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m ASL fMRI data provides a quantitative measure of blood perfusion, that can be correlated to neuronal activation. In contrast to BOLD measure, itis a direct and closer to
neuronal activity measure. However, ASL data has a lower SNR and resolution. We aim at using both signals advantages to improve the estimation of the response functions.
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Model estimation and first results

Physiologically informed Bayesian analysis of ASL fMRI data
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M mMep ym M bM2 wrt noise variance ranging from 0.5 to 30. The PRF estimation The effect of the physiologically-inspired regularization yields a more plausible PRF shape for the 2-steps approach.

Tj = 2im=1 € T W has been improved, wrt the ground truth, for very low SNR situations. Results on PRL maps seem to highlight a better sensitivity of the proposed approach.
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link between the CBF and BOLD components embedded in the ASL signal,
which allows to retrieve more physiologically plausible PRF and HRF shapes.



