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Spermine accumulation via spermine =0

synthase promotes tumor cell proliferation
in head and neck squamous cell carcinoma

Xi Chen'?**#! Fei Song®, Peng Xiao'***', Yisong Yao'?** Dongxian Li'*** Yuhui Fang'***®, Shijun Lv'#34,
Yakui Mou'?*# Yumei Li"*3*" and Xicheng Song'#***

Abstract

Background Head and neck squamous cell carcinoma (HNSCC) is among the most aggressive malignancies, under-
scoring the need for early diagnosis to improve patient outcomes. Tumor-derived exosomes, which can be non-
invasively obtained and reflect the metabolic state of tumors in real-time, are under increasing investigation for their
diagnostic potential. Herein we analyzed metabolite differences in exosomes, serum, and tissues from patients

with HNSCC to identify potential diagnostic biomarkers of clinical relevance.

Methods Non-targeted metabolomics based on liquid chromatography—mass spectrometry was employed to quan-
tify metabolites in exosome, serum, and tissue samples from 11 patients with HNSCC and six patients without cancer.
The metabolic profiles of HNSCC were analyzed through univariate and multivariate statistical methods, differential
metabolite analysis, and pathway enrichment analysis.

Results We identified three differential metabolites in exosomes, 45 in serum, and 33 in tissues. Notably, patients
with HNSCC exhibited significant disruptions in protein and amino acid metabolism. Spermine was exclusively
detected in exosomes and tissues from patients with HNSCC. We hypothesize that spermine is extracellularly secreted
by malignant cells via exosomes and subsequently enters the bloodstream. Moreover, spermine synthase was highly
expressed in HNSCC tissues. Knocking down spermine synthase markedly impaired HNSCC cell proliferation

and migration.

Conclusions This study provides a preliminarily characterization of the metabolic profile of HNSCC and highlights
spermine and its synthetic pathways as potential diagnostic and therapeutic targets. Future studies are warranted
to elucidate the mechanism of action of spermine in HNSCC and explore its utility in early diagnosis and therapeutic
development.
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Background

Head and neck cancer is among the most prevalent
malignancies, with>870,000 new cases and>440,000
deaths reported globally in 2020 [1]. As high as 90% of
these cases present with head and neck squamous cell
carcinoma (HNSCC), a highly heterogeneous and aggres-
sive disease with a strong tendency toward recurrence
and metastasis. Patients diagnosed at an early stage
have a high cure rate; however, early clinical manifesta-
tions are often subtle, and most patients thus present
with advanced HNSCC at the time of diagnosis [2, 3].
This highlights the urgent need for novel early detection
methods. Recent studies have identified several biomark-
ers in blood and saliva, such as VEGF-A, miRNA-21,
miRNA-184, and asparagine, which show promise for
diagnosing HNSCC [4—6]. However, further investiga-
tions are required to confirm their clinical value and
underlying mechanisms.

Exosomes, which are widely distributed in various
body fluids, reflect the biological characteristics of their
originating cells [7]. By transporting bioactive molecules
(e.g., DNA, RNA, and amino acids), they contribute to
creating a tumor microenvironment conducive to tumor
invasion and metastasis [7, 8]. Compared with biomark-
ers in serum and saliva, exosome-based biomarkers
demonstrate superior performance [9, 10]. The search
for tumor biomarkers in exosomes has been conducted
in several cancer types, with various miRNAs, long non-
coding RNAs, and proteins showing potential diagnostic
value [11-14].

