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Analysis of Volume Conduction Effects on Different Functional
Connectivity Metrics: Application to Alzheimer’s Disease EEG Signals

Saúl J. Ruiz-Gómez, Carlos Gómez, IEEE Senior Member, Jesús Poza, IEEE Senior Member,
Aarón Maturana-Candelas, Vı́ctor Rodrı́guez-González, Marı́a Garcı́a, IEEE Senior Member,

Miguel Á. Tola-Arribas, Mónica Cano, Roberto Hornero, IEEE Senior Member

Abstract— The aim of this study was to evaluate the effect of
volume conduction on different connectivity metrics: Amplitude
Envelope Correlation (AEC), Phase Lag Index (PLI), and
Magnitude Squared Coherence (MSCOH). These measures were
applied to: (i) a synthetic model of 64 coupled oscillators; and
(ii) a resting-state EEG database of 72 patients with dementia
due to Alzheimer’s disease (AD) and 37 cognitively healthy
controls. Our results revealed that AEC and PLI are weakly
influenced by the simulated volume conduction compared to
MSCOH, although the three metrics are not immune to this
effect. Furthermore, results with real EEG recordings showed
that AD patients are characterized by an AEC increase in δ
frequency band and widespread connectivity decreases in α and
β1 bands. These coupling changes reflect the abnormalities in
spontaneous EEG activity of AD patients and might provide
further insights into the underlying brain dynamics associated
with this disorder.

I. INTRODUCTION

The human brain can be seen as an extremely complex
network governed by the interactions among billions of
neurons [1]. Electroencephalography (EEG) measures the
brain electrical activity generated by synchronized cortical
neurons in a non-invasive way with a high temporal resolu-
tion. However, the main limitation of EEG is that there is
no unique relation between the time series recorded from the
scalp and the active neuronal sources in the brain [2]. Time
series that are recorded from nearby sensors are very likely
to pick up activity from the same brain sources, which gives
rise to spurious correlations between them. This is known as
the problem of ‘volume conduction’ [2].

Dementia due to Alzheimer’s disease (AD) is a neurode-
generative disorder associated with cognitive, behavioral,

This research was supported by ‘European Commission’ and ‘European
Regional Development Fund’ (FEDER) under project ‘Análisis y correlación
entre el genoma completo y la actividad cerebral para la ayuda en el
diagnóstico de la enfermedad de Alzheimer’ (‘Cooperation Programme
Interreg V-A Spain-Portugal, POCTEP 2014-2020’), and by ‘Ministerio de
Ciencia, Innovación y Universidades’ and FEDER under project DPI2017-
84280-R. Saúl J. Ruiz-Gómez was in receipt of a predoctoral scholarship
from the ‘Junta de Castilla y León’ and the ‘European Social Fund’. Vı́ctor
Rodrı́guez-González was in receipt of a PIF-UVa grant from the University
of Valladolid.

Saúl J. Ruiz-Gómez, Carlos Gómez, Jesús Poza, Aarón Maturana-
Candelas, Vı́ctor Rodrı́guez-González, Marı́a Garcı́a, and Roberto Hornero
are with the Biomedical Engineering Group, University of Valladolid,
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Mónica Cano is with the Department of Clinical Neurophysiology, ‘Rı́o
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and functional deficits. Neural activity from AD patients is
progressively modified as a consequence of the pathophysi-
ological processes [1]. For the EEG analysis in AD, local
activation techniques in individual sensors (both spectral
and non-lineal analyses) are the most extended option, due
to their ease of clinical interpretation and simplicity [3].
However, it has become clear that simple activation studies
are no longer sufficient for AD characterization [4]. In
this regard, the application of connectivity metrics can be
used to gain further understanding on how the AD brain is
organized as a network. However, it is important to minimize
the spurious correlations that can appear due to volume
conduction [4]. Several models of synthetic signals have
been applied with the aim of studying and characterizing the
influence of volume conduction. In this study, we used the
well-studied model of globally coupled limit-cycle oscillators
that was originally described by Kuramoto [5]. This model
allowed us to evaluate the ability of diverse connectivity
metrics to detect real changes in synchronization.

