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Abstract

Background: Most studies in the field of brain-computer interfacing (BCI) for lower limbs rehabilitation are carried
out with healthy subjects, even though insights gained from healthy populations may not generalize to patients in
need of a BCI.

Methods: We investigate the ability of a BCI to detect the intention to walk in stroke patients from pre-movement
EEG correlates. Moreover, we also investigated how the motivation of the patients to execute a task related to the
rehabilitation therapy affects the BCI accuracy. Nine chronic stroke patients performed a self-initiated walking task
during three sessions, with an intersession interval of one week.

Results: Using a decoder that combines temporal and spectral sparse classifiers we detected pre-movement state
with an accuracy of 64 % in a range between 18 % and 85.2 %, with the chance level at 4 %. Furthermore, we found a
significantly strong positive correlation (r = 0.561, p = 0.048) between the motivation of the patients to perform the
rehabilitation related task and the accuracy of the BCI detector of their intention to walk.

Conclusions: We show that a detector based on temporal and spectral features can be used to classify pre-movement
state in stroke patients. Additionally, we found that patients’ motivation to perform the task showed a strong
correlation to the attained detection rate of their walking intention.
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Introduction
Stroke is one of the leading causes of neurological disabil-
ity among adults and often causesmovement impairments
[1]. For patients with motor deficits in lower extremities,
gait rehabilitation can improve activities of daily living
[2]. A new tendency in rehabilitation is to involve not
only the patient’s body but also their brain. This ten-
dency, called “human in the loop”, allows to increase the
engagement and motivation of the patients while actively
performing the tasks [3]. It has been shown that corti-
cal plasticity of both brain hemispheres contributes to
successful gait rehabilitation [4–6]. In order to facilitate
closing the loop, rehabilitation devices should be able to
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detect cognitive processes related to the therapy. This can
be achieved by using electroencephalography (EEG) based
brain-computer interface (BCI).
One of the cognitive processes involved in rehabilitation

is the intention to move. Neural correlates of movement
intention, as measured by EEG, are the motor-related
cortical potential (MRCP) [7, 8] and the event-related
(de)synchronization (ERD/S) [9]. Since these correlates
anticipate movement, they can be used to trigger pros-
thetic devices such as exoskeletons, and facilitate the
usage of BCIs in rehabilitation [10–13].
Lower-limbs pre-movement state has been recently

studied in healthy subjects when performing move-
ments such as ankle dorsiflexion [14], knee movements
[15], simultaneous dorsiflexion of both feet [16], sitting-
standing transitions [17] or analysis of lower limbs in
the context of gait function [18–22]. However, only few
studies have shown the feasibility of these methods on
stroke patients [23, 24]. In one of the studies [23], MRCPs
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are used for the detection of pre-movement states when
performing overt and covert ankle-dorsiflexion in both
healthy and stroke subjects. Another study [24] relies on
the detection of ERD as a pre-movement correlate when
performing ankle-dorsiflexions, for the control of a func-
tional electrical stimulation (FES) rehabilitation device. To
our knowledge, this is the first study about the detection of
self-initiated walking, relying on EEG correlates, in stroke
patients.
On the basis of an experimental setup with nine stroke

patients that underwent three recording sessions with one
week between them, we address two hypotheses. First,
based on a previous study with healthy subjects [22],
we hypothesize that an EEG-based decoder that com-
bines temporal and spectral features can detect the pre-
movement state of stroke patients. Next, we surmise that
the intrinsic-motivation of the patients when performing
tasks related to gait-rehabilitation can positively modulate
the accuracy of the EEG-based detector.

Materials andmethods
Experimental procedure
Nine chronic stroke patients (three females, mean age =
59.7 years, SD = 11.3 years) participated in the experi-
ment. They were recruited from the Universitary Clinic
of University Rey Juan Carlos in Madrid, Spain. Demo-
graphic and clinical information of the participants is
shown in Table 1. All patients suffered hemispheric stroke
(four on the right side and five on the left side). Three
of the patients suffered a hemorrhagic stroke and six an
ischemic stroke. According to the Waterloo Footedness
Questionnaire [25] four out of nine subjects were right-
footed. The Fugl-Meyer Assessment for Lower Extremity
(FMA-LE), which consists of 43 items, with a maxi-
mum possible score of 86 points was administered to all
patients. Each item was answered using a 3-point ordi-
nal scale (0 = cannot perform, 1 = can partially perform,
2 = can fully perform). The assessment was completed

by trained registered physical therapists. The experimen-
tal protocol was approved by the ethical committee of
the HYPER project (approval number 12/104)1 and all
patients gave written consent before participating in the
experiment.
The experiment took place in the Motion Analysis,