During cancer progression, cancer cells undergo met-
abolic reprogramming to meet the demands of rapid
growth and survival. Glycolysis, pentose phosphate path-
way, tricarboxylic acid cycle, and glutamine metabolism
are reportedly upregulated in patients with HNSCC. In
addition, levels of various metabolites, such as lactate,
gamma-aminobutyric acid, and polyamine-based metab-
olites, are elevated [15-19]. In comparison to the tran-
scriptome and proteome, the metabolome is more closely
linked to the biological phenotype [20]. Metabolomic
analysis has been applied to diverse tumors, such as gas-
tric cancer [21], hepatocellular carcinoma [22, 23], breast
cancer [24]. and lung cancer [25]. Besides, metabolomic
studies using gas chromatography—mass spectrometry
and liquid chromatography—mass spectrometry (LC—
MS) have identified potential diagnostic biomarkers for
HNSCC [26, 27]. Exosome metabolomics, in particular,
has shown promise in cancer diagnostics. For instance,
Tao et al linked specific lipid profiles in serum exosomes
to pancreatic cancer progression, facilitating early diag-
nosis [27]. Similarly, other studies employing targeted
metabolomics and machine learning have reported the
identification of biomarker sets for disease prediction
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and screening in esophageal squamous cell carcinoma
and lung cancer [28, 29].

In this study, we analyzed the metabolic signatures of
cancer tissues, serum, and exosomes from patients with
HNSCC using LC-MS/MS-based non-targeted metabo-
lomics. We focused on identifying differential metabo-
lites to recognize reliable diagnostic biomarkers for
HNSCC. Our metabolomics data revealed distinct altera-
tions between patients with HNSCC and controls, with
spermine showing the highest diagnostic potential. Sub-
sequent experiments confirmed the role of spermine syn-
thase (SMS) in promoting tumor progression.

Methods

Patient cohort

We collected cancer tissues, adjacent normal tissues,
serum, and exosomes from 11 patients with HNSCC,
and control serum and exosomes from participants
without cancer or inflammation related diseases at Yan-
tai Yuhuangding Hospital. (Supplementary Table 1)
Patients who had undergone preoperative radiotherapy;,
targeted therapy, biologic therapy, or had incomplete
clinical data were excluded. All participants provided
written informed consent, and the study was approved
by the ethics committee of Yantai Yuhuangding Hospital.
Serum samples were obtained by blood centrifugation at
3,000 rpm for 10 min at 4 °C and stored at—80 °C until
needed.

Exosome sample preparation

Exosomes were isolated using the QIAGEN exoEasy
Maxi Kit, according to manufacturer instructions. Serum
samples were centrifuged at 3,000 g for 15 min at 4 °C
and then mixed with XBP buffer in a 1:1 ratio. This mix-
ture was transferred to an exoEasy spin column and cen-
trifuged at 500X g for 1 min at 4 °C. Subsequently, 10 mL
XWP buffer was added, followed by centrifugation at
5,000x g for 5 min. Finally, exosomes were eluted with
400 puL XE buffer and centrifuged again at 500x g for
5 min at 4 °C.

Transmission electron microscopy

Exosomes were deposited onto a sealing membrane and
covered with a copper grid. The sample was fixed by incu-
bating the grid with 3% glutaraldehyde for 5 min. Subse-
quently, the grid was washed 10 times with 20 pL distilled
water for 2 min each. The sample was then stained with
4% uranyl acetate for 10 min on ice, air-dried, and visual-
ized using transmission electron microscopy.

Metabolite extraction
Add extraction solution (methanol: acetonitrile:
water=2:2:1) and 10 pL of internal standard in each
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tissue sample. After homogenization at 40 Hz for 5 min,
the samples were sonicated for 10 min and incubated
at 20 °C for 1 h. The samples were then centrifuged at
25,000 rpm for 15 min at 4 °C, and the supernatant was
collected for vacuum freeze-drying. Metabolites were
resuspended in 200 pL of 10% methanol, sonicated, and
centrifuged again under the same conditions. In order
to provide more reliable experimental results during
instrument testing, the samples are randomly ordered
to reduce system errors. A quality control (QC) sample
was prepared by pooling 20 uL from each sample to cre-
ate a representative mixture and interspersed for every 10
samples to ensure the accuracy and precision of the ana-
lytical method throughout the study.

LC-MS/MS

Metabolite analysis was performed on a Waters 2D UPLC
system coupled with a Q-Exactive mass spectrometer
(Thermo Fisher Scientific). Chromatographic separation
was performed on a Waters ACQUITY UPLC BEH C18
column (1.7 pm, 2.1 mm X 100 mm) maintained at 45 °C.

