

[image: image]





FRONTIERS EBOOK COPYRIGHT STATEMENT

The copyright in the text of individual articles in this ebook is the property of their respective authors or their respective institutions or funders. The copyright in graphics and images within each article may be subject to copyright of other parties. In both cases this is subject to a license granted to Frontiers. 

The compilation of articles constituting this ebook is the property of Frontiers. 

Each article within this ebook, and the ebook itself, are published under the most recent version of the Creative Commons CC-BY licence. The version current at the date of publication of this ebook is CC-BY 4.0. If the CC-BY licence is updated, the licence granted by Frontiers is automatically updated to the new version. 

When exercising any right under the CC-BY licence, Frontiers must be attributed as the original publisher of the article or ebook, as applicable. 

Authors have the responsibility of ensuring that any graphics or other materials which are the property of others may be included in the CC-BY licence, but this should be checked before relying on the CC-BY licence to reproduce those materials. Any copyright notices relating to those materials must be complied with. 

Copyright and source acknowledgement notices may not be removed and must be displayed in any copy, derivative work or partial copy which includes the elements in question. 

All copyright, and all rights therein, are protected by national and international copyright laws. The above represents a summary only. For further information please read Frontiers’ Conditions for Website Use and Copyright Statement, and the applicable CC-BY licence.



ISSN 1664-8714
ISBN 978-2-83251-303-3
DOI 10.3389/978-2-83251-303-3

About Frontiers

Frontiers is more than just an open access publisher of scholarly articles: it is a pioneering approach to the world of academia, radically improving the way scholarly research is managed. The grand vision of Frontiers is a world where all people have an equal opportunity to seek, share and generate knowledge. Frontiers provides immediate and permanent online open access to all its publications, but this alone is not enough to realize our grand goals.

Frontiers journal series

The Frontiers journal series is a multi-tier and interdisciplinary set of open-access, online journals, promising a paradigm shift from the current review, selection and dissemination processes in academic publishing. All Frontiers journals are driven by researchers for researchers; therefore, they constitute a service to the scholarly community. At the same time, the Frontiers journal series operates on a revolutionary invention, the tiered publishing system, initially addressing specific communities of scholars, and gradually climbing up to broader public understanding, thus serving the interests of the lay society, too.

Dedication to quality

Each Frontiers article is a landmark of the highest quality, thanks to genuinely collaborative interactions between authors and review editors, who include some of the world’s best academicians. Research must be certified by peers before entering a stream of knowledge that may eventually reach the public - and shape society; therefore, Frontiers only applies the most rigorous and unbiased reviews. Frontiers revolutionizes research publishing by freely delivering the most outstanding research, evaluated with no bias from both the academic and social point of view. By applying the most advanced information technologies, Frontiers is catapulting scholarly publishing into a new generation.

What are Frontiers Research Topics? 

Frontiers Research Topics are very popular trademarks of the Frontiers journals series: they are collections of at least ten articles, all centered on a particular subject. With their unique mix of varied contributions from Original Research to Review Articles, Frontiers Research Topics unify the most influential researchers, the latest key findings and historical advances in a hot research area.


Find out more on how to host your own Frontiers Research Topic or contribute to one as an author by contacting the Frontiers editorial office: frontiersin.org/about/contact





The pivotal role of oral microbiota dysbiosis and microbiota-host interactions in diseases - volume II

Topic editors

Yulong Niu – Sichuan University, China

Xin Xu – Sichuan University, China

Jin Xiao – University of Rochester Medical Center, United States

Citation

Niu, Y., Xu, X., Xiao, J., eds. (2023). The pivotal role of oral microbiota dysbiosis and microbiota-host interactions in diseases - volume II. Lausanne: Frontiers Media SA. doi: 10.3389/978-2-83251-303-3





Table of Contents




Experimental Periodontitis Deteriorated Atherosclerosis Associated With Trimethylamine N-Oxide Metabolism in Mice

Lingling Xiao, Lingyan Huang, Xin Zhou, Dan Zhao, Yan Wang, Haiyan Min, Shiyu Song, Weibin Sun, Qian Gao, Qingang Hu and Sijing Xie

Cross-Cohort Microbiome Analysis of Salivary Biomarkers in Patients With Type 2 Diabetes Mellitus

Chuqi Gao, Ying Guo and Feng Chen

The Crosstalk Between Saliva Bacteria and Fungi in Early Childhood Caries

Ye Tu, Zhiyan Zhou, Chang Shu, Yuan Zhou and Xuedong Zhou

A Mouse Periodontitis Model With Humanized Oral Bacterial Community

Lan Bai, Bo-Yan Chen, Yan Liu, Wu-Chang Zhang and Sheng-Zhong Duan

Lactobacillus plantarum Disrupts S. mutans–C. albicans Cross-Kingdom Biofilms

Yan Zeng, Ahmed Fadaak, Nora Alomeir, Tong Tong Wu, Elena Rustchenko, Shuang Qing, Jianhang Bao, Christie Gilbert and Jin Xiao

Oral Microbiota-Driven Cell Migration in Carcinogenesis and Metastasis

Huimin Bai, Jing Yang, Shu Meng and Chengcheng Liu

Diaryl Urea Derivative Molecule Inhibits Cariogenic Streptococcus mutans by Affecting Exopolysaccharide Synthesis, Stress Response, and Nitrogen Metabolism

Ying Liao, Mengyun Zhang, Xingnan Lin and Fuhua Yan

Multimodal Data Integration Reveals Mode of Delivery and Snack Consumption Outrank Salivary Microbiome in Association With Caries Outcome in Thai Children

Tong Tong Wu, Jin Xiao, Samantha Manning, Prakaimuk Saraithong, Komkham Pattanaporn, Bruce J. Paster, Tsute Chen, Shruti Vasani, Christie Gilbert, Yan Zeng and Yihong Li

Dental Materials for Oral Microbiota Dysbiosis: An Update

Jieyu Zhu, Wenlin Chu, Jun Luo, Jiaojiao Yang, Libang He and Jiyao Li

Evolutionary Relationships Between Dysregulated Genes in Oral Squamous Cell Carcinoma and Oral Microbiota

Yang Fang, Yi Yang and Chengcheng Liu

New feature extraction from phylogenetic profiles improved the performance of pathogen-host interactions

Yang Fang, Yi Yang and Chengcheng Liu





ORIGINAL RESEARCH

published: 18 January 2022

doi: 10.3389/fcimb.2021.820535

[image: image2]