Ergonomics, Biomechanics and Motor Control Labora-
tory (LAMBECOM), Faculty of Health Sciences, Rey Juan
Carlos University, Madrid, Spain. Patients performed the
experiment in three sessions, with a week between ses-
sions. Figure 1 illustrates the protocol of the experiment.
The experimental protocol was the same during all three
sessions. Each trial was composed of two parts: relax-
ation and movement. Both parts had variable time lengths
according to the patient needs. The relaxation part started
with an auditory cue that instructed the patients to relax
and reduce movements. After approximately ten sec-
onds another auditory cue instructed the patients to start
walking whenever they want. Patients were previously
instructed to wait a couple of seconds after hearing the
second auditory cue. After every twenty trials there were
break intervals with a duration adjusted to the need of the
patients. A phase consisted of twenty trials and a break
interval. A session had five phases, comprising a total of
100 trials.

Data acquisition and preprocessing
EEG data were recorded using a TMSi Refa amplifier and
a 30-channel EEG cap prepared for water based electrodes
(from TMSi, Enschede, The Netherlands). The EEG sen-
sors were located at Fp1, Fpz, Fp2, F7, F3, Fz, F4, F8,
FC5, FC1, FC2, FC6, T7, C3, Cz, C4, T8, CP5, CP1, CP2,
CP6, P7, P3, Pz, P4, P8, POz, O1, Oz, O2, following the
10/10 international system, with the ground placed on
the right wrist and two sensors on the ear lobes used for
average linked ears reference. Electromyographic (EMG)
data were recorded with the same amplifier using two
bipolar Ag/AgCl electrodes on the top of tibialis anterior

Table 1 Demographic and clinical information of nine stroke patients

Patient Gender Age Type Affected brain Time since Fugl-Meyer Particular
number (years) of ictus hemisphere ictus (years) score brain condition

1 F 52 ischemic left 4.75 86 no

2 F 54 ischemic right 16.5 66 no

3 M 41 hemorrhagic right 13.66 62 brain surgery

4 F 69 hemorrhagic left 2.33 81 no

5 M 76 hemorrhagic left 1.75 73 no

6 M 67 ischemic left 9.75 80 no

7 M 54 ischemic right 4.66 69 titanium plate

8 M 71 ischemic left 2 55 no

9 M 54 ischemic right 1.42 72 no
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Fig. 1 Protocol of the experiment

muscles of the right and left legs. This muscle was cho-
sen as being consistently reported as one of the first that
activate in walking [26] of healthy subjects. EEG and EMG
electrodes impedance was kept below 5K�, and below
20K�, respectively. Shielded cables (TAS2, TMSi) were
used to diminish the artifacts introduced by cable move-
ments. EEG and EMG signals were recorded at a sampling
frequency of 256 Hz, without filtering. The amplifier
was carried by the subjects in a backpack during the
experiment.
EEG and EMG data preprocessing follows the method-

ology in [22]. For the computation of movement onset,
EMGdata were segmented in trials between the relaxation
cue and five seconds after the preparation of movement
cue. Next, the data was Hilbert transformed and a thresh-
old of 10 % of the highest value was computed. The onset
of motion was calculated as 100 ms before the considered
threshold crossing. Figure 2 presents on a logarithmic
scale, the power of EMG traces aligned to the movement
onset, for one representative subject during one recording
session.

Trials in which the onset of motion was detected before
the preparation of movement cue were rejected as con-
sidered artifactual due to erroneous execution of the
experimental protocol. After trial rejection, there were in
average across subjects and sessions 96 remaining trials, in
a range between 86 and 100 trials. Segments of EEG data
(hereafter called trials) with a length of six seconds were
extracted prior to the movement onset.

