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Introduction Methods
Naturalistic viewing (NV) paradigms, Subjects: Sex prediction with TOPF [4]:
..e., watching movie in the scanner, « Human Connectome Project (HCP) [5] 7T - Identify response time courses shared across subjects by
provide a promising tool for studying subset (N = 178, age = 29.40+3.32 years, principal component analysis (PCA) for each ROI
individual differences [1]. 108 females/ 70 males)  Individual expression levels of shared responses (i.e., PC
Individual differences in brain activity NV fMRI data: loadings) of all ROIs used as features
evoked during NV are associated /T Siemens scanner ; TR =1s;  Three sets of features: PC1 loadings (268), PC2 loadings
with  individiual differences in » Preprocessed by HCP standard pipelines; (268), PC1+2 loadings (26872)
personal traits and clinical symptoms  Voxel-averaged time series extracted for each Performance evaluation:
[2]. ROI of a whole-brain parcellation [6] * Nested 10-fold cross-validation with 10 repetitions
Sex differences are of great interest Movie clips: * SVM with RBF kernel [3]
to both cognitve and clinical « 12 clips from 4 movie runs, each containing3 ¢ Balanced accuracy (ACC) and area under the curve
neurosciences [3]. different movie clips (length > 3 mins) (AUC)
To what extent brain activity evoked ) mgﬁp\sggg?m;n(?é;in;' ;na(;ndcrl)CS) Ve Data I_egka/ge preventllon fore £ .
during NV reflect sex differences Y_ | * Training/test sgparatlon before feature extraction
remains largely unknown. * All clips truncated to the same length (3 mins, « Control for family structure
180 TRs) Importance of predictive features
Al  Permutation feature importance
o . . fMRI signals Features Prediction
 To Investigate sex differences In |
brain function during NV il:tg 1b' 5 o o3
Characterising individual differences «\-Mu J,,| - PCA - SVM TS ':."';-"
. > WV“/\/ SUbJ N > SUbj > A Q\O w i $ &:
by the data-driven topography-based ! \ANSAAAM . Ay
predictive framework (TOPF) [4] ORI el il » ‘*&?‘ ~
= g " ROI WWW AAA‘“ ’A‘ 5 F\emales
Prediction of sex under multiple NV A | 4 wvaes
conditions using machine learning Sex classification using TOPF Time ROI
Results
Prediction performance Permutation feature importance
- ACC a - Feature importance map b Similarity between movies
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” a, Feature importance maps for the top 4 movie clips. b, Similarity (Pearson r) in feature importance maps between movie
clips. ¢, Most predictive (importance >0.02) parcels shared across all movie clips.
Hotel Inception Home Alone Garden Two Men Social Net
08 - Main findings
o i - L =
3 s L = f - - « Sex was significantly predicted (permutation-based p<0.01) for most
" g = movie clips using all feature sets
- L * Prediction performance varied across movie clips.
St eoene o egente e ok » Predictive models and important features varied across movie clips
*: significant results (permutation-based p<0.05, 500 iterations p p ]

Discussion
* The successful prediction of sex suggests that systematic sex differences different movie stimuli may elicit distinct brain states and emphasise
exist in brain function under NV conditions. different aspects of the same brain-behaviour relationship.

 Prediction performance varied largely across movie clips, with “Hotel” (ACC: < In sum, these results show the potential of NV conditions for phenotype
70.0%) and “Pockets” (ACC: 52.2%) achieving the highest and lowest prediction and for facilitating our understanding of sex differences in brain

scores, respectively. function.
* Brain regions that are most important for sex prediction are mainly located < However, further investigation is needed to understand differences between
in prefrontal, superior parietal, inferior temporal and cerebellum regions. movie stimuli and how they influence the study of individual differences and
 These brain regions are associated with various cognitive processes, e.g., brain-behaviour relationships.

language and semantic processing [7,8].
 The variations in predictive models and important features suggest that
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