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Place: Virtual Zoom conference

Satellite Meeting of 2027 OHBM

Aim: Please join us in Seoul for the Workshop on Nonstandard Brain Image Analysis (NBIA). This h tt / / t I /
satellite meeting will be held after the Organization for Human Brain Mapping (OHBM) annual meeting. p SI eS q OOq e CO m
NBIA 2021 will focus on showcasing various emerging nonstandard or experimental techniques in VI ew/n b I 32 02 1

brain image processing and analysis. This workshop combines lectures by leaders in the field of
processing and analysis, poster sessions and other opportunities to network. The workshop is meant

to inform and educate students and researchers on emerging methods. The workshop follows the
spirit of the previous succesful workshop NBIA 2018 in Singapore.



https://sites.google.com/view/nbia2021
https://sites.google.com/view/nbia2021
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https://arxiv.org/abs/2012.00675
https://arxiv.org/pdf/2007.04793.pdf

Acknowledgement

Zhan Luo, lan Carroll, Gregory Kirk, Nagesh Adluru,
Andrew Alexander, Seth Pollack, Hill Goldsmith,

Richard Davidson, Alex Smith, Gary Shiu

Univ. of Wisconsin-Madison

Li Shen Univ. of Pennsylvania

Hernando Ombao, Chee Ming Ting KAUST, Saudi Arabia
Yuan Wang University of South Carolina

Dong Soo Lee, Hyekyung lee

Seoul National University, Korea

Shih-Gu Huang, Angi Qiu National University of Singapore
llwoo Lyu Vanderbilt University

Grants:
NIH RO Brain Initiative EBO22856, RO1 EB028753, NSF DMS-2010778




ing (rs-fMRI)

IC resonance imag

Resting-state functional magnet

8000
6000
4000
2000

- 18000
- 16000
- 14000
12000
10000

Ahnﬁ«.o.m««n?

%n.nﬁrraﬁrwfwrwwmu....
AL IR

drriiil)
1141

..snn~s\«-tm&

Py

)
U 5 :
Xn .
@) .
> O Y
O -
O O =
O wn Q n
O m ¥ 32 £
m3% rW
m C = xt\m./
= o SN
U &£ - —
C ¥ L2 3
S — o O o
R
8 s 2 N
S 3 a S T N0
O ]
2% a 2aux
v 0 s v g
m.e3 .T..nlu..
=0 « S o Y
Y5 S S5 &
o Y 4 . Vo
O o o= EO
Zem SO O
-_— 0 .= < X I~

1200

1000

800

600

400

800GB data

x 2GB



Resting state fMRI (every 30 second)




Correlation network
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Correlation network of 300000 time series
Complete graph with many cycles.

Chung et al.


http://pages.stat.wisc.edu/~mchung/papers/chung.2019.NN

Diffusion tensor Imaging (DTI)

Diffusion tensor D

| million tracts



Epsilon-neighbor network construction

Parcellation free brain network construction

Ny

\\\\ \\\\\\\n

g-neighbor \\‘) \\\ ‘“!.' P .
from point set h.s_ ‘\‘\v /% v4
topology '»‘u\\ o‘"““ "'/ ‘ y !%\g’\‘
\ d/ \\ \ ‘ 4’\\\ ,7‘§,!;Igi’r‘\ ;:f
XA 2
4 AT I"! | = |
minflg—pf<e A - ‘\, “—--J: ‘9‘"?“5
P, ,‘oé““==m<-“‘,"-v! [ LT
(P -'

P RUNRAVAR
\i\}\\k’dlg i
\



http://pages.stat.wisc.edu/~mchung/papers/chung.2011.SPIE.pdf

How big is brain network data®?

© ~ BRAIN
. ~ NETWORK
(XA A J ANALYSIS
- TNy, Vs 1.

63

p=25972 voxels (3mm) in the brain

- 25972 x 25972 = 0.67 billion connections
5.2GB memory

300000 voxels (1mm) Moo K. CHUNG

- 90 billion connections 2019 Cambridge University Press
- 700 GB memory



Biological data reduction: Parcellation based network construction
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Gazillions of parcellations.VVhy!?

BRAIN PARCELLATIONS
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Proposal: Deformable network

Functional network of subject k Structural network template
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G raph f| Itration Lee et al. 2012 IEEE Transactions on Medical Imaging

ADCD ADB + DCB -2 vector space



http://pages.stat.wisc.edu/~mchung/papers/chung.2019.NN
http://pages.stat.wisc.edu/~mchung/papers/lee.2012.TMI.pdf

Persistence = Life time (death — birth) of a feature

Edges destroy cycles Edges create components




Theorem | Barcodes partition the edge set

E=rIryUlb,

El Edges destroy cycles EO Edges create components




Topological loss
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Theorem 2 Optimal topological matching

Lop (O, P) =min Z b —
! be Eg

N [b-m®)]

bEEQ
’7' 0 The i-th smallest birth value to the i-th smallest birth value

L1p(0, P) mm Z

=Y [d-m @)
de F1

The i-th smallest death value to the i-th smallest death value




Topological matching via sorting with data augmentation

El Edges destroy cycles E() Edges create components




lTopological mean 6= argménZﬁtop(@,Gk)

Death values of O are given by averaging the sorted death
values of all the networks G, .

|. Sort birth/death values.
2. Match them

3. Average
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Template-based brain network analysis

Functional network Structural network

Gk—(Vw) @k P

o ST G

Allgn |nd|V|duaI functlonal network to structural template

@k = arg mmﬁp(@ Gk) -+ )\Etop(@ P)

| Control
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Optimal amount of topology?
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Topological stability



Topological learning at group level

Functional networks G, = (V.w!),--,G,, = (V,w")

Structural network p

Register every functional network to structural template
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Within module connection probability p
Between module connection probability |-p

Simulation study

generate |0 networks vs. 10 networks

P 0.7

p 0.6



Permutation test for topological loss

Between-class loss

Lpox Y  L(Gi,Gy)

Within-class loss

Lp

,CW X Z Z L G“G ) ------ > Statistic ¢ — ZW

7.7 Eck
Network difference (¢: 2 vs. 3) No network difference (¢: 3 vs. 3)

0.1 | 0.1
by | by ,
@ J Observed ¢ 7 Observed ¢
c . [ -
3 0.05+ [l 3 0.05

1 1:5 2 2.5 3 1 1.2 1.4 1.6

Test statistic Test statistic



Permutation test is easy to apply to
existing graph matching algorithms!
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|00 second per permutation
—> permutation test with 100000 permutations
= 2778 hours =

— Permutation test via
Chung et al. 2019 Connectomics in Neurolmaging



http://pages.stat.wisc.edu/~mchung/papers/chung.2019.CNI.pdf

Transposition test on loss functions

Subject 2 in group | swapping with subject 8 in group 2

Group 1 Group 2 Group 1 Group 2
1 2 3 B 5 6 7 8 9 10 1 8 3 & 5 6 7 2 9 10

Group 1
Group 1

Group 2

Original group labels

Permuted group labels

Compute the incremental change of loss functions over transposition

Lw — Lw + A(tranposition)
Lz — Lp + A(tranposition)



Average p-value in 50 independent simulations
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Heritability index = 2 (corr(MZ) — corr (DZ))
HI above 1.00
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Pearson correlation
over sliding window
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