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MUSIC THERAPY creates non-verbal meaning

Active music therapy: Playing, singing, improvising
Receptive music therapy: Listening guided by therapist  
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PROJECT
To investigate brain interactions in music therapy 
by means of wireless EEG technology
 
1. Intention
2. Necessity
3. Possibilities: 
   Consumer-grade and High-grade equipment
4. Choices
5. Questions
6. References
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INTENTION

To promote cooperation between 
neuroscience and music therapy research

A cross-disciplinary project 

                                    

4



                                    

5

The comparison between synchronized and non synchronized
acts showed statistical differences in interbrain phase synchronies
for all frequency bands analyzed (alpha-mu, beta, and gamma)
except for the theta band. Designing specific interbrain statistical
analyses, we were able to show that the alpha-mu rhythm was the
most robust interbrain oscillatory activity discriminating behav-
ioral synchrony vs. non synchrony in the centroparietal regions of
the two interacting partners. The alpha-mu band is considered as
a neural correlate of the mirror neuron system functioning [57].
Specific frequencies of this band (9.2–11.5 Hz) over the right
centroparietal region have been proposed as a neuromarker of

social coordination [19]. The symmetrical pattern found for the
model and the imitator possibly reflects a coordinated dynamics of
hand movements. The pattern however became asymmetrical in
the higher frequency bands and should be seen as a brain-to-brain
top-down modulation reflecting the differential roles of model and
imitator. This is consistent with motor transient activities involved
in the beta band [57] and the implication of gamma in attentional
processes, perceptual awareness and cognitive control [34,58].

The other contrasts performed complement these findings. The
absence of a significant difference between imitative and non-
imitative episodes during spontaneous imitation assesses that

Figure 3. Brain synchronization: online example. Samples of spontaneous imitation episodes in the dyad nu3 showing the correspondence
between interactional synchrony and brain activities. The green areas indicate periods where subjects were behaviorally synchronized and the red
ones periods without behavioral synchrony. A. Time course of normalized EEG signal filtered in the alpha-mu frequency band for the channels P8 of
both subjects. These channels are members of the cluster shown in figure 2A. B. Phase extracted from the signals. C. PLV calculated with sliding
centred time windows of 800ms length in the alpha-mu band (related to A and B) quantifying the neural synchronization between the two subjects.
Beta band PLV for the same electrodes is also shown in dashed line. D. Time course of normalized EEG signal filtered in alpha-mu frequency band for
the channels PO2 in Subject 1 and Cz in Subject 2. Those channels are not members of any clusters. E. Phase extracted from the signals. F. PLV
calculated with sliding centred time windows of 800ms length in the alpha-mu band (related to D and E) quantifying the neural synchronization
between the two subjects. Beta band PLV for the same electrodes is also shown in dashed line. G Representation of the pairs of electrodes P8-P8
(A,B,C) and PO2-Cz (D,E,F).
doi:10.1371/journal.pone.0012166.g003

Interacting Brains Synchronize

PLoS ONE | www.plosone.org 7 August 2010 | Volume 5 | Issue 8 | e12166

BASIC QUESTION
What goes on in two interacting minds? 

Dumas et al. 2010

5



                                    

6

                                                                                                            
                                    

NECESSITY OF INTER-BRAIN RESEARCH

We believe that hyperscanning is necessary in future 
exploration of the underlying mechanisms of social 
interaction. 

It is the only way to tap into inter-brain processes, 
which we still know so little about.

                Konvalinka and Roepstorff (2012) 
 The two-brain approach:  how can mutually interacting brains 
 teach us something about social interaction?

                                                                     http://interactingminds.au.dk
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POSSIBILITY

EEG Laboratory recording of interacting brains:
Guitar duo playing a melody in unison

                    

BMC Neuroscience 2009, 10:22 http://www.biomedcentral.com/1471-2202/10/22
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Phase synchronization within and between brains during the preparatory period of metronome tempo settingFigure 1
Phase synchronization within and between brains during the preparatory period of metronome tempo setting. 
(A) Topological distributions of PLI in a representative pair of guitarists, A and B, at the theta frequency (4.95 Hz) 140 ms after 
stimulus-onset (second metronome beat). Fronto-central maxima of PLI are shown. (B) Time-frequency diagrams of average 
PLI for guitarist A and B separately. PLI was averaged across six fronto-central electrodes. Only significant PLI-values (p < 0.01) 
are highlighted. Time zero is time locked to the second metronome beat. Metronome beats are shown by white arrows. The 
time course of PLI values at the theta frequency (4.95 Hz) is depicted below the time-frequency diagram. (C) Interbrain syn-
chronization between the two guitarists measured by IPC at the theta frequency (4.95 Hz) 140 ms after stimulus onset. 
Colored lines indicate synchrony between electrode pairs of the two guitarists, corresponding to significant interbrain syn-
chronization. Only IPC values higher than 0.41 are highlighted. (D) Time-frequency diagram of the average IPC averaged across 
six electrode pairs. In the left diagram (A -> B), the selected electrode pairs represent phase coherence between one elec-
trode of guitarist A (Cz) to the six fronto-central electrodes of guitarist B. Conversely, the right diagram (B -> A) refers to one 
electrode of guitarist B and the six fronto-central electrodes of guitarist A. Only significant IPC-values (p < 0.01) are high-
lighted. The time course of IPC values at the theta frequency (4.95 Hz) is depicted below the time-frequency diagram. SL = sig-
nificance level.
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POSSIBILITY 
Consumer-grade wireless EEG equipment

             

Emotiv EPOC
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TESTS
Is wireless EEG good enough for cognitive research? 

