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Gastric Carcinoma (GC) is a highly fatal malignant tumor with a poor prognosis. Its elevated mortality
rates are primarily due to its proclivity for late-stage metastasis. Exploring the metabolic interactions
between tumor microenvironment and the systemic bloodstream could help to clearly understand the
mechanisms and identify precise biomarkers of tumor growth, proliferation, and metastasis. In this study,
an integrative approach that combines plasma metabolomics with mass spectrometry imaging of tumor
tissue was developed to investigate the global metabolic landscape of GC tumorigenesis and metasta-
sis. The results showed that the oxidized glutathione to glutathione ratio (GSSH/GSH) became increased
in non-distal metastatic GC (M0), which means an accumulation of oxidative stress in tumor tissues.
Furthermore, it was found that the peroxidation of polyunsaturated fatty acids, such as 9,10-EpOMe,
9-HOTTE, etc., were accelerated in both plasma and tumor tissues of distal metastatic GC (M1). These
changes were further confirmed the potential effect of CYP2E1 and GGT1 in metastatic potential of GC
by mass spectrometry imaging (MSI) and immunohistochemistry (IHC). Collectively, our findings reveal
the integrated multidimensional metabolomics approach is a clinical useful method to unravel the blood-
tumor metabolic crosstalk, illuminate reprogrammed metabolic networks, and provide reliable circulating

biomarkers.
© 2024 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia
Medica, Chinese Academy of Medical Sciences.

Gastric carcinoma (GC), an aggressive malignancy of the gas- Most patients are found with locally advanced or metastatic GC

tric mucosal epithelium, had global incidence and mortality rates
of over 1 million and 0.77 billion in 2020, respectively [1]. Pro-
jections indicate that by 2040, the GC incidence and mortality
rates will signify a substantial increase of about 63% and 66% [2].
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(stage IV) at diagnosis, making metastasis a significant obstacle
to clinical GC management [3,4]. Furthermore, 50% to 70% of pa-
tients who undergo radical resection are at risk of metastatic recur-
rence [3], resulting in a poor prognosis with a 5-year survival rate
of <30% [5]. Consequently, early detection of GC and its metas-
tasis, along with effective therapeutic strategies, holds immense
importance in enhancing patients’ survival outcomes. As opposed
to treatable primary tumors, metastatic GC is a systemic ailment.
Therefore, comprehensive molecular analysis of metastatic tumors
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is necessary to systemically manage and treat metastatic cancer
[6]. Metabolomics has significantly enhanced our understanding of
metabolic reprogramming in the context of cancer progression [7-
10]. A study that integrated metabolomics and transcriptomics re-
vealed elevated fructose levels and reduced oxygen levels in liver
metastasis colorectal cancer models [7]. A targeted metabolomics
study [8] revealed the accumulation of methylmalonic acid (MMA)
in old donors’ serum, and it potentially induced SOX4 expres-
sion, resulting in transcriptional reprogramming and enhancing the
aggressiveness of cancer cells. Recently, machine learning-based
metabolomics have revealed the metabolic landscape of GC and
identify two distinct biomarker panels that enable early detec-
tion and prognosis prediction respectively, thus facilitating preci-
sion medicine in GC [9].

Metabolic reprogramming is one of the characteristic features of
cancer onset and advancement [11]. Elucidating tumor metabolic
phenotypes and exploiting their metabolic susceptibilities offers
novel insights into resistant cancer diagnosis, prognosis, and pre-
cise therapeutic intervention [6,12]. Blood detection is a signifi-
cant non-invasive approach for cancer diagnosis, treatment, and
prognostic assessment. However, small-molecule metabolites may
be diluted or biologically transformed when released from the
primary tumor into the bloodstream, lowering the diagnostic
and prognostic efficacy. Tumor tissues possess substantial gene
mutation and metabolic reprogramming data, which could be
useful in cancer diagnosis and prognosis [13]. Spatially-resolved
metabolomics offers a comprehensive spatio-temporal perspective
on body, tissue, or cell metabolism, enabling the effective assess-
ment of the metabolic heterogeneity that drives tumorigenesis
and metastasis [14]. He et al. [15] developed an enhanced mass
spectrometry imaging (MSI) method by air-flow assisted desorp-
tion electrospray ionization (AFADESI) to obtain some differential
metabolites showing gradual changing trend from normal to adja-
cent to cancerous areas. Moreover, it is a valuable research method
for investigating metabolic crosstalk interactions between the tu-
mor microenvironment (TME) and various cells or organs. There-
fore, a comprehensive analysis of metabolomics and their spatial
characteristics in blood and tumor tissues is critical for elucidating
the underlying mechanisms of disease progression and facilitating
the precise detection of circulating tumor markers.

