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Background

Background

m FMRI can describe functional connectivity (FC), temporal
dependence of neuronal activity in regions of the brain®.

m Alterations in FC associated with psychiatric disorders e.g.
major depressive disorder”, schizophrenia3, neurodegenerative
diseases such as Alzheimer's disease?
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Background

Background

m Graphical models useful for exploring relationships between
regions of interest (ROI) to describe FC

m Under the assumption of the fMRI signals being Gaussian,
ROI constitute vertices, and non-zero entries in the precision
matrix, €2, imply edges between vertices in a graph.
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Background

Motivation

m Want interpretable estimates of subject- and group-level FC
for multi-subject data sets

m Also desire to group participants based on FC when classes
are unknown

m E.g. participants with varying degrees of schizophrenia or
various stages of the progression of Alzheimer's

m Motivates penalized model-based clustering of fMRI
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Background

Motivation

m 2 main goals of proposed random covariance clustering model
(RCCM):

Clustering of subjects based on FC

Sparse precision matrix estimation to describe subject- and
group-level FC for multiple subjects

m Achieve simultaneously using penalized model-based clustering
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Method

Notation

Suppose we have fMRI data where:

m K: number of subjects
m p: number of ROI
m n,: number of observations or time points for k" subject

m G: number of clusters or groups
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Method

Model

® Yee = (Vkies ...,ykpt)T ~ Np(pk, Xk) are independent
p-dimensional Gaussian random variables

m ye: tt observation or time point of the j# ROI for the k"
subject

m k=1,..., K indexes subjects
mj=1,...,pindexes ROI

m t=1,..., ng indexes observations or time points
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Method

Model

G
m Q=X ~ p(Q; {Qog, T 1) = Zl TgPg (2 A2, Qog)
g:

m Mixture distribution with G components

B pg(; A2, Qog): PDF of Wishart random matrix with degrees
of freedom A, and mean Qg

m Qqg: cluster-level precision matrix of cluster g

m 7, interpreted as proportion of subjects belonging to cluster g
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Method

Model

m Novelty lies in mixture Wishart distribution

m Facilitates interpretation of each subject’'s FC being similar to
their cluster-level FC, but not necessarily identical

m Different from a Gaussian mixture model which clusters
individual observations
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Method

Model

m Assuming centered data, model likelihood is:

K ng

L= H H (Fe(ykt; Q) p(; {7, QOg}gG=1)

k=1t=1

m Induce sparsity in the precision matrices using ¢1 penalties:

K G
—log(L) + Py = —log(L) + A1 > _ |1 + A3 ) [|Q0gl1
k=1 g=1
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Method

EM Algorithm

m Difficult function to minimize directly

m Do not know which subjects belong to which group

m EM Algorithm with block-coordinate descent to optimize with
respect to © = {(mg, Qi, Qog)}
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Method

M-Step

Block-coordinate descent:

Initialize Qk(o) = ﬁkg. for k=1,..., K where ﬁkg. is the
individual GLasso estimate.

Initialize the cluster memberships for each subject

Mn UNIVERSITY OF MINNESOTA

Andrew Dilernia 12



Method

M-Step

Steps: (cont.)

Update {QOg}§:1 using coordinate descent approach for
covariance graphical lasso®.

Update the weights, and then {Qk},’le using the GLasso
algorithm*.

Repeat steps 3 and 4 until convergence.
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Method

Simulations

Compared RCCM to a 2-step approach: Ward clustering & the
group graphical lasso (GGL)*!

m Ward clustering was done based on a distance matrix
constructed from the sample precision matrices

m GGL conducts joint estimation of multiple precision matrices
which encourages a shared sparsity structure
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Method

Edge Detection
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Figure 1: Group-level ROC curves for edge detection for 104 subjects
belonging to one of G = 2 groups.
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Analysis

Data Analysis

m Also applied RCCM to a resting-state fMRI data set

m Data: 61 total participants with first-episode or chronic
schizophrenia and 43 healthy controls

Mn UNIVERSITY OF MINNESOTA
Andrew DilLernia 16



Analysis

Data Analysis

Figure 2: Group A (left) contained more participants with schizophrenia
than B (right), and its estimated network had fewer connections than B,
providing evidence for decreased FC among those with schizophrenia.
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Analysis

Future Directions

Potential extensions:
Account for autocorrelation present in fMRI data
Allow for time-varying connectivity

Extend for a supervised or semi-supervised approach
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Analysis
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Analysis

Thank you

m Our proposed RCCM is available via an R package at
github.com/dilernia/rcm.

m Thank you
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Clustering Results

Table 1: Summary of clustering results for specifying G = 2 or 3 clusters.
For G = 2, Group A had the highest proportion of participants diagnosed
with schizophrenia, while healthy controls were more evenly distributed
between Groups A and B. Results for G = 3 groups were not as clear,
with most subjects being clustered into Group C.

G Group Control 1st Episode Chronic
2 A 23 (53.5%) 14 (66.7%) 30 (75.0%)
B 20 (46.5%) 7 (33.3%) 10 (25.0%)
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