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P H Y S I C A L  S C I E N C E S

High–spatiotemporal resolution deuterium metabolic 
imaging enables in vivo phenotyping of intra- and 
intertumoral heterogeneity
Xinjie Liu1,2†, Sufei Wang3†, Jinrui Zhao1, ShaSha Wang1, Peng Sun4, Xin Zhou1,2, Maili Liu1,2, 
Chaoyang Liu1,2, Lucio Frydman5*, Qingjia Bao1,2*

Intra- and intertumoral heterogeneities raise fundamental biological questions and have important implications for 
accurate cancer diagnosis, prognosis, and treatment. These heterogeneities reflect tumor complexity, including a 
pronounced diversity in metabolic phenotypes and profiles. This study demonstrates that in vivo deuterium meta-
bolic imaging (DMI) data acquired with sufficiently high spatiotemporal resolution provide a minimally invasive 
approach to assess these heterogeneities. A multifrequency DMI approach was used to examine tumor heterogene-
ities within and between colon cancer models. Regions of high and low glucose enrichment and labeled lactate ac-
cumulation could thus be detected; these were analyzed using unsupervised clustering strategies based on k-means 
clustering of area-under-the-curve information, and principal components analysis with Gaussian mixture model-
ing. Spatial alignment of these imaging-derived clusters for 2H-glucose and 2H-lactate showed good agreement 
with each other as well as with histological sections, validating the biological relevance of the identified subregions. 
Immunohistochemical analyses showed that glucose-enriched subregions were positively correlated with the ex-
pression of GLUT1 and DLAT, while lactate-enriched areas showed elevated expression of LDHA and MCT4. These 
results demonstrate that in vivo DMI can distinguish metabolically distinct subregions within viable tumors and 
between tumor models. DMI-based metabolic maps could thus provide the means to characterize intra- and inter-
tumoral heterogeneities, paving the way for imaging-based metabolic phenotyping in precision oncology.

INTRODUCTION
Intratumoral heterogeneity—the coexistence of distinct tissue sub-
types within a tumor—is a defining feature of cancer, closely linked 
to disease progression, therapeutic resistance, and relapse (1–3). Ac-
curate intra- and intertumoral diagnoses are essential for stratifying 
risk and tailoring treatment, particularly to identify aggressive sub-
clones that may evade therapy or drive metastasis (4–7). While tis-
sue biopsies enable molecular profiling, their spatial limitations and 
procedural constraints restrict comprehensiveness, evaluation, and 
longitudinal monitoring (8, 9). Only minimally invasive in vivo images 
targeting the whole tumor can provide the assessments and repeated 
measurements needed for a full characterization and understanding 
of the disease and its development (10, 11). Routine imaging mo-
dalities, however, provide mostly morphological descriptors that lack 
sufficient spatially resolved metabolic insight, underscoring the need 
for discovering previously unrecognized functional and molecular 
biomarkers (12, 13). The present study discusses the opportunities 
that novel forms of deuterium metabolic imaging (DMI) having 
high sensitivity and improved spatiotemporal resolution provide in 
this realm.

One of the main sources of insight about metabolic reprogram-
ming is the Warburg effect, a hallmark of cancer and a common 

imaging target (14, 15). Clinically approved [18F]fluorodeoxyglu-
cose positron emission tomography (FDG-PET) relies on this effect 
to quantify glucose enrichment (16), revealing within the limits of 
its spatial resolution variations in tumor metabolism, yet lacking the 
specificity needed for discerning downstream pathways (17, 18). 
Conventional 1H magnetic resonance imaging (MRI) provides, pri-
marily, anatomical and physiological contrasts that do not directly 
report pathway-specific metabolism (19, 20). By contrast, diffusion 
and perfusion MRI have demonstrated pronounced intratumoral 
heterogeneities, related to cellularity and vascular supply (3). Meta-
bolic specificity can be introduced by 1H magnetic resonance spec-
troscopic imaging (MRSI) and related techniques such as chemical 
exchange saturation transfer and hyperpolarized 13C MRSI (21–27). 
However, robust mapping of metabolic heterogeneity by these means 
is often limited in practice by spatial resolution, coverage, temporal 
sampling, sensitivity, and quantification constraints.

Recently, DMI has emerged as a promising technique for nonin-
vasively assessing tissue metabolic kinetics without some of these 
constraints (18–20, 28). DMI follows the fate of deuterated, nonra-
dioactive substrates (29). 2H-labeled metabolites minimally perturb 
the endogenous metabolic pathways, enabling the continuous moni-
toring of substrate enrichment and downstream metabolic conversions 
under physiological conditions (30–32). In addition, the relatively 
short T1 relaxation time of 2H compared to 13C facilitates signal av-
eraging across multiple acquisitions, improving the signal-to-noise 
ratio (SNR) within clinically feasible scan durations (33, 34). Numerous 
studies have demonstrated the potential of DMI in oncological ap-
plications, including tumor detection, molecular subtype classification, 
and early therapeutic response assessment (20, 31, 32, 35–40). For 
instance, DMI has been used to differentiate tumor phenotypes based 
on their glucose metabolism pathways, and to identify treatment-
induced reductions in lactate accumulation following chemotherapy 
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or targeted therapy (19, 38–40). In vivo DMI technologies could also 
provide valuable insight into intratumoral metabolic heterogeneity, 
provided its relatively low spatiotemporal resolution can be over-
come (18, 19). This is challenged by 2H’s limited sensitivity and by 
low metabolic concentrations, which together impair DMI’s ability 
to spatially resolve intratumoral heterogeneities and metabolic fluxes 
at the microliter level. Being able to access such localized metabolic 
kinetics could be essential for accurate diagnosis, subtype stratifica-
tion, and personalized treatment planning, as well as for a better 
understanding of cancer.

