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Background
# Category-Selective Topographies
> Category-selective topographies are mostly similar across
individuals but are idiosyncratic in terms of their precise
conformation and location (Zhen et al. 2015, 2017).
> Functional localizer scans are often included to map
individualized topographies, using contrasts between
responses to different categories (e.g., faces vs. objects).
# Naturalistic Stimuli
> Efficient. Naturalistic stimuli (e.g., movies) evoke a rich
variety of brain states and engage multiple brain systems
in parallel.
> Ecologically Valid. Better simulate real-world cognition
and better engage participants’ attention (Vanderwal et al.,
2015, 2017, 2019).
> Friendly. More friendly and engaging for special
populations, such as young children.
« Using Naturalistic Stimuli to Predict Individual’s
Topographies
> Individualized topographies can be estimated with high
fidelity using response hyperalignment (RHA) while
participants watch the same movie (Jiahui et al., 2020).
m Movie contents need to be tailored.
= Stimuli need to be shortened or edited to fit the
schedule.
m Different institutes, scanner models, parameters.

Aim
* Predicting individualized

topographies across
diverse situations.

Cross-movie Prediction of Individualized Functional Topography
Jiahui Guo?!, Ma Feilong?, Samuel A. Nastase?, James V. Haxby', M. Ida Gobbini'?

Center for
'Center for Cognitive Neuroscience, Dartmouth College, Hanover, NH, USA, Z”c%”?g;gzggfﬂﬁaggs;:g:\ﬁf C C N Cognitive
2Princeton Neuroscience Institute, Princeton University, Princeton, NJ, USA, grlar;t R'm MH12719'9' (J.\/.H &M.LG) Neuroscience
3Dipartimento di Medicina Specialistica, Diagnostica e Sperimentale, Universita di Bologna, Bologna, Italy at Dartmouth
Datasets CHA Enables Cross-Movie Predictions 10—
Forrest Own Localizer Others’ Localizer 075 f ] /
3 % ithin-Movi _Movi 050 R g
@@ﬁa@gu@ ; Gun]p Within-Movie CHA Cross: Movue CHA (S8 tciB) % o | ,/” | //
% Movies ﬁﬂ"" E! g [ ) '\‘\ /ﬁ = 2 0'00 P e
1 J I | — - o4y 3 o
. - E ; = oo 5 = 1.00
@Egﬂeg g 1 B 3 £ Scenes Objects .
d £ g £ 075 E
. ) ) - ] % 050 | 1 ;
% Locaizers Category-Selective Localizers a 025 i 1 &
° s
0.00 T T T T T T
.. . 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Procedures Based on Connectivity Hyperalignment (CHA) Gross-Movie GHA
® Cronbach'’s Alpha °AA
Aeply © Within-Movie CHA @ Cross-Movie CHA (S to B) © Within-Movie CHA O Cross-Movie CHA (B0 S)
Training i I Test Particip: Training Participants * Test Participant 08 _— Mo Mnm Budapest 08 . - Mo Sraldors
T sy syvioctzn || T | s o | o1 ML nim il o1 LI il il M
« in 8's space — | in Spy's sPACE in S's space — ‘ in Sey’s spaCE 8 § 04 3 04
3 g
S (é 02 02
3 H
= | s,ys connectome || T0Te | % Syy's local Towrosy ( Syy's localizer o o
inSy'sspace | [0 | " S space inS, sspace || ==0> || i Seas space © Within-Movie CHA © Cross-Movie CHA (R to F) © Within-Movie GHA O Cross-Movie CHA (F to R)
08 ™M Forrest 0.8 Raiders
t Iterations t Iterations I Mo M + h
Calculate Transformations Apply Transformations 06 & o 1 | 06 i h + Ll
(Rotations) I (Rotations) §04 R M *+ s L e ¢
Iterations =" il
GLM & Mean lGLM & Mean 02 0.2 +‘
(subjs & runs) (subjs & runs)
0 o
Analysis for One Test Participant "ﬁ‘ - ‘ﬁ' -
Repeated for All Participants ] - o S
predicted topography predicted topography
Best Prediction Performance in Highly Reliable Areas
H H H t~ti . To Budapest
High-Fidelity Prediction with CHA _ e Localizer »
Own Localizer Others’ Localizer g‘ 075 075 é!f , Within-Movie CHA Ci Movie CHA (S to B)
. o o m Tg 050 £os0 K Own Localizer
BE A O I ey . = s
e — S 000 0,00+
0.00 0.25 0.50 0.75 1.00 RH

® CronbachsApha OCHA @A

S
=
% 2

- <

—— - e

ERE SE r

® Cronbach's Alpha O AA @ Within-Movie CHA @ Cross-Movie CHA

—o—
-1 -0.75-05-025 0 025 05 075 1



