimal set of features. Afterwards, a linear discri-
minant analysis (LDA) was used to classify the subjects [45].

4. Results

4.1. Model simulations

Before any further analyses, we performed a qualitative 
analysis of the generated synthetic signals comparing them 
with the real EEG signals in the frequency domain by means 
of the normalized power spectral density (PSDn), and in 
the time domain by visual inspection. Figure 2 displays the 
 grand-averaged PSDn across trials and all channels for a real 
HC subject (figure 2(a)), and a the grand-averaged PSDn 
across trials and all simulated channels for a synthetic signal 
generated with the Kuramoto model (figure 2(b)). Grand aver-
aged PSDn from real EEG signals and from synthetic signals 
are very similar. Similarity between real and synthetic signals 
is also supported by two randomly selected 5 s EEG epochs 
from all channels, as figure 2 also shows.

Then, in order to determine the coupling metric that is less 
affected by volume conduction, all metrics were calculated 
from the time series generated with the Kuramoto model as 
a function of coupling strength K for the different scenarios. 
Connectivity results are summarized in figure  3, where the 
solid lines indicate the average coupling values over all pairs 
of the 19 simulated channels, and the shaded areas represent 
the standard deviation of the 300 simulated epochs.

Firstly, the results for MSCOH, iCOH, and lagCOH 
are shown in figures  3(a)–(c), respectively. In the scenario 
without volume conduction, MSCOH stayed constant but 
higher than 0.2 for K lower than Kcrit  =  2 (when the expected 
value should be 0), and then increased for higher values of 
K, as expected from theory. When volume conduction was 
introduced in the second scenario, the resulting curve was 
shifted toward higher MSCOH values showing that MSCOH 
was very affected by spurious influences of common sources 
(ks  =  0.56). Both iCOH and lagCOH stayed relatively con-
stant around 0.04 and lagCOH stayed constant for K lower 
than Kcrit, and then increased for higher values of K in both 
scenarios. Furthermore, they also were slightly affected by 
volume conduction (ks  =  0.15 and ks  =  0.16, for iCOH and 
lagCOH respectively).

Secondly, figure 3(d) shows that AEC stayed stable around 
0.1 for K  <  Kcrit in both simulated scenarios. For K  >  Kcrit, 
AEC started to increase slowly, never reaching values 
much higher than 0.2. When volume conduction was intro-
duced, AEC became slightly lower for all values of K. Thus, 
AEC is slightly underestimating the true level of coupling. 
Quantitatively, the test statistic ks showed that AEC is not 
highly affected by volume conduction (ks  =  0.3).

Thirdly, figures 3(e) and (f) show the SL and PLI results, 
respectively. In both scenarios, SL values remained very low for 
K  <  Kcrit, and slightly increased from Kcrit onwards. However, 
SL was the metric most affected by the spurious influences 
of common sources as the resulting curve was shifted toward 
higher SL values when volume conduction was introduced, as 

it showed the highest value of ks, 0.61). Figure 3(f) shows the 
PLI results. In both scenarios, PLI values remained very low 
for K  <  Kcrit, and increased from Kcrit onwards. However, it 
can be noticed that PLI started to increase at K  =  1.5, rather 
than at the theoretic value of Kcrit  =  2. When the influence of 
volume conduction is added, average PLI values were very 
similar for K  >  Kcrit compared with the volume conduction 
free scenario. Furthermore, PLI is slightly affected by the spu-
rious influence of volume conduction as revealed by the test 
statistic ks (ks  =  0.12).

Finally, the results for PLV  and ciPLV  are shown in fig-
ures  3(g) and (h), respectively. PLV  stayed constant but 
around 0.15 for K lower than Kcrit in the scenario without 
volume conduction, and then slightly increased for higher 
values of K. For the second scenario, higher PLV  values were 
obtained when oscillators were not coupled. Thus, PLV  was 
very affected by the spurious influences of common sources 
(ks  =  0.55). However, ciPLV  was able to overcome this limi-
tation minimizing the volume conduction distortion as very 
similar values for both scenarios were obtained (ks  =  0.13), 
starting with values around 0.06 for K  <  Kcrit, and increasing 
ciPLV  values as K increased.

