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Oral squamous cell carcinoma (OSCC), one of the most common malignant tumors of the head and neck, is closely associated with the presence of oral microbes. However, the microbiomes of different oral niches in OSCC patients and their association with OSCC have not been adequately characterized. In this study, 305 samples were collected from 65 OSCC patients, including tumor tissue, adjacent normal tissue (paracancerous tissue), cancer surface tissue, anatomically matched contralateral normal mucosa, saliva, and tongue coat. 16S ribosomal DNA (16S rDNA) sequencing was used to compare the microbial composition, distribution, and co-occurrence network of different oral niches. The association between the microbiome and the clinical features of OSCC was also characterized. The oral microbiome of OSCC patients showed a regular ecological distribution. Tumor and paracancerous tissues were more microbially diverse than other oral niches. Cancer surface, contralateral normal mucosa, saliva, and tongue coat showed similar microbial compositions, especially the contralateral normal mucosa and saliva. Periodontitis-associated bacteria of the genera Fusobacterium, Prevotella, Porphyromonas, Campylobacter, and Aggregatibacter, and anaerobic bacteria were enriched in tumor samples. The microbiome was highly correlated with tumor clinicopathological features, with several genera (Lautropia, Asteroleplasma, Parvimonas, Peptostreptococcus, Pyramidobacter, Roseburia, and Propionibacterium) demonstrating a relatively high diagnostic power for OSCC metastasis, potentially providing an indicator for the development of OSCC.
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Introduction

Oral squamous cell carcinoma (OSCC), one of the most common malignant tumors of the head and neck, accounting for approximately 90% of oral cancers (Chi et al., 2015), is characterized by invasiveness, rapid development, early metastasis, and poor prognosis (Siegel et al., 2020). The incidence of OSCC has increased significantly in recent years, accounting for over 370,000 new cases and 170,000 deaths worldwide in 2020, while the five-year survival rate remained between 50% and 60% (Choi et al., 2014; Patel et al., 2016; van Dijk et al., 2016). The pathogenesis of OSCC is multifactorial, among which tobacco, alcohol, chewing betel nut and human papillomavirus (HPV) have been demonstrated as risk factors (Chi et al., 2015). Recently, chronic pathogenic infections, including Candida infection and periodontitis, have been recognized as high-risk factors for the occurrence and development of OSCC (Peres et al., 2019).

More than 700 bacterial species have been detected in the oral cavity, and the oral microbiome, which is considered highly diverse compared to other body sites, encompasses a wide variety of microorganisms from different niches, such as tongue, buccal mucosa, and saliva, reflecting site-specificity in oral species (Minarovits, 2021). Human oral microbiome composition are closely correlated with oral and systematic health (Verma et al., 2018). For example, the oral pathogen, Fusobacterium nucleatum, has been well studied as an oncogenic pathogen of colorectal cancer (Brennan and Garrett, 2019). Additionally, more and more oral pathogenic microbes, such as Porphyromonas gingivalis, Actinobacillus actinomycetemcomitans, Tannerella forsythus, and Prevotella intermedius, have been demonstrated to be risk factors for esophageal, gastric, and pancreatic carcinomas (Mascitti et al., 2019).

Dysbiosis of the oral microbiome has gained significant attention as a potential oncogenic factor of OSCC in recent years. Most bacterial taxa isolated from tumor tissue were periodontitis-related and saccharolytic or aciduric species in comparison to non-tumorous paracancerous mucosal tissue (Hooper et al., 2007; Zhao et al., 2017), while the abundance of Streptococcus progressively decreased with the progression of OSCC (Chattopadhyay et al., 2019; Ganly et al., 2019). Oral inflammatory-related bacteria (e.g., Fusobacterium nucleatum and Pseudomonas aeruginosa) are more likely to be enriched in OSCC tissue (Al-Hebshi et al., 2017b; Perera et al., 2018). Abundances of the bacteria Porphyromonas endodontalis and Peptostreptococcus anaerobius in salivary were reported to be significantly correlated with increases of inflammatory cytokines IL-6, IL-8, TNF-α, IFN-γ, and GM-CSF in OSCC patients (Rai et al., 2021).

Studies have increasingly shown that oral microorganisms are closely related to oral cancer, while the microbial compositions in different oral niches differ significantly due to the different microenvironments. However, in OSCC patients, whether there exists a substantial difference in the oral microbiome signature among intratumor and oral other niches remains scarcely reported. In this study, microbial samples of six oral niches were collected from OSCC patients. Phenotypic and functional characteristics of the oral microbiome were identified, and the association between the oral microbiome and the clinical biological behavior of OSCC was investigated.



Materials and Methods


Participant Recruitment and Sample Collection

The study was approved by the Ethics Committee of Qilu Hospital of Shandong University (KYLL-2017-256), and conducted in accordance with the Declaration of Helsinki. All subjects gave written informed consent before participating in the study. The patients diagnosed with OSCC for the first time based on clinical symptoms and histopathological detection were eligible for this study. Prior to sampling, no patients received any treatments such as surgery, immune therapy, radio- or chemotherapy. Exclusion criteria were the use of antibiotics in the past 3 months or diseases/conditions known to modify oral microbial composition such as pregnancy, nursing, and oral mucosal diseases. Subjects with a history of any previous cancer diagnosis or any other severe systemic disorder, such as diabetes, infectious disease, HBV, syphilis, and HIV infection, autoimmune diseases, gastrointestinal and respiratory diseases were excluded from the study.

A total of 65 patients with OSCC were recruited from the Qilu Hospital of Shandong University (Shandong, China) from 2018 to 2020. Samples from six oral niches (tumor tissue, paracancerous tissue, cancer surface, anatomically matched contralateral normal mucosa, saliva, and tongue coat) were collected according to the protocols of Human Microbiome Project (HMP) (McInnes and Cutting, 2010). Participants were instructed not to eat, drink, smoke, or to brush their teeth for at least 2 hours before sample collection. For the saliva samples, participants were asked to stop swallowing for 1 minute and to spit saliva into a 50 mL collection tube, repeating the procedure several times and finally collecting approximately 5mL saliva. The samples from the cancer surface, contralateral normal mucosa, and tongue coat niches were obtained with a sterile swab by swabbing the surface of the soft tissue with pressure for 10 times in one direction, then turning the swab 180° and swabing 10 times with the opposite side. The central 1 cm2 area of tongue dorsum, the entire buccal mucosa, and the entire cancer surface were samplings, avoiding the teeth and the internal tumor. Tumor tissue and paracancerous tissue samples were collected during the surgical resection of OSCC from the regions of the tumor lesion and from the adjoining clinically uninvolved normal tissue (paracancerous niche). Concisely, around 5 mm3 tumor samples were excised from the deep tissue of tumor mass without involving the margin, and paired normal tissues of similar size were excised from the paracancerous region 2 cm away from the edge of tumor lesions. All operation maintained consistency in the sampling process to facilitate the repetition of experimental results.

All the samples were placed in prepared oral swab preservation solution (Tris, EDTA, and antiseptic) to prevent DNA degradation and transported to the laboratory on ice within 20 mins of collection before being stored at −80°C until processing.



DNA Extraction

DNA was extracted from all samples using DNeasy Blood and Tissue Kit (Qiagen, Hilden, Germany) following the manufacturer’s protocol. The concentration and purity of the isolated DNA were detected using 1% agarose gels electrophoresis. DNA was diluted to 1ng/μl using sterile water.



16S rDNA Amplification and Sequencing

Genome DNA from each sample was used as an amplification template. PCR targeting of the V3-V4 region of the 16S rDNA hypervariable region was conducted, using the primers 341F (5′-CCTAYGGGRBGCASCAG-3′) and 806R (5′-GGACTACNNGGGTATCTAAT -3′). PCR was performed in a total volume of 30μL reactions, composing 15μL of Phusion® High-Fidelity PCR Master Mix (New England Biolabs), 0.2μM of forward and reverse primers, and 10 ng of the template DNA. Thermal cycling was initially used to denature samples at 95°C for 10 min, followed by 30 cycles of denaturation at 95°C for 30s, then annealing at 50°C for 30s and extension at 72°C for 40s, followed finally by elongation at 72°C for 7 min.