Our main objective was to analyze how different connec-
tivity metrics are affected by volume conduction. Specifi-
cally, the following research questions were addressed: (i)
which of the analyzed connectivity metrics is able to detect
real changes in synchronization without being affected by
volume conduction?; and (ii) are these measures capable of
reflecting brain alterations suffered by AD patients?

II. MATERIALS

A. Subjects

EEG resting-state activity was analyzed in 72 mild and
moderate AD patients (age 81.8 [76.0 83.5] years, median
[interquartile range]) and 37 cognitively healthy controls (age
75.8 [73.9 78.6] years). Patients with dementia due to AD
were diagnosed according to the criteria of the National
Institute on Aging and Alzheimer’s Association (NIA-AA).
The control group was composed of elderly subjects with no
history of neurological or psychiatric disorders.

Participants and caregivers were informed about the re-
search background and the study protocol. Moreover, all of
them gave their written informed consent to be included
in the study. The Ethical Committee of the ‘Rı́o Hortega’
University Hospital (Valladolid, Spain) approved the study
according to the Code of Ethics of the World Medical
Association (Declaration of Helsinki).

978-1-5386-1311-5/19/$31.00 ©2019 IEEE 6434



B. Electroencephalographic recordings

EEG activity was recorded with a 19-channel system
following the 10-20 International System (XLTEK R©, Natus
Medical). Five minutes of resting-state EEG activity were
recorded at a sampling frequency of 200 Hz from the
following electrodes: Fp1, Fp2, Fz, F3, F4, F7, F8, Cz, C3,
C4, T3, T4, T5, T6, Pz, P3, P4, O1, and O2. Subjects were
asked to remain with their eyes closed, still and awake during
EEG acquisition.

Recordings were then preprocessed in three steps: (i)
preliminary independent component analysis to remove com-
ponents with artifacts; (ii) Hamming window FIR filtering to
limit spectral content to the frequency band of [1 70] Hz; and
(iii) visual selection of artifact-free epochs of 5s.

III. METHODS

A. Kuramoto model and synthetic signals

In order to study the influence of volume conduction on
the ability of the different metrics to detect real changes
in synchronization, we used a model of globally coupled
oscillators that was originally proposed by Kuramoto [5]. The
model describes the phase dynamics of a large network of N
globally coupled limit-cycle oscillators. The phase dynamics
are given by the following differential equation [5]:

dθi
dt

= ωi +
K

N

N∑
j−1

sin(ωj − ωi), (1)

where θi denotes the phase of the ith oscillator, which
has the natural frequency ωi, and K is the strength of the
connections between them.

The natural frequencies ωi are typically collected from a
Lorentzian distribution centered around ω0 and width γ [6]:

g(ω) =
γ

π[γ2 + (ω − ω0)2]
, (2)

Thus, the phase evolution of each oscillator is determined
by its natural frequency ωi and the average influence of all
other oscillators whose natural frequency was obtained from
the same ω0.

Kuramoto showed that the system is not synchronized
when K < Kcrit, while a single cluster of synchronized
oscillators emerges for K > Kcrit [5]. As the natural
frequencies are taken from a Lorentzian distribution, this
critical value is given by Kcrit = 2γ [2].

For each oscillator, Eq. (1) was numerically integrated
with a time step of 5 ms (corresponding to a sample
frequency of 200 Hz, the same sample frequency of the real
EEG recordings). In all simulations, the initial 10 s were
discarded to eliminate transients. The state of oscillator i,
which was obtained from ω0, at time t is given by [5]:

Oi,ω0
(t) = Aω0

sin(θi), (3)

where Aω0
was a constant amplitude equal across oscillators

obtained with the same ω0, but frequency-dependent. The
resulting time series simulate the activity of the cerebral
sources and are used to create the synthetic EEG signals.

The voltage Vk(t) of the kth EEG channel was related to
the state Oj(t) of the jth oscillator at time t as [2]:

Vk(t) =
1

2i0 + 1

j=k+i0∑
j=k−i0

ω0∑
Oj,ω0(t), (4)

where i0 represents the volume conduction contribution for
each EEG channel. In accordance with real EEG recordings,
a total of 19 EEG channels were simulated. Finally, the pre-
processing procedure described for the real EEG recordings
was also applied to these synthetic signals.

