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Abstract. Objective. Controlling a motor imagery brain-computer interface (MI-
BCI) can be challenging, requiring several sessions of practice. Electroencephalography
(EEG)-based BClsfare particularly affected by cross-session variability. In this
scenario, it is crucial to implement co-adaptive systems, where the machine adapts
the decoding algoritkkm while the user learns how to control the BCI. To support the
user learning /process, it is essential to measure and provide real-time feedback on self-
modulation skillst This study aims to develop a method for online assessment of MI
modulation capability to build co-adaptive BCIs that improve both user performance
and system accuracy. Approach. Backward optimal transport for domain adaptation
allows across-session MI-BCI usage without classifier retraining. Using the cued label
to guide the'adaptation, a supportive backward adaptation (SBA) method is defined.
The required model effort to perform a trial adaptation is proposed as an online metric
of MI modulation skills. We conducted experiments on both real and simulated data
to/demonstrate that this metric effectively informs about the the discriminability
and stability of the EEG patterns related to the MI task. The proposed metric
is validated by means of Riemannian distinctiveness metrics. Main Results. Our
findings show that the associated effort when applying SBA provides a meaningful
way of evaluating EEG patterns discriminability, being significantly correlated with
Riemannian distinctiveness metrics. Significance. This study introduces a novel
framework for co-adaptive BCI learning that performs data adaptation while assessing
the MI-BCI skills of the user. The proposed SBA approach can enhance BCI
performance by facilitating session-to-session adaptation and empowering users with
valuable feedback based on their current MI modulation strategy. This framework
represents a significant advancement in developing user-centered, co-adaptive MI-BCls
that effectively support and enhance user capabilities.
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1. Introduction

Brain-computer interfaces (BCls) provide a digital link between a brain and a device.
In particular, BCIs based on the mental imagination of movements, i.e. moter imagery
(MI), strongly rely on the subject’s ability to self-regulate their brain,activity [L]. In
this context, machine learning (ML) models built upon brain-recorded,data should be
able to identify both the optimal feature space and the classifier decision boundary to
effectively decode the brain activity related to the intended mental task [2]. While the
acquisition of MI-BCI control skills requires practice over several segsions of use [3], the
ML decoding algorithm should adapt and support the subject’s learning process [4].
This simultaneous subject-machine adaptation defines what is'knewn as co-adaptive
learning [5].

From the ML perspective, co-adaptive learning involves adjusting the parameters
of the decoding algorithm to address changes in data distribution between training and
testing datasets. In BCI, training and testing datasets may be referred to as calibration
and application sessions, which typically are registered atidifferent days. Several aspects
may influence the stability between sessions of MI-BCI. Psychological and physiological
factors, such as level of fatigue, arousal and workload can influence the user capability
to control the BCI [2,6,7]. Moreover, due to potential electrode-cap misalignment
and electrode impedance values drift‘between sessions [8], non-invasive MI-BCI systems
based on surface electroencephalography (EEG) are particularly susceptible to data
distribution changes. Thus, frtom the ML deecoding algorithm viewpoint, MI-BCIs based
on EEG define a non-stationary leéarning environment [9].

Domain adaptation provides a suitable framework to address changes in observable
non-stationary data [10]. In the context of BCIs, the variability across sessions can be
managed by “adapting” the feature distribution from one domain (calibration session)
to another domain (application segsion). Recently, we presented a backward formulation
of optimal transport, for domain adaptation (BOTDA) [11]. This method transforms
data distribution ef'@n, application session to match the calibration data distribution,
avoiding the traditional meed for classifier retraining. Experiments mimicking online
adaptation in MI-BCI for motor rehabilitation applications, showed that the use of a
supervised BOTDA unplementation significantly improved decoding performance of an
already trained classifier, as well as state-of-the-art data alignment methods, including
complete model retraining [11]. Interestingly, for some subjects, decoding performance
resulted in similar fashion to a model without any adaptation. These results open a
unique opporfunity to study the relationship between adaptation success and the user
capability to control MI-BCIs [12].

However, unveiling MI-BCI user skills is still an important challenge in the field.
Efforts have been made in order to anticipate users’ cognitive skills to self-regulate
sensorimotor rhythms by using neurophysiological markers [1, 13], studying visual
rotation capabilities [14] as well as other cognitive and personality profiles tests ([14-16]).
Nevertheless, these metrics may not reflect the changes related to the user learning
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process. Performance metrics from fixed (non-adaptive) ML classifiers can be caleulated
across sessions; however, they fail to capture the user’s MI-BCI control skillg: . In this
direction, the authors in [4] proposed new metrics to measure MI-BCIL_ skills based
on covariance matrices in the Riemannian space. These metrics were designed to be
independent of the given classifier, and thus only reflect the MI pattérns in the EEG
data. Among them, class distinctiveness was proposed to measure how distinguishable
within a session MI-EEG patterns are from each other, showing to be cortelated with
the spatial visual abilities of the participants, the mayor predicter of MI-BCT skills [17].
Nevertheless, user’s MI-BCI skills should be measured online to pr(;ide appropriate
feedback that would help them in better self-modulate their'brain patterns.

While in MI-BCIs the classifier’s performance depends on both.the user’s capability
to generate distinct and consistent EEG patterns and the optimized ML model
parameters [18], most current closed-loop BCIs offer/feedback to the user based solely
on the model output. Nonetheless, the classifier’s effectiveness will only reflect the
user’s ability to operate the BCI if the model iswreliable, that is, its complexity,
number of trainable parameters, training strategy/and ied data are appropriate for
the classification task. For building co-adaptive clesed-loop BClIs, not only the method
should adapt to the user as they learn how to,control the BCI, but also the delivered
feedback should be based on their generated EEG patterns. As such, feedback is
expected to be informative about‘users’»eurrent MI skill levels, helping them develop
better BCI control capabilities [12]. In‘this regard, in co-adaptive BCIs we argue that
the algorithmic support, that'is, the effort 'the model needs to make to perform the
adaptation, should be measured and delivered as feedback to the BCI user to inform
them in real-time about the quality of their EEG patterns. In this context, let us consider
the following example, in whichsthe performance of two users in MI-BCI utilizing a co-
adaptive algorithm is compared. For a “high-performing” user, the co-adaptive method
achieved a final accuraey of 90%,Starting from a baseline accuracy of 80% using a basic
(no adaptive) ML model. In contrast, for a “lower-performing” user, the same final
accuracy of 90% was reached, but the initial accuracy of the basic ML model was only
60%. In the latter case, the effort in performing the adaptation was higher to that of the
high-performing users. Thus, we argue that by measuring the adaptation cost, real-time
feedback could be delivered to the users to help them improve their MI modulation
strategies-effectively:

In /the present work, we show that our supervised backward domain alignment
method constitutes a reliable online adaptive framework. In particular, we demonstrate
that the effort required to transform a given trial so as to match the distribution of
the ecalibration data offers a novel way for online assessment of the discriminability
and stability of EEG patterns. We shall refer to this method as supportive backward
adaptation (SBA). SBA not only facilitates successful adaptation between sessions in
MI-BCIs, but it also enables the online evaluation of the user’s ability to produce
distinguishable and stable EEG patterns. This opens a new venue in co-adaptive BCI
learning, where meaningful feedback based on adaptation-related information can be
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provided to the users, guiding them throughout the BCI learning process. Thefpresent
study represents a step forward in developing user-centered co-adaptive closed=loop MI-
BClIs.