Detection and identification of metabolites

The mass spectrometry raw data (raw file) collected by
LC-MS/MS was imported into Compound Discoverer
3.1 (Thermo Fisher Scientific, USA) for data process-
ing, including peak extraction, retention time correction
within and between groups, additive ion pooling, miss-
ing value filling, background peak labeling, and metabo-
lite identification, and finally information on compound
molecular weight, retention time, peak area, and iden-
tification results were exported. The identification of
metabolites is a combined result of BGI self-built stand-
ard library, mzCloud and ChemSpider (HMDB, KEGG,
LipidMaps) databases.

Differential metabolite analysis

We identified differential metabolites between the
groups using multivariate statistical analyses, includ-
ing principal component analysis, partial least squares
discriminant analysis (PLS-DA), and orthogonal PLS-
DA (OPLS-DA), as well as univariate analyses such as
fold-change (FC) analysis and Student’s t-test. The cri-
teria for differential metabolite screening were (1) vari-
able importance in projection score of>1 for the first
two principal components in the PLS-DA model, (2)
FC>1.2 or<0.83, and (3) p<0.05. Differential metabo-
lites were grouped using a hierarchical clustering algo-
rithm. Data were log,-transformed and normalized using
z-scores. Euclidean distance was applied to calculate
the distance for clustering. Metabolites were annotated
based on the Kyoto Encyclopedia of Genes and Genomes
(KEGG) database (www.genome.jp/kegg) and the Human
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Metabolome Database (hmdb.ca). Differential metabo-
lites were subjected to metabolic pathway enrichment
analysis using the KEGG database.

Data visualization

A Venn diagram was constructed using an online portal
(https://bioinformatics.psb.ugent.be/webtools/Venn/) to
show the shared and unique metabolites between sam-
ples from tumor tissues, adjacent normal tissues, tumor
and control serum and exosomes.

Expression profile and clinical features

RNA-sequencing data and clinical information were
obtained from The Cancer Genome Atlas (TCGA) data-
base (http://cancergenome.nih.gov/). Violin plots depict-
ing SMS expression profiles and correlations with clinical
features were created using Hiplot (https://hiplot.org/).
The Kaplan—Meier method, accessed through Gene
Expression Profiling Interactive Analysis (http://gepia.
cancer-pku.cn/), was used for survival analysis.

Cell culture

The laryngeal squamous cell carcinoma cell line AMC-
HN-8 was cultured in RPMI 1640 medium (Viva Cell).
The hypopharyngeal carcinoma cell line FaDu was cul-
tured in MEM-E medium (Viva Cell) supplemented with
10% fetal bovine serum (Biochannel). Both these cell lines
were maintained at 37°C in a humidified atmosphere with
5% carbon dioxide.

Small-interfering RNA (siRNA) transfection

To transient knockdown of SMS expression, sequence-
specific siRNA was used. Cells were transfected with
50 nM SMS-targeting siRNA or negative control siRNA
(GenePharma, Shanghai, China) using Lipofectamine
3000 (Invitrogen, CA, USA) in serum-free medium. After
6 h, the transfection mixture was replaced with fresh
medium containing 10% fetal bovine serum. Cells were
then incubated for 48 h before further experiments.

CCK-8 assay

Fadu cells (2x 10%) were placed in 96-well plates and cell
viability was measured every 12 h. For measurement, 10
uL of CCK-8 solution was dropped into each well and
incubated for 2 h. Absorbance was measured by micro-
plate reader at 450 nm.

Colony formation assay

Cells were seeded into 6-well plates (1,000 cells/well),
with the medium replaced every 48 h. After 10-14 days
of incubation, colonies were fixed in 4% paraformalde-
hyde and stained with 0.1% crystal violet. Colony number
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was counted for each treatment group across three repli-
cate wells.

Wound healing assay

Forty-eight hours post-transfection, vertical scratches
were made in cell monolayers using a 200 pL plastic filter
tip. The medium was replaced with media containing 1%
fetal bovine serum. Cell migration was assessed at 0, 12,
and 24 h under an inverted microscope.

