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Objective: To enable non-invasive dynamic metabolic mapping in rodent model studies of
mitochondrial function using 31P-MR spectroscopic imaging (MRSI).

Methods: We developed a novel method for high-resolution dynamic 31P-MRSI. The method
synergistically integrates physics-based models of spectral structures, biochemical modeling of
molecular dynamics, and subspace learning to capture spatiospectral variations. Fast data
acquisition was achieved using rapid spiral trajectories and sparse sampling of (&, ¢ 7)-space;
image reconstruction was accomplished using a low-rank tensor-based framework.

Results: The proposed method provided high-resolution dynamic metabolic mapping in rat
hindlimb at spatial and temporal resolutions of 4x4x2 mm?3 and 1.28 s, respectively. This allowed
for /n vivo mapping of the time-constant of phosphocreatine resynthesis, a well established index
of mitochondrial oxidative capacity. Multiple rounds of /n vivo experiments were performed to
demonstrate reproducibility, and /n vitro experiments were used to validate the accuracy of the
estimated metabolite maps.

Conclusions: A new model-based method is proposed to achieve high-resolution dynamic 31p-
MRSI. The proposed method’s ability to delineate metabolic heterogeneity was demonstrated in
rat hindlimb.

Significance: Abnormal mitochondrial metabolism is a key cellular dysfunction in many
prevalent diseases such as diabetes and heart disease; however, current understanding of
mitochondrial function is mostly gained from studies on isolated mitochondria under
nonphysiological conditions. The proposed method has the potential to open new avenues of
research by allowing /n7 vivo and longitudinal studies of mitochondrial dysfunction in disease
development and progression.

Index Terms

Magnetic resonance spectroscopic imaging; subspace models; low rank models; metabolic
imaging; mitochondrial oxidative capacity; dynamic phosphorus-31 MRSI

.  INTRODUCTION

MITOCHONDRIA play a critical role in biological processes by supplying the energy
needed for maintaining tissue viability and functional integrity. Abnormal or altered
mitochondrial metabolism has been shown to be a key factor in a wide range of diseases,
including diabetes and cardiovascular diseases [1]. To date, our understanding of
mitochondrial function is mostly gained from /n vitro studies on isolated mitochondria under
nonphysiological conditions. Phosphorous-31 magnetic resonance spectroscopic imaging
(31P-MRSI) serves as a powerful tool for enabling /in vivo quantification of phosphate
metabolites such as adenosine-triphosphate (ATP) and phosphocreatine (PCr), which are the
chemical currency for almost all of the energy-consuming processes in living organisms. In
particular, dynamic 31P-MRSI allows the monitoring of the depletion and resynthesis of PCr
during metabolic perturbations such as ischemia/reperfusion or exercise/recovery. During
ischemia or exercise, the creatine kinase system buffers intracellular ATP levels at the
expense of PCr, leading to the depletion of the PCr pool. During reperfusion or recovery, the
resynthesis of PCr is driven primarily by mitochondrial oxidative metabolism. Hence, the
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rate of PCr resynthesis is a functional biomarker for mitochondrial oxidative capacity [2].
This approach has been shown to be highly reproducible and well correlated with /n vitro
methods for assessing mitochondrial oxidative capacity [3].

The ability to perform dynamic 31P-MRSI on small animal models is of particular interest
because of the prevalence of these models in preclinical research. However, the small subject
size and the time scale of PCr resynthesis place stringent requirements on the spatial and
temporal resolution needed for dynamic 31P-MRSI studies. Previous studies using rat
models have reported an exponential recovery of PCr after its depletion by either ischemia or
electrical stimulation, with a time-constant ranging from 30 to 150 s [4]-[6]. Hence, a
temporal resolution of less than 15 s is needed to accurately observe the kinetics of PCr
during a metabolic perturbation protocol. Furthermore, spatial resolutions on the order of 4 x
4 x 4 mm3 are needed if metabolic heterogeneity in different muscle groups is to be
observed. However, due to the inherently low signal-to-noise ratio (SNR) of the 31P signal,
dynamic 3!P-MRSI methods are typically limited to spatial resolutions above 1 cm3, which
is inadequate for small animal imaging. Hence, preclinical studies have been largely limited
to nonlocalized or single voxel MRS studies [1].

