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Aims

1) Large-scale brain networks where
all the voxels are network nodes




Large scale




fMRI dataset

Subset of Tennessee twin study with
200 twins

11 monozygotic (MZ) twins




Monetary incentive delay task

Trial Cue Anticipatory Delay Target Feedback

$0, $1, $5 + Y Win $5.00

| GLM
3 runs of 40 trials Y(V,-) — Xb(vi) + 8(\/,')

delay for $0 tria

S
de ay for $1 trials |C
elay for $5 trials C b(v ) Contrast map

po0leee




Small-n and large-p problem
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Sparse networks

Existing sparse network




Center and scale data

k-th paired images at voxel V. : X, (Vl.) Vi (Vi)

x=(x1,x2---,xn)’ y=(yl’y2’.”’yn),

paired
Y x5, (v) =Yy, (v)=0
k=1 k=1

b = xx =] = vy =1



Regression between voxels across twins
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Least-squares estlmatlon
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Sparse cross-correlation network
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Sparse network without optimization

N ical
Ameriee Soft-thresholding
optimization r
£ 3 1 if [x'(v, )>A
b, (1) =+ Lif B,(A)=0 b, (A= i x(vl)y(v])‘>
0 otherwise \ O otherwise

10000 times faster!

Chung et al. 2015 IEEE Transactions on Medical
Imaging 34:1928-1939
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Network at sparse parameter 0.7
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MZ-twins

DZ-twins




Network at sparse parameter 0.8
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Network at sparse parameter 0.9
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Sanity check: Network of random pairs
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ACE model

MZ-twins share 100% of genes
DZ-twins share 50% of genes

Pz =A + C
Additive Common
genetics environment

Ppz = A/ 2+ C

Falconer's formula for heritability index (HI)

A= 2(pMZ — pDZ)



MZ-twins




Correlation of MZ-twins Correlation of DZ-twins

0 0.5 1

At voxel V;, HI(v;) = 2[:01\/12 (Vi) = Ppz (Vi>]

HI = the proportion of statistical variation due to
(additive) genetic influences.
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Heritablility graph index (HGI)
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Heritability graph Index
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Persistent homology




Graph filtration

Infinite collection of networks at every possible
parameter:

{G(A),AER"}
Monotonicity property
G(Aq) ) G()Lz) D G(Ag) DA
for A=A <A <--

Lee, H. et al. 2012. IEEE Transactions on Medical
Imaaqging. 31:2267-2277
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D = max|B,y, (A) = By, (1)

3 ><1O4

- - MZ-twins
—DZ-twi_ns

7

N
&

N

Number of clusters
— )

0.5¢

0.5 0.6 0.7 0.8 0.9 1
Sparse parameter p-value < 0.0002
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Discussion

Infinite-scale network models will always
outperform multi-scale network models.

Thresholding edge weights is equivalent to sparse







