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Abstract

Objective. Brain—computer interfaces (BCls) are emerging as promising cognitive training tools in
neurodevelopmental disorders, as they combine the advantages of traditional computerized
interventions with real-time tailored feedback. We propose a gamified BCI based on non-volitional
neurofeedback for cognitive training, aiming at reaching a neurorehabilitation tool for application
in autism spectrum disorders (ASDs). Approach. The BCI consists of an emotional facial expression
paradigm controlled by an intelligent agent that makes correct and wrong actions, while the user
observes and judges the agent’s actions. The agent learns through reinforcement learning (RL) an
optimal strategy if the participant generates error-related potentials (ErrPs) upon incorrect agent
actions. We hypothesize that this training approach will allow not only the agent to learn but also

the BCI user, by participating through implicit error scrutiny in the process of learning through
operant conditioning, making it of particular interest for disorders where error monitoring
processes are altered/compromised such as in ASD. In this paper, the main goal is to validate the
whole methodological BCI approach and assess whether it is feasible enough to move on to clinical
experiments. A control group of ten neurotypical participants and one participant with ASD tested
the proposed BCI approach. Main results. We achieved an online balanced-accuracy in ErrPs
detection of 81.6% and 77.1%, respectively for two different game modes. Additionally, all
participants achieved an optimal RL strategy for the agent at least in one of the test sessions.
Significance. The ErrP classification results and the possibility of successfully achieving an optimal
learning strategy, show the feasibility of the proposed methodology, which allows to move towards
clinical experimentation with ASD participants to assess the effectiveness of the approach as

hypothesized.

1. Introduction

Initially developed to create an artificial channel of
communication for the user, brain—computer inter-
face (BCI) systems are increasingly being considered
for assisted cognitive training. BCI training combines
the advantages of traditional computerized interven-
tions with real-time tailored feedback. It provides
personalized cognitive training based on specific

© 2022 The Author(s). Published by IOP Publishing Ltd

neuronal patterns known to be of interest to achieve
a behavioral result [1, 2].

BCI cognitive training has been mainly applied
as an assistive tool in neurorehabilitation, aging, and
neurodevelopmental conditions, such as attention-
deficit/hyperactivity and autism spectrum disorders
(ADHD and ASD) [3-7]. In the specific domain
of ASD, a perturbation characterized by persistent
social deficits related to impaired neurobehavioral
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responses to social attention cues [8], it has been
suggested in [9] that cognitive BCI training could
lead to substantial improvements in behavior, cogni-
tion, and in particular social and affective processing.
Their study presents a social mirroring game for
encouraging social interactions, where the feedback
is based on the participants’ ability to control their
mu rhythm. More recently, in [10] we have applied
a combined virtual-reality P300-based BCI to train
ASD social skills, particularly joint attention. A train-
ing paradigm was developed where social cues (eye
gaze of a virtual avatar) were used to direct the focus
of attention. A clinical trial following this approach
has demonstrated the feasibility of BCI for cognitive
training in ASD [11].

In addition to the social interaction impairments
related to early difficulties in the expression and
recognition of emotions [12], and disrupted com-
munication abilities, ASD is characterized by repet-
itive and stereotyped behaviors [13]. Impairments
in error-monitoring processes have been linked to
these recurring and restricted patterns of behavi-
ors. Increased responses in the anterior medial pre-
frontal cortex, left superior temporal gyrus, and the
insula have been found during error commissions in
high functioning autism [14]. These patterns suggest
greater attentional deployment towards the intern-
ally driven emotional state associated with making an
error in ASD. Since error-monitoring processes are
recruited across different cognitive tasks throughout
daily activities, increased emotional reaction to errors
may have important consequences regarding the effi-
ciency of learning processes. Individuals with ASD
also present functional and structural abnormalities
in the anterior cingulate cortex (ACC) [15]. Besides,
there is evidence of altered electroencephalographic
(EEG) components related to the neural correlates
of error-monitoring in this condition [14, 16-18].
Such neuronal patterns are thought to comprom-
ise error awareness leading to impaired behavioral
adjustments.

EEG research has revealed particular types of
event-related potentials (ERPs) which are signa-
tures of error-monitoring, namely the medial-frontal
error-related negativity (ERN) that appears after
errors have been committed. It has been sugges-
ted that ERN is elicited whenever an erroneous
outcome emerges and it is followed by a centro-
parietal error positivity (Pe), which seems to reflect
the conscious recognition of errors [19-21]. Error-
monitoring processes are mediated by a network that
includes the prefrontal cortex, the ACC, and the stri-
atum. Moreover, the ACC has been indicated as the
neuronal source of the ERN and Pe, playing a cent-
ral role in error/conflict monitoring within social
contexts [22]. The ERN has shown to be robust
across different types of responses and has been
also linked to error-related midfrontal theta rhythm,
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which during error commission shares the same neur-
onal source and appears to be modulated already dur-
ing response preparation [23]. Such frequency com-
ponent has shown to be an important complementary
signature of error detection, particularly in complex
social contexts [24].

The ERPs occurring in response to errors have
been generically called error-related potentials
(ErrPs). It has been shown that the waveform mor-
phology of ErrPs varies depending on the monitoring
process. The first type of ErrPs that has been reported
was termed ‘Response-ErrP’, appearing when a mis-
take or an incorrect action is made by the user and
he/she recognizes it immediately (typically in speeded
motor reaction tasks) [19]. The authors reported an
ERN at 80 ms and a Pe ranging from 200 to 500 ms.
When the subject is not aware of the error until
external feedback, it is called ‘Feedback-ErrP’ and
the main component is a negative deflection between
200 and 300 ms after feedback [25]. ‘Observation-
ErrP’ or ‘Recognition-ErrP’ occurs when the subject
is observing an operator or agent performing a task
and the operator/agent makes an error. This ErrP,
similarly to the ‘Feedback-ErrP’ is characterized by a
negative deflection between 200 and 300 ms after the
error, but presents a different morphology [26]. The
last known type of error potentials is the ‘Interaction-
ErrP’, which is elicited in BCI tasks, i.e. when
the BCI provides an output or feedback differing
from the subject intention. It is characterized by a
small positive peak around 200 ms, a negative peak
around 250 ms, a positive peak around 350 ms, and
a second negative peak around 450 ms after the BCI
feedback [27].

