Modeling the cerebral activity
with dynamic probabilistic
networks

Vincent Labatut

Josette Pastor
!nserm unité 455



Context

O

cognitive/ sensorimotor functions
implemented by large-scale cerebral
networks

networks Iidentified with activation
studies and neuroimaging data

how the activation derives from the
function performance is still largely
unknown



Goals

o answer how activation derives from
information processing in large-
scale networks

o provide an explicit modeling tool
for the interpretation of
neuroimaging data
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Modeling tool

o based on dynamic Bayesian
networks

o specific information representation

o specific propagation and learning
mechanisms



Modeling tool: information representation

o information = abstraction of the neural
population able to process it

same axonal same activation

bundle level, but
at two different it different
moments activation patterns
D) axon of a () axon of a

firing neuron resting
neuron

o magnitude : global activation level
o type : pattern of activated neurons
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Modeling tool: LSAN
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Modeling tool: LSAN
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A cognitive application: description

o PET study by Fox & Raichle (1985)

o Visual stimulus rate modulates visual
cortex activation: activation grows until
/7,8 Hz, then fades and becomes stable

> why ?
o Model involving the striate cortex
(primary visual cortex) and the thalamus

o Hypotheses implemented in the model :
habituation and refractory period at
the regional level
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A cognitive application: model
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A cognitive application: model
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A cognitive application: results
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A clinical application: description

o fMRI study by Ruff et al. (2001)

o Phonemic categorization process between two
phonetically close syllables /pa/ and /ta/:
differences between normal and dyslexic
subjects activations > why ?

o Model of the right temporal superior gyrus
(early processing of auditory stimuli)
o Hypothesis implemented in the model :
existence of specialized phonemic processors
near no lateral inhibitions in dyslexic subjects
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A clinical application: normal model
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A clinical application: dyslexic model
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Perspectives

o Inclusion of more biological

plausibility
o Make the models independent of
the used data acquisition

technique by using Iinterface
models able to translate cerebral
information processing variables
into neuroimaging results