1) Our results suggest that, in the correct circumstances, wireless EEG may be a 
viable alternative for cognitive research.                               Weed et al, in press

2) We conclude that good quality, single-trial EEG data suitable for mobile brain-
computer interfaces can be obtained with affordable hardware.  Debener et al. (2012)

3) We showed that it is possible to reliably measure P300 single-trial responses during 
walking. This is a promising starting point to bring Brain-Computer-Interface 
paradigms into daily life scenarios.                                                DeVos et al. (2014)                                              

4) Although the quality of the signal in a mobile solution using an off-the-shelf 
consumer neuroheadset is lower than the signal obtained using high-density standard 
EEG equipment, we propose mobile application development may offset the 
disadvantages and provide completely new opportunities for neuroimaging in natural 
settings.                                                                            Stopczynski et al. (2014a)
 

9



                                    

10

                                                                                                            
                                    

POSSIBILITIES:  Neuroheadset or EEG cap?
Debener and colleagues (2012) recently demonstrated that it is possible to merge the 
wireless hardware from the Emotiv neuroheadset with high quality, conductive, gel-
based electrodes in a standard EEG cap.                                  Stopczynski (2014b)                             

       Emotiv hardware                                 Emotiv hardware with Easycap
       with headset and with Easycap              connected wirelessly to an Android tablet 

           

experiment Fpz, F3, Fz, F4, C3, Cz, C4, TP9, TP10, P3, Pz, P4, O1, O2
with AFz/FCz used as reference and ground).

We have tested both the original Emotiv neuroheadset as well as
the modified EEG cap setup in connection with the Smartphone Brain
Scanner open-source software project in the experimental designs
outlined below.

3. Software framework: Smartphone Brain Scanner

The Smartphone Brain Scanner (SBS2) is a software platform
for building research and end-user orientedmulti-platform EEG applica-
tions. The focus of the framework is on mobile devices (smartphones,
tablets) and on consumer-grade (low-density and low-cost) mobile
neurosystems. SBS2 is freely available under an MIT License at https://
github.com/SmartphoneBrainScanner. Additional technical details about
the framework can be found in Stopczynski et al. (2013).

The framework is divided into three layers: low-level data acquisi-
tion, data processing, and applications. The first two layers constitute
the core of the system and include common elements used by various
applications. The architecture is outlined in Fig. 2.

3.1. Key features

With focus on the mobile devices, SBS2 is a multi-platform
framework. The underlying technology – Qt – is an extension of
C++ programming language and is currently supported on the
main desktop operating systems (Linux, OSX, Windows) as well as
mobile devices (Android, BB10, partially iOS) (see http://qt.digia.
com/Product/Supported-Platforms/).

The additional acquisition and processingmodules can be created as
C++ classes and integrated directly with the core of the framework.
The framework supports building real-time applications; data can be
recorded for subsequent offline analysis, most of the implemented
data processing blocks aim to provide real-time functionality for work-
ingwith the EEG signal. The applications developedwith SBS2 are appli-
cations in the full sense, as they can be installed on desktop and mobile
devices, can be started by the user in the usual way, and can be distrib-
uted via regular channels, such as repositories and application stores.

The most demanding data processing block is the real-time source
reconstruction aimed at producing 3D images as demonstrated in
Fig. 4. Source reconstruction is carried out using Bayesian formulation
of either the widely used Minimum-norm method (MN) (Hämäläinen
and Ilmoniemi, 1994) or the low resolution electromagnetic tomography
(LORETA) (Pascual-Marqui et al., 1994). Further description about the

inverse methods implemented in the Smartphone Brain Scanner will be
given later.

4. Methods

4.1. Brain computer interface based on imagined finger tapping

One of the arguably most widely used paradigms of the brain com-
puter interface literature is a task in which a subject is instructed to
select between two or more different imagined movements (Müller-
Gerking et al., 1999; Babiloni et al., 2000; Dornhege et al., 2004;
Blankertz et al., 2006). Mental imagery is the basis of many BCI sys-
tems, originally conceived to assist patients with severe disabilities
to communicate by ‘thought’. The rationale is that the patient, while
having problems carrying out the actual movements, may still be able
to plan the movement and thereby produce a stable motor-related
brain activity, which can be used as an input to the computer/machine.
In this contribution we replicate a classical experiment with imagined
finger tapping (left vs. right) inspired by Blankertz et al. (2006). The
setup consisted of a set of three different images with instructions,
Relax, Left, and Right. In order to minimize the effect of eye movements,
the subject was instructed to focus on the center of the screen, where
the instructions also appeared (3.5! display size, 800 ! 480 pixel reso-
lution, at a distance of 0.5 m) (Fig. 3).

