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Abstract

Purpose: To develop a practical method to enable 3D T1 mapping of brain metabolites.

Theory and Methods: Due to the high dimensionality of the imaging problem underlying 

metabolite T1 mapping, measurement of metabolite T1 values has been currently limited to a 

single voxel or slice. This work achieved 3D metabolite T1 mapping by leveraging a recent 

ultrafast MRSI technique called SPICE (spectroscopic imaging by exploiting spatiospectral 

correlation). The Ernst-angle FID MRSI data acquisition used in SPICE was extended to 

variable flip angles, with variable-density sparse sampling for efficient encoding of metabolite 

T1 information. In data processing, a novel generalized series model was used to remove water 

and subcutaneous lipid signals; a low-rank tensor model with prelearned subspaces was used to 

reconstruct the variable-flip-angle metabolite signals jointly from the noisy data.
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Results: The proposed method was evaluated using both phantom and healthy subject data. 

Phantom experimental results demonstrated that high-quality 3D metabolite T1 maps could be 

obtained and used for correction of T1 saturation effects. In vivo experimental results showed 

metabolite T1 maps with a large spatial coverage of 240 × 240 × 72 mm3 and good reproducibility 

coefficients (< 11%) in a 14.5-min scan. The metabolite T1 times obtained ranged from 0.99 to 

1.44 s in gray matter and from 1.00 to 1.35 s in white matter.

Conclusion: We successfully demonstrated the feasibility of 3D metabolite T1 mapping within 

a clinically acceptable scan time. The proposed method may prove useful for both T1 mapping of 

brain metabolites and correcting the T1-weighting effects in quantitative metabolic imaging.

Keywords

FID MRSI; low-rank tensor modeling; metabolite T1 mapping; variable flip angle

1 | INTRODUCTION

MRSI has been used for noninvasive measurement and quantification of several endogenous 

metabolites (e.g., N-acetylaspartate [NAA], creatine [Cr], and choline [Cho]) of the brain. 

The measured metabolite signals are, however, often weighted by the T1 effects, which 

may complicate the biological interpretation of their changes. The weighting effects become 

more significant in accelerated MRSI experiments with very short TRs.1–4 Therefore, to 

ensure accurate estimation of metabolite concentrations, metabolite T1 values are needed 

for correcting the T1 weighting effects. These values can also be used for optimizing scan 

parameters5–9 and providing informative insights into the microenvironment of pathological 

conditions.10,11

Measuring metabolite T1 values requires acquiring a series of T1-weighted spectroscopic 

signals using, such as variable-TR, variable-flip-angle (VFA), or inversion-recovery 

sequences. This adds another dimension to the imaging problem and exacerbates the 

challenge of achieving fast imaging with high spatial resolution, large spatial coverage, and 

good SNR in MRSI experiments. As a result, current technologies for measuring metabolite 

T1 values have been limited to single-voxel5–11 or single-slice12–14 experiments. To the best 

of our knowledge, no studies have been reported for 3D metabolite T1 mapping so far.

Recently, the feasibility of ultrafast 3D MRSI has been demonstrated using SPICE 

(spectroscopic imaging by exploiting spatiospectral correlation).1,15–21 In data acquisition, 

SPICE features an accelerated FID MRSI sequence without water and lipid suppression 

pulses. Rapid scanning has been accomplished by combining short TR, ultrashort TE, and 

extended echo-planar spectroscopic imaging trajectories21,22 to sparsely sample (k,t)-space. 

In data processing, SPICE leverages a union-of-subspaces model to address the problems 

of water and lipid removal and metabolite reconstruction from sparse and noisy data. With 

these advances, SPICE can provide 3D metabolite mapping in several clinical applications, 

including stroke,23–25 tumor,26 Alzheimer’s disease,27 and epilepsy.28 However, the current 

SPICE method lacks metabolite T1 mapping capability; thus, the resulting metabolite signals 

carry strong T1-weighting effects due to short-TR (160 ms) acquisition.
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This work extends the basic SPICE to VFA SPICE to enable 3D metabolite T1 mapping. 

