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Abstract

Objective: The achievement of multiple instances of control with the same type of mental
strategy represents a way to improve flexibility of BCI systems. Here we test the hypothesSis that
pure visual motion imagery of an external actuator can be used as a tool to'achieve three classes

of EEG based control, which might be useful in attention disorders.

Approach: We hypothesize that different number of imagined motion alternations lead to
distinctive signals, as predicted by distinct motion patterns. Accordingly, distinct number of
alternating sensory/perceptual signals would lead to distinct® neural responses as previously
demonstrated using fMRI. We anticipate that differential modulations should also be observed in
the EEG domain. EEG recordings were obtained from<twelve participants using three imagery
tasks: imagery of a static dot, imagery of a dot with two. opposing motions in the vertical axis (2
motion directions) and imagery of a dot with four, ©pposing rpotions in vertical or horizontal axes

(4 directions). The data were analysed offline.

Main results: An increase of alpha-band power was found in frontal and central channels as a
result of visual motion imagery tasksmwhen compared with static dot imagery, in contrast with
the expected posterior alpha decreases »found during simple visual stimulation. The successful
classification and discrimination between the three imagery tasks confirmed that three different
classes of control based on vistial mation imagery can be achieved. The classification approach
was based on SVM and on the leha-band relative spectral power of a small group of six frontal
and central channels. Patterns of alpha activity, as captured by single-trial SVM closely reflected

imagery properties, inyparticular..the number of imagined motion alternations.

Significance: We found»a new mental task based on visual motion imagery with potential for the
implementation of multiclass (3) BCls. Our results are consistent with the notion that frontal
alpha synchronization is. related with high internal processing demands, changing with the
number of alternation levels during imagery. Together, these findings suggest the feasibility of
pure visual motion imagery tasks as a strategy to achieve multiclass control systems with
potential “for. BCl and in particular neurofeedback applications in non-motor (attentional)

disorders.
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Keywords: Multiclass control, visual motion imagery.

Introduction

Current neuroimaging technologies allow to investigate the neural correlates, of perceptual
operations. A deep understanding of such correlates may help design neural interfaces that use
such signals in brain-computer interfaces (BCI) or neurofeedback approaches.nIn some non-
motor diseases such as attentional disorders, self-centered state control, used in'the more specific
context of neurofeedback (Banca et al 2015, DeBettencourt et al /2015 Ordikhani-Seyedlar et al
2016), is more important than speed of communication (as used innmotor BCISs).

BCl approaches measure and convert brain signals <into artificial outputs (Farwell and
Donchin 1988, Wolpaw and McFarland 2004). These systems.enable‘users to act on the world by
using their brain signals rather than the brain's normal“output pathways of peripheral nerves and
muscles (Shih et al 2012). BCI systems can be applied as assistive BCls or as neurofeedback
approaches (Chaudhary et al 2016). Assistive BCIs aim to support the daily life of users with
deficits of for example in motor or communication functions (McFarland and Wolpaw 2011). On
the other hand, neurofeedback systems aim tofacilitate the restoration of brain function and/or
behavior or improve it by self-regulation, of brain activity (Thibault et al 2016). While assistive
BCls are application centered 4(steering of a wheelchair, communication interface) neurofeedback
systems are user centered (self-regulation and restoration of specific brain patterns).
Furthermore, the scope of BCI\ research can include non-medical applications as user state
monitoring and gaming (Lécuyer et.al'2008).

Effective BCI communication or device control based on electroencephalographic (EEG)
signals — EEG-based.BCI = has been demonstrated using slow cortical potentials (Birbaumer et
al 1999, Kubler et al 2001; Karim et al 2006), brain rhythms (Pfurtscheller et al 1997, Treder et
al 2011, Ono.et al 2014, McFarland et al 2015) or event-related potentials (Nijboer et al 2008,
Baek et al 2013, Combazyand Van Hulle 2015). The most used EEG-based BCI inputs are
sensory-motor rhythms (Leeb et al 2013, Ge et al 2014, Maria et al 2015, Ramos-Murguialday
and Birbaumer 2015) and P300 evoked potentials (Pires et al 2012, Amaral et al 2015, Lopes et
al 2016). WUsually the BCI systems design emphasizes speed because the main goal is to provide

motor»or_communication output, but applications targeting self state control, such as enabled by
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visual imagery (Banca et al 2015), might be useful for attentional disorders such as attention
deficit hyperactivity disorder (ADHD) (Abraham et al 2006).