Neurophysiological analysis
On the remaining trials, artifacts were removed in two
steps. First, within each EEG channel a trial exclusion cri-
teria was imposed by improbable data appearance. This
exclusion criteria was computed using the joint proba-
bility function of EEGLAB 13.3.2 toolbox [27]. The trials
that were outside three standard deviations of the esti-
mated probability distribution per channel were rejected.
Next, EEG data were processed with FastICA [28] and
the independent components with an amplitude larger
than two times the standard deviation of the mean val-
ues were rejected as considered artifactual. The remaining

Fig. 2 EMG traces of tibialis anterior muscles of the right or left leg for one subject during one recording session
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components were projected back to the sensor-space for
the rest of the analysis.
Movement related cortical potentials and event-related

desynchronization were used to assess pre-movement
cortical activity. For the MRCP analysis, EEG data were
band-pass filtered with a zero-phase shift Butterworth
second order filter at 0.1 − 1 Hz and downsampled to
10 Hz. For the ERD, the time-frequency representation of
the power was computed using Morlet wavelets [29], with
a resolution of 0.5 Hz in the frequency band 0.1 − 30 Hz.
The significant ERD maps were computed using a base-
line interval between −4 to −2 s with a bootstrap analysis
at a significance level of p = 0.05 [30]. sLORETA [31]
was used to visualize the estimated location of MRCP
and ERD activity at the onset of motion using the default
parameters (no regularization).

Feature extraction and classification
Following a similar feature extraction procedure to the
one described in [22], we extracted features from ten
channels (F3, Fz, F4, FC1, FC2, C3, Cz, C4, CP1, CP2)
located over the precentral, central and postcentral motor
and sensorimotor cortex. The MRCP features were the
amplitudes of the signal in the 0.1− 1 Hz frequency band.
The ERD features were the logarithmic power of the sig-
nals in theμ (8−13 Hz) frequency band. Features for both
processes were extracted with a one second long sliding
window in steps of 125 ms. Windows previous to −1.5 s
time moment (w.r.t. the movement onset) were labeled
‘relaxation state’ and those following−1.5 s time moment,
were labeled ‘pre-movement state’. We extracted a total of
41 windows out of which 8 belonged to the pre-movement
class.
For model selection and classification we used sparse

linear discriminant analysis (SLDA) [32]. The SLDA reg-
ularization hyperparameters (�1 and an �2-norm) were
selected in the five-fold inner cross-validation loop. We
used a detection model on two layers for the classification
of pre-movement state. The first layer has two single-
layer detection models based onMRCP and ERD features,
while in the second layer we used linear discriminant anal-
ysis. Amore detailed description of the two-layeredmodel
can be found in [22].

Detection model evaluation
On the trials retained after data preprocessing, we per-
formed classification analysis in a 5 × 5-fold nested
chronological cross-validation [33]. The nested cross-
validation contained an outer and an inner loop. In the
outer loop, chronologically ordered trials were separated
into training and test folds. On the training folds of the
outer loop, we rejected artifactual trials using joint prob-
ability, as described in the Neurophysiological analysis
subsection, and learned the parameters of FastICA. The

features of the training folds were normalized to Euclidean
length. On the training folds we ran the inner loop of the
cross-validation (model selection), in which we selected
the SLDA hyperparameters in a grid search and the
probability threshold that maximizes performance on the
inner validation set. Next, in the outer loop of the cross-
validation, the SLDA weights were computed according
to the �1-norm and �2-norm regularization hyperparam-
eters selected previously. The parameters of the FastICA,
the normalization parameters, the hyperparameters and
the parameters of SLDA, as well as the probability thresh-
old were carried over from the training to the test folds
of the outer cross-validation loop. For a realistic outcome,
joint probability artifact rejection was not applied to the
test folds of the outer cross-validation loop. Hence, no tri-
als have been removed from the test folds. Next, on the
test folds of the outer loop we assessed the probability
output of the detector on all the trials that were executed
according to the experimental protocol. In this assessment
we denoted the pre-movement class as the positive class.
The cross-validation procedure follows the methodology
described in [22].
The performance of the detection model was evaluated

by the percentage of correctly classified trials for each of
the five folds. A trial is correctly classified if it has nonzero
sensitivity and maximum specificity. More specifically if
it contains at least one true positive window in the ‘pre-
movement state’ time interval and has no false positive
windows in the ‘relaxation state’ time interval [22].