This study presents a high-resolution DMI strategy that, when 
integrated with unsupervised clustering, enables such mapping of 

intratumoral metabolic heterogeneity in vivo (Fig. 1). It also enables 
the discrimination among different tumor subtypes. To achieve such 
goals, we rely on a multifrequency version of the balanced steady-
state free precession (bSSFP) DMI pulse sequence that leverages the 
distinct spectral responses of the different metabolites. At 9.4-T fields, 
this provided a robust spectral separation of the multiple deuterated 
species arising following [6,6′-2H2]glucose administration, while 
achieving submillimeter (0.9 mm × 0.9 mm) in-plane resolution at 
∼2 min per dynamic frame. The metabolic heterogeneity data that 
these fast, high-resolution DMI experiments provided were ana-
lyzed by two complementary, unsupervised clustering pipelines: one 
involving k-means clustering of area-under-the-curve (AUC) data, 

Fig. 1. Integrated DMI and computational framework used for the in vivo mapping of metabolic tumor heterogeneities. (A) After intravenous administration of 
[6,6′-2H2]glucose in a CT26 tumor–bearing mice, dynamic high-resolution DMI was performed using a bSSFP-based sequence with high spatial and temporal resolution. 
This enabled voxel-wise mapping of glucose enrichment and lactate accumulation over time, revealing distinct tumor subregions exhibiting differential glycolytic me-
tabolism. (B) Dynamic metabolic data were then processed to generate AUC maps for glucose and lactate, analyzed by k-means clustering strategies. The DMI clustering 
maps identified metabolically distinct subregions and were coregistered with H&E clustering maps, confirming that metabolically active areas corresponded to viable 
tumor areas, while areas with low or absent signal aligned with necrotic tissue. The viable-area and necrotic-area micrographs are magnified views of the magenta- and 
cyan-boxed regions, respectively, in the whole-section histology image.
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the other involving a principal components analysis (PCA) followed 
by Gaussian mixture modeling (GMM). This integrated framework 
provided us with three capabilities that we believe are key for cancer 
understanding and diagnosis: (i) the noninvasive detection of early 
tumor apoptosis through reduced glycolytic flux and altered me-
tabolite distributions, offering a sensitive MRI biomarker for detect-
ing necrotic tumor areas as induced by excessive proliferation or by 
therapy; (ii) a clear picture of intratumoral metabolic heterogene-
ities within viable growing tumors, delineating subregions associat-
ed with distinct states such as high glucose enrichment and high 
lactate accumulation; and (iii) metabolic fingerprints derived from 
different tumor subregions, enabling the differentiation between two 
colorectal tumor models (intertumor heterogeneity) in a label-free, 
purely data-driven manner. The meaning of these in vivo heterogeneity 
mapping was further examined by immunohistochemical studies 
focusing on eight key metabolism-related markers, which confirmed 
and provided further insight into the functional meaningfulness of 
the DMI metabolic information. Collectively, these results establish 
high-resolution DMI with unsupervised clustering as a robust plat-
form for metabolic phenotyping, endowed with a strong transla-
tional potential for diagnosis, treatment response evaluation, and 
therapeutic stratification.

RESULTS
High-resolution DMI enabled by multifrequency bSSFP
To enhance DMI’s spatiotemporal resolution sufficiently to charac-
terize metabolic tumor heterogeneities, it is necessary to increase its 
sensitivity per unit time. To this end, we relied on bSSFP experiments 
that have been demonstrated to provide a superior DMI sensitivity and 
modified them into a multifrequency (MF) bSSFP version (Fig. 2A) 
capable of separating the three main 2H signals arising in this ex-
periment: water, glucose, and lactate. Like its chemical shift imaging 
(CSI) or multiecho (ME) bSSFP counterparts, MF-bSSFP leverages 
the favorable T2/T1 ratios of deuterated metabolites and the intrinsic 
spectral sparsity of DMI to enhance the SNR. MF-bSSFP, however, 
replaces the spectral evolution exploited by ME- and CSI-bSSFP, 
with imaging-oriented acquisitions carried out at a series of opti-
mized, predefined offsets (Fig. 2A, left). As each metabolite’s bSSFP 
image will have a different phase for each offset, suitable linear com-
binations of these variable-frequency acquisitions can separate their 
individual images. To maximize SNR and spectral separability, it is 
necessary to optimize the experimental acquisition parameters—
foremost the repetition time (TR), flip angle, and frequency offsets 
defining the overall phase of each metabolite’s images; this was done 
based on the a priori known chemical shifts of the metabolites (fig. 
S1). The resulting search yielded acquisition parameters for five offsets 
with characteristic magnitude and phase response profiles (Fig. 2A, 
center), from which an iterative reconstruction based on linear 
combinations could successfully resolve the spatial distributions for 
each metabolite, while factoring in B0 field heterogeneities and 
T2 effects.

Experimental results obtained with such a scheme were further 
validated with a three-dimensional (3D)–printed phantom contain-
ing three letters shaped as “A,” “P,” and “M,” filled with 2H2O (40 mM), 
[6,6′-2H2]glucose (20 mM), and [3,3,3-2H3]-lactate (20 mM) respec-
tively (Fig. 2B). Representative 2H magnitude and phase images ac-
quired at five optimized frequency offsets (±190, ±110, and 0 Hz; 
fig. S2) exhibited uniform magnitude signal intensities yet distinct 

frequency-dependent contrasts. These unique phase signatures en-
abled clear metabolite differentiation and provided the basis for spec-
tral separation in the reconstruction pipeline (Fig. 2A). To benchmark 
the performance of MF-bSSFP against conventional CSI, we compared 
spatially resolved metabolite maps at various resolutions (Fig. 2B). 
CSI at a 16 × 16 matrix resolution failed to capture fine phantom de-
tails, and although increasing the resolution to 32 × 32 marginally 
improved spatial clarity, it led to substantial SNR degradation, espe-
cially for lactate. By contrast, MF-bSSFP at 32 × 32 and 40 × 40 reso-
lution achieved both high spatial fidelity and distinct metabolite 
separation, maintaining strong SNR even for low-concentration lac-
tate for identical scanning times and spatial resolution conditions. 
Quantitative analyses of SNR across five repeated measurements are 
shown in Fig. 2C. MF-bSSFP achieved 2.8-fold, 4.1-fold, and 3.7-fold 
improvements over CSI for water (CSI: 20.2 ± 1.1; MF-bSSFP: 56.3 ± 
1.2), glucose (CSI: 8.0 ± 0.9; MF-bSSFP: 32.4 ± 0.8), and lactate (CSI: 
8.2 ± 1.0; MF-bSSFP: 30.2 ± 0.7), respectively. Moreover, the SNR of 
the reconstructed metabolite images closely matched the theoretical 
maximum obtained via direct signal averaging (√5 × mean for 
bSSFP images), confirming the high efficiency of the iterative reconstruc-
tion algorithm used to process the MF-bSSFP data. The robustness of 
the ensuing MF-bSSFP under varying noise levels and B0 inhomoge-
neity is further demonstrated in fig. S3; comparisons with other 
methods are given in fig. S4.

