Evaluation of ERN and FRN robustness to cross-session variability
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Introduction: Brain-Computer Interfaces (BCl) are devices that allow users to interact - explicitly or
implicitly - with computers based solely on brain activity (Clerc et al., 2016). Many BCls are
electroencephalography (EEG) based, and within Neuroergonomics, BCls may be used to detect the users’
mental states. Yet, EEG-based mental state estimation pipelines still do not reach ideal classification rates
suffering from signal non-stationarity, including cross-session variability (Saha & Baumert, 2020). Thus,
using error-related potentials (ErrPs) extracted from EEG was proposed to help improve BCl algorithms
through a type of feedback loop (Chavarriaga et al., 2014). Event-related potentials (ERP) have been shown
to be more robust to time effects than spectral features (Roy et al., 2016), and error potentials (ErrPs)
might also prove so. These ErrPs take the shape of two frontocentral ERPs: the Error Related Negativity
(ERN) for error commission and the Feedback Related Negativity (FRN, a.k.a. Reward Positivity - RewP) for
negative feedback observation. Positive parietal components accompany these peaks: respectively, the
error Positivity (Pe) and the P300 (Chavarriaga et al., 2014). These potentials are also elicited by observing
surprising and/or erroneous system actions (Somon et al., 2018). Chavarrigia and Millan (2010) started
investigating the stability of the ERN and FRN and showed them to remain stable over time. However,
some factors were not investigated. The preliminary results of this study intend to extend these results in
two ways: first, we assess the effect of the congruency of stimuli presented on both the ERN and FRN over
three separate sessions, all one week apart; then we observe the stability of the evolution of both the
execution and feedback-related ErrPs over time.

Methods: Data for this abstract are part of an undergoing more extensive study aiming at creating a
substantial pBCl database (Hinss et al., 2021). Fifteen participants performed a 10-minute arrow-based
flanker task on three separate sessions spaced one week apart. Participants were presented with a total
of 120 congruent or incongruent combinations of arrows (50% each; see fig. 1) and had to indicate the
direction of the centre arrow by button-press. Following a 2,25-2,75 (jittered) second window allowing the
participant to respond, feedback was provided (see figure 1). 9 participants were removed for this
preliminary analysis as they did not perform errors in at least one of the two congruency conditions and/or
one session. EEG data were recorded with 64-active Ag-AgCl electrodes (Brain Products, GmbH; sampling
rate: 500 Hz). One EEG electrode (TP9) was removed from the cap and used to measure ECG
concomitantly. Participants' responses were recorded with a keyboard. EEG, ECG and behavioural data
were streamed through the Lab Streaming Layer (LSL) and LabRecorder (Kohte, 2013). Data were



preprocessed and analysed using the EEGLAB toolbox: referenced using the right mastoid (TP10), high pass
filtered (FIR filter; 1 Hz) and cleaned using ASR (with a 1-min resting-state baseline). An extended ICA was
performed, and the IC-Label extension was used to automatically label components as either muscle, heart
or eye components to be rejected (threshold set to 90% for each). Finally, data were low-pass FIR filtered
(FIR filter; 40 Hz).

EEG data were Laplacian-transformed using the CSD toolbox (Kayser & Tenke, 2006) with a spherical spline
interpolation (lambda =10+, head radius =10cm and spline flexibility m=4) to estimate current source
densities, as this method has proven very useful to improve the signal-to-noise ratio for ErrPs by removing
activities related to scalp conduction. Analysis of the data focused on two different time points:
participant’s response and feedback display. For both, epochs of -200 ms to 750 ms centred on each event
(response or feedback) were extracted. Average ERPs were computed across participants for each
condition (congruency x valence x session). Component peak latency and amplitude were computed for
the ERN (most negative peak at the FCz electrode in the 25-125 ms post-response time window), the Pe
(the average positivity at the Pz electrode in the 200-400 ms post-response time-window), the FRN (the
most negative peak at the Fz/FCz electrode in the 200-400 ms post-feedback time window) and the P300
(the average positivity at the Pz electrode in the 200-400 ms post-feedback time window) components.
Statistical analyses were carried on these components with a three-way repeated-measures ANOVA with
stimulus congruency - congruent vs incongruent -, valence - error vs correct response - and session - 1, 2
or 3 - as factors.

Results: Participants demonstrated the Flanker effect, as seen in an increase in reaction time and error
rate during incongruent compared to congruent trials (Eriksen & Eriksen, 1974). EEG analysis revealed
several tendencies. The ERN amplitude was shown to be sensitive to the participant making errors. This
effect was significant at the FCz, Pz and Fz electrodes (respectively F(1,5)=4.63 p<0.05, F(1,5)=10.58
p<0.01, F(1,5)=6.29 p<.001; see fig. 2a and 2b). Post-feedback, a significant difference in amplitude on the
FRN component was also observed between correct and incorrect trials at FCz and Fz (F(1,5)= 9.42 p<0.05
and F(1,5)=15.91 p<0.05 respectively; see fig. 2c and 2d). For the ERN as well as the FRN components,
neither the session nor congruency had any significant effect.

Discussion: For BCls to mature into viable systems that can work outside the lab, they have to become
easy and quick to use. Usability comes from, among other things, a good transferability and
generalizability of results across sessions, participants, and time. Here, it was shown that the ErrPs at
response and feedback elicited during a Flanker task are consistent across congruency conditions and
sessions, making them a reliable indicator of one’s own or a system’s error detection or surprising
outcome. This consistency could improve the generalizability of BCI algorithms and lower training times
for participants. Against our expectations, the P300 component at electrode Pz was not identifiable with
the currently limited sample size. The Pe component was also not significantly impacted by error
occurrence. However, these preliminary results have to be taken with caution due to the small sample
size. We intend to expand these findings by increasing the participant number to test the viability of
ErrP-based BCls.
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Figure 1. Flowchart of single trial as well as the 4 different stimuli.
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Figure 2. Grand average ERP (averaged across participants) plots with standard deviations for response at FCz (a) and feedback
at Fz (c) for correct (green) and erroneous (red) trials; and statistical results across sessions for the ERN (b) and FRN (d) average
amplitude across participants.
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