One of major goals of the current BCI research is to define novel tasks,and approaches that
can be used in non-motor disorders and increase the number of classes and. the intrinsic number
of levels of control, i.e. to increase the degrees of freedom. This would mainly allow to develop
novel and more precise forms of neurofeedback. The conventional P300 paradigms generate
various BCI commands allowing, for example, to move a wheelchairs(Lopes et al 2016) or to
generate a speller (Pires et al 2012). However, they associate comimands to different stimul
presented to the subjects requiring all the time a stimulus to encede the attentional focus. BCI
systems based on imagery are an alternative to the need of.an external stimulus to encode the
users’ intention.

Human brain functions can be at least in part spatially localized, even in EEG, and thus
separate  commands can be encoded by taking advantage from information derived from
functional modules evoking spatially distinet patterns of /activity. This possibility is commonly
used in BCI systems based on motor imagery, where the imagery of different motor actions (for
example, leg or hand movement, right and left) produces spatially distributed brain activations
(Ramos-Murguialday and Birbaumer 2015, Schlogl et al 2005). Although, the subjects usually
receive instructions to imagine ‘themselves performing a specific motor action without overt
motor output, dependent on the exact.manner of how subjects perform this task, the relative
contribution of various aspects irqolved iIn motor imagery may vary and distinct neural processes
may therefore be recruited.

Multiclass systems:based on. self-regulation of different brain rhythms combined or based on
multilevel control of .the. same brain rhythm have already been explored. Wolpaw and McFarland
suggested a multidimensional point-to-point movement control based on the combination of mu
or beta rhythm amplitude“modulation over the right and left sensorimotor cortices (Wolpaw and
McFarland 2004). They showed that people can learn to use scalp-recorded EEG rhythms to
move a/cursor intwo dimensions, and recently also in 3 dimensions (McFarland et al 2010). In
another “study, 4t was shown that self-regulation of slow cortical potentials can be reliably
translated as two BCI commands (Karim et al 2006). More recently, a BCI study proposed an
approach.where participants were able to switch between modulation of alpha-band and gamma-

band. oscillations in the visual cortex (Salari and Rose 2013). However, for these particular
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studies the users’ self-regulation of one specific brain rhythm allowed only two instances of
control. Furthermore, the described BCI approaches required some days of training.

In this work we aim to test the possibility of obtaining three classes,of control based on
evoked brain activity by pure visual motion imagery of an external actuator. Qur hypothesis is
that using visual imagery strategies with different number of motion alternations it IS possible to
achieve different patterns of brain activity modulation allowing for state related, self-regulation
based multiclass control. From functional magnetic resonance imaging. (VMRI) studies it is
known that in the visual motion perceptual domain conditions’ for which motion alternations
occur more often lead to stronger brain activity modulations (Tootell et al<1998, Huk and Heeger
2002, Larsson et al 2006, Sousa et al 2016). We use the<imagery of three stimulation conditions
with different number of motion alternations (imagery offa static dot — no motion, imagery of a
dot with two opposing motions in the vertical axis — ‘constant motion and, imagery of a dot with
four opposing motions in the vertical and horizontal axes = alternate motion) to test if using EEG
it is possible to distinguish three patterns,of brain activity according to the level of imagined
motion alternation, as previously shown with fMRI _(Sousa et al 2016). This would allow for the
implementation of a multilevel or at.least a multiclass control EEG based approach mainly
depending on the applied imagery strategy. irrespective of prior participant training. Furthermore,
in contrast to classical motor 4magery strategies this approach is not influenced by participants’
movements and, in contrast to the P300.approaches does not depend on an external stimulus.

Visual imagery refers to the e\mergence of constructive representations and the accompanying
perceptual experience without a‘direct external stimulus (Pearson et al 2015). This process plays
a core role in many.mental -health disorders, such as ADHD, anxiety, bipolar disorder and
schizophrenia, whichmayhavestherapeutic implications (Hackmann and Holmes 2004, Abraham
et al 2006, Holmes et al 2007, Brewin et al 2010; Holmes and Mathews 2010, Banca et al 2015).
Therefore, wesexpect that the present work might contribute to the discussion on feasibility of
multiclass self-regulation control for implementation in BCI methods, as well as on the potential
usefulness of finer control of visual imagery in mental disorders.

