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Abstract— Early brain-computer interface (BCI) systems
were mainly based on prior neurophysiological knowledge
coupled with feedback training, while state-of-the-art inter-
faces rely on data-driven, machine learning (ML)-oriented
methods. Despite the advances in BCI that ML can be cred-
ited with, the performance of BCI solutions is still not up
to the mark, posing a major barrier to the widespread use
of this technology. This paper proposes a novel, automatic
feature selection method for BCI able to leverage both
data-dependent and expert knowledge to suppress noisy
features and highlight the most relevant ones thanks to a
fuzzy logic (FL) system. Our approach exploits the capa-
bility of FL to increase the reliability of decision-making
by fusing heterogeneous information channels while main-
taining transparency and simplicity. We show that our
method leads to significant improvement in classification
accuracy, feature stability and class bias when applied
to large motor imagery or attempt datasets including
end-users with motor disabilities. We postulate that com-
bining data-driven methods with knowledge derived from
neuroscience literature through FL can enhance the perfor-
mance, explainability, and learnability of BCls.

Index Terms— Brain-computer interface, expert knowl-
edge, feature selection, fuzzy logic, motor imagery.

[. INTRODUCTION

CI is gaining ground as a promising control channel of
B assistive or rehabilitation solutions for people with devas-
tating motor disabilities [1]. Non-invasive, electroencephalog-
raphy (EEG)-based BCIs relying on the self-modulation of
sensorimotor rhythms (SMR) have shown great applicability
potential enabling assistive technology [2], [3] and rehabilita-
tion [4] prototypes in a safe, minimally obtrusive manner.
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BCI systems have evolved from neurofeedback paradigms;
these early BCI designs relied on expert neurophysiological
knowledge to identify one or a few salient and learnable
brain features a subject may be able to get control of, and
on neurofeedback training [5]. Subsequently, the introduction
of elaborate ML allowed to considerably minimize the user
training requirements and boost the information transfer rates
by facilitating the decoding of complex, highly multidimen-
sional and distributed brain activity [6]. Despite great benefits
brought forward by the “ML way to BCI”, this approach has
failed to deliver on its promise of zero-training interfaces,
universal accessibility to BCI for all prospective users and
stable performance. The BCI community gradually acknowl-
edges these limitations leading to a recent revival of interest
in issues pertaining to the “human in the loop” [3], [7].

Current ML-oriented BCI implementations tend to rely
exclusively on purely data-driven methods; consequently,
precious insights derived by research in neuroscience and
neuropsychology are often ignored, potentially to the final
system’s detriment. Along these lines, the investment on ever
more elaborate ML, including deep learning (DL) methods [8],
renders the BCI a “black-box™ that lacks interpretability and
obscures the neurophysiological basis of a BCI [9]. This is
particularly problematic as the BCI field mostly targets trans-
lational applications, where explainability can be as critical
as performance. There is thus a need to combine and enrich
data-driven methods with expert knowledge in order to enjoy
the best of the two worlds in the form of both powerful and
explainable, white-box models.

Towards this direction, we propose a novel feature selection
method for BCI able to exploit both data-driven and expert
information thanks to a fuzzy system [10]. Feature selection
is essential for any pattern recognition (PR) system; it helps
remove redundant and irrelevant features that can degrade
decoding performance, and reduce the dimensionality of the
feature space, which can attenuate or eliminate overfitting
effects [11]. Despite the vast majority of published BCI work
concerns ML methodology [12], research on feature selection
tailored to BCI is scarce [13], [14], [15]. Furthermore, these
works adopt popular data-driven feature selection techniques
derived in general PR literature ignoring the particularities
of brain signals. While the rise of DL lately shifts the
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focus towards embedded feature extraction/selection, filter-
based methods [11], where candidate features are ranked
according to some fitness criterion reflecting their projected
value for classification and the N-best are selected, are still
the most popular in BCI [3], [15], [16], [17], [18], [19].
Wrapper methods have also been investigated [14], [20], but
are not preferred in real-world settings because of their high
computational complexity.

On the other hand, BCI systems that do take into account
the outputs of basic neuroscience research in the design of
the PR modules tend to ignore or only naively fuse data
evidence. One example is the category of adaptive interfaces
that either fix [21], [22] or narrow down [23] the brain features
fed to the classifier to the EEG channels, time points and/or
frequency bands that previous neurophysiological studies show
will be modulated by an “average” user. In other works, data-
driven and prior knowledge are combined through manual
intervention [2], [3], which requires the presence of a BCI
expert, a pre-requisite that cannot be acceptable in clinical
and home applications of BCI. There is thus a gap in the
BCI literature with respect to feature selection methods capa-
ble of integrating neurophysiological priors with data-based
knowledge in a fully-fledged, transparent and fully automatic
manner.