In the context of BCI research, error potentials
have been mainly used to increase the BCI reliabil-
ity through the correction of incorrect outputs given
by the system [28-30]. More recently, interest has
increased in using ErrPs to teach autonomous sys-
tems the perception and/or intention of the user who
observes their actions [31-34] and in human-agent
co-adaptation [35]. Chavarriaga and Millan [31] were
the first proposing the combination of artificial learn-
ing of an intelligent agent with information stem-
ming from real automatic responses of a human. They
simulated in a pseudo-online way (i.e. performed
offline, but mimicking the online process) the possib-
ility of an agent to learn through reinforcement learn-
ing (RL) using rewards defined by ErrPs automatically
provided by the human observing the agent.

In the current study, we further developed this
concept to propose a BCI based on non-volitional
neurofeedback for cognitive training, aiming at
reaching a potential neurorehabilitation tool for ASD.
In particular, we propose a BCI training approach in
the form of a game where the participant has to detect
whether the actions of an intelligent agent are correct
or erroneous taking into account various facial cues,
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expressing emotions, as instructions. We hypothes-
ize that this training approach will allow not only
the intelligent agent to learn but also the BCI user
through operant conditioning. The neurofeedback
is non-volitional in the sense that it does not res-
ult from participant’s volitional EEG modulation of
error signals, but rather indirectly from his active
observation and strategy to assess the correctness of
the agent’s actions. If the intelligent agent learning
progress is fed back, the subject will sense whether
his teaching process is having the desired effect, and
is able to adjust and improve his attentional strategy
in response to that feeling. This can lead to reduced
anxiety while increasing motivated behavior. Differ-
ent from the traditional neurofeedback, where the
participant is asked to consciously control a feedback
signal (for example, associated to a specific frequency
band), in non-volitional neurofeedback, also known
as covert or implicit neurofeedback, the participant is
simply asked to maximize a reward [36, 37]. This type
of intervention is emerging as a promising approach
capable of changing behavioral or physiological out-
comes in several clinical conditions such as anxiety
disorders or emotion perception [38]. The proposed
BCI approach is expected not only to allow parti-
cipants to unconsciously train the error-monitoring
neuronal network but also to improve the recogni-
tion of the type of facial expressions used as instruc-
tions. Finally, collected brain error-related signals
may also be used as potential quantitative measures
(biomarkers) that can aid in the profiling of parti-
cipant’s characteristics in relation to psychological
assessment variables.

The main goal of this paper is to validate the feas-
ibility of the whole BCI methodological approach,
so that it can move to clinical validation. This was
done by testing the BCI with a control group of ten
neurotypical people, and also an ASD participant
who was included to gain preliminary experimental
insight into the possibility for clinical translation. To
our knowledge, this is the first RL-ErrP BCI targeted
at the ASD population.

2. Methods

2.1. Participants and data Acquisition

Ten healthy participants (mean age: 28.1 4= 4.43 years,
5 women) and one high-functioning autistic male
(33 years; full-scale intelligent quotient = 119)
recruited from the Coimbra APPDA association
(Associagao Portuguesa para as Perturbagoes do
Desenvolvimento e Autismo) participated in the
study. The ASD diagnosis was assigned on the basis of
the gold standard instruments: parental or caregiver
interview (autism diagnostic interview—revised,
ADI-R [39]), direct structured subject assessment
(autism diagnostic observation schedule, ADOS
[40]), and the current diagnostic criteria for ASD
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according to the diagnostic and statistical manual of
mental disorders 5, DSM-5 [13]. The characteriza-
tion details care as follows: ADOS-Communication:
2, ADOS-Socialization: 7, ADOS-Total: 9, ADI-R-
Socialization: 20, ADI-R-Communication: 14, ADI-
R-Restricted and stereotyped behaviors: 9. The study
was approved by the Ethical Committee of the Fac-
ulty of Medicine of the University of Coimbra and
was conducted complying with the code of Ethics of
the Declaration of Helsinki. Informed consent was
signed by participants.

EEG data were recorded with a g.USBamp
bioamplifier from 16 electrodes: Fpz, Fz, FCz, FCI,
FC2, Cz, C3, C4, CPz, Pz, P3, P4, PO7, PO8, POz
and Oz. The electrodes were referenced to one of the
earlobes and the ground was located at AFz. The EEG
signals, sampled at 256 Hz, were acquired with active
Ag/AgCl electrodes and pre-processed using a notch
filter at 50 Hz and a band-pass filter with lower cutoff
frequency of 0.5 Hz and a higher cutoff frequency of
30 Hz.

2.2. Gamified task and experimental procedures

In this study we examine the ability to evoke ErrPs
in participants monitoring an intelligent agent whose
actions are coupled to faces expressing sadness or
happiness emotions. The agent performs autonom-
ously correct or incorrect actions with a pre-defined
probability, i.e. the user has no direct control over the
agent. The overall system is schematically represen-
ted in figure 1. The system was designed as a gami-
fied task to explore its viability for error-monitoring
training in subjects with ASD using non-volitional
neurofeedback. It comprises two main modules, a
visual paradigm called ‘Emotional Facial Expression
Paradigm’ (EFP) and an ‘Intelligent Agent’ that learns
through RL from participant’s judgments to the
actions of the Intelligent Agent. These two modules
are explained in sections 2.2.1 and 2.2.2 respectively.

