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|_ocalizing functional regions of interest based on responses to dynamic naturalistic stimuli
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Introduction Classifying voxels into functional ROls Mapping classifier predictions onto the brain

Functional regions of interest (ROIs) are typically localized by contrasting responses Two algorithms were used to classify all voxels in the Classifier predictions for each functional ROI can be mapped onto the
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to several classes of controlled stimuli (e.g., faces, houses).” However, the stimulus brain according to functional ROI labels using leave- Features (i.e., movie time points) brain. False positives indicate voxels that were misclassified as True negative (correct rejection)
features driving these localized responses may also be embedded in rich, one-participant-out cross-validation. We can also Lo o~ R 2 belonging to a particular ROl based on their response profile. Bl False positive (false alarm; Type | error)
naturalistic stimuli, albeit in a more complex way. Dynamic movie stimuli have been append voxel coordinate features to incorporate o51[o70f110]0.210.44 8 S 3 [ False negative (miss; Type Il error)
shown to drive neural responses that are consistent across participants and encode anatomical information into the classifier. Due to I G e - : : : . ..

, L . g ) _ y NB classification (with voxel coordinates) in a representative left-out participant
extensive perceptual and semantic information.= highly unbalanced class frequencies, we evaluate - co Overall performance:

classifiers using recall and precision R N Accuracy: 94.54% B =
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naturalistic stimuli, a classification algorithm should be able to assign voxels to " true positives ./ 000 .7 participant Precision: 22.99%
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functional ROIs based on their response profiles to a movie stimulus. "4 = true positives + false negatives 5 o ® 00 8
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fM RI data CO”eCted during naturaIiStiC St|mU|at|On and funCtiOnaI IOcaIizerS were GaUSSian naive Bayes (GNB) rest of brain |REEERE] 24,261 2780 19528 12,190 43,676 rest of brain 25966 3081 7434 11,082 22581
obtained from two extensions of the studyforrest project*» (publicly available from Assumes independence between features “ N B EV ) . . 80
openfmri.org, datalad.org, and studyforrest.org): (movie time points) | g
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3T fMRI, 2.0 s TR, 3.0 mm isotropic voxels (resliced to 2.5 mm) cecall: 64 73%. 64089 S
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3,599 time points (TRs) of audiovisual movie-viewing (Forrest Gump, German ’ ’ FFA FFA 8 Recall: 43.50%
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language) divided into 8 runs Precision: 20.39%, 22.99% - B

123,910 voxels (SD = 2,718) per participant in whole-brain mask for a total of
1,858,654 voxels across participants

Precision: 5.87%
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Six functional ROIs were obtained by contrasting responses to conventional Stochastic gradient descent (SGD) restof brain [EERE caz  sow 170 2ms 4y sow restofbrain QESREA cor  aem s 27 s aee
localizer stimuli presented in a block design®:

Hinge loss and L2 regularization
approximates linear SVM
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Early visual cortex (EV) 4,851 323 + 167 (per participant) 2 (out of 15) Accuracy: 98.08%. 98.15% OFA e °©  » P @ o OFA aa °©  » BRS¢ o o Precision: 14.50%
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Lateral occipital Complex (LOC) 3,809 254 + 124 1 Recall: 46.28% . 46.67 % FFA ’ “ . FFA ’ - 2
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G N B With reSt Of bl"ain UYL 24,160 41,947 3,289 638 1,829 10,883 8,354 7,123 4,201 13,045 27,721 rest Of brain 1,751,740 1,804 2,330 4,117 4,601 4,968 8,188 12,209 100 .
| . | | lateralized ROIs Conclusions
Movie data were motion-corrected, whole-brain masked, normalized to a study- EV t o s 1w 2 0 o w4 EV
specific group template, detrended (39-order polynomial), low-pass filtered A&ngy% 0o M . DY - - eft LOC 80 Localized functional regions of interest can be recovered from neural responses to dynamic naturalistic
(cutoff: 0.1 Hz), and z-scored per voxel (within runs): ORI TR entLoc N . ight LOG stimuli in an automated fashion.
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. Response time series for right FFA (averaged across voxels) 47 75% 58.929 MO " eft OFA 60 8 Classifier performance generalizes to novel participants without relying on anatomical features or
15 - Srecision: right OFA o 54 right OFA : anatomical alignment, but anatomical features improve classifier performance.
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Response fime series for right FFEA (averaged across voxels) right PPA . T . right PPA . Unlike existing parcellation methods,® here we start with well-established functional areas as targets to
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