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What is the problem we want to solve?
We want to go beyond traditional BOLD fMRI analysis to extract more quantitative information about task related perfusion.
We analyse ASL fMRI with a joint detection-estimation framework [2] that permits to estimate task-related perfusion and hemodynamic responses.
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ASL fMRI provides a quantitative measurement of blood perfusion changes
in the brain elicited by stimulus delivery and task performance.
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Ref: http://fmri.research.umich.edu/research/main_topics/asl.php

How do we solve it? Bayesian inference
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How can we compute the posterior distribution?
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Approximation: Variational Expectation-Maximization

Sampling: Markov Chain Monte Carlo

VEM approximates the posterior distribution
by a variational
distribution
that is as close as possible to the posterior. It
minimizes the Kullback-Leibler divergence

Gibbs sampling generates a realization of each conditional
distribution at a time (of each variable in ), given the current
values of the other variables. eg:

The approximation is done by restricting the solutions to the ones
that satisfy

Posterior mean estimates are computed after a burn-in period.
The sequence of samples constitutes a Markov chain, and the
stationary distribution of that Markov chain is the posterior
distribution.

The E-step approximates the distribution and the M-step optimizes
the hyperparameters with respect to this distribution. They can be
decomposed in stages corresponding to the diﬀerent parameters.

We converge to the true distribution

Lower computational time and easy constraint handling

Results: MCMC and VEM provide comparable solutions
Artiﬁcial data

Real data
Paradigm: fast event-related design (mean ISI = 5.1s), with
60 auditory and visual stimuli, TR = 3s.

Repetition time: TR = 3s
Number of scans: 288
Fast event-related paradigm: mean ISI = 5s
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for 1 ROI PRF and HRF with MCMC
PRF and HRF with VEM

Computation times
Artiﬁcial data, 400 voxels
MCMC 1500 iterations
~ 270 secs
VEM 15 iterations
~ 22 secs
ratio = 12
Real data, 214 voxels
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Both methods have a similar performance, but VEM recovers
response levels with a lower RMSE, while MCMC recovers
response functions closer to the ground truth.

Response functions are well estimated for the ROI considered.
PRF peaks before HRF, as enforced by the physiological prior used.
We need to ﬁnd a way to better interpret the results on real data.

Discussion
Discussion
MCMC and VEM provide good solutions for the joint estimation of the fASL
signal model parameters.
VEM provides a fast and valid alternative for fASL data analysis.
Real data results interpretation remain unclear.

MCMC 3000 iterations
~ 320 secs
VEM 30 iterations
~ 95 secs
ratio = 3.4
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