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Abstract

Deuterium (*H) magnetic resonance spectroscopic imaging (DMRS]I) is a newly developed technology for assessing glucose metabolism by
simultaneously measuring deuterium-labeled glucose and its downstream metabolites (1) and has a potential to provide a powerful
neurometabolic imaging tool for quantitative studies of cerebral glucose metabolism involving multiple metabolic pathways in the
human brain. In this work, we developed a dynamic DMRSI method that combines advanced radiofrequency coil and postprocessing
techniques to substantially improve the imaging signal-to-noise ratio for detecting deuterated metabolites and enable robust dynamic
DMRSI of the human brain at 7 T with very high resolution (HR; 0.7 cc nominal voxel and 2.5 min/image) and whole-brain coverage.
Utilizing this capability, we were able to map and differentiate metabolite contents and dynamics throughout the human brain
following oral administration of deuterated glucose. Furthermore, by introducing a sophisticated kinetic model, we demonstrated that
three key cerebral metabolic rates of glucose consumption (CMRgy), lactate production (CMRy,c), and tricarboxylic acid (TCA) cycle
(Vrca), as well as the maximum apparent rate of forward glucose transport (Tmax) can be simultaneously imaged in the human brain
through a single dynamic DMRSI measurement. The results clearly show that the glucose transport, neurotransmitter turnover,
CMRgy., and Vrca are significantly higher in gray matter than in white matter in the human brain; and the mean metabolic rates and
their ratios measured in this study are consistent with the values reported in the literature. The HR dynamic DMRSI methodology
presented herein is of great significance and value for the quantitative assessment of human brain glucose metabolism, aerobic
glycolysis, and metabolic reprogramming under physiopathological conditions.
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Significant Statement

The human brain relies on cerebral glucose metabolism to produce adenosine triphosphate through oxidative and nonoxidative meta-
bolic pathways to support neural activity and brain function. Noninvasive neurometabolic imaging tools are essential for studying glu-
cose metabolism and its changes in the human brain under various pathophysiological conditions. The dynamic H magnetic resonance
spectroscopic imaging (DMRSI) technology described herein offers unprecedented sensitivity and resolution and enables whole-brain
quantitative imaging of three key cerebral metabolic rates in humans, ie. glucose consumption (CMRg), lactate production
(CMR4(), and tricarboxylic acid (TCA) cycle (Vrca), as well as the maximum apparent rate of forward glucose transport (Tmax), in @ single
imaging session; thus, it is highly valuable for assessing aerobic glycolysis and metabolic reprogramming in healthy and diseased brains.

Introduction metabolism (6, 7), whereasin cancer cells, total glucose consumption

Glucose is the brain's primary fuel, producing adenosine triphos- far exceeds oxidative glucose metabolism, which is known as aerobic

phate (ATP) via cytoplasmic glycolysis, mitochondrial tricarboxylic
acid (TCA) cycle, and oxidative phosphorylation (OXPHOS) to support
a variety of cellular activities and brain functions (2-5). In normal
brain cells, the TCA cycle and OXPHOS pathways dominate glucose

glycolysis (AG) or the “Warburg effect” (8-11). Metabolic reprogram-
ming, or elevated AG, occurs not only in cancer cells but is also be-
coming a central mechanism in healthy and diseased brains.
Studies have found that AG plays significant roles in healthy brains
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during brain development, neural activation, adaptation learning,
and aging process (12-17); and a shift of brain glucose metabolism to-
ward AG has been found in Alzheimer’s disease and other neurode-
generative diseases (18-21). However, quantitative assessment of AG
and its contribution to human brain glucose metabolism has been
challenging due to the lack of neuroimaging tools that can quantita-
tively measure and image relevant glucose metabolic rates in major
pathways. *®F-fluorodeoxyglucose positron emission tomography
(®FDG-PET) and "*C magnetic resonance (MR) spectroscopic (MRS)
imaging (MRSI) or hyperpolarized (HP)-*C-MRS/MRSI techniques
are two imaging modalities that can be used to study glucose metab-
olism in the living brain, but they are not suitable for evaluating AG
and metabolic reprogramming (22-29). To determine the extent of
AG in various regions of the human brain, Raichle and colleagues
measured the brain glucose metabolic rate using **FDG-PET and oxy-
gen metabolicrate in the samebrain via three separate *>0-PET scans
using '°O-labeled water, carbon monoxide, and oxygen, thus,
enabling a quantitative study of human brain AG (16, 30-32).
Nevertheless, these methods have not been widely used due to their
technical challenges or limitations.

Recently, a novel technology based on the in vivo deuterium (°H)
MRS (DMRS) or imaging (DMRSI) method combined with an adminis-
tration of deuterated D-glucose-6,6-d2 (D66) has shown promise in
monitoring the dynamics of deuterium-labeled glucose (Glc), the
intermediates glutamate and glutamine (Glx: mixed glutamate/
glutamine) via the TCA cycle and the glycolytic product lactate
(Lac) in the animal and human brains (1, 33-36), and thus, it has
the potential to simultaneously assess three key metabolic path-
ways and associated cerebral metabolic rates of glucose con-
sumption (CMRgg), TCA cycle (Vrca), and Lac production
(CMR14c). However, due to the low intrinsic sensitivity of deuter-
ium imaging, the low concentration of deuterated metabolites,
and the lack of quantification of metabolite contents and meta-
bolic rates, DMRSI technology needs to be further developed to en-
able quantitative metabolic rate imaging of the human brain with
high imaging sensitivity and resolution.

In this work, we designed an optimal proton-deuterium (*H/?H)
dual-frequency radiofrequency (RF) whole-head array coil suit-
able for 7 T ultra-high field (UHF) human brain imaging applica-
tions and applied advanced postprocessing methods to further
enhance the deuterium signal-to-noise ratio (SNR), thereby great-
ly improving the DMRSI sensitivity and achieving dynamic DMRSI
with high spatiotemporal resolution and whole-brain coverage.
We also developed a sophisticated kinetic model and quantifica-
tion methods for calculating and mapping deuterated metabolite
concentrations and three metabolic rates of CMRg, CMR; 5. and
Vrca, as well as the maximum apparent rate of forward glucose
transport (Tmax), from a single dynamic DMRSI measurement.
These technological advances have significantly enhanced the
capabilities of deuterium metabolic imaging, enabling simultan-
eous 3D high-resolution (HR) CMRgc, CMRy4¢, and Vrca mapping
of the human brain. Utilizing this technology, we studied a group
of healthy participants; our preliminary results revealed
tissue-specific metabolic activities in the human brain and the re-
lationships among measured metabolic rates and glucose trans-
portation rate.