The instructions Left and Right appeared in random order with an
equal probability. A total of 200 trialswere conducted for a single subject.
We selected 3.5 s duration for the ‘active’ instruction (Left or Right) and
1.75–2.25 s randomly selected for the Relax task, similar to Blankertz
et al. (2006). The main motivation for random duration of the Relax
task was to minimize the effect of the subject anticipating and starting
the task prior to the instruction. The experiment was conducted with
an Emotiv EEG neuroheadset transmitting wirelessly to a Nokia N900
smartphone. To illustrate the potential for performing such a study in a
completely mobile context, all stimulus delivery and data recording
were carried out using the SBS2. Analysis and post-processing and
decodingwere conducted off-line using standard analysis tools. In partic-
ular, we applied a common spatial pattern (CSP) approach (Müller-
Gerking et al., 1999) to extract spatial filters which would maximize
the variance for one class, while minimizing the variance of the other
class and vice versa. A quadratic Bayesian classifier for decoding was
applied on features transformed as in Müller-Gerking et al. (1999).

Fig. 2. Layered architecture of the SBS2 framework. Data from connected EEG hardware is
extracted by specific adapters, processed, and used by the applications.

Fig. 3. SBS2 mobile neuroimaging apps for neurofeedback training, presentation of
experimental stimuli, and real-time 3D source reconstruction, running on Androidmobile
devices via a wireless connection to an Emotiv or Easycap EEG setup.

56 A. Stopczynski et al. / International Journal of Psychophysiology 91 (2014) 54–66

         
              

4.2. Source reconstruction and source separation

Compared to standard EEG laboratory setups, mobile neuroimaging is
extremely susceptible to noise, as the ability to move around simulta-
neously introduces artifacts into the neuroimaging data induced by the
EEG sensors, as well as originating from motion-related muscle activity.
Likewise, mobile neuroimaging is much more exposed to environmental
noise than experiments taking place under controlled conditions in
a shielded laboratory. Combining sensor and source features, however,
has been shown to improve classification in brain-computer interfaces
(Ahn et al., 2012), even though these paradigms often involve activation
of sensorimotor circuits where the location of sources is already quite
well known. Theremight be an even larger potential by integrating source
information for decoding complex brain states involving a range of differ-
ent cognitive tasks. In particular, spectral analysis of changes in power
may offer additional information on activity within specific brain-
wave bands, which, based on the frequency, determines whether it
reflects local or more distributed cortical field potentials. We therefore
suggest that incorporating prior knowledge on what constitutes brain-
generated signals may overall enhance the feasibility of performing ex-
periments using mobile neuroimaging solutions (see also Besserve
et al., 2011).

One approach to localize the actual brain activity in EEG is to tackle
the inverse problem of retrieving the distribution of underlying sources
from a scalpmap by using a forward headmodel to estimate the projec-
tionweightswhich are captured by the electrodes. The problem is, how-
ever, severely ill-posed, as typically tens of EEG electrodes will capture
volume conducted brain activities which may have been generated by
tens of thousands of equivalent dipoles representing post-synaptic
activity within macrocolumns of the cortex (Hämäläinen and
Ilmoniemi, 1994; Pascual-Marqui et al., 1994; Baillet et al., 2001).
A regularization that reduces thenumber of solutions is therefore applied,
using methods such as low resolution electromagnetic tomography
(LORETA), which assumes both the activity of neighboring neurons is
synchronized and their orientation and strength can be modeled as
point sources in a 3Dgrid reflecting ‘blurred-localized’ images ofmaximal
activity (Pascual-Marqui et al., 1994). With F!RNcñNv representing the
forward model relating the Nv cortical current sources, V!RNvñNt , to the
Nc measured scalp electrodes, X!RNcñNt , the forward problem for a
set of time points (Nt) is given by, X = FV + E, when the noise
contribution E is assumed additive. The Minimum-norm method
(MN) (Hämäläinen and Ilmoniemi, 1994) and LORETA methods can
be represented as a single method, with MN as a special case of
LORETA, namely, when no spatial coherence of neighboring sources is

assumed as prior. From a Bayesian perspective the LORETA method is
formulated as

p X Vj ! " "
Nt

t"1
N xt Fvt ;!

#1INc

!!!
"# 

#1!

p V# ! " "
Nt

t"1
N vt 0;"

#1LTL
!!!

"#
#2!

in which ! denotes the precision of the noise (inverse variance), "
the precision parameter of the sources, and L the spatial coherence
between the sourcesV. As theMNmethod assumes no spatial coherence
between neighboring sources, the spatial coherence matrix becomes an
identity matrix, L = I. In contrast, for LORETA this spatial coherence
matrix typically takes the form of a graph Laplacian, implementing geo-
metrical neighborhood driven smoothness. Given the likelihood, p(X|V),
and prior distribution, p(V), of the current sources, the most likely
source distribution can be obtained by maximizing the posterior distri-
bution over the sources as
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The hyper-parameters " and ! are optimized on-line using a stan-
dard Expectation–Maximization (EM) approach (Bishop, 2006).