2. Co-adaptive learning based on backward optimal transport

This section provides a brief review of backward optimal transport dor domain
adaptation (BOTDA) between sessions of BCI. Implementationsdetails for supervised
transfer learning are also given. The new metric for MI-BCI skills agsessment based on
the associated effort in performing the data adaptation is thenpresenteds The supervised
BOTDA implementation together with the MI-BCI skills assessmént metric based on
the adaptive cost constitute SBA.

2.1. Backward supervised online adaptation method

Backward adaptation consists of coping with changes'in data distribution between two
BCI sessions, while avoiding classifier retraining [11]. In this context, it is said that data
used to train the classifier belongs to the source demain ({2,), while the application or
testing data are drawn from the target domain (§;). The goal of BOTDA is to adapt or
transform features of the target domain so that the distribution become similar to the
source domain feature distribution, 1.e:, whererthe classifier was trained. Assuming that
the feature distribution drift is given by a‘eertain transformation B : €2y — Qg, BOTDA
consists of estimating B in a cost=effective manner [19].

BOTDA is applied at the'feature.space level, that is, after features are extracted.
Regardless of the method used, for learning the feature representation, BOTDA seeks
to match the distribution/®f two datésets, the source (S) and the target (7) datasets.
Mathematically, these two datasets can be described as a set of pair data:

S={&Ew),r=1,...,N;} C Qs x K,
T =) i=1,...,N,} CQ x K,

where Ny and Np.denote the number of trials in the source and target domain,
respectively,x; & Q, xt € Q; are the feature vectors, with €, Q; C R K = {k:j}]lil
and yf, y! € K represent the indicated mental tasks belonging to K possible classes.

Wheén working with discrete variables, estimating B results in finding the optimal
transportation plan 7v* to minimize a certain cost function m. Then, defining M =
(mig);m; 57240, we have:

" = argmin(y, M)p, (1)
Y

where (-, -)r denotes the Frobenius inner product.

Note that M is a matrix such that m; ; = m(xj, x5) represents the cost of moving
a unit probability mass from x! € Q; to x; € {);. Generally, m is chosen as the square
of the Euclidean distance [20].
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To relax the optimization procedure and to include label information dufing the
transportation plan estimation, two regularization terms W, () and W,(-) aretadded to
the functional in (1), as follows:

v* = argmin(y, M)p + AW () + vWe(y), (2)
2l

where A > 0 and v > 0 are regularization parameters that weight/he contribution of
each penalization term. Here W.(y) = }_,;7i;log(7i;) accounts for the megentropy,
while We(v) = >, > 77,5112, where Zy denotes the set of indi¢es thatibelongs to class
k € IC, promotes transporting “together” samples with the same label. The problem
defined by (2) is known as the Sinkhorn group-LASSO optimaktransport problem.
The optimal transport plan v*, estimated by means of (2),»is a matrix of the
same size as the cost matrix M, which describes how te.distribute the mass probability
between the domains. In particular, in the backward formulation, each element 7},
indicates how much probability mass from the target,sample x! is transferred to the
source sample xj. Thus, in the context of online adaptation, and noting that the last
two terms in (2) are independent of x, for a given £ trial from the application session,
transportation is the result of the following.mapping:
N
X, = B,«(x}) = argmin Z Vi, m(x,X5). (3)

d
xeR =1

When the (%" target sample is used during the optimal transport plan estimation, the
transformation defined in (3) results in a simple weighted barycenter mapping. That is,
X) = Z;V:H Ve X5-

Considering real-life BCI applications, the changes between the source and the
target domains must be estimatedibysing only a portion of data (as small as possible)
of the current application session.’ In most BCIs setups, a few trials at the beginning of
the session are registered without feedback; this is usually referred to as recalibration
phase. The resulting recalibration data is used to learn the transportation plan from the
target to the source domain. Therefore, in the sequel we shall refer to the recalibration
data as the trafigportation set, and will be denoted by V = {(x?,y?)}, C T, where
N, < N,. Ouline adaptation based on BOTDA was proposed by adding the current ¢
trial to the transportationset, that is:

Ve =y Uy} €T, VE=N,+1,..., N, (4)

EFrom a transfer-learning viewpoint, finding the minimizer in (2) for a transportation
set as defiged in (4) constitutes a supervised domain adaptation problem [10]. In the
context of the present study, we shall refer to this supervised BOTDA implementation,
as supportive backward adaptation (SBA). It is timely to note that the class label of
the eurrent trial, as reported by the BCI system, does not necessarily reflect the mental
task performed by the user. Therefore, accounting for the trial cued label does not
necessarily imply that after adaptation such a trial will be correctly classified, as we
argue and demonstrate next.

Page 6 of 28
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2.2. Supportive backward adaptation to guide the user learning process

As previously explained, SBA performs supervised domain adaptation,at the feature
space level making use of the trial label to estimate the optimal tramsport plan.
Nevertheless, in synchronous MI-BCIs, the “label” represents the instructiom,(cue),
rather than the actual class label of the user-generated EEG patterns, which may or
may not align with the instructed task.

Based on the hypothesis that SBA can successfully perform the adaptation when the
user-generated EEG patterns belong to the cued mental task, At is reasonable to think
that the associated cost of transporting a trial from the current application session to the
calibration one, contain valuable information about the stability amd discriminability
of the EEG trial per-se. In fact, let us closely inspect(2). When the optimal plan
v € Rf““XNS is computed for V, as defined in (4),.the fidelity term of the optimal
transport functional in (2), known as the Wasserstein distanee, reads as follows:

V]

where 7/, are the components of v*. Thus, every,sample ¢ in the target domain is
transported as indicated by the optimal plan‘qs, given a cost m;; to the j sample in
the source domain. In other words, W quantify the amount of “work” done in order to
make the sample distribution of the target'demain resemble that of the source domain.
Considering the way the transportation plan is learned (see (4)), we propose to quantify
the algorithmic support in adapting the current ¢** trial by h, defined by:

h = Z’Y;,jmf,j =<y, My >, (6)
! N
where 4, and m, are the 4" ¥owsfof the optimal transportation plan v* and of the cost
matrix M, respectively:

By means of h, we are able to measure the effort exerted by SBA when performing
the data distribufion mateching of a given trial. We shall refer to this measure as
algorithmic support. It is expected that when the EEG patterns generated by the user
are aligned with the indicated mental class, the class label information provided by the
system helps the‘adaptation to be successful. That is, the class of the current trial after
adaptationmis correctly predicted by the classifier. In this context, it is expected that h
be higher for less distinguishable and stable EEG patterns, resulting in more effort made
by the.model during the online adaptation process. The proposed algorithmic support
index works as an online user skills metric which does not require of extra methods or
layers of analysis upon the adaptive algorithm itself. Since it is applied at the feature
space level, it can be used within any decoding pipeline, including end-to-end deep
learning architectures.
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3. Leveraging SBA for cross-session MI-BCI

In the present work we focus on a two-class subject-specific MI-BCI system used across
sessions. The common spatial pattern (CSP) in conjunction with the linear discriminant
analysis (LDA) are used to build the decoding algorithm [21]. As commonly domne, the
feature extractor as well as the discriminative model are trained following an intra-
subject scheme using data from the calibration session (source domain). BData from a
new BCI session, where the model is applied, defines the target domain. The subset of
the first N, trials of the target domain defines the recalibration set1T}.

