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ARTICLE INFO ABSTRACT

Keywords: Background: Real-time metabolic conversion of intravenously-injected hyperpolarized [1-'3C]pyruvate to [1-13C]
Hyperpolarized lactate and [*3C]bicarbonate in the brain can be measured using dynamic hyperpolarized carbon-13 (HP-'3C)
Carbon-13

MRI. However, voxel-wise evaluation of metabolism in patients with glioma is challenged by the limited signal-

D,enmsmg . . to-noise ratio (SNR) of downstream 3C metabolites, especially within lesions. The purpose of this study was to
Signal-to-noise ratio s . . s ..
Glioma evaluate the ability of higher-order singular value decomposition (HOSVD) denoising methods to enhance dy-

namic HP [1-'3C]pyruvate MRI data acquired from patients with glioma.

Methods: Dynamic HP-'3C MRI were acquired from 14 patients with glioma. The effects of two HOSVD denoising
techniques, tensor rank truncation-image enhancement (TRI) and global-local HOSVD (GL-HOSVD), on the SNR
and kinetic modeling were analyzed in [1-'3C]lactate data with simulated noise that matched the levels of [13C]
bicarbonate signals. Both methods were then evaluated in patient data based on their ability to improve [1-3C]
pyruvate, [1-13C]lactate and [13C]bicarbonate SNR. The effects of denoising on voxel-wise kinetic modeling of
kp1, and kpg was also evaluated. The number of voxels with reliable kinetic modeling of pyruvate-to-lactate (kpr)
and pyruvate-to-bicarbonate (kpg) conversion rates within regions of interest (ROIs) before and after denoising
was then compared.

Results: Both denoising methods improved metabolite SNR and regional signal coverage. In patient data, the
average increase in peak dynamic metabolite SNR was 2-fold using TRI and 4-5 folds using GL-HOSVD denoising
compared to acquired data. Denoising reduced kp;, modeling errors from a native average of 23% to 16% (TRI)
and 15% (GL-HOSVD); and kpp error from 42% to 34% (TRI) and 37% (GL-HOSVD) (values were averaged
voxelwise over all datasets). In contrast-enhancing lesions, the average number of voxels demonstrating within-
tolerance kpy, modeling error relative to the total voxels increased from 48% in the original data to 84% (TRI) and
90% (GL-HOSVD), while the number of voxels showing within-tolerance kpg modeling error increased from 0%
to 15% (TRI) and 8% (GL-HOSVD).

Conclusion: Post-processing denoising methods significantly improved the SNR of dynamic HP-!3C imaging data,
resulting in a greater number of voxels satisfying minimum SNR criteria and maximum kinetic modeling errors in
tumor lesions. This enhancement can aid in the voxel-wise analysis of HP-!'3C data and thereby improve
monitoring of metabolic changes in patients with glioma following treatment.
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1. Introduction

Dynamic hyperpolarized carbon-13 (HP-'3C) MR metabolic imaging
is able to non-invasively capture real-time metabolism after injecting a
pre-polarized 13C-enriched probe (Ardenkjaer-Larsen et al., 2003). The
most commonly used probe, HP [1-13C]pyruvate, has been extensively
evaluated in several human brain studies (Autry et al., 2020b; Grist
etal., 2019; Lee et al., 2021a; Lee et al., 2020; Li et al., 2021; Miloushev
et al., 2018; Park et al., 2018). The fundamental rationale for its use in
brain tumors is the Warburg effect (Golman et al., 2006; Warburg,
1956), which describes the upregulation of glycolytic metabolism by
way of increased lactate dehydrogenase (LDH) expression, with the
simultaneous downregulation of oxidative phosphorylation (Schroeder
et al., 2009) by way of decreased pyruvate dehydrogenase (PDH) in
cancers. Previous studies characterizing brain tumors have shown
increased conversion from [1-13C] pyruvate to [1-13C] lactate and
decreased conversion from [1—13C]pyruvate to ['3C]bicarbonate in
progressive tumor compared to normal-appearing brain tissue (Autry
et al., 2020a; Autry et al., 2020b; Park et al., 2018). The relatively low
[*3C]bicarbonate signal, particularly in tumors due to metabolic
reprogramming, has limited the ability to study oxidative phosphory-
lation using pyruvate-to-bicarbonate flux modeling (Autry et al.,
2020Db). In normal-appearing white matter (NAWM) voxels, the signal-
to-noise ratio (SNR) of [*3C]bicarbonate data can be as much as 3-fold
lower than that of [1-'3C]lactate (Autry et al., 2020b; Grist et al.,
2019), which may hinder voxel-wise metabolite analysis for other ap-
plications (Grist et al., 2020).

A unique challenge associated with HP-!3C acquisitions lies in the
irreversible and rapid decay of the hyperpolarized signal, which trans-
lates into limited SNR for measured metabolites following the injection
of the tracer. Advances in HP-!3C acquisitions include the optimization
of quality control (QC) steps to reduce the time-to-injection (Autry et al.,
2020Db; Li et al., 2021), using multichannel receiver coils (Autry et al.,
2019; Sanchez-Heredia et al., 2020), and development of fast (Gordon
et al.,, 2021) and variable resolution acquisitions for metabolites with
different SNRs (Gordon et al., 2020). These advances have provided
reliable enhancements for evaluating the human brain.

