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Human neocortical processes involve temporal and spatial
scales spanning several orders of magnitude, from the
rapidly shifting somatosensory processes characterized by a
temporal scale of milliseconds and a spatial scales of few
square millimeters to the memory processes, involving time
periods of seconds and spatial scale of square centimeters.
Information about the brain activity can be obtained by
measuring different physical variables arising from the brain
processes, such as the increase in consumption of oxygen
by the neural tissues or a variation of the electric potential
over the scalp surface. All these variables are connected in
direct or indirect way to the neural ongoing processes, and
each variable has its own spatial and temporal resolution.
The different neuroimaging techniques are then confined
to the spatiotemporal resolution offered by the monitored
variables. For instance, it is known from physiology that the
temporal resolution of the hemodynamic deoxyhemoglobin
increase/decrease lies in the range of 1-2 seconds, while its
spatial resolution is generally observable with the current
imaging techniques at few millimeter scale. Today, no
neuroimaging method allows a spatial resolution on a
millimeter scale and a temporal resolution on a millisecond
scale. Nevertheless, the issue of several temporal and spatial
domains is critical in the study of the brain functions, since
different properties could become observable, depending on
the spatiotemporal scales at which the brain processes are
measured.

It is well knownm that the electroencephalography
(EEG) and magnetoencephalography (MEG) are useful
techniques for the study of brain dynamics, due to their

high temporal resolution. However, it has been said that
the spatial resolution of the EEG is rather low, due to
the different electrical conductivities of brain, skull, and
scalp that markedly blur the EEG potential distributions,
making the localization of the underlying cortical generators
problematic. In the last ten years, a body of mathematical
techniques, known as high-resolution EEG, was developed
to estimate precisely the cortical activity from noninvasive
EEG measurements. Such techniques include the use of a
large number of scalp electrodes, realistic models of the
head derived from magnetic resonance images (MRIs), and
advanced processing methodologies related to the solution
of the so-called “inverse problem,” that is, the estimation
of the brain activity (i.e., electromagnetic generators) from
the EEG/MEG measurements. The approach implies both
the use of thousands of equivalent current dipoles as a
source model and the realistic head models, reconstructed
from magnetic resonance images, as the volume conductor
medium. The use of geometrical constraints on the position
of the neural source or sources within the head model
generally reduces the solution space (i.e., the set of all
possible combinations of the cortical dipoles strengths).
An additional constraint is to force the dipoles to explain
the recorded data with a minimum or a low amount of
energy (minimum-norm solutions). The solution space can
be further reduced by using information deriving from
hemodynamic measures (i.e., fMRI-BOLD phenomena)
recorded during the same task. The rationale of a multimodal
approach is that neural activity, modulating neuronal firing
and generating EEG/MEG potentials, increases glucose and
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oxygen demands. This results in an increase in the local
hemodynamic response that can be measured by functional
magnetic resonance images (fMRIs). Hence, fMRI responses
and cortical sources of EEG/MEG data can be spatially
related, and the fMRI information can be used as a prior in
the solution of the inverse problem. As a result of all these
computational approaches, it is possible to estimate the cor-
tical activity with a spatial resolution of few millimeters and
with a temporal resolution of milliseconds from noninvasive
EEG measurements.

In the framework of a COST Action BM0601 Neuro-
Math, there was organized a workshop in Rome in 2009 on
the themes of the processing of neuroelectromagnetic and
hemodynamic signals. Selected papers from this conference
were subjected to standard peer-review and compiled in this
special issue. With this issue we want to illustrate ongoing
and emerging research in the development and applica-
tion of mathematical methods to the recording, analysis,
integration, and modeling of neural activity. The selected
papers, written by world class scientists, cover diverse issues
ranging from computational models to concrete applications
of the methods within the neurosciences. We hope that the
readership of CIN could appreciate this special issue as we
appreciated it during its composition.

Laura Astolfi
Sara Gonzalez Andino

Fabrizio De Vico Fallani
Fabio Babiloni
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An original neural mass model of a cortical region has been used to investigate the origin of EEG rhythms. The model consists of
four interconnected neural populations: pyramidal cells, excitatory interneurons and inhibitory interneurons with slow and fast
synaptic kinetics, GABAA, slow and GABAA,fast respectively. A new aspect, not present in previous versions, consists in the inclusion
of a self-loop among GABAA,fast interneurons. The connectivity parameters among neural populations have been changed in order
to reproduce different EEG rhythms. Moreover, two cortical regions have been connected by using different typologies of long
range connections. Results show that the model of a single cortical region is able to simulate the occurrence of multiple power
spectral density (PSD) peaks; in particular the new inhibitory loop seems to have a critical role in the activation in gamma (γ)
band, in agreement with experimental studies. Moreover the effect of different kinds of connections between two regions has been
investigated, suggesting that long range connections toward GABAA,fast interneurons have a major impact than connections toward
pyramidal cells. The model can be of value to gain a deeper insight into mechanisms involved in the generation of γ rhythms and
to provide better understanding of cortical EEG spectra.

1. Introduction

Neuronal activity in the γ band has been proposed as a
physiological indicator of perceptual and higher cognitive
processes in the brain, including arousal and attention
[1], binding of stimulus features and perception of objects
[2], consciousness, and language [3]. Generally, γ rhythms
are found in EEG spectra together with other rhythms,
such as locally generated activity in the beta (β) band or
thalamocortical activity in the alpha (α) band.

In this context, mathematical models can be of the
greatest value to gain a deeper insight into the mechanisms
involved in the generation of γ rhythms and to provide better
understanding of cortical EEG spectra. Models in fact can
mimic electrical activity of groups of neurons, taking into
account different patterns of connectivity, and simulate brain
electrical activity in regions of interest.

In recent years many authors used neural mass models
to study the generation of EEG rhythms. In these models the
dynamics of entire cortical regions is generally represented
with a few state variables, which mimic the interaction

among excitatory and inhibitory populations, arranged in a
feedback loop. In particular, neural mass-models of cortical
columns, particularly useful to simulate some aspects of EEG
signals, were developed by Lopes da Silva et al. [4] and by
Freeman [5] in the late seventies, and subsequently improved
and extended by Jansen and Rit [6] and Wendling et al.
[7].

An intrinsic limitation of these models, however, consists
in the way γ rhythms can be generated. Basically, one can
obtain a γ rhythm as a consequence of the interaction
between pyramidal neurons and fast inhibitory interneurons,
provided that small values are used for the synaptic time con-
stants [8]. Conversely, some recent works, both experimental
and computational [9, 10], suggest that γ rhythms can be
generated by a chain of fast inhibitory interneurons, even
without the participation of other types of neurons. A further
limitation of previous mass models consists in the difficulty
to obtain multiple rhythms within the same cortical region,
especially in the β and γ bands. To this end, in previous works
at least two regions with different synaptic kinetics have been
used to obtain the presence of two peaks in PSD [11].
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The present work was devised, within the framework of
neural mass models, to overcome the previous limitations.
In particular two main objectives have been pursued: (i)
to enrich the model of a single cortical region with a new
feedback loop, through which fast inhibitory interneurons
can produce a γ rhythm per se (i.e., without the participation
of the other neural populations), and (ii) to demonstrate that
the modified model can easily produce EEGs PSD of a single
cortical region characterized by several peaks (i.e., several
activities in different bands), using a very parsimonious
description of connectivity weights.

The model is first presented in a synthetic form. Then,
the role of connectivity between populations of excitatory
and inhibitory interneurons internal to the cortical region is
studied, with particular attention to the role of GABAA,fast

interneurons in the generation of γ activity. Subsequently,
the effect of connectivity between two cortical regions is
simulated. The discussion underlines the main virtues and
limitations of the proposed model and points out the main
aspects for future research.

2. Material and Methods

2.1. Model of a Single Cortical Region. The model of a
cortical region presented here is a modified version of
the model proposed by Wendling et al. [7]. It consists
of four neural populations which communicate via exci-
tatory and inhibitory synapses: pyramidal cells, excitatory
interneurons, inhibitory interneurons with slow synaptic
kinetics (GABAA,slow), and inhibitory interneurons with
faster synaptic kinetics (GABAA,fast). In the following, a
quantity which belongs to a neural population will be
denoted with the subscripts p (pyramidal), e (excitatory
interneuron), s (slow inhibitory interneuron), and f (fast
inhibitory interneuron). Each neural population receives an
average postsynaptic membrane potential from the other
populations and converts the average membrane potential
into an average density of spikes fired by the neurons. Three
different kinds of synapses are used to describe the synaptic
effect of excitatory neurons (both pyramidal cells and
excitatory interneurons), of slow inhibitory interneurons and
of fast inhibitory interneurons. Each synapse is simulated by
an average gain (Ge,Gs,Gf for the excitatory, slow inhibitory
and fast inhibitory synapses, resp.) and a time constant (in
the model, the reciprocal of these time constants is denoted
as ωe,ωs, and ωf , resp.). The average numbers of synaptic
contacts among neural populations are represented by eight
variables (Cij). The inputs to the model (up(t) and u f (t))
excite pyramidal neurons and fast inhibitory interneurons,
respectively, and represent all exogenous contributions, both
excitation coming from external sources and the density of
action potentials coming from other regions. Inputs to the
other two populations have only a scanty effect on model
dynamics, and hence have been neglected. The output of
the model is represented by the membrane potential of
pyramidal cells. Compared with the model described in our
previous work [8], the new model exhibits two changes
(see Figure 1): (i) fast inhibitory interneurons may receive

an external input (say u f (t)) from pyramidal neurons of
other regions; (ii) fast inhibitory interneurons exhibit a
negative self-loop; that is, they not only inhibit pyramidal
neurons (as in previous model) but also inhibit themselves.
This idea agrees with the observation that basket cells
in the hippocampus and cortex are highly interconnected
and a chain of fast inhibitory interneurons can induce γ
activity per se (i.e., even without the participation of other
neural populations) thanks to its internal self-inhibitory
connections [9].

2.2. Model of Connectivity among Regions. In order to study
how the cortical regions interact, we then considered a model
composed of two cortical regions which are interconnected
through long-range excitatory connections. In the following
the superscript k will be used to denote a presynaptic
region and the superscript h to denote the target (post-
synaptic) region. To simulate connectivity, we assumed that
the average spike density of pyramidal neurons in the pre-
synaptic region (zkp) affects the target region via a weight

factor, Whk
j (where j = p or f , depending on whether

the synapse targets to pyramidal neurons or fast inhibitory
interneurons), and a time delay, T (assumed equal for all
synapses). This is achieved by modifying the input quantities
uhp(t) and/or uhf (t) as follows:

uhj (t) = nhj (t) +Whk
j z

k
p(t − T), (1)

where nj(t) represents a Gaussian white noise (in the present
work: mean value mj = 0 and variance σ2

j = 5).

3. Results

3.1. Sensitivity Analysis on a Single Cortical Region. The
simulations performed in a previous paper [8] demonstrate
that a model of a single cortical region, stimulated with
input white noise to pyramidal cells (up(t)), produces just
a unimodal spectrum (i.e., a spectrum with a single well
defined peak) whose position primarily depends on the
synaptic kinetics (i.e., ωe,ωs,ωf ) parameters. In order to
obtain multiple rhythms in the spectrum, this model needs
the contribution of other rhythmic external sources that
induce their activity on it.

The most interesting feature presented here is the ability
of generating more than one oscillatory rhythm within a
single region. Figure 2 shows the membrane potential and
the corresponding PSD obtained with the model of a single
cortical region simulated with the basal parameters reported
in Table 1. It is worth noting that this model produces
a bimodal spectrum, with two intrinsic and well-defined
peaks, oscillating, respectively, in β and γ ranges. Differently
from previous works [7, 8], in these simulations we used
a value for the time constant of GABAA,fast interneurons of
17 milliseconds, in better agreement with [9].

Figure 3 shows the role of the GABAA,fast loop in
the generation of a second rhythm in the γ band. Each
panel shows how the output of the model, in terms of
PSD, changes by incrementing the connection Cp f from
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Figure 1: Model layout: four neural populations (pyramidal cells, excitatory interneurons, GABAA,slow inhibitory interneurons, and
GABAA,fast inhibitory interneurons) which communicate via excitatory and inhibitory synapses. Worth noting is the presence of a new
feedback loop with gain Cf f .

GABAA,fast interneurons toward pyramidal cells. With the
values reported in Table 1, but setting the value of Cp f to
0, the region exhibits a single rhythm around 5 Hz (first
panel). Using small values of Cp f (0.8C and 1.3C) the
region exhibits a single rhythm around 30 Hz (second and
third panels, resp.). As Cp f increases (from 1.5C to 6C;
seeFigure 3 caption) the region exhibits two different well-
evident rhythms, one in the β band and one in the γ band
(fourth to ninth panels).

Figure 4 shows the results of a sensitivity analysis
performed on the parameters of the model describing the
loops among neural populations. The aim of this analysis is
to identify the loops that are essential in order to obtain γ
rhythms. In order to do this analysis five crucial connections
are cut one at a time. The first panel shows the PSD of the
region when all the connections among the neural popula-
tions are active (parameters as in Table 1). When connections
from pyramidal cells toward excitatory interneurons or from
GABAA,slow interneurons toward pyramidal cells are set to 0

(second and third panels), the two rhythms persist. In the
fourth panel the connection from pyramidal cells toward
GABAA,fast interneurons is set to 0. Even if two rhythms are
not clearly distinguishable, the power band is still fairly broad
(0–40 Hz). It is worth noting that the two rhythms collapse in
a single one if the connections from GABAA,slow interneurons
toward GABAA,fast interneurons or from GABAA,fast interneu-
rons toward themselves are cut (last two panels) suggesting
a crucial role for these connections in the generation of a
bimodal spectrum, composed of β and γ rhythms. It is worth
noting that, in the absence of the loop among fast inhibitory
interneurons (Cf f = 0), the model, with the assigned time
constants, produces a rhythm in the alpha band.

3.2. Connectivity between Two Cortical Regions. Figure 5
shows the behaviour of a model composed of two intercon-
nected regions. The first line of panels shows the PSD of
the two regions when they are not connected to each other.
Parameter Cp f is set to 4C in the first region, whereas Cp f
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Figure 2: Output of the model of a single cortical region in terms of membrane potential (a) and PSD (b), simulated with the basal
parameters reported in Table 1.
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Figure 3: PSD of a single region obtained by varying the connection from GABAA,fast interneurons to pyramidal cells (parameter Cp f ). The
values of Cp f are 0C, 0.8C, 1.3C, 1.5C, 2C, 3C, 4C, 5C, and 6C.
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Figure 4: PSD of a single cortical region setting off some connections among neural populations. The first panel represents the output of
the whole model with parameters as in Table 1. The other five panels represent the power spectra, respectively, when Cep = 0,Csp = 0,Cf p =
0,Cf s = 0, and Cf f = 0.

Table 1: Model basal parameters.

C = 135 Csp = 0.4C Cf s = 0.2C Ge = 5.17 mV ωe = 75s−1

Cep = 0.4C Cps = 0.5C Cp f = 4C Gs = 4.45 mV ωs = 30 s−1

Cpe = 0.4C Cf p = 0.4C Cf f = 0.2C Gf = 57.1 mV ωf = 60 s−1

is set to 0.8C in the second one. All other parameters have
the same values as in Table 1. In this way, the first region
exhibits two rhythms, and the second only one rhythm but
at a different frequency. The second region can be forced to
exhibit the same two rhythms as the first by introducing a
connection toward GABAA,fast interneurons (second line). A
different spectrum, with a wide activity at high frequencies,
is obtained if connectivity is directed toward pyramidal
neurons (third line). A small connectivity from the second
region towards GABAA,fast cells of the first one makes the first
region exhibit three simultaneous rhythms: the two intrinsic
rhythms and a third acquired external rhythm (fourth line).

4. Discussion

In this work we used a neural mass model to study the
presence of multiple rhythms in the EEG. The model
presented here is modified compared with that used in
our previous papers [8, 12]. The modifications aim at
accentuating the role of the GABAA,fast interneurons in the
generation of rhythms in the γ band and obtaining a complex
spectrum within a single cortical region. In order to study

these aspects, we modified the model by adding a new input
to the GABAA,fast interneurons, and we introduced a feedback
loop from the GABAA,fast interneurons toward themselves
(parameter Cf f ).

A sensitivity analysis on model parameters representing
the internal connectivity among the four neural popula-
tions (see Figures 3 and 4) shows that strong short-range
connections between GABAA,fast interneurons and pyramidal
cells and between GABAA,fast interneurons and GABAA,slow

interneurons are fundamental for the generation of multiple
rhythms in the EEG, and, above all, for the presence of
a peak in the γ band. These results together confirm the
findings, obtained in previous studies [9], that networks of
fast inhibitory interneurons may be responsible for gamma
activity in the brain. Another important result is represented
by the use of more biologically plausible values for the time
constants. In particular, the simulations performed with the
modified model show that, contrarily to previous works
[7, 8], one does not need to use very small values (a few ms)
for the time constant of GABAA,fast interneurons but more
physiolgical values (13–20 ms) are able to induce oscillations
at high frequency [9]. Another remarkable result is that,
changing connections weights between populations, the
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Figure 5: PSD of two regions (first region in the first column and second region in the second column) communicating by different
connectivity patterns. The connectivity patterns are represented in the third column; the arrow indicates connectivity toward pyramidal
cells; the square indicates connectivity toward GABAA,fast interneurons. The first region is simulated using the parameters reported in Table 1,
while the second region is obtained by modifying only Cp f (Cp f = 0.08C).

rhythmic activity in the model can be easily moved between
the alpha, beta, and gamma bands. This is a plausible
physiological mechanism, since connectivity strength may be
rapidly adjusted in vivo by synaptic plasticity. Hence, one
does not need to hypothesize a less justifiable modulation
of synaptic time constants to mimic the variety of rhythms
encountered in vivo during motor and cognitive tasks.

Finally, we studied the effect of the long range connec-
tions between two neural regions (see Figure 5). The simula-
tions show that, using identical connection strengths (second
and third line), the effect on the PSD is completely different,
depending on the target population (GABAA,fast interneurons
or pyramidal cells). This original result emphasizes the
predominant role of GABAA,fast interneurons compared to
pyramidal cells not only in generating multiple rhythms but
also in rhythm transmission from one region to another.

An important possible application of the present model
consists in the estimation of effective connectivity between
ROIs, starting from real EEG or MEG data. Actually, connec-
tivity in the neurophysiological literature is commonly esti-
mated using signal-based approaches (i.e., empirical black-
box models). A major advantage in the use of interpretative
models, instead of black-box models, lies in the physiological

meaning of estimated parameters. Each parameter in an
interpretative model possesses a clear physiological meaning
and summarizes a specific mechanism involved in rhythm
generation. Furthermore, interpretative models may permit
a fusion between different techniques (e.g., EEG/MEG data
and metabolic neuroimaging (fMRI or PET) data), since they
allow different quantities (electrical and metabolic) to be
simulated. Finally, the present model includes nonlinearitites
(in particular sigmoidal relationships to describe neuron
response) which are known to play a pivotal role in neural
signal generation. By contrast, signal-based approaches
generally assume the existence on linear relationships among
signals.

An actual problem in the use of neural mass models
to estimate effective connectivity may be found in the
excessive number of estimated parameters, especially when a
large number of populations are simultaneously interacting.
Estimation of many parameters may demand excessive com-
putational resources and, above all, may lead to the problem
of “overfitting” (i.e., good reproducibility of data but with
little or none prediction capacity). Two considerations,
however, may be followed to limit the number of estimated
parameters in a neural mass model. First, not all the
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parameters in an ROI require estimation, but only a subset
of them. In particular, we have shown that estimation of a
single parameter for each region (Cp f ) may allow different
rhythms to be produced and controlled quite finely. Second,
parameters may be constrained by a priori knowledge (e.g.,
neuroanatomical data can be used to limit attention only to
a few connectivity parameters, and knowledge on synaptic
dynamic can be used to provide physiological values for
time constants). Nevertheless, the problem of connectivity
estimation using neural mass models is still at an initial stage
and requires further theoretical and computational active
research.

In conclusion, the results underline the performance of
the model in the generation of multiple rhythms by using a
simple connectivity circuit and may open new perspectives
for the study of complex neural oscillations induced by the
connection and synchronization among cortical regions. To
our knowledge this is a first attempt to use a single neural
mass model to reproduce a complex spectrum and investi-
gate the role of fast inhibitory interneurons systematically. In
perspective the model could be used as a simulator of the
activity in brain regions involved in different cognitive tasks,
and for testing the consequences of different connectivity
patterns on EEG.

Appendix

The final model displayed in Figure 1 corresponds to the
following set of differential equations:

Pyramidal neurons are

dyp(t)

dt
= xp(t),

dxp(t)

dt
= Geωezp(t)− 2ωexp(t)− ω2

e yp(t),

zp(t) = 2e0

1 + e−rvp
− e0,

vp(t) = Cpe ye(t)− Cps ys(t)− Cp f y f (t).

(A.1)

Excitatory interneurons are

dye(t)
dt

= xe(t),

dxe(t)
dt

= Geωe

(
ze(t) +

up(t)

Cpe

)
− 2ωexe(t)− ω2

e ye(t),

ze(t) = 2e0

1 + e−rve
− e0,

ve(t) = Cep yp(t).
(A.2)

Slow inhibitory interneurons are

dys(t)
dt

= xs(t),

dxs(t)
dt

= Gsωszs(t)− 2ωsxs(t)− ω2
s ys(t),

zs(t) = 2e0

1 + e−rvs
− e0,

vs(t) = Csp yp(t).

(A.3)

Fast inhibitory interneurons are

dy f (t)

dt
= x f (t),

dx f (t)

dt
= Gf ω f z f (t)− 2ωf x f (t)− ω2

f y f (t),

dyl(t)
dt

= xl(t),

dxl(t)
dt

= Geωeu f (t)− 2ωexl(t)− ω2
e yl(t),

z f (t) = 2e0

1 + e−rv f
− e0,

v f (t) = Cf p yp(t)− Cf s ys(t)− Cf f y f (t) + yl(t),
(A.4)

where the sigmoid saturation is e0 = 2.5 s−1 and the sigmoid
steepness is r = 0.56 mV−1. It is worth noting that we used a
sigmoidal function centered in zero, which corresponds to
the assumption that neurons normally work in the linear
region.
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A neural network model of object semantic representation is used to simulate learning of new words from a foreign language. The
network consists of feature areas, devoted to description of object properties, and a lexical area, devoted to words representation.
Neurons in the feature areas are implemented as Wilson-Cowan oscillators, to allow segmentation of different simultaneous objects
via gamma-band synchronization. Excitatory synapses among neurons in the feature and lexical areas are learned, during a training
phase, via a Hebbian rule. In this work, we first assume that some words in the first language (L1) and the corresponding object
representations are initially learned during a preliminary training phase. Subsequently, second-language (L2) words are learned
by simultaneously presenting the new word together with the L1 one. A competitive mechanism between the two words is also
implemented by the use of inhibitory interneurons. Simulations show that, after a weak training, the L2 word allows retrieval of
the object properties but requires engagement of the first language. Conversely, after a prolonged training, the L2 word becomes
able to retrieve object per se. In this case, a conflict between words can occur, requiring a higher-level decision mechanism.

1. Introduction

The term semantic memory is commonly used to denote
a kind of declarative memory which is independent of the
context as well as culturally shared and involves words and
concepts. Several theories of semantic memory have been
developed in the past decades, with the aim of understanding
how words are linked with object representation, and how
this link is altered in pathological subjects with neurological
deficits. In most of these theories, semantic memory is
considered a distributed process, which involves many
different cortical areas and adopts a multimodal (sensory-
motor) representation of objects [1–4]. More specifically,
in these theories an object is usually represented as a
collection of features spreading across different sensory and
motor modalities, which must be linked together and with
the corresponding words. Hence, retrieval of objects from
memory requires that all these distributed representations,
and the corresponding words, be activated all together
starting from sensory or lexical cues, and integrated to form
a single coherent percept. Synchronization in the gamma
band is nowadays assumed to play an essential role in high-

level cognitive processes. Recent results suggest that gamma
rhythms are involved in high-level object memorization and
retrieval [5], and in linking words with senses [6].

Although the previous ideas are largely debated in the
present neurocognitive literature, just a few mathemati-
cal models have been presented until now. Recently, we
developed a mathematical model of object representation,
in which abstract objects are described as a collection of
features. In the model, features of the same object are linked
together, and separated from those of different objects, via
synchronization of neural oscillators in the gamma band.
The network was able to recognize objects, and separate them
from other objects simultaneously present, even in case of
partial or corrupted information, and when objects share
some common features [7, 8]. In a more recent version
of the same model, this object representation, spreading
across different feature areas, is linked with a lexical area
devoted to word representation, so that correct object
retrieval can evoke the corresponding word, and vice versa.
Some simple “semantic” relationships between words which
share common features were also realized with this network
[9].
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In the present work, the same “semantic” network is
used to illustrate, with a simple exemplum, how the model
can be used to describe the process of word learning
in a second language. To this end, we assume that the
network, previously trained with a few words in a first
language (L1) (so that words are associated with object
representation), learns a second-language (L2) word. The L2
word is associated with a previous L1 word via a Hebbian
learning procedure. A competitive mechanism between
words representing the same object is also implemented.
After a prolonged training, the L2 word becomes able to
retrieve the same object representation as the original word.
The results are commented from the viewpoint of present
hypotheses on second-language representation and control.

2. Method

The model consists of two different layers: the first (named
“feature network”) is devoted to a description of objects
represented as a collection of sensory-motor features. The
second (named “lexical network”) is devoted to the represen-
tation of words, from an upstream process of phonemes. The
two networks communicate via trained synapses. Moreover,
the lexical network also receives a signal from a “deci-
sion network”, which recognizes whether a correct object
information is present in the feature network and avoids
that a misleading representation can evoke a word. A more
complete description of the model, with equations and
parameter values, can be found in previous works [8, 9].

In order to simulate learning of a second language, in
the present model we included an additional mechanism not
used before: two words, which represent the same object
(the first, named L1 word, in the original language and
the second, named L2 word, in the new language), interact
via a competitive mechanism. This competition is realized
by means of inhibitory interneurons. The synapses which
originate from these interneurons are also subject to Hebbian
learning

A schematic description of model structure is presented
in Figure 1.

2.1. The Feature Network. Each area in the feature network
is devoted to the representation of a specific attribute or
feature of the object, according to a topological organization.
Hence, one object is represented as the collection of F
features (one feature per each area). In this work we used
F = 4. We assume that each attribute has been extracted from
a previous processing in the neocortex, which elaborates
sensory-motor information. Each unit in the feature areas
consists of Wilson-Cowan oscillators [10, 11]. Oscillators
in the same area are connected via lateral excitatory and
inhibitory synapses, according to a classical “Mexican hat”
disposition, which implements a “similarity principle”; this
means that elements which signal similar attributes are
located in proximal positions in the network; hence, they
tend to be reciprocally connected and activate together. Neu-
ral oscillators belonging to different areas can be connected
via excitatory synapses after training. These synapses are
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Figure 1: Schematic diagram describing the general structure of
the network. The upper shadow squares represent distinct Feature
Areas and are organized in a topological way. Each area embodies
20 × 20 elements (black circles), represented by means of Wilson-
Cowan oscillators, devoted to the representation of a specific feature
of an object. The lower squares represent the two populations of
neurons in the Lexical Area: excitatory neurons, responsible for the
representation of words, and inhibitory interneurons, involved in
tasks like problem solving. Each of these areas is made of 40× 40
elements (black circles), which are represented by a first-order
dynamic and a sigmoidal relationship. Between the Feature and
the Lexical Areas there is a decision network, which un-inhibits
the lexical area, in case of correctly segmented objects. The model
includes intra-area (excitatory and inhibitory) synapses among
elements belonging to the same Feature Area, long-range excitatory
interarea synapses between oscillators in different Feature Areas,
and long-range excitatory synapses between elements in the Feature
Network and in the Lexical Areas (WF −WL).

initially set to zero, but may assume a positive value through a
learning phase, to memorize “prior knowledge” on attributes
occurring together during the presentation of objects. Lateral
synapses are not subjected to a training phase. All equations
can be found in [7–9].

2.2. Lexical Area. Each unit represents a specific “word”. It
can receive an input from a preprocessing stage which detects
words from phonemes but it can also be stimulated through
long-range synapses coming from the feature network; in
this way, a “word” is linked with elements in feature
areas representing specific properties of a stored object. All
together, a “word” and its specific attributes are combined
to embody the semantic meaning of that concept and the
integrated network can indifferently be activated by language
or sensory-motor information of an object.
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In the present model we assume that the lexical network
can be activated by the elements of the feature areas only if a
“decision network” is in the on state. This is realized sending
sufficient inhibition to all elements of the lexical area. This
inhibition is withdrawn by the decision network, as soon as
an object is recognized.

This network is located downstream of the Feature
Network. It receives input from all the elements of the
Feature Areas and verifies that (1) there is an “activation
bubble” in any area. (2) Any area produces just a single
activation bubble at a given instant. (3) The conditions (1)
and (2) are verified all along a certain time interval to ensure
the continuity of object perception. If all these conditions are
verified, then the Decision Network un-inhibit the Lexical
Area and allows its activation by object representation in the
Feature Network. An accurate description of this decision
network can be found in [8].

In the following each element of the lexical area
will be denoted with the subscripts i j or hk(i,h =
1, 2, . . . ,M1; j, k = 1, 2, . . . ,M2) and with the superscript
L. In the present study we adopted M1 = M2 = 40. Each
single element exhibits a sigmoidal relationship (with lower
threshold and upper saturation) and a first-order dynamic
(with a given time constant). This is described via the
following differential equation:

τL · d
dt
xLi j(t) = −xLi j(t) +HL

(
uLi j(t)

)
, (1)

where τL is the time constant, which determines the speed
of the answer to the stimulus, and HL(uL(t)) is a sigmoidal
function. The latter is described by the following equation:

HL
(
uL(t)

)
= 1

1 + e−(uL(t)−ϑL)·pL , (2)

where ϑL defines the input value at which neuron activity is
half the maximum (central point) and pL sets the slope at the
central point. Equation (2) conventionally sets the maximal
neuron activity at 1 (i.e., all neuron activities are normalized
to the maximum).

According to the previous description, the overall input,
uLi j(t), to a lexical neuron in the i j position can be computed
as follows:

uLi j(t) = ILi j(t) +VF
i j −GL ·

(
1− zL(t)

)
− CLi j − IBias

i j , (3)

where ILi j(t) is the input produced by an external linguistic

stimulation. VF
i j represents the intensity of the input due to

synaptic connections from the feature network; this synaptic
input is computed as follows:

VF
i j =

∑

h

∑

k

WF
i j,hk · xhk, (4)

where xhk represents the activity of the neuron hk in the
Feature Areas and WF

ij,hk the strength of synapses from the

feature areas to the lexical area. The term GL · (1 − zL(t))
accounts for the inhibition sent to the lexical area, withdrawn
by the decision network. In particular, zL(t) is a binary
variable representing the output of the decision network (1 in
case of correct detection, 0 in case of incorrect detection—
see [8]); hence, the strength of the inhibition sent to the
Lexical Area is GL when the decision network is in the OFF
state and becomes 0 when the decision network shifts to
the ON state. It is worth noting that the external linguistic
input ILi j(t), when present, is set sufficiently high to overcome

the inhibition entering into the lexical area. The term CLi j
(not included in the previous model versions) represents the
competitive inhibition that the neuron at position i j in the
lexical area receives from other words in the lexical area. This
competition is triggered only in case of words representing
the same object (as in bilingualism) and is computed as
follows:

CLi j =
∑

h

∑

k

WI
i j,hk · xIhk, (5)

where xIhk is the output of the inhibitory interneuron at
position hk, and WI

ij,hk are the inhibitory synapses from a
presynaptic inhibitory interneuron at position hk to the post-
synaptic neuron at position i j in the lexical area.

Finally, the term IBias
i j in (3) represents an external

inhibitory input, coming from high-level top-down influ-
ences, which try to inhibit a nontarget word. This input
is normally set to zero but may assume a high value in
problems like language selection or language switching (see
discussion).

The inhibitory interneuron output is computed with
equations similar to those of (1) and (2), with an analogous
meaning of symbols, that is,

τI · d
dt
xIi j(t) = −xIi j(t) +HI

(
xLi j(t)

)
, (6)

with

HI
(
xLi j(t)

)
= 1

1 + e−
(
xLi j (t)−ϑI

)
·pI
. (7)

It is worth noting, in (6) and (7), that the inhibitory
interneuron receives excitation only from the excitatory
neuron in the lexical area at the same position i j.

2.3. Synapse Training. Training has been subdivided in three
different phases: (i) learning of objects, (ii) learning of L1
words, and (iii) learning of L2 words. The first two phases
have been already described in a previous paper; hence, only
some general ideas are given here. Phase (iii) is new and
described in greater detail.

During the first phase, objects are individually given to
the network with all their four features, and the synapses
linking the feature areas are trained via a time varying
Hebbian mechanism. This is described in detail in [8]. At
the end of this phase, objects can be recognized even in the
presence of incomplete or moderately altered inputs [8].
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During the second phase, an object (already learned
in phase (i)) is given to the network together with the
corresponding word. Synapses linking the word and the
object features (in both directions) are then learned with
a Hebbian mechanism. This is described in [9]. At the end
of this phase, objects can evoke the corresponding words and
words can evoke the sensory-motor object representation in
the feature areas. Moreover, several words and their objects
representation can coexist by oscillating in time division in
the gamma range.

The third phase consists in learning words of a second
language. To this end, we assumed that a word in the first
language (named L1 word), previously learned in phase (ii),
is given to the subject together with a new word (L2 word)
representing the same object in a second language. Of course
the L1 word activates the object representation in the feature
areas, and the synapses linking the feature areas to the L2
word (i.e., synapses WF

ij,hk in (4)) are learned with a Hebbian
mechanism (similar to that used in phase (ii)). Moreover,
the inhibitory synapses linking the inhibitory interneurons
to the lexical area (i.e., synapsesWI

ij,hk in (5)) are also learned
with a Hebbian mechanism. In fact, during this phase, the L1
and the L2 words are active, and so, also the corresponding
interneurons are active. The equations for synapse learning
are

WF
ij,hk(t + TS) =WF

ij,hk(t) + βFi j,hk · xLi j(t) · xhk(t),

WI
ij,lm(t + TS) =WI

ij,lm(t) + βIi j,hk · xLi j(t) · xIlm(t),
(8)

where xLi j(t), xhk(t), and xIlm(t) represent the activity of the
excitatory neuron at position i j in the lexical area, the
Wilson-Cowan oscillator at position hk in the feature area,
and of the inhibitory interneuron at position lm, respectively,
and β represent the learning rates. Finally, we assumed
that synapses cannot overcome a maximum saturation
value. This is realized assuming that the learning rates
are progressively reduced to zero when synapses approach
saturation.

3. Results

Simulations have been performed at three different moments
of the second-language learning process: (i) at the beginning
of training, when the second language word has never
been perceived before, (ii) during an intermediate learning
moment, when synapses linking the object with the L2 word
are still weak, that is, much smaller than the synapses linking
the same object with the L1 word, and (iii) after a long
training period, when the synapses linking the object to the
L2 word are almost as strong as the synapses from the same
object to the L1 word.

Three exemplary cases are presented for each training
phase, characterized by different inputs to the model: L2
word as input to the model, L1 word as input to the model,
and the object features as input to the model.

Figure 2 shows the model response in the feature areas
(upper panels) and in the lexical area (bottom panels) at
a particular instant of the simulation, when the L2 word
is used as input. In each simulation, the external input
activates the corresponding neuron in the lexical area. At
the beginning of training (Figure 2(a)) this word cannot
evoke any object representation in the feature areas. After
moderate training (Figure 2(b)) the L2 word can evoke the
representation of the object in the feature areas (with the
appearance of four activation bubbles, which represent the
four features of the object). However, it is remarkable that
also the L1 word representation is activated in the lexical
area. This signifies that an L2 word is able to evoke the
correct representation of the corresponding object, but it
still requires some participation of the L1 word. In other
terms, at this stage of training the second language still
takes advantage of the first language, and both words (the
L2 word and the L1 word) participate synergistically to
the object representation. Conversely, after a strong training
(Figure 2(c)) the L2 word can evoke the object representation
with just a negligible activation of L1. This means that
L2 has become almost completely independent of any L1
support.

The temporal patterns of neuron activities are given in
Figure 3, when the network is stimulated with the L2 word
as input. In case of weak training, L2 word can evoke the
object representation (with the four features which oscillate
in phase in the gamma band, at about 40 Hz, Figure 3(a)).
However, it is noticeable the activation of the L1 word in the
lexical area, which oscillates with the same phase as the object
representation, Figure 3(c). After a prolonged training, the
L2 word is able to almost entirely suppress activity of the
L1 word, thanks to the presence of a strong competitive
mechanism. The subject can use L2 without evoking L1,
Figures 3(b) and 3(d).

Figure 4 shows snapshots of neuron activation in the
different areas of the model, when model is stimulated with
the L1 word as input. Independently of the training length,
the L1 word can evoke a correct object representation in
the feature areas without any significant participation of L2.
This signifies that, at any stage of learning, L1 is independent
of the new language and, even after a prolonged second-
language training, it is able to recover an object by totally
inhibiting the corresponding L2 word.

The third case (Figure 5) shows model behavior when the
network is stimulated with the entire object representation
(i.e., all four features are given to the network as an
external input). Of course, at the beginning of training the
object evokes only the L1 word. Similarly, after a moderate
training, when the second language is just poorly known, the
object evokes the L1 word only, and the L2 word is almost
completely inhibited. However, after a prolonged training,
the object representation evokes both the L1 word and the
L2 word, which coexist despite the presence of a reciprocal
competitive inhibition.

The previous simulations show that, if a subject has a
low-proficiency L2, an external object automatically activates
L1, while L2 is inhibited. Conversely, for a high-proficiency
L2 subject, word production caused by an external object
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Figure 2: Some snapshots of the model response at some instant of the simulations, performed when the L2 word is given as input to the
network. The upper panels describe activity in the feature areas, while the bottom panels represent the activity in the lexical area. The L2
word is represented by neuron activity in position 20, 30 of the lexical area, while the corresponding L1 word is represented by activity in
position 5, 5. Results of three simulations are given, characterized by a different proficiency of the second language: beginning of L2 training
(a), after a weak L2 training (b), and after a prolonged L2 training (c). It is worth noting that, after weak training, the L2 word can evoke the
correct object representation in the feature areas (represented by simultaneous activation of four features), but it still requires activation of
the L1 word. After prolonged training the L2 word becomes almost completely autonomous from L1.

causes a conflict between L1 and L2 words. Some prob-
lems, thus, arise. How can a low-proficiency L2 subject
produce a correct L2 word (for instance, when he/she is
forced to use L2 in a foreign context or a classroom)?
And how can the conflict between L1 and L2 words be
solved in high-proficiency L2 subjects? To answer these
questions, model must assume the presence of a further
top-down inhibitory input (i.e., the term IBias

i j in (3))
probably coming from higher cognitive centers, which is
directed to the nontarget language. As an example, in
Figure 6 we repeated the same simulations as in Figure 5
(object as input to the network, i.e., the word production
paradigm) assuming that all L1 words are receiving an
inhibitory input from an external source. Results show
that, in this condition, the presentation of the object
engages activation of the L2 word, less active in the low-
proficiency case (Figure 6(b)) and more active in the high-
proficiency case (Figure 6(c)), but without any interference
from L1.

4. Discussion

The term “bilinguals” means people who can use two lan-
guages in their life, a first or native language usually denoted
as L1 and a second language named L2. Bilingualism, of
course, entails several complex problems, which are still
debated in the psycholinguistic literature. A first problem
is whether the second language (or L2) makes use of the
same neural structures as L1 or whether different structures
and different mechanisms underlie the acquisition of L2. A
second fundamental aspect of bilingualism is the necessity
of some control mechanisms to establish which language
should be used at a given moment and in a given context and
which language should be inhibited, for both what concerns
word production and word comprehension.

Most studies on bilingualism appeared in recent years
(some of them summarized by Abutalebi [12]) making use
of functional neuroimaging techniques (such as PET or
fMRI) to detect which brain regions are involved or activated
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Figure 3: Temporal pattern of neuron activity in the feature areas representing the object (a) and (b) and in the lexical area (c) and (d) in
the same simulations as in Figure 2, in case of weak training (a) and (c) and in case of strong training (b) and (d). All object features oscillate
in synchronism in the gamma band (about 40 Hz). The L2 word, stimulated from an external input, exhibits quite a constant activity close
to maximal saturation (red line) while the L1 word, triggered by the object representation, exhibits a significant activity in the gamma band
(blue line).

during a specific psycholinguistic test. Although these studies
provide important information on brain organization in
bilingualism, they do not explore the neural mechanisms
involved. Moreover, language is a typical characteristic of
humans; hence, animal experiments cannot be used to
deepen our knowledge of the problem.

In this situation, mathematical models and computer
simulations, although drastically simplified compared with
the reality, may provide important contributions to clarify
the possible mechanisms involved in language processing
(at least for what concerns basic aspects as word recognition
and word production) and to convert current hypotheses
into rigorous quantitative theories. Indeed, several current
theories on language frequently use expressions like “com-
petition”, “inhibition”, “neural activity”, and “control” and
can be regarded as “qualitative models”, which may certainly
benefit of a more accurate quantitative formalization.

The model presented in this work whishes to represent
a first step in that direction. However, it aspires to describe
only the lexical-semantic aspects of language, without any
inclusion of grammatical issues: in particular, attention is
focused on word recognition (i.e., the process through which a
word is converted into a coherent object representation) and
word production (the process through which the representa-
tion of an object is converted into a word).

The main assumption of the model is that neurons
labeling words, and neurons describing their semantic object
representation over different areas, are linked together via
excitatory synapses. It is remarkable that the model, for the
sake of simplicity, does not incorporate the two “external”

aspects of this processing stream, namely, how phonemes
are converted to lemmas (and words) and how the sensory-
motor information coming from senses is generalized to
arrive at an abstract representation of objects.

A second fundamental aspect of the model is that the
synaptic links between object representation and words are
learned during a training phase, in which the object and the
corresponding word are presented together. This particularly
of the model allows learning of L2 words with the same basic
mechanism as that of L1, supposing a training phase in which
the L2 word is presented together with a previously learned
L1 word.

The latter assumption, which is fundamental in our
work, received several confirms from recent neuroimaging
studies (some of them summarized by Perani and Abutalebi
[13] and Abutalebi [12]). Indeed, a traditional viewpoint
in the neurolinguistic literature, which dominated for more
than one century, was that the first and second languages
depend on different cerebral structures and on different neu-
ral mechanisms [14]. Following this line of thinking, a recent
qualitative model (named the Ullman declarative/procedural
model [15]) assumes that processing of L2, acquired late
on life, depends upon different cognitive mechanisms and
different cerebral structures than L1. Several recent results,
however, using functional neuroimaging data [16, 17], con-
tradict this hypothesis for what concerns the lexical-semantic
aspects of L2 (although structural differences between L1 and
L2 may effectively occur for what concerns the grammatical
aspects). As summarized in the review paper by Abutalebi
[12] “The emerging picture from studies investigating the
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Figure 4: Some snapshots of the model response at some instant of the simulations, performed when the L1 word is given as input to
the network. The upper panels describe activity in the feature areas, while the bottom panels represent the activity in the lexical area. The
L1 word is represented by neuron activity in position 5, 5 of the lexical area, while the corresponding L2 word is represented by activity
in position 20, 30. Results of three simulations are given, characterized by a different proficiency of the second language: beginning of L2
training (a), after a weak L2 training (b), and after a prolonged L2 training (c). It is worth noting that, at any training level, the L1 word can
evoke the correct object representation in the feature areas (represented by simultaneous activation of four features), without any significant
participation of the L2 word.

lexical-semantic domain is that L2 is essentially processed
through the same neural networks underlying L1 process-
ing.”

