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The recent advent of portable and wearable neuroimaging
and neurostimulation technologies triggered a proliferation
of research on brain recording and augmentation, both in
healthy adults and in patients with neurological or psychiatric
disease. Augmentation refers to the improvement of brain
function (e.g., cognitive, affective, and motor) through task
performance or reversal of deficits that are normal con-
sequences of performance in healthy adults (e.g., mental
fatigue and stress) or those related to brain disorders. The
main objective of this special issue was to bring together
recent advances in clinical and field applications of portable
and wearable brain technologies, like neuroimaging, such
as electroencephalography (EEG), functional near-infrared
spectroscopy (fNIRS), and also neurostimulation approaches
like transcranial direct-current stimulation (tDCS). Such
approaches have made significant progress in recording and
altering brain activity while allowing full body movements
outside laboratory environments.

This special issue contains eight published works (six
original research articles and two review articles) selected
from 17 submitted articles addressing novel trends of various
portable and wearable brain technologies that can be used
for neuroenhancement and neurorehabilitation. O. Dehzangi
and M. Farooq present the design of a portable brain-
computer interface (BCI) system that is optimized to operate
effectively in intensive care unit environment. Their system
consists of a wearable EEG cap together with an Android app
designed on a mobile device that serves as visual stimuli and

data processing module. Furthermore, in order to overcome
the challenges that BCI systems face nowadays in real-world
scenarios, they propose a novel subject-specific Gaussian
Mixture Model (GMM) based training and adaptation algo-
rithm. F. Cieri and R. Esposito review the state-of-the-art
resting-state functional magnetic resonance (fMRI) studies
about physiology and pathology of aging process and suggest
future direction in this field of research and its potential
clinical applications. U. Ghani et al. propose a method that
can facilitate online processing of EEG signals by providing
an efficient filtering implementation in a hardware friendly
environment by switching to finite impulse response (FIR).
They minimize latency and computational delay of prepro-
cessing related to any EEG based BCI applications. A. D.
Bateson et al. present an interesting scheme, Categorization
of Mobile EEG (CoME), to enable researchers to quantify the
degree of device mobility, participant mobility, and system
specification used in their mobile EEG investigations in a
standardized way. S. Blum et al. present the development and
validation of a modular signal processing and classification
application enabling online electroencephalography (EEG)
signal processing on off-the-shelf mobile Android devices.
The software application SCALA (Signal ProCessing and
CLassification on Android) supports a standardized com-
munication interface to exchange information with external
software and hardware. T. Kondo et al. evaluate the difference
between the therapeutic effect of low-frequency repetitive
transcranial magnetic stimulation (LF-rTMS) and that of
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continuous theta burst stimulation (cTBS), when each is
combined with intensive occupational therapy (OT), in post-
stroke patients with upper limb hemiparesis. They recom-
mend the use of 2400 pulses of LF-rTMS/OT for 2 weeks as
treatment for hemiparetic patients. I. Fajnerova et al. present
a resting-state fMRI study to conclude that externalization of
spatial navigation to technological device (GPS inAR glasses)
can decrease the functional coupling between hippocampus
and associated brain regions. N. Rashid et al. present a design
of embedded system for multivariate classification of finger
and thumb movements using EEG signals for control of
upper limb prosthesis.They conclude that a two-stage logistic
regression classifier exhibits highest classification accuracy
when power spectral density is extracted as feature from
filtered EEG signals.

In summary, the papers in this series highlight several
important research strategies that are making it increasingly
evident that the neuroimaging findings and neurostimulation
interventions are of translational value for concurrent real-
world challenges. The results from these brain technology
studies not only help us to understand the brain processes
in complex realistic tasks but also show great potential to
provide urgently needed objective biomarkers for clinical
diagnosis, evaluation, and therapy.
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Background. Augmented reality (AR) glasses with GPS navigation represent the rapidly evolving technology which spares (and
externalizes) navigational capacities. Regarding the expected everyday usage of this device, its impact on neuroplastic brain changes
and navigation abilities should be evaluated. Aims. This study aimed to assess possible changes in functional connectivity (FC)
of hippocampus and other brain regions involved in spatial navigation.Methods. Thirty-three healthy participants completed two
resting state functional magnetic resonance imaging (rsfMRI)measurements at the baseline and after 3months. For this period, the
experimental group (n = 17) has had usedARdevice (VuzixM100)with incorporatedGPS guidance systemduring navigation in real
world. Participants from the control group (n = 16) have not used any GPS device while navigating during walking.The rsfMRI FC
of right and left hippocampi was analyzed using a seed-driven approach. Virtual city task was used to test navigational abilities both
before and after the usage of AR device.Results.We identified strong functional coupling of right and left hippocampi at the baseline
(p < 0.05, FDR corrected). Mild changes in bilateral hippocampal FC (p < 0.05, FDR uncorrected) were observed in both assessed
groups mainly between the bilateral hippocampi and between each hippocampus and temporal regions and cerebellum. However,
the experimental group showed FC decrease after three months of using GPS navigation implemented in AR glasses in contrast
to FC increase in the control group without such intervention. Importantly, no effect of intervention on navigational abilities was
observed. Discussion. Our observation supports the assumption that externalization of spatial navigation to technological device
(GPS in AR glasses) can decrease the functional coupling between hippocampus and associated brain regions. Considering some
limitations of the present study, further studies should elucidate the mechanism of the observed changes and their impact on
cognitive abilities.

1. Introduction

The extremely rapid advances in new technologies may
lead to unprecedented modifications of both human bodies
and cognitive capabilities. The field of Human Cognitive
Enhancement (HCE), addressing various interventions into
human cognitive capabilities, potentially affects our everyday
life [1]. However, these emerging HCE technologies may
transform our cognitive faculties and behavioral patterns in

both beneficial and harmful way. Contrary to the formal-
ized procedures and regulation in clinical pharmacological
research and testing, the evaluation processes ensuring safety
of novel HCE devices are not standardized and psychological
and medical risks of these technologies may occur [2].

The augmented reality (AR) glasses (e.g., Vuzix, Google
glass) represent the prototypical example of rapidly evolving
technology which affects how we perceive the reality we
live in. The screen of AR glasses serves as an interface
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between physical and digital domains enabling experience of
the overlap between the real and virtual environment on a
daily basis. Since these wearable devices will be most likely
widely available within the next few years, it is important
to objectively track the short-term as well as long-term
health consequences of using them. Regarding their expected
everyday usage and the facts that this device could both spare
some cognitive capacities (e.g., memory) and produce new
demands (e.g., frequent eyes accommodation), the impact
of AR glasses on various neurophysiological parameters
should be intensively evaluated. Even when Gamberini et
al. found mainly positive user experiences with AR glasses,
authors express concerns about possible issues related to
visual fatigue [3]. On the other hand, a recent study [4] found
that ARwearable displays have the potential to reducemental
workload required for navigation when compared to hand-
held devices (smartphones). Yet, to our knowledge, studies on
physiological and psychological consequences of long-term
AR glasses are completely lacking.

This study addresses primarily the possible neurobio-
logical effects of AR devices in regard to “externalization”
of our capabilities into the wearable device. The expected
popularity of AR glasses is in line with the growing usage
of other GPS devices. GPS technology enables us to easily
navigate in new environments; however it may in fact neg-
atively affect spatial knowledge obtained during such guided
navigation [5] by effectively disengaging our attention from
the navigated environment [6] and thus ‘turning off ’ some
areas specific for navigation [7–9]. Thus, we can speculate
whether wearable GPS devices used on daily basis may lead
to some general decline of spatial abilities (and their neuronal
substrate).

The influence of long-term daily navigation (without
GPS) on human brain was firstly studied in London taxi
drivers. These pivotal studies showed that regular navigation
demands in complex environments may lead to increase
of the volume of hippocampus (HPC) which is involved
in spatial memory [10–13]. These findings document the
neuroplastic changes in areas involved in learning and mem-
ory. It has been speculated that using spatial memory while
navigating regularly not onlymay improve the function of the
HPC but also could help to slow down cognitive impairment
as we age, while long-term reliance on GPS may in contrary
reduce HPC function [7, 8]. In agreement with this idea, we
speculate that the long-term usage of GPS devices can have
the opposite effect on brain structure and function, as human
cognitive abilities used during navigation are externalized
to some GPS device and are not used on everyday basis.
Similarly, prolonged usage (for weeks/months) of GPS device
could elicit some changes in brain activity and connectivity of
the involved brain areas [14]. To our knowledge, no research
has so far addressed this issue.

This study aimed to assess possible changes in the resting
state functional magnetic resonance imaging (rsfMRI) func-
tional connectivity (FC) of brain regions involved in spatial
navigation. Primarily, we hypothesized that the three-month
navigation using GPS in AR glasses decreases FC of the right
hippocampus (HPC), which is specifically associated with
visuospatial memory [15, 16], with other areas involved in

navigation process, such as parahippocampal gyrus (espe-
cially its posterior part), retrosplenial cortex, lateral and
medial prefrontal cortex, inferior part of the parietal lobe,
striatum, cerebellum, and midline structure of precuneus
[17–22].

The FC of the left HPC (tested to ensure specificity of
possible FC changes observed in the right HPC) should
not be affected, as it is not specifically involved in spatial
memory and was reported mainly in retention of verbal
material [15, 23] or in episodic memory [16]. In respect to
cognitive effects, we hypothesized that the usage of GPS
device during everyday spatial navigation will negatively
affect spatial abilities in GPS-trained participants from the
experimental group along with the growing dependency on
the device.

2. Methods

2.1. Subjects and Procedure. Healthy right-handed partici-
pants (n = 44) have been recruited for the study using an
online questionnaire aimed at HCE technology. All partic-
ipants expressed interest in new technologies and partic-
ipation in the study. They were assigned to experimental
or control group based on their readiness to wear and
intensively use the smart glasses for the period of three
months (e.g., participants with glasses have been assigned
for the control group). From the original set of volunteers,
six participants did not finish the study and five volunteers
have been excluded from the analyses due to movement
artifacts or low quality of rsfMRI data from one of the
sessions. Thirty-three participants (27 males and 6 females,
Meanage(SD) = 28.8 (7.1), education stage: 3.5 (1.0) ranging
from tertiary education (3) to master level (5)) finished two
repeated assessment sessions, first prior to the intervention
(baseline, TEST session) and after 10-12 weeks of intervention
(RETEST session). The experimental group (n = 17; 14
males and 3 females; Mage(SD) = 28.8 (8.1); Medu(SD) = 3.4
(0.9)) was instructed to wear AR device Vuzix M100 Smart
Glasses (Vuzix Corporation, NY, USA). Participants were
instructed to use actively the incorporated GPS guidance
system (Osmand application) during everyday navigation in
real world (in unknown locations if possible) for the whole
period of 3 months at the minimum of 3 hours per week.The
maximal usage was not assigned. The participants from the
control group (n = 16; 13 males and 3 females; Mage(SD) =
28.7 (6.2); Mage(SD) = 3.6 (1.1)) have been also encouraged to
navigate in new places as often as possible; however they did
not use any HCE device while navigating. Before the study,
all participants were ophthalmologically examined to exclude
sight defects interfering with their ability to use wearable GPS
device. Informed consent was obtained from all participants
and the study was approved by the Ethical Committee of
the National Institute of Mental Health (NIMH). All subjects
were financially rewarded for their participation in the study.

2.2. Classification of the Navigational Activity from Incorpo-
rated GPS Application. To control the real time of actively
usedGPS navigation incorporated inAR glasses, we classified
the activity of each user based on logs created by the
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navigation app generated from device sensors: accelerometer,
gyroscope, magnetometer, and virtual sensor compass (in
approximately 70 ms interval) and GPS (in 15 s interval). Par-
ticipants from the experimental group (n = 17) wear the smart
glasses device, MlogTime = 52.5 hours (range between 27 and
111 hours), and the GPS application was used, MGPStime(SD)
= 33 (7.2) hours. From these data we attempted to identify
following events: walking (periodic movement of the device
with frequency of 1 to 4Hz) andwearing headmounted device
versus carrying it in a pocket or bag. (To determine whether
participant wore the device on head we assumed that head
mounted device is almost elevated with the Earth surface and
so the z-axis is nearly perpendicular to it. In terms of pitch
and roll of the device this means they are both zero for both
left and right eye as the software of the device automatically
flips the sensor readings according to the device position.We
calculated pitch and roll of the device from accelerometer and
gyroscope readings and cut both series into approximately 4
s frames. We assumed participant wore head mounted device
when their maximums within the frame were less than 45∘.)
Similarly, four different movement speed cases have been
identified from GPS records: stationary (speed was under 1.5
km/h), moving at walking speed (speed was above 1.5 and
below 10 km/h), riding a bicycle (speed was between 5 km/h
and 30 km/h), and driving in a car (speedwas above 30 km/h).
The threshold method was used for classification of these
events andmovement speeds.Weused a combination of these
events to classify user’s activity [24]. For example, users were
considered riding a bike when they were moving at “bicycle
speed”, nowalking event was detected, and they were wearing
device on head. As proper usage of AR glasses required by
the study we only considered events when the participant
was wearing head mounted device, was receiving position
updates fromGPS, and was walking or riding a bicycle (n=17;
MGPSwalk(SD) = 14.9 (8.8) h).

2.3. Behavioral Assessment of Navigational Abilities. Spatial
navigation skills of all participants have been evaluated
in the TEST and RETEST sessions using the following
procedure.

Effects of AR glasses wearing on navigation performance
were tested in the virtual city task (VCT) [25]. The virtual
environment (VE) of a small city was developed using the
Unity game engine software [26]. Individual tasks of the
VCT required the participants to navigate using a GPS-
like schematic map of the environment in two conditions,
either with marked trajectory (route following) or without
it (wayfinding). In total participants visited 42 virtual city
locations in pairs (such as hospital and university, etc.).
Navigation in the virtual city was subsequently tested in a
recall session with no GPS map present. All pairs of recalled
locations differed from the pairs used during the pretraining.
Maximal duration of one trial was set to 60s. Behavioral
performance in VCT was evaluated in terms of pointing
error (angular difference between the estimated and correct
direction) and path efficiency (ratio of minimal and real
trajectory). Finally, all participants have been asked to write
down all remembered locations into a blind schematic map
of the environment. For more details on methods see [25].

2.4. The rsfMRI Data Acquisition. Data were acquired on
3T Siemens Prisma MRI scanner (Siemens, Erlangen, Ger-
many) equipped with a standard head coil. The rsfMRI
was measured with a gradient echo-planar sequence (GRE-
EPI, TR=2000 ms, TE=30 ms, flip angle 70∘, bandwidth 2
170 Hz/pixel, iPAT 2, FOV=1344mm×1344mm, matrix size
64x64, voxel size 3x3x3 mm, each volume with 37 axial slices
with an interslice gap 3, a total of 300 volumes). Whole
brain anatomical scans were also acquired using a 3D T1-
weighted magnetization-prepared gradient echo sequence
(MP-RAGE), consisting of 240 sagittal slices with resolution
of 0.7 x 0.7 x 0.7 mm3 (TR/TE/TI=2400/2.34/1000 ms,
FOV=224mm),whichwas used for spatial normalization and
anatomical reference.

2.5. Preprocessing, FCAnalysis, and Statistics. Functional con-
nectivity was analyzed using a seed-driven approach with
CONN version 15.h connectivity software (www.nitrc.org/
projects/conn/). The fMRI data were corrected for head
movement, registered to MNI standard stereotactic space
by a 12-parameter affine transform maximizing normalized
correlationwith T1-weighted images, spatially smoothedwith
a Gaussian kernel (8 mm at full width half-maximum).
Physiologic and other spurious sources of noise (signal
from a region in the cerebrospinal fluid, white matter, and
the whole brain signal) were estimated using the imple-
mented component-based method and removed together
with movement-related covariates [27]. The residual BOLD
time series were band-pass filtered over a low-frequency
window of interest (0.008–0.09 Hz).

The functional connectivity analysis proceeded in two
steps to establish first the overall hippocampal functional
connectivity and then to study its changes due to the exper-
imental manipulation. In both steps, we used the combined
HarvardOxfordAtlas (106 cortical and subcortical ROIs) and
Automated Anatomical Labeling (26 cerebellar ROIs) pro-
vided with the CONN toolbox. The connectivity of the right
hippocampal region to the remaining atlas regions (ROI-
to-ROI) was estimated by computing Pearson correlation
coefficients between the residual BOLD time courses and
further converted to approximately normally distributed Z
scores using Fisher transformation. Pearson correlation was
previously shown to be a sufficient measure of functional
connectivity for ROI-to-ROI fMRI data analysis [28]. Using
ROI-to-ROI approach is more robust as it alleviates the mul-
tiple testing problem typical for seed-to-voxel FC analysis.
The baseline FC connectivity for each region pair was tested
by a one-sample t-test applied to the pooled population of
both groups (in the baseline condition before experimental
intervention). The intervention effect was tested using a
random-effects full factorial model, particularly testing the
interaction between the groups (experimental group with AR
glasses intervention and control group) and time (baseline
TEST session 1 versus RETEST session 2 after interven-
tion). In order to improve interpretability of the observed
interaction effects, the simple intervention effects within
tested groups were tested by t-test for dependent samples
which was used for each of the tested groups. To assess the
effect sizes for individual analyses Cohen’s d was applied.

https://www.nitrc.org/projects/conn/
https://www.nitrc.org/projects/conn/
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Table 1: Functional connectivity of HPC in the baseline TEST session 1 (p-FDR, p < 0.0001). The baseline (before intervention) functional
connectivity of the left (L) and right (R) hippocampus in all recruited participants. The ten strongest connections (p-FDR corr. p < 0.0001)
are displayed (for complete report of all significant results of FDR corrected at p < 0.05 see Supplementary Table 1).

L Hippocampus R Hippocampus
Seed Analysed Unit Statistic Seed Analysed Unit Statistic

HPC left

pPaHC l T(32)=11.51

HPC right

pPaHC r T(32)=12.55
Hippocampus r T(32)=11.37 Hippocampus l T(32)=11.37

Ver45 T(32)=10.22 LG l T(32)=10.35
LG l T(32)=9.64 TOFusC l T(32)=10.28

Cereb45 l T(32)=9.26 LG r T(32)=10.10
Ver3 T(32)=8.62 Ver3 T(32)=10.06
LG r T(32)=8.49 Amygdala r T(32)=9.93

pPaHC r T(32)=8.25 Ver45 T(32)=9.87
pTFusC l T(32)=8.16 Cereb45 l T(32)=9.63
Brain-Stem T(32)=7.94 pPaHC l T(32)=9.46

pPaHC l/r (parahippocampal gyrus, posterior division, left/right); LG l/r (lingual gyrus, left/right); TOFusC l (temporal occipital fusiform cortex, left); Ver3
(vermis 3); Ver45 (vermis 4-5); Cereb45 l (cerebellum 4-5, left); pTFusC l (temporal fusiform cortex, posterior division, left).

The same analysis was repeated for the left hippocampal
region.

For the initial HPC FCmapping we considered as signifi-
cant only findings at FDR (False Discovery Rate) corrected
p-level 0.05. The subsequent analysis of the intervention
was limited only to functional connections confirmed in
the previous step. However, this still involves a multitude of
functional connections, in which the change should be tested.
Given the relatively short period of wearing the device and
only small sample size in this pilot study, we expect that
the effect size may not be large enough to provide sufficient
power for detection of the effect if conservative correction
for multiple testing (across a family of tested functional
connections) is applied. We therefore frame the analysis as
only exploratory and report all interventions effects reaching
the uncorrected p ≤ 0.05 level. Note that this leads to
testing large number of hypotheses (albeit decreased by the
first analysis step that limits the testing only to established
functional connections), among which we expect on average
five percent false positive test results. With this on mind, the
results of this analysis should be considered exploratory and
interpreted with caution and require validation by targeted
tests in future studies.

Statistica software v9.1 was applied in behavioral data
analysis; significance level was set to p< 0.05. To test between-
group differences in age and education level Student's t-
test was applied; Cramer’s V test was used to test between-
group differences in sex distribution.The 2-wayANOVAwith
repeated measures (group x session) was used to analyze the
effect of intervention (AR glasses usage) on navigational abil-
ities. Spearman rank order correlations have been calculated
for the association between the GPS/AR glasses wearing time
in active mode and FC change (calculated as a difference
between TEST and RETEST z-Fisher-transformed connec-
tivity coefficients) of the right HPC in the experimental (AR
glasses) group.

3. Results

3.1. Demographics and Behavioral Data. The experimental
group did not differ from the control group in any of the

demographic variables (age: t(31) = -0.06, p = 0.95; Education
level: t(31) = 0.53, p = 0.60; sex: Cramer’s V = 0.01, p = 0.94).

The moderate usage of the AR glasses (around 3 hours
per week) during navigation in real environment for 3-month
long period did not significantly affect navigational abilities
of the tested participants.We found no significant interaction
between group and session variable (2-way ANOVA) in any
of the assessed parameters (p > 0.05) in virtual city task
(path efficiency: pretraining (F(1,28) = 1.71, p = 0.20) and
VCT recall (F(1,28) = 0.98, p = 0.32).The experimental group
showed improved ability of direction estimation (towards
start position) in virtual experiments. Nevertheless, this effect
was found only in case that GPS map was present during
navigation trial (pointing error during pretraining in VCT
(F(1,28) = 5.93, p = 0.02). Such effect was not observed (p
> 0.05) in case the GPS-like map was not available during
navigation (pointing error in VCT recall (F(1,28) = 1.02, p =
0.32)).

3.2. Resting State fMRI

3.2.1. Baseline Hippocampal FC. Before the intervention
(baseline, TEST session 1) the right HPC showed significant
(p < 0.05, FDR corrected) functional coupling with the left
HPC and bilaterally with several areas of temporal lobe
(fusiform and parahippocampal gyrus), amygdala, cerebel-
lum, precuneus, and thalamus. In addition, some moderate
positive correlations have been observedwith areas of parietal
and frontal lobes and some negative correlations have been
found with parietal areas of supramarginal gyrus. First ten
strongest functional associations out of 63 significant ROIs
for right hippocampus (60 for left hippocampus, respectively)
are reported in Table 1 (for complete results see Supplemen-
tary Table 1).

3.2.2. Intervention-Related Changes in Hippocampal FC. The
subsequent analysis revealed intervention-related FC changes
(interaction between group and session) in both hippocampi.
In particular, out of the 63 (60) tests for intervention effects
on the FC of the right (left) hippocampus, we identified 6
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Table 2: Hippocampal intervention related FC changes (p<0.05, uncorr.). AR glasses intervention related functional connectivity changes of
the right (R) and left (L) hippocampi (p<0.05, uncorr.) tested by random-effect second-level analysis.

L Hippocampus R Hippocampus
Seed Analysed Unit Statistic p-unc Cohen's d Seed Analysed Unit Statistic p-unc Cohen's d

HPC left

Cereb3 r T(31)=-3.18 0.003 1.142

HPC right

pTFusC l T(31)=-3.49 0.002 1.254
Brain-Stem T(31)=-2.71 0.011 0.973 Cereb3 r T(31)=-3.31 0.002 1.189

Ver45 T(31)=-2.68 0.012 0.963 pPaHC l T(31)=-3.18 0.003 1.142
Cereb3 l T(31)=-2.64 0.013 0.948 aPaHC l T(31)=-2.69 0.011 0.966
pPaHC r T(31)=-2.53 0.017 0.909 Cereb3 l T(31)=-2.62 0.013 0.941
pITG l T(31)=-2.35 0.025 0.844 Hippocampus l T(31)=-2.08 0.046 0.747

Amygdala l T(31)=-2.15 0.039 0.772
Cereb45 r T(31)=-2.15 0.039 0.772

Hippocampus r T(31)=-2.08 0.046 0.747
pTFusC l (temporal fusiform cortex, posterior division, left); Cereb3 r/l (cerebelum 3, right/left); Cereb45 r (cerebellum 4 and 5, right); pPaHC r/ l
(parahippocampal gyrus, posterior division, right/left); aPaHC l (parahippocampal gyrus, anterior division, left); Ver45 (vermis 4 and 5); pITG l (inferior
temporal gyrus, posterior division, left).

Figure 1: Decrease of right (R) and left (L) HPC functional connectivity (between the RETEST and TEST session) in the experimental
(GPS/AR glasses) group (compared to control group) in the inferior view (p<0.05, uncorr.). The color bar represents the statistical power
expressed in absolute T values. For anatomical labeling abbreviations see footnote of Table 2.

(10) changes in the HPC connectivity, mostly with several
cortical structures mainly in temporal lobe and in cerebellum
(p<0.05, uncorrected; for details see Table 2 and Figure 1).
This is higher number than the expected false positive
rate of five percent (that should lead to about three false
positive detection results on average for each seed), albeit
due to statistical dependence between the hypotheses explicit
statistical evidence of this is not available.

Importantly, the observed changes consist of a mild but
significant decrease of the right HPC functional coupling in
the experimental group after GPS/AR glasses intervention
(see Supplementary Table 2) and mild increase of FC in
the control group (see Supplementary Table 3). For visual-
ization purposes only the four strongest effects (p < 0.01)
are presented in Figure 2. Notably, two of the areas with
intervention-related connectivity change have been in top 10
ROIs showing strongest FC with right hippocampus (pos-
terior parahippocampal cortex and left HPC). Interestingly,

a similar effect of intervention has been found also for
connections originating from the left HPC.

Moreover, to analyze possible relationship between
observed FC changes and intervention with AR glasses,
we tested the correlation coefficients between intervention
duration and the four strongest FC changes identified (see
Figure 2) and additionally the change of functional coupling
between both hippocampi. We identified significant Spear-
man correlation coefficient between the duration of active
usage of the AR glasses in head mounted mode and FC
changes of the rightHPCwith the posterior portion of the left
parahippocampal cortex (rHPC r/pPaHC l = 0.502, p = 0.040).
(It is worth mentioning that the strongest correlation has been
found in the region of posterior portion of PaHC known to
be involved in visuospatial processes and thus hypothesized to
be affected by the GPS usage). Despite moderate correlation
coefficient no significant association was identified for the
FC change observed between the right and the left HPC
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Figure 2: The average z-Fisher-transformed connectivity coeffi-
cients between the right/left hippocampus and ROIs (four strongest
FC changes (p<0.01) have been selected according to 2nd-level
group∗session interaction reported in Table 2) displayed separately
for each group and session (mean, SEM). HPC r/l (hippocam-
pus, right/left); pTFusC l (posterior part of the fusiform cortex,
left); Cereb3 r/l (cerebellum lobe III, right/left); pPaHC l (posterior
parahippocampal cortex, left); R: right; L: left; (significant group versus
session interactions: ∗∗p<0.01, ∗p<0.05).

(rHPC r/HPC l = 0.453, p = 0.068). Importantly, we did not
identify any significant correlation (p > 0.05) between dura-
tion of active usage of the GPS in head mounted mode and
FC changes of the right HPC with other selected regions of
the posterior part of the left fusiform cortex (rHPC r/pTFusC l =
0.284) and right cerebellum (rHPC r/Cereb3 r = 0.336). Similarly,
no significant correlation was observed for the FC change
between the left HPC and right cerebellum (lHPC r/Cereb3 r =
0.162).

4. Discussion

The main finding of this study, decrease in functional cou-
pling of right hippocampus after 3 months of using GPS
navigation implemented in augmented reality smart glasses,
is in line with our hypothesis. On the other hand, contrary
to our original hypothesis, the FC of left hippocampus has
been affected as well. However, in the absence of previous
research on functional connectivity changes of hippocampus
due to use of wearable devices, we have tested all estab-
lished functional connections of the studied hippocampal
regions, amounting to 63 functional connections of the right
hippocampus and 60 tests for the left hippocampus. The
analysis showed decreases in functional connectivity of the
right (left) hippocampus towards 6 (9) other brain regions at
the p<0.05 uncorrected level. Of course, given the amount
of connections to be tested, none of the associations was

strong enough to constitute a statistically significant result
after application of a conservative multiple testing procedure.
Nevertheless, the validation of the highlighted FC changes
towards identified brain areas could represent suitable target
of future studies.

These preliminary observations support the assump-
tion that externalization of some mental capacity (spatial
navigation) to technological device (GPS in AR glasses)
has measurable neurobiological consequences. Our findings
mirror (in a opposite way) the hippocampal volume increase
reported in taxi drivers [10–13]. Such remodelations impact-
ing regional brain volumes or connectivity are likelymediated
by neuroplasticity as documented by changes in cortical rep-
resentation in adult brain [29, 30]. The adult neuroplasticity
was demonstrated in both nonhuman primates and humans
in response to environmental demands and a wide range of
cognitive requirements [31–33] such as spatial representation
skills [11, 12]. Experience-induced structural and functional
changes in plasticity may occur at any part of the ontogeny
[34, 35] and after relatively short exposure ranging from 10
to 12 weeks [36].They are implemented throughmechanisms
such as axonal remodeling, growth of new dendritic spines,
synapse turnover, and hippocampal adult neurogenesis. Such
modification may also affect adult brain connectivity [30].

The HPC functional connections to numerous cortical
and subcortical areas documented during the baseline con-
dition (before intervention) are in agreement with previously
reported dense hippocampal neuronal network and its cen-
tral role in cognition [37]. Moreover, many of these areas,
namely, parahippocampal cortex (posterior part), posterior
cingulate cortex, medial prefrontal cortex, anterior cingulate
cortex, inferior parietal lobe, precuneus, thalamus, striatum,
and cerebellum, are directly involved in spatial learning,
memory, and navigation processes [16, 21].

Contrary to our original hypotheses onmore pronounced
effect on the right than on the left HPC, the GPS/AR
glasses usage in experimental group decreased FC of both
hippocampi in a similar extent. This finding may be related
to the following reasons. First, left hippocampus shows spe-
cialization for both episodic [16] and verbal memory [15, 23]
and these domains are marginally involved in our AR glasses
protocol. For example, verbal material is directly adminis-
tered by GPS device, while displaying names of streets and
locations or auditory directional information. Second, both
hippocampi are partially interconnected through dorsal hip-
pocampal commissure (although this connection is limited)
[38] and thus functional changes in one HPCmight affect the
contralateral part as well [39]. Strong interhippocampal FC
is also documented by our data. Nevertheless, the reported
simple effects (see Supplementary Tables 2 and 3) may signal
some lateralization that could be subject of further research.

In respect to specific role of the right HPC in spatial
memory and navigation, apart from changes observed in
FC between the right hippocampus and the left posterior
parahippocampal cortex (pPaHC), no changes have been
observed in hippocampal FCwith other brain areas related to
navigation, such as retrosplenial cortex, parietal lobe regions,
or precuneus. We can only speculate that prolonged (three
months) GPS usage was not sufficient to elicit changes in
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those areas which have lower or indirect FCwithHPC. Given
the intermediate level of compliance of the subjects in this
study, the future studies should carefully control the real
duration of the GPS use in the active head mounted mode.

Of particular interest is the unexpected mild increase
of right HPC FC in the control group. This effect could
be produced by the active spatial navigation as control
subjects were also instructed to navigate in new places as
often as possible but without any GPS device. However, such
effect cannot be confirmed given the missing navigation
records for the control subjects. Nevertheless, the unbalanced
baseline hippocampal FC in both tested groups (see Figure 2)
suggests other factors that should be considered. Despite
rigorous recruitment of the participants with comparable age,
education, and interest in new technologies including GPS
devices, their readiness to wear and intensively use the smart
glasses for the prolonged time period might affect group
assignment and thus the FC results obtained at the baseline.
While group differences in FC baseline are accounted for
by the statistical design and we only interpret interactions
between group and session, future studies should attempt to
address this possible confounding factor.

Interestingly, intervention-related changes have been
identified mainly in the interhemispheric connections (Fig-
ure 1), including functional coupling of the two hippocampi.
This finding is congruent with previous studies, which
reported that interhemispheric hippocampal FC during
rsfMRI predicts individual differences in memory perfor-
mance [40, 41]. The contralateral hippocampal formation
coupling was demonstrated in rsfMRI [42, 43]. The observed
decrease of left and right hippocampal functional coupling in
our study could thus be related to the externalization of spa-
tial abilities to the GPS/AR glasses device.This assumption is
in agreement with the fact that mainly posterior divisions of
the fusiform and parahippocampal gyri have been affected.
These areas are known to be involved in spatial contextual
memory [44, 45] and thusmight be specifically spared byGPS
navigation. We can only speculate about the GPS/AR glasses
induced decrease of right/left HPC, cerebellum coupling
affected mainly for regions (Cereb3) within cerebellar Lobe
III.This finding could bemediated by active and repetitive leg
movements [46] during walking with wearable GPS device.

The observed alterations in hippocampal FC were not
connected with substantial behavioral effect as the partici-
pants from the experimental group did not show any decline
in ability to effectively navigate after the interventionwith AR
glasses when tested in virtual city environment. Congruently,
it was documented previously that physiological changes in
functional connectivitymay precede cognitive and long-term
structural changes due to present compensatory mechanisms
[47]. Nevertheless, the lack of direct (negative) impact of
decreased right HPC FC on navigation abilities might be due
to short duration of the applied intervention and/or limited
usage of AR glasses by the participants.