An integrative metabolomics approach that combines LC-
MS-based metabolomics with MSI-based spatially-resolved
metabolomics was proposed to depict the global metabolomic
landscape of plasma and primary tissues during GC progression
from tumorigenesis to metastasis.

A total of 254 participants (59 healthy volunteers (HC), 50 non-
distal metastatic GC patients (MO0), and 145 distal metastatic GC
patients (M1)) were enrolled in the study. Table S1 (Supporting
information) shows basic characteristics of the study cohort. In-
traoperative tissue samples were obtained from 15 patients (n=6,
MO; n=5, M1) and 15 para-cancerous tissue samples, as shown
in Fig. S1B (Supporting information). The detailed electronic med-
ical record (EMR) of 136 GC patients [n=29, M0O; n=107, M1]
were summarized in Figs. S1C and S2 (Supporting information).
The plasma and tissue samples were collected at Beijing Cancer
Hospital. The Ethics Committee of Peking University Cancer Hos-
pital approved this study (Approval Number: 2016KT57), and each
patient provided informed consent before sample collection.

LC-MS/MS-based metabolomics analysis was performed on 254
plasma samples. Detailed sample pre-processing procedures and
LC-MS analysis parameters were as described in previously re-
ported work [16]. Spatially-resolved metabolomics analysis was
performed on an AFADESI-MSI platform [17] along with a Q-
orbitrap spectrometry system (Q Exactive, Thermo Scientific, USA).
The detailed experimental materials are in “Materials and Meth-
ods” in Supporting information.
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The quality control (QC) and wide-coverage metabolite identi-
fication were firstly performed for a thorough coverage of plasma
metabolome. The QC assessment results demonstrated that the sta-
bility of the LC-MS/MS and AFADESI-MSI platforms was accept-
able, ensuring the reproducibility and reliability of the data (Fig. S3
in Supporting information). We identified 397 metabolites (tis-
sue samples) and 655 metabolites (plasma samples) using the in-
house standard database and the public databases (Figs. S1D and
E in Supporting information), involving in biochemical reactions of
42 and 86 significant metabolic pathways, respectively (hits >2 &
P < 0.05). This outcome indicates sufficient pathway coverage to
interpret metabolic changes in GC patients’ tissue and plasma sam-
ples (Fig. S4 in Supporting information).

The discernible trend of progressive metabolic changes was ob-
served in the plasma metabolic expression profiles of HC, MO,
and M1, as shown by partial least squares discriminant analysis
(PLS-DA) (Fig. 1A) and the Euclidean distance measuring analy-
sis of the metabolic profiles (Fig. 1A). Two-hundred and sixty-four
metabolites exhibited significant alterations in plasma (Fig. 1B and
Fig. S5A in Supporting information). Specifically, 164 metabolites
were significantly elevated or decreased in MO patients’ plasma,
while 239 metabolites experienced changes in M1 patients. The
discriminated metabolites could be categorized into 13 classes
based on their structural and functional characteristics. The re-
sults indicated that fatty acids (FAs), steroids, bile acids, oxida-
tive lipids, and aromatics were predominantly upregulated in MO
and M1, whereas lysophosphatidylcholines (LPCs), lysophosphatidyl
ethanolamines (LPEs), and purines were primarily downregulated
(Fig. S5B). Interestingly, we found contrasting changes in acylcar-
nitines (ACs) and hydroxyl ACs. ACs were downregulated, while
hydroxyl ACs were upregulated. Furthermore, the levels of upreg-
ulated FAs, oxidative lipids, bile acids, and hydroxyl ACs were sig-
nificantly higher in M1.

