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Abstract

Brain—computer interfaces (BClIs) are interactive machines using implicit neurophysiological signals,
with applications ranging from medical rehabilitation to smart prostheses and entertainment. In this
context, the need for high recognition performance demands increasingly complex machine learning
(ML) architectures. Generally, the more complex the architecture, the less transparent is its reasoning.
This leads to difficulties in motivating their outputs and validating their internal model. Moreover,
explainability is explicitly required by recent regulations on personal data processing, which advise
against black boxr modeling. Here, a novel ensemble learning model is proposed aiming to effectively
balance recognition performances and explainability. The proposed architecture employs different
multilayer perceptrons, each one specialized to distinguish a single pair of classes and to provide
counterfactual explanations and the minimal feature changes resulting in a classification shift. Sub-
sequently, their outcomes are weighted to minimize the contribution of the non-competent classifiers
and combined to address a multiclass classification problem. Results were gathered from two publicly-
available datasets on multiclass electroencephalography-based motor imagery, and demonstrate that
the proposed architecture overcomes state-of-the-art recognition performance while providing infor-
mation on the most discriminant brain areas and power bands. For the sake of reproducibility, the
implementation of the proposed approach is made publicly available.

Keywords: Explainable Artificial Intelligence, Contrastive Explanation, Multiclass Decomposition, Motor
imagery, Brain-Computer Interface, Ensemble learning

1 Introduction such as identifying movements [1, 16]. BCI sys-
) ) tems find applications not only in medical devices
Brain-computer interfaces (BCls) are technolog- but also in various fields like entertainment, educa-

ical solutions aimed at interpreting neurophysio- tion, and marketing [33, 52]. Among BCI systems,
logical signals to perform programmable actions, Electroencephalography (EEG)-based BCIs are



the most prevalent, designed to analyze and pro-
cess cortical activity recorded from the scalp and
translate it into interpretable end-effector infor-
mation, such as categorical labels associated with
predefined actions [1, 56]. This technological feat
is enabled by factors like high time resolution and
the feasibility of EEG recordings, alongside the
understanding that imagination activates brain
areas responsible for actual movements, and the
utilization of machine learning (ML) algorithms
for automatic knowledge extraction from physio-
logical signals [13, 17, 34].

ML architectures are increasingly favored due
to their recognition performance [5, 6, 38]. How-
ever, some drawbacks have been noted in this
regard. Firstly, high-performing ML architectures
often pose challenges for real-world applications
due to their computational demands, for instance,
deep neural networks require substantial compu-
tational power for training and operation [79].
To mitigate this, ensemble-based ML approaches,
like OneVsAll and OneVsOne, have been found
effective in balancing computational cost and
recognition performance [10, 44]. Secondly, ML
applications are often perceived as black boxes
by the neuroscientific community, lacking explain-
ability, and making it challenging for physicians
and neuroscientists to understand and validate the
algorithm’s reasoning [70]. Explainability of ML
models is crucial not only for supporting clinical
decision systems but also for compliance with data
processing regulations [8, 40]. Hence, there is a
growing focus on designing explainable artificial
intelligence (XAI) algorithms [35, 77].

However, the pursuit of explainability may
compromise recognition performance. Complex
and high-performance ML approaches tend to
be less interpretable, while inherently explainable
ML models are simpler but may struggle with
real-world data intricacies [43, 64]. This trade-off
between performance and explainability is well-
recognized in the literature [43].

In this study, we aim to challenge this trade-
off by introducing a novel XAI architecture for
identifying different motor imagery (MI) activi-
ties using EEG data from healthy subjects. Our
proposal utilizes a series of binary classifiers,
implemented as multilayer perceptrons, arranged

within a OneVsOne (OVO) multiclass decomposi-
tion framework. To maintain competitive recogni-
tion performance, we introduce a novel clustering-
based mechanism to combine the outputs of the
multilayer perceptrons, deriving the final predic-
tion. Leveraging the OVO schema, each multilayer
perceptron specializes in delineating a singular
decision boundary between two specific classes
(i.e., motor imagery). This specialization is lever-
aged when elucidating the motor imagery identi-
fied by the model with a single sample, targeting
the minimal feature alteration on that sample nec-
essary to induce a specific change in the recognized
motor imagery. This approach does not aim to
resolve the multi-class nature of the MI recogni-
tion task but rather lays the groundwork for gen-
erating explanations of the algorithm’s decision
logic. Indeed, our proposed approach delineates
which features influenced its decision, elucidat-
ing whether the recognition outcome would shift
based on the value of that specific feature.

To summarize, the proposed approach is char-
acterized by:

® an improved ensemble architecture featuring a
novel multiclass decomposition schema;

® 3 model-specific concise explanation generation
protocol based on counterfactuals;

® 5 great trade-off between explainability and
motor imagery recognition performance;

We show that the proposed approach outperforms
previously evaluated models, which are tested on
the same openly available benchmark datasets.
Specifically, we applied the proposed algorithm to
two distinct motor imagery EEG tasks. The first
task involved imagining elementary movements of
various peripheral systems, while the second task
elicited higher-level motor processes associated
with different types of object manipulation.

2 Background and related
works

2.1 Ensemble Learning

The ensemble-based approaches combine the out-
comes of different ML algorithms, defined as base
models, to obtain the final classification result [19].
Combining base classifier outcomes enables strong
recognition performance because the error of a sin-
gle base classifier is averaged with all the others.



This allows using much simpler base classifiers,
resulting in improved computational efficiency
[63]. The taxonomy presented in [63] categorizes
ensemble strategies according to the strategy to
differentiate the base models. By input manipula-
tion, the base models are differentiated by being
assigned to different partitions of a dataset.With
learning algorithm manipulation, the base models
are differentiated by varying the hyperparameters
of each base model or changing the learning algo-
rithm. With output manipulation, a multi-class
classification problem is transformed into multi-
ple binary recognition problems, and each base
model deals with a single problem. This divide
and conquer strategy is also called multiclass
decomposition schema.

Using a multi-class decomposition schema can
significantly enhance the efficacy of base classi-
fier training [46]. The two primary decomposition
schemas are one-versus-all and one-versus-one
(OVO) [39]. In a C-multi-class recognition task
with a one-versus-all decomposition scheme, each
base classifier learns to distinguish one class from
all others, resulting in C' binary classification sub-
problems. On the other hand, in a C-multi-class
recognition task, an OVO schema yields C x (C —
1)/2 base classifiers, each trained to differentiate
between two specific classes among all possible
pairs of classes. Due to its superior recognition
performance, the OVO decomposition schema is
often preferred over a one-versus-all scheme [82].
Nevertheless, the robustness of the classification
performance may be undermined by the increased
number of base models in an OVO schema. This
may cause different non-competent base classifiers
to affect the recognition performance [37]. Specif-
ically, a base classifier BC' is non-competent for
the classification of a sample s if the class to which
s belongs does not match any of the classes used
to train BC. Therefore, the outcome of BC is
unreliable and unpredictable [36].

The exact method to find and isolate non-
competent base models requires knowing a prior:
the class of the sample being classified, which,
certainly, is unknown. To address this issue, sev-
eral dynamic ensemble selection strategies have
been proposed. For instance, a k-nearest neigh-
bors (kNN) method can be employed to establish
a region of competence around the sample being
classified and aggregate the outcome of the base
classifiers accordingly. In more detail, dynamic

ensemble selection strategies can be categorized
as follows [21]: (i) non—trainable, having a low
computational cost, but relying on strong assump-
tions about the classifier nature. An example is the
majority voting strategy, which is effective under
the assumption that all base classifiers are inde-
pendent [28]; (ii) trainable, employing base model
outcomes as the input for another ML model [20]
that provides the final prediction; and (iii) dynamic
weighting, where the outcomes of all base clas-
sifiers are weighted according to their expected
local competence and subsequently aggregated to
provide the final decision [81]. The latter offers
the best trade-off between computational cost and
recognition performance. For this reason, it will
be employed in this research study.