Post-processing denoising offers another avenue for improving the
SNR of HP-'3C data after data acquisition. A breadth of higher-order
singular value decomposition (HOSVD) techniques (De Lathauwer
et al., 2000; Rajwade et al., 2013) that can produce up to a 10-fold in-
crease in apparent SNR and have been applied to denoise MRI data
(Brender et al., 2019; Lee et al., 2021b; Zhang et al., 2017; Zhang et al.,
2015). HOSVD denoising methods rely on underlying assumptions of
sparsity within the multidimensional data along with the presence of
random, Gaussian-distributed noise. Under these conditions, noise
reduction can be achieved via truncation of the HOSVD core tensor.
Tensor decomposition methods, such as tensor rank truncation-image
enhancement (TRI) (Chen et al., 2020), treat the data as a single
tensor of spatial and temporal dimensions for denoising and have been
applied to HP-13C MR spectroscopic imaging (MRSI). A patch-based
approach, global-local HOSVD (GL-HOSVD), applies a global HOSVD
pre-filtering step before grouping similar data patches together and
applying a local HOSVD denoising on each patch (Zhang et al., 2017). It
has been reported that GL-HOSVD denoising increased the SNR of
HP-'3C MRI data acquired from healthy brain volunteers (Kim et al.,
2021).

The purpose of this study was to evaluate the ability of the denoising
techniques TRI and GL-HOSVD to recover the signals obscured by noise
from dynamic HP-!3C MRI of patients with glioma. Simulated low-SNR
dynamic metabolite images derived from data acquired from patients
were first denoised and compared to the acquired signals. Voxel-wise
SNR improvements and the number of voxels with reliable kinetic
modeling for [1-13C]pyruvate, [1-13C]1actate, and ['3C]bicarbonate
were then evaluated within the anatomic lesions and normal-appearing
brain.

Neurolmage: Clinical 36 (2022) 103155

2. Methods
2.1. Patient population and treatments

A total of 14 patients with adult-type grade 4 diffuse gliomas at
different disease status (9 recurrent, 5 newly diagnosed) were involved
in this study. Most patients had received a combination of different
therapies. The characteristics of the studied patient population are
summarized in Table 1. Each patient was given written informed con-
sent in accordance with the University of California San Francisco IRB
procedures.

2.2. Imaging protocol

All MR studies were performed using a dual-tuned '3C volume
transmit/24-channel receiver and 'H 8-channel receiver head coil
(Rapid Biomedical, Germany) on a 3 T scanner (GE Healthcare, Wau-
kesha, WI). The standard-of-care anatomic imaging (Ellingson et al.,
2015) consisted of 3D pre- and post-contrast T1-weighted inversion
recovery-prepared spoiled gradient echo (IRSPGR) images (repetition
time [TR]/echo time [TE]/inversion time [TI] = 8/3/400 ms, slice
thickness = 1.5 mm, field of view [FOV] = 25.6 x 25.6 cm, matrix =
256 x 256) and T2-weighted fluid attenuated inversion recovery
(FLAIR) images (TR/TE/TI = 6250/138/1702 ms, slice thickness = 1.5
mm, FOV = 25.6 x 25.6 cm, matrix = 256 x 256).

The procedures of obtaining HP [1—13C]pyruvate MRI included

Table 1
Clinical patient summary.

No. Age  Diagnosis Disease Treatment Subsequent
status at Received clinical
imaging status

1 39 Astrocytoma, Recurrent Sx, RT, TMZ, Stable

IDH-mutant, bevacizumab
grade 4
2 55 Glioblastoma, Newly Sx, RT, TMZ Stable
IDH-wildtype diagnosed
3 62 Glioblastoma, Recurrent Sx, RT, TMZ, Progressed
IDH-wildtype DCvax Oliparib,
everolimus,
CCNU,
bevacizumab
4 70 Glioblastoma, Recurrent Sx, RT, TMZ, Stable
IDH-wildtype CCNU, Afatinib
5 63 Glioblastoma, Recurrent Sx, RT, TMZ Stable
IDH-wildtype
6 55 Glioblastoma, Recurrent Sx, RT, TMZ, Progressed
IDH-wildtype CCNU,
Trametinib,
Everolimus
7 51 Glioblastoma, Recurrent Sx, RT, TMZ, Stable
IDH-wildtype DCVax,
Toca5FC,
bevacizumab
8 58 Glioblastoma, Newly RT, TMZ, Stable
IDH-wildtype diagnosed Optune, CCNU,
Afatinib,
Abecliclab
9 44 Glioblastoma, Recurrent Sx, RT, TMZ Stable
IDH-wildtype
10 44 Glioblastoma, Newly Sx, RT, TMZ, Stable
IDH-wildtype diagnosed BGB-290
11 45 Glioblastoma, Recurrent Sx, Nivolumab, Stable
IDH-wildtype Poliovirus
12 63 Glioblastoma, Recurrent Sx, RT, TMZ Stable
IDH-wildtype
13 58 Glioblastoma, Newly None NA
IDH-wildtype diagnosed
14 55 Glioblastoma, Newly None NA
IDH-wildtype diagnosed