To further illustrate the trajectories of plasma metabolite levels
during GC progression, the c-means clustering analysis [18] on the
264 discriminated metabolites were employed. We identified four
distinct clusters (Figs. S5C and D in Supporting information). In the
MO, the plasma metabolite levels in cluster 3 (ACs and nucleotides)
and cluster 4 (aromatic compounds and carbohydrates) exhibited
significant upregulation or downregulation but flattened out dur-
ing the M1. This observation implies that metabolic vulnerabilities
may emerge during specific early stages of tumor development.
The plasma metabolite, particularly LPCs in cluster 1 and oxidative
lipids and hydroxyl ACs in cluster 2, showed a consistent and grad-
ual decrease or increase throughout the GC metastatic progression.
This finding implies that these metabolites may be involved in the
metabolic reprogramming associated with GC progression. Oxida-
tive lipids are formed through the peroxidation of polyunstatured
fatty acid (PUFAs) and result from an imbalance in the redox sta-
tus and reactive oxygen species (ROS) accumulation [19]. A previ-
ous study reported that LPCs can exert their biological influence by
stimulating cell division, releasing inflammatory factors, and induc-
ing OS [20]. Consequently, the interplay between LPCs and oxida-
tive lipids-associated OS may profoundly affect cancer progression
and metastasis.

The circos plots revealed that inter-correlations among metabo-
lites were significantly higher in M1 than in HC and MO
(Figs. 1D and E), implying that metabolic reprogramming is aggra-
vated during tumor metastasis [11,21]. Furthermore, the metabolic
pathways associated with caffeine, purine, sphingolipid, LPCs, and
LPEs were significantly downregulated in MO (Fig. 1C). Interest-
ingly, the enrichment significance or abundance score showed no
substantial alterations in cancer metastasis, implying that these
metabolic pathways primarily contributed to GC genesis rather
than metastasis. Linoleic acid metabolism, valine, leucine, and
isoleucine biosynthesis, steroid metabolism, bile acid metabolism,
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Fig. 1. Evolutionary metabolic alterations in circulating plasma of progressive GC. (A) PLS-DA analysis of the plasma metabolic expression profiles as well as their expression
distances between the metabolic profiles of different groups, which were measured using Euclidean distances. The inset summarizes the average distance between pairs
of samples as a percentage of the distance between M1 and HC plasma samples. ****P < 0.001. (B) Venn plot and bar plot of the differential metabolites in MO (HC
vs. MO) and M1 (HC vs. M1). (C) Metabolic pathways (P < 0.05) enriched by significantly differential metabolites in MO (HC vs. M0O) and M1 (HC vs. M1). (D) Circos
plots of the differential metabolites (P < 0.00001). (E) Node and edge numbers in HC, MO, and M1 specific metabolic networks. (F) Heatmap of differential metabolites
in plasma. (G) The integrated metabolic networks of GC. The full name of all the metabolites’ abbreviations are summarized in the list of abbreviations in Supporting

information.

eicosanoid metabolism, and docosanoid metabolism were signifi-
cantly enriched in M1. The enrichment results suggest a positive
correlation between the metabolic pathways and tumor metastatic
progression. This finding was consistent with the heatmap pro-
file of tumor metastasis-associated metabolites (Fig. 1F). Addition-
ally, 45 metabolites were found to be differentially expressed be-
tween MO and M1 (P < 0.05). The heatmap analysis revealed a
continuous build-up of oxidative lipids and hydroxyl ACs de-