RNA isolation, reverse transcription, and quantitative PCR
(gPCR)

Total RNA was extracted from cells using TRIzol (Spark-
Jade) and reverse transcribed into cDNA using SPARK-
script IT All-in-one RT SuperMix for qPCR (With gDNA
Eraser) (SparkJade). Quantitative real-time PCR (qRT-
PCR) was performed using ChamQ SYBR qPCR Master
Mix (Vazyme), following manufacturer instructions for
cycle and temperature conditions. Gene expression was
normalized using B-actin as internal controls. The fol-
lowing primer sequences were used: B-actin, forward
5 -TGGTGGGCATGGGTCAGAAGG-3’ and reverse
5 -ACGCAGCTCATTGTAGAAGGTGTG-3; and SMS,
forward 5-GCTGGACCTTCAGAGTTATGATGG-3’
and reverse 5 -GGCTCCTCCTCGCACTATGG-3.

Western blotting

Cellular and exosomal proteins were extracted using
RIPA lysis buffer (SparkJade) with 1% phenylmethane-
sulfonyl fluoride (SparkJade). Proteins were separated by
10% sodium dodecyl sulfate—polyacrylamide gel electro-
phoresis at 80 V for 30 min, followed by 120 V for 60 min,
and then transferred onto nitrocellulose membranes. The
membranes were blocked at room temperature for 2 h,
and then incubated overnight at 4 °C with primary anti-
bodies (Sangon Biotech). Subsequently, the membranes
were incubated with secondary antibodies (Sangon Bio-
tech) at room temperature for 2 h.

Statistical analysis

Statistical analyses were performed using SPSS v27.0.
Graphics were mainly generated by GraphPad Prism 9.0.
Statistically significant differences were evaluated using
Student’s ¢-test. p < 0.05 indicated statistical significance.

Results

Differential metabolite analysis in HNSCC serum exosomes
We rigorously evaluated the performance of our analyti-
cal system using QC samples. Base peak chromatogram
detection in the QC group demonstrated well-shaped
peaks and high peak capacity in both positive and nega-
tive ion modes (Figure S1A, S1B). The spectrum over-
lap exhibited favorable characteristics, with minimal
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fluctuations in retention time and peak response inten-
sity. Metabolites with coefficient of variation<30% of
the relative peak area in the QC samples accounted for
90.47% in positive ion mode and 90.37% in negative ion
mode of all detected metabolites (Figure S1C, S1D).
Principal component analysis revealed clear separation
between tissue, serum, exosome, and QC groups, with
tight clustering of QC samples, demonstrating the stabil-
ity of the analytical system and reliability of obtained data
(Figure S1E, S1F).

Transmission electron microscopy was utilized
to observe the morphology and structure of serum
exosomes (Fig. 1A). The extracted exosomes showed a
typical “teato-like” structure, with all of them exhibiting
round or oval double-membraned vesicle-like structures;
their diameters were normal, ranging from 30 to 150 nm.
Western blotting confirmed that serum exosomes highly
expressed the exosome biomarkers CD9, TSG101, and
CD63 (Fig. 1B).

In HNSCC serum exosomes, 794 metabolites were
detected, with 180 identified, while 767 metabolites were
detected in control serum exosomes, of which 160 were
identified. OPLS-DA plots (Fig. 1C) indicated a trend of
separation between HNSCC and control serum exosomes
(R?=0.95, Q*= —0.46; Fig. 1D). Three metabolites
showed significant expression differences (Supplemen-
tary Table 3). Phenylalanine expression was upregulated
in the HNSCC group (Fig. 1E, F) [30]. Dysregulation was
observed in four metabolic pathways: sulfur metabolism;
protein digestion and absorption; phenylalanine, tyros-
ine, and tryptophan biosynthesis; and sphingomyelin bio-
synthesis (Fig. 1G).

Differential metabolite analysis in HNSCC tissues

In positive and negative ion modes, 4,201 metabolites
were detected in HNSCC tissues, with 1,586 identifi-
able. In adjacent normal tissues, 2,972 metabolites were
detected, of which 1,172 were identified. By applying
OPLS-DA, we could observe a clear separation trend
between the groups (Fig. 2A). Response permuta-
tion testing confirmed model stability and reliability
(R?=0.84, Q*= —0.39; Fig. 2B).