The high-dimensional data space was sampled in variable density, with extended k-space 

coverage for the Ernst-angle excitations and limited k-space coverage for the non-Ernst-

angle excitations. In data processing, a novel generalized series (GS) model was used 

to remove nuisance signals from the low-resolution non-Ernst-angle MRSI data, which 

effectively incorporated the high-resolution spatiospectral priors from the Ernst-angle MRSI 

data; a prelearned low-rank tensor (LRT) model was used to effectively reconstruct the VFA 

metabolite signals jointly from the noisy data. The proposed technology was evaluated using 

phantom and in vivo experiments, producing high-quality and reproducible results.

2 | THEORY

2.1 | Data acquisition

The proposed data-acquisition scheme is illustrated in Figure 1A, which maintains the 

acquisition features of the basic SPICE,1,20,21 including (1) short-TR (160 ms), ultrashort-

TE (1.6 ms), Ernst-flip-angle (27°) FID MRSI; (2) elimination of water and lipid 

suppression pulses; (3) extended echo-planar spectroscopic imaging readout to cover the 

(kx,t)-space and conventional phase encodings to cover the (ky,kz)-space; and (4) embedded 

navigators to monitor subject motion and field drift during the scan.

This basic SPICE sequence was extended to VFA excitations for measuring metabolite T1 

values. The reasons for using VFA instead of inversion-recovery or variable-TR sequences 

are 2-fold. First, VFA excitations do not affect the short-TR FID acquisition used in 

the SPICE sequence, which provides high sampling and SNR efficiency. Compared with 

conventional inversion-recovery or variable-TR spin echo–based MRSI methods with long 

TR (usually >1.5 s), our proposed scheme provides about 10-fold acceleration. Second, the 

B1 sensitivity issue of T1 mapping using VFA excitations29 can effectively be addressed in 

the proposed method using unsuppressed water signals for B1 estimation.

Five flip angles were used in the proposed sequence (17°/22°/27°/32°/37°) to encode T1 

and B1 information. Instead of densely sampling all five flip angles as the basic SPICE 

(with the Ernst-angle excitation), which would result in an excessively long scan time (~35 

min), we sampled the (ky,kz)-space in variable density to shorten the data acquisition time, 

as illustrated in Figure 1B. More specifically, for the Ernst-angle excitation with optimal 

SNR, k-space was sampled with extended coverage (78 × 24 phase encodings, 3.1 × 3.0 

mm resolution). For other flip angles, only central k-space data were sampled (24 × 24 

phase encodings, 10.0 × 3.0 mm resolution). The limited sampling of other flip angles is 

feasible, because high-resolution spatial information has been encoded in the Ernst-angle 

data. Residual signal variations among different flip angles can be well characterized by 

appropriate T1-weighting functions, which can be captured by a small number of spatial 

encodings. In other words, the inherent degrees of freedom (DOF), or number of unknowns, 

can be significantly reduced by exploiting the correlation among the data of different flip 

angles, allowing accelerated sampling of the high-dimensional data space. Overall, the 

proposed variable-density sampling scheme provided a factor of 2.4 acceleration, reducing 

the total scan time for 3D metabolite T1 mapping (FOV = 240 × 240 × 72 mm3) to only 14.5 

min.
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2.2 | Data processing

We leveraged the SPICE data processing pipeline to process VFA SPICE data, which can 

effectively remove the lipid and water signals from the high-resolution MRSI data.30 The 

remaining data processing problems were (1) removal of water and lipid signals from 

non-Ernst-angle MRSI data with very limited k-space coverage, and (2) reconstruction of 

VFA MRSI images from undersampled noisy data.

2.2.1 | Nuisance signals removal: To solve the first problem, we treated the 

determined high-resolution water and lipid signals as references, and expressed the low-

resolution water and lipid signals using the following GS models31,32:

ρL x, t, θ = ∑
n = − NL

NL
αn t, θ ρ̂L x, t, θref e−i2πnΔk ⋅ x,

ρW x, t, θ = ∑
n = − NW

NW
βn x, θ ρ̂W x, t, θref e−i2πnΔft .

(1)

where ρL x, t, θ  and ρW x, t, θ  are the desired lipid and water signals, respectively, both of 

which are functions of space (x), time (t), and flip angle (θ); ρ̂L x, t, θref  and ρ̂W x, t, θref  are the 

high-resolution lipid and water references estimated from Ernst-angle (θref) excitation; and 

αn t, θ  and βn x, θ  are the GS model coefficients.