High-resolution DMI delineates necrotic and viable tumor 
compartments via unsupervised metabolic clustering
Distinguishing necrotic areas from viable tumor tissue is essential 
for understanding tumor progression and assessing therapeutic re-
sponse. To this end, we applied the optimized DMI approach de-
scribed above on mice having a subcutaneous colon cancer model, 
and quantified the dynamic distribution of metabolites using AUC 
maps for deuterated water, glucose, and lactate. The resulting spatial 
patterns revealed marked intratumoral metabolic heterogeneities 
(Fig. 3). Spatially distinct metabolic compartments could then be estab-
lished via unsupervised analyses of the glucose and lactate AUC 
maps, using k-means clustering. Metabolically active areas exhibited 
substantial time-dependent accumulation of both glucose and lactate 
signals consistent with active glycolysis. By contrast, metabolically 
inactive areas showed markedly reduced metabolite enrichment, re-
flecting suppressed metabolic activity. To further validate these find-
ings, we performed PCA on the dynamic metabolite maps, reducing 
the glucose and lactate time series to 10 dimensions, followed by clus-
tering them using a GMM. The GMM-based segmentation closely 
matched the k-means results, and both of these exhibited strong 
correspondence with histopathological features (fig. S5). Hematoxy-
lin and eosin (H&E) staining confirmed that DMI-defined meta-
bolically inactive area corresponded to necrotic tissue, characterized 
by widespread cellular disintegration and nuclear pyknosis. By con-
trast, DMI-identified metabolically active area corresponded to vi-
able tissue that showed densely packed, mitotically active tumor cells 
(Fig. 3). Histological matching was performed using sections (4 μm 
thickness) obtained near the central DMI plane (6 mm).

High-resolution DMI reveals mesoscopic metabolic 
heterogeneities within viable tumors
The combination of high-resolution DMI with an unsupervised clus-
tering algorithm also enabled us to discern heterogeneities in the meta-
bolic activity within viable tumor compartments. Figure 4 illustrates 
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Fig. 2. Schematic description of high spatiotemporal resolution DMI and corresponding phantom validation. (A) MF-bSSFP acquisition and reconstruction pipe-
line, showing the sequence diagram, expected signal magnitude, and phase responses of deuterated water, glucose, and lactate across frequency offsets at 9.4 T, and the 
iterative reconstruction algorithm leading to metabolite-specific maps. (B) Left: T2-weighted 1H image of a 3D-printed phantom containing tubes filled with 2H2O (“A”), 
2H-glucose (“P”), and 2H-lactate (“M”), and sum of five 2H magnitude images acquired with MF-bSSFP at five frequency offsets. Right: Metabolites’ maps arising from con-
ventional CSI and MF-bSSFP acquired with same scan times (≈4 min 30 s) and field of view (30 × 30 mm2). CSI was performed with matrix sizes of 16 × 16 and 32 × 32; 
MF-bSSFP was repeated for 32 × 32 and 40 × 40 matrices. (C) Quantitative SNR analysis comparing CSI and MF-bSSFP at matched resolution (32 × 32) and acquisition time. 
The “√5 × mean bSSFP images” bar denotes the theoretical SNR gain from combining five acquisitions. Error bars indicate SD across repeated scans (five averages each).
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this with high-resolution DMI data and results arising from the un-
supervised clustering, for a subcutaneous tumor mouse model. Un-
like the experiments in Fig. 3, this tumor did not exhibit extensive 
necrosis, as confirmed by H&E staining (fig. S6). Despite the ab-
sence of large necrotic areas, DMI’s high spatiotemporal resolution 
clearly revealed pronounced intratumoral heterogeneity, especially 
in the glucose enrichment and lactate accumulation (Fig. 4A). In 
contrast to glucose and lactate, deuterated water was not included in 
the present clustering analysis, as it was found to reflect a mixture of 
whole-body label accumulation, perfusion/vascular water content, 
and exchange processes, rather than a spatially specific readout of 
local tumor glycolytic flux at the voxel scale. There was thus little 
information added upon comparing results with versus without the 
inclusion of the AUC (water) information. (fig.  S7). Therefore, k-
means clustering applied to the glucose and lactate AUC maps iden-
tified four distinct metabolic phenotypes, with the optimal number 
of clusters (K = 4) determined using the Elbow method (Fig. 4B). 
The voxel-wise distribution of normalized glucose and lactate values 

(Fig. 4C) associated these k-means clustered data to one of four pos-
sible phenotypes: HG + HL: high glucose enrichment, high lactate 
accumulation; HG + LL: high glucose enrichment, low lactate ac-
cumulation; LG + HL: low glucose enrichment, high lactate accumula-
tion; and LG + LL: low glucose enrichment, low lactate accumulation. 
These clusters appear spatially localized within the tumor (Fig. 4D).

Time-resolved glucose and lactate concentration curves for 12 C26-
implanted tumor-bearing mice (Fig. 4, E and F) also demonstrate clear 
kinetic distinctions between these clusters. Quantification of AUC val-
ues revealed significantly higher glucose enrichment in HG + HL and 
HG + LL areas relative to LG + HL and LG + LL (Fig. 4G), and elevated 
lactate accumulation in HG + HL and LG + HL compared to HG + LL 
and LG + LL (Fig. 4H). k-means clustering and quantitative analyses 
conducted on a different cohort of colon cancer–bearing mice—10 
CT26 tumor–implanted animals—using the same methods yielded 
similar results to those of the C26 strain (fig. S8).

To explore whether metabolic dynamics could be analyzed be-
yond static AUC features, a PCA-GMM framework was applied on 