Results

Advanced RF coil design with optimal performance
for whole-brain DMRSI in human at7 T

The RF coilis a key hardware component of the MRI system, deter-
mining the imaging detection sensitivity and SNR, as it acts as an

RF power transmitter (Tx) to excite the magnetic resonances of
interest and as an RF receiver (Rx) to detect the MR signal. In
this study, we aimed to design a multichannel 'H/’°H dual-
frequency transceiver (Tx/Rx) human head array coil for whole-
brain proton and deuterium imaging at 7 T with optimal sensitiv-
ity and performance. Since the RF receiver array coil design is a
preferred choice to achieve higher SNR and larger imaging cover-
age (37, 38), and the SNR of the ?H MR signal is proportional to the
H RF coil reception magnetic field (By), we performed electromag-
netic (EM) simulation to guide RF coil design and determine the
appropriate number and size of the ?H head array coils for optimal
DMRSI performance at 7 T.

Simulation results show that at 7 T “H-operating frequency
(45.6 MHz), which is approximately seven times smaller than
the 7 T *H-operating frequency (297 MHz), increasing the °H trans-
ceiver loop coil size can provide greater By coverage and better im-
aging penetration (Fig. S1A). We also simulated the combined *H
RF coil transmission magnetic field (Bj) and By maps of four-,
five-, and eight-channel (4ch, 5ch, and 8ch) *H array coils loaded
with a head-shaped water phantom, as well as an eight-element
quadrature-driving low-pass birdcage *H volume coil for compari-
son (Fig. 1A). The results indicate that the combined Bf and By
field strength distributions from all coil elements showed similar
patterns for the array coil configurations, with less uniformity
than the birdcage coil (Fig. 1B); more importantly, we found that
the By field (xSNR) of the 4ch-?H array coil was significantly stron-
ger than all other three coils and was nearly 50% higher than that
of the 8ch-?H array coil in both peripheral and central regions
(Fig. 1C).

Based on the EM simulation results, we designed and fabricated
a two-layer 'H/?H dual-frequency transceiver head array coil with
passively decoupled 4ch-?H and 4ch-"H array coils. Figure 1D and
E displays the schematic design and completed prototype of this
head array coil for 7 T human brain imaging applications. The ini-
tial coil test using a head-shaped water phantom confirmed that
the experimentally measured B and By maps of the 4ch-?H array
coil were similar, the measured B} map was consistent with the si-
mulated Bf field, and a B} intensity of 0.4 pT/V in the central re-
gion and 0.5-0.6 pT/V at the peripheral regions was determined
(Fig. S1B). We then collected HR-DMRSI of the natural abundance
deuterated water (HDO) and the corresponding T,-weighted (T, w)
H anatomic MRI (Fig. 1F and G) of human brain from a represen-
tative healthy participant. High-quality whole-brain DMRSI of tis-
sue deuterium water with high-spatial (0.7 cc nominal voxel size)
and temporal (2.5 min per 3D DMRSI volume) resolution was ob-
tained at 7 T. The sensitivity and quality of the 3D HR-DMRSI
were evaluated in additional healthy participants, which consist-
ently showed excellent SNR of natural abundance HDO signal in
individual DMRSI voxels at the center (SNR=25.3 +2.8) and per-
ipheral (SNR =26.8 + 3.4) brain regions (Fig. S2).

Advanced postprocessing approach for further
improving the quality of the DMRSI data

Among all detectable deuterated metabolites, the signal of HDO is
several times stronger than other metabolites. To reliably detect
the deuterated Glc, Glx, and Lac metabolite signals and map their
dynamic changes in the human brain, we need to further improve
the SNR for HR dynamic deuterium imaging. Previously, we devel-
oped an advanced postprocessing method in a rat model based on
the Spectral Imaging Exploiting Spatial Spectral Correlations
(SPICE) denoizing scheme, using a machine learning-assisted sub-
space model to represent and reconstruct DMRSI signals with
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Fig. 1. A) The layout of 4ch, S5ch, and 8ch ?H RF transreceiver array coils and a quadrature-driving low-pass birdcage *H volume coil loaded with a
head-shaped water phantom operating at 45.6 MHz; B) EM simulated combined Bf (left) and By (right) maps of these coils shown in three orientations; and
C) 1D profiles of the By fields across the middle of the phantom (see dashed lines in B). D) The schematic design and E) the prototype of a 4ch *H/?H
dual-frequency transceiver array coil for 7 T human brain imaging study. F) HR whole-brain deuterium natural abundance water (HDO) SNR maps with
0.7 cc nominal voxel and 2.5 min acquisition, and G) the corresponding T;w 'H anatomical MRI obtained from a representative healthy subject using the

coil shown in (E).

several times improvement in SNR (39-41). This SPICE-based pro-
cessing method was further optimized for human brain DMRSI
applications (see the details about SPICE method in
Supplementary Material), and its effect on sensitivity enhance-
ment was carefully evaluated in this study.

Figure 2 shows a typical slice of SPICE-processed 3D DMRSI data
in a healthy brain (Fig. 2A); representative original and
SPICE-processed “H spectra and stack plots of SPICE-denoized dy-
namic spectra in gray matter (GM) voxel (Fig. 2B) and white matter
(WM) voxel (Fig. 2C), respectively, after D66 oral administration;
as well as multislice 'H MRI and corresponding SNR maps of
HDO, Glc, Glx, and Lac/lipid metabolite signals 2 h after D66 in-
take (Fig. 2D), where the dynamic 3D DMRSI data was acquired
with 2.5 min temporal resolution. To evaluate the effect of the
SPICE approach and compare the quality and sensitivity of the
H spectra and metabolite SNR maps, the single-frame original,

