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Abstract

Background Oral squamous cell carcinoma is a malignant tumor with high morbidity and mortality, and changes
in microflora have a close relationship with tumor development. In this study, we tried to identify the changes in oral
microbial characteristics and metabolite levels in OSCC patients.

Methods In this study, saliva samples were collected from 40 oral cancer cases and 39 healthy controls. The
microbiome was analysed by 16 S TDNA gene sequencing, and the metabolome was detected by Liquid
Chromatography-Mass Spectrometry (LC-MS) with metabolite traceability using the Metorigin platform. Correlations
between the microbiome and metabolome were analysed using the Spearman correlation method.

Results The study found a significant difference in the {3 diversity of oral microbiota between the oral cancer

group and healthy controls, while a diversity showed no significant difference. At the phylum level, Deferribacterota
significantly increased, and Cyanobacteria significantly decreased in the oral cancer group. At the genus level, Vibrio
and Lactococcus were significantly elevated, while Bifidobacterium and Faecalibacterium were significantly reduced.
Metabolomic analysis identified 36 differentially abundant metabolites; 13(S)-HOTrE and 13-HODE were significantly
downregulated, while docosanamide was significantly upregulated in the oral cancer group. Six bacteria-specific
metabolites, including Indole, were also downregulated. Correlation analysis showed that N-Acetylneuraminic acid
had a significant negative correlation with Pseudoalteromonas and Vibrio (r < -0.4).

Conclusion This study found large differences in microbiome levels at the portal level, at the genus level, and
significant differences in the levels of a variety of metabolites labeled by indoles, providing a new and potentially
valuable direction for the diagnosis and treatment of oral squamous carcinoma.

Keywords Oral squamous cell carcinoma, Microbiome, Metabolites, Diagnostic markers, Oral microenvironment

'Oral and Maxillofacial Surgery, The First Affiliated Hospital of Zhengzhou

fKaitong Wei, Yaging Ma and Jing Xu contributed equally to this
University, Zhengzhou, Henan Province 450052, China

work ’Department of Pharmacy, The First Affiliated Hospital of Zhengzhou
*Correspondence: University, Zhengzhou, Henan Province 450052, China

Qiang Sun *The First Affiliated Hospital of Chongging Medical University, Chongging,
fccsungl@zzu.edu.cn China

© The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the

licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:/creati
vecommons.org/licenses/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12885-025-13680-5&domain=pdf&date_stamp=2025-4-4

Wei et al. BMC Cancer (2025) 25:611

Background

Oral malignancies are among the most common malig-
nancies of the head and neck, and according to Globocan
2022, oral cancer ranks 16th in global cancer incidence,
accounting for 1.95% of all cancer cases, and 15th in
mortality, accounting for 1.93% of all cancer cases world-
wide, about 90 per cent of them are oral squamous cell
carcinoma (OSCC) [1-3]. Recognised causes of oral can-
cer include smoking, alcohol consumption, poor oral
hygiene, human papillomavirus (HPV) infection and
betel nut consumption [4-7]. In addition, there is grow-
ing evidence linking the human oral microbiota to the
development of oral cancer [8, 9].

Microorganisms play a role in cancer development
and progression [10, 11]. Studies have confirmed a
strong correlation between oral periodontal pathogens
and malignancy, particularly Porphyromonas gingiva-
lis, Clostridium nucleatum and Spirochaetes denticolais
[12-14]. Among fungi, Candida is strongly associated
with oral cancer [15]. Numerous studies have shown that
viral HPV is a risk factor for oropharyngeal squamous
cell carcinoma, especially high-risk hpvl6 [16], which
may promote tumorigenesis by enhancing epithelial cell
proliferation, inhibiting apoptosis, and modulating the
inflammatory microenvironment. However, the role of
the oral microbiota in oral squamous cell carcinoma is
unclear.

Microbial metabolic activity is considered an impor-
tant bridge between the microbiota, the tumor microen-
vironment and cancer development [17, 18]. In addition,
malodour often occurs in the mouths of patients with
oral malignancies [19]. These pungent odours are formed
by volatile compounds, which are produced mainly by
anaerobic bacteria through their metabolic activities,
including volatile sulphur compounds, aromatic com-
pounds, amines, and short-chain fatty acids [20]. Accord-
ingly, it can be hypothesised that the microbiome and
its metabolic activities may play important roles in the
development and progression of oral cancer.

Salivary metabolomics is a rapidly growing discipline
that aims to provide real-time molecular phenotypes
reflecting oral health [21, 22]. Metabolic reorganisation is
a hallmark of cancer and may serve as a diagnostic and
therapeutic target [23, 24]. Unlike other deeply invasive
cancers, oral cancer is located in the oral cavity in direct
contact with saliva, and saliva sampling may be an effec-
tive method for identifying sensitive and specific bio-
markers for this disease [25, 26].

