JULICH

Forschungszentrum

| Enrichment of data analytics |
M%M by whole-brain computational models J

HEINRICH HEINE
UNIVERSITAT DUssELDORF — |O.V. Popovychl.2, T. Manos?!.2:3, S. Diaz-Pier4, F. Hoffstaedterl.2, J, Schreibers, S.B. Eickhoff!.2

SYSTEMS NEUROSCIENCE

lInstitute of Neuroscience and Medicine - Brain & Behaviour (INM-7), Research Centre Julich, Julich, Germany,
2Institute of Systems Neuroscience, Medical Faculty, Heinrich Heine University Dusseldorf, Dusseldorf, Germany
3Laboratoire de Physique Théorique et Modélisation, CY Cergy Paris Université, CNRS, UMR 8089, Cergy-Pontoise cedex, France

Pc)ster: ]_480 4SimLab Neuroscience, Institute for Advanced Simulation, Julich Supercomputing Centre (JSC), Research Centre Julich, Julich, Germany
5|nstitute of Neuroscience and Medicine - Structural and Functional Organization of the Brain (INM-1), Research Centre Julich, Julich, Germany

Brain &
Behaviour

Introduction

Methods

By means of the whole-brain dynamical models Computational model Brain parcellation Whole-brain

. . . . . (brain atlas) tractography
we investigated the impact of the neuroimaging |
data processing on the results of model validation Kuramoto model [ 3] of coupled phase oscillators was '

against empirical data. In this study we considered used to 5|mu|at¢ the dynam|c§ of the phases 0;(t) of
. . network nodesi =1, :--, N, which represent the mean
several brain parcellations:

resting-state dynamics of brain regions [4,5]

e The functional Schaefer atlas [1] with 100, 200

. de, C <,

and 400 cor’FlcaI parcels (S100, 5200 and S.400) dtl =211 f, + 2 kiisin[0;(t —T;;) — 6;(t)] + n;(t)

and anatomical Harvard-Oxford atlas [2] with 96 i3 |

cortical parcels and several thresholds of the Whole-brain

maXimal prObablllty (H096 O% N H096 45%) " Model Description Model Description network

variables variables
We |nveSt|gated the ImpaCt Of the bra|n atlaseS 0;(t) phase of nodei attime t L;; averagefiberpatih length I?f
and a few data variables on the model fitting and RIS LR
showed that these conditions may Strongly I natural frequency of node i v mean conduction velocity
inﬂuence the mOdeIing reSUItS' C .parameter of global coupling strength T=(L;ij/V parameter of global delay _ K o \
. . . kii=n;;/(n;;y | relative number of streamlines in the ni(t) independent noise Whole-brain ]+1/. s .\
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Conclusions
A choice of a particular brain parcellation e The variation of Fit-values across subjects e The results of MLR modeling showed that up
can cause a strong impact on the quality of and parcellations can be accounted for by to 70% of the variance of modeling results
the model validation and structure of the data variables of different correlative types: (Fit-values) can be explained by the
model parameter space, which may deviate intra-parcellation variables, inter- properties of empirical data used for model
for different fitting modalities. parcellation variables and of both types. derivation and validation.
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