The GS model for lipid removal was formulated in the spatial domain because the separation 

of subcutaneous lipid and metabolite signals is feasible by their spatial orthogonality (i.e., 

the lipid signals that we aim to remove originate from the subcutaneous region, whereas 

metabolites are located within the brain). Note that there may be detectable lipid signals 

originating from the brain tissue under pathological conditions33–35; these lipid signals are 

not removed in this step, as they may contain useful information for lesion characterization. 

The high-resolution reference provided accurate spatial boundary information and spatial 

variation information of the lipid signals. The spatial GS model effectively absorbed such 

spatial information by directly incorporating the reference image into the spatial bases. 

The modulation function in the GS model, ∑n = − NL
NL αn t, θ e−i2πnΔk ⋅ x, was designed to 

capture the discrepancies between the Ernst-angle and non-Ernst-angle excitations. Such 

discrepancies can be well characterized by a T1-weighting modulation effect sL x, t, θ , which 

is known to contain primarily low-frequency information36 and can be well approximated by 

a truncated Fourier series as follows:

SL x, t, θ ≈ ∑
n = ‐NL

NL
αn t, θ e−i2πnΔk ⋅ x,

(2)

resulting in the modulation functional in the proposed spatial GS model. Because NL is 

a much smaller number than the number of voxels to be reconstructed, the proposed GS 

Zhao et al. Page 4

Magn Reson Med. Author manuscript; available in PMC 2025 May 29.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



model leads to significant reduction in DOF. In practice, we have found NL = 15 × 15 to be 

sufficient for representing lipid signals, making it possible for determination of lipid signals 

from limited k-space data with 24 × 24 phase encodings.

The GS model for water removal was formulated in the spectral domain, because the 

separation of water and metabolite signals is based primarily on their distinct spectral 

locations (i.e., water resonates at about 4.7 ppm, and most detectable metabolites resonate 

between 0.8 and 4.3 ppm). The spectral GS model effectively absorbed the frequency 

information of the water reference; the modulation function, ∑n = − Nw
Nw βn x, θ e−i2πnΔft, was 

used to capture the interscan water signal changes due to field variations, which can be 

modeled as a linear combination of frequency components within a certain range [−NWΔf, 

NWΔf]37 as follows:

sW x, t, θ ≈ ∑
n = − NW

NW
βn x, θ e−i2πnΔft,

(3)

leading to the proposed GS model. In practice, the field varies over a small range, resulting 

in a small model order and a few DOFs (typically NW = 4). Besides, it is well known that 

spatial variations in field drift are rather smooth.38 The small DOF of the proposed spectral 

model and the smooth nature of the model coefficients make it feasible to reconstruct and 

remove water signals from limited k-space data.

With the proposed GS model in Eq. (1), estimation of lipid and water signals from the 

low-resolution data sets was done by solving the following linear least-squares problem:

α θ , β θ = arg min
α θ , β θ

d θ − Ω θ F GLαL θ + GWβW θ 2
2,

(4)

where d θ  is the data vector acquired with flip angle θ; Ω θ  is the corresponding (k,t)-space 

sampling operator; F the Fourier encoding operator; GL is the GS encoding operator for 

lipid signals; GW is the GS encoding operator for water signals (i.e., matrices whose NL or 

NW columns contain frequency-modulated reference images); α θ  is the vector of lipid GS 

coefficients; and β θ  is the vector of water GS coefficients. The estimated lipid and water 

signals, GLα̂ θ  and GWβ̂ θ , were then removed from the measured (k,t)-space data.

2.2.2 | Spatiospectral reconstruction of metabolite signals: For reconstruction 

of metabolite signals, the basic SPICE method used a subspace approach to handle the large 

measurement noise. Particularly, a subspace model was adopted to exploit the spatiospectral 

correlations of MRSI signals (known as partial separability15) for effective denoising.20 In 

this work, we extended the union-of-subspaces model to a union-of-low-rank-tensors model 

for representing the VFA metabolite signals15,30,39,40:
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ρ x, f, θ = ∑
m = 1

M
ρm x, f, θ

= ∑
m = 1

M
∑

p = 1

Pm

∑
q = 1

Qm

∑
r = 1

Rm
tm, p, q, r um, p(x)vm, q(f)wm, r(θ) ,

(5)

where ρm x, f, θ  is the signal from the mth molecule; tm, p, q, r is the core tensor; vm, q f  are 

the spectral basis functions; wm, r θ  are the T1-weighting basis functions; and um, p x  are the 

spatial coefficients, respectively. This model includes major brain metabolites, like NAA, 

Cr, Cho and myo-inositol (mI), as well as macromolecules. Other molecules, like glutamate, 

glutamine, gamma-aminobutyric acid and lactate, can also be incorporated in the model. 

