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INTRODUCTION
Non-invasive electroencephalographic signals (EEG)
have long been used to decode motor features. The
decoding of movement onset or intention to move in
self-paced reaching tasks is obtained generally using
the ‘Bereitschaftspotential’ (BP), which is the negative
potential deﬂection that precedes a movement (Deecke
and Kornhuber, 2003), and/or from the event-relateddesynchronization (ERD) associated with preparation
and movement execution, such as the decrease in power
from baseline of the alpha (8–14 Hz) and beta bands
(15–30 Hz) (Tzagarakis et al., 2010). BP and ERD provide a signature deﬂection before the movement onset,
making movement detection quite reliable (Kilner et al.,
2004; Bai et al., 2011; Niazi et al., 2011). In addition,
the lateralized diﬀerence in deﬂection between brain
hemispheres provides decoding information of limb side
in tasks that require the selection of either the left or right
arm (Pfurtscheller et al., 2006; Huang et al., 2009; Nam
et al., 2011).
The advent of high-quality multi-channel EEG
recording systems and the signiﬁcant advance in the
ﬁeld of machine learning enabled decoding more
complex motion features, such as the direction of hand
movement in real (Waldert et al., 2008) and imaginary
conditions (Ofner and Muller-Putz, 2015). These decoding algorithms usually use classiﬁers like linear discriminant analysis (LDA) and support vector machine (SVM)
on signal features to decode classes of movements, while
other algorithms such as multivariate regression (MVR)
are used to decode hand movement trajectories (Rickert
et al., 2005). The signal features for decoding the direction of movement from one arm are most often extracted
from the lowest frequency band (<3 Hz, i.e., delta),
although in some cases features from the alpha and beta
bands also provided useful information (Brinkman et al.,
2014). Studies that used 2D center-out paradigms to
decode two classes (Lakany and Conway, 2007), three
classes (Hammon et al., 2008) or four classes (Waldert
et al., 2008; Robinson et al., 2013; Lew et al., 2014) of
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movements have reported success rates around 80%,
65% and 55%, respectively. When comparing the accuracy obtained in the diﬀerent studies using the kappa
coeﬃcient – an index that allows performance comparison between studies with diﬀerent number of categories
– the decoding accuracy for three and four class 3D
movements falls below 50%. Furthermore, in most studies targets are homogeneously distributed in the entire
workspace, be it 2D (Wolpaw and McFarland, 2004;
Robinson et al., 2013; Lew et al., 2014; Ofner and
Muller-Putz, 2015) or 3D (Bradberry et al., 2010; Antelis
et al., 2011), i.e., they are equally distributed around the
starting position. This kind of target conﬁguration may
enhance decoding accuracy due to more distinct representations of target positions and movement proﬁle.
In this work we aimed at testing whether block design
enhances decoding of generated or imagined pointing
movements to one of ﬁve targets positioned in the right
side of the subject workspace using EEG data. While
the classiﬁcation of left hand, right hand, foot, and
tongue imagined movements using EEG signal has
been rather successful (Scherer et al., 2004; Wolpaw
and McFarland, 2004), the discrimination of actual or
imagined pointing movements to diﬀerent targets with
the same limb, on the other hand, is more challenging.
This is due to the fact that these motor tasks activate
essentially the same motor-related neural networks for
all targets, thus, the discrimination between diﬀerent
actual or imagined movements has to rely more heavily
on diﬀerences in temporal and spectral features of the
neural activity rather than on diﬀerences in spatial activation patterns. In this study, we suggest that forming a distinct, target-speciﬁc neural activation pattern can be
enhanced by segregating the internal representation of
the diﬀerent conditions (targets) and that this may be pursued by forming a strong recollection of each of the hand
movements (muscle/kinesthetic memory) (Krakauer and
Shadmehr, 2006). As kinesthetic memory involves consolidating a speciﬁc motor task into memory through repetition (Karni et al., 1995; Brashers-Krug et al., 1996;
Shadmehr and Holcomb, 1997), a block design task
was utilized in which each target is pointed at for several
times consecutively.

EXPERIMENTAL PROCEDURES
Experimental paradigm
Fifteen healthy subjects (15 males, aged 25–46 years)
gave informed consent and participated in the study,
which was approved by the Wolfson Medical Center
Helsinki committee. All subjects were right-handed,
without any reported medical or psychological disease
and/or medication and had normal or corrected to
normal vision. The subjects sat 1.5 m in front of a
motion sensing device (Microsoft Kinect) and were
instructed not to move their head or talk throughout the
entire experiment. The experimental design consisted of
ﬁve targets; targets 1, 2 and 3 lay in the shoulder
horizontal plane forming 45°, 67.5° and 90°,
respectively, relative to a horizontal axis passing
through the torso and shoulder, whereas targets 4 and 5