2.2.1. Emotional facial expression paradigm (EFP)

An illustrative example of the EFP and respective
timeline is shown in figure 2. Participants were seated
in front of a computer screen and asked to observe
the movements related by a given rule to a particular
facial expression (referred to as cue image) express-
ing either happiness or sadness. The initial position
of the facial expression is randomly chosen from pre-
defined positions in the center horizontal axis of the
screen. The movements follow two predefined rules:
(a) if the image is showing an expression of happi-
ness it should move to the center; (b) if the image
shows an expression of sadness, it should move out-
wards. However, the movements have a predefined
probability of not being correct (e.g. happy face mov-
ing outwards instead of inwards). The participants
were instructed to mentally judge the movement of
the image as correct or incorrect and were informed
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Figure 1. Diagram of the entire gamified task. It comprises two main modules: (a) the visual emotional facial expression
paradigm (EFP); and (b) the Intelligent Agent that generates the states and the actions of the game, and that learns a policy
through reinforcement learning. The player observes the EFP and judges its behavior providing positive or negative rewards that
feed the RL algorithm. Dashed lines and blocks are used only in mode 2 (performance feedback) of the game. Reproduced with

permission from [41].

that it was the users’ function to mentally identify
when the game was performing incorrectly. We fol-
lowed the hypothesis of an observation-ErrP (oErrP)
being elicited by the observation of wrong move-
ment and a correct event-related potential (cERP)
being elicited otherwise. Participants were told that
the BCI system could learn the two rules if they cor-
rectly identified the correct and wrong movements of
the cue image, i.e. they had the ‘power’ of teaching
the BCI system just by attending to the occurrence
of errors. The images expressing emotions, obtained
from the Radboud faces database [41], are listed in
figure 2(a). Given the deficits in communication and
social interaction in autism, these images provide an
appropriate social context for the gamified paradigm
[42, 43]. Additionally, the emotional expressions of
the faces are complemented by left or right gazing,
which add an important social cue related to joint
attention given that it has been suggested that chil-
dren with autism are relatively insensitive to commu-
nication information based on gaze direction [11].
In the images, the gaze direction is always congruent
with inward or outward movement (e.g. a happy face
is always gazing to the center and a sad face outward,
regardless of whether its position is to the left or right
of the center of the screen).

Figure 2(b) shows a screenshot of the EFP at a
given time of a trial. The initial cue image can appear
in any of the six possible positions indicated with
dashed rectangles. It is flanked by two red spots indic-
ating the two possible target positions of the image
after the movement. Participants should recognize

the emotional expression as soon as it is presented.
Then, they should direct their gaze to the target des-
tination they believed was the correct one (one of
the red spots). The inward or outward movement
of the image occurs 1.25s after the cue presenta-
tion. Importantly, the change of participants’ gaze
occurs before the inward or outward game movement
to avoid contamination of the ERPs by ocular arti-
facts. Note that in the example of figure 2(b), the blue
arrows and the dashed rectangles are not part of the
paradigm, they were added here for a better under-
standing. The red cross at the center is also softer than
the one here illustrated.

The timeline of a trial is represented in figure 2(c).
Each trial starts with a black screen with a cross at the
center. After 0.5s, the cue image appears, the parti-
cipant has to recognize the emotional expression, and
gaze at the red spot expected as the target location
after movement. The cue image moves at 1.75s and
the participant should judge the movement as correct
or incorrect. The probability of wrong movements
was set to 30% and was unknown to the participants.
After image movement, it remains in that position for
1's, and the trial ends. Depending on the game mode,
the participant could receive feedback on his/her per-
formance at the end of each trial (see section 2.4). A
demonstrative video of the paradigm is provided as
supplementary material.

2.2.2. Gamified RL
A gamified RL procedure was implemented to infer:
(a) the possibility of the agent learning through
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Figure 2. Emotional facial expression paradigm. (a) Close-up of the four facial expressions used (from the Radboud Faces
Database https://www.ru.nl/bsi/research/facilities/radboud-faces-database/) (b) screenshot of the EFP during a testing session.
The white dashed rectangles and the blue arrows are not part of the paradigm. They illustrate here respectively the possible initial
positions of the cue image (illustrating an emotional expression) and the possible movements of the cue image (left or right). The
red dots flanking the image define the possible target positions after image movement. The green bar increases or decreases
according to the user’s performance (only in game’s mode 2). (c) Timeline with associated sequence of events and user tasks.

Actions
States Moviesr Movyight
Happy Posis - + Actions
Happy PoSright + simplification States |Inwards Outwards
Sad POSjeft + - Happy + -
Sad Pos ight - + Sad - +

Figure 3. Simplified mapping of game states and actions. The position of the image on the left or right side of the screen can be
disregarded as we can model the movements as inwards and outwards regardless of position, thus simplifying the policy function.
‘+” and ‘—’ symbols stand for correct and wrong movement, respectively.

single-trial oErrP detection, and (b) how this learn-
ing could be used in the interaction with the parti-
cipant. The intelligent agent module is schematically
illustrated in figure 1. The agent randomly generates
the facial expressions (happy and sad) as well as its ini-
tial position. This represents the state observations of
the agent (expression, position). The possible actions
are a movement to the left or right of the cue image.
There is an optimal strategy for the agent, which con-
sists on the movement of the happy image to the left
if the image appears at the right side of the screen
and a right movement if the happy image appears at

left. The opposite movements should occur for sad
images. This strategy can be modeled in a simplified
way, as happy images should always move inward and
sad faces outward independently of the position. The
original and simplified state-action mappings are rep-
resented in figure 3.

Hence, considering S, as the emotion expressed
in the cue images, with ¢ € [H,S] (happy and sad,
respectively), and A, as the direction to which the
face moves, with d € [I,0] (inwards and outwards),
the conditional probability of taking action A, given
the cue image ¢ under the strategy I1 is represented as:
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Py, s. = P(A4]S:,1II). (1)
The optimal strategy (policy) is then defined as:

IT" = [Pag,5y = 1,Pa;,5, =0,
Pp, sy =1,Pay s, =0]. (2)