Intrinsic Motivation Inventory
To assess the participants’ motivation to perform the
experimental task, we used the Intrinsic Motivation
Inventory (IMI), which is a multidimensional measure-
ment tool [34] with seven scales (interest/enjoyment,
perceived competence, effort/importance, felt pres-
sure/tension, perceived choice, value/usefulness and
personal relatedness scale). We used this tool to explore
potential correlations between patients’ overall motiva-
tion to perform the rehabilitation related task and the
accuracy of the BCI-detector of their intention to walk.
The questionnaire was administered at the end of each
session of the experiment. During this experiment we
used only the first six subscales. The interest/enjoyment
subscale is considered the self-report measure of intrinsic
motivation; thus, although the overall questionnaire is
called the Intrinsic Motivation Inventory, it is only the
one subscale that assesses intrinsic motivation, per se.
The perceived choice and perceived competence concepts
are considered positive predictors of both self-report and
behavioral measures of intrinsic motivation, and pres-
sure/tension is known as a negative predictor of intrinsic
motivation [34]. Effort is a separate variable that is rele-
vant to some motivation questions. The value/usefulness
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subscale is used for patients to internalize and become
self-aware of the activities that they experience as useful
or valuable for themselves. The questionnaire used in this
experiment had a total of 37 questions. Participants gave
scores on a seven-point Likert scale (1: not at all true and
7: very true).

Results
Neurophysiological analysis
EEG pre-movement correlates, MRCP (0.1 − 1 Hz) and
μ band (8 − 13 Hz), were used to assess the intention
to walk in all 27 cases (9 subjects x 3 sessions). Statisti-
cally significant neural correlates were found in 19 cases.
For the statistical analysis we used as measurement points
the mean of the ‘pre-movement state’ time interval for ten
EEG-channels (F3, Fz, F4, FC1, FC2, C3, Cz, C4, CP1 and
CP2) for the MRCP and logarithmic power in the μ band.
A two-way ANOVA with factor subject and three repe-

titions (sessions) was conducted to compare the subjects’
neural correlates. The null hypothesis was rejected as the
measurement points were significantly different between
subjects (F(2, 8) = 11.56 (9.41), p < 0.05). Post-hoc
comparisons for the MRCP and μ band using the Tukey-
Kramer critical value indicated that the mean score for
subject 1 session 2 and 3, subject 4 session 2, subject 6 ses-
sion 2, subject 7 sessions 1 and 3, subject 9 sessions 1 and

3 were significantly different than the mean of the other
subjects (M = −4.36 (0.87), SD = 0.89 (0.47)). These sub-
jects and sessions were discarded from the grand average
analysis (Fig. 3), but were kept for the rest of the anal-
ysis, as we are interested in a realistic evaluation of our
detection model (see Figure 8 from Appendix).
Figure 3 shows the grand average processes. Figure 3a

presents the MRCP correlate as a negative amplitude
deflection starting a second and a half before the onset and
reaching maximum negativity 200 ms after the movement
onset. Figure 3b shows the time-frequency representation,
in the frequency range of 0.1 − 30 Hz. The dashed lines
mark the μ band in which the desynchronization starts
a second before the onset and persists during the move-
ment. The brain regions that elicited the most activity
during the intention of motion state were Brodmann areas
4 and 6, as shown in Fig. 3c and Fig. 3d.
The individual results for each of the nineteen cases

are consistent with the presented results. There was
no significant difference (two-sample t-test, p > 0.05,
Bonferroni correction) in the neural correlates represen-
tation for footedness between subjects.

