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ABSTRACT: Brain-Computer Interfaces (BCls) allow
direct control of external effectors via brain activity de-
coding. For real-world use, BCIs must operate in an asyn-
chronous mode that enables users to initiate or withhold
system use, while maintaining low false positive rates
(FPR) and high decoding accuracy. Class balance is cru-
cial for efficient model training. The RSW-NPLS algo-
rithm has been proposed recently to balance classes dur-
ing online and incremental learning. However, perfect
balancing may not be optimal for asynchronous BClISs, as
they require a highly stable idle state. We propose a class
balancing strategy that prioritizes the idle state to reduce
its false activations of the other states, and evaluated it
on four databases from tetraplegic and paraplegic users.
It significantly reduced the FPR (between -55.36% and -
70.08%) with minimal loss of accuracy (between -3.68%
and -10.51%).

INTRODUCTION

A Brain-Computer Interface (BCI) enables a person to
control an effector, such as a wheelchair, an exoskele-
ton [1] or an electrical stimulator [2], by performing
motor imagery or attempting movements. This control
is achieved by recording the person’s neuronal activity.
Brain signals are processed, and a decoder predicts the
user’s intention to control an effector. Motor BCI systems
can be used to compensate lost functions or in rehabilita-
tion programs [3].

Efficient decoding of user’s motor intention remains a
major challenge to guarantee satisfactory performance of
BCI systems. Numerous decoding algorithms were pro-
posed to address this challenge. However, many of them
are limited to operating in a synchronous mode within
controlled laboratory environments. In such experiments,
the activation time of the BCI system is predetermined
and fixed by the system. In contrast, autonomous BCls
suitable for everyday use should support an asynchronous
mode, including an idle state (or resting state). Users
should be able to activate and to deactivate the BCI sys-
tem at their own will, and it is essential to prevent / mini-
mize the unintended effectors activation. This makes the
Idle State (IS) distinct from other Active States (AS). In
addition, practical BCI systems should be compact (i.e.,
portable) and capable of online operation for both predic-
tion and decoder training. The learning algorithm has to
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work online to take into consideration the user feedback,
and has to support learning since new states can be added
to the decoder after some update iterations.

Some tasks may be complex and require longer training
times than other states. In addition, participant training
often require rest periods to avoid user fatigue. For these
reasons, the experimenter cannot properly balance the
different states, leading to class imbalance in the train-
ing data and degraded decoding performance [4]. In
the case of real-time, streaming learning of the BCI de-
coder, class balancing must be performed online. This
poses a challenge because not all data are known, and
therefore the final class imbalance is unknown. Despite
of the importance of class balancing, this problem has
been rarely addressed in BCI studies, e.g. [4-6]. In [4],
the proposed Recursive Sample Weighted N-way Partial
Least Squares regression (RSWNPLYS) is integrated to a
Hidden Markov Model (HMM). The HMM-RSWNPLS
algorithm is well adapted to online updates supporting
class balancing for multi-class classification during in-
cremental learning, while being compact. It incorporates
a weighting mechanism in order to balance each class
during incremental learning of the decoding model, and
significantly improves the classification accuracy com-
pared to the same algorithm without balancing mecha-
nism. However, HMM-RSWNPLS, and more generally
algorithms to control class balance in BCIs [4-6], treat
the IS like any other state. This solution may be sub-
optimal for asynchronous BCI where preventing false ac-
tivation of the system is one of critical issue.

In this study, we propose a class balancing strategy to tar-
get any class ratio, while incrementally learning the de-
coding model. More specifically, we studied the impact
of balancing towards the IS to promote a better stabil-
ity and limit false activations of the BCI. The proposed
strategy was integrated into the HMM-RSWNPLS and
tested in a pseudo-online manner on 4 different databases
recorded from one tetraplegic and two paraplegic partic-
ipants. The unwanted activation of the BCI is quantified
with the False Positive Rate (FPR). We evaluated varia-
tions of the FPR and the decoding accuracy in function
of the balance between the IS and AS. Results show that
the proposed algorithm can reduce significantly the FPR
without significantly degrading the balanced accuracy. It
also decreases the global latency and the noise level of IS
predictions.
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MATERIALS AND METHODS

Decoders for Asynchronous BCI:

Most BCI decoders consist in classification models where
each class (or state) corresponds to a task that the user
can perform. Numerous classifiers have been evaluated,
including both static and dynamic approaches. Sample-
wise static classifiers like linear discriminant analysis,
support vector machine, logistic regression, k-nearest
neighbors, or deep neural networks have been widely
tested [7, 8]. Since asynchronous BCI decoders aim
to decode temporal signal, dynamic classifiers are pre-
ferred [9] to capture temporal dependencies in recorded
signals. In [10] tests show that taking the dynamic of
data into account improves the decoder performance.
HMM [1, 2] and Hierarchical HMM [11] have been pro-
posed to decode user intents in an online manner. One
of the main issues in asynchronous BCI systems is en-
suring the accurate decoding of the IS to prevent false
activations, where the system performs an action when
the user does not intend it. Several studies have pro-
posed BCI systems designed for asynchronous operation
to control various effectors, such as robotic arms [12],
wheelchairs [13], or environmental control systems [14].
These studies have explored diverse strategies for man-
aging the IS. In [12], the authors used a threshold-based
method to distinguish IS from AS on ElectroEncephalo-
Gram (EEG) signals. Another approach uses a heuristic
rule to detect the IS [13], and if the IS is not detected, a
classifier is applied to find the desired AS. Another strat-
egy uses hierarchical classifiers [11], a first classification
model separates the IS from the AS, followed by a subse-
quent classification of the AS. The presented approaches
aim to separate the IS from AS to minimize false acti-
vations. However, these methods do not allow to control
the trade-off between decoding accuracy and false activa-
tions, and may inadvertently favor IS over AStoo much.
As a result, the decoder could become more likely to
overlook an AS, potentially leading to a decline in overall
accuracy.

Studies cited bellow evaluate model accuracy and the
number or ratio of false activations, but, to the best of our
knowledge, none incorporate a mechanism in the decoder
to allow users to control the trade-off between accuracy
and false activation limitation. In this study, the HMM-
RSWNPLS algorithm, proposed in [4] is adapted to con-
trol the ratio between the IS and the AS to limit false ac-
tivations and maintain a good classification accuracy in
asynchronous BCIL.

HMM-RSWNPLS algorithm:

The HMM is a dynamic classifier adapted for multi-class
classification tasks. It is composed of two stochastic pro-
cesses: the latent process {¥;}7_, and the observation
{X,}thl process which refers to, respectively, the user in-
tent and the neural features. Two probabilistic laws are
learnt to model the dynamic evolution of these processes:
the emission law that provides Pr(X;|Y;) and the transi-
tion law Pr (Y;|Y,_1). The transition law is modelled using
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a transition matrix A € IR XK), where K is the number of

states/classes of the model. Each coefficient of the matrix
a;j =Pr(Y; = j|¥;—1 =) is learnt by counting the transi-
tions during the training session. The RSWNPLS [4] is
used to learn the emission model. This algorithm learns a
linear relationship between the user intent ¥; and the neu-
ral feature X, in an incremental way. Data are acquired
buffer by buffer and are discarded after each update of
the model to keep the memory load stable.

The model allows to compute a probability for each state
at every time index ¢, resulting in a prediction probabil-
ity function over time for each state [1]. First, the output
of the RSWNPLS is computed resulting in an estimation
vector ;. The probability of the k—th state Pr (Y; = k|X;)
is then deduced from Y, using the soft-max function. In
this study, a scaling parameter 0 is applied in soft-max
function [15]: Pr(¥;|X;) = soft-max (6 X 17;
diction probability Pr(Y; = k|X;,,) (where X, is the se-
quence of observation from the initial time step to ¢) is
computed using the Bayes’ rule and the HMM’s assump-
tion (first-order Markov model).

To compensate potential class imbalance, the RSWNPLS
weights samples during the learning of the model. The
weighting procedure is designed such that weighting data
is equivalent to resampling the data, but can use non-
integer values, which allows for greater flexibility in

) . The pre-

strategies to balance classes. Let N,Ek) be the cumulated
size of the class k at iteration update u, nﬁtk) be the size
of the class k in the current buffer at iteration update u,
A be the forgetting factor, and w,(lk) be the weight applied
to each element in the class k of the current buffer at it-
eration update u. For each k, the update rules of Nf,k) is
given by:

N = AND, +winlh. (D

To balance classes in [4], the weight applied to the current
majority class is equal to 1. Weights of other classes are
computed relatively to the majority one:

w NN

wy = 2)
u nlgk)
where N/ is the size of the current majority class:

ngmaj) = max (ANLEE)] +n,(4k)) )
k

3)

A saturation is applied to w,(,k) to limit the maximum value

of weights to avoid a few samples getting excessively
high weights.