PCR products were then purified using a 2% agarose gel electrophoresis and GeneJET Gel Extraction Kit (Thermo Scientific, USA), selecting samples with a single amplification product for further analysis. The library was sequenced on an Illumina Hiseq 2500 platform (Novogene, Beijing, China).



Sequencing Data Analysis

The microbiome bioinformatics platform QIIME2 was used to analyze the raw sequence. Usearch software (Usearch, version 11.0.667_i86linux64) was used to identify the Operational Taxonomic Units OTUs (Edgar, 2010). Sequence data were clustered into OTUs at 97% similarity by Usearch, and then taxonomic annotation of the representative sequences of OTUs was performed by the database Ribosomal Database Project (RDP) at a threshold of 0.8.

The alpha-diversity index reflected the species richness, evenness, and diversity in every group, and the beta-diversity was used to compare the degree of similarity or dissimilarity among different groups, both performed using the QIMME2 (Bolyen et al., 2019). Alpha-diversity was analyzed by comparing the Chao1 index, Faith-PD, observed OTUs, Shannon index, and Simpson diversity index. Principle Coordinate Analysis (PCoA) based on unweighted UniFrac were performed to visualize beta-diversity. ADONIS analysis was used to evaluate any statistical differences. Microbiome variations in different niches were analyzed at the phylum, genus, and species levels. The taxonomic composition and average relative abundance of microbiome were displayed using a histogram (R package: “ggplot2”, version 3.3.5), and the differential microbiomes between groups at the genus and species levels were demonstrated using a heatmap (R package, pheatmap, version 1.0.12).

By following the law of power-law distribution, the SparCC network was constructed using the FastSpar to analyze the correlation and interaction between flora species, as well as to identify the key flora and related flora according to the co-occurrence network of flora-species interaction (Friedman and Alm, 2012; Watts et al., 2019).

To characterize the relationship between oral microbiome and the clinical characteristics of OSCC, tumor tissue samples were divided by tumor size, grade, stage, and metastasis. The bacteria related to the clinical indicators were screened using Maaslin2 (R, version 1.6.0) at a significance threshold of p < 0.05. Subsequently, the Boruta algorithm (R package version 7.0.0) was used to select the taxa exhibiting predictive power. Finally, a random forest algorithm (R package, randomForest, version 4.6-14) was performed with 500 classification trees based on leave one out cross validation (LOOCV) to establish classification models for the diagnosis of OSCC (Basu et al., 2018). The predictive performance of each classification model was assessed using the ROC curve (R package: pROC, version 1.16.2), and for each the area under the curve (AUC) was calculated.

The functional prediction of the microbial community was investigated using a phenotypic classification based on BugBase, and metabolic pathway prediction based on Tax4Fun2 (R package version 1.1.5). OTU abundance table and representative OTU sequences were aligned against the Ref99NR database using Tax4Fun2, then Kyoto Encyclopedia of Genes and Genomes (KEGG) functional classification between samples were realized by STAMP software (version 2.1.3) (Kanehisa and Goto, 2000).




Results


Sociodemographic Characteristics and Statistics of the Sequencing Data

A total of 65 subjects with OSCC were recruited and 305 samples were collected from 6 different oral niches. Clinical characteristics of the study subjects were presented in the Table 1. 16S rDNA regions V3–V4 were amplified and sequenced successfully from each sample according to the standard process described in the Methods section. After post-processing and quality filtering, 23,451,170 reads were obtained across all samples, with 76,889 reads per sample on average. OTU detection based on the RDP database showed 2,398, 2,542, 2,030, 1,562, 1,279, 1,149 bacterial OTUs were obtained from the six niches (tumor tissue, paracancerous tissue, cancer surface, contralateral normal mucosa, saliva, and tongue coat), respectively. The rarefaction curve showed that all samples reached saturation, indicating that almost all detectable microbial species in each sample were identified.


Table 1 | Clinicopathological characteristics of the patients.





Alpha and Beta Diversity Across Oral Niches

Alpha diversity was assessed to compare the richness, uniformity, and diversity of the microbiome. Using Chao1, Faith PD, and OTU analyses (Figure 1A and Supplementary Figures 1A–C), we identified a gross spatial trend of microbial communities with species richness being highest in the tumor and paracancerous samples, while cancer surface, contralateral normal tissue, saliva, and tongue coat samples exhibited a trend of progressively decreasing richness. The Shannon and Simpson indices suggested that the diversity and uniformity of bacteria were significantly higher in the tumor tissue than in other niches (P < 0.001).




Figure 1 | Diversity analysis and taxonomy distribution of the oral microbiome among six niches. Bacterial richness, evenness and diversity were evaluated by (A) Chao 1 and Shannon index. Clusters formed by (B) non-metric multidimensional scaling (NMDS) and (D) principal coordinate analysis (PCoA) based on unweighted UniFrac. Differential taxonomy distribution at the (C) phylum, (E) genus and (F) species level. C, tumor tissue; PC, paracancerous tissue; CS, cancer surface; N, anatomically matched contralateral normal mucosa; S, saliva; T, tongue coat. ns, no significance; **P < 0.005, ***P < 0.001.



Non-metric multidimensional scaling (NMDS) and principal coordinate analysis (PCoA) were conducted to measure the niche-related differences in microbial communities and their clustering relationships. The PCoA was based on unweighted UniFrac. As shown in Figures 1B, D, the six niches formed separate clusters, and this difference was found using ADONIS to be statistically significant. Further ADONIS analysis of the distributions of samples from different niches showed that the core regions of tumor samples and paracancerous samples were highly similar (P > 0.05), suggesting similar microbial diversities in those two niches, while the contralateral normal mucosa, saliva, and tongue coat were different from the tumor and paracancerous samples, but similar to each other.



Generality and Discrepancy of Microbial Composition Across Oral Niches

The generality and discrepancy of oral microbial composition was compared across niches to elucidate the microbial transitions along different oral niches. As indicated in Figures 1C, E, F, there were significant differences in oral microbial composition across niches. Proteobacteria, Firmicutes, Bacteroidetes, Fusobacteria, and Actinobacteria were the predominant microorganisms in all niches at the phylum level. Among these, Proteobacteria, Firmicutes, and Bacteroidetes accounted for the greatest proportion. The microbiome of contralateral normal mucosa and saliva samples showed great similarity at the phylum, genus, and species levels. Further, Pseudomonas beteli was the most abundant species in both tumor and paracancerous tissue samples, whereas, in the other four niches, Streptococcus dentisani accounted for the largest proportion, indicating a more similar community composition between tumor and paracancerous tissues, while the other four niches were more similar to each other. We propose that it is the fluidity of saliva and activity of tongue that caused microbial composition of this saliva, tongue coat, cancer surface, and contralateral normal mucosa resemble each other, especially contralateral normal mucosa and saliva (Mager et al., 2003; Li et al., 2020). This finding might facilitate selecting sampling sites for microbial composition research.



Microbiome Profiles of Tumor and Paracancerous Tissues

The tumor and paracancerous tissues were sampled from the surgically resected tumor and adjacent non-tumorous tissues, while the other four groups were sampled from liquid saliva and using swabs. This may be a major contributor to the microbial differences observed. Thus, subsequent analyses focused on the variations between tumor and paracancerous tissue samples to characterize the dysbiosis of the oral microbiome associated with OSCC.

The bacterial composition of tumor tissue was noticeably different in comparison to the paracancerous tissue in most patients, suggesting a shift in bacterial colonization. The results of phylum-level taxonomic analysis in Figures 2A, B, E show that Proteobacteria were overwhelmingly dominant in paracancerous tissue, while significantly reduced in tumor tissue, while Firmicutes, Bacteroidetes, Fusobacteria, and Spirochaetes were increased in tumor tissue. At the genus level, tumor tissue showed a greater abundance of Fusobacterium, Prevotella, Porphyromonas, Campylobacter, Aggregatibacter, Treponema, and Peptostreptococcus, and a lower prevalence of Stenotrophomonas (the most abundant in control tissue), Neisseria, Sphingomonas, and Veillonella (Figures 2A, C, F, P < 0.05). At the species level, Pseudomonas beteli accounted for the highest proportion in paracancerous tissue but was significantly reduced in tumor tissue. Rothia mucilaginosa, Sphingomonas alpina, and Veillonella dispar were also significantly decreased in tumor tissue. Conversely, Porphyromonas endodontalis, Campylobacter gracilis, Peptostreptococcus stomatis, prevotella intermedia, Eubacterium vuril subsp schtika, and Parvimonas micra were significantly increased in tumor tissue (Figures 2D, G, P < 0.05).




