Modeling hemodynamic responses to the speech envelope in superior temporal gyrus
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Summary Data IRRR model demonstrates increased predictive performance

The amplitude envelope of speech provides important information about its underlying
phonetic content, and behavioral evidence suggests these amplitude variations are
critical for speech recognition. Measuring neural tracking of the speech envelope is an
Increasingly popular method for investigating the brain bases of speech recognition, with
cortical activity in Heschl’s gyrus (HG) and superior temporal gyrus (STG) showing
correlations with changes in the speech envelope.’ fMRI is one of the most accessible
technologies for obtaining in vivo high spatial resolution neural data over large parts of
the brain. Here, we used fMRI listening data to compare traditional and novel modeling
approaches for speech envelope-related changes in STG. We found that an integrative
reduced rank regression (IRRR) with a finite impulse response (FIR) model demonstrated
better predictive performance than HRF and FIR mass univariate models in most
subjects. These findings suggest that IRRR may provide a more general framework for
capturing speech envelope responses and reveal shared patterns of speech envelope
tracking that are not detectable with traditional univariate approaches.

Participants: 24 control native English
speakers with normal speech, language,
hearing, and reading abilities.

Task Design: Participants listened
passively to audio recordings of natural
speech (e.g., podcasts, interviews, etc.)
In intact and degraded speech
conditions in 18-second blocks”.

fMRI Data Acquisition: Whole-brain
structural and functional data were
acquired using a 3T Siemens Trio
Scanner Block design; TR=750ms, 45
axial slices, f-slice SMS, 3mm3voxels,
484 TRs.
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better to unobserved data. To understand the functional contributions of areas within and beyond cortex on
speech processing, a flexible model of speech envelope encoding is needed. iIRRR’s ability to reveal latent
structures and adapt to the complexity of fMRI| data makes it well-positioned to characterize speech encoding.
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