Rather than aiming to solve the inverse problem of determining the
‘what’ from ‘where’ of brain activity, an alternative approach is to apply
methods based on higher-order statistics such as independent compo-
nent analysis (ICA) (Comon, 1994). This allows to separate individual
processes (‘what’) when they stand out as temporally independent in
the native, spatially overlapping scalp representation (Makeig et al.,
1996).

The ability of ICA to identify temporally independent events also
allows for enhanced detection and automatic removal of artifacts
(Delorme et al.). Eye blinks manifest themselves as low 1–3 Hz as well
as higher frequency activity, which translates into stereotypical ICA
scalp maps consisting of a single frontal dipole (Delorme et al., 2007).
When comparing this method against a regression approach using an
electrooculogram (EOG) eye movement correction procedure (EMCP)
to remove eye blink artifacts, ICA turns out to yield almost perfect
correction (Hoffmann and Falkenstein, 2008). Also, other kinds of mus-
cle activity stand out distinctly in the corresponding scalpmaps. Overall,
applying ICA as a preprocessing step improves artifact detection com-
pared to analysis based on the raw EEG data (Delorme et al., 2007).
With particular relevance to mobile neuroimaging, it has been dem-
onstrated that independent component-based gait-artifact removal
makes it possible to capture neural correlates in standard EEG
experiments, even when walking or running (Gwin et al., 2010).

EEG experiments have traditionally focused on analysis of event-
related time-domain waveform deflections and frequency-domain
perturbations in power, but neither of these approaches fully captures
the underlying brain dynamics when averaging data over multiple
trials, or ignoring phase resetting that contributes to the ERP (Makeig
et al., 2004). When first applying ICA to the EEG data, the event-related
time serieswaveforms come to represent independent components gen-
erated by temporally independent, physiologically decoupled local field
potentials, and their corresponding scalp maps that resemble dipolar
projections of the underlying sources (Delorme et al., 2012). This
indicates that ICA may be used for more than denoising, e.g., it can

Fig. 4. SBS2 app for presentation of visual stimuli andmobile EEG recording, using anAndroid
tablet connected wirelessly to an Easycap 16 electrode setup based on Emotiv hardware.

57A. Stopczynski et al. / International Journal of Psychophysiology 91 (2014) 54–66
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experiment Fpz, F3, Fz, F4, C3, Cz, C4, TP9, TP10, P3, Pz, P4, O1, O2
with AFz/FCz used as reference and ground).

We have tested both the original Emotiv neuroheadset as well as
the modified EEG cap setup in connection with the Smartphone Brain
Scanner open-source software project in the experimental designs
outlined below.

3. Software framework: Smartphone Brain Scanner

The Smartphone Brain Scanner (SBS2) is a software platform
for building research and end-user orientedmulti-platform EEG applica-
tions. The focus of the framework is on mobile devices (smartphones,
tablets) and on consumer-grade (low-density and low-cost) mobile
neurosystems. SBS2 is freely available under an MIT License at https://
github.com/SmartphoneBrainScanner. Additional technical details about
the framework can be found in Stopczynski et al. (2013).

The framework is divided into three layers: low-level data acquisi-
tion, data processing, and applications. The first two layers constitute
the core of the system and include common elements used by various
applications. The architecture is outlined in Fig. 2.

3.1. Key features

With focus on the mobile devices, SBS2 is a multi-platform
framework. The underlying technology – Qt – is an extension of
C++ programming language and is currently supported on the
main desktop operating systems (Linux, OSX, Windows) as well as
mobile devices (Android, BB10, partially iOS) (see http://qt.digia.
com/Product/Supported-Platforms/).

The additional acquisition and processingmodules can be created as
C++ classes and integrated directly with the core of the framework.
The framework supports building real-time applications; data can be
recorded for subsequent offline analysis, most of the implemented
data processing blocks aim to provide real-time functionality for work-
ingwith the EEG signal. The applications developedwith SBS2 are appli-
cations in the full sense, as they can be installed on desktop and mobile
devices, can be started by the user in the usual way, and can be distrib-
uted via regular channels, such as repositories and application stores.

The most demanding data processing block is the real-time source
reconstruction aimed at producing 3D images as demonstrated in
Fig. 4. Source reconstruction is carried out using Bayesian formulation
of either the widely used Minimum-norm method (MN) (Hämäläinen
and Ilmoniemi, 1994) or the low resolution electromagnetic tomography
(LORETA) (Pascual-Marqui et al., 1994). Further description about the

inverse methods implemented in the Smartphone Brain Scanner will be
given later.

4. Methods

4.1. Brain computer interface based on imagined finger tapping

One of the arguably most widely used paradigms of the brain com-
puter interface literature is a task in which a subject is instructed to
select between two or more different imagined movements (Müller-
Gerking et al., 1999; Babiloni et al., 2000; Dornhege et al., 2004;
Blankertz et al., 2006). Mental imagery is the basis of many BCI sys-
tems, originally conceived to assist patients with severe disabilities
to communicate by ‘thought’. The rationale is that the patient, while
having problems carrying out the actual movements, may still be able
to plan the movement and thereby produce a stable motor-related
brain activity, which can be used as an input to the computer/machine.
In this contribution we replicate a classical experiment with imagined
finger tapping (left vs. right) inspired by Blankertz et al. (2006). The
setup consisted of a set of three different images with instructions,
Relax, Left, and Right. In order to minimize the effect of eye movements,
the subject was instructed to focus on the center of the screen, where
the instructions also appeared (3.5! display size, 800 ! 480 pixel reso-
lution, at a distance of 0.5 m) (Fig. 3).