Figure 2 | (A) The comparison of taxonomic composition between tumor and paracancerous tissue samples. Distribution of relative abundance of microbiome in the tumor tissue and paracancerous tissue of each OSCC subject at the phylum, genus, and species level. Histograms described relative abundances of the (B) top 10 phylum, (C) 10 genera, and (D) top 10 species in the tumor tissue and paracancerous tissue. (E–G) Prevalence of bacterial phylum, genera and species associated with tumor and paracancerous tissue of OSCC subjects. C, tumor tissue; PC, paracancerous tissue. ns, no significance; *P < 0.05, **P < 0.005, ***P < 0.001, ****P < 0.0001.



To further distinguish differences of the microbial community between cancer tissue and paracancerous tissue, differential clusters were visualized using a heatmap (see Figure 3). 22 genera were identified as being differentially enriched between tumor and paracancerous tissue samples. Compared to paracancerous tissue, prevotella, Slackia, Peptostreptococcus, Treponema, Selenomonas, Porphyromonas, parvimonas, Peptococcus, Mycoplasma, and Bulleidia were enriched in tumor tissue. Interestingly, these are all anaerobic or facultative anaerobes. Conversely, Actinomyces, Veillonella, Neisseria, Rothia, Delftia, Ralstonia, Stenotrophomonas, pelomonas, Proteus, Bradyrhizobium, and Serratia, were less abundant in tumor tissue. There were also differences in the species level cluster distributions, whereby tumor tissue exhibited increased Porphyromonas endodontalis and Parvimonas micra, and reduced Pseudomonas beteli, Rothia mucilaginosa, Sphingomonas alpina, and Veillonella rogosae.




Figure 3 | Hierarchically clustered heatmap analysis of differential microflora. The (A) genera and (B) species level microbial community indicated the formation of two main clusters, separating tumor tissue and paracancerous tissue of each subject. Color key of heat map was shown on the right side of the figure. It shows microbes with high abundance in red, microbes with low abundance in purple. C, tumor tissue; PC, paracancerous tissue.





SparCC Analysis of the Co-Occurrence Network and Core Microbiome

To describe the microbial symbiosis and the connections across different bacterial communities, the microbial co-occurrence network was constructed using SparCC analysis (Supplementary Figure 2). SparCC provides a novel method of sequencing data to infer correlations between species (Rai et al., 2021). The degree of microbial symbiosis in the network corresponded with the power-law distribution, indicating the ecologic characteristics of the oral microbiome in OSCC patients (Figure 4B). The nodes of the network represented the bacterial species, while the edges between nodes represent ecological relationships between species. The node with most edges was considered as the key species. As shown in Supplementary Figure 2, tumor and paracancerous group were the two densest clusters among the six niches, indicating increased network complexity of the two groups. Clostridium disporicum and Veillonella dispar, with the most associations in the clusters, were the key species in tumor and paracancerous tissue samples, respectively (Figure 4A). On the cancer surface, the key species was Faecalibacterium prausnitzi, one of the most abundant and important commensal bacteria in the human intestinal microbiome. Contralateral normal mucosa, saliva, and tongue coat samples exhibited the same key species, Prevotella pallens, indicating that this species heavily participates in the bacterial ecology structure of the 3 niches, and the three niches presented relatively similar microbial community compositions.




Figure 4 | SparCC analysis of the co-occurrence network and core microbiome. (A) Key species network in tumor tissue, paracancerous tissue, cancer surface, anatomically matched contralateral normal mucosa, saliva, and tongue coat. Each node represents a specie, and each edge represents a significant co-occurrence relationship. (B) SparCC network followed the law of power-law distribution. (C) Venn diagram depicts the overlap of bacterial species among the different niches. C, tumor tissue; PC, paracancerous tissue; CS, cancer surface; N, anatomically matched contralateral normal mucosa; S, saliva; T, tongue coat.



As showcased in Figure 4C, the Venn diagram was generated by the bacterial species in Figure 4A, and it represented the overlap of species among different groups. For the species directly connected to the key species, there were no overlapping species across all six groups. Besides, 2 species overlap across the tumor tissue, paracancerous tissue, and cancer surface, and 9 species overlap among the other three groups were observed, suggesting that the controlateral normal mucosa, saliva, and tongue coat had similar microbial structure in their co-occurrence networks. These findings were consistent with the results shown above.



Diagnostic Performance of the Oral Microbiome in Discriminating OSCC

To assess the association between the microbial community and the clinical index of OSCC, tumor samples were grouped by tumor size (1: T1, 2: T2, 3: T3, 4: T4), grade (1: highly differentiated, 2: moderately differentiated, 3: poorly differentiated), stage (1: T1 N0 M0, 2: T2 N0 M0, 3: T1-2 N1 M0 and T3 N0-1 M0, 4: T1-3 N2 M0 and T4a N0-2 M0), and metastasis (1: metastasis, 2: no metastasis) using the TNM classification of the American Joint Committee on Cancer (AJCC Cancer Staging Manual, Eighth Edition). MaAsLin2 analysis was conducted to identify bacterial differences between groups. ROC curve analysis was performed to evaluate whether the relative abundances of specific microorganisms reflected any clinical characteristics. As presented in Figures 5A, B, the ROC curve was constructed to assess the diagnostic ability of selected bacterials for OSCC metastasis. The AUC reached 0.823 at the genus level, indicating a good level of diagnostic performance of the genera Lautropia, Asteroleplasma, Parvimonas, Peptostreptococcus, Pyramidobacter, Roseburia, and Propionibacterium to predict tumor metastasis. The species Parvimonas micra, Prevotella pallens, Propionibacterium acnes, Pyramidobacter piscolens, Luteimonas marina, and Peptostreptococcus stomatis also correlated significantly with metastasis (AUC = 0.776; Figures 5C, D). However, the associations between bacterial populations and other clinicopathological characteristics (tumor size, grade, and stage) were poor (Supplementary Figure 3).




Figure 5 | ROC curve analyses were performed to evaluate the diagnostic performance of oral microbiome for OSCC metastasis. (A, C) Boruta algorithm was used for feature selection and to assess the importance of variables. (B, D) ROC curves were constructed to predict diagnostic power of microbiome for tumor metastasis. It suggested that higher abundance of Lautropia, Asteroleplasma, Parvimonas, Peptostreptococcus, Pyramidobacter, Roseburia and Propionibacterium in the tumor tissue appeared to be associated with higher rates of tumor metastases.





Prediction of Microbiome Phenotype and Functions

BugBase was used to predict and compare the microbial phenotype across the six sample locations. As shown in Supplementary Figure 4, tumor tissue was characterized by the highest abundance of anaerobes, while the highest abundance of aerobic, gram-negative bacteria, biofilm formation, potential pathogenicity, and stress tolerance were found in the paracancerous tissue. Tumor and paracancerous tissues both showed a low abundance of mobile elements. Upon comparing tumor tissue and paracancerous tissue, tumor tissue exhibited a greater abundance of gram-positive bacteria, anaerobes, and facultative anaerobes than paracancerous tissue, while gram-negative bacteria, aerobic, biofilm formation, potential pathogenicity, and stress tolerance were more frequent in the paracancerous tissue (all p < 0.05; Figure 6A).




Figure 6 | Prediction of microbiome phenotypes and functions. (A) Phenotypes prediction was conducted by BugBase analysis, including gram-positive, gram-negative, biofilm forming, stress tolerance, potential pathogenicity, aerobic, anaerobic, facultatively aerobic and mobile elements. (B) Microbial functional profile was predicted by Tax4Fun2 based on the KEGG pathway, and statistically analyzed by STAMP. KEGG pathways with significant abundance difference (P < 0.05) are shown. C, tumor tissue; PC, paracancerous tissue. ns, no significance; *P < 0.05, **P < 0.005, ***P < 0.001.