Sx = surgery; RT = radiation therapy; TMZ = temozolomide; CCNU = lomustine;
DCVax = dendritic cell vaccine; Toca5fc = 5-flucytosine; BGB-290 = pamiparib.
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sample preparation, hyperpolarization using the clinical SPINIlab system
(General Electric, Niskayuna, NY) and QC prior to injection (Autry et al.,
2020b; Liet al., 2021; Park et al., 2018). The median and range values of
QC and injection parameters were as follows: polarization = 38.3 [21.4,
46.4] %, pyruvate concentration = 232 [194, 259] (mM), pH =7.8 [7.4,
8.2], and temperature = 32.0 [29.7, 34.3] °C, and injected pyruvate
volume = 33 [24, 40] mL (values = median [min, max]). After on-site
pharmacist approval, HP [1-'3C]pyruvate was injected intravenously
at a dosage of 0.43 mL/kg followed by 20 mL saline (Autry et al., 2020b).
Median and range of time-to-injection were = 50 [46, 72] seconds
(median [min, max]). The noise-only data was acquired separately prior
to the injection.

The frequency reference for [1-'3C]pyruvate acquisition was set
using the in vivo center frequency of water from a 'H scan together with a
conversion factor between 'H/!3C gyromagnetic ratios: fyruvate = fwater
x 0.2514918899. The dynamic HP-'3C scan began 5 s after the end of
injection using a frequency-specific multislice echo planar imaging (EPI)
sequence (TR/TE = 62.5 ms/21.7 ms, 1032 ps echo-spacing, +10 kHz
BW; 3 frequencies, [1—13C]pyruvate, [1-3c] lactate, [*3C]bicarbonate
flip angles = 20°, 30°, 30°; FOV = 24.0 x 24.0 cm; 1.5 cm isotropic
spatial resolution, 8 slices; 20 timepoints, 3 s temporal resolution; 60 s
total acquisition time) (Autry et al., 2020b; Gordon et al., 2019; Gordon
et al., 2017).

2.3. ROI segmentation

All the 'H images were aligned to the corresponding T1-weighted
post-contrast images (Li et al., 2011). The masks of T2 hyperintense
lesions were segmented on FLAIR images while contrast-enhancing le-
sions (CEL) were defined from the post-contrast T1 images using 3D
Slicer (https://www.slicer.org). Segmentation of white matter was
performed on the T1-weighted pre-contrast images using in-house tools
(Lietal., 2011; Zhang et al., 2001), and refined by excluding the cortex
segmented by the automated anatomical labeling atlas 3 (Rolls et al.,
2020) using nonlinear registration (FMRIB Software Library, fsl.fmrib.
ox.ac.uk/fsl/fslwiki/FSL). All masks were down-sampled to the spatial
resolution of '3C data. Regions of interest (ROIs) were defined at HP-13C
resolution and included CEL (voxels comprised of > 20 % contrast-
enhancing disease), non-enhancing lesion (NEL; non-enhancing voxels
comprised of > 40 % T2 lesion), and normal appearing white matter
(NAWM; non-T2 lesion voxels comprised of > 40 % white matter).

2.4. Post-processing of dynamic °C data

Raw dynamic '3C EPI data from the 24-channel coil were first cor-
rected for Nyquist ghosting artifacts using an exhaustive search (Wang
et al., 2018). Prewhitening to reduce the effects of coil coupling was
performed by determining the decorrelation matrix from noise data
without HP substrate using Cholesky decomposition (Pruessmann et al.,
2001) and then dividing the HP data by this matrix. Coil combination
was performed using complex weights from pyruvate data (Zhu et al.,
2019). Area-under-the-dynamic-curve (AUC) images were calculated for
each metabolite by taking the temporal sum of dynamic images. Voxel-
wise phase correction was performed separately for each metabolite by
estimating the phase from complex AUC images (Crane et al., 2021).

2.5. Metabolic parameters derived from dynamic 13C data

Noise levels for the dynamic data of each metabolite were estimated
using the standard deviation of background voxels. Noise levels for the
AUC images were estimated by dividing the estimated dynamic noise
levels by the square root of the number of time points acquired. Peak
dynamic SNR was defined as the maximum dynamic intensity divided by
the dynamic noise level. Voxel-wise apparent SNR (aSNR) maps were
calculated by dividing phase corrected AUC images by the AUC noise
level. SNR masks were created to filter out voxels with aSNR < 5, as
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these were deemed unreliable.

Voxel-wise apparent rate constants for pyruvate-to-lactate (kpy) and
pyruvate-to-bicarbonate (kps) were quantified from dynamic HP-'3C
data using an input-less kinetic model (Autry et al., 2020b; Larson et al.,
2018; Mammoli et al., 2020). Modeling fit errors were defined as the 95
% confidence interval of the fit (Mammoli et al., 2020). Modeling error
masks for kpy, and kpg maps were created to filter out voxels with errors
>30 % and 50 % of the estimated value, respectively. Signal coverages,
or quantifiable regions, were calculated as a percentage of total voxels
within each ROI after filtering by SNR mask (%Npyruvate; %Niactate, %
Nbicarbonate) OF modeling error masks (%Ngpr, %Nkpp). Ratios of lactate-
to-pyruvate, bicarbonate-to-pyruvate, and bicarbonate-to-lactate were
calculated from AUC maps after applying SNR masks.