To summarize, our model simulations showed that the 
eight analyzed metrics are sensitive to increases in the cou-
pling strength for K  >  Kcrit. For K values lower than Kcrit, 
iCOH, lagCOH, AEC, PLI and ciPLV  showed low values of 
connectivity in both simulated scenarios. However, MSCOH 
showed higher values compared with PLI (over 0.2 against 
0.06) in the volume-conduction free scenario and higher 
values compared with PLI (around 0.35 against 0.06) under 
volume conduction conditions. For K higher than Kcrit, all 
metrics responded to increases in the coupling strength. 
MSCOH, SL, and PLV  overestimated connectivity and were 
very affected by spurious influences of volume conduction, 
while PLI, AEC, and ciPLV  were weakly influenced by the 
simulated volume conduction and underestimated the real 
coupling level. Quantitatively, the two-sample Kolmogorov–
Smirnov test revealed that PLI was the metric least affected 
by the spurious influence of volume conduction (ks  =  0.12), 
although none of the analyzed metrics are immune to it. For 
these reasons, the subsequent analysis with the real EEG 
recordings was performed using only PLI.

4.2. Real EEG recordings

For the metric chosen using synthetic data (PLI), coupling 
patterns were obtained for the five groups of our database. The 
characterization of the different AD stages was assessed com-
paring healthy elderly controls with each stage of dementia.

Since results are frequency-dependent, PLI was com-
puted for the six classical 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). 
Connectivity patterns obtained for each frequency band 
are presented in figure  4. Only statistically significant con-
nections between groups (FDR-corrected p -values  <  0.05, 
Mann–Whitney U-test) were displayed using the following 
color-code: red color tones indicated significant PLI increases 
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in patients compared to controls, whereas blue color tones 
denoted significant decreases.

PLI results showed that EEG activity in MCI subjects is 
characterized by statistically significant connectivity increases 
in the θ band when compared to HC subjects, especially for 
long-distance interhemispheric connections. PLI increases in 
θ band were also found for the HC versus ADmil comparison 
after the FDR correction. Furthermore, some connections in 
the β2 band showed significant connectivity decreases for 
ADmil patients compared with HC subjects. The aforemen-
tioned trend of coupling increases in the θ frequency band 
as the disease progresses continued, reaching its maximum 
number of significant differences for the comparison between 
HC subjects and ADmod patients. Additionally, our results 
revealed that ADsev spontaneous EEG activity is characterized 
not only by widespread significant increases of PLI values in 
θ band, but also by an overall decrease of connectivity in α 
band. Finally, only a few connections showed statistically sig-
nificant decreases in connectivity in β2 band for ADsev patients 
compared with HC subjects.

The combination of stepwise multilinear regression and 
LDA with a leave-one-out cross-validation procedure was 
used to assess the diagnostic value of our PLI results. The 
overall accuracy of the model in the five-class classifica-
tion task was 41.50% (Cohen’s kappa  =0.2688). Our model 
was also able to determine whether a subject is not healthy 
with an accuracy of 79.84% (Sensitivity  =86.63%; positive 
predictive value  =84.85%). Furthermore, the model showed 
an accuracy of 77.47% when determining whether a subject 
suffer from AD (Sensitivity  =82.12%; positive predictive 
value  =81.58%).

5. Discussion

In the present study, we evaluated the behavior of eight dif-
ferent functional connectivity metrics (MSCOH, iCOH, 
lagCOH, AEC, SL, PLI, PLV , and ciPLV ) under the effect of 
volume conduction and their ability to characterize the brain 
alterations of the different stages during the AD progression.

5.1. Model simulations

In order to asses the effect of volume conduction and the 
changes in true synchronization, we used a surface-based 
computational model of the human head and a set of many 
coupled oscillators in a Kuramoto model. This combina-
tion allowed us to simulate the oscillatory nature of the EEG 
activity generated by brain sources and recorded at the scalp. 
The Kuramoto model behavior has been well-studied and it 
has been previously employed to simulate EEG activity [10, 
19]. However, in these previous works they modeled volume 
conduction by allowing various oscillators contribute to each 
simulated EEG channel, because modeling realistic sources 
in a volume conductor was beyond the scope of the studies. 
As they concluded, this approximation was quite ‘simplisti-
cally’, but it allowed them for testing the behavior of different 
coupling metrics under extreme conditions [10, 19]. Starting 

from this point, we wanted to go a step further and simulate 
the brain activity with multiple oscillators centered at dif-
ferent frequencies within all the available EEG spectrum, as 
well as a more realistic model of the electrical propagation of 
the EEG signals from sources to electrodes.