Tax4Fun2 analysis was used to predict and compare changes in microbial function and metabolism pathways between the two groups (Figure 6B). Functions related to nucleotide metabolism, including amino sugar and nucleotide sugar metabolism, purine, and pyrimidine metabolism, as well as functions related to mRNA translation including ribosome and aminoacyl tRNA biosynthesis, were significantly enriched in tumor tissue (P < 0.05). Several metabolic pathways related to biosynthesis, energy supply, such as biosynthesis of amino acids, carbon fixation pathways, carbon metabolism, fructose and mannose metabolism, pyruvate metabolism, glycolysis/glucogenesis, and ABC transporters were also more abundant in tumor tissue (P < 0.05), While biofilm formation, fatty acid biosynthesis, metabolism and degradation were decreased.




Discussion

The oral microbiome plays an essential role both in the stability and balance of oral microecology and host defense. Once homeostasis is disturbed, an imbalance of microbial flora contributes to oral diseases such as dental caries, periodontitis, and oral mucosal diseases, and systemic diseases, such as cardiovascular disease, diabetes, rheumatoid arthritis, Alzheimer’s disease, and head and neck cancers (Sampaio-Maia et al., 2016; Long et al., 2017; Kilian, 2018; Sudhakara et al., 2018; Sureda et al., 2020; Radaic and Kapila, 2021). There is much evidence that the colonization, translocation, and imbalance of oral microflora play key roles in OSCC, providing potential biomarkers for the occurrence, development, and prognosis of OSCC (Wang and Ganly, 2014; Sun et al., 2020). However, at present, differences in oral microbiome across multiple oral niches in OSCC patients have not been truly investigated.

In the present study, samples were collected from 65 patients with OSCC, and 16S rDNA sequencing was used to characterize the microbial profile in tumor tissue, paracancerous tissue, cancer surface, contralateral normal mucosa, saliva, and tongue coat to evaluate associations between the oral microbiome and OSCC. Significant differences in microbial composition and function were found between the six different oral niches. The diversity and uniformity of tumor tissue were found to be higher than that of other niches, as indicated by the Shannon and Simpson diversity indices, consistent with previous findings (Zhao et al., 2017; Yang et al., 2018; Su et al., 2021). However, some contradictory results have also been reported, such as decreases in the diversity of bacterial communities in tumor samples (Pushalkar et al., 2012; Schmidt et al., 2014; Wang et al., 2017; Sarkar et al., 2021).

Previous studies have shown Proteobacteria, Firmicutes, Bacteroidetes, Fusobacteria, and Actinobacteria to be the dominant phyla (Schmidt et al., 2014; Guerrero-Preston et al., 2016; Al-Hebshi et al., 2017b; Wang et al., 2017; Sarkar et al., 2021), in support of our findings. The Firmicutes have been reported to be the most abundant phylum in the oral microbiome (Schmidt et al., 2014; Guerrero-Preston et al., 2016; Perera et al., 2018; Sarkar et al., 2021). In this study, Firmicutes was the most abundant phylum in contralateral normal mucosa and saliva, and the microflora of the two niches was similar at the phylum, genus, and species levels. Upon comparing tumor tissue and paracancerous tissue, the tumor tissue demonstrated greater populations of Fusobacterium, Prevotella, Porphyromonas, Campylobacter, Aggregatibacter, Treponema, and Peptostreptococcus, and lower populations of Stenotrophomonas, Neisseria, Sphingomonas, and Veillonella. Most of the genera significantly enriched in tumor tissue samples were those that have been associated with periodontal diseases, in agreement with previous studies (Zhao et al., 2017; Li et al., 2020; Kavarthapu and Gurumoorthy, 2021). Periodontitis-associated bacteria promote the production of pro-inflammatory mediators, such as interleukin, TNF-α, and matrix metalloproteinase, which are released into the oral microenvironment, causing chronic inflammation, and promoting tumor cell migration and invasion (Champagne et al., 2003; Tezal et al., 2009; Schmidt et al., 2014; Li et al., 2020). Fusobacterium, a normal component of the oral microbiome, coexists with other bacteria in dental plaque, forming a bridge between early and late colonizers (Zhao et al., 2017). The virulence factors produced by Fusobacterium, such as adhesins, LPS, and RadD, have been associated with aberrant immune responses, chronic infection, modulating oral carcinogenesis, and promoting cancer progression (Gholizadeh et al., 2017; De Andrade et al., 2019). Aggregatibacter has been associated with invasive periodontitis (Ando et al., 2012) and can induce inflammation through cytolethal distendin toxin (CDT), leukotoxin and lipopolysaccharide (LPS) (Herbert et al., 2016). Further, the abundance of Neisseria, Veillonella, Rothia, and Streptococcus had been reported to decrease significantly in tumor tissue, which may be related to a decrease in the health of the oral cavity (Pushalkar et al., 2012; Zhao et al., 2017; Al-Hebshi et al., 2017b; Sun et al., 2020).

At the species level, the relative abundances of Porphyromonas endodontalis, Campylobacter gracilis, Peptostreptococcus stomatis, Prevotella intermedia, Eubacterium vuril subsp schtika, and Parvimonas micra in tumor tissue increased in comparison to those in paracancerous tissue. Notably, these florae are all anaerobes or facultative anaerobes. The phenotype prediction also showed that tumor samples exhibited the highest abundances of anaerobes. Tumor cells live in an environment that is comparatively hypoxic and of a lower pH in comparison to healthy tissue, which may be due to the increased metabolic rate of tumor cells combined with an insufficient local blood supply, causing most of the bacteria that are found thriving in tumor tissue to be anaerobes. Porphyromonas Endodontalis, a newly discovered periodontal pathogen, was observed to be highly abundant in cancerous tissue (Tezal et al., 2009; Pérez-Chaparro et al., 2014; Gonçalves et al., 2016). Parvimonas micra was also reported to be enriched in OSCC tumor lesions and be associated with tumor stages. (Al-Hebshi et al., 2017a; Yang et al., 2018).

We used SparCC analysis to illustrate the microbial network. In tumor tissues, the key species was Clostridium disporicum. Clostridium disporicum was first isolated from rat intestinal flora in 1987 (Horn, 1987). Otherwise, Clostridia are an important component of the human intestinal anaerobic flora, so the predisposing factors of clostridial infections are commonly associated with malignancy or antibiotherapy (Mallozzi et al., 2010). As a common conditional pathogen, Clostridium can colonize to colonic epithelial cells and produce carcinogenic substances to promote tumorigenesis.

ROC curve analysis is typically used to evaluate the discrimination ability and diagnostic efficacy of a predictive model. In this study, the ROC model containing Lautropia, Asteroleplasma, Parvimonas, Peptostreptococcus, Pyramidobacter, Roseburia, and Propionibacterium provided a good level of prediction accuracy for OSCC metastasis, with a statistically significant diagnostic accuracy of 82.3%, suggestive of a significant correlation with the metastasis of OSCC. OSCC is prone to early transfer to the regional lymph nodes, so the tumor metastasis trend is an important predictor of survival outcomes in OSCC patients. Mager et al. found that high abundance of several bacterials in salivary may be diagnostic indicators of OSCC (Mager et al., 2005). Wei et al. proved that salivary metabolomics (Valine, lactic acid, and phenylalanine) had the potential for detection of OSCC (Wei et al., 2011). Furthermore, two other studies have demonstrated good diagnostic power of oral microbiome for the OSCC (Zhao et al., 2017; Li et al., 2020). The above studies compare OSCC patients to healthy control individuals, while our research performed a comparison between patients with tumor metastasis and patients without lymph nodes and other organ metastases, drawing the conclusion of good diagnostic ability of oral microbiome for OSCC metastases. Our study has some limitations in samples and methodology, further research is needed to confirm the present results.