Effective embedding of expert information into ML models
has been mainly demonstrated with Bayesian techniques [24],
FL [10] and Dempster-Shafer theory [25]. Here, we choose
to work within the FL framework for its great intuitive-
ness and flexibility. Our proposed feature selection module
is formalized as a Mamdani fuzzy inference system that
produces a modified feature fitness (FF) ranking of all can-
didate features, taking into account both their separability and
anticipated suitability according to the relevant neuroscience
literature. FL-inspired feature selection has been previously
attempted [26], [27], [28], [29]; however, the methods pre-
sented in these articles are fully data-driven, with no effort
to exploit expert information. FL. has been used in BCI also
for feature extraction and classification with EEG signals [30],
[31], [32].

The main finding of this work is that fusing neuro-
physiological priors with data separability information for
feature selection through fuzzy inference results in up to
7% classification accuracy increase on average in SMR BCI.
We additionally show that these gains are larger the more
noisy the underlying data are. Importantly, we reveal that
benefits mainly arise because purely data-driven methods are
unable to distinguish between physiological and noise-induced
feature separability; embedding expert knowledge addresses
to a great extent this shortcoming by attenuating the influ-
ence of discriminant power (DP) emerging in physiologically
unlikely locations and/or frequency bands, thus delivering a
more consistent, informed and parsimonious feature selection
outcome. Our study is further distinguished for assessing the
proposed method on large SMR BCI datasets comprising
one or more sessions of 92 users, including 46 end-users
with disability, thus solidly grounding the reliability of our
findings.

Il. MATERIALS AND METHODS
A. Dataset

The data reported here consist in SMR BCI EEG recordings
from a total of 92 participants and three distinct datasets. The
first dataset regards 46 able-bodied volunteers (4149 years,
10 female), the second includes 21 end-users with motor
disabilities undergoing motor imagery (MI) BCI training
to operate Assistive Technology (AT) BCI solutions [2]
(56+26 years, 3 female), and the third dataset comprises
25 acute/sub-acute stroke patients with severe hemiplegia
(62+11 years, 9 female) undergoing a BCl-based motor
rehabilitation therapy [33]. The AT patients are affected by
various pathologies including myopathy, spinal cord injury,
amputation, spinocerebellar ataxia or multiple sclerosis. All
participants are without cognitive deficits. All reported exper-
iments were approved by the local ethical committees [2], [33].
Informed consent was received from all human subjects.

B. EEG and System Configuration

For all datasets, the brain activity was acquired via 16 active
EEG channels over the sensorimotor cortex: Fz, FC3, FCI,
FCz, FC2, FC4, C3, C1, Cz, C2, C4, CP3, CP1, CPz, CP2, and
CP4 according to the international 10-20 system with reference
on the right ear and ground on AFz (see supplementary
Fig. S1(a)). The EEG was recorded with a g.USBamp system
(g.Tec, Austria) at 512Hz. Raw signals were bandpassed
between 0.1 Hz and 100 Hz, and notch-filtered at 50 Hz.

C. Experimental Protocols and Feature Extraction

The able-bodied and AT patient datasets are composed
of 1-10 MI BCI sessions per subject, each comprising 3-4
calibration (open-loop) and/or ‘“online” (closed-loop) runs.
Each run contains 15 trials for each of the MI tasks included.
The MI tasks present in the database are right hand, left
hand, both hands, both feet MI and “resting” (idling). The
experimental protocol is detailed in [2]. In the rehabilitation
dataset, each participant executed 15 BCI therapy sessions of
3-7 closed-loop runs each, where the BCI detects the patients’
motor attempts with the affected hand (15 trials) against
“rest/no-movement” (15 trials). The corresponding protocol
is elaborated in [33]. Pre-processing and Power Spectral
Density (PSD) feature extraction using the Welch method [34]
followed the methodology reported in [2]. The extracted PSD
features reflect the power of 16 channels x 23 frequency bands
yielding a total of 368 candidate features fed to the feature
selection module.

D. Adding Noise to Extracted PSD

To highlight the added value of the proposed method in
the presence of EEG artifacts, various levels of noise are
artificially superimposed on the PSD features. We have used
an independent dataset containing artifact-contaminated EEG
described in [35]. The PSD of each artifact trial for each
EEG channel was extracted with the same parameters as
for the SMR trials. Each SMR trial may be contaminated
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by artifacts based on a random decision with probability
pni (.e., pn determines the proportion of trials inflicted
with noise, against 1 — p,; that are left intact). Hence, the
parameter p,; defines the “noise level” added and is varied
across repetitions of our analysis in [0, 1] (extremities express
no, and full contamination, respectively) with a step of 0.1.
Contamination is carried out through a weighted average

