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Abstract - Deconvolution methods are used to denoise the blood oxygen level-dependent (BOLD) response, the signal that forms
the basis of functional MRI (fMRI). In this work we propose a novel approach based on a temporal regularized deconvolution of the
BOLD fMRI signal with the least absolute shrinkage and selection operator (LASSO) model, solved using the angle regression
algorithm (LARS). In this way we were able to recover the underlying neurons activations and their dynamics.

B Introduction

Problem
Recover brain activations
and their dynamics without
a-priori hypotheses.

a Model of the BOLD fMRI signal

Our method
Temporal regularized deconvolution of the BOLD signal with
the least absolute shrinkage and selection operator (LASSO)
model, solved using the Least-Angle Regression (LARS) algorithm.

Goal
Denoise the blood oxygen level
dependent (BOLD) functional
MRI (fMRI) response.
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B Regularization a Solution of the inverse problem

We exploited the sparsity of the signal

s(t) such that:

| 1 , 1 All A and their 1 Optimal A* and
S* = argmin § — | \y — AS| \2 =+ )\| \S\ |1 — > associated solutions L-Curve —> its associated
S 2n, ! ) s* at once. ] ) solution s*.

As = H x Z,* s(t); A: regularization parameter; n: signal length.

B Simulations and Validation
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applications.

® \We decreased the computation time and avoided a need of
® \We improved brain dynamics recovery for future clinical

® Future works will involve also a spatial regularization.

ution among all those outputted at once.
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