Finally, Tax4Fun2 was used to predict the functional profile based on 16S rDNA gene sequences, furthering the understanding of the significance of the oral microbiome. Nucleotide metabolism is an important pathway providing purine and pyrimidine molecules for DNA replication and RNA biogenesis (Siddiqui and Ceppi, 2020), and mRNA translation is a critical process of gene expression and protein synthesis. The current study showed that functions related to nucleotide metabolism and mRNA translation, such as amino sugar and nucleotide sugar metabolism, purine and pyrimidine synthesis, ribosome and aminoacyl tRNA biosynthesis, and the functions related to biosynthesis and energy supply were significantly enriched in OSCC samples, likely reflecting the enhanced fundamental requirements for bacterial life in the OSCC habitat and specific adaptation to distinct micro-ecological environment. The variations of bacterial metabolic pathways in tumor tissues indicated a contribution of the oral microbiome to creating the tumor microenvironment through the biosynthesis of secondary metabolites (Zhao et al., 2017; Li et al., 2020).

In summary, the present article reports a comprehensive comparison of the microbiome across different oral niches in patients with OSCC, and these findings reveal differences in the characteristics of the oral microflora. The human oral microbiome has been demonstrated to be site-specific (Tanner et al., 2006), and the present study further elucidates species similarities and differences among microbial communities in different oral niches. Periodontitis-related flora and anaerobes were shown to be significantly enriched in tumor tissue. Further, the microorganisms in tumor tissue might be potential indicators of the development and metastasis of OSCC. This study provides evidence that the dynamic balance between the resident oral microflora and the host is altered in OSCC, which may be the key mechanism by which oral symbiotic bacteria promote or prevent the occurrence of oral cancer. This study had some limitations. Firstly, the taxonomic accuracy of 16S rDNA was limited (Zhao et al., 2017; Johnson et al., 2019). Recent studies have shown that although more than 99% of the sequencing analyses can be correctly classified at the genus level, many bacteria are misclassified (Winand et al., 2019). Further, many bacteria have not yet been sequenced or discovered. Also, the exact pathogenesis of this phenomenon is still to be clarified and it is not currently possible to determine with sufficient certainty, based on these data, whether the observed bacterial changes contribute to the carcinogenesis or progression of OSCC.



Data Availability Statement

The original contributions presented in the study are publicly available. This data can be found here: [http://www.ncbi.nlm.nih.gov/bioproject/866676/PRJNA866676].The sequencing data generated in this study are submitted to the Sequence Read Archive of the National Center for Biotechnology Information database (accession number: PRJNA866676).



Ethics Statement

The studies involving human participants were reviewed and approved by Ethics Committee of Qilu Hospital of Shandong University. The patients/participants provided their written informed consent to participate in this study.



Author Contributions

FN: Conceptualization, Investigation, Writing-original draft. LW: Conceptualization, Investigation, Methodology, Software, Writing-review & editing. YH: Conceptualization, Investigation,Writing-review & editing. PY: Conceptualization, Supervision, Writing-review & editing. PG: Conceptualization, Investigation,Writing-review & editing. QF: Conceptualization, Formal analysis, Investigation, Visualization, Supervision, Writing-review & editing. CY: Formal analysis, Data curation, Supervision, Project administration. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by the National Natural Science Foundation of China (No. 81702684). National Natural Science Foundation of China (No. 82071122), The Taishan Young Scholars of Shandong Province (tsqn 201909180), Oral Microbiome Innovation Team of Shandong Province (No. 2020KJK001), The National High-level Young Scientist Project Foundation (2019), Excellent Young Scientist Foundation of Shandong Province (No. ZR202102230369) and periodontitis microbiome innovation team of Jinan City (2021GXRC021).



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fcimb.2022.905653/full#supplementary-material



References

 Al-Hebshi, N. N., Alharbi, F. A., Mahri, M., and Chen, T. (2017a). Differences in the Bacteriome of Smokeless Tobacco Products With Different Oral Carcinogenicity: Compositional and Predicted Functional Analysis. Genes (Basel) 8 (4), 106. doi: 10.3390/genes8040106

 Al-Hebshi, N. N., Nasher, A. T., Maryoud, M. Y., Homeida, H. E., Chen, T., Idris, A. M., et al. (2017b). Inflammatory Bacteriome Featuring Fusobacterium Nucleatum and Pseudomonas Aeruginosa Identified in Association With Oral Squamous Cell Carcinoma. Sci. Rep. 7 (1), 1834. doi: 10.1038/s41598-017-02079-3

 Ando, E. S., De-Gennaro, L. A., Faveri, M., Feres, M., DiRienzo, J. M., and Mayer, M. P. (2012). Immune Response to Cytolethal Distending Toxin of Aggregatibacter Actinomycetemcomitans in Periodontitis Patients. J. Periodontal. Res. 45 (4), 471–480. doi: 10.1111/j.1600-0765.2009.01260.x

 Basu, S., Kumbier, K., Brown, J. B., and Yu, B. (2018). Iterative Random Forests to Discover Predictive and Stable High-Order Interactions. Proc. Natl. Acad. Sci. U. S. A. 115 (8), 1943–1948. doi: 10.1073/pnas.1711236115

 Bolyen, E., Rideout, J. R., Dillon, M. R., Bokulich, N. A., Abnet, C. C., Al-Ghalith, G. A., et al. (2019). Reproducible, Interactive, Scalable and Extensible Microbiome Data Science Using QIIME 2. Nat. Biotechnol. 37 (8), 852–857. doi: 10.1038/s41587-019-0209-9

 Brennan, C. A., and Garrett, W. S. (2019). Fusobacterium Nucleatum-Symbiont, Opportunist and Oncobacterium. Nat. Rev. Microbiol. 17 (3), 156–166. doi: 10.1038/s41579-018-0129-6

 Champagne, C. M. E., Buchanan, W., Reddy, M. S., Preisser, J. S., Beck, J. D., and Offenbacher, S. (2003). Potential for Gingival Crevice Fluid Measures as Predictors of Risk for Periodontal Diseases. Periodontol. 2000 31, 167–180. doi: 10.1034/j.1600-0757.2003.03110.x

 Chattopadhyay, I., Verma, M., and Panda, M. (2019). Role of Oral Microbiome Signatures in Diagnosis and Prognosis of Oral Cancer. Technol. Cancer Res. Treat. 18, 1533033819867354. doi: 10.1177/1533033819867354

 Chi, A. C., Day, T. A., and Neville, B. W. (2015). Oral Cavity and Oropharyngeal Squamous Cell Carcinoma–an Update. CA Cancer J. Clin. 65 (5), 401–421. doi: 10.3322/caac.21293

 Choi, S. W., Moon, E. K., Park, J. Y., Jung, K. W., Oh, C. M., Kong, H. J., et al. (2014). Trends in the Incidence of and Survival Rates for Oral Cavity Cancer in the Korean Population. Oral. Dis. 20 (8), 773–779. doi: 10.1111/odi.12251

 De Andrade, K. Q., Almeida-da-Silva, C. L. C., and Coutinho-Silva, R. (2019). Immunological Pathways Triggered by Porphyromonas Gingivalis and Fusobacterium Nucleatum: Therapeutic Possibilities? Mediators Inflamm. 2019, 7241312. doi: 10.1155/2019/7241312

 Edgar, R. C. (2010). Search and Clustering Orders of Magnitude Faster Than BLAST. Bioinformatics 26 (19), 460–461. doi: 10.1093/bioinformatics/btq461

 Friedman, J., and Alm, E. J. (2012). Inferring Correlation Networks From Genomic Survey Data. PloS Comput. Biol. 8 (9), e1002687. doi: 10.1371/journal.pcbi.1002687

 Ganly, I., Yang, L., Giese, R. A., Hao, Y., Nossa, C. W., Morris, L. G. T., et al. (2019). Periodontal Pathogens Are a Risk Factor of Oral Cavity Squamous Cell Carcinoma, Independent of Tobacco and Alcohol and Human Papillomavirus. Int. J. Cancer 145 (3), 775–784. doi: 10.1002/ijc.32152

 Gholizadeh, P., de Eslami, H., and Kafil, H. S. (2017). Carcinogenesis Mechanisms of Fusobacterium Nucleatum. BioMed. Pharmacother. 89, 918–925. doi: 10.1016/j.biopha.2017.02.102

 Gonçalves, C., Soares, G. M., Faveri, M., Pérez-Chaparro, P. J., Lobão, E., Figueiredo, L. C., et al. (2016). Association of Three Putative Periodontal Pathogens With Chronic Periodontitis in Brazilian Subjects. J. Appl. Oral. Sci. 24 (2), 181–185. doi: 10.1590/1678-775720150445