four-frame-averaged original, and single-frame SPICE-processed
data are presented side by side. As expected, the four-frame-
averaged original spectra were two times less noisy than the origin-
al spectra, and the single-frame SPICE-processed spectra further
reduced spectral noise while capturing the metabolite signals,
so that the HDO, Glc, and Glx and Lac signals (with chemical shifts
of 4.8, 3.8, 2.4, and 1.2 ppm, respectively) were clearly identified,
and spectral differences between the GM and WM voxels were ob-
served. Specifically, we found that the SPICE-denoized single-frame
DMRSI data showed a 2- to 3-fold SNR improvement for all four me-
tabolites over the original single-frame data, and ~1.5-fold SNR im-
provement compared with the four-frame-averaged original data.
The large SNR enhancement significantly improves the quality of
the metabolite maps, especially for low-level metabolites, such as
Lac. Itis worth noting that the detected Lac signal in the cortical re-
gions close to the skull/skin with abundant lipids may contain lipid
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Fig. 2. A) Arepresentative slice of 3D DMRSI data from a healthy brain with SPICE-based postprocessing. The ?H spectra before (original) and after SPICE
processing were obtained from B) a GM voxel and C) a WM voxel acquired 120 min post-D66 administration, as well as the corresponding stack plots of
SPICE-processed dynamic *H spectra with 2.5 min temporal resolution. D) Four axial slices of "H MRI and the corresponding DMRSI SNR maps of brain
HDO, Glc, Glx, and Lac/lipid metabolite signals obtained 2 h after oral D66 glucose administration. The single-frame original data (left column) was
acquired with 0.7 cc nominal voxel size and 2.5 min per 3D DMRSI volume, the original with four-frame average (i.e. 10 min scan, middle column) and
single-frame SPICE-processed (right column) DMRSI data are displayed for comparison.

signals since their chemical shifts are almost the same. We re-
moved the skull in subsequent data analysis to reduce lipid
contamination.

SPICE-based processing approach also largely reduced the tem-
poral fluctuation of metabolite signals across multiple 3D DMRSI
volumes. The coefficient variation (CV) of natural abundance
brain HDO signals in three representative participants was eval-
uated to compare temporal variation in original data (CVoriginal
=49+3.0%, 6.1+4.6%, and 55%3.9%) and SPICE-processed
data (CVgpicg=0.5+0.3%, 1.0+0.5%, and 0.5+0.3%), where
an 8- to 10-fold reduction in CV was observed in the
SPICE-processed data. Figure 3 presents multislice Glx molar con-
centration ([Glx]) maps derived from single-frame original
(Fig. 3A), four-frame-averaged original (Fig. 3B) and single-frame
SPICE-processed (Fig. 3C) data at different time points after oral
D66 intake; the corresponding concentration time courses of
HDO, Glx, Glc, and Lacin representative WM (Fig. 3D) and GM vox-
els (Fig. 3E) are also shown. Again, the quality of the [Glx] map de-
rived from the single-frame SPICE-processed data was better than
that of the four-frame-averaged original data, which in turn was

much better than the single-frame original data. Furthermore,
Fig. 3D and E clearly show that the temporal fluctuation of all me-
tabolites was greatly reduced after SPICE denoizing; although the
four-frame moving average can also reduce the temporal fluctu-
ation of the original date, the reduction was smaller than that of
SPICE denoizing.

Quantitative mapping of metabolite
concentrations and dynamics in the human brain
The metabolite maps and dynamics shown in Fig. 3 were ex-
pressed in millimolar (mM) concentrations. To convert H
metabolite signals to molar concentrations, we developed a quan-
tification method that corrects for magnetization saturation fac-
tors (SFs) and brain tissue water fraction. Details of the method
are described in the Materials and methods section; Fig. S3 shows
an example of quantifying different metabolite concentrations to
generate pre- and postcorrection maps. The corrected metabolite
concentration maps (Fig. S3C) appear more uniform and represent
the true metabolite contents in the human brain.
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Fig. 3. Four axial slices of brain Glx concentration maps derived from A) single-frame original data, B) 10 min (four frames) averaged original data, and C)
single-frame SPICE-processed data at 0, 22.5, 45, 67.5, and 90 min post-D66 administration. The original, 10-min time-moving-averaged original and
SPICE-processed time courses of HDO, Glx, Glc, and Lac concentrations in representative WM and GM voxels (marked in A-C) are shown in (D) and (E),

respectively.

Figure S4A and C present two examples of whole-brain dynam-
ic metabolite concentration maps (in three orientations) of HDO,
Glc, Glx, and Lac at 22.5, 45, 67.5, and 90 min after D66 ingestion
from two representative subjects; Fig. S4B and D show the corre-
sponding time courses of the metabolites in brain regions domi-
nated by WM (WM > 60%) and GM (GM > 55%), respectively. As
expected, the concentration of deuterated metabolites increased
over time after D66 administration, and different metabolites or
tissue types show different dynamics or contrast. In particular,
we found that the [Glx] of the GM increased faster and reached
a higher level than that of the WM. Movies S1 and S2 are examples
of whole-brain Glx concentration maps obtained 120 min after
oral D66 administration (Movie S1), and a representative slice of
dynamic Glx concentration images of the same brain during
post-D66 period (Movie S2), where high quality and clear
GM-WM contrast of [Glx] imaging can be appreciated.

Figure S5 exhibits the dynamics of deuterated metabolites in
GM- and WM-dominated brain voxels obtained in other partici-
pants, where Fig. SSA-D shows the result of two individuals,
each undergoing two measurements on different days. In all sub-
jects, we consistently observed a faster upward trend in [Glx] for
GM than for WM, and the [Glx] gradually approached a stable level
about 90-120 min post-D66. Subsequently, we performed regres-
sion analysis using 90-min post-D66 DMRSI data from multiple

subjects to determine Glx concentrations in different brain tissue
types. One brain MRI slice containing both GM and WM tissues
was selected from each subject (Fig. S6A), and GM fraction (Fgum)
maps were generated from brain structural images and matched
to DMRSI resolution (Fig. S6B). Corresponding [Glx] maps for each
subject were derived from 10-min-averaged original (Fig. S6C) and
2.5-min SPICE-processed (Fig. S6D) DMRSI data, respectively.
Regression analysis between [Glx] and GM fraction indicated
that the slopes and intercepts of brain Glx concentration for
Original_10min (Fig. S6E) and SPICE_2.5min (Fig. S6F) DMRSI
data were consistent across different subjects, revealing a mean
[Glx] of 3.9+0.4 and 4.0+0.2mM in pure GM, and 1.2+0.2 and
1.4+ 0.3 mM in pure WM (n=5), respectively. Thus, the amount
of deuterated Glx produced by D66 metabolism in pure GM is
~3-fold higher than in pure WM, resulting in an excellent [Glx] con-
trast between human brain GM and WM tissues.