lay 45° below and above the shoulder sagittal plane,
respectively, relative to a sagittal axis aligned with the
shoulder (Fig. 1A).
Six subjects, denoted as Group I, practiced a block
design task aimed at testing the model generalization to
diﬀerent motion velocities (slow and fast) and trial types
(actual and imagery). Nine subjects, denoted as Group
II, practiced both block design and non-block design
aimed at testing the eﬀect of the type of design on
decoding accuracy. In order to avoid eye movements/
blinks artifacts, the subjects were instructed to gaze at
the aimed target (not to track their moving arm) and try
to avoid eye blinks.
Group I
The subjects were informed that they should make, or
imagine making repetitive pointing movements with their
right dominant arm to one of the ﬁve targets distributed
in the workspace and return to the home position (‘H’) in
synchrony with an auditory cue (2-kHz and 1-kHz tone
for a forward and backward movement, respectively).
The task consisted of nine blocks with one minute
Inter Block Interval (IBI) (Fig. 1B). Each of the ﬁrst ﬁve
blocks (Block 1–5) comprised four sub blocks: slow
actual movements (SAMs), imagery of slow movements
(ISMs), fast actual movements (FAMs) and imagery of
fast movements (IFMs), all aimed at the same target
(T). The aimed target for block = {1, 2, 3, 4, 5) was
T = {1, 2, 3, 4, 5}, respectively. Each of the last four
blocks (Block 6–9) comprised two sub blocks: FAMs to
target X followed by IFMs to target Y, wherein X = {1,
3, 2, 5} and Y = {5, 1, 4, 2} for block = {6, 7, 8, 9},
respectively. There was a ten seconds rest (R) between
consecutive sub blocks.
Each slow sub block (actual or imagery) consisted of
15 trials whereas each fast sub block (actual or
imagery) consisted of 24 fast trials, all aimed at the
same target. Each slow (fast) trial comprised four
epochs: 0.8 s (0.5 s) forward movement, 0.8 s (0.5 s)
‘Pause at Target’ rest, 0.8 s (0.5 s) backward movement
and 0.8 s (0.5 s) ‘Pause at Home’ rest. Each slow or
fast sub block lasted 48 s.
Group II
The task consisted of ﬁve blocks, all comprising SAMs
with one minute IBI. All task characteristics (i.e.,
extrinsic cue, movement and sub block duration, IBI)
remained as described above. Three blocks (denoted as
‘non-repetitive’
blocks)
comprised
non-repetitive,
randomized movements, whereas two blocks (denoted
as ‘repetitive blocks’ comprised repetitive movements.
‘Non-repetitive’ blocks. In order to test whether motor
memory, evolving throughout the generation of repetitive
movements, can provide a useful basis for improved
decoding, data from repetitive blocks were contrasted
with data from non-repetitive blocks. Hence, the
subjects were instructed to perform a sequence of
randomized movements to diﬀerent targets rather than
generating repetitive movements to one of the targets.
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Rest
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Imagery Fast Movements (IFM)

Block 6 to 9
Sub block 1 (24 trials)
Fast Actual Movements (FAM)
Rest

Sub block 2 (24 trials)
Imagery Fast Movements (IFM)

Fig. 1. Experimental setup – Group I. (A) Targets positions. Targets 1–3 lay in the shoulder plane forming 45°, 67.5° and 90°, respectively, relative
to a horizontal axis passing through the torso and shoulder, whereas targets 4 and 5 lay 45° below and above the shoulder plane, relative to a
sagittal axis aligned with the shoulder. The home position (‘H’) was a foam pad glued to the chair right armrest. (B) Experimental paradigm. For the
ﬁrst ﬁve blocks, a ‘slow actual movement’ sub block (comprising 15 trials) was followed by an ‘imagery of slow movement’ sub block (comprising 15
trials), a ‘fast actual movement’ sub block (comprising 24 trials) and an ‘imagery of fast movement’ sub block (comprising 24 trials), all aiming at the
same target. For block 6–9, a ‘fast actual movement’ sub block (comprising 24 trials) to one of the targets was followed by an ‘imagery of fast
movement’ sub block (comprising 24 trials) to a diﬀerent target.

The targets and their order were set a priori, as asking a
subject to select a diﬀerent target for each movement may
result in undesired consequences such as thinking at
which target to point the following movement while the
hand is still on the move, resulting in concurrent
generation and planning of diﬀerent movements or while
the hand is resting in the ‘Pause at Home’ epoch,
resulting in possible loss of a trigger cue. The subjects
were informed of the upcoming sequence of movements
at the beginning of each block. Speciﬁcally, each block
comprised ﬁve identical sub blocks wherein a sub block
comprised four identical sequences of SAMs to four
diﬀerent targets. The targets and their order were
changed between the three blocks: {T2, T4, T5, T6},
{T1, T4, T3, T6} and {T1, T2, T5, T3} for block 1, 2 and
3, respectively.

‘Repetitive’ blocks. Each block comprised six sub
blocks wherein each sub block comprised 15 repetitive
movements to one of the targets (similar to the slow sub
blocks of Group I). The order of the sub blocks was
changed between the two blocks: {T1, T2, T4, T3, T6,
T5} and {T1, T3, T6, T2, T4, T5} for the ﬁrst block and
second block, respectively. For all the ﬁve blocks, there
was a ten-second rest between consecutive sub blocks.

