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INTRODUCTION METHOD

Multiple studies reported that 15%-30% of the subjects fail in controlling

a BCl device. This is a phenomenon referred to as the “BCl inefficiency” Motor Imagery BCI
Re-grasp protocol

t4+1 Avalanche Transition Matrix
- (ATM)

J (Brain Regions at time t+1)

Among the potential causes of this phenomenon are the features used.
Indeed, by relying mostly on local measurements they might not fully
capture the brain functioning that also consists in interactions between
areas.

To overcome these limitations in recent researchs we proposed

to use a metric that captures the dynamic nature of the brain activity:

the neuronal avalanches.
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RESULTS

CLASSIFICATION PERFORMANCE Sensor-space

AT GROUP LEVEL: ‘ - i ‘ ! i i 4

In sensor-space: larger inter-subject variability with
CSP+SVM (71%+/15%) VS ATM+SVM (71% +/- 9%).

In the source-space: ATM+SVM (80%+/-8%) VS CSP+SVM
(75%+/-14%) (t-test, pval<0.05) statistical improvement and 0.6
a reduced inter-subject variability.

CSP+SVM

was observed in 3 subjects with CSP+SVM

Performance was robust across splits for both CSP+SVM Number of splits ASTOMS-II-)?i\t,sM A';"g+|5i"¥""
and ATM+SVM pipelines (one-way ANOVA p>0.05), Source_space P
It gives us the possibility to closely mimic a real-time setup. . ) ) - eri__
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AT SUBJECT LEVEL: oof 1 E : 0.9
INn sensor-space CSP+SVM pipeline led to a larger number of 0.8 = 5 =
subjects with a performance below the chance level, set to S e S . 1’0'8
58% here (6 subjects) with respect to ATM+SVM (1 subject). - =AIM;0V:T4 §°'7 g 50.7
EEG source-reconstructed data, ATM+SVM demonstrated o] ° i  oval <005 0.6
superior performance in 12 subjects, whereas the opposite . . :
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What we can observe FOCUS ON ATM PIPELINE

directly from the data

ENCODING
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Sensorspace & Sourcespace i X Encodina vs Decodinc

The most frequently selected features involved ETZF?ZE_ EEZ‘ CompariSOn between the re||ab|||ty edges and
central electrodes (C-CP) at sensor-space, as 5 5 | Sensor-space 0 features selected with hugest weight. denoted a
the paracentral area in the source-reconstruct- s S higher level of match score

ed data implying left motor-area. with the ten subjects with a highest classifica-

. . . subiect wi 10 subject with o

Our observatlons, obtained applylng the ATM higher d;sgiﬁc:jtio:, p:?fm,mance lower classiﬁcat’ion perfrormance tion performance ds Compared to the ten sub-
method, suggest that working in the sensor “ jects with the lowest classification performance.
space could provide enough spatial resolu- 37% (Highest) vs 6% (Lowest) in Sensor-Space

tion to perform the classification and to identify
the reliably functional connections with a sim-
pler framework than in the source space. Never-
theless, for deeper analysis investigating the in-
volvement of precise regions of interest,
work in the source space would be advisable.

CONCLUSION

48% (Highest) vs 24% (Lowest) in Source-Space

This finding suggests a possible way to apply a
dimensionality reduction in the features used
in the decoding step, to improve classifica-
tion performance and to reduce the computa-
tional time as well.

REFERENCES

; : , T T 1.Alwi Alkaff, et al. Applications of Brai Interface in P Health ing. in Artificial Intelli . 0 (In-
Our observations suggest that the integration of periodic and aperiodic features would be a temOpe&:] zf)tzZ). ppications of Brein Computerinieriace in Present Healihcare Seffing. fn Ariihcia Infeflgence vl 0 n
straig ntforward Way to capture functionally relevant Processes. Hence, neural avalanches could 2.Lotte, F. et al. A Review of Classification Algorithms for EEG-based Brain-Computer Interfaces: A 10-year Update. J. Neural Eng.
be apply to the design of BCls and to improve task classification. The good performance of the (2018)

3.Corsi, M.-C. et al. Measuring brain critical dynamics to inform Brain-Computer Interfaces. iScience 27, 108734 (2024)
4.Corsi, M.-C. et al. Functional disconnection of associative cortical areas predicts performance during BCl training. Neurolmage
209, 116500 (2020).

ATMs on the EEG data is relevant to translate our methodology to real-world scenarios.