2.6. Data analysis

2.6.1. Denoising parameters

All denoising was performed on the real part of phased dynamic
metabolite data. TRI denoising was applied to each metabolite data
separately (Chen et al., 2020). The input tensor was the entire dynamic
metabolite volume of size 16 x 16 x 8 x 20 (3 spatial dimensions, 1
temporal dimension). The tensor rank was set to 10 x 10 x 8 in the
spatial dimensions and 4 in the temporal dimension. This value was
selected after optimizing for lowest denoised lactate signal mean
squared error (MSE) and then increasing the rank in the in-plane spatial
dimension based on the smoothing artifacts, size of the imaged brain,
and the multi-linear singular values of the input tensor in each dimen-
sion. GL-HOSVD denoising (https://github.com/XinyuanZhang719
/gl-hosvd) was applied on a slice-by-slice basis to each dynamic
metabolite image, as previously described (Kim et al., 2021). The input
tensor was of size 16 x 16 x 20 (2 spatial, 1 temporal dimension), the
patch size was 4 x 4, and the search window size for finding similar
patches was 6 x 6. After optimizing for lowest denoised lactate signal
MSE, the parameter kgjoba1 Was set to 0.4, and kjoca1 Was set to be between
0.6 and 0.8.

2.6.2. Evaluation of denoising methods using simulations

Zero-mean Gaussian noise was simulated and added to acquired
phased dynamic [1- 13C]lactate data to match the SNR level of ['3C]
bicarbonate signals. The resulting signal is referred to as the noise-added
data and was then denoised using TRI and GL-HOSVD (hereafter
referred to as the noise-added + TRI and noise-added + GL-HOSVD data,
respectively). Denoised signals were compared against the acquired
signal, although it should be noted that the acquired signal is not noise-
free. For each patient dataset, noise level, peak dynamic SNR, SNR
masks, kpy, values, and kp;, modeling errors were calculated for noise-
added, noise-added + TRI, and noise-added + GL-HOSVD data. MSE
values were computed against the ground truth for dynamic traces and
kpr, maps restricted to each ROI. Dice scores were calculated comparing
SNR masks and modeling error masks to their acquired data counter-
parts. Two-sample t-tests with a significance level of p-value < 0.05
were performed to compare two denoising methods and determine the
significance of SNR and coverage improvements of denoising across all
datasets.

2.6.3. Evaluation of denoising on patient data

For each patient dataset, the acquired [1—13C]pyruvate, [1-3c]
lactate, and [*3C]bicarbonate signals were denoised using TRI and GL-
HOSVD. The peak dynamic SNR values, SNR masks, and voxel-wise
kpr and kpg maps were calculated using the acquired data, TRI
denoised, and GL-HOSVD denoised data. %Npyruvate; %Nlactates %Nbicar-
bonates Y0Nkpr, and %Nypg were also computed within each ROI for the
acquired and denoised data. Two-sample t-tests with a significance level
of p-value < 0.05 was performed to compare voxel-wise values between
acquired and denoised data, and between two denoising methods within
each ROI (NAWM, NEL, CEL).
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3. Results
3.1. Denoising effects on simulated data SNR

In the acquired data, peak dynamic SNRs were 22.7 + 14.8 [6.7,
59.0] (mean =+ standard deviation [min, max], all 14 datasets) for
lactate and 8.0 + 4.1 [4.1, 18.0] for bicarbonate. Using a Gaussian
distribution with standard deviation set to 1.25, the peak dynamic SNRs
for the noise-added lactate signal were 6.7 &+ 2.3 [4.0, 10.6]. The noise-
added datasets better matched SNR levels of the acquired bicarbonate
data (p-value > 0.05). After denoising, the SNRs were increased to 22.7
+ 14.8 [6.7, 59.1] (noise-added + TRI) and 30.0 &+ 16.1 [8.8, 64.7]
(noise-added + GL-HOSVD). The noise levels, as estimated from the
background voxels of dynamic datasets, decreased significantly after

A

Neurolmage: Clinical 36 (2022) 103155

denoising (p-value < 0.001), with the standard deviation of the back-
ground voxels being 1.5 + 0.7 [1.2, 3.7] before denoising and 0.5 + 0.3
[0.3, 1.6] (TRD) and 0.3 + 0.3 [0.1, 1.3] (GL-HOSVD) following
denoising. Denoising reduced noise levels below that of the acquired
lactate signal, 0.5 + 0.9 [0.1, 3.8]. The two methods performed
comparably in terms of noise reduction (p-value > 0.05). An example of
the acquired lactate signal, noise-added lactate, denoised, and acquired
bicarbonate metabolite data is shown in Fig. 1.

An example of SNR masks before and after denoising compared to
the mask of the acquired signal is shown in Fig. 2A. Fig. 2B — 2D
demonstrate %Nj,ctate, dice scores, and MSE values from all the subjects
within each ROI. After applying denoising, %Nijactate Within the entire
brain was significantly increased compared to the noise-added signals
(TRI: p-value < 0.0001, GL-HOSVD: p-value < 0.0001) and comparable

r
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Fig. 1. Example of denoising lactate signal with additional simulated noise. HP-'>C EPI data were acquired from a patient with a newly-diagnosed glioblastoma
(Patient 14). Gaussian noise was added to the acquired lactate signal to match the SNR of the acquired bicarbonate signal. (A) Acquired, noise-added, noise-added +
TRI, and noise-added + GL-HOSVD [1-}3C]lactate dynamic images from one slice. (B) Voxel-wise aSNR maps (filtered by SNR masks) overlaid on axial T1 post-Gd
images. (C) Histograms of voxel-wise aSNR for the acquired lactate (purple), noise-added lactate (red), and acquired bicarbonate (green) signals. (D) Dynamic traces