Assuming that the lexical-semantic aspects of L2 are
acquired through the same neural structures and the same
plasticity rules as L1, the present model makes some testable
predictions, at different stages of the learning process, which
can be compared with present functional neuroimaging
data and with present theories on bilingualism. In the
following, these predictions will be separately discussed for
what concerns the neural representation of L2 (i.e., the
neural substrates of words and concepts) and the control
mechanisms implicated in bilingualism.

The neural representation of L2—An interesting result of
our simulations is that, at a low proficiency level, when L2
is just poorly learned, the recognition of an object from an
L2 word implicates the participation of L1. This is evident in
Figures 2 and 3 by the activation of the L1 word in the lexical
area. These simulation results agree with some psycholin-
guistic theories. For instance, Kroll and Stewart [18] state

that, during the early stages of L2 acquisition, L2 depends
on L1 to access meaning for its lexical items. A consequence
of this idea is that, at low proficiency level, the use of an
L2 word causes a greater neural activation in the lexical
and in the inhibitory areas, compared with the use of L1
words. Let us consider the situation depicted in Figure 2(b),
and in Figures 3(a) and 3(c): here one can observe two
zones of the lexical area which are simultaneously active; of
course, the inhibitory interneurons are also active in same
zones (since they receive their input directly from the lexical
area). This signifies that a greater activation is recruited when
the low-proficiency subject is trying to use an L2 word.
This result is supported by neuroimaging data, although
it is quite difficult to force this parallelism beyond a very
qualitative level. Studies investigating the lexical-semantic
domain show that bilinguals with low-proficiency L2 entail
additional brain activity compared with the L1 word or
compared with monolingual subjects: the increased activity
is especially observed in the left inferior frontal gyrus and in
prefrontal areas [16, 19].



8 Computational Intelligence and Neuroscience

Initial training

44.5 ms

Fe
at

u
re

ar
ea

s

0

0.5

1

0
10

20
30

40 0
10

20
30

40

23.24 ms

Le
xi

ca
la

re
a

0

0.5

1

0
10

20
30

40 0
10

20
30

40

(a)

Weak training

44.52 ms

0

0.5

1

0
10

20
30

40 0
10

20
30

40

23.24 ms

0

0.5

1

0
10

20
30

40 0
10

20
30

40

(b)

Strong training

22.86 ms

0

0.5

1

0
10

20
30

40 0
10

20
30

40

23.26 ms

0

0.5

1

0
10

20
30

40 0
10

20
30

40

(c)

Figure 5: Some snapshots of the model response at some instant of the simulations, performed when the object (i.e., its four features)
is given as input to the network. The upper panels describe activity in the feature areas, while the bottom panels represent the activity in
the lexical area. The L2 word is represented by neuron activity in position 20, 30 of the lexical area, while the corresponding L1 word is
represented by activity in position 5, 5. Results of three simulations are given, characterized by a different proficiency of the second language:
beginning of L2 training (a), after a weak L2 training (b), and after a prolonged L2 training (c). It is worth noting that, at the beginning of
training and after a weak training, the external object can evoke only the L1 word without any significant activity of the L2 word. Conversely,
after prolonged training, the external object simultaneously evokes both the L1 word and the L2 word, despite the presence of a competitive
mechanism. This requires the participation of a higher-level mechanism (perhaps inhibitory) to resolve the conflict.

In addition, model predicts that, with an increase in
L2 proficiency, the neural activity engaged by L2 words is
reduced and becomes progressively comparable with that
engaged by L1 words. This model predictions reflect the
so-called Green’s convergence hypothesis [20], according to
which higher levels of proficiency in L2 produce a lexical-
semantic representation which more closely resembles that
produced by L1. Indeed, neuroimaging studies have reported
similar activations in the left frontal and tempo-parietal
brain areas when a subject performs a word production
task, in case of L1 and high-proficiency L2 [21, 22]. This
signifies that highly proficient bilinguals do not need to
recruit additional resources when using L2 to achieve similar
results as L1.

Control mechanisms—The model stresses the need of
some control mechanisms, which must be put into action
to solve several conflicts involved in bilingualism: which
language must be used at a given moment and in a given
context? How can a low-proficiency subject use L2 words

avoiding any interference from the stronger L1? A common
hypothesis in the neurolinguistic literature assumes that
control entails a sort of competition between the two
languages and that this competition is solved by inhibiting
the nontarget language [23]. Of course, competition can
occur both at the level of phonemes (for instance, the
English word “dog” competes with the English word “dot”),
and at a semantic level (the English word “dog” competes
with the French word “chien”). Since the first aspect,
linking phonemes to words, is not considered in this model,
only the second kind of competition will be considered
below.

According to a former assumption by Rodriguez-Fornells
et al. [24], model suggests the presence of two distinct
but interrelated control mechanisms, which work through
inhibition.

A local bottom-up inhibitory mechanism aims to inhibit
the weaker language without the participation of higher
control centers. This mechanism is directly implemented
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Figure 6: Some snapshots of the model response at some instant of the simulations, performed when the object (i.e., its four features) is
given as input to the network. Simulations are the same as in Figure 5, with the same meaning of figures, but in this case we assumed that
a strong top-down inhibitory input (from a higher control center) targets all L1 words. It is noticeable that, in this situation, the object
representation can evoke the L2 word, but with a different level of activation depending on the proficiency level.

within the model via inhibitory interneurons and is trained
with the same Hebbian rule used to link words and objects.
In the present simulations, this mechanism operates when
L2 proficiency is lower than L1 proficiency and the subject
perceives an object and must produce the corresponding
word. In this condition, word production in response to an
object spontaneously engages L1 without any activation of
the L2 word (L2 is inhibited by the internal competition; see
Figure 5 central column).

Results in Figures 5 and 6 stress the need for a second
top-down control system, which can be considered an
external input to the model and inhibits one language
to favor the other. This situation may involve paradigms
like language switching, language translation, or language
selection. In our simulations this external input may become
necessary when two languages have a similar proficiency
level (compare Figures 5(c) and 6(c)) or when the sub-
ject is forced to use a low-proficiency language despite
the interference from the high-proficiency one (compare
Figures 5(b) and 6(b)). A classic point of view is that
these conflicts are solved by a dynamical inhibitory input
to the nontarget language, and this may originate from

various brain areas classically related to cognitive control,
such as the caudate nucleus, the prefrontal cortex, and the
anterior cingulate cortex [25–27]. An interesting question
is whether this top-down control system is specifically
dedicated to language or represents a more general struc-
ture, devoted to conflict resolution independently of its
explicit domain. Inclusion of such an external mechanism
may be the subject of future improvement of the present
model.

In conclusion, the present work represents a first attempt
to study lexical-semantic aspects of language, such as
word production and word comprehension, using neural
networks and computer simulations. Assuming that the
same neural structures and the same learning mechanisms
operate for L1 and L2, the model makes several predictions
which agree with some psycholinguistic theories and recent
neuroimaging data. Further aspects which require model
extension are especially concerned with language control
via top-down inhibitory mechanisms. Introduction of this
mechanism may allow more complex paradigms to be
simulated, such as language selection, language switching, or
language translation.
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Many studies have revealed that attention operates across different sensory modalities, to facilitate the selection of relevant
information in the multimodal situations of every-day life. Cross-modal links have been observed either when attention is directed
voluntarily (endogenous) or involuntarily (exogenous). The neural basis of cross-modal attention presents a significant challenge
to cognitive neuroscience. Here, we used a neural network model to elucidate the neural correlates of visual-tactile interactions
in exogenous and endogenous attention. The model includes two unimodal (visual and tactile) areas connected with a bimodal
area in each hemisphere and a competition between the two hemispheres. The model is able to explain cross-modal facilitation
both in exogenous and endogenous attention, ascribing it to an advantaged activation of the bimodal area on the attended
side (via a top-down or bottom-up biasing), with concomitant inhibition towards the opposite side. The model suggests that a
competitive/cooperative interaction with biased competition may mediate both forms of cross-modal attention.

1. Introduction

Our environment constantly provides us a large amount of
information. An important goal for the brain is to filter out
irrelevant information and to select only relevant events in
order to guide behaviour. A basic mechanism for selecting
information is to process stimuli from a limited portion of
space; this function is mediated by spatial attention. Most
research on spatial attention has been focused on purely
unimodal situations [1–5]. Most studies show that responses
to stimuli presented at the attended locations increased in
comparison to those at the unattended locations, both at
behavioural and electrophysiological level. Moreover, exten-
sive theoretical and experimental work on the visual system
[1, 3, 6–9] has suggested an influential hypothesis about
the neural mechanisms underlying visuospatial attention,
known as the biased competition hypothesis. The basic idea
is that attention biases the competition between multiple
stimuli in the visual field in favour of one stimulus, so that

neurons encoding the attended stimulus win the competition
and suppress the activity of the cells representing unattended
stimuli. The competition among concurrent stimuli can be
biased both voluntarily, when the subject dedicates more
attentional resources to a given spatial position (endogenous
or top-down spatial orienting), or reflexively, when an
external stimulus cue suddenly appears at a given spatial
location (exogenous or bottom-up spatial orienting) [10,
11].

Recently, the issue of spatial attention has been addressed
from a cross-modal perspective. Indeed, an external event
typically produces multimodal signals, stimulating different
senses simultaneously (as when a visible object moves to
touch the body, e.g.). Hence, attention needs to be coordi-
nated across different sensory modalities, in order to select
visual, auditory, and tactile information originating from the
same object or event, meaning the same spatial location.
Behavioural studies showed several cross-modal interactions
in spatial attention, that involve different combinations of
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modalities (e.g., visual-acoustic, visual-tactile). Both exoge-
nous and endogenous spatial orienting have been studied
crossmodally[12–15]. In exogenous attention paradigms, the
appearance of a single target is preceded by an abrupt “cue,”
which is task-irrelevant and spatially nonpredictive (i.e., the
cue location does not predict where the subsequent target
stimulus will appear). Responses have been found to be faster
and more accurate for targets that appear shortly afterwards
on the same side as the cue than on the opposite side,
even when the cue and target modalities are different; this
suggests that attention is automatically captured towards the
cue location not only within the cued modality but also in
other modalities. Cross-modal links also exist in the more
active, endogenous, form of attentional orienting. When
subjective expectations about the appearance of a target in
one sensory modality direct attention towards a given side of
space, responses are facilitated on that side compared to the
opposite side, not only for targets in the attended modality
but also for targets in a secondary modality.

A number of studies have investigated the neural cor-
relates of crossmodal attentional interactions using event
related potentials (ERP) [13, 16, 17] and hemodynamic
measures [18, 19]. Some results support the idea that cross-
modal links in spatial attention may reflect the activity
of a supramodal system that controls attentional orienting
in different modalities. Such account accords with recent
neurophysiological findings of multimodal neurons, espe-
cially in the parietal and premotor cortex, that respond to
multiple modalities in approximate spatial register [20–22].
However, the neural circuits and mechanisms implicated in
cross-modal attentional links are not clearly identified yet,
and important issues are still open. Among the others, it
is not yet clear whether the conceptual framework of the
biased competition hypothesis, which successfully accounts
for different aspects of visual attention, may apply also for
cross-modal attentional effects, and whether the two forms
of attention (endogenous and exogenous) are mediated by
the same or different neural mechanisms.

Recently, we have developed a neural network model that
simulates visual-tactile integration in parietal and frontal
regions, involved in the perception of the space near the
body (peripersonal space) [23]. In particular, the network
mimics the visuotactile representation of the peripersonal
space around both hands and is able to account for several
results both in healthy subjects and in neuropsychological
patients. Moreover, the model has been used to inves-
tigate the resizing of perihand space following tool use
[24].

The aim of this study is to use an adapted version
of our network to investigate the neural bases of visual-
tactile interactions in endogenous and exogenous spatial
attention.

2. Model Description

2.1. Qualitative Model Description. The present paper aspires
to simulate and interpret—by using an appropriate neural
network model—experimental results of visual-tactile links

in attention. All experimental data, which the model aspires
to reproduce and to which simulation results are compared,
are taken from previous studies in literature performed by
other researchers (in particular, Spence et al. [13, 15]); that is,
the present study is entirely a theoretical study, not including
any experimental design and participants. In particular,
the proposed model aims at reproducing only results of
covert orienting of exogenous [13] or endogenous attention
[15]; covert orienting of attention involves purely internal
attentional shifts, without any receptor shift (absence of eyes,
head or hands movements). In the above quoted studies,
participants (healthy subjects) adopted a fixed “default”
posture, with eyes and head facing forward (participants
were required to fixate a central point), and the hands
resting symmetrically each in its own hemispace; tactile and
visual stimuli were applied only on the hands. The tactile
stimuli were delivered via tactile stimulators attached to or
in contact with the hands; visual stimuli were delivered via
led positioned in close proximity to the tactile stimulators;
a central led served as fixation point [13, 15]. Tactile and
visual targets had a duration of several tens of milliseconds
(200 milliseconds); in exogenous attention paradigm [13],
the cue preceding the target had a shorter duration (few tens
of milliseconds).

The model has been conceived to reproduce and interpret
the above described experimental studies of covert attention
[13, 15]. Accordingly, the model includes two subnetworks,
one per hemisphere, each referred to the contralateral
hand; moreover, owing to the assumption of fixed postural
conditions, we did not included any postural signal in the
model and the only external inputs are tactile and visual
stimuli (see Figure 1). We hypothesized—with reasonable
approximation—that the hand of an adult subject is 10 cm
wide and 20 cm length, thus roughly covering a surface of
10 cm × 20 cm.

The single subnetwork embodies three areas of neurons,
which communicate via synaptic connections. The two
upstream areas are bidimensional matrices of unimodal
neurons: neurons in one area respond to tactile stimuli on
the contralateral hand (tactile area); neurons in the other
area respond to visual stimulation on the same hand (visual
area). Each unimodal neuron has its own receptive field (RF),
reproduced by means of a Gaussian function, through which
receives external stimulation. In both areas, the RFs are in
hand-centered coordinates and are arranged according to a
topological organization, so that each area maps the external
(visual or tactile) space in an orderly manner (proximal
neurons respond to stimuli coming from proximal positions
in the space). In particular, we assumed that the RFs in
both unimodal areas are arranged at a distance of 0.5 cm
along both the x and y directions; this choice is arbitrary
and has been made to represent the hand surface of 10 cm
× 20 cm by using a limited number of neurons (20 × 40),
in order to maintain model computational weight within
acceptable limits. However, each neuron in the model should
not be considered representative of a single cell, but rather
as a pool of cells with the RF approximately located in
the same position. It is worth noting that in the present
model, the visual area embodies the same number of neurons
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Figure 1: Schematic diagram describing the network. Continuous lines represent excitatory connections (lines with arrows in both direction
denotes the presence of both feedback and feedforward connections); dashed lines represent inhibitory connections. I denotes inhibitory
interneurons. Ibias is a top-down bias input mimicking endogenous attention conditions; its value may be selectively modified in each of the
six areas.

as the tactile one (20 × 40 neurons), exactly coding the
visual space on the hand (10 cm × 20 cm): indeed, in this
study we consider only visual stimuli applied on the hand
surface. Neurons within each unimodal area interact via
lateral synapses with a Mexican hat arrangement (i.e., short
range excitation and long range inhibition).

The unimodal tactile and visual neurons in each sub-
network send feedforward synapses to a third downstream
multimodal area devoted to visual-tactile integration. For
the sake of simplicity, we consider a single visual-tactile
neuron, covering the entire hand. The feedforward synapses
linking the unimodal (either visual or tactile) neurons to the
downstream bimodal neuron have a uniform distribution;
that is, their value is independent of the position of the
unimodal neuron in the area.

The bimodal visual-tactile neuron within one hemi-
sphere sends feedback excitatory synapses to the upstream
unimodal areas within the same hemisphere. The feedback
synapses have a uniform distribution, too.

The two subnetworks are reciprocally interconnected via
inhibitory interneurons, realizing a competitive mechanism.
The inhibitory interneuron in one hemisphere receives infor-
mation from the bimodal neuron in the other hemisphere,
through a synaptic connection characterized by a pure delay,
to account for the interhemispheric transit time via the
corpus callosum; then, the interneuron sends inhibition
to the local unimodal areas. In the model, the inhibitory
synapses from the interneuron to tactile and visual neurons
have a uniform distribution.

Finally, unimodal and bimodal neurons within each
hemisphere may receive a top-down bias input (Ibias)

mimicking attention conditions (see Section 2.3). We
assumed Ibias = 0 in basal conditions.

The input-output relationship of each neuron (both
unimodal, bimodal and inhibitory) includes a first-order
dynamics and a static sigmoidal relationship with a lower
threshold and an upper saturation. Each neuron in the
network is normally in a silent state and can be activated if
stimulated by a sufficiently high excitatory input.

2.2. Model Equations. In the following, the main equations of
the model are presented. Since the overall network has a sym-
metrical structure, only equations for one hemisphere (the
left one) will be reported. The superscripts t, v, and m will
denote quantities referring to tactile, visual, and multimodal
(i.e., bimodal) neurons, respectively; the superscript g will
indicate quantities referring to the inhibitory interneuron;
the superscripts L and R will distinguish the left and right
hemisphere; the subscripts ij or hk will represent the spatial
position of individual neurons.

2.2.1. The Unimodal Neurons. The unimodal areas are
composed of Ns × Ms neurons (s = t, v), with Ns = 20,
Ms = 40. In both areas, the RFs of neurons are arranged at a
distance of 0.5 cm along both the x and y directions.

By considering a reference frame rigidly connected with
the hand (see Figure 1), the coordinates of the RF centre of a
generic neuron ij are given by

xsi = i · 0.5 cm (i = 1, 2, . . . ,Ns),

ysj = j · 0.5 cm,
(
j = 1, 2, . . . ,Ms

)
,

s = t, v. (1)
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The receptive field of the unisensory neurons is described
via a Gaussian function. For a generic neuron ij, the following
equation holds:

Φs,L
i j

(
x, y

)=Φs,L
0 · exp

⎛
⎜⎝−

(
xs,Li −x

)2
+
(
ys,Lj −y

)2

2 ·
(
σs,LΦ

)2

⎞
⎟⎠, s = t, v,

(2)

where xi and yjare the centre of the RF, x and y are the spatial

coordinates, and Φs,L
0 and σs,LΦ represent the amplitude and

standard deviation of the Gaussian function. According to
this equation, a punctual external stimulus applied at the
position x, y excites not only the neuron centred in that point
but also the proximal neurons whose receptive fields cover
that position.

The total input received by a generic neuron ij in the
unimodal area s = t, v is given by five different contributions.

(a) The first contribution is due to the external stimulus,
computed as the inner product of the stimulus and the
receptive field:

ϕs,Li j (t) =
∫

x

∫

y
Φs,L
i j

(
x, y

) · Is,L(x, y, t
)
dx dy

∼=
∑
x

∑
y

Φs,L
i j

(
x, y

) · Is,L(x, y, t
)
ΔxΔy, s = t, v,

(3)

where Is,L(x, y, t) is the external stimulus (tactile or visual)
applied on the righthand (processed by the left hemisphere)
at the coordinates x, y and at time t. The right-hand
member of (3) means that the integral is computed with the
histogram rule (with Δx = Δy = 0.2 cm).

(b) The second contribution is due to the lateral synapses
linking the neuron with the other elements in the same area.
This contribution is defined as

λs,Li j (t) =
Ns∑

h=1

Ms∑

k=1

Λs,L
i j,hk · zs,Lhk (t), s = t, v. (4)

zs,Lhk (t) represents the activity of the hk neuron in the area
s (s = t, v) of the left hemisphere.Λs,L

i j,hk indicates the strength
of the synaptic connection from the presynaptic neuron at
the position hk to the postsynaptic neuron at the position ij.
These synapses are symmetrical and are arranged according
to a “Mexican hat” function.

(c) The third contribution is due to the feedback excita-
tory projections from the bimodal neuron, computed as

βs,Li j (t) = Bs,Li j · zm,L(t), s = t, v. (5)

zm,L(t) represents the activity of the bimodalneuron. Bs,Li j
indicates the strength of the synaptic connection from the
presynaptic bimodal neuron to the postsynaptic unimodal
neuron ij; in the model the feedback synapses have a uniform
distribution (i.e.,Bs,Li j = Bs,L0 , for all i, j).

(d) Thefourth contribution is due to the synapses from
the inhibitory interneuron, given by

γs,Li j (t) = Γs,Li j · zg,L(t), s = t, v. (6)

zg,L(t) represents the activity of the inhibitory interneu-
ron, which depends on the visual-tactile information at the
other hemisphere (see below). Γs,Li j is the strength of the
synaptic connection from the interneuron to unimodal neu-
ron ij; the inhibitory synapses have a uniform distribution,
too (Γs,Li j = Γs,L0 ,for all i, j).

(e) The fifth contribution is due to the attentional top-
down bias input. We assumed that the attentional bias to
one unimodal area acts as a constant input (Is,Lbias) and affects
all the neurons within the area.In basal conditions, the
attentional bias input is set equal to zero in both unimodal
areas of each hemisphere.

The total input is obtained by summing the four excita-
tory contributions (a), (b), (c), and (e) and subtracting the
inhibitory contribution (d). Then, neuron activity (zs,Li j (t))
is computed from the total input through a first-order
dynamics and a static sigmoidal relationship.

2.2.2. The Bimodal Neuron. The overall input to a bimodal
neuron in one hemisphere is the sum of two contributions.

(a) The first contribution is due to the inputs from
neurons in the two unimodal areas via feedforward synapses,
computed as

ηm,L(t) =
Nt∑

i=1

Mt∑

j=1

Wt,L
i j · zt,Li j (t) +

Nv∑

i=1

Mv∑

j=1

Wv,L
i j · zv,L

i j (t). (7)

zs,Li j (t) (s = t,v) represents the activity of the unimodal

neuron ij in tactile or visual area. Ws,L
i j denotes the feedfor-

ward synapses from the unisensory neuron ij to the bimodal
neuron; their strength is independent of the position of the
unimodal neuron (Ws,L

i j =Ws,L
0 , for all i, j).

(b) The second contribution is due to the attentional top-
down bias input reproduced as a constant input (Im,L

bias ). In
basal conditions, the attentional bias to the bimodal neuron
is set equal to zero in both hemispheres.

The activity of the bimodal neuron (zm,L(t)) is obtained
from its overall input via a first order dynamics and a static
sigmoidal characteristic.

2.2.3. The Inhibitory Interneuron. The inhibitory interneu-
ron in one hemisphere receives synapses from the bimodal
neuron in the other hemisphere. Hence, the input to the
interneuron in the left hemisphere is

ug,L(t) = XR · zm,R(t −D), (8)

where zm,R(t) is the activity of the bimodal neuron in the
right hemisphere and D is a pure delay, simulating the
interhemispheric transit time. XR represents the strength of
the cross-connection.

Starting from this input, a lowpassdynamics and a
sigmoidal static function are used to compute the activity of
the interneuron (zg,L(t)).

Basal values for all model parameters were assigned on
the basis of neurophysiological [21, 25, 26], psychophysical
[27, 28], and behavioural literature [29–31] (a detailed
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parameter assignment can be found in our previous papers
[23, 24]). The two hemispheres have the same parameter
values. Moreover, unimodal tactile and visual areas in each
hemisphere are characterized by the same parameter values
(static and dynamic neuron characteristics, lateral synapses).

2.3. Simulation Trials Description. To investigate the neural
correlates of exogenous/endogenous attention, we simulated
the delivery of target stimuli (of both modality and on any
side of space) to the hypothetical subject, under four different
conditions: the first represents a “neutral”, that is,unbiased,
condition whereas the other three aim at resembling different
conditions of attentional orienting towards one side of space.
Specifically, we considered the following cases:

(A) “neutral” condition (unbiased): the network works in
basal condition, without any unbalance between the
two hemispheric subnetworks,

(B) voluntary (endogenous) allocation of attention
towards one side of space, irrespective of the modality:
application of a nonzero top-down bias input to the
bimodal area in one hemisphere contralateral to the
attended side,

(C) voluntary (endogenous) allocation of attention
towards one side of space, in a particular modality,
for example, tactile: application of a nonzero top-
down bias input to the tactile area and the bimodal
area (but not to the visual area) in one hemisphere
contralateral to the attended side,

(D) involuntary (exogenous) capture of attention towards
on side of space: application of a short tactile cue on a
specific side (corresponding to the cued side), before
any target stimulus; in this condition, the top-down
bias input is maintained at zero in both hemispheres.

Both tactile and visual targets are reproduced via a two-
dimensional Gaussian function of x and y coordinates, with
small standard deviation to reproduce punctual stimuli as
those used in invivo studies. The amplitude of the target
stimulus is affected by a Gaussian random noise to create
variability in the network response (as it occurs in real
conditions). Tactile cue in the exogenous attention condition
was simulated as a brief (30 milliseconds) stimulus.

For each condition (A, B, C, D), we performed four
blocks of simulations, each block being characterized by the
target modality (visual or tactile) and the side of target appli-
cation (left or right). Ten simulations were performed in each
block (40 simulations per condition). Each simulation lasted
until the network transient response to the target stimulus
was exhausted (see result figures). Network performance in
response to each target stimulus was assessed by computing
the 98% settling time (Ts) of the bimodal neuron on the same
side as the target.

3. Results

All results describe network response to application of a
target stimulus on one side of space (i.e., in each simulation,

a single target stimulus on either side is delivered to the
network). Each simulation is continued as long as the
network reaches a new steady state in response to the
target (target application is maintained until the end of the
stimulation). Targets are applied while the network operates
in one of the four different conditions described above (A, B,
C, D).

Table 1 reports the bimodal neuron settling time
(mean ± std) as a function of target modality and target side
in all examined conditions. Data are analysed via two-tailed
paired t-tests.

Condition A corresponds to the absence of any specific
spatial allocation of attention (“neutral” condition). Simula-
tions in this condition show network basal functioning and
provide reference values for network settling time.

Figure 2 displays the neural activity in response to a
visual target on one side, in unbiased, neutral condition.
Panel (a) shows the steady-state response of the overall net-
work after the transient has exhausted. The visual stimulus
induces the activation of a group of neurons in the visual uni-
modal area; the occurrence of an “activation bubble” is due
to the partial superimposition of the RFs of adjacent neurons
and to the lateral excitation within the unimodal area which
produces reciprocal reinforcement of neighbouring neurons
activity. The bimodal neuron in the same hemisphere is
activated thanks to the large input from the stimulated
visual area. The bimodal neuron, in turn, elicits activation
of the inhibitory interneuron in the opposite hemisphere
via the interhemispheric synapse. All other neurons in the
network are silent. Panel (b) shows the temporal pattern
of the activated neurons (precisely, the visual neuron on
which the stimulus was centred, the bimodal neuron in
the same hemisphere, and the inhibitory interneuron in
the opposite hemisphere). The blue dashed vertical line
denotes the onset of target application. The visual neuron
exhibits a fast response (left plot); whereas the bimodal
neuron takes some milliseconds to reach its new steady-
state activity following target application (central plot).The
inhibitory interneuron follows the same temporal pattern
of the contralateral bimodal neuron with few milliseconds
delay (right plot), due to the delay in the interhemispheric
connection.

Performances of the network in this unbiased condition
(see Table 1 Section A) do not differ across sides and
modalities (the two hemispheres are perfectly symmetrical,
and no difference exists between the tactile and visual areas
within each hemisphere).

Figure 3 displays the exemplary temporal pattern of
neural activity in response to a visual target in condition
B. In condition B, a top down bias input (Ibias = 10) is
tonically applied to the bimodal neuron in one hemisphere
(contralateral to the “attended” side of space). This aims at
resembling conditions of voluntary allocation of attention
towards one side of space in a supramodal fashion, as it might
be necessary when target modality is uncertain. The visual
target was applied first on the attended side (panel (a)) and
then on the unattended side (panel (b)); that is, the target
was present on a single side at a time. In both panels, we
displayed the temporal patterns of the unimodal neuron on
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Table 1: Settling time (Ts) of the bimodal neuron (mean ± std) in response to tactile and visual targets on both sides, in the four examined
conditions, and results of two-tailed paired t-tests on tactile-minus-visual differences and unattended/uncued side-minus-attended/cued
side differences (ns: nonsignificant: ∗P < .05; ∗∗P < .01; ∗∗∗P < .01).

Condition A

One side Other side Difference

Tactile Ts = 41.9± 1.7 ms Ts = 41.5± 3.9 ms Δ = −0.44± 3.7 ms(ns)

Visual Ts = 39.8± 3.3 ms Ts = 40.3± 4.0 ms Δ = 0.48± 4.7 ms (ns)

Difference Δ = 2.12± 3.4 ms (ns) Δ = 1.2± 4.86 ms (ns)

Condition B

Attended side Unattended side Difference

Tactile Ts = 24.1± 1.1 ms Ts = 52.5± 11 ms Δ = 28.36± 11 ms∗∗∗

Visual Ts = 25.4± 3.8 ms Ts = 54.8± 13 ms Δ = 29.44± 12.5 ms∗∗∗

Difference Δ = −1.32± 3.7 ms(ns) Δ = −2.4± 18.5 ms(ns)

Condition C

Attended side Unattended side Difference

Tactile Ts = 10.6± 0.7 ms Ts = 56.4± 8 ms Δ = 45.8± 8.6 ms∗∗∗

Visual Ts = 26.7± 1.6 ms Ts = 53± 11 ms Δ = 26.3± 11.6 ms∗∗∗

Difference Δ = −16.2± 2.11 ms∗∗∗ Δ = 3.4± 13.4 ms (ns)

Condition D

Cued side Uncued side Difference

Tactile Ts = 32.9± 1.7 ms Ts = 58.5± 6.9 ms Δ = 25.6± 8.1 ms∗∗∗

Visual Ts = 34.1± 1.2 ms Ts = 56.1± 9.3 ms Δ = 22± 10.3 ms∗∗∗

Difference Δ = −1.2± 2.16 ms(ns) Δ = 2.4± 12.5 ms(ns)

which the target is centred and of the bimodal neuron and
inhibitory interneuron at the same side as the target. The
dashed blue vertical line in each plot denotes the time onset
of target application. It is worth noticing that the bias input
is applied throughout the entire simulation (i.e., even before
the target application). The bias input produces a sustained
baseline activation of the bimodal neuron in the attended
side (up to 20% of its maximum activity) and a consequent
tonic activity of the inhibitory interneuron in the opposite
hemisphere (corresponding to the unattended side); these
effects can be observed, respectively, in Figure 3(a) central
panel before target application and in Figure 3(b) right
panel. A target applied on the “attended” side produces
faster responses of the bimodal neuron thanks to its baseline
excitation (compare the response of the bimodal neuron
to the target in Figure 3(a)central panel, with respect to
unbiased condition in Figure 2(b) central panel). Conversely,
a target applied on the “unattended” side is disadvantaged
because of the nonnull activity of the inhibitory interneuron
(Figure 3(b) right panel) activated by the bias input to the
bimodal neuron in the other hemisphere; the inhibitory
interneuron slows down the response of the unimodal
neurons (Figure 3(b) left panel) and—as a consequence—of
the bimodal neuron too (Figure 3(b) central panel). Network
performances within each side (attended/unattended) did
not differ across modalities (see Table 1); on the contrary,
an extremely significant effect of side (attended versus unat-
tended) was found for targets in both modalities (Table 1).

Results of these simulations are consistent with invivo
data obtained from subjects who voluntarily allocate their

attention towards a specific side of space irrespective of the
modality [15]. In that study, participants were informed
about the likely side for the upcoming target (towards
which they oriented their attention), whereas target modality
was uncertain (tactile or visual in every trial): speeded
discrimination responses were significantly faster on the
expected side than on the other side for targets in both
modalities, and the amount of facilitation was similar for
visual and tactile targets.

In condition C, a top-down bias input (Ibias = 10)
is applied to both tactile and bimodal neurons in one
hemisphere (corresponding to the attended side). Figure 4
displays typical network responses to a target applied on
the attended side (panel (a)) or on the unattended side
(panel (b)) in this condition. In this figure too, each panel
shows the temporal response of the unimodal neuron on
which the stimulus was centred and of the bimodal neuron
and inhibitory interneuron at the same side as the target.
In this case, the bias input is applied also to the tactile
unimodal area; hence some differences in network response
may occur between tactile and visual targets delivered to
the attended side. For this reason, in panel (a) we reported
neuron responses to both a tactile and a visual target. The
dashed blue vertical line in each plot denotes the time
onset of target application. The bias input to tactile and
bimodal areas in the attended side is applied throughout
the entire simulation (even before the target application).
As in condition B, the bias input applied to the bimodal
neuron produces a tonic activity in the bimodal neuron (see
Figure 4(a) central panel, before target application) as well
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Figure 2: Exemplary network response to a visual target on one hand (the right hand) in basal conditions. Only the response to a visual
target on one side is shown, since in condition A the network behaves in a similar way for targets on any side and modality. The target
stimulus is maintained, from the onset time of application, throughout the entire simulation. Panel (a) shows network activity in steady-
state conditions, that is, after the transient response to the stimulus has exhausted. The x and y axes of the unimodal areas represent the
spatial coordinates of neurons RF center; the colour denotes the level of activation of the neurons. Panel (b) shows the temporal pattern of
the activated neurons; the blue vertical dashed line indicates the onset time of the target stimulus. The left panel displays only the response
of the visual neuron on which the stimulus is centred.

as in the inhibitory interneuron in the opposite hemisphere
(see Figure 4(b) right panel). On the contrary, the bias input
applied to the tactile neurons is not sufficient to activate them
(tactile neurons are silent before target application; see green
dashed line in Figure 4(a) left panel); anyway, the bias input
leads tactile neurons closer to their excitation threshold.
Therefore, when a target is applied on the attended side,
the bimodal neuron responds faster because of its baseline
excitation due to the bias input. Moreover, since the tactile
unimodal neurons are closer to their excitation threshold
(thanks to the bias input), their response is more rapidly.
Consequently, response performances for tactile targets on
the attended side are significantly better than those for visual

targets on the same side (see Figure 4(a) left and central
panels, and Table 1). Similarly to condition B, responses to
targets on unattended side are slowed down because of the
tonic activity of the inhibitory interneuron (produced by the
bias input to the contralateral bimodal neuron, Figure 4(b)).
Significant effects of side application were present for targets
in both modalities, although the effect was larger for targets
in the tactile modality, because of their higher advantage on
the attended side (Table 1).

Network performances in this condition agree with
invivo data obtained from subjects who intentionally direct
attention in a specific modality towards one side of space
[15]. In such experiments, subjects were instructed to direct
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(a) Target stimulus on the attended side
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(b) Target stimulus on the unattended side

Figure 3: Exemplary temporal patterns of neuron responses to a visual target delivered either on one side or on the other side in condition B
(application of the top-down bias input = 10 to the bimodal neuron in one hemisphere contralateral to the attended side). Only the responses
to a visual target are shown since in condition B responses on each side do not differ significantly across modalities. Panel (a) displays the
response of neurons in the attended side to a visual target on that side. Panel (b) displays the response of neurons in the unattended side to a
visual target on that side. In each panel, the displayed curves are the time response of the unimodal neuron on which the target stimulus is
centred, the time response of the bimodal neuron, and the time response of the inhibitory neuron. The blue vertical dashed line denotes the
onset time of the target stimulus, maintained throughout the rest of the simulation.

their attention to one side in just one modality (e.g.,
tactile, primary modality), without any specific allocation of
attention for the secondary modality (e.g., visual). Subjects
showed faster discriminations on the side that was attended
in the primary modality not only for targets in that modality
but also for targets in the secondary modality. Spatial effects
were significant for both modalities, although larger for the
targets in the primary modality: indeed, on the attended side,
targets in the primary modality were more facilitated than
targets in the secondary modality [15].

In condition D, a 30-millisecond tactile cue is delivered
to one side (“cued” side), before the application of any target
stimulus (stimulus onset asynchrony = 90 milliseconds).
The top-down input is set to zero in both hemispheres.
Exemplary responses to a visual target on the cued (panel
(a)) or uncued (panel (b)) side are shown in Figure 5.
Each panel shows the temporal response of the unimodal
neuron on which the stimulus was centred and of the
bimodal neuron and inhibitory interneuron at the same
side as the target. The blue dashed vertical line in each
plot denotes the onset of target application. The transient
response of the bimodal neuron in the cued side before target
onset (see Figure 5(a) central plot) is elicited by the tactile
cue. Analogously, the transient response of the inhibitory
interneuron in the uncued side (Figure 5(b) right plot) is due

to the application of the tactile cue on the cued side, via the
interhemispheric synapse. Responses were faster for targets
(both modalities) on the same side as the cue (see Table 1):
indeed, at the time of target application, the bimodal neuron
on the cued side has not completely recovered its baseline
condition (Figure 5(a) central panel) and it is closer to
the threshold level. Conversely, the response to a target
on the uncued side is hindered by the inhibitory action
of the interneuron, transiently activated by the cue on the
opposite side. In particular, because of the interhemisheric
delay, the inhibitory interneuron on the uncued side is still
active at the target time presentation (Figure 5(b), right
panel), slowing down the response of the unimodal neurons
and, consequently, of the bimodal neuron (Figure 5(b),
left and central panels). On the overall, network responds
significantly more rapidly on the cued side than on the
uncued side, for targets in both modalities, not only in the
cue modality.

Network performances are in agreement with results of
exogenous attention studies [13]. In the study by Kennett et
al. [13], single visual stimuli presented on the left or right
hand were preceded by a spatially nonpredictive tactile cue;
responses to visual targets were faster and more accurate
when these were presented on the cued versus the uncued
side.
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(a) Target stimulus on the attended side
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(b) Target stimulus on the unattended side

Figure 4: Exemplary temporal patterns of neuron responses to a target delivered either on one side or on the other side in condition C
(application of the top-down bias input = 10 to the tactile area and to the bimodal neuron in one hemisphere contralateral to the attended
side). Panel (a) displays the response of neurons in the attended side to both a tactile target (dashed light green line) and a visual target
(continuous dark green line) on that side. On the attended side, network responses to tactile targets are faster than those to visual targets.
Panel (b) displays the response of neurons in the unattended side to a visual target on that side. In each panel, the displayed curves are
the time response of the unimodal neuron on which the target stimulus is centred, the time response of the bimodal neuron, and the time
response of the inhibitory neuron. The blue vertical dashed line denotes the onset time of the target stimulus, maintained throughout the
rest of the simulation.

4. Discussion

Many behavioral and neuroimaging studies have revealed
that attention operates across different sensory modalities
[12, 13, 15, 16, 19]. Despite considerable experimental
research, understanding the neural basis of cross-modal
links in spatial attention still remains a significant challenge
to cognitive neuroscience. In this work, we used a neural
network model to elucidate the mechanisms and possible
neural correlates of multisensory integration in spatial
attention.

Neurocomputational models have been proposed in liter-
ature to explain mechanisms of unimodal attention. Most of
these models aimed at investigating different aspects of visual
attention [6, 9, 32, 33]; recently, artificial neural networks
have been applied also to study attentional effects in other
modalities too (e.g., somatosensory) [34]. At present, we
are not aware of any work that exploits a computational
modelling approach in order to shed light on the neural
mechanisms underlying multimodal spatial attention.

We implemented a simple neural network with limited
complexity, which includes two unimodal areas and a
bimodal area connected via excitatory feedforward and
feedback synapses within each hemisphere and a competitive

interaction via inhibitory interneurons between the two
hemispheres.

Such model architecture has several physiological coun-
terparts. The bimodal neurons in the model may represent
cells in the parietal and frontal cortex that have been found
to respond to tactile stimuli on a specific body part (e.g., the
hand) and to visual stimuli near the same body part [20–
22]. The visual and tactile receptive fields of such neurons
are in close spatial register and can be very large, even
encompassing the entire hand [21, 22]. Some studies [13, 35]
suggested that such bimodal neurons may be involved in
generating the visual-tactile links in spatial attention. The
two upstream unimodal layers in the model account for
primary and secondary somatosensory and visual areas,
which project into the multisensory areas through different
pathways [20–22]. The presence of back-projections from
the bimodal neuron into the upstream unimodal areas is
supported by neuroimaging data according to which activity
in the tactile area due to a tactile stimulus is amplified by
a concurrent visual stimulus on the same hand, and vice
versa [36, 37]. However, in the simulations performed in the
present study, feedback connections do not play any role,
since we applied only one unimodal stimulus at a time on
each hand.
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(b) Target stimulus on the uncued side

Figure 5: Exemplary temporal patterns of neuron responses to a visual target delivered either on one side or on the other side in condition
D (a tactile cue of 30 milliseconds preceded any target stimulus; stimulus onset asynchrony = 90 milliseconds). Only the responses to a visual
target are shown since, in condition D, responses on each side do not differ significantly across modalities. Panel (a) displays the response
of neurons in the cued side to a visual target on that side. Panel (b) displays the response of neurons in the uncued side to a visual target on
that side. In each panel, the displayed curves are the time response of the unimodal neuron on which the target stimulus is centred, the time
response of the bimodal neuron, and the time response of the inhibitory neuron. The blue vertical dashed line denotes the onset time of the
target stimulus, maintained throughout the rest of the simulation.

Several researches (see [38] for a review) suggest that the
functional interaction between the two hemispheres may be
inhibitory at times and excitatory at other times, depending
on the task. In some instances, it may be more efficient for the
hemispheres to compete, so that the dominant hemisphere
takes the control of the processing; in other instances, inter-
hemispheric cooperation might be necessary to complete
the task. In particular, the existence of an interhemispheric
competition for accessing limited attentional resources has
received several neurophysiological and behavioural evi-
dence [1, 31]. The most striking evidence of attentional
competition between the hemispheres is provided by right
brain damaged patients, suffering from sensory extinction.
They are able to detect stimuli presented to either side of
space but fail to detect the stimulus on the contralesional
side when both sides are stimulated simultaneously, even
under two different sensory modalities (e.g., one stimulus
is visual and the other tactile [39]). An attention-capturing
event on the ipsilesional intact side competes with—and may
completely extinguishe—the stimulus on the contralesional
affected side.

Thanks to this network structure, we are able to repro-
duce several phenomena of cross-modal interactions in
both endogenous (voluntary or top-down) and exogenous

(reflexive or bottom-up) attention. It is worth noticing that
to relate model results with behavioural responses (i.e.,
reaction times), network performances have been evaluated
in terms of bimodal neuron settling time, rather than
unimodal neurons response. Indeed, recent studies [40, 41]
suggest that activation of early sensory cortices is not suffi-
cient to produce perceptual awareness; rather, the conscious
perception of sensory stimuli depends on the activation of
higher level multimodal areas (in a parietal-frontal network),
which make conscious information available for further
processes such as memorization, action, and verbal report
[42].

In order to simulate endogenous allocation of attention,
we introduced an external top-down bias, that is, an
excitatory input to pools of neurons in the hemisphere
contralateral to the attended side of space. Indeed, it has
been argued [43, 44] that the direction of covert spatial
attention depends on the relative level of activation between
the two cerebral hemispheres, so that higher left hemisphere
activation tends to direct attention rightwards and viceversa.
Moreover, experimental and theoretical studies on visual
system indicate that attention may act as an excitatory
input boosting the activity of neurons encoding the attended
stimuli [6, 32, 45]. Crucially, our model analysis shows
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that boosting activity in appropriate brain areas via top-
down bias input may explain various—and for some aspects
controversial—results of endogenous attention.