Experimental Periodontitis Deteriorated Atherosclerosis Associated With Trimethylamine N-Oxide Metabolism in Mice


Lingling Xiao 1,3†, Lingyan Huang 1†, Xin Zhou 4, Dan Zhao 1, Yan Wang 1, Haiyan Min 5, Shiyu Song 2, Weibin Sun 1, Qian Gao 2*, Qingang Hu 1* and Sijing Xie 1*


1 Nanjing Stomatological Hospital, Medical School of Nanjing University, Nanjing, China, 2 Center for Translational Medicine and Jiangsu Key Laboratory of Molecular Medicine, Medical School of Nanjing University, Nanjing, China, 3 Department of Stomatology, The Second People’s Hospital of Taizhou, Taizhou, China, 4 The Affiliated Stomatological Hospital of Soochow University, Suzhou, China, 5 The Second Affiliated Hospital of Nanjing University of Chinese Medicine, Nanjing, China




Edited by: 

Xin Xu, Sichuan University, China

Reviewed by: 

Sheng-Zhong Duan, Shanghai Jiao Tong University, China

Akihiro Yoshida, Matsumoto Dental University, Japan

*Correspondence: 

Sijing Xie
 xiesj@nju.edu.cn 

Qingang Hu
 qghu@nju.edu.cn 

Qian Gao
 qian_gao@nju.edu.cn 

†These authors have contributed equally to this work and share first authorship

Specialty section: 
 This article was submitted to Microbiome in Health and Disease, a section of the journal Frontiers in Cellular and Infection Microbiology


Received: 23 November 2021

Accepted: 14 December 2021

Published: 18 January 2022

Citation:
Xiao L, Huang L, Zhou X, Zhao D, Wang Y, Min H, Song S, Sun W, Gao Q, Hu Q and Xie S (2022) Experimental Periodontitis Deteriorated Atherosclerosis Associated With Trimethylamine N-Oxide Metabolism in Mice. Front. Cell. Infect. Microbiol. 11:820535. doi: 10.3389/fcimb.2021.820535




Background

Periodontitis is considered a risk factor for atherosclerosis, but the mechanism is not clear. It was reported that oral administration of Porphyromonas gingivalis altered the gut microbiota in mice. Gut dysbiosis and the intestinal metabolite trimethylamine N-oxide (TMAO) were verified to be associated with atherosclerosis. Therefore, the possible TMAO-related mechanism between periodontitis and atherosclerosis needs to be explored.



Methods

Experimental periodontitis was established by oral administration of P. gingivalis for 2 months in ApoE−/− mice. Mouse hemi-mandibles were scanned using Micro-CT. Quantification of TMAO was performed using liquid chromatography–tandem mass spectrometry. Mouse feces were collected and the bacterial DNA was extracted, then the gut microbiota was analyzed using 16S rRNA genes. Atherosclerotic lesion areas were quantified. Livers, small intestines, and large intestines were analyzed for gene expression.



Results

Aggravated atherosclerosis plaques were found in experimental periodontitis mice. Plasma TMAO, a pathogenic factor of atherosclerosis, was initially found to be increased in periodontitis mice. Changes in the composition and abundance of the intestinal microflora of periodontitis mice were found. Flavin monooxygenase 3 (FMO3), the catalyzing enzyme of TMAO in the liver, was significantly increased, accompanied by an increase of IL-6 in liver, the abnormal intestinal integrity and enhanced plasma LPS. The IL-6 and LPS were verified to be able to increase FMO3 in HepG2 cells.



Conclusion

Our research discovered that experimental periodontitis in ApoE−/− mice induced gut dysbiosis and an increase in TMAO. These results suggest a possible mechanism by which periodontitis may accelerate atherosclerosis by influencing the intestinal microbes and the metabolism, which were triggered by inflammation of the liver and intestine.
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Introduction

Periodontitis is a chronic inflammatory disease of periodontal tissues caused by dental biofilm and calculus (Pihlstrom et al., 2005). Atherosclerosis (AS) is a slowly progressive disease characterized by lipid accumulation in the outer arterial tunica intima (Xu et al., 1990). Epidemiological and biological studies indicate that periodontitis may be an important risk factor for cardiovascular disease and atherosclerosis (Socransky and Haffajee, 2005; Kebschull et al., 2010; Olivier et al., 2011). So far there are two main viewpoints about the mechanism of periodontitis related atherosclerosis. One suggested that the local inflammatory nidus in periodontal pocket could induce atherosclerosis by instigating the inflammatory cascade (Hegde and Awan, 2019). The second one proposed that an invasion of the periodontal bacteria through diseased pockets into bloodstream for atherosclerosis induction (D’Aiuto et al., 2005; Leticia et al., 2013; Kholy et al., 2015). However, the mechanism of how exactly periodontitis induces the atherosclerosis is still unclear.

Trimethylamine N-oxide, a metabolite of gut flora, has shown promise as a special indicator of atherosclerosis (Koeth et al., 2013). The circulatory TMAO may be associated with cardiovascular risks by changing enterohepatic cholesterol and bile acid metabolism that control the pathway required to eliminate cholesterol from the body (Tang and Hazen, 2014; Chistiakov et al., 2015; Wang and Zhao, 2018). Wang et al. found that TMAO promoted upregulation of multiple macrophage scavenger receptors linked to atherosclerosis and supplementation with TMAO promoted atherosclerosis in ApoE−/− mice (Wang et al., 2011). TMAO is converted from trimethylamine (TMA) in the liver by the oxidative effect of flavin monooxygenases (FMOs) (Schugar and Brown, 2015). TMA is a small molecule produced by the gut bacteria metabolizing some components in foods, such as choline, phosphatidylcholine, and carnitine (Wang and Zhao, 2018).

The intestine is the largest microbial habitat in the human body, holding over 1,000 microbial phylotypes, and the number is up to 100 trillion, which is 100 times the human genome (Ley et al., 2006; Rajilićstojanović et al., 2010). In the last decade, there have been studies demonstrating that gut dysbiosis is associated with atherosclerosis (Tang et al., 2017). Compared with normal controls, the plaque areas of germ-free ApoE−/− mice were significantly bigger after the same diet for 3–4 months (Stepankova et al., 2010), suggesting that the normal gut microbiota was protective in the development of atherosclerosis. Moreover, mice that were gavaged with cecal microbial contents from atherosclerosis-prone or atherosclerosis-resistant mice, exhibited similar symptoms with their donor mice (Gregory et al., 2015). Strikingly, a clinical study stratified the human gut microbiota into three enterotypes characterized by Bacteroides, Prevotella, and Ruminococcus, respectively, and the atherosclerosis patients were overrepresented in enterotype 3 represented by Ruminococcus (Karlsson et al., 2012). Further studies performed by a Japanese research group reported that oral administration of Porphyromonas gingivalis (P. gingivalis), a periodontal pathogen, could alter the gut microbiota and induce systemic inflammation (Arimatsu et al., 2014; Nakajima et al., 2015), thus linking the key periodontal pathogen with the gut microbiota and systemic inflammation.

