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to see its framewise ingredients 
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not limited to time series 
correlations
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Why space?



When do we spatially correlate brain maps?



Huntenburg et al. (2018). TiCS

Validate the shared 
spatial patterning of 
your results / data

When do we spatially correlate brain maps?



When do we spatially correlate brain maps?

Situate patterns with respect to others, 
to uncover additional info.

Hansen & Misic (2025). TiN



When do we spatially correlate brain maps?

All the time!



When do we spatially correlate brain maps?

All the time!

Markello et al. (2022). Nat. Methods

Neuromaps
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Look for information in the 
unwrapped correlation that we 

would not have observed 
before with Pearson’s r

Instead of one r value

We can get 
a map of 
similarity
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One map to another

Markello et al. (2022). Nat. Methods

Neuromaps
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One map to another

Let’s pick out the correlations 
within 0.002 of r=0.6 



Markello et al. (2022). Nat. Methods

Neuromaps

One map to another

r



Markello et al. (2022). Nat. Methods
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r = 0.59838
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Markello et al. (2022). Nat. Methods
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r = 0.59879
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Test-retest

Day 1 Day 2
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Test-retest

Day 1 Day 2

Raut et al. (2020). PNAS



Test-retest

Spatial similarity map of 
autocorrelation for subject A

Day 1 Day 2

Day 1

Day 2



Test-retest

Spatial similarity map of 
autocorrelation for subject B

Day 1 Day 2

Day 1

Day 2



Test-retest

Spatial similarity map of 
autocorrelation averaged (N=352)

Within-subject similarity

Day 1 Day 2



Test-retest

Spatial similarity map of 
autocorrelation averaged (N=352)

Between-subject similarity

Day 1 Day 2



Within vs. between-subject similarity?

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



Individual specific information

Within-subject similarity Between-subject similarity
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20,000 times, for each 
surface vertex 
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Discriminability map, where each 
value is the z-score of the 

self-similarity, relative to the 
distribution of inter-similarities 

Average spatial distribution of 
subject discriminability



Individual specific information

Average spatial distribution of 
subject discriminabilityAverage HWHM autocorrelation



Individual specific information

Average spatial distribution of 
subject discriminabilityAverage HWHM autocorrelation



Individual specific information

space

su
bj

ec
ts

Where each row is a subject’s self spatial similarity map
(i.e., test-retest similarity)

space

S
el

f
si

m
ila

rit
y

space

S
im

ila
rit

y 
to

 
ot

he
rs

compare to…

Discriminability map, where each 
value is the z-score of the 

self-similarity, relative to the 
distribution of inter-similarities 

Average discriminability

Coefficient of variation
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Where each row is a subject’s self spatial similarity map
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Discriminability map, where each 
value is the z-score of the 

self-similarity, relative to the 
distribution of inter-similarities 

Coefficient of variation

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





How do associations look?
Anscombe’s quartet emphasizes that correlation can 

be arrived upon in different manners

source: wikimedia commons
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Some map I have

We visualize the “ingredients” that 
go into                  correlation

r = 0.4609 r = 0.4664

r = 0.4633r = 0.4549



Thanks for your attention!

Section on Functional Imaging Methods 
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Marlene Smith
Marly Rubin
Plyfaa Suwanamalik-Murphy
Sharif Kronemer, Ph.D.
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Closing remarks

● Spatial similarity maps can be used to 
highlight areas which disproportionately 
influence 

○ Between maps comparison
○ Test-retest
○ Discriminability

● Relevant previous work
○ Spatial image registration
○ Finn & Shen et al. (2015). Nature Neuro.
○ Mansour et al. (2020). NeuroImage

● Future directions
○ Because this method uniquely renders a map 

per subject, there is more to explore:
■ Behavioral/phenotype relationship
■ Quantifying individual maps
■ Permutation statistical validations



Individual specific information
Average spatial distribution of 

subject discriminability

0-10% 40-50% 90-100%… …



Individual specific information
Average spatial distribution of 

subject discriminability

0-10% 40-50% 90-100%… …

379
947

1895
2842

vertices