This study aims to explore the combination of charac-
teristic changes in oral cancer-related microbiomics and
metabolomics, which can effectively provide new per-
spectives on the effects of oral cancer on organisms and
provide an experimental basis for further exploration of
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the potential mechanisms of the bacterial microbiome
involved in oral carcinogenesis.

Methods

Study participants

From August 2022 to May 2023, we recruited 40 patients
with OSCC and 39 healthy participants at the First Affili-
ated Hospital of Zhengzhou University, all of whom
provided informed consent and complete clinical and
pathological information. The study was approved by
the Ethics Committee of the First Affiliated Hospital of
Zhengzhou University (Ethics Approval: 2019-KY-305).

The inclusion criteria for the OSCC group were
patients who underwent pathological biopsy of OSCC,
patients without severe periodontal disease, severe car-
ies or other serious oral diseases, patients with other
systemic diseases, patients with no history of surgery,
patients with no history of antibiotic application, and
patients with no history of radiotherapy in the 3 months
prior to enrollment.

The OSCC exclusion criteria for patients were as fol-
lows: history of oral infectious diseases or bleeding, his-
tory of antibiotic use within 3 months prior to enrolment,
and history of other systemic diseases.

Healthy participants who had not used antibiot-
ics within 3 months; had no severe periodontal disease,
severe caries, or other serious oral disease; and had no
personal or family history of autoimmune disease or
other serious systemic disease were included in the HC
(healthy control) group.

Sample collection

In accordance with the method of saliva collection from
OSCC patients adopted by Nikolay [27] et al., the collec-
tion time ranged from 8 a.m. to 9 a.m. Each participant
was asked to refrain from smoking, drinking, and eat-
ing for at least 1 h prior to sample collection. The mouth
was rinsed twice with distilled water, and participants
were asked to gently hold the tip of the tongue against
the lingual side of the palate or mandibular incisors to
enrich the saliva, which was then gently spat into a cen-
trifuge tube until the liquid saliva (nonbubbly) reached
the 5 ml mark. The mixture was centrifuged at 4 °C and
3000 rpm(279.5 g) for 10 min, and the supernatant was
dispensed into new EP tubes. Immediately after cod-
ing, the samples were stored in an ultralow temperature
refrigerator (-80 °C) for backup.

DNA extraction and 16 S rDNA sequencing of saliva
samples

Microbial genomic DNA was extracted from saliva sam-
ples via the cetyltrimethyl ammonium bromide (CTAB)
method, and the DNA concentration was determined
via NanoDrop One, and the purity was determined via
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1% agarose gel electrophoresis. The DNA was diluted
to 1 ng/pl, and the 16 S rDNA of the V3-V4 region was
amplified with the primers 341 F and 805R. The PCR
products were purified from AMPure XT beads (Beck-
man Coulter Genomics, Danvers, MA, USA) and quanti-
fied with a Qubit instrument (Invitrogen, USA), and the
PCR-amplified products were detected via 2% agarose
gel electrophoresis. An AMPureXT bead recovery kit
(Beckman, USA) was used. The purified PCR products
were evaluated via an Agilent 2100 Bioanalyzer (Agilent,
USA) and an Illumina Kapa Biosciences (Woburn, MA,
USA) library quantification kit. The qualified libraries for
each upsequencing (index sequences are not reproduc-
ible) were diluted in a gradient, mixed at the appropriate
ratio according to the required sequencing volume, and
denatured by NaOH to single-stranded for upsequenc-
ing; 2x 250 bp bipartite sequencing was carried out via
the NovaSeq 6000 Sequencer (Illumina, USA) and the
corresponding reagent NovaSeq 6000 SPReagent Kit
(Illumina, USA).

LC-MS analysis and data collection

Chromatographic separation was achieved via a Dionex
Ultra 3000 liquid chromatograph (Thermo Scientific,
San Jose, USA). Gradient elution was used, with mobile
phase A being acetonitrile and mobile phase B being
water containing 0.1% formic acid. The chromatographic
column used was an ACQUITY UPLC BEH C18 column
(2.1 mmx100 mm, 1.7 pm, Waters, USA). The injection
volume was 5 pL, the column temperature was 40 °C, and
the flow rate was 0.350 m L/m. The chromatograph was
interfaced with a Q Exactive Orbitrap mass spectrometer
(Thermo Fisher Scientific, San Jose, USA). The instru-
ment was scanned over a mass range of 80-1200 m/z,
with an ion source temperature of 350 °C, a capillary
temperature of 320 °C, collision energies of 20, 40, and
60 eV, and spray voltages of +3.50 or -2.8 kV. Mass spec-
tra were obtained by full MS/ddms? operating in positive
and negative ion modes. scanning modes to obtain mass
spectra. To assess both reproducibility and stability dur-
ing the run, quality control (QC) samples were obtained
by mixing all saliva samples separately, and the QC sam-
ples followed the same procedure as the test samples.
The experimental samples were randomised during the
run, with QC samples injected every eight samples, and
mixed standard solutions were analysed in the same way
as the biological samples. Mass spectrograms and spec-
tral data were recorded via Xcalbur software (Thermo
Fisher Scientific, USA). Metabolites were extracted from
the raw data via Compound Discoverer software (version
2.1). The resulting comprehensive peak list (molecular
weight, retention time, peak area) was derived for subse-
quent statistical analysis and metabolomics visualisation.
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Bioinformatics analysis, statistical analysis and
visualisation