In order to discard gel drying, attention loss or fatigue
related artifacts, three subjects practiced the ‘nonrepetitive’ blocks before the ‘repetitive’ blocks whereas
the other three subjects practiced the ‘repetitive’ blocks
before the ‘non-repetitive’ blocks. In order to test the
generalization of hand trajectory decoding, a sixth target
was added to the target conﬁguration (results to be
described elsewhere).
Data recording. We acquired parallel recorded
electroencephalogram (EEG), electromyogram (EMG)
and kinematic data in two computers connected by
serial communication (RS232). The EEG and kinematic
data were synchronized using timestamps. EEG signals
were recorded from 62 active channels (with gel) and
from one electrooculography (EOG) electrode that was
attached inferiorly to the orbital fossa of the left eye (g.
HIamp80,
g.tec
medical
engineering
GmbH,
Schiedlberg, Austria). The EEG was referenced to the
right ear lobe, ampliﬁed (gain: 20,000), ﬁltered
(Butterworth 0.5–100 Hz, 8th order) and sampled (A/D
resolution: 24 bits, sampling rate: 1200 samples/s). The
ground electrode was positioned over the Cz and
impedance for all active electrodes was below 50 kX.
We recorded surface EMG from the right arm biceps
(BPMP150MW, BIOPAC systems, Inc., Goleta, CA,
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USA). The EMG was ampliﬁed (gain: 2000), ﬁltered (1–
500 Hz), sampled (A/D resolution: 16 bits, sampling
rate: 2000 samples/s), rectiﬁed and averaged (time
window = 30 ms) in order to capture the ‘‘envelope” of
the signal for later rejecting arm biceps artifacts
(including mechanical artifacts) from the EEG signal
using
Independent
Component
Analysis
(ICA)
(denoizing). Next, the average rectiﬁed (AVR) EMG data
was resampled at 1200 Hz to match the sampling rate
of the EEG and EOG. Kinematic data were recorded
from the right dominant hand, elbow and shoulder at 30
frames per second (FPS) using a 3D Microsoft Kinect
camera system.
Computing trial length. A possible confound of the
results is a diﬀerence in reach time to diﬀerent targets
and back to home position based on range-of-motion. In
order to compute reach time (time diﬀerence between
motion termination and initiation) to each of the targets,
the kinematic data were ﬁrst smoothed with a sixth
order Butterworth ﬁlter, cut oﬀ frequency 8 Hz in order
to remove the high frequency, small jerky movements
caused by physiological tremor. Next, movement
initiation and termination (both for forward and backward
movements) were detected as the time point at which
motion velocity ﬁrstly exceeded and fell below 10 cm/s,
respectively, and movement time computed.
EEG data preprocessing. Data were preprocessed by
‘FASTER’ plug-in toolbox (Nolan et al., 2010) built on the
open source EEGLAB (Delorme and Makeig, 2004),
which allows automatic detection and correction of data
artifacts in ﬁve aspects of the EEG data: channels,
epochs, independent components (ICs), single-channel
and single-epochs. First, the EEG data were passband ﬁltered using an equiripple ﬁlter between 4–30 Hz in order
to discard low-band (e.g., baseline drift and motion artifacts) and high-band (e.g., EMG) artifacts. The channels
were analyzed for artifacts (a z score of P3 for voltage
amplitude (mV)) and any contaminated channels were
interpolated. Next, the data were referenced to the average of all scalp electrodes and ICA was performed on
the dataset. The resulting ICs were analyzed for artifacts
and contaminated ICs were subtracted from the dataset.
In order to extract the movement and imagery epochs,
the data were cut around the auditory cue onset – from
0 ms to 800 ms, for the slow movements, and 0 to
500 ms, for the fast movements. The epochs were analyzed for artifacts and any contaminated epochs were
removed from the dataset. Finally, the baseline (whole
epoch mean) was removed from each epoch.
Feature extraction
Multi-class Common Spatial Pattern (CSP) ﬁlters were
computed to extract discriminant information from
multiple classes of EEG signals (Grosse-Wentrup and
Buss, 2008). First, a covariance matrix was computed
for each of the ﬁve target classes. Next, the ﬁve covariance matrices were used to compute a joint approximate
diagonalization (JAD). It was shown that JAD of the EEG
covariance matrices conditioned on class labels is an

implementation of ICA, which is capable of separating
the signal and the noise subspace under the stated
assumptions and thus provides a suitable set of potential
spatial ﬁlters (Grosse-Wentrup and Buss, 2008). Finally,
the ICs that approximately maximized mutual information
of class labels and extracted EEG components were computed. We then used four CSP ﬁlters as features, wherein
each ﬁlter is the log of the weighted variance calculated
on the multi-channel data. It should be noted that in contrast to two-classes CSP wherein the ﬁrst and last columns of the weight matrix are the most important spatial
patterns that explain the largest variance of one task
and the smallest variance of the other, the ﬁrst column
of the weight matrix in the multi-class CSP is the spatial
pattern that explains the largest variance of activation
between all the conditions. In order to detect the electrodes whose activity is maximally diﬀerent for diﬀerent
conditions, i.e., whose weight magnitude is high (irrespective of its sign), the absolute value of the ﬁrst column of
the weight matrix was computed for each of the training
and testing datasets (see below) and averaged.
Feature classiﬁcation
Group I – ﬁrst ﬁve blocks. The ﬁrst ﬁve blocks were
used to assess the model speciﬁcity for a given target
(class) and its generality within a class. For each target,
trial type (actual/imagery) and speed (slow/fast) both
movements (forward and backward) were pooled. In
order to study the model speciﬁcity, a 5  5 crossvalidation was performed; the data of each of the ﬁve
classes of a given trial type and speed were divided into
ﬁve parts (1–5), taking for each test four parts of the
dataset for training and one part for testing. Hence,
55 = 3125 diﬀerent training and testing datasets were
prepared, covering all possible combinations. For
example, a single training dataset (out of 3125) of FAMs
may comprise trials 1–20 of sub block 3, 7, 11, 15 and
19 (FAM-Targets 1, 2, 3, 4, and 5, respectively), and
the corresponding test dataset comprising trials 21–24
of the respective sub block. Each of the training
datasets was used to train a multi-class SVM (Crammer
and Singer, 2001) with a radial basis function and classify
the corresponding testing dataset. The votes for each
class were counted and a confusion matrix computed.
The abovementioned procedure was repeated for each
of the two trial types and motion speeds. Finally, in order
to test the model accuracy for decoding target location,
irrespective of trial type, all the data were pooled across
all conditions for each subject and used to train and test
the model.
In order to study the generalization within a class, the
model was trained and tested on diﬀerent trial types and
motion velocities. For example, in order to test whether
the model generalized to a diﬀerent motion speed to the
same target, the model was trained on sub blocks 1, 5,
9, 13 and 17 (SAMs to targets 1, 2, 3, 4 and 5,
respectively) and tested on sub blocks 3, 7, 11, 15 and
19 (FAMs to targets 1, 2, 3, 4 and 5, respectively).
Fig. 3 summarizes the preprocessing steps and
decoding steps.
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Group I – last four blocks. The last four blocks were
used to test for dependency of decoding accuracy on
kinesthetic memory and time proximity between the
training and testing blocks. The model was trained and
tested on subsequent sub blocks; a sub block of FAMs
to one of the targets (training data) was followed by a
sub block of IFMs to a diﬀerent target (testing data). For

example, in order to test whether training on FAMs to
target 1 (sub block 21) results in high decoding of IFMs
to target 5 (sub block 22) simply due to their time
proximity, the model was trained on sub blocks 7, 11,
15, 19 and 21 (FAMs to targets 2, 3, 4, 5 and 1,
respectively) and tested on sub block 22 (IFMs to target
5). As was done for the ﬁrst ﬁve blocks, all possible