Fig. 3. Metabolic imaging and histological validation in two tumor-bearing mice with necrotic tissue. (A and B) T2-weighted MR images with tumor boundaries 
(red); dynamic AUC maps of deuterated water, glucose, and lactate; DMI clustering maps; corresponding postmortem H&E sections with contours (blue); and clustered 
histology maps are shown for one CT26 tumor (A) and one C26 tumor (B). For subject 1, the images are the same source images as those shown in Fig. 1 and are reused 
here to facilitate direct comparison with the corresponding histological analysis. The viable-area and necrotic-area micrographs are magnified views of the magenta- and 
cyan-boxed regions, respectively, in the corresponding whole-section histology images. Clustered metabolic maps spatially matched histological features: metabolically 
active areas exhibited high glucose enrichment and lactate accumulation, consistent with viable area in H&E staining with dense cellularity, whereas necrotic areas 
showed minimal glucose enrichment and negligible lactate accumulation, aligning with necrotic areas in H&E staining with tissue disintegration and cell loss.
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Fig. 4. High-resolution DMI reveals metabolic heterogeneity in a viable C26 tumor. (A) Axial 1H T2-weighted anatomical image and AUC maps of 2H-water, 2H-glucose, 
and 2H-lactate. Water showed uniform distribution, whereas glucose and lactate exhibited pronounced spatial heterogeneity. (B) Elbow method identified four optimal 
clusters (K = 4) based on the sum of squared errors (SSE). (C) Voxel-wise distribution of normalized glucose and lactate AUC values following k-means clustering. (D) k-means 
clustering map of four metabolic phenotypes: HG + HL (high glucose, high lactate), HG + LL (high glucose, low lactate), LG + HL (low glucose, high lactate), and LG + LL (low 
glucose, low lactate). (E and F) Dynamic glucose (E) and lactate (F) concentration curves for each subregion of 12 C26 tumor–bearing mice. (G and H) Quantification of 
glucose (G) and lactate (H) AUC values across subregions of 12 C26 tumor–bearing mice. Glucose enrichment was significantly higher in HG + HL and HG + LL areas com-
pared to LG + HL and LG + LL (HG + HL: 244.2 ± 20.77; HG + LL: 227.3 ± 22.94; LG + HL: 135.3 ± 14.04; LG + LL: 77.44 ± 5.56; ns: not significant, **P < 0.01, ***P < 0.01, and 
****P < 0.0001). Lactate accumulation was significantly elevated in HG + HL and LG + HL areas compared to HG + LL and LG + LL (HG + HL: 246.4 ± 18.32; HG + LL: 
118.9 ± 11.11; LG + HL: 186.8 ± 14.07; LG + LL: 85.9 ± 4.92; *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001). (I) Spatial distribution of the first four principal compo-
nents (PC1 to PC4) from PCA of the dynamic glucose and lactate time courses. (J) GMM clustering of voxels projected onto the first two PCs, showing distinct metabolic 
subregions. (K) GMM-derived probability maps illustrating soft classification of tumor voxels into four dynamic metabolic subregions.
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the DMI data. The first four principal components extracted from 
the glucose and lactate time courses revealed dominant temporal vari-
ance patterns (Fig. 4I). GMM-based clustering in the reduced com-
ponent space identified consistent phenotype groupings (Fig. 4J), 
and the resulting probability maps (Fig. 4K) yielded a soft classifica-
tion of tumor voxels, reflecting continuous heterogeneity. Quantitative 
evaluations on the two k-means and PCA-GMM clustering methods 
(tables S1 and S2) show spatial features in common and demon-
strate the capacity of high-resolution DMI to noninvasively resolve 
dynamic and spatially distinct metabolic phenotypes in viable, live 
tumors regardless of the statistics used in the analysis.

DMI-defined metabolic subregions correspond closely with 
expression of metabolism-related markers
To validate the intratumoral heterogeneity revealed by high-resolution 
DMI, immunohistochemistry (IHC) was performed on the C26 tu-
mor sections following in vivo imaging. T2-weighted MR images 
were coregistered with corresponding histological sections to enable 
spatial correlation. Coregistration reliability was evaluated by calcu-
lating the Dice similarity coefficient (DSC); only good coregistra-
tion tumors (DSC ≥ 0.80) were included for downstream analysis, 
and poor coregistration tumors were discarded (fig.  S9).  Figure  5 
shows results of one good coregistration example. The T2-weighted 
MRI-defined areas (red contours) exhibited strong spatial concor-
dance with histologically annotated areas (blue contours), providing 
a region-specific biochemical validation (Fig. 5C). IHC staining was 
performed for eight metabolism-related markers (41, 42)—GLUT1, 
DLAT, LDHA, MCT4, PKM2, HIF-1α, MCT1, and AKT—to assess 
their spatial expression patterns across DMI-defined tumor subre-
gions. DLAT was included as the E2 component of the pyruvate de-
hydrogenase complex (PDHC), representing a histology-accessible 
marker of mitochondrial pyruvate-oxidation machinery. The func-
tional roles and associated metabolic pathways of these metabolism-
related markers are summarized in table S3. On the basis of the 
voxel-wise in vivo clustering of glucose enrichment and lactate ac-
cumulation, the postmortem tumor was spatially segmented into 
the four metabolic subregions HG + HL, HG + LL, LG + HL, and 
LG + LL (Fig. 5C).

Four key metabolism-related markers—GLUT1, DLAT, MCT4, 
and LDHA—revealed distinct expression patterns across these DMI-
defined subregions (Fig. 5D). Quantification of the integrated opti-
cal density (IOD) revealed significant differences in the expression 
of GLUT1, DLAT, LDHA, and MCT4 across the DMI-defined meta-
bolic subregions (Fig. 5, E to H). GLUT1 and DLAT expression were 
significantly higher in HG areas than in LG areas, independent of lac-
tate status. This finding supports a spatial association between DMI-
defined glucose enrichment and glucose-handling/mitochondrial 
pyruvate-oxidation machinery, rather than directly proving increased 
intracellular glucose uptake or oxidative flux. In contrast, LDHA 
and MCT4 expression were significantly elevated in HL areas, sup-
porting a spatial association between DMI-defined lactate signals 
and lactate-production/lactate-handling programs. Still, such local 
DMI lactate signals should be interpreted as reflecting a net labeled 
lactate pool determined by an interplay between production, reten-
tion, export, washout, and possible reutilization (table S4). Spatial 
correlation analyses (Fig. 5, I to L) further supported these findings: 
Glucose AUC was positively correlated with GLUT1 (r = 0.7250, 
P < 0.001) and DLAT (r = 0.7092, P < 0.001), while lactate AUC 
correlated with LDHA (r = 0.7692, P < 0.001) and MCT4 (r = 0.7497, 

P < 0.001). Together, these results establish a strong spatial and 
functional correspondence between DMI-defined metabolic pheno-
types and the expression of key metabolism-related markers, validat-
ing the ability of DMI to noninvasively resolve biochemically distinct 
tumor subregions in vivo.

Four additional metabolism-related markers—PKM2, HIF-1α, 
MCT1, and AKT—were examined but did not show significant dif-
ferences and/or correlations for the four subregions (fig. S10). In ad-
dition to these enzymatic results, IHC results based on IOD were 
further analyzed across all included C26 tumors with acceptable 
MRI-histology registration (n = 8), and a correlation analysis was 
conducted against the clustering quantitative results (AUC) ob-
tained by DMI. The overall results were like those arising from the 
above-mentioned single tumors (fig. S11), showing statistically sig-
nificant correlations as well.

