N
N

N

HAL

open science

Permutation equivariant structure-function mapping

Andreas Abildtrup Hansen, Yanis Aeschlimann, Samuel Deslauriers-Gauthier,

Anna Calissano

» To cite this version:

Andreas Abildtrup Hansen, Yanis Aeschlimann, Samuel Deslauriers-Gauthier, Anna Calissano. Per-
mutation equivariant structure-function mapping. 2023 Annual Meeting of the Organization for Hu-

man Brain Mapping, Jul 2023, Montreal (Canada), Canada. hal-04390750

HAL Id: hal-04390750
https://hal.science/hal-04390750

Submitted on 12 Jan 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.


https://hal.science/hal-04390750
https://hal.archives-ouvertes.fr

fu n Ctl 0 n m ap p I n g Andreas A. Hanseni, Yanis Aeschlimann2, Samuel Deslauriers-Gauthier?, Anna Callissano?

1 Technical University of Denmark, Kgs. Lyngby, Denmark
2 Inria Centre at Universitée Cote d’Azur, Valbonne, France

Predicting the brain‘s function given its structure
(structure-function mapping*?) Is no easy task. In
this work, we observe the problem through the lens of
a permutation equivariant graph neural network

(PE-GNN).

Why structure-function mapping?

Brain structure—function mapping addresses the problem of
predicting the brain‘s functional connectivity measured through
(rs—fMRI) from the structural connectivity measured through
(dMRI). The modelling procedure is built on two main assumptions:

1. Given the structure of a subject, it should be possible, at least
partially, to predict his function.

2. The structure and function of specific sub-regions of the brain
are matched across all subjects.

Why a permutation equivariant model?

Assume that X I1s an X 1 matrix and P Is an arbitrary 7 X 1
permutation matrix. Then a function f: R™*" - R™*™Is permutation
equivariant if

f(PXPT) = Pf(X)P"

Modelling the relation between structure and function by
Incorporating permutation equivariance ensures that the model
behaves similarly for all parcel-orderings, and therefore relaxes the
second assumption.
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Methods

This work considers dMRI and rs-fMRI of 1050 young and healthy
adults from the Human Connectome Project?®. For each subject, we
derived a pair of structural and functional connectivity matrices. Two
parcellations of the brain are considered; one containing 68 parcels
(Desikan-Killiany), and one containing 200 parcels (Gallardo#).

Architecture

The architecture consists of 3 equivariant modules. The most
important components In each module are the linear
equivariant layers (L)>, and the 2D convolution with a 1Xx1
kernel size (F) as seen below.
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The PE-GNN iIs compared, using 10-fold cross-validation, to the
mean functional connectivity matrix, which Is used as a
reference estimator of the functional connectivityl. We compute
this predictor on both the training data (M-FC) and a second
version of the training data where the rows and columns have
been randomly permuted (PM-FC).

Number of parcels PE-GNN PM-FC M-FC
68 0.0472 4+ 0.0013 0.0750 £ 0.0017  0.0459 4 0.0015
200 0.0378 & 0.0026  0.0489 £ 0.0017  0.0346 4 0.0021

The mean squared error (MSE) plus-minus the standard-deviation
obtained from a 10-fold cross validation for each estimator. Each
estimator Is tested for atlases containing 68 and 200 parcels
respectively.
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