By applying the top-down bias input to just the bimodal
neuron in one hemisphere, the model predicts an improve-
ment in the perception of contralateral stimuli (in the
attended side) and shows that such improvement generalizes
with the same extent for stimuli in both modalities. Such
results are in agreement with invivo data obtained when only
target location is known in advance and target modality is
unpredictable [15]. In this case, since the target modality is
uncertain, attentional boosting of only a supramodal system
would have both functional and parsimonious significance.

By applying the top-down bias input to the bimodal
neuron and to a pool of unimodal neurons (e.g., tactile)
in the same hemisphere, the network predicts that perfor-
mance improvement on the attended side for targets in
the biased modality (tactile) is larger than for targets in
the unbiased modality (visual), as observed experimentally
when attending to a spatial location in a specific modality
[15]. Hence, attentional boosting of both a supramodal
system and a modality-specific system can explain how
endogenous attention in a primary modality can spread
into other modalities, but only in an attenuated fashion.
Conversely, if the biased input was applied only to one area
of unimodal (e.g., tactile) neurons, the model would not
be able to reproduce the spreading of attention into the
other modality (unshown simulations). Model postulations
are supported by recent neuroimaging studies showing that
sustained spatial attention within one modality modulates
the activity of both modality-specific and multimodal areas
(e.g., in the intraparietal sulcus) [18].

Hence, model analysis suggests that endogenous atten-
tion may operate entirely at a supramodal level or at
both modality-specific and supramodal levels, depending on
whether subject’s expectancy concerns only stimuli location
or also stimuli modality.

By setting the top-down bias input at zero and presenting
a cue before any target, the model is able to reproduce
results of exogenous attention [13]. In the model, capture of
attention both in the cue modality and in the other modality
is due to the involvement of the bimodal neuron, which
receives advantage activation thanks to the cue stimulus.

An important aspect of simulation results is that both
in endogenous and in exogenous attention, the network
reproduces not only response benefits at the attended/cued
side but also response detriments at the unattended/uncued
location [46] (see also [47], for a review). Detrimental
responses at the unattended/uncued side arise from the
competitive interaction between the two hemispheres, so that
the increased activity in the attended side hemisphere (due to
the bias input or to the cue) inhibits activity in the opposite
hemisphere.

To sum up, differences in network performances between
the two sides (attended versus unattended or cued versus
uncued) are mediated by the same mechanisms in both
endogenous and exogenous attention. (1) The shift of the
working point of the bimodal neuron above or near the
threshold of its activation function, induced by the top-down

bias or by the cue application, speeds up the responses to
targets on the attended/cued side. This facilitation may be
further improved in one modality, by adding a further bias
to a unimodal area. (2) The tonic/phasic activation of the
inhibitory interneuron on the unattended/uncued side (due,
resp., to the contralateral top-down bias or cue application),
slows down the responses to targets on that side.

Hence, our study shows that the unimodal and cross-
modal effects of orienting attention to one hemispace both
exogenously and endogenously can be explained via a
model of cooperative and competitive interactions among
unimodal and bimodal areas in the two hemispheres: inter-
hemispheric interactions can be biased both by a stimulus-
driven or by a top-down mechanism. According to our
results, the Biased Competition Hypothesis, proposed in
the context of the visual system and successfully explaining
several aspects of visual attention, applies also to crossmodal
attention, suggesting that a basic mechanism of attention
may be replicated at different levels and across multiple
areas and multiple sensory modalities in the brain. The
novel insight coming from the present results is that spatial
attentional orienting acting both at a unimodal level and at a
multimodal level seems to necessarily tap onto associative,
multisensory brain areas, probably located in the parietal
cortex.

The proposed model may be of value to help interpreta-
tion of behavioural results on spatial attention and to drive
experiments on attention and cross-modal construction of
space. Future studies may be devoted to investigate further
aspects not considered in the present work, such as the
“inhibition of return” effect [48].
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The accuracy of forward models for electroencephalography (EEG) partly depends on head tissues geometry and strongly affects
the reliability of the source reconstruction process, but it is not yet clear which brain regions are more sensitive to the choice of
different model geometry. In this paper we compare different spherical and realistic head modeling techniques in estimating EEG
forward solutions from current dipole sources distributed on a standard cortical space reconstructed from Montreal Neurological
Institute (MNI) MRI data. Computer simulations are presented for three different four-shell head models, two with realistic
geometry, either surface-based (BEM) or volume-based (FDM), and the corresponding sensor-fitted spherical-shaped model.
Point Spread Function (PSF) and Lead Field (LF) cross-correlation analyses were performed for 26 symmetric dipole sources
to quantitatively assess models’ accuracy in EEG source reconstruction. Realistic geometry turns out to be a relevant factor of
improvement, particularly important when considering sources placed in the temporal or in the occipital cortex.

1. Introduction

Localization of neural brain sources is important in several
areas of research of basic neuroscience, such as cortical
organization and integration [1], and in some areas of
clinical neuroscience such as preoperative planning [2] and
epilepsy [3]. Localization of neural brain sources based on
electroencephalography (EEG) uses scalp potential data to
infer the location of underlying neural activity [1]. This
procedure entails with (i) modeling the brain electrical
activity, (ii) modeling the head volume conduction process
for linking the neural electrical activity to EEG recordings,
and (iii) reconstructing the brain electrical activity from
recorded EEG data (measured scalp potentials). The first
two modeling steps serve to solve the so-called EEG forward
problem, which describes the distribution of electric poten-
tials for given source locations, orientations, and signals; the
following step is the inverse of the previous ones, thereby it is
commonly referred to as the EEG inverse problem solution.

A model of brain electrical activity (in short “source
model”) is composed of bioelectric units distributed within
the entire brain volume or over specific brain surfaces or
confined to a few brain locations. A single source unit is often
modeled as a current dipole, which well approximates the
synchronized synaptic currents at a columnar level [4]. When
confined to the cerebral cortex, the orientation of the current
dipoles can be either free or constrained to be perpendicular
to the cortical surface [5].

Linking the source model to the physical electromagnetic
signals measurable at the sensor locations on the scalp
(forward model) requires constructing a volume conductor
model that explains the propagation of the currents through-
out the human head in terms of geometry and conductivity
of this medium. Modeling errors produced by the differences
between the actual head and the volume conductor model
affect the accuracy of the EEG forward and hence of the
inverse problem solution, as the observed scalp potentials
are determined not only by the location and strength of
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the neural generators but also by the geometry and the
conductive properties of the head. Modeling errors include
differences in actual head and model shape, skull thickness,
and electrical conductivities of the head tissues. This study
focuses on the effect of head model geometry on EEG
forward solution. Historically, the volume conductor head
model assumes that the head consists of a set of three or four
concentric homogeneous spherical shells, respectively, rep-
resenting brain (white and gray matter), cerebrospinal fluid
(CSF), skull, and scalp [6]. Sphere-shaped head models are
computationally efficient in forward problem formulation
and estimation, since they allow using analytical solutions.
Of course, they seriously lack in geometrical adherence of
the assumed shape with respect to a real human head.
The “sensor-fitted sphere” approach fits a multilayer sphere
individually to each sensor and has shown to produce
some improvement over standard spherical models [7].
More accurate forward solutions become possible by using
numerical algorithms, such as the boundary element method
(BEM) [8], finite-element method (FEM) [9] and finite
difference method (FDM) [10] algorithms. These numerical
models allow incorporating the realistic geometry of the head
and brain after reconstruction of the anatomical structure
from individual or standardized magnetic resonance imaging
(MRI) data sets. Previous studies [6–12] have found that a
more realistic head model performs better than a less com-
plex, for example, spherical, head model in EEG simulations,
since volume currents are more precisely taken into account.
More specifically, the BEM approach is able to improve the
source reconstruction in comparison with spherical models,
particularly in basal brain areas, including the temporal
lobe [13], because it gathers a more realistic shape of brain
compartments of isotropic and homogeneous conductivities
by using closed triangle meshes [14]. The FDM and the FEM
allow better accuracy than the BEM because they allow a bet-
ter representation of the cortical structures, such as sulci and
gyri in the brain, in a three-dimensional head model [15].

The effect of head model geometry on the EEG forward
solution has been considered in several previous studies
[12]. These studies analyzed the differences in EEG forward
and inverse problem solution due to different spherical or
realistic model geometry [16–18], evaluated the effects of
variations in the skull thickness [19–21] or due to different
model complexity [11, 15], presenting results for particular
cases of head models. In [22] the effect of few millimeters
random variations in the realistic head shape on the EEG
forward and inverse problems was studied. The localization
error when solving the inverse problem with head models
from several different individuals was studied by [23, 24].
The effect of the head shape variations on the EEG forward
and inverse problems was studied in [25] building a random
head model based on a set of 30 deterministic models from
adults in comparison with a standard average head model.
For a dipolar source model, the effect of the head shape
variations on the EEG inverse problem due to the random
head model resulted slightly larger than the effect of the
electronic noise present in the sensors. With the aim of
defining a brain that is more representative of the popu-
lation, the Montreal Neurological Institute (MNI) defined

a standard brain by using a large series of MRI scans on
normal controls. The current standard MNI template is the
ICBM152, which is based on the average of 152 normal MRI
scans, thus reflecting average neuroanatomy. In this paper we
readdress the effect of realistic geometry in head modeling
by adopting the MNI standard anatomy as the most typical
real geometry, seeking for more general results also extensible
to other application studies in this field, given the above
specified characteristics of the MNI template. A realistic
highly heterogeneous FDM model of the head based on the
MNI anatomy has been developed for these purposes, since
an FDM captures complex head geometry and accurately
describes the boundary conditions of different tissues with
unique conductivity values, including skull orifices [11]. The
aim of the presented study is to investigate the accuracy
in terms of EEG source modeling that can be achieved
adopting realistic, either surface-based (BEM) or volume-
based (FDM), or spherical geometries in standard head
modeling. We present here a detailed computer simulation
study in which the performances in terms of accuracy
of three different four-shell head models are compared,
the realistic MNI-based BEM and FDM and the sensor-
fitted spherical-shaped model. As figures of merit for the
comparative analysis, the point spread function (PSF) maps
and the lead field (LF) correlation coefficients are used. The
models used in the present work are noise-free. Although
noise modeling is also important in source localization [2],
the purpose of the present study is the punctual evaluation
of differences that arise from specific anatomically relevant
geometrical modeling of the human brain.

2. Material and Methods

A realistic-shaped FDM volume conductor model of the
head was derived from an averaged T1-weighted MRI
dataset, available from the Montreal Neurologic Institute
(http://www.mni.mcgill.ca/). Segmentation by BrainSuite
analysis tool (http://brainsuite.usc.edu/) was used to identify
the following five tissue types in the head: scalp, skull,
cerebrospinal fluid (CSF), gray matter, and white matter
(see Figure 1). For the purpose of this comparative study,
only four compartments have been set in the model, corre-
sponding to scalp, skull, CSF, and brain (see Figure 1(d)),
unifying gray and white matter tissues. In addition to the
standard three compartments of scalp, skull, and brain, the
CSF layer has been considered as it plays an important role
in modifying the scalp potentials and can also influence
the inverse source localizations [11]. 62 electrodes positions
have been defined evenly spaced over the scalp surface of
the realistic head model (see Figure 2). For the comparative
study, using the same segmentation results, a four-shell BEM
head model has been built [7] with the BrainStorm toolkit
(http://neuroimage.usc.edu/brainstorm/), after resampling
each surface mesh from the original tessellation to 1500
vertices. Finally, a spherical head model has been developed,
composed of four concentric spheres representing scalp,
skull, CSF, and brain (see Figure 3) with the proportions for
the radii of the layers of 1:0.95:0.87:0.84. The “sensor-fitted
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(c) (d)

Figure 1: (a), (b), and (c): Realistic FDM model based on the MNI anatomy composed by four compartments representing scalp (pink),
skull (green), CSF (blue), and brain, given by fusion of grey matter and white matter. (d): The complete 3D model, with rendered surfaces.

sphere” approach has been followed [7], according to which
the multilayer sphere is fitted individually to each sensor.
The conductivity values assigned to the compartments of all
the analyzed models were 0.33 S/m for the scalp, 0.0042 S/m
for the skull, 1.79 S/m for the CSF, and 0.33 S/m for the
brain [26]. The brain cortex mesh was reconstructed from
gray matter segmentation and used as space for placing
the sources (see Figure 2). The head surface mesh was
reconstructed from the unsegmented MNI images and used
for placing the 62 EEG electrodes.

The sources used for the simulation study are shown
in Figure 4. In detail, 5000 evenly spaced points on the
brain cortex mesh were initially considered as possible source
positions while 26 “true” source positions have been placed
in specific vertices of this mesh. The 26 source positions have
been selected in order to achieve a rather uniform spatial
sampling of the source space, with the aim of investigating
the main differences that can be observed in terms of
source reconstruction for the various cortical regions in the
spherically approximated and in the two different superficial-
and volume-based realistic models. For each source position,
three single dipole sources have been placed, oriented parallel
to the x, y, or z orthogonal Cartesian axes according to the
“Talairach” coordinate system, since a source with generic
orientation can be always decomposed in its components

along the coordinate axes [6]. The study was performed
using the numerical FDM for EEG forward problem solution
presented in [10], the Galerkin BEM with linear basis
algorithm described in [7] for BEM, and analytic calculations
for the spherical model [7].

The lead fields of dipoles at the 5000 positions on the
cortex mesh were computed and stored for the 62 electrode
scalp positions. This procedure has been repeated for each
source orientation (x, y, and z) for the same source position,
for the realistic BEM and FDM models, and for the sensor-
fitted spherical model. Hence, nine leadfield matrices of 62
× 5000 elements were obtained [14], in which each column
vector gives the leadfield potentials at the 62 electrodes
for each of the 5000 sources in the cortex mesh. Due to
the linearity of both the forward and inverse problems, a
measure of the estimation error can be obtained by means
of the “point spread function” (PSF) [27–29]. The PSF
can be calculated, for each source location and orientation,
by computing the sensitivity of the estimate at a location
j to activity at location i, after estimating the correlation
coefficient between the corresponding column vectors of the
leadfield matrices. This procedure, when repeated for each of
the 5000 points of the source space in the cortical mesh, leads
to the definition of a PSF map for each active source and each
orientation; thus, we obtained 78 PSF maps for each model.
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Figure 2: (a): Brain cortex mesh, representing the source space and
(b): Scalp surface with spheres indicating the electrodes positions
on scalp.

Given its definition, the PSF function specifies a measure of
the spatial blurring of the true activity at any given source
position. Therefore, a location with lower PSF is expected
to have a smaller spatial extent and higher estimation
accuracy. A root mean squared (RMS) superimposition of
the effects given by the three source orientations has then
been computed, in order to gather a broader vision of the
PSF behavior. In order to quantify the differences for the head
models considered for each specified source, a measure of the
full width at half maximum (FWHM) for the PSF function
has also been estimated for each source for both the realistic
and the spherical models.

3. Results

The PSF maps on the cortex mesh have been computed
for each source location and orientation for a total of 78
PSF maps for the realistic and the spherical head models.
The visual inspection of the PSF maps allowed a qualitative
evaluation of the spatial blurring of the true activity at the
considered source position for the specific head model. The
obtained results showed in many cases marked differences
between the realistic and the sensor-fitted spherical models
when applied to the same source space (cortex) and generally

Figure 3: Sensor-fitted 4-shells concentric-spheres model; blue dot:
active cortical source; green dot: sensor to which the model is fitted.
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Figure 4: The simulated 26 cortical sources in the Talairach
coordinate system.

indicated the presence of a more pronounced spatial blurring
for the latter model, as evidenced by a broader extent of
higher PSF values, with respect to the same source in the
realistic BEM and FDM models. Figure 5 shows an example
of the results obtained for source 2, placed in the temporal
region and x-oriented. The PSF maps in the three models
indicate the presence of a more pronounced spatial blurring
for the sensor-fitted spherical model, evidenced by a broader
extent of higher PSF values in the figure, with respect to the
same source in the realistic BEM and in the FDM models.

To quantitatively compare, for the different head models,
the spatial characteristics of the PSF maps at any given source
position, and hence their power of discrimination for the
EEG source reconstruction, the mean and minimum values
of the obtained PSFs have been reported and compared for
all the 78 analyzed dipole sources, being 1 the maximum PSF
value in each condition, for the realistic BEM and FDM and
the sensor-fitted spherical models. Tables 1 and 2 summarize
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the quantitative results of the performed analysis on the PSF
maps. A closer inspection of the PSF values presented in
Tables 1 and 2 indicates that the reported mean PSF values
are larger in the realistic BEM than in the FDM model in
79% of the total tested conditions (62 cases over 78), and
specifically in 50%, 88%, and 100% of the analyzed situations
for the x-, y-, and z-oriented sources, respectively (i.e., 13,
23, and 26 cases over 26, resp.), rising up to 100% for the
RMS superimposition of the effects given by the three source
orientations. The minimum PSF values result larger in the
BEM with respect to the FDM model in 27% of the tested
conditions (21 cases over 78), in the 0%, 4%, and 77%
of cases for the x-, y-, and z-oriented sources, respectively,
rising up to 85% for the RMS data. The spherical head
model (SPH) presents larger mean PSF values with respect
to both the realistic BEM, and FDM models, for 60% (BEM)
and 92% (FDM) of the total tested conditions (47 and 72
cases over 78, resp.), with minimum PSF values larger in
97% and 85% of the total conditions (76 and 66 cases over
78, resp.). The analysis of the RMS superimposition of the
effects given by the three source orientations indicates that
the spherical model shows larger mean PSF values in 85%
of the tested conditions with respect to the BEM model,
rising up to 96% for the FDM; the minimum PSF values
result larger in 96% of the tested conditions for the BEM
model and in 54% for the FDM. For x-oriented sources the
spherical model shows larger mean and minimum PSF values
in 96% and 100% of the tested conditions, respectively, for
both the BEM and the FDM models. The y-oriented sources
show a similar behavior with larger mean and minimum
PSF values for the spherical model in 85% and 100% of
the tested conditions with respect to BEM, and in 92%
and 54% with respect to FDM. For z-oriented sources, the
minimum PSF values result larger for the spherical model
in 92% (BEM) and 100% (FDM) of the tested conditions.
Conversely, the z-oriented sources present smaller mean PSF
values for the spherical model in comparison with the BEM
in all the 26 tested conditions, while for the FDM this
situation shows up only for 3 cases out of 26, thus giving
larger mean PSF values for the spherical model with respect
to FDM in 88% of the tested conditions. The evaluation
of the mean ± SD values of the reported mean PSF values
for the three models analyzed, listed in Table 1, confirmed
these trends for the three source orientations and for the
RMS data. The data from all the analyzed samples (FDM,
BEM and SPH) resulted normally distributed and nine
two-tailed paired t-tests have been performed to investigate
differences between the spherical and the realistic models,
that is, FDM versus BEM, FDM versus SPH and BEM versus
SPH for the three source orientations. Statistically significant
differences have been found in the mean PSF values in
7 cases out of the total 9: for all source orientations for
both BEM versus SPH (x : p= 6.43× 10−7; y : p= 1.90× 10−5;
z : p= 9.45× 10−8) and FDM versus SPH (x : p= 1.25× 10−10;
y : p= 6.74× 10−8; z : p= 3.13× 10−4) and for the z-oriented
sources (p= 3.23× 10−13) in FDM versus BEM. No sta-
tistically significant differences have been found in 2
cases, that is, for the x-oriented (p = 0.70) and for
the y-oriented sources (p = 0.28) in FDM versus BEM.
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Figure 5: PSF maps obtained for source 2 placed in the temporal
region, for the x-oriented source, in the Talairach coordinate
system: (a) sensor-fitted spherical model; (b) BEM model; (c) FDM
model.

The analysis on the minimum PSF data led to similar
results, with 7 cases of significant differences out of the
total 9: for all source orientations in BEM versus SPH
(x : p= 1.43× 10−13; y : p= 9.55× 10−11; z : p= 2.17× 10−8),
for the x-oriented (p= 2.35× 10−6) and the z-oriented
sources (p= 2.02× 10−9) in FDM versus SPH (y-oriented
sources: p= 0.29), and for the x-oriented (p= 1.49× 10−12)
and the y-oriented sources (p= 3.49× 10−9) in FDM ver-
sus BEM (z-oriented sources: p= 0.08). The RMS data
showed significant differences in both FDM versus BEM and
FDM versus SPH for either the mean (FDM versus BEM:
p= 1.90× 10−10); FDM versus SPH: p= 1.90× 10−11) and the
minimum PSF values (FDM versus BEM: p= 8.34× 10−5);
FDM versus SPH: p= 4.71× 10−7).

Following spatial smoothing, the quantitative evaluation
of the PSF maps has been conducted by plotting, for each of
the 78 analyzed sources, the obtained PSF values as function
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Table 1: Summary of the mean PSF values for the realistic (BEM and FDM) and the sensor-fitted spherical (SPH) models, for sources 1÷26
parallel to x, y, and z orientations and for the RMS maps.

Mean PSF

x y z RMS

FDM BEM SPH FDM BEM SPH FDM BEM SPH FDM BEM SPH

1 0.76 0.74 0.82 0.74 0.76 0.83 0.65 0.75 0.71 0.71 0.75 0.79

2 0.66 0.67 0.75 0.61 0.64 0.78 0.52 0.77 0.65 0.58 0.70 0.73

3 0.57 0.66 0.69 0.55 0.57 0.46 0.46 0.80 0.49 0.48 0.69 0.56

4 0.51 0.61 0.46 0.55 0.56 0.44 0.52 0.78 0.35 0.47 0.66 0.42

5 0.67 0.71 0.77 0.64 0.71 0.8 0.55 0.80 0.65 0.60 0.74 0.74

6 0.75 0.74 0.8 0.74 0.74 0.82 0.64 0.77 0.7 0.70 0.75 0.78

7 0.6 0.57 0.66 0.58 0.63 0.62 0.52 0.69 0.44 0.56 0.64 0.58

8 0.61 0.56 0.74 0.55 0.62 0.68 0.56 0.70 0.53 0.57 0.63 0.66

9 0.7 0.73 0.8 0.65 0.65 0.81 0.61 0.78 0.68 0.64 0.72 0.77

10 0.72 0.71 0.81 0.66 0.69 0.81 0.59 0.81 0.7 0.64 0.74 0.78

11 0.77 0.75 0.8 0.75 0.76 0.83 0.65 0.79 0.69 0.71 0.77 0.78

12 0.76 0.73 0.79 0.72 0.74 0.81 0.6 0.81 0.66 0.70 0.76 0.76

13 0.74 0.72 0.83 0.69 0.72 0.83 0.66 0.81 0.73 0.69 0.75 0.80

14 0.75 0.69 0.83 0.7 0.72 0.83 0.66 0.78 0.73 0.69 0.74 0.80

15 0.76 0.72 0.82 0.73 0.74 0.84 0.66 0.78 0.72 0.70 0.75 0.80

16 0.76 0.76 0.83 0.74 0.77 0.85 0.66 0.83 0.73 0.70 0.79 0.81

17 0.63 0.72 0.77 0.7 0.54 0.83 0.47 0.81 0.63 0.58 0.70 0.75

18 0.68 0.74 0.78 0.7 0.57 0.83 0.53 0.81 0.67 0.62 0.72 0.76

19 0.74 0.74 0.82 0.73 0.75 0.83 0.66 0.82 0.71 0.70 0.77 0.79

20 0.74 0.75 0.8 0.72 0.71 0.82 0.64 0.74 0.68 0.69 0.73 0.77

21 0.72 0.68 0.8 0.65 0.70 0.82 0.63 0.80 0.68 0.65 0.73 0.77

22 0.72 0.72 0.82 0.68 0.70 0.83 0.63 0.80 0.69 0.66 0.75 0.79

23 0.75 0.72 0.83 0.71 0.74 0.84 0.65 0.79 0.74 0.68 0.76 0.80

24 0.73 0.66 0.82 0.73 0.74 0.83 0.63 0.77 0.73 0.68 0.73 0.80

25 0.64 0.70 0.77 0.64 0.64 0.76 0.57 0.70 0.62 0.59 0.68 0.73

26 0.6 0.64 0.72 0.59 0.65 0.64 0.52 0.77 0.55 0.55 0.69 0.64

Mean 0.69 0.70 0.77 0.67 0.68 0.77 0.59 0.78 0.65 0.64 0.72 0.74

± SD ± 0.07 ± 0.05 ± 0.08 ± 0.07 ± 0.07 ± 0.11 ± 0.06 ± 0.04 ± 0.10 ± 0.07 ± 0.04 ± 0.09

of the distance from the source position and fitting the
map values with the corresponding best-fitting Gaussian-
like function (biexponential Gaussian), as shown in Figure 6.
The spatial extent of the PSF function, measured in mm, has
been quantified by means of its full width at half maximum
(FWHM) measure. The obtained PSF FWHMs have been
reported and compared for all the 26 analyzed dipole sources
for each source orientation, for the realistic BEM and FDM
and the sensor-fitted spherical models. Table 3 summarizes
the quantitative results of the performed analysis on the PSF
maps. Basing upon a closer inspection of the PSF FWHM
results presented in Table 3, it can be observed that the
realistic FDM model presents an improvement over BEM in
68% of the total tested conditions (53 cases over 78), and
specifically in 54% of the x-oriented sources (14 cases over
26), in 81% and 69% for the y- and z-oriented sources,

respectively (21 and 18 cases over 26, resp.), and in 38%
of the RMS (10 over 26). The realistic BEM presents an
improvement over the spherical model in 62% of the total
tested conditions (48 cases over 78), in 77%, 73%, 35%,
and 77% of the situations for the x-, y-, and z-oriented
sources and RMS, respectively. The improvement of FDM
over the spherical model shows up in 88% of the analyzed
situations for all the three source orientations, and in the
66% for the RMS. These trends are also confirmed by the
mean ± SD values of the reported PSF FWHM results for
the three models, shown in Table 3. Nine two-tailed paired t-
tests have been performed to investigate differences between
the spherical and the realistic models (pairs FDM versus
BEM, FDM versus SPH, and BEM versus SPH) for the three
source orientations. Statistically significant differences have
been found in 7 out of the total 9 cases analyzed: for all
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Table 2: Summary of the minimum PSF values for the realistic (BEM and FDM) and the sensor-fitted spherical (SPH) models, for sources
1÷26 parallel to x, y and z orientations and for the RMS maps.

Min PSF

x y z RMS

FDM BEM SPH FDM BEM SPH FDM BEM SPH FDM BEM SPH

1 0.4 0.12 0.42 0.38 0.13 0.28 −0.16 0.10 0.2 0.34 0.38 0.32

2 0.26 0.06 0.3 0.23 −0.03 0.29 0 0.06 0.17 0.25 0.33 0.27

3 0.23 −0.03 0.31 0.11 −0.33 0.06 −0.24 −0.22 −0.07 0.15 0.37 0.18

4 0.21 0.10 0.23 0.11 −0.17 0.08 −0.26 −0.38 −0.11 0.16 0.37 0.16

5 0.27 −0.24 0.3 0.23 0.11 0.16 −0.26 −0.21 0.14 0.27 0.44 0.27

6 0.37 0.09 0.39 0.37 0.06 0.24 −0.28 −0.03 0.18 0.36 0.33 0.30

7 0.23 −0.08 0.24 0.17 −0.21 −0.02 −0.12 −0.10 −0.11 0.21 0.25 0.15

8 0.23 0.08 0.28 0.14 −0.15 0.06 −0.14 −0.06 −0.07 0.23 0.22 0.17

9 0.32 −0.06 0.42 0.09 −0.21 0.38 0.02 −0.09 0.09 0.28 0.38 0.33

10 0.36 0.16 0.43 0.11 0.10 0.38 −0.22 −0.20 0.13 0.25 0.40 0.34

11 0.38 0.08 0.46 0.32 0.08 0.39 −0.09 0.07 0.14 0.31 0.43 0.37

12 0.44 0.12 0.44 0.26 0.14 0.38 −0.32 −0.06 0.13 0.28 0.37 0.35

13 0.31 −0.09 0.37 0.23 −0.15 0.22 −0.16 −0.10 0.13 0.29 0.32 0.27

14 0.33 0.12 0.38 0.23 −0.05 0.23 −0.06 0.05 0.15 0.31 0.30 0.27

15 0.35 0.12 0.39 0.31 0.10 0.26 −0.01 0.10 0.19 0.34 0.37 0.30

16 0.38 −0.03 0.38 0.33 0.00 0.26 −0.4 −0.11 0.19 0.36 0.37 0.31

17 0.31 0.06 0.32 0.27 −0.14 0.28 −0.11 −0.31 0.18 0.31 0.42 0.29

18 0.32 −0.08 0.34 0.33 −0.32 0.3 −0.02 −0.03 0.22 0.28 0.41 0.30

19 0.4 0.11 0.39 0.31 0.17 0.36 −0.28 −0.11 0.18 0.33 0.39 0.34

20 0.34 0.02 0.4 0.29 −0.03 0.36 0.02 0.11 0.14 0.32 0.37 0.35

21 0.29 0.14 0.34 0.08 −0.09 0.28 −0.06 −0.05 0.13 0.29 0.28 0.27

22 0.3 −0.23 0.35 0.15 −0.26 0.19 −0.08 −0.21 0.12 0.28 0.37 0.28

23 0.39 0.06 0.39 0.23 −0.07 0.22 −0.26 −0.04 0.16 0.34 0.29 0.27

24 0.34 0.20 0.39 0.32 −0.02 0.18 −0.17 0.04 0.15 0.33 0.25 0.26

25 0.24 −0.12 0.39 0.11 −0.18 0.34 −0.01 −0.40 0.05 0.25 0.35 0.30

26 0.27 0.17 0.35 −0.05 0.14 0.23 −0.33 −0.31 0 0.21 0.37 0.24

Mean 0.32 0.03 0.36 0.22 −0.05 0.25 −0.15 −0.10 0.11 0.28 0.35 0.28

± SD ± 0.06 ± 0.12 ± 0.06 ± 0.11 ± 0.15 ± 0.11 ± 0.12 ± 0.15 ± 0.10 ± 0.06 ± 0.06 ± 0.06

source orientations in FDM versus SPH (x : p= 2.03× 10−6;
y : p= 1.98× 10−4; z : p= 1.93× 10−3), for the y- and z-
oriented sources in FDM versus BEM (y : p= 1.69× 10−3;
z : p= 3.66× 10−4), and for the x- and y-oriented sources
in BEM versus SPH (x : p= 1.67× 10−2; y : p= 2.83× 10−2).
The two-tailed paired t-tests performed on the RMS results
showed significant differences in the FDM versus SPH
pair (p= 1.36× 10−2) and nonsignificant differences in the
FDM versus BEM (p= 0.91) and in the BEM versus SPH
(p= 5.63× 10−2). In order to gather a broader evaluation of
the PSF behavior on the overall brain cortex, we extended
the evaluation of the FWHM PSF to all the 5000 points of
the cortex surface. Figure 7 shows the differences between the
FWHM RMS PSF maps between couples of different head
models, to investigate the principal benefits or pitfalls given
by the adoption of the different head models.

4. Discussion

The dissimilarities between the forward fields simulated
for the spherically approximated and the two different
superficial- and volume-based realistic models have been
investigated on a standard real cortex geometry by means of
analysis of the lead fields. The Point Spread Function (PSF)
has then been used to quantify the amount of spatial blurring
of simulated cortical activity effects. The reported PSF
values generally indicate a smaller extent, and hence a clear
improvement, for the FDM realistic model in comparison
with the BEM, and of the BEM model in comparison with
the sensor-fitted spherical model (see Figures 5 and 7 and
Tables 1–3). This can be better observed analyzing the mean
± SD values of the reported PSF FWHM results for the
three models, for which a clear trend in this sense can be
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Table 3: Summary of the FWHM PSF values for the realistic (BEM and FDM) and the sensor-fitted spherical (SPH) models, for sources
1÷26 parallel to x, y and z orientations and for the RMS maps.

FWHM

x y z RMS

FDM BEM SPH FDM BEM SPH FDM BEM SPH FDM BEM SPH

1 66.3 57.7 75.7 55 73.7 80 73.1 61.8 71.6 72.23 61.38 68.81

2 68.2 54.1 81.1 59 76.8 82.4 61.2 81.1 80.2 62.20 54.62 80.19

3 65 97.6 97.6 77.2 70.3 54.8 92.5 114.4 73.9 69.90 100.41 66.67

4 60.1 87.5 41.9 81.5 72.1 40.4 105.7 109.3 54.5 72.49 78.09 46.02

5 63 77.5 78.4 58.7 77.6 79.4 57.3 83.0 73.8 57.89 78.81 77.27

6 70.4 59.9 70.3 59.5 78.7 69.9 61.6 54.1 73.3 65.92 62.26 67.84

7 67.4 57.4 71.3 75.4 91.5 79.6 60.3 63.6 63.4 69.29 65.59 68.98

8 68.5 61.9 95.3 68.8 90.5 85.8 66.7 60.0 86.2 84.33 63.71 77.90

9 71.8 89.0 77.7 83.2 85.3 99.6 64.1 76.8 87.2 85.64 71.69 80.72

10 68.3 86.6 80.7 72.5 84.0 96.1 67.5 90.3 80.1 83.16 73.22 82.23

11 70.5 71.4 64.5 75.2 78.5 88.5 66.9 82.4 75.7 77.09 69.65 69.81

12 65 79.6 68.6 75.3 79.3 91.3 61.8 60.9 76.8 77.88 71.24 66.83

13 72.2 49.6 90.6 66.9 76.0 100.4 63.2 90.3 86.9 68.47 86.60 94.13

14 74.1 58.9 89.5 66.1 83.2 99.0 68.3 59.4 85.6 81.90 61.44 91.65

15 72.1 58.4 82.5 63 78.3 87.1 70.5 63.1 77.8 78.16 61.56 81.94

16 67.8 62.0 76.5 60.2 78.4 77.5 58.1 77.6 73.2 75.18 63.60 76.06

17 50.9 89.3 78.9 62.7 33.7 68.5 63 84.0 74.2 51.55 82.72 67.74

18 60.2 74.4 75.1 58.4 70.1 79.3 58.2 77.6 73.7 56.99 74.41 75.06

19 58.3 67.2 79.4 70.3 75.9 82.1 60.4 78.8 74.3 63.52 77.17 78.88

20 64.6 78.8 80 71.2 77.1 81.6 65.8 78.5 76.2 76.17 72.64 79.15

21 73.7 64.0 89.7 64.1 86.2 98.7 68.7 89.9 83.4 68.56 60.98 88.92

22 71.8 52.5 87.6 66.8 85.6 95.2 58.4 87.7 82 67.03 85.39 87.55

23 71.1 58.8 85.6 65.9 80.1 95.6 69.6 86.1 84 79.21 63.48 89.28

24 69.2 79.1 88.2 71.4 81.9 98.3 66.1 58.2 84.6 69.02 63.07 88.12

25 69.1 92.1 96.3 79.5 66.8 81.5 71.2 69.4 81 69.41 73.55 93.01

26 62.0 79.0 89.3 68.1 66.1 63.7 60.4 97.2 76.5 61.55 76.10 73.57

Mean 67.0 70.9 80.5 68.3 76.8 82.9 66.9 78.3 77.3 71.0 71.3 77.6

± SD ± 5.4 ± 14.0 ± 11.7 ± 7.7 ± 10.9 ± 14.6 ± 10.6 ± 15.6 ± 7.4 ± 8.8 ± 10.3 ± 10.8

observed for the x- and y-oriented sources, a slight worsening
can be observed for the z-oriented sources in BEM versus
SPH accompanied by an improvement in both FDM versus
BEM and FDM versus SPH, and a slight improvement in
FDM versus BEM for the RMS data, accompanied by an
improvement of both FDM and BEM versus SPH. This
trend in FDM versus BEM is reported also by the mean
PSF values that are larger in the realistic BEM than in
the FDM model in most of the total tested conditions
for the separate source orientations, rising up to totality
for the RMS superimposition of the effects given by the
three source orientations. This situation is accompanied by
generally lower minimum PSF values for the BEM with the
three separate source orientations but not for the RMS data,
leading in general to smaller PSF FWHMs for FDM versus
BEM with the separate source orientations, inferring a lower

spatial blurring effect for FDM with respect to BEM; for
the RMS superimposition of the effects given by the three
source orientations the PSF FWHMs result rather similar,
as indicated also by the presence of statistical significant
differences in FDM versus BEM for the only y- and z-
oriented sources. The resulting trend in SPH versus BEM
and versus FDM is also confirmed by the larger mean and
minimum PSF values presented by the spherical head model
with respect to both the realistic BEM and FDM in most
of the total tested conditions for the separate three source
orientations and for the RMS superimposition of the effects,
with the exception of smaller mean PSF values for the
spherical model than for the BEM for the z-oriented sources.
The exception behavior observed for the z-oriented sources
is reflected also by their PSF FWHMs, with an improvement
of the realistic BEM over the spherical model in only 35%
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Figure 6: Example of PSF values distribution versus distance from
source, and fitting with biexponential Gaussian curve.

of the tested situations and by the presence of statistical
significant differences for all source orientations and for the
RMS values in the pair FDM versus SPH and for only the
x- and y-oriented sources in the pair BEM versus SPH. It
should be however observed that the improvement of one of
the models with respect to the other one might be evaluated
not only in terms of the sole mean PSF or of the PSF FWHM
value but also in terms of the combined information which
can be gathered basing upon these data. The relationship
between the PSF FWHM and the standard deviation σ of
the PSF can be in fact expressed as FWHM = 2

√
2 ln 2σ ≈

2.35482σ . Considering that the signal-to-noise ratio (SNR)
of the PSF can be expressed as the reciprocal of the coefficient
of variation (CV) of the PSF distribution, which can be in
turn expressed as the ratio of the standard deviation σ and
the mean PSF, the SNRs of the PSF distributions for the
BEM and the SPH models can be computed based upon the
mean PSFs and the standard deviations obtained by the PSF
FHWM values reported in Tables 1 and 3. The evaluation
of the SNRs of the z-oriented sources for the BEM and the
SPH models indicates that there is a general increase (22.7%
mean) in the SNR for the BEM model with respect to the
spherical one for all the z-oriented tested sources.

A worsening of both the realistic models versus the
spherical can be observed for sources in the frontal lobe
(Figures 7(c)–7(e), sources 3-4 in Figure 4), positioned in
proximity of the frontal sinus. This might be due to the
vicinity of the paranasal sinuses, which are actually filled
with humid air but are nonetheless modeled as compact
bone in our realistic models, in order not to introduce a fifth
compartment. To test this hypothesis, sources 9-10 and 25-26
(see Figure 4) have been selected on the cortex mesh, placed

laterally to sources 3 and 4 and to the paranasal sinuses,
with the positive effect of improvement in terms of spatial
blurring given by the realistic model (see Figures 7(c)–7(e)).

Results for sources placed in the temporal cortex (namely
2–5, 15-16, 17-18, and 19-20 in Figure 4) indicate that the
realistic model generally leads to an improvement in terms
of spatial blurring with respect to spherical model. The same
trend is presented by realistic FDM with respect to BEM.
These results are in agreement with previous studies that
showed that a 3-compartment realistic BEM model of the
head outperformed a 3-shell spherical model, particularly
in the temporal lobe [13]. This trend is also confirmed for
sources which are positioned in the occipital cortex, namely,
7-8, 13-14, 21-22, and 23-24, again demonstrating that the
adoption of a realistic model instead of a spherical one can
lead to benefits in terms of power of discrimination for the
reconstruction of these sources. The spherical model results
in fact to perform best in the more spherical upper parts of
the brain (see Figures 7(c)–7(f)), but fails in the temporal
and occipital lobe areas, which cannot be well represented
by the spherical shells. These findings confirm earlier studies
that showed similar behavior [24]. Moreover, for sources
located in parieto-occipital areas (see Table 3 for sources
n. 13–17 and 21–24 and see Figures 7(b), 7(d), 7(e)), PSF
parameters exhibit smaller FWHM for the realistic model,
compared to the spherical one, with slightly smaller FWHM
for BEM with respect to FDM that might be due to the
smoothing of sulci presented by BEM.

The computational performances of the spherically
approximated and of the two different BEM and FDM
realistic models analyzed can provide also useful elements
in order to assess cost-benefit of the specific model adopted.
Computational performance was determined for the spher-
ical and the BEM models with a standard PC (AMD64
3.00 GHz/3 GB RAM, 2 MB cache 2L) and for the FDM
model with a Linux cluster PC composed by 8 elements of
the same type (i.e., the above described unit as the front-end
node plus 7 AMD64 3.00 GHz / 2 GB RAM elements), as the
FDM EEG forward problem solution was set up on a parallel
computing implementation, given the higher computational
load presented by the volume-based realistic models (FDM
and FEM) [12]. When measuring the wall-clock time, it
should be distinguished between the setup-computation that
only has to be carried out once per head model for the
building of the lead field matrix and the forward compu-
tations that have to be carried out hundreds or hundreds
of thousands of times depending on the inverse problem
solution procedure [30]. During the setup, the computation
of the leadfield matrix by means of the FDM solver took
about 5.7 hours, that is, about 330 seconds per sensor. The
resulting linear system matrix for the computation of each
column vector of the lead field matrix had a size of about
14 GB, while the final lead field matrix had a size of about
8 MB for all the three models considered. The computation
of the leadfield matrix by means of the BEM solver took
about 4.1 hours, being this the total time needed for the
transfer matrix setup and decomposition with additional 12 s
for the computation of the columns of the leadfield matrix
for all the sensors. The computation of the leadfield matrix
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Figure 7: Differences between the FWHM values of the RMS PSF maps for the three couples of analyzed head models, computed as the
difference between values of FWHMModel1 and FWHMModel2 over the cortex mesh (FWHMModel1 − FWHMModel2). (A, B) FWHMBEM −
FWHMFDM; (C, D) FWHMSPH − FWHMBEM; (E, F) FWHMSPH − FWHMFDM. Positive values in the computed FWHMModel1 − FWHMModel2

differences are represented in red; negative values are represented in blue. Red zones correspond to a smaller spatial extent and hence to a
better capacity in terms of spatial discrimination of neural sources of Model 2 with respect to Model 1 for the different model pairs.

by means of the adopted sensor-fitted spherical approach
needed a time of 0.82 hours (2960 seconds). It should
finally be underlined that the cost-benefit of having selected
one or the other of the analyzed models should consider
only the initial setup time for computing and storing the
leadfield matrixes for the different models [30]. The choice
of adopting one specific head model has then to be made
in terms of costs basing on the one-time initial setup time,
and taking into consideration for the benefits the factors of
improvement that are gathered by the different models which
have been here evaluated in terms of the specific PSF maps.