The goal of the agent is to learn this optimal strategy
internally. At the beginning, the agent does not know
the rules, therefore all probabilities are equal to 0.5.
At each trial, the agent updates the probabilities based
on the judgment of the observer (the participant). If
the agent performs a wrong movement it is expec-
ted that an oErrP is elicited in the brain, otherwise
a cERP is expected. The brain response is classified
as oErrP or cERP in block ‘ErrP-detector’ represen-
ted in figure 1 (explained in detail in section 2.3).
The participant’s judgment provides the rewards to
the learning algorithm. The reward depends on the
reliability of the participant (the critic), that is, on the
participant’s ability to recognize the facial expression
and associated movement, but also on the reliability
of the ErrP-detector. As we are interested in assess-
ing the participants’ reliability, it would be desirable
to have an ErrP-detector 100% reliable, but this may
be difficult to obtain. However, it is important to
make sure that the classification rate is acceptable so
as not to derail the objective and gameplay of the task.
Given the simplicity of the game rules and assuming a
high reliability of the participant it may be expected a
very fast learning of the optimal policy. However, for
gamification purposes it is desired a slower and accur-
ate convergence of the policy, that can show the per-
formance of the participants but not very susceptible
to the detector uncertainty. Let us consider a positive
or negative reward R(s,a) given by

R(s,a) = £1 x P, (3)

where P, is the accuracy of the ErrP-detector that is
used to adjust the reward weight according to the reli-
ability of the detector. The policy is updated at instant
t + 1 according to

t 3
+1 _{ Py, = PacAPy .
AnSe — t '
e PAd75c+PaCAPAd,5c

if oErrP detected
if cERP detected

(4)

Whenever the probability for one movement is
updated, the opposite movement is updated accord-
ingly. Let suppose as an example that a positive
reward is obtained for a happy expression movement,
then

{ P'zj:éH = P;lhsn + P“CAP/ZJI%H (5)

t+1 =1
PAmSH =1- PAI7SH

The RL AP is variable, as proposed in [31], given
by

AP}, 5. =nH(P), ) (6)
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where 7) is a learning rate factor (here set to 0.1) and
H(P), s.) is the binary entropy function. This way,
update steps are larger at the beginning (probabilities
close to chance level) and smaller as the rule certainty
increases. The binary entropy function is defined by
H(x) = — > P(x;)log, P(x;). For example, for Happy
model

H(Pa,s,) = —(Pa; 5,108, (Pa, s,)+
PAO,SHIOgZ(PAo,SH))' (7)

Although the policy is internally updated, the agent
continues to explore the world generating wrong
movements with a 30% probability as set at the
beginning.

It is noteworthy that although there are two states,
happy and sad, they are independent of each other,
and therefore there are two separate models that are
being updated, one for happy and the other for sad.
To provide feedback to the user of his/her perform-
ance in game mode 2, a progress bar (green bar) is
filled according to average of the probabilities of cor-
rect movements of the two models

t 13
PAO,SS + PAI ,SH

: ®)

progress,, =
2.3. ErrP-detector

In order to classify each EEG epoch as erroneous or
not, the EEG signals were segmented into 1-second
epochs with onset on each stimulus (movement of the
face). The signal was pre-processed applyinga [0.5 10]
Hz band-pass filter. Afterwards, a statistical spatial
filter, Fisher criterion beamformer [44], was used to
obtain the two most discriminative projections from
the 16 EEG channels. Considering a spatio-temporal
matrix Enx, representing the epochs of N EEG chan-
nels with L time samples (in this case, as the time win-
dow is 1 s long, L =256), the first and second pro-
jections are obtained respectively from the first and
second spatial filters and then concatenated forming
y = [wlE wlE], where w; and w; and the two best
spatial filters, and T denotes the transpose operator
(see more details in [44]). After this operation, y is a
vector of dimension 1 x 2L. In order to select the most
relevant features (time samples of the projection), the
r-squared correlation was used to select 200 features.
This feature vector was then classified by a Bayes clas-
sifier which returns a target probability for each class
(error or correct). The class with the highest probab-
ility is selected as the classification prediction. This is
a classification pipeline that was already successfully
validated in the context of ErrP prediction [28]. The
statistical spatial filtering approach has the advantages
of simultaneously increasing the signal-to-noise ratio
(SNR) of the ERPs and reducing the feature vector
dimensionality for classification. Moreover, this kind
of approach is less sensitive to the classifier choice
([45] section 5.5.1).



10P Publishing

J. Neural Eng. 19 (2022) 066032

2.4. Experimental procedure

During the experiment, the participant was sitting at
a distance of 60 cm in front of a 24" computer screen.
Each participant performed two sessions, a calibra-
tion session and a testing session. Before beginning
these two sessions, the task was carefully explained
to the participants, who were given the opportunity
to test the gamified task, adjust the screen to parti-
cipant’s height and clarify any issue they might have.
Each session consisted of 10 blocks and each block
consisted of 30 trials (21 correct movements and 9
wrong movements). Each trial was 2.75s long and
the entire block was less than 1.5 min. There was an
interval between blocks to rest, whose time depended
on participants’ will, but usually not exceeding 1 min.
This interval was also used for debriefings. The cal-
ibration dataset comprised 90 error epochs and 210
correct epochs, that were used to obtain the classific-
ation models for the ErrP-detector.

Before starting the testing session, it was explained
what would be different compared to the calibra-
tion session. The EFP of the testing session was sim-
ilar to the calibration session except that oErrPs were
now detected online and there was the possibility
of providing feedback (green bar) based on the RL
agent output. Participants tested two modes. In mode
1, participants did not receive any feedback, and in
mode 2, participants received as feedback the pro-
gress of the green bar measuring their performance
(as presented in figure 2). Each mode was tested in 5
blocks. Half of the participants started with mode 1
and the other half with mode 2. In both modes, at the
end of the 5 blocks, the plot of the historical progress
of their performance was shown.

2.5. Statistical analysis and metrics

2.5.1. Classification performance metrics

Given the imbalanced number of correct and error
events, we used as classification performance metrics
the sensitivity, the specificity, and the balanced accur-
acy which is given by the average between sensitivity
and specificity as follows

bAcc = 0.5 x +0.5 9)

TP
TP+EN '~ TN EP
where TP, TN, FN, and FP correspond to the num-
ber of true positives, true negatives, false negatives,
and false positives, respectively. A true positive is an
error-event well classified, and a true negative is a
correct-event well classified. The results of the cal-
ibration session were obtained offline through leave-
one-out ten-fold cross-validation (each block corres-
ponding to one fold).