The initial step of SBA involves training both the featureextractor and the classifier
using the complete calibration session data (training data). Fhen, both optimized
models will always be kept fixed. To maintain the sample proportion between the
source and the target domain when learning the optimial transpert plan, a subset of the
source data equal to N, is first selected [22]. This subset of source data constitutes the
source domain samples from where to learn the tramsportation plan. We have previously
shown that with N, = 20 is sufficient to perform thé acress sessions adaptation [11].

In order to find the training trials,that best represent the calibration session,
we sample multiple subsets of size N, from the training data. For each subset,
several backward transport plans are learned msing combinations of regularization
parameters, with the recalibration/data.serving as target samples. For a given subset,
the combination of regularization parameters that achieves the highest accuracy on
the transported recalibrationddata is seleeted as the optimal. Then, the subset that
leads to the highest accuracy on the recalibration data is chosen as the source subset.
Thus, both the source subset and the regularization parameters are determined in
a data-driven manner based on their performance with respect to the recalibration
data [11]. For further implementation detail, please visit our GitHub repository (
https://github.com/vpetérson/otda-mibci).

Once the optimumy,source subset and regularization parameters are chosen, online
adaptation can besperformed. That is, for every ¢ trial in the application session,
the backward optimal transport plan is computed by adding the current ¢** trial to the
transportation.set (sce (4)), and solving the backward OT problem as defined in (2)
with the source subset serving as source samples and the transportation set V, as target
samples.

Figure 1 illustrates the adaptive process performed by SBA in a two-dimensional
CSP space. While the full training set was used to learn the CSP features as well as
the/LDA decision boundary (Figure la), only the source subset is used to learn the
transportation plan, as illustrated in Figure 1b. Testing trials without adaptation lie
on thefeature space as defined by the given discriminative patterns (Figure 1¢). When
SBA is applied, testing trials are transported towards one or the other class center of
mass (Figure 1d). The algorithmic support for a set of trials is shown in Figure le. It
is timely to note that the distance of a given trial from its corresponding class center of
mass in the feature space does not necessarily correlate with the effort exerted by the
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model when performing the adaptation. Trials with features lying in close proximity to
their corresponding class center of mass can get high algorithmic support values (e.g:
trial 2).

a b
-0.2 -0.2 . MI rest
-0.4 0.4 o o° Training'set
a"-0.6 2~-0.6 gt a2 o o Recalibration set
0 ) 2 LTSRS = @ Source subset
0-0.8 0 -0.8 ot Testing set
-1.0 -1.0 % i e e Transported set
12 1.2 == Decision‘eoundary
-3.0-25-20-15-1.0-0.5-0.0-0.5 -3.0-25-20-15-1.0-0.5-0.0-0.5
CSP, CSsP,
C d e
1
0.2 trial 4 m:' ! 0.2 .
-04 P T P -04 e o 2
~0.6 trial p _°o 00 & ~0.6 ‘o o0 on>e by un 3
a0, W e Y a0, e AT My T
O-08 o % 5 IRONG) SR O -08 o Tou e t:' . = 4
= | . ®e C) e
-1.0 2 tial 6 -1.0 ! 5
-1.2 -1.2 6
-3.0-25-20-15-1.0-0.5-0.0-0.5 -3.0-25-2.0-1.5-1.0-0.5 -0.0 —0.5. 0 1 2 3 4 5 x0°
CSP, CSP, Algorithmic support

Figure 1: Schematic representation of SBAisteps in the CSP feature space. a. Training
data is used to learn the CSP+LDA decoding algorithm. b. By means of the
recalibration data the optimal source subset is.chosen from where to learn the backward
transport plan. c. FExample of few testing trials transported as indicated by the
backward transport plan. Here arrows imdicate the direction of the transportation.
d. Comparison of the data withrand without SBA application. e. Algorithmic support
values for exemplary trials. Baf colors.indicate the trial class. The higher the value, the

stronger was the adaptive support performed by the algorithm.
N

4. Riemannian MI-BCI skills metrics

The Riemannian geometry has been widely adopted in the MI-BCI community to find
a separable spa¢e in the ¢ovariance matrices manifold [23-25]. Given a raw EEG trial
band-pass filtered in @ frequency band of interest (e.g. 8 - 30 Hz), it is widely accepted
that its spatial govariance matrix represents the band power of each channel in their first
diagonalswhile the.inter-channel covariance values are on the off-diagonal elements [24].
Based on the Riemannian distance between two covariance matrices, the distinctiveness
metrieyD was proposed for measuring how apart patterns belonging to two different
states A and B are [4]. That is,

5R(OA7 CjB)
1

p = BB
§(UCA + UCB)

(7)
where 0 is the Riemannian distance, C' is the Riemannian mean covariance matrix [24]
and oo represents the mean absolute deviation of the covariance matrices, calculated as
a measure of dispersion of the covariance matrices with respect to their mean. When
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comparing two MI classes, D has been shown to be positively correlated with the
user’s capability to visualize objects and understands their spatial relationship (a.k.a
spatial ability). Spatial ability is known to be a major predictor of MI-BCI performanee
[14,26], and thus, it is expected that the higher the distinctiveness value is,the more
distinguishable the user-generated EEG patterns are, informing about the MI-BCT user
skills.

In the present study, D is used as a validated tool to assess msers’” BCI skills, as
done by others [27-29]. Note that when used within a sessionbetween classes, it is
known as class distinctiveness [4]. When the states A and B belong to) the same class
but across different sessions, D defines a between-session 4iser MI-BCI skills metric,
to which we shall refer to as session distinctiveness. Similarly;sbut when computed
trial-wise, it can measure how dissimilar a given ¢** trial'for a given k' class in the
application session is to the its corresponding training peers of the calibration session.
That is, Dy = 6r(C}", C}S,), where C}” denotes the Riemannian’mean covariance matrix
calculated on the training data for the class &, and €% denotes the covariance matrix
of the (™ trial belonging to class k to be decoded during’the application session. We
shall refer to D, computed trial-by-trial@as trial distinctiveness. Note that, the higher
the distinctiveness values are, the more dissimilar the compared states are.

5. Data

Simulated and real EEG dataswere used in this study, comprising two-classes MI-BCI
datasets with at least two recordings sessions.