High-resolution DMI reveals intertumoral metabolic 
heterogeneities with different tumor subtypes
Accurate identification of tumor subtypes is essential for personal-
ized cancer diagnosis, prognosis, and treatment selection. Conven-
tional approaches such as biopsy followed by IHC or next-generation 
sequencing, though powerful, are invasive and subject to sampling 
bias. Therefore, we decided to explore whether quantitative descrip-
tors of intratumoral metabolic heterogeneity could also discriminate 
tumor subtypes, thereby extending the analysis from intratumoral 
to intertumoral heterogeneity. To this end, two subtypes of colon 
cancer tumors, C26 and CT26, were selected and explored via re-
ceiver operating characteristic (ROC) analysis (43). Figure 6A illus-
trates the T2-weighted images; DMI-derived water, glucose, and lactate 
signal maps; and the metabolic partitioning results obtained via k-
means clustering for both tumor models. Quantitative analyses on 
the mean AUC values of glucose and lactate (Fig. 6, B and C) show 
that the mean AUC values of glucose and lactate in C26 tumors were 
statistically higher than those in CT26 tumors (glucose: C26, 163.2 ± 
14.8; CT26, 86.21 ± 10.1; lactate: C26, 155.9 ± 9.8; CT26, 106.9 ± 
13.5. **P < 0.01, ***P < 0.001). ROC analyses (Fig. 6, D and E) also 
demonstrate that the mean AUC values have a clear ability of tumor 
classification (glucose: AUCROC = 0.91; lactate: AUCROC = 0.83). As 
in the preceding paragraph, the high-resolution nature of the DMI 
data was also combined here with unsupervised clustering, to quan-
tify intratumoral heterogeneity using the high/low glucose and lac-
tate AUC metrics separating distinct metabolic areas. Figure 6 (F and 
G) presents a quantitative comparison of glucose and lactate AUC 
(integrated concentrations) across distinct metabolic areas. The re-
sults reveal that glucose concentration in the HG + HL area was 
significantly higher in C26 tumors than in CT26 tumors (P < 0.0001), 
while lactate concentrations showed no statistically significant dif-
ferences across areas. Figure 6H further compares the volumetric 
fractions of the distinct metabolic partitions within the entire tumor 
mass. This shows that the LG + LL region accounts for a significantly 
larger proportion of CT26 tumors than of C26 tumors (P < 0.01), 
further supporting the overall weaker metabolic activity character-
istic of CT26.

To evaluate the predictive capability of these distinct metabolic 
features to differentiate tumor subtypes, ROC analyses were also per-
formed on the clustered subregions. Figure 6 (I to M) displays the ROC 
curves with AUC values (AUCROC) greater than 0.8, including glucose 
concentration in the HG + HL region (AUCROC = 0.92), glucose 
concentration in the LG + HL area (AUCROC = 0.82), the fractional 
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Fig. 5. Spatial correspondences between DMI-defined metabolic subregions and metabolic metabolism-related markers. (A) T2-weighted anatomical MRI, which 
is the same source image as that shown in Fig. 4A and is reused here to facilitate direct comparison with the histological and immunohistochemical analyses. (B) DMI-
based clustering map, which is the same source image as that shown in Fig. 4D and is reused here for comparison with the corresponding histological analysis. (C) Coreg-
istration of the DMI-defined subregions (red contour) with histological sections (blue contour) enabled spatially matched IHC analysis. (D) Representative IHC staining 
images of GLUT1, DLAT, MCT4, and LDHA across the four subregions. Scale bar, 50 μm. (E to H) Quantification of marker expression based on IOD values. GLUT1 and DLAT 
levels were significantly higher in HG areas (E, GLUT1: HG + HL, 0.169 ± 0.005; HG + LL, 0.167 ± 0.005; LG + HL, 0.137 ± 0.003; LG + LL, 0.135 ± 0.002; F, DLAT: HG + HL, 
0.318 ± 0.006; HG + LL, 0.334 ± 0.009; LG + HL, 0.260 ± 0.008; LG + LL, 0.22 ± 0.02), whereas MCT4 and LDHA were enriched in HL areas (G, LDHA: HG + HL, 0.317 ± 0.007; 
HG + LL, 0.271 ± 0.006; LG + HL, 0.333 ± 0.006; LG + LL, 0.26 ± 0.01; H, MCT4: HG + HL, 0.176 ± 0.003; HG + LL, 0.152 ± 0.003; LG + HL, 0.175 ± 0.005; LG + LL, 0.158 ± 0.003). 
Statistical significance: ns, not significant; *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001. (I to L) Correlation between metabolite AUC and metabolism-related 
markers expression (IOD). Glucose AUC showed strong positive correlations with GLUT1 (I, r = 0.7250, P < 0.001) and DLAT (J, r = 0.7092, P < 0.001). Lactate AUC was sig-
nificantly correlated with MCT4 (K, r = 0.7497, P < 0.001) and LDHA (L, r = 0.7692, P < 0.001). Shaded regions indicate 95% confidence intervals.
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Fig. 6. Differentiation of tumor subtypes (C26 and CT26) by DMI-defined intratumoral metabolic heterogeneities. (A) Representative T2-weighted anatomical im-
ages, DMI-derived AUC maps of water, glucose, and lactate, as well as k-means–based metabolic partitioning into four areas (HG + HL, HG + LL, LG + HL, and LG + LL) for 
the two indicated tumor subtypes. Corresponding H&E sections indicate limited overt necrosis in the representative tumors shown. (B and C) Statistical results of mean 
AUC values of glucose and lactate for the two tumor subtypes (**P < 0.01, ***P < 0.001). (D and E) ROC analyses of mean AUC values for glucose and lactate, showing a 
strong ability for tumor classification. (F to H) Quantitative analyses of glucose and lactate AUC values across distinct metabolic areas and their volumetric fractions 
within tumors, showing the presence or absence of statistical significance. (I to M) ROC curve analyses assessing the discriminative power of metabolic features for tumor 
subtype classification. Among these, glucose concentration in the HG + HL area (I) and the fractional volume of the LG + LL area (M) exhibited the highest predictive ac-
curacy (AUCROC = 0.92 and 0.94, respectively).
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size of the HG + HL region within the tumor (AUCROC = 0.83), the 
fractional size of HG + LL within the tumor (AUCROC = 0.81), and 
the fractional size of LG + LL within the tumor (AUCROC = 0.94; 
ROC curves for all features are provided in fig. S12). Among all these, 
the fractional size of the LG + LL region evidenced the strongest 
discriminative power, followed by glucose’s concentration in the 
HG + HL region—highlighting again that maximal glucose enrich-
ment and the extent of low-metabolic areas are key determinants 
distinguishing C26 from CT26 tumors. Further differences in the 
AUC distributions between the two tumor types are provided in 
fig. S13.