 Guerrero-Preston, R., Godoy-Vitorino, F., Jedlicka, A., Rodríguez-Hilario, A., González, H., Bondy, J., et al. (2016). 16s rRNA Amplicon Sequencing Identifies Microbiota Associated With Oral Cancer, Human Papilloma Virus Infection and Surgical Treatment. Oncotarget 7 (32), 51320–51334. doi: 10.18632/oncotarget.9710

 Herbert, B. A., Novince, C. M., and Kirkwood, K. L. (2016). Aggregatibacter Actinomycetemcomitans, a Potent Immunoregulator of the Periodontal Host Defense System and Alveolar Bone Homeostasis. Mol. Oral. Microbiol. 31 (3), 207–227. doi: 10.1111/omi.12119

 Hooper, S. J., Crean, S. J., Fardy, M. J., Lewis, M. A. O., Spratt, D. A., Wade, W. G., et al. (2007). A Molecular Analysis of the Bacteria Present Within Oral Squamous Cell Carcinoma. J. Med. Microbiol. 56 (Pt 12), 1651–1659. doi: 10.1099/jmm.0.46918-0

 Horn, N. (1987). Clostridium-Disporicum Sp-Nov, a Saccharolytic Species Able to Form 2 Spores Per Cell, Isolated From a Rat Cecum. Int. J. Syst. Bacteriol. 37 (4), 398–401. doi: 10.1099/00207713-37-4-398

 Johnson, J. S., Spakowicz, D. J., Hong, B. Y., Petersen, L. M., Demkowicz, P., Chen, L., et al. (2019). Evaluation of 16S rRNA Gene Sequencing for Species and Strain-Level Microbiome Analysis. Nat. Commun. 10 (1), 5029. doi: 10.1038/s41467-019-13036-1

 Kanehisa, M., and Goto, S. (2000). KEGG: Kyoto Encyclopedia of Genes and Genomes. Nucleic Acids Res. 28 (1), 27–30. doi: 10.1093/nar/28.1.27

 Kavarthapu, A., and Gurumoorthy, K. (2021). Linking Chronic Periodontitis and Oral Cancer: A Review. Oral. Oncol. 121, 105375. doi: 10.1016/j.oraloncology.2021.105375

 Kilian, M. (2018). The Oral Microbiome - Friend or Foe? Eur. J. Oral. Sci. 126 Suppl 1, 5–12. doi: 10.1111/eos.12527

 Li, Y., Tan, X., Zhao, X., Xu, Z., Dai, W., Duan, W., et al. (2020). Composition and Function of Oral Microbiome Between Gingival Squamous Cell Carcinoma and Periodontitis. Oral. Oncol. 107, 104710. doi: 10.1016/j.oraloncology.2020.104710

 Long, J., Cai, Q., Steinwandel, M., Hargreaves, M. K., Bordenstein, S. R., Blot, W. J., et al. (2017). Association of Oral Microbiome With Type 2 Diabetes Risk. J. Periodontal. Res. 52 (3), 636–643. doi: 10.1111/jre.12432

 Mager, D. L., Haffajee, A. D., Devlin, P. M., Norris, C. M., Posner, M. R., and Goodson, J. M. (2005). The Salivary Microbiota as a Diagnostic Indicator of Oral Cancer: A Descriptive, non-Randomized Study of Cancer-Free and Oral Squamous Cell Carcinoma Subjects. J. Transl. Med. 3, 27. doi: 10.1186/1479-5876-3-27

 Mager, D. L., Ximenez-Fyvie, L. A., Haffajee, A. D., and Socransky, S. S. (2003). Distribution of Selected Bacterial Species on Intraoral Surfaces. J. Clin. Periodontol. 30 (7), 644–654. doi: 10.1034/j.1600-051x.2003.00376.x

 Mallozzi, M., Viswanathan, V. K., and Vedantam, G. (2010). Spore-Forming Bacilli and Clostridia in Human Disease. Future Microbiol. 5 (7), 1109–1123. doi: 10.2217/fmb.10.60

 Mascitti, M., Togni, L., Troiano, G., Caponio, V. C. A., Gissi, D. B., Montebugnoli, L., et al. (2019). Beyond Head and Neck Cancer: The Relationship Between Oral Microbiota and Tumour Development in Distant Organs. Front. Cell Infect. Microbiol. 9, 232. doi: 10.3389/fcimb.2019.00232

 McInnes, P., and Cutting, M. (2010). Manual of Procedures for Human Microbiome Project: Core Microbiome Sampling, Protocol A, HMP Protocol No. 07–001, Version 11. 2010. Available at: https://hmpdacc.org/hmp/doc/HMP_MOP_Version12_0_072910.pdf.

 Minarovits, J. (2021). Anaerobic Bacterial Communities Associated With Oral Carcinoma: Intratumoral, Surface-Biofilm and Salivary Microbiota. Anaerobe 68, 102300. doi: 10.1016/j.anaerobe.2020.102300

 Patel, M. A., Blackford, A. L., Rettig, E. M., Richmon, J. D., Eisele, D. W., and Fakhry, C. (2016). Rising Population of Survivors of Oral Squamous Cell Cancer in the United States. Cancer 122 (9), 1380–1387. doi: 10.1002/cncr.29921

 Perera, M., Al-Hebshi, N. N., Perera, I., Ipe, D., Ulett, G. C., Speicher, D. J., et al. (2018). Inflammatory Bacteriome and Oral Squamous Cell Carcinoma. J. Dent. Res. 97 (6), 725–732. doi: 10.1177/0022034518767118

 Peres, M. A., Macpherson, L. M. D., Weyant, R. J., Daly, B., Venturelli, R., Mathur, M. R., et al. (2019). Oral Diseases: A Global Public Health Challenge. Lancet 2394 (10194), 249–260. doi: 10.1016/S0140-6736(19)31146-8

 Pérez-Chaparro, P. J., Gonçalves, C., Figueiredo, L. C., Faveri, M., Lobão, E., Tamashiro, N., et al. (2014). Newly Identified Pathogens Associated With Periodontitis: A Systematic Review. J. Dent. Res. 93 (9), 846–858. doi: 10.1177/0022034514542468

 Pushalkar, S., Ji, X., Li, Y., Estilo, C., Yegnanarayana, R., Singh, B., et al. (2012). Comparison of Oral Microbiota in Tumor and non-Tumor Tissues of Patients With Oral Squamous Cell Carcinoma. BMC Microbiol. 12, 144. doi: 10.1186/1471-2180-12-144

 Radaic, A., and Kapila, Y. L. (2021). The Oralome and Its Dysbiosis: New Insights Into Oral Microbiome-Host Interactions. Comput. Struct. Biotechnol. J. 19, 1335–1360. doi: 10.1016/j.csbj.2021.02.010

 Rai, A. K., Panda, M., Das, A. K., Rahman, T., Das, R., Das, K., et al. (2021). Dysbiosis of Salivary Microbiome and Cytokines Influence Oral Squamous Cell Carcinoma Through Inflammation. Arch. Microbiol. 203 (1), 137–152. doi: 10.1007/s00203-020-02011-w

 Sampaio-Maia, B., Caldas, I. M., Pereira, M. L., Pérez-Mongiovi, D., and Araujo, R. (2016). The Oral Microbiome in Health and Its Implication in Oral and Systemic Diseases. Adv. Appl. Microbiol. 97, 171–210. doi: 10.1016/bs.aambs.2016.08.002

 Sarkar, P., Malik, S., Laha, S., Das, S., Bunk, S., Ray, J. G., et al. (2021). Dysbiosis of Oral Microbiota During Oral Squamous Cell Carcinoma Development. Front. Oncol. 11. doi: 10.3389/fonc.2021.614448

 Schmidt, B. L., Kuczynski, J., Bhattacharya, A., Huey, B., Corby, P. M., Queiroz, E. L., et al. (2014). Changes in Abundance of Oral Microbiota Associated With Oral Cancer. PloS One 9 (6), e98741. doi: 10.1371/journal.pone.0098741

 Siddiqui, A., and Ceppi, P. (2020). A non-Proliferative Role of Pyrimidine Metabolism in Cancer. Mol. Metab. 35, 100962. doi: 10.1016/j.molmet.2020.02.005