With the advent of fast MR imaging techniques, several methods have been proposed for
accelerated imaging of PCr, ATP, and Pi [7]-[11]. Recently, a subspace-based approach
known as SPICE (SPectroscopic Imaging by exploiting spatiospectral CorrElation) has been
shown to enable ultrafast proton MRSI with high spatial resolution [12], [13]. In a pilot
study, we employed a low-rank tensor model-based extension of SPICE for dynamic 31p-
MRSI studies, and demonstrated the feasibility of sub-centimeter spatial resolution with 30 s
temporal resolution on rats [14]. Building on this progress, we have developed a new model-
based method that incorporates a prioriinformation, such as physics-based models of
spectral structure and the kinetic profile of PCr recovery after its depletion, to enable
dynamic metabolic mapping in rat hindlimb at spatial, spectral, and temporal resolutions of
4 x4 x2mm3, 0.1 ppm, and 1.28 s, respectively. The accuracy and robustness of metabolic
mapping using this method were evaluated /n vitro using phantoms, and the reproducibility
of metabolic mapping was demonstrated /n vivo. Furthermore, the utility of this method for
/n vivo mapping of the time-constant of PCr resynthesis was demonstrated in stimulation-
recovery experiments.

[I.  Backcrounp

A. Dynamic MR Spectroscopic Imaging

Mathematically, the data measured from a dynamic MRSI experiment can be modeled as

d(k’ [’ T) = ﬂp(x’ f’ T)e—l‘Zﬂ'tfe—l.ZIL'k‘dedx’ (l)

where p(x, £ T) denotes the dynamic spectroscopic image representing spatial (x), spectral
(# and temporal (7) variations; k represents spatial frequency and ¢is the conjugate variable
of f(distinguished from 7 by its much shorter time-scale). Conventional MRSI methods
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sample d(k, z 7) uniformly and use a truncated Fourier series representation of p(x, 7, 7) to
reconstruct p(x, f, T,,) from the data as

N
p(x, f.T,) = Z Ak, 1y, Typ)e -7 &127kn X 2

n=1

It is well known that if d(k, ¢ 7) is sampled at the Nyquist rate along k and fover a large
enough region of (k, §-space and within a short enough time interval around 7, then

o(x, £, Tp,) is a good approximation of p(x, 7, 7,;). However, due to various practical
constraints on data acquisition (e.g., scan time, signal-to-noise ratio (SNR), and hardware
limitations), p(x, f, T,,) obtained from Eq. (2) is often of low resolution which significantly

limits its practical utility.

B. Subspace Models

Subspace-based models overcome some of the limitations of the Fourier series model by
decoupling the spatial, spectral, and temporal sampling requirements. These models take
advantage of a mathematical property of dynamic MRSI signals, known as partial
separability (PS) [14]-[16], and represent the dynamic spectroscopic image as

M,L,P

P LT = D e )0 Dw(T). @

m,t,p=1

where the 8,(X), p£1), and y(7) are the spatial, spectral, and temporal basis functions; M,
L, and Pare the respective model orders, and the oy, #, are the model coefficients.

The PS model, often referred to as a low-rank tensor model, can be justified based on the
fact that the object being imaged has a small number of distinct MR-visible molecules. With
proper selection of 8,(x), p£7), the spatial and spectral distributions of these molecules are
in the spaces spanned by {p£H} and {6,(X)}, respectively. The temporal changes of the
spatiospectral distributions are often due to tissue-level effects of metabolic processes, such
as oxidative phosphorylation, and can also be captured by the temporal basis {y,( 7)} [14]-
[16]. An important advantage of the model is the significant reduction in the degrees of
freedom (DOF) as compared with the truncated Fourier series image representation. This
provides greater flexibility in data acquisition and image reconstruction, which is described
in the subsequent section.

[1l.  MeTHops

A. Image Model

In this work, we propose to model the dynamic spectroscopic image as the sum of PS signals
from the MRI-observable phosphate molecules, e.g., ATP, PCr and inorganic phosphate (Pi):
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p(x, f,T) =
M Ly, Py @
z x) z Cm,?, p x)(pm f( )Wm, p(T) >
= Z, p=

where Mis the number of MRI-observable molecules, ¢, 2(x) are spatially varying
combination coefficients for each molecule, r,(x) is a reference image used to incorporate a
priori knowledge of the spatial variations of the molecular signals; L, and P, are the
spectral and temporal model orders of each molecule. Mathematically, this model is
equivalent to (3) given proper selection of the model coefficients and spatial basis functions;
however, by combining the model coefficients and spatial basis functions into ¢y, #(x), it
reduces the DOF in the image representation and enables the incorporation of molecule-
specific reference images r,;,(x) for imposing high-resolution spatial support and distribution
priors.