Further studies are needed to investigate the underlying
mechanism of the observed FC changes. Specifically, the
magnetic resonance spectroscopy (MRS) could elucidate
whether natural navigation sparing changes in HPC FC
are connected with alterations of neuroplasticity-related

hippocampal glutamate-glutamine levels as documented for
cognitive performance [37].

4.1. Limitations. There are some limitations to the present
study that should be pointed out. First, the participants in
the experimental group did not use the GPS navigation
implemented in AR glasses as intensively as it was desired
by the protocol. They reported as a reason almost exclusively
the technical problems with the AR glasses. Due to tech-
nical issues with operating system the Vuzix M100 glasses
have been replaced in five subjects during the intervention.
Some other issues have been reported using user experience
questionnaires (six subjects reported also inaccuracy of
GPS signal or sudden crash of the GPS guide—Osmand
application—during active outdoor navigation, two sub-
jects complained about an unpleasant noise generated by
the device, and seven subjects reported uncomfortable or
insufficient placement of the device on the head during
movement); for more details see report in [24]. We assume
that increased wearing time of the GPS/AR glasses could
bring more pronounced connectivity changes and possibly
also behavioral effects in tested spatial abilities. Our results
could be strengthened by the association between the degree
of change in hippocampal connectivity and intensity of
AR glasses usage. Even with the above reported significant
correlation between specific FC changes of the right HPC and
posterior parahippocampal cortex and the duration of AR
glasses usage in active mode, other strongest FC changes did
not reach significant correlation. Therefore, we cannot argue
that the observed effect on FC is exclusively associated with
the GPS device usage and observed changes in FC should
be therefore interpreted cautiously. However, the observation
of moderate correlation between GPS usage and FC of right
HPC with the posterior portion of the parahippocampal
cortex involved in spatial navigation processes supports our
primary hypothesis.

Second, we have used a region-to-region functional con-
nectivity analysis approach. Applying a widely used AAL
and/or Harvard Oxford atlas, it provides a good signal-to-
noise ratio and relatively robust reproducibility of the results
compared to a seed-based voxelwise connectivity analysis
on the whole brain [28]. On the other side, anatomical
atlases (such as AAL) suffer from suboptimal sensitivity
due to averaging signal across functionally inhomogeneous
areas; this is a similar trade-off that related to large spatial
smoothing. Replicating the analysis in a more detailed,
possibly functionally informed atlas or with a seed-based or
ICA-based approach to FC is a potential avenue of future
research.

Third, the intervention effects on hippocampal FC were
not strong enough to survive conservative correction for
multiple comparisons. (Note: concerning the statistical testing
of the intervention effect, we have some albeit not fully
conclusive evidence that it is not likely attributable solely to false
positives. Overall, we have observed 15 significant results out of
122 hypotheses tested (total numbers decreased by one because
one of the connections is between the right and left hippocampi).
The probability of observing 15 or more false positives instead of
the expected 6 (=∼122∗0.05) under independence of the tests is
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p=∼0.0012 (derived from binomial distribution). This strongly
suggests that these do not all constitute false positives. However,
the tests are not necessary fully independent, and thus such
comparison to binomial distribution is not an exact statistical
test. A good alternative is nevertheless not readily available,
apart from computationally very demanding permutation
procedures.) Clearly, the statistical power in the current study
suffers from small sample size. This is natural in a situation
of a pilot study aimed at exploring the effect of a logistically
costly intervention.Moreover, while we hypothesized that the
connectivity of hippocampus is most likely to be affected,
the current literature does not provide a strong support
concerning which of the hippocampal connections might be
altered by the intervention. We therefore chose exploring
a multitude of connections and reporting the uncorrected
results as a suggestion for themost likely affected connections
that should be targeted in future studies. The alternative
strategies would include the following: stronger interven-
tion (leading to problem with recruitment and adherence
to experimental procedures), larger sample size (unfeasible
given the effective budget allocations for a pilot study in an
unchartered research territory), preselecting target connec-
tions (possible, although, given the lack of convergent prior
knowledge in this field, we may also miss important effects),
and applying some advanced methods for dealing with the
multiple testing problem in a situation of many dependent
variables (i.e., the dimension of the data could be reduced
before the testing by some clustering procedure or principal
component analysis, alleviating the multiple testing problem;
such options are however not implemented in standard
commonly used neuroimaging data analysis packages and
would lead to further technical issues that would render the
analysis methodologically too sophisticated and difficult to
interpret, reproduce, and transfer to common neuroscientific
context).

Despite the above-mentioned limitations, the observed
results are in line with the original hypothesis of decrease
of functional connectivity of the hippocampal region and
provide more specific conjecture about which connections
are particularly weakened by this augmented reality (GPS)
intervention. Thus, the follow-up studies can narrow down
the scope to those detected areas.

5. Conclusions

Present study suggests mild decrease of hippocampal func-
tional coupling mainly with temporal areas and cerebellum
after three-month intervention with GPS-guided navigation
(in contrast to mildly increased functional connectivity
observed in control group with no specific intervention).
These preliminary findings support the hypothesis of possible
harmful effect of long-term usage of GPS technology on our
brain functioning when navigation process is externalized
to some technical device (e.g., AR glasses). Even if some
observed FC changes in experimental group are correlated
with duration of the active usage of the GPS device, the
expected behavioral effect could not be identified. It should
be also noted that some limitations listed above might
have affected presented findings that should be therefore

interpreted cautiously. Further studies are needed to verify
our preliminary findings and establish psychological and
neurophysiological consequences of favorite technological
aids.
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demonstrates the simple intervention effects in functional
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previously identified interaction effects between group and
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Brain Computer Interface (BCI) determines the intent of the user from a variety of electrophysiological signals. These signals,
Slow Cortical Potentials, are recorded from scalp, and cortical neuronal activity is recorded by implanted electrodes. This paper
is focused on design of an embedded system that is used to control the finger movements of an upper limb prosthesis using
Electroencephalogram (EEG) signals. This is a follow-up of our previous research which explored the best method to classify three
movements of fingers (thumb movement, index finger movement, and first movement). Two-stage logistic regression classifier
exhibited the highest classification accuracy while Power Spectral Density (PSD)was used as a feature of the filtered signal.The EEG
signal data set was recorded using a 14-channel electrode headset (a noninvasive BCI system) from right-handed, neurologically
intact volunteers. Mu (commonly known as alpha waves) and Beta Rhythms (8–30Hz) containing most of the movement data
were retained through filtering using “Arduino Uno” microcontroller followed by 2-stage logistic regression to obtain a mean
classification accuracy of 70%.

1. Introduction

A Brain Computer Interface (BCI) provides a communica-
tion system to control external device(s) inwhichmessages or
commands are sent to external world through brain signals.
These signals do not pass through the brain’s normal output
pathways of nerves and muscles. Rather, BCI provides an
alternate method to its user to interact with the world. For
example, Electroencephalogram (EEG) based BCI messages
are encoded in EEGactivity of brain. For peoplewith amputa-
tion or severe neuromuscular disability, whomay lack normal
output channels, BCIs prove to be useful for controlling
external devices [1]. The world of BCI is growing day by
day, with applications ranging from control of upper/lower
limb prosthesis and wheel chairs to control of multimedia
applications and smart phones for people suffering from
stroke [2, 3]. Table 1 shows some researches in which upper
limb prosthesis or cursor is controlled using motor imagery.

Movements of a prosthesis are commonly controlled through
manipulating the motion of rotary actuator (electric motor)
in a BCI system.

BCI system consists of input signals (electrophysiological
activity recorded from scalp of user), a signal processor
(filtering the signal for desired frequency and extracting
features for best representation of user intent), a translating
algorithmor classifier (that anticipates the human intent from
the selected feature), and finally a control algorithm that
controls the device attached to the system [1].

Mental activity, such as imagination of movement and
movement itself or decision making, results in excitation of
Neural Networks which cause changes in electrical potentials
that can be recorded by sensors [2].This electrical potential is
recorded using invasive (placement of sensor under the scalp
through surgery) or noninvasive (placement of sensors on the
scalp) sensors. The invasive method provides a higher signal
to noise ratio; however, it is cost-wise expensive and involves
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Table 1: Examples of research for prosthesis or cursor control using motor imagery.

Index Year Research Protocol Accuracy Device Control

1 2011

“Real-time control of
a prosthetic hand
using human

electrocorticography
signals” [4]

ECoG of three
movements of left
hand (grasping
motion, hand

opening motion,
scissor type motion)

69.2% Prosthesis
control

2 2008

“Control of an
electrical prosthesis
with an SSVEP-based

BCI” [5]

Steady-state visual
evoked potentials

Between 44%
and 88% of four

patients

Control of
two-axes

electrical hand
prosthesis

3 2012

“Target Selection with
Hybrid Feature for
BCI-Based 2-D

Cursor Control” [6]

Hybrid feature from
motor imagery and
the P300 potential.
Target selection by

focusing and
direction control by
left-right hand motor

imagery.

93.99%
Online control
of cursor on a
monitor screen

4 2013

“Quadcopter control
in three-dimensional

space using a
noninvasive motor
imagery-based
brain–computer
interface” [7]

Motor Imagery of left
or right hand

movement for 1D
cursor movement left

and right.
For 2D movement
move cursor up by
imagining squeezing
or curling both hands

and to move the
cursor down through
the use of a volitional

rest.

Between 69.1%
and 90.5% for 5

subjects

Quadcopter
control

5 2014

“Simultaneous Neural
Control of Simple
Reaching and

Grasping with the
Modular Prosthetic

Limb Using
Intracranial EEG” [8]

Intracranial elec-
troencephalographic
(iEEG) signals of
subject who made

reaching and grasping
movements to

identify task-selective
electrodes

Independently
executed overt
reach and grasp
movements for
(Subject 1,

Subject 2) were
(0.85, 0.81) and
(0.80, 0.96),
respectively,

during
simultaneous
execution they
were (0.83, 0.88)
and (0.58, 0.88),
respectively

Dexterous
robotic

prosthetic arm

6 2009

“Decoding human
motor activity from
EEG single trials for a

discrete
two-dimensional
cursor control” [9]

Four motor tasks
(sustain or cease to
move right or left

hand)

Average
accuracy of 85.5
± 4.65% with
physical motor
movement

2D cursor
movement

risk due to surgery. There is a variety of changes in electrical
potentials that can be extracted from real time recorded
EEG signals [10] which can be either evoked potentials or
induced potentials. This includes Event Related Potentials
(ERP), P300 Evoked Potentials [11], Slow Cortical Potentials,

Visual Evoked Potentials, andMu and Beta Rhythms over the
sensorimotor cortex [12].

In this research, noninvasive electrode equipment is used
for recording EEG signals form scalp.The EEG signal data set
was recorded using a 14-channel electrode headset (Emotiv
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Figure 1: Electrode placement [13].

headset) from right-handed, neurologically intact volunteers.
This research is a follow-up of our previous research in which
Mu and Beta Rhythms (8–30Hz) were used. Power Spectral
Density (PSD) was used for analysis of filtered data followed
by logistic regression for classification of finger movements
[13]. PSD describes the distribution of power of signal over
its frequency.The band power of Power Spectral Density [14]
of finger movements of one hand occurring over the motor
cortex is used as a feature to classify them. The Mu and Beta
Rhythms that occur over the motor cortex provide us with
information related to the movement [15, 16].

A variety of classification techniques are used in BCI
systems such as Neural Networks (NN), Support Vector
Machines (SVM), Discriminant Analysis, and Bayesian Clas-
sifiers. As an extension of our previous research logistic
regression is used as a classifier, and output of the classifier is
used for generating command signals to control upper limb
prosthesis [17–19].

Our previous research [13] compared different classifiers,
namely, Multilayer Perceptron, Linear Discriminant Analysis
(LDA), Quadratic Discriminant Analysis (QDA), and logistic
regression to achieve highest classification accuracy [20, 21].
Two-stage logistic regression gave the highest classification
accuracy of 74% for four finger movements (thumb, index
finger, index and middle finger combined, and fist). Weka
3.6.9 (data mining software with collection of machine
learning algorithms) and Matlab were used to process the
signals in earlier research.

In the current research our emphasis is on the use
of embedded system to process EEG data for generating
command signals for upper limb prosthesis. Arduino Uno
is used as the embedded system to filter signals (between 8
and 30Hz), extract features (PSD), and differentiate between

three finger movements. In this research, we are using three
targeted finger movements (thumb, index finger, and fist)
instead of four (as were in our previous research). The
reason to restrict ourselves to three movements only is that
embedded system is not able to distinguish between the
index finger movement and index-middle finger combined
movement.

2. Materials and Methods

2.1. Section I: Experimental Protocol and Data Acquisition.
The data was acquired from four subjects (one female and 3
male) who volunteered to undergo data recording protocol.
One of the male subjects (described as category I in Results)
has a habit of high involuntary eye blinking frequency. The
other three subjects are described as category II in Results.
The age of subjects is between 22 and 45 years. The pro-
cess of data acquisition from the subjects is approved by
the departmental ethical review board. The volunteers are
healthy with no known neurological disabilities.The data was
acquired using Emotiv headset at 128Hz sampling frequency.
Emotiv has 14 noninvasive electrodes placed according to
the international 10-20 system shown in Figure 1 [13]. The
data was acquired for four movements, i.e., thumb, fist, index
finger, and index-middle finger combined movements. The
movements are shown in Figure 2 [13]. Three out of these
acquired movements (thumb, index finger, and fist move-
ment) data were used for this research.

During data acquisition, the subjects were comfortably
sitting in a chair and were asked to perform the movements
shown on the computer screen. For each subject the acquired
data of one trial contained 10 seconds of data for each
movement, which makes 1280 samples per movement. The
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(a) (b)

(c) (d)

Figure 2: Fingermovements that were recorded. (a)Thumbmovement. (b) Fist movement. (c) Index fingermovement. (d) Two-finger (index
and middle) combined movement [13].

0 10 13 23 26 38 41 52 55 65 68 75

ending notestarting note movement movement movement movement

Figure 3: Data acquisition protocol.

total samples in one recorded trial are 1280 × 4 = 5120.
There were a total of 60 recorded trials for each subject, out
of which 13 trials for each subject were rejected on the basis
of visual inspection. Rest of the 47 data trials for each subject
were used. For this research samples of only threemovements
(thumb, index finger, and fist) were used instead of four
movements. Thus, for this research 47 × 1280 × 3 = 180480
samples have been used for one subject. The data acquisition
protocol is shown in Figure 3.

2.2. Section II: Embedded System. The aim of this research
was to design an embedded system that can be used to
classify and control upper limb prosthesis finger movements
using acquired EEG signals. “Arduino Uno” is the embedded
system used to fulfill the aim of this research.The attributes of
embedded system (Arduino Uno) are given in Table 2.

The data was given as input to Arduino Uno, which
was programmed to process the input (filtering and classi-
fication). Basing upon the result of classification, generate a

signal that controls motors connected to upper limb pros-
thesis fingers. Stages of the system from data input to device
control are shown in Figure 4.

Data processing steps included digital filteringwith a high
pass and low pass filter to retain 8–30Hz of frequencies.
Filtration was followed by feature extraction (calculation of
band power fromPSDof the remaining frequencies) from the
data. The feature vector was then given as input to a logistic
regression classifier network for classification of three finger
movements. Based on the classification, a command signal is
generated and sent to a motor drive circuitry (H-Bridge in
this case) to actuate the respective motor to start the finger
movement of upper limb prosthesis.

This research was carried out using data already acquired
from the subjects. Data set of each trial consisted of 10
seconds of data of 14 channels at the sampling rate of 128Hz.
From each of the 47 trials, 250ms of data was extracted
and converted to text files. The data was saved offline on an
SD card in text file and given as input toArduinoUno.The SD
cardwas interfacedwith the controller using Serial Peripheral
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Table 2: Attributes of embedded system.

Attribute Specification
(1) Memory 32 kB

(2) Debug ability
(i) In-System Programming by On-chip

Boot Program
(ii) True Read-While-Write Operation

(3) Reliability Data Retention: 20 years at 85∘C/100
years at 25∘C

(4) Throughput Up to 20MIPSThroughput at 20MHz

(5) Testability
(i) In-System Programming by On-chip

Boot Program
(ii) True Read-While-Write Operation

(6) Response
Speed Grade:

(i) 0–4MHz @ 1.8–5.5 V
(ii) 0–10MHz @ 2.7–5.5 V
(iii) 0–20MHz @ 4.5–5.5 V

SD Card 
containing data in 
form of text file

Arduino Uno
Data Processing

H-Bridge
Control of prosthesis 
according to logic 
given by Arduino

Upper Limb 
Prosthesis

Figure 4: Stages of system from data input to device control.

Table 3: Connection between SD card and Arduino.

SD card (Pin) Arduino Uno (Pin)
5V 5V
Ground Ground
CS Pin 10
MOSI Pin 11
MISO Pin 12
SCK Pin 13

Interface (SPI). SPI operates in full duplex mode with a
MasterOut Slave In Pin,Master In SlaveOut Pin, Serial Clock
Pin, and Chip Select Pin. The Arduino acted as Master, while
the SD card acted as Slave. The Arduino first enabled the SD
card through Chip Select. The clock was set at a baud rate of
9600. The Pin configuration of connection between SD card
and Arduino Uno is shown in Table 3.

As discussed earlier in this section, 250ms of data was
extracted from each trial, converted, and saved in text file.
During processing, first 250ms of data is read by the embed-
ded system, processed, and classified. Then, next 250ms of
data of next trial is read and processed and the loop continues
for classification until the data reaches its end.

2.3. Section III: Filtration Techniques. Filtering the data to
extract Mu and Beta band of frequencies (8–30Hz) is carried
out as this band contains maximum information related
to finger movements. To execute this through embedded
system, 250ms of EEG data was digitally filtered using a But-
terworth filter between 8 and 30Hz of order 2.The reason for

Table 4: High pass filter coefficients.

Vector Index 1 Index 2 Index 3
a 1 −1.4542 0.5741
b 0.7571 −1.5142 0.7571

Table 5: Low pass filter coefficients.

Vector Index 1 Index 2 Index 3
a 1 −0.1151 0.1739
b 0.2647 0.5294 0.2647

using Butterworth filter was its flat responsewith zero ripples.
The coefficients of the Butterworth filter were taken from
Matlab “butter” command and are shown in Tables 4 and 5.

Filtration was done using these coefficients in the filter
difference equation defined by [21]

a (1) ∗ y (n) = b (1) ∗ x (n) + b (2) ∗ x (n − 1) + b (3)

∗ x (n − 2) − a (2) ∗ y (n − 1) − a (3)

∗ y (n − 2) ,

(1)

where y is the output, x is the input, and n is the 𝑛th element
of the output.

Before passing the data through filter, it was padded.
Later, after the forward and reverse filtering, the data was
truncated back to its original number of samples. Filtration
was done in both forward and reverse direction.The data was
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first passed through high pass filter of order 2 and 8Hz cut-
off frequency and the resultant was passed through a low pass
filter of order 2 and 30Hz cut-off frequency.

2.4. Section IV: Feature Extraction. Power Spectral Density
of each channel of the filtered signal was calculated. Each
channel of filtered signal was divided into 4 windows of
62.5ms each. A hamming window was created. The formula
for hamming window is given in [22]

𝑤 (𝑛) = 0.54 − 0.46 ∗ cos (2𝜋𝑛)
𝑁 − 1
, (2)

where 𝑁 is the maximum number of points of the sampling
window.

The window function was then multiplied with the signal
to shape it into hamming window. Fast Fourier transform of
the windowed signal was then calculated. Formula for Fast
Fourier transform is given in [22]

𝑋𝑘 =
𝑁−1

∑
𝑛=0

𝑥𝑛𝑒
−𝑖2𝜋𝑘(𝑛/𝑁) 𝑘 = 0, . . . , 𝑁 − 1. (3)

The absolute value of the resultant is computed and
divided by the normalization factor of the window.

The normalization factor of the window is given by [22]

𝑈 = 1
𝐿

𝑁−1

∑
𝑛=0

|𝑤 (𝑛)|2 . (4)

This gives us the Power Spectral Density of the window,
which can be represented as in (5) [3]. After the PSD of
each window is calculated, the corresponding values of all
windows are added and averaged, leaving us with a vector of 8
constituents. Each value of this vector is then further divided
by 2𝜋 to scale the values.

𝑝𝑥𝑥 =
𝑋 (𝑓)

2

Fs𝐿𝑈
, (5)

where Fs is sampling frequency, 𝐿 is length of segment, 𝑈 is
windownormalization constant given by (4), and𝑋(𝑓) is data
after FFT.

The power values are averaged to give the band power
of one channel of data. The process is repeated for all the
14 channels. In the end, we are left with a feature vector of
14 values, each representing the band power of 8–30Hz fre-
quency of the channel. Figure 5 shows the topography plots of
the raw data of randomly selected data samples of eachmove-
ment. It can be seen that in each plot the electrodes F3 and
FC5 contribute to rise in contours. These channels are basi-
cally located above the sensorimotor cortex.The contours due
to these two electrodes have been magnified to show the
difference in the topographies of the movements. The differ-
ence is also highlighted in the periodogram graphs that are
shown from Figures 6–8 on channels F3 and FC5 of different
movements. These graphs show the power concentration, in
the 8–30Hz band, of different movements.

2.5. Section V: Classification. As discussed earlier, our pre-
vious research had shown highest classification accuracy by
using linear regression classifier. Therefore, for this research
we used two-stage logistic regression classifier to calculate
classification accuracy for three finger movements. For the
logistic regression classifier, the probability of the first class
is given by [23]

𝑃 (𝐺 = 1) =
exp (𝐵𝑇 ∗ 𝐹)
(exp (𝐵𝑇 ∗ 𝐹) + 1)

, (6)

where 𝐹 is the feature vector and 𝐵𝑇 are the coefficients of
logistic regression.

The criterion for selection of class is [24, 25]

𝐺 (𝑥) = class 1 if Pr > 0.5

𝐺 (𝑥) = class 1 if Pr < 0.5.
(7)

In the two-stage model, the first classifier (referred to as
network I) distinguished between class 1, which is thumb
and finger movements, and class 2 which is fist movement.
In the 2nd stage a second classifier (referred to as network
II) distinguished between thumb and finger movement. The
classifier model is shown in Figure 9. Training of the classifier
was done using data set of all subjects (75% for training and
25% for testing) in “Weka” and coefficients of logistic regres-
sion were calculated for further use in classification using
the embedded system. 31 randomly chosen samples for each
movement were tested for classification in embedded system
keeping in mind the data handling capability [26].

2.6. Section VI: Device Control. Upper limb prosthesis used
for this research was developed in the department for carry-
ing out the experiments. Figure 10 shows a picture of upper
limb prosthesis.

Prosthesis contains two motors connected to two fingers
and placed at the palm. Finger joints are connected with
each other with the help of a flexible metal wire which is
connected with a motor. Motor rotation will cause winding
or unwinding of the flexible metal wire resulting in opening
or closing of fingers. Both motors were connected to motor
drive which was taking command signal from Arduino Uno.
The embedded system generated a control signal based on
the classification of fingermovements.This control signal was
sent to the motor drive circuitry to actuate the motor for
desired motion. One of the motors is attached to Output Pins
4 and 6 (for thumb movement) and the other is attached to
Output Pins 2 and 3 (for fingermovement).Motion ofmotors
according to classification is shown in Table 6.

3. Results

To train the two-stage logistic regression classifier data set of
all subjects (category I and category II) is used as discussed
in Section 2.5. 75% data is used for training and 25% data is
used for testing. “Weka” (datamining software) was used and
coefficients of logistic regression were calculated for further
use in embedded system.
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Table 6: Motion of motors according to classification.

Classification of finger
movement

State of motor attached to
Output Pins 4 and 6

State of motor attached to
Output Pins 2 and 3

Thumb movement On Off
Finger movement Off On
Fist movement On On

(a) Thumb movement (b) Finger movement

(c) Fist movement

Figure 5: Topography plots of movements. FC5 and F3 electrodes have been magnified to show the difference in the topographies of the
movements.
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Figure 6: Finger movement periodogram of channels F3 and FC5.
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Table 7: Network classification accuracy of a two-stage logistic classifier network.

Network number Classification accuracy
Network 1 (Class 1-Thumb + Index Finger and Class 2- Fist) 74%
Network 2 (Class 1-Thumb and Class 2- Index Finger) 76%
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Figure 7: Thumb movement periodogram of channels F3 and FC5.
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Figure 8: Fist movement periodogram of channels F3 and FC5.

Results of our research comprise two categories. In cate-
gory I (subject having a habit of high involuntary eye blinking
frequency), 31 randomly chosen data samples from each
movement were used for testing using embedded system.
In category II (subjects other than category I), 31 randomly
chosen data samples from each movement were used for
testing using embedded system.

Table 7 shows the classification accuracy of each stage
of classifier (network I and network II) using data set of all
subjects (category I and category II) as discussed in
Section 2.5.

Table 8 shows the confusion matrix of category I data set
tested over 31 randomly chosen samples for each movement

Table 8: Confusion matrix of category I data set.

Class
Class predicted by 2-stage logistic regression

classifier
Thumb Index Finger Fist

Thumb 13 12 6
Index Finger 8 16 7
Fist 8 9 14

and Table 9 shows the category II data set tested over 31
randomly chosen samples for each movement.

Table 10 shows the per class classification accuracy of
randomly chosen samples from category I and category II.
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Thumb Finger Fist

Logistic Regression 
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Thumb Finger

Network - 1 

Network - 2 

Figure 9: Two-stage logistic regression classifier used for the system.

Figure 10: Prosthesis controlled by the embedded system.

Table 9: Confusion matrix of category II data set.

Class
Class predicted by 2-stage logistic regression

classifier
Thumb Index finger Fist

Thumb 20 9 2
Index finger 4 24 3
Fist 5 5 21

Table 10: Per class accuracy.

Movement class Classification accuracy
of category I

Classification
accuracy of category

II
Thumb 42% 65%
Index finger 51% 77%
Fist 45% 68%

Percentage accuracies are calculated on the basis of confusion
matrices shown in Tables 8 and 9.

4. Discussion

The aim of this research was to investigate the design of an
embedded system for control of upper limb prosthesis as an
extension of our previous research. As evident from Table 1,
research using BCI system for control of prosthesis is focused
on spatially distant motor movements. Our focus in this
research was to control prosthesis with finger movements
which have less spatial distance as compared to earlier
researches.

Finger movements have the same origin in brain leading
to extremely small spatial difference between them. Our
endeavor was to pick up the small difference of brain activity
recorded in the form of electrical potential and classify it
with higher accuracy. It was seen from the topography plots
shown in Figure 5 that fingermovements have the sameorigin
in brain. The minor differences in the topographies were
highlighted when the data under electrodes F3 and FC5 was
interpolated and plotted in a magnified manner.

Band power of Power Spectral Density of Mu and Beta
Rhythms was chosen as feature vectors. PSD is used as a
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feature vector in 70% of the research which focuses on motor
controls. The periodogram of the movements was plotted
for the channels above sensorimotor cortex to visualize the
differences.

The development of the embedded systemwas focused on
to design a control for upper limb prosthesis that has small
size and light weight and is easy to carry onboard system
for prosthesis user. The acquired data was saved on SD card
rather than on the controller to depict a real time data pro-
cessing and classification. 70% mean classification accuracy
was achieved with 2-stage logistic regression classifier using
an Arduino Uno based embedded system. It should also
be noted that the index and middle finger combined move-
ment could not be classified with higher accuracies since
the spatial distance is very less. This accuracy needs to be
increased further for developing better control of prosthesis
and practical implementation.

The challenge is to create an onlinemodel that can process
and classify the real time data. However, implementation
of the model on patients requires a more robust system
suggested subsequently. A headset with greater number of
channels especially above the motor cortex is required for
recording more comprehensive signals. It is also recom-
mended to use an embedded system with higher computa-
tional speed which can process signals in real time.

It can also be seen from our results that eye blinking
during data acquisition induces ocular artefacts which result
in lower classification accuracies. For a better and higher clas-
sification accuracies a signal with higher signal to noise ratio
is required. Different techniques for removing ocular artefact
may be used for future work.

Overall the research shows that upper limb prosthesis
control can be achieved even with signals that are taken from
closely situated body part with an average accuracy of 70%
(calculated on the basis of classification accuracy of category
II randomly chosen samples as mentioned in Table 10).

5. Conclusion

The designed embedded system in this research is capable of
controlling the prosthesis based on the model developed
earlier. A two-stage classifier has been designed and imple-
mented over the embedded systems. The classifier is capable
of distinguishing between three movements of finger, thumb,
and fist. The mean classification accuracy of 70% is attained
by the developed system. Further work to improve the
classification accuracy using advanced embedded system can
be undertaken for enhanced prosthesis control.
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A major predicament for Intensive Care Unit (ICU) patients is inconsistent and ineffective communication means. Patients rated
most communication sessions as difficult and unsuccessful. This, in turn, can cause distress, unrecognized pain, anxiety, and fear.
As such, we designed a portable BCI system for ICU communications (BCI4ICU) optimized to operate effectively in an ICU
environment. The system utilizes a wearable EEG cap coupled with an Android app designed on a mobile device that serves as
visual stimuli and data processing module. Furthermore, to overcome the challenges that BCI systems face today in real-world
scenarios, we propose a novel subject-specific Gaussian Mixture Model- (GMM-) based training and adaptation algorithm. First,
we incorporate subject-specific information in the training phase of the SSVEP identification model using GMM-based training
and adaptation. We evaluate subject-specific models against other subjects. Subsequently, from the GMM discriminative scores,
we generate the transformed vectors, which are passed to our predictive model. Finally, the adapted mixture mean scores of the
subject-specific GMMs are utilized to generate the high-dimensional supervectors. Our experimental results demonstrate that the
proposed system achieved 98.7% average identification accuracy, which is promising in order to provide effective and consistent
communication for patients in the intensive care.

1. Introduction

A major problem for mechanically ventilated patients in the
Intensive CareUnit (ICU) is their inability to consistently and
effectively communicate their most fundamental physical
needs. Patients rate about 40% of communication sessions as
difficult andmore than a third of communications about pain
as unsuccessful [1, 2]. Nurses initiate about 86% of all com-
munication exchanges as it is typically very difficult for a
voiceless patient in the intensive care to initiate communi-
cation. Patients in the ICU therefore commonly suffer unrec-
ognized pain and discomfort and feelings of loss of control
and insecurity, depersonalization, anxiety, sleep disturbances,
fear, and frustration [1, 3]. Caregivers also frequently report
feeling anxious and frustrated in not being able to adequately
assess the needs of their patients [4]. This inability to
communicate effectively can lead to the inappropriate use of

sedatives and prolongation of time spent on the ventilator
[5], which may then lead to increased ICU length of stay
and costs [3]. Furthermore, the inability to communicatewith
caregivers hampers the ability of critically ill patients to be
active participants in their treatment and in decision-making,
including decisions to withdraw or withhold life-sustaining
treatment.