In this study, we did not include them, as they have much lower SNR and larger spectral 

overlapping to permit reliable T1 estimates using the proposed fast data-acquisition scheme 

at 3 T. One key advantage of this model is the significant reduction in the DOF. For example, 

with the conventional Fourier model, the DOF of an image of 80 × 80 × 24 spatial matrix 

size, 512 spectral points, and five flip angles is 393 million. With the LRT model, the 

DOF is about 6 million (50-fold reduction). The reduced DOF enables the reconstruction of 

high-quality images from undersampled and noisy data.

The LRT model in Eq. (5) also decouples signal variations along spatial, spectral, and 

flip-angle dimensions, enabling effective incorporation of physics-based prior information 

in the form of prelearned basis functions. In this work, we prelearned both spectral and 

flip-angle basis functions to facilitate the reconstruction of ρ x, f, θ . The spectral basis 

functions for each molecule were obtained by integrating quantum mechanical simulation 

with empirical spectral parameter distributions from training data.20,41 Specifically, the 

following parametric model was used to represent spectral signals:

sm f =
−∞

∞
cm ϕm t e−t/T2, m

*
e−i2πΔfmt ℎ t e−i2πftdt,

(6)

where cm is the concentration of the mth molecule; ϕm t  the resonance structure function 

determined by quantum simulation; and T2, m
* , Δfm, ℎ t  is a set of spectral parameters for 

Lorentzian linewidth, frequency shift, and lineshape variations,20 respectively. A set of 

model parameters was estimated by fitting the spectral signal model in Eq. (6) to training 

data acquired from healthy subjects, then a Casorati matrix was generated with columns 

containing the spectral signals synthesized using the fitted parameters. Finally, the basis 

functions vm, q f  were estimated by performing singular value decomposition on the Casorati 

matrix.

Similarly, the Casorati matrix for estimating T1-weighting basis functions was generated 

using the following steady-state signal model42,43:
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fm θ = am
1 − exp −TR/T1, m

1 − cos B1
+θ exp −TR/T1, m

sin B1
+θ ,

(7)

where am is the proton density of the mth molecule; T1, m is the T1 value; and B1
+ is the 

B1
+ inhomogeneity. A set of feasible molecular T1 values (300–1800 ms, covering typical 

T1 ranges of metabolites and macromolecules) and B1
+ inhomogeneities (0.5–1.5, covering 

typical B1
+ values at 3 T43,44) were used to synthesize T1-weighting functions, filling the 

columns of the Casorati matrix, from which we derived the T1-weighting basis functions 

wm, r θ .

With the prelearned basis functions, the reconstruction problem was simplified to the 

estimation of core tensor tm, p, q, r and spatial coefficients um, p x . We estimated them by solving 

the following optimization problem that enforces data consistency and edge-preserving 

regularization on the spatial coefficients:

min
tm, p, q, r, um, p

dr − ΩFB ∑
m = 1

M
∑

p = 1

Pm

∑
q = 1

Qm

∑
r = 1

Rm
tm, p, q, r um, p ∘ vm, q ∘ wm, r

2

2

+ λ ∑
m = 1

M
∑

p = 1

Pm
Wum, p 2

2,

(8)

where dr is the vector representing nuisance-removed (k, t, θ)-space data; Ω is the sampling 

operator in (k, t, θ)-space; B is the B0 inhomogeneity effect operator; um, p, vm, q, and wm, r

are the vectors for spatial coefficients, prelearned spectral basis and T1-weighting basis, 

respectively; “∘” is the vector outer product operator; λ are the regularization parameters 

(selected according to the discrepancy principle45); and W is the edge-preserving spatial 

regularization matrix.46 The detailed algorithm to solve Eq. (8) is described in the 

Supporting Information. After the core tensor tm, p, q, r and spatial coefficients um, p x  were 

determined, the metabolite signals were synthesized based on Eq. (5). The final T1 maps 

were calculated by fitting the steady-state signal model in Eq. (7) using the variable 

projection algorithm.47

3 | METHODS

3.1 | Acquisition of phantom data

We used a uniform MRS phantom (SPECTER phantom; Gold Standard Phantoms LTD; 