2.2 Ensemble Learning in BClIs

New and improved ensemble schemas are essential
for optimal recognition performance, especially in
complex recognition tasks like the ones with BCI
data. As an example, authors in [9] employ a
multiclass decomposition scheme to select features
for improved imagined speech recognition. In [55],
the authors propose an ensemble approach for
biometric recognition of individuals using EEG.
The proposed solution provides great performance
but uses a classic ensemble aggregation mech-
anism (i.e., a voting strategy). Ensemble-based
approaches have been successfully applied in var-
ious BCI tasks [3], among which imaged move-
ment recognition. For instance, in [59], authors
employed a multiclass SVM based on the OVO
schema to recognize ten different hand gestures
from entropy features obtained from the EMG
signal of 25 subjects, achieving an accuracy of
99.98%. In the context of imagined movements
recognition, many recent works employ datasets
such as the BCI dataset IV 2a, e.g. [78] and [47],
leaving some room for improvement in terms of
recognition performance (66.75 and 80.10 kappa
score, respectively). To address this issue, other
authors employ ensemble approaches to this recog-
nition task. For example, the approach proposed
in [75] provides better recognition performances
(82.83 kappa score) using an ensemble represen-
tation of feature sequences. In [22] the authors
propose an ensemble Flashlight-Net model aimed
at processing different spectral components sepa-
rately and then aggregating the results for final



classification, achieving 81.23% accuracy. The
authors in [24] demonstrate how the ensemble
learning approach can provide good recognition
performance on the BCI dataset IV 2a, although
the usage of a classical ensemble schema does not
allow the final performance to be even comparable
to other works in the literature. There is a need
for improvements, e.g., a better aggregation mech-
anism for the ensemble schema, to ensure more
accurate recognition. This research work addresses
exactly this issue.

2.3 Explainable Artificial
Intelligence (XAI)

The second problem related to the application
of ML approaches in real-world scenarios is their
black-box behavior. To address this issue, XAI
approaches are conceived to provide classifica-
tion labels supported by some explanations. The
explanatins can have different forms [51]: (i) fea-
ture importance or feature attribution is one of
the most used explanation forms because many
model-agnostic approaches generate a feature-
ranking explanation [2]; (ii) instance-based expla-
nations associate a labeled instance to some pro-
totypes or counterexamples to trigger similarity-
based reasoning in an end-user, thus providing
human-friendly explanations [25]; (iii)rule-based
explanation models summarize the decision pro-
cess embedded in the algorithm, associating labels
to the thresholds of the input features, and
thereby compactly providing some insights about
the behavior of the ML model using new instances
[72]. Both rule- and instance-based explanations
might be obtained using counterfactual approaches
[72]. Counterfactual approaches aim to answer the
question “why F' rather than A?”, where F' is
the fact to be explained and A is an alternative.
From a classification viewpoint, this is equivalent
to finding the minimal changes needed to shift the
classification outcome of an instance to a specific
alternative [67]. The closest counterfactual to a
given data instance can be found by setting up
a multiobjective optimization problem or leverag-
ing the local neighborhood from the training set
[73]. The latter provide fastest computation and
for this reason, the former approach is employed
in this research study. Despite its popularity, this
explanation form is particularly challenging with
ensemble-based approaches since the decision to

be overturned is one of the model group (or at
least its majority) and not of one single model.
We tackle this challenge by building an explana-
tion procedure based on our improved multiclass
decomposition schema.

2.4 XAI in BClIs

When applying ML models to brain-derived data,
the primary focus has been on maximizing accu-
racy. Recently, however, the need for explainable
results has grown, driven by legal requirements to
ensure trust, privacy, security, ethics, and compli-
ance with GDPR standards [40].

Understanding how an algorithm discerns neu-
ral activities offers valuable insights for a scientific
purpose. Additionally, explainable responses can
provide feedback, such as identifying errors in BCI
systems caused by low activity in specific brain
regions. This feedback can guide quality checks
or support subject training in human-in-the-loop
systems [30].

In supported diagnosis, ML algorithms pre-
dict health conditions or diseases. Explanations
help understand diagnoses and identify factors
that could influence such outcome (i.e., support to
prognosis decision process).

It has to be clarified that: (i) using XAI
approaches cannot assume that statistical causal-
ity is equivalent to understanding pathological
behavior, and (ii) XAI tools are typically only
support systems, and should never be used com-
pletely autonomously in diagnosis/prognosis prob-
lems [30].

An algorithm providing such broad and infor-
mative explanations has still to be designed;
however, some solutions have already been pro-
posed in this context. For instance, the authors
in [58] propose an adaptation of SHAP [50] to a
state-of-the-art DL network for inter-subject MI
classification. They utilized the computed impor-
tance of each EEG channel to select an 8-electrode
configuration, achieving inter-subject accuracies
of 86.5% on the Physionet dataset and 88.7% on
the Carnegie Mellon University’s dataset. Simi-
larly, the authors in [45] employed an ensemble
of decision trees for EEG-based human activity
recognition and explained their model using LIME
[71]. This integration enables the provision of clin-
ical reasoning behind the EEG spectral features in
human activity recognition. Other models require



conducting relevance analysis, focusing on the fea-
ture relevance associated with the classification of
a given instance (e.g., a subject or an action) [27].
All these solutions focus on a subject/instance
level; however, they still maintain a class-specific
approach and do not provide information on the
differences between classes, which is the primary
goal of our proposal.

3 Proposed approach

Here, a novel approach is presented, namely
a NEighborhood-based Weighted Aggregation
for eXplainable OVO decomposition scheme
(NEWAXOVO).

3.1 Ensemble approach based on
decomposition schema

The proposed OVO ensemble classifies EEG-
derived features into MI classes by weighting and
aggregating outcomes of different base classifiers,
implemented as multi-layer perceptron (MLP)
neural networks. As shown in Fig. 1la, the OVO
ensemble requires each base classifier (bc) to pro-
cess the instance (i.e., the EEG features s) and
provide the probabilities for the classes on which
bc was trained. As anticipated in Section 2, these
probabilities are weighted according to a strat-
egy specific to each OVO schema. Once all the
weighted probabilities are computed, those can be
aggregated by class to obtain the class-wise mem-
bership scores (M S). The final classification of the
ensemble is the class corresponding to the greatest
MS.

More specifically, if the classification prob-
lem is constituted of n classes, the NEWAXOVO
scheme consists of n(n — 1)/2 MLP binary clas-
sifiers (Fig. 1b). For instance, with the BCI IV
classification problem (i.e., 4 classes: right hand
RH, left hand LH, tongue T, and feet F) NEWAX-
OVO will feature six MLPs as base classifiers.
Each base model is trained with the instances of
the PSD features belonging to a pair of classes;
hence, it is specialized to distinguish them and
provides as output the probability associated with
these two specific classes.

A membership score MS(C;) is computed for
each class, obtained by weighting the associated
probabilities and subsequently aggregating them
(see Eq. 1). Consequently, for a given sample s,
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Fig. 1 (a) Overview of the classification procedure imple-
mented by the OVO ensemble with a weighting schema. (b)
NEWAXOVO architecture in the case of the BCI IV clas-
sification problem, i.e. a classification problem featuring
four MI classes: right hand (RH), left hand (LH), tongue
(T), and feet (F). The color scheme represents the values
obtained by processing a sample of class LH of Subject 1.
Each probability is bounded between 0 and 1, whereas MSs
are positive unbounded, thus their re-scaled values are con-
sidered.

the class predicted by NEWAXOVO corresponds
to C(s) = argmax(MS*(C;)) among the n = 4
classes.