In_2005 Neuper and colleagues explored the potential of visual-motor imagery as a control
strategy in €omparison to motor imagery (Neuper et al 2005). They found that to improve BCI
control,.the user training should emphasize Kinesthetic experiences instead of visual

representations of actions, since only kinesthetic motor imagery, but not visual-motor imagery,



©CoO~NOUTA,WNPE

121
122
123
124
125

126

127
128
129
130
131
132

133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148

AUTHOR SUBMITTED MANUSCRIPT - JNE-101717

resulted in detectable (versus baseline, and by a classifier) EEG changes. However,<that, study
focused on visual-motor imagery while we focused on pure visual imagery, which might be

potentially relevant for mental disorders such as the ones affecting attentional, processes.

Methods

Participants -

Twelve males participated in this study. On average, study participants were 28.9 years old (SD
= 3.8 range 21-34 years). All participants were right-handed; had normal or corrected-to-normal
vision and reported no medical or psychological disorders. Participants gave written informed
consent prior to the EEG recording session. The“procedure  was approved by the Ethics

Committee of the Faculty of Medicine of the University. of.Caimbra.

Experimental design

The experiments were composed of two interleaved sessions in the same day: visual motion
stimulation and visual motion imagery. The wisual stimulation paradigm was used as a guide to
the visual motion imagery tasks. During the visual stimulation session, participants were asked to
fixate a central cross. As illustrated on figure 1, three different conditions were used: (A) zero
motion (static dot), (B) @ dot” moving in two opposing directions (with constant vertical
orientation — along y_axis, ‘less altermation, hereinafter referred as constant motion) and (C) a dot
moving in four opposing.directions (horizontal and wvertical orientations — along x and y axes,
more alternation, hereinafter. referred as alternate motion). Four second trials of a moving dot (5
deg/s) were randomly. presented after each 2 seconds trial of a static dot. The distance covered by
the dot was 2.5 degrees of arc. The motion conditions were repeated 60 times divided in two
parts. Thempoint.size¢ was 0.5 x 0.5 cn? (dot visual angle: 0.64 deg) and the stimulus was
displayed. at 445 cm from the participant at a screen of 24.1 x 18.2 cm?. Stimulus display and
imagery instructions were controlled by MATLAB (MathWorks) using the Psychophysics
toolbex (Brainard, 1997).

Page 6 of 22
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Condition A Condition B Condition A Condition C
(2 seconds) (4 seconds) (2 seconds) (4 seconds)

Total: 60 repetitions of each motion condition

Figure 1. Stimulation conditions. (A) Static dot - static condition used as baseline«tothe motion conditions, (B)
constant motion - moving dot alternating the direction, and (C) alternate motion - moving dot alternating the
direction and the orientation. The arrows are here merely representing the dot motions«<Each motion condition was
repeated 60 times and randomly interleaved with the static dot condition. The duration of each motion condition was
4 seconds. Each static dot trial was presented only during 2 seconds.

In the visual motion imagery session, participants were asked. to imagine the three previously
presented stimulus conditions. The instruction for eachwimagery task was provided as an auditory
cue coded as ‘A’, ‘B’ and ‘C’ respectively, and took one second. A beep sound was given to the
participants 1.5 seconds after the beginning of each  metion imagery task as a reminder of the
spent imagery time.

The duration and number of repetitions,of each task were equal to the stimulation session
ones. The imagery session was divided in‘two parts intercalated with stimulation (also divided in
two parts) in order to decrease fatigue effects. Participants were seated comfortably in the
darkened sound-attenuating EEG recording room and, were asked to breathe steadily and to
remain as still as possible. <Throughout the visual imagery tasks participants were also asked to
close the eyes in order to prevent sources of visual noise. Although in real life implementations
people should keep their. eyes open, here we prioritized the optimization of signal to noise in our
design of this proof-of-concept study, as already done in other visual imagery studies (De Pisapia
et al 2016).

