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Learning Causal Structures of Brain Connectivity in fMRI time series
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Abstract

This paper presents a method for finding directional relationships between any pair of variables in
the brain obtained by blood oxygen-level dependent (BOLD) which reflects an activity level at that node.
Learning a causal structure is to find the dynamics of any pair in the brain. Our goal is to construct a
graphical model that describes these relationships. The dynamics of any pair in the brain can be defined
by the Granger causality principle. We construct a multivariate autoregressive (MAR) model that describes
the functional activities in the brain and explains Granger causality relationships via a sparsity pattern of MAR
parameter or topology. The problem of estimating MAR models is formulated as a group lasso regression
which falls into a convex optimization problem. Then, we apply a numerical technique called ADMM (the
alternating direction method of multipliers) which is suitable for large-scale problems. We develop our
method for selecting the best topology from a candidate set (see section model selection). We verify the
effectiveness of this approach on a synthetic data set and then apply the method to fMRI time series.

Keywords : fMRI, Convex optimization, Granger causality, Group Lasso regression, Model selection
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