MS*(C;) = Z Wf,j*P[sci”cj](Ci) (1)
J=1,37#i
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The classification noise resulting from non-
competent classifiers may result in similar M S
values for different classes. In this case, small
fluctuations in the MS values might lead to a
classification error, due to the argmax operation.
Consequently, the base model outputs are pro-
cessed by a weighting operation affecting the base
model contributions that are most likely to be
non-competent, to minimize the M S of the wrong
classes.

In Eq. 1, P[Sc*m cj](ci) represents the probabil-
ity that a given sample s belongs to class Cj;, as
the output of the base classifier trained on two
classes C; and Cj. The weighting factor, 77 ;, (Eq.
2) exploits Ny, i.e., the close neighborhood of s
from the training set. The competence of a specific
base classifier trained on [C;]|C;] is assessed as the
average probability of classes C; and C; in N,
obtained using the kNN classifier, as motivated in
sec. 2.1. Specifically, the base models trained with
the less frequent classes in the close neighborhood,
N, are most likely to be non-competent, and thus,
their outcomes are underweighted. This weighting
operation propagates up to M S.

The presented architecture is a development
of the preliminary proposal in [7]. In that study,
a relatively simpler ensemble-learning architec-
ture was designed and tested. Specifically, [7]
leveraged a trainable ML approach for aggregat-
ing the base classifiers’ outcomes. This resulted
in a high computational cost and an impossibil-
ity of generating explanations using traditional
methods because the approach consisted of two
MLP layers. The present study aims both at
reducing the computational cost and making the
architecture explainable, without compromising
recognition performance.

3.2 Explanation procedure

The explanation generation procedure aims to
identify the minimum modification that a sam-
ple should endure to change the class it has been
assigned to. In a classification problem, the set of
features thresholds, and conditions that can lead
to a different classification result is known as the
decision boundary.

In NEWAXOVO, given a certain class (e.g.,
LH) and a counterfactual class (e.g., RH), the base
classifier (BC') specialized in this decision bound-
ary (LH vs RH) is the one most competent to
analyze the minimal change needed for the classifi-
cation outcome to shift. Indeed, trying to modify a
sample starting from the most important features
for that specific base classifier could be the fastest
way to cross that specific decision boundary.
Intuitively, starting from a sample (e.g., a of class
A) and a counterfactual class (e.g., class B), the
proposed explanation procedure:

® Focuses on the base classifier trained to distin-
guish class A from class B, as it models the
decision boundary between these two classes
(dotted line in Fig. 2).

® Identifies the closest samples of class B to the
sample a, since the proximity of two samples
from different classes (e.g., samples a and ¢ in
Fig. 2) in the feature space suggests closeness
to the decision boundary. The set of the closest
class B samples to a is denoted as C in Fig. 2.

® Considers the most important features for the
classification. To generate a counterfactual, the
decision boundary must be crossed. Higher fea-
ture importance (obtained via SHAP) indicates
that even small perturbations of that feature are
more likely to cross the decision boundary.

® These perturbations are implemented using lin-
ear interpolation, applied to the most important
features. In Fig. 2, the set of new samples (sam-
ples s’ and s”) obtained via interpolation is
denoted as S.

® Each new sample s generated through interpola-
tion is progressively classified by the ensemble.
When the classification changes (i.e., from class
A to class B), the corresponding sample is con-
sidered a minimal counterfactual. This sample
is used to build the explanation, i.e., the dif-
ference between the original sample a and the
minimal counterfactual (A in Fig. 2).

In the proposed approach, an array of Shapely
values is computed using the SHAP method as the
importance of the features (FI). SHAP [50] is a
game theory approach for explaining the output
of any ML model. It produces a vector of Shapely
values quantifying the contribution of each feature
in a classification: a high value implies a large con-
tribution recognizing a specific class. With binary



Algorithm 1 NEWAXOVO explanation procedure. It provide the features’ changes needed for s to be

classified as C,,

Require:

s < sample to explain

C, < predicted class

C. < counterfactual class

k < considered # neighbors of s

e < # steps to explore the feature space
F < max # features to explore

BC(C,,Cs) < base classifier trained to distinguish classes C and C.

Procedure:

1: FI(s) <« SHAP vector obtained with sample s and BC(C., Cs)
2: countFacts(C., s) < samples € C. among the k closest samples to s

3: for each ¢ € countFacts(C,,s) do

4: FI(c) < SHAP vectors obtained with sample ¢ and BC(C,, C)

5: distFI(c) < cosineDistance(FI(s),FI(c))

6: end for

7. for each c € countFacts(C,, s) sorted by distFI(c) do

8: MIF(c) < F Most Important Features for ¢

9: for each n € range(1, F) do

10: CF(c,n) < first n features from MIF(c)

11: for each f € CF(c,n) do

12: featSpacelnit < min(value of f in s, value of f in ¢)

13: featSpaceEnd < max(value of f in s, value of f in ¢)

14: step < (featSpaceEnd - featSpacelnit)/e

15: featSpaceVals(f) < values from featSpacelnit to featSpaceEnd each step
16: end for

17: newSamples(*) < generate samples by using featSpaceVals(*) to replace features’ values in s
18: distNewSamples(*) < cosineDistance(s,newSamples(*))

19: for each ns € newSamples(x) sorted by distNewSamples(x) do
20: classify(ns) < compute classification of ns

21: if classify(ns) == C. then

22: explanation < % change between s and ns for each f
23: break

24: end if

25: end for

26: end for

27: end for
28: return explanation

classifiers (like our base classifiers), Shapely values
are symmetric: a feature that strongly contributes
to predicting a class, does it as well to predict
another class, but with an inverted sign. Thus, in
the presented procedure, the amplitude’s absolute
values are considered at lines 1 and 4 of Algorithm
1.

More specifically, the proposed explanation
procedure (see Algorithm 1) selects, among the
k samples closest to s, the samples belonging to

class C., with C. # C,. It sorts those samples
(¢) according to the cosine distance between their
F1I vectors and the same vector computed for s.
The F1I is computed by employing the base clas-
sifier (BC') trained to distinguish classes C, and
C.. Finally, a whole set of new samples is gener-
ated by manipulating a part of F-most important
features (i.e., the ones with higher FI) of sam-
ple s. Such manipulation consists of progressively
changing their values toward the ones assumed
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Fig. 2 Overview of the explanation procedure with a
focus on the counterfactual search. The exemplified coun-
terfactual search represents a recognition problem charac-
terized by two features and just one of those is used for the
interpolation.

by the same features in the counterfactual sam-
ple ¢. These new samples (ns) are ordered with
respect to the distance to s and subsequently clas-
sified by the NEWAXOVO scheme. As soon as
NEWAXOVO changes the classification outcome,
it is assumed that the minimum change to flip the
classification is found. The value change of the F-
most important features between s and ns (as a
percentage), is reported as an explanation.

For the sake of reproducibility, the implemen-
tation of the proposed approach is made publicly
available at [60].

4 Experimental setup

4.1 Datasets

The proposed approach was tested on two publicly
available datasets, namely the BCI competition IV
(dataset 2a) [69] and the U-Limb dataset (group
A) [12].

