JULICH

Forschungszentrum

Effective workflow from multi-modal MRI data to '
model-based prediction J

Kyesam Jung’2, Kevin J. Wischnewski'2:3, Simon B. Eickhoff!2, Oleksandr V. Popovych?.2

E-mail: k.jung@fz-juelich.de

Institute of Neuroscience and Medicine, Brain and Behaviour (INM-7), Forschungszentrum Julich, Germany
2|Institute of Systems Neuroscience, Medical Faculty, University Hospital Diusseldorf, Heinrich Heine University Dusseldorf, Germany U

3Institute of Mathematics, Faculty of Mathematics and Natural Sciences, Heinrich Heine University Dusseldorf, Germany

Introduction

® Comparing structural connectivity (SC) and functional connectivity (FC) led to the structure-function relationship as a possible methodological approach to explore the
interdependence between structure and function of the human brain. However, this relationship between empirical SC (eSC) and empirical FC (eFC) is relatively low,
might depend on many factors, and its mechanism is still unclear [1].
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@ Integration of model-based approaches into whole-brain connectome research can expand the scope of investigation to understand the brain [2,3]. The models can be
used to generate simulated FC (sFC) as an additional data modality. Accordingly, it can be suggested as a possible mediator between brain structure and function.

® We suggest a framework that advances the applicability of the model-based approach by applying simulated data to machine-learning analysis.

Methods: A workflow for model-based machine-learning research using multi-modal MRI data
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Step 4. Whole-brain dynamical modeling g, Gopdnessof ffg_oa;i Step 5 Machine learning for model-based prediction

e A whole-brain model (coupled phase oscillators with delay) = !ﬁ‘i | ﬁ e e Empirical feature: corr(eFC, eSC) and Simulated feature: corr(eFC, sFC)

e Simulated Blood-Oxygen-Level Dependent signals ([0.01,0.1] Hz) EE; :é&__ _THEE ZR 1 e Cross-validated confound removal scheme (5-fold nested cross validation; n=100)

v Correlation between eFC and sFC (goodness-of-fit) - Emi‘:;lca,'f’* . Sm,; =5 v Classification of females and males (confound: brain volume)

v Parameter optimization (Covariance Matrix Adaptation Evolution Strategy) [4,5] v Prediction of cognitive composite score and the Big-Five personality traits (confound:
Low dimensional (2 parameters), High dimensional (around 100 parameters) brain volume and age)

Results: Simulated features outperforming empirical features in machine-learning analysis
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