averaged over all the voxels within the NAWM for each lactate signal.
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to the acquired signal for both methods (p-value > 0.05). Dice scores of
SNR masks within the brain increased from 0.2 + 0.3 [0.0, 0.9] (noise-
added) to0 0.9 4+ 0.2 [0.3, 1] (noise-added + TRI) and 0.9 + 0.1 [0.6, 1.0]
(noise-added + GL-HOSVD), respectively. MSE values for dynamic
traces within the brain were lowered from 1.9 4+ 1.2 [1.5, 6.4] (noise-
added) to 1.1 £ 2.6 [0.2, 10.3] (noise-added + TRI) and 0.7 4 1.7 [0.1,
7.0] (noise-added + GL-HOSVD), respectively. Compared to TRI, GL-
HOSVD denoising recovered the acquired dynamic lactate signal
values with better accuracy within the brain for each ROI; however, the
performance of the two was comparable over the entire brain
(comparing noise-added + TRI and noise-added + GL-HOSVD dice
scores and MSE values, p-values > 0.05).

3.2. Denoising effects on kinetic modeling in simulated data

An example histogram of kp;, modeling error for data from Patient 14
is shown in Fig. 3A. The noise-added signal produces higher errors when
compared to the acquired signal and subsequent denoising shifts the
distribution of errors back towards that of the acquired distribution.

Across all patients, the coverage %Ngpr, dice scores, and MSE values
of kpy, within each ROI are shown in Fig. 3B-3D. Following denoising, %
Nipr, within the brain increased significantly compared to the noise-
added signals (p-values < 0.005 for TRI, GL-HOSVD) while being com-
parable to the acquired coverages (p-value > 0.05 for TRI, GL-HOSVD).
Dice scores of kp;, modeling error masks within the brain increased
significantly from 0.1 + 0.2 [0, 0.8] (noise-added) to 0.6 + 0.2 [0.2, 0.9]
(noise-added + TRI, p-values < 0.0005) and 0.6 + 0.3 [0.0, 1.0] (noise-
added + GL-HOSVD, p-values < 0.0005). MSE values for kpy, values
compared to acquired data kp;, within the brain were reduced from 1.2
+ 2.3 [0.8, 8.8] x 10 (noise-added) to 0.6 + 0.9 [0.09, 3.4] x 10
(noise-added + TRI, p-value > 0.05) and 0.5 + 0.8 [0.1, 3.3] x 104
(noise-added + GL-HOSVD, p-value > 0.05). Over the entire brain, the
performances of the two were comparable (comparing noise-added +
TRI and noise-added + GL-HOSVD dice scores and MSE values over the
entire brain, p-value > 0.05). Across all patients, there was no significant
difference in the mean kpy, values in NAWM voxels between any of the
signals (acquired, noise-added, noise-added + TRI, and noise-added +
GL-HOSVD; p-values > 0.05 between all pairs).

It should be noted that for datasets with low SNR, acquired data had
both a limited SNR mask and kp;, error mask, making simulated
denoising results difficult to assess. For example, the acquired data for
Patient 6 exhibited a particularly low %Ngpy, of 0.5 % (2 voxels in the
brain) and the dice score is 0.0 for GL-HOSVD. In such a case, com-
parisons between acquired and noise-added + denoised data were un-
reliable as the acquired data is not necessarily the ground truth. This is
particularly true in the limited voxels of small lesion and is
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demonstrated by the large confidence intervals in Fig. 2(d) and 3(d).
3.3. Denoising effects on SNR for patient data

Denoising significantly reduced noise levels in all metabolites (p-
value < 0.05 for acquired vs TRI and GL-HOSVD both). Comparing TRI
denoised and GL-HOSVD denoised noise levels showed GL-HOSVD
provided significantly lower noise compared to TRI (p-value < 0.05)
for pyruvate and bicarbonate data (p-value > 0.05 for lactate signals).
Fig. 4A shows the improvement in the peak dynamic SNR for each of the
acquired metabolite signals following denoising for all datasets (ratio of
peak dynamic SNR values following denoising to that of the acquired
signal). GL-HOSVD provides significantly higher improvement in SNR
for pyruvate and bicarbonate data compared to TRI (p-value < 0.0005;
p-value > 0.05 for lactate data). Table 2 summarizes the improvement in
peak dynamic SNRs within the whole brain for each metabolite (ratios of
denoised SNRs to acquired SNRs). GL-HOSVD provided improvements
up to a factor of 8 for [13C]bicarbonate data, while TRI provided im-
provements up to a factor of 3. Fig. 4B-4D illustrate the %Npyruvate, %
Niactates %0Nbicarbonate Within each ROI for the acquired and denoised
data. Although %Nb;carbonate Was improved significantly within the brain
(TRL, p-value < 0.05; GL-HOSVD, p-value < 0.005), the coverage
remained limited within the CEL for all the patients. The two methods
provide similar coverages for all metabolites across the entire brain (p-
value > 0.05).