We also evaluated the reproducibility of repeated dynamic
DMRSI, where the experimental procedure, setup, and acquisition
parameters remained identical for both measurements on the
same brain. High similarities were observed in the concentration
dynamics of each metabolite in the same tissue type (Fig. SSA-
D), and in [Glx] images of the same brain slice from two independ-
ent measurements (Fig. S7A and C) of two individuals. Figure S7B
and D present the correlation analysis results of voxel-based
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dynamic [Glx] data acquired 0-90 min (first participant) and 0-
68 min (second participant) after D66 ingestion, which revealed
the following relationship: y=0.74x+0.03 (R>=0.91, P <0.005)
and y=0.95x—0.20 (R®=0.88, P <0.005) for the repeated scans
in these two participants. Overall, the metabolic activity meas-
ured in the same brain was highly reproducible, although the
first participant was found to have lower [Glx] in the second
scan, possibly due to insufficient waiting time between the two
scans, so the deuterium water label introduced in the first scan
had not yet been completely cleared from the body before the se-
cond scan, resulting in an underestimation of [Glx] levels in the
second scan.

Simultaneous whole-brain metabolic rate
imaging of CMRg., CMR; 5, and Vrca in humans

With the ability to map the deuterated metabolite concentrations
and dynamics, we introduced a sophisticated kinetic model to
quantify the three cerebral glucose metabolic rates of CMRg,
CMR|4¢, and Vrca in the human brain based on the Glc, Glx, and
Lac concentration time courses, and the blood glucose input func-
tions obtained from the arterialized venous blood sampling. The
workflow for whole-brain metabolic rate imaging is shown in
Fig. 4A, and the kinetic model is illustrated in Fig. 4B. Details of
the kinetic model and relevant model parameters are described
in the Materials and methods section, while examples of blood in-
put functions of total and ?H-labeled glucose, as well as model fit-
tings of multiple metabolite time courses in a representative brain
DMRSI voxel, are illustrated in Fig. 4A.

Using the kinetic model, we obtained whole-brain metabolic
rate maps of CMRgye, Vrca, and CMR 4. from healthy volunteers.
Figure 5A shows multislice *H MRI of brain structure, GM fraction
map, and the corresponding images of CMRgi¢, Vrca, and CMRy 4,
as well as Tpay, derived from the kinetic model in a representative
participant. Similar metabolic rate maps of the other four partic-
ipants are presented in Fig. S8. The tissue contrast found in the
CMRg)c and Vrca maps appeared to be similar to the GM fraction
maps, with higher CMRgjc and Vrca in the GM consistently ob-
served across all participants. As shown in Fig. 5B, we performed
linear regression analyses of CMRgie, CMRyac, and Vrca versus
Foum for each brain using the data from all DMRSI voxels within
the brain slices. The intercepts of the Fgy at 0 and 1 (i.e. 100%) re-
present the estimated metabolic rates of pure WM and pure GM,
respectively. We found that CMRgc was ~2.5 times higher and
Vrca Was about 1.7 times higher in pure GM than in pure WM, indi-
cating higher metabolic activity and energy budget in GM (42).
Interestingly, a similar contrast was found in Ty, indicating a
higher glucose transport influx in GM than WM (Fig. 5).

Table 1 summarizes the values of CMR¢ie, CMRac, Vrca, and
Tmax In pure GM, pure WM, and whole-brain-average for all five
participants. The resulting mean values of CMRgc in GM, WM,
and whole brain are consistent with literature reports of the hu-
man brain PET and 'H MRS measurements (25, 43-45).
Furthermore, we analyzed the correlation of individual partici-
pants’ CMRgie, Vrca, CMR 4, and Trax values of pure GM; the re-
sults are summarized in Fig. 6, showing a strong linear
correlation between the metabolic rates of CMRg . and Vrca
(Fig. 6A), CMRg). and CMRy,. (Fig. 6B); and the relationship be-
tween the glucose transportation rate Tpax and CMRgy. (Fig. 6C),
as well as between Trax and Vrea (Fig. 6D). We found that the ratio
of Vrca to CMRgic was 1.7, and the percentage of glucose used in
AG (L.e. CMR4/[2xCMRg|]) in the resting healthy brain was
~16%. In addition, the ratios of Tyax/CMRgc Were 4.6 in pure

WM, 3.8in pure GM, and 4.1 in whole brain (Table 1), respectively;
the determined Trmax values agreed well with a single-voxel local-
ized 'H MRS human brain study (43).

Discussion

Interest in ?H MRS-based metabolic imaging technology and ap-
plications has grown rapidly in recent years because this novel im-
aging method can be used to noninvasively map cellular
metabolism after introducing deuterium-labeled substrates, and
it is technically simple and robust compared with other
MR-based metabolic imaging techniques (46-50). In addition to
monitoring glucose uptake like FDG-PET, DMRSI can also detect
deuterated downstream metabolites; in particular, deuterated
Lacis associated with the AG pathway and deuterated Glx is asso-
ciated with oxidative TCA cycle activity (1, 46, 47, 50). Currently,
the promise of deuterium metabolic imaging is mainly demon-
strated in oncology for the detection of the “Warburg Effect” in tu-
mors with excellent imaging contrast, where only steady-state or
low-resolution dynamic imaging is used (33, 40, 46, 51-58). The
major technical challenges are the inherent low deuterium sensi-
tivity and low concentrations of deuterated metabolites, resulting
in poor SNR and imaging resolution, limiting the potential of ?H
MRS-based metabolic imaging for broad biomedical applications
and translation.

Dynamic DMRSI has the potential to simultaneously map the
three metabolic rates of CMR¢ie, Vrca, and CMR; 4. in the human
brain, which is of great significance for studying AG and/or meta-
bolic reprogramming under various brain conditions and cannot
be achieved by other imaging techniques alone. However, dynam-
ic DMRSI requires even higher sensitivity than steady-state deu-
terilum imaging, as signal averaging is only allowed over a
limited time to achieve sufficient SNR and spatiotemporal reso-
lution to capture the dynamic changes of deuterated metabolites.
Therefore, to realize the full potential of this novel neurometa-
bolic imaging technology, it is essential to improve the sensitivity
and capabilities of the DMRSI technique.

