Data-driven individual functional parcellations of IFG reveal entangled systems

for language, speech, and working memory
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Background ldentifying Functionally Distinct Clusters (fMRI) & Corresponding Structural Profiles (sMRI)
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Non-word Discrimination Task summary:
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Q: Where is language-specific IFG relative to other functional Five IFG Clusters with Distinct fMRI Respgnse Profiles

areas? Which structural features distinguish it?

Methods |
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Methods overview: Single-Task Language Localizer
o Functional clustering of vertices by response to 6 fMRI tasks fROI & Multi-Task Clusters

o Identify unique structural profile that distinguishes each cluster L R
Structural & functional MRI data:

e N=24, mean age=23.4 y/o, typical language & hearing

o Anatomical, diffusion-weighted, and functional volumes

e fMRI. 6 tasks (passive language listening, nonword / real-word
repe.tition,. _nonword discrimination, spatial sequence memory, /Language-Specificity vs. Language-Selectivity:
auditory digit sequence memory), 2-3 runs each The single-task language fROI overlaps most

k-Means clustering of task-fMRI response values in IFG: with the Language cluster but also overlaps
substantially with the Supramodal (LH) and

e« For each subject, contrast parameter estimate maps z-scored Verbal WM (RH) clusters. Y
within IFG, then individuals’ feature vectors concatenated across
subjects; separate data matrices + clustering for each hemi.

« k-means clustering (scikit-learn, 20 initializations) Structural Features that Distinguish Each Functional Cluster

o Optimal k selection — holistic consideration of SSE, silhouette
score (average & cluster-specific for consistent clusters across k)

Language localizer subject-specific fROI delineation:

e Individualized fROls: elbow of lang. localizer activation values
(percentiles) vs. effect size curve within-parcel was used as fROI ] AV \ /
cutoff (activation significance %ile) 5 FOPS TPOJ2 TPO.f10

e Jaccard index (intersection / union) for overlap (fROI vs. cluster)

Structural features: (all ipsilateral to parcel)
e Curvature (<O = more gyral), cortical thickness (FreeSurfer) | outamen

. . . caudate | putamen
e Intracortical myelination (T1w/T2w) ventralDC

« Diffusion tensor metrics: FA, AD (FSL DTIFIT) putamen amygdala
o Connectivity with atlas regions 71, surface seed (FSL ProbtrackX) pallidum}, . /VentralDC amyg dala\ ' LGN

Individuals’ clusters (k=5) | | Cluster probability maps with average fMRI response across tasks
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e High interindividual variability in location across individuals

e Linguistic functions divided into — Receptive Language, Speech Production,
and Supramodal areas

\.® Most functionally similar between LH & RH: Languageyi4,15y and MD clusters
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Classification model: Multinomial Regression with Elastic Net s; /hippocampus

e gimnet in R: (i) performs feature selection (if a > 0), (ii)) handles accumbens/

correlated predictors ventralDC hippOCaMPUS

e Objective function (negative log-likelihood):

hippocampus

Local architectural features

PuL Intracortical myelin
Pos. Predictor
_— Curvature

_ _ _ F) | . . .
Leave-one-subject-out nested cross-validation: - Cortical TRICKAESS [l Neg. Predictor
_ o _ MGN Fractional Anisotropy Not included
e inner loop: find a (LASSO vs. Ridge) & A (penalty strength) that Axial Diffusivity n model

maximize AUC-ROC for left-out subject

e outer loop: fit optimal model (from inner loop) and get predictions
for left-out subject connectivity to target is...

Accuracy of structural classifier:
o« AUC-ROC for left-out subject predictions (chance = 0.5)

associated with non-cluster associated with cluster
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