Modification on the RSWNPLS to control the class im-
balance ratio:
The weight computation presented in the previous section
only allows to balance all classes without any distinction.
The weighting computation is modified in this study to
control the class imbalance during the model learning. A
target ratio between classes is defined, and the weighting
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computation aims to maintain the ratio of between classes
during the incremental learning of the decoder.

Let {r0}K ., subject to YX %) =1 and +® > 0 for
all k, be the desired ratio of each of the K classes. The
updated weight computation is given by:

r(k)N,,Smaj> _ )yN(k)
Wit = CRa ©

ny

where N,Smaj )

given by:

is the size of the current majority class

(&)

] (k) (k)
N}S’”W) — max M )
k r(k)

By replacing w,(lk) in equation (1) with its expression from

equation (4), one can show Nﬁk) /Y le(tj) = r(®). This
weight computation allows to control the class imbalance
between states. Similarly to the generic algorithm [4], a
saturation is imposed on the weights to bound their max-
imal value.

Database:
Four databases have been used to test the proposed strat-
egy. The first two come from the “BCI and Tetraple-
gia” clinical trial (ClinicalTrials.gov, NCT02550522) [1],
the third database come from the “STIMO-BSI” clin-
ical trial (clinicaltrials.gov, NCT04632290) [2], and
the last database has been recorded in the context
of the “THINK2GO” clinical trial (clinicaltrials.gov,
NCT06243952, no publication yet). All participants were
implanted with either one or two WIMAGINE [16] im-
plant(s) designed to record multi-channels ECoG signals
with a sampling frequency of 586 Hz. Tab. 1 provides a
description of each database.
In BCI-Ex05, the participant was trained to control a vir-
tual exoskeleton. Neural features are classified among
five states: right hand translation (ASry), left hand trans-
lation (ASLp), right wrist rotation (ASgrw), left wrist ro-
tation (ASpw) and IS. In BCI-Ex08 the same participant
was trained to control a virtual exoskeleton with eight
states: the same five states plus left grasp (ASig), right
grasp (ASgrg), and walk (ASgryun). In BSI-1, the partici-
pant was trained to control an implanted electrical epidu-
ral stimulator to activate their own left leg and right leg
to walk. Data were classified among three states: left hip
(ASLnp), right hip (ASgyp) flexion and IS. In BSI-2, the
participant had to control an implanted electrical epidural
stimulator to use their own legs and walk similarly to the
participant of the BSI-1 database.
During each recording session, an experimenter was next
to the participant. The experimenter cued the participant
to perform specific tasks (or to idle) through a software.
The participant had to perform the mental task associated
to the cued task, which is considered as the ground truth
of motor intent for machine learning purposes. The num-
ber of trials per state was not fixed in advance, each state
was repeated as many times as necessary until the exper-
imenter judged that the model was effectively decoding
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the task in question.

Features extraction:
The Continuous Complex Wavelet Transform (CCWT)
using the Morlet mother wavelet was used to compute
neural features every 100ms. A decimation step was then
applied to reduce the temporal dimensionality and set the
sampling frequency to 10 Hz. The experimenter config-
ured the frequency settings and the time length of the
epoch (number of 100ms slices) thanks to the recording
software.
The model’s input neural features formed a tensor X; €
IR"*F*C with T epoch duration (number of 100ms
slices), F is the number of frequencies and C the num-
ber of channels.

Performance evaluation:
From the saved databases, we retrain models with dif-
ferent desired balance between the IS and AS. The de-
sired balance ratio was encoded with the following vector

F= [?US) 1... 1} , where 75 is the ratio of the IS among

AS. Different values for 7/) were tested: from 1 to 5
with a 0.5 step. The desired ratio vector of each state is
then normalized to ensure the sum of ratio is equal to 1:
r=F/||F||. The vector r is then used is equation (4-5).
Leave-one-out cross-validation was employed for each
database, wherein all but one recording session were used
for model training, and the held-out session was used for
evaluation.

Models are trained in a pseudo-online configuration. The
data are presented to the learning algorithm sequentially,
as if the model was trained in real-time. The advantage of
pseudo-online testing is that it enables the evaluation of
a model without the necessity of conducting a real exper-
iment with a user, thereby reducing both cost and time.
The limitation of this approach is that it does not incor-
porate user feedback during the model’s learning process
as it does during online experiments. Four criteria are
used to validate our approach, evaluating the decoder ac-
curacy, false activations via the false positive rate, noise
level in the prediction, and latency of the decoding.

The balanced accuracy (BAcc) metric is used to evalu-
ate the model’s ability to classify data correctly. Increas-
ing 75) will favor the prediction of the IS in comparison
with AS. It is necessary to ensure the algorithm does not
degrade excessively the BAcc while decreasing the num-
ber of false activations. This metric is insensitive to class
imbalance in the testing set.