rived from linoleic acid, linolenic acid, and arachidonic acid as
GC progressed. Conversely, we observed a continuous decrease
in LPCs that could be converted to linoleic acid, oleic acid, and
eicosatrienoic acid. These results provide additional evidence of the
involvement of PUFAs and their peroxidation in tumor metastatic
progression. Furthermore, to present an in-depth view of the dis-
rupted metabolic process in GC progression, we created a com-
prehensive metabolic atlas showing alterations in MO and M1
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Fig. 2. Specific spatial metabolic alterations in progressive GC. (A) PLS-DA analysis of the metabolic expression profiles as well as their expression distances measured using
Euclidean distances. The inset summarizes the average distance between pairs of samples as a percentage of the distance between M1 and NC tissue samples. ****P < 0.001.
(B) Venn plot and bar plot of the differential metabolites with P < 0.05, and FC > 1.2 or FC < 0.833. (C) Significantly dysregulated metabolic pathways. MSI images and pathway

networks of (D) glutathione metabolism and (E) pyrimidine metabolism.

(Fig. 1G), focusing primarily on purine and lipid metabolism dis-
orders.

Highly spatially-resolved metabolomics analysis was performed
using AFADESI-MSI to reveal the in situ tumor metabolic changes.
The profile data pertaining to tissue micro-regions were effectively
clustered into five distinct metabolic phenotypes through t-SNE
spatial segmentation analysis (Figs. S6A and B in Supporting in-
formation). The analysis revealed significant variations in metabo-
lite species and abundance across different tissue micro-regions
(Figs. S6C and D in Supporting information). The PLS-DA analysis
revealed notable differences in spatial metabolic profiles between
tumor tissues and normal tissues. Euclidean distance between M1
and HC was significantly greater than that between MO and HC or
between MO and M1 (Fig. 2A), indicating a progressive metabolic
change tendency. Two-hundred and twenty-eight metabolites ex-
hibited significant alterations in GCs, with 134 and 174 metabolites
showing changes in MO and M1, respectively (Fig. 2B). The higher
number of specific discriminated metabolites in M1 tumors than
in MO indicates a more profound metabolic disorder in metastatic

patients than non-metastatic patients, which aligns with findings
from the aforementioned plasma metabolomics analysis. The dis-
rupted metabolic pathways in both non-metastatic and metastatic
GC by MetaboAnalyst showed that aminoacyl-tRNA biosynthesis,
arginine and proline metabolism, purine metabolism, pyrimidine
metabolism, and glutathione metabolism were the primary altered
metabolic pathways (Fig. 2C). Furthermore, 133 metabolites exhib-
ited significant alterations between MO and M1 (Fig. S7A in Sup-
porting information). These metabolites were predominantly en-
riched in pyrimidine metabolism, glutathione metabolism, and tau-
rine and hypotaurine metabolism, all of which have been impli-
cated in GC tumorigenesis and metastasis (Fig. S7B in Supporting
information).

Glutathione metabolism and pyrimidine metabolism are the
metabolic pathways that experienced the most significant dysreg-
ulation. glutathione (GSH) is critically involved in the body’s an-
tioxidant defense system and its glutathione metabolism maintains
the body’s redox balance. Fig. 2D illustrates the glutathione biosyn-
thesis process involving glycine and y-glutaminocysteine, followed
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by oxidation to oxidized glutathione (GSSG). Notably, GSSG can be
reversed to GSH and GSH can be extracellularly transformed into
y-glutamylamino acids. In the glutathione metabolism pathway, it
was observed that four metabolites (glycine, GSSG, glutamate, and
glutamyl-taurine) were upregulated in MO tumors, whereas five
metabolites (GSH, glycine, GSSG, glutamate, and glutamyl-taurine)
were downregulated in M1 tumors. This finding indicates a signif-
icant dysregulation in glutathione synthesis, oxidation, and extra-
cellular excretion, potentially impacting the redox status of tumor
cells. Furthermore, cancer development is closely associated with
pyrimidine metabolism. Within the pyrimidine metabolism path-
way (Fig. 2E), two metabolites (uridine and uracil) were upregu-
lated in MO tumors, while five metabolites (cytidine monophos-
phate (CMP), uridine 5'-monophosphate (UMP), cytidine, uridine,
and uracil) were downregulated, indicating a dysregulation in
pyrimidine biosynthesis.