To simulate the model, we took the central frequency
by evaluating the range f0 ∈ [1.5, 69.5] Hz (step=1), that
was obtained from dividing the 1 − 70 Hz spectrum into
spectral bands of 1 Hz wide (ω0 = 2πf0). We have simulated
N = 64 globally coupled oscillators for each frequency
band. Although theoretically an infinite number of oscillators
is necessary for the analytical results to hold, it has been
shown that with a limited number of oscillators the model
can be readily used to explain various empirical results [7].
The oscillation frequency was determined with a central
frequency of ω0 and a width of the Lorentzian distribution
of γ = 1, defined according to a previous study [2]. In
order to determine the state of each oscillator, values of Aω0

were determined as the square root of the relative power in
each frequency band centered at ω0 (obtained from real EEG
recordings taking into account only healthy control subjects).
Simulations were performed for the different combinations
of i0 = [0, 2, 4] (where i0 = 0 represents the ideal volume
conduction-free case, while i0 = 2 and i0 = 4 simulate two
scenarios increasingly affected by volume conduction), and
K ∈ [0, 4] in steps of 0.5 (where higher K values indi-
cate higher coupling strength between oscillator and higher
synchronization between synthetic signals from simulated
electrodes). For each value of i0 and K, 20 trials of 5 s were
calculated, resulting synthetic time series of 19 channels and
1000 samples that were subjected to connectivity analyses.

B. Connectivity metrics
In order to characterize the connectivity between the

synthetic and real EEG signals of different pairs of elec-
trodes, three complementary coupling metrics were analyzed:
Amplitude Envelope Correlation (AEC), Phase Lag Index
(PLI), and Magnitude Squared Coherency (MSCOH).
AEC is an estimation of the correlation of the amplitudes

of two time series. It is obtained by means of their power
envelopes using the Hilbert transform. Then, coupling is
calculated by computing the Pearson correlation between
the log transformed power envelopes [8]. Time series were
orthogonalized for each time-window separately before com-
puting the AEC to remove spatial leakage effects [9].
PLI quantifies the asymmetry in the distribution of phase

differences calculated from the instantaneous phases of two
time-series [2]:

PLI = |〈sign sin(∆φ)〉|, (5)

where 〈·〉 indicates the expectation operator and ∆φ is the
phase difference or relative phase.
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MSCOH combines sensitivity to both amplitude and
phase synchrony, and is defined as [10]:

MSCOHX,Y (f) =
|SXY |2

PXPY
, (6)

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

C. Statistical analysis

Firstly, a descriptive analysis with the synthetic data was
carried out to study how the connectivity metrics are affected
by volume conduction with the Two-sample Kolmogorov-
Smirnov test (ks statistic). The lower the values of the ks
statistic, the lesser the differences between the curves. Then,
the ability of these metrics to obtain statistical differences
between groups with real EEG recordings were evaluated
with the Mann-Whitney U -test.

IV. RESULTS

A. Kuramoto model

Results for the Kuramoto models as a function of the
global intensity of coupling between the oscillators (K) and
the different volume conduction contribution values (i0) are
summarized in Fig. 1. The solid lines indicate the average
coupling values and the shaded areas represent the standard
deviation of the 20 simulated epochs.

Firstly, in the ideal case without volume conduction
(i0 = 0), AEC showed low values for K < Kcrit = 2, and
increasing values as K increments. When volume conduction
was introduced AEC became slightly higher, especially for
K > 2. Quantitatively, test statistic ks showed low values
(0.21 and 0.28) for both volume conduction scenarios (i0 = 2
and i0 = 4, respectively) compared to i0 = 0. Secondly,
PLI stayed relatively low for K < Kcrit in the case of
i0 = 0. However, an increasing trend in PLI values can
be noticed starting at K = 1, rather than at the theoretic
value of Kcrit = 2. PLI also showed higher values in both
volume conduction scenarios, but is slightly less affected to
its spurious influence compared to AEC (ks = 0.18 for
i0 = 2 and ks = 0.27 for i0 = 4). Finally, MSCOH stayed
stable but relatively high for K < Kcrit and increases from
Kcrit onwards in the ideal case. When volume conduction
was introduced, both curves were shifted toward higher
MSCOH values. Test statistic ks revealed that MSCOH is
highly affected by volume conduction: ks = 0.26 for i0 = 2
and ks = 0.41 for i0 = 4.