The false positive rate (FPR) measures how much the
model predicts AS while the IS is the desired state. For
this criterion, merge all the AS to form the positive class
and the IS is considered as the negative class. By in-
creasing 7/S), we expect the FPR to decrease and tend to
0. The FPRis given by: FPR =1 — Rec’) where Rec('S)
refers to the recall of the IS.

In addition, the noise level (VL) of the IS probability pre-
diction is is evaluated. The NL is estimated by comput-
ing the Shannon entropy of the probability prediction. In
the ideal case where the prediction probability is binary,
the Shannon entropy of the predicted probability should
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Table 1: Description of databases.
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Name of | Number of . Motor Number of | Mean duration | Recorded X months
. Implant(s) location . . . . . .
database implants impairment sessions of session after implantation
BCI-Exo05 ’ Sensorimotor cortex Tetraplecia 8 46 min 16to 17
BCI-Exo8 see [1], figure 2 piee 10 29 min 311032
Sensorimotor cortex . .
BSI-1 2 see [2], figure 1.b Paraplegia 26 5 min 2t06
Sensorimotor cortex . .
BSI-2 ! on the interhemispheric fissure Paraplegia 24 14 min lto4

be equal to zero. Noisy predictions lead to increase the
Shannon entropy. We propose to modify the Shannon en-
tropy function to estimate the NL of the IS:

log(2) 1 a4 = (IS) )
NL= T X T t; Yt,y:IS log, (Yz,yzls) , (6)

where 2(;215 is the probability prediction of the IS at the

time iteration ¢+ when the current desired state is the IS.
The modification of the Shannon entropy (mean instead

of the sum) and adding the coefficient 10g7(12) bounds the

criterion between 0 and 1, but keeps it equal to 0 when
f’t(,ii)ls is binary. Note that the noise level is only com-
puted for the samples corresponding to the desired IS, to
evaluate the stability of the IS.

Additionally, the latency measures the delay between the
cue given by the experimenter and the prediction of the
cued state. The latency is defined as the time shift maxi-
mizing the cross correlation, given by:

Latency = argmax, (Z E [Y,W Z“ﬂ) ; (7)
%

with 7 > 0.

The latency has an impact on the BAcc, the F PR and the
NL. To compute these criteria, the prediction signal is
shifted after computing the global latency to “align” the
prediction signal with the target signal. The BAcc, the
FPR and the NL are computed using the shifted predic-
tion as in [17].

In addition to criteria evaluating the decoder perfor-
mance, the class imbalance ratio (CIR) is provided to
measure the class imbalance in the training dataset. The
CIR is equal to the size of the majority class divided by
the size of the minority class, taking into account the
weights wl(,k) at each iteration [4]. A CIR equal to 1 means
the training database has been perfectly balanced. It is
expected that CIR tends toward #/S) for all experiments.

CONFIGURATION

Tab. 2 gives the feature configuration for each database.
The tensor size is given in the format [T, F, C] with T
epoch duration (number of 100ms slices), F' is the num-
ber of frequencies and C the number of channels.

From the study on the HMM-RSWNPLS [4], we empir-
ically chose a maximum weight equal to 10, to help the
model balance the classes easily without having weights
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Table 2: Feature settings.

Database | Tensor size Frequencies (Hz)

BCI-Exo5 | [10, 15, 64] [10:10:150]

BCI-Exo8 | [10, 15, 64] [10:10:150]
BSI-1 [2,24,64] | [25:5:100 125 150 200]
BSI-2 [2,29,32] | [210:5:100 110:10:200]

large enough to bias the model and degrade its perfor-
mance.

A test on unused sessions from the BSI-1 database
shows that the scaling parameter 0 = 3 decreases the
latency by 33% and keeps the balanced accuracy stable
(+0.08%). We fixed 6 = 3 for all the computations with
all databases.

RESULTS

Fig. 1 displays the distribution of each metric. In each
plot, the distributions are grouped by database and pre-
sented in ascending order of #/S). The Mann-Whitney U-
test is performed to evaluate the significance of between
the first distribution (F/5) = 1) and the other distributions
(7IS) > 1) except for the CIR.