A heatmap was plotted, which showed distinct cluster-
ing of metabolites between cancer and adjacent normal
tissues (Fig. 2C, D). A total of 33 differential metabolites
were identified between the HNSCC and adjacent nor-
mal groups, of which 13 were identified as amino acids or
peptides and their derivatives (Supplementary Table 3).
The expression of these metabolites, such as arginine,
leucine, serine, tyrosine, and various dipeptides, was
predominantly upregulated in the cancer group, suggest-
ing increased protein synthesis and degradation within
tumor tissues.
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Fig. 1 Identification and comprehensive metabolomic analysis of HNSCC serum exosomes. A Transmission electron microscopy: exosomes
exhibit a bilayer lipid-encapsulated, disc-like morphology, with diameters ranging from 30 to 150 nm (scale: 200 nm). B Western blotting: exosome
markers (CD9, TSG101, and CD63) were found to be significantly expressed. C Score plot of the OPLS-DA model. D Response permutation testing
plot for the OPLS-DA model. The two rightmost points represent the actual R2Y and Q? values, while the remaining points show values obtained
by random rearrangement of the samples. E Heatmap of clustering analysis. Each row represents a differential metabolite, and each column
represents a sample. Colors correspond to expression levels, with blue indicating low and red indicating high expression. F Volcano plot. Blue
indicates downregulated differential metabolites (labeled blue), red indicates upregulated differential metabolites (labeled red), and gray indicates
no significant change. G KEGG pathway analysis of differential metabolites

Pathway enrichment analysis of the top 20 metabolites,
performed using the KEGG database (Fig. 2E), revealed
a close association between arginine biosynthesis and
HNSCC. Elevated levels of argininosuccinate synthase,
a key enzyme in de novo arginine synthesis, have been
lined to poor prognosis in patients with cancer [31,
32]. These metabolic alterations likely reflect the rapid

proliferation and altered energetic demands of cancer
cells [33].

Differential metabolite analysis in HNSCC serum samples

A total of 3,906 metabolites were detected in HNSCC
serum samples, with 1,310 metabolites identified,
compared to 3,210 metabolites detected in control
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Fig. 2 Comprehensive metabolomic analysis of HNSCC tissues. A Score plot of the OPLS-DA model. B Response permutation testing plot

for the OPLS-DA model. The two rightmost points represent the actual R?Y and Q? values of the model, while the remaining points show values
obtained by random rearrangement of the samples. C Heatmap of clustering analysis. Each row represents a differential metabolite, and each
column represents a sample. Colors correspond to expression levels, with blue indicating low and red indicating high expression. D Volcano plot.
Blue indicates downregulated differential metabolites (labeled blue), red indicates upregulated differential metabolites (labeled red), and gray
indicates no significant change. E KEGG pathway analysis of differential metabolites

serum samples, of which 1,091 were identified. OPLS-
DA plots (Fig. 3A) demonstrated a clear separation
between the groups (R>=0.98, Q?>= —0.35; Fig. 3B). A
heatmap and volcano plot were plotted (Fig. 3C, D),
resulting in the identification of 45 differential metabo-
lites, of which six were up- and 39 were downregulated

in HNSCC (Supplementary Table 3). Notably, citrul-
line and acetylcarnitine serum levels were elevated in
HNSCC serum. Pathway enrichment analysis of the top
20 differential metabolites revealed changes in several
crucial metabolic pathways in HNSCC, including cho-
line metabolism, glycerophospholipid metabolism, cho-
linergic synapses, and insulin resistance (Fig. 3E).