For 16 S rDNA gene sequencing analysis, a and  diver-
sity values were calculated via the Quantitative Insights
Into Microbial Ecology (QIIME) toolkit (version 2.0) [28].
After the operational taxonomic unit (OTU) table was
refined,a diversity [29] was used to calculate taxa rich-
ness and evenness within bacterial populations via met-
rics such as the Chaol, observed taxa, Good’s coverage,
Shannon, Simpson and Pielou indices. The Wilcoxon
paired signed rank test was used to calculate the signifi-
cance of the a diversity indicators. The heterogeneity of
the microbial communities, i.e., f diversity, was deter-
mined via a Jaccard distance matrix calculated via the
QIIME script, and its significance was also determined
via analysis of similarity (ANOSIM) and aligned multi-
variate analysis of variance (ADONIS). The greater the
Jaccard distance was, the less similar the microbial com-
munities were. Principal coordinate analysis (PCoA) was
used to visualise differences in microbial distribution
between individuals and/or groups [30]. Linear discrimi-
nant analysis of effects (LEfSe) was used to statistically
analyse the relative abundance of oral microbial phyla
and genera in the two groups of samples [31]. Only col-
onies that satisfied both a linear discriminant analysis
(LDA) value greater than 3 and a P value less than 0.05
with a P value of less than 0.05 by Wilcoxon Rank-Sum
test were considered significantly enriched.

For metabolomics data analysis, one-way statistical
analysis was used to screen for metabolites with P val-
ues<0.05 and [log2(fold change (FC))|>1. Multivariate
statistical analyses, including principal component analy-
sis (PCA) and orthogonal partial least squares discrimi-
nant analysis (OPLSDA), were performed via SIMCA
software (version 14.0). Ranking analysis was used to
assess the reliability of the OPLSDA model, and differ-
entiated metabolites with variable importance in pro-
jection (VIP, variable importance in projection)>1 were
selected. References were made to the MassBank (http:/
/www.massbank.jp/), Kyoto Encyclopedia of Genes and
Genomes (KEGG)  (http://www.genome.jp/KEGG/),
ChemSpider  (http://www.chemspider.com/), Human
Metabolome Database (HMDB) (http://www.hmdb.ca/)
and other databases to identify potential biomarkers. The
identified metabolites were further validated with refer-
ence standards on the basis of accurate mass, MS2 frag-
mentation and retention time. In addition, we used the
in-depth analysis mode of the official Metorigin website (
https://metorigin.met-bioinformatics.cn/) for metabolite
traceability analysis, functional analysis and Sankey net-
work analysis and combined the microbiological data on
the platform where the metabolites differing between the
two groups were subjected to bacterial colony Spearman
correlation analysis. Finally, the relationships between
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the differential microbiome and metabolites and the clin-
ical characteristics of the OSCC patients were analysed
via the Spearman method.

Results

Analysis of basic demographic data

Outlier samples between the two groups were identi-
fied via principal component analysis (PCA), which were
excluded because their positions in the PCA plots signifi-
cantly deviated from those of the other samples, which
might affect the overall analysis results. After these out-
lier samples were removed, the cluster analysis results of
the metabolism group data were more consistent, which
enhanced the reliability of the results. The study included
36 patients with OSCC and 34 healthy volunteers, and
there were no significant differences in sex, age, weight,
height, or body mass index (BMI) between the two
groups (P>0.05) (Table 1).