Our first goal is to develop an optimized RF head array coil for
whole-brain deuterium imaging in humans at 7 T. Through EM
simulations, we found that at low RF coil operating frequency,
the 4ch-?H head array coil with larger size coil elements covering
the entire human head can provide significantly better perform-
ance in both central and peripheral brain regions than commonly
used *H birdcage volume and 8ch *H head array coils (34, 59) be-
cause the coverage and penetration of low-frequency B, field
largely depend on RF coil size (Fig. S1A). Our prototype 4ch-?H
head array coil had four large loop elements and provided excel-
lent decoupling through well-designed geometric overlap and
modified resonant inductive decoupling (RID) circuits (60, 61).
The experimentally measured B} field of this coil agreed well
with the simulation results (Fig. S1B) with 0.4 and 0.5-0.6 pT/V
in the central and peripheral regions, respectively, which is two
to three times stronger than that of 8ch->H head array coils reported
in 7 and 9.4 T studies (34, 59). Using this coil, we acquired human
whole-brain DMRSI data with 0.7 cc nominal voxel and 2.5 min per
volume resolution, and achieved SNR > 25 in most brain regions
for the natural abundance water (HDO) signals without applying
SPICE denoizing (Figs. 1F and S2). Compared with a similar 9.4 T
human brain study using an 8ch-?H head array coil (34), we
achieved 2-4.6 times higher SNR and ~4-fold better spatial and
temporal resolution in original DMRSI data collected at 7 T.
Therefore, the 4ch-’H head array coil offers a simpler, more cost-
effective RF coil solution with superior performance, which is


http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf072#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf072#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf072#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf072#supplementary-data

Lietal. | 7

A Blood input function
s
E 8 |  —- Labeled plasma Glc*
g 6 — Fitted plasma Glc*
8 .
g —o— Total plasma Glc
. 2 — Fitted plasma Glc
Drink D66-Glucose o
0 50 100 0 50 100
o Time (min) Time (min)
~a,  HO p=24
@OH Deuterated metabolite dynamics of a brain voxel
HO S
OH
& 4| ~MeasuredGlc 6| —-Measured GIx 2| —Measured Lac
& 3| —Fitting ,| —Fitting —Fitting
B 2
R 2
o
5 ° 0
o 0 50 100 0 50 100 0 50 100
Time (min) Time (min) Time (min)
B
Plasma G'Ci'w’
Blood-Brain Barrier
| 1 Tao Ke
Cytosol Glcyan
Aerobic Glycolysis Glycolysis
ycoly Q’JRGm ycoly
Vout CMR, ;. ) ™ HDO
< Lac < Pyruvate
Vx y
Glx e——————= a-ketoglutarate
Vv TCA Cycle & Oxidative Metabolism
. . TCA
Mitochondria ]
HDO

Fig. 4. A) Whole-brain metabolic rate imaging workflow based on the dynamic DMRSI measurement. Following the drink of labeled glucose (D66)
solution, HR dynamic DMRSI acquisition is conducted together with the blood glucose input functions measurement through IV blood sampling.
Examples of measured and fitted blood glucose input functions, and the corresponding deuterated metabolite dynamics and kinetic model fitting of a
representative brain voxel are demonstrated. B) A metabolic kinetic model developed for quantifying cerebral glucose metabolic rates of CMRgic, CMR 4,
and Vrca, as well as maximal glucose transport rate of Tyax in each brain imaging voxel using the corresponding deuterated metabolite concentration

time courses and the blood glucose input functions as illustrated in (A).

critical for imaging the dynamics of deuterated metabolites in the
human brain.

By applying SPICE-processing methods (40), we greatly reduced
the ?H spectral noise and temporal fluctuations of dynamic deuter-
ated metabolite signals, further improved imaging sensitivity and re-
liability, and enabled dynamic DMRSI of the entire human brain to
reach the highest spatiotemporal resolution to date. Our results
show that >2-fold SNR gain can be realized for dynamic DMRSI,
and an 8- to 10-fold reduction in the coefficient of variation was
observed in the natural abundance human brain HDO signal
after SPICE denoizing. Such improvements can be translated into
higher resolution, better quality, and more reliable deuterium meta-
bolic imaging data. Lac had particularly benefited from SPICE
processing, as Lac signal and its dynamic changes were better iden-
tified and tracked on a voxel-by-voxel basis, and the quality of the
Lac maps was significantly improved (Figs. 2 and S4). After SPICE pro-
cessing, the temporal fluctuations of all deuterated metabolites were
minimized (Fig. 3D and E), providing more reliable regression results
for analyzing dynamic DMRSI data using the kinetic model fitting.

Most literature work rarely reports metabolite concentrations
or metabolic rates because converting ?H metabolite signal into

molar concentration is not straightforward, and quantifying
metabolic rate is more difficult and requires an appropriate
kinetic modeling. However, it is desirable to obtain metabolic in-
formation in absolute units to be able to assess and direct com-
pare the metabolic status of the human brain at different
scanning sites, times, and/or physiopathological conditions (62).
Therefore, we developed a novel quantification method and ki-
netic model to calculate the concentrations of deuterated Glc,
Glx, and Lac, and derive the metabolic rates of CMR¢ie, CMRyac,
and Vrca for all DMRSI voxels within the human brain. In this pro-
cess, the magnetization saturation factor (SF) for different metab-
olites (due to the short repetition time used), inhomogeneous BY
field distribution of the RF coil (i.e. RF pulse flip angle (FA) map),
and the tissue water content in different imaging voxels were
all accounted for and/or corrected (Fig. S3). Such correction
is necessary for generating reliable and accurate metabolite con-
centration maps and time courses. To calculate metabolic rates
based on the metabolite concentration dynamics, we developed
a kinetic model that was modified from our previous model (1)
to include the AG pathway (Fig. 4B); measurements of total and
deuterated blood glucose changes were also required as the blood
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fraction, with the intercepts at GM fraction of 0 and 1 representing the values in the pure WM and pure GM, respectively. The regression results from this
subject, along with the results from four other healthy participants, are summarized in Table 1.

input functions. The model fitted the Glc, Glx, and Lac concentra-
tion time courses very well (Fig. 4A), yielding whole-brain meta-
bolic rate maps of CMRgi;, CMRp4., and Vrca in a group of
healthy participants (Figs. 5 and S8).