The instructions Left and Right appeared in random order with an
equal probability. A total of 200 trialswere conducted for a single subject.
We selected 3.5 s duration for the ‘active’ instruction (Left or Right) and
1.75–2.25 s randomly selected for the Relax task, similar to Blankertz
et al. (2006). The main motivation for random duration of the Relax
task was to minimize the effect of the subject anticipating and starting
the task prior to the instruction. The experiment was conducted with
an Emotiv EEG neuroheadset transmitting wirelessly to a Nokia N900
smartphone. To illustrate the potential for performing such a study in a
completely mobile context, all stimulus delivery and data recording
were carried out using the SBS2. Analysis and post-processing and
decodingwere conducted off-line using standard analysis tools. In partic-
ular, we applied a common spatial pattern (CSP) approach (Müller-
Gerking et al., 1999) to extract spatial filters which would maximize
the variance for one class, while minimizing the variance of the other
class and vice versa. A quadratic Bayesian classifier for decoding was
applied on features transformed as in Müller-Gerking et al. (1999).

Fig. 2. Layered architecture of the SBS2 framework. Data from connected EEG hardware is
extracted by specific adapters, processed, and used by the applications.

Fig. 3. SBS2 mobile neuroimaging apps for neurofeedback training, presentation of
experimental stimuli, and real-time 3D source reconstruction, running on Androidmobile
devices via a wireless connection to an Emotiv or Easycap EEG setup.
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POSSIBILITIES: Electrode placement

          

be used to find the modes of event-related changes in power, as the
independent components framed by the dimensions of frequency,
power, and phase consistency across trials. Even when electrodes are
accurately placed, the recorded potentialsmay still vary due to individual
differences in cortical surface and volume conduction. ICAmay also here
provide a common framework for comparison of the underlying brain
activity in EEG data, regardless of the actual electrode positions. We
thus compared ICA of the EEG data retrieved from both the Emotiv
neuroheadset containing no central electrodes and the Easycap
EEG montage including midline electrodes. In particular, we used the
retrieved scalp maps and activation time series, as well as event-
related changes in power spectra, to perform a statistical group compar-
ison across experimental conditions and trials. As a preprocessing step,
we reduced dimensionality based on principal component analysis
(PCA) and subsequently applied K-means clustering to the independent
components, in order to identify common patterns of brain activity
across the two different mobile EEG setups (Delorme et al., 2011).

4.3. Visual stimulus to investigate emotional responses

Over the past decades, neuroimaging studies have established that
language is grounded in sensorimotor areas of the brain; highly related
neuronal circuits seem involved whether we literally pick up a ball or
in a phrase refer to grasping an idea (Pulvermüller and Fadiga, 2010).
Exploringwhether such brain activation can be detected using amobile
EEG setup, the SBS2 framework was used to display the stimulus
consisting of a subset of action verbs related to emotional expressions,
face, and hand motion as used in a recent fMRI experiment (Moseley
et al., 2011). The framework was also used to record the EEG signal for
subsequent offline data analysis.

Two mobile 16 channel EEG setups were compared; the low cost
Emotiv neuroheadset using saline sensors positioned laterally at AF3,
F7, F3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8 and AF4 (P3/P4 used
as CommonMode Sense (CMS) reference/Driven Right Leg (DRL) feed-
back) — versus a standard electrolyte gel-based EEG cap (Easycap,
Germany) similar to what has previously been used for mobile P300
experiments (Debener et al., 2012) enabling an EEG setup including
central and midline Ag/AcCl ring electrodes positioned at Fpz, F3, Fz,
F4, C3, Cz, C4, TP9, TP10, P3, Pz, P4, O1 and O2 (AFz/FCz used as CMS
reference/DRL feedback) according to the international 10–20 system.

A single subject pilot studywas performed to compare the Emotiv and
Easycap EEG setups based on 2 ! 10 trials, each consisting of 3 ! 20
action verbs presented in a randomized sequence on the smartphone
display (Nokia N900). Each verb was exposed for 1000 ms in a large
white font on black background (3.5! display size, 800 ! 480 pixel reso-
lution) at a distance of 0.5 m, preceded by a fixation cross 500 ms pre-
stimuli, and followed by 1000 ms post-stimuli black screen. Using
the EEGLAB plug-in for MATLAB (MathWorks, USA), epoched EEG data
was extracted offline (!500 ms to 1000 ms) and baseline corrected
(!500 ms to 0 ms). As some of the recorded potentials are induced by
muscle activity, we rejected abnormal data epochs by specifying that
the spectrum should not deviate from baseline by ±50 dB at 0–2 Hz
and manually removed eye blinks (Delorme et al., 2011). To facilitate a
comparison between the different electrode placements used in the
two experiments, we applied the extended Infomax algorithm to linearly
project the EEG data recorded from individual electrodes onto a space of
basis vectors,whichwere temporally independent fromeach other, using
independent component analysis ICA to estimate the scalp maps and
time courses of individual neural sources (Delorme et al., 2007).