NAA 12.5 mM, Cr 10.0 mM, Cho 3.0 mM, mI 7.5 mM, glutamate 12.5 mM, lactate 5.0 

mM, gamma-aminobutyric acid 2.0 mM) to validate the proposed method. The phantom 

experiment was carried out on a 3T scanner (MAGNETOM Prisma; Siemens Healthcare, 

Erlangen, Germany) equipped with a 20-channel head coil. A VFA SPICE data set was 

acquired with the following parameters: FOV = 240 × 240 × 72 mm3, matrix size = 78 × 122 

× 24, TR/TE = 160/1.6 ms, flip angle = 17°/22°/27°/32°/37°, echo space = 1.76 ms, readout 

bandwidth = 167 kHz, and scan time = 14:26 min.
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3.2 | Acquisition of in vivo data

The in vivo study was approved by the local institutional review board. Five healthy subjects 

were scanned using the same VFA SPICE sequence as used in the phantom experiment. 

One subject was scanned once to show the feasibility of the proposed method, and the other 

four were scanned twice in test–retest sessions separated by at least 14 days to evaluate the 

reproducibility. The protocol also includes an MPRAGE scan with the following parameters: 

FOV = 240 × 240 × 192 mm3, spatial resolution = 1.0 × 1.0 × 1.0 mm3, TR/TE/TI = 

1900/2.29/900 ms, flip angle = 9°, and scan time = 5:07 min.

3.3 | Data processing and analysis

The MPRAGE data were used as anatomical reference images to derive spatial supports 

for nuisance removal and edge weights for metabolite signal reconstruction. Gray-matter 

and white-matter masks were obtained using the Statistical Parametric Mapping toolbox 

(SPM12; http://www.fil.ion.ucl.ac.uk/spm/) for the estimation of B1 fields from water 

signals.

Main field drifts (global frequency drifts) and spatial misalignment (modeled as rigid-

body transformations) among VFA MRSI data sets were estimated from water signals 

and corrected on the entire data set. Nuisance signals were then estimated from the 

high-resolution data acquired with Ernst-angle excitation, serving as reference images 

for nuisance removal from low-resolution data. The high-resolution data also provided 

sensitivity maps for coil combination and B0 maps for metabolite signal reconstruction.48,49 

B1
+ and B1− maps were estimated from the VFA unsuppressed water signals using a 

polynomial fitting method.43 The B1
+ map was incorporated into the metabolite T1 fitting 

model in Eq. (7), and the B1
− map was corrected from the fitted metabolite concentration 

maps.

In phantom data analysis, Cho was used as the reference to normalize metabolite 

concentrations, and the T1-corrected concentrations of other metabolites were compared 

with the ground-truth values. In human data analysis, the reproducibility of metabolite T1 

values in test–retest experiments were evaluated in gray-matter and white-matter regions of 

four brain lobes (frontal/parietal/temporal/occipital) using Bland–Altman analysis.50 Paired 

t-tests were used to compare the regional T1 values between test and retest experiments.

4 | RESULTS

Figure 2 shows the VFA SPICE results obtained from the uniform phantom. Figure 2A 

shows the B1
+ and B1

− maps derived from the unsuppressed water signals. The metabolite 

concentration and T1 maps before and after B1 correction are displayed in Figure 2B. 

The proposed method produced uniform concentration and T1 maps, as supported by the 

histograms of metabolite T1 values in Figure S1. The correction of T1-weighting effects in 

metabolite concentrations resulted in a noticeable reduction in relative errors with respect 

to the ground truth, as shown in Figure 2C (NAA: 16.8%–1.6%, Cr: 4.1%–0.4%, mI: 2.3%–

0.9%).
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Experimental VFA SPICE results obtained from a healthy subject are presented in Figures 

3–5. Figure 3 displays the results obtained from the unsuppressed water signals. From the 

reconstructed VFA water images (shown in Figure S2), high-quality B1
+ and B1

− maps 

were estimated,43 which were subsequently used for corrections in the T1 maps of both 

water and metabolites. Water T1 maps are shown in Figure 3, which exhibited noticeable 

improvements in spatial homogeneity after the correction of B1
+ effects. Figure 4 shows the 

reconstructed VFA MRSI data, including VFA metabolite images in Figure 4A and localized 

spectra in Figure 4B. The metabolite images demonstrated high-quality reconstruction 

with high SNR and clear gray-matter/white-matter contrast. The signal evolution with the 

changes of flip angles was also noticeable in both metabolite maps and localized spectra, 

with the highest signal intensity at the Ernst-angle frame. Figure 5A presents the resulting 

metabolite T1 maps estimated from the VFA metabolite images. These 3D metabolite T1 

maps have extensive brain coverage and excellent SNR. The T1 curves and their fitting 

results from two representative spatial voxels are shown in Figure 5B. All four metabolites 

have excellent fitting with negligible residue.