X f = O.SXE + O.SXJT‘, where x’ f the artificially contaminated
PSD value for feature f at time ¢, Xf the corresponding feature

value extracted naturally from each subject’s MI data and XJTC
the PSD value of the randomly selected artifact trial 7. Only
the “frowning” and “teeth clenching” types of artifacts are
used from the data in [35], selected with a probability of
0.5 (uniform distribution). Each channel is contaminated with
noise from the same (or, if missing, a commonly available)
channel of the artifact trial. To better simulate the vulnerability
of peripheral channels to artifacts under real-world conditions,
channel Fz of our narrow channel layout is contaminated with
the most affected peripheral channel of the broader artifact
dataset layout, instead; this is a channel among those in the
following channel set: Fz, F2, AF4, FP2, FP1, P2, PO4, P6,
02, P5, O1, PO3, P1, AF3, F1, Oz, POz, and Pz. This special
treatment of Fz is meant to compensate for the fact that,
in the low-density EEG channel configuration used in our
SMR studies, Fz may be the most peripheral channel, but
is still not “peripheral enough” to reflect well the amount of
noise interference that can occur in the periphery of denser and
more widely spread EEG layouts during real BCI application.
Please, refer to the supplementary material for further details.

E. Feature Selection Through FL

To automatically select the N-best features compromising
separability with neurophysiological relevance, we propose
Fuzzy Logic-based Automatic Feature Selection (FL-AFS),
a method that combines neuroscientific knowledge concerning
the cortical areas and frequency bands that are expected to be
activated by the employed MI or motor attempt tasks [36],
[37] with the features’ data-driven DP ranking.

F. Fuzzy System Design

1) Fuzzy sets and membership functions: FL-AFS operates
independently for each feature to output a modified FF value
as opposed to the FF encoded by a conventional, data-driven
separability/DP metric, hereafter termed Data-driven Auto-
matic Feature Selection (DD-AFS). The r2 measure is selected
to implement DD-AFS [38] (other feature ranking algorithms
are also tested). This FF value is used to rank the candidate
features and allow the selection of the N best ones. The
Mamdani-type fuzzy inference system receives three inputs for
each candidate feature: Location (channel), Frequency Band
and DP indexed again by r? feature separability, i.e., the
coefficient of determination between the feature values and the
MI class label. The coefficient of determination is defined as
rZ=1- %{e: where S Spes i the sum of squares of residuals of
the linear fit and S Stot 1s the total sum of squares. We argue that
the choice of separability metric is of no particular importance

(i.e., Fisher Score [21], Canonical Variate Analysis [2], mutual
information [17] or other feature ranking and filter-based
feature selection approaches can be used without detriment to
implement DD-AFS and the DP input of FL-AFS) because
it is normalized by dividing the raw DP of each feature
with the total DP of the candidate feature set, thus merely
quantifying the DP input with any one among many different
alternatives and without affecting its numerical bounds. The
supplementary material corroborates this by replicating the
results after replacing 2 with Fisher Score, Gradient Boosting
and Extreme Gradient Boosting (XGBoost) for DD-AFS and
the DP input of FL-AFS.

A single fuzzy set is defined for each of the three inputs
whose membership function (MB) specifies what truth values
can be considered “good” for the input in question. Hence,
the respective fuzzy sets convey the information about which
channels and which bands can be considered good (and how
much) for a particular taskset; and which 2 values are good,
in general. In this binary (good/bad) modelling for the fuzzy
system’s input variables the explicit definition of a fuzzy set
for “bad” is not necessary, as the fuzzy operator NOT is later
used in the fuzzy rules, thus implicitly defining the “bad” fuzzy
set with the complementary MB fp.q = 1.0 — fy00a.

Custom composite MBs are created for all three inputs to
accurately reflect the relevant neurophysiological knowledge
from the literature [36], [37], [39] and from our own SMR BCI
expertise. In summary, it is known that subjects performing
right or left hand MI exhibit strong contralateral SMR in
the u (8-14Hz) band and/or the B band (18-24 Hz). If feet
imagery is part of the mental exercises, the topographic SMR
distribution maps typically reveal central cortical activation in
the B band. During hand imagery tasks, ipsilateral activation
may also be observed, although most often less pronounced
than the contralateral one. The contralateral activations tend
to be more pronounced and stronger in the p band [37].