Therefore, we hypothesized that periodontitis may induce gut dysbiosis and abnormal hepato-intestinal metabolism, leading to the accelerated development of atherosclerosis. In this study, P. gingivalis was used to generate an experimental periodontitis model in ApoE−/− mice. Aggravated atherosclerosis plaques, enhancement of TMAO in peripheral blood and increased FMO3, the catalyzing enzyme of TMAO in the liver, were observed in the experimental periodontitis mice, compared with the control. It may hint at a new pathway for periodontitis to promote atherosclerosis: the alterations of intestinal microbes and their metabolites originated by periodontitis.



Materials and Methods


Mice

Ten 8-week-old male ApoE−/− mice, and ten 8-week-old male C57BL/6J mice were obtained from the Model Animal Research Center of Nanjing University (Nanjing, China). The mice were housed in a controlled pathogen-free environment with free access to food and water for acclimatization (Cani et al., 2008), and then randomized to two groups: the control group and the experimental periodontitis group. They were fed Western Diet (WD) consisting of 21% (w/w) fat, 0.2% cholesterol, and 0% choline (TD88137–Harlan) for an additional 8 weeks. All experimental procedures were reviewed and approved by the Institutional Animal Care and Use Committee of Nanjing University (IACUC-D2102033).



Bacterial Culture and Oral Administration

P. gingivalis strain 33277 was cultured in a Brain Heart Infusion Broth (Beyotime Biotechnology, China) in an anaerobic environment for 48 h at 37 °C. The anaerobic state was kept by AnaeroPack (Mitsubishi Gas Chemical Company, Inc, Japan) in an anaerobic jar (Oxoid, England) (Arimatsu et al., 2014). The concentration of bacteria was determined with a spectrophotometer (SpectraMax M3, Molecular Devices, USA) at an optical density of 600 nm (OD = 109 P. gingivalis per ml) (Zhang et al., 2014). A total of 109 CFU of live P. gingivalis was collected by centrifugation, and then resuspended in 100 μl Phosphate Buffered Saline (PBS) with 2% carboxymethyl cellulose (Sigma-Aldrich, America). The bacterial suspension was given to each of the five mice gingival margin of the molars 5 times a week for 8 weeks. The other five mice in the control group were sham-administrated without the P. gingivalis. Twenty-four hours after the final intervention, the feces were collected from the live mice, and then the mice were anesthetized for tissues collection (Arimatsu et al., 2014).



Quantification of Mandibular Alveolar Bone Resorption

The hemi-mandibles were scanned using a high-resolution Micro-CT (SkyScan1176, Bruker, Germany) for alveolar bone loss evaluation. After scanning, a set of slices were used for three-dimensional reconstructions. All images were reoriented such that the cement-enamel junction (CEJ) and the alveolar bone crest (ABC) appeared in the Micro-CT slice that was to be analyzed. The alveolar bone loss was measured from the CEJ to the ABC of the mesial surface of the first molar on the sagittal plane (Park et al., 2007; Madeira et al., 2013).



Quantification/Histology of Atherosclerotic Lesion Area and Liver

The collected mouse hearts were embedded in tissue freezing medium (Sakura, America), and then sliced and stained with oil red O. The stained plaque area of the aortic sinus was analyzed using Image J 1.37c (National Institutes of Health, USA) (Tomoki et al., 2011). Hematoxylin–eosin-stained (H&E) sections of the aortic arch and liver were used for morphometric analysis (Kesavalu et al., 2012).



Quantification of Plasma TMAO, TMA, Choline, Creatinine, Betaine and L-Carnitine

Quantification of TMAO, TMA, Choline, Creatinine, Betaine, and L-Carnitine was performed using stable isotope dilution ultra-high-performance liquid chromatography–tandem mass spectrometry (UHPLC–MS/MS). The analysis used a Waters ACQUITY UPLC HSS T3 column (2.1 ∗ 100 mm, 1.8 um). Mobile phases A and B, respectively, comprised 0.1% formic acid and 0.1% acetonitrile in water. MS quadrupole and ion source temperatures were separately taken as 100 and 650°C. The ion transitions were m/z 76.1 → 58.1 for TMAO, m/z 60 → 40.5 for TMA, m/z 118.1 → 58.1 for Betaine, m/z 104.1 → 45 for Choline, m/z 114.1 → 44 for Creatinine and m/z 162.1 → 85 for L-Carnitine.



Lipoprotein and Serum Analysis

The mouse serum samples were collected by extracting the eyeballs, and assayed for total cholesterol (TC), triglyceride (TG), low-density lipoprotein (LDL), high-density lipoprotein (HDL), oxidized low-density lipoprotein (ox-LDL), lipopolysaccharide (LPS), interleukin (IL)-6, interleukin (IL)-1β, and tumor necrosis factor (TNF)-α. The levels of ox-LDL, LPS, IL-6, IL-1β, and TNF-α were determined by ELISA (Dakewe, China). Enzymatic colorimetry (Biosino Bio-Technology & Science Inc, China) was used for serum TC and TG analysis. The LDL and HDL concentrations were detected by the LDL/HDL-Cholesterol Kit (Biosino Bio-Technology & Science Inc, China) (Lalla et al., 2003).



Cell Culture

The HepG2 cell line was obtained from ATCC. HepG2 cells were cultured in DMEM high glucose medium (10% fetal bovine serum, 1% penicillin and streptomycin) at 37°C and 5% CO2 saturated humidity. When the cell adherence rate reached 80 to 90%, the cells were digested with trypsin, and the cell viability was above 90% for subpassage. One day before the experiment, the cells were digested with 0.25% trypsin and inoculated with DMEM high glucose medium containing 10% fetal bovine serum into a 6-well culture plate. The agents were added after the cells were completely adhered to the wall. There were 5 wells in each group.