 Siegel, R. L., Miller, K. D., and Jemal, A. (2020). Cancer Statistic. CA Cancer J. Clin. 70 (1), 7–30. doi: 10.3322/caac.21590

 Su, S. C., Chang, L. C., Huang, H. D., Peng, C. Y., Chuang, C., Chen, Y. T., et al. (2021). Oral Microbial Dysbiosis and Its Performance in Predicting Oral Cancer. Carcinogenesis 42 (1), 127–135. doi: 10.1093/carcin/bgaa062

 Sudhakara, P., Gupta, A., Bhardwaj, A., and Wilson, A. (2018). Oral Dysbiotic Communities and Their Implications in Systemic Diseases. Dent. J. (Basel) 6 (2), 10. doi: 10.3390/dj6020010

 Sun, J., Tang, Q., Yu, S., Xie, M., Xie, Y., Chen, G., et al. (2020). Role of the Oral Microbiota in Cancer Evolution and Progression. Cancer Med. 9 (17), 6306–6321. doi: 10.1002/cam4.3206

 Sureda, A., Daglia, M., Argüelles Castilla, S., Sanadgol, N., Fazel Nabavi, S., Khan, H., et al. (2020). Oral Microbiota and Alzheimer's Disease: Do All Roads Lead to Rome? Pharmacol. Res. 151, 104582. doi: 10.1016/j.phrs.2019.104582

 Tanner, A. C., Paster, B. J., Lu, S. C., Kanasi, E., Kent, R. Jr, Van Dyke, T., et al. (2006). Subgingival and Tongue Microbiota During Early Periodontitis. J. Dent. Res. 85 (4), 318–323. doi: 10.1177/154405910608500407

 Tezal, M., Sullivan, M. A., Hyland, A., Marshall, J. R., Stoler, D., Reid, M. E., et al. (2009). Chronic Periodontitis and the Incidence of Head and Neck Squamous Cell Carcinoma. Cancer Epidemiol. Biomarkers Prev. 18 (9), 2406–2412. doi: 10.1158/1055-9965.EPI-09-0334

 van Dijk, B. A., Brands, M. T., Geurts, S. M., Merkx, M. A., and Roodenburg, J. L. (2016). Trends in Oral Cavity Cancer Incidence, Mortality, Survival and Treatment in the Netherlands. Int. J. Cancer. 2139 (3), 574–583. doi: 10.1002/ijc.30107

 Verma, D., Garg, P. K., and Dubey, A. K. (2018). Insights Into the Human Oral Microbiome. Arch. Microbiol. 200 (4), 525–540. doi: 10.1007/s00203-018-1505-3

 Wang, H., Funchain, P., Bebek, G., Altemus, J., Zhang, H., Niazi, F., et al. (2017). Microbiomic Differences in Tumor and Paired-Normal Tissue in Head and Neck Squamous Cell Carcinomas. Genome Med. 9 (1), 14. doi: 10.1186/s13073-017-0405-5

 Wang, L., and Ganly, I. (2014). The Oral Microbiome and Oral Cancer. Clin. Lab. Med. 34 (4), 711–719. doi: 10.1016/j.cll.2014.08.004

 Watts, S. C., Ritchie, S. C., Inouye, M., and Holt, K. E. (2019). FastSpar: Rapid and Scalable Correlation Estimation for Compositional Data. Bioinformatics 35 (6), 1064–1066. doi: 10.1093/bioinformatics/bty734

 Wei, J., Xie, G., Zhou, Z., Shi, P., Qiu, Y., Zheng, X., et al. (2011). Salivary Metabolite Signatures of Oral Cancer and Leukoplakia. Int. J. Cancer 129 (9), 2207–2217. doi: 10.1002/ijc.25881

 Winand, R., Bogaerts, B., Hoffman, S., Lefevre, L., Delvoye, M., Braekel, J. V., et al. (2019). Targeting the 16S rRNA Gene for Bacterial Identification in Complex Mixed Samples: Comparative Evaluation of Second (Illumina) and Third (Oxford Nanopore Technologies) Generation Sequencing Technologies. Int. J. Mol. Sci. 21 (1), 298. doi: 10.3390/ijms21010298

 Yang, C. Y., Yeh, Y. M., Yu, H. Y., Chin, C. Y., Hsu, C. W., Liu, H., et al. (2018). Oral Microbiota Community Dynamics Associated With Oral Squamous Cell Carcinoma Staging. Front. Microbiol. 9. doi: 10.3389/fmicb.2018.00862

 Zhao, H., Chu, M., Huang, Z., Yang, X., Ran, S., Hu, B., et al. (2017). Variations in Oral Microbiota Associated With Oral Cancer. Sci. Rep. 7 (1), 11773. doi: 10.1038/s41598-017-11779-9




Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Nie, Wang, Huang, Yang, Gong, Feng and Yang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fcimb-12-905653-g004.jpg
Peptostreptococci

velaninogenica Alistipg finegoldii

paravirosa

Megasphae@micronuciformis

odontolyticus

Prevotei@histicola

N S T

M Actinobacteria M Euryarchaeota I Fusobacteria M Spirochaetes 1 Tenericutes
M Bacteroidetes M Firmicutes [ Proteobacteria I Synergistetes W Verrucomicrobia

Phylum

. 12.5
Y =16.018 X065 Y = 12015 x 692

Y = 16378 x 0814 Y =18779 x%8% 16

2

R2=0805 R2=0851 R2=0818

10.0
15
12
z 75
8 10
5 8
EH 50
5 4
25
25 50 75 100125 5 0 5 10
Degree Degree Degree

N S o

N
1
2
2
cs T
Size of each list Size of each list Size of each list
27
=
135 135
0 o
c pPc cs N S T c PC cs N s T
Number of elements: specific (1) or shared by 2, 3, ... lists Number of elements: specific (1) or shared by 2, 3, Number of elements: specific (1) or shared by 2, 3, ... lists
EmEE 15 % ) S L L __|

4 3 2 1 302) 2 1 3 2 1





OEBPS/Images/fcimb.2022.905653_cover.jpg
, frontiers ‘ Frontiers in Cellular and Infection Microbiology

Characteristics of Microbial
Distribution in Different Oral Niches
of Oral Squamous Cell Carcinoma





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Characteristics of Microbial Distribution in Different Oral Niches of Oral Squamous Cell Carcinoma

      

        		

          Introduction

        



        		

          Materials and Methods

        

          		

            Participant Recruitment and Sample Collection

          



          		

            DNA Extraction

          



          		

            16S rDNA Amplification and Sequencing

          



          		

            Sequencing Data Analysis

          



        



        



        		

          Results

        

          		

            Sociodemographic Characteristics and Statistics of the Sequencing Data

          



          		

            Alpha and Beta Diversity Across Oral Niches

          



          		

            Generality and Discrepancy of Microbial Composition Across Oral Niches

          



          		

            Microbiome Profiles of Tumor and Paracancerous Tissues

          



          		

            SparCC Analysis of the Co-Occurrence Network and Core Microbiome

          



          		

            Diagnostic Performance of the Oral Microbiome in Discriminating OSCC

          



          		

            Prediction of Microbiome Phenotype and Functions

          



        



        



        		

          Discussion

        



        		

          Data Availability Statement

        



        		

          Ethics Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fcimb-12-905653-g006.jpg
075