3.4. Denoising effects on kinetic modeling for patient data

An example of the kp;, and kpp maps before and after applying GL-
HOSVD denoising to all metabolite signals is shown in Fig. 5A.
Although brain coverage of the kpg map increased following denoising,
the signal in the lesion remained low. This is indicative of a reduction in
pyruvate-to-bicarbonate conversion in the lesion compared to the
contralateral brain in this patient. The %Nkpr, %NkpB, %Nlactate-to-pyruvate
and %Nb;carbonate-to-lactate Within each ROI over all patient datasets are
shown in Fig. 5B-5E. Averaged over all datasets, the voxel-wise average
masked kp;, modeling error decreased from 23 % (acquired) to 16 %
(TRID) and 15 % (GL-HOSVD). Similarly, kpg modeling errors decreased
from 42 % (acquired) to 34 % (TRI) and 37 % (GL-HOSVD). In the CEL,
%Nypr, increased from about 48 % (acquired) of the ROIs to 84 % (TRI)
and 90 % (GL-HOSVD). As with the %Npjcarbonates the %Nkpg and %Ny,
carbonate-to-lactate Were not fully recovered in the CEL, with %Npp
increasing from no coverage (0 %; acquired) to 15 % (TRI) and 8 % (GL-
HOSVD) and %Nb;carbonate-to-lactate increasing from no coverage (ac-
quired) to 17 % (TRI) and 21 % (GL-HOSVD). Both methods significantly
increased coverage over the entire brain (%Nkpr, %Nipp %Npyruvate-to-
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Fig. 2. Denoising effects on lactate signals with simulated noise. (A) Examples of lactate SNR masks (Patient 7). The SNR masks of noise-added (left, red
overlay), noise-added + TRI (middle, light blue overlay), and noise-added + GL-HOSVD (right, dark blue overlay), are compared to the mask of the acquired data
(indicated in each by the dark shaded voxels). Both TRI and GL-HOSVD denoising methods significantly improve the volume of SNR masks. Masks are overlaid on
axial T1 post-Gd images with surgical cavity located at the right parietal lobe. (B)-(D) Denoising effects from all the patient datasets. The signal coverage (%Nj,ctate),
dice scores of SNR masks relative to acquired data mask, and voxel-wise dynamic lactate MSE values for voxels filtered by SNR mask are shown within each ROI for
noise-added, noise-added + TRI, and noise-added + GL-HOSVD data. Values refer to mean and 95 % confidence intervals across all datasets. While both denoising
methods recover many of the acquired voxels, the GL-HOSVD provides an advantage and produces higher dice scores and lower MSE values compared to TRI.



S. Vagiri et al.

A B
— Acquired 100
100 P Noise-added 80
0 | - -l
S g0 M +GL-HOSVD 7
3 -
> 60 2
s B
5 40
o
£ 20
3
=4 ]

5 10+
kp. modeling error

Dice Scores

Neurolmage: Clinical 36 (2022) 103155

e NAWM
0.8 250p NEL
=== CEL
0.6 o
=
0.2 7
=
0 0
1. X x
0,
%, %, % O(‘/y
(o) % ()
S, 3 S,
o} fo) 4 )

Fig. 3. Denoising effects on kinetic modeling of kp;, with simulated noise. (A) Example of kp;, modeling errors within the brain (Patient 14). The shift of the
modeling error distribution for the noise-added signal (red) towards the acquired (black outline) after GL-HOSVD denoising (green). (B)-(D) Denoising effects from all
the patient datasets. The %Nyp, dice scores for error masks compared to the error mask of the acquired signal, and voxel-wise kp;, MSE values were plotted within
each ROI for noise-added, noise-added + TRI, and noise-added + GL-HOSVD data. Values refer to mean and 95 % confidence intervals across all datasets. The %Npr,
improved following denoising and are comparable to the acquired. The kp;, accuracy compared to acquired data is, however, variable between datasets and, in

particular, within smaller CEL and NEL.

>
®

Fig. 4. Denoising effects on SNR and
coverage in patient data. Peak dynamic SNR
after denoising with TRI and GL-HOSVD were
compared to the acquired signal (SNR fold
improvement) (A). Metabolite coverages within
each ROI for %Npyryvate (B), %Niactate (C), and %
Nbicarbonate (D) were calculated using acquired,
TRI denoised, and GL-HOSVD denoised signals.
Values refer to mean and 95% confidence in-
tervals across all datasets. Both TRI and GL-
HOSVD improved the SNRs and ROI coverages
for [1-13C]pyruvate, [1-13C]lactate, and ['3C]
bicarbonate signals. GL-HOSVD provided an
advantage over TRI on the %N for [1-'3C]lactate
and ['3C]bicarbonate signals.
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Table 2

Peak denoised metabolite SNR fold improvement in patient data. Fold
improvement to the peak dynamic SNRs following denoising was calculated for
each metabolite relative to the acquired data. Values are mean + standard de-
viation [min, max] over all 14 datasets.