An integrated analysis of plasma and spatially-resolved
metabolomics were conducted from progressive GC patients
to enhance the identification of metabolic crosstalk between
tumor and plasma and investigate the underlying metabolic mech-

anisms. We identified four metabolites (phosphoethanolamine
(PETN), valine, 9,10-epoxy-12-octadecenoic acid (9,10-EpOMe),
and 9-hydroxyoctadeca-10,12,15-trienoic acid (9-HOTrE)) changed
with the same trend in both tumor and plasma (Fig. 3A). Their
structures were shown in Fig. S8 (Supporting information), en-
compassing two oxidative lipid species. We further investigated
the metabolic correlations among the discriminated metabolites
in tumor tissues and plasma (Fig. 3B). Notably, 9,10-EpOMe (a
class of the oxidative lipids derived from linoleic acids) exhibited
a significantly positive correlation between tumor tissues and
plasma (P=0.053, R=0.593) (Fig. 3C). These findings highlight the
active involvement of oxidative lipids in metabolic communication
between GC tumors and the bloodstream, which might be crucial
in the metabolic reprogramming of tumorigenesis and metastasis.

The metabolic pathway related to oxidative lipids was further
investigated. As shown in Fig. 3D, a specific metabolic network that
showed correlations between the differential metabolites (LPCs,
PUFAs, and oxidative lipids) was discovered in plasma. For in-
stance, LPC (18:2), LPC (18:3), and LPC (20:4) can be hydrolyzed
into FA (18:2), FA (18:3), and FA (20:4), which subsequently un-



Y. Chen, X. Ding, J. Zhou et al.

A
y-glutamyl -
amino alcds Fe
o
QE .
3
GGT1 %
]
& P omal M W PUFA-OH
GSHe—{__——
NADPH

GSSG / GSH

-]
Has
o Loy
0% Normal MO M1

e = L L
O

0.04
LS00
.02
o0.01

100% L) -

°
L] Normal MO M1
Glutamyl-taurine / Taurine

100% 02

L]
) Normal MO M1

9,10-EpOME / Linoleic acid

Glutamyl-taurine | Taurine

Chinese Chemical Letters 36 (2025) 110351

PUFA

Linoleic acid

Linolenic acid
& —

Linolenic acid

GGT1 GPX4 CYP2E1
. 0.16 . = 0.07

g2 —m— @ a e L
s - S s QB Ca
% 0.1 g”" § 01
£ o0s 2 o004 2 oos
- - m

o 0

o
Normal MO M1 Normal M0 M1 Normal MO M1

Fig. 4. In situ discovery and validation of altered metabolic enzymes in oxidative lipids pathways. (A) Metabolic pathway of glutathione and oxidative lipids in the tumor
cells. (B) The newly constructed MS image and statistical results based on the ion-intensity ratio of GSSG to GSH, 9,10-EpOMe to linoleic acid, HpODE to linoleic acid, and
glutamyl-taurine to taurine. (C) Expression of enzyme GGT1, GPX4, and CYP2E1 in different tissues by immunohistochemistry staining.

dergo peroxidation to form various oxidative lipids, such as 5-
hydroxyeicosatetraenoic acid (5-HETE), 9-HOTTE, 9,10-EpOMe. By
comparing the inter-correlations among plasma metabolites in HC,
MO, and M1, we found that the correlational activity of the ox-
idative lipids metabolic network became increased in MO, and was
even aggravated in M1.

Moreover, the MSI analysis revealed that GSH were depleted in
M1 tumors, whereas GSSG accumulated in both MO and M1 tu-
mors (Fig. 3E and Fig. S9 in Supporting information). Hence, the
GSSG/GSH ratio in normal tissues had an average ratio of only 0.06.
However, this ratio tended to dramatically increase in MO, reaching
a ratio of 1:1. While, it was not statistically significant in M1 com-
pared with MO. The dynamic balance and interconversion of GSH
and GSSG play a crucial role in the assessment of the redox status
of cells and tissues [19,22]. This observation is consistent with the
upregulated the expression of PUFA and its oxidative metabolites

in MO and M1 tissues, such as linoleic acid, 9,10-EpOMe, HOTTE,
and hydroperoxyoctadecadienoic acid (HpODE).