Mechanically ventilated patients in the intensive care are
voiceless and unable to communicate their needs verbally [6]
and their inability to communicate adequately can lead to
fear, panic, and insecurity [7]. The primary means of com-
munication for these patients is the use of nonvocal tech-
niques, such as lip reading and gestures [8, 9], which are often
inadequate for effective communication with family and ICU
staff [10–12]. The use of picture boards with icons represent-
ing common patient needs and complaints (pain, fear,
hot/cold, thirst, bedpan, etc.) has been shown to improve

Hindawi
BioMed Research International
Volume 2018, Article ID 9796238, 14 pages
https://doi.org/10.1155/2018/9796238

http://orcid.org/0000-0003-1168-9539
http://orcid.org/0000-0001-6347-9205
https://doi.org/10.1155/2018/9796238


2 BioMed Research International

nurse-patient communication for patients in the postop-
erative period on the ventilator [13]. These picture boards
are widely available in most ICUs and are the closest
approach to a current standard for communication with
voiceless mechanically ventilated patient, for the purposes
of addressing fundamental physical and emotional needs.
Recent pilot studies have described the use of computer-
assisted communication using touch sensitive screens, eye
blink detectors, and gaze trackers to enable communication
in the ICU department [14, 15]. The majority of patients and
hospital staff surveyed in these studies indicated that the
use of a computer-assisted communication device improved
their ability to respond to patient needs and address patient
comfort. However, touch sensitive screens may not be suit-
able for the majority of patients in the intensive care with
weakness and restriction in motor ability. About 25% of
patients requiring mechanical ventilation in ICUs may have
significant weakness from critical illness, Neuropathy and
Myopathy, limiting their ability to use their hands to select the
appropriate icon on a picture board or touch screen pad [16].
There are several patient populations, however, for whom the
use of a picture board or touch screen is impossible, including
patients with high spinal cord injury, advanced ALS, and
brainstem stroke, who are voiceless, but also typically have
no useful motor function of their limbs. These patients are
locked-in, to varying degrees, awake, and alert but with
no control of bodily functions or ability to articulate and
communicate using standard forms of communication [17].
Eye blink detectors and gaze trackers that are based on eye
movement activities and muscle movements might or might
not be feasible for the aforementioned patient population.
Furthermore, those technologies have privacy issues, due
to patient video streaming requirement, are sensitive to
illumination and viewing angle, and require the eyes to be
wide open [18]. The use of Brain-Computer Interface (BCI)
devices to facilitate communication for voiceless patients
has recently generated an interest. A BCI translates delib-
erate, involuntary modulation of cerebral electrical activity,
typically recorded by electroencephalography (EEG) into
computer commands. BCI technology can directly interpret
and relate the brain patterns into the control commands and
can bypass all other body functions to communicate the
intent of a patient. BCI devices in the ICU are mostly used
for continuous patient monitoring [19–22]. A variety of BCI
devices have been used to permit patients with advanced
Amyotrophic Lateral Sclerosis (ALS), high spinal cord injury,
and brainstem strokewith the locked-in-syndrome, who have
no voluntary use of their limbs, to communicate to varying
degrees [23–27]. These devices have typically been evaluated
in the rehabilitation setting, following the period of an acute
medical illness, or at home. No study has evaluated the use
of a BCI device to assist with communication of the typical
physical and emotional needs/complaints of the critically ill.
This is significant, not only for patients with spinal cord
injury and stroke, most of whom are initially admitted to an
ICU, but to the potentially large number of patients in the
intensive care who cannot use a picture board or other finger
contact systems because of a critical Neuropathy/Myopathy
illness or an acute brain injury that causes weakness. Our

objective is to create an end-to-end steady-state visual evoked
potential- (SSVEP-) based wireless BCI system to facilitate
communication with intubated patients in the intensive
care [28–30]. The portable BCI device of interest in this
study functions through visual attention to illustrative icons
displayed on an Android tablet screen. The icon, which
depicts a common need of a patient in the intensive care, such
as the need for repositioning, common patient complaint,
or pain, is displayed as a symbol flickering at a specific
frequency, which then drives a corresponding frequency of
an electrical EEG signal, permitting the BCI device to identify
the specific item that the patient is focusing on [31, 32]. The
patient can, thereby, communicate by looking at a specific
item depicting their need or complaint. This wearable device
is entirely noninvasive andwithout significant risk to patients,
functioning only to record and translate EEG signals. The
device communicates wirelessly with the user interface (UI)
on a tablet that is present in every patient room. The
proposed prototype provides a user interface that includes
basic functions that are typically used in communication
between nurses and patients in the ICU, with the capability
of being customized for each patient.

Generally, ICU needs are often required to be commu-
nicated quickly and easily, rather than through spelling of
words and sentences. Therefore, we propose a system of
rapid and reliable communication of typical ICU needs. The
proposed BCI4ICU system utilizes a wireless EEG cap. The
system is designed and optimized to perform in real-world
scenarios involving patients in the intensive care. It includes
three major modules: (1) our custom designed Android-
based wireless data acquisition and processing platform app,(2) the Android-based openGL paradigm stimuli generation
module on the mobile device, and (3) the novel GMM-based
signal processing and SSVEP identification algorithm to fit
the requirements of the ICU application.

Several efforts investigated improving current BCI sys-
tems by overcoming their well-known drawbacks, such as
lack of reliability, user accessibility, and low information
transfer rates utilizing hybrid BCI systems. Hybrid BCIs
entail combining two different systems either sequentially
or simultaneously [33]. In simultaneous hybrid BCIs, both
systems operate concurrently and in parallel, whereas, in
sequential hybrid BCIs, the output of one systems is employed
as an input for the other system [33]. One such effort
was conducted by Hong and Khan, where they investigated
designing a noninvasive hybrid BCI utilizing EEG signals in
conjunction with other brain/nonbrain modalities, such as
functional near infrared spectroscopy (fNIRS), electroocu-
lography (EOG), and electromyography (EMG) [34].The aim
of the study was to reduce the signal detection time, increase
the number of control commands by combining SSVEP with
P300, and finally enhance the classification accuracy by com-
bining cognitive tasks with motor imagination/movement
tasks.

Numerous other studies probed into enhancing cur-
rent BCI systems by employing Gaussian Mixture Models
(GMMs) for EEG signal analysis. Prabhakar and Rajaguru
investigated utilizing approximate entropy as a feature extrac-
tion method followed by Sparse Representation Classifier
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(SRC) and GMMs to classify epilepsy risk levels from the
patients EEG signals [35]. Wang et al. suggested a signal
detection approach for BCI technologies [36]. In their anal-
ysis, signal detection was implemented by training GMMs
on the resting brain activity so as to detect any imagined
and/or real movement. As such, their experimental results
demonstrate the feasibility of this approach. Zhang et al.
examined the improvement of the classical Common Spatial
Pattern (CSP) coupled with support vector machine (SVM).
Their proposed method entails establishing a number of
mixture models in the CSP feature subspaces utilizing a
GMM-based feature learning algorithm in conjunction with
a probabilistic model in order to depict the EEG distribution
features of stroke patients and finally classify their EEG
signals [37].

In this paper, we propose a novel signal processing
solution that encompasses extracting the discriminative and
complementary information of Canonical Correlation Anal-
ysis (CCA) and Power Spectral Density Analysis (PSDA)
and combining the extracted information at the score level
to generate discriminative fusion spaces. Subsequently, we
derive the subject-specific GMMs from the generated fusion
spaces and then perform our discriminative analysis.

2. Specific Technical Challenges

(I) Calibration: to acquire subject-specific information,
BCI systems generally require a calibration step at the
beginning of each recording session. Such necessity
can be cumbersome for patients in the intensive care.
As such, our proposed system design begins responding
to patient’s communications using a baseline model
while it captures and integrates the subject-specific
information during the feature extraction and model
training phases to improve the correct response rate.

(II) SSVEP paradigm generation accuracy: SSVEP tech-
nology relies largely on a set of target objects,
which serve as the visual stimuli, flickering on a
screen with fixed frequencies. The precision of the
SSVEP paradigm generation is determined by the
hardware specifications of the machine generating
it. To accommodate portability of the system, the
paradigm is operated on an Android tablet with an
insufficient screen refresh rate. Furthermore, due to
the intermittent operating system interruptions, the
visual stimuli might suffer from significant impreci-
sion in the flickering frequency of the target objects
in fractions of a second. Thus, we employ a feature
extraction framework in order to mitigate the effect
of the imprecise SSVEP paradigm generation and to
take the introduced uncertainty into account in our
decision-making process.

(III) Asynchronous communication in the ICU: commu-
nication paucity can cause distress to doctors/nurses
and patients. The ideal situation is that the commu-
nication is initiated by the patient on demand and
completed while the nurse is reaching out. Therefore,
our system provides effective communication to the

patients based on their needs/complaints utilizing the
divide-and-conquer approach comprised of a two-stage
system design. First, the system detects when the patient
needs to initiate communication. Second, find out the
specific patient needs to communicate effectively.

(IV) Number of target stimuli limitation: in addition to the
insufficient screen refresh rate, another challenge for
BCI systems in the ICU is the convenient number
of target objects rendered on the visual stimuli to
avoid interference with the patients visual perception.
Therefore, based on our feedback from the NICU
doctors and nurses, we designed an optimized andmore
sophisticated stimuli flow that will communicate the
patients’ needs effectively utilizing the target frequencies
that the patient is most responsive to.

(V) EEG nonstationarity: EEG signals demonstrate sig-
nificant variation between sessions and between sub-
jects. This is primarily due to changes in the bio-
logical conditions of subjects, such as fatigue and
emotional/mental state. Furthermore, electrode-scalp
locations and the quality of the acquired signals are
also causing factors. As such, we capture the variation
between different subjects and employ it to generate
an improved subject-specific identification model using
GMM training and adaptation.

3. BCI4ICU System Architecture

The proposed BCI4ICU system is designed to operate in an
ICU environment to allow patients to communicate their
needs effectively. The system architecture is comprised of 3
modules:

(1) JNI-Android wireless data acquisition and processing
platform: the systems architecture that controls real-
time SSVEP paradigm generation, EEG data acqui-
sition, signal processing and modeling modules is
depicted in Figure 2.

(2) Android-based OpenGL stimuli paradigm generation
module: our end-to-end closed-loop platform utilizes
SSVEP-based BCI, which requires visual stimulation.
The visual stimulation is provided on an Android
tablet that displays a call the nurses screen and then
renders 4 different icons, each of which indicates a
specific message. After focusing on a specific icon,
the patient is presented with a submenu from which
he/she can select a command to communicate with
the medical staff (see Figure 1).

(3) The novel GMM-based signal processing and SSVEP
identification module: in order to fit the technical
requirements of the ICU application, we propose
a subject-specific GMM-based SSVEP identification
solution.We present the details of the proposed signal
processing module in Section 4.
Figure 2 illustrates the overall process flow of the
BCI4ICU system. The SSVEP paradigm generation
module runs concurrently with the data acquisition
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module to acquire the EEG data. Subsequently, the
signal processing module runs every 10 seconds to
process the EEG data and feeds it to the predictive
model to obtain the SSVEP identification accuracies.

4. Proposed Signal Processing Methodology

4.1. Data Collection and Signal Processing. Ten healthy sub-
jects participated in our experiment. Moreover, the data
collection process in this work was approved by University

of Michigan Institutional Review Board under the study ID:
HUM00100788.The experiment was conducted in a lab envi-
ronment where subjects were seated on a comfortable chair
20 inches from a 10.2-inch Liquid Crystal Display (LCD)
Android tablet screen with a 2560 × 1800 screen resolution.

The Cognionics EEG device was used to collect EEG data
from 8 channels with a sampling rate of 250Hz. Electrodes
were placed on the occipital and parietal regions of the brain
since it has been demonstrated that these areas contribute sig-
nificantly to SSVEP identification [38]. Figure 3 illustrates the
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setup and electrode placements. Once the data is imported
into MATLAB, we apply a 60Hz notch filter and a 5th-order
Butterworth bandpass filter. The filtered data is then passed
to CCA to calculate the CCA coefficients and to PSDA to
generate the signal’s power scores. Unlike CCA, the challenge
with PSDAwas that because the EEG data was collected from
8 channels, PSDA generated an 8-dimensional power scores
matrix. Therefore, we heuristically (1st-max-2nd-max) find
out which channel responded the best for each subject to
select for partitioning.

4.2. Task and SSVEP Paradigm Generation. Four different
icons were rendered on each corner of the Android tablet
screen. Each icon was 600 pixels in size and flickered with
a specific target frequency. Target frequencies were 10Hz,
12Hz, 15Hz, and 8.5Hz, respectively. Figure 4 demonstrates
the experimental paradigm of the data collection session.
First, subjects focus on the call nurse icon to transition
to the main menu screen, where the 4 target frequencies
are rendered. Subsequently, subjects gaze at the first target
frequency icon (i.e., the 10Hz target frequency represented
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Figure 5: The effect of imprecise SSVEP paradigm generation.

by the Toilet/Bathroom icon). If they transition to the corre-
sponding 10Hz target frequency screen, we consider that a
successful call with the label (1); otherwise, we consider it an
unsuccessful call with a label of (0). As such, we proceed to
record more data until we obtain 10 successful calls per each
target frequency.Most subjects requiredmore than 10 trials to
record the 10 successful calls for each target frequency (∼70
trails per subject) generating a sufficient dataset size to eval-
uate the generalization capabilities of the proposed method.

4.3. Score Space Partitioning. Despite the feasibility and
portability of the BCI4ICU system, one major challenge is
the inaccurate SSVEP paradigm generation. This is mainly
due to the insufficient screen refresh rate of the tablet and the
recurrent interruptions by theAndroid operating system (See
Figure 5 and Table 1). Table 1 illustrates the required time to
display the target object on the screen during 4 subsequent
epochs of a 10-second segment. The second column shows
the desired timing for each of the target frequencies. In some
epochs, the divergence is considerable and, as such, subject
SSVEP responses are affected accordingly.

In common BCI investigations, target frequency iden-
tification from SSVEP responses involved focusing only on

target frequencies. It is not particularly an issue because
the CRT monitors in most labs are high precision stimuli
generators that do not introduce imprecise SSVEP paradigm
generation. From Figure 5, we can observe that the peaks
might not occur precisely on the intended target frequencies.
This is because in various fractions of a second the frequency
of the flickering stimuli is deviating from its original and
desired value. Furthermore, we hypothesize that there is
subject-specific information in the SSVEP responses over the
whole frequency spectrum. Figure 6 shows the variation in
the output score space of CCA for two subjects across all 4
target frequencies.

As such, to mitigate the effect of the insufficient refresh
rate and alleviate the ramifications of subject variation, we
leverage the discriminative and complementary information
of CCA and PSDA by partitioning their score spaces into
9 nonoverlapping partitions spanning the whole frequency
range from 7Hz as the minimum frequency to 17Hz as the
maximum frequency (See Figure 7).

The underlying concept behind the design of the par-
titioning scheme is to ensure that each target frequency is
contained within a partition to capture the subject-specific
information on and/or near the target frequencies and to
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Figure 6: CCA responses of two different subjects.
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evaluate the discriminative capabilities of the extracted mea-
sures from each partition to generate a discriminative score
space that enhances the subsequent subject-specific models
in the SSVEP identification task.

4.4. Partition-Based Feature Extraction. Feature extraction
is a process from which informative measures are derived
with the aim of facilitating the subsequent generalization
steps. As such, we extracted 4 features from CCA’s score
space, namely, power, mean, standard deviation, and entropy.
On the other hand, we extracted only two features from
PSDA’s score space, mean and standard deviation. Power was
not extracted as a feature since PSDA inherently generates
power scores of the signal. Additionally, extracting entropy
was hampered by the insubstantiality of PSDA’s power scores
and was therefore omitted. Subsequently, we concatenated
the extracted features to generate a 54-dimensional fusion

space (4 features × 9 partitions from CCA and 2 features ×
9 partitions from PSDA).

4.5. GMM-Based Modeling and Classification. As we men-
tioned in Section 2, BCI systems require a calibration stage
before use. This is primarily due to the fact that patients
respond to the generated SSVEP paradigms subjectively.
Moreover, predictive models and/or subject-independent
classifiers have no prior knowledge about the subject who is
generating the SSVEP responses. To further elucidate, from
Figure 6, we observe how subjective the CCA responses of
2 different subjects are in terms of the amplitude and the
location of the peaks across the various target frequencies.
Additionally, we also note the subjective responses of the
nontarget frequencies which we hypothesize are the result of
internal subjective responses to specific frequencies and/or
external factors, for instance, the effect of visual interference
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Table 1: Frequencies conversion values from Hertz to milliseconds versus our systems performance over 4 epochs.

Target frequencies Hz to ms 1st epoch 2nd epoch 3rd epoch 4th epoch Average
8.5Hz 117.647 115.7391 116.913 116.6957 113.2083 115.639
10Hz 100 98.92308 100.1923 100.1154 100.1538 99.84615
12Hz 83.3333 82.125 83.5 83.40625 83.40625 83.10938
15Hz 66.6666 65.71795 66.79487 66.69231 65.95 66.28878

due to multiple target stimuli. Therefore, to overcome this
challenge, we suggest a GMM-based discriminative transfor-
mation and classification approach to capture and incorpo-
rate the discriminative subject-specific information.

(1) Modeling Utilizing GMMs. A Gaussian Mixture Model
comprises a limitedmixture ofmultivariate Gaussian compo-
nents. Given a feature vector x, a GMM, denoted by 𝜆, models
a distribution as follows:

𝑝 (x | 𝜆) = 𝑀∑
𝑚=1

𝜉𝑚𝑔𝑚 (x) , (1)

where 𝜉𝑚 indicates the weight of the 𝑚th component and𝑔𝑚(x) represents the 𝑑-variate Gaussian function with its
mean vector, 𝜇𝑚, and covariance matrix, Σ𝑚,𝑔𝑚 (x) = 𝑁 (x | 𝜇𝑚, Σ𝑚)

= 1(2𝜋)𝑑/2 Σ𝑚1/2 exp[−
12 (x − 𝜇𝑚)𝑡

−1∑
𝑚

(x − 𝜇𝑚)] , (2)

where 𝑑 represents the dimension of the input feature vector,
while the covariance matrices Σ𝑚 are usually diagonal due to
the fact that estimating the full-covariance GMM parameters
requires more training samples and its computational cost is
more significant, whereas the GMM density is multimodal
and consists of a linear combination of Gaussian basis func-
tion, 𝑔𝑚(x), capable of approximating random and continu-
ous density functions [39]. A GaussianMixtureModel can be
viewed as an amalgamation of a simple Bayesian discriminant
that utilizes 1 Gaussian density and a vector quantization
codebook, which can model arbitrary probability densities
[39].

GMM training involves the estimation of the GMM
parameters represented by the weights, 𝜉𝑚, the mean vectors,𝜇𝑚, and the covariancematrices,Σ𝑚, of each individual Gaus-
sian density 𝑔𝑚(⋅) employing part of the available training
data, while determining the GMM parameters is achieved by
estimating the maximum likelihood, which is calculated by
the iterative expectation-maximization (EM) algorithm.

(2) GMM-Based Subject-Dependent SSVEP Identification.
SSVEP identification indicates automatically distinguishing
a target object flickering with a specific target frequency that
a subject is focusing on utilizing the information embedded
within the SSVEP response. Figure 8 depicts training a
GMM-based SSVEP identification system. The feature vec-
tors that carry subject-specific information are extracted by
the front-end module. Additionally, the statistical redun-
dancies are alleviated by a partition-based CCA and PSDA

feature extraction. First, a collection of background SSVEPs
of various subjects is employed to train a universal back-
ground model (UBM). Subsequently, to generate subject-
specific GMM models, each GMM model is adapted from
the background model instead of training from scratch. This
is accomplished by using a collection of the corresponding
SSVEP segments of each subject. Hence, effective estimation
of the GMM parameters can be achieved even with a small
number of data samples per each subject. On the other hand,
subject adaptation can be accomplished by adapting all the
parameters from the background model, or some of them
utilizing maximum a posteriori (MAP).

Assume the enrollment segment for subject 𝜙, X𝜙 ={x1, x2, . . . , x𝑇𝜙}, where 𝑇𝜙 represents the segments number
in the SSVEP segment and 𝜇𝑖 represents the 𝑖th mean vector
of the UBM, and 𝜇𝜙𝑖 is the 𝑖th mean vector of the adapted
model for subject 𝜙, determined by utilizing the maximum
a posteriori (MAP) as the weighted sum of subject 𝜙’s data,
while the UBMmeans

𝜇𝜙𝑖 = 𝛼𝑖x𝜙𝑖 + (1 − 𝛼𝑖) 𝜇𝑖, (3)

where

𝛼𝑖 = 𝑙𝑖𝑙𝑖 + 𝜂 ,
x𝜙𝑖 = 1𝑙𝑖

𝑇𝜙∑
𝑡=1

𝑝 (𝑖 | x𝑡) x𝑡.
𝑙𝑖 = 𝑇𝜙∑
𝑡=1

𝑝 (𝑖 | x𝑡) ,
𝑝 (𝑖 | x𝑡) = 𝜉𝑖𝑁(x𝑡 | 𝜇𝑖, Σ𝑖)Σ𝑀𝑚=1𝜉𝑚𝑁(x𝑡 | 𝜇𝑚, Σ𝑚)

(4)

MAP adaptation is employed in order to obtain subject-
specific GMMs from the UBM. The effect of the target
subject data X𝜙 on the GMM model is controlled by the𝜂 parameter. In the identification stage, an SSVEP segment
Xtest = {x1, x2, . . . , x𝑇test} is utilized to identify the subject,
whereas, for a group of S subjects, who are represented by
the subject models, {𝜆1, 𝜆2, . . . , 𝜆𝑆}, the aim is to obtain the
subject model with the maximum log-likelihood, given the
sequence of the input SSVEP segment, Xtest. Assuming that
observations are independent from each other, the decision
rule is

𝑠 = arg max
1≤𝑠≤𝑆

𝑇test∑
𝑡=1

log𝑝 (x𝑡 | 𝜆𝑠) . (5)
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Figure 8: Training the background SSVEP model and subject adaptation.

A subject is identified as 𝑠, which corresponds to the model
that increases the sum of the log-likelihood scores over the
complete SSVEP segment. We consider the described GMM-
based system as the baseline system in this study.

4.6. GMM Likelihood Vectors and Supervectors. In order to
better capture the subject-specific information obtained by
the GMM-based model training and adaptation, we combine
the generative GMM-based modeling with a support vector
machine- (SVM-) based discriminative analysis as illustrated
in Figure 9. After performing GMM training and adaptation,
the subject-specific GMMs (i.e., MAP-adapted GMMs using
target subject SSVEP segments) can generate scores for the
input data. Hence, we can consider the set of subject-specific
GMMs as a discriminative feature space transformation. In
this way, the GMM likelihood scores were converted into
log-likelihood ratios (LLRs) [40]. Then GMM-LLR scores
were concatenated into a transformed vector and were fed
to a predictive model for training and validation. However,
to capture a higher resolution of the GMM information
in the discriminative transformation, subject-specific GMM
supervectors were also generated by extracting, stacking,
and concatenating the MAP-adapted mean values of the
Gaussian mixtures from each of the subject-adapted GMMs.
The supervector transformation potentially generated a high-
dimensional space. Finally, support vector machine (SVM)
discriminativemodel training, which is a discriminative clas-
sifier that is robust to high dimensionality, was employed for
classification. SVM complexity is dependent on the number
of support vectors rather than the number of the input space
dimensions.

4.7. Support Vector Machine (SVM). To perform predictive
modeling and validation, SVM was employed as a classifier
in this study. SVM has been investigated in numerous and
various applications and is well known for its ability to
provide an efficient classification strategy to divide the input
vectors into a 2-class problem. Additionally, SVM’s ability to
maximize the margin is attributed to a soft margin objective
function that penalizes misclassified and within the margin
samples as follows:

min 12 ‖𝑊‖2 + 𝐶∑
𝑖

𝜉𝑖

𝑦𝑖 (𝑤 ⋅ 𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖, ∀𝑥𝑖
𝜉𝑖 ≥ 0

(6)

as 2/‖𝑊‖ represents the between classes margin and 𝜉𝑖
denotes the degree to which a sample, 𝑥𝑖, is within themargin
so as to be penalized, whereas the soft margin algorithm
seeks to maximize the margin while maintaining 𝜉𝑖 at 0.
However, it is worth mentioning that the algorithm does
not decrease the number of misclassified samples, rather it
minimizes the sum of the distances from the hyperplanes
of the margin. Furthermore, the trade-off margin width and
misclassification are controlled by the 𝐶 coefficient.

SVM aims to project the input vector 𝑥 into a scalar value𝑓(𝑥) to be the output score:
𝑓 (𝑥) = 𝑁∑

𝑖=1

𝛼𝑖𝑦𝑖𝑘 (𝑥𝑖, 𝑥) + 𝑏, (7)

where the support vectors are {𝑥𝑖 | 𝑖 = 1, . . . , 𝑁}, the number
of support vectors is 𝑁, the adjustable weights are 𝛼𝑖 > 0,𝑦𝑖 = {−1, +1}, the bias term is 𝑏, and the kernel function is𝐾(𝑥𝑖, 𝑥) = 𝜙(𝑥𝑖)𝑡𝜙(𝑥), where 𝜙(⋅) represents the mapping
of the input space to a high-dimensional space. Moreover,
the sign of 𝑓(𝑥) determines the class decision for the 2-class
classification problem. As such, we observe that sums of the
kernel function construct the classifier as follows:

𝐾(𝑥𝑖, 𝑥) = 𝜙 (𝑥𝑖)𝑡 𝜙 (𝑥) , (8)

where 𝜙(𝑥) represents a mapping of the input space to
a potentially infinite-dimensional space. The kernel of the
radial basis function (RBF kernel), also known as a Gaussian
kernel, is formulated as radial basis function (i.e., Gaussian
function):

𝑘RBF (𝑥, 𝑥) = exp(−𝑥 − 𝑥22𝜎2 ) , (9)

where𝑥 and𝑥 denote 2 samples that represent feature vectors
in a certain input space. The squared Euclidean distance
between both feature vectors is denoted by ‖𝑥 − 𝑥‖2, while𝜎 represents a free parameter.
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5. Experimental Results

Data collection from 10 subjects was accomplished based on
the procedure described in Section 4.1. Despite the inherent
inaccuracies in the SSVEP stimulation, the data collection
using the portable BCI4ICU system was accomplished with
no loss of subject data.

In order to evaluate the SSVEP identification perfor-
mance of the predictive model, 10-fold Cross-Validation
(10 CV) was used. This entails partitioning the labeled train-
ing data into 10 equal-size subsets. Subsequently, 9 subsets
are used to train the predictive model while the remaining
subset is kept for validation to test the model’s generalization
capabilities on unseen data. This process runs 10 times while
ensuring each subset is employed once as the validation
subset. As such, the model’s generalization capability is
estimated by averaging the validation results. Then, SVM
parameters are optimized utilizing simple grid optimization.

In this section, GMM parameter tuning, GMM-based
subject identification, GMM-based SSVEP identification,
and the information transfer rate will be discussed.

5.1. GMM Parameter Tuning. The number of mixtures is
a very important parameter that requires close inspection
and tuning. Different numbers of mixtures were selected for
further observation. Figure 10 depicts fitting a GMMemploy-
ing 4, 8, 16, and 32 mixtures. From Figure 10, we note that
GMM’s population of samples is supported by 4, 8, and 16
mixtures. Conversely, estimated mean and variance of the
training data did not support fitting a GMMwith 32mixtures
due to the paucity of data samples. As such, only the first 3
numbers of mixtures (i.e., 4, 8, and 16) were employed for
this investigation.Moreover, to obtain the optimal number of
mixtures suited for our task and data, 10-CV SSVEP identifi-
cation is conducted and the comparison is drawn accordingly.

5.2. GMM-Based Subject-Identification Results. To integrate
the subject-specific information in the training phase of
the SSVEP identification model, GMM training and adap-
tation are employed. In order to discover the level of
subject-specific information present in the SSVEP data, we
first conducted a subject-identification investigation using
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Figure 10: GMMs with different number of mixture components.

Table 2: GMM-based 10-CV subject identification accuracies.

4 mixtures 8 mixtures 16 mixtures
GMM-MAX 80.3 78.5 72.8
GMM-MAP-MAX 82.6 87.3 85.2

ARGMAX operator on GMM scores. We then generated 10-
CV subject-identification accuracies of the subject-specific
GMMs. Table 2 reports the results employing (1) training
GMMs from scratch on each subject’s SSVEP data and (2)
MAP-adapted GMMs, where a UBM was fitted to back-
ground data of all subjects and subsequently generated the
subject-specific GMMs to adapt to each individual subject
utilizing their SSVEP data.

From Table 2 we observe that the accuracy of identifying
subjects using their SSVEP data with different numbers
of mixtures was higher for the GMM-MAP approach as
opposed to training GMMs from scratch. As such, the
calibration time can be significantly minimized using GMM-
MAP adaptation. Furthermore, GMM-MAP achieved an
87.3% accuracy when utilizing 8 mixtures. However, we
observe that the identification performance of the GMMs
trained from scratch exacerbates due to the lack of the data

samples required to estimate the higher number of GMM
parameters from scratch.

5.3. GMM-Based SSVEP Identification Results. Following the
generation of the subject-specific scores for theMAP-adapted
GMMs, we performed the GMM-based discriminative trans-
formation of CCA-PSDA fusion features and conducted a 10-
CV identification evaluation of the trained SVM predictive
model (i.e., the procedure illustrated in Figure 9). The
GMM scores were concatenated to generate a 10-dimensional
transformed vector and then passed to the SVM predictive
model (i.e., GMM-MAP-SVM). Also, the adapted mean
scores of each of the subject-adapted GMMs were stacked
and concatenated to generate the GMMmean super vectors.
Given the 3 number of mixtures employed (i.e., 4, 8, and 16),
the supervectors were 40-dimensional, 80-dimensional, and
160-dimensional vector spaces (i.e., GMM-MAP-SSVM).The
10-CV SSVEP identification results using GMM-MAP-SVM
and GMM-MAP-SSVM utilizing the 3 numbers of mixtures
are reported in Table 3.

From Table 3, we note that GMM mean supervectors
of all mixture means achieved considerable improvement
compared to GMM-LLR score vectors. GMM-MAP-SSVM
achieved a 98.7% average identification accuracy using 8
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Table 3: Our system’s performance versus GMM-MAP-SVM and GMM-MAP-SSVM identification accuracies using 3 different numbers of
mixtures.

Subjects CCA PSDA GMM-MAP-SVM GMM-MAP-SSVM
4 mixtures 8 mixtures 16 mixtures 4 mixtures 8 mixtures 16 mixtures

Subject 1 83% 67% 92.00% 95.30% 94.40% 98.30% 100.00% 100.00%
Subject 2 77% 83% 93.60% 96.70% 92.10% 96.50% 98.70% 93.20%
Subject 3 40% 26% 91.70% 93.60% 90.60% 90.80% 98.40% 94.90%
Subject 4 59% 19% 89.40% 90.20% 89.70% 87.20% 97.70% 94.20%
Subject 5 67% 41% 92.30% 93.90% 93.80% 93.70% 98.80% 97.60%
Subject 6 55% 35% 90.00% 91.50% 92.50% 92.00% 96.90% 96.60%
Subject 7 62% 29% 90.20% 90.60% 93.80% 96.60% 100.00% 99.70%
Subject 8 71% 39% 86.50% 89.50% 88.70% 87.80% 98.50% 96.50%
Subject 9 47% 17% 89.80% 92.00% 89.30% 92.70% 99.20% 95.80%
Subject 10 61% 17% 87.70% 95.80% 91.90% 95.40% 98.80% 96.30%
Average 62% 37% 90.32% 92.91% 91.60% 93.10% 98.70% 96.40%

Table 4: Information transfer rates of our system and the 8-mixture model for both GMM-MAP SVM and GMM-MAP-SSVM.

Subjects Baseline GMM-MAP-SVM GMM-MAP-SSVM
Subject 1 23.30% 26.58% 27.83%
Subject 2 21.69% 26.95% 27.49%
Subject 3 11.76% 26.13% 27.41%
Subject 4 16.87% 25.22% 27.22%
Subject 5 19.02% 26.21% 27.51%
Subject 6 15.80% 25.56% 27%
Subject 7 17.68% 25.32% 27.83%
Subject 8 20.09% 25.03% 27.43%
Subject 9 13.65% 25.70% 27.62%
Subject 10 17.41% 26.71% 27.51%
Average 17.73% 25.94% 27.49%

mixtures compared to GMM-MAP-SVM which achieved a
92.91% average accuracy with the same number of mixtures.
That entails greater than 5% relative improvement. As such,
the experimental results demonstrate that our proposed
closed-loop and portable BCI4ICU system is robust and can
be utilized for effective communication for patients in the
intensive care.

5.4. Information Transfer Rate (ITR). All the results in this
paper stem from offline data analysis. As such, we follow
Meinicke et al. [41] and compute the information transfer rate
as follows:𝐵𝑡
= 𝑡60 (log2𝑀+ 𝑃log2𝑃 + (1 − 𝑃) log2 ((1 − 𝑃) / (𝑀 − 1))) , (10)

where 𝐵𝑡 represents the ITR in bits/min, 𝑡 indicates the
required time for each trial, 𝑀 represents the number of
target frequencies displayed on the visual stimuli, and𝑃 refers
to the probability that the desired icon will be selected (i.e.,
accuracy).

Table 4 reports the information transfer rates of our
portable BCI system across all 10 subjects. The baseline
column represents our system’s performance, which demon-
strates an average ITR of 17.73% bit/min, whereas GMM-
MAP-SVM improved the ITR to 25.94%. Finally, GMM-
MAP-SSVM further enhanced the average overall ITR across
all 10 subjects to 27.49% and GMM-MAP SSVM demon-
strated the information transfer rates achieved by our pro-
posed method.

Several efforts investigated the information transfer rates
of BCI systems. Reagor et al. examined maximizing the ITR
of SSVEP-based BCIs utilizing a tablet interface design [42].
Their experimental results on 5 subjects demonstrate that
their overall accuracy and ITR without giving user feedback
were 94.75% and 32.66 bit/min, respectively. However, when
providing user feedback their overall accuracy and ITR
were 96.34% and 27.56 bit/min. Furthermore, the majority of
such efforts utilize cathode ray tube (CRT) and/or computer
monitors with relatively high screen refresh rates. Yuan et al.
investigated estimating the ITR of various EEG amplifiers uti-
lizing 3 different paradigms, P300, motion, and SSVEP [43].



BioMed Research International 13

Their findings illustrate that the highest SSVEP accuracy and
ITR achieved were 80.49% and 24.5 bit/min, respectively.

6. Conclusion

In this work, we attempted to address the needs of patients
in the intensive care by developing a rapid and effective
communication system that utilizes an SSVEP-based BCI, a
wearable EEG cap, and anAndroid tablet to serve as the visual
stimuli. We proposed a novel subject-specific GMM-based
training and adaptation where we integrated the subject-
specific information into the training of the SSVEP identifica-
tion model, obtained subject-identification accuracies from
the subject-specific GMMs, and finally generated the trans-
formed vectorswhich are then passed to the predictivemodel.
Our experimental results demonstrated that theGMM-MAP-
SVM achieved 92.91% with 8 mixtures, while the GMM-
MAP-SSVM was more robust achieving 98.7% identification
accuracy also with 8 mixtures. Hence, the proposed system
can be employed for effective and consistent communication
in an ICU environment.