5.1. Simulated MI-EEG datay <,

Different sessions of hand MIfvs. rest EEG data were generated with PySimMIBCI [30].
Each session was simulated to-define a possible MI-BCI scenario from the user’s self-
regulation capability.perspective. While rest was simulated as idle EEG a-band activity
in both hemispheres, foraMI the simulation considered the well-known Event-Related
Desynchronization (ERD) in the a-band at the contralateral hand motor area. Changes
in the percentage of the ERD (ERD%) represents the relative change with respect to
the idle state of the a-band during MI. The higher the ERD% is, the better the MI
modulation capabilities are.

Each session comprised 200 trials of 4 seconds length with balanced class
distribution:. The EEG data was simulated with a sampling frequency of 1000 Hz
from 41 electrodes localized according to the 10-5 electrode system. Data was then
dowmsampled at 250 Hz and each trial was epoched from 0.5 to 2.5 s.

To study the extent at which the adaptation could be successful, we simulated data
a8 coming from the same participant but in different possible scenarios with respect
to both the self-regulation subject capability and the MI-BCI accuracy. While the
former was simulated by changing the ERD%, the latter was simulated by including a
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Page 11 of 28

oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JNE-108435.R2

Towards subject-centered co-adaptive BCIs based on backward optimal transport 11

percentage of trials where the participant failed to perform the task indicated by the
system (fail%). In the following, we shall refer as a simulated session with a given
percentage of ERD and failed trials as Sgrpw, fein. Simulated data “sessions cangbe
found in Zenodo (https://zenodo.org/records/13760210).

Simulating different self-regulation capabilities. We simulated sessions'with
different ERD%, starting from 50%, up to 10% in steps of 5%, leading t6»9 MI-BCI
sessions (S50,0-S10,0) from high to low a-band self-regulation capability. For €ach session,
the ERD% was kept fixed and equal to the given value across tfials.»Figure 2a shows
how the « peak decreases as the ERD% increases. Lower ERD% values have peak
amplitudes closer to the rest condition, resulting in less distinguishable classes. The
distinctiveness metric D was calculated intra-session between-classes and inter-sessions
within-class. For the latter, session S50 was chosen as the comparison reference. As
shown in Figure 2b, intra-session distinctiveness decreasesswhen the ERD% decreases,
confirming that the lower the ERD% value is thésharder the session results for the
ML viewpoint. Similarly, conforming the ERD% decreases, the intra-session for MI
class increases, showing how different lower ERD% valtes are from the strongest one
(ERD% = 50.) The spatial informationfalso reveals that low ERD% values present a
less discriminable topography map, as shown in Figure 2c.

Simulating wrong performed trials. New sessions were created with varying
numbers of failed trials (fail%). Specifically, we adjusted the percentage of failed trials
from 10% to 50%, in step of 10% by swapping the labels between classes in a simulated
session at 45% of ERD. This precedure resulted in five new sessions, named from Sgs 10
to Sis 50-

Simulating MI related and non-related brain oscillations. We created a
new data session of MI vs.sestsof, 100 trial each by assigning to the MI trials a uniform
distribution on the ERD% ftom¢l10 to 50. In this way, simulated trials comprised
different MI modulations levels within the same BCI session. In addition, following the
approach used in [30]; we simulated mental fatigue effects by increasing frontal 6 and
parietal o powersd Comnsidering that mental fatigue typically manifest towards the end
of the session, the first half of the simulated trials were fatigue-free, while the second
half graduallysineorperated increasing fatigue levels, by means of linearly augmenting
the amplitude in frontal @, and parietal o power over trials. To show the fatigue effect
impact besides MI-BCI skills user capability, the MI trials were simulated as having
ERD% fequal te50 with no failed trials.

5.2. Real data

We used two different EEG-based datasets with two MI-BCI sessions. Motivated by
the ultimate goal of developing a co-adaptive BCI for motor rehabilitation, the typical
tawo-classes set-up was followed, that is both datasets comprised two MI classes.
Dataset-1. This dataset comprised 10 inexperienced able-bodied BCI users (3
females, 4 left-handed individuals, with a mean age of 25.45 years £+ 2.50) previously
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Figure 2: Simulated data main characteristics. ai"MI self-regulation capabilities were
simulated as different amplitude decrements of{thealpha Peak (10 Hz) with respect to
baseline (rest). The higher the ERD% the higher the/difference between rest and MI
amplitudes. b. The distinctiveness metric is used to measure intra-session between
classes and inter-session within class similarity. Session S is used as reference for the
session distinctiveness. Here dashed linessare used to connect adjacent dots, illustrating
their tendency. c. Illustration of the alpha power in the channel-space for rest condition
as well as for different ERD%walues. The higher the ERD% value the more different
the topography maps are from _the rest condition.

N

acquired in [31]. The experimentdncluded two identical sessions, spaced 5 days apart.
Approval for the experiment was granted by the local ethics committee (BASEC-Nr.
Req-2017-00631, Cantenal Ethics Commission, Zurich, Switzerland). Brain signals were
recorded using a portable 64-channel EEG system (eego™rt Ant Neuro, Netherlands)
with a sampling frequency of 512 Hz. Electrodes were positioned based on the
international 4020 system, with CPz as the reference and AFz as the ground electrodes.
EEG signals were filterednwithin the frequency range of 0.5 Hz to 40 Hz. Participants
performed-two mental tasks: i) imagining the movement of their dominant hand
(grasping motion, MI) and ii) a rest/relaxation condition (rest). Each session consisted
of four runs with short breaks in between. Every run comprised 40 trials (20 for each
task), resulting in a total of 160 trials per session. No feedback was provided to the
subjects during the sessions. For this study, data was downsampled to 128 Hz and
epoched from 0.5 to 2.5 s after the onset of the visual cue. 28 electrodes covering the
sensorimotor areas were selected, following [32].

Dataset-2. Known in the literature as Lee2019_M1, is a large publicly available

Page 12 of 28
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dataset] obtained from 54 able-bodied participants in two sessions of MI-BCI [33]. The
EEG recordings were acquired with the BrainAmp (Brain Products, Germany) using
the nasion as reference and the electro AFz as ground. 62 electrode signals at 1000
Hz were collected as positionated by the 10-20 international montage systems, In each
session, participants performed a calibration and a test phase. Eachiphase had 100
trials with balanced right and left hand imagery tasks. During thesonline test phase,
real-time classifier outputs were used to delivered feedback. No feedback was provided
during the calibration phase. As before, the EEG signals wereswindewed from 0.5 to
2.5 s after the onset of the visual cue. Signals were band-pass filteréd between 0.5 and
40 Hz, and then downsampled to 125 Hz. 18 channels covering the sénsorimotor area
were selected, as done in [33]. Given that for the online test phasemo information about
the indicated mental task to be performed was given, in the,current work we used only
those trials from the calibration phase. That is, we ended up with two MI-BCI sessions
of 100 trials each.

6. Experiments and Results

Experiments were designed to give support and address the following main hypothesis:

H. “In supervised backward online adaptation, the associated cost of transporting a
testing trial to match the calibration“data distribution reflects the MI user self-
regulation capability.”