With the substantial improvement of DMRSI technical cap-
abilities, we have obtained high-quality whole-brain dynamic
DMRSI data at 7 T, achieving the highest spatiotemporal reso-
lution of human brain deuterium imaging reported so far; and
enabled simultaneous imaging of glucose transportation rate
constant and three key glucose metabolic rates covering both
oxidative and nonoxidative pathways with a single dynamic
HR-DMRSI measurement. Our results reveal the following inter-
esting findings.

First, we found that the dynamic DMRSI measurements were
highly reproducible with consistent metabolic dynamics.
Voxel-based (Fig. 3D and E) and ROI-based (Figs. S4 and S5) time
courses revealed detailed metabolic dynamic features, such as
rapid Glx and Glc turnovers and relatively slow HDO evolutions,
which provide a solid basis for characterizing glucose metabolic
activity in various brain regions and enable reliable kinetic
modeling.

Second, we observed clear GM-WM contrast in all [Glx] maps,
and in Trax, CMRgye, and Vrca maps of all participants studied.

Linear regression analyses showed that the deuterated Glx con-
tent in pure GM was about 3 times higher than that in pure WM
(Fig. S6); at the same time, Tmax, CMRglc, and Vrca in pure GM
were 2.0, 2.5, and 1.7 times higher, respectively (Table 1). These re-
sults indicate that the glucose transport and utilization and TCA
cycle activity are much higher in GM to supportintense neuronal
activity and high ATP energy demand. They are consistent with
literature findings, in which ®FDG-PET studies reported that glu-
cose consumption rate of GM was 2-3 times higher (25, 44);
13C-MRS studies reported that the TCA cycle activity rate of GM
was 68% higher (63, 64); and a *'P-MRSI study reported that the
ATP synthesis rate of GM was 3-fold higher (65). The overall re-
sults of Tmax values and Tmax/CMRge ratios, and their GM-WM
differences obtained in this work (Figs. 5 and 6 and Table 1)
also agreed with the previous single voxel 'H MRS study (43)
and the neurochemistry underlying brain glucose transportation
and metabolism, thus supporting the use of advanced DMRSI
and kinetic model for quantitative whole-brain mapping of key
glucose metabolic and transportation rates in the human brain.

Third, based on the simultaneously measured metabolic rates,
we were able to assess the contributions of aerobic and oxidative
glycolysis in the same brain or brain tissue type by determining
the ratios of different metabolic rates. For instance, we found
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with statistical significance (P < 0.005).

that the whole-brain Vyca to CMRg e ratio is ~2; the whole-brain
AG contribution (i.e. CMRL4/[2 X CMRgyc]) is around 20%, which
is ~2 times higher in pure WM than in pure GM (Table 1); regional
specific AG contribution in individual brains can also be quanti-
fied from their CMR oc and CMRg)c maps. Furthermore, we found
statistically significant positive correlations between CMRg. and
Vrca, and between CMRgj. and CMR;ac in pure GM of individual
brains; significant positive correlations were also found between
the maximal glucose transport rate (Tmax) and the metabolic rates
of CMRgjc and/or Vrrca in pure GM (Fig. 6). Even using state-of-the-
art neuroimaging techniques, assessing these relationships in the
human brain is difficult, if not impossible.

As the metabolic reprogramming between the nonoxidative
and oxidative glucose metabolism plays an essential role in
healthy and diseased brains, the quantitative dynamic DMRSI
technology described herein is the only neuroimaging modality
capable of noninvasively and simultaneously mapping key glu-
cose metabolic rates along the oxidative and nonoxidative path-
ways with whole-brain coverage and superior sensitivity and
resolution; therefore, it provides an essential neurometabolic im-
aging tool for quantitative investigation of neuroenergetics and
glucose metabolic reprogramming associated with normal brain
function and dysfunction.

The current study was conducted on a 7 T human scanner,
which is the highest field strength FDA approved for clinical use.
We can benefit from the UHF scanner as it significantly improves
the sensitivity and spectral resolution of ?H MRS imaging (66).
Nonetheless, the DMRSI technology developed at UHF can be eas-
ily adapted at lower field, such as 3 T; several exploratory studies
have already been published to demonstrate the feasibility

(67, 68). Compared with similar studies conducted at UHF, it is ex-
pected that the spatial and temporal resolution of low-field DMRSI
will be sacrificed due to loss of sensitivity. However, the optimal
RF coil design, the SPICE-processing method, and the kinetic mod-
el as described in this work can be applicable and beneficial for 3 T
human brain DMRSI applications.