Based on such “rules of thumb” that can be derived from
the literature of MI BCI, regarding the Location input variable,
a different MB is created for each MI taskset (i.e., pair of
MI tasks used for closed-loop BCI control) included in our
analysis: right hand and left hand (RHLH), right hand and
feet (RHBF), left hand and feet (LHBF), right hand and rest
(RHRST), or left hand and rest (LHRST). These MBs are con-
structed as follows: the highest membership degree is assigned
to contralateral (with respect to the right/left hand) channels
(i.e., the maximum weight of 1.0 for C1 and C2, Fig. 1(a))
when the respective MI is part of the taskset employed.
Slightly lower membership values are assigned to ipsilateral
channels and electrodes that are more peripheral or vertically
displaced with respect to the central zone (i.e., centro-parietal
and fronto-central channels). Medial channels are assigned
no membership whatsoever in the “good” fuzzy set for the
RHLH taskset (Fig. 1(a)). For tasksets containing feet MI,
a high membership value is assigned to the medial channels
(1.0 for Cz, 0.80 for CPz and FCz) and less weight is given
to the lateral ones (0.40 for FC1, CP1 concerning LHBF;
0.40 for FC2, CP2 with respect to RHBF). When a certain
channel falls in two of these categories (e.g., for the RHLH
taskset, channel C1 is both contralateral to the right hand
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Fig. 1. Membership functions of all input/output fuzzy sets defined.

and ipsilateral to the left hand) the maximum of the possible
membership values is taken. Fig. 1(a) illustrates the MBs
designed in this manner for each of the aforementioned five
tasksets examined in our analysis. In the interest of clarity, the
individual membership functions for the Location input (one
for each of the five different tasksets considered) are provided
in the supplementary Fig. S3.

The MB for the “good” fuzzy set of the frequency band
input (Fig. 1(b)) is built by superimposing suitable trapezoidal
function templates in such a way so that high membership
is given to the pu and B bands, in accordance with the
literature. The MB for separability, which serves to fuse also
the data-derived information into feature selection, is based
on a linear function where the membership value starts at
0.0 and increases to 1.0 linearly. Since, as underlined above,
the DP is normalized, the truth value of separability for each
feature in fact corresponds to the percentage (%) of the total
separability accounted for by the feature in question. Based on
experience, and aided by the visual inspection of the DP %
values that high- and low-performing subjects in the dataset
of [21] tend to achieve, we concluded that 5% of the total DP
or above signifies a very separable feature. Accordingly, the
“good” separability MB of our fuzzy system will reach the
maximum membership of 1.0 at 5% of DP (Fig. 1(c)).

Finally, 4 fuzzy sets are defined for the output FF variable,
associated with “bad”, “average”, “good” and “very good”
FF. The respective MBs, based solely on triangular function
templates, are depicted in Fig. 1(d).

2) Fuzzy rules and fuzzification: We defined 8 IF-THEN-
statement rules shown in Table I. Each rule regards one of
the 8 = 23 possible combinations of our 3 binary (bad/good)
inputs. For example, the first rule is described by the statement:

R1: IF Location IS good AND Frequency Band

IS good AND Discriminant Power IS good THEN

Feature Fitness IS very good
Fuzzification in our system proceeds as follows for each
candidate feature: First, for each rule, the membership values
corresponding to the three truth values (channel, band and DP
of the said feature) are extracted. These are then combined
with the AND operator to form the rule’s antecedent value.
Operator AND is given its most common interpretation as the

TABLE |
SUMMARY OF Fuzzy RULES OF FL-AFS

Rule Location Frequency Band DP Feature Fitness
RI good good good very good
R2 not good good good bad
R3 good not good good bad
R4 good good not good bad
RS not good not good good bad
R6 not good good not good bad
R7 good not good not good bad
R8 not good not good not good bad

“min” membership value among the 3 inputs. Subsequently,
in the rule’s implication process, the fuzzy set of the con-
sequent for this rule is computed with the “min” operator;
effectively, this truncates the MB of the output variable’s fuzzy
set that appears in this rule’s consequent, as typically done in
Mamdani-type fuzzy systems. Fuzzification is concluded by
applying this procedure with all 8 rules present in our system
and aggregating the outputs of all rules through the “max”
operator. All rules exercise the same effect on the output
(i.e., all rule weights are set to 1.0). The final outcome of
the fuzzification process is the MB of a final output FF fuzzy
set.

3) Defuzzification and final output: The defuzzification pro-
cess extracts the system’s final, “crisp” FF value. Among
the different defuzzification methods proposed in the litera-
ture [40], [41], we have selected the most popular one, namely,
the “centroid” method (i.e., the output MB’s centre of mass).