Performing a backward domain adaptation undoubtedly convey the need of relying
on a discriminative source domain te, where perform the adaptation. In addition,
given that such backward adaptation /is based on the cued label, the extend at which
such information bias the‘adaptation performance must be studied to fully understand
the nuances of the propeséd algorithmic support metric. In this way, to prove
the aforementioned hypothesis; we first needed to understand whether the following
assumptions were held:

Supervised backward adaptation based on the cued label information can
successfully address,across-sessions data distribution changes if:

Al. the user-generated EEG patterns are discriminative and aligned to the indicated
mental.task, and

A2. the sourcedata, where the classifier is trained, defines a discriminative space.

In the following, we first present experiments and results to prove Al and A2
assumptions. Then, experiments and results that support the main hypothesis H are
presented«< Throughout these experiments we always used as decoding algorithm the
standard CSP+LDA pipeline. Given the way simulated data was generated, only two
@SP components were extracted, defining a 2-dimensional feature space. For real data,
the typical six components of spatial filters were used [21]. For evaluating the decoding

1 Available at http://gigadb.org/dataset/100542
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performance, classification accuracy was used. In both simulated and real data, EEG
signals were filtered in between 8 and 30 Hz before feature learning. Tahquantify:
the user MI-BCI skills, D was used between classes (class distinctiveness), between
sessions per each class (session distinctiveness) and trial-wise (trial distinétiveness):
For reference, the standard calibration (SC) framework, where not adaption is applied
between sessions, is also implemented. The simulations as well as«the corresponding
source codes implemented in this work are publicly available at GitHub (https:
//github.com/NiCALab-IMAL/SupportiveBackwardAdaptation).

~

6.1. Dependence of adaptation success on the user-generated BEEG patterns

To evaluate the impact of the user-generated EEG patterns and their correspondence to
the indicated mental task (assumption Al), two experimentswere conducted here. In
both experiments, to focus only on the data discriminability at the target domain level,
the calibration session (source domain) was simulated as the most well-suited scenario.
Thus, the decoding algorithm was trained on simulated.data S5, a session with clear
discriminability between MI and rest conditions and no failed trials (see Figure 2). In
the subsequent applications, both trained CSP and EDA models were kept fixed, and
the recalibration set was defined by the first, 20 tzials of the testing session (N, = 20).

For the first experiment, we evaluated the decoding performance of the already
trained classifier using as testing dataisessions from Sy5 to Sio. In this way, all EEG
patterns belong to the indicated mental tagsk, but with different simulated MI decoding
capability. The regularization parameters A and v in (2) were kept fixed to 0.1 and 1,
respectively. These values were seleeted to reinforce with positive bias with respect to
the indicated mental task information (the higher v, stronger is the impact of accounting
with the cued label to leagn the backward transport plan). Results are shown in Figure
3a, demonstrating that the performance of the already trained classifier when SBA is
used achieved perfect or nearperfect classification values across all simulated sessions.
The classification performance of the standard pipeline (SC) is shown for reference.
To illustrate in the CSP space how the transportation works, Figure 3b shows for a
given session (Sj50)the training data, the original testing data as well as the resulting
transported festing data. Notably, for most trials, SBA effectively compensates for
data distribution shifts between testing and training sets, resulting in high classification
accuracy. In theweontext of the present study, we shall refer to as adaptation success
those cases at which testing trials are backwardly transported by means of SBA to the
correct siderofithe decision boundary, and thus are correctly classified.

For the second experiment, we evaluated the performance of the perfect trained
decoding amodel in testing sessions with high ERD% but increasing number of failed
trials, namely S50 and from Sys510 to Sis50. As before, to reinforce positive bias with
réspect to the system information, the regularization parameter of the group-LASSO
penalty was kept fixed and equal to 1 across testing trials. The Sinkhorn regularization
parameter was also kept to 0.1. Accuracy results are presented in Figure 3c, where is

Page 14 of 28
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it clear that SBA achieved comparable classification performance than SC, i.e, & model
without adaptation. Figure 3d illustrates for a given testing session (Sy530) that failed
trials were transported not based on the indicated mental task class but on the feature
information. In other words, a trial with EEG patterns resembling MI.but “labeled”
as rest, was transported to their MI trials peers, regardless of having @ rest label; and
vice-versa. This result indicates that accounting for the cued labelswill effectively aid
in backward adaptation only when the user-generated EEG patterns align with the
indicated mental task. Understanding that SBA successfully achievesradaptation when
the EEG patterns correspond to the indicated mental task, assures us that the predicted
class of the model will reflect the user’s mental intention.
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Figure 3: SBA adaptivessuccess dependence on the ERD% and percentage of failed
trials. Decoding meodel trained in a perfect session with high ERD% and no fail trials
(S500). a. Aécuracy of SC and SBA across different testing sessions with varied ERD%
but no failed trials. ' Dashes lines drawn to connect adjacent points. b. Illustration
on SBA fransportation for a given testing session with no failed trails but low ERD%
(S150)-1 €. Accuracy of SC and SBA across different testing sessions with varied fail%
butdiigh ERD%. Performance across simulated session are connected with dashes lines
toimprove results readability. d. Illustration of SBA transportation for a given testing
session, with 30% of failed trails but ERD% equal to 45 (S45.30)-

Altogether, these results evidence the fact that supervised backward adaptation
based on optimal transport can address the data distribution changes between the
target (testing) and the source (calibration) set when the EEG patterns belongs to
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the indicated mental task.

6.2. The effect of the training data discriminability on adaptation

While in the previous experiments we focused on studying the testing sessions (target
domain) impact in the backward adaptation to a perfect training session (source
domain), here we want to evaluate source domains changes and its impa¢t in the
adaptation success. In other words, we want to prove assumption ‘A2. The decoding
algorithm obtained by different training sessions was tested with session”Ss o, that is,
the perfect session at which all trials are aligned to their corresponding class and have
ERD% value equal to 50.

First we evaluated the impact in the self-regulation4apability by using as training
sessions S50 to Sipp. Class distinctiveness was calculated inyeach training session to
account for a data-driven MI-BCI user’s skills metri¢. As shown in Figure 4a, the class
distinctiveness decreased as the ERD% decreased, but always yielding values highly
above zero. Interestingly, training accuracy remained fairlyshigh (above 80%). Note that
the accuracy of SBA approached near-perfect classification across all trained models.

On the other hand, we used as training data sessions Sis9 to Sis50. Here, the
class distinctiveness rapidly decreased from session to session, yielding values closer to
zero when the number of failed trails,was equal or above 40% (Figure 4c). Similarly,
training accuracy tended to by-chanceilevels as the fail% increased. It can be observed
that SBA failed to transport samples whemthe source domain class distinctiveness was
too low. Therefore, such sessions'seemed not to provide a reliable calibration basis for
backward adaptation. Figure 4b and d.show the feature space with their corresponding
LDA decision boundary as well as the CSP topomaps when trained in Sy and in Sy 40,
respectively. While for Sjoo the model was still able to learn discriminable patterns,
that was not the case for'Syz40. Given that both, CSP and class distinctiveness rely on
covariance matrices estimationyit is somewhat expected that EEG patterns with near
zero distinctivenesssresultrin @ low discriminable space. Although this is an extreme
scenario, low class distinetiveness can occur when the subject is not able to self-modulate
their brain activitys.and thus most of the MI trials overlap with the rest ones.