Microbiological characteristics of saliva samples

A total of 5,816,261 high-quality sequences (83,089
sequences per sample) were obtained from the saliva
samples of 70 participants (36 OSCC patients and 34
healthy controls) for sequencing. The dilution curves
obtained from the Shannon and Goods coverage indices
tended to be flat, indicating that the sequencing depth
was deep enough to represent most of the microbial
taxa for this 16 S rDNA sequencing (Fig. 1A). To assess
the differences in gut microbial diversity between the
OSCC and HC groups, we used six indices to detect a
diversity, namely, the Chaol index, observed taxa index,
Good’s coverage index, Shannon index, Simpson index,
and Pielou-E index, where the Simpson index was signifi-
cantly greater in the OSCC group than in the HC group
(P<0.05) (Fig. 1B). To further analyse the differences in
microbial diversity between the two groups, diversity
analysis was performed on the data. The results of prin-
cipal coordinate analysis (PCoA) based on weighted Jac-
card distance and nonmetric multidimensional scaling
analysis (NMDS) based on weighted UniFrac showed
that there was a clear distinction between the OSCC
and HC groups in terms of B diversity, and the results of
Adonis and Anosim further confirmed that there was a

Table 1 Demographic and other indicators for the OSCC and HC
groups

Characteristic OSCC Group HC Group P
(n=36) (n=34)

Sex (m/f) 18/18 16/18 0.810

Age/year 573+156 549+134 0469

weight/kg 655+120 69.0£10.6 0.280

height/cm 1652+8.7 167.1£89 0.268

BMI 239+37 246+26 0.134
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significant difference in composition between the OSCC
and HC groups (Fig. 1C).

The bacterial communities and relative abundances of
the two groups were investigated at different taxonomic
levels, and at the phylum level, the major phylum in the
oral cavity of the OSCC group was similar to that of the
HC group, consisting mainly of Firmicutes, Bacteroidetes,
Proteobacteria, Fusobacteriota and Actinobacteria, which
together comprised five phyla accounting for more than
90% of the total microbiome (Fig. 2A). At the genus level,
Streptococcus was the most abundant genus in both the
OSCC and HC groups, followed by Neisseria, Veillonella,
and Prevotella_7. We subsequently compared the relative
abundance of the OSCC group with that of the HC group
at both the phylum and genus levels, and the results sug-
gested that at the phylum level, the relative abundance of
Deferribrobacterota was significantly greater (P<0.05)
than that of the HC group, whereas the relative abun-
dance of Cyanobacteria was significantly lower (P<0.05).
At the genus level, the relative abundances of Vibrio, Lac-
tococcus, and Enterococcus in the OSCC group were sig-
nificantly greater (P<0.05) than those in the HC group,
whereas the relative abundances of Bifidobacterium, Fae-
calibacterium, and Erysipelotrichaceae_UCG-003 were
significantly lower (P <0.05) (Fig. 2B).

To better explain the characteristic differences in
microbiome between the OSCC and HC groups, we per-
formed linear discriminant analysis effect size (LEfSe)
with the screening criterion of linear discriminant analy-
sis (LDA) > 3. The enrichment of six different categories,
including phylum, order, family, genus and species, in
the OSCC and HC groups is shown in Additional file 1.
LEfSe analysis revealed that, at the phylum level, the con-
tent of Campylobacterota in the oral saliva of the OSCC
group was significantly greater than that in the HC
group, whereas the content of Actinobacteria in the oral
saliva of the OSCC group was lower than that in the HC
group (P<0.05). At the genus level, the enrichment lev-
els of Catonella, Moraxella, Aggregatibacter, and Capno-
cytophaga were significantly greater in the oral saliva of
the OSCC group than in that of the HC group, whereas
the abundances of the genera Streptococcus, Prevotella_7,
and Prevotella were significantly lower (P<0.05) (Fig. 2C,
D). Taken together, these findings suggest a biased fitness
of the oral microflora of OSCC patients.

Metabolic characteristics of saliva samples

To ensure the stability and reliability of the metabolic
profiling results, we constructed PCA score plots for all
saliva samples, which revealed the intrinsic clustering of
the QC samples (Fig. 3A). The relative standard deviation
(RSD) distributions of the features of the QC samples
revealed that more than 80% of the features had an RSD%
of less than 30%, highlighting the excellent quality of the
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Fig. 2 Composition and abundance of oral microbiome from OSCC and HC groups. A histogram of relative abundance at phylum and genus levels
between the two groups, showing only the top 30 phylums and the top 30 genera; B microbiome with significant differences in relative abundance at
the phylum and genus levels. *, P <0.05; **, P<0.01; ***, P<0.001; C different circle layers in the evolutionary branching diagram on the left side radiating
from the inside to the outside represent the seven taxonomic levels of phylum, phylum, family, genus and species, and the individual nodes represent the
classification of a taxa at that level, and the higher the abundance, the larger the node. Yellow nodes indicate that the taxa was not significantly different
between the two groups; red nodes indicate that the taxa was significantly different between the two groups and was enriched in the OSCC group; green
nodes indicate that the taxa was significantly different between the two groups and was enriched in the HC group; and the linear discriminant analysis
on the right side (LDA > 3, P<0.05) showed that the OSCC group was enriched in different levels compared with the HC group in the oral microbiome

data (Fig. 3B). The RSD values of the metabolites occur-
ring in the QC samples were less than 30%, which can be
used for the subsequent statistical analyses. In addition,
the PCA plots of the samples in negative ion mode and
the QC samples showed the same reproducibility (see
Additional file 2), further demonstrating the robustness
and validity of the data processing methods.