The explicit molecular decomposition also makes it easier to incorporate physics- and
biochemistry-based a prioriinformation into the model. For example, a priori information
about the subspace structures of each molecule can be easily incorporated into the model in
image reconstruction. Such information can be obtained from literature and quantum-
mechanical simulations. In this work, we incorporated a priori information about the spectral
structure of each molecule via the following constraint on the spectral basis functions

®Pm, f(f) €
T;
1 +i22T5(f — f)

®)

span (T3, f') € 2y

s

where Q,, is the set of relaxation time-constants and resonance frequencies for the 77
molecule [17]-[19]. Further, to exploit the exponential behavior of PCr recovery [1], [3], [4],
[20], [21], we also constrained the temporal basis functions as

Y, p(T) €
(6)

span!(l - e‘%)u(T -T)

(r,T") € Fm],

where T, is the set of recovery time-constants and start-times for the 72" molecule, and «( 7)
is the unit step function. The incorporation of these biochemistry-based constraints leads to
higher-SNR estimates of the spectral and temporal basis functions which, combined with the
reduction in DOF provided by the model and the incorporation of r,,(x), enabled additional
acceleration.

Compared to the Fourier-based representation, (4) can reduce the DOF by one to two orders
of magnitude. A typical dynamic 31P-MRSI experiment with a duration of 5 min, a temporal
resolution of 10 s, and a spectral resolution of 0.1 ppm acquires 30 and 350 points along the
temporal and spectral dimensions, respectively. For a spatial matrix size of 8x8x8, Fourier-
based reconstruction entails 5.4x10% DOF, while the proposed molecule-based subspace
model needs only 1.3 x 104 DOF. This 400-fold reduction in DOF is a result of the inherent
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low-dimensionality of 31P-MRSI signals. In 3IP-MRSI of skeletal muscle, the spectra are
dominated by signals from PCr, ATP and Pi, so an M of 3 is sufficient for describing
features of the phosphate metabolites. Furthermore, the spectral and temporal model orders
are typically much smaller than the number of samples acquired along the respective
dimensions [12], [14], [19], [22]-[28]. Specifically, because of the simple structure of 31p
spectra, 1 to 2 spectral basis function(s) can be sufficient to represent each molecule (i.e., L,
=1 or 2 for each molecule). In addition, because cellular ATP levels are relatively constant
and the temporal dynamics of PCr and Pi are only expected to vary between muscle groups,
the temporal model order may also be very small; ATP will need one or two basis functions
to capture its temporal dynamics, and PCr and Pi only 3 or 4 (i.e. P, =1to 2 for ATP, and 3
to 4 for PCr and Pi).

B. Data Acquisition

The proposed model enables the use of special data acquisition schemes that sparsely sample
(k, ¢, T)-space to achieve the high spatiotemporal resolution needed to image mitochondrial
oxidative capacity in rat hindlimb during stimulation-recovery experiments. The acquisition
scheme developed in this study is illustrated in Fig. 1. At the start of each experiment,
electrical stimulation was used to induce muscle contractions and deplete PCr levels. Once
PCr was depleted, spectral subspace training data were acquired using a 3D chemical shift
imaging (CSI) sequence [9]. A proton reference image and field map were also acquired for
determining r;{(x) and B field inhomogeneities using a fast low angle shot (FLASH)
sequence [29]. Following these acquisitions, stimulation was stopped and the dynamic
imaging data acquisition was started immediately to capture the kinetics of PCr recovery
using a repeated 3D stack-of-spirals-CSl acquisition. At the end of the recovery period
additional spectral subspace training data and proton reference and field map scans were
acquired. Lastly, these scans were followed by the acquisition of a higher resolution proton
reference scan, used for manual segmentation of muscle groups.

We acquired the spiral-CSl scan with the following parameters: field of view (FOV) = 24 x
24 x 16 mm3, matrix size = 6 x 6 x 8, repetition/echo time (TR/TE) = 160/0.69 ms, readout
bandwidth = 27.8 kHz, flip angle = 17°, number of preparation pulses = 100. The spiral
acquisition sampled the entire (&, k))-plane with a single readout in 3.78 ms. A total of 20
spiral readouts were acquired during each TR. Therefore, the total time for a single spiral-
CSl acquisition, i.e., the frame-rate, was 1.28 s. To capture the kinetics of metabolite
changes during recovery, 450 repetitions of spiral-CSI data were acquired. In addition, non-
localized navigators were acquired every 50 repetitions to monitor gradient-heating induced
frequency drift [30]. Each navigator was acquired with 40 signal averages. The total
acquisition time for dynamic imaging data was 10.7 min.

The CSI sequence for acquiring spectral subspace training data used a matrix size of 8x8x6.
For each readout, 8 averages were acquired with 512 readout points and a bandwidth of 6
kHz. The total acquisition time was 8.5 min. FOV, TR, TE, and flip angle were the same as
that of the spiral-CSI acquisition.
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The temporal subspace training dataset consisted of 23 non-localized dynamic spectra
acquired with a 2 s frame-rate from 14 healthy rats in an existing depletion-recovery study
that had similar molecular dynamics [4].