After this successful validation on our population of 10
subjects, we intend to perform a bench-to-bedside pilot study
on mechanically ventilated patients in the ICU, with a user
interface designed with input from intensive care physicians,
critical care nurses, and speech/language pathologists.
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Resting state functional magnetic resonance imaging (rs-fMRI) allows studying spontaneous brain activity in absence of task,
recording changes of Blood Oxygenation Level Dependent (BOLD) signal. rs-fMRI enables identification of brain networks also
called Resting State Networks (RSNs) including the most studied Default Mode Network (DMN). The simplicity and speed of
executionmake rs-fMRI applicable in a variety of normal and pathological conditions. Since it does not require any task, rs-fMRI is
particularly useful for protocols on patients, children, and elders, increasing participant’s compliance and reducing intersubjective
variability due to the task performance. rs-fMRI has shown high sensitivity in identification of RSNs modifications in several
diseases also in absence of structural modifications. In this narrative review, we provide the state of the art of rs-fMRI studies
about physiological and pathological aging processes. First, we introduce the background of resting state; then we review clinical
findings provided by rs-fMRI in physiological aging, Mild Cognitive Impairment (MCI), Alzheimer Dementia (AD), and Late Life
Depression (LLD). Finally, we suggest future directions in this field of research and its potential clinical applications.

1. Introduction

Daily life mental activity occurs often in the absence of
external stimuli. During this state of consciousness, we are
engaged in recording bodily sensations (somesthetic and
vegetative); we experience the free association of thoughts
that involves memory (past experience, inner dialogue,
mental images, and emotions planning future events). In
absence of external stimuli, mind jumps from one thought
to another with fluidity and simplicity, what William James
(1890) called “flow of consciousness.”This spontaneous brain
activity was called Random Episodic Silent Thinking (REST;
[1]), emphasizing the free and errant nature of this mode of
thinking, partly in contrast with the engagement of mind
during cognitive tasks.

Modern neuroimaging techniques, such as Positron
Emission Tomography (PET), Functional Magnetic
Resonance Imaging (fMRI), and Magnetoencephalography
(MEG), have allowed studying brain in vivo showing the
intersection of anatomy and functions. Particularly, fMRI
is a relative noninvasive neuroimaging technique used

for many years to study brain eloquent areas activation
during task execution. In the last two decades fMRI
was used to study low-frequency fluctuations of cerebral
hemodynamics (0.01–0.1 Hz) that are associated with
complex brain “activation maps” temporally correlated
across the brain and correspond to functional RSNs [2].
RSNs are thought to represent the neuronal baseline activity
of human brain in the absence of external stimuli and
identify the presence of functionally distinct networks
[3, 4]. This brain baseline activity represents a model of
mind, enhanced when the focus of attention shifts from
external to internal self-referential state [5]. Even if today
some skepticism persists about the neural substrate of
spontaneous brain activity, this theory is supported not
only by rs-fMRI but also by observing electric activity,
hemodynamic and metabolic parameters, spontaneous
fluctuations of membrane potential, spontaneous spikes, and
neurotransmitter release [6]. Despite being the object of a
thriving field of clinical research, the investigation of aging
through the lens of the RSNs is in its early days.
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Figure 1: Default Mode Network (DMN): maps of healthy subjects obtained by means of Independent Component Analysis (ICA) and
superimposed on inflated Talairach template: (a) lateral and medial views of the left hemisphere. (b) Dorsal view. (c) Lateral and medial
views of the right hemisphere. DMN areas are labeled (MPFC: medial prefrontal cortex; PCC: posterior cingulate cortex; lAG and rAG: left
and right angular gyrus; STS: superior temporal sulcus). The figure is derived from the following study: [7].

2. Default Mode Network and the Other
Resting State Networks

The identification of the specific brain areas constituting
RSNs dates back to early 21st century as a result of a group of
scientists using PET imaging [10, 11]. The first cerebral areas
identified constituted a network involving both hemispheres:
medial prefrontal cortex (MPFC), the posterior cingulate
cortex (PCC), the angular gyrus (AG), and hippocampal
regions (HP) (Figure 1). The neural network was called
DMN and it is engaged when mental activity is internally
directed, for example, when a person is left “undisturbed”
to think of himself, about his past or his future. DMN
is also referred to as the task-negative network because
these regions are typically deactivated during execution of
attention demanding tasks [12, 13]. DMN supports mental
processes characterized by future planning, autobiographical
memory, moral dilemmas, records of bodily sensations, and
self-referential mental activity [14], showing instead reduced
activation when a person is engaged in a cognitive task.

Within the DMN the MPFC supports self-referential
mental processes, monitoring psychological states [15], and
receives interior (bodily sensations, proprioceptive) and
external inputs (visual, auditory) supporting their integration
and processing. Ventral part of MPFC (VMPFC) shows dif-
ferent interconnections with the limbic system, particularly
with amygdala, mediating visceromotor aspects connected
to emotions [16], a preconscious process that becomes con-
scious through modulations of other brain regions. MPFC
shows important neural connections with HP; in fact DMN
supports memory through two subsystems: the temporal-
mesial subsystem, associated with mnemonic processes and
predominantly made up of HP, that shows high connectivity

with PCC/Precuneus (PCC/PrC) and Inferior Parietal Lob-
ule (IPL); the second subsystem connected to the dorsal
part of MPFC (DMPFC) is activated during mental situa-
tions of self-exploration and sensations. The results suggest
that self-referential mental activity engages preferential the
MPFC subsystem [17]. Another important DMN region is
the Anterior Cingulate Cortex (ACC), associated with the
control of different functions such as selection or inhibi-
tion of responses, conflict monitoring, and errors detection.
Although the precise functions of the DMN remain a matter
of debate, mounting evidence points to two distinct DMN
subsystems that may mediate dissociable aspects of internal
mentation, namely, memory-based construction/simulation
(medial temporal lobe subsystem) and introspection about
mental states (DMPFC subsystem) [18, 19]. Stronger resting
state functional connectivity within the DMN has been
associated with higher frequencies of spontaneous thought
and engagement in mind wandering [20]. Nevertheless,
regions outside the DMN have also been implicated in mind
wandering, in particular executive control systems, yet the
exact role of these systems in mind wandering remains not
clear [21].

DMN represent only one network, because to date, others
RSNs have been identified [3, 22, 23]: the Salience Net-
work (SN); the Frontoparietal Network (lateralized in both
hemispheres; FPN); the primary Sensory Motor Network
(SMN); the Extrastriate Visual System (EsV); and the Dorsal
Attention Network (DAN). RSNs are linked by anatomical
connections and engaged in complex patterns of neuronal
communication and signaling (Figure 2).

The DAN, which includes Inferior Parietal Sulcus (IPS),
Frontal Eye Field (FEF), ACC, and bilateral Middle Temporal
Gyrus (MidTempG), has received much attention. It is also



BioMed Research International 3

DMN

24.00

4.96
t

p < 8.0259e − 07

(a)

DAN

24.00

4.96
t

p < 8.0259e − 07

(b)

SMN

24.00

4.96
t

p < 8.0259e − 07

(c)

SN

24.00

4.96
t

p < 8.0259e − 07

(d)

EsV

24.00

4.96
t

p < 8.0259e − 07

(e)

right FPC

24.00

4.96
t

p < 8.0259e − 07

(f)

Left FPC

24.00

4.96
t

p < 8.0259e − 07

(g)

Figure 2: Resting State Networks (RSNs): maps of healthy subjects obtained bymeans of Independent Component Analysis (ICA), overlaid on
Talairach template (T1 weighted images), showed in radiological convention. DMN:DefaultModeNetwork; DAN:Dorsal AttentionNetwork;
SMN: Sensory Motor Network; SN: Salience Network; EsV: Extrastriate Visual; FPC: Frontoparietal Control Network. The figure is derived
from the following study: [8].

called task-positive network because, as wementioned above,
its main regions are commonly activated in tasks demanding
attention andmental control [24, 25]. DMN andDAN show a
pattern of anticorrelated activity in both task and resting state
studies [26] and their competitive relationship may represent
a cerebral mechanism supporting cognitive functions [27,
28], switching focus between internal (supported by DMN)
and external channels (supported by DAN) [9], when the
system works properly.

Recently, explaining the complex communication
between different RSNs has been proposed by a “triple
network” hypothesis [29]. This hypothesis involves three
networks: central executive network (CEN), SN, and
DMN [29, 30]. CEN and SN increase activity during
cognitive or affective processes while the DMN shows
decreased activation during tasks in which self-referential
activity is not involved [31]. Interestingly modifications
of interconnections among DMN, CEN, and SN were

observed in many psychiatric and neurological disorders,
for instance, Attention Deficit Hyperactivity Disorder
(ADHD; [32]), psychosis [33], and depression [34], and their
functional or dysfunctional activity is crucial during healthy
or pathological aging, such as MCI [35] and AD [36].

3. Healthy and Pathological Aging

Many elders, over 65 years old, live in happy and healthy
life conditions. Some changes in memory functions are
considered a normal part of the aging process, but almost
40 per cent of older adults experience during their life a
mild cognitive decline often with an impairment of memory.
This impairment may occur in different areas of memory
such as visual or verbal memory, visuospatial abilities, imme-
diate memory, or the ability to name objects. When there
is no underlying medical condition causing this memory
loss, it is known as age-associated memory impairment
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which is considered a part of the normal aging process.
These preclinical conditions differ from neurodegenerative
diseases like AD that are characterized by specific biomarkers
(neuropsychological, cognitive, biological, biochemical, and
neurological).

AD deeply affects healthy citizen as well as the wealth of
public health systems and, with the growing rate of elderly
people in western countries, is becoming a health/economic
issue of epidemic proportions [38]. A recent intriguing and
promising approach in the field of dementia concerns the
use of advanced neuroimaging techniques in associationwith
neuropsychological evaluation and quantification of biologi-
cal markers to identify subjects with high risk of developing
AD in preclinical condition (i.e., Apolipoprotein E4-APOE 4
carriers) [39, 40]. Indeed, advancedneuroimaging techniques
may provide a valid tool to differentiate brain changes due to
physiological aging [41, 42] and abnormal changes possibly
underlying neurodegenerative pathologies such as AD [43–
45].

Several studies explored modification of DMN connec-
tivity in healthy elders, MCI patients, and AD [46, 47]
in order to find useful biomarkers for early diagnosis and
start of targeted treatments. DMN functional connectivity
impairment correlates with cognitive decline, impairment of
executive functions, and working memory [48]. We have
strong evidences that allow us to identify specific brain signs
prior to the clinical phase ofAD [9, 49]. In fact, preclinicalAD
has been associated with early detection of pathologicalmod-
ifications involving different cerebral regions: reduced DMN
connectivity in normal aging and in preclinical stages of
dementia [46, 47], especially between anterior and posterior
DMN components (MPFC and PCC), was observed. Func-
tional connectivity declines with age mainly affecting DMN;
however there are some evidences of increased connectivity
with age interpreted as compensatory mechanisms during
aging process [50]. Indeed, results observed are controversial,
with some studies showing decreased connectivity and other
showing opposite results [51], influenced by the data analysis
approach used. For example, the seed based method of
analysis showed very controversial results with decreased
connectivity between HP and PCC or increased connectivity
between Prefrontal Cortex (PFC) and HP and between PFC
and PCC [52] and the increased connectivity in PFC was
interpreted as a compensation mechanism during aging
processes. Another interesting approach for rs-fMRI data
analysis is the independent component analysis (ICA). The
results often show decreased connectivity within DMN, also
during tasks, worsening with the onset of AD [53]. In some
studies, the reduction of connectivity of DMN is associated
with increased connectivity in other networks such as FPN
[54].Themost controversial result is represented by the inter-
pretation of the result observed as prodromal brain changes
of neurodegenerative diseases or compensatory mechanisms
to counteract cognitive decline [3, 43].

As regards fMRI modifications observed in AD, several
studies highlighted the importance of amyloid deposition
in specific regions of DMN resulting in decreased func-
tional connectivity. The vulnerability of these regions is
unknown; however, it correlated with multiple predisposing

factors (vascular damage, iron deposition, and inflamma-
tory changes). The PCC/PrC node of DMN received great
attention showing significant modification in normal aging
and moreover in AD, indicating amyloid deposition and
reduction of metabolism, especially in APOE E4 patients
[49, 55]. PCC/PrC supports self-referential mental activity,
memory functions, but also attention, regulating the internal
and external focus of thoughts. It has strong functional
and anatomical connections with other brain regions, such
as the HP, VMPFC, and ACC [55]. The failure of deac-
tivation during task performance [56] and reduction of
functional connectivity [57] of PCC may represent an early
AD biomarker. Moreover, PCC is constituted of different
functional subparts each one exchanging information with
the other RSNs [58]. Rearrangement of DMN intrinsic
connectivity especially within PCC and left-IPL may rep-
resent a compensatory mechanism to counteract neuronal
dysfunction in MCI patients and even more in those MCI
patients that during follow-up converted in AD [43, 47, 59].
As a confounding factor, DMNmodifications observed inAD
are common findings in many other mental disorders [60].
Crucially, the extent to which a concurrent task demands
attention, and the meta-awareness required to self-identify
and self-classify thoughts, restricts its broader application to
clinical populations. Evidence suggests that, in the context
of low task demands subjects report more off-task thoughts,
compared to reports during more demanding tasks [61]. To
date, there is a lack of available paradigms to investigate
mind wandering in a context free from external additional
loads on attention and working memory processes. Also
for these reasons mind wandering assessment is particu-
larly difficult in neurodegenerative diseases or psychiatric
conditions, where the integrity of the DMN is significantly
compromised [60, 62, 63]. Significant intratemporal lobe
connectivity, coupled with relatively weaker connectivity of
temporal lobe regions to PCC and DMPFC within DMN, is
associated with mind wandering [64]. The observed mind
wandering frequency is strongly linked to relatively circum-
scribed connectivity within lateral temporal lobe regions
and concomitant decreased connectivity between temporal
regions and midline cerebral regions; these results are in
contrast with other studies showing increased connectivity
within and between a distributed range ofDMNnodes during
mind wandering [20, 65].

An interesting hypothesis that sheds light on aging
processes as AD biomarkers is the modification of DMN-
DAN anticorrelation pattern [9]. A decreased DMN-DAN
anticorrelation seems to be part of the normal aging process
and probably its impairment explains partially cognitive
decline in MCI and AD patients. In fact, brain is intrinsi-
cally organized into anticorrelated networks [26], supporting
behaviour and cognitive functions [27, 28] and representing
a brain physiological function starting up when the focus
of attention switches between self-referential mental activity
and external attention [66]. Interestingly this DMN-DAN
negative correlation modifies its function during life span:
it appears during the first year and strengthens during the
second year of life [67], becoming more robust in adults to
support the development of executive functions and working
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memory [68]. Finally decreased DMN-DAN anticorrelation
characterizes healthy elders [69] and may represent neuronal
substrates of initial cognitive decline (Figure 3).

As concerns the triple network model, altered within-
network connectivity among DMN, CEN, and SN was
observed in healthy subjects at risk of AD (APOE4 carriers)
[33].The preserved connectivity within triple network system
may explain preserved cognition in the cognitively normal
APOE4 allele carriers. Moreover, the normal functioning of
triple network interaction may positively affect the compen-
sation of initial cognitive decline as observed in a recent study
showing reduced connectivity within DMN between PCC
and HP and from thalamus to PCC and increased connectiv-
ity within SN from dorsal ACC to striatum, from the CEN to
theDMN, and from the SN toCEN inMCIpatients compared
with AD patients and healthy controls [67].

Finally, interesting results arise from the intersection
of imaging data and molecular data in normal aging and
AD tracing by means of PET amyloid a𝛽1–42 (Pittsburgh
Compound B (PiB)-PET) and Tau neurofibrillary tangles
(AV1451-PET). Indeed, individuals with preclinical AD have
relied on associations with in vivo measures of amyloid
pathology. While many studies have reported decreased
functional connectivity with increased amyloid (a𝛽) burden
in the medial temporal lobe, posterior midline, and parietal
regions [38], other studies have reported regions of both
increased and decreased connectivity with elevated amyloid
[70]. With the recent advent of in vivo Tau-PET tracers it is
now possible to extend investigations on fcMRI in a sample
of cognitively normal elderly humans to regional measures of
Tau. In a recent study [71], the authors showed that amyloid-
positive (a𝛽+) individuals were characterized by increased
connectivity in DMN and SN when neocortical Tau levels
are low, whereas a𝛽+ individuals demonstrate decreased
connectivity in these networks as a function of elevated
Tau-PET signal. This pattern suggests a hyperconnectivity
phase followed by a hypoconnectivity phase in the course of
preclinical AD [71].

4. Late Life Depression

Another important condition that affects people after 60–65
years of age, with emotional and cognitive impairment, is
Late Life Depression (LLD), a common mental disability in
elderly population characterized by the presence of depressed
mood, loss of interest or pleasure in daily activities, sleep
disturbance, appetite disturbance, and cognitive and somatic
symptoms. This specific mood disorder tends to increase
considering the progressive aging population. Its prevalence
rates can range from 1% to 4% for major and up to 13%
for minor depression [72]. FMRI studies have shown varied
and controversial results reporting modifications of cerebral
connectivity in elders with depression [73, 74], but there is
a strong association between depressive symptoms and MCI
among older adults, although the neural correlates of this
relationship are not fully understood. We surely agree that
patients with LLD show often signs of cognitive decline and
patients with MCI can complain about anxiety or depression

symptoms; most importantly, both show higher conversion
rate to AD [75].

One ofmost important signs of these patients is the lack of
DMN suppression during cognitive tasks [76], closely linked
to the enhanced ruminative processes. Indeed, these patients
demonstrate more engagement in mentalizing about the self
and past autobiographical experiences, focusing on negative
thoughts.TheDMN areamost involved in depressed patients
is the MPFC, including the ventromedial and dorsolateral
part. As we have mentioned above MPFC supports self-
referential mental processes, monitoring psychological states
[15]; it is critical to social cognition, self-reference, emotional
decision-making, and emotion regulation. This region has
been implicated not only in LLD, but more in general in
the development of anxiety and depression disorders [77,
78]. The functions of this area are tied to its structural and
functional connections to numerous key areas of DMN such
as the PCC/PrC and HP, key nodes of memory retrieval,
as well as the amygdala and insula, key region of the SN,
caudate and putamen, core of the reward system, superior
temporal sulcus (STS) and middle temporal cortex, and
central nodes of theory of mind [79]. The involvement of
all these structures and functions explains the extended
presence of such complex and disabling affective, cognitive,
and somatic symptomatology. It is not fully understood
whether the DMPFC is more an “affective” region and the
VMPFC is more an “emotion regulation” region or vice
versa, but Aghajani and colleagues [80], for example, propose
the DMPFC as an emotional assessment/processing region
and the VMPFC with functions of emotions regulation.
The increased connectivity shown by these patients between
specific nodes of DMN, as the subgenual part of ACC
(sgACC) and the PCC, could be detrimental to cognitive
processes [60, 81]. However, connectivity between the SN
(i.e., anterior insula, dorsal ACC) and the anterior nodes
of DMN [82] as well as between the insula and the amyg-
dala [83] seems enhanced in depressed individuals when
compared with controls and these results are coherent with
the more engagement in mentalizing about the self and
past autobiographical experiences and focusing on negative
thoughts demonstrated in these patients. In our recent study
[37] we showed a significant modification in the left FPN
(lFPN) characterized by increased connectivity in the left
Superior Parietal Lobule (SPL) and left DLPFC in LLD group
(Figure 4). The lFPN is implicated in language and working
memory processing [84, 85] and the significant modification
found in our study could justify some typical cognitive
symptoms in LLD, assuming an inability to regulate the
activation of an important area for specific cognitive tasks,
as the case of working memory, impaired in LLD, MCI, and
AD. Alterations in SPL connectivity are less often described
in the literature to be associated with LLD [86], while
the structural connectivity using Diffusion Tensor Imaging
(DTI) between SPL of both cerebral hemispheres seems to
discriminate patients with depression from healthy controls
[87]. Parietal cortex provides a coherent self-representation
across space and time [88] and is implicated in top-down
control of attention, with sensorimotor integration, balancing
internally and externally directed attention [58]. In a recent
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Figure 3:Default Mode Network (DMN) and Dorsal Attention Network (DAN) anticorrelations: Seed based connectivity maps obtained from
random effects group analyses, superimposed on inflated Talairach template. The maps show DMN-DAN anticorrelations for healthy young
subjects, healthy elders, and Mild Cognitive Impairment (MCI) patients. The figure is derived from the following study: [9].
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comparative study between schizophrenic patients andmajor
depressive disorder, the authors found significant reduction
in connectivity within the posterior nodes of DMN and
SPL in patients with depression hypothesizing an imbalance
between internally and externally directed attention and
mental state attribution [89]. In fact, SPL appears to be
involved in disengaging or maintaining attention to visual
and tactile stimuli [90, 91], as demonstrated in patients
with tumor localized in left SPL, suggesting that SPL is
important in maintaining internal representation of body
states [92]. This region continues onto the medial surface
of the hemisphere as the PrC, forming rectangular-shaped
area involved in mental imagery and recall of personal
experiences; thus, like the MPFC, it is part of the DMN of
the brain, engaged during activities such as daydreaming and
introspection [93], both impaired in depression disorders.
Also, epileptic seizures in the SPL cause disturbances of
the body image; thus it is also possible to hypothesize an
increased attention for the internal representation of body
states in patients with LLD.

5. Conclusion

For many years, modern neuroimaging techniques neglected
brain spontaneous activity, focusing only on changes evoked
by external tasks. Within the past two decades, rs-fMRI has
taken off as a major tool to study brain in vivo, especially
for those patients less cooperative, offering detailed and
clear information about the spontaneous brain dynamics in
both physiological and pathological conditions. Indeed, the
common target of the neuroscientists is to identify early
biomarkers before clinical outbreak of AD and advancements
in genetics, neurobiology, and neuroimaging techniques
allowed researchers to hypothesize the mechanisms under-
lying these disorders.

Abnormal functional connectivity has been reported
in several neurologic diseases even if these results remain
controversial. In the first rs-fMRI studies the results showed
intranetwork connectivity modifications while more recent
studies underlie altered interactions between different RSNs.
In recent years, neurological disorders have better under-
stood in its specific neural correlates and some shared results
have been achieved, as, for example, the reduced DMN
connectivity in normal aging and in preclinical stages of
dementia [46, 47], especially between anterior and posterior
DMN components. Moreover, the posterior nodes of DMN
have received great attention showing significant modifica-
tion in normal aging andmoreover inAD, indicating amyloid
deposition and reduction of metabolism, also in preclinical
conditions as observed in APOE E4 patients [49, 51]. Other
investigations in this area have demonstrated that PCC/PrC
supports self-referential mental activity, memory functions,
but also attention in regulation of internal and external focus
of thoughts. Thus, the lack of this deactivation during task
performance [56] and the reduction of functional connectiv-
ity [57] of PCC may represent an early biomarker of AD.

Another important chapter within the understanding of
healthy and pathological aging has been the anticorrelation of
task-negative and task-positive networks. In fact, decreased

DMN-DAN anticorrelation has been observed in a recent
study comparing young subjects, healthy elders, and MCI
patients [69] hypothesizing that reduced anticorrelationsmay
be considered a neuronal substrate of aging brain supporting
cognitive decline. As concerns the triple network model,
healthy subjects at risk of AD (APOE4 carriers) have shown
altered within-network connectivity among DMN, CEN and
SN [33]. The preserved connectivity within triple network
system may explain preserved cognition in the cognitively
normal APOE4 individuals.

Finally, another disease recently investigated through the
rs-fMRI in aging is LLD, with important emotional and
cognitive impairment. One of the most important areas
involved in the LLD is the MPFC, for its implication in
typical mental activity in depressed patients, such as self-
reference, social cognition, emotional decision-making, and
emotion regulation. LLD patients are more engaged in
metalizing about self and past autobiographical experiences
and focusing on negative thoughts. These individuals are
characterized by inability to suppress DMN activity during
cognitive task, coherent with these enhanced overthinking
processes. Connectivity between SN and the anterior nodes
of DMN as well as between the insula and the amygdala is
a second feature coherent with their tendency to ruminate.
Moreover, reduction in connectivity within the posterior
nodes of DMN and SPL was observed in depressed patients,
coherentwith an imbalance between internally and externally
directed attention and mental state attribution [89]. This
imbalance seems one of the causes of cognitive impairment as
a consequence of inability to focus on a specific cognitive task,
because the attentive resources are disengaged and hijacked
on emotional aspects, driving the ruminative elaborations
and this is crucial and detrimental to cognitive processes.

Even if rs-fMRI represents a promising tool to study
brain there are many confounding factors to be clarified
[94]. For example, there is no control system to check if
patients fall asleep during MRI scans; moreover, the great
variety of methods of MRI data analysis contributes to
create an “excess” of heterogeneity of results. Finally, fMRI
records brainmodifications of neurovascular coupling BOLD
signal. Several diseases modify this signal with a consequent
nonquantifiable effect on BOLD signal. Future research
will take benefit by the combination of different methods
such as MEG, Electroencephalography (EEG) and cerebral
perfusion, and molecular data.

Functional connectivity has contributed substantially to
the field of Alzheimer’s research showing cerebral modifi-
cations even before symptoms arise and is emerging as a
promising biomarker for longitudinal studies.

Conflicts of Interest

The authors declare that there are no conflicts of interest
regarding the publication of this paper.

Authors’ Contributions

FilippoCieri andRoberto Esposito equally contributed to this
work.



8 BioMed Research International

References

[1] N. C. Andreasen, D. S. O’Leary, T. Cizadlo et al., “Remembering
the past: Two facets of episodic memory explored with positron
emission tomography,”The American Journal of Psychiatry, vol.
152, no. 11, pp. 1576–1585, 1995.

[2] J. S. Damoiseaux, S. A. R. B. Rombouts, F. Barkhof et al.,
“Consistent resting-state networks across healthy subjects,”
Proceedings of the National Acadamy of Sciences of the United
States of America, vol. 103, no. 37, pp. 13848–13853, 2006.

[3] G.Deco, V. K. Jirsa, andA. R.McIntosh, “Emerging concepts for
the dynamical organization of resting-state activity in the brain,”
Nature Reviews Neuroscience, vol. 12, no. 1, pp. 43–56, 2011.

[4] S. M. Smith, P. T. Fox, K. L. Miller et al., “Correspondence of
the brain’s functional architecture during activation and rest,”
in Proceedings of the National Academy of Sciences of the United
States of America, vol. 106, pp. 13040–13045, 2009.

[5] S. Arslan, S. I. Ktena, A. Makropoulos, E. C. Robinson, D.
Rueckert, and S. Parisot, “Human brain mapping: A systematic
comparison of parcellation methods for the human cerebral
cortex,” inNeuroimage, A systematic comparison of parcellation
methods for the human cerebral cortex. Neuroimage, 2017.

[6] C. O’Donnell and M. C. W. van Rossum, “Systematic analysis
of the contributions of stochastic voltage gated channels to
neuronal noise,” Frontiers in Computational Neuroscience, vol.
8, no. 105, 2014.

[7] R. Esposito, P. A. Mattei, C. Briganti et al., “Modifications of
default-mode network connectivity in patients with cerebral
glioma,” PLoS ONE, vol. 7, no. 7, Article ID e40231, 2012.

[8] R. Esposito, F. Cilli, V. Pieramico et al., “Acute effects of
modafinil on brain resting state networks in young healthy
subjects,” PLoS ONE, vol. 8, no. 7, Article ID e69224, 2013.

[9] R. Esposito, F. Cieri, P. Chiacchiaretta et al., “Modifications in
resting state functional anticorrelation between default mode
network and dorsal attention network: comparison among
young adults, healthy elders and mild cognitive impairment
patients,” Brain Imaging and Behavior, pp. 1–15, 2017.

[10] G. L. Shulman, J. A. Fiez, M. Corbetta et al., “Common blood
flow changes across visual tasks: II. Decreases in cerebral
cortex,” Journal of Cognitive Neuroscience, vol. 9, no. 5, pp. 648–
663, 1997.

[11] M. E. Raichle, A. M. MacLeod, A. Z. Snyder, W. J. Powers, D. A.
Gusnard, andG. L. Shulman, “Adefaultmode of brain function,”
Proceedings of the National Acadamy of Sciences of the United
States of America, vol. 98, no. 2, pp. 676–682, 2001.

[12] K. Mevel, B. Landeau, M. Fouquet et al., “Age effect on the
default mode network, inner thoughts, and cognitive abilities,”
Neurobiology of Aging, vol. 34, no. 4, pp. 1292–1301, 2013.

[13] S. Passow, K. Specht, T. C. Adamsen et al., “Default-mode
network functional connectivity is closely related to metabolic
activity,” Human Brain Mapping, vol. 36, no. 6, pp. 2027–2038,
2015.

[14] R. L. Buckner, “The brain’s default network: origins and
implications for the study of psychosis,” Dialogues in Clinical
Neuroscience, vol. 15, no. 3, pp. 351–358, 2013.

[15] K. L. Phan, T. Wager, S. F. Taylor, and I. Liberzon, “Functional
neuroanatomy of emotion: a meta-analysis of emotion activa-
tion studies in PET and fMRI,” NeuroImage, vol. 16, no. 2, pp.
331–348, 2002.

[16] G. Northoff, “Is the self a higher-order or fundamental function
of the brain?The “basis model of self-specificity” and its encod-
ing by the brain’s spontaneous activity,” Cognitive Neuroscience,
vol. 7, no. 1-4, pp. 203–222, 2016.

[17] K. K. Szpunar, J. M. Watson, and K. B. McDermott, “Neural
substrates of envisioning the future,” Proceedings of the National
Acadamy of Sciences of the United States of America, vol. 104, no.
2, pp. 642–647, 2007.

[18] J. R. Andrews-Hanna, J. Smallwood, and R. N. Spreng, “The
default network and self-generated thought: component pro-
cesses, dynamic control, and clinical relevance,” Annals of the
New York Academy of Sciences, vol. 1316, no. 1, pp. 29–52, 2014.

[19] R. L. Buckner, “The serendipitous discovery of the brain’s default
network,” NeuroImage, vol. 62, no. 2, pp. 1137–1145, 2012.

[20] L. Yang, F. Lin, Y. Zhou et al., “Iterative cross-correlation
analysis of resting state functional magnetic resonance imaging
data,” PLoS ONE, vol. 8, no. 3, p. e58653, 2013.

[21] K. C. R. Fox, R. N. Spreng, M. Ellamil, J. R. Andrews-
Hanna, and K. Christoff, “The wandering brain: meta-analysis
of functional neuroimaging studies of mind-wandering and
related spontaneous thought processes,” Neuroimage, vol. 111,
pp. 611–621, 2015.

[22] M. P. van den Heuvel and H. E. Hulshoff Pol, “Exploring
the brain network: a review on resting-state fMRI functional
connectivity,” European Neuropsychopharmacology, vol. 20, no.
8, pp. 519–534, 2010.

[23] A. Mitra and M. E. Raichle, “How networks communicate:
propagation patterns in spontaneous brain activity,” Philosoph-
ical Transactions of the Royal Society of London. Series B,
Biological Sciences, vol. 371, no. 1705, 2016.

[24] M. Corbetta and G. L. Shulman, “Control of goal-directed
and stimulus-driven attention in the brain,” Nature Reviews
Neuroscience, vol. 3, no. 3, pp. 201–215, 2002.

[25] F. X. Castellanos, S. Cortese, and E. Proal, “Connectivity,” in
Current Topics in Behavioral Neurosciences, vol. 16, pp. 49–77,
2014.

[26] P. Fransson, “Spontaneous low-frequency BOLD signal fluctua-
tions: an fMRI investigation of the resting-state default mode of
brain function hypothesis,” Human Brain Mapping, vol. 26, no.
1, pp. 15–29, 2005.

[27] L. Q. Uddin, A. M. C. Kelly, B. B. Biswal, F. X. Castellanos, and
M. P. Milham, “Functional connectivity of default mode net-
work components: correlation, anticorrelation, and causality,”
Human Brain Mapping, vol. 30, no. 2, pp. 625–637, 2009.

[28] K. Gopinath, V. Krishnamurthy, R. Cabanban, and B. A.
Crosson, “Hubs of anticorrelation in high-resolution resting-
state functional connectivity network architecture,” Brain Con-
nectivity, vol. 5, no. 5, pp. 267–275, 2015.

[29] V. Menon, “Large-scale brain networks and psychopathology:
a unifying triple network model,” Trends in Cognitive Sciences,
vol. 15, no. 10, pp. 483–506, 2011.

[30] V. Menon and L. Q. Uddin, “Saliency, switching, attention and
control: a network model of insula function,” Brain Structure
and Function, vol. 214, no. 5-6, pp. 655–667, 2010.