The data between the two groups were subjected to
multivariate analyses via PCA and OPLS-DA. In the PCA
score plot, we noted a trend toward differences in saliva
samples between the two groups (Fig. 3C). The OPLS-DA
model clearly revealed a separation between the metabo-
lite profiles of the two groups (Fig. 3D). Ranking analy-
sis (Fig. 3E) revealed a parameter R"2Y of 0.976 for the
model’s explanatory power and a parameter Q2 of 0.659
for the models predictive power, which demonstrated
that the model was reliable and free of overfitting. A total
of 196 differentially abundant metabolites were identi-
fied in the positive ion model, of which 29 were upregu-
lated and 167 were downregulated (Fig. 3F) (screening
criteria P<0.05 and VIP>1). A total of 71 differentially
abundant metabolites were identified in the negative
ion mode, of which 21 were upregulated and 50 were
downregulated (see Additional file 2). A total of 40 dif-
ferentially abundant metabolites were screened by mul-
tifactorial statistical analysis (screening criteria P<0.05
and VIP > 1) (Fig. 4 and Additional file 3). Compared with
those in the HC group, 13(S)-HOTrE, (+)13-HODE and
N-acetylsphingosine were significantly downregulated
in the oral saliva of the OSCC group (|log2-fold change
(log2FC)|>1.5, P<0.05), whereas 17a-methyl-androstan-
3-hydroxyimine-17p-ol and docosanamide were signifi-
cantly upregulated (|(log2FC)|>1, P<0.05).

Analysis of differences in metabolic function on the basis
of metabolite source

To explore the associations between oral microorganisms
and oral metabolites, we performed host-microbiome
origin analysis of the differentially expressed metabolites
via MetOrigin. The results suggested that the 40 differ-
entially expressed metabolites could be categorised into
6 groups: 4 metabolites were from the host, 10 metabo-
lites were from oral microbes, of which 6 were bacte-
rial-specific metabolites, 12 metabolites were related to
drugs, 26 metabolites were related to food, 2 were related
to the environment, and 12 were unknown (Fig. 5A, B).

Enrichment analysis of metabolic pathways based on
metabolite source revealed two and five metabolic path-
ways shared by the microbiota and microbe-host, respec-
tively, with the biosynthetic pathways of phenylalanine,
tyrosine, and tryptophan in microbiota metabolism
(BIO-ko00400) as well as the tryptophan metabolism
pathway (BIO-ko00380) being statistically significant
(hypergeometric test, log0.05) P>1; Fig. 5C, D). The
metabolite associated with both metabolic pathways was
Indole, which was significantly lower in the oral saliva of
the OSCC group than in that of the HC group, and these
results suggest that the rates of phenylalanine, tyrosine,
and tryptophan biosynthesis and tryptophan metabolism
were significantly lower in the OSCC population than in
the healthy population.

The MetOrigin platform was also used to combine
differentially abundant metabolites and differential
microbiota for correlation analyses. Spearman correla-
tion analysis suggested that, at the phylum level, Indole
was negatively correlated with Deferribacterota (R=-
0.43, P<0.05), Cyanobacteria was positively correlated
with 13-HODE (R=0.48, P<0.05), and Deferribacte-
rota was negatively correlated with a variety of metabo-
lites (-0.6 < R<-0.4, P<0.05) (Fig. 6A). At the genus level,
Indole was positively correlated with Erysipelotrichaceae
UCG-003, Collinsella, Clostridium sensu stricto 1, Fae-
calibacterium, Catenibacterium and Ligilactobacillus
(0.4<R<0.6, P<0.05), whereas Erysipelotrichaceae UCG-
003 was strongly positively correlated (R>0.6, P<0.05)
with a variety of metabolites, including 13-HODE, and
Oleoyl ethylamide Pseudoalteromonas and Vibrio were
strongly negatively correlated (R<-0.6, P<0.05) with
metabolites such as N-acetylsphingosine (Fig. 6B).