The parameters of the first two proton reference scans were: FOV = 48x48x16 mm?3, matrix
size = 64x64, 8 slices, 2 mm slice thickness, readout bandwidth = 50 kHz; TR/TE{/TE, =
100/4.1/4.6 ms, flip angle = 20°, number of preparation pulses = 10, and number of averages
= 2. The parameters of the third, higher-resolution proton reference scan were the same
except that TR/TE = 200/5.4 ms, matrix size = 256 x 256, slice thickness = 1 mm, and the
number of averages was 16.

C. Image Reconstruction

Image reconstruction was performed in two phases: subspace estimation and coefficient
estimation. In the first phase, the spectral subspace training data acquired both before and
after recovery were corrected for field inhomogeneity and then fitted to the model in (5)
using a nonlinear method [31]. The spectral subspace of each molecule was then learned by
arranging the molecular spectra from individual voxels into a Casorati matrix and
performing a singular value decomposition (SVD). The spectral model orders were
determined from an analysis of the singular value decay curves.

The temporal subspace was learned from the temporal subspace training data using a similar
procedure. After correction for field-inhomogeneity, the molecular concentration time-
curves were obtained from spectral quantification and fitted to the model in (6) using a non-
linear least-squares algorithm [32]. The temporal subspace of each molecule was obtained
by performing an SVD of the Casorati matrix formed from the fitted molecular time-curves.

With estimates of the spectral and temporal basis functions, the dynamic imaging data were
then used to estimate the model’s combination coefficients, i.e. C, £(X) in (4), by solving
the following regularized least-squares fit of the data to the model

2
min ||d - & z (rm°cm,f,p)®¢m,f®l//m,p
{CMsfsP} m,f’p

+ AR({Cm, 2, p}):

s ™

where d is the vector of dynamic imaging data, & is the Fourier encoding operator
corresponding to (1) but with the effect of 5 field inhomogeneity included; r ,, and ¢, 2, are
vectors corresponding to 7,,(X) and ¢, 2/x) the spatial grid of the reconstruction; g, /and
¥m,pare the learned spectral and temporal basis vectors (corresponding to ¢y, £7) and
¥m7)); Ris aregularization functional, and A is an empirically determined regularization
parameter. The symbols O and denote the element-wise and outer products, respectively. In
the current work, the same proton reference image was used as the r ,, for each molecule.

The high-dimensionality of the dynamic spectroscopic image makes solving (7)
computationally challenging. Therefore, an approximate solution to (7) was efficiently
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computed using a two-step procedure. First, frame-by-frame estimation of time-varying
spatial coefficients, b, £x, 7), was performed by solving

~(k
)
2
arg min l (rm b, £) ® P, ¢ ®)
{bm, ¢} 2
+ A R(({bm, ¢})
for all & where dX) is the data from the AN time-frame. Then, denoting r,, - bE,,),f by aﬁ,ﬁ‘)f,
and the array of [ &k } by Am, ¢ the {cpm 2o} were computed by solving
{Em,f,p} =
. 2
arg min Z"m°cmfp®ll/mp )
{em, 2.} p 2
+ LRo({em 2, p})-
for each combination of mand /
In this work, /; and R, were chosen to be of the form
R()= va 5. 10

where V,,{ - } is a weighted spatial difference operator with weights w determined from a

priori edge information obtained from the proton reference scans [12], [33]. A1 and A, were
chosen empirically to provide the best tradeoff between SNR enhancement and spatial
blurring.

We note that when no temporal training data or pre-learned temporal subspaces are
available, a set of low-SNR frame-by-frame reconstructions can be generated using the

(4] s

Lm
P = )
=1

m, ¢ ® Pm, ¢ (11

where p(k) is the reconstruction of the AN frame. These frame-by-frame reconstructions can
then be used to estimate a temporal subspace, albeit with lower SNR.

D. Spectral Quantification

Following the approach described in [19], we quantified time-varying molecular
concentrations from the spectral basis coefficients at different time points. By rewriting (4)
as
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M

M
p(x, f,1) = Z

am, 2%, T)Pm, (), 12)
m=1¢=1
with
Pm
Ay, /(%,T): = rp(x) z cm, £, p(X)Wm, o(T). (13)
p=1

it can be seen that a,, gx, 7) are the spectral basis coefficients for molecule mat time 7. We
used the a,, £x, 7) to obtain the square-root of molecular signal energy, a common molecular
concentration index; with {¢,, £/} constrained to be orthogonal, the m" molecule’s

. . L
dynamic concentration map was computed as \/ T lam, A, T)|2.