Data acquisition

First, the participants scalp was cleaned using abrasive gel and then an actiCAP cap was placed
on gtheir heads.” The EEG was recorded by means of a Brain Products Package (Brain Products,
Germany) and sampled at a frequency of 1000 Hz. Ag/AgCI active electrodes (Brain Products),
were located in 58 positions (according to the international 10-20 system with interspaced

posttions, figure 2), a ground electrode was located on the forehead and, two reference electrodes
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were placed on the earlobes. The electrooculogram (EOG) was monitored via <electrodes
positioned at the standard positions (vertical and horizontal) to be used in the /correction of
artifacts due to blinking and eye movements. The signal was filtered between, 0.1 Hz and 100 Hz
and an additional 50 Hz notch filter was applied to avoid power line contamination. Electrode

impedances were kept below 10 kQ during the acquisitions.

Figure 2. Layout of the EEG channel acquisition set up (58 EEG channels). The three channel clusters used in
statistical data analysis are highlighted at'different colors (frontal — blue, central — green, parieto-occipital — red).

N
Data analysis

The data analysis was performed offline using Matlab (MathWorks) and the EEGLAB toolbox
(version 13.5.4b) (Delorme and Makeig 2004). The signals were re-referenced to the average
signal of the earlobes channels and filtered between 0.5 Hz and 70 Hz and segmented in epochs
locked to each stimulation condition/imagery task onset. Then, we applied an eye movement
related artifact ‘correction procedure based on independent component analysis (ICA) of all
electrode data (including the EOG channels). Artifact components were identified using ICA and
theser'components examined based on their correlation with the EOG electrodes and on the scalp
topography ' (increased activity distribution) and removed from the data (Keren et al 2010).
Signals“were also corrected for possible artifacts related to body movement or muscle tension,

which were marked and excluded from further analysis. After artifact rejection we were able to
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keep more than 50 epochs for each stimulation condition/imagery task, except for the imagery
data of one participant. For the data analysis of visual motion stimulation, we used a baseline
taken from the last 500 ms of pre-stimulus time (last 500 ms of static dot, condition before the
motion conditions). For visual motion imagery data, the baseline was based on the.last 500:ms of
the static dot imagery period.

We performed time-frequency analyses of the imagery data and ofthe stimulation data (as a
control study). Mean event-related changes in spectral power (from.baseline) at each time during
the epochs and at each frequency were analyzed using the event-related spectral perturbation
(ERSP) method (Makeig, 1993). ERSP analyses were performed for frequencies ranging from 3
to 50 Hz for all channels by applying Morlet wavelets with<incremental cycles (2 cycles at 3 Hz,
up to 27 at 50 Hz) resulting in 200 time points. To visualize power changes across the frequency
range, the mean baseline log power spectrum from each spectral estimate was subtracted
producing the baseline-normalized ERSP. Significance. of. deviations from baseline power was
assessed using a bootstrap method. ERSP group results were analyzed at P = 0.05 (Delorme and
Makeig 2004).

In order to understand the main differences for specific frequency bands between stimulation
conditions and between imagery tasks, the, mean power of EEG signal from all channels over the
500 ms and 1500 ms of all epochs was calculated for the three stimulation conditions and for the
three imagery tasks. The power spectral density (PSD) was estimated via the Welch's method
which uses the Fast Fourier Trans{orm (FFT) (Welch, 1967).

We also performed source localization of the EEG data based in SLORETA (standardized low
resolution brain electromagnetic._tomography) software package (Pascual-Marqui, 2002). This
method employs the..current sdensity estimate given by the minimum norm solution. The
localization inference is based on standardized values of the current density estimates (Pascual-
Marqui et al 1994, Pascual-Marqui 2002). The source analysis was performed to infer about the

biological significance' of the most relevant frequency data.

Imagery.data classification
In‘order to wverify if the three employed imagery tasks may lead to successful achievement of
three “classes of control in BCI applications, we attempted to classify these classes using a

reduced- number of channels and features.
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We used pre-processed (filtered, re-referenced and with artifact correction) trials; with one
second each (from 0.5 to 1.5 of each trial). The duration of the trials used for classification was
chosen to be the same to the three conditions and to not include the reminder, beep. The initial 0.5
seconds after the auditory instruction cue were also excluded.

The features were extracted from a set of channels empirically chosen:based on the group
power spectrum per channel. The relative spectral power (RSP) of the frequency band from 7 Hz
to 15 Hz was extracted from 6 EEG channels (F3, F5, FC3, FC5, €3, €5). The frequency band
was chosen in order to take into account the variability in @lpha a&ivity definition across
different subjects (Haegens et al 2014). These 6 features from 50 trials of each imagery task
were normalized and then classified using a support vector machine (SVM).