Our connectivity results obtained with the synthetic sig-
nals showed that all analyzed metrics responded as expected 
from theory, reflecting the increases in coupling strength 
as continuously growing connectivity values for K  >  Kcrit. 
Particularly, iCOH, PLI and ciPLV  were also able to quantify 
the synchronization between oscillators with lower K values 
and the bifurcation point at Kcrit is less pronounced. Taking 
into account the lowest and highest coupling values obtained 
with the models for all these metrics, MSCOH, iCOH, PLI 
and ciPLV  had a relatively high dynamic range. Compared 
with them, the dynamic ranges of AEC and SL were much 
smaller, probably because our models were able to simulate a 
greater phase-based coupling instead of amplitude-based cou-
pling. Qualitatively, when volume conduction was introduced 
in the simulations, our results showed that these effects were 
clearly smaller for iCOH, lagCOH, PLI and ciPLV . On the 
other hand, MSCOH, SL and PLV  were strongly influenced 
by volume conduction, specially for low coupling strength 
values. After performing the quantitative analysis, it revealed 
that all eight metrics were not immune to volume conduction 
but these effects were clearly smaller for PLI. This result is 
closely related with the dynamic range of the metrics, since 
slight variations of lagCOH and AEC due to volume con-
duction induced higher differences between both scenarios. 
However, similar variations of PLI produced less differences 
between scenarios, and it can be interpreted as PLI was less 
affected by volume conduction.

Comparing metrics from the point of view of the infer-
ence process, iCOH and lagCOH were proposed to remove 
instantaneous contributions, which could be mainly due to 
volume conduction [36, 37]. Our simulations showed that, as 
expected, both metrics were less affected by volume conduc-
tion compared to MSCOH. PLI was a new metric proposed 
by Stam et al [10] to overcome limitations of SL, a previously 
described metric proposed also by them [40]. Our results also 
showed that PLI was able to minimize the effect of volume 
conduction distortion compared to SL. Following a similar 
way to remove the contribution of zero phase differences com-
pared to lagCOH, ciPLV  was proposed as a PLV  modifica-
tion to overcome its limitations [43]. Our results showed that 
ciPLV  stayed less affected by volume conduction dist ortion 
compared to PLV . Thus, our simulations proved that the pro-
posed modifications to existing metrics and new proposed 
measures were less affected by volume conduction compared 
to the original ones, as expected from theory.

Only a few previous studies tried to analyze the effects 
of volume conduction in various connectivity metrics simu-
lating the volume conduction problem by means of different 
methods [10, 16, 19, 46]. Firstly, Stam et  al [10] used a 
‘simple’ approximation based on linear mixing of Kuramoto 
oscillators. Then, they evaluated the ability of phase coher-
ence (PC), PLI, and iCOH to remain invariant against the 
presence of common sources. Their simulations showed that 
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PLI responded to increases in the coupling strength of the 
oscillator and was less affected by volume conduction than 
PC and iCOH [10]. Secondly, Ahmadi et  al [19] replicated 
this previous study employing the same model and calculating 
the same metrics as well others based on the visibility graph 
algorithms [47]. Their simulation results showed that PLI and 
visibility graph measures could predict the coupling degree 
correctly even in strongly overlapping environments [19]. 
Thirdly, Peraza et  al [46] used a simple head model based 
on four concentric-spheres to simulate the EEG activity at 
the scalp generated by surrogate sources located at the brain 
level. Then, they estimated PLI, MSCOH and PC networks 
and calculated diverse parameters derived from graph theory. 
Agreeing with our results, they showed that MSCOH and PC 
were highly affected by volume conduction, while PLI was 
partially invariant to this effect [46]. Finally, Khadem et  al 
[16] tried to discriminate brain interactions and instanta-
neous linear mixing effects using two surrogate datasets. They 
ranked the estimated connectivity measures using a proposed 
sensitivity index, which quantifies the sensitivity of the metric 
to detect dependencies caused by brain interactions in the 
presence of instantaneous linear mixing effects [16]. Based 
on this rank and in line with our results, iCOH and PLI (also 

weighted PLI) showed higher sensitivity levels compared to 
mutual information and MSCOH.