E. In Vivo Experimental Protocol

To validate the proposed method under realistic /n vivo conditions, we performed
experiments on adult male Sprague-Dawley rats in accordance with approved institutional
IACUC guidelines. At the start of each experiment the animals were anesthetized with
isoflurane and placed laterally in a Bruker Avance Il 9.4 T horizontal scanner (Bruker
Biospin Inc., Billerica, MA). The hindlimb was secured in a custom-built 15-mm 31P saddle
coil placed within a 1H volume coil and positioned at the isocenter of the scanner.
Respiration rate and body temperature were monitored during the experiments. The
respiratory rate was maintained between 45 and 60 breaths per minute by manually adjusting
the anesthesia level. Body temperature was maintained at 35 to 37°C via a feedback control
system (SA Instruments, Stony Brook, NY, USA). Three rats underwent electrical
stimulation, in which two needle electrodes were placed subcutaneously over the third
lumbar vertebrae and the greater trochanter, respectively. Muscle contraction was induced by
applying square wave pulses with a 15-V amplitude and 2-ms pulse duration at a rate of 2
Hz [34]. A control experiment was performed on one rat without electrical stimulation.

To evaluate the reproducibility of our measurements, two identical rounds of experiments
were performed on each animal following the protocol described above and with an
approximately 20 min rest period between each round.

F. In Vitro Experimental Protocol

We performed an /n vitro experiment to directly validate the reproducibility of our high-
resolution metabolic mapping approach in a static phantom. Data were acquired from a two-
compartment phantom containing phosphate metabolites at physiological concentrations
(PCr, 10 and 30 mM; ATP, 10 mM; and Pi, 5 and 10 mM). All acquisition parameters were
the same as those in /n vivo experiments, except for the spiral-CSl acquisition which was
acquired at a slightly higher resolution (matrix size = 8 x 8 x 8) and only 64 repetitions (82 s
acquisition time).
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IV. Resuts
A. In Vivo Dynamic Metabolic Mapping in Rat Hindlimb

Figure 2 shows the reconstructed dynamic MRSI data from one round of stimulation-
recovery. The nominal resolutions in the spatial, spectral, and temporal dimensions were 4 x
4 x 2mm3, 0.1 ppm, and 1.28 s, respectively. During the recovery period, the PCr
concentration showed exponential recovery kinetics accompanied by a rapid decrease in Pi
levels, while ATP levels remained relatively constant, as reported in the literature [4]-[6],
[35].

By fitting the PCr concentration dynamics to an exponential function, we generated time-
constant maps of the PCr resynthesis from each round of stimulation-recovery. Figure 3(a)
shows these time-constant maps overlaid on anatomical reference images of the hindlimb.
Figure 3(b) shows the mean and the standard deviation of the time-constants in four
manually-segmented regions of interest (ROIs), and Fig. 3(c) shows the voxel-wise
comparison of the measured time-constants in the two rounds. The estimated time-constants
were in agreement with values reported in the literature [4]-[6], [20]. Furthermore, the
variations in the recovery time-constants among different ROIs were also in agreement with
an existing study on humans [7]. In particular, the posterior tibialis and flexor digitorum
longus muscles (ROI #1) and the gastrocnemius (ROI #2) showed relatively fast PCr
recovery after electrical stimulation in both rounds, while the time-constants of the anterior
tibialis, extensor digitorum longus (ROI #3), soleus, peroneus and plantaris (ROl #4) were
longer and approximately the same. The time-constants were noticeably reduced in the
second round, especially for regions 3 and 4 (Fig. 3(c)); however, the relative variations
among the regions were preserved. A paired t-test with unequal variances suggested that the
shortening of the time-constants in each region was statistically significant (p <0.05).

To evaluate the reproducibility of our approach, we compared the estimated metabolite
distributions from each round. Figure 4 shows a comparison between snapshots of the
dynamic PCr concentration maps over the recovery period. The maps from the two rounds
are visually similar, suggesting that the dynamic PCr concentrations are consistent and
reproducible. This is further demonstrated in correlation plots of the PCr concentration from
voxels in the hindlimb region. The same plots for the background, noise-only region show
minimum correlation, implying the proposed method did not introduce significant bias. A
side-by side video comparison of the PCr, and Pi concentration distributions over time is
also provided which further indicates a high degree of reproducibility (Fig. S1).

Figure 5 shows a comparison of metabolite concentrations produced by averaging frame-by-
frame reconstructions (11) from data acquired during the end of each recovery period. The
results again suggest that the distributions of PCr, ATP, and Pi concentrations at the end of
each recovery period are highly correlated, supporting reproducibility. Furthermore, a
comparison of the plots in the Figs. 4 and 5 indicates that the proposed dynamic
reconstruction actually provides better reproducibility at a frame-rate of 1.28 s than the
single time-frame reconstruction generated from data acquired over a longer period. This is
because the molecule-based subspace model effectively exploits the spatiospectral-temporal
correlations in the high-dimensional data to provide higher quality reconstructions.
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As a control, we evaluated the kinetic changes of phosphorous metabolites during two
rounds of /n vivo experiments performed without electrical stimulation but with data
acquisition kept the same. Because the molecular dynamics in the control experiment were
expected to be negligible, the exponential model constraint in (6) and the temporal subspace
training data used for the stimulation-recovery experiment were inappropriate for the
reconstruction of the control data. Instead we took advantage of the high frame-rate of our
spiral-CSlI data and estimated the temporal subspace from the initial frame-by-frame
reconstructions of the molecular signals (11). To improve the SNR of the estimated basis
functions a temporal smoothness prior was employed during subspace estimation instead of
the exponential model constraint in (6). As expected, the reconstruction exhibited relatively
constant levels of all three phosphate metabolites in the absence of electrical stimulation
(Fig. 6). Further, the reconstructed metabolite maps from two rounds of data acquisition also
showed a high degree of correlation, suggesting reproducibility (Fig. S2).