In conclusion, the obtained results demonstrate that
realistic geometry can provide a factor of improvement

which is particularly important when considering sources
placed in the temporal or in the occipital cortex. In these
situations, using a realistic head model will allow a better
spatial discrimination of neural sources in comparison with
the spherical model, as it can be appreciated by the analysis
of the PSF maps presented in this paper. It is also worth
stressing that the results presented in this paper, thanks to the
adoption of the MNI-based models, based on a large series
of MRI scans on normal controls and thus reflecting average
neuroanatomy more representative of the population, can be
an enrichment with respect to other studies for the possibility
of gathering more general information also extensible to
other application studies in this field.
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Bioelectric source measurements are influenced by the measurement location as well as the conductive properties of the tissues.
Volume conductor effects such as the poorly conducting bones or the moderately conducting skin are known to affect the
measurement precision and accuracy of the surface electroencephalography (EEG) measurements. This paper investigates the
influence of age via skull conductivity upon surface and subdermal bipolar EEG measurement sensitivity conducted on two realistic
head models from the Visible Human Project. Subdermal electrodes (a.k.a. subcutaneous electrodes) are implanted on the skull
beneath the skin, fat, and muscles. We studied the effect of age upon these two electrode types according to the scalp-to-skull
conductivity ratios of 5, 8, 15, and 30 : 1. The effects on the measurement sensitivity were studied by means of the half-sensitivity
volume (HSV) and the region of interest sensitivity ratio (ROISR). The results indicate that the subdermal implantation notably
enhances the precision and accuracy of EEG measurements by a factor of eight compared to the scalp surface measurements.
In summary, the evidence indicates that both surface and subdermal EEG measurements benefit better recordings in terms of
precision and accuracy on younger patients.

1. Introduction

Clinical electroencephalography (EEG) and evoked potential
(EP) recordings such as the visually evoked potentials (VEPs)
demand high signal-to-noise ratios (SNRs), minimization of
skin artifacts, and high accuracy, to name a few important
criteria. Subdermal needle electrodes (a.k.a. subcutaneous
needle electrodes) are commonly used in clinical electromyo-
graphy (EMG), which are inserted into the muscles of
interest. It is less commonly known that these subdermal
needle electrodes also record continuous EEGs and EPs in
intensive care units (ICU) [1–4]. The measurement setup is
achieved by inserting the needle nearly tangentially to the
skin so that it is stabilized and the recording tip touches the
skull. Furthermore, these recordings offer higher SNRs with
lower proclivity of standard measurement artifacts when
compared with traditional surface measurements and are
more suitable for long-term EEG monitoring in the ICU.

Higher SNR requires less averaging, thus yielding faster and
more accurate diagnostic measurements. We believe that
clinical EEGs and EPs such as the VEP could adopt the
subdermal measurement setup, thus placing the lead on the
skull bypassing the artifact-prone skin.

Previously, we correlated skull conductivity with age
(Figure 1) [6]. In that former study, we analyzed the reported
skull conductivities of living skull fragments temporarily
excised during epilepsy surgery with the age of the patient
[5]. We reported a decreasing trend that stabilized in
early adulthood. According to medical texts, physiologists
explain that the calvarial bone completes the ossification
process between the ages of 18 and 20 [7]; therefore, the
skull conductivity should nearly approach steady state after
adolescence. From the study of Hoekema et al. [5], we
extrapolate that the scalp-to-skull conductivity ratio of 5
represents children and a small percentage of adolescents,
the ratio of 8 represents adolescents and some adults, the
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Figure 1: Reported conductivity values of live skull samples temporarily removed during epileptic surgery plotted against patient age [5].
The thick blue trend with circles graphs raw data and the thin gray trend with dots graphs the least squares fit. Reproduced from [6].

CZ

OZ

Figure 2: The midsagittal views show the bipolar electrode loca-
tions of the surface and subdermal (i.e., on the skull) measurement
locations at the apex CZ and the occipital cortex OZ . The EEG
electrode dimensions are 1 mm × 1 mm × 1 mm. (a) The sagittal
slice of the Visible Human Man displays all four locations. (b) The
sagittal slice of the Visible Human Woman also shows the surface
and subdermal locations.

ratio of 15 represents most adults, and lastly the ratio of 30
represents cadavers suffering from postcellular death. Ages
that overlap scalp-to-skull conductivity ratios accommodate
inter- and intrasubject variability [1, 8]. Taking standard
skin conductivity values [9, 10] divided by the adult skull
conductivity values yields a ratio of 8.5, and then scaled
by the living to postmortem factor [6, 11, 12] yields
approximately 20 to 26. These ratios fit accordingly with
[13], which reported a ratio of 15 for post mortem skulls
beyond cellular death.

In the present study we apply the concepts of the half-
sensitivity volume (HSV) [14] and region of interest sensi-
tivity ratio (ROISR) [15]. We use these metrics to analyze the

effects of EEG electrode implantation on the measurement
sensitivity distribution within the brain. Specifically, we
aim to compare the sensitivity distributions of the bipolar
subdermal EEG measurement with the well-documented
surface electrode according to a patient’s age [6, 14, 16–19].

2. Methods

2.1. Sensitivity Distribution. The sensitivity distributions of
measurement leads in an inhomogeneous volume conductor
can be illustrated with lead current fields as defined by [20–
22]. The lead vectors define the relationship between the
measured signal in the lead and the current sources in the
volume conductor such that

VLE(x) =
∫

v

1
σ

JLE · Jidv, (1)

where VLE(x) is the voltage, for example, measured EEG
voltage, in the volume conductor v. The reciprocal current
field JLE is the lead field, Ji (A/cm2) is the impressed current
density vector in the volume conductor, and σ is the
conductivity (S/m) [17].

The sensitivity distribution in the volume conductor
can be established by applying the reciprocity theorem of
Helmholtz with Poisson’ equation (2) applied to describe
quasistatic bioelectric source-field problems [23, 24]. A
source distribution, Ji, containing only reciprocal source
currents at the measurement electrodes raises a gradient
potential distribution, ∇Φ, that is, measurement sensitivity,
according to the linear Poisson equation

∇ · (σ∇Φ) = ∇ · Ji (in Ω), (2)
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setting the Neumann boundary conditions equal to zero on
the scalp

σ(∇Φ) · n = 0 (on ΓΩ), (3)

where σ is the electrical conductivity tensor, Φ is the
electrical potential, Ji is the current source density, n is a
vector normal to the surface, Ω is the volume of the head,
and ΓΩ is the surface of the head [25].

2.2. The Half-Sensitivity Volume. In Malmivuo et al. [14],
the concept of the half-sensitivity volume (HSV) was applied
to define the volume in which the sensitivity of the mea-
surement lead is concentrated. The HSV is the size of the
volume within the source region of the volume conductor,
where the magnitude of the sensitivity is at least half of its
maximum value. The size of the HSV reflects how focused
the region is from which the lead measures bioelectric
activity, that is, smaller volumes have a higher measurement
resolution and, conversely, larger volumes have a lower
measurement resolution. The half-sensitivity volume is thus
applied to evaluate the ability of the lead to concentrate the
measurement sensitivity.

2.3. The Region of Interest Sensitivity Ratio. Väisänen et
al. [15] introduced the concept of the region of interest
sensitivity ratio (ROISR), which provides a parameter to
analyze the specificity of a measurement system. Equation
(4) defines ROISR as a ratio between the average sensitivity
of a predefined region-of-interest (ROI) volume vROI (5)
and the average sensitivity in the rest of the source volume,
hereafter called a nonROI volume. The ratio is formulated
such that

ROISR = (1/|vROI|)
∫
vROI
∇ΦLE

(
y, x
)
dy

(1/|vnonROI|)
∫
vnonROI

∇ΦLE
(

y, x
)
dy

, (4)

where vROI is the ROI source volume (cm3) and vnonROI is the
nonROI source volume (cm3).

In the case of EEG, the nonROI volume consists of
the entire brain source volume excluding the ROI volume.
ROISR thus defines how well the measurement sensitivity is
concentrated within the selected ROI, that is, how specific
the measurement is to the signals generated within the ROI.
We define the ROI volume as

vROI = vB
⋂
vS, (5)

where vB is the brain source volume containing the gray
and white matters, and vS is a sphere with a 20 mm radius
from the cortical electrode located on the occipital cortex
surface (10/20 location, OZ , Figure 2). Consequently, our
ROI contains both gray and white matters. We selected this
location due to its relevance in visually evoked studies by
Sörnmo and Laguna [26].

2.4. Model and Computations. We calculate the sensitivity
distributions in a realistically shaped male and female heads
model based on the U.S. National Library of Medicine’s

Visible Human Project digital male and female anatomical
dataset [27–29], VHP. Calculation of the sensitivity distri-
butions is based on the principle of reciprocity and the
numerical finite difference method (FDM) solution of EEG
electrode sensitivity. In the FDM model, the segmented head
data from a magnetic resonance image (MRI) data set is
divided into cubic elements forming a resistive network
[30]. The conductivities, of the elements correspond to the
tissue conductivities and the dimensions of the elements
correspond to the resolution of the dataset. The FDM is
based on Poisson’s equation that can be used to describe
the bioelectric quasistatic source field problems [24]. A
potential distribution within the model for a specific source
configuration is solved with linear equations and iterative
methods [31, 32].

EEG source localization and head model simulations
significantly depend on the conductivities used in the
models. In literature many studies apply a brain-to-skull
conductivity ratio between 15 and 80 [33]; however, these
two parameters vary widely in their conductivity values.
The brain tissue conductivity value ranges from 0.12 S/m to
0.48 S/m [1, 8, 34–40], whereas the skull conductivity value
ranges from 0.0042 S/m to 0.3 S/m [5, 8, 11, 13, 34–36, 41].
The scalp (skin) conductivity value varies less in literature
from 0.33 S/m to 0.45 S/m [8, 9, 34, 35, 42]. Therefore, in the
present study we apply the scalp-to-skull conductivity ratios
of 5, 8, 15, and 30 : 1 [1, 6, 13, 38–40, 43]. The tissues and
their corresponding conductivity values that we used in this
study are listed in Table 1 [10].

We calculate the sensitivity distributions of the brain
for each bipolar electrode pair located on the scalp and the
skull. The surface electrodes (a.k.a. scalp electrodes) and the
subdermal electrodes measure 1 mm× 1 mm× 1 mm, which
reflects the size of one pixel. These dimensions represent one
type of subdermal recording electrodes that are insulated
up to the tip. Our bipolar leads reflect a visually evoked
measurement over the occipital cortex (10/20 location OZ)
referenced against an apex electrode (10/20 location CZ).
The sagittal views of the models (Figure 2) show the two
bipolar EEG locations: surface electrode on the scalp and the
subdermal electrode on the skull.

3. Results

Figures 3 and 4 present the sensitivity distributions of
both the scalp and subdermal leads solved with different
conductivity ratios. Clearly, the conductivity ratio has a
significant impact on the sensitivity distribution when we
consider only one type of electrodes. However, the compar-
ison of both types of electrodes diminishes the influence
of the conductivity correlated with age, thus indicating the
improved measurement resolution of the needle electrodes
irrespective of the patient’s age.

Optimally placed subdermal electrodes nearly outper-
form surface electrodes at every age. The smearing effect
of the scalp disappears with the subdermal leads because
the recording locations are closer to the target region, thus
bypassing the skin (Figures 3 and 4). Tables 2 and 3 show that
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Figure 3: Measurement sensitivity distributions of the Visible Human Man mapped in the logarithmic scale: ((a)–(d)) surface electrodes
placed on the scalp solved according to the scalp-to-skull conductivity ratio mentioned in the subcaption and ((e)–(h)) subdermal insulated
needle electrodes inserted through the skin placing the measuring tip on the skull surface solved according to the scalp-to-skull conductivity
ratio mentioned in the subcaption. Scalp-to-skull conductivity ratios are specified in each subcaption: ((a), (e)) 5 : 1, ((b), (f)) 8 : 1, ((c),
(g)) 15 : 1, and ((d), (h)) 30 : 1.

Table 1: Tissues and conductivities (S/m) included in our realistic head models [10].

Tissue Conductivity (S/m) Tissue Conductivity (S/m)

Bone marrow 0.046 Scalp 0.43

Fat 0.040 Eye 0.51

Skull/Bones 0.087, 0.054, 0.029, 0.014 Muscles 0.11

White matter 0.14 Blood 1.0

Gray matter 0.33 CSF 1.54

Other neural tissue 0.16

the subdermal lead’s HSV decreases to nearly one-seventh,
one-nineth, one-eighth, and one-fourth the size of the scalp
lead’s HSV. Similarly, we find a 35% to 37% improvement in
the subdermal lead’s ROISR over the surface lead’s ROISR.
Figures 3 and 4 illustrate that the subdermal measurement
distributions visibly concentrate the measurement sensitivity
more efficiently to the target region on the cortex of the
younger patient’s skull (i.e., lower conductivity values).
Moreover, the smearing effect of the skull is reduced with
the subdermal leads, and nearly the entire scalp and skull
smearing is eliminated when the patient is the youngest
(i.e., the skull conducting value is at its peak). Conversely,
the older the patient, namely, the higher the scalp-to-skull
conductivity ratio, the more the skull conductivity smears
the lead field formation. Precisely, the subdermal leads
measure neuroelectric activity on or near the gyral cortical
surface rather than sulcal or deep sources.

4. Discussion

The present study compares two variables influencing EEG
source localization studies: age and electrode location. This

study shows that the ratio between the scalp and subdermal
measurements regarding the HSV is smallest with the
lowest skull conductivity ratio. The correlation between
the HSV ratios indicates that measurements will be more
localized, that is, increased sensitivity, with higher specificity
(ROISR). The subdermal measurement distributions visibly
concentrate the measurement sensitivity more efficiently to
the target region on the cortex as the skull conductivity
increases. The smearing effect of the scalp is reduced
with the subdermal leads, and nearly the entire scalp and
skull smearing is eliminated when the skull has its highest
conducting value [8]. Precisely, the subdermal leads measure
neuroelectric activity on or near the gyral cortical surface
rather than sulcal or deep sources.

Tissue conductivities such as skin, cortical bone, and
brain conductivities change with age [41, 44–50]. Their
results indicate a decrease in conductivity between 40.7%
and 75.4% from newborn to maturity stages. Furthermore,
their results show that the aging process slows during
childhood before adolescence after the rapid growth phases
of the body have been completed. This is due to the
reduction of water content in tissue as a function of age
[47, 50]. We believe that the conductivity of the skin changes
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Figure 4: Measurement sensitivity distributions of the Visible Human Woman mapped in the logarithmic scale: (a)–(d) surface electrodes
placed on the scalp solved according to the scalp-to-skull conductivity ratio mentioned in the subcaption and (e)–(h) subdermal insulated
needle electrodes inserted through the skin placing the measuring tip on the skull surface solved according to the scalp-to-skull conductivity
ratio mentioned in the subcaption. Scalp-to-skull conductivity ratios are specified in each subcaption: (a), (e) 5 : 1, (b), (f) 8 : 1, (c), (g)
15 : 1, and (d), (h) 30 : 1.

Table 2: Results of the visually evoked bipolar measurement for the surface and subdermal leads of the Visible Human Man dataset. All
parameters are calculated from the brain region containing both the gray and white matters.

Leads Conductivity Ratio Maximum Sensitivity (A/cm3) HSV (mm3) ROISR

Surface 5 : 1 0.420 4999 2.43

Surface 8 : 1 0.405 5239 2.31

Surface 15 : 1 0.387 4002 2.09

Surface 30 : 1 0.336 2446 1.81

Subdermal 5 : 1 0.85 706 3.17

Subdermal 8 : 1 0.83 586 3.00

Subdermal 15 : 1 0.72 516 2.72

Subdermal 30 : 1 0.54 610 2.39

again in late adulthood, that is, the elderly, particularly
decreasing in conductivity. Therefore, the skin conductivity
from adolescence onwards should minimally affect this
study.

We selected our scalp-to-skull conductivity ratios to span
from early childhood through adulthood. Our skull values
reflect an 83.9% decrease in the human skull conductivity
value compared with the 75.4% change in rats, whereas we
kept a fixed conductivity for the brain and skin. When we
compare similar sets of measurements such as the surface
measurements we obtain an improvement in measurement,
resolution between 10.4% and 51.1% for the HSV and an
improvement in the measurement accuracy between 25.5%
and 38.2% for the ROISR. When we include the subdermal
needle measurements, we yield improvements between 75%
and 89% in the measurement resolution over the surface
electrodes. If we had factored in growth from youth through
adolescence to adulthood, then the change in HSV and

ROISR would have increased the variation in the results.
The additional variables would have plausibly enhanced the
measurement precision in childern due to the high water
content of their tissues [47].

5. Conclusion

The implantation of EEG electrode on the skull notably
increases the measurement sensitivity and accuracy over
traditional surface electrodes. These measurements known
as subdermal or subcutaneous measurements bypass the
artifact prone skin to obtain relatively artifact-free, high-
resolution EEG recordings. The measurement sensitivity of
the needle electrodes concentrates the subdermal EEG mea-
surements. Consequently, the subdermal electrode reduces
the need for the extremely invasive electrocorticogram
(ECoG) and minimizes the influence of age on EEG source
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Table 3: Results of the visually evoked bipolar measurement for the surface and subdermal leads of the Visible Human Woman dataset. All
parameters are calculated from the brain region containing both the gray and white matters.

Leads Conductivity Ratio Maximum Sensitivity (A/cm3) HSV (mm3) ROISR

Surface 5 : 1 0.900 221 5.95

Surface 8 : 1 0.775 199 5.41

Surface 15 : 1 0.515 190 4.58

Surface 30 : 1 0.379 198 3.68

Subdermal 5 : 1 1.689 44 6.88

Subdermal 8 : 1 1.671 36 6.60

Subdermal 15 : 1 1.595 27 6.20

Subdermal 30 : 1 1.491 25 5.92

localization. We found that the scalp-to-skull conductivity
ratio influenced the subdermal EEG measurement less
than the surface EEG measurements. From our correlative
study we can definitively claim that children, specifically
preadolescent children, would benefit the most from the
increased resolution of the subdermal electrodes.

The age plays an important role in the surface electrode
measurements, but the change in measurement location to
subdermal electrodes irrefutably improves the measurement
sensitivity distributions. Succinctly, the subdermal electrodes
outperform surface electrodes because they minimize the
effect due to the intersubject variability in the scalp-to-skull
conductivity ratio associated with the change in age.
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The brain activity during perception or cognition is mostly examined by functional magnetic resonance imaging (fMRI). However,
the cause of the detected activity relies on the anatomy. Diffusion tensor magnetic resonance imaging (DTMRI) as a noninvasive
modality providing in vivo anatomical information allows determining neural fiber connections which leads to brain mapping.
Still a complete map of fiber paths representing the human brain is missing in literature. One of the main drawbacks of reliable
fiber mapping is the correct detection of the orientation of multiple fibers within a single imaging voxel. In this study a method
based on linear data structures is proposed to define the fiber paths regarding their diffusivity. Another advantage of the proposed
method is that the analysis is applied on entire brain diffusion tensor data. The implementation results are promising, so that the
method will be developed as a rapid fiber tractography algorithm for the clinical use as future study.

1. Introduction

Functional magnetic resonance imaging (fMRI) serves to
determine the brain activity during perception or cognition.
BOLD contrast for fMRI is remarkable in cognitive neuro-
science, surgical treatment planning, and preclinical studies
in examining the main parameters such as the blood flow,
blood volume, resting state connectivity, and anatomical
connectivity within the brain [1]. To define the cause of
the detected activity, the anatomy of the underlying tissue
must be analyzed. The functional properties of the region
of interests (ROIs) in the brain can be investigated by
combination of different modalities such as diffusion tensor
magnetic resonance imaging (DTMRI or DTI), ADC fMRI,
and BOLD fMRI [2]. As a noninvasive imaging modality
DTMRI helps identification and visualization of the fiber
connections in the anatomy [3–5]. DTMRI is unique in its
ability providing in-vivo anatomical information noninva-
sively. The potential of DTI is to make the determination of
anatomical connectivity in the investigated brain regions by
mapping the axonal pathways in white matter noninvasively
[6].

The lack of a complete neural fiber map in literature
makes the postprocessing of the data very important.
Methods and updates are to be researched to define the fiber
trajectories in the uncertainty regions where multiple fiber
orientations cross within a single imaging voxel [7, 8]. Our
proposed technique aims to track the white matter fibers
according to data structure algorithm noniteratively and
depending on the structural information of the underlying
tissue. The proposed algorithm is based on two major
processes. One is decision making and the other one is
storing process. Decision making process is basically an
operation based on comparison between the orientations
of diffusivities of adjacent voxel pairs. In other words, it is
the determination of the path to be traced for computing
the neural pathways. The decision making involves setting
a similarity measure having a constant scalar value for a
subject. The voxels which succeeded to pass the threshold is
stored in a data structure. This process is performed for all
the adjacent voxel pairs in the examined brain MR images.
So the study applies the method to the entire human brain
DT images to construct maps of neural fibers in uncertainty
regions.
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Figure 1: Sample synthetic eigenvector pattern. (a) (1, 1) is the starting node, where green checks represent the neighbors within the
similarity measure.

2. Material and Methods

2.1. Principles of Diffusion Tensor Analysis. The Stejskal-
Tanner imaging sequence is used to measure diffusion
weighted images [3, 4, 9]. The diffusion tensorD is calculated
from this raw data source at each point in the tissue
formulated by the Stejskal-Tanner equation as [10, 11]

Si = S0e
−bĝTi Dĝi , (1)

where Si is the signal received with diffusion gradient pulses,
S0 is the RF signal received for a measurement without
diffusion gradient pulses, b is the diffusion weighting factor,
and |g| is the strength of the diffusion gradient pulses.

The diffusion tensor D is a real, symmetric second-order
tensor, represented in matrix form as a real, symmetric 3 ×
3 matrix [3, 4]. The six unique elements of the diffusion
tensor D are calculated according to the three-dimensional
Gaussian Stejskal-Tanner model as (2) by acquiring at least
six diffusion-weighted measurements in noncollinear mea-
surement directions g along with a nondiffusion-weighted
measurement S0 [3, 4, 7, 12, 13]. On regular DTMR scans
more than six diffusion-weighted measurements are taken
which creates an over constrained system of equations solved
using least square methods [9, 12, 14, 15]:
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Equation (2) equals a vector containing natural logarith-
mic scaled RF signal loss resulting from the Brownian motion
of spins, and xi, yi, zi denote the n gradient measurement
directions. An orthogonal basis is the eigensystem of the

symmetric matrix D by finding its eigenvalues and eigen-
vectors are calculated [16]. Principal component analysis
(PCA) is used to perform the diffusion tensor analysis and
compression. The diagonalization of the diffusion tensor
as (3) results in a set of three eigenvalues λ1 > λ2 >
λ3 representing the principal diffusion orientation in an
investigated pixel [5, 8]. The eigensystem is defined by the
eigenvectors ei and the corresponding eigenvalues λi (4). The
eigenvectors ei represent the principal diffusion directions:

Dx�ei = λi�ei (i = 1, 2, 3), (3)

|Dx − λI| = 0. (4)

Examining the raw data for every pixel, the eigensystem
of D is calculated in each pixel. The eigensystem calculation
for analyzed image data provides information about the
diffusion distribution throughout the investigated image
data. The first principal component λ1 shows the dominant
diffusivity direction. The second and third principal compo-
nents λ2 and λ3 provide information of the intermediate and
the smallest principal diffusivity, respectively [17].

2.2. List Data Structure Implementation. The linear data
structure used here helps to create a list of investigated
region of interest eigenvectors where data item insertions
and retrievals/deletions are made at one end, namely, the
top of the list. A data item insertion is called pushing and
removing is called popping the list. The created list can be
called a linked list in which all insertions and deletions are
performed at the list head (top) [18]. For each data item
push, the previous top data item and all lower data items
move farther down. When the time arrives to pop a data item
from the list, the top data item is retrieved and deleted from
the list. To clarify the implementation routine, application
steps are explained on the synthetic data as in Figure 1.

The starting point is selected as x = 1 and y = 1
as shown in Figure 1(a). This selected coordinate having
the eigenvector [1, 0] is the bottom of the linked list. The
predefined similarity measure is a set of angular thresholds
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Figure 2: Listed data structure analysis results shown on sample pattern with its principal eigenvectors. Two possible resulting fiber paths
are represented.

π/ j ( j = 4, 6, 12, 18, 20). Pixel (1, 2) is not within the limits
of similarity measure π/4 (see Figure 1(a)). Pixel (2, 1) is
stored in the stack on the top again in compliance with
similarity. Top is now assigned to the new node. Next, pixel
(2, 2) fulfilling the selected similarity measure is stored on the
top of the list. The eigenvector [0.7 .07] with its neighboring
pixels’ eigenvectors is being compared for similarity. As a
result, neighbors with coordinates (1, 3) and (3, 3) with
both having the eigenvector [−0.7 −0.7] are eliminated
(see Figure 1(b)). The implementation follows by pushing
the coordinates (2, 3) and (3, 2) to the list. Pixel (3, 2) is
popped. Then its neighbors are examined as in Figure 2(a).
The routine follows by determining pixels matching with
the predefined similarity rule π/4. The synthetic fiber path
(represented in blue) is defined as a result as in Figure 2(b).

Selecting the similarity measure as π/4 allows the pixel
(2, 2) to be on the list as described above. But examining
the pattern by a different try for a varying angular threshold
such as π/6 or π/12, this pixel is not being assigned for the
neighboring pixel list. As a result the track represented in red
on Figure 2(b) is the outcome of the computational routine.
The decision making here about to select a track follows
regarding to the underlying tissue’s structural information.

The proposed approach relies on the assumption of the
unique path description of an axon. Each element in the
implementation represents a voxel in the ROI, and each
voxel is related with its neighboring voxels. Regarding the
neighboring voxel knowledge, the computation sorts the
elements in the list for tracking, where the elements which do
not fulfill the criteria are kept in a secondary matrix. While
examining the investigated pattern pixelwise, the elements
in the secondary matrix come up as potential neighboring
pixels in question. The repeated check for if they are within
the similarity criteria and if they belong to the fiber track
gives the chance of a double check in the system. By that way,
the neighboring is updated and a more secure resulting track
is being defined and followed. The routine updates itself so
that for the one selected starting node the first and second
neighboring pixels are investigated and the computational
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Figure 3: Calculated principal eigenvectors of the entire slice super-
imposed on axial brain MR image.

routine is stretched to a wide range via this increased
neighborhood.

3. Results

The proposed method is implemented on simulated fiber
eigensystem to determine the predefined synthetic trajec-
tories in Section 2.2. The output of the algorithm is in
agreement with the visual inspection results as shown
in Figure 2. Variation of the similarity measure causes
major differences in the calculated neural path as seen in
Figure 2(b). Small values of the similarity measure decreases
the number of voxels in the solution which are defined by
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Figure 4: Fiber tracking results traced on axial slice with a similarity measure of π/20. (a) Starting point at [44, 70]. (b) Calculated
neighboring pixels with related diffusivity mapped on entire eigenvector map. (c) Zoomed region of interest.

the decision making as neighboring voxels while increased
similarity measure selections generate more well-defined and
close results to the underlying tissue structure.

Following the promising results of the synthetic data
implementations, the method is applied on real DT brain
images. As explained in detail in Section 2.1 ((3) and (4)), the
eigensystem of D is determined by PCA [19] and interpreted
graphically as seen in Figure 3.

It is obvious that visual detection of any fiber path on the
2D axial MR image representing the eigenvectors is pretty
hard unlike the simulated case. Therefore the developed
linear list data structure algorithm is applied to the entire
brain for neural fiber mapping. The search process of the
pattern in the selected limits is completed in examining the
eigenvectors of each pixel based on the predefined similarity
measure. This examined data set sample might be a whole
image data or a single ROI as in Figure 4.

The selection of the investigated brain region’s size is
directly related with the elapsed time of the computation. To
be able to visualize the results of the algorithm, not the whole
brain volume but only a selected and easily recognized region
is computed. The results of such an example are represented
in Figures 5 and 6 from different view angles in 3D.

4. Discussion

Some modalities such as PET and fMRI makes it possible
to map the brain functions noninvasively. A parallel fMRI
experiment with DTI is promising for understanding the
brain function in both neuroimaging and neuroanatomical
techniques’ sense [2]. The knowledge derived from the
DTI make it possible to map the in vivo information of
the human neural fiber pathways noninvasively. This is an
important motivation in diffusion tensor analysis research.
The postprocessing of DTI analyzing tools plays great role
in determination of the anatomical structural maps of fiber
tracts. To follow a fiber tract and to build a neural map, each
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Figure 5: Tracking results of the implementation are represented
on 2 consecutive slices.
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Figure 6: Fiber tracking results of the ROI close to inferior frontal
lobe registered with the anatomic MR images.

voxel’s trajectory is approximated by a set of computed lines
in each voxel regarding their major diffusivity. Each resulting
tract defines a curvature representing a small bundle of axons
in the pathway.



Computational Intelligence and Neuroscience 5

In the existence of fiber crossings and branches in an
investigated ROI, the accuracy of the computed neural paths
by DTI analyzing tools is unclear. One of the main limitations
of diffusion tensor analysis relies on providing a solution
for identification of the orientations of the brain fibers in
uncertainty regions which is of great importance [3, 4, 8].
Therefore this problem arising in these so-called uncertainty
regions is tried to be eliminated by different research groups
[12, 20–23].

The aim of this study is to propose a rapid and reliable
tracking algorithm which may eliminate the uncertainty
region problem in DTI analysis. As seen in results, the
synthetic fiber tracking implementation succeeded for pre-
defined neural pathways. This motivated us to implement
the algorithm on real diffusion tensor brain images. The
computed tracts are found in agreement with the spatial
visual inspection. Detailed anatomic information can be
gathered via the computed tractography based on the
Talairach atlas to become a gold standard, which is still
missing.

Future work relies on eliminating the tracking problems
in the uncertainty areas by upgrading the proposed method
so that the calculation will be implemented on neural system
basis and physiological background. The results will provide
the base to reliable brain mapping.

5. Conclusion

This work aims to develop a promising approach which may
eliminate the uncertainties in DT-MRI fiber tractography
reconstructions and enhance a neural mapping. The degree
of uncertainty in fiber orientation is subject to change
by the selection made for similarity measure to detect
neighboring voxel pairs. The fiber tracking tools are limited
to trajectory-based representations. Therefore the detection
of the anatomical connectivity and reliable computation of
the neural map should be applied carefully being aware of
any mistaken result.

It has been shown that linear list data structure gives
promising analysis results in diffusion tensor fiber tract esti-
mation. The identifying similarity measure varies in a range
which is accepted in the means of anatomical fiber structure
knowledge. Comparing the resulting tracts in synthetic
eigenvector pattern with the known predefined pathways,
the algorithm gives promising results and works well for the
tracking purposes. The computed neural pathways varying
with the change of the similarity measure cause to decrease
or increase the number of the neighboring voxels for a
selected starting voxel. The differing resulting pathways can
be thought as an error of the method where it might be also
in some cases the possible orientation of a fiber bundle in
a wide range, which may be determined by an anatomical
brain atlas, that is, Talairach atlas.

Besides the existing algorithms the proposed technique
provides the possibility to compute the whole eigensystem
of the investigated brain volume. The neighboring voxel pair
calculation compares the investigated node in every step of
the algorithm within the entire image volume. Each voxel
is checked for more than one trial in the total analysis. In

that way the decision making of the algorithm becomes more
precise.
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We performed simultaneous acquisition of EEG-fMRI in seven patients with Unverricht-Lundborg disease (ULD) and in
six healthy controls using self-paced finger extension as a motor task. The event-related desynchronization/synchronization
(ERD/ERS) analysis showed a greater and more diffuse alpha desynchronization in central regions and a strongly reduced post-
movement beta-ERS in patients compared with controls, suggesting a significant dysfunction of the mechanisms regulating active
movement and movement end. The event-related hemodynamic response obtained from fMRI showed delayed BOLD peak latency
in the contralateral primary motor area suggesting a less efficient activity of the neuronal populations driving fine movements,
which are specifically impaired in ULD.

1. Introduction

The analysis of the EEG recorded during motor performance
(self-paced movement) provides information about the
movement-related changes in oscillatory cortical activity.
In normal subjects, an amplitude attenuation of specific
frequency components (event-related desynchronization,
ERD) in the α- and β-bands precedes a voluntary movement
and reflects cortical activation concurring with movement
planning. At the end of the movement, event-related
synchronization (ERS) in the β-band replaces ERD [1].
Simultaneous EEG-fMRI acquisition during performance of
a motor task enables the identification of changes of brain
activity in motor areas and provides information on the
source of the event generator.

In Unverricht-Lundborg disease (ULD) patients, vol-
untary movements are selectively impaired by the pres-
ence of action myoclonus [2]. In these patients, ERD/ERS
changes highlight increased and diffuse activation of the
motor cortex during movement planning and severely

reduced postexcitatory inhibition of the motor cortex
[3].

We simultaneously acquired EEG and fMRI in order to
study the spatiotemporal pattern of ERD/ERS resulting from
self-paced extension of the index finger in ULD patients and
to explore the correlation with hemodynamic changes.

2. Material and Methods

We enrolled 7 right-handed patients (mean age: 29.1±10
years; four women) with ULD, whose main clinical features
are reported in Table 1 and 6 right-handed healthy controls
(mean age: 29.1 ± 6.7 years; five women). In all patients,
the diagnosis of ULD was established on the basis of the
typical electroclinical presentation and of the genetic finding
of dodecamer expansion at cstb gene [4].

2.1. Motor Task. Inside the bore of the scanner, subjects laid
supine with their arms relaxed; their head was stabilized
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Table 1: Patient data.

Subject, Age [yrs], Sex Disease duration [yrs] AED Simplified myoclonus rating

1, 22, f 12 VPA, TPM, CLZ 2

2, 26, f 16 VPA, CZP 2

3, 36, m 22 VPA, LVT, PB 2

4, 25, m 14 VPA, CZP, piracetam 3

5, 49, m 34 VPA, TPM 2

6, 22, f 11 VPA, LVT, TPM 2

7, 24, f 12 VPA 3

AED: antiepileptic drugs; VPA: valproate; TPM: topiramate; CLZ: clobazam; CZP: clonazepam LVT: levetiracetam; PB: phenobarbital. Simplified myoclonous
rating [5]: 2: mild myoclonous, interference with fine movements and/or speech, no interference with walking; 3: moderate myoclonous, patient still able to
walk without support.

with adjustable padded restraints on both sides. They were
instructed to remain as still as possible throughout the
experiment, to keep their eyes open and avoid blinking
during the task. Subjects were asked to perform brisk (i.e.,
lasting less than one second) self-paced extensions of the
right index, with a time interval between the end of a
movement and the onset of the following one of about
10 seconds. Each subject was trained for several minutes
before the experiment. The movement was monitored by
electromyography (EMG) and visual observation.

2.2. EEG-fMRI Acquisition. EEG was acquired using an
MR compatible EEG amplifier (SD MRI 32, Micromed,
Treviso, Italy) and a cap providing 30 Ag/AgCl electrodes
positioned according to the 10/20 system. Impedance was
kept below 5 kΩ. Electrocardiogram (ECG) and EMG were
simultaneously recorded. The EMG activity was recorded
from pairs of Ag/AgCl surface electrodes placed bilaterally 2–
3 cm apart over the right index flexor muscles. EEG data were
acquired at the rate of 1024 Hz using the software package
provided by the manufacturer.

Imaging was performed on a 1.5 T MR scanner (Magne-
tom Avanto, Siemens AG, Erlangen, Germany). Functional
images were acquired with an axial gradient-echo echo-
planar sequence (21 slices, TR = 2000 ms, TE = 50 ms, 2 ×
2 mm2 in-plane voxel size, 5 mm slice thickness, no gap). A
T1-weighted anatomical scan (160 slices, TR = 1640 ms, TE =
2 ms; 1 mm3 isotropic voxels) was also acquired.

The scanner provided a trigger signal corresponding
to the excitation of the first slice of each volume, which
was recorded by the EEG system enabling real-time artefact
removal, making possible to monitor the EEG signal as well
as task performance through EMG.

2.3. Data Analysis. The imaging gradient artefact and the
ballistocardiogram were digitally removed from the EEG
using an adaptive filter [6], implemented on software
provided by the manufacturer.

Movement onset was determined by the beginning of the
burst of EMG activity. EEG data were epoched four seconds
before and three seconds after movement onset. Epochs with
artefacts, incomplete muscle relaxation between movements,
and intertrial interval shorter than 8 seconds were excluded

from the analysis. A reference period at rest, from 3500 to
2500 ms before movement onset, was considered. Each trial
was digitally band-pass filtered from 1 Hz below to 1 Hz
above the individual frequencies of the most movement-
sensitive power peaks in α- and β-bands. The filtered EEG
data were then squared and averaged over all trials and over
time (one value every 125 ms). The ERD or ERS values were
calculated according to the following formula:

ERD/S(k) = A(k)− R
R

× 100, (1)

where A(k) is the power at sample k and R represents
the mean power of the reference period (negative values
correspond to ERD, positive values to ERS).

The statistical significance of the differences between the
mean power observed during the reference period and that
measured during the subsequent 125-milisecond intervals
was expressed as a probability value using Wilcoxon’s signed
rank test. The power changes were considered significant
when the P value was less than .05. ERD/ERS data analysis
was performed using software developed in Matlab (Math-
works Inc., Natick, MA, USA). For statistical analysis, we
divided the time course of ERD/ERS in five epochs of 1
second each (t1:−2.5 to −1.5 s, t2: −1.5 to −0.5 s, t3: −0.5
to 0.5 s, t4: 0.5 to 1.5 s, t5: 1.5 to 2.5 s) and we compared the
values measured on F4, C4, P4, F3, C3, P3, Fz, Cz, and Pz
electrodes.

The fMRI data were analyzed by means of the
SPM5 software (Wellcome Neuroimaging Dept., Institute
of Neurology, London, UK). Preprocessing included three-
dimensional motion correction, slice-timing correction,
Gaussian smoothing, and normalization into MNI (Mon-
treal Neurological Institute) space. First-level analysis was
performed by general linear model (GLM), using the event
function from EMG, convolved with the canonical hemo-
dynamic response function, as regressor. Three-dimensional
regions of interest (ROIs) were manually drawn for each
subject by an experienced operator on the contralateral and
ipsilateral primary motor areas as well as on the contralateral
supplementary motor area. The average signal time-course
was obtained, and the amplitude and latency of the peak of
the fitted hemodynamic response were measured.

For statistical analysis, the Mann-Whitney U test was
applied.
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Figure 1: Color maps showing the grand average of α-ERD in control subjects (a) and in patients (b). Color scale: maximum ERD and ERS
are coded in blue and red. The lower panels show the grand average of α-ERD time series recorded from contralateral (c) and ipsilateral (d)
central derivations in patients and controls.

3. Results

All subjects performed the motor task well: the mean
movement duration was on average longer in the patients
group (535.8±110.3 versus 728.6±195.5 ms; P = .062).
The α- and β-band peak frequencies, selected as movement
reactive EEG frequency, were lower in the patient group with
respect to controls and in α-band this difference reached
statistical significance (α: 11.3±0.8 versus 9.1±1.6 Hz, P =
.02; β: 22±5.6 versus 18.6±1.5 Hz).

3.1. ERD/ERS Analysis. In all subjects α- and β-ERD were
observed (Figure 1). The time course of the α- and β-
desynchronization was similar for the two groups, but
in patients the desynchronization in the α-band was sig-
nificantly greater in the contralateral central derivation

(−48.5±13 versus −58.4 ± 9.6; P = .032, for controls and
patients, Figure 1(c)) and also involved the midline and the
ipsilateral central derivations (Table 2 and Figures 1(b) and
1(d)).

The expected postmovement β-ERS was observed in all
controls; it was undetectable in two patients, whereas in the
remaining patients it was significantly smaller with respect
to that measured in controls (107.5±86.9 versus 31.3±8.8;
P = .025, for controls and patients, Table 2 and Figure 2).

3.2. fMRI Analysis. The peak amplitude of the hemodynamic
response was comparable in controls and patients in the
contralateral (0.56±0.18% versus 0.63±0.30%, P = .6)
and ipsilateral (0.17±0.15% versus 0.15±0.14%, P = .8)
motor areas as well as in the contralateral supplementary
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Figure 2: Color maps showing the grand average of β-ERD/ERS in control subjects (a) and patients (b). Color scale: maximum ERD and
ERS are coded in blue and red. The lower panel (c) shows the grand average of β-ERD/ERS time series recorded from the contralateral
central derivation in patients and controls.

motor area (0.58±0.15% versus 0.60±0.17%, P = .8). There
was, however, a trend towards longer response latency in
patients, which reached statistical significance in the con-
tralateral motor area (3.1±0.4 s versus 3.6±0.5 s, P = .011)
and approached statistical significance in the contralateral
supplementary motor area (3.1±0.4 s versus 3.4±0.2 s, P =
.08); the effect was not found in the ipsilateral motor area
(2.7±0.2 s versus 3.3±0.8 s, P = .1) (Figure 3).

4. Discussion and Conclusions

The changes found in ERD/ERS pattern of ULD subjects
suggest an increased activation of motor cortex during
movement planning and a significant reduction of post-
excitatory inhibition. These data overlap those obtained
in our previous study [3] on EEG signal recorded in

standard laboratory and demonstrate the applicability of the
eventrelated protocol during simultaneous EEG/fMRI.

Differently from ERD/ERS, fMRI did not highlight any
clear difference in the amplitude of cortical activation in
ULD patient with respect to controls. The hemodynamic
response analysis allowed detecting subtle but significant
effects on the time course of activation that showed a
delayed peak in ULD patients. This finding, together with
the slightly longer duration of individual movements in
patients with respect to controls, may agree with a less
efficient performance of the motor cortex in this disorder,
characterized by a prominent motor dysfunction resulting
in action activated myoclonic jerks. Based on the present
data, the ERD/ERS changes detectable on EEG appear to
be more reliable with respect to fMRI in detecting the
cortical dysfunction characterizing ULD patients, being
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Figure 3: Time-courses of the hemodynamic response for controls
(blue) and patients (red).

Table 2: Statistical analysis of ERD/ERS values assessed in subse-
quent epochs.

Alpha
ERD

F4 C4 P4 F3 C3 P3 Fz Cz Pz

t1 — 0.015 — — — — — 0.032 —

t2 — 0.010 — — — 0.042 — — —

t3 — 0.003 — — — — — 0.003 —

t4 0.045 0.010 — — 0.015 0.004 0.007 0.003 0.032

t5 — — — — — — — 0.007 —

Beta
ERD/ERS∗

F4 C4 P4 F3 C3 P3 Fz Cz Pz

t1 — — — — — — — — —

t2 — — — — — — — — —

t3 — — — — — — — — —

t4 0.032 — 0.007 — 0.032 — 0.015 — —

t5 — 0.032 0.022 — 0.012 — — 0.010 —

Results of U-Mann Whitney test between patients and controls group. —=
not significant.∗t1- t3 correspond to beta ERD and t4-t5 to beta ERS.

able to detect and quantify the functional changes of the
neuronal pools impaired by the disease. A final conclusion
cannot however be reached because of the small number
of observation that limited the statistical power; moreover,
further analyses exploring the functional connectivity during
motor performance may allow to better detect subtle changes
in the BOLD signals [7].
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Neuronal and vascular responses due to finger movements were synchronously measured using dc-magnetoencephalography
(dcMEG) and time-resolved near-infrared spectroscopy (trNIRS). The finger movements were monitored with electromyography
(EMG). Cortical responses related to the finger movement sequence were extracted by independent component analysis from
both the dcMEG and the trNIRS data. The temporal relations between EMG rate, dcMEG, and trNIRS responses were assessed
pairwise using the cross-correlation function (CCF), which does not require epoch averaging. A positive lag on a scale of seconds
was found for the maximum of the CCF between dcMEG and trNIRS. A zero lag is observed for the CCF between dcMEG and
EMG. Additionally this CCF exhibits oscillations at the frequency of individual finger movements. These findings show that the
dcMEG with a bandwidth up to 8 Hz records both slow and faster neuronal responses, whereas the vascular response is confirmed
to change on a scale of seconds.