Therefore, taking into account previous findings and our 
results, which showed that PLI was the metric least affected 
by volume conduction effects, we could say that PLI could 
increase the insight into the underlying neural alterations at 
the different stages of AD.

5.2. Abnormal coupling patterns in AD progression

After reducing the possible bias that volume conduction could 
introduce by using PLI as a coupling metric, the characteriza-
tion of neural changes in the AD progression was assessed. 
Our PLI results revealed that dementia due to AD is charac-
terized by connectivity increases in low frequency bands and 
decreases in high frequency bands. Specifically, our results 
showed that EEG activity in MCI patients is characterized by 
a coupling increase in the θ band (see figure 4), and a decrease 
in the α and β1 bands (see supplementary material, figures (C) 
and (D)), with only the connectivity increases being statisti-
cally significant. As dementia progresses, this increase in the θ 
band becomes more pronounced as more connections showed 
statistical differences. Furthermore, the aforementioned 

Figure 4. PLI results for each classical EEG-frequency band. Connections between electrodes were only displayed when statistically 
significant within group differences were obtained (Mann–Whitney U-test, FDR-corrected p -values  <  0.05). Red color tones indicate 
statistically significant connectivity increases in patients compared to controls, whereas blue color tones denote significant decreases.
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decrease in α band gets statistically significant at the last stage 
of dementia (ADsev).

Only few previous studies analyzed the EEG connectivity 
changes in MCI [12, 48]. Tóth et al [12] reported PLI decreases 
in patients diagnosed with an amnestic subtype of MCI at δ 
(0.5–4 Hz) and α1 (8–10 Hz) frequency bands. Following the 
same trend, Babiloni et al [48] estimated the source distribution 
of the electrical activity from the surface EEG data, and then 
they measured the functional connectivity between all regions 
of interest (ROIs). They reported that patients suffering from 
MCI due to AD showed statistically significant lower lagged 
linear connectivity values in the α frequency band, for both 
interhemispheric and intrahemispheric analyses [48]. Other 
previous EEG studies have shown evidences of functional 
connectivity loss for AD patients at the lower α band (8–10 
Hz) in the posterior region, taking into account HC and three 
AD groups (ADmil, ADmil, and ADsev) [49]. In line with our 
results, Stam et al [50] found similar trends in spontaneous 
MEG activity of AD patients compared to HC subjects. Their 
mean PLI values were significantly lower for the AD group in 
the 8–10 Hz and 13–30 Hz bands. Additionally, their results 
also showed a non-significant coupling increase in the 4–8 Hz 
band, which agrees with our results in the θ band. Caunet et al 
[51] found that source connectivity patterns between ROIs of 
AD patients (including ADmil, ADmod, and ADsev, as the AD 
group) were characterized by a reduction of connectivity (by 
means of lagged phase synchronization) in the 10–13 Hz band 
and an increase in the θ band, involving mainly temporal and 
frontal connections. However, to the best of our knowledge, 
there is no previous study that analyzed the EEG activity strat-
ifying the AD continuum in four groups from its prodromal 
form (MCI) to its last stage (ADsev).

The proposed LDA model has shown the ability to detect 
whether a subject suffers from AD or MCI in 175 out of the 
202 non-healthy subjects (Sensitivity  =86.63%), with a posi-
tive post-test probability of 87.94%. In addition, the model 
also showed the ability to confirm AD in 124 out of the 151 
subjects suffering from this pathology (Sensitivity  =82.12%), 
with a positive post-test probability of 81.58%. A previous 
study carried out a classification approach using the same 
database and a leave-one-out cross-validation procedure [52]. 
They proposed a quadratic discriminant analysis model based 
on multiscale sample entropy and refined multiscale spec-
tral entropy results. They obtained a Cohen’s kappa value of 
0.2541, while our model obtained a slightly higher Cohen’s 
kappa value (0.2688). Thus, our classification results high-
light the diagnostic usefulness of our proposal, which might 
be used as an AD screening strategy.