Analysis of Gene Expression in the Samples

The total RNA was extracted from the mouse liver, abdominal adipose, large intestine, small intestine samples, and HepG2 cells by RNAsimple Total RNA Kit (Tiangen, China). Reverse transcription PCR was carried out in the PCR Thermal Cyclers (Applied Biosystems, Thermo Fisher, America) for cDNA synthesis with PrimeScript™ RT reagent Kit with gDNA Eraser (Takara, Japan). Primers for real-time PCR were purchased from GenScript, and the primer sequences were listed in Supplemental Table 1. The gene expression analysis was realized finally in a final volume of 20 μl consisted by 0.5–5 ng cDNA, 900 nM each of the forward and reverse primers, and 10 μl iTaq Universal SYBR Green Supermix (Bio-Rad, America) in QuantStudio 7 Flex Real-Time PCR System (Applied Biosystems, Thermo Fisher, America). The PCR conditions were 2 min at 50°C, 10 min at 95°C followed by 40 cycles of two-step PCR denaturation at 95°C for 15 s and annealing extension at 60°C for 60 s. The relative amount of each studied mRNA was normalized to the relative quantity of glyceraldehyde-3-phosphate dehydrogenase (GAPDH) mRNA, and the data were analyzed according to the 2−△△CT method (Cani et al., 2008; Nakajima et al., 2015).



DNA Extraction From Samples and Gut Microbiota Genome Sequencing

The mouse feces were collected after P. gingivalis administration for two months, and the bacterial DNA was extracted from feces by TIANamp Stool DNA Kit (Tiangen, China). The bacterial DNA extracted from feces was collected for gut microbiota analysis. The V3–V4 region of the 16S rRNA genes was amplified by PCR using a primer set (F: CCTAYGGGRBGCASCAG, R: GGACTACNNGGGTATCTAAT). The qualified DNA was used for sequencing analysis in Illumina HiSeq platform at the Novogene Bioinformatics Institute (Beijing, China) (Ma et al., 2018).



Statistical Analysis

The statistical analysis of phenotypic traits was performed using SPSS22. For statistical analysis, either a student t-test or one-way ANOVA was performed, and the significance level was set at P = 0.05 which was shown in the figure legends.




Results


Experimental Periodontitis Caused Deteriorated Atherosclerosis and Increased TMAO in the Peripheral Blood of the ApoE−/− Mice

Eight week old male ApoE−/− mice were randomly divided into control and experimental periodontitis groups upon CMC and P. gingivalis administration. After 2 months of administration, the mandible specimens of the two groups were collected and scanned by Micro-CT. As shown in Figure 1A, the alveolar bone loss refers to the distance from the cementum-enamel junction (CEJ) to the alveolar crest (ABC) of the first molar. The results showed that the alveolar bone height of the periodontitis group was significantly lower than that of the control, and the difference was statistically significant (P <0.05) (Figure 1B). The experimental periodontitis group exhibited more plaque deposition under the intima than the control group (Figure 1C). Analysis of the atherosclerotic plaque area revealed a significant increase in the periodontitis group versus the control group (Figure 1D). The H&E-stained aortic sections were used for vessel wall assessment and invading mononuclear cell observation. As shown in Figures 1E, F, the experimental periodontitis group exhibited the lager intimal thickness, more plaque deposition under intima and more invading monocytes throughout arterial layers than those of the control group. As shown in Supplemental Figure 1, experimental periodontitis had significant effects on the serum lipid profile. The cholesterol levels shifted toward atherogenic levels.




Figure 1 | Effect of periodontitis on alveolar bone resorption, morphologic characterization of aortic plaques, plasma TMAO/TMA levels and plasma Choline/Creatinine/Betaine/L-Carnitine levels. (A) hemi-mandible from each group, as reconstructed by the micro-CT. (B) Cemento-enamel junction (red line: CEJ)-alveolar bone crest (green line: ABC) distance to represent alveolar bone loss (yellow line). (C) Representative Oil-Red-O stained aortic roots from control group and periodontitis group. (D) aortic root lesion area quantified using Oil-Red-O staining (original magnification of 400×). (E) representative fields of aortic root sections in control group stained with Hematoxylin–eosin. (F) representative fields of aortic root sections in experimental periodontitis group stained with Hematoxylin–eosin. (G) TMAO and TMA levels in plasma. (H) Choline, Creatinine, Betaine, and L-Carnitine levels in plasma. Data are presented as mean± SEM. (n = 5/group). *P < 0.05; P < 0.01.



The effect of experimental periodontitis on plasma TMAO, the important indicator of atherosclerosis, and its precursors were analyzed. The plasma TMAO level increased significantly in the experimental periodontitis group, compared to the control group. However, no significant difference was observed in the level of TMA and its precursors between the two groups, except that the plasma choline level decreased in the periodontitis group (P <0.01) (Figures 1G, H).



Experimental Periodontitis Led to Changes in the Composition and Abundance of Intestinal Microflora

TMA, the precursor of TMAO, is a unique metabolite produced by the gut bacteria. The composition and abundance of intestinal microflora in the samples were detected by genome sequencing. There was no significant difference in the number of OTUs. The Chao1 index, ACE index, Shannon index, and Simpson index were lower in the periodontitis group than in the control group after a 2-month treatment (Figure 2A).




Figure 2 | Gut microbiota alternation in periodontitis mouse model. (A) boxplot showed the value of the indicated index of alpha diversity of the periodontitis group and control group after 2-month treatment of P. gingivalis. (B) stack bar plot, showed the composition of microbiota at phylum level. (C) PCA plot of microbial composition. (D) linear discriminant analysis effect size (LEfSe)-based cladogram of fecal samples. (E) LDA scores of fecal samples. (F) Heatmap of sequenced bacterial operational taxonomic unit (OTU) abundances, scaled by row. (G) Heatmap of KEGG KO ORTHOLOGY analyzed by Tax4Fun2, scaled by row. 2M = 2 months after administration. The taxon name is preceded by one of the following: p_, phylum; f_, family; g_, genus; s_, species. Data are presented as mean ± SEM. (n = 5/group).



At the phylum level, the major 3 phyla of periodontitis and control mice were Bacteroidetes, Firmicutes, and Proteobacteria, and with no significant difference between the two groups (Figure 2B). Furthermore, the PCA analysis showed differences in microbiome composition between periodontitis and control mice (Figure 2C). The LEfSe analysis identified the characteristic bacteria at 2-month point. Lachnospiraceae_NK4A136_group and Acetatifactor were abundant in the periodontitis group, whereas Rikenellaceae_RC9_gut_group and Mycoplasmataceae were abundant in the control group (Figures 2D, E).