1. Introduction

The methodologies to characterize neurovascular coupling
in humans [1] can be separated at least into two categories.
The first relies on two sequential measurements of the same
subject and infers coupling parameters, the second performs
multimodal synchronous measurements of neuronal and
vascular effects, and the coupling is observed directly. The
second methodology is technically more complicated, but
the effect of a subject’s performance changing between
two measurements is eliminated. Furthermore it allows
to study the coupling on continuous time series, that is,
without relying on epoch averages removing the variability
between individual epochs. Results from these approaches
complement the detailed findings for neurovascular coupling
obtained from invasive studies in animals [2].

One possibility to study neurovascular coupling by syn-
chronous measurements was described in [3–5] combining
dc-magnetoencephalography (dcMEG) with time-resolved
near-infrared spectroscopy (trNIRS) during intermittent
finger movements. These synchronous measurements were
so far limited to a bandwidth from DC to 0.4 Hz due
to the modulation technique used for the dcMEG [4].
With the possibility to obtain unmodulated dcMEG in a
magnetically extremely shielded room [6, 7] the bandwidth
of the synchronous measurements is considerably increased;
that is, slow signal changes close to DC and standard
neuronal responses above 1 Hz can be recorded at the same
time. To keep in line with earlier literature the term dcMEG
is maintained, but it denotes here a bandwidth of the signal
from 0.01 Hz to about 8 Hz. Oscillatory signals at higher
frequencies such as the γ-rhythm will not be considered here.
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An alternative method [8] used trains of somatosensory
MEG responses at latencies between 20 and 100 milliseconds
and the related NIRS responses. These fast MEG responses
can be measured in standard shielded rooms, where the
lower MEG bandwidth limit is 0.1 Hz. The fast neuronal
responses are well suited to investigate the linearity of neu-
rovascular coupling, but to study temporal characteristics of
the coupling the dcMEG and related stimulation paradigms
seem more appropriate. Often neurovascular coupling is
studied through the combination of electroencephalography
(EEG) and functional magnetic resonance imaging (fMRI)
[9]. This combination again allows to record only fast
neuronal responses and the EEG contains strong fMRI
induced artifacts.

An intermittent finger movement of 30-second dura-
tion was chosen as the paradigm to induce neurovascular
responses here. The finger movement was monitored by
recording the lower arm muscle EMG. This allows to employ
the well-known coupling between EEG or MEG signals of
the motor cortex and peripheral muscle activity [10] as a
control parameter. Using independent component analysis
(ICA) single unaveraged time series related to the finger
movements were extracted from the multichannel dcMEG
and trNIRS data. The frequently applied coherence cannot be
estimated here in a meaningful way as 30 event repetitions in
a 30-minute measurement session are not sufficient to obtain
reliable spectral statistics. Therefore the coupling between
the dcMEG, trNIRS, and EMG time series was analyzed using
the cross-correlation function (CCF). The suitability of this
approach for our experimental setting is assessed.

2. Material and Methods

2.1. Measurement Technique and Preprocessing. The mea-
surement setup is similar to the setup combining modulated
dcMEG with trNIRS as described in [4]. The trNIRS
instrument operates at the wavelengths 690 nm, 803 nm,
and 826 nm and is equipped with one source and four
detector optodes. The detector optodes are arranged in a
cross with the source in the center and a source-detector
separation of 3 cm. In the present study, the logarithm of
the relative count rate, that is, the change in attenuation
at each wavelength with respect to a baseline interval,
is used as NIRS parameter for the analysis. This allows
the application of ICA at the wavelength level, which is
not possible anymore after estimation of oxy- and deoxy-
hemoglobin changes from the attenuation. With respect
to the dcMEG, the present setup is improved employing
the stationary, unmodulated dcMEG technique [3] with a
sampling rate of 500 Hz. Both, dcMEG and trNIRS sensors,
were approximately centered above the motor cortex contra-
lateral to the finger movements. To control the subjects
performance, the peripheral signals EMG, heartbeat, and
respiration were measured in simultaneous recording tracks.
The data set presented here is a representative example from
a group study of six subjects.

A highly structured finger movement pattern of the right
hand was used as the stimulation paradigm. This movement

pattern requires some practice before the measurement and
ensures the attention of the subject during the experiment.
The paradigm consists of a continuous sequence of finger
contractions of the right hand: 2 ∗ thumb, 2 ∗ ring finger,
2 ∗ index finger, 2 ∗middle finger, and 2 ∗ little finger. The
two contractions of each finger should be performed within
a second and the full sequence lasted typically 5 seconds.
Naturally the individual speed was variable. Following an
auditory cue, which was the prerecorded word “fast” chosen
for its brevity and motivating appeal, the subjects had to
start this structured finger movement. After 30 seconds of
continuous movement another cue (“stop”) indicated the
start of the 30 seconds rest period. This cycle was repeated
30 times resulting in a measurement duration of 30 minutes.
The first and last two epochs (trials) from a measurement
session were discarded, in order to eliminate edge effects due
to highpass filtering of the raw dcMEG data at a frequency of
0.01 Hz, so that 26 of the 30 epochs remain (see Figure 1). In
the following both the on/off cycles, that is, the intermittent
finger movement and the rhythm of the finger movement
within each 30 seconds period will be important.

To obtain the response due to the intermittent finger
movement paradigm ICA was applied separately to dcMEG
and trNIRS as demonstrated before in [7]. The ICA algo-
rithm chosen was SOBI/TDSEP [11, 12], which is well suited
to extract signals with a clear spectral structure as expected
here due to the repetitive block design paradigm with 30
seconds of movement followed by 30 seconds of rest. The
actual calculation is performed in the time domain as cross-
covariances for a given delay τk between signal channels xi:
Cij(τk) = ∑

xi(t)xj(t + τk). A group of matrices {C(τk)}
is then diagonalised and the approximate diagonalising
operator yields the independent components.

The groups of component time series resulting from the
ICA for the magnetic field B(t) and the attenuation ΔA(t)
are searched each for a single time series with the highest
correlation to the stimulation. These B(dcMEG-ICA)) and
ΔA(trNIRS-ICA) time series and its associated component
maps are then taken as the neuronal and vascular response to
the finger movement. Only a single component was selected
as all other components had a weak correlation with the
stimulation sequence. Clearly it cannot be decided whether
the single ICA component accounts for the whole motor
response, but individual data sets with a good signal-to-
noise ratio indicate this through the similarity between the
ICA component and the standard average. At present the
search is not automated, but the epoch averages of the ICA
component time series are inspected manually. Although the
ICA calculation is performed on nonaveraged raw data, the
averaged ICA time series will be shown below.

Two parameter options have to be chosen for the
SOBI/TDSEP algorithm: the first is the bandwidth of the
signals and the second is the set of delays {τk}. Both
parameters have to be chosen heuristically due to the lack
of a theoretical foundation. In the MEG strong cortical
background signals can be found in the α- and β-band
starting around 8 Hz. It was found that ICA extracts a better
movement-related response if the signal bandwidth is limited
to 0.01–8 Hz excluding the background signals. The upper
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Figure 1: ICA components for B (dcMEG) and ΔA(trNIRS) due to finger movement. The component and its time series are characterized
by the ICA map (left, see text for details of trNIRS map), the ST plot of the time series (middle), and the epoch average of the time series
(right). In the averages the signal change between rest and move is clearly visible; in the ST plot it is more pronounced for B. The slower
onset of ΔA compared to B at the beginning of the move window is obvious.

limit of 8 Hz has the additional advantage that then dcMEG
and trNIRS have a similar upper band limit as the trNIRS
is sampled at 20 Hz. The lower limit of 0.01 Hz is chosen
to exclude monotonous signal drifts during the 30-minute
measurement. Such monotonous signals are nonstationary
and violate the ICA assumptions. Filtering as preprocessing
is often performed implicitly by analog filters in the signal
conditioning chain if ICA is applied to MEG data with a
bandwidth of, for example, 1 to 100 Hz.

The set of delays {τk} was optimized in a heuristic search
using all data sets from the group study; that is, for a new
set of delays SOBI/TDSEP was recalculated for all data sets
in the group. This search was possible through a parallel
implementation of the ICA algorithm running on a PC clus-
ter (http://www.rocksclusters.org/) using a parallel compu-
tation interface (http://www.open-mpi.org/) and optimized
linear algebra routines (http://math-atlas.sourceforge.net/).
The final set of delays chosen for SOBI/TDSEP was
{τk} = {0.2, 0.4, 0.6, . . . , 60.0, 60.012, 60.024, . . . , 120.0} sec-
onds. This set does not consist of evenly spaced delays, but it
has a higher number of cross-covariance matrices at delays τk
in the range of the 60 seconds stimulus repetition rate. This
turned out to extract a better movement-related response.

From the measured EMG a rate (EMGR) was calculated
by a process called amplitude demodulation. The full band-
width EMG (sampling frequency 500 Hz, lowpass 250 Hz)
was rectified and then input into a modified Paynter filter
(readily available in http://sourceforge.net/projects/biosig/)

with an 8 Hz lowpass characteristics. The resulting signal is
the envelope of the oscillatory EMG signal. With respect to
the subsequent cross-correlation analysis it was important
that all signals had the same bandwidth. Therefore the heart
rate derived from the ECG was filtered with the 8 Hz lowpass
too.

2.2. Cross-Correlation Analysis. The CCF (e.g., [13]) is a tool
to detect common periodicities between two time series,
if the length of the time series is large compared to the
oscillation period of interest. Given two time series ut and
vt with n points their cross-correlation as a function of lag τ
is given by

CCFuv(τ) = 1
n
√

VAR(ut)VAR(vt+τ)

tn∑

t=t0
(ut − ut)(vt+τ − vt+τ),

(1)

where τ = 0, 1, . . . , (m− 1) up to a maximum lag m� n and
VAR(x) is the sample variance. Due to the shifting of vt by the
lag τ the absolute positions of the cross-correlation maxima
are related to phase shifts [13] for signals with similar basic
periodicity.

For the time series related to the intermittent finger
movements two types of CCFs were investigated. The
first was calculated using the complete unaveraged ICA
time series of 26 minutes duration covering all rest/move
sequences. This CCF probes for the coupling related to the
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Figure 2: ST plots and resulting averages over the epochs of EMG rate (top) and heart rate (bottom). The ST plots show that the changes
observed in the average are not due to outliers in a single epoch.

transition between the two states, that is, fingers moving
and at rest. The second was calculated for a new time
series created by concatenation of the move windows with
their mean values subtracted to minimize steps between the
windows. This second type of CCF probes the coupling due
to the rhythm of the finger movement. CCFs were calculated
pairwise for a “signal triangle” consisting of B, ΔA, and
EMGR.

3. Results

3.1. dcMEG, trNIRS, and EMGR Time Series. The contin-
uous dcMEG and trNIRS time series extracted by ICA,
B(dcMEG-ICA) and ΔA(trNIRS-ICA), are presented in
Figure 1 using single trial (ST) plots. In an ST plot the
continuous data are segmented into identical intervals and
aligned at the time of the auditory start instruction. Epochs
are presented in a stacked plot, where the amplitude value is
coded as a shade of grey. This results in a two-dimensional
grey-scale image of the complete continuous time series.
A baseline correction is calculated in the 5-second window
prior to finger movement onset. In Figures 1 and 2 the
zero of the time axis corresponds to the auditory start
instruction and the labels “rest” and “move” are added to
emphasize the different regions. The dashed vertical lines

in the average indicate the start and end of the “move”
window.

ICA-extracted maps, ST plots, and averages of the finger
movement-induced responses are shown for B and ΔA in
Figure 1. For ΔA a pseudomap is used, which has a vertically
elongated outline and dotted horizontal lines separating
three wavelengths zones. In each zone the geometrical
arrangement of the four detector optodes is indicated by
the large dots. The interpolation is performed across the
map and, therefore, the transitions across a dotted horizontal
line have no meaning and each zone should be considered
separately. The B-field map is a conventional field map
displaying multichannel (scalar) magnetic field data. The
motor cortex for right hand finger movements is typically
associated with the EEG position C3 in the international 10–
20 system for electrode placement and C3 is shown in the
B-field map and the 800 nm part of the ΔA pseudomap in
Figure 1. A source close to the center of the dcMEG sensor
can be deduced from the dipolar structure of the B-field
map. This is the expected result for position C3 and motor
activity. The four-detector trNIRS setup covering roughly an
area of 9 cm2 does not allow an accurate localization of the
cortical trNIRS response, but the different sign of ΔA at 690
and 830 nm is a typical signature of cortical activity. This
confirms that the positioning above the motor cortex was
successful.
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Figure 3: Pairwise CCFs of the measured modalities using the continuous time series, that is, including all rest/move cycles, for time lags
from τ = −15 to 15 seconds. Note the different y-axis of the bottom figure. The highest correlations are reached for CCF(B, EMGR) and
the curve is fairly symmetric with respect to zero lag (τ = 0 seconds). The correlations are slightly lower for CCF(B,ΔA) and the peak of the
curve is shifted to positive τ. Low correlations result for CCF(ΔA, EMGR) and the peak of the curve is shifted to negative τ.

For B almost all epochs show a response during finger
movement in the ST plots in Figure 1 and for ΔA the same
holds despite a larger variability. Note that the grey-scale
range in the ST plot for ΔA is five times larger than the
resulting average value. This is a consequence of the large
variability in the ΔA single responses, which is most likely
due to physiological noise. The overall stable responses in
the ST plots show that the time series extracted by ICA are
correctly attributed to the intermittent finger movements.
Most important is the immediate rise in the B signal
(neuronal response) at finger movement onset contrasting
with the much slower rise in the ΔA signal (vascular
response).

The ST plots and associated epoch averages of the
peripheral signals are shown in Figure 2. The sharp rise in the
EMGR after t = 0 seconds both in the ST plot and the average
shows the immediate start of finger movements. The heart
rate shows a rapid increase at the beginning of the finger

movement followed by oscillations around a constant value
and a slow decrease after the end of finger movements. In the
EMGR and the heart rate oscillations with a periodicity of
3 seconds to 4 seconds are visible in Figure 2. It is beyond
the scope of this work to investigate this effect in detail,
but preliminary cross-correlation results indicate coupling
between heart rate and EMGR.

3.2. Cross-Correlation. The pairwise CCFs of the full con-
tinuous time series covering all rest/move epochs are shown
in Figure 3 for the “signal triangle” consisting of B(dcMEG-
ICA), ΔA(trNIRS-ICA), and EMGR. For CCF(B, EMGR)
the maximum correlation is reached around τ = 0 seconds
with superimposed oscillations. For CCF(B,ΔA) the peak
of the curve is shifted to (positive) τ ∼ 2 seconds, which
means that ΔA has a phase lag towards B as the order of
the arguments is relevant for CCF(t) (see equation (1)).
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This phase shift is consistent with the data in Figure 1. The
peak of the CCF(ΔA, EMGR) curve is shifted to negative
τ, which is consistent with the immediate EMGR increase
following finger movement onset as can be seen in Figure 2
and the much slower signal change in ΔA in Figure 1. The
lower absolute correlation of CCF(ΔA, EMGR) compared to
CCF(B, EMGR) shows that the overall signal shape differs
more for CCF(ΔA, EMGR) again consistent with Figures 1
and 2. The peak shift to positive τ in CCF(B,ΔA) was seen
before in a preliminary investigation [7].

In Figure 4 the CCFs of the time series consisting of
the concatenated move windows are shown for the “signal
triangle” for two different τ ranges. The CCF(B, EMGR)
function in Figure 4 (top) shows rapid oscillations around
τ = 0 seconds and slower oscillations with a period of 4
seconds throughout the τ range. Such clear oscillations are
observed neither in CCF(B,ΔA) nor in CCF(ΔA, EMGR).
The detailed plot of CCF(B, EMGR) around τ = 0 seconds
(right column) shows that the rapid oscillations have a
periodicity of 0.5 seconds. These rapid oscillations could
be attributed to the coupling between neuronal signal and
each individual finger contraction. This interpretation is
consistent with the disappearance of the fast oscillations
with increasing τ. The naturally somewhat irregular rhythm
of individual finger movements for the duration of the
30-second move windows implies that only short range
temporal correlations exist. For larger τ possibly the envelope
of the finger contraction sequence is reflected in the CCF
as the periodicity of 4 seconds is in the expected range. In
CCF(B,ΔA) oscillations similar to the slow oscillations in
CCF(B, EMGR) are observed, which could be interpreted
as variations in vascular demand related to the envelope
of the finger movements. The 4-second periodicity of the
slow oscillations is not in contradiction to the time scale of
neurovascular coupling [1–3]. The indirect coupling from
EMGR to B and then to ΔA is apparently ineffective as
CCF(ΔA, EMGR) is rather small and irregular.

4. Conclusions

The synchronous triple measurement of dcMEG, trNIRS,
and EMGR enabled a CCF analysis on continuous time series
related to intermittent finger movements. The well-known
difference in transition time for vascular and neuronal
responses is reflected in a peak shift to positive τ for
CCF(B(dcMEG-ICA), ΔA(trNIRS-ICA)). The value of the
peak shift might serve as a parameter [13] to quantify
the temporal characteristics of neurovascular coupling. A
coupling on the basis of individual finger movements is
likely between EMGR and B as their CCF shows oscillations
at the finger movement frequency. This means that the
unmodulated dcMEG with the increased bandwidth up to
8 Hz represents both slow and faster neuronal processes.
The absence of apparent coupling between ΔA and EMGR
indicates that the vascular response does not follow the
individual finger movements. This is in agreement with
the temporal characteristics of neurovascular coupling [1–
3], that is, the peak shift in CCF(B,ΔA) here. The triple

measurement in combination with the signal extraction by
ICA and the CCF analysis allows a powerful coupling analysis
at several time scales. Future work will try to incorporate
spontaneous and induced fluctuations in the finger move-
ment intensity to characterize the temporal behavior and the
linearity of the coupling in a single experiment.
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The aim of this study is to present some practical state-of-the-art considerations in acquiring satisfactory signals for
electroencephalographic signal acquisition. These considerations are important for users and system designers. Especially choosing
correct electrode and design strategy of the initial electronic circuitry front end plays an important role in improving the system’s
measurement performance. Considering the pitfalls in the design of biopotential measurement system and recording session
conditions creates better accuracy. In electroencephalogram (EEG) recording electrodes, system electronics including filtering,
amplifying, signal conversion, data storing, and environmental conditions affect the recording performance. In this paper, EEG
electrode principles and main points of electronic noise reduction methods in EEG signal acquisition front end are discussed, and
some suggestions for improving signal acquisition are presented.

1. Introduction

Although basics of the electroencephalogram (EEG) mea-
surement in man have been the same since 1929, it was
first made by Hans Berger, the technological developments
give the opportunity to build much more sophisticated
acquisition systems regarding clinical needs and scientific
researches. The human brain generates electrical signals
called EEG signals which are related to body functions, and
this paper is about their acquiring. These signals are roughly
less than 100 μV and 100 Hz and can be measured with
electrodes placed on the scalp, noninvasively. Because of their
low amplitude due to the skull’s composition, the measure-
ment of EEG is more difficult than the other noninvasive
biosignal measurements such as the electrocardiogram, elec-
tromyogram, electrooculogram, and so forth. Having expen-
sive bio-signal recording systems cannot guarantee acquiring
proper signals. In that sense, some factors to acquire good
EEG signals should be considered in new designs and during
recording sessions. These major considerations are discussed
and some suggestions are presented in this paper.

In bio-signal recordings, electrodes are the initial ele-
ments which are used for converting biopotential signals due
to biopotential sources into electrical signals. Figure 1 shows

the simplified biopotential measurement. EEG electrodes
are usually made of metal and are produced as cup-
shaped, disc, needle, or microelectrode to measure intra-
cortex potentials. Silver chloride (AgCl) is preferred for
common neurophysiologic applications [1]. Because Ag is
a slightly soluble salt, AgCl quickly saturates and comes
to equilibrium. Therefore, Ag is a good metal for metallic
skin-surface electrodes [2]. Choosing the correct electrode as
well as preparation of the skin before recording affects the
accuracy of the measurements.

Another major factor is electronic noise which is quite
important for the bio-signal measurements. Electronic noise
can be caused by internal and external noise sources. The
internal noise sources are thermal (due to resistive compo-
nents), shot (due to semiconductor holes and diffusions),
flicker (due to contact pins), and burst (or popcorn, due to
impurities in semiconductors) noise [3]. The most impor-
tant external noise is caused by power-line interference.
It is clearly seen in spectral analysis at 50 Hz (or 60 Hz).
Between power lines and the subject there are capacitances
(parasitic and isolation). To extract biosignals precisely from
electronic noise requires efficient noise reduction methods
[3, 4]. Efficient analog and/or digital filtering are needed for
this purpose.
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Figure 1: Biopotential measurement via electrodes.

In the following sections, EEG electrodes as well as EEG
recording and design considerations are presented.

2. Materials and Methods

2.1. EEG Electrodes. Electrodes may be polarized (nonre-
versible) or nonpolarized (reversible). Polarization is avoided
since the chloride ion is common to both the electrode
and the electrolyte. Other metals such as gold or platinum
can be used for electrode fabrication but is costly. Polarized
electrodes tend to make significant capacitance, and this may
interfere with the transmission of underlying bio-signals.
These electrodes behave like a low-frequency filter (low-
pass filter). Non-polarized electrodes, such as those of AgCl,
are preferred for common neurophysiologic applications
[1, 2]. Normal Ag/AgCl electrodes need to be chlorinated
in time; however, sintered (making electrodes from powder,
by heating the material in a sintering furnace below its
melting point) Ag/AgCl electrodes do not need to be chlo-
rinated.

The EEG electrodes can be classified as disposable
reusable disc and cup shaped (EEG caps), subdermal needles
(single-use needles that are placed under the skin), and
implanted electrodes (to precisely pinpoint the origin of
seizure activity). Needles are available with permanently
attached wire leads, where the whole assembly is dis-
carded, or sockets that are attached to lead wires with
matching plugs. They are made of stainless steel or plat-
inum. Some of EEG electrodes can be used for special
applications. For example, implanted EEG electrodes also
can be used to stimulate the brain and map cortical
and subcortical neurological functions, such as motor or
language function, in preparation for epilepsy surgery.
Infection must be considered a major risk of implanted EEG
electrodes.

In a noninvasive electrical brain signal measurement,
there is an interface material between the electrode and the
skin. This material is an electrolyte and can be in EEG gel
or paste form. The electrophysiological activity caused by a
biopotential source is a current source that causes current
flow in the extracellular fluid and other conductive paths
through the tissue.

Tissue

Biopotential
source

Electrode-tissue interface

Rt Ret

R’et

Cet

C’et

From electrode
side

Figure 2: Simplified equivalent circuit of biopotential source and
electrode-tissue interface from electrode. Biopotential source as
a current source and tissue resistance is shown Rt. Cet and Ret
electrode-tissue equivalent elements may change for each electrode
contact.

A cup-shaped electrode provides enough volume to
contain an electrolyte, including chlorine ions. In these elec-
trodes, the skin never touches the electrode material directly.
The electrode-tissue interface has impedance depending on
several factors. Some of these factors are the interface layer
(such as skin preparation, fat mass, hair, etc.), area of
electrode’s surface, and temperature of the electrolyte. The
electrode-tissue contact can be modeled as in Figure 2. As
it is seen from the figure, the electrode-tissue interface not
only is resistive but consists of capacitive elements too. This
is important for the frequency dependency of the electrode-
skin contact.

Because of the interaction between metallic electrode
and electrolyte, the ions accumulated as parallel plates. Ion-
electron exchange occurs between the electrode and the
electrolyte. This exchange results in voltage and it is called the
half-cell potential. Because of this potential, in some cases,
biopotential amplifiers must tolerate up to ±300 mV. This
value depends on the electrode and electrolyte materials.
This can be explained by the Nernst Equation, simply, as

ε = ε0 − 0, 05916
ne

logQ. (1)

Here, we have ε: Half-cell potential (V), ne: Transported
electron (mol number), and Q: Rate of inside and outside
ions: Q = [IonsInside]/[IonsOutside].

In clinical EEG recordings, 10/20 Electrode Placement
System is a standard and in general, it has been used for many
clinical or research applications [5]. Although there are 75
locations in this system, 8 to 32 electrodes may be sufficient
for clinical applications. 8 channels can also be sufficient for
some Brain Computer Interface (BCI) applications; on the
other hand, for Electrical Source Imaging (ESI) more than
100 channels are required. Electrodes are positioned over
the frontal, temporal, parietal, and occipital lobes, and odd
and even numbers refer to the left and right hemispheres,
respectively. Because of the requirements, another placement
system is 5% electrode placement and 345 locations are
determined [6], but it is not a common standard.
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(a) Ag-AgCl electrodes (b) Active electrodes (c) Intra-cortical electrode
array

(d) EEG caps (left to right: Standard: 256-ch., (me) (Neuroscan) [7], (Neuroscan) [7], (EGI) [8], Active; (Biosemi) [9],
Hydrocel (EGI)) [8]

Figure 3: Commercially available EEG electrodes and cap samples; (c) is for invasive applications.

2.2. EEG Recordings. In the EEG system, as a non-invasive
application, the electrodes are placed on the scalp, and a
sufficient number of electrodes may be 1 to 256 (or more
in near future) placed on EEG cap for easy application.
To provide ionic current and to reduce contact impedance
between the electrode surface and the scalp, EEG gel or
paste must be used together for proper skin preparation.
In biopotential measurements, the most important point is
preserving the biosignal’s originality. The contact impedance
should be between 1 kΩ to 10 kΩ to record an accurate
signal. Less than 1 kΩ contact impedance indicates a possible
shortcut between electrodes; on the other hand, impedance
greater than 10 kΩ can cause distorting artifacts.

Drying the gel or paste in time, as well as the subject’s
perspiration and movements (eye blinks, muscle movements,
heart beats, etc.), can easily affect the measurement perfor-
mance negatively. Because of these reasons, recording time
is generally limited for several hours. For long periods of
time or ambulatory EEG recordings, additional requirements
are necessary to make patients more comfortable and to
allow for consistent system performance. High-resolution
applications such as ESI or wireless data transfer also require
a different approach for the design of the novel electrodes.
To reduce the skin preparation time and to measure the bio-
signals more accurately, several approaches are attempted
for electrode fabrication. For example, multiarray thin film
electrodes are developed especially for different depth in
operational applications [10]; nitride-covered steel is used
as an electrode and there is no need for EEG paste to
result in successful recordings [11]. In the last few years,
active electrode (small or unity gain amplifier close to
electrode) research is gaining popularity. With these types
of electrodes, without the use of electrode gel and with
much more skin preparation, noise reductions are reported
[9, 12–14].

In commercial applications, apart from classical cup-
or disc-shaped electrodes and active electrodes, another

approach is used to reduce preparation time (by EGI’s
HydroCel Geodesic Sensor Net). In this approach, scalp
preparation and abrasion are not required. Because the soft
pedestal design of the chamber creates a sealed environment,
it hydrates the skin and creates an interface between the
skin and electrode. Application times for the sponge-based
HydroCel Geodesic Sensor Net that range between 5 minutes
for 32 channels to 15 minutes for 256 channels are reported
[8]. In practical consideration, at least 45 minutes are
required for the electrode while 15 minutes are reasonable in
skin preparations for the 256-channel cup-shaped electrode
cap. Figure 3 shows some EEG electrodes and caps com-
mercially available. In this figure several examples as non-
invasive electrodes and EEG caps as well as one intracortical
electrode array are shown.

Another approach for fabricating EEG electrode is dry
electrode (Figure 4). This type of electrode does not need
an extensive set-up time, and it is convenient for long-
term recordings. These properties are advantageous for BCI
and neurofeedback applications. As an example, in order
to design dry electrode, 1.5 mm thick silicone conductive
rubber-shaped discs of 8 mm diameter are used. The active
side of the electrode is capacitive and coupled through a layer
of insulating silicon rubber with a metal shield wired to the
active guard shield. The impedance of the realized electrodes
at 100 Hz is greater than 20 MΩ with a parasitic capacitance
smaller than 2 pF [15].

For under cortex applications intra-cortical electrodes
are used. One of these types of electrodes (The Utah Intra-
cortical Electrode Array) is an array of 100 penetrating silicon
microelectrodes designed to electrically focus stimulation
or record neurons residing in a single layer up to 1.5 mm
beneath the surface of the cerebral cortex [16]. Each electrode
of the intra-cortical array electrode is 1.5 mm long, 0.08 mm
wide at the base, and 0.001 mm at the tip.

Each type of electrode should be used with a successful
electronic circuit. In Figure 5 EEG electrode and initial signal
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Figure 4: A dry electrode principle.

acquisition examples are shown. Recording environment
conditions, contact impedance value and its stability, ampli-
fication method (ac or dc), and recording time must be
considered. In the next subsection design considerations are
explained, briefly.

2.3. The Design Considerations. In EEG recordings, as the
other bio-signal measurements, one of the major problems
is the 50 (or 60) Hz noise due to power lines. Between power
lines and the subject there are capacitances (parasitic and iso-
lation). Electromagnetic interference (EMI) ways are shown
in Figure 6. The environmental factors influence the subject
and measurement system. For example, a fluorescent lamp
1-2 m away from the measurement system interferes with
the measuring signal as several kHz peaks. The interference
signal may be half of the power line noise. In the same way,
other electrical or electronic devices may interfere with the
bio-signal measurements.

The dc component of the common mode signal is about
several thousand, volts and the ac component may be about
1 V. This value may be in mV scale when the subject’s body
is grounded with earth ground and may be as high as 20 V
when power line is held [17]. Electrostatic discharge (ESD)
and defibrillator should be considered in electronic design.
Protection for these must be provided for patient/subject
and also initial active components. To reduce common
mode signal effects, the instrumentation amplifiers having
higher common mode rejection ratio (CMRR) must be
used [18, 19]. Some research studies related to biopotential
design report that 80–136 dB CMRRs are obtained [20–
23]. To reduce isolation capacitance effects, battery powered
operation is efficient [9].

In order to guarantee the subject/patient safety, leakage
current should be less than the levels determined by IEC
601-1. According to this regulation, leakage current must be
less than 10 μA in normal conditions, while regarding the
connection to the main power supply, 50 μA is allowable.

Biopotential amplifiers can be dc coupled or ac coupled.
In design strategy, dc or ac coupling and filtering (hardware
or software) decisions are the initial steps for the biopotential
measurement system designer. For ac amplification more
than 10 bits digital resolution may be enough. However,
for dc amplification, because number of effective bits is
decreased, more than 20 bits are necessary for the analog
digital converter (ADC). For high digital resolution sigma-
delta technology ADC is one of good solutions [22, 23].

The input amplifier circuit is presented in Figure 7. It
can be used wired electrodes (classical approach) or close
to electrodes (active electrode approach). After the tests, it is
observed that the circuit can be used for EEG, EOG or EMG
signal measurements. This amplifier’s gain is 16, and it does
not cause biopotential amplifier saturation, and its CMRR is
102 dB under no shielding conditions or EMI protection.

3. Discussions

Acquiring EEG signal properly means mainly safety, bio-
signal measurement with higher Signal to Noise Ratio (SNR)
and no data loss. The major points that the author briefly
proposed for the entire recording process are the following.

(i) Subject/Patient Safety. Because of the leakage current
from system electronics and defibrillator (if used), sub-
ject/patient safety should be provided. Subject/patient and
front-end circuitry and earth grounds should be separated
(i.e., analog and digital grounds). Increasing the isolation
mode rejection ratio of the amplifier reduces the influence
of isolation mode voltage.

(ii) EMI Protection. Operation of electrical or electronic
devices and especially fluorescent lamps near the recording
set-up is prohibited. Otherwise acquired EEG signals are
distorted and the signal corrupted with noise. Using instru-
mentation amplifier can help getting rid of this problem.

(iii) No Subject/Patient Muscular Movements. Muscular
movements (i.e., EMG-related contamination) such as eye
blinks, clenching teeth, movement of shoulders or legs, and
so forth affect EEG signal acquisition, badly. These cases may
cause wrong comments on the signals and signal processing
error.

(iv) ESD Protection. Active electronic components must
have greater than 2000 V ESD protection. No ESD protection
may cause damage of active electronic components and may
cause serious problem for subject/patient.

(v) Efficient Grounding. Metal cases must be connected
to metal plate/rod buried under ground. Proper grounding
technique helps to reduce noise therefore increasing SNR.

(vi) Electrodes. Choosing correct electrode and montage
should be decided regarding clinical or research application
purposes. In addition to availability of commercial standard
or active types, electrodes can be made such as capacitive
coupling or dry electrode. Number of electrodes and their
placement is also important for the application.

(vii) Electrode Contact Impedance. Contact impedance
value must be between 1 kΩ and 10 kΩ for classical elec-
trodes. Less than 1 kΩ contact impedance indicates prob-
able shortcut between the electrodes. Greater than 10 kΩ
contact impedance prevents acquiring EEG signals. Before
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Figure 6: Electromagnetic interference (EMI) ways (for the
capacitance values [9]). Arrows show the interference currents. (I)
Voltage due to magnetic field to electrode cable loop is illustrated.
(II) Displacement current on subject head due to electrical field
causes voltage drop across electrodes. (III) Displacement current
on subject body due to electrical field causes voltage drop across
electrodes. (IV) Additionally, this current causes voltage between
measurement electrode and amplifier common pin [24].

measurement, contact impedance should be measured, and
EEG trace should be observed while recording. Using todays
technology, high input impedance (>1 GΩ) amplifier chips
and active electrode approaches decrease dependency of
the contact impedance. To acquire proper signal, electrodes
should not be moved. Otherwise it causes fluctuation of the
EEG signal, and spikes on it.

(viii) Noise Immunity. Noise reduction techniques must
be considered in electronic circuitry and printed circuit
board design. Electronic cards and connection cables should
be placed in a metal box to reduce electronic noise as much
as possible. Using twisted, blended, and driven signal cables
gives good results. Because EEG signals are low amplitude
μVs, they are very sensitive to electronic noise. Electronic
noise should be less than 2 μV (peak-to-peak).

(ix) Environmental Conditions. If the EEG system is
combined with magnetic resonance imaging, it must be
compatible for operating under a high magnetic field.
Similarly, if the EEG system is used in an operation room
while surgery, it should not be affected under high electronic
noise conditions such as electro-cautery. Recording must be
stable and ambient temperature should not affect system
performance. System performance should be independent of
reasonable temperature fluctuations.

(x) Reduction for Common Mode Signals. To reduce
common mode signals, it is necessary to use instrumentation
amplifier having greater than 80 dB CMRR. This is important
for high SNR signal acquisition.
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(xi) Recording Mode. Designer or user should decide the
recording mode regarding their applications. EEG recordings
can be bipolar (differentiated two close electrode signal),
unipolar (differentiated common reference), or using aver-
aged reference. Clinical or research applications require
different recording modes.

(xii) Reference and Ground Electrode Position. Especially
reference electrode placement is important for some appli-
cations. In general reference electrode is placed on vertex;
ground electrode is placed on left or right (or together) ear.

(xiii) Preserving the Biosignal Originality. Linear and
distortionless amplification must be provided. Otherwise
signal processing (detection, pattern recognition, feature
extraction, classification, and averaging, etc.) performances
may decrease.

(xiv) Avoiding Amplifier Saturation. If the amplifier
circuits saturate, analog signal loss is inevitable. Amplifier
saturation is caused by high input signal, mainly due to
electrode movements. In ac amplification, amplifier which
is used before high-pass filtering must be fixed for optimum
gain to avoid saturation level. If dc amplification is preferred,
there is no amplifier saturation risk; on the other hand,
number of efficient bit resolution is decreased.

(xv) Cross-Talk Rejection. For multichannel systems,
cross-talk rejection must be high enough. Otherwise, chan-
nels can be affected from other channels; therefore, artifact
exists.

(xvi) Input Impedance. Input impedance of the circuit
must be high enough. For dc signals greater than 1 GΩ input
impedance value gives good results. Low input impedance
causes load of bio-signal source, and it causes damaging of
the signal.

(xvii) Input Bias Current. Input bias current of the
input amplifier must be as low as possible (pA). If bio-
signal sources are loaded by input amplifier, it also causes
distortion.

(xviii) Frequency Band. Selecting the proper filter band
(at least band width must be 0.5 Hz–70 Hz) is important to
acquire signal. This is also important for digitizing and data
storing. Sufficient (and optimum) sampling rate (>140 Hz)
and transfer rate should be provided. Dc level should

be removed for efficient signal conditioning/processing in
hardware or in software.

(xix) Digitization. Sufficient (and optimum) digital reso-
lution (>10 bits for ac amplification, >20 bits for dc ampli-
fication) must be provided for analog to digital converter
(ADC). If low digital resolution is used, the quantization
error increases.

(xx) Same Sampling Instants. If the multichannel system
is designed (or used), there must be no time delay between
channels. For an analog multiplier, this may be a problem,
however, not for a digital multiplier. To sample at the same
time instants, sample and hold circuits should be used. If
each analog channel has its own ADC, this can be made with
ADC control signal timing.

(xxi) Recording Time. Sufficient (and optimum) record-
ing time is necessary. Long-time recording (more than
2 hours) causes artifacts due to drying gel, perspiration
and creating of anxiety in subject/patient. On the other
hand, insufficient recording time causes insufficient data
acquisition.

(xxii) User Friendly. The system hardware and software
must be well integrated and must have user friendly interface.

(xxiii) Low Power Consumption. This is important for
especially battery-powered systems.

(xxiv) Low Cost. The system should be cost effective, and
components must be available.

4. Conclusion

There are major points that should be considered to
improve the measurement performance in the design of
the bio-signal measurement system or recording session.
Specifically choosing the correct electrode, skin preparation,
and reduction of power line noise are the important issues
for EEG recordings. To reduce electromagnetic interferences,
a metal box for electronic circuits, a shielded (Faraday cage
principle) recording room, and guarding (driven or not) for
common mode signal reduction are the efficient methods.
The performance of the bio-signal measurement system
depends on the electrodes, electronic circuitry, and recording
conditions. Choosing the correct electrode and successful
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electronic design strategy are essential to acquire EEG signals,
properly.
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Background. Magnetic Resonance (MR) diffusion tensor imaging (DTI) is able to quantify in vivo tissue microstructure properties
and to detect disease related pathology of the central nervous system. Nevertheless, DTI is limited by low spatial resolution
associated with its low signal-to-noise-ratio (SNR). Aim. The aim is to select a DTI sequence for brain clinical studies, optimizing
SNR and resolution. Methods and Results. We applied 6 methods for SNR computation in 26 DTI sequences with different
parameters using 4 healthy volunteers (HV). We choosed two DTI sequences for their high SNR, they differed by voxel size and
b-value. Subsequently, the two selected sequences were acquired from 30 multiple sclerosis (MS) patients with different disability
and lesion load and 18 age matched HV. We observed high concordance between mean diffusivity (MD) and fractional anysotropy
(FA), nonetheless the DTI sequence with smaller voxel size displayed a better correlation with disease progression, despite a slightly
lower SNR. The reliability of corpus callosum (CC) fiber tracking with the chosen DTI sequences was also tested. Conclusion. The
sensitivity of DTI-derived indices to MS-related tissue abnormalities indicates that the optimized sequence may be a powerful tool
in studies aimed at monitoring the disease course and severity.

1. Introduction

Magnetic Resonance (MR) diffusion tensor imaging (DTI)
allows in vivo examination of the tissue microstructure,
obtained by exploiting the properties of water diffusion. The
DT computed for each voxel allowed us to calculate the mag-
nitude of water diffusion, reflected by the mean diffusivity
(MD) and the degree of anisotropy, which is a measure of
tissue organization, expressed as an a-dimensional index,
such as fractional anisotropy (FA) [1]. The pathological
elements of multiple sclerosis (MS) have the potential to alter
the permeability or geometry of structural barriers to water
diffusion in the brain. Consistent with this, several in vivo
DTI studies have reported increased MD and decreased FA
values in T2-visible lesions, normal-appearing (NA) white
matter (WM), and grey matter (GM) from patients with
MS [2]. Combined with fibre tractography techniques, DTI
reveals WM fibers characteristics and connectivity in the
brain noninvasively. In MS, tractographic reconstruction has
to deal with a general FA reduction in normal appearing

white matter (NAWM) and a high FA reduction in lesions
with high structural loss [2–5].

The best acquisition and postprocessing strategies for
DTI sequences in the disease, especially in MS, are still a
matter of debate [2, 6, 7].

The Signal-to-noise ratio (SNR) of an image is a fun-
damental measure of MRI-scanner hardware and software
performances, because it provides a quantitative evaluation
and comparison among signal and noise levels of different
imaging and reconstruction methods, sequence parameters,
radio frequency coils, gradient amplitudes, and slew rates.
Since DT is reconstructed through evaluations of loss of
signal in diffusion-weighted images in comparison with
reference b = 0 s/mm2 images, this technique is vulnerable to
poor SNR values: the background noise level close to the low
diffusion weighted signal would overestimate the signal itself
and consequently underestimate the magnitude of diffusion.
The SNR of the b = 0 s/mm2 images should be at least 20 to
obtain unbiased DTI-derived measures. Many methods for
SNR evaluation in MR images are available and they differ
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for the estimation of the noise variance. They are commonly
subdivided into two classes: single magnitude image methods
derive the noise from a large, uniform background region
[8, 9]; pair of images methods are based on two acquisitions
of the same image [10–13]. The latter methods estimate the
noise in the image obtained as the difference of the two
acquired images, in a region positioned in the background or
in the object of examination. These methods were not used
for diffusion weighted evaluations, but only for conventional
(T1,T2) imaging and validated on phantoms.

Against this background, the first aim of this study is
the optimization of DTI sequence parameters, in order to
produce images with high SNR, with a short acquisition
time and a voxel size appropriate for tractography. The SNR
was computed in brain images obtained with different DTI
sequence parameters.

The second aim is the choice of the DTI sequence giving
the best differentiation between HV and patients with MS.

The third aim is to ascertain whether these sequences
enable us to track the corpus callosum (CC) fibers in MS
patients [14–16].

A preliminary validation of the method will be shown on
a group of MS patients with varying progression levels of the
disease compared with an age-matched group of HV.

2. Material and Methods

2.1. Subjects. To obtain the optimization of SNR parameters,
we performed a preliminary analysis on 4 HV (male/female
= 2/2), mean age (range) = 44.75 (28–61) years).

To obtain the DTI sequence with the best differenti-
ation between HV and MS patients we acquired 18 HV
(male/female = 10/8, mean age (range) = 43.11 (24–50)
years) and 30 MS patients (male/female = 8/22, mean age
(range) = 45.03 (26–68) years, median EDSS (range) = 5.0
(2–8), median (range) disease duration = 13.5 (2–34) years),
of whom 13 with relapsing-remitting (RR) MS and 17 with
secondary progressive (SP) MS.

2.2. MRI Acquisition. MR scans were performed using a 1.5
T Siemens Magnetom Avanto scanner (Erlangen, Germany)
in the Radiology Department of Fondazione Don Gnocchi
ONLUS, IRCCS S. Maria Nascente, Milano (Italy).

Twenty-six DTI sequences with different parameters were
tested on 4 HV for the preliminary analysis. Changed param-
eters were pixel size (from 1.87 to 2.5 mm2), slice thickness
(from 1.9 to 2.8 mm), b-value (900 s/mm2, 1000 s/mm2,
1500 s/mm2, 2000 s/mm2), echo time (TE) (from 83 to
110 ms), and repetition time (TR) (from 6500 ms to
7800 ms).