Feature selection and classification
Figure 4 presents the point-biserial correlation coefficient
r2 between features and classes, and the consistency in
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Fig. 4 Feature selection. r2 values and consistency in feature selection on a time window of one second for the MRCP detection model (a) and the
ERD detection model (b). Consistency stands for how often a feature is selected across all sessions and all subjects and is depicted by the size of the
triangle, on a percentage scale from 0 to 100

feature selection attained by the MRCP and ERD detec-
tion models, across all subjects and all recording sessions.
The two evaluations are used in a complementarymanner.
Since r2 is a univariate measure it reports discriminabil-
ity at a feature level, while consistency is a multivariate
measure derived from the sparse weights of the classi-
fier. Higher discriminability was attained between rest and
pre-movement states for the MRCP features than for ERD
features, see Fig. 4a, b. More specifically, for the MRCP
features in Fig. 4a, central channel Cz, precentral channels
FC1 and FC2 and post central channels CP2 were themost
discriminative in the last 200 ms window. Figure 4b shows
the r2 values for the μ desynchronization power features
attained with the ERD detection model. The channels
that discriminate rest state from pre-movement state are
fronto-central FC2, central C3 and Cz and postcentral
CP1 and CP2.

The consistency in feature selection represents how
often a feature is selected by the SLDA detection
model during all the sessions and across all the sub-
jects. In Fig. 4a the features that were most frequently
selected (84 %) belong to the last 200 ms window for
the central channel (Cz) and the precentral channels
FC1. These channels also presented discriminative r2
values in the last 200 ms window. Similarly, Fig. 4b
shows the r2 values and the consistency in feature
selection for the μ desynchronization power features
attained with the ERD detection model. The features
that were mostly selected (61 %) belong to postcen-
tral channel CP2, and with a 58 % consistency in
selection to central channels Cz. The ensemble detec-
tion model had the magnitude of the weights ratio
of 1/6 in the selection of ERD features to MRCP
features.

Fig. 5 Performance as a percentage of correctly classified trials. Distribution of session-specific performance as a percentage of correctly classified
trials for the nine subjects (a) and subject-specific transitions in performance across the three sessions (b). The circles represent the performance of
each subject Performance as a percentage of correctly classified trials. Distribution of session-specific performance as a percentage of correctly
classified trials for the nine subjects (first panel from the left) and subject-specific transitions in performance across the three sessions (next panels).
The circles represent the performance of each subject
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Detection model evaluation
Figure 5 presents the performance as percentage of cor-
rectly classified trials during the three sessions. The
obtained accuracies were above chance level, which
was computed by randomly interchanging the labels of
a whole sequence of sliding windows between classes
(33 windows for the rest class and 8 windows for the
pre-movement class). Due to class imbalance and to a
long sequence length (41 windows), the chance level
was 4 %.
We found no statistically significant difference between

sessions (two-sampled t-test, p > 0.05, Bonferroni cor-
rection). In Fig. 5a, the first session has the largest median
value of 66 %, while the second session has a median
performance of 64 %, followed by the third session with
57 % median performance. More specifically, Fig. 5b
presents for every three subjects the transition in per-
formance between the three sessions. Subjects 2, 4, 5,
8 and 9 show large variability in performance between
sessions.
Figure 6 shows the behavior of the detection model

after applying the probability threshold and obtaining a
binary output. We present single-trial outputs chronolog-
ically, for each subject and each session in an interval of
five seconds prior to the movement. During the first ses-
sion our method achieved for subject 3 and subject 7 the
lowest detection rate, 34 % and 44 % respectively. These
two subjects, had particular medical conditions (brain
surgery and titanium plate over the right brain hemi-
sphere). Moreover, subject 7 was also found significantly
different from the rest of the group during the neurophys-
iological analysis. In the following sessions for these two
subjects we also attained lower performances (18 %, 23 %,

during session 2, and 22 %, 34 %, during session 3, respec-
tively). For subject 5 we found poor scores in the second
and third sessions (33 % and 21 %).

Intrinsic Motivation Inventory results
Figure 7 shows the correlation between the performance
scores and the psychological results related to the task.
These factors are motivation, perceived competence,
effort, pressure, perceived choice and usefulness. The
psychological results were collected using the Intrinsic
Motivation Inventory [34]. Figure 7 presents the measure-
ments for the last seven subjects during the three sessions,
because the first two subjects have not filled out the ques-
tionnaire. On the top of each panel is shown the correla-
tion score and the significance p-value of each correlation
measurement. The correlation between performance and
motivation (r = 0.561), as well as the correlation between
performance and usefulness (r = 0.542) are the only ones
that have a significant and close to significant p-value (p =
0.048 for motivation and p = 0.055 for usefulness) after
Bonferroni-Holm correction [35].