[31] M. D. Greicius and V. Menon, “Default-mode activity during a
passive sensory task: uncoupled from deactivation but impact-
ing activation,” Cognitive Neuroscience, vol. 16, no. 9, pp. 1484–
1492, 2004.

[32] Y. F. Zang, Y. He, C. Z. Zhu et al., “Altered baseline brain activity
in children with ADHD revealed by resting-state functional
MRI,” Brain & Development, vol. 29, pp. 83–91, 2007.



BioMed Research International 9

[33] S. Khadka, S. A. Meda, M. C. Stevens et al., “Is aberrant
functional connectivity a psychosis endophenotype? A resting
state functional magnetic resonance imaging study,” Biological
Psychiatry, vol. 74, no. 6, pp. 458–466, 2013.

[34] H. Zheng, L. Xu, F. Xie et al., “The Altered Triple Networks
Interaction in Depression under Resting State Based on Graph
Theory,” BioMed Research International, vol. 2015, Article ID
386326, 8 pages, 2015.

[35] S. Cai, T. Chong, Y. Peng et al., “Altered functional brain
networks in amnesticmild cognitive impairment: a resting-state
fMRI study,” Brain Imaging and Behavior, vol. 11, no. 3, pp. 619–
631, 2017.

[36] X. Wu, Q. Li, X. Yu et al., “A triple network connectivity
study of large-scale brain systems in cognitively normal APOE4
carriers,” Frontiers in Aging Neuroscience, vol. 8, article no. 231,
2016.

[37] F. Cieri, R. Esposito, N. Cera, V. Pieramico, A. Tartaro, and
M. di Giannantonio, “Late-Life Depression: Modifications of
Brain Resting State Activity,” Journal of Geriatric Psychiatry and
Neurology, vol. 30, no. 3, pp. 140–150, 2017.

[38] M. D. Hurd, P. Martorell, A. Delavande, K. J. Mullen, and K. M.
Langa, “Monetary costs of dementia in the United States,” The
NewEngland Journal ofMedicine, vol. 368, no. 14, pp. 1326–1334,
2013.

[39] D. M. Holtzman, E. Mandelkow, and D. J. Selkoe, “Alzheimer
disease in 2020,” Cold Spring Harbor Perspectives in Medicine,
vol. 2, no. 11, 2012.

[40] J. Kim and W. Pan, “Highly adaptive tests for group differences
in brain functional connectivity,” NeuroImage: Clinical, vol. 9,
pp. 625–639, 2015.

[41] M. R. Brier, J. B. Thomas, A. M. Fagan et al., “Functional con-
nectivity and graph theory in preclinical Alzheimer’s disease,”
Neurobiology of Aging, vol. 35, no. 4, pp. 757–768, 2014.

[42] R. F. Buckley, A. P. Schultz, T. Hedden et al., “Functional
network integrity presages cognitive decline in preclinical
Alzheimer disease,” Neurology, vol. 89, no. 1, pp. 29–37, 2017.

[43] R. Esposito, A. Mosca, V. Pieramico, F. Cieri, N. Cera, and
S. L. Sensi, “Characterization of resting state activity in MCI
individuals,” PeerJ, vol. 2013, no. 1, article no. e135, 2013.

[44] K. N. Dillen, H. I. Jacobs, J. Kukolja et al., “Functional disinte-
gration of the default mode network in Prodromal Alzheimer’s
Disease,” Journal of Alzheimer’s Disease, vol. 59, no. 1, pp. 169–
187, 2017.

[45] S. Kazemifar, K. Y. Manning, N. Rajakumar et al., “Spontaneous
low frequency BOLD signal variations from resting-state fMRI
are decreased in Alzheimer disease,” PLoS ONE, vol. 12, no. 6,
Article ID e0178529, 2017.

[46] Y.Ouchi andM.Kikuchi, “A review of the defaultmode network
in aging and dementia based onmolecular imaging,” Reviews in
the Neurosciences, vol. 23, no. 3, pp. 263–268, 2012.

[47] X. Song, A. Mitnitski, N. Zhang, W. Chen, and K. Rockwood,
“Dynamics of brain structure and cognitive function in the
Alzheimer’s disease neuroimaging initiative,” Journal of Neurol-
ogy, Neurosurgery & Psychiatry, vol. 84, no. 1, pp. 71–78, 2013.

[48] D. Vidal-Pineiro, C. Valls-Pedret, and S. Fernandez-Cabello,
“Decreased default mode network connectivity correlates with
age-associated structural and cognitive changes,” Frontiers in
Aging Neuroscience, vol. 6, article no. 256, 2014.

[49] R. A. Sperling, P. S. LaViolette, K. O’Keefe et al., “Amyloid
deposition is associatedwith impaired default network function
in older persons without dementia,” Neuron, vol. 63, no. 2, pp.
178–188, 2009.

[50] E. L. Dennis and P.M.Thompson, “Functional brain connectiv-
ity using fMRI in aging and Alzheimer’s disease,”Neuropsychol-
ogy Review, vol. 24, no. 1, pp. 49–62, 2014.

[51] N. Filippini, L. D. Nickerson, C. F. Beckmann et al., “Age-related
adaptations of brain function during a memory task are also
present at rest,” NeuroImage, vol. 59, no. 4, pp. 3821–3828, 2012.

[52] J. P. F. Bai, R. Bell, S. Buckman et al., “Translational biomarkers:
From preclinical to clinical a report of 2009 AAPS/ACCP
biomarker workshop,”TheAAPS Journal, vol. 13, no. 2, pp. 274–
283, 2011.

[53] M.Demirtas, C. Falcon, A. Tucholka, J. Gispert, J. L.Molinuevo,
andG.Deco, “Awhole-brain computationalmodeling approach
to explain the alterations in resting-state functional connec-
tivity during progression of Alzheimer’s disease,” NeuroImage:
Clinical, vol. 16, pp. 343–354, 2017.

[54] F. Agosta, M. Pievani, C. Geroldi, M. Copetti, G. B. Frisoni, and
M. Filippi, “Resting state fMRI in Alzheimer’s disease: beyond
the default mode network,”Neurobiology of Aging, vol. 33, no. 8,
pp. 1564–1578, 2012.

[55] F. De Vogelaere, P. Santens, E. Achten, P. Boon, and G.
Vingerhoets, “Altered default-mode network activation in mild
cognitive impairment compared with healthy aging,” Neurora-
diology, vol. 54, no. 11, pp. 1195–1206, 2012.

[56] F. Sambataro, V. P.Murty, J. H. Callicott et al., “Age-related alter-
ations in default mode network: impact on working memory
performance,”Neurobiology of Aging, vol. 31, no. 5, pp. 839–852,
2010.

[57] M. Weiler, C. V. I. L. Teixeira, M. H. E. Nogueira et al., “Dif-
ferences and the relationship in default mode network intrinsic
activity and functional connectivity inmild Alzheimer’s disease
and amnestic mild cognitive impairment,” Brain Connectivity,
vol. 4, no. 8, pp. 567–574, 2014.

[58] R. Leech and D. J. Sharp, “The role of the posterior cingulate
cortex in cognition and disease,” Brain, vol. 137, no. 1, pp. 12–32,
2014.

[59] Z. Qi, X. Wu, Z. Wang et al., “Impairment and compensation
coexist in amnestic MCI default mode network,” NeuroImage,
vol. 50, no. 1, pp. 48–55, 2010.

[60] S. J. Broyd, C. Demanuele, S. Debener, S. K. Helps, C. J. James,
and E. J. S. Sonuga-Barke, “Default-mode brain dysfunction
in mental disorders: a systematic review,” Neuroscience &
Biobehavioral Reviews, vol. 33, no. 3, pp. 279–296, 2009.

[61] J. C. McVay, M. E. Meier, D. R. Touron, and M. J. Kane,
“Aging ebbs the flow of thought: Adult age differences in
mind wandering, executive control, and self-evaluation,” Acta
Psychologica, vol. 142, no. 1, pp. 136–147, 2013.

[62] J. S. Damoiseaux, C. F. Beckmann, E. J. S. Arigita et al., “Reduced
resting-state brain activity in the ‘default network’ in normal
aging,” Cerebral Cortex, vol. 18, no. 8, pp. 1856–1864, 2008.

[63] S. Whitfield-Gabrieli and J. M. Ford, “Default mode network
activity and connectivity in psychopathology,” Annual Review
of Clinical Psychology, vol. 8, pp. 49–76, 2012.

[64] C. O’Callaghan, J.M. Shine, S. J. G. Lewis, J. R. Andrews-Hanna,
and M. Irish, “Shaped by our thoughts - A new task to assess
spontaneous cognition and its associated neural correlates in
the default network,”Brain and Cognition, vol. 93, pp. 1–10, 2015.

[65] J. R. Andrews-Hanna, J. S. Reidler, J. Sepulcre, R. Poulin, and
R. L. Buckner, “Functional-anatomic fractionation of the brain’s
default network,” Neuron, vol. 65, no. 4, pp. 550–562, 2010.



10 BioMed Research International

[66] A. M. C. Kelly, A. Di Martino, L. Q. Uddin et al., “Development
of anterior cingulate functional connectivity from late child-
hood to early adulthood,”Cerebral Cortex, vol. 19, no. 3, pp. 640–
657, 2009.

[67] W. Gao, J. H. Gilmore, D. Shen, J. K. Smith, H. Zhu, and W.
Lin, “The synchronization within and interaction between the
default and dorsal attention networks in early infancy,” Cerebral
Cortex, vol. 23, no. 3, pp. 594–603, 2013.

[68] J. R. Andrews-Hanna, A. Z. Snyder, J. L. Vincent et al.,
“Disruption of large-scale brain systems in advanced aging,”
Neuron, vol. 56, no. 5, pp. 924–935, 2007.

[69] J.-T. Wu, H.-Z. Wu, C.-G. Yan et al., “Aging-related changes in
the default mode network and its anti-correlated networks: a
resting-state fMRI study,” Neuroscience Letters, vol. 504, no. 1,
pp. 62–67, 2011.

[70] C. Thai, Y. Y. Lim, V. L. Villemagne et al., “Amyloid-Related
Memory Decline in Preclinical Alzheimer’s Disease Is Depen-
dent onAPOE 𝜀4 and IsDetectable over 18-Months,”PLoSONE,
vol. 10, no. 10, p. e0139082, 2015.

[71] A. P. Schultz, J. P. Chhatwal, T. Hedden et al., “Phases of Hyper-
connectivity and Hypoconnectivity in the Default Mode and
Salience Networks Track with Amyloid and Tau in Clinically
Normal Individuals,”The Journal of Neuroscience, vol. 37, no. 16,
pp. 4323–4331, 2017.

[72] I. J. Bohr, E. Kenny, A. Blamire et al., “Resting-state functional
connectivity in late-life depression: Higher global connectivity
and more long distance connections,” Frontiers in Psychiatry,
vol. 3, Article ID Article 116, 2013.

[73] E. R. Kenny, J. T. O’Brien, D. A. Cousins et al., “Functional con-
nectivity in late-life depression using resting-state functional
magnetic resonance imaging,”TheAmerican Journal of Geriatric
Psychiatry, vol. 18, no. 7, pp. 643–651, 2010.

[74] C. E. Sexton, C. L. Allan, M. Le Masurier et al., “Magnetic reso-
nance imaging in late-life depression: Multimodal examination
of network disruption,” Archives of General Psychiatry, vol. 69,
no. 7, pp. 680–689, 2012.

[75] Z. Mirza, M. A. Kamal, A. M. Buzenadah, M. H. Al-Qahtani,
and S. Karim, “Establishing genomic/transcriptomic links
between Alzheimer’s disease and type 2 diabetes mellitus by
meta-analysis approach,” CNS and Neurological Disorders -
Drug Targets, vol. 13, no. 3, pp. 501–516, 2014.

[76] Y. I. Sheline, D. M. Barcha, and J. L. Price, “The default
mode network and self-referential processes in depression,”
Proceedings of the National Acadamy of Sciences of the United
States of America, vol. 106, no. 6, pp. 1942–1947, 2009.

[77] S. B. Eickhoff, A. R. Laird, P. T. Fox, D. Bzdok, and L. Hensel,
“Functional Segregation of the Human Dorsomedial Prefrontal
Cortex,” Cerebral Cortex, vol. 26, no. 1, pp. 304–321, 2016.

[78] D. Bzdok, R. Langner, L. Schilbach et al., “Segregation of the
human medial prefrontal cortex in social cognition,” Frontiers
in Human Neuroscience, vol. 7, 2013.

[79] D. C. Steffens, L. Wang, K. J. Manning, and G. D. Pearlson,
“Negative Affectivity, Aging, and Depression: Results From the
Neurobiology of Late-Life Depression (NBOLD) Study,” The
American Journal ofGeriatric Psychiatry, vol. 25, no. 10, pp. 1135–
1149, 2017.

[80] M. Aghajani, I. M. Veer, M.-J. Van Tol et al., “Neuroticism
and extraversion are associated with amygdala resting-state
functional connectivity,” Cognitive, Affective & Behavioral Neu-
roscience, vol. 14, no. 2, pp. 836–848, 2014.

[81] M. G. Berman, S. Peltier, D. E. Nee, E. Kross, P. J. Deldin, and
J. Jonides, “Depression, rumination and the default network,”

Social Cognitive and Affective Neuroscience, vol. 6, no. 5, pp.
548–555, 2011.

[82] P. C. Mulders, P. F. van Eijndhoven, A. H. Schene, C. F.
Beckmann, and I. Tendolkar, “Resting-state functional connec-
tivity in major depressive disorder: a review,” Neuroscience &
Biobehavioral Reviews, vol. 56, pp. 330–344, 2015.

[83] J. A. Avery, W. C. Drevets, S. E. Moseman, J. Bodurka, J. C.
Barcalow, and W. K. Simmons, “Major depressive disorder is
associated with abnormal interoceptive activity and functional
connectivity in the insula,” Biological Psychiatry, vol. 76, no. 3,
pp. 258–266, 2014.

[84] R. Kerestes, C. G. Davey, K. Stephanou, S.Whittle, and B. J. Har-
rison, “Functional brain imaging studies of youth depression:
A systematic review,” NeuroImage: Clinical, vol. 4, pp. 209–231,
2014.

[85] B. Sundermann, M. L. Beverborg, and B. Pfleiderer, “Toward
literature-based feature selection for diagnostic classification: a
meta-analysis of resting-state fMRI in depression,” Frontiers in
Human Neuroscience, vol. 8, article no. 692, 2014.

[86] C.-H. Liu, X. Ma, X.Wu et al., “Resting-state abnormal baseline
brain activity in unipolar and bipolar depression,”Neuroscience
Letters, vol. 516, no. 2, pp. 202–206, 2012.

[87] M. S. Korgaonkar, N. J. Cooper, L. M. Williams, and S. M.
Grieve, “Mapping inter-regional connectivity of the entire
cortex to characterize major depressive disorder: a whole-brain
diffusion tensor imaging tractography study,” NeuroReport, vol.
23, no. 9, pp. 566–571, 2012.

[88] A. M. Schedlbauer, M. S. Copara, A. J. Watrous, and A. D.
Ekstrom, “Multiple interacting brain areas underlie successful
spatiotemporal memory retrieval in humans,” Scientific Reports,
vol. 4, article no. 6431, 2014.

[89] L. Schilbach, F. Hoffstaedter, V. Müller et al., “Transdiagnostic
commonalities and differences in resting state functional con-
nectivity of the default mode network in schizophrenia and
major depression,” NeuroImage: Clinical, vol. 10, pp. 326–335,
2016.

[90] J. V. Pardo, P. T. Fox, and M. E. Raichle, “Localization of a
human system for sustained attention by positron emission
tomography,” Nature, vol. 349, no. 6304, pp. 61–64, 1991.

[91] M. I. Posner, J. A.Walker, F. J. Friedrich, and R. D. Rafal, “Effects
of parietal injury on covert orienting of attention,” The Journal
of Neuroscience, vol. 4, no. 7, pp. 1863–1874, 1984.

[92] D. M.Wolpert, R. C. Miall, andM. Kawato, “Internal models in
the cerebellum,” Trends in Cognitive Sciences, vol. 2, no. 9, pp.
338–347, 1998.

[93] P. Johns, “Clinical Neuroscience,” in International Standard
Book Number: 978-0-443-10321-6, 2014.

[94] F. Barkhof, S. Haller, and S. A. R. B. Rombouts, “Resting-state
functionalMR imaging: A newwindow to the brain,”Radiology,
vol. 272, no. 1, pp. 29–49, 2014.



Research Article
Efficient FIR Filter Implementations for Multichannel BCIs
Using Xilinx System Generator

Usman Ghani,1 MuhammadWasim,2 Umar Shahbaz Khan,3

MuhammadMubasher Saleem ,3 Ali Hassan,1 Nasir Rashid ,3 Mohsin Islam Tiwana,3

Amir Hamza,3 and Amir Kashif2

1Department of Computer Engineering, National University of Sciences and Technology, Islamabad, Pakistan
2Department of Electrical Engineering, National University of Sciences and Technology, Islamabad, Pakistan
3Department of Mechatronics Engineering, National University of Sciences and Technology, Islamabad, Pakistan

Correspondence should be addressed to Muhammad Mubasher Saleem; mubasher.saleem@ceme.nust.edu.pk

Received 26 July 2017; Revised 19 October 2017; Accepted 25 October 2017; Published 14 January 2018

Academic Editor: Noman Naseer

Copyright © 2018 Usman Ghani et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Background. Brain computer interface (BCI) is a combination of software and hardware communication protocols that allow brain
to control external devices. Main purpose of BCI controlled external devices is to provide communication medium for disabled
persons. Now these devices are considered as a newway to rehabilitate patients with impunities.There are certain potentials present
in electroencephalogram (EEG) that correspond to specific event.Main issue is to detect such event related potentials online in such
a low signal to noise ratio (SNR). In this paper we propose amethod that will facilitate the concept of online processing by providing
an efficient filtering implementation in a hardware friendly environment by switching to finite impulse response (FIR). Main focus
of this research is to minimize latency and computational delay of preprocessing related to any BCI application. Four different finite
impulse response (FIR) implementations along with large Laplacian filter are implemented in Xilinx System Generator. Efficiency
of 25% is achieved in terms of reduced number of coefficients and multiplications which in turn reduce computational delays
accordingly.

1. Introduction

A brain computer interface (BCI) is a communication system
that allows humans to interact with their surroundings,
without any involvement of nerves and muscles, by using
certain control signals generated by brain that are stored in
the form of electroencephalogram (EEG) [1]. BCI creates an
artificial path between brain and actuated muscle that allows
interaction with different devices such as computers, speech
synthesizers, assistive appliances, and neural prostheses [2].
That is particularly beneficial for individuals whose muscle
pathways are severely damaged by stroke. Such an interface
is improving life standards for stroke patients and is also
reducing intensive care [3].

There are different brain imaging and brain signal acqui-
sition techniques are available that can be invasive or nonin-
vasive. Noninvasive BCI systems do not require any type of

surgery, and these are often preferred over invasive methods
[4]. These techniques help in recording and visualizing brain
activity which is then used to control BCIs. Some of fre-
quently used techniques are electroencephalography (EEG),
magnetoencephalogram (MEG), positron emission tomogra-
phy (PET), single photon computed tomography (SPECT),
functional magnetic resonance imaging (fMRI), functional
near infrared spectroscopy (fNIRS), and Transcranial Direct
Current Stimulation (TCDS) [5]. Every technique has its own
advantages depending on the type of BCI.There are two basic
criteria for selection of any techniques: (1) temporal/spatial
resolution and (2) mobility index [6]. In this study we are
mainly concerned with BCIs that are associated with muscle
movements that require highest temporal resolution and
mobility index [7]. From Figure 1 it is clear that EEG has
highest temporal resolution and mobility index so we are
using EEG. Other popular techniques such as fMRI and
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PET offer best spatial resolution [8] but they offer very bad
temporal resolution [9]. fNIRS improves spatio/temporal
resolution up to some extent [10] but still it cannot reach
temporal resolution of EEG. So we cannot get precise muscle
movement timing in our targeted BCIs for other techniques
except EEG.

The EEG signals reflect a noninvasive method to record
electrical activity of brain which can be termed as neuro-
physiology of associated task. EEG contains huge amount of
data but there are certain potentials present in EEG that are
specifically related to an event. Such potentials are known
as event related potentials. One of the main concern of BCI
system is to detect these potentials with minimum delay.
But to detect these potentials from EEG is a challenging
task because of very low signal to noise ratio. As EEG is
prone to movement artifacts (eye blinking, etc.) and noise of
different frequencies. There are different movement artifacts
removal techniques that can be used to detect an activity from
such noise [13]. Few popular techniques are independent
component analysis (ICA), multimatching pursuit (MMP),
and second-order blind identification (SOBI). For low and
high frequency components present in EEGprecise band pass
filtering is required which is the focus of this study.

Most BCIs consist of three major portions as shown in
Figure 2. First is signal acquisition using EEG and there

are certain standards for that [6, 7, 13]. We are using one
hypothetical EEG signal from random dataset to validate
the results. Multichannel signal which is acquired is then
subjected to preprocessing to enhance SNR and remove
low and high frequency components before processing [14].
We are not implementing any movement artifacts removal
techniques in this study asmain focus is to implement prepro-
cessing steps (spatial filtering, band pass filtering) on Xilinx
System Generator. Spatial and band pass filter are usually
implemented to minimize noise and to improve SNR of
the signal [15]. Depending on different applications different
authors used different ranges of band pass filter along with
different spatial filtering techniques [16]. All techniques are
implemented in IIR domain due to sharp cutoffs of required
filters. IIR filters are good tool for simulating filter response
of sharp cutoff but it cannot be implemented in hardware
because of feedback associated with IIR filter design [17].

We propose FIR implementation for band pass filtering
along with large Laplacian spatial filtering in hardware
friendly environment. Zero phase filtering is used to avoid
any delays associated with FIR filter.

Four alternate methods are proposed to simulate zero
phase filtering results with minimized latency in a hardware
friendly environment using Xilinx System Generator:

(i) Flipping coefficient method

(ii) FFT method

(iii) SystolicMultiply Accumulator ormanual filter imple-
mentation 1

(iv) Manual filter implementation 2.

Xilinx System Generator is an efficient way for providing
cosimulation environment. It is compatible with MATLAB
Simulink. There is large amount of Digital Signal Processing
(DSP) blocks available which includes FIR compilers, multi-
pliers, adders, delays, and many more [12]. Black box is used
for manual Verilog coding; it provides maximum flexibility
but can be complex for somedesigns. In this study black box is
used to implement large Laplacian spatial filtering. Band pass
filtering is implemented using multipliers, adders, and delay
blocks and dedicated FIR compiler block is used for band pass
filter simulation. Performance of already given compiler and
manually implemented compiler is evaluated through four
different techniques.

The rest of the paper is organized in the following way.
Second section is for proposed methodology. The method-
ology section is further divided into two subsections, first
subsection explains spatial filtering and second subsection
includes band pass filtering using four proposed methods.
Third section explains cosimulation and selected hardware.
Last section is for results and conclusion.

2. Methodology

2.1. Spatial Filtering. Multichannel data that is acquired from
acquisition unit has very low SNR, so to enhance signal to
noise ratio a spatial filter known as large Laplacian filter
is used. This will create a single surrogate channel with
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enhanced SNRvia localization.Different weights are assigned
on the basis of channels [18].

𝑥𝑖 =
{{
{{
{

1, 𝑖 = 1,
−1
𝑁ch − 1
, 𝑖 ̸= 1.

(1)

𝑥𝑖 are the weights given to different channels of EEG signal
to form a single surrogate channel. 𝑁ch depicts the number
of channels. According to equation, Channel 1 was given
maximum priority and maximum weight will be assigned to
it.

In XSG this task is performed using Black Box in which a
Verilog code is translated into MATLAB module as shown
in Figure 3. Number of channels can vary based on the
application of scalp EEG [16, 17].𝑁 channel implementation
is shown in Figure 3. Black box takes sample from nine
channels and multiply each sample with weight and then add
all these weighted samples to generate one output sample.

2.2. Zero Phase Band Pass Filtering. Most important phase
of a BCI is band pass filtering. As EEG contains the brain
activity over passage of time and contains ERPs, it contains
different frequency waves (Alpha, Beta, and gamma) and
abnormalities as well. So in order to detect targeted signals
we limit our focus to specific frequency band via band pass
filtering [17, 19].

Signals such as ERPs can be of very low potentials and
lie in very narrow band.These studies require filter with very
sharp cutoff due to which IIR filter is preferred but IIR cannot
be implemented in hardware and FIR filter requires very large
number of coefficients to achieve such cutoff. In current work
focus is on very narrow band FIR filter that suffices for the
requirement of narrowest range of 0.005 to 0.4 discussed in
previous works [14, 16]. After computing filter coefficients
zero phase filtering is done to avoid any delays associatedwith
linear or nonlinear filtering. In Xilinx SystemGenerator there
is no block available which can perform zero phase filtering.

So in this paper various methods are proposed which can
perform zero phase filtering in XSG.

First MAC performs forward filtering then before using
second MAC filter the output of first MAC filter is reversed
and supplied to second MAC filter; this results into zero
phase filtering. In XSG FIR compiler 5.0 is used for filtering;
it takes FIR coefficients as parameter and filters the input
signal. If we try to implement zero phase filtering using
FIR compiler, then we will require two FIR compilers: first
compiler will filter input signal and then before using second
compiler it will be required to flip the output of first compiler.
For flipping, buffering of signal will be required which will
require extensive memory. An alternative to this method can
be achieved using simple mathematics.

The following equations show zero phase filtering:

𝑦1 = bandpass ∗ data,

𝑦 = bandpass ∗ flip (𝑦1) ,

output = flip (𝑦) ,

output = flip (bandpass ∗ flip (𝑦1)) ,

output = flip (bandpass) ∗ 𝑦1,

(2)

where ∗ show the convolution operation. In frequency
domain the above equation can be represented as

OUTPUT (𝑧) = (BANDPASS (𝑧))2DATA (𝑧) . (3)

Taking inverse Fourier transform we can get

OUTPUT = IFFT ((BANDPASS (z))2) data. (4)

Using mentioned equations we propose four alternative
methods to achieve zero phase filtering in hardware friendly
environment.

2.2.1. Flipping Coefficient Method. We can achieve zero phase
filtering in the following way:
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y = MAC filter with original coefficients (𝑥)
y2 = MAC filter with reverse coefficients (𝑦).

In this method first MAC filter uses original FIR coeffi-
cients and filter sequence x; second MAC filter uses reverse
FIR coefficients and filter sequence y (output of first filter).

Benefit of this method is reduced delay caused by flipping
and buffering complete data. In Xilinx System Generator,
we have to generate a dedicated block for this buffering
to store complete data. But using the proposed method 1,
flipping FIR coefficients offline and supplying to FIR compiler
reduce delay and remove buffer. Main focus is to imple-
ment proposed methods on hardware using Xilinx System
Generator (XSG). In XSG the above task is achieved by using
two FIR compilers 5.0 in cascade. One compiler uses original
FIR coefficients and the other FIR compiler uses Flipped FIR
coefficients as shown in Figure 4.

FIR compiler provided in XSG can implement a filter up
to 1024 coefficients on hardware using cosimulation file. So
this technique can be verified in simulations but cannot be
implemented on actual hardware.

2.2.2. FFT Method. Method one uses two FIR compilers
which is a waste of resources; we can perform the above task
by using only one FIR compiler. If we see into the mathe-
matics of zero phase filtering the same task can be performed
by taking FFT of FIR filter coefficients, then taking square of
FFT, and then performing IFFT.

Then applying MAC filter to input sequence with step 3
produced coefficients. Figure 5 shows implementation of this
method.

Same drawback as defined in previous section highlight-
ing limitation of FIR compiler 5.0 in XSG.

2.2.3. Systolic Multiply Accumulator or Manual Filter Imple-
mentation 1. FIR compiler 5.0 only works for 1024 taps.
Implementing bandpass filter of 5000 taps using FIR compiler
5.0 is not possible. It works only in simulation but when
we move towards hardware cosimulation it results in an
error “5000 taps exceeds the limitation of FIR compiler 5.0.”
Above compiler uses “Distributed Arithmetic” or “Systolic
Multiply Accumulator.” Distributed Arithmetic method is
very difficult to implement using basic blocks given in Xilinx
System Generator library. But Systolic Multiply Accumulator
can be easily implemented using basic blocks. Figure 6 shows
MAC architecture.

Xilinx implementation of this method is shown in Fig-
ure 7.

This manual filter implementation overcomes the limita-
tions of predefined FIR compiler of XSG and if above archi-
tecture is implemented it will require 5000 taps to design filter
of required range (0.05–0.4). In this technique 4999 adders
and 5000multipliers are used. By discarding coefficients close
to zero, for this method adders are reduced to 2499 and
multipliers to 2500. Utilizing symmetry of filter coefficients
we move towards 2nd efficient manual implementation.

2.2.4. Manual Filter Implementation 2. Instead of imple-
menting this filter using the architecture shown in Figure 5,
the more efficient signal flow-graph shown in Figure 8
can be used. In general, the former approach requires 𝑁
multiplications and (𝑁 − 1) additions. In contrast, the
architecture in Figure 8 requires only [𝑁/2] multiplications
and approximately 𝑁 additions. This significant reduction
in the computation workload can be exploited to generate
efficient filter hardware. Further reduction in coefficients is
achieved by discarding coefficients that are very close to zero.
Filter coefficients are symmetric so we can use the following
methodology. This technique uses 2499 adders and 1250
multipliers and reduced number of coefficients from 5000 to
1250. Figure 9 shows the implementation of thismethodusing
XSG blocks.
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3. Cosimulation Files Generation and
Selected Hardware

For creating a cosimulation file, Xilinx System Generator
block is used. It has many options; first option is compilation;
programmer is required to select the target device for which
system generator is supposed to create simulation file. In this
case as there is extensive MAC engine so we have selected
extreme DSP kit (vertex 4 FPGA Family). Vertex 4 FPGA
has dedicated DSP slices for efficient implementation of
multipliers and accumulators while Spartan family FPGAs
lack this feature. In language selection option we have
selected VHDL. After that by XSG it generates cosimulation
files. This process takes some time depending on complexity
of Simulink model. During the process it checks the model
status and simulation time and then performs compilation
and generation. All steps required in chip making are done,
for example, netlist generation, mapping, HDL compilation,
design hierarchy analysis, and low level synthesis.

4. Results

Comparison between previously implemented techniques
(using IIR) and four proposed FIR methods is shown in
Table 1. Hypothetical EEG signal is used from random
dataset.Then difference of preprocessing is shown by extract-
ing an MRCP from data before and after bandpass filter-
ing. As explained earlier MRCPs are potentials present in
EEG signal between very short ranges of 0.05Hz to 0.4Hz
[14]. Noisy extractions from EEG signal are also shown in
Figure 10 for MATLAB and Figure 11 for XSG. This range
is implemented in MATLAB using 2nd-order Butterworth

filter. MRCPs are then extracted from EEG using bandpass
filtering. Output of filtered MRCP signals using Butterworth
IIR filter and proposed method is shown in Figures 12 and 13.
IIR filters have definite response and are preferred for such
narrow ranges. IIR filters cannot be implemented in actual
hardware because of feedback coefficients. First and second
proposed methods use FIR filter with 5000 coefficients to
replicate the response of Butterworth IIR filter; it is imple-
mented in simulations using two different approaches but
these methods require extensive buffering and it cannot be
implemented in hardware. Third method (5000 coefficients)
is manual filter implementation to replicate response of first
two methods but it is efficient as it does not require any
buffering. Method 4 (1250 coefficients) utilizes symmetry of
coefficients and analytical removal of coefficients closer to
zero and its result is shown in Figure 13. Simulation results
shown in Figure 13 depict that we can extract MRCPs with
proposed efficient filtering technique.

Efficiency of proposed method is calculated in com-
parison to previous available techniques. Response of IIR
filters was replicated using FIR filter and it contains 5000
coefficients which is then considered as benchmark to val-
idate results. Our proposed method reduces the number of
coefficients without any significant loss in signal and MRCP
can easily be captured from this method.

Efficiency Criteria = 100 ∗
NC𝑝
NC𝑜
. (5)

NC𝑝 is number of coefficients of proposed method. NC𝑜 is
number of coefficients of original method.
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Table 1: Comparison between IIR filtering techniques and four proposed methods.

Technique Problem Advantage Computational delay (300000 samples)
Butterworth IIR filters Hardware constraints Defined responses, better for simulations 1.22 s (MATLAB)
FIR filters High taps Hardware friendly, linear phase 17.4 s (MATLAB)

FIR filter (method 1) 5000 taps Implemented in simulation environment
closer to hardware 20 s (Xilinx System Generator)

FIR filter (method 2) 5000 taps
Implemented in simulation environment

closer to hardware using half components as
compared to method 1

13 s (Xilinx System Generator)

FIR filter (method 3) 5000 taps Implemented on XSG via Systolic Multiply
Accumulator 10 s (Xilinx System generator)

FIR filter (method 4) 1250 taps
Implemented on actual hardware via
Systolic Multiply Accumulator and

symmetry aspect of filter
3 s (Xilinx System generator + VERTIX 4)

Figure 11: Noisy MRCP obtained from actual EEG data on XSG
(samples along 𝑥-axis; amplitude is along 𝑦-axis).