Last, supporting experiments on the individual cell strains were 
also performed (fig. S14), which as the DMI showed that C26 cells 
had stronger glycolysis (basal glycolysis: C26, 605.1 ± 24.0; CT26, 
364.7 ± 40.0; compensatory glycolysis: C26, 1716.0 ± 44.1; CT26, 
1674.0 ± 168.3; proton efflux rate from glycolysis: C26, 65.78 ± 1.06; 
CT26, 51.57 ± 1.46. ns, not significant, ***P < 0.001, ****P < 0.0001) 
and weaker mitochondrial respiration (basal respiration: C26, 268.1 ± 
17.52, CT26, 363.8 ± 29.11; maximal respiration: C26, 386.5 ± 23.37; 
CT26, 584.3 ± 66.52; spare respiratory capacity: C26, 118.4 ± 8.93; 
CT26, 220.5 ± 38.71, *P < 0.05) than CT26 cells, indicating notable 
differences in metabolic activity.

DISCUSSION
Metabolic heterogeneity is a defining feature of cancer biology, reflect-
ing spatially variable nutrient delivery, pathway activity, cellular com-
position, and microenvironmental adaptation across tumor regions. In 
this study, we demonstrate that high–spatiotemporal resolution DMI 
based on MF-bSSFP can provide dynamic in vivo maps of labeled glu-
cose enrichment and lactate generation in subcutaneous colorectal tu-
mor models. When combined with unsupervised voxel-wise clustering, 
these maps delineated metabolically active and inactive compartments, 
resolved distinct glucose/lactate phenotypes within viable tumors, and 
yielded quantitative features that differed between C26 and CT26 tu-
mors. These findings suggest that DMI-derived metabolic maps can 
serve as candidate imaging features for characterizing intratumoral het-
erogeneity and model-dependent intertumoral metabolic differences. 
The spatial correspondence between DMI-defined phenotypes and his-
tological/IHC features further supports the biological relevance of these 
imaging-defined subregions, while also emphasizing the need for cau-
tious interpretation of the underlying mechanisms.

The ability to resolve these metabolic phenotypes was enabled by 
the MF-bSSFP DMI acquisition. Similar to other bSSFP-based DMI 
approaches (34, 44), MF-bSSFP exploits the high signal efficiency of 
balanced steady-state acquisitions and the relative sparsity of the 2H 
spectrum. However, rather than relying on full spectroscopic en-
coding or long free induction decay readouts, MF-bSSFP acquires 
images at optimized frequency offsets and uses metabolite-specific 
magnitude/phase responses for multicomponent reconstruction. This 
design enables robust separation of water, glucose, and lactate while 
maintaining high in-plane spatial resolution. By maintaining a short 
TR and using multi-offset encoding with iterative off-resonance cor-
rection, MF-bSSFP also reduces the vulnerability to banding arti-
facts and metabolite cross-talk that can become more pronounced 
in longer-TR CSI-bSSFP or ME-bSSFP implementations (figs. S15 
and S16). These features make MF-bSSFP particularly suitable for 
high-resolution DMI of sparse metabolite systems, such as the glucose-
to-lactate labeling experiment studied here.

Because glucose and lactate signals report different stages of the 
labeled-glucose metabolic process, they require different biological 
interpretations. The HG/LG axis represents apparent 2H-glucose en-
richment within each voxel. Following a bolus administration of 
[6,6′-2H2]glucose, the signal that is observed reflects a mixed glu-
cose pool including vascular, extracellular, and intracellular compo-
nents. Therefore, high glucose enrichment should not be interpreted 
as a direct compartment-specific measure of intracellular glucose 
uptake alone; it may also reflect substrate delivery, vascular volume, 
interstitial distribution, or perfusion-related effects. By contrast, 2H-
lactate arises from an enzymatic conversion of labeled glucose, and 
is therefore closely related to downstream glycolytic processing. Even 
so, the local lactate signal should still be viewed as a net labeled lac-
tate pool shaped by production, retention, washout, and/or potential 
reutilization of the deuterated metabolite. This distinction motivated 
our two-axis framework, in which HG/LG describes substrate en-
richment and availability, whereas HL/LL describes labeled lactate 
accumulation. Hydrogen deuterium oxide (HDO) was not used as a 
primary clustering feature because it reflects a mixture of systemic 
label accumulation, vascular water content, tissue exchange, and lo-
cal metabolism; consistent with this interpretation, including HDO 
AUC did not substantially alter the clustering results.

This distinction between glucose enrichment and lactate accu-
mulation is important for interpreting the IHC associations. These 
associations should be regarded as spatial phenotype correlations 
rather than direct mechanistic proof. Higher GLUT1 expression in 
HG regions supports the biological relevance of the glucose-enriched 
phenotype, but GLUT1 is unlikely to be the sole determinant of the 
measured glucose signal because vascular delivery and extracellular 
glucose pools may also contribute. DLAT, the E2 component of the 
PDHC, is interpreted here as a histology-accessible marker of mito-
chondrial pyruvate-oxidation machinery rather than as a direct mea-
surement of oxidative flux, particularly because reliable Glx mapping 
was not achieved. Similarly, LDHA and MCT4 enrichment in lactate-
associated regions supports a spatial relationship between DMI-defined 
lactate phenotypes and lactate-production/handling programs, but 
does not establish a one-to-one causal relationship with local lactate 
concentration. LDHA reflects lactate-producing capacity, whereas 
MCT4 mediates lactate export and could, under some conditions, 
reduce intracellular lactate retention. Thus, the IHC findings sup-
port the biological plausibility of the DMI-defined subregions while 
indicating that the underlying mechanisms are likely multifactorial.

The model-dependent differences between C26 and CT26 tumors 
should be interpreted as tissue-level metabolic phenotypes rather than 
direct molecular subtype assignments. DMI-derived glucose and lac-
tate features, including both mean metabolic AUCs and cluster-based 
heterogeneity descriptors, differed between these two colorectal tu-
mor models, consistent with the broader concept that colorectal can-
cers can exhibit distinct metabolic, immune, and stromal phenotypes. 
However, high-resolution DMI provides a spatial readout of glucose 
enrichment and lactate labeling, not a direct molecular classification. 
These DMI phenotypes should therefore be viewed as integrated 
tumor-microenvironment metabolic states involving cancer cells, 
immune cells, stromal components, vascular delivery, and extracel-
lular metabolite pools. This is particularly relevant because previous 
immune profiling studies reported that CT26 tumors are more 
immune-infiltrated than Colon 26/C26 tumors, including a higher 
fraction of CD45+ immune cells, and exhibit different sensitivity to 
therapy targeting programmed cell death protein 1 (45). Immune 
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cells can consume glucose and participate in lactate metabolism, 
whereas tumor-derived lactate and extracellular acidification can 
modulate immune-cell function and contribute to immunosuppres-
sive niches. Future studies combining DMI with spatial immune 
profiling will be important for determining how DMI-defined glu-
cose and lactate phenotypes relate to immune infiltration and im-
munotherapy response.