As shown in previous studies (Khalighi et al 2013, Sousa et al 2015), the RSP provides some
of the most relevant information from the EEG signals to classification. The RSP of each
frequency-band is given by the ratio between the bandspectral power and the total spectral
power (Mormann et al 2007). The spectral power was calculated based on FFT. To avoid
features in greater numeric ranges dominating, these in smaller numeric ranges, each feature was
independently normalized dividing its.value by the difference between maximum and minimum
of the feature across training trials.

The classifier was trained ‘and tested using leave-one out cross-validation (LOOCV). The
Libsvm toolbox (Chang and Lin 2011) with a sigmoid kernel was used in classification. The
sigmoid degree and C parameter\ of SVM were optimized between 0 and 5 for each participant
model classification. The classifier was trained and tested individually per participant. In order to
characterize the triakby-trial classification performance, some well-known measures such as

balanced accuracy, sensitivity. and specificity were used.

Statistical Analysis

Statistical analyses were performed to compare the group mean EEG power for the most relevant
frequency bands.found in the evoked brain responses during the three during the three imagery
tasks<and during the stimulation conditions (as a control study). The Friedman’s test was applied
to (verify the presence of a main effect for each defined frequency band. Further, we computed
pairwisesmcomparisons for stimulation condition/imagery task per EEG channel cluster using

Wilcoxen tests and applying the Dunn’s correction for multiple comparisons. The EEG data

10
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1

2

2 258  were organized in three channel clusters: frontal (anterior-frontal, frontal, fronto-temparal and
2 259  fronto-central channels), central (central, centro-parietal, temporal and tempo-parietal channels)
7 260 and parieto-occipital (parietal, parieto-occipital and occipital channels). Statistical ‘analyses /were
8 . -

9 261  performed with the IBM (Armank, NY) SPSS Statistics 22.0 software package.

10

11 262

12

13 263

14

15

s 264 Results =

17

ig 265  Visual motion stimulation

52 266 Comparing the evoked brain activation by the motion conditionsito the static dot condition brain

22 267 response (used as baseline) we found a significant decrease, asiexpected, of alpha-band power

24 268 mainly in the parietal, parieto-occipital and occipital channels for wvisual moving stimuli
25 &
26 269 conditions (figure 3).
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53 271 Figure 3. Brain responses to visual moving stimuli. Group event-related spectral perturbation (ERSP) for
272  frequencies between 5 Hz and 50 Hz across entire trials (from -0.5 second to 4 seconds) pooled for moving stimuli
56 273 when compared to a no-motion stimulation condition (baseline). All shown ERSP values different from zero are
57 274 " significant at P = 0.05.
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For the parieto-occipital channels cluster we found statistically significant main effects for the
evoked mean alpha-band power during the different stimulation conditions (xZ (2) & 10.57; P =
0.005). The peak power frequency (10 Hz) is consistent across the brain responses to the
different stimulation conditions and is within the conventional alpha-band (figure 4). The alpha-
band power was significantly lower during both moving stimulation conditions (constant motion
— CM: P = 0.01; alternate motion — AM: P = 0.02) than during the no-motion stimulation (static
dot — ST). Concerning the frontal and central channel clustersy we found no significant
differences. In the mean of participants and parieto-occipital cluster of channels, the power
spectrum of the evoked brain activity during the constant motion, stimulation and the alternate

motion stimulation is similar.

A) B)
66.0
T 64.0
2 620,
,?; 62.0 §
2 600 % 61.0
g g
p %80 < $ 60.0
%sso g |
Q ! -
54.0 e 59.0 - .
7.0 80 9.0 100 11.0 12.0013.0 ST ™ AM

Frequeficy (Hz)

Figure 4. Group mean alpha-band power according to stimulation conditions (+ standard mean error). Power
spectrum of the evoked brain activity recorded in occipital channels cluster per stimulation condition (A) and its
average from 8 Hz to 12 Hz (B). Color codes: red - alternate motion (AM), blue - constant motion (CM), gray -
static dot (ST). The alpha-band power decreases significantly from no-motion to motion conditions (CM vs. ST, P =
0.01, corrected; AM vs. ST, P = 0.02; corrected).