From Table 1 NC𝑝 = 1250 and NC𝑜 = 5000 so using
equation we get efficiency of 25%.

Similar implication can be made for other event related
potentials as well. We are usingMRCP as an example but this
can easily be extended for other ERPs. Proposedmethodwith
these results shows that we can move from offline filtering to
real-time on device filtering.

5. Discussion

In this work, an effort is made to implement preprocessing
steps of any BCI system that requires sharp cutoff band
pass filtering in XSG to provide fast reliable hardware based
filtering. Replicating response of a sharp cutoff filter in FIR
domain requires very large number of coefficients. Filter used
in [14, 16] is Butterworth IIR filter of range (0.05 to 0.4).
FIR filter to replicate this response requires 5000 coefficients
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Figure 12: MRCP obtained from previous simulation methods.

as implemented in step 1 and step 2. There are certain
limitations associated with XSG [20] and it cannot process
large number of coefficients required for proposed FIR filter.
So an alternative method to implement sharp cutoff filters
is suggested in this study (Method 3 and Method 4). If we
see into the implementation perspective first two methods
cannot be used to produce cosimulation results due to the
filter coefficient limitation of FIR compiler 5.0. But methods
3 and 4 are implemented in hardware (VERTEX 4). We were
looking to minimize the delay associated with preprocessing
of BCIs and one way to reduce that delay is by reducing
the calculations (multiplications and additions). In method
4 number of coefficients are reduced from 5000 to 1250 with
acceptable result as shown in Figure 13. With this reduction
in coefficients we claim the efficiency of 25%which will affect
the computational delays as shown in Table 1 and can be
considered as statistical significance of the proposedmethod.
This also enables us to move from offline filtering towards
real-time hardware based filtering with minimal delays.
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Figure 13: MRCP obtained from proposed method (samples along
𝑥-axis; amplitude is along 𝑦-axis).

6. Conclusion

Results show that all proposed methods produce satisfactory
results in simulation environment. Method 4 is the best of all
with least latency to replicate the response of IIR filters that
were used in previous studies, after performing preprocessing
steps in hardware environment and after validating results.
In future work we will be looking into the artifacts removal
techniques of EEG. Another direction is to focus on process-
ing aspect of ERPs such asmatched filtering and classification
techniques.
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Researchers are increasingly attempting to undertake electroencephalography (EEG) recordings in novel environments and
contexts outside of the traditional static laboratory setting. The term “mobile EEG,” although commonly used to describe many
of these undertakings, is ambiguous, since it attempts to encompass a wide range of EEG device mobility, participant mobility,
and system specifications used across investigations. To provide quantitative parameters for “mobile EEG,” we developed a
Categorisation of Mobile EEG (CoME) scheme based upon scoring of device mobility (𝐷, from 0, off-body, to 5, head-mounted
with no additional equipment), participant mobility (𝑃, from 0, static, to 5, unconstrained running), system specification (𝑆, from
4, lowest, to 20, highest), and number of channels (𝐶) used. The CoME scheme was applied to twenty-nine published mobile EEG
studies. Device mobility scores ranged from 0𝐷 to 4𝐷, participant mobility scores from 0𝑃 to 4𝑃, and system specification scores
from 6𝑆 to 17𝑆. The format of the scores for the four parameters is given, for example, as (2𝐷, 4𝑃, 17𝑆, 32𝐶) and readily enables
comparisons across studies. Our CoME scheme enables researchers to quantify the degree of device mobility, participant mobility,
and system specification used in their “mobile EEG” investigations in a standardised way.

1. Introduction

Mobile or ambulatory EEG is an increasingly active area of
research utilised in a variety of applications and scenarios
such as outdoor urban environments [1, 2], sports activities
[3], and brain-computer interfacing [4–6]. Typically, par-
ticipant movement during EEG recordings is discouraged
in order to reduce data artifacts. Mobile EEG seeks to
obtain recordings whilst movement is taking place, but its
success has been impeded by low system specification and
the mounting position of the EEG equipment. EEG systems
are now becoming available, which lend themselves tomobile
applications, although in general they have lower system
specifications when compared to static EEG systems.

Mobile EEG approaches include walking on a treadmill
whilst being tethered to immobile EEG equipment [7, 8],
walking outdoors with a wireless mobile EEG headset com-
bined with a rucksack mounted PC [9], and being moved on

a trolley whilst wearing a virtual reality headset to provide
the sensation of movement [10]. These diverse approaches
cause ambiguity because they are all termed “mobile EEG”
by researchers and yet exhibit wide variation in EEG device
mobility, participant mobility, and system specification.

One technique that has been used to address the problem
of misleading terminology in biomedical research and the
differing interpretation of some terms across practitioners is
categorisation based upon scales for parameters of interest
[11, 12]. An advantage of using a categorisation scheme is that
it standardises scores so they can be exchanged between prac-
titioners with greater clarity. Since the term “mobile EEG”
lacks this form of standardisation, a categorisation scheme
that encompasses the range of mobility of EEG equipment,
mobility of the participant, and the main features of EEG
system technical specificationwould provide researcherswith
a standardised way of quantifying “mobile EEG” as used in
studies.
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A categorisation scheme for mobile EEG with sufficient
measure and usability would allow researchers to determine
the potential of specific EEG systems (and related equip-
ment) and to guide development of new and more mobile
experimental protocols. By extension, it would also allow
EEG system developers to include in the design of systems
attributes that are of importance to the research community
as technology advances become possible. The literature con-
tains a number of EEG system comparison studies where
usability [13, 14], signal quality [15], performance [16], and
electrode types [17] were compared. However, no categorisa-
tion schemes are currently available for “mobile EEG.”

In the current investigation, we first reviewed twenty-
nine published research investigations selected because they
either had “mobile EEG” (or “ambulatory EEG”) in the
paper title and/or involved some form of participant mobility
whilst EEG recordings were being acquired. We extracted
the key features related to equipment used, equipment
mounting position, participant activity, and EEG system
specification. We next developed a novel categorisation
scheme for “mobile EEG” based upon scoring the following
key parameters: device mobility, participant mobility, and
system specification.The specific parameter score descriptors
for device mobility and participant mobility were derived
from descriptions given in the twenty-nine “mobile EEG”
published research investigations and one static EEG study.
The categorisation schemewas then applied retrospectively to
the thirty published studies, and a subset of these was taken
to illustrate the range of unique categorisation scores in the
parameters covered by the developed scoring scheme.

2. Development of the Categorisation of
Mobile EEG (CoME) Scheme

To develop descriptors for devicemobility, participantmobil-
ity, and system specification, we reviewed thirty published
research studies. More specifically, we selected studies that
either had “mobile EEG” (or ambulatory EEG) in the title
and/or involved some form of participant mobility whilst
EEG recordings were being taken. This enabled a range
of each parameter to be derived from these studies, along
with informative descriptors for each score. We selected one
investigation that used EEG in a static setting [20] to provide
contrast for the “mobile EEG” studies and allow us to bench-
mark appropriate scales. This study was particularly suitable
as an example of static EEG since participant movement
was actively discouraged via training provided to participants
prior to recording.

The studies included are shown in Table 1 with details of
the year of publication, equipment mounting positions, EEG
system used, and participant activity during EEG recordings.
This information was used to derive both the device mobility
parameter scores and those of the participantmobility scores.
When informationwas eithermissing from the publication or
ambiguously described, this has been reported in the table.

2.1. Device Mobility. The device mobility score reflects
the mounting position (off-body, waist-mounted, or head-
mounted), along with the level of physical restriction placed

upon the participant by the EEG acquisition system. Figure 1
shows examples of the various mounting positions of the
device and associated equipment on the participant. Table 2
provides the device mobility scores and descriptors. The
mounting modalities taken from the published studies (see
Table 1) fit to the descriptors for scores of 0 to 4. The
descriptor for score of 5 is aspirational and is taking a logical
projection of what could be developed from the descriptor for
score of 4.

When all of the equipment is off-body mounted and
the participant is tethered to the equipment via cabling, it
is clear that the equipment is static and therefore is scored
as 0. When the EEG amplifier is mounted on the waist (or
the back) of a participant, movement-related artifacts are
likely because of electrode displacement [9, 40]. Leads cannot
be fastened to the participant sufficiently well to completely
remove electrode wire movement as this will then cause
restricted head movement. This coupled with the length
of electrode wires can result in increased electromagnetic
interference [41]. This provides scores of 1 and 2, where the
difference between these is the restriction placed upon the
participant. If additional equipment is placed in a rucksack on
the participant, this scores 1 as the participant is encumbered
with this additional load and in turn increases the weight
to be carried along with susceptibility to system movement
artifacts [42]. When no additional equipment is used, a
higher of score of 2 is used to reflect that the participant is
not encumbered with an additional load.

With EEG amplifiers that are completely head-mounted,
movement-related artifacts are reduced and headmovements
are not restricted [9]. However, in general, the headset needs
to wirelessly link to another piece of equipment such as a
PC (see Table 1). This applies restrictions on the participant
which take the form of equipment placed in a rucksack
and therefore encumbering with an additional load or the
additional equipment is stored off-body and the participant
is constrained by the wireless connection range. Both of these
modalities score 3 as in both conditions participants are
constrained in some way. When the equipment is replaced
with a smartphone, which is inherently mobile, the partici-
pant is clearly far less constrained [21, 33] and this condition
scores 4. The next logical step is a modality where not
even a smartphone is required and this scores 5. Although
no example of such a system has been found, it has been
included, as future EEG system developments could well
achieve this level.

2.2. Participant Mobility. The scaling descriptors for partici-
pant mobility were based upon the activities described in the
published EEG studies (see Table 1). Table 3 gives the score
associated with each descriptor. This score reflects the level
of participant mobility in the context of instructions given by
the researcher to participants during a study. It is not unusual
for participants to perform more than one type of activity,
and in such cases we scored the activity involving the highest
participantmobility. From the list of studies, activities ranged
from static to treadmill running. The scores captured this
range from 0 to 4 with a score of 5 allowing for future work
where participants run unconstrained or are playing sport.
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Table 2: Device mobility scores.

Device mobility score (𝐷) Descriptor
0 All equipment off-body mounted and participant tethered via cabling to EEG acquisition equipment.
1 Waist-mounted (or back-mounted) with additional equipment located in a rucksack.
2 All equipment is waist-mounted.
3 Head-mounted EEG system, with additional equipment located in a rucksack or off-body.
4 Head-mounted and requires smartphone/tablet.
5 Head-mounted and does not require any additional equipment.
Note that the level of participant mobility is not taken into account when considering device mobility. For example, if a study used a head-mounted system
that did not require a PC or smartphone and the participant was instructed by the researcher to remain as still as possible, the device would be scored as 5𝐷.

(i)

(a) (b) (c)

(d)

(e) (f)

(ii)

Figure 1: Various mounting positions of the EEG device and associated equipment on the participant. (a) All equipment is off-bodymounted
and participant tethered via cabling to EEG acquisition equipment. (b)Waist-mounted (or back-mounted) with additional equipment located
in a rucksack. (c) All equipment is waist-mounted. (d) Head-mounted EEG system, with additional equipment located (i) in a rucksack or
(ii) off-body tethering participant via limited-range wireless link. (e) Head-mounted and requires smartphone/tablet. (f) Head-mounted.
Acquisition, storage, and analysis equipment is integrated within the headset.



BioMed Research International 5

Table 3: Participant mobility scores.

Participant mobility score (𝑃) Descriptor
0 Lying, sitting, or standing still.
1 Lying, sitting, or standing with localised movement, for example, finger tapping or button pressing.
2 Constrained walking/cycling.
3 Unconstrained walking/cycling.
4 Walking and carrying, climbing stairs, and constrained running.
5 Unconstrained running and vigorous physical exercise or sport.

When movement is discouraged by researchers, this is
done in order to decrease the likelihood ofmovement-related
artifacts [25]. In protocols where participants were lying,
sitting, or standing still, a score of 0 was applied as the
participants are static and not mobile. In protocols where
participants were lying, sitting, or standing with localised
movement (e.g., finger tapping or button pressing), a score
of 1 was given to recognise the introduction of movement,
albeit localised. These localised movements are defined as
occurring without actual displacement of the whole body.

Treadmill walking, although constraining the participant
in terms of direction and pace of movement, is a further
increase upon localised movement and this type of activity
scores 2. Indoor or outdoor unconstrained walking scores
3 as the participant is not constrained in terms of direction
and pace, as is the case with a treadmill. The aspects of
environment such as indoor/outdoor or urban/rural whilst
having a sensory impact on the participant [1, 9] do not have
a quantifiable impact on their mobility and are therefore not
considered in the scoring or descriptors.

With treadmill running being the greatest level of mobil-
ity found in any of the studies in Table 1, a score of 4
was given to this level of activity. The same score was
also given for a study where the participants had to carry
packages of different sizes and weights (0.5 to 15 Kg) whilst
walking [2] and a study of epileptic outpatient data where
stair climbing was assumed to be the most mobile activity
[18]. The justification for scoring the two disparate activities
the same is that they both include activities that are more
than just walking. This allows a score of 5 to be applied
to unconstrained running or sport. No study was found to
include such a level of mobility but this score allows for this
to be captured in the future.

2.3. System Specification. EEG system specification is an
important consideration in mobile EEG research studies. A
system that is considered to be highly mobile may only have
a low system specification that adversely affects signal quality.
Conversely, a system that is considered to be static (off-
body mounted) typically has a higher system specification.
Therefore, a system specification score was developed, in
addition to the device and participantmobility scores. Table 4
lists the EEG systems used in previously published studies
(see Table 1) along with the sampling rate, bit resolution,
number of channels, battery life, and electrode type. These
values were used to formulate scores to differentiate between
differing system specifications.

The system specification score consists of four attributes
added together, with each attribute ranging from 1 to 5. It
was decided not to start the system specification scale for
each parameter from 0 as the interpretation of this would
be unclear, and even the most basic device would have some
utility. It is also important to note that the impact of a device
encumbering the participant has been incorporated into the
device mobility score rather than the system specification
score since they are factors that affect participant mobility.

Since the emphasis is on mobility, the electrode type has
been captured as this impacts the likelihood and severity of
motion artifacts. A specific example is that of dry electrodes
that are much more difficult to secure to the participant
and movement in relation to the participant’s body occurs
more readily [43]. Gel-based electrodes provide improved
signal quality in comparison to saline [9]. The EEG systems
used in Table 4 can be broken down into either dry-, saline-,
or gel-based electrodes that are either passive or active and
unshielded or shielded. The scoring for this was 1 to 3 for the
dry, wet, and gel (or cream), respectively, with the addition of
one score each if the electrodes are active and shielded (see
Table 5). This provides a score range from 1 to 5; dry, passive,
and unshielded give a score of 1, and gel, active, and shielded
a score of 5.

Since the bit resolution impacts upon the accuracy of the
data recorded and the sampling rate of the system governs
the temporal resolution, we included both these parameters
in the system specification scoring. These are also attributes
that are usually reported by researchers. It should be noted
that the sampling rates recorded from the EEG systems used
in our thirty selected studies (see Table 1) fall into sequences
of either 125, 250, 500, . . . or 128, 256, 512, . . . because of the
underlying technology used. It was therefore decided that
125/128, 250/256, 500/512, . . . would score the same as their
temporal resolutions are very similar.

The reporting of the system’s specification in published
studies does not always include the attributes required to
be captured by our proposed scoring system. In these cases,
system manufacturer specification details were sought to
supplement the missing information. Where systems have
been developed and therefore manufacturer specification
details do not exist, a range of possible scores is reported to
encompass the potential variation in specification score.

Battery life is an important consideration of mobile EEG.
For an EEG system to be fully mobile, it has to be battery-
powered, and the charge life of the battery directly governs the
period of activemonitoring that can take place [44]. A battery
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Table 5: Electrode type scoring.

Passive (0)
Active (1)

Unshielded (0)
Shielded (1)

Dry (1)
Wet (2)
Gel (3)

life attribute was included in the system specification score so
duration of use could be captured, and where equipment was
not battery-powered, this was also reported.

A rating scale of 1 to 5 for each system specification
attribute was used. The range for each attribute is from the
lowest used in commercially available systems up to the
highest and beyond to cover future expected technological
developments. The score assigned for each attribute of the
system specification is dictated by the actual bit resolution,
sampling rate, battery life, and electrode type used in the
research investigation. Table 6 shows the system attributes
and scoring of the system specification.

Scores for bit resolution, sampling rate, battery life, and
electrode typewere added together to form a single combined
total score for system specification (𝑆) out of a maximum
possible score of 20. For example, a bit resolution of 14,
sampling rate of 512Hz, a battery life of 8 hours, and active
shielded gel electrodes would give a total system specification
score of 1 + 3 + 2 + 5 = 11𝑆.

2.4. Number of Channels. To develop a scoring scale for the
number of channels used in an EEG study, many factors
would have to be considered which relate to the specific
type of investigation being undertaken. The type of analysis
to be performed quite often necessitates a certain number
of channels for validity, such as distributed source recon-
struction [45] and spatial filtering methods [46]. Although,
in general, the range of possible analysis approaches sys-
tematically increases with spatial densities and therefore a
scale could be created on such a basis, the positioning of the
electrodes presents another aspect of the problem. A steady-
state visual evoked potentials experiment using electrodes
only located posteriorly is different from an imagined motor
activity experiment that uses electrodes localised anteriorly.
Therefore, in our categorisation scheme, we opted to report
the number of channels (𝐶) separately, for example, 32𝐶.

3. Application of the Categorisation of Mobile
EEG (CoME) Scheme

We applied our developed Categorisation of Mobile EEG
(CoME) scheme to all thirty published research studies listed
in Table 1. The specification score (𝑆) for each EEG system
(bit resolution, sampling rate, battery life, and electrode type)
is presented in Table 7. The scores for device mobility (𝐷),
participant mobility (𝑃), total score for system specification
(𝑆), and number of channels (𝐶) are presented in Table 8.
Figure 2 presents in a 3D plot the 𝐷, 𝑃, and 𝑆 scores for
a selected subset of the thirty studies (comprising sixteen
studies), which illustrate the range of specific scores obtained
using our CoME scheme. For each of the selected studies,

we summarize below the EEG equipment and participant
activity, the resultant𝐷, 𝑃, and 𝑆 scores, number of channels
used, and the final categorisation score:

3.1. ActiveTwo-1 (BioSemi, Netherlands). Davies and Gavin
[20] used an off-body mounted system in which participants
were seated and therefore were static. Consequently, device
mobility (𝐷) and participant mobility (𝑃) were ranked at the
lowest point of each scale (0𝐷 and 0𝑃). This study used a
BioSemi ActiveTwo EEG system with recordings made using
24-bit sampling resolution (score = 4), at a sampling rate of
1024Hz (score = 4) and battery life of 10 hours (score = 3)
and electrodes were active, shielded, and gel-based (score =
5), yielding a system score of 16𝑆. Since 32 channels were used,
the total score for the BioSemi ActiveTwo system as used in
this study was (0𝐷, 0𝑃, 16𝑆, 32𝐶).

3.2. ActiveTwo-3 (BioSemi, Netherlands). The study by Gwin
et al. [25] also used a BioSemi ActiveTwo system but
involved participants walking and running on a treadmill
with the EEG acquisition equipment mounted off-body on
a rack above the treadmill. This configuration yields a device
mobility score of 0𝐷.The treadmill running of the participant
scored 4𝑃. The system score is 15𝑆 which is different from
Davies and Gavin [20] because of the lower sampling rate
of 512Hz (score = 3). However, the number of channels used
was greater at 248 channels. The overall score is (0𝐷, 4𝑃, 15𝑆,
248𝐶).

3.3. ActiveTwo-4 (BioSemi,Netherlands). Motion capturewas
used in conjunction with EEG whilst participants played a
digital piano in a study by Maidhof et al. [31]. A BioSemi
ActiveTwo systemwas used but this timewith a sampling rate
of 8192Hz (score = 5), which combineswith the bit resolution,
battery life, and electrode type to form a score of 17𝑆. The
device wasmounted off-body and scores 0𝐷.The participants
were seated and were performing localised movement which
scores as 1𝑃.The number of channels used was 32,making the
overall score (0𝐷, 1𝑃, 17𝑆, 32𝐶).

3.4. actiCHamp (Brain Vision, USA). User-driven treadmill
walking was an investigation undertaken by Bulea et al.
[19]. A figure shows participants wearing an EEG cap that
is then wired to one of several back-mounted pieces of
equipment. This arrangement has been scored as 1𝐷, and
because the study used treadmill walking, the score for
participant mobility was 2𝑃.The EEG system consisted of 24-
bit sampling (score = 4), 500Hz sampling frequency (score =
3), and battery life of 24 hours (score = 4) summed to form
a score of 16𝑆. 64 channels of EEG were used for this study,
providing a combined score of (1𝐷, 2𝑃, 16𝑆, 64𝐶).

3.5. asalab (ANT Neuro, Netherlands). Ehinger et al. [10]
used the term “mobile EEG study” to describe participants
moving with a trolley. The trolley was used to mount all of
the equipment in a static EEG system format. Since the device
was mounted off-body (on the trolley), it was given a score
of 0𝐷 for device mobility. As part of the study, participants
moved by pushing the trolley within guide rails, and a score
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Table 6: System specification scores.

System attribute1 Scores
1 2 3 4 5

Bit resolution (bits) 14 16 22 24 >24
Sampling rate (Hz) 125 or 128 250 or 256 500 or 512 1000 or 1024 >1000
Battery life (hours) Mains, USB or equivalent 1 to 8 9 to 16 17 to 24 >24
1A score of 1–5 is given separately for each system attribute and summed, along with the score for electrode type from Table 5, to give a single total score
(minimum score = 4; maximum score = 20).
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Figure 2: 3D plot showing the device and participant mobility scores and the system specification scores for each selected research
investigation and associated EEG systems. Refer to Table 8 for the number of channels used in each selected study.

of 2𝑃 for participant mobility was given.The EEG equipment
system specification was 24-bit resolution (score = 4), with a
1024Hz sampling rate (score = 4) and battery life of 10 hours
(score = 3), and active, shielded, gel electrodes were used
(score = 5), combining to give 16𝑆. Since 128 EEG channels
were used, the overall score was (0𝐷, 2𝑃, 16𝑆, 128𝐶).

3.6. B-Alert (Advanced Brain Monitoring, USA). Monitoring
responses in the prefrontal cortex (PFC) and motor cortex
(MC) during cycling-based exercise was the purpose of the
investigation by Robertson and Marino [32]. They used a B-
Alert mobile EEG system to capture the data; since this is a
head-mounted system that connects to a PC via a wireless
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connection, it was given a score of 3𝐷. The participants were
seated on fixed exercise cycles during the study which scored
2𝑃. The B-Alert system specification, as used, consisted of a
16-bit sampling resolution (score = 2), 256Hz sampling rate
(score = 2), and battery life of 8 hours (score = 2), and passive
shielded conductive cream-based electrodes were used (score
= 4), combining to give 10𝑆. Overall score including the 20
channels’ score was (3𝐷, 2𝑃, 10𝑆, 20𝐶).

3.7. BrainAmp-1 (Brain Products, Germany). Participants
stood in front of a projection screen and had to point, in
a study by Jungnickel and Gramann [26]. The EEG system
is placed in a backpack and consequently scores 1𝐷. The
participants in this study were standing still and pointing,
which is a localised movement and scores 1𝑃. The BrainAmp
system specification, as used, consisted of a 16-bit sampling
resolution (score = 2), 500Hz sampling rate (score = 3), and
battery life of 30 hours (score = 5), and active, shielded, gel-
based electrodes were used (score = 5), combining to give 15𝑆.
The overall score including the 156 channels’ score was (1𝐷,
1𝑃, 15𝑆, 156𝐶).

3.8. BrainAmp-3 (Brain Products, Germany). Wascher et al.
[2] also used a BrainAmp EEG system in a study that
recorded EEG whilst participants carried packages of various
weights (0.5 to 15 Kg) whilst walking. The EEG equipment
was mounted on the participants in a belt bag located
at their lower back and scored 1𝐷. A score of 4𝑃 was
attributed to the activity carried out by participants since it
went beyond unconstrained walking with the inclusion of
package carrying. The system score is 16𝑆, which is different
from Jungnickel and Gramann [26], because of the higher
sampling rate of 1000Hz (score = 4). The combination of
scores provides an overall score of (1𝐷, 4𝑃, 16𝑆, 28𝐶).

3.9. MindWave (NeuroSky, USA). Participants were seated
during a driving simulation study undertaken by Liu et al.
[30]. They used a head-mounted MindWave system that
requires a wirelessly linked PC to process and store the EEG
data. The device mobility was scored as 3𝐷 as the laptop/PC
restricts the range of the participants. Since the participants
were undertaking a seated driving simulation task in which
small amounts of localised physicalmovement were involved,
it was scored as 1𝑃. The MindWave system has a 16-bit
sampling resolution (score = 2), a 500Hz sampling rate (score
= 3), and battery life of 10 hours (score = 3) with a dry, passive,
shielded electrode (score = 2) to give a combined score of 10𝑆.
The overall score for this study with a single channel used was
(3𝐷, 1𝑃, 10𝑆, 1𝐶).

3.10. Mobita (TMSi, Netherlands). The Mobita EEG system
was evaluated by Dutch neurologists in a study by Askamp
and van Putten [18]. The device was waist-mounted and
did not require any additional equipment and thus scored
2𝐷. Since participants in the study were outpatients, it
was assumed that everyday home activities would be the
type of activities undertaken. Stair climbing was therefore
considered the most mobile of activities within a home
environment and so scored 4𝑃. The EEG system provided a

24-bit sampling resolution (score = 4), a 2000Hz sampling
rate (score = 5), and battery life of 19 hours (score = 4) with
gel-based, passive, shielded electrodes (score = 4) to give a
combined score of 17𝑆. The overall score for this study with
32 EEG channels used was (2𝐷, 4𝑃, 17𝑆, 32𝐶).

3.11. OldenburgHybrid-1 (Modified Emotiv, USA). Debener et
al. [9] undertook a study inwhich participantswalked outside
unconstrained. This investigation used what is referred to
as the Oldenburg system, comprised of the data acquisition
electronics from an EPOC system fitted to an electrode cap
(Easycap, Germany). This modified system was developed in
an attempt to increase data quality by improving electrode
connection to the participant’s scalp. However, the result-
ing data recordings are still limited by the comparatively
low system specification of the acquisition electronics. The
device mobility was scored as 3𝐷 since the EEG acquisition
equipment was in a rucksack mounted on the participant.
This study scored relatively high for participant mobility (3𝑃)
as participants were walking outside (constrained only by
the weight of the rucksack-housed laptop). The acquisition
electronics are from an EPOC EEG system with a 14-bit
resolution (score = 1), sampling rate of 128Hz (score = 1),
and battery life of 6 hours (score = 2) with the upgrade of
electrodes to being gel-based, passive, and shielded (score =
4), giving the score of 8𝑆. The system was still limited to 14
channels and our categorisation gave an overall score of (3𝐷,
3𝑃, 8𝑆, 14𝐶).

3.12. Oldenburg Hybrid-2 (Modified Emotiv, USA). De Vos et
al. [15] compared the performance of the Oldenburg Hybrid
to that of a traditional amplifier in a seated BCI speller
task. Although the participants were not required to carry
additional equipment in a rucksack, they were still limited
by the range of the wireless link to a corresponding PC
and therefore scored 3𝐷. With the participants being seated
whilst performing a visual ERP speller task, they were seated
without moving and gain a score of 0𝑃. The acquisition
electronics and electrode types remain the same as with
Debener et al. [9] and therefore score 8𝑆. The system again
has 14 channels with the categorisation score becoming (3𝐷,
0𝑃, 8𝑆, 14𝐶).

3.13. Penso (Noncommercial). Gargiulo et al. [24] studied
seated participants performing imaginedmotor activity.They
built their own EEG system that was waist-mounted and
scored 2𝐷. Since the participants were seated and physical
movement was limited to eyes opening and closing and
button pressing, a score of 1𝑃was assigned.Their EEG system
provided themwith 16-bit sampling resolution (score = 2) and
a 256Hz sampling rate (score = 2). The battery life was not
mentioned in the publication and since it is not a commercial
product, commercial documentation could not be used. A
score of 1 was given, and along with electrodes that were
dry, passive, and shielded (score = 2), this gave a score for
the system specification of 7𝑆, and with 8 EEG channels, the
overall score was (2𝐷, 1𝑃, 7𝑆, 8𝐶).

3.14. Polymate AP216 (TEAC Corp., Japan). Lotte et al.
[5] studied EEG recordings from participants performing
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corridorwalking.TheEEG system and a laptopwere stored in
a backpack which the participants wore and scored 1𝐷. Since
the participants were walking in an unconstrained manner,
this was scored as 3𝑃. The Polymate EEG system provided
them with 16-bit sampling resolution (score = 2), a 1000Hz
sampling rate (score = 4), battery life of 18 hours (score
= 4), and active, shielded, gel-based electrodes (score = 5)
summed to give 15𝑆. 3 channels were used during this study
and contribute to the overall score of (1𝐷, 3𝑃, 15𝑆, 3𝐶).

3.15. SMARTING-1 (mBrainTrain, Belgrade, Serbia). Debener
et al. [21] used a mobile EEG system with participants
seated indoors.The emphasis was on the unobtrusive flexible
printed electrodes they had used which were located around
the ears. EEG recordings were made using SMARTING,
which is a head-mounted system that transmits data wire-
lessly to a smartphone or PC. Since a smartphone was used in
their study, the device mobility scored 4𝐷. The participants’
movement was essentially static whilst seated indoors when
recordings took place and scored 0𝑃. The SMARTING EEG
system provided the researchers with samples at 24-bit
sampling resolution (score = 4), a sampling rate of 500Hz
(score = 3), battery life of 5 hours (score = 2), and gel-based,
passive, and unshielded electrodes (score = 3), giving 12𝑆.The
overall score with 16 EEG channels used was (4𝐷, 0𝑃, 12𝑆,
16𝐶).

3.16. Varioport (Becker Meditec, Germany). Doppelmayr et
al. [22] performed static EEG recordings during rest periods
in ultralong running events. They also performed EEG
recordings with participants walking slowly with eyes closed
(hand-led by a member of support crew), and it is this part
of the study which was scored since it contained the most
physical movement. EEG recordings were made using a light
weight, waist-mounted system called Varioport which scored
2𝐷. The participants’ movement involved periods of slow
walking and scored 3𝑃. The Varioport EEG system provided
the researchers with samples at 16-bit sampling resolution
(score = 2), a sampling rate of 2000Hz (score = 5), and battery
life of 96 hours (score = 5). No information regarding the type
of electrodes used in the study is supplied in the publication,
and attempts made to find this missing information via
manufacturer documentation have also failed to help. A score
was applied by taking the only information available (passive)
and applying the lowest scores for the unknown parameters
(score = 3). A total score of 13𝑆 is given but this could be
higher with a score range of 13–17𝑆. With Varioport being
used to provide 10 channels, the overall score was (2𝐷, 3𝑃,
13–17𝑆, 10𝐶).

4. Discussion

In the current investigation, we have reviewed thirty pub-
lished research investigations from which we have developed
a novel categorisation scheme for “mobile EEG” based
upon scores of the parameters, device mobility, participant
mobility, and system specification, whilst also reporting the
number of channels used. The parameter score descriptors
were derived following review of thirty published research

investigations. The categorisation scheme was then applied
retrospectively to all thirty published studies and a subset
of these (sixteen studies) was taken to illustrate the range of
specific categorisation scores in the parameters covered by the
developed scoring system.

The results show a broad range in the scores for device
mobility, participant mobility, and system specification. Our
results highlight the need for such a categorisation scheme
to be adopted and utilised by researchers, as it provides a
quantitative and more accurate description than the vague
term “mobile EEG.” In addition, the categorisation has been
designed to provide the scores in a convenient format. This
allows researchers to readily capture and compare the actual
meaning of the term “mobile EEG” in the context of a specific
researcher’s study. We encourage researchers to apply our
categorisation scheme to their own mobile EEG systems and
research contexts when using the ambiguous term, “mobile
EEG,” in their publications and reports. It should be noted
that users of our categorisation scheme should not equate
lower or higher scores with subjective judgements. Our
intention is only to quantify the level of device mobility,
participant mobility, system specification, and number of
channels used in a comparable way across studies.

Based upon our categorisation scores of the thirty pub-
lished studies, there may be an indication that EEG systems
with higher system specification scores are associated with
lower scores for device mobility. For example, the studies by
Maidhof et al. [31] and Ehinger et al. [10] have higher device
specification scores of 17𝑆 and 16𝑆, respectively, but lower
scores for device mobility of 0𝐷. In contrast, EEG systems
with lower scores for system specification scored higher for
device mobility. For example, the studies by Debener et al. [9]
and Stopczynski et al. [33, 39] scored 8𝑆 and 6𝑆, respectively,
for system specification but scored 3𝐷 and 4𝐷, respectively,
for device mobility. Our developed CoME scheme could
enable researchers, in future investigations using a larger
number of included studies, to determine whether there
are any significant relationships between device mobility,
participant mobility and system specification.