To assess the degree to which the Emotiv neuroheadset and the
Easycap EEG setups capture common patterns in brain activity despite
their differences in electrode montage, rather than simply measuring
event-related responses from the 14 electrodes, we applied ICA in a
single-subject study to retrieve 14 independent components from each
of the 2 ! 10 trials, related to the Emotiv and Easycap experiments,
respectively: we analyzed 2 ! 10 ! 14 independent components

generated from the time-locked responses to reading 3 ! 20 emotion,
face, and hand-related action verbs in each trial. Retrieving the ICA com-
ponents enabled us to initially compare the event related responses
across the 3 action verb conditions, which in turn enabled us to identify
similar independent sources within trials using the EEGLAB studyset
functionality. Secondly, to identify common patterns of brain activity
both within and across the Emotiv and Easycap experiments, the
EEGLAB studyset functionality and MATLAB Statistical Toolbox were
used to cluster the 2 ! 10 ! 14, in total 280 ICs based on scalp maps,
power spectra, and amplitude time series. After initially applying ICA
for artifact rejection in each trial, the 280 ICA weights were recomputed
as a basis for a statistical analysis using the EEGLAB studyset functionality
(Delorme et al., 2011), where the dimensionality of the feature space
was reduced to N = 10 by applying PCA principal component analysis
(Jolliffe, 2002). The pre-clustering function PCA compresses the multi-
variate EEG features into a smaller number of mutually uncorrelated
scalp projections, and computes a vector for each component to define
normalized distances in a subspace representing the largest covariances
in the ICA-weighted data. This means that the vectors contain the 10
highest PCA components for the ICA-weighted time series responses,
scalp maps, and power, related to the three conditions. Next, the K-
means algorithm (K = 10) was applied to cluster common ICA compo-
nents within the 10 trials (! = 3), related to the Emotiv neuroheadset
(Fig. 13) and the Easycap EEG setup (Fig. 14), respectively. Comparing
functionally equivalent groups of ICsmakes it possible to assess whether
they resemble recurring neural sources retrieved frommultiple sessions,
and to determine if the clustered ICs remain shared across the twodiffer-
ent experimental EEG setups (Fig. 5).

4.4. Mobile interfaces for neurofeedback

In contrast to personal informatics apps, neurofeedback interfaces
require the user to interact in real time with audiovisual representa-
tions of EEG data in an attempt to control the ongoing brain activity.
Neurofeedback experiments aiming to increase power in the upper
alpha range have been shown to improve cognitive performance in sev-
eral studies (Hanslmayr et al., 2005; Zoefel et al., 2011). While there
is often a peak in individual alpha brainwave power around 10 Hz,
neurofeedback trainingmakes it possible to control and shift the activity
towards theupper alpha range of 12 Hz. In relation to neurofeedback, an
ability to consciously control alpha brainwave oscillations, which as a
gating mechanism appears to be involved in selective attention (Foxe
and Snyder, 2011), might thus potentially help explain the previously
reported training effects on cognitive performance. Likewise, an associ-
ation between higher alpha frequency and good memory performance
has previously been shown (Klimesch, 1999) (Fig. 6).

However, designs for neurofeedback interfaces are often conceptual-
ized with little attention to how the actual feedback of audiovisual ele-
ments might affect the user's ability to control brain activity. Normally,
User Experience (UX) design of graphical interfaces involves initial
modeling of user needs and selection of design patterns for organizing
content and navigational layout reflecting gestalt principles. This may

AF3 AF4
F3 F4 F8F7

T 7

FC5 FC6

T 8

P7 P8

O1 O2

F3 FZ F4

C3 CZ C4

P3 PZ P4

O1 O2

TP 9 TP 10

FPZ

Fig. 5.Electrode locations for twomobile 16 channel EEG setups; the Emotiv neuroheadset
using saline sensors positioned laterally (left), versus a standard gel-based Easycap EEG
montage including central and midline positions (right).
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Emotiv Headset               Easycap               
                                                         Stopczynski 2014b                  
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POSSIBILITY       
High-grade wireless EEG equipment

Guitar quartet and audience, 8 EEG channels

             Technology:  BrainVision MOVE wireless system
                  Lindenberger et al. 2011 - Preliminary report 
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CHOICES
Electrodes:  saline / gel / dry
Electrode placement
Number of electrodes
Consumer-grade or High-grade equipment
Software
Expertise
Price
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WIRELESS EEG IS BOOMING BUSINESS

https://emotiv.com/

http://neurogadget.com

http://www.brainvision.com/move.html

http://www.biopac.com/Mobita-EEG-System

http://www.advancedbrainmonitoring.com/neurotechnology/

http://www.cognionics.com/index.php/products/hd-eeg-systems/64-channel-system

http://www.gtec.at/Products/Hardware-and-Accessories/g.Nautilus-Specs-Features

http://www.medgadget.com/2012/10/new-wireless-eeg-system-for-mobile-brain-wave-monitoring-video.html
Version 009 05/2012