It may be noted that the reconstructed metabolic concentrations from the control data
showed larger variability compared to those from stimulation/recovery data. This is due to
the lack of appropriate temporal subspace constraints and training data. To compare these
two different basis learning methods, we also reconstructed the dynamic data using the same
temporal subspace estimation method that was used to reconstruct the control data (Fig. S3).
A comparison of Fig. S3 to Fig. 2 shows that, while the trend of molecular time courses
were similar, there is greater variability in the reconstruction generated without using the
biochemical-based constraints of (6), especially in lower-SNR metabolites such as ATP and
Pi.

Lastly, to demonstrate the effect of incorporating the reference image 7,;(x) into the model,
we generated two additional reconstructions: one without using 7,(x) (Fig. S4), and another
without using either r,,(x) or reference image-derived edge weights (Fig. S5). A comparison
of these figures to Fig. 2 suggests that the incorporation of higher-resolution support and
edge constraints through the reference image led to improved resolution and SNR.

B. In Vitro Evaluation

Our /n vivoresults indicate that high-resolution metabolic maps can be generated from data
acquired in less than 90 s (Fig. 5, top row), and our /n vitro results further validate this
capability. Figure S6 shows the metabolite maps and representative localized spectra from an
82-s phantom acquisition with a nominal spatial resolution of 3 x 3 x 2 mm3. Calculated
metabolite ratios were in strong agreement with ground truth values. The normalized mean
concentrations (£standard deviation) of the two vials were: 1.0 £ 0.2:0.4 £ 0.1 (PCr), 1.0 £
0.2:0.9£0.2 (ATP), 1.0+0.5:1.5+0.6 (Pi), and the respective ground truth values were: 1:0.33,
1:1, and 1:2.

We compared our reconstruction to a reconstruction of the CSI data acquired for spectral
subspace estimation and interpolated to the same grid size. To improve SNR and better
match the PCr line-width, a 15-Hz exponential filter was applied to the CSI reconstruction.
Fig. S6(b) shows spectra from the reconstructed CSI data superimposed on the
corresponding spectra from our reconstruction. Our reconstruction showed better
quantitative agreement with the ground truth, especially for Pi quantification.
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V. Discussion

Motivated by the success of PS-based methods for accelerating proton MRSI [12], [14],
[19], [22] and dynamic MRI [23]-[28], we developed a PS-based dynamic 31P-MRSI
method suitable for evaluating the heterogeneity of mitochondrial oxidative capacity in
popular rodent models of disease. The key feature of our method is its use of a novel
molecule-based subspace image model. By representing the dynamic spectroscopic image as
a linear combination of signals from MR-observable molecules, the model allowed us to
take advantage of readily available physical and biochemical information and provided a
greater reduction of the DOF in the image representation than existing PS-based methods.
This DOF reduction enabled the use of a specialized data acquisition strategy that sparsely
sampled (k, £ 7)-space and provided the high spatiotemporal resolutions needed for
delineating metabolic heterogeneity in rat hindlimb.

An important component of our dynamic MRSI reconstruction method was the use of pre-
learned spectral and temporal subspaces. There are many ways in which these subspaces can
be obtained. In this study the spectral subspace was learned from CSI training data acquired
directly from each individual animal during the experiments, while the temporal subspace
was learned from MRS data acquired from a previous study [4] (since acquiring temporal
subspace training data entails repeated stimulation-recovery and may alter the kinetics of
PCr recovery, as suggested by our current data). In general, the subspace training data does
not need to be acquired together with the imaging data. Subspaces can be obtained directly
from learned distributions of basis function parameters [19] which can be learned from
different subject populations (i.e. diseased and healthy) using a variety of acquisition
schemes and imaging modalities. Hence, there is great flexibility in the design of
experimental protocols. For large cohort studies, it is also possible to learn the molecular
subspaces from only a subset of the subjects in each population, allowing for considerable
reduction in the total acquisition time.