Experimental task

EEG data registration

EMG data registration

(62 channels+2 EOG, SR=1.2 kHz)

(right arm biceps, SR=2 kHz)

EEG data preprocessing (‘FASTER’)
Passband filter (equiripple, 4-30Hz)

EMG data preprocessing
Rectify and average (time
window=30 ms)

Kinematic data registration
(Hand x, y, z, SR=30 FPS

Kinematic data preprocessing
Smoothing filter
(6th order Butterworth,
cutoff frequency=8Hz)

Interpolate contaminated channels
Resample (1200Hz)
Compute average reference

ICA (noise and artifact reduction)

Trial length computation
(Vt >10 cm/s)

Feature classification
Prepare 55 =3125 training and test datasets

Extract epochs (actual, imagery, rest)

Use each training dataset to train a multiclass Support Vector Machine (SVM)

Remove contaminated epochs

Remove baseline (whole epoch mean)
Compute decoding accuracy

Feature extraction
Compute multi-class common spatial pattern (CSP) filters

Count the votes for each class and
generate a confusion matrix

A

B

Tangential velocity
[m*sec-1]

Fig. 2. Preprocessing steps. The ﬂowchart describes the preprocessing steps of the kinematic data and physiological data (both EEG and EMG)
and decoding steps, including feature extraction, feature classiﬁcation and computation of decoding accuracy.
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Fig. 3. The subjects generated stereotypical straight point-to-point trajectories with bell-shaped velocity proﬁles. (A) Mean (SD) path to each target
during fast actual movements (FAMs) of a representative subject (#1). (B) Mean (SD) tangential velocity to each target. The arrows indicate the
timing of a trigger cue for forward (F), pause (P) and backward (B) movement. (C) Mean EEG waveform of FC3h electrode, positioned over the left
sensorimotor area, to each target. The subject generated roughly straight point-to-point trajectories with bell-shaped velocity proﬁle. The
corresponding EEG signal was clean of non-physiological and physiological artifacts.
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combinations (3125) of training and testing datasets were
prepared and tested.
Group II. Each of the ﬁve classes data (SAMs to one
of the ﬁve targets) were divided into ﬁve parts, using for
each test diﬀerent 80% of the data to train the decoder
and 20% for testing, covering all possible combinations.
Each of the training datasets was used to train a multiclass SVM with a radial basis function and classify the
corresponding testing dataset. Finally, the votes for
each class were counted and a confusion matrix
computed. The analysis was performed separately for
the ‘repetitive’ and ‘non-repetitive’ blocks.
A ﬂowchart summarizing the preprocessing and
decoding steps is presented in Fig. 2.
Computing chance level
To assess statistical signiﬁcance of the classiﬁcation
performance, the distribution of chance classiﬁcation in
the case of ﬁnite number of test trials should be
considered. To that end, we calculated the probability of
getting k correct classiﬁcations by chance, which is
given by:
PðKÞ ¼ Cðn; kÞ  Pk  ð1  PÞnk

wherein C(n, k) is the number of k combinations out of n
test trials and P is the probability of classifying a target
in each trial (1/5 = 0.2).
For the fast sub block (comprising 24 trials) each
dataset comprised 100 training trials (20 trials for each
target) and n = 20 test trials (four trials for each target).
For the slow sub blocks (comprising 15 trials) each
dataset comprised 60 training trials (12 trials for
each target) and n = 15 test trials (three trials for each
target). Thus, for example, the chance of the model to
accurately decode 35% of the fast trials (e.g., seven
trials out of 20) is about 5% and it falls below 0.01% for
60% decoding accuracy.

RESULTS
Group I
First, we visually inspected the EMG and kinematic data
to verify that the arm was moving vs. idle during actual
movements and imagery trials, respectively, that
subjects
generated
stereotypical
point-to-point
trajectories to each of the ﬁve targets and that the
preprocessed EEG data were clean of non-physiological
and physiological artifacts (Fig. 3). Next, we tested for
movement time diﬀerences across targets. No
signiﬁcant diﬀerence between movement times (forward
and backward) was found across the ﬁve targets for
each of the subjects for both the slow (n = 30,
p > 0.07, F < 2.4) and fast (n = 48, p > 0.07, F < 2.3)
actual movements (one-way analysis of variance
(ANOVA)). Finally, we tested for a correlation between
EOG and kinematics (tangential velocity). The
coeﬃcient of determination between the two descriptors
was very low (r2 < 0.04) for all subjects (mean
± SD = 0.02 ± 0.02, median = 0.02).