The first dataset (hereafter Datasetl) com-
prises EEG series from ten healthy volunteers

undergoing a standard MI protocol. The paradigm
included four different MI tasks: the imagination
of the left hand (LH), right hand (RH), both feet
(F), and tongue (T) movement. For each subject,
two sessions were recorded on different days. Each
session consisted of six runs with short pauses in
between. A session consisted of 288 trials, with 48
trials in each run, 12 for each of the 4 potential
classes. A recording of approximately 5min was
made at the start of each session to estimate the
electrooculogram influence. The participants were
seated on a plush recliner in front of a computer
screen. A fixation cross was displayed on a dark
screen at the start of a trial (¢ = 0s), and a short
acoustic warning tone was played. A cue in the
form of an arrow pointing left, right, down, or up
(corresponding to one of the four classes: LH, RH,
F, or T) emerged after 2 s (t = 2s) and lasted
on the screen for 1.25s. The subjects were sub-
sequently encouraged to complete the necessary
MI task, and no feedback was provided to them.
At t = 6s, the subjects were instructed to com-
plete the MI task until the fixation cross vanished
from the screen, which subsequently went black
for a short time. The EEG was recorded using 22
Ag/AgCl electrodes (with 3.5¢m inter-electrode
intervals). All signals were mono-polarly recorded,
with reference to the left mastoid and ground to
the right mastoid. The sampling frequency was
set as 250Hz, and data were bandpass filtered
between 0.5H z and 100H z. The sensitivity of the
amplifier was set as 100V. A notch filter at 50H 2z
was employed to reject line noise. An electrooculo-
gram channel was also recorded and exploited for
artifact processing. An expert performed a visual
review of all datasets, marking and rejecting any
trials containing artifacts. A subject was excluded
owing to the poor quality of the recordings. A
schematic representation of the experimental pro-
cedure is presented in Figure 3. A comprehensive
description of the data acquisition is reported
in [69], and the entire dataset is freely available
online at https://www.bbci.de/competition /iv.
The second dataset (hereafter Dataset2)
comprises EEG series gathered from 34 healthy
subjects (all right-handed), which after an ini-
tial 5-minute resting state were asked to perform
30 different right upper limb movements, each
repeated three times, resulting in a grand total of
90 different movement executions per subject. The
30 tasks were separated into three main classes:
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Fig. 3 Schematic representation of Datasetl experimental
setup including EEG channels and MI task timeline [69].

10 intransitive tasks, movement not involving the
use of an object; 10 transitive actions, a movement
involving the use of a single object; and finally,
10 tool-mediated movements, e.g., action requir-
ing to use an object as a tool interacting with
another object (e.g. poor water from a bottle to
a glass). All movements were carefully explained
and mimed to the volunteers by an experimenter
at the beginning of the experiment. The experi-
mental procedure required participants to fulfill a
3 seconds motor imagery state and then to per-
form the actual imagined movement. In this study,
to maintain the classification task in the motor
imagery scenario, only the first 3-seconds imagery
phase was analyzed. To discriminate the 3 classes
of actions from the resting state, in which the sub-
ject was not moving or imagining a movement,
the initial 5-minute resting state was divided into
30 non-overlapping segments. This allowed us to
have 30 different repetitions of the resting state to
be included in the classification process. Compre-
hensively, 30 trials for class and for each subject
were recorded. For further details please refer to
[12]. The EEG recording system used a 500H z
sampling rate, and had 128 channels, but follow-
ing results reported in [16], we kept a subset of
33 channels already used for classification. The
preprocessing procedure employed for this dataset
was analogous to the one implemented in [16].
Briefly, the EEG time series were subjected to a
bandpass filter with a range of 0.5Hz to 100H z to
eliminate unwanted frequency components. Addi-
tionally, a notch filter at 50Hz was applied to
remove line noise. To further ensure data quality,
a semi-automated wavelet-enhanced independent

component analysis (ICA)-based algorithm [32]
was used for the rejection of physiological arti-
facts. Subsequently, an expert visually inspected
all datasets, rejecting any trials that exhibited
undetected artifacts.

4.2 EEG signal processing
4.2.1 Power Spectral Density

In the first dataset, EEG signals were segmented
into time windows lasting 4s with 0.5s steps to
minimize estimation variance. Similarly, in the
second dataset, EEG signals were divided into
time windows of 1.5s with 0.5s steps for the same
purpose.

For each EEG channel, we extracted the power
spectral density (PSD) using Welch’s method and
then applied filtering in six frequency bands: 6 €
(4—-8lHz, o € (8 —12|Hz, p € (12 — 16]Hz,
(o +p) € (8—16]Hz, 8 € (16 — 30|Hz, and v €
[30 — 45]H 2.

Consequently, each trial produced four vec-
tors containing 198 features, derived from the
combination of 33 channels and 6 frequency bands.

4.2.2 Other EEG features

In this study, our aim is to provide an ensemble-
based solution that balances explainability and
recognition performance, rather than solely max-
imizing the latter. However, we acknowledge that
the recognition performance of any model can be
influenced by the choice of features used.

To evaluate the effect of substituting the PSD
features, we maintained the same number of fea-
tures (6 features x 22 electrodes). Specifically, the
following EEG-based features were extracted:

® Hjorth’s Parameters: activity, mobility, com-
plexity [15, 76].

e Sample Entropy [62, 74].

® Signal’s standard deviation.

® Total power as the sum of the squared values
of the EEG within the considered time window
[11].

4.3 Experimental setting

To prevent a suboptimal set of hyperparameters
impacting the performance, an automatic hyper-
parametrization of the NEWAXOVO scheme and



Table 1 Hyperparameters ranges of MLP base

classifier
Hyperparameters Values
First Layers size (64, 128]
Second Layers size [32, 64]
Activation Function identity, ReLU, tanh
Optimizer Ibfgs, adam
Batch size 32, 64, 128, 256
Optimization tolerance | loguniform(le-4, le-6)

its competing approaches, the distance-based rel-
ative competence weighting combination OVO
(DRCWOVO) and the unweighted OVO, was per-
formed using OPTUNA [4]. OPTUNA employed
500 iterations and the hyperparameters ranges are
reported in Table 1.

Since the datasets analyzed here consisted of
a 132-dimension feature space and the cosine dis-
tance is more robust while computing distances
among samples with numerous features [41], any
distance (e.g., between samples and between fea-
tures importances) was implemented as a cosine
distance. Furthermore, the kNN method weights
each neighbor by its inverse distance with respect
to the sample being classified; thus, close neigh-
bors have a large influence on determining class
probability. This choice has demonstrated working
well with nonhomogeneous feature spaces [21]. As
per [80], in this study, the number & of instances
considered by the kNN method were 3, 5, and 10.

In our experimental framework, we employed
a stratified Monte-Carlo cross-validation scheme
(Fig. 4). Specifically, when dealing with the data
of one subject, 90% of it is randomly selected
to build the training set, leaving the remaining
10% for the testing set. Its stratified composi-
tion ensures that the proportion of instances for
each class (i.e., imagery movements) mirrors that
of the original dataset. The training process for
NEWAXOVO involves using the entire training
set to train the KNN algorithm, and portions
of it (specifically, those pertaining to only one
unique pair of imagery movements) to train each
base classifier. The outputs of these individual
components are then amalgamated to generate
predictions for each instance within the testing
data presented to NEWAXOVO. By comparing
these predictions with the ground truth, we can
quantify the recognition performance for the ongo-
ing iteration of cross-fold validation. This iterative
process is repeated ten times for each subject,
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Fig. 4 Flowchart of the training and testing procedures
for NEWAXOVO.

and the results are subsequently aggregated and
presented in terms of both mean and variance.

4.4 Performance evaluation

The proposed NEWAXOVO methodology was
evaluated considering the recognition perfor-
mance, architecture complexity (e.g., number of
trainable parameters), and readability of the
proposed explanations. A key component intro-
duced by NEWAXOVO is a novel OVO aggre-
gation mechanism based on KNN clustering. In
our experiments, we assess the impact of this
specific component on the model by utilizing
the exact same MLP ensemble and substitut-
ing the NEWAXOVO aggregation mechanism
with the ”classic” OVO voting mechanism (i.e.,
?Unweighted OVO”), or with other aggregation
mechanisms proposed in the literature, such as
the one proposed in DRCWOVO [37]. The only
distinction among these three architectures is
the aggregation of base classifier outputs. Conse-
quently, their comparison enables us to evaluate
the specific contribution of our proposal to the



model’s effectiveness. In short, the DRCWOVO
model weights the base classifier outputs classify-
ing a sample s according to its distance to the k
nearest neighbors taken from each class [37]. The
effectiveness of the DRCWOVO method has been
extensively tested using different datasets and in
conjunction with other schemas, outperforming
other approaches [80].