Chen et al. BMC Cancer (2025) 25:402

Page 7 of 14

R2=(0.0,0.977) Q2=(0.0,-0.345)
--e- - -9--w-49----- -—-—=-
.
i ° . . -
. _--""
R
__l,_ H .
- - °
! "R
.
-1 : . :
L]
.
]
]
0.00 035 75 00

0.50
200 permutations 1 components

g s
[~ pa—
2 [ control serum

A
OPLS-DA
g
H ohe [Ap—
i L ® Coneinboos
4
~50000 50000
PC1(7.83%)
C
-
-
= = =
— - L
|— iy
- .
F
— = E
- 5
-
- .
€=' -
§ 23838 23¢8¢882338¢3¢E 23
£ 2888288288238 2822¢8232
T O S A A S O O I N R A A
8888888 %5585 5% 88T
8 88888
D

Volcano Plot

.

1
o5
® i

~log10(P-value)

® down-regulated

not-significant

up-reguiated

pvaiue=0.05

To k]

1]
10g2(FC)

11-beta-ycroyandrostrone-3-glucronide
e i cid

10:13,14-hycro~15-4oto prostagandin a2
-J5(6)-dnet

3
E)
H
i
Lo«
)
g
T
°
N P P NP
& 5 P e
@\y«y@@g . %@ye @““ & & e@o(\\&@
o @@ SF o @ S @
& & & SRR N R
«5@@ Q\ﬁv\(}@\ e @"‘\\\iﬂ\@(b&“@ < dee?“ o
e & S
S o o oF
5 S
SR 5
e
oV
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Spermine as a potential biomarker for HNSCC

A Venn diagram visualizing shared and unique metabo-
lites among the groups (Fig. 4A, Supplementary Table 2)
revealed that of the 175 HNSCC exosome metabolites,
125 were also present in HNSCC tissue metabolites. In
contrast, serum samples contained a higher proportion
of unique metabolites, likely reflecting systemic ver-
sus local tissue metabolite differences. Spermine was

detected only in HNSCC exosomes and tissues but not
in adjacent normal tissues, exosomes, serum, or HNSCC
serum, indicating that spermine may be secreted from
cancer cells into exosomes and subsequently enter the
bloodstream. SMS, a key regulatory enzyme in sper-
mine synthesis, showed significantly higher expression in
HNSCC compared to controls in TCGA dataset (Fig. 4B).
Further investigation into the clinical significance of
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SMS in HNSCC revealed that elevated SMS expression
was associated with advanced clinical N stage (Fig. 4C),
higher histological grades (Fig. 4D), and lymphovascular
invasion (Fig. 4E), suggestive of a relationship between
increased expression of SMS and aggressive progression
of HNSCC. Kaplan—Meier survival analysis indicated
that high SMS expression correlated with lower overall
survival in patients with HNSCC (Fig. 4F). We assessed
the expression levels of SMS in human HNSCC and adja-
cent normal tissues. Our results revealed that SMS was
highly expressed in tumor tissues (Fig. 4G). Patients with
elevated SMS expression were more likely to have higher
histological grades (Fig. 4H) and a greater probability
of lymph node metastasis (Fig. 4I). However, no signifi-
cant differences were observed in T stage (Fig. 4]). These
findings are consistent with the analysis of data from the
TCGA database.

SMS knockdown inhibits HNSCC growth

To investigate the role of SMS in HNSCC, we used siRNA
to knockdown SMS in FaDu and AMC-HN-8 cells, with
knockdown efficiency confirmed at both the RNA and
protein levels (Fig. 5A, B, Supplementary Fig. 2A, B).
SMS knockdown markedly inhibited cell proliferation
and colony formation (Fig. 5C, D). Moreover, wound
healing assays demonstrated that SMS expression down-
regulation impaired cell migration (Fig. 5E). These find-
ings suggest that SMS promotes HNSCC progression by
modulating cellular proliferation and migration.