[1-13C]pyruvate [1-13C]lactate [*3C]bicarbonate

TRI 2.3+ 0.9[1.3,4.0]
GL-HOSVD 3.9+ 0.8 [2.7,5.3]

2.8 +1.1[1.6,5.7]
3.1+1.1[1.9,6.2]

2.4+ 0.8[1.3,3.7]
5.1+221[1.1,7.9]

Acquired TRI GL-HOSVD

--@ - CEL

lactates Y0Nbicarboante-to-lactate P-Values < 0.05, TRI, GL-HOSVD both). The
two methods performed comparably in terms of number of voxels
recovered over the entire brain (p-values > 0.05 for all). Across all pa-
tients, the mean kpy, values in NAWM did not change significantly after
denoising (TRI, p-value > 0.05; GL-HOSVD, p-value > 0.05). Compari-
son of mean modeled values are more challenging in lesions given
limited number of voxels.

The patients recruited for this study were at various clinical stages
and thus analysis between the ROIs was not performed across patients.
Examples of GL-HOSVD denoised data from a patient acquired prior to
receiving any treatment (Patient 14), a patient with recurrent stable
disease (Patient 8), and a patient with recurrent progressive disease



S. Vagziri et al. Neurolmage: Clinical 36 (2022) 103155

D
100
5 80
o
_? 60
8 40
=z
S 20
0
Acquired TRI GL-HOSVD Acquired TRI GL-HOSVD
100 woee NAWM 00
NEL 4
80 ssm s CEL 9. 80
o] -
60 * 60
e}
S 40
ko T o
20 =T =2
0 ° 0

Acquired TRI GL-HOSVD

kg () Acquired TRI GL-HOSVD

Fig. 5. Denoising effects on kinetic modeling coverage (patient data). (A) Examples of kp, and kpg maps filtered by modeling error masks overlaid on axial T1
post-Gd images before and after applying GL-HOSVD denoising (Patient 8). (B)-(E) %Ngpr, %Nkpp, %Niactate-to-pyruvate aNd %Nbicarbonate-to-lactate Within each ROI
calculated using acquired, TRI denoised, and GL-HOSVD denoised signals from all the patient datasets. Values refer to mean and 95% confidence intervals across all

datasets. The kp;, coverages were improved after denoising.

(Patient 2) are illustrated in Figs. 6-8. All three patients had significant 4. Discussion
reductions in kpg and bicarbonate-to-lactate within the NEL compared to
the NAWM. Increased kp;, values were observed in the CEL of the
recurrent patient with the progressive disease, while the %Npjicarbonate
and %Nypp values are limited in the CEL. In contrast, the bicarbonate
signals are quantifiable within the CEL in the recurrent patient with

stable disease.

This study evaluated the ability of TRI and GL-HOSVD to improve the
quantification of HP-!3C signals acquired from patients with glioma.
Denoising ability was assessed using SNRs (peak dynamic SNRs and
voxel-wise aSNRs) and kinetic modeling errors on patient datasets with
and without additional simulated noises. While both methods improved
metabolite SNR and coverages, GL-HOSVD provided an advantage over
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Fig. 6. Example of denoised data from a patient with newly diagnosed glioblastoma. A representative slice of 'H images and HP-'>C EPI images (overlaid on
the axial T1 post-Gd image and linearly interpolated in-plane to 'H resolution) acquired from a patient with a newly diagnosed glioblastoma (Patient 8) are shown.
Data was acquired prior to the patient receiving any treatment. The kpy, kpg, and bicarbonate-to-lactate values within each ROI (NAWM, NEL, CEL) are shown in the
boxplots following 2x in-plane interpolation of GL-HOSVD denoised metabolites signals. The kp;, values within the NEL were significantly higher compared to NAWM
(p-value < 0.0005), while bicarbonate-to-lactate values were reduced significantly (p-value < 0.0005). kpg coverage is low within the NEL.
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Fig. 7. Example of denoised data from a patient with recurrent, progressive disease. A representative slice of 'H images and HP '3C EPI (overlaid on the axial
T1 post-Gd image and linearly interpolated in-plane to 'H resolution) acquired from a patient with a recurrent glioblastoma are shown (Patient 2). Patient was
scanned at the time of disease progression. The kp(, kpg, and bicarbonate-to-lactate values within each ROI (NAWM, NEL, CEL) are shown in the boxplots following 2x
in-plane interpolation of GL-HOSVD denoised metabolites signals. The kpy, values within the CEL were significantly higher compared to NAWM (p = 0.019), while kpg
was significantly reduced. kpg (p = 0.026) and bicarbonate-to-lactate (p = 0.0003) within the NEL were also reduced compared to NAWM.
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Fig. 8. Example of denoised data from a recurrent patient with stable disease. A representative slice of 'H images and HP 13C EPI images (overlaid on the axial
T1 post-Gd image and linearly interpolated in-plane to 'H resolution) acquired from a patient with a recurrent glioblastoma are shown (Patient 8). The kpr, kpp_and
bicarbonate-to-lactate values within each ROI (NAWM, NEL, CEL) are shown in the boxplots following 2x in-plane interpolation of GL-HOSVD denoised metabolites
signals. No significant difference was found between the kp;, values within the CEL or NEL compared to NAWM in this patient, while kpg within the NEL and
bicarbonate-to-lactate within the CEL were reduced compared to NAWM (p = 0.025).

TRI on voxel-wise peak dynamic SNR, metabolite coverages, and kp;, and
kpp coverages in many cases.