As mentioned in Section 2.1, a limitation in the
application of the OVO decomposition schemas
is that the classification noise generated by the
non-competent classifiers may propagate up to the
final prediction, i.e. increasing the M S value for
the wrong classes (see also sec. 3.1). To assess
how the weighting operation purposely affects
the contribution of the non-competent classifiers,
minimizing the classification noise, competence
reinforcement (CR) is defined in Equation 3.

_ MS*(Cy)
Z#_classes MSs (Cj)

j=1

CRs

3)

CR for sample s is defined as the ratio of the
MS? of the true class Cs (i.e., MS*(Cs)), and
the sum of all membership score values associated
with s (i.e., belonging to all four classes). CR is
considered to be equal to one in the ideal case in
which all erroneous classes M S are null, i.e., CR
equal to the ratio of MS*(C;) and itself. In the
worst-case scenario, the correct class has a null
MS, and null CR. A high C'R value, close to one,
implies a low membership score associated with
the wrong classes and a low classification noise due
to non-competent classifiers. To illustrate, in Fig.
5 we schematically depict how a OVO ensemble
processes a real-world instance (from Dataset 1,
Subject 1) to recognize the corresponding imag-
ined movement (i.e., RH). We report the actual
values of all probabilities generated by the base
classifiers and the membership scores as per the
schema presented in Fig. 1b. Comparing the OVO
ensemble with no weighting (a) and NEWAXOVO
(b), the latter ensures a clear reduction in the
classification noise, i.e., the membership scores of
the classes others than the correct one. Those
are indeed all reduced to 0.01, and this results in
greater CR.

Finally, the recognition performance is eval-
uated in terms of Cohen’s s coefficient [14], as
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Fig. 5  Effect of the weighting schema exemplified with
an instance of class RH from Dataset1, Subject 1. Following
the schema presented in Fig. 1b, we report all the values
of the probabilities generated by the base classifiers and
the membership scores. If compared to the OVO ensemble
with no weighting schema (a), the proposed approach (b)
decreases the membership score of classes different from
the correct one, thus resulting in greater CR .

reported in Eq. 4.

Po — Pe
l_pe

R =

(4)

where p, measures the accuracy in terms of the
agreement between the ground truth and the
labels given by the classification, and p. measures
the hypothetical probability of chance agreement.
1 implies that the classification outcomes
equal the ground truth labels. x = 0 is associated
with a classification by chance.

To assess the impact of the informativeness of
the different feature groups presented in sections
4.2.1 and 4.2.2 we employed four shallow classifiers
provided by scikit-learn [57] (with default hyper-
parameter values) for each of these approaches:

e Gaussian Process Classifier (GPC) [18], a
kernel-based ML approach similar to Support
Vector Machine, aimed at predicting highly
calibrated class membership probabilities.

e K-Nearest Neighbors Classifier (KNN) [68], a
ML algorithm based on the idea that similar
objects should be close in the feature space.
It outputs the class label that is most fre-
quently represented among the K neighbors of
the analyzed sample.

K =



e Multi-layer Perceptron (MLP) [61], a ML
approach based on fully connected neural net-
works.

e Tree Classifier (TREE) [31], a ML approach
that constructs a tree-like model of decisions
and predicts the class of an input based on a
series of binary decisions, such as whether a
given feature value is above or below a certain
threshold.

5 Results

Experimental results are here presented first in
terms of classification accuracy, where the robust-
ness of the proposed approach is validated on
both Datasetl and Dataset2, and then as expla-
nations readability, where exemplary explanations
are provided to clarify how they can be useful in
practical applications.

5.1 Classification performance
5.1.1 Dataset 1: BCI Competition IV

Table 2 reports the mean k score values obtained
from Datasetl. The x scores are reported for a
single-subject and group-wise (average + standard
deviation across subjects). The highest k values
are highlighted in bold. NEWAXOVO is com-
pared to state-of-the-art ML approaches that were
applied to the same dataset. In addition, alterna-
tive OVO approaches including unweighted OVO
method (i.e., formally MS*® calculated as in Eq.
1, with ~7; always equal to 1), and a weighted
OVO approach, i.e., the DRCWOVO method [37],
were compared as well. The NEWAXOVO model
showed an average « = 0.879 + 0.035, which is
0.13 higher than the DRCWOVO implementation
and 0.216 higher than the best result achieved
during the BCI competition [10]. Both NEWAX-
OVO’s and DRCWOVO'’s performance reaches a
maximum with K = 3 and tends to decrease as
K increases. In terms of intra-subject s score,
NEWAXOVO shows the best results for four out
of nine subjects.

As evident from Table 2, approaches [66] and
[29] provide the lowest average recognition per-
formance and wide variability among different
subjects. Also, [29] provides the worst perfor-
mance among all the studied included in Table
2 with subject 4. Inter-subject variability is also
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observed in [42] and [10]. Among the approaches
considered, [42] obtains the worst performance for
subjects 7 and 9, whereas [10] yields the worst per-
formances for subject 6. Conversely, [42] achieves
the best recognition performance for subject 8,
and [66] provides average k-scores above 0.8 for
subjects 3, 7, and 8, outperforming all OVO-based
ensemble approaches in the case of subject 7. The
average recognition performance provided in [78]
falls in the middle of the overall group despite
how recent this approach is. Comparatively, [54],
[65], [47], and [23] exhibit reduced performance
fluctuation between subjects. Among them, [54],
demonstrates the best performance for subject 7,
and [23] for subject 1. In [79], the authors employ
a deep neural network approach combined with a
multi-class decomposition approach. Although the
strategy differs from ours, this approach shows the
closest performance to the OVO-based ensemble
approaches, achieving recognition performances
above 0.8 for almost all subjects analyzed. Subject
5 demonstrate the worst average k-scores among
all the considered approaches, while subjects 7, 8,
and 9 consistently exhibit higher average k-scores
above 0.8.

To perform a comprehensive comparison rela-
tive to the state-of-the-art, Table 2 also showcases
the recognition performance achieved with four
recent deep learning solutions applied to MI recog-
nition [53]. Amongst these approaches, Shallow
ConvNet yields the lowest average performance,
exhibits the highest variance, and produces the
poorest result for subject 2. EEGNet, on the other
hand, demonstrates a notably superior average
performance compared to Shallow ConvNet, posi-
tioning itself in the middle among all average per-
formances listed in Table 2. Both TCNet-Fusion
and EEG-TCNet lead to reduced performance
fluctuations across subjects, resulting in the best
recognition performance for subjects 7 and 3,
respectively.

Considering the performances shown in Table
2 on a subject-by-subject level, subjects 3 and
8 consistently exhibit average recognition per-
formances above 0.8 with all the considered
approaches, except for [23]. In contrast, subjects 2
and 6 yield average performances below 0.6 when
considering only the approaches from the litera-
ture. With these subjects, the adoption of OVO-
based ensemble approaches consistently provides



Table 2 Recognition performance for ML approaches on Datasetl. Performance are expressed as number of neighbors

(#nn), group-wise k score (mean + std), and « per subject (column from 1 to 9).