G. Fuzzy System Design Rationale and Effects

The FL inference system design described above targets
two main interventions on a regular, solely data-driven FF
output (DD-AFS). Primarily, we intend to suppress “false
positive” DP that often arises as a result of the presence
of EEG artifacts. Some typical, but by no means unique,
cases are shown in Fig. 2 and 3, and supplementary Fig. S2.
Ocular and muscular artifacts may occur arbitrarily during the
execution of one or more trials of some MI task. Given that the
amplitude of these signals is at least one order of magnitude
greater than pure EEG activity, the EEG signature these signals
generate by propagating on the scalp is mistaken by the
feature ranking/separability monitoring method as a strong
EEG correlate of the underlying MI task. Much greater DP
than what the actual MI correlates yield is therefore inferred
for at least some of the candidate features. There is no easy and
efficient data-driven way to discriminate between “fake” and
“authentic” DP. There do exist artifact detection and removal
methods [35]; however, no method guarantees absolute success
in removing artifacts and all methods are still computationally
expensive. Therefore, the best, and probably simplest, way
to identify “fake good” features is to challenge the origin
of their high fitness on the grounds of prior neurophysio-
logical knowledge. Indeed, artifact-induced separability will
very often be found on EEG features that cannot be justified
by neuroscience studies. In the context of MI BCI, where
spatio-spectral features are commonly used due to their ability
to capture all aspects of the Event-Related Desynchronization
(ERD)/Event-Related Synchronization (ERS) phenomenon,
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Fig. 3. FL-AFS suppresses abnormal DP in high frequency bands.

this practically means that fake separability will most likely
be found in channels and frequency bands not justified by MI
studies.

Fig. 2 shows an example of fake DP on channel Fz, the
most frontal electrode of the EEG layout employed here, which
makes it vulnerable to the eye and facial muscle artifacts (eye
movements, blinking, frowning, eyebrow-raising, etc.). Hence,
high DP on the location of channel Fz is most certainly due
to noise, rather than related to the subject’s MI. Furthermore,
in case of strong muscular artifacts such as those produced by
jaw movements, researchers often observe high separability
in high-g and y frequency bands (Fig. 3), usually evident
in many neighbouring channels. This separability cannot be
possibly attributed to MI, yet, an exclusively data-driven
automatic feature selection method will be bound to select
these features as optimal, thus resulting in a classifier model
unable to detect actual MI patterns. FL-AFS is also designed
to resolve cases of subjects with low SMR aptitude (see
supplementary material and Fig. S2).

It must be highlighted that, as is common in FL system
design, the final hyper-parameterization and architecture have
been to some degree the result of “trial-and-error” tweaking,
showcasing the flexibility of the FL framework to easily
compromise knowledge by different experts, or update the
model as novel expert knowledge is built up by experience.
Specifically, our initial intuitions were revised through visual
inspection of the effects that different choices have on the
FL-AFS-modified DP maps on the data of [3] and [21]. The
suitability of the final choices was confirmed, again by visual
inspection of the modified DP maps, with a few sessions of
the best- and worst-performing able-bodied and AT patients
in our reported dataset, as a proofing mechanism before result
extraction. No further fine-tuning and no formal, data-driven
hyperparameter tuning took place.

For example, readers may note that two of the defined fuzzy
sets for the FF output variable (“average”, “good”) are not
used at all. We originally intended for each fuzzy rule to map
antecedents to a consequent as:

outcome and was the solution we converged to (Table I). In our
final architecture, the activation of the first rule is “driving”
the final crisp output towards high FF, while the remaining
7 rules act as “penalizers” of different combinations of defi-
ciencies (i.e., not-so-relevant location/band, low separability,
etc.), dragging the crisp output towards lower fitness.
Similarly, the exact shape of the MBs of the inputs was
determined by studying the effects of different choices on
actual MI data [3], [21]. In certain cases, this led to final results
that were counter-intuitive in the beginning, like the MB for
the “good” fuzzy set for the Frequency Band input, where 8
features have been eventually assigned higher weight than u
ones. This has been found to be necessary mainly to serve
our second goal (of meaningful/learnable selected features)
for end-user participants, for whom g features are prevalent.

H. Classification

The classification of PSD feature vectors after selection
is effectuated with a Linear Discriminant Analysis (LDA)
model (main paper results). Automatic shrinkage with the OAS
method [42] is applied to all class-wise covariance matrices in
case they are not positive semi-definite. The LDA’S common
covariance matrix is estimated as the average of the class-wise
covariance matrices. We extract and report two types of
accuracy: per run or per session. In both cases, for closed-loop
(online) runs/sessions the LDA classifier used to classify the
data has been trained on the data of the previous run/session,
respectively. Classification accuracy for the first (calibration)
session is extracted through 5-fold cross-validation on the ses-
sion’s own data (without shuffling, and keeping PSD samples
of the same trial in the same fold to avoid confounds due to
training-testing data dependence), as no previous data exists in
this case. Feature selection is naturally also done on the data
of the previous run/session prior to training the LDA model.
In the supplementary material, we show that the proposed
feature selection method delivers improvements independent
of the classifier subsequently used, by additionally employing
Support vector machine (SVM) and Random Forest classifiers.