The RSWNPLS succeeds to control the class imbalance
for the BSI-1 and the BSI-2 for every ratio #I5). For the
BCI-Exo05, the RSWNPLS succeeds to control the class
balance for #!5) < 4 (see Fig. 1C). However, for FIS) > 4,
the RSWNPLS fails to make the CIR equal to #/5). This
observation is even more pronounced with the BCI-Exo08
where the RSWNPLS never reaches the expected CIR.
The mean BAcc (Fig. 1A) tends to decrease as the ratio in-
creases for all databases. The decrease is significant with
regards to the Mann-Whitney U-test only after FIS) = 3.
Medians and dispersion of the FPR (Fig. 1D) and the
NL (Fig. 1B) appear to decrease exponentially as #/S) in-
creases. In three databases, the difference in these scores
is already significant when #'5) increases from 1 to 1.5.
The latency (Fig. 1E) decreases slightly when #'5) in-
creases. The median latency increases in the BCI-Exo5
database for 7/5) > 4. Change in the latency distribution
are significant with regards to the Mann-Whitney U-test
only for 7/5) > 3, except for the BCI-Exo8 databases.
The Fig. 2 illustrates two examples of prediction cen-
tered around one cue of the IS, for 7/) equal to 1 and
3. These examples show the probability prediction of the
IS is smoother when 7#S) = 3. Also, there is less confu-
sion between the IS and AS when the cue is IS. Note that
some AS predictions are noisier since the model favors
IS predictions.
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Figure 1: Performance criteria per database (A: BAcc, B: NL, C: CIR, D: FPR and E: Latency). In each plot, the four group correspond

to the four databases. Boxplots are given for each FUS)

from 1 to 5. Note that for the CIR that the dispersion is very low, but multiple

points are displayed. The Mann-Whitney U-test is performed between the first boxplot and each other to evaluate the hypothesis that
the two distributions are different. Significative p-values are displayed (* when p<0.05, ** when p<0.01 and *** when p<0.001).

DISCUSSION

A primary goal of recent BCI development is to create
home-use systems that can be used outside of a labora-
tory setting and without external assistance. Recent pub-
lications addressed the related issues. In particular, the
HMM-RSWNPLS algorithm was proposed in [4], aimed
to simplify real-time model training by automatically bal-
ancing the classes using sample weighting. Previously,
experimenters had to manually ensure class balance dur-
ing model training [1, 2]. The HMM-RSWNPLS re-
lieves experimenters of this task representing a step to-
ward unassisted BCI use. One limitation of the weighting
strategy proposed in [4] is that the IS is treated equally
with all other states, potentially increasing the FPR of
the system. For home-use, unwanted activations of the
BCI system can be particularly perturbing and even dan-
gerous, depending on the effector activated without the
user’s intent. This study explores a new weighting strat-
egy that favors the IS in model predictions and limits
false system activations.

Test results show targeting class balance while train-
ing the decoder may provide better performance in
asynchronous BCI compared to a perfect class balance
(7FIS) = 1). The algorithm successfully reaches the de-
sired balance between classes in databases with low num-
ber of states. For a large number of states, the class bal-
ance tends to the desired balance, but sometime fails to
reach it. Some states may be missing for multiple up-
date iterations (because the experimenter was focusing on
other states), which makes it impossible for the algorithm
to balance missing states until they are trained again. The
algorithm reduces the F PR and the NL of the IS. It also
slightly reduces the latency. All of these improvements
are made with a minimal loss in accuracy. A /5 be-
tween 1.5 to 2.5 seems to be a good trade-off to reduce
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the F'PR with minor degradation of the BAcc. For exam-
ple, #8) = 2 degrades by 3.68% to 10.51% the BAcc and
decreases the F'PR by 55.36% to 70.08% in comparison
with #8) = 1. It also allows to have a model with a lower
latency. Note that the optimal ratio IS/AS can vary from
one user to another.

In this study, the proposed class balancing strategy was
integrated into the HMM-RSWNPLS, but it may be
adapted for any online training algorithm to train model
in an incremental way. Additionally, the proposed algo-
rithm could be tested on other signals recorded with other
modality (e.g. EEG or intracortical EEG).

Model performance was evaluated using multiple crite-
ria. To the best of our knowledge, there is no consensus
in the literature about which criterion to use to evaluate
the latency and the noise level of a prediction probabil-
ity. Other criteria could be explored to evaluate the la-
tency and the noise level. Multiple criteria analysis com-
plicates decision-making. To address this issue, future
studies will consider a multi-criteria decision analysis to
facilitate the selection of the most appropriate hyperpa-
rameter value.
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Figure 2: Example of predictions from BCI-Exo08 (A) and BSI-1 (B). Background color show the desired states and the curves represent

the predicted probability of each state. Top plots provide results for 7
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