Approach #nn | Group K 1 2 3 4 5 6 7 8 9
ANNT [29] - .5b44.186 | .62 .07 .89 27 .99 .34 75 .56 .38
ShallowConvNet [53] - 567+.194 | 73 42 8 .75 43 38 .89 .75 .72
She et al. [66] - .66+.08 | .797 460 .819 .593 .382 .438 .811 .828 .811
He et al. [42] - .66+.13 .69 .01 .87 .85 .78 42 b4 .97 45
Ang et al. [10] - .663+.065 | .769 475 834 484 .601 .347 .862 .807 .788
Yu et al. [78] - .667+.134 | .767 .562 .853 .53  .656 454 .822 .689 .672
Lu et al. [49] - 69+.079 | .84 .65 .78 .64 .65 b6 64 73 .70
Nicolas et al. [54] - .70£.19 .83 .51 .88 .68 .56 35 90 .84 .75
Selim et al. [65] - .714+.067 | .874 551 .893 .604 .580 .410 .875 .837 .801
EEGNet [53] - 718+.164 | .82 49 91 .64 .69 45 87 83 .7
Das et al. [23] - .73+.10 95 71 78 .67 .63 77T 69 66 .74
TCNet-Fusion [53] - J77+.131 | .87 .60 .93 .68 .76 b8 .92 85 81
EEG-TCNet [53] - .7844+.123 | .86 .63 .97 .68 .78 .61 91 .82 .80
Lian et al. [47] - .80+.08 87 62 .80 .83 .80 7191 81 .86
Zhang et al. [79] - .81+.10 92 63 .86 .67 .81 75 86 .87 .91
Unweighted OVO - .8354+.042 | .859 .848 .900 .799 .823 .839 .831 .867 .751
3 .866+.040 | .885 .860 .919 .855 .855 .847 .849 .891 .831
DRCWOVO [37] 5 .858+.042 | .890 .853 914 .860 .844 .838 .828 .889 .803
10 | .832+.049 | .845 .842 .891 .835 .805 .824 .807 .852 .786
3 | .879+.035 | .891 .848 911 .901 .869 .901 .822 .907 .856
NEWAXOVO 5 .875+.037 | 913 .862 917 .888 .849 .863 .842 .889 .855
10 | .857+.039 | .868 .841 920 .850 .836 .874 .831 .868 .827

a significant improvement in terms of recognition
performance.

Finally, although not included in Table 2 due to
the absence of subject-wise performance measure-
ments, we highlight that the proposed approach
outperforms three other recent approaches that
performed the same recognition task on this
dataset, i.e. [78], [47], and [75] providing 0.667,
0.801, and 0.828 group-wise kappa score, respec-
tively.

Figure 6 shows the confusion matrix of recog-
nition performance obtained using NEWAXOVO
with a parametrization of K equals to 3. On the
main diagonal, the percentage of correctly classi-
fied instances is displayed for each class, whereas
the off-diagonal boxes report the percentage of
instances of class 7 (i-th column) mistakenly rec-
ognized as instances of class j (j-th row). Overall,
the classes labeling the imagined movements of
hands (i.e., RH and LH) are the most frequently
misclassified, with false detection ranging between
4.55% and 5.03%, whereas the best-recognized
class is associated with the feet imagined move-
ment.  According to the results in Fig. 6, the

worst misclassification occurs between LH and RH
imaged movements. This result may be due to an
inherent difficulty of the analyzed dataset. Indeed,
this pair of classes results to be hard to distin-
guish also in other recent works analyzing the
same dataset, as evident from the confusion matri-
ces reported in [29]. Similarly, in [26], the authors
report the average recognition performance of an
ensemble of OVO binary classifiers, exactly show-
ing that distinguishing LH from RH results in
the worst performance. This can also be explained
physiologically considering that LH and RH refer
to movements of the left and right hand, which
differ in terms of lateralization, but are equal
(symmetrical) in terms of actual movements and
associable meaning [48]. Indeed, the other classes,
i.e., class F and class T which refer to imagined
movements of the feet and tongue, respectively,
recruit different populations of neurons for the
completely different motor units needed, and for
the abruptly different movements’ communicative
and intrinsic meaning. For these reasons, it is
authors’ opinion that LH and RH are the most
similar classes in terms of actual underlying neural
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Fig. 6 Confusion matrix obtained using NEWAXOVO
(with K = 3) and all subjects of Datasetl. The motor
imagery (MI) is the right hand (RH), left hand (LH),
tongue (T), and feet (F).

activity, and this is reflected in a slightly higher
misclassification rate.

A well-known issue with OVO schemas is that
each base classifier is trained only on a pair of
classes. Thus, if an instance of a different class
is presented, the classifier can be considered non-
competent, as its prediction is essentially random.
This increases the likelihood of a wrong class
being considered correct by the ensemble, as the
ensemble’s decision aggregates outputs from both
competent and non-competent classifiers. Since it
is impossible to know in advance which classi-
fier is non-competent for a new instance, some
OVO schemas try to estimate the most likely non-
competent classifiers and minimize their influence
on the ensemble’s final decision. If this occurs,
the membership score of the correct class (M S in
Fig. 1) should be maximized, while those of incor-
rect classes should be minimized. To measure this
occurrence, we use the Competence Reinforcement
(CR, defined in Section 4.4), i.e. the ratio of mem-
bership scores coming from the correct class (the
higher, the better).

Table 3 presents the average CR values
obtained with all subjects using three OVO
approaches. Unweighted OVO does not apply any
strategy to reduce the impact of non-competent
classifiers and serves as the performance baseline.
DRCWOVO and NEWAXOVO, instead, do apply
weighting strategies to mitigate the impact of non-
competent classifiers, resulting in greater CR val-
ues. Specifically, the CR achieved by Unweighted
OVO is 0.467, which is slightly lower than the
one obtained with DRCWOVO (0.544) and signifi-
cantly lower than the CR of NEWAXOVO (0.794).
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These results prove the importance of using a
weighting strategy to minimize the impact of
non-competent classifiers and ensure more robust
recognition performance. More importantly, the
weighting strategy proposed in this study outper-
forms DRCWOVO.

Table 3 Datasetl. Average + standard deviation
of competence reinforcement. NEWAXOVO and
DRCWOVO feature k = 3 in kNN procedure.

Architecture Competence Reinforcement
Unweighted OVO 467 +.077
DRCWOVO [37] .544 £+ .108

NEWAXOVO 794 £+ .235

We evaluated the computational complexity of
the proposed approach in terms of the number
of trainable parameters. With the chosen hyper-
parameterizations for NEWAXOVO, the total
number of trainable parameters is approximately
63700. To contextualize this computational com-
plexity within the state of the art, we offer a
comparison of the number of trainable parameters
with respect to the state-of-the art.

Table 4 Number of trainable parameters and
comparison with respect to the state-of-the art.

Approach # trainable parameters
EEGNet [53] 15.6 k
TCNet-Fusion [53] 17.5 k
EEG-TChet [53] 205 k
NEWAXOVO 63.7 k
DRCWOVO [37] 63.7 k
Unweighted OVO 63.7 k
ANNT [29] 116.6 k
Alfeo et al. [7] 280 k
Zhang et al. [79] 363 k
Lian et al. [47] 392.5 k
Lu et al. [49] 1.482 M
Dang et al. [22] 4.152 M

Compared with NEWAXOVO, the approaches
analyzed in [53] offer reduced computational com-
plexity (3 to 4 times less), albeit with a per-
formance loss ranging between 9% and 17%. On
the other hand, comparing the proposed approach
with the most recent approaches included in Table
4, a considerable increase in the number of train-
able parameters can be observed, i.e. 183% for
[29], 570% for [47], and 6518% for [22]. Also con-
sidering all the other approaches, those exhibit
much higher computational complexities (from



439% to 2326% more), despite a recognition per-
formance up to 19% smaller. DRCWOVO and
Unweighted OVO share the same number of train-
able parameters as NEWAXOVO. The only dif-
ference between them and NEWAXOVO lies in
the way the outputs of the base classifiers are
aggregated. Although this does not impact the
number of trainable parameters, it can affect
training times since the aggregation mechanism is
initialized during the training phase.