|. Evaluation

We evaluate the performance of the FL-AFS algorithm
across three different aspects: SMR BCI performance, selected
feature stability and avoidance of class-bias. In all cases, the
respective evaluation metric is calculated for FL-AFS and
compared to DD-AFS. We standardize the finally reported
result as the difference Mp;_arps—Mpp—_ars for each metric
M, so that positive values for accuracy and feature stability,
and negative values for class bias indicate the superiority of
the proposed FL-based method over the conventional data-
driven method. Furthermore, we present this difference across
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all combinations of a number of selected features Ny =
2,5,10, 15, 20, 30, 50 and noise level p,; € [0 : 10 : 100]%.
For statistical analysis, all sessions/runs executed by each
subject are pulled together within each subject’s dataset and
averaged. Subsequently, averages and statistical testing are
reported across subjects. Paired, two-sample t-tests (o« = 0.05)
are performed for each evaluated measure with Bonferroni
correction to account for multiple comparisons due to can-
vassing several values of selected feature set cardinality and
noise level.

The immediate effect on SMR BCI performance is assessed
through classification accuracy, computed as detailed above.
Accuracy reflects the percentage of correctly classified samples
(of both classes) over the total number of samples in the
run/session.

Feature stability in the context of SMR BCI systems refers
to the consistency of the selected features across different
runs or sessions. Stable features are crucial for the robustness
and reliability of a SMR BCI. Feature stability is quantified
thanks to the Jaccard similarity coefficient, a statistical mea-
sure assessing the similarity of two sets A, B as the size of
their intersection over the size of their union: J(A, B) =
|ANB|/|AU B|. Here, J(S;, Si+1) measures the similarity of
the features selected in two consecutive runs/sessions, S; and
Si+1, and effectively communicates the percentage of selected
features that were common. Hence, a Jaccard Index value
close to J = 1.0 indicates high stability, meaning most of
the features are consistent across consecutive runs/sessions,
while J = 0.0 signifies that the selected features tend to be
entirely different every time a new feature selection round is
performed.

We also report a measure of class-bias as the distribution of
accuracy across the two MI classes. Our assumption is that,
by promoting the selection of physiologically relevant features
rather than only the most discriminant ones, the final feature
set will be more balanced with respect to features that are
responsive for both MI tasks. On the contrary, our observation
is that, often, a subject’s N most separable features will tend to
exhibit ERD/ERS only, or at least primarily, for one of the two
MI tasks in the taskset. This leads to “biased” control during
2-class closed-loop SMR BCI where a subject can deliver
successfully one of the two mental commands, but struggles
with the other one. The class balance metric offered here
is derived by normalizing row-wise the standard confusion
matrix of the classification outcome, so that the diagonal
elements c¢;; and ¢y of the normalized confusion matrix C
express the class-wise accuracy rates. The final balance B is
given by the absolute value of their difference: B = |c11 —c22].

[1l. RESULTS

A. Classification Accuracy Results
The heatmaps in Fig. 4(a) and Fig. 5(a) show the run-wise
and session-wise average accuracy difference between the
novel FL-AFS and the conventional DD-AFS technique
for able-bodied participants, AT, and rehabilitation patients,
respectively. LDA classifiers and r2 discriminancy for
DD-AFS and the DP input of FL-AFS are used throughout

in the main paper. In areas where the heatmap is green or,
even more, yellow, there is a high, statistically significant
(paired, two-sample t-test at the 95% confidence interval with
Bonferroni correction) average accuracy difference in favour
of the fuzzy method. On the contrary, blue encodes a slight,
not statistically significant difference. For both session-wise
and run-wise plots, the heatmaps show that FL-AFS delivers
higher accuracy, especially for feature set cardinality greater
than 5 features and noise levels within the interval 10%-50%.
It is evident that the overall effect in accuracy changes with
varying levels of noise and different numbers of features used;
however, importantly, statistically significant and noteworthy
gains are already observed for 0% noise (i.e., when the SMR
data are not artificially contaminated with artifacts). The effect
of our algorithm on accuracy can reach approximately 8% and
4% on average (run-wise and session-wise, respectively) for
the most susceptible combinations of feature number and noise
level.

Supplementary Fig. S4 and S5 provide the actual accuracy
values per condition. The classification accuracy results remain
virtually unaffected after replacing LDA with SVM or Random
Forest classifiers (always with r2, see the supplementary
Fig. S6(a), S7(a), S8(a) and S9(a)), or after replacing r2 by
alternative FF metrics for DD-AFS and for the DP input
of FL-AFS (Fisher score, Gradient Boosting and XGBoost
are tested with LDA classifiers, please see the supplementary
Fig. S10(a), S11(a), S12(a), S13(a), S14(a) and S15(a)).