2.5.2. Statistical analysis
Paired sample ¢-tests (one-tailed) were used to com-
pare the online classification results obtained in mode
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1 and mode 2. To determine the differences statistic-
ally relevant between error and correct ERPs, a point-
wise Welch’s 2-sample ¢-test (two-tailed) was applied.
The similarity of waveform morphology between
ERPs was measured using the Pearson’s correlation
coefficient.

3. Results

3.1. Neurophysiological analysis

The grand average (across all subjects) of ERPs for
erroneous and correct trials in the calibration sessions
of both paradigms are shown in figure 4, as well as
the difference between error and correct trials at elec-
trodes Fz and Cz, where differences related to error
monitoring are expected. The plots were obtained
from the calibration sessions of the ten participants,
corresponding to 2100 correct epochs and 900 error
epochs. At channel Fz, the oErrPs present a negative
deflection (ERN) at 215 ms with a mean amplitude
of —0.499 11V and a positive deflection (Pe) at 359 ms
with a mean amplitude of 3.290 1V. The cERP has a
negative deflection at 132 ms with a mean amplitude
of —1.348 1V and a positive deflection at 328 ms with
a mean amplitude of 1.29 pV.

To evaluate the discriminative time points, we
computed pointwise Welch’s ¢-tests comparing ErrPs
and correct ERPs across all healthy participants. Stat-
istically significant differences are highlighted in blue
rectangles for a p-value < 0.05. Itis clear that there are
two discriminative time windows around the expec-
ted negative and positive deflections of oErrPs (ERN
and Pe).

Figure 5 compares ErrPs and correct-related
potentials of trials when participants received feed-
back on their performance (game mode 2) and when
they did not receive feedback (game mode 1). The
time windows for statistical significance (p-value <
0.05) in performance feedback trials are very similar
to those obtained for the calibration data (figure 4).
The waveforms obtained with and without perform-
ance feedback are slightly different, but the statistical
t-test showed no statistically significant differences
between the waveforms in the two conditions for any
time point (for both correct trials and error trials).

Figure 6 shows correct and error trials and their
difference at channel Fz in the time domain (a) and
their difference in the time-frequency domain (b)
ranging from —0.2 to 0.7s. EEG data were recor-
ded during calibration sessions from all participants
in the control group and analyzed without any fur-
ther processing (i.e. they are filtered only at range
(0.5 30] Hz). At the moment of cue image movement
(0's) participants are at rest focused on the red spot
and evaluate the movement as correct or wrong. The
time-frequency plot was obtained in the [4 30] Hz
range for the difference between error and correct tri-
als using a two-cycle wavelet with a Hanning-tapered
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Figure 4. Grand average of oErrP and cERPs and difference between them across all subjects of the control group recorded at Fz
(a) and Cz (b). For better visualization, the signals were filtered between [1 6] Hz with a digital zero-phase filter to avoid
distortion. The shaded areas represent the standard error of the mean and the blue rectangles highlight the time windows where
the difference is statistical significant (point-wise ¢-tests for p-value < 0.05).
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(point-wise t-tests for p-value < 0.05).

Figure 5. Grand average of oErrP and cERPs obtained during the test sessions with (w/) and without (w/o) providing feedback to
participants of their performance (green bar progression) across all subjects of the control group recorded at Fz (a) and Cz

(b). For better visualization, the signals were filtered between [1 6] Hz with a digital zero-phase filter to avoid distortion. The blue
rectangles highlight the time windows where the difference of trials obtained with feedback performance are statistical significant
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window expanding with a 0.5 factor (obtained with
EEGLab software). The signal was normalized by
a baseline defined in the time window [—0.2 0] s,
i.e. the period before image movement. The black
rectangle corresponds to midfrontal theta band fre-
quencies ([4 8] Hz), which are known to be related to
error-monitoring processes, in the interval of interest
where ERN and Pe peaks were previously identified
([200 400] ms). An increase in theta rhythms is vis-
ible for error trials.

Using EEGLab, topographic maps were also
obtained from the difference between error and cor-
rect trials (figure 6(c)). First, the independent com-
ponent analysis (ICA) [46] was applied selecting the
time windows [200 300] and [300 400] ms associated

to ERN and Pe respectively. The ICA components
related to the cognitive processes were used to plot
the topographic maps shown in figure 6(c). The
scalp topography highlights the medial-frontal activ-
ity associated to ERN and the central-parietal activity
associated to Pe.

3.2. Classification results

Table 1 shows the balanced classification accuracies
obtained in the calibration session (10 blocks) and
test session (5 blocks with performance feedback and
5 blocks without performance feedback). For each
participant, the number of error trials and correct tri-
als was 90 and 210, respectively in calibration and 45
and 105 for each game mode of the test session. The




10P Publishing

J. Neural Eng. 19 (2022) 066032

G Pires et al

Grand Average Fz

Time-Frequency Fz: "Error - Correct”

Difference [200 - 300] ms
ICA component

Error
Correct
Difference

Amplitude (V)

02 01 0 01 02 03 04 05 06 07 -200
Time (s)

(a)

Figure 6. (a) Grand average of time domain signal of error and correct trials and their difference, at channel Fz (signal filtered at
[0.5 30] Hz); (b) time-frequency representation for the difference between error and correct trials (for the same data shown at
(a)). Dashed vertical lines signalize the time of cue image movement. The black rectangle represents the interval where oErrPs
were previously identified; (c) topographic maps obtained from ICA components related to the cognitive processes at [200 300]
and [300 400] ms taking the difference between error and correct trials.
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Table 1. Classification accuracy obtained offline (calibration session) and online (test session with and without feedback performance)
for the control group (S1-S10) and ASD participant (Al). ‘bAcc’ and ‘§Cvrg’ stand respectively for balanced accuracy and number of
sessions in which the optimal strategy was obtained. ‘Order’ indicates whether the respective test (with or without feedback) was made
first (1) or later (2). ‘AbAcc’ is the bAcc difference between game mode 1 and game mode 2 and *’ refers to a statistically significant
difference (p = 0.009). ‘Avg’ and ‘Std’ refer to average and standard deviation, respectively.