Our categorisation scoring scheme will aid in the devel-
opment of new mobile EEG systems, by both research and
commercial communities, by making it possible to clearly
identify quantifiable improvements and to clarify reporting of
“mobile EEG” in publications. Fully head-mounted EEG sys-
tems are especially appropriate for recordings to be acquired
in mobile settings. Combining such a head-mounted system
with a smartphone would give high scores for device and
participant mobility.

Our categorisation scheme is capable of informing inves-
tigators of the potential for increasing device and participant
mobility and thereby highlighting future research possibili-
ties. For example, in the study by Gargiulo et al. [24], the
imagined motor activity could be undertaken whilst partic-
ipants walk, as the device mobility score of 2𝐷, in principle,
allows a higher level of mobility to be introduced. In the
studies by Stopczynski et al. [33, 39], using the EPOC system,
device mobility scores were 4𝐷, but since the investigation
involved participants sitting still, the participants’ mobility
scores were limited to 0𝑃. This indicates that there is a
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potential for additional investigations to be designed inwhich
participants’ mobility could be introduced or increased. A
further example is in the studies by Zink et al. [38] and
Debener et al. [21] who used the SMARTING system. If Zink
et al. [38] were to use a smartphone instead of a PC, as in the
study by Debener et al. [21], to record the transmitted data,
then the study score for device mobility would increase from
3𝐷 to 4𝐷 to enable novel protocols.

Another usage of our categorisation scheme by
researchers could be in determining the degree of device
mobility, participant mobility, system specification, and
number of channels used within and between research
investigations. To better facilitate this process, we have
included a Categorisation of Mobile EEG (CoME)
form in the Supplementary Material available online at
https://doi.org/10.1155/2017/5496196. It is hoped by including
this easy-to-use resource that researchers will be encouraged
to quantify their research in terms of the categories covered.
From the perspective of our categorisation scheme, an ideal
“mobile EEG” system would score a maximum of (5𝐷, 5𝑃,
20𝑆) and represents a fully head-mounted system that does
not require additional equipment for data recording. The
participant would be able to undertake extreme activities
such as unconstrained running, and the system specification
would be greater than 24-bit resolution and greater than
1000Hz sampling with a battery life of more than 24 hours.
We could find no study and EEG system combination with
this level of device and participant mobility coupled with
this level of system specification. Our expectation is that,
given the pace of current developments, the higher scores for
system and device/participant mobility descriptors are likely
to be achievable in the foreseeable future.

There are two ways in which the CoME scheme can be
applied: (1) retrospectively and (2) prospectively. We applied
it retrospectively to thirty published studies and scored
according to what the research reported. There is usually a
reason why researchers have not maximised the settings.This
could also relate to the equipment used as some systems are
modular and, in order to use the equipment in a certain way,
compromises may have been made. If the scheme is used
to plan a study and therefore the scheme is to be applied
prospectively, a system’s maximum settings would be scored.

4.1. Limitations of the CoME Scheme. In the CoME scheme,
the total system specification is a combined score reflecting
the electrode type, bit resolution, sampling rate, and battery
life. Our recommendation is that researchers consider both
the total system specification score and the individual scores
for these parameters. It is possible that the CoME system
specification score is not fully reflective of a researchers’
expected change in EEG signal quality within a certain
research context. For instance, an improvement in systems
specification when using active electrodes instead of passive
ones may be considered by a researcher to represent an
increase in signal quality, but, using the CoME scheme,
there would only be a score change from 0 to 1. However,
when gel-based electrodes with wires of minimal length and
associated electronics are in close proximity (head-mounted
configuration), using active electrodes may not produce an

increase in signal quality and a CoME score allocation of one
may be considered as high.

There are potentially a wide range of system specification
parameters that we could have included such as impedance
and wireless connection range but we opted to only include
bit resolution, sampling rate, battery life, and electrode
type in our categorisation scheme. We included these four
attributes as they are usually reported in published EEG
research studies or can be found with relative ease from
manufacturers’ documentation. Some publications do not
report details of the EEG system used and corresponding
settings. We recommend that research investigators, as part
of good publication practice, report at least the following
parameters: EEG system name, EEG system manufacturer
(where appropriate), bit resolution, sampling rate, battery life,
electrode type, and number of channels used.

For electrode impedance, published research studies typi-
cally only provide a general statement such as “impedance was
kept below 5 kΩ” rather than giving a precise value for each
channel and for each participant. In addition, impedance
is a dynamic variable that changes throughout the course
of a study and it is assumed that researchers will deal
with this as a matter of course when obtaining research
data fit for publication. Another reason for selecting the
parameters chosen is that a scoring scale can be generated
with increasing gradations; for example, increasing sampling
rate gives a higher score. Such an increasing gradation scale
is not possible to generate for different electrode metal types
(tin versus silver versus gold), where the application rather
than the level of mobility of participants is the main factor of
consideration.

Although our categorisation scheme has been developed
from the perspective of the researcher and has descriptors
that cover EEG equipmentmobility, participantmobility, and
system specification, it does not consider the perspective of
the participant. It is possible that the participant may have
experienced, for example, some discomfort related to the
EEG equipment that the researchers had been unaware of
or that items of equipment were encumbering during the
investigation. Participants could be asked to provide scores
for comfort, weight, and aesthetic form and these could be
added to our categorisation scheme. For example, the study
by Hairston et al. [13], which utilised participant-reported
comfort ratings for EEG systems (1 = very comfortable, 7 =
very uncomfortable), could potentially be incorporated into
our categorisation scheme.The subjectivity of comfort assess-
ments would be a problem when developing a participant-
focused scoring system using descriptors, particularly as par-
ticipant assessments may change over time. The addition of
several participant-focused parameters to our categorisation
scheme wouldmake the format less concise and comparisons
more difficult. Perhaps a separate participant categorisation
scheme could be developed to address these issues, but it
would have to accurately capture and quantify participant
perspectives, which are rarely sought.

5. Conclusions

In conclusion, we have reviewed thirty published research
studies that use the term “mobile EEG” or contain participant

https://doi.org/10.1155/2017/5496196
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mobility whilst EEG is being acquired. From this review,
we developed a categorisation scheme for “mobile EEG”
studies based upon scoring for device mobility, participant
mobility, system specification, and number of channels used
in order to remove the inherent ambiguity in the way this
term is used by researchers. The results of applying our
categorisation scheme retrospectively to a range of published
researches shows that it captures the degree to which the EEG
equipment is mobile, the degree of participants’ movement
in the study, the main attributes of the system specification
which are readily available, and the number of channels used.
The format of the resultant scores is concise and enables
convenient comparison across different research studies. Our
categorisation of EEG (CoME) form is intended to be a useful
aid for researchers to conveniently categorise their mobile
EEG studies as well as in the design and development of
mobile EEG equipment (see the supplementary material).
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Objective. Our aim was the development and validation of a modular signal processing and classification application enabling
online electroencephalography (EEG) signal processing on off-the-shelf mobile Android devices. The software application SCALA
(Signal ProCessing and CLassification on Android) supports a standardized communication interface to exchange information
with external software and hardware. Approach. In order to implement a closed-loop brain-computer interface (BCI) on the
smartphone, we used a multiapp framework, which integrates applications for stimulus presentation, data acquisition, data
processing, classification, and delivery of feedback to the user.MainResults.Wehave implemented the open source signal processing
application SCALA.Wepresent timing test results supporting sufficient temporal precision of audio events.We also validate SCALA
with a well-established auditory selective attention paradigm and report above chance level classification results for all participants.
Regarding the 24-channel EEG signal quality, evaluation results confirm typical sound onset auditory evoked potentials as well
as cognitive event-related potentials that differentiate between correct and incorrect task performance feedback. Significance. We
present a fully smartphone-operated, modular closed-loop BCI system that can be combined with different EEG amplifiers and can
easily implement other paradigms.

1. Introduction

Electroencephalography (EEG) is awell-established approach
enabling the noninvasive recording of human brain-electrical
activity. EEG signals refer to voltage fluctuations in the
microvolt range and they are frequently acquired to address
clinical as well as research questions. Many studies in the
research field of cognitive neuroscience rely on EEG, since
EEG hardware is available at relatively low cost and EEG
signals enable to capture the neural correlates of mental
acts such as attention, speech, or memory operations with
millisecond precision [1]. Brain-computer interfaces (BCI)

typically make use of EEG signals as well [2]. The aim is to
identify cognitive states from EEG signatures in real time
to exert control without any muscular involvement. BCIs
typically benefit from a machine learning signal processing
approach [3]. To name a few BCI applications, speller sys-
tems provide a communication channel for fully paralyzed
individuals (e.g., [4]), motor imagery BCI systems promise
controlling prostheses by thought alone [5, 6], and BCI
error monitoring systems have been shown to reliably detect
car driver emergency braking intentions even before the
car driver can hit a brake pedal, thereby supporting future
braking assistance systems [7]. A clear drawback of current
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laboratory BCI technology is that the hardware is often
bulky, stationary, and relatively expensive and thereby limits
progress.

Furthermore, established laboratory EEG recording tech-
nology does not easily allow for the investigating of brain
correlates of natural human behaviour. EEG systems, as they
are typically used in the lab, include wires connecting scalp
electrodes and bulky amplifiers and they do not tolerate
human motion during signal acquisition very well [8, 9].
With the recently introduced small, head-mounted wireless
EEG amplifiers and their confirmed applicability in real-
life situations [10] new paradigms for out-of-the-lab setups
are now possible. Head-mounted wireless EEG amplifiers in
combination with small notebooks allow for EEG acquisition
during natural motion, such as outdoor walking [10] and
cycling [11]. Moreover, we recently showed that off-the-shelf
Android smartphones can handle stimulus presentation as
well as EEG acquisition on a single device [8].

The combination of unobtrusive EEG sensors [8], wireless
EEG amplifiers, and smartphone-based signal acquisition
and stimulus presentations (which we call transparent EEG
[12]) opens up a plethora of possibilities for research, diag-
nostics, and therapy. The focus on smartphone-operated
wearable devices for health and care [13] allows for home-
based applications with a high usability. Smartphone are
ubiquitous and socially accepted and provide an unparalleled
flexibility.

Current smartphone technologies provide sufficient com-
puting power to implement all the steps required for a BCI on
a single device, but few groups have attempted to explore this
possibility [14].

In previous studies we have shown that Android
smartphone-based EEG recordings [10, 15] as well as stim-
ulus presentation on the phone [8] or on a tablet [16]
are feasible. However, while the signal quality achieved on
handheld devices may be comparable to previous desktop
computer-recorded EEG signals [10], all signal processing
and classification routines were applied offline on desktop
computers, after signal acquisition was concluded. Also, in
Debener et al. [8] the temporal precision of auditory events
lacked laboratory standard millisecond precision. Debener
et al. [8] reported a temporal jitter of approximately 6ms
standard deviation. Stopczynski et al. [9] pioneered an online
EEG acquisition and source modelling system running on
Android devices. The Smartphone Brain Scanner project
is freely available and includes real-time visualization of
ongoing EEG activity in source space [17]. While confirming
the general practicability of on-smartphone processing, the
system does not consider delays and processing overheads,
as more general processing frameworks would do, and it does
not provide a general framework for precise stimulus control
and presentation of stimuli, as it is typically required for
the implementation of BCI applications. A further drawback
is that the Smartphone Brain Scanner requires a rooted
smartphone and a custom kernel. Another group presented
the NeuroPhone [18], a BCI application on iPhone. However,
while the iPhone application implemented EEG preprocess-
ing and classification along with stimulus presentation and
feedback, a laptop was required for EEG signal acquisition.

Wang et al. [19] implemented online EEG processing using a
frequency coding approach on amobile device.They reached
an impressive classification accuracy (mean = 95.9%) with
a steady-state visual evoked potential (SSVEP) paradigm to
steer an Android application. In addition to the signal pro-
cessing, they established EEG data acquisition on the phone
but used external hardware for visual stimulus presentation.
In a follow-up study, the same work group presented a fully
smartphone-operated visual BCI, by integrating stimulus
presentation and signal processing on a single mobile device
[20]. Their mobile application may be considered the first
smartphone-only operated BCI system, but use of proprietary
communication protocols and a specific paradigm makes it
difficult for others to follow up on this approach.

We present here a fully smartphone-operated, modular
closed-loop BCI system. Our system is highly flexible and
extendable with regard to the EEG hardware, the experi-
mental paradigm, and the signal processing. Our aim was
the development and validation of a reliable, accessible open
source software solution for Android smartphone BCIs that
allows us to conduct BCI research beyond the lab. A closed-
loop BCI system requires time-resolved stimulus presenta-
tion, multichannel data acquisition, online data processing
and feature extraction, classification, and the delivery of
classification outcomes as a feedback signal to the user.

Given our prior experience with smartphone-based EEG
acquisition [8], we focused here on integrating available solu-
tions for data recording and stimulus presentation with own
signal analysis and classification routines as implemented in
a new Android application SCALA (Signal ProCessing and
CLassification on Android). Figure 1 illustrates our multiapp
approach where all applications run on the same phone
during an experiment. We implemented a highly flexible
framework by using well-defined communication protocols
and datatypes suitable for different paradigms and different
sensor data. We used existing applications for EEG acquisi-
tion and stimulus presentation and developed solutions for
reliable communication between these applications based on
the transmission control protocol (TCP) and the user data-
gram protocol (UDP). A clear advantage of such a multiapp
architecture is that any kind of physiological time series can
be processed and that the signal processing application can
be easily adapted to different EEG acquisition hardware and
different stimulus presentation software solutions.

In the following section we will present our modular
system architecture in detail. The timing of the system was
evaluated, focusing in particular on auditory event timing
in the stimulus presentation application. Finally, the perfor-
mance of the system was evaluated by employing a reliable
selective auditory attention task and comparing our results
to previously published reports implementing the identical
paradigm offline in the laboratory [22, 23].

2. Methods

In this section we describe the software architecture of the
signal processing application SCALA and its integration with
the EEG acquisition and stimulus presentation applications.
Then, we discuss our solution to systematically test the timing
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(a) EEG acquisition
(Smarting app)

(c) BCI processing
(SCALA) 

(b) Stimulus presentation
(presentation Android app)

Figure 1: The multiapp BCI on Android approach. An EEG data acquisition application (a) and a stimulus presentation application (b)
communicate with our BCI signal processing application SCALA (c). All three applications run on the smartphone during an experiment.
They exchange data using socket-based, synchronized communication.

of auditory stimulus events on mobile devices. We specify
the recording parameters and describe the online and offline
signal processing procedures.

2.1. The Multiapp Setup. For this study an off-the-shelf Sony
Xperia Z1 smartphone (model: C6903; OS: Android 5.1.1) was
used for stimulus presentation, data acquisition, and signal
processing. Three applications run simultaneously on the
same device during an experiment (cf. Figure 1). Specifically,
we used the Smarting Android application for EEG acqui-
sition and storage [24]. The Smarting Android application
receives EEG data via Bluetooth from a small, wireless
head-mounted 24-channel EEG amplifier and streams signals
continuously over the local network via the Labstreaming
Layer (LSL) [25]. The EEG samples are time-stamped on
the amplifier before they are sent out via Bluetooth which
allows for a possible correction of transmission delays on the
receiving device. LSL is a framework for the time-stamped
acquisition of time series data. The core LSL library is open
source and platform-independent. It uses the TCP protocol
for a reliable communication between applications in the
same network. All applications in ourmultiapp setup support
and include LSL; no additional installation is necessary. For
stimulus presentation and experimental control the mobile
application from Neurobehavioral Systems’ presentation was
used (Version 1.0.2 [26]). Presentation performs stimulus
presentation with high temporal precision and sends event
markers via LSL to the local network. SCALA receives these
event markers as well as the EEG data from Smarting and
processes them. SCALA in return sends classification results
to presentation, which delivers visual feedback to the user.

2.2. Software Architecture of SCALA. SCALA has been
designed as an Android signal processing application. In
order to implement a closed-loop BCI application, it accepts
stimulus event marker and time series data streams as inputs
(cf. Figure 1). SCALA can process and classify data streams on
a trial-by-trial basis, thereby enabling online signal process-
ing and feedback.The SCALA signal processing pipeline uses
amultithreaded setup. Parallel processing inmultiple threads
was implemented to parallelize data acquisition and signal
processing demands. SCALA consists of a general-purpose
central-control module and task-specific modules for the
signal processing. The general architecture is inspired by the
structure of central-control architectures (e.g., Task Control
Architecture (TCA) [27]). As a result, SCALA supports
task decomposition and time-synchronized processing. In
order to achieve maximum hardware flexibility and an easy
installation procedure, we used an out-of-the-box Android
and omitted the necessity of a customized kernel or root
privileges. For user interaction and configuration purposes,
SCALA offers a simple graphical user interface (GUI) and
the possibility of loading configuration files and data from the
phone storage.

A detailed overview of SCALA’s system architecture
is shown in Figure 2. The Communication Module (CM)
contains all communication logic. It receives time series
data of any kind and discrete event markers using a socket-
based communication. The CM continuously receives data
from the network but buffers data for processing only when
the corresponding event marker to an event of interest is
received. The CM stores data in internal data structures and
notifies the central controlling module, the Main Controller
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Figure 2: SCALA architecture and functional connections illustrated as a fundamental modelling concepts diagram [21]. Connections with
overlaying bullet points indicate bidirectional communication channels. The Communication Module (CM) receives incoming data from
several sources and communication protocols. It transmits the data to the Main Controller (MC), which coordinates the signal processing
and eventually provides the classification result to the Communication Module. The Signal Processing Module is exchangeable, thereby
contributing to the flexibility of SCALA.

(MC).TheMC coordinates the signal processing. It features a
bidirectional communication channel to the Signal Processing
Module (SPM) which contains a filter and a classification
submodule. Both submodules are exchangeable and can be
adapted to the specific paradigm. Raw data are handed over
to the filter and preprocessed data are given back to the
MC. The filter type and parameters as well as information
about the trial structure can be defined in the settings. The
data are preprocessed according to these specifications and
are forwarded to the classifier, which extracts one or several
features. The classifier in this version of SCALA is a template
matching procedure which is described in more detail in
the online analysis section. Since SCALA is structured in
a modular manner and all communication interfaces are
standardized, the signal processing procedure can be different
for every paradigm. The classification result is given back to
the MC and passed on to the CM. The CM broadcasts the
result of the processing pipeline over the local network.

The central coordination of all signal processing steps in
the MC has several advantages. Firstly, the single modules
do not form any dependencies to external applications or
proprietary communication protocols. As a result, SCALA
is fully independent of the specific acquisition software
and the stimulus presentation software, and therefore, it is
independent of the EEG hardware as well. Secondly, the
modular architecture facilitates the adaptation to new BCI
paradigms and use cases. Further, new Signal Processing
Modules can be easily added or replace existing ones. One
important module will be an online artefact detection and
removal algorithm to deal with nonbrain signals like eye-
blinks, muscle artefacts, or heartbeats. Thirdly, any kind
of time series data (e.g., EKG or EMG) transmitted as an
LSL stream can be received and processed by SCALA. The
processing modules are unaware of the type and origin of the
data stream since they only receive data from the MC. Only
theCM is involved in external andfile-based communication.
Finally, the CM is the only module with dependencies to
Android (GUI, file communication). The other modules can
also be used on different platforms and have been tested
and validated throughout the development on Linux and
Windows systems.

SCALA was developed in Java 1.8 using the Eclipse
IDE, release 4.6.1, the Android development tools, and
the Android software development kit, revision 25.2.5.
SCALA uses a third party open source library [28] for
the calculation of a cross-correlation. SCALA is freely
available on Github (https://github.com/s4rify/SCALA)
under the Apache Commons Free Software License
(http://www.apache.org/licenses/LICENSE-2.0).

2.3. Timing Test of the Stimulus Presentation. Event-related
processing of EEG data requires good temporal precision
of event markers. Preferably, markers, for example, indicat-
ing the onset of a sound, should be accurate at sampling
rate precision. This requirement also holds for online EEG
applications such as most BCI paradigms. For the multiapp
solution to work well, a reliable communication between the
different applications is essential. During the development
of SCALA we tested several Android devices and software
versions, focusing on the temporal precision between phys-
ical stimulus presentation and the recorded event marker.
Here we report temporal precision for the hardware/software
combination that was finally used for this study (Xperia Z1
smartphone (model: C6903; OS: Android 5.1.1, presentation
mobile version 1.0.2)). Since Android is not a real-time
operating system, some lag (i.e., a delay between initiating an
event and its execution) and jitter (i.e., trial-to-trial variability
of the delay) can be expected, in particular in the audio
domain. It is known that the audio delay varies between
devices and operating system version [29]. By using the
EEG acquisition device as an oscilloscope we implemented
a simple, easy to replicate, and efficient protocol that allowed
us to evaluate and quantify the temporal precision of audio
events for different devices and operating systems. The same
strategy could be adapted to timing tests in the visual and
haptic domain with only minor modifications. The core part
of the audio timing test protocol is that the signal on the
audio jack is fed directly into the EEG amplifier (to prevent
possible damage to the amplifier and a clipped signal, the
volume should be set to a medium level) and recorded by
the corresponding smartphone app. This setup can measure
the time between the programmatic start of the playback

https://github.com/s4rify/SCALA
http://www.apache.org/licenses/LICENSE-2.0
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Figure 3: Timing test setup. (a)The varying delay between the programmatic start of a sound playback and the actual onset is evaluated with
a smartphone running the Smarting application and the presentation mobile application. A marker sent by presentation indicates the onset
of the sound playback and is recorded by the amplifier alongside with the voltage fluctuations fed from the audio jack into the EEG amplifier.
The EEG time series is then transmitted wirelessly via Bluetooth to the receiving app on the same smartphone. (b) The difference between
the marker (set as reference to 0ms) and the sound signal (here: the filtered square wave) varies from trial to trial. The single trial latency is
defined as the time between marker onset and the amplitude exceeding the half-maximum of the trial averaged response. We define latency
jitter as the standard deviation of those single trial latencies. In addition to the jitter properties, the system can also be characterized by its
lag, defined as the mean of the single trial latency measures.

of a sound, marked by a stimulus event marker, and the
actual playback onset of the sound, as indicated by the audio
jack voltage fluctuations, with EEG sampling rate precision
(here: 250Hz sampling rate, resulting in 4ms precision).This
temporal precision is sufficient for most applications.

The stimulus presentation application plays a sound and
sends out an LSL marker indicating the intended playback
time, which is recorded into the EEG acquisition file. The
sound signal is picked up from the headphone jack and is
recorded on a single EEG channel using a cable connection
(see Figure 3). Since most audio events have a frequency
resolution far above the Nyquist frequency of many EEG
amplifiers, we used a square wave audio signal for timing
tests. This setup allowed us to quantify the timing of the
entire system, while all other experimental details in the
stimulus presentation application and the signal processing
application were kept constant between timing tests and
physiological validation studies. During the timing tests, the
EEG amplifier communicates with the Smarting application
via Bluetooth, identical to the online usage.

2.4. Physiological Validation. We validated the system using a
simple auditory attention paradigm that has previously been
successfully used to identify selective attention effects on a
single trial level. Choi et al. [22] and Bleichner et al. [30]

provide a detailed description of this auditory selective atten-
tion paradigm. Briefly, three concurrent auditory streams are
presented to the subject. Each stream contains a melody,
which is composed of single tones.The streams differ in pitch
and number of tones (4, 5, and 3 tones) as well as in sound
origin (left, right, and centre). Each trial starts with a visual
cue, instructing participants to attend either to the left or the
right stream; the third, centre stream, is never task relevant
(Figure 4). The task is to identify the pitch pattern in the
attended stream.

Choi et al. found that auditory attentional modulation
is robust enough to be detected on a single trial basis, and
this finding was independently replicated in our laboratory
[23]. Here we extended the paradigm into an online BCI
application, by providing single trial classification outcome
feedback to the participants after each trial.

2.5. EEG Recording Procedure. Nine participants, which were
affiliated to the Neuropsychology Lab Oldenburg, completed
the task (6 females; mean age 32 years). The study was
approved by the local ethics committee of the University
of Oldenburg; informed consent was obtained from all
participants. EEG signals were recorded with a wireless
amplifier (Smarting, mBrainTrain, Belgrade, Serbia) attached
to an electrode cap (EasyCap, Herrsching, Germany). The
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Figure 4: Trial structure of the selective auditory attention paradigm. The upper time axis corresponds to the timing during training trials;
the lower time axis corresponds to the timing during feedback trials. Each trial begins with a fixation cross which is shown for either 600ms
during the training or 400ms during the feedback trials. Then, an arrow tip is presented for 500ms, pointing to the left or right, indicating
the sound direction to be attended. During the sound playback, which lasts 3000ms, a fixation cross is shown. After the sound playback a
break interval of 2400ms is added. In the feedback trials, the classification outcome is fed back to the user by displaying the word left or right.

cap included 24 Ag/AgCl electrodes (international 10/20:
Fp1, Fp2, F7, Fz, F8, FC1, FC2, C3, Cz, C4, T7, T8, TP9,
TP10, CP5, CP1, CPz, CP2, CP6, P3, Pz, P4, O1, and O2,
reference: FCz, ground: AFz). The smartphone was used for
recording, stimulus presentation, and online data processing.
Recordings were digitized with a sampling rate of 250Hz and
a resolution of 24 bit. Electrode impedances were kept below
10 kΩ.The smartphone was rebooted prior to every session to
ensure a minimum of background processes and amaximum
of free working memory. Additionally, the phone was kept
in Flight Mode to prevent background processes to demand
processing time. EEG was recorded in sessions of two blocks
with every participant. The first block served as a calibration
block to detect the best individual parameters for the online
classification. In the second block, consisting of a training and
a feedback part, these parameters were then applied online.
40 trials were each presented in the calibration and training
block; 120 trials were presented in the feedback block.

2.6. Online Analysis. For this paradigm, SCALA recorded
EEGdata from all 24 channels in the time range of−500ms to
3500ms around the stimulus onset. Incoming samples were
checked for their timestamps to ensure the corresponding
samples for the current trial. Raw data were baseline cor-
rected to the mean of the epoch and bandpass filtered from
1Hz to 11Hz. The current filter implementation is a Direct
Form II Transposed Filter with coefficients from a 4th-order
bandpass Butterworth design. For all further steps in the
analysis, only one EEG channel, rereferenced to a mastoid
position, was used. Per subject, the most appropriate channel
was selected based on the results of a calibration data block
prior to the online analysis and the result of a leave-one-out
cross validation procedure. Although a multichannel, spatial
filter approach should be more effective, a single bipolar
channel consisting of a frontocentral electrode and a near

mastoid reference site may be sufficiently sensitive to capture
auditory evoked potentials [30–32]. Preprocessed channel
data were then classified by using a template matching
approach [22, 33]. During the training trials, data from
all attend-left trials were averaged to form a left-attention
template, and data from all attend-right trials were averaged
to form a right-attention template. During the feedback trials,
a lagged cross-correlation between the current single trial
data and both templates was calculated. To compensate for
a possible jitter in the stimulus onset, a maximum lag of
32ms (see timing test results below) was given to the cross-
correlation function. The highest correlation indicates the
attended side, which is the result of the classification process.
The classification procedure used for the online classification
was kept deliberately simple as it showed sufficiently good
results in prior studies. We refrained from implementing
online artefact detection or correction procedures, since our
key goal was to evaluate the robustness and quality of the
general multiapp framework.

2.7. Offline Analysis. Offline analysis of the data was per-
formed using Matlab (Version 2016a, The Mathworks Inc.,
Natick, MA, United States), EEGLAB Version 13.65b [34]
and custom scripts. First, an artefact attenuation proce-
dure based on independent component analysis (ICA) was
performed to correct for eye-blinks, eye-movements, and
heartbeat artefacts. To this end, the data were 1Hz high-
pass filtered, 60Hz low-pass filtered (FIR, Hann, −6 dB),
and epoched into consecutive segments of 1-second length.
Epochs containing nonstereotypical signals were rejected
(2 standard deviations criterion, using pop jointprob) and
extended infomax ICA was applied to the remaining data.
The resulting ICA weights were applied to the original,
unfiltered data and components representing artefacts were
automatically detected using the EyeCatch algorithm [35].
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Figure 5: Timing test results for six timing test sessions. Each run consisted of 200 trials, for which the difference between the event marker
and the sound onset was recorded (see Figure 3). Each dataset shows the spread of the actual sound onsets after the marker. The tops and
bottoms of each box show the 25th and 75th percentiles, respectively; outliers are marked by a cross (>1.5 IQR). Dataset 2 shows the result of
one session during which the estimated event markers were placed after the sound onset, leading to a negative deviation from the marker.

The authors of EyeCatch successfully validated their tool
against the semiautomatic CORRMAP approach developed
in our laboratory [36]. The EyeCatch component selection
was confirmed by visual inspection. Finally, artefact attenu-
ation was implemented by back-projection of the remaining,
nonartefactual components to the continuous data.

Event-related potentials (ERP) were analysed for the
offline artefact-corrected EEG data. We focused on two
different events, sound onset responses, which are further
referred to as auditory evoked potentials (AEPs), and event-
related responses to visual feedback signals. Regarding the
former we tested whether an AEP N100 was evident. A poor
temporal precision of sound events may result in a small and
widespread N100 response with a low signal-to-noise ratio
(SNR) and no meaningful topographic distribution. A 𝑡-test
for the vertex (Cz) channel AEPs was used to statistically
test whether the N100 amplitude significantly deviated from
zero. It is known that negative (i.e., wrong) feedback signals
generate the feedback-related negativity (FRN). The FRN is
evident as a negative deflection that accompanies feedback
indicating negative (compared to favourable) performance
outcomes, typically at frontocentral scalp sites [37]. In the
present selective attention paradigm, we expected a more
negative, FRN-like ERP deflection for incorrect compared
to correct classification outcome feedback signals. Note that
FRN is typically identified as a difference waveform signal, as
it is rarely of absolute negative amplitude, probably due to a
larger, overlapping P300-like positive deflection (e.g., [38]).

To determine the offline classification accuracy, a leave-
one-out cross validation was implemented. Templates from
𝑛 − 1 trials were calculated and cross-correlated with the left
out individual trial. Offline, this was done for each individual
EEG channel using as much information for the classification
as possible, hence the template of 𝑛−1 trials.The classification
accuracy per channel is the number of correctly classified
trials, divided by the total number of trials. The statistical
chance level chance level was calculated after [39].

2.8. Post Hoc Online Analysis. Since EEG artefacts can pro-
duce spurious classification results, we limited our analysis to

an online simulation (fromhere on: post hoc online) scenario
and subsequent offline evaluation. For the post hoc online
simulation, we streamed the ICA-cleaned datasets along with
corresponding event markers from a computer to the SCALA
application on the smartphone. In this online simulation
setup, the online processing was identical to the actual online
evaluation.The only difference was that the data input stream
consisted of artefact-corrected signals.

3. Results

3.1. System Properties. SCALA performed solidly without
crashing once. It found data streams reliably and performed
the signal processing fast enough for the given task, and
with a deterministic outcome; that is, it always produced
the same output for a given initial state or input. SCALA
runs on any device running Android (target: Android 6.0,
minimum support: Android 4.4.2), as it has no additional
hardware requirements (we advise using separate Bluetooth-
and Wi-Fi-chips, though). We confirmed the portability of
parts of SCALA to different operating systems. Since SCALA’s
signal processingmodules do not have any dependency to the
Android OS, they should function properly on any hardware
supporting a network communication.

3.2. Event Timing Precision. The delay and jitter of the
auditory playback was measured using the setup depicted
in Figure 3. The results of repeated timing tests are shown
in Figure 5. The boxplot shows the distribution based on
200 presented stimuli per session in six typical measurement
sessions. The data reflect the onset latency, that is, the delay
of a sound stimulus event relative to the event marker sent
out by the stimulus presentation application. Across all six
runs, the average median lag was 12.67ms (range: −4 to
20ms). The average within-session jitter was modest, with a
mean standard deviation of 2.87ms (range: 2.31 to 3.23ms).
It is important to notice the difference between within-
session and across session event timing precision. Whereas
the within-session jitter was rather modest (<3ms standard
deviation), themedian lag across sessions varied considerably
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Figure 6: Auditory evoked potentials. (a) Single subject topographic maps, plotted at individual N100 peak latency. Color bar as shown in
(b) applies. (b) Single subject (black traces) and group mean AEPs (red trace) at channel Cz, which is indicated as white circle in topographic
maps. Topographic map inset shows the group mean N100 topography.

(average session to session lag difference 14ms). Moreover,
for five out of six datasets the sound started shortly after
the marker was sent out, whereas in one dataset the sound
onset occurred shortly before the marker was sent out. Since
normative data cannot be provided, as they may not gener-
alize to other hardware/software combinations, we refrained
from reporting more testing results. The results demonstrate
that, whereas the within-session jitter is small and robust, the
median lag across sessions may differ significantly.