One limitation of the current method is that it leads to a bias in the estimation of the
chemical shift of Pi, an indicator of intracellular pH [1], [4]. To capture the changes in both
the amplitude and the resonance frequency of Pi during stimulation and recovery, the
subspace of Pi needs to be learned from training data acquired both during electrical
stimulation and recovery. Hence, we designed our data acquisition protocol to acquire two
spectral training datasets, one at the end of electrical stimulation and one at the end of the
recovery period. However, since the Pi signal was significantly higher at the end of
stimulation, the derived basis functions were dominated by a Pi peak with a chemical shift
representative of the end-stimulation stage. As a result, the rapid decrease in Pi at the initial
phase of recovery was not accompanied by the expected increase in the chemical shift of the
Pi (Fig. 2(b—c)). Obtaining molecular spectral subspaces from learned distributions of basis
function parameters for robust estimation of changes in chemical shift will be a direction of
future work.

Another area for future development is the selection of the reference image. While the
incorporation of r,(x) into the model significantly reduced background noise and provided
improved resolution, our /n vivo results indicated that the dynamics of low-SNR metabolites,

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2020 October 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Clifford et al.

Page 13

such as Pi, appeared to be in better agreement with literature results when r,;(x) was
excluded from the model. The cause of this result is unclear; however, it may be related to
the sensitivity of our reconstruction with respect to correct registration of the proton
reference image and the spiral-CSI data. If this is the case, other methods for incorporating
high-resolution support information, such as weighted Tikhonov regularization, may be
more robust to this type of mis-registration.

An interesting observation, enabled by the high resolution of our current method, was a
significant decrease in the PCr resynthesis time-constant after the second round of electrical
stimulation. Since the time-constant was quantified from the kinetics of PCr recovery, this
decrease was unlikely caused by frequency drift. The voxelwise comparison of Fig. 3(c)
suggests that the increase is more pronounced in regions 3 and 4. Previously, we used
magnetization-transfer 31P-MRS (MT-MRS) and 31P magnetic resonance fingerprinting
(31P-MREF) to quantify the effect of ischemia-reperfusion on the creatine kinase rate constant
[36]. Both MT-MRS and 31P-MRF reported an increase in the creatine kinase rate constant
after two rounds of transient ischemia-reperfusion protocol. Our current finding of shortened
PCr recovery seems to be consistent with our previous observation in ischemia-reperfusion.
Together, these results suggest a “preconditioning” effect induced by metabolic
perturbations resulting in a transient imbalance in energy production and utilization. The
mechanisms and the relationship between the duration of metabolic perturbation on
subsequent changes in creatine kinase kinetics need further investigation.

While this study was focused on metabolite and mitochondrial oxidative capacity mapping
in rat hindlimb using 31P-MRSI, the imaging framework can be readily extended to MRSI of
other organs and even other nuclei. Although in skeletal muscle, low SNR metabolites such
as PME and PDE [37], [38] can be excluded from the model without compromising the
accuracy of measuring PCr dynamics, their inclusion will make the method well suited for
metabolic mapping in the brain or liver. The methodology developed in the current study is
also highly translatable to hyperpolarized 13C studies, since 13C spectra acquired from tissue
metabolizing 13C-enriched substrate also have simple spectral structures, wide chemical
shift dispersion, and immunity to water and lipid contamination. Preliminary studies of
performing static 13C-MRSI using similar subspace-based models have already
demonstrated the impressive capabilities of these types of models [39].

Like all MRSI methods, the current method is susceptible to intrascan motion and variations
in By field inhomogeneity. These non-ideal experimental conditions result in spatial leakage
artefacts and spectral peak broadening thereby leading to reduced SNR. Because the
combination of high spatial, and temporal resolutions needed for imaging mitochondrial
oxidative capacity necessitates relatively high gradient duty cycles compared to conventional
MRSI methods, such as chemical shift imaging (CSI), field drift caused by excessive
gradient heating [30] can be problematic on MR scanners with less efficient gradient cooling
systems. Gradient heating is therefore an important factor to be considered during sequence
design. The choice of readout gradient is a trade-off between maintaining scanner stability
and achieving adequate spatial resolution. In a preliminary investigation of this trade-off, we
monitored intrascan variations in temperature and field inhomogeneity using a temperature
sensor attached to the center of the scanner bore wall and frequency drift navigators [30]
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interleaved into our dynamic acquisition. We found that improving the in-plane resolution of
our dynamic acquisition to 1.5x1.5 mm? resulted in significant intrascan temperature
increases (15-20° C) and frequency drift (10-15 Hz) during a 10 minute acquisition on our
scanner. This led us to use the current spiral trajectory which had a lower gradient duty
cycle. We expect that implementing this method on the new generation of MRI scanners
with more efficient gradient cooling will lead to further improved spatial resolution.