Visual motion imagery

The time-frequency analyses of the visual motion imagery tasks revealed an increase of the alpha
power activity when compared to the baseline (imagery of a static dot), starting after the
participants received the specific imagery instruction (figure 5). This effect is mainly evident for
the frontal.and central EEG channels, corroborating the notion that it is a different type of alpha
activity as «compared to the decreasing pattern seen for real stimulation conditions (figure 3).
The "ERSP/ of both visual motion imagery conditions show some noticeable differences (see on

example in supplementary figure 1). The increase of the frontal alpha signal power seems to be

12
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more sustained during alternated visual motion imagery than during continuous visual xmotion
imagery. Although these differences are not identified by standard statistical analysis (because
they not survive correction for multiple comparisons), they suggest the, potential, for /lbeing
separable using pattern recognition methods (see below the results). Furthermore, inn»some
fronto-central channels we also found a decrease of the frequency powerfaround 26 Hz during
the alternated visual motion imagery. There is also a change in ERSP around 1.5's,(figure 5) that

is probably resulting from the reminder beep, since they are coincidents
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Figure 5. Brain responses. to visual® motion imagery. Group event-related spectral perturbation (ERSP) for
frequencies between 5 Hz.and 50.Hz across entire trials (from -0.5 second to 4 seconds) pooled for motion imagery
tasks when compared/to a no=-motion imagery task (baseline). Time O corresponds to auditory instruction end. All
shown ERSP valuesddifferent from zero are significant at P = 0.05.

The mean alpha power (figure 6A) shows significant differences between the imagery tasks
on the frontal channel.cluster (yZ (2) = 13.56, P = 0.001). Post hoc tests revealed the existence of
statistically significant differences between the average of alpha-band power evoked by imagery
of arstatic det<and by constant motion imagery (P = 0.007) and between the average of alpha-
band. power evoked by imagery of a static dot and by the alternate motion imagery (P = 0.003).
The peak power frequency (around 10 Hz) is consistent across cortical responses during the

different” imagery tasks. As stated above, although a classical statistical approach does not allow
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for discrimination between both visual motion imagery strategies, the alpha-band power:during
the alternate motion imagery seems distinct from the pattern observed during constant motion
imagery (mainly from 10 Hz to 12 Hz, figure 6B), suggesting that a, multivariate analysis

strategy based on SVM classification might be a viable approach (see below the results).

A) B)
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% 625 62.0
= 61.0 = -
[ i
2 505 .3 610
A -]
h ot -
= 58.0 2
g ‘gf 60:0 1
& 565 o .

55.0 $9.0 -

ST ™ AM

70 80 90 100 110 120 13.0
Frequency (Hz)

Figure 6. Group mean alpha-band power according toleach imager§ task (+ standard mean error). Power
spectrum of the evoked brain activity recorded in frontal channgls cluster per imagery task (A) and its average at 10
Hz to 12 Hz for the three imagery tasks (B). The average resultsfrom 8 Hz to 12 Hz and representative individual
results are presented as supplementary figure 2 and“4. Color. codes: red - alternate motion imagery (AM), blue -
constant motion imagery (CM), gray - static,dot imagery,(ST). The alpha-band power of the evoked brain activity
recorded in frontal channels cluster differs significantly,between the moving stimuli and the no-motion stimulus
(CM vs. ST, P = 0.007, corrected; AM vs. ST, P =0:003, corrected).

In order to understand the origin, of the alpha activity increasing during the visual imagery of
motion when compared to the visual imagery of a static dot, the EEG source localization for
alpha-band (from 8 Hz to 42 Hz) and<for two frequency sub-bands within the alpha range were
examined (from 8 Hz to 10 /Hz and from 10 to 12 Hz) applying the SLORETA method. The
different frequency sub-bands analyzed within the alpha range were based on the notion that
brain activity evoked by.sensory stimulation or imaging peaks tend to differ (Klimesch 1999,
Klimesch et al "2007). The source localization for activity evoked within this frequency-band
during visual/ stimulation was also performed as a control. We used the comparison of visual
moving stimuli (both’ motion conditions data combined) versus no-motion stimulus and the
comparison of visual motion imagery (both visual motion imagery tasks data combined) versus

no-motion visual imagery, using the data time interval from 0.5 seconds to 1.5 seconds.
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Figure 7. Source localization of the distinct alpha activity aIterati’ons during visual stimulation (control
experiment) and visual imagery performed using sLORETA. /Visual stimulation elicits the well-known
posterior alpha desynchronization while imagery ewkes anterior alpha synchronization. The source found for
the decrease in alpha during visual moving stimuli, when compared to non-moving stimulus, is shown at the left
panel (maximum difference at the frequengy-band from\8 Hz to 10 Hz). The right panel shows the identified
dominant frontal source for the increase in-alpha during visual motion imagery when compared to non-motion
imagery (maximum difference at the frequency-bandifrom 10 Hz to 12 Hz). The other views of each source analysis
are provided as supplementary figure‘3.