Discussion
In the present work we show, first, that stroke EEG data
related to pre-walking state is classifiable using a detec-
tor that combines temporal and spectral features. Our
detectionmodel is based on a linear discriminant classifier
that combines the outputs of MRCP-based and ERD-
based sparse classifiers. For the evaluation of the detection
model, we used the percentage of correctly classified tri-
als as a metric of performance [22]. We attained a median
detection rate of 64 % in a range between 18 % and 85.2 %,
whereas the chance level was 4 %.

Fig. 6 Single-trial chronologically ordered classification outputs for each subject during the three sessions. The percentages represent the average
performance of all the test folds in the cross-validation. Red lines are used to separate the subjects within a session. The black color is associated
with the pre-movement class and the white one with the rest class
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Fig. 7 Correlation measurements between performance and psychological factors. The psychological factors are motivation (top left panel),
perceived competence (top right panel), effort (middle left panel), pressure (middle right panel), perceived choice (bottom left panel), and
usefulness (bottom right panel). The red line shows the linear-regression for each distribution

Second, based on previous findings [36], we hypoth-
esized that for patients highly motivated to execute the
rehabilitation related tasks we will attain higher detec-
tion rates. Therefore, we assessed the intrinsic motiva-
tion [34] to perform therapy related sessions, and found
that the self-reported motivation and the perceived use-
fulness of the rehabilitation task had a strong positive
effect on the number of correct detections of walking
intention.

Neurophysiological findings
At a neurophysiological level, we assessed the difference
over the three sessions (repetitions) between subjects at
the beginning of the analysis by a statistical measure (two-
way ANOVA) using the patients’ neural correlates (MRCP
and ERD) as dependent variables. After correcting for
multiple comparisons, we found that some of the sam-
ples corresponding to a certain subject and session (e.g.

subject 1 session 3) had measurement points far from
the common mean and were rejected from the electro-
physiological analysis. The variability of the MRCP and
ERD is shown in Figure 8 from Appendix. The differ-
ence in the neural correlates can be seen both between
sessions and subjects. For example, subject 2 and sub-
ject 8 have different session-specific and subject-specific
patterns.
Even though a direct comparison is not straightforward

due to several differences, mainly in age and medical con-
dition, the similarity of the grand average EEG-based pre-
movement correlates can be observed between healthy
young adults [22] and chronic stroke patients. However,
it remains an open question whether similar results could
be obtained with subacute stroke patients. Patients in an
earlier stage (acute or subacute) of the stroke could bene-
fit more from a self-paced and self-initiated rehabilitation
therapy.
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BCI detection of pre-movement state
EEG-based BCIs have been extensively used in studies
about the detection of upper-limbs movement intention
in healthy subjects [12, 37–40], and in stroke patients
[10, 12, 41, 42]. In spite of the large number of stroke
incidents affecting the lower limbs and the gait func-
tion, less attention has been devoted to studies about the
detection of lower-limb pre-movement state in healthy
subjects [21–23, 43], and even less in stroke patients
[10, 12, 41, 42].
Furthermore, the majority of existing EEG studies on

pre-movement state detection use either low-frequency
amplitude features [12, 23, 37, 44, 45] or spectral features
for the analysis [10, 46–49]. Recent studies on healthy
subjects report the usage of MRCP features to detect
the intention to move the lower-limbs, in tasks such
as foot torque movements [43], ankle dorsiflexions [23]
or gait movements [21, 22]. For the detection of pre-
movement state in foot torque movements [43] the accu-
racy ranged between 60 % and 84.2 % depending of the
family of wavelets used in classification. In the case of
ankle-dorsiflexions pre-movement state detection [23] an
accuracy of 82.5± 7.8 % (N = 15) has been obtained using
an optimized spatial filtering technique.
The detection of gait pre-movement state has been pre-