These results demonstrate that backward adaptation should be conducted using
a training session with reasonable class discriminability. While this is obvious for any
decoding algorithm, extra care must be taken when working in backward adaptation,
as it strongly relies on train data distribution. These results indicate that despite of
having perfectly performed trials during the application session, adaptation will fail
when the fraining session lacks sufficient class discriminability. In real-life scenarios,
this eoulddead to ambiguity and misleading feedback. To avoid user frustration and to
properly support their learning process, the supervised backward adaptation must only
be implemented after calibration data defines a discriminable feature space.

Page 16 of 28
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Figure 4: SBA adaptive success dependence on' the training data discriminability.

Testing data kept fixed to a perfect session with highh ERD% and no failed trials (S50)-
a. Accuracy reached by SC and SBA across different training sessions with varied
ERD% but no failed trial. Training.model accuracy as well as class distinctiveness is
shown. Connecting lines are drawn e, improve results readability. b. Illustration on
the training feature space with the learned LDA decision boundary together with the
CSP topomap for a session withulow ERDY% and no failed trials (Sipo). c¢. Accuracy
reached by SC and SBA across different training sessions with varied fail% but high
ERD%. Training model accuracy as well as class distinctiveness is shown. Here again,
connecting lines are drawn to irﬁz)rove results readability. d. Illustration on the training
feature space with the learned LDA decision boundary together with the CSP topomaps
for a session with high ERD%ubut 40% of failed trials (S4s.40)-

6.3. Relationship between algorithmic support and data discriminability

In the previous experiments we proved that if the calibration data is discriminative
enough and'the EEG patterns belong to the indicated mental task, SBA succeeds in
performing the adaptation. But, while the adaptation seems to be possible regardless
the ERD%, what is the cost of doing so? In other words, how much is the algorithmic
support (h)umade by SBA to facilitate the proper data alignment? In this section we
investigate the relationship between the algorithmic support and the MI-BCI user skills
with simulated data.

As before, CSP and LDA were used for EEG decoding. SBA regularization
parameters were kept fixed in 0.1 and 1, for A and v, respectively. To ensure a perfect
calibration session, session S50 was used as training data. The algorithmic support
h was measured at every testing trial as defined in (6). To understand whether a
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correlation exists between the algorithmic support and the simulated self-regulation
capability, we used as testing data the session with ERD% uniformly sampled from 10
to 50, as described in Section 5.1. As shown in Figure 5a, there is a‘strong negative
correlation in between the algorithmic support and the ERD% (Peargon correlation
r = —0.8, p-value < 0.0001), showing that while adaptation was sucdessfully pessible
(SC accuracy = 0.86, SBA accuracy = 0.98), the lower the ERD%, the higher the cost
h. Interestingly, the algorithmic support also increased as long as the simulated fatigue
effect increased, as shown in Figure 5b. Here it is observed that«for the first half of the
trials, where no fatigue was present, the algorithmic support was zer6 or mear zero, while
for the second half, the algorithmic support increased linearly, following the fatigue level
increments as explained in Section 5.1.

While these two experiments were run based on a fixed but known v parameter
to accomplish with strong group-LASSO penalty dn (2), in real-life scenarios the
regularization parameters might be selected based on data-driven procedures. As
explained in Section 3, the regularization parameters selection relies on the recalibration
data and the source subset from where to learn/the transp%rtation plan [11]. As before,
recalibration data conforms the first 20 frials of the testing session (N, = 20). Thus,
in the following experiment we let the model decide the best regularization parameters
from a list of 20 values, ranging from 0.1 to, 10." Similar to before, training data was
S50,0, but testing data varied from“Sas 0" t0nS100. 7 was calculated for each testing trial
in each testing session. The results, depicted in Figure 5¢ show the mean algorithmic
support value together with‘their standardrdeviation across all testing trial in each
testing session. In line with the previous results, the algorithmic support increased as the
ERD% in testing data decreased. Interestingly, the selected group-LASSO regularization
parameter (v) started to in€rease.from Ssop, that is, when the ERD% was lower than
30%. Note that the Sinkhornsegularization parameter (A) was always chosen to be 0.1.

6.4. Co-adaptive learning. in real data

In order to understand the potential of SBA as a co-adaptive method, real datasets in
a subject-specific cross-session MI-BCI scenario were used. For each dataset, the first
session was used as the ealibration data, from where the decoding algorithm was trained.
CSP+LDA was used by setting the number of spatial filters in CSP equal to six, as
typically definedim'the field [21]. The second session was used as the application session,
from where the already trained decoding algorithm was used with SBA applied at each
testing trialesTo mimic real-life implementation, the regularization parameters were
selected for each subject-data by cross-validation, using their corresponding recalibration
data. "Lhat is, the first 20 trials of the new session were used to find both the source
subset as well as the best regularization parameters.

During the application session, the trial distinctiveness as well as the the algorithmic
support h was calculated for each testing trial. The session distinctiveness per each class
was computed across the training and testing data per each subject in each database.

Page 18 of 28



Page 19 of 28

oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - JNE-108435.R2

Towards subject-centered co-adaptive BCls based on backward optimal transport 19

°  FppElliEE P c

0.05 ) =1 . 00 G
LR P 25 “é " . 0.07 " —Meanh [200 &
g [ ‘g S1 Y ] ‘%’ \ v 1.75
g0.04 250 oI cefe 8006 !
S 5 21 whd S 005 1 03
?0.03 7 T 1 ke o> \
. 15 o, @ \ 12590
£ £ | # oo °
* 1.00
£ 0.02 51, R £ 003 a
2 c L 1 c 0.75 V)
) S o S "q
20.01 ) 1% ='0.02 -
< <05 |« < 05078
(T 0.01 ! 3
0.00 0.0 M' \*i.i-.--. o e
1 0.00 G]
10 20 30 40 50 20 60 100 140 180 10 15.20 25 30 35 40 45
%ERD Testing trial %ERD

Figure 5: SBA algorithmic support informs about MI-EEG" discriminability. a.
Algorithmic support h as a function of the ERD% in_a testing/session with uniform
ERDY% distribution.  Text aggregates Pearson ¢orrelation analysis between the
algorithmic support h and the ERD%. b. Algorithmic support h in a testing session
with linearly increasing fatigue levels in the second half of tile trials. The dashed vertical
line indicate the fatigue onset. Each dot represent @& trial. c. Algorithmic support h at
different testing sessions with different ERD% when the regularization parameters are
selected by cross-validation. The thick continueus line shows the mean h value across
trials, while the shaded area shows standard deviation. The value of the group-LASSO
regularization parameter at each tested session is also shown. A connecting line is drawn
between points to illustrate the tendency:

Accuracy was used to assess decodingperformance for the classifier with and without
adaptation, namely SC and SBé, respectively.

