Fast Localization of Topological Features in fMRI Voxels with Union-Find

Locating components and Voids with Union-Find - padma Tanikelia and Nicole Lazar

Motivation: Many fMRI studies reduce each brain volume to a connectivity matrix or a vector before comparing different groups using topological
summaries like persistence diagrams. Very few studies interpret which brain regions drive the differences.

Fig 1:Superlevel filtration {BOLD =t} of one axial slice T-construction
t=3000 t=2000 t=1750 t=1400 t=900 t=500 2504 AgeGroup
1 components 4 components 3 components 2 components 1 components 1 components 3yo
ol g 2251 7 O
LA, £77] — sy
S 200 - e
: - 8-12y0
— MMWWWWN—V
. g 175 Adult
©
kS
ngO_ '~' '\. ’A' ‘-¥,-~(“' —A_ ’\.~. = —'/‘- ~—_ <
€
. Z 125 WMMMWW
As the threshold t reduces, components are born which eventually merge into other components 100 4
Union-find on a real slice, t=1750 T T T T T T T T
Fig 2:Lowering the threshold t (thick outline = pixels just added, gray = below t). Arrows point to the parent, x* = root (eldest) 3 components 0 25 50 75 100 125 150 175
T-construction
1 component 240 1
2 components 2 components 2 components MERGE: younger joins elder 520 AgeGroup
§ 3yo
1 2 2 1 1 1 1 1 2 2 1 1 " — 4yo
X % 180 — 7¥o
2 5 2 1 2 1 2 :;‘-’ —— 8-12y0
e 160 1 = Adult
£
1 6 3 7 2 1 2 1 ‘*6 140
DAY %120 == : SRl atit —= - . -
1 2 4 3 1 3 1 S
= 100 —— NN T ———— e T AN ST— e — A . ——— e
1 1 2 3 2 1 2 1 80 -

threshold t=8 threshold t = 6 threshold t = 4 threshold t =3 ¥ ?fo%(]tl of ?Lgehfggighgn%xel 0 75 50 75 100 125 150 175
TR

Goal: Efficiently map every dim O and 2 feature back to the voxels that produce it, as a base for interpretation, using union-find algorithm.

Where the most persistent connected components sit, by age group (max projection, common scale)
Where Hy component centroids are shared within an age group, over the whole scan
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Future Work:
« Connect the topology to function. Do the features track brain function? Subject-level and condition-specific tests
against the ToM and pain networks.
e Cubical representative cycles are not unique, and the reduction picks one of many equivalent choices. Can we define
or visualize what an “average” 1-cycle looks like?

Finding a loop by matrix reduction: pairing (€03, sq) in R =DV gives a 1-cycle whose representative is Veo3
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