© Brain Products GmbH

Page 2 of 2

engineering

Going Wireless has never been so easy!

transmitter

receiver 
amplifier battery pack 
amplifier

cap

C0ntrolBox

(Products similar to picture)

Please note:
The MOVE system is intended to be used for research applications only and is not sold, designed or intended to be used as a medical device as  
defined in EU Directive 93/42/EEC, nor is it intended to be used for other medical applications such as diagnosis or treatment of disease. Brain  
Products shall not be liable for any use other than pure scientific and research applications. The MOVE hardware has been tested and 
certified as per the relevant EMC and FCC standards. A non-medical CE certificate is available on request.

Technical changes can be made without prior notification.

Max. Number of Channels / Unit 32 or 64  
referential inputs (unipolar)

Max. Number of Channels 160

A/D-Conversion [bit] 16

Resolution of A/D-Converter [nV] 100 per bit

Sampling Rate [Hz] 954 at 2 MBit/s, 508 at 1 MBit/s

Input Voltage Range [mV] ± 3.276

DC Offset Compatibility [mV] ± 140

CMR [dB] > 90

Input Impedance [M:] 10 for DC

Input Noise [µVpp] approx. 1 (Bandwidth 250 Hz)

Power Supply Lithium-Ion accumulator
3.7 V, 760 mAh

Dimensions H x W x D [mm] 42.2 x 48.2 x 60

Weight [kg] 0.12 (with accumulator)

Number of Channels / Unit 32 or 64 analog

Max. Number of Channels 160

D/A-Conversion [bit] 16

Voltage Range of D/A-Converter 
[mV]

± 3.276

Output Impedance [:] 380

Amplification 1

Output Filter [Hz] 250

Power Supply Lithium-Ion accumulator
3.7 V, 760 mAh

Antenna 2

Dimensions H x W x D [mm] 68 x 160 x 187

Weight [kg] 0.59

Classification to 1999/5/EG (Class 1)

FCC ID ZCZMOVE 2011

Technical Specifications: Transmitter Technical Specifications: Receiver

manufactured by

Brain Products GmbH
Zeppelinstrasse 7
82205 Gilching (Munich)
Germany

Tel. +49 (0) 8105 733 84 0
Fax +49 (0) 8105 733 84 505

sales@brainproducts.com
www.brainproducts.com

distributed in the US & Canada by

Brain Vision LLC
2500 Gateway Centre Blvd, 
Suite 400
Morrisville, NC 27560, USA

Tel. +1 877 994 4674
Fax +1 214 224 0829

sales@brainvision.com
www.brainvision.com

14

https://emotiv.com
https://emotiv.com
http://neurogadget.com
http://neurogadget.com
http://www.brainvision.com/move.html
http://www.brainvision.com/move.html
http://www.biopac.com/Mobita-EEG-System
http://www.biopac.com/Mobita-EEG-System
http://www.advancedbrainmonitoring.com/neurotechnology/
http://www.advancedbrainmonitoring.com/neurotechnology/
http://www.cognionics.com/index.php/products/hd-eeg-systems/64-channel-system
http://www.cognionics.com/index.php/products/hd-eeg-systems/64-channel-system
http://www.gtec.at/Products/Hardware-and-Accessories/g.Nautilus-Specs-Features
http://www.gtec.at/Products/Hardware-and-Accessories/g.Nautilus-Specs-Features
http://www.medgadget.com/2012/10/new-wireless-eeg-system-for-mobile-brain-wave-monitoring-video.html
http://www.medgadget.com/2012/10/new-wireless-eeg-system-for-mobile-brain-wave-monitoring-video.html


                                    

15

                                                                                                            
                                    

WIRELESS EEG IN MUSIC THERAPY
What do we want to know? 

Active 
music therapy: 
Playing, singing, 
improvising
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WIRELESS EEG IN MUSIC THERAPY
What do we want to know? 

               

Receptive 
music therapy:
Listening guided
by therapist

WHAT KINDS OF QUESTIONS CAN WE ASK?

16
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QUESTION:  INTERACTION TYPES? 

 (1) interaction structure 
 (2) goal structure
 (3) task structure

 
Different types of interaction may involve distinctive neural mechanisms
                                                                            Liu and Pelowski 2014

                                      

Liu and Pelowski Interaction types in two-person neuroscience

One of the important reasons for this
limitation is lack of clear understanding
or classification of the interaction tasks
used in previous hyperscanning studies.
Namely, it may be the paradigm, as well as
paradigm differences, creating the present
results or major differences in previous
research. This paper therefore will review
existing tasks with an eye toward impact
on hyperscanning results and consider-
ing possible parallels or differences. We
will also conclude with a suggestion for
future study, that might aid in clarifying
the structure of interactions and provide
reference for hyperscanning research.

