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Summary Structure > Function

The brain bases of language are often examined in the Search-Space Parcels &.a,.. Structure-based Model Overview
- o Connectivity Local architecture
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context of macroanatomical gray matter regions or large | g
white matter pathways selected a priori. Here, we instead | | |
used a data-driven, individualized approach to understand A% . ' = - Predicted

the structural features associated with fMRI-localized core S ey b o __W A — language area
receptive language areas. We used logistic regression | e | ,. SpeechLabeling atlas [11] 1SM ' S
modelling to reveal the collections of features that predict "
nodes of the Receptive Language Network in left and e — \
right temporal cortex in individual brains. The accuracy of 5 Atlas region was included =5 .
these models indicates that the location of language- as a categorical variable. FEE Structure/l]
selective areas in individual brains is associated with a | '
unique structural profile. This adds to existing evidence of
“cortical areas” for higher-level language [1-4]. Key
structural features included curvature, thalamic
connectivity, and connectivity within temporal cortex. LH _—
aSTG stood out for the variety in its connectivity targets, Shown for an individual
suggesting a more integrative, higher-level role relative to

posterior and RH temporal areas. Understanding the

nuanced structural organization of language areas may Language fROI Prediction Accuracy

clarify language disorders, development, and evolution.
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| ROl Wi | Probabilistic tractography was included as
© wiin parce 177 A the number of streamlines seeded from
,(_ > non-TL parcels Mg, L N each search-space-parcel vertex that

reached a given atlas target.
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M RI data Language area

e N = 25, mean age = 23_3, typical |anguage & hearing Structural quel signifigantly outpenforms
each alternative model in X% of subjects:

* Anatomical, diffusion-weighted, and functional volumes
« fMRI Receptive Language Localizer contrast LaSTG  92%  52% 88%

(listening to intact speech > acoustically degraded, E%%Tr% ;3‘7 ;‘;‘j Sif
unintelligible speech) [5] Epms'fGTG ggj fgj gg;

fROI delineation:

« N > 800 Language Localizer probability map [6] = RaSTG R midSTG R ps . o
search-space parcels in which individuals are likely to e Siciure S 0 O 1),
have significant activation [7,8] ] s - . e a e
Individualized fROls: the elbow of the plot of localizer A AN > ; ~
activation values (percentiles) vs. effect size values
within the parcel was used as the fROI cutoff point (in
terms of activation significance %ile)

Structural features: (all intra-hemispheric to parcel)

* curvature, cortical thickness (FreeSurfer)

* Intra-cortical myelin content (T1w/T2w) [9]

 diffusion tensor metrics (FA, AD; FSL DTIFIT) Stru ctu ral Predictors

* macroanatomical atlas region (e.g., planum temporale)

+ connectivity with atlas regions (FSL ProbtrackX) — all Thalamic main effects  Local main effects |Key Findings o

: : : : : « Structure-based models were significantly better than chance
tractography visualizations shown with pial surfaces Lat. pulv.- Curvature

for the vast majority of subjects

are from representative individuals gl Thickness - Indicates that receptive language network nodes have

The model: Logistic Regression with Hierarchical Group- A P niracort. myeln unique structural features relative to adjacent tissue
' . Cortico-thalamic connections may play an important role, even

LASSO Regularization [10] | ) - for arealization of higher-level language areas
* glinternet in R: (i) performs feature selection, (ii) ; « The pulvinar is phylogenetically more recent and expanded

] o _ Language area in h 1213
handles correlated predictors, (iii) includes first-order 1 B — — in humans [12,13] . .
4O 4O 4O (O (O Positive fitted coefficient - Raises interesting questions about the role of pulvinar—

Interaction terms LPEEEE [llNegative fitted coefficient aSTG connections in language development [14,15]

 objective function;mip Logistic Loss + A(Hierarchical LASSO Penalty(6)) i Not included in selected feature set Across all 5 temporal areas, language vertices were more

Leave-one-subject-out nested CV: -ArgLiage area :ike'y to tt’e gyl'ff." (f“""' |< 0) ”;f”hsu'fa' (IC““" > 0)[16] Hex [17]
* Iinner loop: find A that maximizes AUC for left-out e e Py
subject (train set: n - 2 subjects, test set: 1 subject) L pSTG | RaSS R midSTG R pSTG
» outer loop: fit optimal model (from inner loop) and get
predictions for left-out subject (train set: n - 1, test set:
subject not included in inner loop)
Baseline models:
* Group: one-sample mean (mixed-effects, one-subject-
left- out, n = 24) — How well is the location of each
subject’s fROI predicted by the group average fMRI z-
statistic map?
* Prob. Map: n > 800 language localizer probability map
Within-subject tests — prediction accuracy:
 Mann Whitney U-test: structure-based model vs.
random guessing (AUC-ROC = 0.50)
 Delong’s test: structure model vs. baseline models
* Benjamini-Hochberg multiple comparisons correction

-90™"%sile (of nonzero coeffs.) 0 (not selected) 90" %ile (of nonzero coeffs.)
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