The analysis of different bacterial operational taxonomic units (OTUs) showed that 43 OTUs, including Lachnospiraceae_bacterium_A4 (OTU402), Lactobacillus_animalis (OTU79), and Parabacteroides_goldsteinii (OTU147) at species level, and also Lachnospiraceae_NK4A136_group (OTU15, OTU471), Mucispirillum (OTU37), and Ruminococcaceae_UCG-014 (OTU136), etc. at genus level, were significantly different between periodontitis model and control mice (Figure 2F). The full list of the OTU taxonomy is in Supplemental Table 2. As shown in Figure 2G, 37 KO ORTHOLOGY were at different levels between periodontitis and control mice, namely, K00108: choline dehydrogenase [EC:1.1.99.1], K00218: protochlorophyllide reductase [EC:1.3.1.33], K00228: coproporphyrinogen III oxidase [EC:1.3.3.3], etc.



Experimental Periodontitis Led to the Increased Expression of the TMA Oxidase FMO3 in the Liver, Accompanied by Abnormal Intestinal Integrity, Liver Inflammation, and Enhanced LPS in the Peripheral Blood

FMO3 is another important factor for the formation of TMAO. After the 2-month P. gingivalis administration, the mRNA expression of FMO3 was found to be significantly increased in the mouse livers (Figure 3A). Meanwhile, the expression of IL-6 (Figure 3B) in the liver of the periodontitis group was also enhanced. Pathological observation showed an increased lymphocyte content in the liver of the experimental periodontitis mice, compared with the control group. Experimental periodontitis also induced more steatosis, and the loss of cellular boundaries in livers (Figure 3C). Further blood analysis revealed that the experimental periodontitis mice had elevated LPS levels (P <0.05), while changes in inflammatory factors IL-6 and TNF-α were consistent with LPS (Figures 3D, E).




Figure 3 | Comparisons of lipopolysaccharide and inflammatory factor concentrations in the plasma, liver, and intestine and the expressions of FMO3 and tight junction protein between the control group and the periodontitis group. (A) relative gene expression levels of FMO3 in in the liver tissue. (B) Relative gene expression levels of inflammatory cytokines in the liver tissue. (C) Effects of experimental periodontitis on histopathological changes of liver hepatocytes stained with H&E (original magnification of 400×). Blue arrows: hepatic cells. Red arrows: lymphocytes. Yellow arrows: sinusoids between the plates of hepatocytes. Black arrows: fat vacuoles. (D) concentration of lipopolysaccharide in the plasma. (E) Concentration of inflammatory cytokines in the plasma. (F, G) relative gene expression levels of inflammatory cytokines in the small intestine and large intestine. (H, I) Comparisons of relative tight junction gene expression levels in the small intestine and large intestine. Data are presented as mean ± SEM. (n = 5/group). *P <0.05; P < 0.01.



The mRNA expression of IL-6, TNF-α, and IL-1β in the small and large intestines did not differ significantly between the two groups (Figures 3F, G). The expressions of tight junction proteins ZO-1, Claudin-1, and Occludin were analyzed for gut barrier function. In the small intestine, experimental periodontitis significantly downregulated ZO-1 expression (P <0.05), and Claudin-1 and Occludin also showed less expression in experimental periodontitis mice (Figure 3H). These three tight junction proteins had similar decreased mRNA expressions in the large intestine at 8 weeks in the experimental periodontitis group (Figure 3I). The abnormal functions of intestinal immunity may create conditions for gut microbiota and its toxins like LPS to get into the bloodstream in mice.



LPS-Induced Inflammation in the Liver Resulted in Enhanced FMO3 Expression and Plasma TMAO Level

To understand the effect of LPS incitation on the FMO3 in the liver and the oxidation of TMA, 8-week-old male C57BL/6J mice were injected with LPS intraperitoneally at a dose of 5 mg/kg every 3 days for 2 weeks. The level of the inflammatory factors IL-6, IL-1β, and TNF-α in the liver increased significantly, compared to the control (Figure 4A). The mRNA expression of FMO3 in the liver was also increased in the LPS group (Figure 4B). Meanwhile, the plasma TMAO significantly increased in the LPS group compared to that in the control group, while there was no obvious effect on the level of plasma TMA and its precursors (Figures 4C, D).




Figure 4 | Effect of LPS on plasma TMAO/TMA levels, plasma Choline/Creatinine/Betaine/L-Carnitine levels, and the expression of FMO3 and inflammatory factors in the liver. Effect of LPS and IL-6 stimulation on FMO3 expression in HepG2 cell. (A) Relative gene expression levels of inflammatory cytokines in the liver tissue. (B) Relative gene expression levels of FMO3 in the liver tissue. (C) TMAO and TMA levels in plasma. (D) Choline, Creatinine, Betaine, and L-Carnitine levels in plasma. (E) comparisons of relative gene expression levels of FMO3 in the 10, 50, and 100 μg/ml LPS-treatment HepG2 cell. (F) relative gene expression levels of FMO3 in the 25, 50 ng/ml IL-6-treatment HepG2 cell. Data are presented as mean ± SEM. (n = 5/group). *P <0.05; P < 0.01.





Incitation of LPS or IL-6 to the HepG2 Cell Increased FMO3 Expression

The HepG2 cells were used to explore the direct effect of LPS and the immune effect of IL-6 on the expression of FMO3. The HepG2 cells were treated with 10, 50, and 100 μg/ml LPS, respectively, for 24 h. The mRNA expression of FMO3 increased significantly in the three LPS treatment groups, especially in the 100 μg/ml LPS group (P <0.05) (Figure 4E). Furthermore, a much more obvious increase of FMO3 expression was found after the treatment of HepG2 cells with 25 or 50 ng/ml IL-6 (Figure 4F).




Discussion

In this study, we successfully established the periodontitis mouse model by oral administration of P. gingivalis and aggravated atherosclerosis. These results are consistent with our previous study (Yang et al., 2017), which affirmed the connection between periodontitis and general changes.

The most interesting finding was the increase of TMAO in the peripheral blood of the periodontitis mice. TMAO has been proven to be associated with cardiovascular risks by promoting inflammatory mediators, endothelial cell adhesion and foam cell formation, and decreasing reverse cholesterol efflux (Tang and Hazen, 2014; Chistiakov et al., 2015). TMAO is an oxidization product of TMA in the liver. TMA is a special metabolite of the gut microbiota. The intestinal microbiota synthesizes TMA from the choline in the diet. TMA is transported into the liver via the portal vein and then oxidized to TMAO by the catalytic action of FMOs. Diet, intestinal microbiota, and FMO3 are the primary factors affecting TMAO metabolism.