Figure 6a shows thefalgorithmic support h, trial distinctiveness D, and accuracy
of each subject in Dataset-1 sorted from higher to lower median h value. In general,
the bigger the algorithmic support, the higher the trial distinctiveness; indicating that
the model needed.more effort in the adaptation as more dissimilar the trial to their
corresponding class traiming data was. But, while decoding accuracy is important
to ensure a prepernBCIL/control, that does not always reflect the MI user intention.
In this wayj it is interesting to observe the accuracy gained when performing the
adaptation, shown in top panel of Figure 6a. As can be seen, a large classification
performance improvement did not always imply a huge algorithmic support. Based on
the results presented in simulated data, this phenomena could indicate that the subject
wag performing the indicated mental task correctly but with weak modulation (low
ERD%). Similarly, cases at which strong algorithmic support was measured but with
null erismall relative classification performance increments between SC and SBA, can
be.explained by failed trials, that is, generated EEG patterns by the user that did not
correspond to the indicated mental task by the system.

A similar analysis can be done for the results presented in Figure 6b for Dataset-
2. In this case, due to the large number of subjects comprising this database, the
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median of h and D, value across trials is depicted per subject. Subjects with higher
algorithmic support are highlighted with darker colors. Figure 6¢ aggregatestaccuracy:
information with and without data adaptation, showing, here again, that there is.n0
clear correspondence in between algorithmic support and classification imprevement.

Considering real-life applications, at which feedback should be delivered as’soon
as possible, we measured the computational time required to adaptfand compute the
logarithmic support metric of a given trial by means of SBA. Experiments were run
on a standard PC with Intel® Core™ i7-6700K CPU. For both datasetss the average
SBA computing time was of about 40 ms, around 2.5 times faster than the average time
needed to compute the Riemannian trial distinctiveness metric.

Given that experiments were conducted in a cross-sessions scenario, it was
important to understand whether correlation existed in between data similarity across
classes and sessions, and the algorithmic support measured by means of h. Figure 6d
and 6e show for Dataset-1 and Dataset-2, respectively, the median value across trials
of h per each subject versus the session distinctivenéss value found per each class. It is
notable how positive and significantly correlated thése two metrics were. This supports
the idea that A can be used to measure the MI-BCI user skills.
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Figure 6: SBA algorithmic support is strongly correlated to Riemannian-based metrics.

a. Algorithmic/support, trial distinctiveness, and accuracy for each subject of Dataset-

1 sorted in deseending median h value.

Lines in the accuracy plots are drawn to

help results readability. Boxplots on the button reflect across trial computed metrics,
with the leftrand right y-axes showing range values for the algorithmic support and
the trial distinctiveness, respectively. b. Algorithmic support as a function of trial
disting¢tiveness, where each dot represent the median value for each subject in Dataset-
2..Subjects were colored-coded accordingly to their median h value, where darker colors
gorrespond to higher algorithmic support values. c. Accuracy reached by SC and
SBA per each subject in Dataset-2. Dots’ color follows the increasing order of the
d-e.
session distinctiveness per each class for Dataset-1 and Dataset-2, respectively.
aggregates Pearson correlation coefficient found and its p-value per class.

Algorithmic support as a function of
Text

corresponding h value per each subject.
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7. Discussion

Motor imagery-based BCIs are promising technologies for neurorehabilitation 34, 35)c
While around 25% of the users cannot command MI-BClIs [36], this may not necessarily
indicate that they are not working towards being able to self-regulate theirsbrain
activity. Nevertheless, generating stable and distinguishable EEG patternsitakes time.
The session-to-session learning process must be adequately supported by the system,
adapting to data changes. In the present work, we propose ampindex to assess the
discriminability and stability of the user generated patterns agross-séssions of BCI use.
This measure, referred to as algorithmic support, is based on the cost/of adapting the
EEG trial to its corresponding training peers within a supportive.backward adaptation
(SBA) process. We showed that the algorithmic suppert h can be used for online
assessing the discriminability and stability of EEG patterns,and thus, SBA has the
potential to become a valuable tool for building coradaptive MI-BCls.

The algorithmic support metric measures theeffortmade by SBA when performing
backward optimal transportation in a supervised manner® We studied SBA as a co-
adaptive method for MI-BCI. SBA is based on/BOTDA [11], an adaptive method
designed to match the data distribution of ‘a new session with the data distribution
of a calibration session, avoiding classifier retraining. Considering MI-BCI for motor
rehabilitation, the domain adaptationuis.done in a trial-basis using the indicated mental
task provided by the system to guide the adaptation. In this work we showed that the
backward adaptation based ontthe system infermation (cued label) is successful when the
user-generated EEG patterns reflect the indicated mental task. That is, data alignment
between sessions leads to high accuraey,only when the user intention matches the cued
label information. Most impo{oantly, we showed that the effort the model exerts in
performing such adaptation informs how distinguishable and stable the EEG patterns
are.

Experiments on simulated data revealed the correspondence between patterns
discriminability amd@the system information when performing SBA. Throughout
extensive simulations, we proved that the adaptation is able to match the data
distribution ofsthe mew session to the old one only when the EEG patterns belong
to the indicated anentalitask, regardless of the level of ERD%, as shown in Figure 3.
These results indicate that the system information will only guide the adaptation to be
successful when the generated EEG patterns by the user match the cued mental task.
In other words, when the user self-modulate their brain activity in a discriminative and
task-related manner. Results on simulated data showed that the backward adaptation
was possible also in extreme scenarios at which the simulated ERD% values were as
low as'10% (see Figure 2b). While the accuracy of the adaptive model reached perfect
classification, we found that the algorithmic support increases as the ERD% decreases
(Figure 5c).

A relevant aspect to analyze when performing a backward adaptation is the quality,
from the discriminative viewpoint, of the calibration data. Our results showed that
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data used to calibrate the model (source domain), should reflect data discriminabilty,
as measured by the class distinctiveness and the accuracy in training data (seedigure 4).
In this way, only “good” calibration sessions are reliable to act as source domain, that
is, domains to where perform the backward data adaptation. This findingindicates that
for multi-session MI-BCIs, the user might need to perform a good calibration session,
as measured by both the training accuracy and class distinctiveness before passing
to the application session. In real-life implementations, this could help avoiding user
frustration during sessions with feedback. Considering most naive BCLasers fail to
perform MI in the very first session, different strategies could be giked to be done in
different session days until reaching good calibration performance. Only then, user could
pass to next stages of the MI-BCI controlling experience.

Frustration with respect to BCI controlling capabilities development can also be
diminished if the feedback provided to the user is not/Solelysbased on the predicted class
by the decoding algorithm. It has been argued that with a feedback that informs the user
about the quality of the generated EEG patterns with respect to the indicated mental
task, the participant might better modulate their brain acﬁvity and thus, improve their
BCI controlling capabilities [4,12]. Herefwwe showed that the effort put by SBA when
performing the adaptation informs about the geodness on the generated EEG patterns.
Results through simulations showed that the algerithmic support in performing the
adaptation increases as the data diserimimative diminishes, as simulated by low ERD%
values in the data (see Figure 5a). “Data discriminability can also be affected by
other brain process that couldico-exist during a MI-BCI session. This is the case of
mental fatigue, that could appear during MI-BCI sessions perpetuating the underlying
task-related brain oscillations [37]. Weishowed that, as long as MI-related activity is
preserved, data adaptationcanbe performed but with higher algorithmic support as the
fatigue level increases (see Figuredb). Although it is hard to account for online fatigue
biomarkers, this resultysheds light on the necessity to monitor fatigue levels within a
MI-BCI session.