Figure 6 shows the reproducibility results. Figure 6A displays the metabolite T1 maps 

obtained from test and retest experiments for 2 subjects. Their regional metabolite and water 

T1 values are provided in Table 1. The maps from the third and the fourth subjects are shown 

in Figure S3. All subjects yielded high-quality and consistent metabolite T1 maps. Bland–

Altman reproducibility analysis was performed, as shown in Figure 6B. The reproducibility 

coefficients for NAA, Cr, Cho, and mI T1 values were 7.8%, 9.0%, 10.5% and 10.7%, 

respectively. For all the metabolites, the mean differences of T1 values in two measurements 

were close to zero, and the 95% agreement lines of differences were very small compared 

with the mean values. These results demonstrated no significant bias between the repetitions 

(p > 0.05 for all metabolites), and the variations were within a reasonable range.

5 | DISCUSSION

This work introduces VFA SPICE for 3D metabolite T1 mapping within a practically 

feasible scan time. The results obtained from phantom experiments, in vivo feasibility 

assessments, and in vivo reproducibility studies demonstrated its accuracy and reliability 

in measuring metabolite T1 values in a scan of 14.5 min. It would take about 6 h for the 

state-of-the-art single-slice metabolite T1 mapping methods to achieve the same spatial 

coverage.13 This fast-imaging capability results from an innovative extension of basic 

SPICE data acquisition with VFA signal excitation and variable-density data sampling. In 

data processing, the challenges of removing nuisance signals from limited k-space data were 

addressed using high-resolution reference data through a novel GS model-based algorithm; 

metabolite image reconstruction from undersampled noisy data was solved using an LRT 

model with prelearned basis functions.

This study presents the first 3D mapping of metabolite T1 values with near whole-brain 

coverage. Compared with currently available metabolite T1 mapping methods with only 

single-voxel or single-slice coverage, the extended spatial coverage of VFA SPICE provided 

two major benefits. First, volumetric imaging reduced the variations in the measurement 

due to voxel/slice placement, which could be subjective and susceptible to errors of the 
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operators. Second, metabolite T1 values in multiple brain regions can be simultaneously 

measured and systematically compared, instead of repeating the measurement for different 

regions. The quantitative values given in Table 1 were in good agreement with previous 

reports from single-voxel MRS studies,5–7,9 as summarized in Table S1. The relative 

metabolite T1 differences compared with most prior studies are within 5%.

The correction of T1 relaxation effects in short-TR MRSI data like basic SPICE is needed 

for accurate metabolite quantification. Due to the difficulty in obtaining 3D metabolite T1 

maps for each individual, conventional T1 correction approaches rely on either surrogate 

water T1 values or tissue-based literature metabolite T1 values.51–55 However, tissue-based 

literature-value T1 correction may introduce inaccuracies due to spatial-dependent and 

subject-dependent variations (Figures 5 and 6) and would fail in pathological conditions. 

Water T1 maps, on the other hand, do not accurately represent metabolite T1 values (Figure 

3 and Table 1). This work provides molecule-specific T1 values from each individual for 

effective T1 correction. Additionally, the unsuppressed VFA water signals allow for the 

estimation of B1
+ and B1

− maps, which are also desired for quantitative imaging. Overall, 

the proposed method enables effective correction of T1 saturation and B1 inhomogeneities 

effects in SPICE data.

Further refinement and improvement can be made to the proposed method to enhance its 

performance and practical utility. First, ultrahigh-field MR systems could provide higher 

SNR and better spectral separation,56,57 enabling T1 mapping for a greater range of 

molecules. Second, only a small number of subjects were recruited in this feasibility study. 