Discussion

The increasing prevalence of HNSCC necessitates the
adoption of more efficient diagnostic methods in clinical
practice [34]. Liquid biopsy presents a more cost-effective
and less invasive alternative to traditional tissue biopsy,
enabling real-time monitoring of cancer status through
serial testing. Exosomes offer significant advantages for
clinical diagnosis due to their enhanced stability com-
pared to other liquid biopsy types. They contain a diverse
array of biomolecules, including proteins, miRNAs, long
non-coding RNAs, circular RNAs, mitochondrial DNA,
chromosomal DNA, lipids, and small molecule metabo-
lites [35, 36]. The great promise of exosomes as biomark-
ers in liquid biopsy has been well-established. A variety
of differential metabolites were detected in the exosomes
of tumor patients compared to normal controls [37-39],
which was verified to be used as tumor predictors [40,
41]. Additionally, several metabolites associated with
tumor progression have been identified through the
analysis of exosomes from patients at various stages of
disease progression [41, 42]. At present, exosomes were
also approved for the diagnosis of lung and prostate
cancers in clinical [43, 44]. Considering the importance
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of metabolic reprogramming in cancer occurrence and
development, we analyzed metabolites from serum
exosomes, serum, and tumor tissues to enhance the
metabolic profiling of HNSCC. In addition, we propose
that spermine within exosomes may serve as a potential
biomarker for diagnosis and found that SMS promotes
tumor cell proliferation.

Our analysis revealed elevated levels of specific amino
acids in HNSCC tissues, including leucine, arginine, and
asparagine. Asparagine participates in multiple nutri-
ent metabolism pathways through the mTORC1 signal-
ing cascade; moreover, it plays a critical role in cancer
cell development [45, 46]. Furthermore, the association
between cancer progression and arginine is well-estab-
lished [47, 48], while polyamines, which are metabo-
lites derived from arginine, are essential for maintaining
genomic stability [49, 50]. Using isotope tracing, Carrer
et al. identified leucine as a major source of acetyl-CoA, a
central metabolite in biosynthetic processes essential for
cell proliferation, including fatty acid and cholesterol syn-
thesis [51]. High levels of various dipeptides, such as Gly-
Pro, Ala-Tyr, Ala-Pro, Gly-Ser, Gly-Leu, and Gly-Phe, are
reportedly present in tumor tissues. Previous research
suggests that dipeptides could have diagnostic utility. In a
study involving 3,482 participants, researchers employed
metabolomics and machine learning techniques to iden-
tify Glu-Leu and tyrosine as early diagnostic biomarkers
for colorectal cancer, achieving a diagnostic accuracy of
92.38% [52]. Hershberger et al. found that Gly-Pro, while
not significantly elevated in cancer, was able to enhance
the diagnostic performance of machine learning models
when combined with other metabolites [53].

Serum exosomes from patients with cancer exhibited
increased levels of phenylalanine, consistent with the
findings of a previous study utilizing nuclear magnetic
resonance-based metabolic profiling of HNSCC tissues
[54]. This phenomenon may arise from dysfunctional
phenylalanine hydroxylase activity in inflammatory or
malignant conditions. Phenylalanine hydroxylase cata-
lyzes the conversion of phenylalanine to tyrosine, and
reduced enzymatic activity leads to phenylalanine accu-
mulation [55, 56]. Jobard et al. identified phenylalanine
as a component in a model differentiating between local-
ized early-stage disease and advanced metastatic breast
cancer through nuclear magnetic resonance-based meta-
bolic profiling [57]. Phenylalanine metabolism and its
derivatives were the most significantly enriched pathways
identified in an untargeted metabolomics analysis of non-
small cell lung cancer [58].

Alterations in protein and amino acid metabolism were
observed in cancer tissues and exosomes, with a nota-
ble enrichment of aminoacyl-tRNA biosynthesis in both
the groups. Several metabolites exhibited similar trends
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assays (C) and colony formation assays (D) (n=3). E Effects of SMS knockdown on cell migration were assessed using wound healing assays (n=3).
Statistical significance is represented as *p <0.05, **p < 0.01, ***p <0.001, and ****p <0.0001

across these groups, indicating that exosomes accurately
reflect the metabolic status of tumor tissues. However,
aberrant lipid metabolism was predominant in serum
samples, with a marked increase in acetylcarnitine levels
in the cancer group. Acetylcarnitine plays a crucial role
in lipid metabolism by facilitating the f-oxidation of fatty
acids, thereby releasing energy [59, 60].