The following reference sequences were applied on all 48
subjects of the study:

(a) dual-echo turbo spin echo (TSE) (TR = 2650 ms,
TE = 28/113 ms, echo train length (ETL) = 5; flip
angle = 150; 50 interleaved, 2.5 mm-thick axial slices,
matrix size = 256 × 256 and a field of view (FOV) =
250 mm);

(b) three-dimensional (3D) T1-weighted magnetisation-
prepared rapid acquisition gradient echo (MP-
RAGE) (TR = 1900 ms, TE = 3.37 ms, TI = 1100 ms,
flip angle = 15◦, 176 contiguous, axial slices with voxel
size = 1× 1× 1 mm3, matrix size = 256× 256, FOV =
256 mm, slab tick = 187.2 mm).

The following two DTI sequences were also applied, as a
consequence of the previous screening on 4 HV:

(i) (DTI-A): pulsed-gradient spin-echo echo planar
pulse sequence without SENSE (TR = 7000 ms, TE
= 94 ms, 50 axial slices with 2.5 mm slice thick-
ness, acquisition matrix size = 128 × 96; FOV =
320 × 240 mm) with diffusion gradients (b-value =
900 s/mm2) applied in 12 noncollinear directions;

(ii) (DTI-B): pulsed-gradient spin-echo echo planar pul-
se sequence without SENSE (TR = 6500 ms, TE
= 95 ms, 40 axial slices with 2.5 mm slice thick-
ness, acquisition matrix size = 128 × 128; FOV =
240 × 240 mm) with diffusion gradients (b-value =
1000 s/mm2) applied in 12 noncollinear directions.
Two acquisitions for each set of diffusion gradients
were performed, in order to improve SNR. Acquisi-
tion time is compatible with clinical protocols: 3′09′′

for the first sequence (DTI-A) and 2′56′′ for the
second (DTI-B).

The main differences between the first and the second DTI
sequences were b-value (900 s/mm2 versus 1000 s/mm2),
pixel size (2,5 mm × 2,5 mm versus 1,88 mm × 1,88 mm),
and TR (7000 ms versus 6500 ms).

DTI-B had 10 slices less than DTI-A; so it covered 25 mm
less in the craniocaudal direction. Since our clinical aim is
to analyze the microscopic changes of CC due to the MS
pathology, we positioned DTI-B group of slices (slab) with
the same centre and orientation of DTI-A slab, and then
we moved it upward of 12,5 mm (25/2 mm) in the cranial
direction. So, the two DTI had the last slice with the same
position and orientation.

2.3. Methods for SNR Computation. All the 26 sequences
were automatically analyzed with a home-made Matlab
script, which computed SNR with six different methods for
every slice of every volume (two b0 volumes, not diffusion-
weighted, and twenty-four diffusion-weighted volumes) and
plotted SNR-to-slice (Figure 2).

In all of the 6 methods, the signal (S) is evaluated as
the 2D mean intensity in a region of interest (ROI) of
10 × 10 = 100 pixels with maximum uniform brain signal,
automatically extracted for every slice (red ROI, Figure 1(a)).
Instead, for the estimation of noise, single and multiple
images methods were used. Even if the multiple images ones
are relatively insensitive to structured noise such as ghosting,
ringing, and direct current (DC) artifacts, a perfect geomet-
rical alignment of the images and temporal steadiness of the
imaging process are strict requirements. For this reason, cor-
responding volumes of the two subsequent acquisitions were
previously coregistered with statistical parametric mapping
(SPM)5 (http://www.fil.ion.ucl.ac.uk/spm/).
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(a) (b)

Figure 1: ROIs superimposed on 25th slice of the DTI-A 6th diffusion direction (a) and on image obtained by the difference of two
acquisitions of the same image (b). The red ROI is for the evaluation of signal (for all the methods) and for the evaluation of noise standard
deviation in methods 1 and in double image methods 2, 5; the green ROI is for the evaluation of noise in single image methods 3, 4, 6.
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Figure 2: Comparison of DTI-A SNR obtained with method 4 and
method 6. The mean SNR for b /= 0 s/mm2 images is plotted for
every slice.

Method 1—Single ROI for Signal and Noise, Single Image.
The noise was evaluated in the same ROI used for the S (see
above). SNR is computed with (1) [17]:

SNR1 = S

σ
, (1)

where σ is the 2D standard deviation (SD) of pixel intensity
in the ROI.

Method 2—Single ROI for Signal and Noise, Difference of
Images. The noise was evaluated in the image obtained from
the difference of two subsequent acquired images as the 2D
SD of the intensities in the same ROI used for the signal
S. Noise ROI must be positioned in tissue with sufficiently
high SNR and not in the image background, because the
noise within the ROI in the difference image is assumed to
be Gaussian distributed.

SNR was then computed with (2) [17–21], where the
factor

√
2 is due to the property of the addition of the

variances when two images are added or subtracted:

SNR2 =
√

2S/σ , (2)

where σ is the 2D SD of pixel intensity in the ROI.

Method 3—Noise Estimated on Air (SD), Single Image.
The noise was estimated in a ROI of 20 × 20 = 400
pixels, extracted from background (air) (Figure 1(a)), paying
attention to put it far from ghosting and filter artifacts, visible
as an increased signal near image edges. Since MRI noise in
the air follows Rayleigh distribution, the apparent SD of the
noise underestimates the true SD by approximately 0.655.
Therefore, the SNR was obtained by (3) [9, 20, 22] as

SNR3 = S

SD(true.noise)
= 0.655

S

SD
(
apparent.noise

) . (3)

Method 4—Noise Estimated on Air (Mean Value), Single
Image. The standard deviation of noise was estimated from
a ROI of 20 × 20 = 400 pixels, extracted from background
(air). Since MR noise in the air follows Rayleigh distribution,
the mean value of the signal in the second ROI (μair) is equal
to the SD of the noise, multiplied for the coefficient

√
π/2.

So, SNR was computed with (4) [17, 20]:

SNR4 =
√
π

2
· S

μair
. (4)

Method 5—Single ROI for Signal and Noise, Difference of
Images. This method was similar to the method 2. We
considered two images (A and B) obtained from two
subsequent acquisitions of the same slice. The signal was the
mean value of the pixels in a ROI on the first image (A).
Then, we considered a second ROI on the second image (B),
located as the first ROI in the first image. The SD of the noise
was evaluated in the same ROI position and computed as
suggested by Ogura et al. [17] with (5):

σ =
√
τ2

ROIA-ROIB + τ2
ROIB-ROIA + 2 · νROIB-ROIA · νROIA-ROIB,

(5)

where τ was the standard deviation and ν was the mean value
of the pixel in an image obtained as the difference of image A
minus image B (ROIA-ROIB) or vice versa.

Method 6—Estimation of Noise Variance from the Background
Histogram Mode, Single Image. Since MRI noise in the air
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follows Rayleigh distribution, the noise variance can be
estimated by searching for the magnitude (m) value at which
the background histogram attains a maximum (mmaxair):
noise SD was estimated as the mode of the Probability
Density Function histogram [12, 23] in a background ROI
of 20× 20 = 400 pixels and the SNR was computed with (6):

SNR6 = S

σair
= S

mmax (air)
. (6)

2.4. Postprocessing of Conventional Imaging. Lesions were
segmented on proton-density(PD)-weighted images, using
the corresponding T2-weighted images to increase confi-
dence in lesion identification. Then, lesion volume (ml) was
calculated and segmented lesions were used for masking
DTI (see Section 2.5), using Jim software package (Jim 5.0,
Xinapse System, Leicester, UK).

3D-T1 MP-RAGE images were automatically segmented
to GM, WM and cerebrospinal fluid (CSF), using SPM5
(http://www.fil.ion.ucl.ac.uk/spm/) and maximum image in-
homogeneity correction [24]. An home-made Matlab script
was used to classify each pixel as GM, WM or CSF, dependent
on which map had the greatest probability at that location:
this produced mutually exclusive masks for each tissue.

2.5. Post Processing of Diffusion Tensor Imaging. DTI data
were corrected for eddy-current distortion by FSL package,
which registered the 12 diffusion-weighted volumes to the
b0-volume, with a Mutual Information- (MI-) based non-
linear transformation. Then diffusion gradient directions
were corrected for scanner settings (i.e., slice angulation,
slice orientation, etc.) and diffusion tensor was determined
for each voxel using the freely available Diffusion Toolkit
software, version 0.4.2 (http://www.trackvis.org/) with linear
least-squares fitting method [25]. The tensors were then
diagonalized, obtaining eigenvectors, eigenvalues, MD, and
FA maps.

ROIs of lesions individuated on T2-images were masked
out from MD and FA maps, in order to estimate NAWM
damage.

GM and WM mutual exclusive masks were superimposed
to MD and FA maps, and the corresponding histograms were
produced. The erosion of the first-line outer voxels from the
mutual exclusive masks excluded the contribution of partial
volume effect from the surrounding CSF to the observed GM
and WM diffusivity changes and WM anisotropy changes.
Average MD was computed for GM and NAWM. Average
FA was derived only for the NAWM, since no preferential
direction of water molecular motion is expected to occur in
the GM, due to the absence of a microstructural anisotropic
organization of this tissue compartment.

2.6. Fiber Tracking. The reliability of fiber tracking with the
2 DTI sequences was tested using Diffusion Toolkit v0.4.2
(http://www.trackvis.org/) and visualized by the freely avail-
able software TrackVis v0.4.2 (http://www.trackvis.org/). The
brute force approach and deterministic streamline-based
fiber tracking were used, with FA-map as masking image and
angle termination of 35◦. For track selection, the one-ROI
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Figure 3: SNR computed with method 4 for images obtained with
two repetitions of 12 DTI gradient directions. DTI-A (b-value =
900 s/mm2, 50 slices) (red) is compared with DTI-B (b-value =
1000 s/mm2, 40 slices) (blue). Note that DTI-B has been obtained
with the last slice (z direction from feet to head) positioned as the
last slice of DTI-A slice group.

approach was used: CC was identified and segmented in the
three mid-sagittal adjacent slices of FA-map [26].

FA and MD histograms were derived for CC fiber tracts
(CC-FA and CC-MD).

2.7. Statistical Analysis. A graphical display allowed to
compare the six methods of SNR estimation and the quality
of the sequences in terms of SNR.

We estimate the intraclass-correlation coefficients bet-
ween the 2 DTI sequences used in the study, regarding the
values of NAWM-FA, NAWM-MD, and GM-MD of all the
48 subjects (HV and MS patients).

Spearman’s correlation coefficient (SCC) was assessed
to estimate the correlation between DTI-derived measures
(NAWM-FA, NAWM-MD, GM-MD, CC-FA, and CC-MD)
and the subjects’ condition (HV, RRMS, SPMS).

3. Results

3.1. Analysis of SNR. As expected, the six SNR evaluation
methods gave different absolute numerical values. Never-
theless, the changes through slices (Figure 2) and through
different volumes were in good agreement, as the ranking of
the performances of the different sequences (Figures 3, 4).

SNRs were plotted for sequences ordered by ascending
voxel size and with the same b-value, TE and TR: this kind of
graphical representation showed clearly the increase of SNR
with the increase of the voxel size. A similar representation
was done for sequences with the same parameters but the b-
value, giving the result of SNR decreasing with the increasing
of the diffusion-sensitivity coefficient, in particular the SNR
estimated on images obtained from sequences with b-value
of 1500 s/mm2 was 20% less than the SNR of sequences with
b-value of 1000 s/mm2. The same analysis confirmed that the
minimum TE feasible for the MR-scanner had to be selected,
as expected, since DTI is T2 weighted.

The sequence with the highest SNR by all methods was
DTI-A, which is characterized by parameters in the range
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Figure 4: SNR computed with method 6 for images obtained with
two repetitions of 12 DTI gradient directions. DTI-A (b-value =
900 s/mm2, 50 slices) (red) is compared with DTI-B (b-value =
1000 s/mm2, 40 slices) (blue). Note that DTI-B has been obtained
with the last slice (z direction from feet to head) positioned as the
last slice of DTI-A slice group.

Table 1: Intraclass correlation coefficient between measures derived
from DTI-A and DTI-B.

DTI-derived metric Intraclass correlation coefficient

GMMD 0.95

NAWMMD 0.99

NAWMFA 0.91

recommended by Pagani et al. [27] for multicentre MS
trials.

Another sequence (DTI-B) was selected for the high SNR
between those of pixel size of about 1 × 1 mm2. DTI-B SNR
is lower than DTI-A SNR, less than 15%.

The SNR comparison of the two selected sequences is
shown in Figures 3 and 4: only two SNR computational
methods are shown (method 4 in Figure 3 and method 6 in
Figure 4), but in both figures it is clear that DTI-A produces
images with higher SNR, with near constant differences
among slices.

3.2. Statistical Comparison of Microstructural Indices of
Fiber Integrity, Derived from Two Sequences. The intraclass-
correlation coefficients ranged from 0.91 to 0.99, showing
high concordance of the parameters derived from DTI-A and
DTI-B (Table 1).

The SCC showed that both DTI sequences separated HV
from RRMS and SPMS patients, but that SCCs between DTI-
B were higher than those between DTI-A (P < .01) and
subjects’ condition as shown in Table 2.

3.3. Fiber Tracking. (i) Tractography algorithm was obtained
with both the selected DTI sequences for all HV (in Figure 5
an example of CC tractography obtained with DTI-A is
shown).

(ii) Tractography algorithm was obtained with both
the selected DTI sequences for 28 of the 30 MS patients

Table 2: Spearman’s Correlation Coefficient between DTI-derived
measures and the subjects’ condition.

DTI-derived metric
Spearman’s Correlation Coefficient

DTI-A DTI-B

GMMD 0.57 0.68

NAWMMD 0.47 0.64

NAWMFA −0.60 −0.70

CC-MD 0.63 0.78

CC-FA −0.80 −0.84

(Figure 6) but failed in two patients with a high number of
lesions in CC.

4. Discussion

In this study we improved the quality of DTI sequences,
looking for a compromise between SNR and spatial res-
olution. SNR values computed with different methods
showed different bias and sensitivity to the noise level: this
observation has to be further investigated. Despite that, at
the aim of the present work, all methods were in accordance
with the whole data set in pointing sequences DTI-A and
DTI-B as the best ones without exception (SNR DTI-A
> SNR DTI-B). These concordant evaluations allowed us
to produce an automatic DTI sequences quality evaluation
and to preliminary select two DTI sequences among 26.
The two selected sequences had the best trade-off between
SNR, voxel size, and diffusion sensing. Even if DTI-B has a
lower SNR compared to DTI-A, the loss of maximum 15%
in SNR was compensated by a higher resolution, which is
a key element in determining tractographic reconstruction
quality [7]. Both DTI sequences chosen through SNR-based
evaluation are feasible for clinical protocols because of the
acceptable acquisition time (about 3′).

The optimum result is the production of CC individual-
based tractography in 28 of 30 patients, with fiber tracts
reconstructed even if they passed through a lesion. Both
focal and diffuse alterations of tissue organization, which
result in a decreased anisotropy and a consequent increase
in uncertainty of the primary eigenvector of the DTI, are
the well-known cause of the failure of tractography in MS
in the previous studies [2, 28]. As previously described
[7], the number of fibers decreases and tractography stops
erroneously when SNR decreases. The improvement of
SNR contributed on making possible the fiber bundles
reconstruction. The high SNR is also fundamental for a
better evaluation of MD and FA. Indeed, both of them are
underestimated when SNR is low [29].

In order to increase SNR, more than one average is usu-
ally acquired, but too many averages amplify coregistration
errors and raise acquisition time and subject movements. In
our DTI protocol we choose to acquire 2 averages (runs) for
every diffusion sequence. In Figure 1(b) the image is shown
obtained by the difference between the first run and the
second run (coregistered to the first one), which reveals that
the ROI for the noise SD estimation (red) is put in a region
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Figure 5: Top and right view of corpus callosum tractography for a 50-year-old healthy male subject.
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Figure 6: (a) Corpus callosum tractography for a 48-year-old relapsing remitting multiple sclerosis patient with lesional load of 16.4 mL.
Lesions are superimposed on tractography and visualized with green blobs. (b) Zoom of posterior tracts which pass through the lesions of
the same patient.

with minimum error due to mismatch of coregistration: the
difference image is uniform and does not have ringing or
border artifacts.

The noise, estimated with different methods, is almost
constant over the slices (Figure 7): for example, the DTI-A
noise computed with method 4 has mean value (range) =
9.2 (8.2–10.2) over an image with mean (range) intensity
of 33.7 (0–585); DTI-B noise computed with method 4 has
mean value (range) = 8.6 (7.7–9.3) over an image with mean
(range) intensity of 40.8 (0–681). Therefore, the SNR slices
dependency (Figures 3 and 4) is mainly due to the mean sig-
nal differences for the various tissues acquired slice by slice.

Besides SNR examinations, even resolution has to be
considered in DTI sequence parameters selection. Indeed,
FA and MD are also influenced by the voxel size, due to
the increment of the radial eigenvalues in a large voxel [30].
Furthermore, tissue with different diffusion properties can
be inside a large voxel, bringing biased diffusion results [29].
This problem is known as partial volume effect and it causes
an altered evaluation of DTI-derived measures, with a higher
influence on FA than MD, due to the increase of the radial
eigenvalues in a large voxel [30]. It is also known that the
presence of crossing fibers within a large voxel influences
the estimation of diffusion properties, since the apparent
principal DT eigenvector is obtained as an average of the two
crossing fibers’ directions with a consequent reduction in the
FA [7, 30].
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Figure 7: Comparison of Noise computed with method 4 for the
two repetitions of 12 DTI gradient directions (b-value = 900 s/mm2,
50 slices) of DTI-A (orange dots) and the two repetitions of 12 DTI
gradient directions (b-value = 1000 s/mm2, 40 slices) of DTI-B (blue
dots).

For the above reasons we included also DTI-B in the
clinical protocol, due to the smaller voxel size, even if DTI-
A had the higher SNR.

Accurate FA and MD estimations improve the reliability
of tractography, which is prone to errors: some of them
are subjective (e.g., how the ROI for tracking selection is
drawn, etc.) and some are intrinsic in the DTI sequence used.
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Indeed, bias in the estimation of diffusion tensor eigenvectors
and eigenvalues damaged fiber tracking because it causes
false or missing fibers [28, 30]. Several studies have been
performed to reduce the errors on fiber tracking [30–33], but
these methodologies are still being developed, none are used
routinely, and most of them are time consuming and require
strong computational power.

5. Conclusion

The results about SNR computed with different methods
(Figures 3 and 4) showed that even those methods applied
only on phantoms in previous studies [17, 21], or on mouse
brain [12] or human abdomen [20] conventional MRI, can
be successfully used also for DTI on human brain.

Both our selected DTI sequences were able to quantify
a tissue damage in MS, leading to distinguish between MS
patients and HV and between the different MS phenotypes.
However, the sequence with higher resolution and higher b-
value (DTI-B) achieved a better correlation with the presence
of MS disease. Even if DTI-B sequence has less slices than
DTI-A, it covered the entire CC tracts due to the acquired
slab position. Appropriate positioning of the acquisition slab
should be evaluated in further studies in order to analyze
other fiber bundles.

Finally, the proposed sequence and procedure showed
higher reliability for fiber tracking and were able to discrim-
inate the presence of MS disease even when severe lesional
patterns were observed and may therefore be considered a
potential powerful tool for studies to monitor the disease
course and severity.
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Functional magnetic resonance imaging (fMRI) was performed in eight healthy subjects to identify the localization, magnitude,
and volume extent of activation in brain regions that are involved in blood oxygen level-dependent (BOLD) response during
the performance of Conners’ Continuous Performance Test (CPT). An extensive brain network was activated during the task
including frontal, temporal, and occipital cortical areas and left cerebellum. The more activated cluster in terms of volume extent
and magnitude was located in the right anterior cingulate cortex (ACC). Analyzing the dynamic trend of the activation in the
identified areas during the entire duration of the sustained attention test, we found a progressive decreasing of BOLD response
probably due to a habituation effect without any deterioration of the performances. The observed brain network is consistent with
existing models of visual object processing and attentional control and may serve as a basis for fMRI studies in clinical populations
with neuropsychological deficits in Conners’ CPT performance.

1. Introduction

Sustained attention is defined as the ability to maintain a high
vigilance level for a long time, allowing the subject to respond
against presentation of infrequent and unpredictable events.
One of the most widely used neuropsychological tests for
the study of sustained attention is the Conners’ Continuous
Performance Test (CPT) [1]. The Conners’ CPT is derived
from the original CPT of Rosvold [2], which was developed
to assess vigilance. In the Rosvold CPT, the stimuli are letters
which are presented visually one at a time, at a fixed rate
and the subject’s task is to respond whenever the letter
representing the target stimulus appears and to inhibit a
response when any other letter appears. The letter chosen
as target stimulus is typically X and the Rosenov test is
therefore, also known as the “X-CPT.”

Several neuropsychological tests are derived from the
X-CPT and the fundamental paradigm on which all these
are based is the serial presentation of target and nontarget
stimuli and the subject’s task is to respond or inhibit response
to infrequent visual target stimuli.

In Conners’ CPT, also known as “not-X-CPT”, the target
stimuli are the letters X like in the Rosvold’s test, but the

subject’s task is to respond to nontarget stimuli and to inhibit
response to target stimuli [3]. Although the Conners CPT is
designed to evaluate attention; it has been shown that task
performance relies on diverse motor, sensory, and cognitive
functions (e.g., maintenance of task instructions, visual
perception of stimuli, target identification, and manual
response) [4].

For this reason, abnormal performance on the CPT in
clinical population may be caused by primary attention
deficits or damages to neural systems that are engaged
by the task. Therefore, it is of primary importance to
identify and localize the brain regions forming the neural
networks activated by CPT in healthy subjects to better
understand the relationships between performance deficits
and developmental or acquired disruption of brain networks
in clinical populations [5].

The first aim of our work is to study the neural
networks of brain regions involved during the Conners CPT
paradigm, by using functional magnetic resonance imaging
(fMRI) in order to identify the different contributes to task
performance coming from different brain regions.

Another open issue in the investigation of cortical
attentional system is understanding the temporal trend of
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the brain response while performing the CPT task in the
fMRI scanner system. The second objective of this work
is, therefore, to investigate how fMRI activation in brain
regions that are engaged during the performance of Conners’
CPT task, evolve during the entire duration of the sustained
attention test.

2. Materials and Methods

2.1. Subjects. Eight right-handed healthy adult volunteers
participated in the study, 7 of them are male, and 1 is
female with a mean age of 18.8 years (SD 2.9). Participants
were recruited among the staff and students working in the
“Ospedale Maggiore Policlinico, Milan, Italy” in which the
experiment was performed.

All the subjects had normal vision and they had not
history of neurological or psychiatric disorders.

2.2. Continous Performance Test (CPT). The task used in
the present study is the classical Conner’s CPT test. It
consists of 26 different letters, of the English alphabet,
presented sequentially in random order, on goggle system
used by the subject during fMRI scanning procedure. The
instructions about the test are given before the test by means
of a headphone system. Subjects were asked to press the
response button with the forefinger of their right hand
as fast as possible when any letter other than X appeared
(“Go” event) and to withhold the response when the letter
X was displayed (“No-Go” event). Letters were presented
with interstimulus interval (ISI) of 1 or 2 s and remained
on the screen for 250 milliseconds (stimulus duration). The
attention task was 10 minutes long and a total of 450
letters were presented. An initial baseline lasting 2 minutes
and a final recovery period lasting 2 minutes were also
recorded. During baseline and recovery, meaningless images
(differently oriented geometrical lines) were presented to the
subjects.

The CPT test was implemented with the software “Pre-
sentation, version 0.81, build” (Neurobehavioral Systems).
The package “Presentation” is able to produce the stimulus
and to synchronize it with the MR scanner (mripulse
function). Moreover, it is possible to obtain a logfile with the
onset times of stimuli and the response times of the subject.
The logfile information allows to compute the number of
omission errors and of commission errors. An omission
error is committed whenever the subject does not respond
to the nontarget stimulus; a commission error is committed
whenever he gives a response to a target stimulus.

2.3. Data Acquisition. MRI scans were performed into an
1.5 T scanner (Eclipse Marconi—Philips system) at the
Department of Diagnostic and Interventional Neuroradi-
ology, Ospedale Maggiore Policlinico, IRCCS, Milan, Italy,
using a standard head coil. Functional MRI images were
acquired with an echo-planar imaging (EPI) sequence using
axial orientation (TE = 60 milliseconds, TR = 3 seconds,
flip angle = 90◦). Most of the brain was covered by 26
slices (parallel to the line linking the anterior and posterior

commissures CA and CP) obtained with an in-plane reso-
lution of 64 × 64 and 3.97 mm × 3.97 mm × 4 mm voxels.
During the Conners’ CPT fMRI data were collected in one
run of 290 images. The first 10 volumes (30 seconds) were
discarded from the following analysis, to allow steady state to
be reached. Hence 280 volumes were used: the volumes from
11 to 50 (2 minutes) are the first rest time, the volumes from
51 to 250 (10 minutes) are the active time, the volumes from
251 to 290 (2 minutes) are the second rest time. Duration of
the test was approximately 14 minutes.

2.4. Data Analysis

fMRI Data Preprocessing. The fMRI images were motion
corrected and spatially smoothed with a 10 mm × 10 mm ×
10 mm full width at half maximum Gaussian kernel by using
SPM8b software package (http://www.fil.ion.ucl.ac.uk/).
fMRI images were then spatially normalized to the neu-
roanatomical atlas of Talairach and Tournoux (using a 12
parameter affine approach and a T2∗ weighted template
image).

First Level Analysis. At a first stage of analysis fMRI data
of each participant were analyzed using the mass univariate
approach based on General Linear Model (GLM) Theory
implemented in SPM8b.

First level analysis was performed using a block design in
which five regressors (length 2 minutes 40 images volume)
were used to model the BOLD response during the time in
which the CPT task was executed by subjects. The regressors
were built by convolving the SPM canonical haemodynamic
response function (HRF) [6] with five box car functions of
2 minutes duration each, in such a way to cover the entire
duration of the sustained attention test (10 minutes).

The parameters of motion correction resulting by image
realignment are also included in the first level design matrix,
as unwanted-effect regressors in order to remove residual
movement artifacts [7].

The whole set of regressors modeling the effects of
interest and the unwanted effects forming the first level
design matrix is then fitted to the image data of each
subject involved in the experiment. After the estimation of
the regression coefficients, inference on relevant contrasts
of their estimates was performed using a t-Student statistic.
A set of first-level t-contrasts was specified, each contrast
including a weight of one for a particular regressor of interest
and a weight of zero for all other regressors. This results in
five t-contrasts for each participant.

Second Level Analysis. At a second stage of analysis, the
contrast images obtained at the single subject-level were
included into a second level design matrix in order to
compute a within-subjects one-way analysis of variance
(ANOVA).

The second level design matrix was built by defining a
single factor with five levels (each level corresponding to
one temporal block of two minutes). Therefore, each level of
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Table 1: Summary of BOLD activations during the first block (0–2 minutes, where 0 is the beginning of the execution of the task); xyz are
Talairach coordinates and Max t is the maximum value of the t-statistic in the cluster (P = .05 FDR corrected).

Region x y z Max t Volume (mm3)

Right Cingulate gyrus (anterior division) 3 17 34 8.16 3204

Left cerebellum −3 −70 −11 4.89 216

Right insular cortex 39 11 −5 5.09 882

Left insular cortex −45 8 −5 4.70 297

Left lateral occipital cortex, left middle temporal gyrus −45 −64 2 1.76 153

Left lingual gyrus, Left intracalcarine occipital cortex −6 −67 4 3.93 45

Right precentral gyrus, right postcentral gyrus −6 −16 52 4.03 53

Right supramarginal gyrus, right superior temporal gyrus 63 −34 25 3.87 54

ANOVA design included the set of first level contrast images
from all participants relative to a certain temporal block.

Within the one-way ANOVA design, we computed
Student t-test obtaining five statistical maps, one for each
block of 2 minutes. The spatial t-maps so obtained were
thresholded for significance both at P = .001 without
correction for multiple comparison and at P = .05 with False
Discovery Rate correction.

Regions of interest (ROIs) were defined as clusters of
contiguous voxels with a t-stat above the threshold.

In order to investigate how magnitude and extent of
activation in brain regions evolve while performing the CPT
task, we measured the volume of the ROIs identified for each
temporal block of 2 minutes and averaged across subjects the
spatial mean of the time courses of the voxels within each
ROI.

3. Results

Table 1 illustrates the fMRI activations during the first 2
minutes of the CPT task. Brain areas associated with the
task performance were located in the cingulate, temporal,
and occipital cortical regions and in the cerebellum. BOLD
activation in the cingulate cortex is almost entirely located
in the anterior division and the greatest brain activation, in
terms of volume extent of BOLD response and magnitude
(maximum value of T-statistic in the cluster), is located in
the right anterior cingulate cortex (ACC).

In Figure 1 it is shown how the fMRI activation evolves
across the five temporal blocks: comparing with the first
block, in the second block (2–4 minutes) and in the third
block (4–6 minutes) of the attention test we observed a
progressive decreasing of the volume of the activated areas
and of the magnitude of their BOLD response. In the fourth
block (6–8 minutes), instead, an increasing of the brain
activity is observed and in the fifth block (8–10 minutes),
there is a new decreasing.

Figure 2 represents the time course of the BOLD response
in the ACC ROI during the entire duration of fMRI acqui-
sition comprising the baseline period before the beginning
of the attention task, the period in which the test was
performed, and a final recovery period after the task (2–12
minutes).

In Figure 2 we can observe the initial increasing of
the BOLD signal after the beginning of the test (forty-
first volume), a subsequent decreasing until about the one-
hundred-sixtieth volume, a newly increasing during the 4th
block (160–200 volumes) and a decreasing during the 5th
block and the final recovery period (201–280 volumes).

For the other areas, not shown in the papers, we observed
a similar temporal trend of fMRI response during the test.

Figure 3 illustrates the temporal evolution during the test
of the numbers of errors committed by the subjects. In each
temporal block, we averaged the numbers of errors over each
time interval of 2 minutes, and then we averaged the results
obtained for each block across the population of healthy
subjects. We considered the number of total errors calculated
as the sum of omission and commission errors.

Since in the Conners CPT test, the subject’s task is to
inhibit the response whenever the letter X representing the
target stimulus appears (“No-Go event”) and to respond
when any letters appear “Go event,” the omission errors
are defined as the lacking responses to “Go-event,” and the
commission errors are defined as the responses to “No-Go
event.”

On the basis of the graphic shown in Figure 3 we can
observe that the number of errors remains substantially
unchanged if we compare the first block (0–2 minutes)
and the second one (2–4 minutes), while the number of
errors increases in a remarkable way in the third block (4–
6 minutes) and in more slightly way in the fourth block
(6–8 minutes), and then it decreases in the last temporal
block (8–10 minutes). The largest number of errors are
committed in the third period of the test, in line with
previous clinical literature [8] and with the Conners’ C-
CPT-II standard [9], which reported a fall in subjects’
attentional performance in the middle of the Conners’ CPT
test.

4. Discussion

In this study we identified the network of activated brain
regions in a group of healthy subjects by using fMRI during
a sustained attention task. This network includes frontal,
temporal and occipital and insular areas and the cerebellum.
The largest cluster of activation was found in the frontal
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Figure 1: Brain activity during the five blocks of the sustained attention task.

lobe and, in particular, in the anterior cingulated cortex
(ACC). The ACC plays a central role in attentional processing
by modulating target selection (i.e., focusing attention)
[10], motor response selection [11], error detection, and
performance monitoring [12, 13].

Activation in left occipital and temporal cortex was
located in the ventral visual pathway and it is involved in
visual letter recognition as reported in previous studies [14].
The activation of right insular cortex is not documented in
previous studies and it is not yet interpreted.

The cerebellum activation confirm results found by the
attention study performed by [15], in which it has been
shown the lateralization of the attention-related activity to
the left cerebellum.

The results relative to the temporal trend of BOLD signal
during the sustained stimulation show an initial increasing in
fMRI activation in the first part of the test and a subsequent

decrease that can be explained by the theory of prolonged
stimulation [16], and by the habituation phenomenon that
is very frequently encountered in the study of sustained
attention [17, 18].

It is widely accepted in literature that brain activity
is associated with an increasing in regional cerebral blood
flow (rCBF) not matched by a proportional increase in
oxygen consumption or cerebral metabolic rate for oxygen
(CMRO2) [19, 20]. As a consequence of this mismatch,
the augmented rCBF requested by brain activity exceeds
the augmented oxygen consumption resulting in an initial
decreasing of deoxy-Hb and therefore an increasing of
the BOLD signal within a few seconds after the onset of
stimulation [21, 22].

Therefore, the initial rising of BOLD signal shown in
our findings is well explained by this transient pronounced
decoupling of rCBF and CMRO2.



Computational Intelligence and Neuroscience 5

0.94

0.95

0.96

0.97

0.98

0.99

1

A
m

pl
it

u
de

of
th

e
B

O
LD

si
gn

al
(%

)

0 50 100 150 200 250

Volumes

Figure 2: Time course of the BOLD signal of the activated region in
the anterior cingulate cortex averaged across the voxels of the ROI
and across subjects. The graphics shows the raw signal (blue line)
and an interpolated signal by using polinomial fitting (red line). The
volumes from 1 to 40 (2 minutes) are the first rest time, the volumes
from 41 to 240 (10 minutes) are the active time, the volumes from
241 to 280 (2 minutes) are the second rest time.

After the initial increasing, we observed a slow decreasing
in activation until reaching the baseline. This decreasing
can be interpreted as a consequence of a restoration of the
equilibrium between the cerebral flow and the oxidative
metabolism and so the reduction of the BOLD signal
could be partially explained by a restored coupling between
cerebral flow response and metabolic demand [16].

The further decreasing after the reaching of the baseline
is not documented in literature but can be interpreted on the
basis of the habituation effect that is widely encountered in
the study of sustained attention.

Since the phenomenon of the habituation, the brain
progressively automates the carrying out of the task and
gradually reduces the energetic request. This reduction in
metabolic demand causes a rapid return of blood flow to
basal level not immediately paralleled by the much slower
recovery of the metabolic rate for oxygen. This results in
a “negative” uncoupling between CBF and CMRO2 which
could explain our findings. The presence of a “negative”
uncoupling has been already proposed in previous studies
in order to interpret the reduction of cerebral haemoglobin
oxygenation below the basal level immediately after the end
of stimulation [16, 23].

The “negative” recoupling is probably prevented by a new
increasing of the brain activity that interrupt the habituation
phenomenon and is due to a reaction of the subject to a
reduction of the behavioral performance.

In particular, the light increasing of the fMRI response
observed in the next to last block (6–8 minutes) followed by a
decreasing of oxygenation level in the last block of the test (8–
10 minutes) is probably related to the immediately previous
(4–6 minutes) reduction of the behavioral performance of
the subjects resulting in an increasing of the numbers of
errors that we observed in the third block (4–6 minutes).
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Figure 3: Time course of the number of errors averaged across
subjects. The number of errors is expressed in percentage with
respect to the number of stimuli.

At a behavioral level, it can be supposed that as a
consequence of the increasing of the numbers of errors, the
subjects make effort to limit the numbers of errors in order
to improve their performances. This results in an increasing
of the cerebral activity that, in turn, causes an initial rising of
the cerebral oxygenation deriving from an initial decoupling
of flow and metabolic demand and a following decreasing
deriving from the recoupling of haemodynamic response and
metabolic request.

After task cessation a further decreasing of the BOLD
signal was found in our data followed by a rising of
oxygenation level. This is in accordance with the results
showed in [16, 23], and can be interpreted as transient deoxy-
genation resulting from a “negative” uncoupling between
the decreasing of the cerebral flow and of the oxygen
consumption.

The incompleteness of the recovery of the BOLD signal
after this initial decreasing can be probably due to the
shortness of time interval (2 minutes) during which the post-
task is recorded. This assertion is suggested by Near Infrared
Spectroscopy (NIRS) studies on the sustained attention
that documented a complete recovery of the basal cerebral
oxygenation level at about 8 minutes after the end of the test,
that is, a recovery time longer than that typical of the motor
and purely visual stimulation [24].

5. Conclusion

This study is aimed to the identification of the cerebral
activations patterns during a sustained attention task in a
group of healthy subjects. It also attempts to investigate
how haemodynamic activation in brain regions involved
in fMRI response to a sustained attentive task, evolves
during the entire duration of the test and to understand
the relationships between the cerebral activation and the
behavioral performance.



6 Computational Intelligence and Neuroscience

Using the neuroimaging fMRI method we identified a
complex network of brain regions involved in the sustained
attention task. The activations are consistent with the
existing models of visual object processing and attentional
control and the results of clinical literature obtained with
other neuroimaging techniques.

Timing analysis has shown a progressive decreasing of
BOLD response during the CPT task due to the habituation
effect and an increasing of the activation in the second half
of the test probably correlated with the deterioration of the
performance that occurs at the middle of the test.

This work can be a starting point for future investigation
of the alteration of the pattern and of the dynamical behavior
of cerebral network associated to neuropsychological deficits
in clinical population. The relationships between specific
patterns of activation and behavioral deficits may help
us to identify targets for behavioral or pharmacological
intervention.
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The use of modern brain imaging techniques could be useful to understand what brain areas are involved in the observation of
video clips related to commercial advertising, as well as for the support of political campaigns, and also the areas of Public Service
Announcements (PSAs). In this paper we describe the capability of tracking brain activity during the observation of commercials,
political spots, and PSAs with advanced high-resolution EEG statistical techniques in time and frequency domains in a group of
normal subjects. We analyzed the statistically significant cortical spectral power activity in different frequency bands during the
observation of a commercial video clip related to the use of a beer in a group of 13 normal subjects. In addition, a TV speech of
the Prime Minister of Italy was analyzed in two groups of swing and “supporter” voters. Results suggested that the cortical activity
during the observation of commercial spots could vary consistently across the spot. This fact suggest the possibility to remove the
parts of the spot that are not particularly attractive by using those cerebral indexes. The cortical activity during the observation of
the political speech indicated a major cortical activity in the supporters group when compared to the swing voters. In this case, it
is possible to conclude that the communication proposed has failed to raise attention or interest on swing voters. In conclusions,
high-resolution EEG statistical techniques have been proved to able to generate useful insights about the particular fruition of TV
messages, related to both commercial as well as political fields.

1. Introduction

Every day we are exposed to several solicitations for pur-
chasing products, voting or supporting particular politicians
and even improving our life style. Such pressure has become
usual, being mediated by all the current media available,
video, audio, and even internet. How and to what extent
these messages could be detected and recognized by our
brain is still not well understood. In fact, the study of brain
responses to commercial and political announcements has
been measured mainly by the hemodynamic responses of
the different brain areas, by using the functional Magnetic
Resonance Imaging devices (fMRI). However, both the
stimuli and the relative brain responses have rapidly shifting

characteristics that are not tracked by the evolution of the
hemodynamic blood flow, which usually lasts 4–6 seconds.
Different brain imaging tools, mainly EEG and Magnetoen-
cephalography, exhibit a sufficient time resolution to follow
the brain activity at an expense of a coarse level of spatial
resolution with respect to the fMRI. In fact, during those
last ten years, the use of the high resolution EEG techniques
has retrieved an increased amount of information related to
the brain during activities related to complex cognitive tasks,
such as memory, visual attention, short-term memory, and
so forth [1–3].

Starting from the interesting characteristic of the high
resolution EEG techniques for the tracking of brain activity,
the present work would like to describe neuroelectric-based
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methodology for the assessment of the efficacy of commer-
cial, politic, and Public Service Announcements (PSAs).

The aim of the brain imaging techniques applied to
the fruition of commercial advertizing is to understand
mechanisms underlying customer’s engagement with brand
or company advertized [4–6]. In particular, the issue is to
explain how the exposure of subsequent film segments is able
to trigger in the consumer mind persisting stimuli leading
to interest, preference, purchase, and repurchase of a given
product. In the last decades, several authors have investigated
the capability of subjects to memorize and retrieve sensible
“commercial” information observed during a TV spot [7–
12].

Recently, a growing number of research laboratories are
involved in recognizing the cerebral areas activated during
the observation of figures and videos showing politicians,
a field that the most people call Neuropolicy. This intense
scientific movement has encouraged some companies and
universities to seriously take an interest about the cerebral
activity during fruition of politicians’ images and TV
commercials [13, 14].

Local governments of European countries, and also
across the world, are called to disseminate information about
health risky habits promoting instead healthy life style in
order to improve the health of their citizens. In this context
PSAs are noncommercial broadcast advertizemnets intended
to modify public behavior. PSAs are at the core of many
public health campaigns against smoking, fatty foods, abuse
of alcohol, and other possible threats for the health of
citizens. But the content of these PSAs could be also directed
for the promotion of “positive” social collective behavior, for
instance, calling against racism, supporting the integration
of different cultures in the country, or promoting a healthy
drive style, for the road security. Therefor effective PSAs
provide a great public health benefit [15, 16]. However,
the lack of reliable, quantitative, and objective means of
advertizement evaluation is one of the impediments to better
PSA outcomes. In addition, not well-designed PSAs are going
to have counter effects with respect to their desired goals
[17].

The purpose of this paper is to illustrate the potential
of the High Resolution EEG techniques when applied to
the analysis of brain activity related to the observation of
TV commercials, political advertizing, and PSAs to localize
cerebral areas mostly emotionally involved. In particular, we
would like to describe how, by using appropriate statistical
analysis, it is possible to recover significant information
about cortical areas engaged by particular scenes inserted
within the video clip analyzed. The brain activity was
evaluated in both time and frequency domains by solving
the associate inverse problem of EEG with the use of
realistic head models. Successively, the data analyzed were
statistically treated by comparing their actual values to
the average values estimated during the observation of
the documentary. Statistical estimators were then evalu-
ated and employed in order to generate representations
of the cortical areas elicited by the particular video
considered.

2. Materials and Methods

The whole dataset is composed by EEG registrations of
13 healthy subjects (mean age 30 ± 4 years) watching
a documentary of 30 minutes intermingled by a TV
commercial [18], and 10 subjects were involved in the
observation of a documentary of 15 minutes intermingled
with a couple of video clips supporting the Italian Prime
Minister (politic announcement) and a campaigns against
smoking (PSA). Each subject is exposed to the observation
of a same documentary. Subjects were informed about
the fact that the EEG recordings will be related to the
observation of the brain activity during the documentary
and TV commercial, political, and PSAs videos. The entire
procedure was authorized by the local ethical committee at
the recording site, and informed written consensuses to the
recording procedures were taken before the EEG recordings.
Subjects were instructed to pay attention to the material
showed on the screen during the entire projection. The
videos related to products, political support, and PSAs were
inserted at the middle of the documentary.