In addition to using interleaved navigators for tracking frequency drift, it is also possible to
use dynamic imaging to track changes in subject motion and spatially-dependent 5 field
variations. Reference images and field maps obtained for each time-frame could easily be
incorporated into the first step of our reconstruction algorithm and therefore improve the
method’s robustness to both intrascan motion and B field variation. This increased
robustness would allow us to provide reproducible dynamic reconstructions at even higher
spatial resolutions. The use of a dual-tuned 31P/H coil could potentially allow 1H reference
scans to be interleaved into the dynamic acquisition. These scans could then be used for
dynamic mapping of both r,;(x) and B field maps. Improved gradient systems of state-of-
the-art preclinical scanners may also significantly reduce gradient heating, and
improvements in coil design as well as multichannel acquisition may provide additional
SNR.

VI. ConcLusions

We have developed a novel 31P-MRSI method that enables dynamic mapping of
phosphorous metabolites in preclinical rodent models, providing spatial, spectral, and
temporal resolutions of 4 x 4 x 2 mm3, 0.1 ppm, and 1.28 s, respectively. This new
capability has been evaluated using both phantom and /n vivo experiments and may offer
new opportunities for gaining mechanistic understandings of metabolic function, disease
progression, and treatment efficacy. The ability to observe heterogeneity in metabolic
function may also pave the way towards early disease detection since metabolic changes
frequently occur long before the manifestation of microscopic and macroscopic structural
changes.
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Fig. 1.
Schematic of the /n vivo exercise-recovery protocol. Electrical stimulation was used to

induce muscle contractions and deplete PCr levels. Following 5 min of stimulation, spectral

subspace training data were acquired using a CSI sequence, which was followed by a proton
reference scan, a spiral-CSI dynamic imaging scan, and another set of proton reference and

CSl scans. The start of the spiral-CSlI acquisition corresponded with the ending of electrical
stimulation.
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Fig. 2.

Regconstruction of dynamic MRSI data from rat hindlimb during stimulation-recovery. (a)
Changes in baseline-normalized PCr concentration in the central five slices during the
recovery period. (b-c) Normalized metabolite concentration curves (left) as well as selected
spectra (right) from the first (black) and last (colored) time points in the reconstruction. The
locations of the selected voxels are indicated by the color-coded markers (red circle and blue
square, respectively) shown in the last row of (a). (d-e) Anatomical reference image and the
B, field inhomogeneity map, respectively, acquired immediately after the PCr recovery.

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2020 October 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Clifford et al.

Page 19

120

[CJRound 1
r [lRound 2

-
@ o
o o

B
=]

Time-Constant (s)
(3] ()]
(=] ]

—
(=2
—

1 2 3 4
Region of Interest

150 150 Region 3 150 Region 4

100 100} - 100 100

50

100 150 50 100 150

(c) 50 100 150 50 100 150

Fig. 3.

Es%][imated PCr resynthesis time-constant maps and regional averages from two rounds of
stimulation-recovery experiments performed on the same animal with a 20 min interval
between experiments. (a) Time-constant maps overlaid onto anatomical reference images
from the two rounds of /n vivo experiments. (b) The mean PCr resynthesis time-constants in
the ROIs indicated in (a). The error bars indicate the standard deviation. All changes were
statistically significant (o < 0.05). The regions roughly consisted of: (1) the posterior tibialis
and flexor digitorum longus, (2) the gastrocnemius, (3) the anterior tibialis and extensor
digitorum longus, and (4) the soleus, peroneus, and plantaris. (c) Voxel-wise comparison of
the time constants from the two rounds. Horizontal and vertical axes in the correlation plots
show the time constants from the first and second rounds, respectively. The red line in each
plot indicates the line of identity.
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Reproducibility of dynamic metabolite maps from two rounds of stimulation-recovery

experiments performed on the same animal. The two rows of images are the PCr

distributions at different time-frames from the first (top) and second (bottom) rounds. The
correlation plots of the PCr distributions from the leg (middle) and background (bottom)
regions are provided below the respective images. The times of each frame are provided at
the top of each column. Horizontal and vertical axes in the correlation plots show the
normalized concentrations from the first and second rounds, respectively. The red line in
each plot indicates the line of identity. Correlation coefficients are given in the lower right

corner of each plot.
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Fig. 5.
Reproducibility of metabolite maps obtained from static reconstructions of the data in Fig. 4.

Correlation plots of metabolite maps were obtained by averaging frame-by-frame
reconstructions (see Image Reconstruction) of the last 64 (top row) and 16 frames (bottom
row), corresponding to the last 82 s and 20 s of data acquisition, respectively. The plot
layouts are the same as in Fig. 4.
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Fig. 6.
Reconstruction of dynamic MRSI data from rat hindlimb data acquired from control

experiments. The experimental protocol and acquisition were the same as the stimulation-
recovery experiment, except that no stimulation was used. The layout is the same as that of
Fig. 2.
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