To summarize, our model simulations showed that the
analyzed metrics are sensitive to increases in the coupling
strength K. All three metrics responded to increases in the
coupling strength for values of K higher than Kcrit, but only
AEC showed a good performance for K lower than Kcrit.
AEC and PLI are weakly influenced by the simulated
volume conduction compared to MSCOH , although none
of the analyzed metrics is immune to it. For these reasons,
the subsequent analysis of the real EEG recordings was
performed using only AEC, since this metric showed a better
behavior for K < Kcrit compared to PLI despite the fact

that AEC showed a slightly worse behavior in relation to
volume conduction and sensitivity to coupling.

B. Real EEG recordings

Since results are frequency-dependent, AEC 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 Fig. 2. Our AEC results
showed that EEG activity in AD patients is characterized by
widespread connectivity decreases in α and β1 bands, and
an overall increase of connectivity in δ band.

V. DISCUSSION

In the present study, we assessed the effect of volume
conduction on the behavior of three connectivity metrics
(AEC, PLI , and MSCOH) and their ability to reflect brain
alterations suffered by AD patients with real EEG recordings.

For the first objective, we used the Kuramoto model with
multiple oscillators centered at different mean frequencies
and with frequency-dependent amplitudes, due to the fact
that the combination of multiple oscillators may faithfully
simulate the oscillatory nature of the EEG, and its behavior
is very well studied [6]. Only Stam et al. [2] have previously
employed the Kuramoto model to simulate the EEG activity.
However, they modeled it using only one natural mean
frequency at 10 Hz for all oscillators (corresponding to the
predominant ’alpha band’) with a constant amplitude for all
oscillators. In our study, we present here an improved model
with several oscillators. This has allowed us to create EEG-
like signals that have enabled us to determine that AEC has
the best performance detecting real changes in coupling.

Furthermore, a database of EEG recordings from 37 con-
trols and 72 AD patients has been analyzed using AEC.
Our results revealed that AD is characterized by a scattered
increase in synchronization at δ band. In line with our results,
an overall connectivity increase in δ band was previously
reported for AD patients using MSCOH [11]. On the other
hand, a global decrease in synchronization at α and β1 bands
was found for AD patients [11]. Previous EEG studies have
shown similar coupling evidences in AD through different
connectivity metrics. For instance, Locatelli et al. [11] ob-
served a decrease of the MSCOH at α rhythms in the
AD patients compared to the healthy controls. Similarly,
Besthorn et al. [12] and Stam et al. [13] found a functional
connectivity loss in AD, specifically in α and β bands using
MSCOH and synchronization likelihood, respectively.

Some limitations of our research work should be noted.
Firstly, we propose a preliminary model of EEG volume
conduction, taking into account only the effect of common
sources by allowing more than a set of oscillators (centered
at 1 Hz-separate frequencies) to contribute to each simulated
EEG channel. It would be interesting to use a more realistic
modeling of the EEG, taking into account the neurophys-
iological characteristics of the brain. Secondly, only three
functional connectivity metrics have been analyzed in this
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Fig. 1. AEC, PLI , and MSCOH values as a function of global coupling intensity (K) for the different volume conduction contribution values (i0).
The solid lines indicate the average values and the shaded areas represent the standard deviation (SD) of 20 simulated epochs.

Fig. 2. AEC 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 AD patients in comparison with controls, whereas blue color tones denote significant decreases.

study, but other metrics could have a better behavior under
volume conduction conditions, such as the imaginary part of
coherence. Effective connectivity measures could also been
explored, since they can have a different performance than
functional ones, and provide additional information. Finally,
only AD patients and healthy controls took part in this study.
For future studies, it would be interesting to increase the
number of healthy controls and to extend our analyses to
prodromal AD stages, as mild cognitive impairment.

VI. CONCLUSIONS

Our study based on the Kuramoto models leads us to con-
clude that AEC have a slightly better performance detecting
true changes in synchronization under volume conduction
conditions compared to PLI , but MSCOH is more affected
by the influence of common sources. Furthermore, AEC
revealed different connectivity patterns in EEG data for AD
patients. Our results suggest that AD is associated with an
overall coupling increase at δ band, and a decrease between
different brain regions, mainly at α and β1 frequency bands.
These connectivity changes reflect the abnormalities in spon-
taneous EEG activity of AD patients, since AEC is a more
reliable measure of true synchronization.

