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ADbstract

The tutorial introduces a data-driven topological data analysis (TDA)
framework, designed to elucidate the state spaces in dynamically changing
functional brain networks. This educational session will guide participants
through fundamental concepts of TDA, moving towards a comprehensive
understanding of how topological distance can be leveraged to cluster
brain networks into distinct states without models. Special attention will be
given to the incorporation of the temporal dimension of brain network
data, utilizing the scalability of Wasserstein distance to provide a more
nuanced analysis of network changes over time. Participants will gain in-
depth experience with this method, learning why it is advantageous over
traditional methods such as k-means clustering for estimating state spaces.
The tutorial will delve into the intriguing investigation of if TDA is sensitive
and flexible enough to determine the heritability of state changes. The
tutorial is based on arXiv:2201.00087 (PLOS Computational Biology).
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Topological state space estimation

Is this make sense?

How many states?



Brain Imaging Data
T1-MRI




Magnetic resonance imaging (MRI)

3T GE Discovery X750
Waisman Brain Imaging Laboratory
University of Wisconsin-Madison

3T GE Discovery MR750

| Center for Imaging Research
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Topological methods will not detect site

and sex effects - ABCD study
7000+ subjects

FDR
(false discovery rate)



How big brain network data is?
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TI-MRI = Sulcal and gyral trees on cortical manifolds
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http://pages.stat.wisc.edu/~mchung/papers/huang.2020.TMI.pdf
arxiv:2307.00385

2-VWVasserstein distance between vertices of sucal graphs

Random variables: X ~J fl Y ~J f2
. Y _ Y||2) 1/2

2-Wasserstein distance: D(){7 Y) — (1nf {




Intersubject variability Intersubject variability
in FreeSurfer output after VWasserstein distance
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arxiv:2307.00385

dMRI = | million white matter fiber tracts per subject
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https://pages.cs.wisc.edu/~mchung/papers/chung.2019.CNI.pdf

Differential structural connectivity between sulci/gyri

______ 70% higher
\\\\\\\ fiber density

Distribution out of 358 subjects



rs-fMRI (every 30 second)

15000




Dynamically changing correlation brain network at voxel level
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Dynamically

changing functional
connectivity
superimposed on top
of white matter fibers



Differential functional connectivity across sulci and gyri

correlation
0.0027



rs-fMRI time series data,
https://github.com/laplcebeltrami/rsfMRI

Live Editor - /JUsers/mkchung/Library/CloudStorage/Dropbox/project-ABCD/github-rsfMRI/SCRIPT.mlx
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https://github.com/laplcebeltrami/rsfMRI
https://www.stat.wisc.edu/~mchung/papers/huang.2020.NM.pdf

Time series avera,ged into 116 brain regions
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Subject level brain connectivity matrix

Correlation
computed over
whole time points
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Why we need to avoid graph theory features!?
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Lee et al. 201 | IEEE Transactions on Medical Imaging 30:1154-1165



https://pages.stat.wisc.edu/~mchung/papers/lee.2011.TMI.pdf

Topological data
analysis (‘TDA)

Completely data driven!
No explicit model!
No distributional assumption!



Information Processing
in Medical Imaging
(IPMI) 5636:386-397.

, First persistent
i homology paper
in brain imaging



http://www.stat.wisc.edu/~mchung/papers/IPMI.2009.pdf

IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 31, NO. 12, DECEMBER 2012 2267
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http://www.stat.wisc.edu/~mchung/papers/lee.2012.TMI.pdf
http://www.stat.wisc.edu/~mchung/papers/lee.2012.TMI.pdf
http://pages.stat.wisc.edu/~mchung/papers/lee.2011.ISBI.pdf

Matlab toolbox

Statistical Inference on Persistent Homology

https://github.com/laplcebeltrami/PH-STAT

Manual:
Chung 2023, PH-STAT arXlv:2304.05912

The self-contained package can do topological
clustering and inference explained in this talk


https://github.com/laplcebeltrami/PH-STAT
https://arxiv.org/pdf/2304.05912.pdf

Live Editor - /JUsers/mkchung/Library/CloudStorage/Dropbox/PH-STAT/SCRIPT.mix
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%Display Ris complex
PH_rips_display(X,S);
%labels = cellstr(num2str((1:p)', '% d'));

%text(X(:,1)+0.01, X(:,2)+0.01, X(:,3)+0.01, labels, 'Color', 'r', 'FontSize',16) ‘'ontSize',16)

% Boundary matrices

B = PH_boundary(S);

betti = PH_boundary_betti(B);
title(['Betti numbers=' num2str(betti)])

Betti numbers=3 4 0

\ Will be built on top of
7000+ custom functions

Goal: scalable computation
L in laptop




Graph Filtrations

Weighted complete graph

X =V,w) w=(wy)

Xe = (Vv we) Graph filtration
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http://pages.stat.wisc.edu/~mchung/papers/chung.2019.NN
http://brainimaging.waisman.wisc.edu/~chung/DTI/literature/lee.2011.MICCAI.pdf

Theorem: Birth & death decomposition

01 02 03 04. 05

...................................
..........