First ﬁve blocks – the model estimated the target
location with high accuracy. In order to test the model
accuracy for decoding target location, the model was
trained and tested on a ﬁve-class training and testing
dataset, respectively. The analysis was performed
separately for the two trial types (actual/imagery) and
motion speeds (slow/fast). Next, a confusion matrix for
each of the four datasets and six subjects was
computed (see Experimental procedures). Averaging
across subjects, the decoder accuracy for the trained
target was signiﬁcantly higher than chance level for all
the four combinations of trial type and speed (84
± 15%, 84 ± 17%, 77 ± 25% and 79 ± 21% for slow
actual, slow imagery, fast actual and fast imagery of
movements, respectively; p < 0.001) (Table 1). The
average target decoding accuracy for both the ‘Pause at
Home’ and ‘Pause at Target’ epoch was 67 ± 27%,
suggesting that both of the rest periods included
discriminative neural patterns, probably due to ongoing
movement planning processes. Finally, in order to test
the model accuracy for decoding target location,
irrespective of trial type, all the data were pooled across
all conditions for each subject and used to train and test
the model. Averaging across subjects, the decoding rate
reached 75 ± 22 (72 ± 30%, 74 ± 39%, 77 ± 11%, 62
± 15%, 81 ± 15 and 84 ± 15 for subject 1–6,
respectively). Overall, these ﬁndings indicate that neural
features during both response (actual or imagined) and
rest epochs can be used to decode target location.
First ﬁve blocks – the model generalized to diﬀerent
trial types. To study whether decoding a target location is
dependent on trial type (actual/imagery) and motion
speed (slow/rapid), the model was trained on SAMs to
one of the targets and was tested on ISMs to the same
target, i.e., testing data preceded training data by one
sub block (48 s). Averaging across subjects, the model
decoded target location with 61 ± 11% accuracy, which
is signiﬁcantly higher than chance level (p < 0.001).
Decoding rate was also signiﬁcantly higher than chance
level when the training data were exchanged with the
testing data, i.e., the model was trained on ISMs and
tested on SAMs to the same target (57 ± 19%) or the
model was trained on FAMs and tested on IFMs to the
same target (63 ± 16%), and vice versa (64 ± 14%)
(p < 0.001 for all three tests). Overall, these ﬁndings
indicate that the model generalized well to diﬀerent trial
types (actual/imagery) than those used for training.
In order to test whether the model generalizes to
diﬀerent motion speeds, it was trained on one
movement speed and tested on the other one, keeping
trial type unchanged, hence, testing data preceded or
lagged training data by two sub blocks (96 s). For the
actual movements (training on SAMs and testing on
FAMs, and vice versa) decoding accuracy was very low
(20 ± 7% and 20 ± 2%, respectively) and not
signiﬁcantly diﬀerent than chance level (p > 0.2).
Similar results were found for imagery movements, i.e.,
training on ISMs and testing on IFMs, and vice versa
(19 ± 9% and 21 ± 2%, respectively; p > 0.2). The
model also failed to decode target location when it was
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Table 1. The model estimated the target location with high accuracy. A confusion matrix was computed for each trial type, motion speed and pause
epoch. Each confusion matrix presents the voting of the model for diﬀerent targets (rounded percent value), averaged across the six subjects. The
target location was correctly estimated (bolded numbers) in 84 ± 15%, 84 ± 17%, 77 ± 25% and 79 ± 21% of the trials for slow actual, slow imagery,
fast actual and fast imagery trials, respectively. Target location during ‘Pause at Home’ and ‘Pause at Target’ epochs was correctly estimated in 67
± 27% of the trials, indicating that these epochs comprised target discriminative features

Original location

Original location

Original location

Slow actual movements
1
96 ± 5
3±5
2
9 ± 10
82 ± 15
3
0±1
9±9
4
1±3
4±5
5
0±0
0±0

0±0
4±7
79 ± 19
11 ± 10
3±5

1±1
4±6
8 ± 11
73 ± 16
8 ± 10

0±0
0±0
3±7
11 ± 11
88 ± 12

Imagery of slow movements
95 ± 7
4±6
0±1
11 ± 18
80 ± 19
7 ± 11
2±4
6±7
77 ± 16
1±1
0±1
10 ± 13
0±0
1±2
7±9

0±0
2±4
7±6
78 ± 24
4±6

0±0
0±1
9 ± 12
11 ± 12
87 ± 14

Fast actual movements
1
92 ± 9
5±8
2
10 ± 10
76 ± 19
3
1±2
13 ± 15
4
3±6
1±1
5
1±1
0±0

0±0
12 ± 14
68 ± 29
9±8
7±9

3±7
1±3
14 ± 17
73 ± 30
14 ± 26

0±0
0±0
5 ± 11
14 ± 26
78 ± 32

Imagery of Fast Movements
83 ± 11
7±5
3±4
10 ± 9
83 ± 13
4±6
5 ± 10
5±8
74 ± 24
4±5
3±7
16 ± 21
2±3
0±0
6±8

6±9
2±3
10 ± 9
67 ± 32
5±9

1±2
0±0
6±7
10 ± 14
87 ± 17

Pause at Home
1
80 ± 17
9 ± 10
2
12 ± 7
69 ± 17
3
4±9
16 ± 15
4
2±3
5±7
5
0±1
2±4
1
2

3±3
12 ± 16
56 ± 34
18 ± 16
8±9
3

8 ± 13
7±9
15 ± 16
54 ± 38
12 ± 13
4

0±1
0±1
8 ± 11
20 ± 24
77 ± 22
5

Pause at Target
79 ± 18
10 ± 11
15 ± 13
67 ± 17
5±8
17 ± 16
5±6
4±6
1±1
1±1
1
2

7 ± 12
5±7
17 ± 19
53 ± 38
9±9
4

0±0
1±1
8 ± 13
22 ± 25
83 ± 14
5

Estimated location

3±6
12 ± 14
54 ± 34
17 ± 19
7±6
3

Estimated location

trained on SAMs and tested on IFMs (19 ± 5%, p > 0.2)
or vice versa, (20 ± 2%, p > 0.2), i.e., testing data
preceded or lagged training data by three sub blocks
(144 s). Thus, target misclassiﬁcation was found to
increase with increasing number of pointed targets
during the inter-sets interval (Fig. 4) – from 18 + 20%
for testing within the same training sub block to 80
+ 4% for testing three sub blocks after training.
Next, we aimed at testing whether the failure of the
model to generalize to diﬀerent motion speeds resulted
solely from lack of time proximity between the training