Fig. 6 visualizes histograms of per-subject average (across
each subject’s runs) accuracy difference between FL-AFS and
DD-AFS for 0%, 10%, 20%, 30%, and 40% noise level and
10 selected features. It can be seen that individual subjects
may in fact benefit much more from the proposed algorithm
than the average effects reported above, with certain subjects
exhibiting impressive accuracy enhancement of up to 14%.
More importantly, the few subjects that show no improvement
won’t suffer significant adverse effects (i.e., there are very few
subjects where the application of FL-AFS leads to reduced
accuracy, and the reduction is minimal). In-depth inspection
reveals that the non-improving subjects are mostly the already
“good” participants whose selected features were already
strong and relevant; hence, the subset of users where our
approach has no ground for improvements (ceiling effect).

As shown in Fig. 7, several subjects for whom the classi-
fication accuracy was below the 58% chance-level threshold
(at the 95% confidence interval [3]) and who were unable
to control the BCI, would have been enabled to raise their
performance above this threshold with FL-AFS. Therefore,
our approach also contributes to the alleviation of the seri-
ous issue of non-universal applicability to SMR BCI, where
several subjects fail to control the BCI system after train-
ing [7]. Such improvements are more pronounced for 2-30
features used and 10-50% noise level. Fig. 8 represents
the average improvements of the proposed FL-AFS over
DD-AFS for different classifiers and different DP methods.
For detailed improvements of FL-AFS see the supplementary
Table S1 - S4. Additionally, the supplementary Fig. S16 and
S17 illustrate the FL-AFS sensitivity to the noise level.
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Fig. 5. Session-wise comparison of average (a) Accuracy, (b) Feature Stability and (c) Class Balance differences (see Fig. 4 for details).

B. Feature Stability Results

Fig. 4(b) and Fig. 5(b) demonstrate that the proposed
FL-based feature selection method has a strong effect also
concerning feature stability. Only statistically significant dif-
ferences in Jaccard index values are visualised in the figure’s
heatmap, so that O-valued cells indicate a small, insignificant
difference between the two methods in terms of feature
stability. It is noteworthy that statistically significant gains
(2-5% in magnitude on average) are also noted for 0%
noise level for cardinality above 20 features. Overall, the
proposed method exhibits increased feature stability with a
larger number of features, which is reasonable, since the

modified FF in our approach mainly impacts the medium-
and low-DP features (high-DP features will usually maintain
high modified FF unless found in a completely irrelevant EEG
channel and band for a given taskset). It is interesting to
observe that run-wise stability gains are larger than session-
wise gains; this could be anticipated, since non-stationarity
effects, which may substantially alter the DP of features,
are known to mainly occur in-between sessions rather than
within a BCI session [21]. Similarly to accuracy, the feature
stability improvement is independent of the classifier and DP
metric used (supplementary Fig. S6- S9(b) and S10(b)- S15(b),
respectively). In summary, FL-AFS helps preserve substantial
overlap of features across runs and sessions, boosting stability
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in the selected features by as high as 7% in the best-case
scenario. Additionally, it must be underlined that feature
stability improves already at low levels of noise, as well as
in the absence of noise.

C. Class-Balance Results

Fig. 4(c) and Fig. 5(c) illustrate that the FL-AFS method
outperforms DD-AFS also in maintaining class balance (note
that, in this case, negative difference indicates superiority of
FL-AFS). A pronounced and statistically significant (always
with paired, two-sample t-tests, Bonferroni corrected) differ-
ence in favour of the fuzzy method is evident when the number
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of features ranges from 5 to 30, particularly at lower noise
levels. Consistently with the other evaluation variables, class-
balance is also invariant to the type of classifier and DP/FF
metric used (see supplementary Fig. S6(c)- S15(c)). Notably,
the proposed method manages to preserve class balance even
under conditions with a high count of features and elevated
noise levels. An impressive outcome is that class re-balancing
in some scenarios reaches or exceeds 30%. Practically, this
means that the fuzzy method is able to render a completely
biased 2-class BCI into a very well-balanced system allow-
ing the user to deliver both BCI commands with similar
ease.
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IV. DISCUSSION

The major objective of this study has been to explore the
feasibility and benefits of integrating expert knowledge with
a data-driven approach via FL to enhance feature selection,
thereby improving SMR BCI performance and user learn-
ing. We have assumed that the proposed system could yield
improvements in terms of classification accuracy, the prototyp-
ical and still most widely used SMR BCI performance metric,
feature stability and ability to “unbias” the BCI classifier. Our
results have confirmed these assumptions and show that the
magnitude of the effects across all these performance aspects
could improve closed-loop SMR BCI control. We have found
trends suggesting that the performance gains will tend to
be greater as the noise in the data increases and when the
number of selected features is large. Importantly, enhanced
classification accuracy is shown to be adequate for allowing
several users with initially random performance to get in
control of a SMR BCI. Furthermore, we have exemplified how
the proposed method’s modus operandi is to eliminate noisy
features that fully data-driven feature selection methods fail
to identify, thanks to taking into account prior neuroscience
findings embedded into the model in the form of intuitive
fuzzy sets and rules. It has been shown that the proposed
method outperforms solely data-driven selection irrespective
of the classifier and the FF approach followed thanks to
comparative analysis among various feature ranking (r2, Fisher
Score, Gradient Boosting, XGBoost) and classification meth-
ods (namely, LDA, SVM, Random Forest).

