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Synopsis

Hyperpolarised [1- 1133C]pyruvate
C]pyruvate forms an eﬀective
eﬀective probe
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of metabolism
metabolism in vivo
vivo and
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C]pyruvate metabolism is
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("AUC") ratios,
ratios, or
or by ﬁtting metabolic
metabolic models by
by least-squares
least-squares methods.
methods. Here, we
we use
use aa modiﬁed
Markov Chain
Chain Monte Carlo
Carlo (MCMC) method
method with adaptive
adaptive sampling
sampling and
and delayed
delayed rejection
rejection to
to ﬁt
ﬁt models
models to
to
hyperpolarised
hyperpolarised datasets
datasets of the healthy rat brain generated by a spectral-spatial EPI imaging sequence . The method is
a b l e tto
o sst a t iisst iicca l l y d i s ccrri m
miin a t e s b e t w e e n s i g n a l a n d n o i s e , a n d re t u r n s q u a n t i t a t i v e l y b o u n d e d m a p s o f ra t e
co
on
nssttaan t ss o
off iin
ntteere
resstt,, ssu
uc h
h aas k Pyruvate→Lactate.

Purpose

Hyperpolarised [1-13C]pyruvate has heralded the birth of a new metabolic imaging modality.[1] However, the datasets that the hyperpolarised
pyruvate imaging techniques generate are high-dimensional and therfore suited to further analysis to estimate metabolic rate constants and
reduce the dimensionality of the experiment. Commonly, analysis is performed by either integrating metabolites temporally, and taking the
ratio of integrals; or by using least-squares methods to ﬁt metabolic models. These methods are not robust,[2],[3] e.g. integral ratios depend on
the domain of integration, and least-squares methods are sensitive to (arbitrarily chosen) initial parameter values. Although several diﬀerent
multi-parametric models have been proposed for hyperpolarised datasets, few authors provide bounded estimates of ﬁtted parameters.
We propose the use of Bayesian methods to analyse hyperpolarised datasets, which are able to quantitatively incorporate prior information
and provide bounded estimates of rate constants. We use such methods to analyse lactate and pyruvate exchange in the healthy rat brain,
imaged by spectral-spatial EPI.

Methods

DNP: [1-13C]pyruvate was polarised with OX63 (15mM) in a prototype hyperpolariser. After dissolution with NaOH, 1mL/80mM pre-polarised [113C]pyruvate was injected over 5 seconds.
Rodent experiment: A spectral-spatial-EPI sequence was used to image pyruvate metabolism to visible bicarbonate and lactate in the
anaesthetised rat brain at 7T. RF Pulse: A 17-sublobe 6.8ms spectral-spatial RF pulse was designed as described previously;[4] passband 400Hz,
stop-band 2550Hz; thickness 6mm EPI Readout: Matrix 32×64, resolution 2×2×6mm3; TR=333ms/metabolite, TE=14ms. The acquisition order
∘
∘
∘
was pyruvate (FA=15 ), bicarbonate (FA=90 ), lactate (FA=90 ).

Data Analysis: The Delayed rejection Adaptive Metropolis (DAM)-MCMC algorithm[5] was
used to ﬁt imaging data voxelwise to a two pool-model incorporating injection and decay:
[6]
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where S X (t) is metabolite X at time t , Ri injection rate, kx pyruvate or metabolite X
decay rate, MPyr maximum pyruvate signal; t a /t e start/ﬁnish time of the injection, and
kPyrX ≡ kPyr→Lac the rate constant of interest.

This model is high-dimensional, but has previously been used in spectroscopic studies
when ﬁt via Levenberg-Marquardt.[7,8] As the parameter landscape is multi-modal, with
several local extrema, least-squares methods are not robust. In a Bayesian context, multimodality dramatically reduces the eﬃciency of traditional MCMC methods,[9] but Delayed
Rejection schemes are well-suited to these high-dimensional multi-modal problems,
maximising convergence rates.[5,9]
Non-informative priors were used: the uniform distribution [0, ∞] for all parameters
except t a and t e which were constrained to lie in the interval of the duration of the
experiment, t a , t e ∈ [0, 180 s] and t e > t a . The ﬁtting process required ~16GiB of RAM
and 20 hours to complete; n ≈ 5 × 104 iterations were required per voxel for
convergence. If the chain did not converge, and/or the posterior distribution returned
was uniform, the returned parameters were set to zero, masking the map according to
temporal dynamics.
Results and Discussion
It was possible to resolve the production of hyperpolarised lactate and pyruvate, but not bicarbonate, in the healthy rat brain (Fig.1). The spatial
proﬁle of the surface coil was noted, and also a central bright voxel in both lactate and pyruvate images believed to co-localise with the middle
cerebral artery (MCA).
DAM-MCMC was able to robustly ﬁt the model to the data. Representative posterior probability distribution functions (PDFs) are shown in Fig. 2,
together with the ﬁt in a single voxel. The algorithm masked the image based on the statistical properties of the signal timecourse. Returned
PDFs were approximately Gaussian, matching the noise distribution of magnitude MR data acquired with SNR>2.[10] The returned ta and te
corresponded to the injection proﬁle of the experiment.
Spatial maps of k Pyr→Lac and R i were eﬀectively deconvolved from initial signal modulation arising from the surface coil (Fig. 3). It was noted
−1
that k Pyr→Lac was approximately homogeneous (0.2 ± 0.05 s , mean±SD) over the volume of the brain, whilst R i , believed to represent
perfusion when interpreted spatially, was brightest in the location of the MCA and varied smoothly across the brain. Smoothness was not
imposed in the model; neighbouring voxels were treated independently. This is believed to be consistent with Ri reporting physiological
perfusion of the rodent brain.

Conclusions
DAM-MCMC has enabled the robust quantiﬁcation of rate constants from hyperpolarised datasets; was able to statistically discriminate
between signal and noise voxels; and is immune to inter-user variability. The method was able to remove surface coil nuisance variation, and
returned physiologically plausible parameters maps. DAM-MCMC therefore is a promising method to robustly quantify high-dimensional
datasets generated by hyperpolarised imaging experiments. Future work will incorporate priors measured in vitro or ex vivo, quantitatively
compare candidate physiological models, and validate the technique in disease.
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Figures

Fig. 1: Single-timepoint images of pyruvate and lactate acquired with the spectral-spatial EPI sequence of the healthy rat brain. A gradient-echo
proton image is shown as a reference. Intensity modulation arising from the surface coil used is apparent.

Fig. 2: A : Data from a representative timecourse from a single voxel (blue), shown with the ﬁt returned from the DRAM MCMC procedure (red).
B
B: The posterior probability distributions show quantitative estimates of uncertainty in each parameter, and the expected values of ta and te
are consistent with the known injection timing.

Fig. 3: Returned parameter maps for two parameters of interest, k Pyr→Lac and R i . The method has
eﬀectively removed the spatial modulation arising from the use of a surface coil. Within this healthy
brain, k Pyr→Lac is approximately homogeneous (0.2 ± 0.05 s −1 ), and R i is brightest in the voxel
corresponding to the MCA. This is consistent with the belief that Ri reﬂects perfusion.