Several limitations remain. First, although MF-bSSFP achieved 
an in-plane resolution of 0.9 mm × 0.9 mm, the current acquisition 
used a 6-mm slice thickness. Histological and IHC sections of 4-μm 
thickness were obtained near the central imaging plane and were 
used for central-plane spatial validation rather than complete volu-
metric validation. Representative serial H&E sections across the DMI 
slice showed broadly consistent large-scale viable and necrotic tissue 
patterns (fig. S17), but each histological section still represents only 
a small fraction of the full DMI slice volume. Future 3D MF-bSSFP 
DMI with improved through-plane resolution will be important for 
more comprehensive volumetric assessment. Second, IHC validation 
was performed only in the C26 model and was designed as a within-
tumor spatial validation rather than a comprehensive molecular 
comparison between C26 and CT26 tumors. Extending IHC, immune 
profiling, and spatial molecular analyses to both models will be nec-
essary to clarify the biological mechanisms underlying the model-
dependent DMI phenotypes. Third, no reliable Glx resonance was 
detected under the present high-resolution spectra (fig. S18). There-
fore, oxidative metabolism was not quantified directly by DMI-derived 
Glx signals, and DLAT was used only as a histological proxy of mi-
tochondrial pyruvate-oxidation machinery. Last, MF-bSSFP is best 
suited to relatively sparse spectra with known and separable resonances. 
Applications involving more crowded spectra, lower magnetic fields, 
or additional deuterated substrates may require more sophisticated 
spectral modeling, B0 correction, and reconstruction constraints.

Together, these findings establish high-resolution MF-bSSFP DMI 
as a promising approach for noninvasively resolving spatial metabolic 
heterogeneity in vivo. By combining dynamic glucose/lactate map-
ping with unsupervised phenotype analysis, this framework provides 
tissue-level metabolic information that complements histology, IHC, 
and molecular profiling. Future integration with DCE MRI, diffusion 
MRI, Glx-sensitive DMI protocols, and spatial immune or molecular 
profiling should further improve the biological interpretability of 
DMI-derived phenotypes and support their application in treatment 
response assessment and precision oncology.

METHODS
Theory
For each metabolite, the bSSFP signal can be derived from the Bloch 
equations and presented as (46, 47)
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T2  depend on the TR and relaxation times T1 and T2, α is 
the RF flip angle, fb is the frequency offsets caused by magnetic field 
inhomogeneities, and fm is the chemical shift (in frequency units). 

On the basis of this model, the bSSFP signal is the summation of the 
magnitude and phase profile for each metabolite spectral compo-
nent determined as

where ρm is the initial signal intensity of the metabolite, and fn is the 
user-defined pulse frequency offsets. The formula shows that the 
steady-state magnetization vector of the metabolite is modulated not 
only by its own chemical shift but also by the frequency of the pulse; 
this will define a characteristic frequency response featuring peri-
odic nulls and passbands as determined by the TR, flip angle, and T1 
and T2 values of the tissue present. We use this to separate different 
metabolic images, by acquiring bSSFP data at various frequency off-
sets n = 1, 2, …, N. The ensuing signals can be represented by Eq. 3
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efficient matrix A with N rows and M columns can be calculated 
using Eq. 2. Using a least-squares fitting approach for linear sys-
tems of equations, the metabolic signals can be found by the pseudo
inverse calculation

Although the metabolite distribution can theoretically be solved 
using the least-squares method, the presence of the unknown mag-
netic field inhomogeneity in the A matrix poses a challenge. In this 
work, we used two techniques to overcome the difficulties associated 
with the least-squares method: (i) measuring the B0 field map using 
the 1H-ME_GRE sequence, and (ii) adopting an iterative reconstruc-
tion approach. For more details, please refer to section S1.

Phantom experiments
Three metabolite phantoms (2H2O: ∼40 mM, deuterated glucose: 
∼20 mM; and deuterated lactate: ∼20 mM) were prepared to evalu-
ate the SNR improvement of MF-bSSFP. All experiments were ac-
quired on a Bruker BioSpin 9.4-T MRI scanner, and the 2H coils were 
homemade surface coils nested inside a 72-mm 1H volume coil. Be-
fore the 2H experiments, 1H structural images of the phantoms were 
acquired using the rapid acquisition with relaxation enhancement 
(RARE) sequence with the following parameters: TR = 2500 ms, ef-
fective TE = 24 ms, flip angle = 90°, number of averages = 4, field of 
view (FOV) = 30 × 30 mm2, matrix = 160 × 160, number of slices = 
9, and slice thickness = 2 mm. Afterward, 2H images were acquired 
using the MF-bSSFP with the following parameters: TR = 3.4 ms, flip 
angle = 40°, number of averages = 512, FOV = 30 × 30 mm2, 
matrix = 32 × 32, number of slices = 1, and slice thickness = 4 mm; five 
frequency offsets: −190, −110, 0, 110, and 190 Hz; scan time: 4 min 
39 s. To compare with other methods, we also acquired images of 
conventional CSI and CSI-bSSFP with the following parameters: 
FOV = 30 × 30 mm2, matrix = 32 × 32, number of slices = 1, and 
slice thickness = 4 mm; spectral bandwidth/points: CSI, 2000 Hz/ 
128 points and CSI-bSSFP, 4065 Hz/64 points; scan time: CSI, 4 min 24 s 
and CSI-bSSFP, 4 min 32 s.
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Animal protocol and procedures
All animal procedures were approved by the Animal Care and Use 
Committee of the Innovation Academy for Precision Measurement 
Science and Technology, Chinese Academy of Sciences (APM23022T) 
and were conducted according to the National Institutes of Health 
animal care guidelines. BALB/c mice (male, 5 to 6 weeks) were pur-
chased from Beijing Vital River Laboratory Animal Technology Co., 
Ltd. (Beijing, China), and the colon cancer mouse model was estab-
lished using C26 and CT26 cells obtained from Wuhan Servicebio 
Technology Co. Ltd. (Wuhan, China). The mice were housed in a 
specific pathogen–free animal room with a 12-hour/12-hour light-
dark cycle and automatically controlled temperature and humidity.