The highest level of alpha activity during the visual motion imagery in relation to the imagery
of a static dot was found on the J’Q)ntal lobe (t = 5.24, significant at P = 0.05 for two-tailed t test)
at the frequency-band from 40 Hz to 12 Hz (figure 7, right). During the visual moving
stimulation the lowest recordedylevel of alpha activity (desynchronization) in relation to the non-
moving stimulus eveked, brain/activity was found in the occipital lobe at the frequency-band
from 8 Hz to 10 Hz (t = -4.52, significant at P = 0.05, two-tailed t test) (figure 7, left).

Visual motion‘imagery. classification
The data were classified on trial-by-trial basis and using the relative spectral power of the
frequency:band from 7 Hz to 15 Hz of 6 selected EEG anterior channels (F3, F5, FC3, FC5, C3,
and C5).

The, results that reflect the success of distinction between each of the different combinations

of .classes are presented in the confusion matrix (table 1). The balanced accuracy was also
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calculated per class using a one-vs-all configuration based on those results. Once we have the
per-class accuracy for every class, we got the total balanced accuracy (table 2). On average the
three imagery tasks were classified with 87.64 % discrimination accuracy: 88.68..% on the
classification of static dot imagery, 88 % on the classification of constant motion imagery;. and

86.23 % on the classification alternate motion imagery.

Table 1. Confusion matrix of the total of classified EEG trials. Classification results of¢ 550 trials from each
imagery task - static dot imagery (ST), constant motion imagery (CM) and alternate motion imagery (AM).
~

Classification

ST CM AM

> ST 459 38 53

5

= CM 27 465 58

- AM 40 56 454
TS

Table 2. Group classification performance + SEM. Sensitivity (Sens), specificity (Spec) and balanced accuracy
(bACC) are presented as the group classification performance evaluation results for the imagery of a static dot (ST),
imagery of a dot with constant motion (CM) and imagery of a'dot with alternate motion (AM).

Sens Spec bACC
ST 8345 +4.20 |, 9391 +141 | 88.68 +2.72
CM 84.55 + 247 | 91.45 +1.96 | 88.00 + 2.07
AM 8255 £3.16 | 89.91 £+193 | 86.23 +2.32
Total 83.52£2.99 | 91.76 +1.49 | 87.64+2.24

The mean accuracy ,of classification was above the chance level for all participants (group
results significant at P =10.001 as revealed by a 2-tailed binomial test). From the eleven tested
participants, only two were classified with accuracy lower than 80 %. In the group confusion
matrix, it can_be seen that the best performance of the classification algorithm was in the
distinction of constant¢motion imagery from no-motion imagery. On the other hand, the classifier
presented«the “highest number of misclassifications in distinguishing between constant motion

imagery' trials and alternate motion imagery trials.

Discussion
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In this study we tested the hypothesis that visual motion imagery of an external actuator can lead
to different discriminable classes (at least 3) of EEG signal modulation, potentially available for
BCI control. We used three visual motion imagery strategies which consisted on the,imagery of
three visual conditions with different number of motion alternations. We _were, motivated by
findings showing that a different number of alternating sensory/perceptual signals’ (real or
imagined) lead to distinct neural responses (Tootell et al 1998, Huk and’Heeger 2002, Larsson et
al 2006, Sousa et al 2016). A single-trial classification approach.was, tested and successfully
differentiated between each of the 3 imagery strategies while with standard statistical analysis we
were only able to find significant differences between the imagery»of no-motion and the imagery
of visual motion conditions.

Visual motion imagery evoked an anterior alpha pattern. different than the visual motion
stimulation: in the first case we found an increase ‘of \alpha activity in fronto-central channels
while for the second case we found a decrease of alphaactivity in parieto-occipital channels. In
other words, different functional forms of alpha activity were found for brain responses evoked
by visual motion imagery and visual motion “stimulation.