As more metabolite T1 mapping data sets become available, machine learning methods 

can be applied to derive stronger data-driven priors (e.g., distributions of metabolite T1 

values) for further acceleration. Third, the flip-angle values were selected to be uniformly 

distributed. These values can be further optimized, such as through Cramer-Rao lower bound 

analysis.58 Finally, the data processing takes a relatively long time (~8 h on a workstation 

with a 24-core central processor operating at 2.6 GHz) and a large amount of memory 

(~50 GB). Optimizing the algorithm implementation and exploring the possibility of online 

reconstruction on the scanner would be desirable for practical applications.

6 | CONCLUSION

This paper demonstrated the feasibility of accelerated 3D metabolite T1 mapping using VFA 

SPICE. The proposed method has been evaluated using phantom and healthy volunteer data, 

resulting in high-quality and reproducible metabolite T1 maps. The proposed method shows 

promise as a useful tool for mapping metabolite T1 distributions and correcting T1 effects in 

short-TR MRSI data.
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FIGURE 1. 
Illustration of the proposed data-acquisition scheme for accelerated 3D metabolite T1 

mapping. (A) The variable-flip-angle (VFA) FID MRSI pulse sequence with extended echo-

planar spectroscopic imaging (EPSI) readouts and motion navigators. (B) The sampling 

strategy for the high-dimensional data space. Extended k-space was covered in the Ernst-

angle excitations (flip angle [FA] = 27°), whereas other data were sampled with limited 

k-space coverage.
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FIGURE 2. 
Phantom experiment results. (A) T1-weighted structural image and the B1 maps estimated 

from unsuppressed water MRSI signals. (B) Concentration and T1 maps of N-acetylaspartate 

(NAA), creatine (Cr), choline (Cho) and myo-inositol (mI) before and after B1 corrections. 

Both metabolite concentration and T1 maps became more homogeneous after corrections. 

(C) Metabolite concentrations measured in the phantom, using Cho concentration (3.00 mM) 

for normalization. T1-weighted concentrations were obtained from the Ernst-angle excitation 

data, and T1-corrected concentrations were obtained by fitting the variable-flip-angle data. 

With T1 weighting effects corrected, the concentrations of NAA, Cr, and mI become closer 

to the ground-truth concentrations (red lines).
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FIGURE 3. 
T1-weighted (T1w) anatomical image, B1 maps, and water T1 maps (before and after B1 

corrections) obtained from a healthy subject. B1 maps and water T1 maps were derived 

from the unsuppressed water signals in MRSI data. Noticeable improvement in spatial 

homogeneity of water T1 maps was observed after the correction of B1
+ effects (red arrows).
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FIGURE 4. 
Reconstructed variable-flip-angle (VFA) MRSI signals. (A) T1-weighted anatomical image 

and reconstructed VFA N-acetylaspartate (NAA), creatine (Cr), choline (Cho), and myo-

inositol (mI) maps. (B) Representative localized VFA spectra from three voxels, as indicated 

in the anatomical image. The metabolite maps and localized spectra were reconstructed with 

excellent SNR. FA, flip angle; T1w, T1-weighted.
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FIGURE 5. 
T1 fitting results of the reconstructed variable-flip-angle MRSI signals (CSF voxels excluded 

from fitting). (A) T1-weighted (T1w) anatomical image and metabolite T1 maps. (B) 

Representative localized flip-angle curve fitting. The fitted T1 maps exhibited large spatial 

coverage and high quality. The flip-angle curve fitting showed negligible residue. Cho, 

choline; Cr, creatine; FA, flip angle; NAA, N-acetylaspartate; mI, myo-inositol.
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FIGURE 6. 
Reproducibility study results. (A) T1-weighted (T1w) anatomical image and metabolite 

T1 maps obtained from 2 subjects in two experiment sessions (14 days apart). (B) Bland–

Altman plots for N-acetylaspartate (NAA), creatine (Cr), choline (Cho), and myo-inositol 

(mI) T1 values of 3 subjects in eight brain regions. The average sizes of these regions are 

frontal gray matter = 98.1 cm3, frontal white matter = 100.9 cm3, parietal gray matter = 

87.4 cm3, parietal white matter = 76.4 cm3, temporal gray matter = 15.6 cm3, temporal 

white matter = 7.7 cm3, occipital gray matter = 13.3 cm3, and occipital white matter = 6.8 

cm3. The metabolite T1 maps exhibited good consistency between the two experiments. No 

significant biases were observed for the T1 values of all molecules (p > 0.05).
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