and testing sub blocks. To that end, the model was
trained and tested on data that were acquired in
consecutive sub blocks albeit during the generation of
movements with diﬀerent speeds; the model was trained
on slow imagery of movements to a given target and
tested on FAMs to the same target, and vice versa. It
was found that, for both tests, the model failed to
decode target location at signiﬁcantly diﬀerent than
chance level (21 ± 11%, p > 0.2 and 10 ± 1%,
respectively; p > 0.1) indicating that the inability to
generalize to a diﬀerent speed was not caused by the
lack of time proximity between the training and testing
sub blocks.

Misclassification (percent)

90

65

45

0

0

1

2

3

Number of sub blocks a training
condition precedes or lags a
training condition
Fig. 4. Target misclassiﬁcation was positively correlated with the
absolute number of sub blocks a training condition precedes or lags a
test condition. Dashed line – chance level of target misclassiﬁcation.
The misclassiﬁcation of a target was below chance level when the
trained and tested trials were taken from the same sub block or from
consecutive sub blocks.

Last four blocks – decoding accuracy is dependent on
target-speciﬁc and non-speciﬁc mechanisms. Time
proximity between a training sub block and a testing sub
block, both comprising pointing movements to the same
target, may result in enhanced decoding accuracy by
two mechanisms: (a) existence of similar baseline brain
states (target non-speciﬁc), (b) existence of a targetspeciﬁc, short-term motor memory. In order to
dissociate between the eﬀect that two mechanisms may
have on decoding accuracy, the subjects practiced a
sub block of FAMs to a given target (training data) that
was immediately followed by a sub block of IFMs to a
diﬀerent target (testing data), thus, the baseline brain
state of both sub blocks was kept similar whereas the
motor memory was incongruent (see Experimental
procedures). The model was trained and tested only on
fast movements (actual and imagery) as decoding
accuracy was previously found to depend on motion
speed.
It was found that when IFMs to a given target followed
actual movements to the same target by three sub blocks,
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the vote of the model for that target was greatest and
signiﬁcantly higher than chance level (55 ± 5%, 63
± 16% and 64 ± 7%, respectively; p < 0.01 for all
tests) and also signiﬁcantly higher than the vote for the
target lastly visited (p < 0.01 for all tests), suggesting
that short-term, target-speciﬁc kinesthetic memory has
an enhancing eﬀect on decoding accuracy. However, it
was found that when IFMs to a given target followed
actual movements to the same target by 10 sub blocks,
the model did not vote for that target (i.e., 0%) and the
vote was greater for the target lastly visited (70 ± 7%),
suggesting that time proximity has a major eﬀect on
decoding accuracy.

and testing datasets. Next, we generated a topoplot for
each of the two trial types, motion speed and pause
epochs, averaged across subjects. The six topoplots
exhibited a similar topography pattern wherein the most
discriminative features were extracted from electrodes
positioned over the contralateral sensorimotor area
(electrode C3h), the ipsilateral prefrontal cortex
(electrode F2) and the ipsilateral sensorimotor or
somatosensory cortex (electrode CCP4h) (Fig. 5).
These ﬁndings suggest that for all actual and imagery
movements or resting epochs, decoding of target
location relied mostly on changes in the spectrotemporal activation pattern in these electrodes rather
than on a change in the spatial activation pattern.

Group II – movement repetition enhances decoding
accuracy
To test whether the high decoding rate was tied with the
generation of repetitive movements (block design) to
each of the targets, we asked nine naı̈ve subjects to
generate both repetitive and non-repetitive, randomized
pointing movements to each of the targets. Averaging
across subjects, the decoder accuracy for the trained
target was signiﬁcantly higher than chance level when
the target was aimed at repeatedly (48 ± 18%,
p = 0.01). When a sequence of movements, one for
each target, was generated repeatedly, the decoding
rate of target position was low (30 ± 19%) and not
signiﬁcantly diﬀerent than chance level (p > 0.1)
(Table 2). These ﬁndings suggest that block design
enhances decoding accuracy by time proximity between
consecutive trials, possibly due to similar brain state
conditions and the consolidation of target-speciﬁc motor
memory.
Discriminative features are mostly extracted from
electrodes positioned over motor areas
In order to detect the electrodes which activity mostly
changed across conditions (targets) and thus are
preferentially used by the model for discriminating
between the ﬁve targets, we generated a 2-D topoplot
map of the most important (ﬁrst) CSP ﬁlter for each of
the six subjects practicing the block design task, trial
type (actual or imagery), motion speed (slow or fast)
and pause epoch (pause-at-home or pause-at-target).
The contribution of each electrode corresponds to its
absolute weight averaged across the diﬀerent training

