0395

MP-PCA denoising dramatically improves SNR in
large-sized MRS data: an illustration in diffusionweighted MRS
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Synopsis
MRS is an inherently low signal-to-noise technique resulting in substantial spectral averaging and large voxel volumes. The problem is further
amplified for diffusion-weighted MRS. Here we test the performance of denoising using principal component analysis coupled with MarchenkoPastur’s random matrix theory in the context of DW-MRS. We report 50 – 100% increase in SNR, reduction in Cramer-Rao bounds and a potential
eight-fold reduction in scan time. This technique is expected to also bring significant improvements in the context of fMRS, X-nuclei MRS and
CSI.

Introduction
Magnetic resonance spectroscopy (MRS) is a powerful technique that provides unique information about brain metabolite concentrations in vivo. Combined
with diffusion weighting (DW), information can be extracted about the mean displacement of metabolites, which then serve as very specific probes of their
intra-neuronal or intra-glial environment. However, MRS is an inherently low signal-to-noise (SNR) technique due to the much lower concentration of
metabolites relative to water, resulting in substantial spectral averaging and large voxel volumes. For DW-MRS, the averaging is even heavier to
compensate for diffusion attenuation and acquisition times become prohibitively long to parse multiple b-values, directions or diffusion times. Several
[1-4]
denoising schemes have been proposed
but they are computationally intensive and none have been commonly adopted by the MRS community.
Denoising using principal component analysis coupled with Marchenko-Pastur’s random matrix theory (MP-PCA) has been recently proposed for diffusion
[5]
[6]
MRI and relaxometry and is becoming widely used. Here we propose to test this technique in the context of DW-MRS.

Methods
All experiments were performed on a 9.4T horizontal magnet equipped with 400mT/m gradients using a home-built surface 1H-quadrature transceiver. Five
adult male Wistar rats were scanned under isoflurane anesthesia (~1.5%).
[7]
DW-MRS data were acquired using localized STEAM-based spectroscopic pulse sequence (TE/TM/TR=15/112/4000 ms) in a voxel of 168μl. Diffusion
gradients were applied simultaneously along three orthogonal directions (δ=6 ms, Δ=120 ms). A total of ten b-values with the following number of repetitions
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were acquired: 0.4(128), 1.5(128), 3.4(128), 6.0(128), 7.6(128), 13.4(256), 15.7(384), 20.8(384), 25.2(384) and 33.3(384) ms/μm .
Raw individual spectra were corrected for phase and frequency drift. Resulting complex-valued FID’s were split into real and imaginary parts and organized
into a matrix X where the first dimension contained the time domain sampling and the second dimension a concatenation of all repetitions and b-values.
[5]
Real and imaginary matrices were further concatenated to increase matrix size. Matrix X was denoised using the MP-PCA approach . Residuals were
carefully inspected. Raw and denoised spectra respectively were further averaged (for each b-value) and metabolite concentrations were quantified using
LCModel with an appropriate basis-set. Since the performance of MP-PCA denoising improves with data redundancy (i.e. number of measurements), one
eighth of all available repetitions were retained for each shell, and denoising was repeated on this smaller raw data subset.
We assessed the improvement in SNR of spectra and in Cramer-Rao bounds (CRB) of metabolite concentrations as a result of MP-PCA denoising. In the
context of DW-MRS, the impact of denoising on the estimation of metabolite diffusivity and kurtosis in this small cohort of control rats was also evaluated.