To quantitatively assess the impact of the
proposed weighting schema on training time, we
provide subject-wise statistics (expressed as mean
and standard deviation) for training time on a
machine featuring an Intel Core i5—10210U CPU
@ 1.60 GHz-2.11 GHz with 8 GB RAM. The train-
ing time for Unweighted OVO was 26.29 + 3.43
seconds, while for NEWAXOVO it was 26.16 &+
3.20 seconds. The only difference between them
is the single usage of KNN. Since KNN is a
”lazy learner,” these approaches result in com-
parable training times. DRCWOVO, however,
requires slightly longer training time, approxi-
mately 30.0942.65 seconds. This difference can be
attributed to a key distinction between NEWAX-
OVO and DRCWOVO lies in their respective
procedures for searching nearest neighbor sam-
ples to weight the outcomes of the base classifiers.
NEWAXOVO needs K nearest neighbor samples
in total, while DRCWOVO requires K nearest
neighbor samples for each class in the recognition
problem. To accomplish this class-wise search, a
KNN instance is employed for each class. At pre-
diction time, these individual KNN instances are
queried to find the K nearest neighbor samples
for their corresponding classes. It is important to
note that this class-wise search does impact the
number of operations required by DRCWOVO.

Table 5 Group-wise k score (mean =+ std) obtained
via different machine learnign algorithms and
NEWAXOVO (with k = 3). Datasetl is processed by
extracting the PSD features or other 6 different
EEG-based features.

Features PSDs Other EEG features
GPC 529 £+ .075 | .200 + .047
KNN 588 £ .073 | .432 £ .137
MLP 535 £+ .079 | .177 £ .045
TREE 428 £+ .071 | .307 &£ .060
NEWAXOVO | .879 + .350 | .746 £ .097
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To assess the impact of using features other
than PSDs, we extracted additional EEG-based
features from Dataset1 and processed the resulting
samples using different ML approaches, includ-
ing NEWAXOVO. Table 5 presents the results
obtained using EEG features listed in subsection
4.2.2. Notably, all tested approaches experienced
performance improvements by incorporating PSD
features, with gains ranging from .133 (NEWAX-
OVO) to .358 (MLP). Remarkably, our proposed
approach consistently outperformed the others
across various feature sets, especially when com-
pared to MLP. The fact that our architecture
outperforms NEWAXOVO, which is an ensemble
of MLPs, further validates the significance of our
approach in enhancing recognition performance.

As per the prevailing scientific literature and to
maintain consistency, next we utilize PSD features
for the analysis of Dataset2.

5.1.2 Dataset 2: U-Limb

The average k score obtained subject-wise, as
well as the CR, are listed in Table 6. In con-
trast with Table 2, Table 6 does not display
a measure for subject-wise recognition perfor-
mances. Dataset2 comprises data from 34 sub-
jects, and the recognition performance consis-
tently approaches or equals 1 for all subjects,
leaving little room for further subject-wise con-
siderations. In terms of recognition performance,
the simple OVO approach already achieves good
performance (.996 average k score), leaving little
room for significant improvement. Indeed, both
DRCWOVO and NEWAXOVO offer compara-
ble performance, resulting in minor differences
that may be due to pseudorandom fluctuations in
the training procedures on repeated trials. Note
that high recognition performances were already
reported in previous studies [16, 17].  On the other
hand, the average CR value for Unweighted OVO
(i.e., the baseline performance) is 0.499, which is
slightly lower than the one obtained with DRC-
WOVO (0.584) and significantly lower than the
one obtained with the proposed approach (0.979).
These results confirm the effectiveness of the pro-
posed OVO scheme and its weighting strategy in
reducing the impact of non-competent classifiers.
Indeed, the proposed approach not only results
in an average CR value nearly double the one



Table 6 Performance metrics on Dataset2 reported as
average *+ standard deviation among subjects.
NEWAXOVO and DRCWOVO use k = 3 features in the
kNN procedure.

Architecture K score Competence Reinf.
Unweighted OVO | .996 + .007 499 +.001
DRCWOVO [37] | .996 + .009 .584 +.027

NEWAXOVO 995 +.013 .979 +.040

0.17% 0.03%

RE

80%

z- 0.33% 0.06%

60%

[ - 0.06% 99.55% -40%
-20%
E- 006% 0.17%
RIE IN T‘R ™

Fig. 7 Confusion matrix obtained using NEWAXOVO
(with K=3) and all subjects of Dataset2. The motor
imagery (MI) categories are rest (RE), intransitive (IT),
transitive (TR), and tool-mediated (TM).

of Unweighted OVO, but also close to 1, i.e. the
maximum possible CR value.

The significance of the recognition obtained
through NEWAXOVO (with K=3) on Dataset2 is
confirmed by the corresponding confusion matrix
shown in Figure 7. Each class is correctly recog-
nized over 99% of the time. Overall, misclassifi-
cations occur with a frequency lower than 0.1%
with the exception of the instances of class IN mis-
classified as class RE and instances of class TM
misclassified as class TR.

5.2 Explainability

Here we show the explainability of the pro-
posed approach by using as a case study the
analysis of Datasetl. Specifically, Fig. 8 illus-
trates counterfactual explanations provided by the
NEWAXOVO. The explanation details the min-
imum change in features (i.e., EEG channel and
frequency band) of a given sample to change
the classification result. Such changes are repre-
sented as percentage variation positive (green) or
negative (red).

More in detail, the explanation shown in Fig.
8.a provides insights on why sample #84 of sub-
ject 1 of Datasetl was recognized as LH instead
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Theta channel 12
Theta channel 02

Beta channel 22
Theta channel 18

Theta channel 08

(b)

Fig. 8 Exemplary counterfactual explanations provided
by NEWAXOVO. The explanation details the minimum
change in the features (EEG channel and frequency band)
of a given sample to shift the resulting classification. The
relative change can be positive (green) or negative (red).
(a) Sample #84, belonging to subject 1, was correctly rec-
ognized as LH. The minimum variation identified for this
sample to be recognized as RH is shown. (b) Sample #8901,
belonging to subject 9, was misclassified as LH, instead of
F. The minimum variation identified for this sample to be
correctly recognized as F is shown. Both subjects are from
Dataset1.

of RH, i.e. it identifies the minimum variation
resulting in the former classification outcome. On
the other hand, the explanation shown in Fig.
8.b is obtained with sample #8901 of subject 9
of the Datasetl. Such an instance was misclas-
sified as LH, instead of F class. The minimum
variation identified for this sample to be cor-
rectly recognized as F is shown. This information
might be useful to understand the reason for the
misclassification, localizing the issue.
Complementary to  the  counterfactual
instance-specific explanations in Fig. 8, the
proposed algorithm can provide aggregated infor-
mation at class- and subject-levels. Fig. 9 is a
graphical counterfactual representation of the
most important features that need to change in
order to switch the classification outcome from
class LH to RH with subject 7 of Datasetl. The
132 input features are represented as electrodes
on a scalp and divided by the frequency band
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Fig. 9 Exemplary explanation of the switch from class
LH to class RH for subject 7 of Datasetl. To trigger the
class shift, a variation in the PSD obtained from each
electrode—band combination must occur (see positive vari-
ations in green and negative variations in red). When
colored, the radius of each electrode is directly proportional
to the percentage of instances associated with the subject
that would switch the classified label, should that feature
show a variation.

(i.e., 0, u, o, p+«, B, and ). To trigger the class
shift, a variation in the PSD obtained from each
electrode-band combination must occur (see pos-
itive variations in green and negative variations
in red). When colored, the radius of each elec-
trode is directly proportional to the percentage of
instances associated with the subject that would
switch the classified label, if that feature shows a
variation.

