Appendix

1. Brain parcellation We consider a brain parcellation that is a more granular version of
the AAL regional template; we utilize the existing boundaries but provide a further subdi-
vision within each region of interest. A hierarchical clustering algorithm is applied to each
region, where the spatial contiguity of the resulting clusters is enforced using the distance
matrix. Connectivity information, averaged across the sample, is utilized to subtly promote
functional and structural homogeneity in the grey and white matter, respectively, of each
resulting cluster. Finally, we incorporate tissue-type information (grey/white matter) in
the distance matrix to encourage balance in the tissue composition of clusters. Based on

average linkage, the number of clusters is chosen manually to vield a resulting parcellation

o

g—1 Lg = 282 regions are selected), using

consisting of approximately 200 regions (here, >
the Hierarchical Clustering tools in MATLAB and Statistics Toolbox Release 2012b (The
MathWorks, Inc., Natick, Massachusetts, United States). Independently for each AAL re-

gion, let d;; represent the Manhattan distance, which is the sum of the absolute differences

of MNT coordinates, for voxels i and j, and define the distance matrix as:

dij+(1—-FCy;) ifieG,jeg
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d;; otherwise,



where FC;; represents the average of functional connectivity for voxel pairs in grey matter
G and 5C;; represents the average of structural connectivity for voxel pairs in white matter
W. Functional connectivity is gquantified by estimating the Pearson correlation coefficient
between the fMRI-derived BOLD signals of grey The prior beliefs about the parameters
included in the likelihood function are expressed in the second or lower levels of the model.
matter voxel pairs for each subject, and averaging across subjects. Structural connectivity
is quantified by calculating the correlation between “connectivity profiles”™ and subsequently
averaging across subjects. The “connectivity profile” for a white matter voxel is obtained
by using a set of predefined target regions scattered throughout the brain and applying
probabilistic tractography tools in FSL (Behrens, 2003) to each subject’s DTT data, vielding
values that reflect the strength of structural connectivity between the voxel and each of
the target regions. Thus, SC;; is expected to reflect the average consistency in structural
connections between white matter voxel pairs. For tissue-heterogenous voxel pairs, there is
no obvious way to quantify connectivity; by using an unpenalized distance of d;; for these
mismatched voxel pairs, the resulting clusters tend to span both grey and white matter.
2. Posterior distributions

We present the full conditional posterior distributions for Gibbs sampling. Here, we take
the parameters with superscript xz as examples, parameters with other superscripts can be
derived similarly. Let £ denote all the parameters except €. Denote Zi;g{'t,f) = Zig(v) = Ziy(v).

Then the full conditional posterior distributions can be derived as follows:
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Suppose p, follows a discrete uniform distribution. In our analysis, p, can take 36 values

{mi,---my}. Denote the posterior probability of p, as {py,--- ,p.}, then
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3. Derivation of vozel-level LOOCYV predictive probability Let B;(v) denote all

the imaging data in the brain except voxel v. First, we write out the posterior predictive



probability:

P(D; = k | Bi(v), A)
=f’° .=k | Bi(v).0)P(8 | B,(v),A_;)d0
N P(0 | Bi(v). Bi(v), Ai) I
_]p Di = k| Bi(v).0)5 PGB0 B\ D\ = . A P(6 | Bi(v). By(2). D; = d;, A_,)d6,
in which

[3 | B (E} ( } ) o Pl[g B.?'_.A_f'jp[BhD'_ = Efj.A_,:} - P(D, - {ii | B;,A_g)

( | B B (E} A_!:) B P[Bf A_,)P[B B;‘TD' = tfj,A_,'} B P(D; ={I¢' | B;H) ‘
Thus.
P[Di =k | B,'II:'I.-‘]I._ A_,' D; =k | B;I{'t.-‘}l._ 9} _ .

P{D; - d; | BI'._A_I' DI' - {f,‘ | B;,H} P(e | Bh Df B ff;-_A_;}dB

which leads to (12).

4. Trace plots
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Figure S1: Trace plots for selected voxel-level, subregion-level, and region-level parameters

from posterior sampling.
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