However, altered gut microbiota was observed in our study. When experimental periodontitis mice were compared to control mice, changes in the composition and abundance of intestinal microflora were found. The ACE index, Chao1 index, and Shannon index analysis showed that the community richness and diversity of gut microflora decreased after 2-month P. gingivalis administration, although the result was not statistically significant. P. gingivalis has shown antacid activity and may migrate to the colon and alter colon function (Sato et al., 2017). We speculated that experimental periodontitis might disturb the intestinal microflora, which would then interfere with TMA and TMAO production. Significant changes in gut bacteria, such as the Lachnospiraceae-NK4A136_group and Bacteroidales_S24-7_group, have been reported to be relevant to lipid metabolism and TMAO level (Wang et al., 2015; Skennerton et al., 2016), which may be indirect factors resulting in more serious lipid metabolism, atherosclerosis abnormalities and gut dysbiosis in experimental periodontitis mice. The microbiota and its function did change to an extent, although relationship between gut microbiota and the elevated TMAO was not very clear. The direct evidence of the relationship between the gut microbiota and TMAO needs further study.

We found that the expression of FMO3 in the liver was significantly increased and the livers of the experimental periodontitis mice were found in an inflammatory state. FMOs have been shown to regulate plasma TMAO levels effectively, and among the five members of the FMO family, FMO3 exhibits the highest specific activity towards TMA (Schugar and Brown, 2015). Our research hypothesized that this catalytic enzyme and the inflammatory response of the liver may contribute significantly to the progression of periodontitis, thereby promoting the development of atherosclerosis. The integrity disruption and inflammation of the intestine may give the channel to the bacteria and their toxins such as LPS. Furthermore, we verified the effect of IL-6 and LPS on the expression of FMO3 in the liver, and in HepG2 cells and observed the effect on the plasma TMAO level in vivo. It is an interesting finding that the experimental periodontitis could cause the inflammation state of the liver, and increase the FMOs. However, it still needs further research to identify. That is what we are going to focus on.



Conclusion

Our research found that experimental periodontitis in ApoE−/− mice induced gut dysbiosis, liver inflammation, and the increase in oxidase FMO3 and the intestinal metabolite TMAO. TMAO may play a key role in the development of atherosclerosis. These results suggest a possible mechanism that periodontitis induce atherosclerosis by influencing the intestinal microbes and the enterohepatic metabolism. It is possible to ameliorate the abnormality of TMAO metabolism through periodontal treatment in the future.
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Several studies have ascertained differences in salivary microbiota between patients with type 2 diabetes mellitus (T2DM) and healthy populations. However, the predictive accuracy and reproducibility of these 16S rRNA sequencing analyses when applied to other cohorts remain enigmatic. A comprehensive analysis was conducted on the included 470 samples from five researches in publicly available databases. The discrepancy and predictive accuracy of salivary microbiota between T2DM patients and healthy populations were evaluated from multiple perspectives, followed by the identification of salivary biomarkers for DM. Next, a classification model (areas under the curves = 0.92) was developed based on a large sample. The model could be used for clinical diagnosis and prognostic monitoring and as a basis for hypothesis-driven mechanistic researches. Furthermore, the research heterogeneity across geographic regions suggested that microbiological markers might not become a uniform clinical standard in human beings. They rather identify abnormal alterations under the microbiological characteristics of a specific population.
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Introduction

Type 2 diabetes mellitus (T2DM), the most prevalent type of diabetes mellitus (DM), is attributed to a progressive decrease in insulin secretion and insulin resistance. It is ultimately characterized by poor glucose tolerance, hyperglycemia, and overt DM, accounting for 90-95% of DM population (Alvarenga et al., 2020). The International Diabetes Federation estimates that the prevalence of T2DM in the global adult population will exceed 10% by 2040 (Ogurtsova et al., 2017). There exist multiple diagnostic methods of DM, including fasting serum/plasma glucose tests, oral glucose tolerance tests, and interim glucose tests combined with clinical symptoms. HbA1c has been proposed as a screening and diagnostic test for DM (Higgins, 2013). However, these methods are invasive, which limits the possibility of large-scale screening. Thus, there is still an urgent need to explore easy, non-invasive, and highly accurate screening methods.

Periodontal disease is one of the common complications of DM, which has drawn attention to the oral microbiology of T2DM patients, expecting to find non-invasive biomarkers specific to DM in the oral cavity (Kocher et al., 2000). Previously, several researches have reported that specific periodontal microbes are associated with DM and that the alterations in the periodontal microbial community are potential precursors to periodontal diseases (Long et al., 2017; Shi et al., 2020; Omori et al., 2021). DM has been documented to reduce the diversity and community stability of oral microorganisms (Sabharwal et al., 2019; Yang et al., 2020). However, there also exist multiple opposite conclusions (Casarin et al., 2013). Several studies have revealed salivary biomarkers and predictive models for T2DM (Sun et al., 2020; Liu et al., 2021). However, the predictive accuracy and reproducibility of these biomarkers and models remain poorly identified when applied to other cohorts. In conclusion, it is generally accepted that the changes in the oral microbiology are correlated with the pathogenesis of T2DM, but there has never been a consensus on the specific pathogenic microorganisms.

It is urgent to validate the associations of the human oral microbiome and DM across populations, geographic regions, and cohorts. Large-scale cross-cohort researches combine and analyze raw sequencing data from massive samples. They provide a powerful and bias-reducing method to decrease the impact of confounding factors such as epidemiological characteristics and operative techniques, realizing the uniformity of results across multiple studies worldwide. Therefore, these researches have effects comparable to multi-center large-sample studies (Thomas et al., 2019). Although microbiological researches of T2DM and periodontitis are of great interest, there have not been any large cross-cohort studies to date.

As oral microbiology has been increasingly studied, there is a research observing that the sample collection method can significantly impact the results of oral microbiome analyses (Yano et al., 2020). Traditionally, the oral microbiome in periodontal disease has been characterized by sampling subgingival plaque (Abusleme et al., 2013). However, more researches have chosen to collect saliva samples to characterize the oral microbiome due to the easy sampling. In addition to sampling, the selection of the hypervariable regions in the sequenced 16S rRNA gene has an impact on characterizing the diversity of the oral microbiome (Griffen et al., 2012). The primer pairs spanning the V3-V4 hypervariable region captured better diversity in contrast to primer pairs spanning the V1-V3 region (Castelino et al., 2017). Illumina platform is the most commonly used sequencing platform in second-generation sequencing (Pichler et al., 2018).