The explanations generated by NEWAXOVO
can be used to analyze the classification uncer-
tainty since the percentage variations can be used
as a proxy to estimate the distance between the
decision boundary and the border instances (i.e.,
those that require minor changes to switch the
classification results). The closer a sample is to
the decision boundary, the easier the misclassifi-
cation to occur. In Table 7, the absolute value of
the median percentage variations with subject 7
of Datasetl are reported. Those are obtained via
the explanation method of NEWAXOVO (detailed
in algorithm 1). Note that LH and RH result as
the classes whose samples are generally closer to
the decision boundary. In addition, LH and RH
are also the classes that are more often misclassi-
fied. Specifically, with subject7, 8.6% of LH class
instances were misclassified as RH, while 11.7%
of RH class instances were misclassified as LH,
confirming the trend highlighted at an aggregated
level (i.e., considering all the subjects) in Fig. 6.
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Table 7 Aggregated PSD % variation needed
to switch classification result with subject 7 of
the BCI competition IV dataset.

From \ To LH RH T F
LH - 10.86 | 17.35 | 12.03
RH 9.64 - 13.37 | 18.22

T 18.31 | 13.43 - 15.94
F 11.36 | 16.58 | 18.05 -

6 Discussion

We proposed a novel ML architecture, the
NEWAXOVO, based on ensemble learning and
XAIL NEWAXOVO comprises different MLPs spe-
cialized in discerning specific pair of classes and
an aggregation scheme aimed at processing the
outputs of the base models and recognizing a
specific class. The binary base models are specif-
ically employed to generate counterfactual expla-
nations since those are specialized on the decision
boundary between each couple of classes. The
NEWAXOVO scheme was tested on publicly-
available EEG data, namely the BCI competition
IV dataset 2a [69], which is a benchmark dataset
including 22-channel EEG from nine subjects per-
forming four-class motor imagery, and the U-Limb
dataset [12], including 128-channel EEG data col-
lected from 34 subjects performing three-class
motor imagery plus resting state. Remarkably,
the two datasets comprised very different motor
imagery classes, engaging distinct neural circuits
and cortical regions. This diversity supports the
wide applicability range of the proposed approach
within the motor imagery framework. The pro-
posed approach was compared with state-of-the-
art ML models in terms of the achieved classifica-
tion performance, training time, and capability to
address multiclass OVO decomposition.

6.1 Classification performance
The OVO ensemble showed a valid trade-off

between recognition performance and model com-
plexity, i.e., the number of trainable parame-
ters. OVO models resulted in the best recogni-
tion performance, as reported in Table 2 and
Table 6, even when combined with a probabil-
ity aggregation scheme. Note that a small num-
ber of nearest neighbors leads to high recogni-
tion performance for both the NEWAXOVO and
DRCWOVO schemes. This supports the hypoth-
esis that the base classifiers’ competence can be



approximated by the local sample population and
that widening the competence region leads to per-
formance degradation. There is a direct propor-
tionality between model complexity and its train-
ing time; while NEWAXOVO and unweighted
OVO showed the shortest training times, compa-
rable performance has previously been achieved
using a significantly higher number of trainable
parameters [7]. NEWAXOVO requires fewer oper-
ations both for training and classification phases
than DRCWOVO since it searches for the clos-
est K instances class-wise; DRCWOVO, instead,
performs this search for the closest K instances
of each class, thus resulting in 4 kNN instances
and 4 x K searches. The recognition performance
of OVO approaches is affected by non-competent
base models; NEWAXOVO employs a weighted
aggregation of the probabilities provided by each
MLP base classifier, preventing random outcomes.

We introduced CR in order to measure the
ability to reduce this effect by a weighting
scheme, and the results show that the NEWAX-
OVO scheme outperforms DRCWOVO in terms
of recognition robustness. Such a C'R difference is
even more evident when compared to the effect
of the unweighted OVO approach. Nonetheless,
the difference in C'R results in a minor improve-
ment in recognition performance. This may be
due to a saturation effect linked to the effective-
ness of the unweighted OVO scheme in providing
high membership scores to correct classes. Espe-
cially in the case of Dataset2, the classification
performances are so high with the unweighted
OVO approach that there is no actual room for
significant improvement.

In addition to the performance differences
observed between Dataset 1 and Dataset 2, it is
important to highlight the explainability aspect
of our proposed method, NEWAXOVO. While
the state-of-the-art methods, including the ones
evaluated in this study, achieve high perfor-
mance on Dataset 2, our focus goes beyond
mere recognition accuracy. NEWAXOVO incorpo-
rates explainable artificial intelligence techniques,
allowing for enhanced interpretability of the clas-
sification decisions. The ensemble learning archi-
tecture of NEWAXOVO combines MLP classifiers,
providing not only accurate predictions but also
transparent and interpretable explanations for the
classification outcomes. This attribute is crucial
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in domains where model transparency and under-
standability are of utmost importance, such as in
clinical applications or real-time decision-making
systems. By integrating explainability into our
approach, we not only achieve significant improve-
ments in classification performance on Dataset
1, but also offer insights into the underlying
mechanisms driving the classification decisions,
promoting trust and understanding of the sys-
tem’s output. The incorporation of explainabil-
ity techniques further enhances the value and
applicability of our proposed method in practical
scenarios.

Moreover, it is worth mentioning that the
proposed algorithm has been evaluated on two
different multi-class motor imagery EEG tasks,
thus demonstrating the generalizability of the
approach.

6.2 Explainability

NEWAXOVO is an XAI architecture specifically
designed for EEG data and BCI applications, pro-
viding explainable classification outcomes in the
form of counterfactual explanations.

Explanation results at a single-instance level
(see Figure 8) allow to understand why a spe-
cific instance has received a given classification.
This may help implement a so-called human-in-
the-loop experimental procedure [30], in which
subjects using a BCI system continuously learn
and adapt their activity. Alternatively, it can be
used for feedback, error detection, and quality
check, being embedded in a problem resolution
procedure. Indeed, the feature variation needed to
counteract misclassifications represents a relevant
flag for system corrections, e.g. sampling or other
technical issues on an EEG sensor.

Explanation aggregated at subject level (see
Figure 9) allows for subject-specific evaluations,
which might be useful in BCI applications involv-
ing, e.g., neurological patients [1].

We emphasize that the NEWAXOVO expla-
nation can be further evaluated at a population
level, allowing for a piece of more general knowl-
edge about the differences, and therefore, of the
decision boundary, between classes.



7 Conclusion

In this study, a novel explainable ensemble-based
approach was proposed and successfully tested in
publicly available data. The explanation genera-
tion approach utilized by NEWAXOVO relies on
SHAP, which however inherits SHAP’s primary
limitations. While SHAP is widely recognized as
one of the most established XAI approaches, it
suffers from computational costs that escalate
as the number of features and samples in the
dataset increases. Furthermore, existing literature
has highlighted SHAP’s sensitivity to the pres-
ence of correlations and interdependencies among
features. Given that both limitations are inher-
ent to the explanation mechanism employed in
NEWAXOVO, future developments will explore
explanation strategies that are not reliant on
SHAP. Furthermore, while the algorithm has been
tested on two distinct EEG tasks within the motor
imagery domain, future studies will be directed
towards a more comprehensive evaluation of its
performance across various EEG-based applica-
tions. The current study employs an ensemble of
neural networks, but the same ensemble schema
can be readily used with base classifiers of a dif-
ferent nature (e.g., decision trees). This would
broaden the solution search space and provide
an additional degree of freedom to further reduce
misclassification errors and improve recognition
performance. Future works will explore this direc-
tion.

Nevertheless, the proposed NEWAXOVO
approach outperforms state-of-the-art methods
including the models using ensemble learning,
multiclass decomposition, and weighted aggrega-
tion (e.g., DRCWOVO). NEWAXOVO allows for
a minimization of non-competent base classifier
contribution in an OVO scheme to provide robust
recognition performance while explaining its clas-
sification results. We conclude that NEWAXOVO
represents a convenient compromise between high
recognition performance and explainability, espe-
cially in case of motor imagery BCI tasks based
on EEG analysis.
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