DISCUSSION
Given the relatively low spatial resolution of the EEG
signals, the discrimination of neural activity patterns
between actual or imagined pointing movements to
targets in 3D space has to rely heavily on spectrotemporal rather than spatial diﬀerences. We suggest
that the segregation of the neural representation of
target locations could be enhanced by forming a strong
recollection of each of the response (motor memory),
which is known to be induced when an action is
generated repeatedly (Krakauer and Shadmehr, 2006).
To that end, we devised a block design task wherein an
actual or imagined movement to a target was repeated
consecutively for several times (Fig. 1). The response
type (actual/imagery, slow/fast) and order of the sub
blocks within the ﬁrst ﬁve blocks were set to test the speciﬁcity and generality of the devised classiﬁcation model.
The EEG data were passband ﬁltered in 4–30 Hz.
Although signal features for decoding the direction of
movement and kinematics in 3D reach-to-grasp task are
most often extracted from the lowest frequency band
(i.e., delta) (Agashe and Contreras-Vidal, 2011;
Brinkman et al., 2014; Paek et al., 2014; Agashe et al.,
2015), we used only the mid-range frequencies (i.e.,
theta, mu, alpha and beta) in order to attenuate potential
low-frequency (e.g., drift, arm movement) and highfrequency (e.g., EMG) artifacts and ensure that the
decoding of target location resulted from distinct neural
patterns, rather than non-neural sources. Moreover,
EOG, EMG and movement artifacts were later removed
by ICA. Overall, the model decoded actual movements
(slow and fast) with 80% accuracy (Table 1), which is

Table 2. Repetitive movements to the same target enhanced decoding of target location. A confusion matrix was computed for both the repetitive and
non-repetitive (randomized) trials for the Group II. The decoding accuracy (rounded percent value) averaged across subjects for the non-repetitive trials
was very low (30 ± 19%) and not signiﬁcantly diﬀerent than chance level (p > 0.1). The average decoding accuracy for the repetitive trials was
signiﬁcantly higher than chance level (48 ± 18%, p = 0.01)

Original location

Repetitive movements
1
42 ± 17
27 ± 14
2
25 ± 7
36 ± 19
3
7±5
8±5
4
8±4
11 ± 7
5
8±8
5±4
1
2
Estimated location

10 ± 8
13 ± 15
56 ± 15
14 ± 7
14 ± 6
3

10 ± 5
13 ± 8
12 ± 7
47 ± 15
11 ± 6
4

10 ± 9
13 ± 10
18 ± 10
21 ± 7
61 ± 17
5

Non-repetitive movements
36 ± 22
15 ± 3
22 ± 13
21 ± 7
21 ± 14
18 ± 4
23 ± 8
15 ± 3
22 ± 11
12 ± 6
14 ± 8
16 ± 7
12 ± 4
19 ± 9
18 ± 5
1
2
3
Estimated location

16 ± 7
19 ± 8
20 ± 6
42 ± 23
21 ± 7
4

12 ± 6
21 ± 10
19 ± 4
16 ± 7
30 ± 19
5
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Slow imagery

Pause at home

Fast imagery

Pause at target

Electrode weight

Slow actual

Fast actual

Fig. 5. Electrodes positioned over motor areas conveyed most of the discriminative neural features. Depicted are 2-D topoplots, averaged across
the six subjects, of the most important CSP ﬁlter (i.e., explaining the largest variance of activation between the ﬁve targets) for each movement trial
(actual or imagery, slow or fast) and rest period (Pause at Home and Pause at Target). Color bar – electrode weight. The electrodes who conveyed
most of the discriminative features across targets were positioned above the contralateral primary motor area, ipsilateral intermediate frontal gyrus
and ipsilateral somatosensory association cortex.

much higher than chance level (20%) and corresponds to
a kappa coeﬃcient of 75. The high decoding rate was not
caused by diﬀerence in reach time to diﬀerent targets as
analysis of movement time data showed that it was not
signiﬁcantly diﬀerent across the ﬁve targets. The classiﬁer
was also successful in decoding imagery movements
(slow and fast), reaching 81% accuracy. To the best of
our knowledge, no work has reported achieving this high
a decoding rate of imagined movements taking into
account the high number of targets (classes). The high
decoding rate is remarkable as all the pointing movements were generated with the same limb and aimed at
relatively adjacent targets in the 3D space, hence, the
same motor-related areas were activated across all conditions. The model generalized well for diﬀerent trial types;
the average decoding accuracy was 61% when training
was performed using slow or FAMs and testing was done
on imagery of slow or fast movement, respectively, and
vice versa. These ﬁndings are encouraging as an eﬃcient
brain–computer interface (BCI) system for disabled subjects should have the ability to decode imagined movements with high accuracy rate.
The high decoding rate of target position was tied to
the use of a block design, i.e., time proximity between
adjacent training or testing trials; analyzing the decoding

