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. MOTION IS MOST FREQUENTLY MULTISENSORY
BACKGROUND

RATIONALE ... INTEGRATING INFORMATION FROM THE DIFFERENT SENSES
—> ENHANCING AND PRECISING PERCEPTION

. MULTISENSORY INTEGRATION IS THE COMBINATION OF TWO OR MORE SENSES TO
FORM A NEW PRODUCT
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WHAT ARE THE CLASSICAL ANALYTICAL APPROACHES FOR MULITSENSORY INTEGRATION ?
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Original work : Meredith and Stein, 1986



Present Model
Bimodal

Either
Multisensory

CLASSICAL
ANALYTICAL
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VIOLTAGE SENSITIVE DYE IMAGING - . EXTRACELLULAR.
| % ELECTROPHYSIOLOGICAL

RECORDINGS

ASSOCIATIVE PAREETAL CORTEX

EXPERIMENTAL
DESIGN

A\

VISUAL STIMULATION

Caron-Guyon et al., 2019
https://dx.doi.org/10.2139/ssrn.3377643
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NEURONAL ACTIVITY IN THE
ASSOCIATIVE PARIETAL CORTEX
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A GLANCE AT THE COMPLEXITY OF IT ALL. ..

2 MAIN FACTORS : STIMULI & NEURON TYPES, WITH THEIR OWN SUB-CATEGORIES




A GLANCE AT THE COMPLEXITY OF IT ALL...

2 MAIN FACTORS : STIMULI & NEURON TYPES, WITH THEIR OWN SUB-CATEGORIES
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romtiers in METHODS ARTICLE %
NEUROINFORMATICS doi: 10,9980 i 2013 40008

The neural decoding toolbox
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Department of Brain and Cognitive Sciences, McGovern Institute, Massachusetts Institute of Technology, Cambridge, MA, USA
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ARE SENSORY MODALITY AND DIRECTION OF THE STIMULUS ENCODED ?




SENSORY MODALITY AND MOTION DIRECTION CODING T
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Caron-Guyon et al., 2019
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SENSORY MODALITY AND MOTION DIRECTION CODING T
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RESULTS
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Caron-Guyon et al., 2019
https://dx.doi.org/10.2139/ssrn.3377643



MULTISENSORY DIRECTION CONGRUENCY CODING ?




35 \J TAKING INTO ACCOUNT THE NEURONS’ DIRECTION SELECTIVITY
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Caron-Guyon et al., 2019
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\J TAKING INTO ACCOUNT THE NEURONS’ DIRECTION SELECTIVITY
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MODALITY AND DIRECTION (CONGRUENCY \/S. PREFERED UNIMODAL DIRECTION
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— THERE ARE DIFFERENCES IN THE SIGNAL THAT ARE SUFFICIENT FOR THE ALGORITHM TO DECODE :
MOTION DIRECTION, SENSORY MODALITY, AND MOTION DIRECTION CONGRUENCY.

— APC IS A MULTISENSORY INTEGRATIVE MOTION-PROCESSING AREA

S HOWEVER : DOES NOT TELL US WHICH NEURON CATEGORY CONTRIBUTES MOST TO THAT DECODING

Caron-Guyon et al., 2019
https://dx.doi.org/10.2139/ssrn.3377643



\WHY DECODING T

UNIVARIATE ANALYSIS CAVEAT

Fig. 1. Different causes of presumed supramodal activation. (A) Stimulating either
sensory modality A, sensory modality B, or both modalities results in the obser-
vation of a common brain activation using fMRIL (B) The observed activity could
be caused by activation of a truly supramodal brain area. (C) Alternative 1: area
X and area Y are functionally distinct, but lie in such close spatial proximity that
conventional univariate fMRI analysis cannot distinguish between areas X and Y.
Both areas co-activate each other, however, the co-activated area does not per-
form any functionally necessary processing. (D) Alternative 2: small, functionally
distinct neural populations, which are spatially intermingled, may also be mistaken
for homogenous supramodal activation.

Klemen & Chambers, 2012

SOLUTION

MULTIVARIATE
PATTERN ANALYSIS
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Caron-Guyon et al., 2019
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UNIVARIATE MULTIVARIATE

STUDY ON-MOTION
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Dormal et al., 2016



USING AIR PUFFS (TACTILE) & 3D movING DOTS (VISUAL)

OURSTUDY ON . COHERENT SPATIALLY, TEMPORALLY AND SEMANTICALLY

' .o INPROGRESS
VISUOTACTILE ... WHAT DO REGIONS ENCODE ? (MODALITY, DIRECTION, BOTH ?)
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