In addition, after integrating the correlation between
biology and statistics on the MetOrigin platform, the
results indicated that microbiota-specific metabolic path-
ways, including the tryptophan metabolism pathway
(ko00380) and the biosynthesis pathway of phenylalanine,
tyrosine, and tryptophan (ko00400), with an abundance
of Indole, which corresponds to these two pathways,
were significantly lower in the OSCC group. These find-
ings suggest that the rates of phenylalanine, tyrosine
and tryptophan biosynthesis and tryptophan metabo-
lism were significantly lower in the OSCC group than in
the HC group. Biological-Sankey (BIO-Sankey) network
diagrams revealed correlations between the microbiota
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and metabolites at different microbiota taxonomic levels
(Fig. 7A-C), and the tryptophan metabolic pathway was
an important metabolic pathway associated with OSCC.
Indole and Pseudomonadota were the metabolic reac-
tions of this pathway (R00673) metabolites and primary
gates (Fig. 7A). The phenylalanine, tyrosine, and trypto-
phan biosynthesis pathway (ko00400) is another impor-
tant metabolic pathway associated with OSCC, which
involves 2 metabolic reactions (R00674 and R02340)
(Fig. 7B, C), and, again, Indole and Pseudomonadota are
the metabolites and primary gates of two metabolic reac-
tions of this pathway. We subsequently constructed a lin-
ear network diagram of microbiome versus metabolites
under the microbial metabolic pathway; at the phylum
level, five microbiota taxa were closely associated with
Indole in the biosynthetic pathway for phenylalanine,
tyrosine, and tryptophan (ko00400), and two microbi-
ota taxa were positively correlated with this metabolite
(Fig. 8A). At the genus level, 64 microbiota taxa were
closely associated with Indole in the tryptophan meta-
bolic pathway (ko00380), and the biosynthetic pathway
for phenylalanine, tyrosine, and tryptophan (ko00400)
and 28 microbiota taxa were positively correlated with
this metabolite (Fig. 8B). This suggests the presence of
varying degrees of dysbiosis and metabolite disruption
in the OSCC oral cavity and reveals many close links
between the oral microbiome and metabolites.

To further analyse the correlation between differen-
tial bacterial groups and group-specific metabolites,
we performed Spearman correlation analyses between
the nine differential bacteria obtained by LEfSe analy-
sis at the genus level and the six differentially abundant

metabolites analysed retrospectively on the Metorigin
platform for both groups (Fig. 9A). The results revealed
that Capnocytophaga was negatively correlated with
Spermine and Indole (correlation coefficient r < -0.3),
whereas there was a significant negative correlation
between N-acetylneuraminic acid and Pseudoalteromo-
nas and Vibrio (correlation coefficient r < -0.4). We sub-
sequently correlated these six colony-specific metabolites
with clinical characteristics, such as smoking history and
betel nut chewing history (Fig. 9B). The results revealed a
significant negative correlation between Oleamide levels
and time to disease progression (r = -0.49, P=0.002).

Discussion
OSCC is a common type of oral cancer. It is characterised
by high aggressiveness and the ability to develop lymph
node metastases at an early stage. Treatment of cancer
focuses on surgical resection, which is usually combined
with radiotherapy and chemotherapy [32]. However, cur-
rent treatment options have not yet achieved the desired
therapeutic effect. Therefore, investigating the role of the
oral microenvironment in oral carcinogenesis would be
beneficial for the prevention and treatment of oral cancer
and improve patient prognosis. In this study, we initially
conducted a comprehensive comparative analysis of the
microbiota and metabolic profiles associated with OSCC.
In the microbiomics study, the Simpson index of the
OSCC group was significantly greater than that of the
HC group (P<0.05), and the B diversity showed a signifi-
cant between-group difference, which is consistent with
previous studies [33] and suggests that alterations in the
oral microenvironment in cancer states may lead to a
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Fig. 5 MetOrigin-based differential metabolite traceability analysis and metabolic pathway enrichment analysis A Traceability Wayne plots and his-
tograms of differential metabolites in OSCC and HC groups; B Wayne plots and histograms of metabolic pathway enrichment analysis of differential

metabolites

decrease in microbiome diversity. Specifically, the cancer-
associated microenvironment may affect the composition
and diversity of the microbiome through inflammatory
responses or immune suppression [34]. These altera-
tions may play important roles in the pathogenesis of oral
cancer. The oral microbiota is one of the most complex
microbial communities in the human body, and many
national and international studies have reported asso-
ciations between ecological dysregulation and OSCC

development [35-38]. However, the results vary widely
from study to study. Li [33] et al. reported that the OSCC
group was significantly enriched in Bacteroidetes at the
phylum level and Prevotella and Peptostreptococcus at
the genus level compared with precancerous lesions and
healthy controls, but the present study revealed that Pre-
votella at the genus level was significantly enriched in the
HC group. However, the above study used macrogenome
sequencing to identify oral salivary microorganisms,
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Fig. 6 Heatmap of correlation between differential bacteria and differential metabolites A Heatmap of correlation between differential bacteria and
differential metabolites at the gate level between OSCC group and HC group; B Heatmap of correlation between differential bacteria and differential
metabolites at the genus level between OSCC group and HC group. Red represents positive correlation and blue represents negative correlation, the

stronger the correlation, the darker the colour. *: P<0.05, **;P <0.01

which is different from the 16 S rDNA gene sequencing
technique of the present study. Second, the authors of the
above study selected the saliva of only 10 OSCC patients
for testing, which may have led to a large random error,
whereas the salivary bacterial microbiome characteris-
tics of the 40 OSCC patients in the present study may be
more representative.

