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Motivation Results 2. N-variate Case
1. Bivariate Case Parameters We fit a CorEx model consisting of three layers with 10, 3, and 1 units. The hidden
factor at each layer takes 3 discrete values.

The neuron densely wired each other on both structure and functional connectivity level to drive
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Cau, Caudate; Pau, Paudate; Thal, Thalamus; Fpol, Frontal pole; Ang, Angular gyrus;
SupraM,Supramarginal Gyrus; M TG, Middle Temporal Gyrus; Hip, Hippocampus; PostPHG, Pos- (c)
terior Parahippocamapl gyrus; APHG, Anterior parahippocamapl gyrus; Amy, Amygdala; ParaC-

ing, Paracingulate gyrus: PCC, Posterior cingulatecortex: Prec, Precuneus. Figure 2. Dendrograms for the hierarchical clustering of variables using linear correlation coefficient (a,b) and total

correlation(c,d).
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