01 02 03 04. 05
Birth


http://pages.stat.wisc.edu/~mchung/papers/song.2021.MICCAI.pdf

Wasserstein distance for graph filtrations
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Theorem: Wasserstein distance on graph filtrations

Lop(O, P) = mTin Z [b — T(b)}Z
bE Eo Birth set
= pb-m®]
bE Eq

T (3k :The i-th smallest birth value to the i-th smallest birth value

Lip(O,P) = mTin Z [d_ T(d)}Q

d€ E1 Death set

=Y [d-7(d)]°

de F4

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



http://pages.stat.wisc.edu/~mchung/papers/song.2021.MICCAI.pdf

Wasserstein distance between networks
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Topological inference on the ratio statistic
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Structural covariance network data
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https://github.com/laplcebeltrami/maltreated
https://arxiv.org/pdf/2304.05908.pdf

Topological clustering

Minimize the within cluster distance

kE 1,7€eC}

Theorem: Topological clustering converges locally.

Algebraic proof:
Chung et al. 2023 Neurolmage

Geometric proof:
Chung et al. 2024 PLOS Computational Biology

The Wasserstein distance is equivalent to the
Euclidean distance in the convex set 7, @ T4



Mathematical equivalence of
topological clustering and topological inference

There exists a monotonically decreasing
function f satisfying

p-value = f (clustering accuracy)
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https://arxiv.org/pdf/2302.06673.pdf

Geometric methods fail topological clustering task
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Topological transient
connectivity patterns -
state space estimation 045
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https://arxiv.org/pdf/2201.00087.pdf
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ACE genetic model for twins

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

Pz =A + C
Twin Additive Common
correlation genetics environment
Py, =A/2 + C

Falconer's formula for heritability index (HI)

Hl= A =2(0y;; = Ppz)



Genetic control over the resting brain

D. C. Glahn®®, A. M. Winkler®®?, P. Kochunov, L. Almasy?, R. Duggirala®, M. A. Carless®, J. C. Curran?, R. L. Olvera®,
A. R. LairdS, S. M. Smith’, C. F. Beckmann®™9, P. T. Fox¢, and J. Blangero®

20lin Neuropsychiatry Research Center, Institute of Living, Hartford Hospital, Hartford, CT 06106; PDepartment of Psychiatry, Yale University School of

Medicine, New Haven, CT 06511; “Research Imaging Institute, University of Texas Health Science Center, San Antonio, TX 78229; dDepartment of Genetics,
‘ Southwest Foundation for Biomedical Research, San Antonio, TX 78245; *Department of Psychiatry, University of Texas Health Science Center, San Antonio, TX

78229; fFunctional Magnetic Resonance Imaging of the Brain (FMRIB) Centre, University of Oxford, Oxford OX3 9DU, United Kingdom; and 9Department of
‘ Clinical Neuroscience, Imperial College, Hammersmith Campus, London W12 ONN, United Kingdom

Edited by Marcus E. Raichle, Washington University, St. Louis, MO, and approved December 10, 2009 (received for review August 31, 2009)
Table 2. Heritability estimates for regions within the default mode

Functional connectivity Gray-matter density

Region* Heritability’ P value* Heritability' P value*

Posterior cingulate/precuneus 0.423 (0.17) 4.4 x 1073 0.623 (0.16) 6.8 x 107>
Medial prefrontal cortex 0.376 (0.15) 3.8 x 1073 0.631 (0.15) 5.3 x 107°
Left temporal-parietal region 0.331 (0.19) 3.1 x 1072 0.387 (0.21) 3.1 x 107
Right temporal-parietal region 0.420 (0.16) 3.5x 1073 0.365 (0.21) 3.4 x 1072
Left cerebellum 0.104 (0.13) 2.0 x 107" 0.493 (0.15) 4.9 x 107*
Right cerebellum 0.304 (0.16) 1.6 x 1072 0.596 (0.14) 1.6 x 10~
Cerebellar tonsil 0.219 (0.19) 1.1 x 107" 0.271 (0.16) 3.2x 1072
Left parahippocampal gyrus 0.273 (0.14) 1.7 x 1072 0.420 (0.18) 7.5x 1073

*Bolded figures are significant at 5% FDR.

"Estimated heritability, h2 (SE).

low heritability index

*P value for the heritability estimate.

PNAS | January 19,2010 | vol. 107 | no.3 | 1225
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Tables 3 Additive genetics/common environment/unique environ-

Cerebral Cortex, December 2017;27: 5626-5634
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lve connectivity

DMN effective connectivity | rmz oz | Va Ve Vg P values
PCC-> mPFC 0.79 0.58 1044 0.32 0.24 0.37
PCC->LPC 0.76 0.63 040 0.33 0.28 <0.001*
PCC->RPC 094 053|056 036 0.08 <0.001*
PCC->PCC 0.78 0.55|0.18 0.49 0.33 0.025*
mPFC->PCC 0.86 0.55|0.76 0.09 0.15 0.068
mPFC->LPC 0.62 049 |0.15 044 042 0.92
mPFC->RPC 0.34 0.72 |10.00 0.54 0.46 0.28
mPFC->mPFC 0.56 0.14 | 0.51 0.00 0.49 0.43
LPC->PCC 0.8 06 |044 042 0.14 <0.001*
LPC->mPFC 0.82 0.61|039 040 0.21 0.33
LPC->RPC 0.75 0.51|0.38 0.30 0.32 0.077
LPC->LPC 0.84 0.71|10.24 0.58 0.18 0.43
RPC->PCC 0.68 0.72 |0.36 044 0.20 <0.001*
RPC->mPFC 0.61 0.63]0.33 0.39 0.28 0.24
RPC->LPC 047 0.39 038 0.15 047 0.83
RPC->RPC 0.75 0.55 (037 0.35 0.28 0.65

Str'u Ctu ral eq uation mod e I S 1dditive genetics lzardance-estimate; Ve, common environment

ite; Vg, unique environment variance estimate.
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