sented in [21, 22]. In [21] a true positive rate (TPR) detec-
tion of 76.9 % and a false positive rate (FPR) of 2.93 ± 1.09
per minute has been reported using a template-matching
technique based on one second long windows prior to
the MRCP peak. The detection was performed until one
second after the motion onset. In a previous study [22]
we evaluated the detection of gait intention until motion
onset and found a TPR of 67.2± 5.9 % and a FPR of 0.79±
0.17 per minute, using an asynchronous detector that
combines MRCP and ERD features. In the current study
on chronic stroke patients, we obtained a lower median
performance (64 %), as percentage of correctly classi-
fied trials, compared to the results reported previously in
healthy subjects (70 % correctly classified trials). More-
over, we showed in [22] that the transfer between sessions,
more precisely the removal of session-specific calibration
of the BCI detector, introduces a decay in performance of
4 % for intervals of one or twoweeks between sessions. For
the chronic stroke patients in this study, the intersession
transfer performance was lower than 30 %. The attained
decay in performance was more than 32 % compared to
the previous decay of only 4 %, in healthy young adults.
The lower signal-to-noise ratio in the stroke patients,

relative to the one observed in healthy subjects [22], could
explain the larger decay in performance between ses-
sions.Moreover, this difference in the signal-to-noise ratio
between the two groups of subjects could be due to several
factors such as age, brain condition, medication, fatigue,
and others, that lead to variability in the neural correlates.

During the recovery period, patients in earlier stroke
stages (acute and subacute) have shown large variability
in their brain activity [50–53]. However, in our study the
patients were in later stages of chronic stroke (between 1.4
and 16 years following stroke) and it is unlikely that the
session-to-session decay is due to the recovery and to the
associated brain plasticity, however further investigation
is needed.
Nevertheless a direct comparison with previous studies

is not easy due to difference in experimental protocol and
methodology. One should note that the metric we use to
quantify the performance in [22] and in the current study
is the number of correctly classified trials. This metric
applies a highly restrictive criterion since it considers a
trial as correctly detected only if it has non-zero sensitivity
(at least one window correctly classified as pre-movement
state) and maximum specificity (no false positive detec-
tions). This metric is suitable for rehabilitation scenarios
where the number of false positive detections (e.g. activa-
tions of a prosthetic device) should be minimized.
There are few studies that report the usage of EEG

signals for the detection of intention to move the lower-
limbs in stroke patients. One recent study [23] shows
the detection of overt and covert self-paced execution
of ankle-dorsiflexion in both healthy subjects and stroke
patients. The data was analyzed with different spatial
filters and a matched filter supervised approach to deter-
mine the detection accuracy and latency of MRCP. They
attained a TPR of 55.01 ± 12.01 % for stroke patients
(N = 5). In another study [24], a functional electrical
stimulation (FES) rehabilitation device was triggered by
the intention to perform ankle-dorsiflexion of one stroke
patient. The intention to move was decoded from ERD
using an EEG-based BCI. They evaluated the feasibility of
the rehabilitation technique using ERD-modulated FES in
comparison with FES without ERDmodulation and found
potential improvements of limb function.

Intrinsic Motivation Inventory outcomes
The Intrinsic Motivation Inventory results show that
the self-reported motivation of the patients, as well as
their perceived usefulness of the undergoing task are
positively correlated with the detection rate of their
intention to walk (r = 0.561, r = 0.542, respectively).
However, the other scales did not show any correlation
with performance.
Given the promising results of the correlation between

motivation and performance, it would be interesting to
further explore the role of motivation or other psycho-
logical factors, as regressors for neurophysiological data.
Such a regression approach would require a larger num-
ber of subjects as presented in a recent study [54], which
links the BCI performance modulated by sensorimotor
rhythms to several psychological measurements.
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Conclusion
In conclusion, we show that an EEG-based detector of
intention to walk can be used in stroke patients, attain-
ing a median performance of 64 % within a range of
18 % and 85.2 %, whereas the chance level is 4 %.
Moreover, we found a strong positive link between the
motivation of the patients to execute the task and the
attained detection rate of their intention to walk. Future
work could be directed towards different goals. First, on
the improvement in performance during session to ses-
sion transfer. Specifically, the increase in performance on
the transfer between sessions leads to the reduction of
session-specific calibration time, that is often tiring and
demanding for the patients. Another aim could be to test
robustness of the proposed model in a gait-rehabilitation
scenario, allowing to close the loop in which the user nat-
urally utilizes his neural signals to activate a prosthetic
device.
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Grand average MRCP and ERD for each subject over
selected sessions
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