Variations in serum metabolic profiles are more com-
plex than those in tissues and exosomes, reflecting the
role of blood as a transport medium. This complexity also

suggests that tumors influence the metabolic processes
of other organs, potentially impacting serum metabolite
levels.

Spermine, a small molecular compound produced
through SMS-catalyzed aminopropyl transfer reactions,
is crucial for normal cell growth and function [61-63].
Elevated spermine levels are frequently observed in can-
cer, indicative of a potential association between cancer
progression and spermine biosynthesis and catabolism
[63, 64].
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Recent research has highlighted the roles of spermine
and SMS in tumor biology. AI-Habsi et al. demonstrated
that spermidine enhances antitumor immunity by acti-
vating mitochondrial trifunctional protein; however,
spermidine can also bind to this protein, inhibiting this
effect [65]. Spermine is crucial for tumor progression. It
is reported that spermine promotes intestinal epithelial
repair by accelerating Racl/PLC-y1 signalling-mediated
cell proliferation and migration [66]. Further, the simul-
taneous inhibition of SMS and MYC signaling pathways
can yield synergistic antitumor effects [67]. In pancre-
atic cancer, the METTL3-IGF2BP3 axis regulates the
N6-methyladenosine modification of SMS, modulating
AKT phosphorylation and activating epithelial-mesen-
chymal transition, thereby promoting tumor progres-
sion and migration [68]. Notably, spermine levels tend to
decrease in prostate tumors [69]. In castration-resistant
prostate cancer, spermine has been shown to influence
epigenetic processes and inhibit androgen receptor-
related pathways by targeting and inhibiting spermi-
dine methyltransferase (PRMT1), resulting in antitumor
effects [70]. This discrepancy may be attributed to the
naturally high spermine levels in prostate epithelial tissue
[71]. Spermine also regulates immunity. In hepatocellular
carcinoma, spermine reprograms tumor-associated mac-
rophages through activation of the PI3K-Akt-mTOR-S6K
signaling pathway, promoting their polarization toward
the M2 phenotype [72]. Spermine binds to JAK1, impair-
ing the interaction between JAK1 and cytokine receptors,
thereby broadly suppressing JAK1-mediated activation
of downstream signaling pathways, including those of
IFN-I, IFN-II, IL-6, and IL-2 [73]. In addition, spermine
reportedly inhibits type I interferon responses, which are
vital for the functionality of antigen-presenting cells in
tumor immunity [74].

The previous study identified SMS as a potential prog-
nostic biomarker through bioinformatics analysis [75],
which supported our results. In addition, our study
showed that the expression level of SMS was related to N
stages, histological grades, lymphovascular invasion and
prognosis. We verified the expression differences of SMS
in HNSCC and adjacent normal tissue by qPCR, and we
found that the knockdown of SMS impaired the progres-
sion of HNSCC through CCKS, colony assay, and would
healing assay.

This study has several limitations. Although we
detected several metabolites, some lacked compound
identifiers. Our goal is to detect compounds as compre-
hensively as possible and expand our metabolite data-
base. Non-targeted metabolomics has limitations in
detecting dipeptides; thus, further studies could benefit
from employing targeted assays [76]. The primary chal-
lenge of all liquid biopsy approaches remains the “noise”
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or interference from normal cells. Most exosomes in liq-
uid biopsies are derived from normal cells. Future inves-
tigations should utilize enrichment strategies based on
surface markers to address this issue and enhance diag-
nostic specificity and sensitivity [35, 77-79]. Besides,
we acknowledge the limitations in making causal infer-
ences from comparative groups in experimental designs
that lack follow-up. Future studies should aim to include
a more homogeneous age range and collect additional
data, including anthropometric parameters, genetic pro-
files, and risk factors associated with HNSCC. Factors
critical to improving treatment options and enhancing
patient quality of life, such as recurrence and patient sur-
vival, should also be prioritized.

In summary, we employed high-throughput, non-
targeted metabolomics techniques based on LC-MS/
MS to delineate the metabolic patterns of patients with
HNSCC and to explore potential diagnostic biomarkers
in exosomes. Our findings complement existing research
on the genomics and proteomics of HNSCC.
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