In our study, the genera Capnocytophaga, Aggregati-
bacter, and Moraxella were significantly increased at the
genus level in the OSCC group. This finding is consis-
tent with the findings of Takahashi and Alejandro, who
confirmed that Capnocytophaga is a potential tumor
promoter in OSCC, which can promote EMT (epithelial-
to-mesenchymal transition)-ediated invasion and
migration of OSCC cells [39-41]. Several scholars have
suggested that Capnocytophaga is a potential microbi-
ome diagnostic marker for oral cancer [42, 43]. On the
basis of the Spearman correlation coefficient (r < -0.3) of
Capnocytophaga with spermine and Indole, which was

negatively correlated, and combined with the changes in
the contents of all three compounds in the oral saliva of
the OSCC group, we hypothesised that Capnocytophaga
might promote OSCC occurrence and development.
Aggregatibacter is a gram-negative coccobacillus nor-
mally found in the oral cavity and upper respiratory tract
of humans. Aggregatibacter actinomycetemcomitans (Aa)
and Aggregatibacter aphrophilus are considered the caus-
ative agents of periodontitis and infective endocarditis.
Aa is also thought to be closely associated with aggres-
sive periodontitis [44], and more recently [45], through in
vitro cell experiments, Mark et al. revealed that extracel-
lular vesicles of Aa have potential antitumour effects on
oral cancer. These studies suggest that Aggregatibacter
abundance is strongly associated with the development
of OSCC. On the other hand, the genus Streptococcus
was less enriched in the OSCC group than in the healthy
group. In 2020, researchers reported that Aggregatibacter
Streptococcus may serve as a noninvasive biomarker for
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Fig. 7 BIO-Sankey network diagram of biota-specific metabolic pathways A Metabolic pathway of tryptophan (BIO-ko00380); B Metabolic reactions
(R00674) of the biosynthetic pathway of phenylalanine, tyrosine and tryptophan (BIO-ko00400); C Metabolic reactions (R02340) of the biosynthetic path-
way of alanine, tyrosine and tryptophan (BIO- ko00400) metabolic reactions (R02340). Dark red (or dark green) bars indicate microorganisms or metabo-
lites significantly elevated (or reduced) in the OSCC group (FC>1 or FC< 1, P<0.05); light red (or light green) bars indicate microorganisms or metabolites
elevated (or reduced) in the OSCC group (FC>1 or FC< 1, P>0.05); and black bands indicate microorganisms or metabolites in the reference database;
Purple bands indicate metabolic enzymes; dark red (or green) curved bands indicate statistically significant positive (or negative) correlations (Spearman’s
correlation test; R>or R <0, P<0.05); light red (or green) bands indicate statistically non-significant positive (or negative) correlations (Spearman’s correla-
tion test; R>or R<0, P>0.05); light grey bands indicate The correlation analysis was done based on the MetOrigin platform

oropharyngeal cancer [46]. A study of 197 participants
with OSCC in Taiwan by Yang [47] et al. revealed that the
relative Streptococcus abundance decreased with cancer
progression and that Streptococcus levels were negatively
correlated with OSCC progression. These findings sup-
port the potential pathogenic role of microbial communi-
ties in oral cancer and suggest that specific microbiome
may serve as therapeutic targets.

A total of six bacterial-specific metabolites with sig-
nificant differences were obtained in this study. Sperm-
ine is a polyamine metabolite, and elevated levels of
polyamines are necessary for tumor transformation and
progression [48]. The present study also demonstrated a
significant downregulation of salivary levels of spermine
in the OSCC group compared with the normal control
group in oral cancers. Indole is an important interme-
diate in the metabolism of tryptophan. Indole exerts an
oncogenic effect on prostate cancer cells, colorectal can-
cer, breast cancer, and childhood glioblastoma and can be
used as a diagnostic marker for detecting prostate cancer
[49-54]. Ishikaw et al. noted that patients with OSCC had
higher levels of indole-3-acetate in their saliva compared
to patients with benign lichen planus [55]. But in this
study, Indole was significantly reduced in the oral saliva
of the OSCC group, which also suggested that Indole
might have an inhibitory effect on OSCC, while the San-
key diagram and linear network diagram of this study
demonstrated three metabolic mechanisms involving the
metabolites of the six microbiome, all of which involve
Indole. Moreover, linear network diagrams at the phylum
and genus levels revealed that Indole was located in the
differential microbiome at the center of the correlation
between differentially abundant metabolites. However,
the mechanism of Indole and its derivatives in the devel-
opment of oral squamous cell carcinoma (OSCC) has not
been investigated. In addition to this, Balwinder Kaur et
al. detailed that the inhibitory effect of indole on human
cancer cells has been demonstrated in the development
of new anticancer drugs [56]. Indole and its derivatives,
as well as the bacteria closely associated with them,
may provide a novel research perspective on the occur-
rence and development of oral squamous cell carcinoma
(OSCC), and in-depth exploration of the interactions of
indole and its derivatives with the oral microbiota may
reveal mechanisms that have not yet been fully recog-
nized in the pathogenesis of OSCC.N-acetylneuraminic