In this work, we focused on establishing an HR dynamic DMRSI
technique for quantitative whole-brain mapping of key glucose
metabolic rates with oral D66-glucose administration, which is
more practical than intravenous infusion in human applications.
Compared with steady-state deuterium imaging, longer acquisi-
tion is required for dynamic DMRSI to capture the slow metabolic
process of label turnover, which may pose practical limitations in
certain applications, particularly in patients or elderly population.
It would be interesting to test whether using shorter metabolite
time courses would result in similar metabolic rates, thereby sig-
nificantly reducing scan times. Steady-state deuterium imaging
could benefit from the excellent sensitivity and imaging reso-
lution as achieved in this dynamic DMRSI study, and deuterated
metabolite ratio, such as [Lac]/([Lac] + [Glx]), may provide alterna-
tive measures of aerobic versus oxidative glycolysis. However, the
validity of such a qualitative marker and its relationship with the
ratios of relevant metabolic rates need to be carefully evaluated.
The kinetic model currently used may require further validation
and/or improvement, as we did not account for a possible label
loss during the glycolytic pathway (69). In addition, the blood in-
put functions derived from measured total and labeled plasma
glucose are needed for kinetic modeling, which brings additional
burden to the routine application of this imaging technology.
Moreover, by better removing the signal from lipid contamination,
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K the metabolic map of Lac content and metabolic rate of Lac pro-
E SRYEBY ‘fl duction can be further improved.
ST In summary, we have demonstrated that utilizing advanced RF
- coil design and postprocessing methods, dynamic DMRSI with un-
g precedented sensitivity and spatiotemporal resolutions can be
%, s 3 achieved on an FDA-approved 7 T clinical scanner, enabling reli-
3 OlRa8INT able mapping of deuterated metabolites contents and dynamics,
fci, |7 TOR and quantification of glucose metabolic rates and transportation
g - rates using a newly developed kinetic model. We are now able to
i map CMRgie, Vrca, and CMRy4¢, as well as Tyax simultaneously
s 8 across the entire human brain, distinguish tissue-specific meta-
2] % 2R ET bolic activities, and determine the relationship between these
% ::: ceeee § metabolic rates to delineate the contributions of oxidative and
= nonoxidative glucose metabolism in the human brain.
f Therefore, the quantitative dynamic DMRSI technology demon-
b= S strated herein should be highly valuable for studying glucose me-
& ; RS R Y tabolism in healthy and diseased brains, especially for
4 °ceeeeq quantitatively imaging the Warburg Effect in brain tumors, and
L; = ° studying metabolic reprogramming in healthy brain and/or in
£ %D . other brain disorders, including stroke and neurodegeneration
S 5 .- diseases.
2| Elg (58588
B % & 3 .
°l & ° Materials and methods
& 3 RF coil design, construction, and characterization
g p= 3 . ;
E Eloagoy s EM simulation
§ E..:: ScSoooy Using the Hexahedral Time Domain solver (CST Studio 2019), we
= A S simulated B maps of three loop coils with 6, 12, and 18 cm diam-
s eters loaded with a head-shaped phantom (filled with a 42% poly-
f) 0 vinylpyrrolidone solution mimicking the human brain properties)
° m|owaoso at45.6, 120, and 297 MHz, corresponding to the ?H, *'P, and 'H op-
”E 2155333 é' erating frequencies at 7 T, respectively. We also simulated an
i S eight-element quadrature-driving low-pass birdcage *H volume
© = coil, and 4ch, 5ch, and 8ch ?H head array coils with similar geom-
5 %D - o etry but decreasing coil size to cover the same phantom. After full-
g 3 3 f2g9y c+5| wave simulation, we tuned and matched each channel of these
a, § §|ococsSg coils to the ?H operating frequency at 45.6 MHz, and combined
s E a o the BT fields based on the circuit optimization mentioned in the
% < previous publication (70). For all *H coils, we achieved optimal
g s 0 tuning and matching for each coil (S;; < =20 dB) and intercoil de-
:Q % NRHRF couphng §512 <-15dB). Fmailly, we generaped the combmzed RF
o E|ccceccye transmission (B}) and reception (B7) magnetic fields for all “H ar-
3 - S ray coils and the volume coil driven by 1-V forward voltage.
2;
QE i lowowo ?é Design and construction of RF head array coil and interface
g 2logsgg We designed and built a 4ch *H/?H dual-frequency transceiver (Tx/
© a Rx) head array coil to cover the entire human head, where large °H
Ay coils facing each other are decoupled using a modified RID circuits
Dga go o (60) elongated by coaxial cables at both ends. We achieved excellent
(fi < 5 h O <~ o 2 coil decoupling (S;, < —20 dB) for all ?H loop coils. For proton im-
>}j E:g g ey ?J;I aging, we added four large-sized H loop coils as a 4ch 'H Tx/Rx ar-
o 8l = S ray coil on top of the 4ch ?H Tx/Rx array coil. The overlap pattern
QEJ E between the 'H and ’H array layers is similar to the published
5 © o work (71, 72), where the overlap of adjacent 'H coil pairs is inter-
e § N O DR = leaved with the overlap of adjacent ?H coil pairs (Fig. 1D) for achiev-
> v|sScood ing better decoupling between them. The 4ch-"H and 4ch-H Tx/Rx
g & S head array coils were both driven in the single channel transmit
g mode (1Tx) by a *H RF amplifier and an X-nuclei RF amplifier, re-
? a spectively, followed by a four-way power splitter and phase shifters.
: E g g g Lg b At the receiving end, both 'H and °H head array coils were received
':,..; e e § in uncombined multichannel receive mode (4 x Rx). The 'H and °H
B AAARAS head array coils were connected to 'H and ?H T/R switches with a
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built-in low input impedance amplifier (LNA) tuned to 297 and
45.6 MHz, respectively.

RF coil characterization

To generate B, field maps, we used the 3D-DMRSI datasets ac-
quired with varied RF pulse voltages under the fully relaxed con-
dition, and fitted the HDO deuterium signals in a given DMRSI
voxel to the RF pulse voltage according to a “sine” function for de-
termining the 90° FA voltage (x1/B}) and corresponding maximum
HDO signal intensity (i.e. relative B « SNR) (73).

Human participants and study procedures

Two groups of healthy volunteers from the local communities
surrounding the University of Minnesota were recruited to par-
ticipate in this study. The first group of participants (three fe-
males and five males, 43 + 19 years old) were scanned without
introducing any deuterium label for evaluation of 4ch-'H/?H RF
head array coil performance and determine the *H coil sensitiv-
ity using the natural abundance brain tissue HDO signals. The
second group (four females and four males, 38 +18 years old)
participated in the dynamic DMRSI study with oral administra-
tion of D66 (Cambridge Isotope Lab, 0.75 g/kg, maximum dose
60 g, 30% solution); five of them (three females and two males)
had their glucose blood input functions measured during the dy-
namic DMRSI scans; and two of them (one male and one female)
were scanned repeatedly on two different days with interscan in-
tervals of 45 and 100 days, respectively. The study was con-
ducted in the morning, and all subjects participating in the
dynamic DMRSI scan were asked to fast overnight before the im-
aging study. The general workflow of the study is depicted in
Fig. 4A; brain structural images and baseline DMRSI data were
collected before D66 administration. Subjects drank the D66 so-
lution through a flexible straw while having their head in the
same position within the RF head array coil. Dynamic DMRSI ac-
quisition began after the patient table returned to the same pos-
ition inside the magnet.

When needed, multiple arterialized venous blood samples
(about 2 cc per sample, up to 12 samples per scan session)
were collected from the subjects’ ankles during the dynamic
DMRSI scan (74). Total blood glucose and deuterated plasma
glucose levels in each blood sample were measured using
glucometer (Germaine Laboratories, Inc., San Antonio, TX,
USA) and HR NMR instrument (Bruker Avance III 500 MHz), re-
spectively (1), to derive relevant blood input functions for kinetic
modeling (Fig. 4A). The Institutional Review Board of the
University of Minnesota approved all study procedures involv-
ing human participants. Informed consent was obtained from
all participants.

MRI system and data acquisition

All MRI measurements were performed on the standard
Siemens actively shielded 7 T/90 cm bore MAGNETOM or 7 T/
84 cm bore TERRA human scanner with an additional H

imaging option to enable deuterium MRS imaging and data
acquisition.

