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Introduction The calculation of OEF from calibrated MR requires the analysis of ASL and BOLD data, which are typically analysed independently to determine changes in blood flow and BOLD signal (due to hypercapnic and hyperoxic stimuli) [1,2]. Sequential analysis of the data in this way has the potential to cascade errors along the analysis pipeline, producing large instabilities in the results. Here we present a novel analysis method that uses a forward signal model to simultaneously estimate all physiological parameters, avoiding the potential cascade of errors present in previous methods. Additionally, re-posing the problem as a forward model makes it amenable to Bayesian analysis, allowing prior information can be incorporated into the fitting process.  
Methods The analysis framework incorporates a detailed ASL model [3] and a BOLD signal model that separates the calibration parameter M into two separate parameters, K and OEF0 (equation 1).  This modification means that Bayesian priors placed on the calibration parameter (K) do not directly influence expected values of OEF, which would otherwise be the case using the calibration parameter, M.  Eq. 1.   ∆ = ∙ [ ] ∙ ∙ 1 − ∙ − [ ]∙ − ∙ | + [ ] − 1   where the subscript ‘0’ represents the baseline condition, S is the BOLD signal, f is cerebral blood flow, [Hb] is the haemoglobin concentration, φ is the oxygen carrying capacity  of haemoglobin, CaO2 is the arterial oxygen content, and = ∙ ∙  (where CBV is the cerebral blood volume and A is a constant).   By incorporating the BOLD model into the ASL signal model (as a change in R2*) a forward signal model is created to describe the MR data. The unobserved variables in this model are: OEF0, f0, f/f0, K, M0, ΔM0, ΔT1, R2|0*, and transit delay.  Absolute CaO2 is calculated from end-tidal oxygen traces, while dynamic changes in f/f0 are constrained to follow end-tidal carbon dioxide traces. In both instances a voxel-wise impulse response (gamma-variate function) is incorporated into the fitting procedure to account for local variation in the delay and dispersion of the stimuli. By concatenating the acquired TE1 and TE2 data series (normalised by their standard deviations) we produce a signal (y) that can be expressed as the result our forward signal model (g(θ)) and additive noise (e).  Eq. 2.  = +    Estimates of the unobserved variables (θ) are made using a variational Bayes approach [4], where the hyperparameters are optimised to produces a robust solution without significant bias of the physiological parameters. 
Results The proposed method has been applied to dual-echo ASL data from 6 healthy volunteers. The acquired time series were each 18 minutes in duration and contained two periods of hypercapnia and four periods of hyperoxia interleaved with normocapnic/normoxic baseline periods. The resulting estimates of OEF are in the expected range, with a group mean grey matter OEF of 0.36 ± 0.08. Figure 1 shows an individual OEF map masked to show only grey matter voxels. The map appears smooth throughout the slice, although there is a region of high OEF in the anterior of the brain (possibly caused by the susceptibility effects of molecular oxygen in the anterior sinuses).  
Conclusions The presented framework takes advantage of a detailed signal model and Bayesian analysis to produce stable estimates of OEF. Initial results are promising and the method is expected to improve the accuracy and reliability of in-vivo estimates. Figure 1. Grey matter OEF map for a single subject 
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