In order to enhance the poor spatial content of the EEG
activity, we employed the High Resolution EEG technologies
[19, 20] to detect cortical areas involved in the task. Basically,
these techniques involve the use of a large number (64–
256) of scalp electrodes and rely on realistic MRI-constructed
head models [21, 22] and spatial deconvolution estimations,
which are usually computed by solving a linear-inverse
problem based on Boundary-Element Mathematics [23,
24]. Subjects were comfortably seated on a reclining chair,
in an electrically shielded, dimly lit room. A 64-channel
EEG system (BrainAmp, Brainproducts GmbH, Germany)
was used to record electrical potentials by means of an
electrode cap, accordingly to an extension of the 10–20
international system. In the present work, the cortical activity
was estimated from scalp EEG recordings by using realistic
head models whose cortical surfaces consisted of about 5000
triangles uniformly disposed. The current density estimation
of each one of the equivalent electrical dipole of the under-
lying neuronal population was computed by solving the
linear-inverse problem according to the techniques described
previously in this papers [18, 25, 26]. Thus, a time-varying
waveform relative to the estimated current density activity
at each single triangle of the modeled cortical surface was
obtained. Such waveform was then subjected to the time-
varying spectral analysis by computing the spectral power
in the different frequency bands usually employed in EEG
analysis, that is, theta (4–7 Hz), alpha (8–12 Hz), beta (13–
24 Hz), and gamma (24–45 Hz).

However, the estimation of the spectral power do not
convey information about the significance or nonsignificance
of what have been computed. This significance has to be
brought to the analysis by taking into account the z-score
transformation of the cortical power spectra source imaging
obtained. In fact, if a cortical area shows an increased
activity during the period of the video to be tested, this
increment has to be contrasted with the average power
spectra activity observed during the documentary period.
The z-score variable is then obtained by computing the
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differences between the estimated values (power spectra
in the commercial advertizing, political announcement, or
PSA) in the video and the average power spectra activity
during the documentary. This difference is successively
divided by the standard deviation of the power spectra
estimated during the documentary period.

Together with the statistically significant cortical source
imaging applied in all the investigated videos, we would
like to track specifically the changes in the power spectral
intensity of the EEG channels during the videos observation.
In order to do that, first we selected the set of the frontal
leads, including Fp1, Fp2, F1, F3, Fz, AFz, F2, F4, AF1,
and AF2. Then, we filtered the observed EEG activity in
two main frequency bands: theta (4–7 Hz) and beta and
gamma bands (13–40 Hz) [27]. This filtering procedure
was justified by the fact that the theta frequency band is
mainly involved in the memorization processes, while the
beta and gamma frequency bands are instead advocated
for the attention engagement. To summarize the activity
from all these electrodes, the Global Field Power (GFP)
was then computed. This is a measurement introduced by
Lehmann and Michel some decades ago to summarize the
overall activity over the scalp surface. GFP is computed
from the entire set of electrodes by performing the sum of
the squared values of the EEG potential at each electrodes,
resulting in a time-varying waveforms related to the increase
or decrease of the global power in the analyzed EEG. Since
the data were estimated from two EEG datasets, one filtered
4–7 Hz and the other filtered between 13–40 Hz, we obtained
two time-varying waveforms: the GFP filtered in the 4–
7 Hz and the GFP filtered in the 13–40 Hz. Successively,
on these waveforms we apply the z-score transformation
by estimating the average and the standard deviation of
the GFP values during the documentary. Values of z-score
transformation higher than 2 suggest statistical significance
differences between the value of the variable estimated and
the baseline considered, at the 5% level.

In order to present these results relative to the entire
population, we needed a common cortical representation to
map the different activated areas of each subject. For this
purpose we used the average brain model available from
the McGill University website to display the cortical areas
that are statistically significantly activated during different
experimental conditions in all subjects analyzed. In this case,
we are able to average the single subject result of the z-
score test. In fact, we highlighted in yellow a voxel of the
average brain model if it was a cortical site in which a
statistical significant variation of the spectral power between
the experimental conditions was found in all the subjects; if
such brain voxel was statistically significant in all but one of
the subjects analyzed, we depicted it in red. In all the other
cases, the voxel was represented with a gray color. Only the
statistical significant variation of such spectral power when
compared to the documentary period was highlighted in
color. Statistical significance threshold was set at p < 0.05,
which Bonferroni corrected for multiple comparisons.

2.1. Commercial Advertizing. After the EEG registration
related to the commercial advertizements each subject was

recalled in laboratory where an interview was performed
asking if he/she usually drinks beer or light alcohol at least
once per week. If yes, subjects were considered within the
dataset of “drinkers” in opposition to the dataset of “no
drinkers”. In order to increase the sensitivity of the analysis
performed, only the EEG spectral analysis for the “drinkers”
was analyzed and presented here.

3. Results

Of the 13 subjects recorded, only seven are “drinkers”. Hence,
the successive analysis and results are presented for seven of
such subjects. We summarized all results for the “drinkers”
group in a couple of figures showing the statistically
significant differences of cortical activation concerning this
dataset in the theta frequency band (4–7 Hz), being the data
regarding the alpha frequency band equivalent to the theta
band. Figure 1 presents the z-score average activity of the
drinkers population during the observation of a couple of
frames of the commercial advertizing proposed, at time: T1
= 10 seconds and T2 = 28 seconds (the entire duration of
the spot is 30 seconds). Note in the left lower panel the
different brain views are relative to the brain seen from the
back (1), left (2), front (3), and right (4). It is possible to note
that the brain is presented from different perspectives in the
lower panels, while in the upper panels there are the video
frames observed by the subjects. The gray color represents
the absence of the statistical differences between the cortical
activity in the analyzed frequency band (theta in this case)
during the video clips observation and the documentary. The
color zones instead presented the cortical areas in which such
spectral activity differs in the population analyzed.

By examining this strip, it results evident how the
temporal evolution of the mean cortical activity changes
according to the images viewed by the subjects. In particular,
an enhancement of cerebral activity is suggested by the result
of the application of the statistic tests at the beginning (T1)
and at the end of the commercial presented (T2). The final
part of the commercial spot attracts the interest in all the
population analyzed, as the large cortical areas depicted in
yellow and red suggested. It could be hypothesized that the
initial part of the TV spot presented fails to attract the
attention of the experimental group, as the brain activity
result is similar to that generated during the observation of
the documentary. This could be used in future to better tailor
the TV spots by removing the parts of them that were unable
to attract the attention of the audience.

The applications of the abovementioned technology to
the evaluation of a TV speech of the Italian Prime Minister
are shown in Figure 2.

Such figure shows the cerebral activity observed in two
groups of people divided as swing voters (panel a) and
the “supporters” of the Italian Prime Minister (panel b).
The figure presents the statistically significant activity in the
analyzed groups in the theta frequency band for a particular
time frame of the speech. The brain activity is presented as
seen from different perspectives (left, right, front, and back).
The brain activity observed for the supporters (panel b) was
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(1) (2)

(3) (4)

T1 T2

Figure 1: The track of the mean cortical activity of the group
of “drinkers” in the theta frequency band spot. The statistical
significant activity in this population is shown in 2 panels
each representing subsequent film segments of a TV spot with
corresponding brain activity. Temporal axes beat the spot in
correspondence to the beginning (T1) and the end (T2) of the entire
film sequence: time in seconds. Note in the left lower panel the
different brain views are relative to the brain seen from the back
(1), left (2), front (3), and right (4).

(a)

(b)

Figure 2: Analysis of a speech by the Italian Prime Minister: panel
(a) presents the cerebral activity related to the population of swing
voters in the theta frequency bands. Note the four brains depicted
at the right of each frame are relative to the four different views of
the brain surface from different points of view; same convention of
Figure 1, panel (b) shows the cortical activity in the same frequency
band for the supporters of the Prime Minister. Cortical areas
depicted in red and yellow highlight those zones in which there is
an enhancement of cerebral activity, when compared to a resting
state.

characterized during all the speech by power spectral activity
significantly larger than those obtained in the documentary.
On the contrary, swing voters are relatively less attracted by
the speech, since they had the brain activity not different
from that of the documentary for the major part of the
speech.

Hence, the results would suggest an overall efficacy of
the communication generated by the video for the second
group of subjects (panel b) with respect to the “perceived”
communication offered by the prime minister’s speech by the
first one (panel a). A possible interpretation of these results
is that analyzed speech could only intensify the supporters’
idea leaving the swing voters neutral.

Another example of the application of the neuroelectric
brain imaging technology applied to the case of the com-
mercial and PSAs is represented in Figure 3. In such figure
the time-varying changes of the filtered GFP in the theta (4–
7 Hz) and in the beta and gamma bands (13–40 Hz) during
the observation of a 30-second spot related to a commercial
(row a) and a PSA against smoking (row b) are presented. It
is interesting to note how in both cases the spectral activity
of the frontal leads showed values of z-score over 2 for many
instants. In such a case it could be suggested that the spectral
activity in those time frames exceeds statistically the spectral
activity observed during the vision of the documentary.

The brain activity observed during this PSA spot is
instead presented in Figure 4, in which two cortical maps of
the differences between the spectral activities during the spot
when compared to those of the documentary are represented.
Figure 4 shows the z-score maps during the PSA, where it
is possible to note a precise activation of the frontal lobes
during the 30 seconds of the spot. Also in this case it is
interesting to note that the brain activity during the PSA is
relevant in the prefrontal areas, and it is symmetrical in the
beta and gamma frequency bands while located in the right
frontal hemisphere for the theta band.

4. Discussions

Thanks to the high resolution EEG techniques, we tracked
subjects’ brain activity during visualization of a commercial:
in such manner, it has been possible to obtain a global
measure of the reconstructed cortical signals by means of a
simple graphic tool which allows us to distinguish the activity
of different cortical areas. The abovementioned results allow
us to comment on temporal and spatial events observed. In
fact, it is worth noticing that the principal areas of statistical
differences in power spectra in the “drinkers” condition are
located almost bilaterally in the prefrontal BAs 8 and 9 as
well as in the parietal BA 7. As presented in previous works
performed both with EEG analysis [18] and MEG recordings
[8], the observed phenomena suggest an active role of the
prefrontal and parietal areas in coding of the information
that will be retained by users from the TV commercials. In
particular, activations of these cortical areas can be associated
with attentional and memorization processes. The present
work intends to stress the useful properties of the high
resolution EEG technologies: this tool is able to help us in



Computational Intelligence and Neuroscience 5

0 5 10 15 20 25 30

Time (s)

0

2

4

6

8

10

z-
sc

or
e

of
po

w
er

sp
ec

tr
a

Time-varying significant spectral activity between 4–7 Hz

0 5 10 15 20 25 30

Time (s)

0

2

4

6

8

10

12

14

16

18

z-
sc

or
e

of
po

w
er

sp
ec

tr
a

Time-varying significant spectral activity between 13–40 Hz

(a)

0 5 10 15 20 25

Time (s)

0

1

2

3

4

5

6

z-
sc

or
e

of
po

w
er

sp
ec

tr
a

Time-varying significant spectral activity between 4–7 Hz

0 5 10 15 20 25

Time (s)

0

1

2

3

4

5

6

z-
sc

or
e

of
po

w
er

sp
ec

tr
a

Time-varying significant spectral activity between 13–40 Hz

(b)

Figure 3: Representation of the filtered GFP related to frontal electrodes in the theta band (left panel) and beta and gamma bands (right
panel) for the analyzed population during the observation of a commercial (row a) and a Public Service Announcement (row b) against
the smoking. On the x-axis, there is the time duration of the spot; on the y-axis there is the z-score value of the GFP considered. Values
greater than 2 mean a difference in power spectral activity during the PSA when compared to those of the documentary that are statistically
significant at 5%. The red line is the average z-score values of the GFP in blocks of five seconds of spot.

observing and analyzing the temporal trend of the cortical
activities thanks to a high-temporal and spatial resolution
allowing us to distinguish changes of activation of ROIs
corresponding to different cortical areas. The reconstruction
of the cortical activity by means of the high resolution EEG
technique and by combining the above statistic treatment of
our data allowed us to track subjects’ brain activity during

visualization of the commercial. In such a way for each film
segment of the clip it was possible to distinguish cortical areas
that were differently activated when compared to those of
the observation of the documentary. This could be useful in
the evaluation of the cortical responses to particular types
of visual solicitations, performed by film, commercial clips,
or faces of politicians, which at the moment is a field largely
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Figure 4: Brain activity related to the observation of the PSA when
compared to that of the documentary. The brain is viewed from
a frontal view. The color map is relative to the z-score values of
the power spectra EEG activity during the PSA when compared
to the documentary. Z-score values different from the blue means
significant statistically activity. It is possible to note that in the
theta frequency band, the right prefrontal cortex is activated while
in the beta and gamma frequency bands the activation is rather
symmetrical.

unexplored by the neuroscience. In fact, the big attention
paid to political scenes originates from the experimental
result that decisions based on “superficial” observation could
predict the elections’ results, linearly correlated with the
candidate’s margin of victory with a precision of 68.8% [28].
The consequence of this observation is that the recognition
and liking of the politician’s face is a principal factor for the
choice of the citizen more than “rational” considerations.
Such phenomenon has been also confirmed by subsequent
studies published in international scientific literature [29]
and newspapers [30] suggesting that the scenic presence by
itself mostly influences the decision of voting besides the
fact that men and women can elicit a different kind of
engagement according to the figure they saw. These results
are surprising if we think about the USA midterm elections
of 2006 when candidates and their supporting groups spent
about 1 billion dollars in advertizements in order to inform
electors about their political affiliations, qualities, and ideas.
After predicting the electoral results [28, 29], the subsequent
pass of this research has been to understand whether in this
immediate decision the positive effects were prevailing (i.e.,
face pleasantness as well as his/her adaptation to particular
a priori requirements demanded by the candidate) when
compared to the negative ones. This was then studied in
literature [29] and its result was that the effect of an
emotionally “negative” judgement towards a candidate is
an prevailing reason in his/her defeat (even in a contest
of simulated elections) with respect to the fact of simply
being “less attractive” then the other candidate. These
data could also suggest that the cerebral activity, generated
from an emotional state of “rejection” of the candidate,
is completely different from the one generated from an
emotional state of acceptation or satisfaction of the same
one. Another interesting aspect is that results obtained by
means of analyses performed on behavioral data reveal how
decision makers sometimes have already made up their
minds at an unconscious level, even when they consciously

indicate that they have not yet decided. From the traditional
political research, that is, performed without using cerebral
measurements techniques, it was already known that the
negative vote plays also an important role in the final vote
decision. In this contest, having a measure of the emotional
state of people observing a candidate’s face assumes always
more importance.

5. Conclusions

We employed advanced techniques for the tracking of
brain activity during the observation of videos of different
emotional natures: commercial, PSAs, and even political
speech. The techniques here employed encompass the use of
descriptors of the frequency contents of the EEG signals up
to the statistical mapping of the cortical activity, during the
observation of the proposed clips [31–36]. In all the cases
presented here, it is possible to localize rather precisely the
cortical areas involved in the processing of the particular
video material proposed. The application of these techniques
to the PSAs and to the political speech is still in its infancy,
but in a near future could bring a neuroscience perspective
in an already mature communication field.
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The aim of this study is to present electrooculogram signals that can be used for human computer interface efficiently. Establishing
an efficient alternative channel for communication without overt speech and hand movements is important to increase the quality
of life for patients suffering from Amyotrophic Lateral Sclerosis or other illnesses that prevent correct limb and facial muscular
responses. We have made several experiments to compare the P300-based BCI speller and EOG-based new system. A five-letter
word can be written on average in 25 seconds and in 105 seconds with the EEG-based device. Giving message such as “clean-up”
could be performed in 3 seconds with the new system. The new system is more efficient than P300-based BCI system in terms of
accuracy, speed, applicability, and cost efficiency. Using EOG signals, it is possible to improve the communication abilities of those
patients who can move their eyes.

1. Introduction

An efficient alternative channel for communication without
speech and hand movements is important to increase the
quality of life for patients suffering from Amyotrophic Lat-
eral Sclerosis or other illnesses that prevent correct limb and
facial muscular responses. In this respect, the area of study
related to the Human Computer Interaction and Brain Com-
puter Interface (BCI) is very important in hopes of improv-
ing the medium term quality of the life for such patients.

In eye movements, a potential across the cornea and
retina exists, and it is source of electrooculogram (EOG).
EOG can be modeled by a dipole [1], and these systems can
be used in medical systems. There are several EOG-based
HCI studies in literature. A wheelchair controlled with eye
movements is developed for the disabled and elderly people.
Eye movement signals and sensor signals are combined,
and both direction and acceleration are controlled [2].
Using horizontal and vertical eye movements and two and
three blinking signals a movable robot is controlled [3].
Because the EOG signals are slightly different for the each
subject, a dynamical threshold algorithm is developed [4].
In this approach, the initial threshold is compared with the
dynamic range; the threshold value is renewed after each

difference. According to this threshold the output signal is
made 1 or 0 and afterwards it is processed. EOG, EEG and
electromyogram (EMG) signals are classified in real time,
and movable robots are controlled by using artificial neural
network classifier [5, 6]. Investigating possibility of usage of
the EOG for HCI, a relation between sight angle and EOG is
determined [7].

The human-machine interface which provides control
of machines for disabled people is called the Man Machine
Interface (MMI). Generally, if the control is computer-
based, it is called the Human Computer Interface (HCI)
instead of MMI. If the assistive system is based on electroen-
cephalogram (EEG), it is called BCI, and its applications
are increasing for severely disabled people. BCI is a direct
communication pathway between the brain and an external
device. The BCI systems translate brain activity into elec-
trical signals that control external devices. Thus they can
represent the only technology for severely paralyzed patients
to increase or maintain their communication and control
options [8]. Because EEG signals are characterized by low
amplitude (μV), their measurement is more difficult than
EOG.

As a contribution in this area of research, in this study, we
present an HCI device that is able to recognize the subject’s
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Vertical channel
filters & amplifiers

Horizontal channel
filters & amplifiers

Microcontroller
ADC & Isolation

PCGND

ChV+

ChV−

ChH+

ChH−

Figure 2: The EOG electrode configuration.

eye movements by using the collection of the electrical
activity generated by the eye, that is, EOG. This device allows
the patients to generate decisions on a screen by means
of simple eye movements and the electroencephalogram
(EEG) electrodes, without the need of sophisticated infrared
cameras. Then, patients could be able to select letters on the
screen, or even to communicate basic needs (food, drinks,
etc.) to the caregiver with a simple movement of their eyes.

In this study, to make experimental comparison, we
made two experiments with the BCI system and realized
EOG system (the design rationale presented in [9]). For each
device the subjects wanted to write a five-letter word. The
performance of the EOG system is relatively good, since a
five-letter word can be written by the patient on average in
25 seconds and in 105 seconds with the EEG-based device.
Giving message such as “clean up” could be performed
in 3 seconds. The experiments’ details are presented in the
experimental results.

The paper is organized as follows: first, the new EOG-
based HCI device will be presented. In this section the design
is detail is briefly explained. Successively, experimental
results will be illustrated.

2. Materials and Methods

2.1. The New EOG-Based HCI Device. In this subsection, as
an HCI device, a novel EOG measurement system design
is proposed. Horizontal and vertical eye movements are
measured with two passive electrodes usually employed for

the EEG acquisition. The system block diagram is presented
in Figure 1, and its electrode configuration in Figure 2.
The system is microcontroller-based and battery powered.
The CMRR is 88 dB, electronic noise is 0.6 μV (p-p), and
sampling rate is 176 Hz. 5 Ag/AgCl electrodes are used (two
for each channel and one is for ground). In order to remove
the DC level and 50 Hz power line noise, the differentiate
approach is used. This approach is much more successful
than classical methods.

2.2. The Design Details. After filtering and the amplification
stages, the EOG signals are digitized (10 bit) and then
transferred to the PC. The EOG signals are then processed
by a classification algorithm which is based on the nearest
neighborhood (NN) relation, with a classification perfor-
mance of 95%. The EOG measurement system, as an HCI,
allows people to communicate with their environment, only
by using eye movements, successfully and economically (180
USD). The system’s initial electronic circuitry (Figure 3)
can be used for EOG, EMG, and EEG. After digitizing,
horizontal and vertical EOG signals are then transferred to
the PC serial port. Microcode Studio program is used to
write the embedded code; Winpic800 is used to program the
microcontroller (μC). The data transfer rate is enough for
the sampling rate (176 Hz), which is sufficient to process the
EOG signals.

It is preferred to use the NN algorithm to classify
the EOG signals since in this way they can be easily
discriminated. The time cost of this algorithm is shorter than
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the other, more complex, classification ones. Regarding the
NN, the Euclidean distance formula is used as follows:

L
(
x, y

) =

√√√√√
d∑

i=1

(
xi − yi

)2
. (1)

As for the classification, 5 classes (each having 20 members)
are used. Each member consists of 251 samples. To increase
the classification performance, both channels are applied
together to the classifier. The classification performance is
95%. System software transfers the data and classifies it in
real time.

Summarizing, the realized system (Figure 4) is based on
the following features:

(i) horizontal and vertical eye movement signals are
acquired,

(ii) Ag/AgCl electrodes are used,

(iii) DC level and power line noise signals are removed
with a subtraction approach,

(iv) μC-based,

(v) battery powered,

(vi) the NN algorithm is used for the classification,

(vii) user-friendly interface.

3. Experimental Results

To compare the systems we made experiments with the
BCI system (8 channels, Guger Technology) and new EOG
system. The P300-based BCI speller based on the detection
of P300 waveforms from the array of 8 electrodes returned



4 Computational Intelligence and Neuroscience

200

300

400

500

600

700

800

A
m

pl
it

u
de

(μ
V

)

0 0.2 0.4 0.6 0.8 1

Time (s)

Centre Left Right Centre

(a) Horizontal (centre-left-right)

200

300

400

500

600

700

800

A
m

pl
it

u
de

(μ
V

)

0 0.2 0.4 0.6 0.8 1

Time (s)

Centre Right Left Centre

(b) Horizontal (centre-right-left)

200

300

400

500

600

700

800

A
m

pl
it

u
de

(μ
V

)

0 0.2 0.4 0.6 0.8 1

Time (s)

Centre Up Down Centre

(c) Vertical (centre-up-down)

200

300

400

500

600

700

800

A
m

pl
it

u
de

(μ
V

)

0 0.2 0.4 0.6 0.8 1

Time (s)

Centre Down Up Centre

(d) Vertical (centre-down-up)

200

300

400

500

600

700

800

A
m

pl
it

u
de

(μ
V

)

0 0.2 0.4 0.6 0.8 1

Time (s)

Centre Blink Centre

Horizontal
Vertical

(e) Eye blinking (once)

200

300

400

500

600

700

800

A
m

pl
it

u
de

(μ
V

)

0 0.2 0.4 0.6 0.8 1

Time (s)

Centre Blink Centre Blink Centre

Horizontal
Vertical

(f) Eye blinking (twice)

Figure 5: The EOG recording samples.

in 21 seconds (105 seconds for 5 letters) for the selection of
the word “water” in the experimental group (10 subjects)
employed. In addition, the accuracy of the letter selection
on average was 81% in the same group, with a standard
deviation of 14%. Controls were then able to master the P300
BCI system after a session of 30 minutes at the reported level
of accuracy.

The group of 10 subjects that selected the word “water”
with the EOG-based device employed an average time of

24.7 seconds, with 3.2 seconds as a standard deviation. The
accuracy percentage in this group was 100%, regarding
writing of the selected word. Also in this case the subjects
were able to master the device after a session of 5 minutes.
Notifying a need message (clean up) could be performed in
3 seconds.

As seen from the recordings in Figure 5, after considering
noise reduction measures in designing of the biopotential
data acquisition system, the EOG system performance is
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good. Electronic noise reduction is also successful. The cir-
cuit can be easily adapted for EMG and EEG measurements.

4. Conclusion

In this paper we proposed a new system to use the EOG
signals for the realization of an HCI device able to restore
some communication abilities to patients not able to move
their limbs and facial muscles. After our experiments, it is
observed that the new EOG-based system can be used for
HCI, efficiently. From a technical point of view the highlights
of the presented system are the following.

(a) Horizontal and vertical EOG signals are measured
successfully. CMRR is 88 dB, sampling rate is 176 Hz,
and electronic noise is 0.6 μV (p-p). According to the
specifications, the present system can measure the
EOG signals properly.

(b) The EOG signals, for different eye movements, are
classified on-line. The NN algorithm (with Euclidean
distance) is used. The signals do not need complex
and time-costly classification algorithms.

(c) The realized virtual keyboard allows the user to write
messages and to communicate other needs relatively
in an efficient way.

The EOG-based system seems more efficient than EEG-
based (P300 BCI). It must be noted that the solution for
the EOG system is extremely cheap when compared to the
EEG solution (one order of magnitude) and then can be
used as a first step for the hybrid device for the final users.
A hybrid device is to familiarize the patient with a unique
interface while he/she could switch with the biosignal more
useful for him/her in that particular moment in time for the
communication or for the control of the external devices. In
this respect there will be the possibility to change the control
signals without the need to relearn the user interfaces, as
usually happen today with the use of different interfaces.

The realized system will be now tested by several patients
in order to improve the quality of the graphic interface for
a better and quick selection of the interesting items by using
the EOG signals. As a future work, our research group will
investigate using combined EOG and EEG and other inputs
[10–15] for efficient configuration of a multi-input hybrid
HCI.
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Error potentials (ErrPs), that is, alterations of the EEG traces related to the subject perception of erroneous responses, have been
suggested to be an elegant way to recognize misinterpreted commands in brain-computer interface (BCI) systems. We implemented
a P300-based BCI speller that uses a genetic algorithm (GA) to detect P300s, and added an automatic error-correction system
(ECS) based on the single-sweep detection of ErrPs. The developed system was tested on-line on three subjects and here we
report preliminary results. In two out of three subjects, the GA provided a good performance in detecting P300 (90% and 60%
accuracy with 5 repetitions), and it was possible to detect ErrP with an accuracy (roughly 60%) well above the chance level. In our
knowledge, this is the first time that ErrP detection is performed on-line in a P300-based BCI. Preliminary results are encouraging,
but further refinements are needed to improve performances.

1. Introduction

A brain-computer interface (BCI) is an interface that does
not entail muscle movements, but it bypasses any muscle or
nerve mediation and connects a computer directly with the
brain by picking up signals generated by the brain activity.

Among the different kinds of brain activity that can
be used in a BCI, the P300 phenomenon has been known
[1] and investigated for many years. It is an event-related
potential (ERP), traditionally described as a positive peak
visible in an EEG recording at approximately 300 ms from an
event. It follows unexpected, rare, or particularly informative
stimuli, and it is typically stronger in the parietal area. The
shape of the P300 depends on the characteristics of the
stimuli and their presentation.

For BCI applications, the “exact” shape of the P300 is
not so important as having a way to detect it. Detecting a
P300 in a single trial is very difficult and, therefore, repeated
stimuli are normally used to facilitate the selection of the one
that has generated a P300. The number of repetitions can be
predetermined for each user to get the best trade-off between
speed and accuracy.

In [2], Donchin and colleagues presented the first P300-
based BCI, called also P300 speller, which permits to spell

words. A grid of letters and symbols is presented to the user,
and entire columns or rows are flashed one after the other
in random order (see Figure 1 for an example). When the
column/row containing the desired letter is flashed, a P300
is elicited. In Donchin’s work, classification is made through
stepwise discriminant analysis (SWDA) applied to averages
of samples from epochs relative to the same stimulation
(same row or same column).

Other BCI interfaces using the P300 protocol have been
developed since then. In [3], a virtual-reality system is
presented where subjects operate objects selected through the
P300. Classification is made by comparing the correlation
of single responses with the averages of all target and
nontarget responses. In [4], subjects (healthy and impaired
ones) control a cursor by choosing among four commands
(up, down, left, right) via the P300. In this case, single-
sweep detection is performed: independent component
analysis (ICA) is used to decompose the EEG signal, a
fuzzy classifier identifies a candidate P300 component among
the ones extracted by ICA, and a neural network classifies
it as target or nontarget. The system is more effective
with healthy subjects, though no exact reason could be
pinpointed. Finally, in [5], an initial attempt at using a
BCI in a home environment is reported: a person with
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amyotrophic lateral sclerosis uses a P300 speller on a daily
basis.

Another relevant event-related potential is the error
potential (ErrP hereafter), which is generated when a
subject makes a mistake, and, more interestingly for BCI
applications, when the machine behaves differently from
the user intent. Known since the late 1980s [6, 7], ErrPs
were described as a negative shift in the electric potential
over the fronto-central region (from Fz to Cz of the 10–
20 system) occurring 50–100 ms after an erroneous response
(error negativity—Ne or error-related negativity—ERN) and
a subsequent positive shift in the parietal region, whose
maximum occurs between 200 and 500 ms after the error
(error positivity—Pe). A high variability in shape, size, and
delay of the Ne and Pe components has been observed as the
effect of different underlying mechanism, whose nature is not
yet certain [8].

In [9] the presence of ErrPs in a BCI paradigm (cursor
movement by mu and beta rhythms) was revealed, as a pos-
itive peak at Cz 40 ms after the end of erroneous trials. This
finding suggests an interesting application: the automatic
detection of the errors made by a BCI in recognizing the
user’s intent and a way to improve its performances. Millán
and colleagues [10, 11] made experiments with ErrPs found
in a motor-imagery BCI. They trained a Gaussian classifier to
automatically recognize ErrPs, reaching an accuracy of about
80%.

In this work we present our experience in detecting
P300 and ErrP in a P300-based speller with an integrated
automatic error-correction system (ECS) based on the
single-sweep ErrP detection.

2. Experimental Setting

We developed a classical BCI based on P300, the P300 speller,
and integrated the use of ErrP in it. Our P300 speller is very
similar in appearance and in functioning to the paradigm
described by Donchin et al. [2]: 36 symbols are disposed on a
6×6 grid, and entire rows and columns of symbols are flashed
one after the other in random order. The grid of symbols is
visible in Figure 1. There are the letters from the alphabet,
some digits, the space, and the backspace, represented as
BS in the right bottom corner. The intensification of rows
and columns lasts for 125 ms and the matrix remains blank
for 125 ms between two consecutive flashes. Each row and
column is flashed exactly once in the first 12 stimulations (a
block of 12 consecutive stimulations is called a repetition);
then another round of 12 stimulations is repeated, with
flashing of rows and columns done in a new random order.
We used 5 repetitions with no pause between repetitions.
Please note that the number of repetitions is lower than
usual. The choice is instrumental to stress the system under
an unfavorable situation, thus soliciting a substantial number
of misspelled letters.

After the fifth repetition, the P300 system detects the row
and the column that are more likely to have elicited a P300,
and selects the letter at their intersection. After a pause of 1 s,
the letter is presented to the user in a big rectangle that pops
up in front of the grid (see Figure 1). The presentation of the

Figure 1: Graphical interfaces of the P300 spellers used in the
experiments, showing the moment of the letter feedback used for
ErrP-based confirmation.

letter should elicit an ErrP if the letter predicted by the P300
system is different from the one the user intended.

An ErrP detection system figures out if any ErrP is elicited
by the presentation of the selected letter, and in that case
it overrides the P300 speller and cancels the last selection;
otherwise, the letter is appended to the text at the top. After
a 2–3 s pause (this parameter is tuned to each subject’s
requirements), the speller starts a new series of stimulations
for the next letter. A trial, in this context, is the whole series
of 60 row/column flashes (12 flashes times 5 repetitions)
together with the feedback of the speller selection made for
each letter, that is, a single trial is composed of 60 P300
stimulations and 1 ErrP stimulation (a trial is about 15 s
long).

In the online experiments, the users interact with the
speller in two ways: in copy mode they are asked to select
letters indicated by the BCI before each trial, so as to simplify
the evaluation of the performance; in free mode subjects
spell words of their own choosing. In copy mode, the system
performs one trial for each letter, and it goes on to the next
letter even when the P300 classifier is wrong; in this mode
the ErrP correction system is not active. In free mode the
ErrP correction system is active, and the user has to hit the
backspace to correct a misspelled letter only when the error
is not automatically recognized. During training, the speller
is used in copy mode only. The GA and ErrP training was
performed sequentially. In the ErrP training, in order to elicit
error-related responses, the letter feedback is chosen wrongly
in 20% of the times and correctly in 80% of the cases.

The speller we have implemented is based on BCI2000
[12], a general-purpose software system developed at the
Wadsworth Center of the New York State Department of
Health in Albany, New York, USA, for brain-computer inter-
face (BCI) research. We developed three main components:
a source module that acquires EEG data from our amplifier,
an application derived from the built-in P300 speller, and a
dual-classifier processing module to handle both P300 and
ErrP classification. The application module implements the
P300 speller with ErrP-based error correction, as described
above, and a precise synchronization system (fully described
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in [13]). The processing module splits the EEG signals in
epochs synchronized on the stimulation instants, processes
the data, and performs the classification of the epochs
according to two separate processing chains, one for P300s
and one for ErrPs, briefly described below.

3. Data Processing

EEG data are acquired with an EBNeuro BE Light amplifier
at locations Fz, Cz, Pz, and Oz, and at a frequency of 512 Hz.
Also, EOG is recorded from the right eye of the subject. EOG
is not used for classification, but it is used to discard noisy
epochs during training and is kept for future analysis. For
P300 detection, a logistic classifier [14] is used, trained on
features extracted through a genetic algorithm.

Genetic algorithms are a class of optimization algorithms
that mimic the way natural evolution works. In a genetic
algorithm, a set of possible solutions to an optimization
problem are coded in strings called chromosomes; solutions
are evaluated, and the best ones (those with highest fitness)
are selected and combined together to form new possible
solutions, in a process that mimics evolution among living
beings. After some repetitions of the procedure, good
solutions emerge.

In the genetic algorithm used in this work, each individ-
ual (chromosome) represents a set of possible features for
discriminating the presence of a P300 in EEG recordings.
Each gene encodes a feature and an EEG channel from
which to extract it; a feature is obtained by multiplying the
EEG channel by a weight function, whose exact shape is
encoded by parameters in genes (see Figure 2 for examples of
weight functions). Genetic operators are a variant of 1-point
crossover and uniform mutation, and tournament selection
with elitism is used. The fitness of a chromosome is the 4-fold
cross-validated performance obtained by training a logistic
classifier on the encoded features extracted from the training
set. For a complete description of the algorithm, please see
[15].

An analysis of the combination of the features extracted
by the genetic algorithm and the classifier trained on the
training set allows to compute weights assigned to individual
EEG samples. In this way, the resulting classifier is very fast
to apply online.

For ErrP detection, a simpler method is used, also
because fewer training data are available (there is one ErrP
stimulation per letter versus sixty for P300).

EEG data are segmented in epochs, whose extremes are
found with the algorithm explained below. Epochs are then
filtered in the band 1–10 Hz to improve the signal-to-noise
ratio by eliminating frequency components extraneous to
ErrPs. EEG samples are fed into a classifier trained through
linear discriminant analysis (LDA).

On average, a difference between ErrP and non-ErrP
epochs is observable only in some intervals of the segmented
epoch, and these intervals depend on the subject. For these
reasons we developed a way to automatically determine
significant intervals in the ErrP for classification from the
training data. Training data are first segmented in epochs
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Figure 2: Weight functions used for feature extraction.

ranging from 100 ms before the stimulation instant (feed-
back onset) to 500 ms after it. Epochs containing strong EOG
activity (>100μV at any point) are automatically discarded
before further analysis. A 1–10 Hz pass-band filter is then
applied. For each channel c and time point t, the signals sc,1(t)
from ErrP epochs and sc,0(t) from non-ErrP epochs can be
viewed as two sets of random variables. A t-test is used to
check if, for any given t and c, the mean of sc,1(t) differs
significantly from the mean of sc,0(t); the significance level
has been chosen to be 0.01, but much smaller P-values have
been often found in analyzing data. The t-test is used only to
find a time interval to use for classification, so the validity of
its assumptions (Gaussian distributions with equal variance)
is not very important; nevertheless, we ran some statistical
tests on the data and they were satisfied.

The points detected by the t-test tend to lie in groups,
because the filtered signals have a strong autocorrelation
for short lags. However, many intervals of different sizes,
with “holes” in between (see the top part of Figure 3 for
an example), are usually detected, while we are interested
only in finding one contiguous time interval containing all
the interesting features of signals. We used DBSCAN [16],
a clustering algorithm based on density, to fill holes and
discard isolated points or small intervals. The biggest interval
is selected and used for classification.

The training phase produces both a time interval and a
linear classifier. During online classification, the procedure is
very fast. EEG epochs are cut according to the interval found,
and the classifier is applied to pass-band filtered epochs.

4. Results

Three subjects participated in a first set of online experi-
ments. The P300 speller used 5 repetitions of each stim-
ulation per letter; for Subject B1 we had to reduce the
number of repetitions to 4 in order to have a reasonable
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Table 1: Results of the GA online in free mode. Training set size
is the number of letters spelled in copy mode to collect training
examples for the GA classifier. Performance is given as the number
of correctly predicted letters over the total numbers of letters in the
online usage.

Subject Training No. online

set size repetitions performance

B1 196 4 74/109 (68%)

B3 108 5 137/202 (68%)

number of errors (the online performance in copy mode
for Subject B1 was 90% with 5 repetitions). On the other
hand, Subject B2 had a poor performance mainly due to
low concentration; the subject reported problems in focusing
on the task, probably because of a failure of the brightness
regulation of the computer screen that affected the online
recordings. All results confirm the offline figures reported in
[15], and confirm the validity of the GA-based classification
method.

Subjects B1 and B3 also used the BCI to spell words
in free mode, where the error correction mechanism was
enabled. The results are shown in Table 1 and confirm that
the classifier found by the GA can be used to really drive a
BCI application. Subject B2 could have tried to use the speller
by increasing the number of repetitions, but as the data was
recorded also to evaluate error potentials, this would have
made the recording sessions much longer.

Results of the online experiments are shown in Table 2.
The classifiers were tested in sessions different from those
used for training, so they are really indicative of a possible
online use. For both users the classification performance
is well above chance level, but this is not enough to say
whether ErrP detection has been useful for such users. To
test it, we computed the gain obtained by the inclusion

Table 2: Results of the online ErrP classification. Training size is the
number of letters for each class from the ErrP copy mode session.
Performance is the fraction of correct classification in the free mode
experiment.

Train. online

Subject Size performance

B1 ErrP 84 23/35 (66%)

N-ErrP 290 51/74 (69%)

B3 ErrP 65 38/65 (58%)

N-ErrP 193 91/137 (66%)

of an automatic ErrP correction system. The gain is based
on the computation of the Utility metric we recently
proposed (see [17] for details): for subject B1 we obtained
a small improvement (gain = 1.0011), while in subject B3 a
detriment to the performance is observed (gain = 0.8733).

5. Discussion

In this paper we have presented an experiment that—to the
best of our knowledge—is the first attempt to use a P300
BCI with an integrated error-correction mechanism based
on ErrPs. Although the number of subjects participating to
the online study is quite limited, results are encouraging and
confirm the feasibility of ErrP single-sweep detection already
verified in more populated offline studies such as [18] or
[13].

The use of a genetic algorithm for the definition of
features to be used in P300 detection has proven its strength
also in the online use, after good results in offline analysis
[15]. In principle, the very same algorithm could be used for
the ErrP feature design, but this is somehow prevented by the
reduced number of examples that can be gathered in training
sessions. A different strategy could be devised to collect ErrP
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examples automatically during the use of our P300-based
BCI application. Each back space in free mode can be treated
as an explicit tagging of an ErrP by the user. With this
strategy, data gathering would be still time consuming (we
are not changing the odds for ErrP elicitation after all), but it
could be more acceptable by the user, and it might enhance
her experience with the speller as time passes.

The results presented are encouraging, but some addi-
tional work is still needed to improve the performance. In
particular, it is important that ErrP detection reaches a high
accuracy, higher than P300 detection. The reason is that
ErrP stimulations are generated only once after each letter
selection, and this is the only chance to detect an ErrP. An
accuracy higher than chance is not sufficient to have a usable
interface or a significant improvement as documented by the
measured gain. In addition, to make the inclusion of ErrP
corrections more profitable, the performances of the ErrP
classifier should be tuned on a user-by-user basis. This could
be done by maximizing the above mentioned gain. This was
not done in the present paper, where we did not tune the ErrP
classifier in favor of false positives (nor false negatives [19]).

In addition, to make the system more useful in practice,
we plan to refine our processing methods and presentation
interface (to better capture the subject attention) so as to
increase the performance of the ErrP classifier; in a more
extensive study with more subjects we will assess the online
performance of the enhancement.
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Sleep spindles are bursts of sleep electroencephalogram (EEG) quasirhythmic activity within the frequency band of 11–16 Hz,
characterized by progressively increasing, then gradually decreasing amplitude. The purpose of the present study was to process
sleep spindles with Independent Component Analysis (ICA) in order to investigate the possibility of extracting, through visual
analysis of the spindle EEG and visual selection of Independent Components (ICs), spindle “components” (SCs) corresponding to
separate EEG activity patterns during a spindle, and to investigate the intracranial current sources underlying these SCs. Current
source analysis using Low-Resolution Brain Electromagnetic Tomography (LORETA) was applied to the original and the ICA-
reconstructed EEGs. Results indicated that SCs can be extracted by reconstructing the EEG through back-projection of separate
groups of ICs, based on a temporal and spectral analysis of ICs. The intracranial current sources related to the SCs were found to
be spatially stable during the time evolution of the sleep spindles.

1. Introduction

Sleep spindles are characteristic transient oscillations that
appear on the electroencephalogram (EEG) during nonrapid
eye movement (non-REM) sleep. They are characterized
by progressively increasing, then gradually decreasing wave-
forms with frequencies ranging from 11 to 16 Hz. Sleep
spindles characterize sleep onset, being one of the defining
EEG waveforms of stage 2 sleep. They are affected by
medication, aging, and brain pathology and may be involved
in learning processes [1]. Analyses of scalp-recorded sleep
spindles have demonstrated topographic distinction between
two sleep spindle classes: “slow” spindles, with spectral peak
frequency at around 12 Hz, and “fast” spindles, with spectral
peak frequency at around 14 Hz. Slow spindles are more
pronounced over frontal scalp electrodes, while fast spindles
exhibit mainly parietal and central scalp distribution [2–
5].

Independent Component Analysis (ICA) is a statistical
technique used for solving the Blind Source or Signal Separa-
tion (BSS) problem [6, 7]. Suppose that data measured in an
experiment are expressed through an n-dimensional vector
y(k) = [y1(k), . . . , yn(k)]T , for k = 1, . . . ,Nsample, where
Nsample is the number of measured data time samples. The
BSS problem relates to recovering unknown “source” signals
s1(k), . . . , sm(k) from their mixtures, that is, the measured
data, without prior knowledge about the mixing mechanism
producing the measured data. Sources and measured data are
related through

y(k) = Ms(k), k = 1, . . . ,Nsample, (1)

where M = [m1, . . . , mm] is the unknown “mixing” matrix.
It should be noted that, in the BSS context, the term
“sources” does not refer to physical sources of the measured
data, but to the mathematical entities that could satisfy (1).
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The source signal, for each ICA source s j ( j = 1, . . . ,m),
is assumed to represent a random variable, whose sample
values are s j(1), . . . , s j(Nsample). The source signal random
variables would be statistically independent if their joint
probability density function (pdf) f (s1 · · · sm) could be
factored as follows:

f (s1, . . . , sm) = f1(s1) f2(s2) · · · fm(sm), (2)

where f j(s j) denotes the marginal pdf of s j .
ICA tries to estimate sources as linear projections of

the measured data, based on the criterion that the resulting
source time courses s j(1), . . . , s j(Nsample) ( j = 1, . . . ,m),
that is, the ICA source signal random variables, should be
as statistically independent as possible [6]. Each estimated
source is called an independent component (IC). In a more
general aspect, in the case of time-series data, it is assumed
that each ICA source is generated by a random process, which
is independent of the random processes generating the other
sources.