Image denoising often poses a trade-off between SNR improvements
and loss of spatial and temporal delineation. The denoising methods
evaluated in this work rely on the inherent compressibility of images to
remove noise components via HOSVD. TRI denoising uses a pre-selected

rank and imposes a trade-off between SNR improvements and over-
truncation of the HOSVD core matrix. The latter could result in blur-
ring artifacts, requiring more attention for selecting the rank of the
spatial dimensions. Given the high compressibility of HP-'3C MRI in the
dynamic dimension, a small temporal rank was selected to provide more
conservative noise removal that maintained voxel-wise differences,
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which are critical in the analysis of aberrant metabolism. Although a
fixed tensor rank was used, it is important to visually inspect results for
artifacts and structural similarity between the original and denoised
images. Inspection of the singular values of the core tensor can also help
with rank selection. As with TRI, kgiobal and kiocal parameters in GL-
HOSVD, which affect the level of smoothing observed in the final im-
ages, may need to be adjusted after visually assessing smoothing arti-
facts. In this work, kgioba and kioca1 were first optimized using the noise-
added lactate datasets to produce the lowest dynamic lactate MSE.
Smoothing artifacts in both the denoised dynamic images and denoised
AUC images were found to be sensitive to higher kjocq Values. Thus, this
parameter was reduced to ameliorate smoothing artifacts and accord-
ingly produced conservative improvements in SNR.

One important prerequisite to using the HOSVD denoising methods is
the presence of Gaussian noise. Thus, such methods may not be directly
applicable to magnitude MR images that contain Rician noise (Gudb-
jartsson and Patz, 1995). As described previously (Kim et al., 2021),
denoising was applied to the real part of phased dynamic images, which
exhibited characteristics of Gaussian noise. Due to the lack of ground
truth and benchmark data in evaluating denoising techniques for dy-
namic HP-'3C MRI patient datasets, we used voxel-wise modeling errors
based on the least-squares confidence intervals to evaluate denoising
performance on the ability to recover estimated kp;, and kpp values.
Given the model’s assumption of Gaussian noise, these denoising
methods are expected to reduce such fitting errors. However, kinetic
modeling performed under assumptions of other noise characteristics
may require more conservative noise removal to avoid introducing any
modeling biases. A number of machine-learning based approaches have
been introduced for denoising 'H MRSI data (Hatami et al., 2018; Lam
et al., 2020; Lei et al.,, 2021). These methods rely on high-quality
datasets and are not currently applicable to HP-'3C studies. In the
future, as more datasets become available, such techniques for signal
enhancement may confer reliable improvements to dynamic Hp-3¢C
data post-processing.

Of particular interest in this study was the signal enhancement
achieved with respect to [13C]bicarbonate in normal appearing brain
tissue and tumor lesions. Because the real part of phase-corrected dy-
namic HP-13C signals exhibit Gaussian noise (Kim et al., 2021), simu-
lation experiments were performed by adding Gaussian noise to the
acquired phased dynamic [1-'3C]lactate signal. The artificially reduced
lactate SNR resulted in signal quality comparable to that of the acquired
bicarbonate data. Because there is no inherently high-SNR bicarbonate
data in patients, the noise-added lactate data served as a proxy to
evaluate the performance of bicarbonate denoising. Using GL-HOSVD,
the peak dynamic SNR of ['*C]bicarbonate signals in patient data
were improved as much as 8-fold. Despite this boost in SNR, the number
of voxels within the CEL with aSNR greater than 5 remained limited.
Similarly, the number of voxels in the CEL with sufficiently low kpg
modeling error was few in each dataset. Given the ability of GL-HOSVD
to recover lactate signal in the CEL when the data were artificially
obscured by noise, these results support that known metabolic reprog-
raming (Warburg effects) results in increased conversion of pyruvate to
lactate rather than to bicarbonate in active tumor.

The increased coverage following GL-HOSVD denoising allowed for
voxel-wise regional analysis of metabolic differences, although this was
not the focus of the study. The 3 patients shown in Figs. 6-8 had a sig-
nificant reduction in the conversion from pyruvate to bicarbonate within
the NEL compared to NAWM. In addition, the patient with progressive
disease (Fig. 7, Patient 2) exhibited significantly higher kp; values
within the CEL compared to NAWM, while this was not seen in the pa-
tient with clinically stable disease (Fig. 8). This is consistent with our
previous findings in progressive patients (Autry et al., 2020a). Addi-
tionally, the bicarbonate signal was not quantifiable in the CEL of the
recurrent patient with progressive disease, which may be indicative of a
reduction in the conversion from pyruvate to bicarbonate in the active
tumor. It is important to note, however, that treatment-induced changes
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may also contribute to observed metabolic differences. Further investi-
gation of region-wide differences in HP-'3C parameters is needed in a
larger set of patients to account for tumor heterogeneity, variations in
treatment, and the different clinical stages at the time of the scan.

5. Conclusion

The ability of TRI and GL-HOSVD denoising methods to improve
signal quality were evaluated on dynamic HP-'>C MRI data acquired
from patients with glioma. Both methods improved the SNRs for ac-
quired metabolite data as well as quantified kp;, and kpg maps, with GL-
HOSVD providing more of an increase in SNR than TRI. Although sim-
ulations show both post-processing HOSVD methods can recover artifi-
cially low-SNR dynamic metabolite images, the bicarbonate signal
within the tumor lesion remains notably low after denoising, indicating
increased pyruvate conversion to lactate through LDH and reduced PDH
catalyzed conversion to COs/bicarbonate.
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