Thus, the integrative analysis of plasma metabolomics and
tumor metabolomics both revealed a significant increase in the
redox imbalance and high oxidative stress, and then the lipid
peroxidation of poly-unsaturated fatty acids in the body of GC
patients experiencing tumorigenesis and metastasis. The tran-
scriptome expression profile of mRNA markers associated with
oxidative stress in gastric tumor tissues from an independent
the Cancer Genome Atlas (TCGA) GC cohort (n=340) further
confirmed the validity of our findings (Fig. S9).

The MSI and immunohistochemistry (IHC) [15,23] were utilized
to identify potential tumor-associated metabolic enzymes involved
in oxidative lipids metabolism in GC. The present findings indicate
a significant increase in the ratios of GSSG to GSH, 9,10-EpOME to
linoleic acid, HpODE to linoleic acid, and glutamyl-taurine to tau-
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rine in MO or M1 tumors (Fig. 4B). Fig. 4A summarized that linoleic
acid and linolenic acid can be oxidized through the catalyzation
of CYP and LOX enzymes [24-26]. This implies that there might
be abnormal expression of GPX4, GSR, CYP2E1, CYP3A4, ALOX15,
and GGT1 in tumors. By further investigating with IHC semi-
quantitative analysis, the results shown in Fig. 4C indicate that
GPX4 is underexpressed in MO. Additionally, GGT1 is significantly
upregulated in M1. CYP2E1 is slightly overexpressed in M1, which
could explain the increase of 9,10-EpOMe to a certain extent. Stud-
ies have shown that the accumulation of ROS causes metabolic re-
programming in tumors [19]. Thus, we further performed log-rank
survival analysis of CYP2E1 mRNA and GGT1 mRNA expression via
the public TCGA database. The results demonstrated that high ex-
pression of CYP2E1 and GGT1 were significantly correlated with
the clinical outcomes of GC patients (Fig. S11 in Supporting infor-
mation), which further confirmed the potential effect of CYP2E1
and GGT1 in GC metastasis.

Therefore, our findings suggest that the upregulation of GGT1 in
GC tumors may cause a significant decrease in GSH and increase
in the ratio of GSSG to GSH. The shift in redox metabolism and
the resulting surge in oxidative stress contribute to the tumorige-
nesis of GC. Furthermore, the increase in oxidative stress, coupled
with a slight upregulation of CYP2E1, enhances the peroxidation of
poly-unsaturated fatty acids as the disease progress, especially at
GC metastasis. This is evidenced by the increased expression of ox-
idative metabolites of PUFA, including 9,10-EpOMe, HOTrE, HpoDE,
among others.

An integrative metabolomics approach was proposed in this
study to characterize the global metabolic landscape of plasma
and tissue samples of GC using LC-MS- and AFADESI-MSI-based
metabolomics. Compared with the traditional metabolomics ap-
proach, this integrative metabolomics strategy could provide com-
prehensive detection of metabolites and reveal spatial metabolic
information of tumor tissue microregions as well as the metabolic
information of the blood system, thereby characterize the global
metabolic atlas. Furthermore, using the integrative metabolomics
approach have discovered metabolic communications of lipid per-
oxidized metabolites of poly-unsaturated fatty acids between tu-
mors and blood. In addition, through data-driven MSI ratio analysis
and [HC analysis, we obtained further evidence regarding the acti-
vation of oxidative lipid metabolism and increased oxidative stress
during the progression of gastric cancer. This multi-dimensional
dataset elucidated the extensive metabolic changes occurring dur-
ing the metastatic progression of GC. It offers valuable insights for
investigating the dynamic metabolic responses of advanced GC pa-
tients to this progression. However, there are some limitations to
this study. Experiments on animal models would be conducting for
delving into the potential underlying mechanisms.
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