The solution is in the form

sest(k) = Wy(k), k = 1, . . . ,Nsample, (3)

where W is called the “unmixing” matrix. ICs can be
determined up to a multiplicative sign [8], which may vary
across ICs. Due to this indeterminacy, ICs cannot be used for
directly extracting quantitative measures from their values.
Rather their characteristics, such as their waveform mor-
phology, indicate that they represent original independent
sources. Quantitative measures have to be extracted from
“reconstructed” data, which are reprojections of ICs, through
the mixing matrix [9].

When ICA is applied to electrical signals (mixtures)
recorded from the human body, it would be interesting
to investigate whether the current source regions of the
recorded signals, inside the human body, remain spatially
fixed for the duration of the recorded data. This characteristic
of current source regions would have special importance
for EEG data. It might be expressed through the qual-
ification of “spatial stationarity” for the current sources,
meaning that the EEG, reconstructed from a set of ICs, is
generated by current sources which have stable locations
for the duration of the recorded data [9, 10]. The spatial
stationarity characteristic would be desirable because, if ICA
could help in finding spatially stable intracranial current
sources, it might shed light to the localization of various
brain processes. ICA has been extensively used in EEG
signal processing applications, including noise elimination,
component extraction of Event-Related Potentials (ERPs),
and single-trial ERP analysis [10, 11].

In the case of sleep spindles, in the time frame of
a single spindle detected by a human scorer, there often
seems to exist separate spindle “components” (SCs), with
different frequency spectra and/or electrode distribution.
Differentiating SCs in the context of investigating related
intracranial current sources seems challenging, since SCs
might overlap in space and time. In previous work, the
extraction of such SCs has been investigated by applying ICA
to sleep spindle EEG [12].

Techniques used for solving the inverse problem in order
to detect intracranial current sources of scalp-recorded EEG,
which assume a distributed current source model, have
been extensively used in recent years [13]. In these models,
extended brain areas are represented by a three-dimensional
grid of solution points. Each point is a possible location of
a current source. This approach does not pose restrictions
on the number and focality of sources to be computed.
It is suitable when there are no specific indications about
source locations and extent. On the other hand, the number
of source points can be much larger than the number of
measurement points on the scalp surface. This makes the
inverse problem a heavily undetermined one, resulting in
source distributions that are rather diffuse and extended.
Among the techniques assuming a distributed current source
model, Low-Resolution Brain Electromagnetic Tomography
(LORETA) is one of the most extensively used [14, 15].
LORETA solves the inverse problem by assuming that the
orientations and strengths of neighboring neuronal sources
are correlated, because neuronal activity in neighboring
patches of cortex is expected to be correlated. Mathe-
matically, this assumption is implemented by finding the
“smoothest” of all possible source density distributions.
The LORETA version presented by Pascual-Marqui et al.
in [15] considered a three-shell spherical head model that
was registered to the Talairach human brain atlas [16]. The
solution space was restricted to the cortical gray matter and
the hippocampus.

Based on recent research applying LORETA to visually
detected sleep spindles, there exist indications that the
difference in the frequency and topography of the two
sleep spindle classes reflects electrical activity related to
spindle oscillations at two broadly distinct cortical areas:
fast spindling source activity found posteriorly and slow
spindling source activity found anteriorly [17]. Concordant
LORETA results were obtained in the study of Durka et al.
[18], using multichannel matching pursuit as a preprocess-
ing step for automatic detection and parameterization of
sleep spindles. Furthermore, indications for the existence
of different and independent cortical circuits generating
the two classes of spindles have been provided by a study
of electrocorticographic (EcoG) potentials from electrodes
located in the prefrontal cortex [19]. On the other hand,
the two frequency classes have also been attributed to
a single mechanism, the duration of hyperpolarization-
rebound sequence in thalamocortical neurons. Accordingly,
long hyperpolarizations generate slower EEG frequencies,
while short hyperpolarizations create faster EEG frequencies
[20]. Indications for considering both slow and fast spindle
activity as a single event in global thalamocortical coherence
have been provided by a recent magnetoencephalographic
(MEG) source localization study [21]. Also, the neuronal
transition probability model proposed by Merica and For-
tune [22] invokes oscillatory modes of different frequencies
existing simultaneously in one fixed-size neuronal popula-
tion source. The hypothesis that there is only one kind of
sleep spindle and an anterior peak of alpha EEG activity
during non-REM sleep has also been supported [1, 23, 24].
Therefore, the question as to whether there exist one or two
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Figure 1: Bandpass-filtered 21-channel EEG sleep spindle recording. In each electrode recording plot the first (second) vertical dashed
line indicates the time point of transition from part A (B) of the original single-spindle timeframe topart B (C). Potentials of EEG are in
microvolts.

functionally separate sleep spindle generators, related to the
fast and slow spindle classes, should be considered open.

The aim of the present study is to investigate the
application of ICA to sleep spindle EEG, in order to enable
the localization of intracranial current sources for SCs using
LORETA. The methodology that is proposed may contribute
to the on-going research concerning the existence of distinct
intracranial current sources for the slow and fast spindle
classes. Furthermore, an investigation is carried concerning
whether SCs are generated by intracranial current sources
with stable locations, that is, whether the current sources
for SCs possess a “spatial stationarity” characteristic for the
whole duration of the sleep spindle.

2. Material and Methods

2.1. Sleep EEG Recording Procedure and Preprocessing. A
healthy 27-year-old male subject slept for one night in the
Sleep Research Unit of the Department of Psychiatry at
the University of Athens Medical School. Informed consent
was obtained from the subject, and the study protocol
was approved as appropriate. The all-night polysomnogram
was recorded digitally utilizing a Micromed/BrainQuick
system. The EEG was recorded with 21 electrodes (referential
montage, reference at G2), at positions F8, T4, T6, Fp2, F4,
C4, P4, O2, Fpz, Fz, Cz, Pz, Oz, Fp1, F3, C3, P3, O1, F7,

T3, T5, of the International 10/20 EEG electrode positioning
system, with sampling frequency 512 Hz. Visual evaluation
of the sleep record was carried out by an experienced
polysomnographer, utilizing standard procedures [25], and
was verified by a second one. The sleep EEG record was
divided into stages and sleep spindles were visually detected
from sleep stage 2, because sleep spindles are more prevalent
in this sleep stage [1]. The sleep spindles were filtered using
a 128th-order finite impulse response (FIR) bandpass filter,
with 3 dB cut-off frequencies at 10.5 and 16 Hz, using the
software package Matlab (The MathWorks Inc.).

2.2. Computation of Independent Components. ICA was
applied on the original bandpass-filtered EEG data
(Figure 1), using the FastICA algorithm [26]. In order
to check whether the number of time samples available was
sufficient for providing stable Independent Components
(ICs) [9], the bandpass-filtered EEG data were upsampled 2,
4, 8, and 16 times. For all sampling rates, no differences were
found between the computed ICs.

The ICs, which were produced when a 21× 21 unmixing
matrix was computed, were composed of short-duration
wavelets, with no apparent spindle-like activity and/or
correspondence to the EEG spindle activity [27]. It should
be noted that this was not due to algorithmic reasons
related to the FastICA algorithm, since the same picture
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emerged for ICs when either the infomax [28] or JADE
(Joint Approximate Diagonalization of Eigen-matrices) [29]
algorithms were applied, using the EEGLAB package [30].
In addition, this was not due to the number of time
samples available, since the phenomenon was present even
when the signal was highly upsampled (see above). In
order to overcome the problem described above, dimen-
sionality reduction was applied. The original data were
first “centered”; that is, the data vector was transformed
to a zero-mean variable. Then, dimensionality reduction
was applied, in which a subset of the eigenvalues of the
covariance matrix of the “centered” data was retained
[7, 27, 31]. The dimensionality reduction resulted in the
computation of nred(<21) ICs. nred was selected as the
number of dominant eigenvalues which accounted for 99%
of the total variance of the bandpass-filtered EEG signal.
Consequently, an nred × 21 unmixing matrix was computed
instead of a 21 × 21 matrix. This procedure has been
previously applied in ICA studies, where the dimensionality
of the problem was reduced, by computing a sub-set of
the rows of the unmixing matrix [31, 32]. Extensive trials
showed that the ICs which were computed through this
dimension-reduction technique did not include the short-
duration wavelets mentioned above. Instead, the ICs had
waveforms with spindle-like morphology, that is, waveforms
of gradually increasing and then decreasing amplitude,
lasting for at least 0.5 second.

2.3. Extraction of Spindle Components. The next step in
the analysis consisted of dividing the original single-spindle
timeframe into parts that reflected different spindle-like
patterns, within that spindle. The rationale for such a
temporal division is based on the observation that, within
a single spindle, different spindle-like patterns may appear
sequentially. The division was based on the existence,
in the EEG recordings, of distinct waxing-waning cycles
and/or on the existence of sustained transitions in instan-
taneous spindle frequency from “low” (≤12 Hz) to “high”
(≥13 Hz) frequencies (or vice versa). The division was
done manually on the bandpass-filtered EEG recordings,
before application of ICA. The “division” point was located
at the middle of the transition either from one waxing-
waning cycle to the next one or from a low to a high
(or vice versa) instantaneous spindle frequency. Frequencies
equal to or higher than 14 Hz were considered “high” and,
together with the “borderline-high” frequency of 13 Hz,
were considered as representing the fast spindle class. The
13 Hz frequency was included in the fast spindle class,
since the “border” between the spectra of the two spin-
dle classes has been shown to be in the 12-13 Hz band
[5, 33]. Accordingly, frequencies equal to or lower than
12 Hz were considered “low”, representing the slow spindle
class.

After the division of the single-spindle timeframe into
parts according to the decision process stated above, an
inspection of the computed ICs followed. The aim was to
select those ICs which possessed spindle-like morphology
and would best correspond to the previously selected parts
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Figure 2: Independent Components (ICs) for the data in Figure 1.
The exact IC values do not possess an interest, due to the sign and
multiplicative constant indeterminacy of the results of ICA. The
absolute maximum value of all ICs dictated a common magnitude
range for the representation of the ICs. In each IC plot, the first
(second) vertical dashed line indicates the time point of transition
from part A (B) of the original single-spindle timeframe to part B
(C).

of the single-spindle timeframe, as far as their time duration
and their frequency content were concerned. For each EEG
part, some ICs were grouped together and were considered
as “representative” (main) ICs for that part, according to
the following procedure: For ICs to be considered as rep-
resentative of a spindle part, they should have had spindle-
like waveform extending to at least two-thirds of the entire
time length of the EEG part. Additionally, their maximum-
power frequency should have been in the same spindle
frequency class (slow or fast) as that of the EEG in that
part. However, even if an IC’s spindle-like activity possessed
temporal coincidence and had similar frequency content
with an EEG part, it was not included in the representative
IC group for that part if its spindle-like waveform extended
significantly (i.e., for more than 0.5 second) into another
part.

It should be noted that in the process of the approximate
matching of the EEG parts to the spindle-like waveforms
of the ICs, the initially chosen boundaries defining the
EEG parts under examination could be modified. This
modification was based on the information provided by the
morphology of the ICs, because ICs could possess a much
clearer starting and/or stopping point for the signal activity
than the original filtered EEG.

After ICs had been selected as representative of the parts,
the EEG was reconstructed, for the whole time duration of
the spindle, based on the representative (main) ICs of each
part. This led to the extraction, in the reconstructed EEG,
of spindle components (SCs) corresponding to separate EEG
activity patterns within the same spindle.
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Figure 3: ICA-reconstructed EEG, based on IC6, corresponding to the SC (SC3), which is dominant in part C of the sleep spindle shown in
Figure 1. In each electrode recording plot the first (second) vertical dashed line indicates the time point of transition from part A (B) of the
original single-spindle timeframe to part B (C). Potentials of EEG are in microvolts.

2.4. Computation of Intracranial Current Sources. Numerous
LORETA studies have used 19 or 21 electrodes of the 10/20
system [34–38]. Based on the results of these previous
studies, the use of 21 electrodes in the present study was
expected to provide acceptable localisation accuracy, despite
the inevitable diffuseness in the current source locations
produced by the method. However, we proceeded into an
investigation of the lower limits of electrode use in LORETA-
based inversions. Simulations were performed in order to
check the extent to which the localization accuracy of the
LORETA technique held, under the restriction of 8 and 16
electrodes available for the inversion. As expected, the com-
puted current source distributions were extended over wide
regions. Nevertheless, for the 16-electrode configuration,
the positions of the local maxima of the computed source
distributions, in conjunction with the topography of the
surrounding “slopes”, corresponded to the correct current
source locations.

The intracranial current sources were computed using
LORETA, for each time sample, for both the original
bandpass-filtered EEGs and the reconstructed ones. Accord-
ingly, 3D distributions of source current density were
estimated at the 2394 cortical locations utilized in LORETA
[15]. The amount of information that was present in the
current density signal sets, for all the time samples, was
overwhelming and did not help in easily extracting infor-
mation about the source distributions that corresponded to

the original EEGs and the SCs. In order to extract such
information in a concise manner, while obtaining an average
measure of the magnitude of the current source density
at each source region, the temporal mean of the current
density amplitude was computed for the whole duration of
the respective spindle part, for each of the 2394 cortical
locations. It was expected that these mean current density
maps would represent faithfully the most active cortical
regions, on the average, for the respective duration of each
spindle part.

3. Results

3.1. Spindle Components. From the set of sleep spindles
available for processing, special attention was paid to spindles
which possessed a spectral bimodality, that is, exhibiting
both slow and fast SCs. Figure 1 shows the multichannel
recordings of such a spindle. The spindle started as a high-
frequency one, with main frequency at 13-14 Hz, and then,
at almost all electrodes, a transition to low frequencies took
place, starting at 12 Hz and then moving to lower frequencies
(10-11 Hz). Based on the visual inspection of the recordings,
the activity at the majority of the electrodes presented
three distinct parts or waxing-waning cycles, suggesting the
existence of 3 SCs, termed hereafter SC1, SC2, and SC3. The
approximate durations of the cycles were 0–0.675 second,
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Table 1: Local maxima of LORETA current source density distributions for the original EEG, for the three parts (A, B, and C, resp.) into
which the single-spindle timeframe was divided. The local maxima greater than or equal to 50% of the global maximum are shown (49% for
the part C subtable). Coordinates are in mm. Origin at anterior commisure. For X , negative values represent left; positive values represent
right. For Y , negative values represent posterior; positive values represent anterior. For Z, negative values represent inferior; positive values
represent superior. Brodmann areas (BA) and both descriptions of the anatomical regions are shown.

Part A

Local
maximum

Coordinates in Talairach space Brodmann
area (BA)

Anatomical region 1
Anatomical
region 2

Activity
(
∗

10−3 )
(μA/mm2)

X Y Z

1 4 −81 8 17 Cuneus Occipital Lobe 15.96

2 −52 −67 8 39 Middle Temporal Gyrus Temporal Lobe 13.14

3 −45 −67 15 39 Middle Temporal Gyrus Temporal Lobe 13.14

4 46 −67 15 37 Middle Temporal Gyrus Temporal Lobe 13.08

Part B

Local
maximum

Coordinates in Talairach space Brodmann
area (BA)

Anatomical region 1
Anatomical
region 2

Activity
(
∗

10−3 )
(μA/mm2)

X Y Z

1 4 −81 8 17 Cuneus Occipital Lobe 14.88

2 46 −67 8 37 Middle Temporal Gyrus Temporal Lobe 12.32

3 −45 −67 15 39 Middle Temporal Gyrus Temporal Lobe 12.20

4 −3 52 1 10 Anterior Cingulate Limbic Lobe 7.80

5 53 3 −13 21 Middle Temporal Gyrus Temporal Lobe 7.76

6 −59 −32 8 42 Superior Temporal Gyrus Temporal Lobe 7.71

Part C

Local
maximum

Coordinates in Talairach space Brodmann
area (BA)

Anatomical region 1
Anatomical
region 2

Activity
(
∗

10−3 )
(μA/mm2)

X Y Z

1 4 −81 8 17 Cuneus Occipital Lobe 6.90

2 46 −67 8 37 Middle Temporal Gyrus Temporal Lobe 6.17

3 −45 −67 15 39 Middle Temporal Gyrus Temporal Lobe 6.00

4 −59 −32 8 42 Superior Temporal Gyrus Temporal Lobe 3.52

5 −3 52 1 10 Anterior Cingulate Limbic Lobe 3.44

0.675–1.375 second, and 1.375–2.3 second, respectively. The
1st cycle had a main frequency range of 13-14 Hz. The 2nd
cycle presented an “intercycle” transition in many electrodes
from 13 to 12 Hz. The 3rd cycle possessed a clear low-
frequency content (10-11 Hz).

The dimensionality reduction process resulted in com-
puting nred = 6 ICs, presented in Figure 2. Each IC
possessed a visually discernible “main” waxing-waning cycle.
By inspecting the starting and ending time of those cycles
and their spectral content, and following the IC selection
procedure described in Section 2.3, IC1, with main (i.e.,
maximum-power) frequency of its spindle-like waveform at
13 Hz, was selected as representative of part A and SC1. Its
spindle-like waveform covered two-thirds of part A and its
extension into part B was less than 0.5 second.

IC2, with main frequency of its spindle-like waveform
at 13 Hz, was selected as representative of part B and SC2,
since its waveform covered almost the entire time length of
part B and did not extend to either parts A or C. IC3, with

main frequency of its spindle-like waveform at 12 Hz, was
also selected as representative of part B and SC2, since its
waveform covered almost the entire time length of part B
and its extension into part C was less than 0.5 second. Finally,
IC6, with main frequency of its spindle-like waveform at
11 Hz, was selected as representative of part C and SC3,
since the waveform extended to more than two-thirds of
part C and did not extend into part B. IC4 possessed a
spindle-like waveform, with main frequencies at 13-14 Hz,
spanning parts A and B. IC4 was not retained, because the
waveform extended to 0.5 second in both parts A and B.
IC5 possessed a spindle-like waveform, with main frequency
at 12 Hz, spanning parts B and C. It was not included as
a representative of either part B or C, since its spindle-like
waveform did not extend to at least the two-thirds of the
duration of part B or C. Figure 3 shows the reconstructed
EEG, at 21 electrodes, based on IC6. The reconstructed
EEG represents the spindle-like activity of SC3, which is the
dominant SC in part C. In parts A and B, SC3 presented
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Figure 4: Distributions of mean current source activity for part A (see Figure 1). In (a) sources are given for the original EEG. In (b) sources
are given for the reconstructed EEG, representing the dominant spindle component (SC1) in this part. The reconstruction of the EEG was
based on IC1. Each distribution is displayed relative to its own maximum, using three slices (axial, sagittal, and coronal) intersecting at the
point of global maximum of the distribution. Current density values are in μA/mm2.

a much lower amplitude activity, which could hardly be
characterized as spindle-like. Nevertheless, this activity could
be a precursor to the clear emergence of SC3 in part C.

3.2. Intracranial Current Sources. Concerning the mean cur-
rent source activity corresponding to the original EEG data
for the three parts into which the single-spindle EEG was
segmented, in all three parts the maxima were located at the
cuneus (occipital lobe) and at the temporal lobes, bilaterally
(Table 1). A frontal distribution, with local maximum at the
anterior cingulate, with intensity at 52 and 49% of the global
maximum, appeared in the mean current source activity
maps for parts B and C, respectively (Table 1 parts B and C).

For part A, as mentioned above, the EEG frequency was
high. Therefore, it was expected that the mean current source

activity should appear as activation mainly at posterior parts
(Figure 4(a)). It should be noted that, in the context of
the present work, the term “posterior” is used mainly in
contradistinction to frontal lobes, and it denotes current
sources not only in the occipital lobes but also in the limbic,
parietal, and temporal lobes. The mean current source
activity map (Figure 4(b)) corresponding to SC1 (i.e., the
reconstruction of the EEG based on IC1, for part A, where
IC1 was the main IC) showed the same loci of maximal
activity at the cuneus (occipital lobe) and at the temporal
lobes, bilaterally (Table 2), as those present in the current
sources corresponding to the original EEG for part A.

For part B, the main current sources of the original
EEG remained at the same posterior positions as for part A,
namely, the cuneus and the middle temporal gyri, bilaterally
(Figure 5(a) and Table 1 part B). However, a lower-intensity
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Table 2: Local maxima of LORETA current source density distributions for spindle component SC1 for part A of the single-spindle
timeframe. The local maxima greater than or equal to 50% of the global maximum are shown. Coordinates are in mm. Origin at anterior
commisure. For X , negative values represent left; positive values represent right. For Y , negative values represent posterior, positive values
represent anterior. For Z, negative values represent inferior, positive values represent superior. Brodmann areas (BA) and both descriptions
of the anatomical regions are shown.

Local
maximum

Coordinates in Talairach space Brodmann
area (BA)

Anatomical region 1
Anatomical
region 2

Activity
(
∗

10−3)
(μA/mm2)

X Y Z

1 4 −81 8 17 Cuneus Occipital Lobe 13.17

2 −52 −67 8 39 Middle Temporal Gyrus Temporal Lobe 11.06

3 46 −67 8 37 Middle Temporal Gyrus Temporal Lobe 10.49
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Figure 5: Distributions of mean current source activity for part B (see Figure 1). In (a) sources are given for the original EEG. In (b) sources
are given for the reconstructed EEG, representing the dominant spindle component (SC2) in this part. The reconstruction of the EEG was
based on IC2 and IC3. Each distribution is displayed relative to its own maximum, using three slices (axial, sagittal, and coronal) intersecting
at the point of global maximum of the distribution. Current density values are in μA/mm2.
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Figure 6: Distributions of mean current source activity for part C (see Figure 1). In (a) sources are given for the original EEG. In (b) sources
are given for the reconstructed EEG, representing the dominant spindle component (SC3) in this part. The reconstruction of the EEG was
based on IC6. Each distribution is displayed relative to its own maximum, using three slices (axial, sagittal, and coronal) intersecting at the
point of global maximum of the distribution. Current density values are in μA/mm2.

frontal component was also seen, at the anterior cingulate. As
mentioned above, for part B the spindle frequency content
remained high, although slower frequencies emerged. There-
fore, the emergence of a lesser frontal source local maximum
seems to be in agreement with the assumption that slow
spindles tend to occur at frontal areas. The mean current
source activity map (Figure 5(b)) corresponding to SC2 (i.e.,
the reconstruction of the EEG based on ICs 2 and 3, for
part B, where ICs 2 and 3 were the main ICs) showed the
same loci of maximal activity, at the cuneus, the temporal
lobes, bilaterally, and the anterior cingulate (Table 3), as
those present in the current sources corresponding to the
original EEG for part B.

For part C, as mentioned above, the original EEG was
of low frequency. Therefore, the observed dominance of

posterior sources for part C of the original EEG (Figure 6(a)
and Table 1 part C) did not agree with the assumption that
slow spindles tend to occur at frontal areas. Figure 6(b)
presents the mean current source activity map corresponding
to SC3 (i.e., the reconstruction of the EEG based on IC6, for
part C, where IC6 is the main IC). A clear frontal maximal
distribution emerged, with lesser activity at temporal and
parietal areas (Table 4). This was consistent with the low
frequency content of the spindle-like activity that existed in
the reconstructed EEG for part C.

It should be noted that the local maxima of the current
source distribution for the reconstructed EEG based on
IC6 were at the same spatial location for each part of the
reconstructed EEG. However, the amplitude of the current
density of the sources was increasing from part A to B and
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Table 3: Local maxima of LORETA current source density distributions for spindle component SC2 for part B of the single-spindle
timeframe. The local maxima greater than or equal to 50% of the global maximum are shown. Coordinates are in mm. Origin is at anterior
commisure. For X , negative values represent left; positive values represent right. For Y , negative values represent posterior; positive values
represent anterior. For Z, negative values represent inferior; positive values represent superior. Brodmann areas (BA) and both descriptions
of the anatomical regions are shown.

Local
maximum

Coordinates in Talairach space Brodmann
area (BA)

Anatomical region 1
Anatomical
region 2

Activity
(
∗

10−3)
(μA/mm2)

X Y Z

1 4 −81 8 17 Cuneus Occipital Lobe 7.89

2 46 −67 8 37 Middle Temporal Gyrus Temporal Lobe 6.65

3 −45 −67 15 39 Middle Temporal Gyrus Temporal Lobe 6.34

4 −3 52 1 10 Anterior Cingulate Limbic Lobe 4.89

5 53 3 −13 21 Middle Temporal Gyrus Temporal Lobe 4.83

6 −59 −32 8 42 Superior Temporal Gyrus Temporal Lobe 4.39

Table 4: Local maxima of LORETA current source density distributions for spindle component SC3 for part C of the single-spindle
timeframe. The local maxima greater than or equal to 50% of the global maximum are shown. Coordinates are in mm. Origin is at anterior
commisure. For X , negative values represent left; positive values represent right. For Y , negative values represent posterior; positive values
represent anterior. For Z, negative values represent inferior; positive values represent superior. Brodmann areas (BA) and both descriptions
of the anatomical regions are shown.

Local
maximum

Coordinates in Talairach space Brodmann
area (BA)

Anatomical region 1 Anatomical region 2
Activity
(
∗

10−3)
(μA/mm2)

X Y Z

1 −3 45 6 10 Medial Frontal Gyrus Frontal Lobe 1.64

2 −38 52 8 10 Medial Frontal Gyrus Frontal Lobe 1.45

3 46 10 36 9 Medial Frontal Gyrus Frontal Lobe 1.41

4 −52 3 −20 21 Middle Temporal Gyrus Temporal Lobe 1.39

5 53 10 8 44 Inferior Frontal Gyrus Frontal Lobe 1.35

6 46 10 1 13 Insula Sub-lobar 1.35

7 −38 17 1 13 Insula Sub-lobar 1.23

8 −45 −46 50 40 Inferior Parietal Lobule Parietal Lobe 1.11

9 −52 −60 36 40 Inferior Parietal Lobule Parietal Lobe 1.00

10 −52 −60 15 22 Superior Temporal Gyrus Temporal Lobe 0.89

11 32 45 29 10 Medial Frontal Gyrus Frontal Lobe 0.87

12 −59 −32 22 40 Inferior Parietal Lobule Parietal Lobe 0.86

13 25 −4 −27 Amygdala Uncus Limbic Lobe 0.86

14 25 38 43 8 Superior Frontal Gyrus Frontal Lobe 0.84

finally C, corresponding to the emergence of SC3 as the
dominant spindle component of part C. Spatial stability for
the local maxima of the current source distribution across
the three parts of the EEG occurred also for SC1, that is, the
EEG that was reconstructed based on IC1, and for SC2, that
is, the EEG that was reconstructed based on IC2 and IC3.

4. Discussion

In the present study, the possibilities offered by ICA pro-
cessing were explored for extracting sleep spindle com-

ponents (SCs), in order to study the structure of sleep
spindles during their temporal evolution. Observation of
morphological characteristics of the obtained ICs and
definition of distinct groups of ICs based on these char-
acteristics proved quite helpful in elucidating such SCs.
The results provide indication that SCs which relate to
a single-spindle EEG recording, and which may not be
easily distinguishable in the original recording, may be
separated using morphological and frequency spectrum
criteria, when these criteria are applied to the original
single-spindle EEG recording and its ICs. The EEGs recon-
structed from the different IC groups clearly indicated
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specific SCs active in consecutive parts of a single spindle.
The sleep spindles were divided into consecutive time
segments (parts) and at each segment the corresponding
SC was found to provide the predominant spindle-like
characteristics of the EEG. The above findings are in
accordance to the feature of ICA processing related to the
“unmixing” of the available recorded data into underlying
components.

One of the benefits of this approach was that the
contribution of the current sources for each SC to the total
EEG current source distribution could be differentiated,
with interesting results concerning the sources of slow and
fast spindle classes. In accordance with previous findings,
we observed that fast SC activity related to activation of
principally posterior brain parts, whereas slow SC activity
related to activation of mainly anterior parts. On the other
hand, there existed cases where the amplitude maxima
of the total EEG current sources for some time parts of
the original EEG were located posteriorly, although the
dominant frequency of the original EEG, at those parts, was
slow.

A consistent finding in the spindles analysed in the
present study was the spatial stationarity of the current
sources for each SC, across consecutive reconstructed EEG
parts of the same spindle. In conjunction with the results
discussed in the previous paragraph, spatial stationarity of
current sources provides an indication that slow and fast
components of a single spindle (which may represent a fre-
quency shift during its duration) may originate in different
parts of the brain and reflect distinct groups of generators
which remain active throughout the spindle duration. The
intensity of these generators may be modulated in time, to
reflect the changes in the frequency content of the spindle as
a function of time.

Future research should include the application of the
proposed technique of SC extraction and related current
source estimation to a set of healthy young adults, and
then to healthy subjects of all ages, in order to investigate
possible age effects on SCs. Furthermore, taking into account
the limitations of LORETA [13], current sources should
be investigated with inversion techniques using different
and/or more comprehensive methodological approaches
than LORETA [39, 40], in order to check whether the present
findings can be replicated with such techniques. An extensive
investigation, from the point of view of inversion techniques,
might also contribute in a more robust manner to the
elucidation of the questions related to the existence and
location of functionally separate sleep spindle generators, for
the fast and slow spindle classes.
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This paper proposes a method to translate human EEG into music, so as to represent mental state by music. The arousal levels of
the brain mental state and music emotion are implicitly used as the bridge between the mind world and the music. The arousal level
of the brain is based on the EEG features extracted mainly by wavelet analysis, and the music arousal level is related to the musical
parameters such as pitch, tempo, rhythm, and tonality. While composing, some music principles (harmonics and structure) were
taken into consideration. With EEGs during various sleep stages as an example, the music generated from them had different
patterns of pitch, rhythm, and tonality. 35 volunteers listened to the music pieces, and significant difference in music arousal levels
was found. It implied that different mental states may be identified by the corresponding music, and so the music from EEG may
be a potential tool for EEG monitoring, biofeedback therapy, and so forth.

1. Introduction

Music is a universal human trait throughout the human
history and across all cultures, and it is also a powerful
tool for emotion and mood modulation [1]. Music is not
only a kind of entertainment, but another kind of language;
thus music composition may be conceived as a specific
representation of human mind.

Along with the widespread of computer application,
some researchers attempted to “teach” the computer to
compose music, where a variety of mathematic algorithms
[2] and fundamental music rules [3] were explored. In gen-
eral, for such a computer composition, subjective algorithm
design and artificial selection of music rules are crucial and
difficult. To learn from the nature and ourselves, various
signals from human body, such as the DNA [4], proteins [5],
electromyograms (EMGs) [6], and brainwaves [7], have been
utilized in computer composition in 1990s.

The brainwaves, the electroencephalograms (EEGs), are
the visual plotting of the brain neural electric activities

projected to the scalp surface. The earliest attempt to hear
brainwaves as music was made in 1934 [8]. In most of these
early works, however, only the amplitude of the alpha waves
or other simple and direct characters of EEG signals was
utilized as the driving sources of the musical sound. In the
1990s, various new music generating rules were created from
digital filtering or coherent analysis of EEG [9]. In general,
these techniques may be classified into two categories. The
first one is sonification, which aims at monitoring the
brainwaves in an auditory way and includes various methods,
such as the direct parameter mapping [10], the one based
on the interictal epileptic discharges as triggers for the
beginning of music tones [11], and rules worked on the scale-
free phenomena which exists at both EEG and music [12].
The second one is the brainwave music which has involved
musical theories in composition. The typical work is the
application of brainwave music in Brain Computer Interface
(BCI) [7].

In this work, we proposed a method to translate the
mental signal, the EEG, into music. The goal is to represent
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Figure 1: Overview of the brainwave music generation.

the mental state by music. The arousal levels corresponding
to both the brain mental states and music emotion are
implicitly used as the bridge between the mind world and
music melody. EEGs during various sleep stages were tested
as the example.

2. Material and Methods

2.1. Sleep EEG Data. To show the performance of the
proposed mapping rules, we apply this method to the real
EEG data recorded during the different sleep stages. The
sleep stages were recognized by two of the authors according
to the rules of Rechtschaffen and Kales (R&K). The data
of rapid-eye movement sleep (REM) and nonrapid eye
movement were utilized. For the nonrapid eye movement
sleep data, we chose segments from both stage 2 (named
NREM henceforth) and stages 3 or 4 (the slow-wave sleep
(SWS)). The subject was a 25-year-old male, physically and
mentally healthy, right-handed. The study was approved by
the local Review Board for Human Participant Research. The
subject signed an informed consent form for the experiment.
The signals were recorded by a 32 channel NeuroScan system
with a sampling rate of 250 Hz and were band-pass filtered
from 0.5 Hz to 40 Hz. The data is referenced to infinity [13].
The data for music generation is acquired from the second
night of the subject sleeping with the braincap. The following
analysis was performed on the data at electrode Cz, which is
at the central of the head and is a channel less affected by the
body movement.

2.2. EEG, Music, and Arousal

2.2.1. Sleep EEG and Mental Arousal Level. It is believed that
the arousal level in different sleep stages is associated with the
brain activities; it means that a sleep stage, REM, NREM, or
SWS, is a phenomenological representation of the underlying
neural activities which are the electrophysiological reflection
of a specific mental arousal state. For example, REM is
considered to be deeply related to dreams, which involves

learning and memory [14]; thus it is considered being more
alert than SWS; that is, it has a high arousal level than SWS.

The time-frequency EEG features are different among
REM, NREM, and SWS. The REM stage shows small
amplitude activities, similar to light drowsiness, and its alpha
band (8–13 Hz) activity is slightly slower than in wakefulness.
The brainwaves of SWS are of quite preponderant delta waves
(1–4 Hz) and theta rhythm (4–7 Hz), thus typically of low
frequency and high amplitude. And the wave amplitude and
frequency of NREM are between REM and SWS. As the sleep
stages can be identified by the features of EEG, which may be
utilized as the physiological indexes of different mental states
for music composition of various arousal levels.

2.2.2. Music and Emotion Arousal. As a representation of
the internal emotion of a composer, music with some
features can be adopted to evoke emotion and mood state.
Some studies indicated that music emotion is able to be
communicated with various acoustic cues, including tempo,
sound level, spectrum, and articulation [15]. And musical
structures or patterns usually have their inherent emotional
expressions [16]. To evaluate music emotion, a popular
one is the Thayer’s model, which describes emotion in
two dimensions, the valence and the arousal. The valence
indicates whether the music is pleasant or unpleasant, while
the arousal represents the activity of the music, the activeness
or passiveness of the emotion [17]. The two-dimension
structure gives us important cues for computational mod-
eling.

Therefore, the musical structure and some features such
as pitch, tonality, rhythm, and volume played important
roles in the emotion expression. For example, a fast tempo
(dense rhythm cadence) usually represents a high arousal
level, while a slow tempo (sparse rhythm cadence) indicates
the low arousal emotion [18].

2.3. Music Generation from EEG. For music generation, the
overview of the method is shown in Figure 1, where the blue
arrow indicates the conceptual framework and the yellow
arrow shows the actual realization in this work. Using arousal
as a bridge, EEG features were extracted as a reflection of
the mind state, and it was mapped to the parameters of
music which had similar arousal level according to the two-
dimension mood model.

The music generation consists of five steps, details shown
in Figure 2. First, extract the EEG signal features; second,
define the music segments (parameters: main note, tonality,
and rhythm cadence) based on the corresponding EEG
features; third, generate music bars (parameters: chord and
note position) from the EEG features and music segment
parameters; fourth, fix the values of notes (timbre, pitch,
duration, and volume) according to the bar parameters; the
last, construct the music melody by a software (Max/MSP)
and a MIDI file is made.

2.3.1. EEG Features and Music Segment. For different mental
states, EEGs are of distinct features in frequency and
amplitude, that is, different time-frequency (T-F) patterns.
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Figure 3: Sleep EEG and Wavelet analysis. (a) REM; (b) NREM; (c) SWS.

The main frequency, rate of alpha, and variance are obtained
from the complex morlet wavelet coefficients, while the wave
amplitude and average energy are estimated directly from the
EEG signal.

The music sequence has the same time length as the real
EEG. The segmentation is based on the following inequation
(1), so that when it exists, a new segment is assumed:

|x(i)− x|
x

> 1, (1)

where x(i) denotes the value of the EEG signal at the current
point i, and x is the average of the data x(i) from the last
segment ending to the current time.

In a segment, the three parameters, main note, tonality,
and rhythm, are kept the same. As shown in Figure 2, the

main note, the most important note in a music melody,
is based on the EEG main frequency. When the EEG main
frequency is high, the main note is high, and vice versa.

According to music esthetic theory about tonality, a
major music usually is utilized for a positive melody, while
a minor is identified to be soft and mellow [18]. In this work,
we defined an empirical threshold that when the average
energy is lower than the threshold, we take the Major; else
the Minor. Therefore, a deep sleep stage, SWS, would be
represented by a minor key, and the REM stage would be
matched with the major. The key transfer would make the
music pieces have a rich variety, and the stage change can be
identified by the music modulation.

The rhythm cadence is related to the rate of alpha. When
it is high, the rhythm cadence is dense, which means that the
number of notes in a fixed length is large. The result is that
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a fast tempo corresponds to a high arousal level. When the
rate is low, the condition is adverse.

2.3.2. Music Generation: Bar. In a music segment, the
substructure is the bar, where the chord and note position
are finally determined. As variance of the wavelet coefficients
can represent the change of the frequency combination in the
time-frequency domain, we use it to determine the chord.
Since the chord is complex, here we simply assume that the
stability of the chord and the change of EEG spectrum are
consistent.

In this work, we take 4 beats in a bar and 4 positions in
a beat. The parameter “note position” indicates a note on or
off at a position. The rhythm cadence determines the number
of notes on, and then the EEG amplitude over an empirical
threshold for each bar determines the specific position for a
note “on.”

2.3.3. Music Generation: Note. Music melody is the combi-
nation of notes, and for each note, there are four essential
features: timbre, pitch, duration, and volume.

The timbre of the note is assumed to be piano in this
work. And in general, we may have different timbres for
different segments if necessary.

The pitch of a note is related to the chord. In our method,
each bar has a chord, and the notes in a bar are selected from
two families: the first family consists of the note pitches of
the harmonic chord (chord tone) and the second includes
the other note pitches of the scale (none chord tone). For
example, when the chord is major C, the family of chord tone
consists of C, E, G, while the none chord tone family includes
D, F, A, B. To ensure the tonality of the melody, there are a few
rules for pitch family choice; for example the chord notes are
usually placed at the downbeat (the first beat of the bar); the
pitch interval is limited to 7 semitones.

The duration of a note is represented by the note position.
A note starts at the position of a note on and lasts until the
next note-on position. However, the lasting must be in the
same bar so that if the next note-on position is in the next
bar, the current note’s duration will stop at the current bar
end.

The volume of a note is indicated by the note position of
the beat. A downbeat has a large volume, while an upbeat has
a small volume.

2.3.4. Music Emotion Evaluation Test. In order to ascertain
if the music of different sleep states can be identified, and
to see the emotion dimensions when people listen to them,
35 healthy students (20 males, 15 females), ranging in age
from 21 to 28 years (mean 22.49, SD 1.65), were asked
to participate in this test. None of the volunteers reported
any neurological disorders, psychiatric diseases, or were
on medication. All had normal hearing. 94.3% of them
had never received special musical education, and 5.7% of
them (two subjects) had special musical training less than
2 years.

Since the waveforms of REM and SWS are more typical
than NREM (see Figure 3), we designed a test with 10 music
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Table 1: Music parameters of REM and SWS.

Music parameters Main note Tonality Rhythm cadence Pitch Duration Volume

REM High Major Dense High Short Large

SWS Low Minor Sparse Low Long Small

pieces consisting of 5 from REM and 5 from SWS with
the proposed mapping rule. Each music piece lasted 60
seconds and they were randomly played to the volunteers.
The volunteers were asked to focus on the emotions of the
music pieces. After listening to each piece, they were required
to mark a table for the arousal levels which had a 9-point
scale from 1 to 9 (with “1 = very passive” and “9 = very
excited” on the arousal scale).

3. Results

3.1. Music of Sleep EEG. Figure 3 shows the wavelet analysis
results of REM, NREM, and SWS. Apparently, the REM and
SWS data may be assumed to be one segment, while the
NREM data should be segmented into five segments for its
very clear variety of features in frequency and amplitude
related to the spindle waves. For the data in Figure 3, we
found that segment 1 of NREM was quite similar to REM,
segment 2 is similar to SWS, and the reason is that the wave
amplitude and frequency of NREM are between REM and
SWS as noted above.

The music pieces of different sleep stages are of differ-
ent features in music structure. Table 1 shows the music
parameters of REM and SWS EEG. The REM music has
high-pitch notes and dense rhythm; thus it indicates a high
arousal state. The SWS music has notes of low pitch, and
the rhythm is sparse; thus it denotes a low arousal state.
Figure 4 shows the examples of the music scores of the sleep
EEG.

3.2. Music Emotion Evaluation. In the music emotion evalu-
ation test, the arousal level of REM and SWS is 6.02 ± 0.99
and 3.59 ± 0.97, respectively. And the differences between
them are significant (T(34) = 12.571, P < .01). Figure 5
showed the points from all the volunteers in the emotion
space with blue stars and green circles for the REM and SWS
music pieces, respectively. It is quite clear that the music of
REM has high arousal level than SWS, which means that
the music of REM is more active. Figure 5 demonstrates
that our method can translate the different arousal mental
state to the corresponding music arousal level. The arousal
level of REM music is higher than SWS music for all the
listeners, although their absolute arousal level points are
different.

4. Discussions and Conclusion

There is growing interest in the relation between the brain
and music. The approach to translate the EEG data into
music is an attempt to represent the mind world with music.
Although arousal has been a common topic in both brain

mental state and music emotion studies, it is a new attempt
to use arousal as the bridge between the brain mental state
and the music. The above results show that the approach is
advisable and effective and that the music pieces of different
sleep stages are of distinct music features corresponding to
the different levels of arousal. The active state is represented
by music pieces with high arousal level, while music for the
calm state has a low arousal level.

In this EEG music generation, some basic music theories
have been considered. As EEG is a physiologic signal, if we
translate it into music directly, the music may be stochastic;
if the music rules are too strictly followed, some detailed
meaningful EEG information may be ignored. To keep a
proper balance between the science (direct translation) and
art (composition), only some important principles of music
were involved in the program, and the features of the EEG
were chosen carefully to maintain the most meaningful
physiologic information. If some random parameters are
utilized to replace these features, the music would show
no specific patterns. In general, the choice of the feature
extraction method would influence the meaning of the
derived music, and any principle followed by both the brain
activity and music would be an appropriate bridge between
the brainwave and music.

In this pilot experiment, the method was evaluated on
the sleep EEG data from one subject. Though individual
EEG data is different from one subject to another, the basic
features of sleep EEG with different mental states are quite
steady, such as the characteristic waves of different sleep
stages. That means, for the same sleep stage, that the music of
different subjects would be different in details, but the main
patterns would be similar.

To improve this work, other EEG signal processing meth-
ods can be adopted, such as complexity analysis, independent
component analysis, and fractal analysis (power law [12]). In
our current method, we just consider the arousal level of the
brain and music while the other emotion dimensions, such as
valence, can also be involved in the further music generation
studies. Moreover, the program needs to be tested on more
data to improve itself to adapt to various cases.

This method might be used potentially in an assistant
sleep monitor in clinical applications because the music
of different sleep stages can be identified easily and more
comfortably. However, it needs further experimental studies
before any practical application. Also, it can work as a
musical analytical method for the ample states of EEG.
Furthermore, this method can be utilized as a unique
automatic music generation system, which enables those
people who have no composition skills to make music
through using their brainwaves. Therefore, it can be utilized
as a bio-feedback tool in disease therapy and fatigue
recovery.
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