The overall experimental workflow is shown in fig. S19. A total of 
30 tumor-bearing mice were used to establish two subcutaneous 
colorectal tumor models: C26 (n = 15) and CT26 (n = 15). During 
tumor growth, one C26 tumor–bearing mouse and two CT26 tumor–
bearing mice died before or during imaging. All remaining mice un-
derwent DMI scanning and H&E staining. Among these animals, 
two C26 tumors and three CT26 tumors showed extensive necrosis 
and were used for the viable/necrotic compartment analysis. The re-
maining tumors without extensive necrosis, including 12 C26 and 
10 CT26 tumors, were used for metabolic phenotype clustering and 
ROC analysis to evaluate intratumoral metabolic heterogeneity 
and between-model differences. IHC analysis was performed only in the 
C26 model. Among the 12 C26 tumors used for IHC staining, 4 were 
excluded from quantitative MRI-histology correlation because reliable 
spatial registration could not be achieved due to section deformation, 
cutting-plane mismatch, or poor boundary correspondence. The re-
maining eight C26 tumors with acceptable MRI-histology alignment 
were included in the final correlation analysis between DMI-defined 
metabolic subregions and metabolism-related marker expression.

In vivo imaging
Mice were preanesthetized with isoflurane before scanning. After 
injecting an indwelling needle into their tail vein, mice were placed 
supine on the 9.4-T MRI scanning bed. The body temperature was 
stabilized at 38°C with water circulation. After fixing the mice and 
the coil, the MRI scan was started. During the scanning process, the 
oxygen flow meter for anesthesia control was adjusted to 0.5 liters/
min, and the anesthetic gas isoflurane concentration was main-
tained at approximately 1.5%. Throughout the scanning process, the 
respiratory rate of the mice was continuously monitored and main-
tained at approximately 45 breaths/min.

For the DMI, [6,6′-2H2]glucose (Cambridge Isotopes Laborato-
ries Inc., USA) was dissolved in sterile saline and administered via a 
tail vein catheter at a dose of 2 g/kg body weight. The solution was 
delivered as a controlled bolus injection over approximately 60 s. 
Dynamic 2H-MRSI acquisition was initiated immediately before the 
injection and continued for 100 min thereafter.

2H data were acquired using a dedicated single-tuned 2H surface 
coil (diameter, 18 mm) positioned over the tumor. For anatomical 
localization and shimming, a separate 1H volume coil (orthogonal, 
two-channel) with an inner diameter of 72 mm was used. Structural 
images were acquired using RARE sequences with the following pa-
rameters: TR  =  2500 ms, effective TE  =  24 ms, flip angle  =  90°, 
number of averages = 4, FOV = 30 × 30 mm2, matrix = 160 × 160, 
number of slices = 9, and slice thickness = 2 mm. Then, local shim-
ming was performed, with the full width at half maximum of the 
water peak in the 1H spectrum maintained between 30 and 50 Hz 

for each experiment. After shimming, B0 field maps were acquired 
for the subsequent data processing. Subsequently, before the injec-
tion, nonlocalized spectroscopy (NSPECT) and MF-bSSFP imaging 
data were acquired as baseline. The NSPECT scanning parameters 
were as follows: TR = 66 ms, flip angle = 30°, number of averages = 
512, spectral bandwidth/number of points = 2000 Hz/128 points, 
slice thickness = 6 mm, and scan time = 33 s. The MF-bSSFP scan-
ning parameters were as follows: TR = 3.4 ms, flip angle = 40°, number 
of averages = 1100, FOV = 30 × 30 mm2, matrix = 32 × 32, number 
of slices = 1, slice thickness = 6 mm; five frequency offsets: −190, 
−110, 0, 110, and 190 Hz; every frequency offset scan time = 2 min.

Unsupervised voxel-wise clustering
Clustering analyses were implemented using MATLAB (R2014a, 
MathWorks, Natick, MA). First, DMI was used to obtain the meta-
bolic images of deuterated glucose and deuterated lactate in tumor 
tissues. For k-means clustering, the AUC of the metabolic curves of 
deuterated glucose and lactate was calculated; k-means clustering 
on the AUC value of each pixel was then performed, and the optimal 
number of clusters (K value) in k-means clustering was done using 
the “elbow” method (48). The tumor areas could then be divided into 
four metabolic subregions using the optimal K value. For PCA + 
GMM analysis, the 56-dimensional dynamic images of deuterated 
glucose and deuterated lactic acid were respectively reduced to 
10-dimensional principal component images through PCA. Subse-
quently, GMM clustering was performed on the 10-dimensional 
principal component images, and lastly, the probability density dis-
tribution maps of the four metabolic subregions were obtained.

Immunohistochemical analysis
Tumor tissues from all animals were collected after completion of 
the 2H MRI/MRSI scans and fixed in a 4% paraformaldehyde solu-
tion. After fixation, the tumor tissues were embedded in paraffin 
and subsequently sectioned into 4-μm-thick slices for staining. Af-
ter deparaffinization, the sections were stained with H&E solu-
tion. H&E staining was performed for all tumors. IHC staining for 
metabolism-related markers was performed in the C26 cohort, and 
only tumors with good MRI-histology spatial alignment were included 
in the final spatial correlation analysis. For IHC evaluation, primary 
antibodies (Proteintech, Rosemont, IL) against LDHA, HIF-1α, PKM2, 
DLAT, GLUT1, AKT, MCT1, and MCT4 were used for detection. HE 
and IHC images were acquired using an Olympus FSX100 micro-
scope (Olympus, Tokyo, Japan), scanned with a Pannoramic MIDI 
scanner (3DHISTECH, Budapest, Hungary), and analyzed using 
Image-Pro Plus software (version 6.0, Media Cybernetics, Rockville, 
MD, USA; U12388-02, HAMAMATSU, Hamamatsu City, Japan).

Data processing and analysis
The magnetic resonance spectra acquired by NSPECT were zero-
filled and fitted using the AMARES toolbox in MATLAB (R2014a, 
MathWorks, Natick, MA), with the fit constrained based on known 
information about relative chemical shifts and linewidths. The me-
tabolite peaks obtained from the fit were converted to concentra-
tions based on the 10.12 mM 2H-labeled natural abundance water 
concentration and the corresponding T1/T2 values. Data for CSI images 
were obtained by applying zero-filling, matched-weighting filters (3 Hz 
apodization) in the spectral domain, and 3D Fourier transform. For 
the experimental data obtained from phantoms and animal models 
acquired by bSSFP, magnitude and phase images were extracted, 
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and images of water, glucose, and lactate were reconstructed using 
the algorithm proposed in section S1, implemented in MATLAB.

Statistical and graphical analyses were performed using Prism v9.0 
(GraphPad). Comparisons among multiple groups were conducted 
using one-way and two-way analysis of variance (ANOVA). Pearson 
correlation coefficient was used to analyze the correlation between 
imaging and pathology. Statistical significance was set at P < 0.05 
after correction for multiple comparisons.

Supplementary Materials
This PDF file includes:
Supplementary Text
Figs. S1 to S19
Tables S1 to S4
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