As claimed by therauthors in [4], metrics based on the Riemannian geometry can
help identifyingauser’s M1 ability beyond the classifier output. This involves measuring
the stability .and diseriminability of the EEG patterns using a parameter-free and
machine-independent’ algorithm. Such an approach can help delineate the decoding
roles between the classifier and the user more effectively; however, it strongly relies on
the estimation of covariance matrices, which are prone to issues in low electrode counting
scenariosaln the current study we propose a novel way of assessing the user MI-BCI skills
within an adaptive algorithm. It works at the feature space level, as extracted by any
machine learning model or feature engineering process. Real data results show that the
algorithmic support, as measured by h, is positive and significantly correlated to well-
established metrics based on the Riemannian geometry. Given that class distinctiveness
was proven to be positive correlated to mental rotation capabilities [4,14], the found
correlation across a large number of subjects’ data suggest that h has the potential
to become a valuable tool to measure, trial-by-trial, the effort made by the system to
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perform the adaptation, and thus explicitly indicate to the user how well the indicated
mental task was performed. In this way, it is envisioned that by means oféSBA not
only across-sessions adaptation is performed but also meaningful feedback be delivered
to the user, and thus support their MI-BCI learning process.

We envision SBA as powerful tool for users mastering their BCI@ontrol abilities.
We aim at fostering independence and the sense of agency during@MI-BCI sessions.
Nevertheless, it is important to recognize a trade-off: while providing support may
ease the user’s experience, it can also lead to a lack of true learning,and diminished
engagement in actively controlling the MI-BCI. Conversely; if users. navigate their
sessions without adequate guidance, they may struggle to develop the necessary skills
and self-awareness required for effectively command the system., With this in mind,
and following what is commonly done in the literature {38], in multiple-sessions MI-
BClIs, positive feedback can first be imposed. In the ¢ontext of SBA, such positive bias
can be performed by manually setting the group-LASSO regularization parameter to
a high value. Then, as sessions progress, if the average algorithmic support decreases
from session to session and offline quantifiers of ERD actl’vity show better modulation
capabilities, the regularization parametér, can be adjusted at the beginning of the
online session, managing the frustration-metivation ratio. In this line, our results
in simulated data showed that there is a ‘positive relationship between the selected
regularization parameter and the algorithmic support, where both increase as long as
the sessions become more and more difficult from the class-discriminative viewpoint (see
Figure 5¢). This last finding ‘may indicate that the data-driven selected regularization
parameter has the potential tosnform about the cross-session adaptation complexity,
where harder adaptive scenarios are meore likely to have higher values of the group-
LASSO regularization parameter. In closed-loop implementations, the data-driven
selected regularization parameter ¢an directly be used as users become more experienced,
and thus no positive bias is needed to be imposed by the experimenter.

While the predieted, class by the decoding algorithm affects the control efficiency
of the BCI, it does notinecessary resemble the generated pattern by the MI-BCI user
[4]. In this waygthe algorithmic support can provide another domain of quantification
for a given trial;beyondspredicted class category. As seen in Figure 6, improvements in
accuracy after applying data adaptation not always indicate a huge algorithmic support,
and vice-versa. Delivering to the user feedback based on not only the predicted class
but also on thesalgorithmic support is expected to lead to more transparency on how
the model decoding works, and hopefully guide and support the user throughout the
MI-BCI learning process. In this way, visual neurofeedback in a form of an energy
bar ean be/delivered in the closed-loop stimulation protocol. Based on the algorithmic
support such energy bar can be colored and updated trial by trial. It is expected that
usersitealize that the better the performed mental task, the lower algorithmic support
exerted by the model is; and thus, use that feedback to improve, change or maintain
their modulation strategy within a session. The implementation of such a closed-loop
stimuli is part of our future plans.
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In the context of across-session adaptation, the proposed algorithmic Support
can also be influenced by non-physiological factors affecting the stability of the
EEG. Currently, there is no form to disentangle how much the changes in data
are due to modulation variability or non-BCI user-related factors, such, as electrode=
cap misalignment across the BCI sessions. Neither the algorithmic &upport ner the
Riemannian distinctiveness metric calculated across sessions can inform whether the
observed changes in a trial are related to variability due to MI-BCI user €kills or any
other type of source. Nevertheless, while we acknowledge that mere research is needed
in this direction, we argue that within a session, the algorithmie suppo?t value can only
change due to user self-modulation, as other sources of cross=session variability remain
constant.

The present study is based on two-sessions without feedback MI-BCI datasets.
Undoubtedly, further research is needed to understand how to apply co-adaptation as
more sessions become available. In addition, whileSBA can be applied at any feature
domain representation, the present study focuseddn the traditional CSP features, which
rely on covariance matrices estimations, as Riemannian métrics do. Therefore, it remains
to be elucidated whether the algorithmic¢@upport metric would exhibit similar behavior
when applied in other feature spaces. Future plans involve studying the effects of
applying SBA in more complex latent spaces, such as those encoded by deep learning
architectures. Similarly, it is necessary topstudy the effect of the delivered feedback in
both data adaptation and algorithmic support assessment. In this direction, our future
research plans aim at studying the aforementioned study limitations as well as validating
SBA as a co-adaptive method insmultiple-sessions of MI-BCI with applications to motor
rehabilitation. Next steps involve the use of SBA as an online adaptive algorithm as
well as to provide meaningful feedback to the user in a trial-basis. We hope this induces
a better user-machine experiencesallowing more users to control a MI-BCI, and thus,
ultimately potentiating the use of MI-BCI for motor rehabilitation.

8. Conclusion

To support themser’s learning process during MI-BCI training, we introduced SBA, a
method based on bagkward optimal transport for domain adaptation, which addresses
across-sessions’ variability while assessing the quality of the user-generated EEG
patterns. This study demonstrates the potential of SBA as a co-adaptive approach for
MI-BCIsystems, highlighting its envisioned capacity to enhance user experience during
motor rehabilitation. By enabling online adaptation based on the data distribution
of mew sessions, SBA can minimize the need for classifier retraining while providing
critical feedback on the user’s ability to perform the indicated mental tasks. Our
findings reveal that successful adaptation strongly depends on the discriminability and
stability of the user-generated EEG patterns in a task-related manner, emphasizing the
importance of high-quality calibration data. Furthermore, we established a quantitative
measure of adaptation effort through the algorithmic support h index, which offers
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insights into user performance. This dual functionality of SBA not only fagilitates
seamless session-to-session adaptation but also has the potential to provide users with
meaningful feedback to enhance their MI-BCI control capabilities. As‘we, advancesthe
development of MI-BCI systems, integrating such adaptive methodologies isressential
for fostering user confidence and engagement, ultimately improving clinical outcomes in
motor rehabilitation.
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