INTERACTION STRUCTURES: A
REVIEW OF HYPERSCANNING TASKS
Figure 1 illustrates the structure of inter-
action tasks proposed by this paper.
Human behaviors are normally affected by
three factors when interacting with other
people in a social context: (1) interaction
structure, (2) goal structure, and (3) task
structure. The x-axis represents the inter-
action structure. Interaction is defined
as “individual’s simultaneous or sequen-
tial actions that affect the immediate and
future outcomes of the other individuals
involved in the situation” (Johnson and
Johnson, 2005). Thus, Liu and Pelowski
(in press) have categorized social interac-
tion into two structures: concurrent inter-
action requiring body-movement syn-
chrony between two people (i.e., the same
behavior with or without time-delay, such
as pair Olympic diving) and turn-based
interaction that relies primarily on mind-
set synchrony—i.e., holding representa-
tions of one’s own intention and that of
others simultaneously for complementary
or contrary behavior, such as in a game of
chess.

The y-axis indicates the goal structure.
Individuals may either facilitate the goal
achievement of others (cooperation) or
obstruct others (competition) (Deutsch,
1949).

The z-axis represents task struc-
ture. There are two main interactive
tasks, depending on whether the task
requires mutual dependence between
participants (Johnson et al., 1981; Tauer
and Harackiewicz, 2004). During inter-
dependent tasks such as tennis, both
individual behavior and outcome are
affected by each other. In contrast, during

independent tasks, such as a race, indi-
viduals complete the task independently,
while final outcome (winning or losing) is
determined by the other.

Social psychology literature has consis-
tently demonstrated that different types
of interaction may involve different cog-
nitive processes and behaviors (Johnson
et al., 1981; Johnson and Johnson, 1989).
Therefore, in order to fully understand
neural mechanisms underlying human
behavior, it is important to clearly sepa-
rate and examine each type of interaction
itself. According to the proposed classifica-
tion system (Figure 1), there are generally
eight interaction types, which we will now
consider. We will first discuss studies in
concurrent interactions (four types) and
then review turn-based (four types).

CONCURRENT INTERACTIONS
First, looking to current research, previous
hyperscanning studies have mainly exam-
ined concurrent interdependent coopera-
tion tasks. This has involved key-press
(Funane et al., 2011; Cui et al., 2012),
finger-movement tasks (Tognoli et al.,
2007; Holper et al., 2012; Naeem et al.,
2012; Yun et al., 2012) and music-playing
tasks (Lindenberger et al., 2009; Sänger
et al., 2012). Results demonstrate that
concurrent interdependent cooperation
requires prediction of other’s behavior for
synchronized body-movements, and has
been associated with inter-brain synchro-
nization in right frontoparietal regions.

Regarding concurrent independent
cooperation, Dommer et al. (2012) have
simultaneously measured pairs of partic-
ipants’ activation in a dual n-back task
and revealed inter-brain synchronization
in prefrontal cortex (PFC).

FIGURE 1 | Potential interaction structures in hyperscanning research.

On the other hand, Cui et al. (2012)
have also studied concurrent independent
competition, asking pairs of participants to
press two keys as fast as possible to beat
their partner, and demonstrated no inter-
brain synchronization. This result suggests
that individuals may complete the con-
current independent competition without
understanding of the other’s actions/mind.
Therefore, resulting synchronization
in paradigms relating to cooperation,
but not competition, was argued to be
one of the clearest indications of inter-
play or sharing of information between
brains.

At the same time, returning to the
structure posed by our figure, careful dis-
cussion is needed for the interpretation
of these synchronization results in con-
current cooperation/competition. E.g.,
synchronization in the concurrent tasks,
whether independent/interdependent,
completion or cooperation, may result
from the functional similarity between
two participants’ task/environment, rather
than the specific neural mechanism under-
lying interactive behavior (Sänger et al.,
2012; Liu and Pelowski, in press). That
is, future research needs to look at these
other two factors, factoring out concur-
rent behaviors, in order to better assess
veracity of brain synchronization. On the
other hand, lack of synchronization in
the case of Cui et al., which one might be
tempted to compare to findings of syn-
chronization in the interdependent tasks,
may in fact be result of task independence,
rather than a factor of lack of communica-
tion between brains. This raises the need
for future research to be mindful whether
comparisons can be made between Figure
paradigms.

Frontiers in Human Neuroscience www.frontiersin.org April 2014 | Volume 8 | Article 276 | 2

Potential interaction structures in hyperscanning research
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QUESTION: 
Difference between leader and follower?

                                    

Directionality in hyperbrain networks
discriminates between leaders and followers
                                       Sänger et al 2013
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QUESTION:
What kinds of measurements can we expect?

synchronization

connectivity

lateralization

and...

https://www.mpib-berlin.mpg.de/en/research/lifespan-psychology/projects/interactive-
brains-social-minds                                                       Max-Planck-Institut Berlin

                          

Inter-Brain Couplings during Musical Improvisation

PLOS ONE | www.plosone.org 3 September 2013 | Volume 8 | Issue 9 | e73852
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QUESTION:
How can a music therapist interpret the results?      
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Nautilus                    Emotiv                                     Imec     

Cognionics

THANK YOU FOR LISTENING!
CHOOSE YOUR FAVORITE WIRELESS CAP
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