Clinically, the variation of connectivity metrics reflects 
the underlying changes in amplitude and phase coupling of 
different oscillating neuronal populations. A well-known fea-
ture during AD continuum is the decrease in connectivity at 
high frequency bands between both close and distant chan-
nels, suggesting functional disconnections among cortical 
regions [53]. Some studies suggested that these connectivity 
decreases could be produced by structural brain changes, such 
as decreased hippocampal volume, atrophy of the medial 

temporal lobe or neuronal loss [54, 55]. Also, the disconnec-
tion between different brain areas could be due to global and 
regional gray matter density loss in AD patients, indicating an 
ongoing atrophic process in the brain [54]. Nevertheless, if 
the loss of neural coupling during neurodegeneration would 
simply be caused by a loss of neurons, it would be diffi-
cult to explain why all frequencies are not equally affected 
[56]. Finally, another previous explanation for the observed 
decreases in α and β frequency bands is the loss of acetylcho-
line (a major excitatory modulator of cortical synaptic func-
tion), which led to the well-known ‘cholinergic hypothesis of 
AD’ [57, 58]. In addition, an animal study showed that the 
loss of acetylcholine results in a decrease in high-frequency 
coupling and an increase in low-frequency coupling [59]. 
Thus, the loss of acetylcholine could support our PLI results, 
explaining both the connectivity decrease in high frequency 
bands and the increase in low frequency bands during AD 
continuum.

5.3. Limitations and future research lines

In spite of the promising performance of PLI as a connectivity 
metric to detect changes in synchronization under simulated 
volume conduction conditions and its usefulness to charac-
terize the brain alterations during the different stages of AD 
continuum, the present study has some limitations.

Firstly, although we analyzed the effect of volume conduc-
tion with the combination of a realistic surface-based head 
model and a model of Kuramoto oscillators, another way to 
mitigate this effect is to first solve the EEG inverse problem 
and then estimate functional connectivity between the esti-
mated source activity. Solving the inverse problem could 
reduce the bias introduced by volume conduction, thus making 
source-connectivity results a more reliable estimation of the 
underlying coupling. However, the EEG inverse problem is 
ill-posed because for admissible output voltages, the solution 
is non-unique and unstable (the solution is highly sensitive to 
small changes in the noisy data) [60]. In most cases, an ill-
conditioned equation has to be solved and some methods add 
spatial weighting of the current estimations at the source posi-
tions. These issues influence the estimation of source activity, 
so their results must be carefully interpreted [60].

Secondly, we simulated an isotropic electric propagation 
from cerebral sources to electrodes for all tissues. Some of the 
cerebral tissues, such as the white matter and the skull, present 
anisotropic conduction features that could influence connec-
tivity results. This is an important issue to take into account 
in future studies, as it could lead to the construction of a more 
realistic brain model.

Thirdly, eight functional connectivity metrics were applied 
in this study to characterize their ability to detect real changes 
in synchronization without being affected by volume conduc-
tion. Our results revealed that none of them is immune to the 
volume conduction, despite these effects were smaller for 
PLI. Effective coupling metrics (e.g. Granger causality, cross-
sample entropy, partial directed coherence) might also have 
a similar performances under volume conduction conditions 
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and could provide valuable information about neuronal 
organization.

Fourthly, even if we had a large database to characterize 
the brain abnormalities during the AD continuum, it would 
be useful to conduct a longitudinal study of subjects at early 
AD stages, such as MCI, to gain a deeper understanding on 
the complex neural changes of those that progress to AD and 
those remain stable in the MCI stage. Moreover, it could be 
also interesting to perform differential predictive diagnoses 
comparing AD and other neurodegenerative disorders in order 
to draw further clinical conclusions in future works.

Finally, starting from the weighted networks obtained 
by means of PLI, a complex analysis based on graph theory 
metrics could be addressed to characterize functional net-
works at the different stages of dementia due to AD. Other 
approaches using sub-networks, such as minimum spanning 
trees [61], may also provide valuable insights on the structural 
and functional organization of neural networks during the AD 
progression.

6. Conclusions

Our research provides an original approach to the character-
ization of EEG volume conduction using a real-head model 
and its effects on eight connectivity measures. We have proven 
that none of these metrics are immune to volume conduction, 
but PLI is the least affected. PLI has also proven its usefulness 
to reflect the neural changes caused by the AD progression in 
its different stages, from MCI to ADsev. Our results suggest 
that functional connectivity increases in θ frequency band with 
increasing disease severity, meanwhile connectivity decreases 
in α band with the disease progression. Furthermore, we can 
conclude that all these findings are mainly due to neuronal 
alterations in dementia because we have used PLI, a metric 
that is slightly affected by volume conduction effects.
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