Calibration session

Test with performance feedback

Test without performance feedback

Subj Sens Spec bAcc Sens Spec bAcc Order {Cvrg Sens  Spec  bAcc Order fCvrg AbAcc
S1 73.3 88.1 80.7 46.7 96.2 71.4 1 5 57.8 914 74.6 2 5 3.2
S2 82.2 79.0 80.6 86.7 714 79.0 2 3 75.6 81.9 787 1 5 —0.3
S3 744 77.6 76.0 733 752 743 1 2 82.2 78.1  80.2 2 3 5.9
S4 82.2 85.2 83.7 733 64.8 69.0 1 2 91.1 78.1  84.6 2 2 15.6
S5 70.0 81.0 75.5 57.8 90.5 74.1 2 5 64.4 83.8 74.1 1 4 0.0
S6 944 93.8 94.1 84.4 98.1 913 2 5 93.3 100.0 96.7 1 5 5.4
S7 87.8 86.2 87.0 71.1 829 77.0 1 4 75.6 77.1  76.3 2 4 —0.6
S8 733 67.1 70.2 84.4 657 75.1 1 0 84.4 68.6  76.5 2 2 1.4
S9 70.0 86.2 78.1 71.1 914 813 2 4 82.2 943 883 1 4 7.0
S10 84.4 88.6 86.5 77.8 80.0 78.9 2 4 86.7 85.7  86.2 1 4 7.3
Avg 79.2 833 81.3 72.7 81.6 77.1 3.4 79.3 83.9 81.6 3.8 45"
Std 82 74 6.9 125 12.2 6.2 1.6 11.3 9.3 7.2 1.1 4.9
Al 87.8 83.8 85.8 86.7 61.0 73.8 1 1 95.6 629 79.2 2 1 5.4

results of the calibration session were obtained oft-
line through leave-one-out ten-fold cross-validation
(each block corresponding to one fold). The aver-
age accuracy obtained from all subjects in the control
group (S1-S10) in the calibration was 81.3 £ 6.9%.
The online results obtained in the test session were
respectively 81.6 +7.2% and 77.1 +6.2% for game
mode 1 (without performance feedback) and mode
2 (with performance feedback). The accuracy differ-
ence of 4.5% was statistically significant (paired ¢-test,
p=0.009). The participant with ASD (A1) got per-
formance results close to the control group average.

3.3.RL of agent

Regarding the hypothesis of the agent being able
to learn using oErrPs and cERPs as biofeedback
reward (negative/positive), the RL approach led to
the optimal strategy in most blocks of the test ses-
sions. Getting the optimal strategy means the rules

have been learned. Table 1 shows that on average, the
optimal strategy was obtained in 3.8 of the 5 blocks
(game mode 1) and in 3.4 of the 5 blocks (game
mode 2). Figure 7 shows representative examples
of good (successful) and bad (unsuccessful) learn-
ing convergences obtained in two testing sessions by
two participants. The curves are obtained directly
from (8) starting from a probability 0.5. When the
curves reach 1 (greenbar is 100% filled), the rules were
learned (probabilities equal to 1), which happens in
the example for subject S6.

4, Discussion

In this study, we aimed at exploring the use of oEr-
rPs in a BCI cognitive application where the user is
monitoring external agent actions with the intent to
train error-monitoring through a gamified RL task.
The user’s detection of correct and wrong actions by

9
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Figure 7. Two examples of green bar progression
(performance feedback) representing agent’s learning
through user’s performance on correctly detecting correct
and wrong decisions of the agent. The bar progression is
computed according to (8). These two curves represent
examples of a session with good performance by participant
S6 where the optimal strategy was achieved and a session
with poor performance by participant S8 where there was a
learning fluctuation and the optimal strategy was not
reached.

the agent involves the processing of facial emotion
expression cues. The implementation and validation
of such a methodology, that detects in real-time oEr-
rPs elicited in tasks associated with social/emotional
cues, are of particular interest as an assistive train-
ing tool (as non-volitional neurofeedback) for ASD
individuals. Here, we aimed to validate the method-
ology with a group of ten neurotypical individuals as
a prior stage to clinical validation in ASD. It matters
to understand whether the methodological approach,
with emphasis on paradigm design and the accuracy
of ErrP detection, is feasible enough to move on to
clinical experiments. As a first exploratory step to help
predict the feasibility of the experiment, a participant
with ASD was enrolled in the experiment, but was not
included in the group statistical analysis.

4.1. Observation ErrP

The first goal of the work was to infer whether the
emotional facial paradigm would elicit an oErrP.
The grand-average of ERPs evoked by wrong agent’s
decisions clearly show an oErrP with components dis-
tinct of cERPs. The ERN component at FCz occurred
at about 215 ms after the cue image movement fol-
lowed by the Pe component around 359 ms. The dif-
ferences between oErrP and cERPs are statistically
significant around the ERN and Pe, evidencing the
two different neural responses associated to incorrect
and correct actions identification. The oErrP wave-
forms are consistent with previous oErrP literature,
exhibiting a negative deflection followed by a positive
deflection, although they are known to typically occur
with different waveforms, amplitudes, and latencies
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depending on the task. For example, in [47], one of
the first studies researching error processing associ-
ated to observation, authors reported the ERN during
an action observation task at around 250 ms and Pe
at 375ms. In [31], in a square movement paradigm,
the peaks of the difference between error and cor-
rect trials (only this difference is provided) occur at
260 ms (negative peak) and 350 ms (positive peak). In
a robot gesture learning task [33], the negative peak
of the oErrP occurs around 350 ms and the posit-
ive peak around 500 ms. Pezzetta at al [48] reported
ERN between 300 and 400 ms and Pe between 400
and 800 ms, in a reach-to-grasp task performed by an
avatar in a virtual environment.