acid is a type of salivary acid (sialic acid), which is a spe-
cial class of monosaccharide among sugar metabolites.
N-acetylneuraminic acid levels in the serum and saliva
of OSCC patients increase significantly with increasing
histopathological grade, and it has been proposed as a
biomarker for the diagnosis of OSCC [57-59]. However,
our results revealed that N-acetylneuraminic acid levels
in the oral cavity were significantly lower in the OSCC
group than in the HC group. This may be due to the dif-
ferences in the samples used in different studies and the
different methods of analysis used in the studies; how-
ever, in the present study, the liquid chromatography
method used was more capable of saliva separation and
could detect changes in N-acetylneuraminic acid in the
salivary acid in a relatively fine way. 13-HODE is a lipid
metabolite that is a product generated by the oxidation
of linoleic acid (linoleic acid) through the lipoxygenase
(LOX) pathway.13-HODE can inhibit the proliferation of
human colon cancer cells [60]. In the present study, the
significant reduction in 13-HODE in the oral cavity of the
OSCC group may suggest that 13-HODE also has some
inhibitory effect on OSCC, but the exact mechanism
is not clear. Oleamide is a fatty acid amide among lipid
metabolites, and studies have reported that oleamide
analogues, including linoleamide, can cause apoptosis in
human bladder, urinary and breast cancer (BCa) cells and
have antiproliferative, antiangiogenic and antimetastatic
effects. In this study, we detected a significant decrease in
Oleamide levels in the OSCC group, which seems to sug-
gest that Oleamide may also have a role in OSCC cells.
Moreover, on the basis of the correlation analysis of dif-
ferentially abundant metabolites with clinical features,
the abundance of oleamide in the oral saliva of the OSCC
group was negatively correlated with the time of onset
of clinical symptoms in the OSCC participants, which
verified this effect. Damascenone belongs to a group of
carotenoid degradation products, and damascenone and
its derivatives have been reported to inhibit Raw 264.7
lipopolysaccharide-induced nitric oxide synthase activ-
ity in macrophages and reduce the levels of inflammatory
mediators, thereby preventing tumor development [61].
The level of damascenone in the oral cavity of the OSCC
patients in the present study was significantly lower than
normal, further suggesting that damascenone may have
some inhibitory effect on the development of OSCC.
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In this study, we found that these six differentially
abundant metabolites associated with the colony
involved two metabolic pathways (P<0.05) through
the Metorign platform: the phenylalanine, tyrosine and
tryptophan biosynthesis pathways and the tryptophan
metabolism pathway. Phenylalanine, tyrosine and tryp-
tophan are three important aromatic amino acids, and
their biosynthetic pathways play key roles in many bio-
logical processes, including protein synthesis, metabolic
regulation and signalling. Aromatic amino acid metabolic
pathways may be altered in OSCC cells to support tumor
growth and progression. Metabolic reprogramming is
one of the main hallmarks of malignancy, where tumor
cells promote growth, proliferation and immune eva-
sion by altering their metabolism, microenvironment and
immune cell function [62]. All six differentially abundant
metabolites associated with these two metabolic path-
ways were significantly downregulated in the oral saliva
of the OSCC group. The significant correlation between
specific bacterial taxa and specific metabolites suggests
that these microorganisms may influence the course of
oral cancer through metabolic pathways. These findings
provide a basis for further investigation of the microbe-
metabolite-disease axis and may provide clues for the
development of new therapeutic strategies.

Conclusion

In this study, we fully explored the changes of OSCC
salivary microorganisms and metabolites at the micro-
biome and metabolomics levels, and screened out the
differential flora represented by Capnocytophaga bacte-
ria, and a variety of metabolites represented by indoles.
The potential connection between the two was also dis-
covered through correlation analysis, which provided a
theoretical basis for the oral flora to influence the occur-
rence and development of OSCC through the secretion
of metabolites.
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