3.3. Event-Related Potentials. N1 AEP analysis revealed a
group mean onset latency of 177ms (range: 156 to 200ms),
which appears too late for a traditionalN100AEP,which often
peaks at around 100ms (e.g., [32]). However, very similar
latencies were reported by Bleichner et al. [30] and Choi
et al. [22] who used the identical complex musical sounds.
The late N100 latency in this paradigm simply reflects the
slowly rising sound onset energy (100ms cosine squared
onset ramp). At electrode Cz, the N100 had a group average
amplitude of −2.6 𝜇V (range: −0.6 to −4.6 𝜇V) and differed
significantly fromzero (𝑡(8) =−6.1;𝑝 < .001). As illustrated in
Figure 6, N100 topographies had a frontocentral maximum,
with the group mean N100 voltage peaked just anterior to
electrode Cz, as could be expected. Moreover, we observed
the typical P1-N100-P200 morphology, and N100 amplitude
adapted over repeated within-stimulus sound onsets (not
shown). Taken together, these results confirm thatN100AEPs
could be reliably recorded in this multiapp setup.

The feedback-related negativity (FRN) was analysed as
the mean amplitude in the interval from 250 to 300ms for
a frontocentral region of interest (ROI). The ROI amplitude
was obtained by averaging signals from channels Fz, Fc1,
Fc2, and Cz. As can be seen in Figure 7, ERPs to those
feedback trials where the classification outcome conformed

to the cue (correct condition) differed from those where
this was not the case (incorrect condition). On average 49.9
trials were available per subject for the correct condition
ERPs (range: 27 to 60 trials) and 48.8 trials were available
for the incorrect ERPs (range: 21 to 55 trials), and the
difference between both was not significant (𝑡(8) = 0.69,
n.s.). On the other hand, statistical evaluation of the FRN
amplitude revealed a significant difference between incorrect
and correct conditions, 𝑡(8) = −2.43 and 𝑝 = .041, in the
direction of the predicted effect (Figure 7). As can be seen,
the expected frontocentral topography of the FRNwas visible
in at least five individuals and clearly evident in the group
average map. Moreover, the morphology of the difference
wave, with a peak at approximately 300ms conformed to
previous FRN reports, which led us to conclude that the FRN
was captured in the present dataset.

3.4. Classification Performance. While the online classifica-
tion on uncorrected data yielded results around the empirical
chance level of 57.5% for all participants, the simulated online
analysis and the offline analysis on corrected data showed a
performance above chance level for all participants but one.
The mean decoding accuracy was 60.46% in the post hoc
online and 65.51% for the offline analysis. The best subject
reached a classification accuracy of 71.43% in the offline
analysis; the lowest accuracy was at 50.85% (Figure 8). The
different accuracies in the offline and the post hoc online
analysis are caused by the different template generation
procedures. During the offline analysis, a template of 𝑛 − 1
trials was used to determine the maximal potential of the
given channel with as much data as possible. During the post
hoc online analysis, a template of 20 trials for each attended
side was used to simulate the situation during the online
analysis.
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4. Discussion

Aim of this project was to foster the development of BCI
applications for Android smartphones. To this end we
developed and evaluated SCALA, a modular BCI software
solution for the processing of physiological time series data.
We implemented a multiapp approach. This design was
chosen because, with the growing needs of multisensor
measurements, a modular software approach should provide
a higher flexibility than a fully integrated solution. We
relied on well-established communication protocols such as
LSL. The possibility of streaming any kind of data through
LSL offers great flexibility and allows for completely new
paradigms, running reliably outside of the lab and on low-
cost hardware. We see the decision to develop the signal

processing application for an out-of-the-box Android phone
as an important step towards ubiquitous computing where
computing occurs at any given time at any given place. The
development of Android EEG will foster the development of
physiological healthcare monitoring applications.

It has been frequently shown that EEG signals can be
classified on a trial-by-trial basis, but due to the highly
complex nature of the data, and the typically poor SNR,
sophisticated machine learning procedures are needed to
optimize decoding performance [3, 40]. Here we imple-
mented a rather simple, univariate single channel signal
processing pipeline which is conceivable for hearing-aid
developments with only a few integrated EEG sensors. The
cross-correlation template matching procedure was inspired
by Choi et al. [22] and Bleichner et al. [30]. Both groups
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used a similar approach and reported above chance level
classification accuracies. Compared to these studies, which
reported a median classification accuracy of approximately
70%, our average classification performance was a little bit
lower, yet still above chance level. Several factors may help
to explain this modest decline in performance, such as the
sample size, the number of trials, modifications in the exper-
imental paradigm, recording conditions, or the hardware.
Without a direct comparison approach employing a repeated
measurements design it seems impossible to tell whether
hardware differences alone are responsible for this decline
in performance. In any case, future Android applications
would benefit from implementing state-of-the-art machine
learning procedures and advanced feature extraction and
spatial filter procedures. While this comes with a higher
computational demand and thus longer processing time,
many BCI paradigms easily tolerate a 100ms delay or more
before feedback is presented. Hence, more complex signal
processing appears feasible on Android.

Regarding the ERP signal quality, we observed the
typical sound onset AEP N100, replicating our previous
smartphone ERP study [8]. Moreover, we found an ERP
difference for correct versus incorrect classification feedback.
This difference ERP is well known as the FRN and often
reported for feedback about negative performance in choice
reaction tasks. Others have found that the FRN also follows
feedback in a simulated BCI interface [41], with a similar
morphology and topography as reported in the present study.
Hence we conclude that ERPs can be reliably obtained on
smartphone.Moreover, error potentials such as the FRN have
clear potential as input features for cognitive or passive BCI
paradigms (see [42] for discussion) and can be captured on
smartphone as well. A classifier focusing on error-processing
brain signals could receive information about its performance
during the running session and could adapt its underlying
model of classification. Learning classifiers could adapt to
the individual user as well as to changing recording environ-
ments.

Most ERP studies, and those single trial BCI paradigms
making use of time-domain features, benefit from highly
accurate event timing. As revealed by our timing test results,
our Android setup clearly did not provide perfect precision.
However, compared to our previous Android study [8], the
latency jitter in the present study was down by at least 50%,
to less than 3ms standard deviation. We speculate that this
improvement may be mostly due to the use of a different
application solution for stimulus presentation (presentation
instead of OpenSesame). Future studies employing direct
timing tests using the timing test approach presented here
and applied to different stimulus modalities (auditory, visual,
and haptic) could reveal whether the presentation app offered
by Neurobehavioral Systems and used in the present study
indeed provides better event timing than the OpenSesame
software environment [43] as used in [8]. Our ERP and BCI
results demonstrate that the timing may be sufficient for
many applications.

Nevertheless, achieving a better timing on low-cost hard-
ware is still desirable, in particular regarding sporadically
occurring outliers, and, more importantly, variations in the
mean lag across runs (cf. Figure 5).

Recently, several groups have identified the digital rev-
olution in healthcare delivery (e.g., [44]). Due to the high
usability and the large number of integrated sensors, smart-
phones used as medical devices (e.g., [45]) and as scientific
instruments [46, 47] will play a crucial role in the future.
While EEG still requires extra hardware, it may soon become
part of the increasing family of consumer health wearables
[48]. EEG hardware is available for low cost and, in the
near future, it may be sufficiently user-friendly and small
enough to be taken out of the lab and into real-life situations
[8, 12]. In addition, wearable EEG sensor technology seems
within reach. In the future, a stable online EEG BCI solution,
requiring little more hardware than already available may
support several use cases in the growing field of healthcare.

We used the Android platform for our development as it
is widely available and allows for flexible app development,
despite persisting Android problems in delivering precise
audio timing. Our decision for the multiapp architecture
required a focus on reliable and widely popular commu-
nication standards for achieving between app data flows.
This is a worthwhile approach, since the result is a highly
flexible solution that can be easily used in combination
with other hardware, more advanced signal processing, or
different input signals. It should be clearly noted that, in
terms of BCI performance, the first closed-loop smartphone
BCI application presented by Wang et al. [19, 20] was more
powerful than our approach. Yet we provide here an open and
flexible platform others can modify to adapt to their needs.
Indeed, we regard our solution as a proof-of-concept study,
not as a ready-to-goBCI solution for daily life applications. To
achieve this long-term goal, further advances in EEG signal
processing on the smartphone have to go hand in hand with
improvements in the field of EEG hardware and EEG sensor
technology (cf. Bleichner & Debener [12] for more details).
Smartphone EEG technology has to mature further to play
a role in the digital revolution of healthcare that is currently
taking place.

In its current state of development, SCALA is an adap-
tive, stand-alone Android application, which can easily be
enhanced by additional modules such as artefact correction.
Supplementary modules could then be called consecutively
to advance the signal processing. A further approach which
would be worthwhile investigating is the use of parts of
SCALA as background services, which would not only
facilitate the interfacing with different applications, but also
save computing time and battery power and thereby facilitate
long-term recordings. The authors are currently working on
a Java library for artefact detection on Android smartphones.
By making the source code freely available to the community
(https://github.com/s4rify/SCALA), we hope to foster the
development of additions to SCALA to support new use cases
in this interesting field of research.
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Background. The purpose of this study was to evaluate the difference between the therapeutic effect of low-frequency repetitive
transcranial magnetic stimulation (LF-rTMS) and that of continuous theta burst stimulation (cTBS), when each is combined with
intensive occupational therapy (OT), in poststroke patients with upper limb hemiparesis.Materials andMethods.The study subjects
were 103 poststroke patients with upper limb hemiparesis, who were divided into two groups: the LF-rTMS group (𝑛 = 71) and the
cTBS group (three pulse bursts at 50Hz) (𝑛 = 32). Each subject received 12 sessions of repetitive transcranial magnetic stimulation
of 2,400 pulses applied to the nonlesional hemisphere and 240-min intensive OT (two 60-min one-to-one training sessions and
two 60-min self-training exercises) daily for 15 days. Motor function was evaluated using the Fugl-Meyer Assessment (FMA) and
the performance time of the Wolf motor function test (WMFT) was determined on the days of admission and discharge. Results.
Both groups showed a significant increase in the FMA score and a short log performance time of the WMFT (𝑝 < 0.001), but the
increase in the FMA score was higher in the LF-rTMS group than the cTBS group (𝑝 < 0.05). Conclusion. We recommend the use
of 2400 pulses of LF-rTMS/OT for 2 weeks as treatment for hemiparetic patients.

1. Introduction

The application of transcranial magnetic stimulation (TMS)
to the cerebral cortex was first described in 1985 by Barker
et al. [1], who demonstrated that such stimulation increased
the conduction of nerve impulses from the motor cortex to
the spinal cord, and resulted in hand muscle contractions.
More recently, TMS has been used as a therapeutic modality
for various diseases [2–5]. Stimulation by TMS has been
applied using variations in parameters, such as frequency
of TMS, stimulation space, stimulation intensity, stimula-
tion site, and duration of stimulation time. Repetitive TMS
(rTMS) is a noninvasive method used for the stimulation of
selected brain areas and has been demonstrated to modulate
cortical excitability and function depending on the frequency
of stimulation. Low-frequency rTMS (LF-rTMS) of ≤1 Hz
suppresses local neural activities, while high-frequency rTMS

(HF-rTMS) of ≥5Hz activates local neural activities [6, 7].
In recent years, continuous theta burst stimulation (cTBS)
and intermittent theta burst stimulation (iTBS) have been
described as two forms of rTMS [8, 9]. The TBS protocol
comprises bursts of three pulses at 50Hz. The stimulation
pattern is either excitatory (iTBS) or inhibitory (cTBS) on
brain activity [8]. TBS can control the activation of local nerve
activity through very short duration stimulation.

Randomized controlled trials have shown that the appli-
cation of LF-rTMS to the nonlesional hemisphere signifi-
cantly improves motor function of the affected upper limb in
poststroke hemiparetic patients, through indirect activation
of the lesional hemisphere [4, 10–12].

Although not a randomized controlled trial, our group
has reported that both TMS patterns (LF-rTMS and cTBS)
combined with occupational therapy (OT) can improve post-
stroke motor function of the hemiparetic upper limb [13, 14].
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Table 1: Clinical characteristics of the 103 patients.

TMS group
(𝑛 = 71)

TBS group
(𝑛 = 32) p value

Age at admission, years∗ 62.3 ± 12.5 60.0 ± 14.2 0.544
Time after onset of stroke, months∗ 66.8 ± 53.9 70.6 ± 65.7 0.839
Female, 𝑛 (%) 20 (28.2) 10 (31.3) 0.751
Subtype of stroke, 𝑛 (%) 0.013

Intracerebral hemorrhage 34 (47.9) 7 (21.9)
Cerebral infarction 37 (52.1) 25 (78.1)

Side of hemiparesis, 𝑛 (%) 0.866
Dominant hand 32 (45.1) 15 (46.9)
Nondominant hand 39 (54.9) 17 (53.1)

BRS for hand-fingers at admission, 𝑛 (%) 0.889
Stage 3 12 (16.9) 5 (15.6)
Stage 4 26 (36.6) 13 (40.6)
Stage 5 33 (46.5) 14 (43.8)

FMA, point¶ 44.5 ± 12.3 47.1 ± 12.9 0.269
Sensory disturbance 0.272

Absent 50 (70.4) 19 (59.4)
Present 21 (29.6) 13 (40.6)

BRS: Brunnstrom recovery stage; FMA: Fugl-Mayer Assessment. ∗Data are mean ± SD. ¶Data are median (range).

However, in that study, because of the small target group,
the stimulation number could not be verified as optimal.
In addition, cTBS or LF-rTMS could not be compared in
terms of the recovery effect for functional armmovements of
patients recovering after brain damage stroke. Various TMS
stimulation methods are available; however, our clinic was
not able to determine the most effective method for each
patient. The purpose of this study was to compare the effects
of LF-rTMS and cTBS on functional arm movements in
poststroke patients with motor paralysis due to brain damage
in order to determine the most effective method.

2. Subjects and Methods

All patients were referred to Shimizu Hospital or the Depart-
ment of Rehabilitation Medicine, The Jikei University School
ofMedicine, for suitability of in-patient treatmentwith rTMS.
The study was approved by the local ethics review committee
of our hospital and informed consent was obtained from each
patient before the study.

The subjects were 103 poststroke patients with spastic
upper limb hemiparesis that were admitted to our hospital
from February 20, 2010, to April 4, 2015. Seventy-one patients
admitted before February 2, 2013, received LF-rTMS/OT,
whereas 32 patients admitted after February 2, 2013, received
cTBS/OT. Inclusion criteria were based on the TMS guide-
lines ofWassermann et al. [13, 15] and included the following:
(1) upper limb hemiparesis categorized as cerebral infarction
or cerebral hemorrhage, (2) age between 18 and 70 years,
(3) minimal time since stroke of 12 months, (4) history of a
single stroke only (no bilateral cerebrovascular lesions), (5)
no cognitive deficits (a Mini Mental State Examination score
of ≥26), (6) no active physical or mental illness requiring

medical management, (7) no history of convulsions for at
least one year, (8) no intracranial metal clips or intracardiac
pacemaker, (9) no history of neurolytic nerve block (phenol
or botulinum toxin) to the affected upper limb, and (10)
severity of upper limb hemiparesis of Brunnstrom recovery
stages 3 to 5 for hand-fingers muscles. Table 1 summarizes
the clinical characteristics of the patients.Themean age of all
the patients was 61.5 ± 13.0 years (±SD). The time between
stroke onset and treatment ranged from 12 to 270 months
with a mean of 68.0 ± 57.5 months. Stroke was classified as
intracerebral hemorrhage in 41 patients (39.8%) and cerebral
infarction in 62 patients (60.2%). There was no significant
difference in the clinical parameters between groups except
in the two types of brain damage.

All patients were hospitalized for 15 days to receive LF-
rTMS/OT or cTBS/OT. During hospitalization, each patient
received one 40-min session of LF-rTMS or 160-sec session
of cTBS, plus two sessions of intensive OT daily, except
for the days of admission/discharge and Sundays (Table 2).
In the following statistical processing, in addition to the
comparison of LF-rTMS and cTBS, LF-rTMS and TBS were
also compared according to the significant difference between
groups in the type of brain damage.

2.1. Application of LF-rTMS (2400 Pulses) and cTBS (2400
Pulses). A 70-mm figure-8 coil attached to MagPro R30
stimulator (MagVenture Company, Farum, Denmark) was
used for application of rTMS. For LF-rTMS, 2,400 pulses
lasting 40min were applied per session. The intensity of
stimulation was set at 90% of resting motor threshold of the
first dorsal interosseous (FDI) muscle, which was defined as
the lowest intensity of stimulation that could activate motor
evoked potentials (MEPs) of the FDI muscle. One session of
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Table 2: Protocol for LF-rTMS or cTBS and intensive occupational therapy.

Saturday Sunday Monday–Friday Saturday Sunday Monday–Friday Saturday

Morning Admission

LF-rTMS or
cTBS (2400
pulses)

Rest day

LF-rTMS or
cTBS (2400
pulses)

Posttherapy
evaluation

One-to-one
training
(60min)

One-to-one
training
(60min)

One-to-one
training
(60min)

One-to-one
training
(60min)

Self-exercise
(60min)

Self-exercise
(60min)

Self-exercise
(60min)

Self-exercise
(60min)

Afternoon Pretherapy
evaluation

One-to-one
training
(60min)

One-to-one
training
(60min)

One-to-one
training
(60min) Rest day

One-to-one
training
(60min) Discharge

Self-exercise
(60min)

Self-exercise
(60min)

Self-exercise
(60min)

Self-exercise
(60min)

long-duration cTBS protocol comprised application of bursts
of three pulses at 50Hz, repeated every 200ms intervals (i.e.,
at 5Hz). The total duration of stimulation was 160-sec (total;
2400 pulses). The intensity of stimulation was set at 80% of
the motor threshold of the FDI muscle. All patients were
monitored carefully by the physician during the application
of rTMS.

2.2. Occupational Therapy and Unsupervised Training. OT
involved one-to-one individual 60-min training sessions
performed twice a day, 6 days a week (excluding Sundays)
[13]. Unsupervised training was performed in a quiet place
to avoid interference such as verbal or visual interference by
other patients. Upon completion of the unsupervised train-
ing, the occupational therapist checked each patient’s task
performance through an interview and helped the patient
reflect on the next independent training session (such as with
the addition of new tasks). In the interview at the time of
the voluntary training, the degree of difficulty was estimated
in terms of training accomplishments and feelings of being
tired; plus training sessions were conducted by combining
occupational therapy conditions with patient individuality.

The main goal of the OT and unsupervised training was
to help the patients avoid focusing mainly on functional
training, to allow the patients to use their affected upper limb
again in daily situations, and to encourage patients to use
the paralyzed upper limb in daily situations. The treatment
strategy included (1) incorporation of a fair amount of every-
day physical activity in the training tasks, (2) individualized
functional training serving to acquire some movements and
activities, (3) incorporation of elements involved in gross
motor function, fine motor function, and multitasking, (4)
clear demonstration of the position of the upper limb to draw
attention of the like during training, (5) enabling specific
staged intervention, (6) incorporation of content that can
be continued at home after discharge in situations involving
activities of daily life (ADL) and unsupervised training,
(7) not restraining the paralyzed upper limb such as in
constraint-induced movement therapy (CIMT), and (8) the
provision of action feedback by passive intervention with
verbal instructions.

Repetitive training included various tasks such as wip-
ing the table with a dust cloth, picking up an object by
coordinating the function and shape of the hand, and
grasping and moving an object with chopsticks. These
tasks were performed as active movements or active-
assisted movements. Details of the training varied accord-
ing to the severity of poststroke disability, lifestyle, and
goals, and rehabilitation was performed as required at the
time.

2.3. Clinical Evaluation of Motor Function. Motor function
of the affected upper limb was evaluated on the days of
admission and discharge by Fugl-Meyer Assessment (FMA)
and Wolf Motor Function Test (WMFT). The FMA was
devised in 1975 by Fugl-Meyer et al. [16] and is a global
assessment index used to quantitatively evaluate the recovery
of poststroke hemiparetic limbs. Both the FMA and WMFT
have high interrater and test-retest reliability, as described
previously [17, 18]. The FMA (a performance-based quan-
titative measure) comprises 33 items that evaluate upper
limb motor function. Since each item is rated on a three-
point ordinal scale (0 = cannot perform, 1 = can perform
partially, and 2 = can perform fully), 66 points is the maximal
score for motor performance of the upper limb. The WMFT
comprises 15 timed tasks (6 exercise tasks and 9 article
operation tasks) that evaluate upper limbmotor function.The
mean performance time of the 15 tasks was calculated [19].
When the task was not completed within 120 sec, the task
performance time was recorded as 120 seconds. The WMFT
performance time data showed a skewed distribution pattern
and, thus, the data were converted to the natural logarithm
before analysis, as described previously in the EXCITE trial
[20].

2.4. Statistical Analysis. Changes in the FMA score and the
WMFT log performance time (WMFT-lpt) as a result of
the treatment were examined using signed Wilcoxon’s rank
sum test, respectively. Mann–Whitney 𝑈 test was used for
comparison of each change level of the FMA score and the
WMFT-lpt between the LF-rTMS and cTBS. In addition,
signed Wilcoxon’s rank sum test was used to compare
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Figure 1: Changes in the FMA score of the TMS group with the
intervention. A significant increase in the FMA score was observed
(𝑝 < 0.001). ∗A statistically significant difference (p < .05).
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Figure 2: Changes in the FMA score of the TBS group with the
intervention. A significant increase in the FMA score was observed
(𝑝 < 0.001). ∗A statistically significant difference (p < .05).

the changes in the FMA score and the WMFT-lpt of LF-
rTMS and cTBS between cerebral infarction and cerebral
hemorrhage. The subjects were divided into two groups
according to the stroke type and their data were compared
statistically using Mann–Whitney 𝑈 test. A p value less than
0.05 was considered statistically significant. All statistical
analyses were performed using the Statistical Package for
Social Sciences, v19.0 (SPSS Inc., Chicago, IL).

3. Results

All patients completed the LF-rTMS/OT and cTBS/OT
protocols without any adverse effects. The FMA score was
recorded successfully before and after treatment in both
groups (LF-rTMS/OT: from 44.5 ± 12.3 to 50.5 ± 10.8 points,
𝑝 < 0.001; cTBS/OT: from 47.1 ± 12.9 to 51.4 ± 12.2 points,
𝑝 < 0.001) (Figures 1 and 2). Likewise, The WMFT-lpt de-
creased significantly in both groups (LF-rTMS/OT: from 2.93
± 1.19 to 2.47 ± 1.22, 𝑝 < 0.001; cTBS/OT: from 2.62 ±
1.22 to 2.33 ± 1.29, 𝑝 < 0.001) (Figures 3 and 4). The mean
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Figure 3: Changes in the WMFT log performance time of the TMS
group with the intervention. A significant increase in the WMFT
log performance time was observed (𝑝 < 0.001). ∗A statistically
significant difference (p < .05).
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Figure 4: Changes in the WMFT log performance time of the TBS
group with the intervention. A significant increase in the WMFT
log performance time was observed (𝑝 < 0.001). ∗A statistically
significant difference (p < .05).

increase in FMA score was 6.0 ± 3.5 points in LF-rTMS/OT
group and 4.4 ± 3.3 points in cTBS/OT group. The increase
was significantly larger in LF-rTMS/OT than cTBS/OT group
(𝑝 < 0.05) (Figure 5). On the other hand, the mean decrease
in WMFT log was 0.47 ± 0.47 in LF-rTMS/OT group and
0.29 ± 0.30 in cTBS/OT group. The difference in the mean
decrease in WMFT-lpt was not significant between the two
groups (𝑝 = 0.067) (Figure 6).

3.1. Results of Cerebral Infarction Patients. The FMA score
was recorded before and after treatment in patients with
cerebral infarction and was increased in both groups (LF-
rTMS/OT: from 45.1 ± 11.5 to 51.1 ± 9.8 points, 𝑝 < 0.001;
cTBS/OT: from 47.4 ± 13.4 to 51.4 ± 13.0 points, 𝑝 < 0.001).
The mean increase in FMA score of LF-rTMS/OT group (6.1
± 3.9 points) was significantly larger than that in cTBS/OT
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Figure 5: Increase in the FMA score with the intervention.TheTMS
group showed a significantly greater increase over that of the TBS
group (𝑝 < 0.05). ∗A statistically significant difference (p < .05).

group (4.0 ± 3.3 points, 𝑝 < 0.05). The WMFT-lpt of the
same patient groups decreased significantly in both groups
(LF-rTMS/OT: from 2.83 ± 1.22 to 2.38 ± 1.18, 𝑝 < 0.001;
cTBS/OT: from 2.42 ± 1.24 to 2.16 ± 1.29, 𝑝 < 0.001), but
the magnitude of the decrease in LF-rTMS/OT group (0.45 ±
0.44) exceeded that of cTBS/OTgroup (0.27± 0.29,𝑝 < 0.05).

3.2. Results of Cerebral Hemorrhage Patients. The FMA score
was also recorded before and after the treatment in patients
with cerebral hemorrhage. The treatment resulted in an
increase in the score in both groups (LF-rTMS/OT: from 44.0
± 13.2 to 49.8 ± 11.9 points, 𝑝 < 0.001; cTBS/OT: from 45.7
± 11.8 to 51.6 ± 9.6 points, 𝑝 < 0.05). The mean increase
in FMA score in patients with cerebral hemorrhage was not
significantly different (LF-rTMS/OT: 5.9 ± 3.1 and cTBS/OT:
5.9 ± 3.6 points, 𝑝 = 0.986). On the other hand, the WMFT-
lpt decreased significantly in both groups (LF-rTMS/OT:
from 3.05 ± 1.17 to 2.56 ± 1.28, 𝑝 < 0.001; cTBS/OT: from 3.30
± 0.93 to 2.93 ± 1.20, 𝑝 < 0.05), and again, the mean decrease
in WMFT-lpt was not significantly different between the two
groups (LF-rTMS/OT: 0.49 ± 0.51 and cTBS/OT: 0.38 ± 0.36,
𝑝 = 0.773).

4. Discussion

In the present study, although the number of pulses used
in rTMS was similar in the two groups, the method of
stimulation was different. Thus, we studied the difference
in the effects of the two methods on upper limb motor
function.

Previous studies indicated that LF-rTMS applied to the
nonlesional cerebral hemisphere improves upper limb motor
function in poststroke patients [12, 13, 21]. For example,
Kakuda et al. [22] reported that the application of LF-rTMS
to the nonlesional hemisphere combined with 120min/day
intensive OT for 15 days improved motor function and
spasticity in 1700 poststroke patients. Furthermore, Avenanti
et al. [23] reported that concurrent physiotherapy after
application of LF-rTMS to the nonlesional hemisphere in
poststroke hemiparetic patients reduced interhemispheric
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Figure 6: Decrease in the WMFT log performance time with the
intervention. The decrease in the WMFT log performance time
showed no significant difference between the TMS and TBS groups
(𝑝 = 0.067).

inhibition and readjusted hemispheric excitability, which
improved motor function of the hemiparetic upper limb. In
addition, Kondo et al. [24] reported that the combination
therapy of LF-rTMS and OT in poststroke hemiparetic
patients with spasticity reduced the F-wave parameter and
improved spasticity. It is thought that LF-rTMS provides a
state of imbalance in interhemispheric inhibition arising after
stroke, improves plasticity of the affected hemisphere, and
may help establish new neuronal circuits [4, 5, 25]. It is also
thought that LF-rTMS promotes functional improvement in
the central control of muscle output and may help regulate
muscle tension. Therefore, we believe that a similar process
was also operational in our patients, which resulted in
posttreatment improvement.

With regard to TBS, Huang et al. [8] concluded that TBS
(600 pulses) changed cortical excitability in humans. Further-
more, Yamada et al. [14] implemented a 15-day protocol of
cTBS applied to the nonlesional hemisphere combined with
intensive OT in poststroke patients. They concluded that the
treatmentwas safe and improvedmotor function of the hemi-
paretic upper limbs. Considered together with our results, it
seems that 2400-pulse cTBS effectively inhibits excitability of
the nonlesional hemisphere, similar to LF-rTMS, and, in turn,
promotes plasticity of the lesional hemisphere and improves
motor function of the affected upper limb. In this regard,
Gamboa et al. [26] compared 600-pulse cTBSwith 1200-pulse
cTBS and reported that while cTBS inhibited the stimulated
hemisphere, it had an enhanced effect at 1200 pulses. In our
study, cTBSwas applied at a 4-fold stimulation rate compared
with that used by Huang et al. [8], which could explain its
enhanced effect. It is noteworthy that 2400-pulse cTBS may
also have an inhibitory effect, and therefore further studies
should be performed to determine the effects of 2400-pulse
cTBS on the cerebral hemisphere. In another study, cTBS was
applied 4 times per day using a 15-min interval between the
first and the second sessions, 60min between the second and
third, and a 75-min interval between the third and fourth.
They used 8 cTBS sessions over two days, in combinationwith
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3 hrs of rehabilitation per day, and found ADL over a period
of 3 weeks [27].

Themain findings of the present studywere improvement
in motor function of the paralyzed upper limb in both
the LF-rTMS and cTBS groups and a greater improvement
in motor function of the upper limb after LF-rTMS/OT
compared with cTBS/OT, especially in patients with cerebral
infarction, though the effect was less significant in those with
cerebral hemorrhage. Based on our results, we recommend
the application of 2400-pulse LF-rTMS/OT for 2 weeks for
hemiparetic patients with cerebral infarction.

Our results showed no difference in the improvement of
motor function between the LF-rTMS and cTBS groups in
patients with cerebral hemorrhage. While our study did not
investigate the reason for the lack of difference, this finding is
probably related to the relatively small number of subjects of
this group. Further large-scale study is required to determine
the effects of cTBS in poststroke patients with a history of
cerebral hemorrhage.

TMS can be considered a tool to help the rehabil-
itation treatment to proceed more smoothly and effec-
tively. However, it seems that the TMS protocol needs
further fine-tuning to produce maximum effects in reha-
bilitation medicine. The effects of different stimulation
methods of TMS in rehabilitation should be examined.
When the applied TMS stimulation method has a facil-
itatory effect on the nonlesional hemisphere, rehabilita-
tion should include more tasks that require movements of
both hands rather than being limited to the paretic limb
only. In this regard, the symptoms, clinical characteristics,
environmental factors, and goals varied greatly among our
stroke patients. Therefore, we believe that custom-tailored
rehabilitation tasks should be considered for the individual
patients.

The present study has certain limitations. First, we did
not examine the immediate inhibitory effect at the time
and immediately after the application of 2400-pulse cTBS
to the nonlesional hemisphere using diagnostic tests and
neuroimaging, such as fMRI, nerve conduction velocity, and
neurophysiologic examination. Second, there was a large
difference in the sample size of the two groups. Third, the
long-term effects of the treatment were not examined after
completion of the study. Fourth, the previous cTBS study was
conducted using 600 pulses, and, though the interval was set
due to increasing stimulation, we performed cTBS using 2400
pulses with no interval. Thus, it is necessary to conduct the
same process for LF-rTMS stimulation.

By clarifying these issues, we can determine the best
method associated with the best improvement in motor
function of the paretic upper limb, before we can recom-
mend the most effective therapy for poststroke hemiparetic
patients.

5. Conclusion

Our proposed 15-day protocol of LF-rTMS combined with
intensive OTmay be amore useful therapeutic modality than
cTBS/OT for upper limb hemiparesis after stroke. However,
further studies are needed to confirm its efficacy.

Disclosure

Institution where the study was performed is Shimizu Hos-
pital, 129 Miyagawa-Cho, Kurayoshi-City, Tottori 682-0881,
Japan.

Conflicts of Interest

The authors declare no conflicts of interest.

Acknowledgments

The authors gratefully acknowledge the support and partici-
pation of the patients in the study.

References

[1] A. T. Barker, R. Jalinous, and I. L. Freeston, “Non-invasive
magnetic stimulation of human motor cortex,”The Lancet, vol.
1, no. 8437, pp. 1106-1107, 1985.

[2] D. Centonze, G. Koch, V. Versace et al., “Repetitive transcranial
magnetic stimulation of the motor cortex ameliorates spasticity
in multiple sclerosis,” Neurology, vol. 68, no. 13, pp. 1045–1050,
2007.

[3] P. B. Fitzgerald, T. L. Brown, N. A. U. Marston, Z. J. Daskalakis,
A. De Castella, and J. Kulkarni, “Transcranial magnetic stimu-
lation in the treatment of depression: A double-blind, placebo-
controlled trial,” Archives of General Psychiatry, vol. 60, no. 10,
pp. 1002–1008, 2003.

[4] N. Takeuchi, T. Chuma, Y. Matsuo, I. Watanabe, and K. Ikoma,
“Repetitive transcranial magnetic stimulation of contralesional
primary motor cortex improves hand function after stroke,”
Stroke, vol. 36, no. 12, pp. 2681–2686, 2005.

[5] F. Fregni, P. S. Boggio, A. C. Valle et al., “A sham-controlled trial
of a 5-day course of repetitive transcranialmagnetic stimulation
of the unaffected hemisphere in stroke patients,” Stroke, vol. 37,
no. 8, pp. 2115–2122, 2006.

[6] A. Pascual-Leone, J. Valls-Solé, E.M.Wassermann, andM.Hal-
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