Besides the classically described ErrPs, theta
rhythms ([4 8] Hz) have also been associated to error-
monitoring processes. They have been reported to
increase when the user commits errors or receive erro-
neous feedback [24, 49, 50] but also while observing
erroneous actions [48]. They can be atypical in ASD
[51] and other psychiatric conditions [52], and thus
may contribute to a better profiling of ASD groups.
The time-frequency analysis shows an increase of
the theta rhythm when participants observe an error
committed by the intelligent agent, which reinforces
the idea that theta rhythms are also associated to
observed errors. This can be used in a future BCI
version as a complement measure to obtain neuro-
physiological biomarkers related to ASD but also to
improve error classification [53].

4.2, oErrP classification

The oErrP balanced classification accuracies obtained
online with and without performance feedback
(green bar progression) were respectively 77.1% and
81.6% (recorded from only 16 channels). The online
results are at the same level of those obtained offline
from the calibration data, showing the effectiveness of
the online methodological classification procedure.
These good classification accuracies match the statist-
ically significant differences obtained between oError
and cERPs in the two time-windows of interest, as
observed in figures 4 and 5, and show the viability
of the approach to be used as an assistive rehabil-
itation tool in ASD. The results obtained with the
ASD participant reached the average of the control
group. The inclusion in the study of a patient with
ASD was intended to help further consolidate the
feasibility of the paradigm approach, namely, to infer
whether a representative ASD patient could under-
stand and control the RL-based paradigm, and at the
same time note his motivation, reaction to the inter-
face, and engagement with the gamified approach.
The good performance and engagement achieved by
this high functioning ASD participant does not show
that other types of ASD participants with a lower
intellectual level will have the same level of perform-
ance and will require generalization in future studies.
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It does however provide increased confidence in the
feasibility of the methodology and its possible use in
ASD cohorts. The good overall results of the classific-
ation are an important achievement as they represent
a primary goal of this study in order to be able to
move on to the clinical phase. A low detection accur-
acy has a negative impact on the convergence rate
of the intelligent agent learning and might lead to
participants’ frustration, derailing the playability of
the gamified-RL approach. Moreover, the use of non-
volitional neurofeedback approaches depends heavily
on the detection accuracy, as also emphasized in [36].

It is important to note that although we have
ensured that participants are already fixating on the
target red spot when the image movement occurs,
some gaze shifts may still happen, in particular when
the image movement diverges of the target location.
However, given the balance of targets appearing at left
or right, the ocular movement patterns should not
bias the classification for any of the classes.

oFErrPs are classified at a single-trial level, which
is a very challenging task due to their very low SNR.
For example, the measured SNR of the ErrPs at Fz
and Cz were respectively —12.7 and —12.9 dBs taking
the [200 500] ms time window from calibration data.
The classification results compare favorably to other
studies using oErrPs such as in [31] where 69.5% was
achieved pseudo-online with a group of six healthy
participants, using downsampling and a Gaussian fil-
ter for classification. Higher classification accuracies
were obtained on interaction-ErrPs (rounding 85%-—
90%) in our own previous studies [28, 54], applying
the same approach used here, and in other studies
[29] based on stepwise linear discriminant analysis
regression and random forest. Yet, it is well known
that results are very dependent on the type of ErrP
and the task itself which may elicit different levels of
cognitive processes, awareness and engagement [55].
For example, in [33], using 64 channels the authors
attained a 91% accuracy detecting oErrPs in a human-
robot interaction task, using the xXDAWN spatial filter
[56] combined with a data augmentation approach to
which the authors attributed the very good classific-
ation accuracy. However, when replicating such data
augmentation approach in our own data, the results
did not match those obtained in [33].

Two modalities, with and without performance
feedback, were tested in order to evaluate the impact
of feedback. The classification accuracy was on aver-
age 4.5% (p = 0.009) higher when the green progress
bar was not provided, although the differences in
ERP waveforms between game mode 1 and mode
2 were not statistically different. This performance
decrease suggests a negative effect of using the green
bar feedback. In debriefings done with participants,
some of them reported that when they believed they
did everything well (i.e. correctly recognized the facial
emotion and identified the correctness of the move-
ment of the face) and the green bar decreased rather
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Figure 8. Comparison of oErrPs elicited on the subsequent
trial after positive and negative performance feedback.

than increasing (i.e. wrong classifier detection), this
caused some frustration and focus disruption dur-
ing the experiment. In short, the green bar seems
to be working as an attentional distracter. This was
stated by some of the participants including the
ASD participant. To further analyze this classifica-
tion decrease, we computed the detection rate on the
subsequent trial after a decrease in green bar and
compared it with the detection rate obtained when
the green bar increased. The classification error rates
were respectively 33.3% and 22.8 %, which suggests a
high influence of the negative performance feedback
on the subsequent trial. Additionally, we compared
the oErrP waveforms in trials after correct perform-
ance feedback and after wrong performance feed-
back as shown in figure 8. The plots show that the
two waveforms substantially differ (Pearson correla-
tion equal to 0.53), and that the negative and positive
peaks are much less accentuated and with smaller
amplitudes when the participant receives a negative
feedback, which sustains the influence of the feed-
back as an attentional distractor. This result high-
lights the importance of carefully analyzing feedback,
for example, assessing the balance between ‘distractor
vs engagement’ effects. Some modifications to the
paradigm may have to be considered as discussed
in section 4.4. Under the conditions of our experi-
ment, the green bar feedback does not seem to have a
positive impact on our non-volitional neurofeedback
paradigm. The effect and use of neurofeedback has
been a topic of research [57, 58], though not focused
on non-volitional neurofeedback.