It is well known that visual stimulation elicits. an occipital alpha power decrease, reflecting a
functional mechanism by which information I1s gated in visual cortex (Foxe and Snyder 2011,
Klimesch et al 2011, Schomerhand Lopes Da Silva 2011, Klimesch 2012). We found similar
alpha power suppression, mainly” in the, parieto-occipital region, during visual motion stimulation
conditions. In contrast, a sign'rﬁcgnt increase of alpha activity was found on the frontal channels
cluster during both visual /motion imagery tasks. Some studies have suggested an increase of
frontal alpha activity“.during highdnternal processing demands such as during working memory
tasks (Sauseng et al+2005,.Benedek et al 2011) and processes requiring imagination of stimulus
sequences (Cooper et al 2003). According to Klimesch et al (2007) and Schomer and Lopes Da
Silva (2011) the functional state where frontal alpha oscillations are dominant reflects a state of
reduced external/mformation processing that is referred as a ‘modulation gate’, and the decrease
of occipital alphapower corresponds to a situation in which attention to external stimuli is
enabled. “Moreover, previous studies suggest that mean frontal alpha amplitudes are enhanced for
more complex tasks (Cooper et al 2003). Thus, we suggest that the differences found between

the different motion alternation imagery tasks in which concerns frontal alpha activity, with a
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frequency peak above 10 Hz, can be related with the process of recovering the different
visualized motion sequence conditions.

The source for the highest difference between the no-motion and motion, visual imagery, tasks
and between no-motion and motion visual stimulation conditions differs, as expected, on the
alpha sub-band frequency and location. These results are in agreement with previous studies that
have shown different patterns of alpha desynchronization/synchronization subdividing the alpha
frequency-band into different sub-bands (Klimesch 1999, Klimeschyet,al 2007). The source
localization results for the power increase during visual motion imagery can be related with the
role of frontal lobe in memory processes (Lenartowicz and Melntosh.2005). In animal studies
similar observations could be reported for memory taskstinvolving temporally complex visual
information (Gaffan and Wilson 2008).

The potential value of imagery has been explored but mostly in the motor imagery domain,
i.e., imagery of motor movement visualization. Neuper andy collegues had shown that visual-
motor imagery did not reveal a clear spatial,pattern and therefore was not prone for classification
(Neuper et al 2005). Furthermore, they nalso did not find parieto-occipital alpha
desynchronization during imagery. Our. approach was different because we applied pure visual
imagery strategies of an external actuator. (an object) motion which totally distinct from motor
imagery.

Although a more classical statistical, approach could not discern between the visual motion
imagery tasks with different nl{nber of alternations, the SVM based classification algorithm
performed a successful distinction Jetween all visual motion imagery strategies supporting the
advantage of multivariate data.analysis approaches (Lemm et al 2011). The high performance
achieved by the classifier reveals potentially distinguishable brain activity patterns according to
each imagery task. Therefore, our results suggest that visual motion imagery can be used to
achieve multiclass contrel<systems with the potential for being implemented in BCI applications,
particularly in cases of mental disorders affecting attention, such as ADHD (Banca et al 2015,
DeBettencourt et al 2015, Ordikhani-Seyedlar et al 2016). Yet, real-time tests need to be carried
out in_the, future to confirm the feasibility of using our analysis approach in an online scenario.
Here we prioritized the optimization of signal to noise ratios in the experimental design as an
offline 'proof-of-concept study. In future experiments is necessary to take into account that BCI

users..in non-controlled environments are exposed to diverse visual stimuli. Furthermore, the
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occurrence of some misclassification errors related to the differentiation between constant

motion imagery and alternate motion imagery, suggest that there is room for task optimization.

Conclusion

This study provides a proof-of-concept showing that it is possible to achieve up to three classes
of control based on volitional brain activity modulation using pure visual,motion imagery.

Results show that the frontal alpha increased during visual motion”imagery of an external
actuator with distinguishable patterns of activity, as assessed by a,.SVM classifier, depending on
the level of motion alternation of the applied imagery strategy. A 3-class classifier was learned,
using only a few channels, achieving 87.64% offline /single-trial-"accuracy, which shows the
potential relevance of frontal alpha activity in imagery: processes and its potential application in

BCI research of mental disorders affecting attention such as ADHD.
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