The run-wise average accuracy (using LDA and r2) of the
proposed feature selection algorithm when no noise is artifi-
cially added is (for 10 selected features) 70.74%, compared to
68.39% for the standard data-driven method. While the accu-
racy gap between the two methods may not seem substantial
on average, it is shown that the proposed system exhibits, at the
same time, more consistent and stable features than its data-
driven counterpart. Importantly, this +2.3% average accuracy
effect is augmented to reach +7% for the same number of
features when there is artifact interference in 10-20% of trials,
something that could be commonplace in real-world BCI [3],
and may approach +15% for single subjects. Another crucial
observation is that the distribution of accuracy difference is
intensely skewed towards positive values; this implies that the
application of FL-based feature selection as designed here is
largely risk-free, since, even in case no accuracy improvement
is observed, there will almost never be deterioration with
respect to a fully data-driven approach.

All three performance facets checked here (classification
accuracy, feature stability, class-balance) seem to be positively
affected by our method as the noise level increases. However,
it must also be highlighted that at very high noise levels
(60% and above “noise level” as defined here through the %
of artifact-contaminated trials), both methods collapse. This
should be attributed to the difficulty of any method to select
features on and classify extremely noisy data. We strongly
believe that the range of 0-50% noise level where our method
is impactful is within the spectrum of “natural” noise levels
that could be observed in realistic BCI scenarios, also depend-
ing on the particularities of each application.

Concerning stability, we have underlined that gains are
anticipated to be larger for session-wise selection, as in-
between session (i.e., longer-term) non-stationarity is known
to greatly affect EEG feature distributions, more so than
short-term variability. It should also be noted that feature
selection is anyway more likely to happen in-between sessions,
as too frequent feature exchange could disrupt the user’s
learning [3], [7]. That being said, our method’s greater feature
stability probably opens the road for more frequent feature
selection at the initial stages of learning, where intense user
learning may lead to different features naturally (i.e., not as
a result of noise interference) emerging as optimal. In other
words, our method paves the way for effective online/adaptive
feature selection algorithms. Of note, an adaptive version
of this algorithm—if an unsupervised separability/data-driven
metric can be defined—could be itself fully unsupervised,
given that expert knowledge is embedded in the architec-
ture of our model and does not need to be learned by
data.

Very importantly, it must be stressed that the added value in
various types of BCI performance indicators shown and dis-
cussed here is merely the one that has been established by our
“offline”, open-loop analysis. It is reasonable to hypothesize
that, up to the extent that increased initial accuracy, feature sta-
bility and class-balance indeed yield improved subject learning
through closed-loop feedback training, the actual effect of this
algorithm when applied in a mutual learning [2], [3] and/or
co-adaptive [7], [21], [22], [23] user training protocol could
in fact be much stronger. Increased impact on closed-loop
BCI performance can be anticipated, first, because we show
that large numbers of subjects with random accuracy after
BCI calibration with a purely data-driven method (preventing
them from proceeding with feedback training) will be able,
thanks to our algorithm, to achieve above-chance accuracy
and thus receive meaningful feedback in closed-loop [21],
potentially further improving their BCI control aptitude. Sec-
ond, we assume that the neurophysiologically relevant features
whose selection is fostered with our methodology may also be
easier to learn to modulate with neurofeedback training [43].
Our future research will seek to shed light on the benefits that
can be reaped by fusing background knowledge with ML in
closed-loop.

Explainability of applied ML is emerging as a major
prerequisite in neural and biomedical engineering [9]. Our
method is shown to exploit the inherent transparency and
intuitiveness of FL to easily incorporate any form of expert
knowledge in the BCI design through simple definitions
of membership functions and “human-readable” fuzzy rules.
Increased model explainability makes the extension of this
approach to additional MI tasksets, other BCI paradigms and
objectives (e.g., explicit encoding of stability) straightforward
for all prospective BCI designers and facilitates algorithmic
hyperparameterization by maintaining a physical meaning for
all the variables and parameters involved in the model (unlike,
for example, the weights of an artificial neural network that
are hard to interpret).

Concluding, this research takes a step towards bridging
the machine learning versus “human factors” gap in BCI by
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exemplifying how data-driven methods can be blended with
neurophysiological insights and expert knowledge to improve
the interaction.
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