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A journey from FC, to edges, to space
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A journey from FC, to edges, to spatial similarity
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Finding where the “info” resides

+0.85 Time-

& Vectorize averaged
E 2
] —> 4— 2
£ hid
2
(o]
jrd
-0.85
s
)
f@q
—

NU\V Mﬂ“ﬂ I Hﬂ\ U\Lﬁv‘“‘f\w'\“wiﬂ | ) i‘/\ w‘ WMV/‘\}A”WWWWMV

0 100 200 300 400 500 600 700

Esfahlani et al. (2020). PNAS
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Bottom 5% RSS FC

Top 5% RSS FC

Finding where the “info” resides
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Why space?
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When do we spatially correlate brain maps?
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When do we spatially correlate brain maps?

Validate the shared
spatial patterning of
your results / data
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When do we spatially correlate brain maps?

Situate patterns with respect to others, BN mEEEE maN
to uncover additional info.
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When do we spatially correlate brain maps?

All the time!
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When do we spatially correlate brain maps?
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Instead of one r value
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Demonstrations
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Test-retest
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Test-retest
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Test-retest
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One map to another

Markello et al. (2022). Nat. Methods
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One map to another

B& ‘ @ Neuromaps

Markello et al. (2022). Nat. Methods

Let’s pick out the correlations
within 0.002 of r=0.6
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One map to another
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Test-retest
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Test-retest

Day 1 Day 2
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Test-retest

Day 1 Day 2
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Test-retest
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Test-retest

Day 1 Day 2
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Test-retest
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Test-retest

Day 1 Day 2

@ Spatial similarity map of
autocorrelation averaged (N=352)
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Test-retest
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Within vs. between-subject similarity?

® o
o-@
e-e

Within- and between-
subject similarity “driven”
by data at the same
locations?

S OHBM 2026




Individual specific information
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Individual specific information
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Individual specific information
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Individual specific information

Within-subject similarity Between-subject similarity
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Individual specific information
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Individual specific information
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Average spatial distribution of

/\ subjects

K . . . . s
space subject discriminability
[ ] G
L
Where each row is a subject’s self spatial similarity map § !
(i.e., test-retest similarity) 2
_ s N e
w T Similarity magnitude
o
(2=
»
space
compare to...

Similarity to
others

Discriminability map, where each

space value is the z-score of the
self-similarity, relative to the

distribution of inter-similarities

2 OHBM 2026




Individual specific information

Average spatial distribution of

Average HWHM autocorrelation subject discriminability
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Individual specific information
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Individual specific information
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Individual specific information

Within-subject similarity Between-subject similarity

Future work: to use individual feature
maps in tandem with phenotypic
clustering/dimension reduction to see if
location-specific & relevant areas
appear
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source: wikimedia commons

How do associations look?

Anscombe’s quartet emphasizes that correlation can
be arrived upon in different manners
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Some map | have
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Some map | have
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/_) r=0.4609 r=0.4664

Some map | have

r=0.4549 r=0.4633
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We visualize the “ingredients” that
go into gpatial correlation

Some map | have
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Thanks for your attention!
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O DISCFI mina b | | |ty Q ifying edgewise contributions to identification. Edge-based analyses
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[ R e I ev a n t p re V I O u S Wo rk ual identification than other edges. When performing subject identification, the

Pearson correlation coefficients were computed between the target connectivity
pattern and all connectivity patterns in the database, and the subject identity was

@) S p ati a | i ma g ere g i Strati on chosen to be the one that had the largest correlation coefficient. Computationally,

the Pearson correlation of two vectors is the sum of element-wise products, given
H that the two vectors are z-score normalized (0 mean with unit s.d.). Therefore,
o F nn & S h en et aI . (2 O 1 5 ) . Na ture Ne uro. L . this score can be broken down to quantify the individual amount contributed
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Individual specific information

Average spatial distribution of
subject discriminability
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Individual specific information

Average spatial distribution of
subject discriminability
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