Anaerobic
3

025

Contains Mobile Elements

0.00

1.00 1.0
o 03
% 0.75
3 ° H 2
g £ 308
<02 o g
2 o z
° « 050
2 PC E €
s 5 3
3 ['s 9
go1 06
w 0.25
0.0
c PC c PC
06 1.00 1.00
o
GE> 0.75 0.75'
204 2 €
] £ 2
2 ® 3
& ) ™ 050
E & 3
g 2 8
@02 H &
&£ 025 025
00 0.00 0.00
¢ = 95% confidence intervals
Two-component system ey —_—— | 2.48e6
Biofilm formation - Escherichia coli [} o | 2.01e6
Cell cycle - Caulobacter fj el 1.52e-6
Biofilm formation - Vibrio cholerae [} o | 2.75e6
Biofilm formation - Pseudomonas aeruginosa [ o | 3.16e-6
Amino sugar and nucleotide sugar metabolism [ | o4 3.18e-6
Pyrimidine metabolism [ | R 8.84e-6
Carbon fixation pathways in prokaryotes | B 8.35e-6
beta-Lactam resistance [} 0| 9.51e-6
Purine metabolism [ oA 1.15e5
Aminoacyl-tRNA biosynthesis [ | ko 2.06e:5
Methane metabolism [ (¢} 1.94e-5
Ribosome [ —o— 4.65e-5
Metabolic pathways | e 6.07e-5
Glyoxylate and dicarboxylate metabolism [} ) llle4 3
ABC transporters [ | —0—— 1l43e4 g
Bacterial secretion system [j o 3.17e4 8
Biotin metabolism fj a 3394 %
$
Fructose and mannose metabolism | ] 371e4 &
Pyruvate metabolism [ ]. 3.62e-4
Glycolysis / Gluconeogenesis [ o 191e3
Valine, leucine and isoleucine degradation fj 1.93e-3
Carbon metabolism = ]- 3.06e-3
Fatty acid biosynthesis [} o 2.96e-3
Starch and sucrose metabolism 0 3.59-3
Biosynthesis of amino acids B o= 3.89e-3
|
Propanoate metabolism [} o 3.88e3
Fatty acid metabolism [ I 4.84e3
Alanine, aspartate and glutamate metabolism | L 5.03e-3
Butanoate metabolism [} o 0.026
Microbial metabolism in diverse environments o 0.026
Fatty acid degradation fj ol 0.029
Biosynthesis of secondary metabolites ] o 0.032
0.0 20.1 -3 -2 -1 [ 1 2

Mean proportion (%) Difference in mean proportions (%)





OEBPS/Images/fcimb-12-905653-g002.jpg
vaue

0.75.

value

1.00

Average Relative Abundance

000

(¢}

o -4
FS o

Average Relative Abundance
o
o

o
o

=]

b
o

o o o
N ® >

Average Relative Abundance
°

|

Phylum
Candidatus_Saccharibacteria

| B3

. Cyanobacteria/Chloroplast

[ spirochaetes

W others

[ Actinobacteria

Wrusobacte

1 Firmicutes

Wl Bacteroidetes

[ Proteobacteria

Genus

[l stenotrophomonas

‘usobacterium

[ Prevotella

Porphyromonas

| streptococcus

[ campylobacter

[ Haemophilus.

" Nelsserla

[ Leptotrichla
Peptostreptococcaceae incertae sedis

Species

Eubacterium yurll subsp.schtitka
|| Parvimonas micra
revotella intermedia
[ Peptostreptococcus stomatis
[ sphingomonas alpina
[ campylobacter gracilis
[l Haemophilus parainfluenzae
treptococcus dentisani
Bl Porphyromonas endodontalls
[ Pseudomonas betell

Relative abundance (Iog10)

Relative abundance (cg10)

Phylum

[ candidatus Saccharibacterla
| Cyanobacteria/Chloroplast
Spiroch:
[ Actinobacteria
Fusobacteria
1] Bacteroidetes
Firmicutes
I Proteobacteria

Genus
Peptostreptococcaceae incertae sedis

1 Leptotrichia

_ Neisseria

|| Haemophilus

I campylobacter

Streptococcus.

[l Porphyromonas

Prevotella

B Fusobacterium

[ stenotrophomonas

Species
Eubacterium yuril subsp.schtitka
[ Parvimonas micra
Prevotalla intermedia
[ Peptostreptococcus stomatis
phingomonas alpina
| campylobacter gracilis
Haemophilus parainfluenzae
1] streptococcus dentisani
Porphyromonas endodontalls
B Pseudomonas abeteli

DTIET
S
-
’ =
—l et
o=

Relative abundance (0910)






OEBPS/Images/logo.jpg
’ frontiers ’ Frontiers in Cellular and Infection Microbiology





OEBPS/Images/fcimb-12-905653-g001.jpg
chao1

shannon

75
1000: .
.
Y
® 5.0
.
.
500 .
i 25
é .
.
———— —
CPCCSN S T CPCCSN S T
C
1.004
0.754 Phylum
Proteobacteria
Firmicutes
Bacteroidetes
0.509 Fusobacteria
Actinobacteria
Candidatus Saccharibacteria
Spirochaetes
0.254 SR1
0.009
C PC cs N S T
E
0.6:
0.4
0.2:
0.0

NMDS2
T O
(@)

o

[e]efe[e]e]e]
- o =2 0O

NMDS

-06 -04 -02 00 02 04

NMDS1

o
Y

-4
o

—

unweighted
-05

= e .

0.0 05
PCOA1(32.3%)

Species

Streptococcus dentisani
Pseudomonas beteli
Prevotella melaninogenica
Haemophilus parainfluenzae
Prevotella jejuni

Prevotella nanceiensis
Porphyromonas endodontalis
Porphyromonas catoniae

0.4
0.3
0.2:
0.1
0.0
5 PE b8 N & =+





OEBPS/Images/table1.jpg
Variable

Age (mean + SD)
Males: No. (%)
Cancer site:

Tongue

Buccal

Floor of Mouth

Pharynx

Palate

Maxilla

gingiva

C (n=37)

57.9+96
27 (73.0)

o

NN W= NN

PC (n=37)

58.1+9.7
27 (73.0)

IS

®MN W= NN

CS (n=64)

59.5  10.9
41 (64.1)

23
8
10
1
6
4
12

N (n=38)

582+ 103
25 (65.8)

3

SSRGS

S (n=65)

59.5+ 10.8
41 (63.1)

24

8
10
1
6
4

2

T (n=64)

595 + 109
41 (64.1)

23
8
10
1
6
4
12






OEBPS/Images/fcimb-12-905653-g005.jpg
0l

0.527 (0.958, 0.750)

80

@
N
@«
o
[$)
=2
5

90 0
Ruanisuag

@suejioduw)

0

0.0

0.6 0.4 02
Specificity

0.8

1.0

o

wnuajoeqiuoldod

elINqasoy

19)0eqopiwesfy

snas020jdasysoydad

seuowiAled

ewse|dajolalsy

eidonne

Xewmopeys

seuouwnein]

sniyduoydeyg

e1zemyds

ueapmopeys

uymopeys

80

oL

©
~
b=
o
[$)
2
<

0.583)

0.407 (0.917,

90 0
Aunpsusg

@ouejioduw

0.0

0.2

0.6 04
Specificity

0.8

1.0

sfjewo)s snatosojdansoydad
saude wnuajequuoldold
suajoosid Jajoeqopiwesfy
BIO|W SEUOWIAIEY

BUlIBW SEUOW|BIN

suajjed e||9jorald
XeNmopeys

wnjqoseeue ewse|dajosaisy
sijiqeljw snajoig

siliqesjw ejdonne

oesauue) ejjajorasdo|| v
oeA||ES B]|9)0r01d

nuapienp snjydiuoyded
euabynds seuowouajes

SUBIOA|

190N e1Z}IEMYDS
aeJawos seuowoshydiod
wnjydoyjew ewauodaiy
uespymopeys

uiymopeys





OEBPS/Images/fcimb-12-905653-g003.jpg
I.i:
5l rC
I-s

“niche

Peptostreptococcaceae incertae sedis

T

Stenotrophomonas
Pelomonas

Parvimonas
Peptococcus
Mycoplasma
Bulleidia
Proteus
Bradyrhizobium

Prevotella
Selenomonas
Perlucidibaca
Porphyromonas
Actinomyces
Veillonella
Neisseria

| Rothia
Delftia
Ralstonia
Serratia

Slackia

| T o W Y — I SN niche
! lI g
VOOV UVUDOVUVOUVOUVDODVODDDODDO
333333333 333333

Actinomyces odontolyticus

Veillonella dispar
Eubacterium yurii subsp schtitka

Selenomonas sputigena

Gemella morbiliorum

Parvimonas micra
Peptococcus niger
Bulleidia extructa

Porphyromonas endodontalis

Proteus mirabilis

Bifidobacterium breve

Slackia exigua

Veillonella rogosae
Treponema medium
Perlucidibaca piscinae

Ralstonia insidiosa

| Rothia mucilaginosa