Human brian structure imaging

The anatomical information of each subject was collected for
co-registration with the deuterium imaging and tissue segmen-
tation. We acquired MPRAGE proton density (PD) and T;w im-
ages with 1mm isotropic resolution and generated brain
structural images via dividing T;w by the PD image. Our
FSL-based (75) postprocessing pipeline includes noise reduc-
tion, brain extractions, and brain tissue segmentations into
GM, WM, and cerebrospinal fluid (CSF). After co-registration
with the DMRSI data, the segmented structural images were
down sampled to match the DMRSI resolution, and the tissue
fractions of GM, WM, and CSF (Fgum, Fwwm, and Fese) were calcu-
lated for all DMRSI voxels within the brain. To calculate the tis-
sue water fractions in each voxel, we assumed 0.71, 0.83,and 1.0
water fraction of WM, GM, and CSF, respectively, based on the
literature report (76) and generated a water fraction map using
the following equation:

Voxelwaterrraction = 0.71 X Fwm + 0.83 X Foum + Fese.

Dynamic DMRSI acquisition

We used the 4ch H/'H dual-frequency head array coil (Fig. 1D
and E) to acquire whole-brain HR-DMRSI data based on the
Fourier Series Weighted 3D-CSI sequence (77) in healthy sub-
jects before and after the D66 oral intake with following acqui-
sition parameters: field of view of 18x18x 15 or 20x20x
15 cm?® depending on individual head size; matrix size of 19 x
19x 15, spectral bandwidth of 1,200 Hz, 180 number of FID
points, repetition time (TR) of 173 ms, nominal RF pulse FA of
56° and 2.5min total scan time per CSI volume; cylindrical-
shaped voxel and nominal voxel size of 0.7 cc (for most sub-
jects) or 0.9 cc.

Imaging reconstruction

See details of methods for combining the DMRSI signals from mul-
tiple Rx channels and for SPICE processing in the Supplementary
Material.

Novel approaches for concentration
and metabolic rates quantification
Metabolite concentration quantification

For each human study, we collected 10 min (4 volumes) baseline
DMRSI data, followed by atleast 90 min (36 volumes) of dynamic
DMRSI data after oral administration of D66 glucose. To correct
inhomogeneous Bt field of the ?H head array coil, i.e. varied
RF pulse FA (xB}) and saturation effect in space, we obtained
the *H FA maps using the brain HDO signals in two DMRSI data-
sets acquired at the end of each study with the following
equation:

(AR

FA =cos™

4&W%?*m<5}

)< [-Gr) - () (- )]
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where Mg and My are the two measurements using the same TR of
173 ms (<<5x T7) and FA of a and 2a, respectively. The SFs based
onthe FAmaps and T, (longitudinal relaxation time) values of Glx,
Glc, Lac, and HDO at 7 T (59) can be calculated using the following
equation:

1— e TR/Ts

F= .
S 1-cos (FA) x e-TR/Tx

To quantify the molar concentration of deuterated metabolites,
the baseline HDO signal (S gase npo) Was used as the internal refer-
ence to normalize the ?H signals of each metabolite. Since the °H
concentration in natural abundance (pure) water is 17.16 mM (1),
by multiplying this concentration to the brain water fraction in
each DMRSI voxel (Voxelwaterrraction), We can derive the molar con-
centration maps of different deuterated metabolites. These con-
centration values were corrected by the number of *H atoms in
each molecule; therefore, the concentrations of the deuterated
HDO, Glc, Glx, and Lac in each DMRSI voxel and at each
post-D66 time point were calculated according to the following
equations:

S 17.16
[HDO] = ﬁ X 1 X Voxelyaterraction
ase
S SF 17.16
[Glc] = cle 1O o X Voxelyaterfraction

SFglc  Spase HDO

_ Scix _ SFupo _17.16
[GlX] - SFGlx X S Base HDO 1.33 X VoxelWaterFracnon

[Lac] = Stac . SFupo

y 17.16
SFlLac

g 5 X Voxe]WaterFraction
Base HDO

where S pgs upo, Scie, Scix, and Sy are the HDO, Glc, Glx, and Lac
signal after the D66 oral administration; and SF upo, SFgic, SFaix,
and SFi.c are the SF of HDO, Glc, Glx, and Lac.

Figure S3A shows representative brain slices and correspond-
ing SF and brain water fraction maps used to quantify the molar
concentration of Gle, Glx, Lac, and HDO, before (Fig S3B) and after
(Fig. S3C) correcting the effects of SF and brain water fraction in
the quantification.

Metabolic rate quantification with kinetic modeling

The values of CMRgje, CMRyac, Vrca, and Trax Were quantified us-
ing the time courses of deuterated metabolite concentrations, the
glucose blood input functions and the kinetic model (Fig. 4B)
modified from previous animal study (1); and the following
model parameters: [Glcprain = 1.2 MM, [Pyruvate]prain =0.17 mM,
[Lac]brain=1mM, [o-ketoglutarate]prain=0.12 mM, [GlxX]prain =
15mM, Vou=0.1mM/min, Kr=15mM/min, V,=30mM/min.
Vour presents the net flux of Lac between the brain tissue and
blood pool, Kr is the half-saturation constant for both forward
and reverse glucose transport, and Trax s the maximum apparent
rate of forward glucose transport based on the reversible
Michaelis-Menten kinetic model (1, 78), which was determined
in the model fitting. We quantified the deuterated plasma Glc
(Glc*) and total blood Glc concentrations in multiple arterialized
venous blood samples, and used their time courses as the blood
input functions for the kinetic modeling. We then obtained the
concentration time courses of the cerebral Glc, Glx, and Lac by
solving the differential equations of the kinetic model using the
MATLAB (MathWorks) ODE solver. The output dynamics of time

courses from the kinetic model were then fitted with the meas-
ured cerebral Glc, Glx, and Lac dynamics using the MATLAB least
square curve fitting solver. After obtaining the metabolic rate
maps through the kinetic modeling, we interpolated the low-
resolution metabolic rate maps onto the HR maps for display, as
shown in Figs. 5 and S8.

Statistical analysis

The DMRSI images and nonimage data were analyzed in MATLAB
using custom scripts. The linear regression between the metabolic
concentrations and GM fractions, between different metabolic
rates, or between different experiments, was performed using
the generalized linear models from MATLAB function (fitglm).
All linear regression fits with P <0.005 based on the t test were
considered statistically significant.
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