This research harvested 470 samples from five studies in publicly available databases, where DNA was extracted from saliva samples to amplify V3-V4 hypervariable regions in the 16S rRNA gene and conduct sequencing on the Illumina platform. A comprehensive analysis was implemented to evaluate the salivary microbial discrepancy and predictive accuracy between T2DM patients and healthy populations. Then, salivary biomarkers for T2DM were predicted and a classification model was constructed based on large-scale samples.



Materials and Methods


Public Data Collection

The sequencing raw data of 16S rRNA of T2DM patients and healthy controls were harvested from published studies on PubMed and Embase with the inclusion of all publication dates and all languages. Analyses of this research were conducted on T2DM patients who met the inclusion criteria, and the complete oral microbiome was evaluated using 16S rRNA sequencing technology.

The inclusion criteria were as follows: (1) case-control or cross-sectional studies, or the researches published as original articles; (2) independent studies, or the most recent or informative reported results in the case of multiple reports for the same group or subgroup; (3) all samples collected as unstimulated saliva; (4) 16S rRNA sequencing using the Illumina platform, amplification of V3-V4 hypervariable region in the 16S rRNA gene; (5) the studies providing raw data of 16S rRNA sequencing for all samples. Reviews, letters to the editor, monographs, conference papers, book chapters, case reports, unpublished data, and animal studies were excluded. Also, researches were excluded if at least one of the following criteria was present: (1) the studies without a non-diabetic control group; (2) the patient with a concurrent systemic disease other than T2DM or undergoing treatment such as implant placement, crown orthodontics, or periodontal surgery; (3) the primary finding not related to T2DM.

After screening, only seven studies fully met the inclusion criteria, among which only four submitted the raw data in the Sequence Read Archive (SRA) database of National Center for Biotechnology Information (NCBI). We sent e-mails requesting raw data to the corresponding authors of the other three studies but only received data returned by Dr. Amarpreet Sabharwal. Therefore, this work included only five studies with accessible sample metadata and high-throughput sequencing performance for the V3-V4 region of the 16S rRNA gene. The raw data for four of the five studies and the independent cohort were read and downloaded from the SRA database of NCBI using the SRA Toolkit (V.2.9.2) with the following sequence numbers: PRJNA561495 by Yang et al., PRJNA601054 by Sun et al., PRJNA609009 by Liu et al., PRJNA679485 by Almeida-Santos et al, and the independent cohort with the number of PRJNA664107. The readers can download them by https://www.ncbi.nlm.nih.gov/sra/?term=PRJNA561495, https://www.ncbi.nlm.nih.gov/sra/?term=PRJNA601054, https://www.ncbi.nlm.nih.gov/sra/?term=PRJNA609009, https://www.ncbi.nlm.nih.gov/sra/?term=PRJNA679485 and https://www.ncbi.nlm.nih.gov/sra/?term=PRJNA664107.



Data Pre-Processing

The results were stored in FASTQ (referred to as fq) format file, which contained sequence information of reads and their corresponding sequencing quality information. Raw reads were firstly filtered by Trimmomatic v0.33. Then the primer sequences were identified and removed by cutadapt 1.9.1, which finally generated high-quality reads without primer sequences. Based on overlapping sequences, high-quality reads were assembled by FLASH v1.2.7, which generated clean reads. Chimeric sequences were identified and removed by UCHIME v4.2, generating effective reads.



Quality Assessment of Sequencing Data

After processing the raw data, data quality was estimated based on parameters, such as read length, counts of reads at each stage, guanine-cytosine (GC) content, PHRED quality score threshold of 20 (Q20) and Q30 quality, and effective values. All samples had sufficient sequencing depth, except for three samples in Almeida-Santos’s study. The end of the rarefaction curves showed a gentle rise, indicating that sequencing saturation was achieved for all samples and that operational taxonomic units (OTUs) covered most of the microbial species present in saliva (see Supplementary Figure 1).



Data Annotation and Statistical Analysis

Usearch was applied to cluster reads with similarity above 97.0%, generating OTUs (Edgar, 2013). Taxonomic annotations of feature sequences were processed by a Bayesian classifier using SILVA as a reference database (Sierra et al., 2020). Alpha and beta diversity metrics were evaluated by QIIME2 (Fung et al., 2021). In identifying T2DM versus healthy controls, the Wilcoxon rank sum test was used to determine statistical differences between groups, considering that there were only two groups which did not follow a normal distribution. Additionally, in identifying study heterogeneity among five groups, Anosim analysis was used. The randomForest in R package was applied to construct a random forest (RF) model and calculate the effect of each variable on the heterogeneity of observations at each node of the classification tree to obtain MeanDecreaseGini values. Then a 10-fold cross-validation was performed by dividing the dataset into ten parts and experimenting with nine of them in turn as the training set and one as the test set. The RF model was reconstructed using the one with the highest accuracy. The test set was trained again. Next, receiver operating characteristic (ROC) curves were plotted using the output predicted values, followed by the calculation of area under the ROC curve (AUC) values, accuracy, precision, and recall. FAPROTAX database was utilized to perform species annotation on feature sequences based on reference phylogenetic tree. Potential functions and functional genes in samples were predicted, which further revealed the difference in functions between samples or groups. The significance of difference in function abundance between samples was evaluated by G-test (the number of annotated functional genes > 20) and Fisher (the number of annotated functional genes < 20) in STAMP.




Results


The Characteristics of the Large Scale Dataset

In this research, the sequencing raw data of 16S rRNA from five studies were investigated to assess differences of salivary microbiome between T2DM patients and healthy populations and to identify DM-specific biomarkers. In total, 273 samples were obtained from T2DM patients and 200 samples were collected from healthy controls. Demographic information is presented in Table 1, including age, sex, body mass index (BMI), and country of the subjects in each study. All samples were sequenced at sufficient depth except for 3 samples (SRR13084941, SRR13084942, and SRR13084945) from the research by Almeida-Santos et al. These samples were excluded for further analysis. A total of 21,995,091 paired-end (PE) reads were generated from the final 470 samples. After that, 17,894,743 clean reads were obtained after the quality control and assembly of the PE reads. The total number and the average number of reads per study are also recorded in Table 1. An average of 38,074 clean reads was generated per sample. Quality control was performed on the raw data, including the removal of the low-quality reads, the filtration based on length, and the generation of the high-quality reads. Consistent processing was conducted for all raw sequencing data on the Quantitative Insights Into Microbial Ecology platform.


