N

N
N

HAL

open science

Using models for classification: real-life applications

Marie-Constance Corsi

» To cite this version:

Marie-Constance Corsi. Using models for classification: real-life applications. BIOMAG 2024 - 23rd

International Conference on Biomagnetism, Aug 2024, Sydney, Australia. hal-04701100

HAL Id: hal-04701100
https://inria.hal.science/hal-04701100v1

Submitted on 18 Sep 2024

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.

Distributed under a Creative Commons Attribution 4.0 International License


https://inria.hal.science/hal-04701100v1
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr

BIOMAG 2024 - Alternative functional connectivity estimators and their real-life application

Using models for classification:

real-life applications

Marie-Constance Corsi,

Inria research scientist

NERYV team, Paris Brain Institute

Institut
w diCerveau

CIrs Nyttt




Towards classification of M/EEG data

M/EEG Features Classification
recording extraction

SIGNALS

For which purpose(s)?
- Validating potential biomarkers
- Diagnosing diseases
- Distinguishing mental states



Capturing fast, non-linear brain dynamics

Neuronal avalanches: bursts of enhanced activity observed across neuroimaging modalities
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Hypothesis:

The neuronal avalanches could spread differently according to the task/populations & provide original features




Avalanche Transition Matrix (ATM) computation 4

A I — Neuronal avalanche Avalanche Transition Matrix
(ATM)
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Classification for clinical diagnosis — Temporal Lobe Epilepsy (TLE) 5
Mean transition matrices Significant edges
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Classification for clinical diagnosis — Temporal Lobe Epilepsy (TLE)

Classification performance

Model interpretability

ATM

é

ImCoh A _A—

0.5 0.6 0.7 08 09 1
Accuracy

ATM 18 =l
R
PEENE VN
o 2 o o % 2]
s 3 BEESF5FL S
o 288 LB F TS
o, %%, %3833 5EFSFT T
O BB EAAITEFLT AL ® v 2
%, G BB ATTIEIL T T FF @ e
e, On B, R w BB TSSEEF S O S
Yo, Oy ey e P AL REESE LS F S O
T O, o e P nEEg & of
oy . » R g S 3
%, %ﬁ“sﬁ‘ O\ Try S =

mferr'urtempnraiﬂ -
insulaL m
insula R =

n
«
g
&

=
5
3
4
2
ES
i1
o3
=

e
L) RL
u
u
L]
4"
0y
¥
&

o
%,
%
ey
em,
‘aipg,
raip,
Mparar |
suediouy!
el

Tempg,
ansversaye,
A
-

transverseremp
o je¥

True Positive Rate

Feature Importance

&
)

0.6

0.4

02

m— Wean ROC ImCoh (AUC =0.80 1 (0L13)
0 s Mean ROC ATM (AUC — 0.93 = 0.07)

0 0.2 04 0.6 0.8 |
False Positive Rate

=)
)
=
pned
pnes
tal

-
$5255 8
T B a
2 3E35 L5
- & & §F £ o
% B8 EEE5EFS g
o, 2 33 ELEs ST
G 3, © a o %A S 5 = y &
Yy, B, © %5282 EF &S o
%, PR IR T A
e V6B, B uFTETEEL LI e e
-2 e, O, ﬁ.%"&w”rr—ﬁaoﬁf’ FF P v
NN A R £ § & & @
o %, CIAT g S S
(RIS & s *
KON SN S e
'&””o:%"/v’{ ,0 « &?B\Q(o\wotm“ﬁ\\'
i Pusig 1L o
Mesiorse,,  om g’ & e ® o a
inferiorye "L % Srorkal®
"tempora) g - = frontalpole
insula L m pericalcarine R
insula R = pericalcarine L
sthmuﬂ:ingulatzl' - ’C}“Qual R
) ot & [yt
st (a‘\ - = g Cralo,
et * & cl)
d e T & Cup og, Pl g
o™ ot 2 Yo & ey, ey Oy
W B Y o 5 g, Sh ey
- wd—ia«-w\;# ¢.‘ ,“\,““o oy s
N ~, .
oo ‘\,QQB & &'S‘\ég,é-u Tay ast —om,%%m%'b ’s,@
£ - - = = S,
0 & éc(g?&@’ﬁ@@ el ;‘g"ggﬁ%“%’% By, Wy
g S F R L
Qoé'@ FEFrS88938%% v % %
F S ESIEESZ25 PR
@eéﬁxgggmémgm&( %
FEfFsfs8877
ST Y
¢ * E S F =
E 5
s £

[Corsi* et al, Sci. Reports, 2024]




Brain-Computer Interface (BCI)
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Current BCIs fail to detect the mental intentions in ~30% of users —
=> Rely on local measurements of the brain activity

50



BCI experiment

For a complete description of the protocol and the dataset, please refer to
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Transition probabilities as alternative features for BCI

signif
® equals
® ATM+SVM better
® CSP+SVM better

CSP+SVM

CSP+SVM ATM+SVM

[Corsi*; Sorrentino* et al, iScience, 2024|




Building innovative BCI protocols based on ATMs

Classification petformance Model interpretability

MI vs Rest Features importance
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[C. Mannino et al., 9th Graz BCI Conference 2024]
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|
Dealing with (alternative) FC estimators... 1

Group results
|

"  Dealing with high dimensional matrices

®  Classifiers [Lotte et al, 2018]

= Dimensionality reduction ' e Wl

Reliable differences 4 Parietaliobe [l Bosa nuctei
subjects — Node-| £ Il Temporal lobe Cerebellar structures

= Inter-subject variabilities
= Identifying features associated with robust patterns

= Ensemble learning approach

pyRiemann

® Real impact

D\rlemmrne €d()CS i0/en/latest

= Interpretability

= Replicability MOABB

moabb.neurotechx.com/docs



https://iopscience.iop.org/article/10.1088/1741-2552/aab2f2
https://happyfeat.readthedocs.io/en/latest/
https://moabb.neurotechx.com/docs/
https://pyriemann.readthedocs.io/en/latest/
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Thank you for your attention!
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