4.3. RL of the agent

Regarding the hypothesis of the intelligent agent
learning using the ErrP biofeedback as reward, we
found that all participants were able to reach the
optimal strategy at least in one of the attempts. On
average, the optimal strategy was reached and main-
tained in 3.8 session blocks over the 5 without per-
formance feedback and 3.4 over the 5 session blocks
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with performance feedback. A post-hoc analysis of
the data showed that even when the optimal strategy
was not reached, it was approximated in many blocks
of the session. In particular, we verified that in 96%
of the blocks the learning convergence curve exceeded
90%. In testing sessions debriefings, these RL conver-
gence curves were shown to participants. At this stage,
we only sought to informally: (a) make participants
aware of their progression or fluctuation through-
out the session block; (b) motivate them, showing,
for example, that they had a good overall perform-
ance, despite the fact that they did not reach 100%;
and (c) evaluate their response when they realized
they have reached the optimal strategy. When con-
sidering this experimental approach as an assistive
neurorehabilitation tool for ASD, these aspects are
of paramount importance as they are expected to
provide participants the sense of reward and the feel-
ing of being able to ‘teach’ a machine on their own,
aiming at increasing their motivation and sense of
control [42, 59]. The use of RL in the form of a game
plays here an important role as it gives participants
a very intuitive way of showing that their incre-
mental ‘teaching’ correlated to their performance.
Error/performance monitoring is essential for mak-
ing decisions, handling errors, adjustment for adapt-
ive and goal-directed behavior, and learning [26, 60].
Particularly in ASD, impairments in error/perform-
ance monitoring have been linked to restricted pat-
terns of behaviors and abnormal emotional reactions
to errors. When participants are asked to judge the
actions of the artificial agent to make the BCI sys-
tem learn, they are training their neural circuits asso-
ciated with error monitoring. Interestingly, they are
doing this without explicit volitional control strategy,
because their goal is to teach the BCI system just by
attending to the occurrence of errors. Thus, there is
an implicit (and unconscious) cognitive training des-
pite the participant not being directly controlling the
progression of the bar, which grounds the rational
of the approach also as a non-volitional neurofeed-
back tool for cognitive/behavioral training. In [61]
a non-volitional neurofeedback approach has shown
the possibility of changing relevant connectivity pat-
terns in participants with ASD. Although tested with
functional magnetic resonance imaging (fMRI), there
is a high interest in transferring similar approaches to
EEG.

From the perspective of computational imple-
mentation of the RL, we added the possibility
of adjusting the learning rate through a subject-
dependent parameter related to the participant’s clas-
sification performance (equation (3)—obtained from
calibration data). This individual parameter increases
the certainty of rules update, which is an add-on for
the consistency of the practical implementation of
the approach. Looking at the results in table 1, we
observe that convergence was biased by the classifier
specificity, as the number of correct events is higher.
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This can be further adjusted in the future during
calibration. Overall, it is shown that the possibility for
the agent to learn according to the participant’s per-
formance is displayed in a logical and intuitive way
enough for the participant to understand it as a game,
and thereby, that the developed framework is suitable
for the next step of clinical trials with a group of ASD
participants.

4.4. Improvement perspectives for the next
experimental stage

The hypothesis that the training approach will allow
not only the intelligent agent to learn but also that
it will be possible to train error-monitoring net-
works with a potential improvement in motivation
and anxiety levels of ASD participants, is still to be
validated. This will be carried out at the next experi-
mental stage in a longitudinal clinical trial with sev-
eral composite endpoints (with a primacy of behavi-
oral measures as primary outcomes), conducted with
a group of patients with ASD, taking advantage of
the experience already gained in [11]. The effect of
cognitive training will be assessed considering neuro-
physiological and behavioral outcomes. For example,
improvement in classification accuracy is an indic-
ator that participants are correctly identifying agent’s
errors, providing a direct, quantitative measure that
cognitive processes (e.g. error monitoring and select-
ive attention) are improving. Behavioral outcomes
will be assessed through interviews and question-
naires measuring the efficacy of the intervention in
terms of levels of anxiety, motivation, physiological
arousal, and adaptive behavior. This will be rated
using the Hamilton Anxiety Rating Scale, the Intrinsic
Motivation Inventory, the Autism Treatment Evalu-
ation Checklist, the Vineland Adaptive Behavior Scale
and the Facial Expressions of Emotion: Stimuli and
Tests.

Despite the very promising results achieved in this
study with the current experiment design, adjustment
of some parameters of the gamified-RL approach are
likely necessary. Namely, one should consider the
possibility of providing participants with only pos-
itive rewards or making reward decisions only when
the classification confidence is higher than a given
threshold, thus avoiding possible causes of participant
frustration. The visual information to provide per-
formance feedback can also be changed to be more
engaging, for example, providing as feedback the
score level of the classifier in addition to the greenbar.
In addition, the inclusion of eye-tracking can be con-
sidered to be used as ground-truth to disambiguate
whether the error came from the classifier or from the
participant, or to infer whether there may have been
participant hesitation when making the decision.

Eventually, we may find necessary to reduce the
calibration time or to obtain session-independent
models. The calibration time can be reduced by
increasing the error probability to obtain more error
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samples for training. It has been shown in one of our
previous studies [62] that the classification models
built from a high error-rate calibration generalize to
sessions with lower error-rates. In [48], the authors
also showed that observation ErrPs were triggered
even when the probability of wrong actions was
higher than correct actions. In the context of session-
independent models for ErrPs and P300 ERPs, several
promising transfer learning solutions have been pro-
posed based on Riemannian geometry [54] and deep
learning approaches using convolutional neural net-
works (CNNs) and variants such as EEGNet [63] and
interpretable CNN [64] which have shown to outper-
form classical approaches [65].

5. Conclusion

We proposed a gamified BCI combining an EFP and
machine RL, which was very successful in eliciting
ErrP signals which were detected with a high classi-
fication accuracy and showing the effective possib-
ility of making an intelligent agent learn. The BCI,
based on non-volitional neurofeedback, can be used
simultaneously for error-monitoring and as a prom-
ising tool for cognitive training in ASD while increas-
ing motivated behavior, facial expression recognition,
with positive effects on anxiety. These achievements
were of utmost importance, allowing to prepare a
future clinical testing phase with ASD population.
Further conclusions about its effective use as a train-
ing tool, as well as enhancements that can be applied
regarding the user experience and engagement dur-
ing the task and its role in a co-adaptation neurofeed-
back scenario, will be possible at a clinical interven-
tion research stage.
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