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Functional Arterial Spin Labeling (fASL) [1] MRI can provide a quantitative measurement of cerebral blood flow and its variations elicited by specific tasks.
The statistical analysis of fASL has been done using

e General linear model (GLM) [2] with regressors based on the canonical hemodynamic response function.
e Joint detection-estimation (JDE) [3] framework which allows the extraction of both task-related perfusion and hemodynamic responses not restricted
to canonical shapes. Previous ASL-JDE attempts have been based on Markov Chain Monte Carlo (MCMC) methods, very computationally expensive.
Contribution: a variational expectation-maximization (VEM) algorithm [4] for hemodynamic and perfusion responses estimation.
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Variational Expectation-Maximization

Expectation-Maximization Variational EM
E-step: p\") = argmax F(p,0'") Restrict solutions to the ones that allow We can constraint the search to pointwise estimates
p h and g by replacing the probabilities on h and g
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minimizing the KuIIback-LeibIer.divergence The E-H step, for example, goes: And so: h — arg max F (Pq0;Pc050q; 0)
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Repetition time: TR = 3s Labels_~ HRLs ~_PRLS Paradigm: fast event-related design (mean ISI = 5.1s), with

Number of scans: 288 60 auditory and visual stimuli, TR = 3s.
Fast event-related paradigm: mean ISI = 5s

SNR = 2.4dB ~ SNR =0.5dB
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