rate of Group II has shown that the model classiﬁed the
targets correctly 48% of the trials when subjects
generated repetitive (block) pointing movements and
was not signiﬁcantly diﬀerent than chance level, when
the subjects practiced sequences of pointing
movements to diﬀerent targets (Table 2). Moreover,
cross validation (generalization) analyses performed on
the ﬁrst ﬁve blocks of Group I have shown that target
misclassiﬁcation increased with increased number of
intervening sub blocks and elapsed time between the
trained and tested conditions (Fig. 4). Finally, the
analysis performed on the data that were registered in
the last four blocks of Group I revealed that an imagined
movement to a given target was mainly decoded as an
actual movement to the target that was lastly visited,
irrespective of its location, indicating that time proximity
has indeed a major impact on decoding performance.
As EEG signals are inherently non-stationary (Nunez,
2000), testing a model on data that were acquired proximately in time to training data may result in enhanced
decoding accuracy simply due to similar brain states or
environmental conditions. These brain states presumably
manifest diﬀerent levels of fatigue, attention or motivation
throughout practice rather than common signal artifacts
such as baseline drifts as these were removed.
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Several observations indicate that time proximity
between consecutive trials may lead to enhanced
decoding accuracy by an additional short-term
mechanism which is target-speciﬁc and is manifested by
distinct neural patterns: (a) The voting of the classiﬁer
for a target that was aimed at several blocks before
increase if that target matched the tested target
(compared to an unmatched target that was trained the
same number of blocks before); (b) The decoding
accuracy was higher if the trained and tested target
were aimed at with the same speed (fast or slow),
compared to diﬀerent aiming speeds, despite the longer
time interval between the two conditions (two sub blocks
vs. one sub block), which are more likely to result in
changes of brain state conditions and, thus, reduced
decoding accuracy; (c) Target decoding during the
pause epochs (both ‘pause-at-home’ and ‘pause-attarget’) preceding the pointing movements was
signiﬁcantly higher than chance level, albeit lower than
the decoding rate of the imagined movements (slow and
fast). As both the hand and eyes were idle during the
pause epochs, the decoding could be attributed to target
non-speciﬁc mechanisms (diﬀerent brain states) and/or
target-speciﬁc
mechanisms
(planning
processes
preceding each pointing movement).
An additional indication of the contribution of a targetspeciﬁc mechanism to the high decoding rate is the
similar spatial pattern of neural activation across
conditions; had time proximity between training and
testing epochs led to high decoding accuracy solely due
to similar environmental conditions, diﬀerent electrodes
could presumably provide the most discriminative
features for diﬀerent conditions as diﬀerent brain areas
may change activity diﬀerently with time. However, a
similar set of electrodes was found to provide the most
discriminative neural features for each of the four
conditions and two rest epochs (Fig. 5). Moreover,
these electrodes were positioned mainly over motor
related areas – the contralateral sensorimotor cortex,
the ipsilateral prefrontal cortex and somatosensory
cortex, long-known to be engaged in motor learning,
motor
imagery
and
visuomotor
coordination
(Georgopoulos et al., 1986; Decety et al., 1994; Scott
and Kalaska, 1995; Kakei et al., 1999; Moran and
Schwartz, 1999). Overall, these ﬁndings suggest that
even if the successful decoding of the pause epochs
resulted solely from target non-speciﬁc mechanism, the
signiﬁcantly higher decoding rate of the imagined movements, for which the hand and eyes were idle, is most
likely linked to target-speciﬁc neural mechanisms.
The decoding accuracy of the repetitive blocks of SAM
of Group II (48%, Table 2) were much lower than that of
the SAM blocks of Group I (84%, Table 1). This ﬁnding
suggests the lack of imagery trials for Group II may
have led to a less discriminable neural representation of
target position.
Previous behavioral and neurophysiological studies
have suggested that the acquisition and retention of
motor skills may result in signiﬁcant experience-related
reorganization
within
speciﬁc
motor
cortical
representations in the adult human brain (Karni et al.,

1995; Mandelblat-Cerf et al., 2011) and that even limited training experience (several minutes) can be suﬃcient to trigger performance gains that require time to
become evident (Karni et al., 1998). Hence, it may be
that generating repetitive movements, albeit brief in time
(48 s), to each of the targets induced target- and trialtype-distinct neural patterns that were used by the
model and resulted in high decoding rates. It is possible
that as the time interval between the training and testing blocks increased, the target-speciﬁc motor memory
waned,
which
resulted
in
greater
target
misclassiﬁcation.
Deciphering the mechanisms underlying the
enhanced decoding accuracy found for the block design
could ultimately be useful in more general settings
wherein movements are not executed in blocks. A
possible setup for enhancing the decoding of single trial
motor imagery may be to vibrate muscle tendon.
Tendon muscle vibration was proposed as a new
calibrating and task guidance methodology to further
improve motor imagery BCI by inducing a pseudokinesthetic sensation. It has been suggested that
subjects’ simulated kinesthetic experience during motor
imagery task is enhanced by accessing sensory
experiences from the illusory stimulation, which could
help make motor imagery more applicable to BCI (Yao
et al., 2015). Assuming that muscle tendon vibration leads
to the formation of segregated neural patterns it remains
to be studied whether cyclic, repetitive vibration of the
muscle tendons that are typically involved in the generation of diﬀerent pointing movements will enhance the
decoding of single trial motor imagery. This will substitute
the need for a block design and enable the devise of an
eﬃcient EEG-based BCI that can be used to control
robotic assistive devices to improve upper-extremity
motor recovery in individuals with stroke.
Open questions
The ﬁndings of the current study raise several
questions. First, the confusion matrices computed for
Group I (Table 1) and Group II (Table 2) showed that
the model decoded target location with high accuracy.
Examining the oﬀ diagonal values reveals that the
voting for any given target decreased as it got further
away in time (and number of blocks) from the tested
target. As was previously suggested, time proximity
between trained and tested conditions may aﬀect
decoding performance both by target-speciﬁc and nonspeciﬁc mechanisms. However, decoding performance
may also depend on the spatial proximity and/or the
relative position of the trained target with respect to
the tested target. Future studies will need to carefully
control and test for the possible eﬀect of time and
spatial proximity between the trained and tested
targets on decoding accuracy. Second, repeating
pointing movements for a short time period of 48 s
was suﬃcient to induce segregation in the neural
patterns, which was used by the model to decode
target location with high accuracy. It remains to be
studied the nature of the spectrotemporal changes in
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the neural patterns and the dependency of decoding
performance on trial length, rest period and number of
trials in a sub block. Finally, the eﬀect of targetspeciﬁc mechanisms on decoding performance was
shown to diminish as the time interval between the
trained and tested sub blocks increased. However,
increasing the time interval correlated with an
increased number of diﬀerent targets that were
pointed at during that time period. Hence, the waning
of target-speciﬁc motor memory may have also
resulted from motor memory interference. Future
works will study the eﬀect of time and motor memory
interference on decoding accuracy of target location.

CONCLUSION
Overall, our ﬁndings suggest that block design enhances
the decoding accuracy of target location and that the high
decoding rate is generalized to diﬀerent trial types.
Deciphering the mechanisms underlying the enhanced
decoding accuracy found for the block design and the
eﬀect of motor memory on decoding performance can
ultimately be used in more general settings wherein
movements are not executed in blocks.
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