Results
Denoising performed well, yielding good fits to the MP distribution and a Gaussian distribution of residuals (Figure 1).
Figure 2 shows an example of raw and denoised spectrum at the highest b-value (single acquisition and averaged spectra). The increase in SNR is
dramatic, and a clean spectrum with at least eight distinguishable metabolites can be seen on a single denoised repetition. Furthermore, starting from 1/8 of
the data, denoising and averaging yielded comparable spectrum quality to averaging the full dataset.
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Quantitatively, denoising increased the SNR, as estimated by LCModel, by 56±16% for low b-value spectra (b=1.5 ms/μm ) and by 107±48% for high b2
value spectra (b=33.3 ms/μm ). CRB were substantially reduced, especially at high b-values (Figure 3). Of note the number of averages was different for
low and high b-value spectra. In the present work we focused on reporting the main brain metabolites used for DW-MRS modeling. We underline that
additional low concentrated metabolites (i.e. GSH, Asc, Asp) also benefited from improvements in CRB. We noted however a line broadening in the
denoised spectra that requires further investigation.
Metabolite diffusivity and kurtosis estimates were impacted by denoising (Figure 4) both in terms of bias and precision, the latter being improved. Bias
needs to be further explored in simulations.
It is well known that DW-spectra need to be corrected for phase distortions and frequency drifts before averaging. At high b-values the SNR drops
considerably thus these corrections are very difficult to perform leading to errors during quantification and modeling. In the present work we have also
observed a considerable improvement for these corrections when using denoised spectra (Figure 5).

Discussion and Conclusions
Denoising significantly improved spectral SNR and metabolite quantification, particularly for highly diffusion-weighted spectra. Metabolites become
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distinguishable on a single repetition at b=33 ms/μm . This method therefore offers tremendous potential for reducing the number of averages needed in an
experiment. We underline however that the performance of denoising improves with the number of measurements and the optimum between the latter and
final spectral quality will be assessed in the coming months, but an eight-fold reduction in scan time already seems possible. A valuable approach would be
to diversify the DW-MRS acquisition scheme into multiple b-values, directions and diffusion times instead of plain repetitions, thereby keeping a large
number of measurements but extracting richer information from the acquired data. Reducing the voxel size for improved localization also becomes possible.
MP-PCA is expected to have a dramatic impact also on temporal resolution in functional MRS, X-nuclei MRS and on acquisition time and/or spatial
resolution in chemical shift imaging, making these techniques better suited for clinical protocols.
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Figures

Figure 1. A-B: Fit of the Marchenko-Pastur distribution to the lowest eigenvalues from PCA decomposition, in the case of the full dataset (A) and 1/8 subset
(B). The noise variance estimation σ is the same in both cases. C: Residuals after denoising matrix X show no structure and they follow a Gaussian
distribution, verified by the linearity in the logarithm of the distribution (D).
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Figure 2. Spectra at b=33 ms/μm . A: Single average of raw data: metabolites are not discernible from the noise and a large number of averages (NA=384)
is needed to obtain a high quality spectrum (D). B: Single average after denoising on the full dataset (i.e. 10 b-values, 2560 measurements): the spectrum is
quantifiable; averaging (NA=384) improves its quality (E). C: Single average after denoising on a data subset (i.e. 10 b-values, 320 measurements total):
the spectrum is noisier than in B but after averaging (NA=48) (F), it is similar to D with an 8-fold reduction in scan time.

Figure 3. CRB for six selected metabolites before and after denoising. CRB are expressed as % of estimated concentration (as provided by LCModel).

Figure 4. Boxplots of diffusivity (A) and kurtosis (B) estimates for six metabolites, based on raw averaged data (black) and denoised averaged data (blue).
The variability across the 5 rat cohort is reduced, especially for kurtosis, but the mean estimates are also affected. Example attenuation curves in individual
rats and associated fits are shown for NAA, in raw averaged data (C) and denoised averaged data (D). Note the diffusion and kurtosis fit only used b-values
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up to 15 ms/μm , staying within the radius of convergence of the Taylor expansion.

2

Figure 5. Individual spectra at b=33 ms/μm . Autophase and B0 drift corrections are typically performed on raw data after line-broadening (10Hz
apodization) to visualize the peaks (left). After denoising, imperfect B0 drift corrections are apparent for some repetitions (middle, arrows). Correcting for
phase and B0 drifts on denoised data instead significantly improves the consistency of the corrections (right).
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