REFERENCES

[1] C. Babiloni, R. Lizio, N. Marzano, P. Capotosto, A. Soricelli, A. I.
Triggiani, S. Cordone, L. Gesualdo, and C. Del Percio, “Brain neural
synchronization and functional coupling in Alzheimer’s disease as
revealed by resting state EEG rhythms,” Int. J. Psychophysiol., vol.
103, pp. 88–102, 2016.

[2] C. J. Stam, G. Nolte, and A. Daffertshofer, “Phase lag index: Assess-
ment of functional connectivity from multi channel EEG and MEG
with diminished bias from common sources,” Hum. Brain Mapp.,
vol. 28, pp. 1178–1193, 2007.

[3] J. Jeong, “EEG dynamics in patients with Alzheimer’s disease,” Clin.
Neurophysiol., vol. 115, pp. 1490–1505, 2004.

[4] C. J. Stam and E. C. van Straaten, “The organization of physiological
brain networks,” Clin. Neurophysiol., vol. 123, pp. 1067–1087, 2012.

[5] Y. Kuramoto, “Self-entrainment of a population of coupled non-linear
oscillators,” in International Symposium on Mathematical Problems in
Theoretical Physics, Berlin, Heidelberg, 1975, vol. 39, pp. 420–422.

[6] S. H. Strogatz, “From Kuramoto to Crawford: Exploring the onset of
synchronization in populations of coupled oscillators,” Physica D, vol.
143, pp. 1–20, 2000.

[7] I. Z. Kiss, Y. Zhai, and J. L. Hudson, “Emerging coherence in a
population of chemical oscillators,” Science, vol. 296, pp. 1676–1678,
2002.

[8] M. J. Brookes, G. C. O’Neill, E. L. Hall, M. W. Woolrich, A. Baker,
S. Palazzo Corner, S. E. Robson, P. G. Morris, and G. R. Barnes, “Mea-
suring temporal, spectral and spatial changes in electrophysiological
brain network connectivity,” NeuroImage, vol. 91, pp. 282–299, 2014.

[9] G. C. O’Neill, P. Tewarie, D. Vidaurre, L. Liuzzi, M. W. Woolrich,
and M. J. Brookes, “Dynamics of large-scale electrophysiological
networks: A technical review,” NeuroImage, vol. 180, p. 559–576,
2018.

[10] B. J. Roach and D. H. Mathalon, “Event-related EEG time-frequency
analysis: An overview of measures and an analysis of early gamma
band phase locking in schizophrenia,” Schizophr. Bull., vol. 34, pp.
907–926, 2008.

[11] T. Locatelli, M. Cursi, D. Liberati, M. Franceschi, and G. Comi,
“EEG coherence in Alzheimer’s disease,” Electroencephalogr. Clin
Neurophysiol., vol. 106, pp. 229–237, 1998.

[12] C. Besthorn, H. Förstl, C. Geiger-Kabisch, H. Sattel, T. Gasser,
and U. Schreiter-Gasser, “EEG coherence in Alzheimer disease,”
Electroencephalogr. Clin. Neurophysiol., vol. 90, pp. 242–245, 1994.

[13] C. J. Stam, Y. Van Der Made, Y. A. L. Pijnenburg, and P. Scheltens,
“EEG synchronization in mild cognitive impairment and Alzheimer’s
disease,” Acta Neurol. Scand., vol. 108, no. 2, pp. 90–96, 2003.

6437


	EMBC19_Saul
	Saul


 
 
    
   HistoryItem_V1
   TrimAndShift
        
     Range: all pages
     Trim: fix size 8.500 x 11.000 inches / 215.9 x 279.4 mm
     Shift: none
     Normalise (advanced option): 'original'
      

        
     32
            
       D:20120516081844
       792.0000
       US Letter
       Blank
       612.0000
          

     Tall
     1
     0
     No
     675
     320
     None
     Up
     0.0000
     0.0000
            
                
         Both
         AllDoc
              

      
       PDDoc
          

     Uniform
     0.0000
     Top
      

        
     QITE_QuiteImposingPlus2
     Quite Imposing Plus 2.9
     Quite Imposing Plus 2
     1
      

        
     4
     3
     4
      

   1
  

 HistoryList_V1
 qi2base