Table 1 | Clinical Characteristics of Large-Scale Dataset*.





The Identification of the Heterogeneity in the Potential Studies

The heterogeneity of the potential studies was explored due to the technical and biological differences among these studies. From Figures 1A, B, it was seen that there were significant differences in the microbial species contained in the five researches, which was tentatively speculated to be related to their geographical discrepancies. A typical phenomenon in Figure 1B was that the distribution of the characteristics of the three studies in Shandong, Anhui, and Sichuan was concentrated in quadrants 1, 2, and 4, whilst the study in the USA was concentrated in quadrant 3 and the study in Portugal was distributed in all the quadrants. It was thus speculated that microbial differences might also be influenced by ethnicity.




Figure 1 | (A) The structure analysis of the microbial community. The composition statistics were calculated for each sample at the phylum, order, family, genus, and species levels. This figure showed bar graphs of microbial abundance at the genus level for the five studies. (B) The PCoA of all samples from the five studies based on Weighted-Unifrac distances. X-axis and y-axis represented two eigenvalues that maximized the differences between samples, respectively. (C) R and p values for beta diversity based on Weighted-Unifrac distances calculated using the Anosim analysis (analysis of Similarities). The closer the R value was to 1, the greater the differences between groups were than the differences within groups; the smaller the R value, the less significant the differences between the groups. p < 0.05 showed high reliability of the test. The box above “All between Groups” indicated the Weighted-Unifrac distance data of the samples among all groups, while the box above “All within Groups” indicated the Weighted-Unifrac distance data of the samples within all groups. The box below represented the Weighted-Unifrac distance data of samples within different groups.



In the principal coordinate analysis (PCoA), there was no corresponding statistical test to conclude whether the differences between the different groups were significant or not. Therefore, the significance of the differences was calculated using the Anosim analysis (Figure 1C), in which R = 0.473 indicated significant differences between groups in the five studies (p = 0.001).



Salivary Microbial Differences Between T2DM Patients and Healthy Controls

A total of 197 species in 148 genera from 13 phyla, 20 orders, and 43 families were detected. There existed no significant differences in the salivary microbial community between T2DM patients and healthy controls from all aspects assessed. Alpha diversity analysis manifested no significant differences between the two groups in terms of mean Shannon, Simpson, Abundance-based Coverage Estimators (ACE), Chao1, and Phylogenetic diversity (PD) whole tree indexes (Table 2).


Table 2 | Alpha Diversity Indicators.



In the analysis of the beta diversity, the PCoA revealed that the saliva samples from T2DM and control groups could not be separated, suggesting insignificantly different salivary microorganisms. R = 0.027 from the Anosim analysis further verified insignificant difference between groups (p = 0.004) (Figures 2A, B). Venn diagram indicated that T2DM patients shared the same salivary “core microbiome” as the healthy populations and that the salivary microbiota of T2DM patients might not have specific characteristics compared to the control individuals (Figure 2C). The fully overlapping “core microbiome” also supported the further analysis of the related microbes between the two groups at the phylum, genus, and species levels.




Figure 2 | (A) PCoA based on Bray-Curtis distances for all samples from T2DM patients and healthy controls (T2DM, n = 273; control, n = 197). Ellipses represented 95% confidence level. The blue and red ellipses almost overlapped, indicating insignificant differences between T2DM patients and healthy populations. (B) R and p values for the beta diversity based on Bray-Curtis distance calculated using Anosim analysis (analysis of Similarities). The closer the R value was to 1, the greater the differences between groups than the differences within groups. The smaller the R value was, the less significant the differences between them. p < 0.05 showed the high reliability of the test. (C) The numbers in each independent or overlapping region of the Venn diagram representing the number of features in each corresponding set, indicating that the “core microbiome” of T2DM patients and healthy controls overlapped completely.



The Wilcoxon rank-sum test was utilized to analyze differences in salivary microorganisms between groups from the phylum to the OTU level. At the phylum level, the salivary microbiota of T2DM patients and healthy controls was dominated by p. Firmicutes (41.74% and 39.76%), followed by p. Bacteroidetes (23.10% and 22.08%), p. Proteobacteria (17.97% and 21.31%), p. Fusobacteria (7.11% and 6.77%), and p. Actinobacteria (6.38% and 4.88%), accounting for approximately 95% of the total bacteria (Figure 3A). The increase of the p. Actinobacteria in T2DM patients was significant (p = 0.001), which was similar to the findings of Yang et al. and Long et al. (Long et al., 2017; Yang et al., 2020). We also found an elevation in the ratio of p. Firmicutes/p. Bacteroidetes (1.181 and 1.180), although this change was not significant (p > 0.05). The ratio of p. Firmicutes/p. Bacteroidetes has been documented to enhance in the gut of T2DM patients and be associated with the mild inflammation and the improved capacity of obtaining energy from food (Pascale et al., 2019). There is also a large-sample oral research that confirms the enhancement of this ratio in the oral cavity of T2DM patients (Chen et al., 2020).




Figure 3 | The structure analysis of the microbial community. (A) and (B) are the bar graphs of microbial abundance at the phylum and genus levels, respectively. (C) LDA bar graph. Blue and red bars represented LDA values for taxa enriched in the T2DM group and those enriched in the healthy controls with p-values labeled next to the bars, respectively.



At the genus level, the dominant genera were Streptococcus (20.41% and 20.28%), Neisseria (11.47% and 10.94%), Veillonella (11.28% and 9.53%), Prevotella_7 (10.91% and 9.82%), Porphyromonas (3.95% and 3.92%), and Rothia (3.63% and 2.70%) (Figure 3B), among which only the augmentation in Rothia was significant (p < 0.001) in T2DM patients.

The significant differences in species abundance between the two groups were analyzed at the species level. Only uncultured_bacterium_g_Rothia among the top 15 species in abundance augmented obviously [p = 2.0 × 10^(-11)] in the T2DM patients. Besides, Prevotella_7, Veillonella, and a group of uncultured Lactobacillus elevated comparatively significantly (p < 0.05). The remaining species did not significantly differ between the two groups (Supplementary Table 1). Among the five researches, the subjects from Portugal and US had higher levels of Rothia (Figure 1A). To exclude the possibility that one study had a disproportionate effect on the results, these two studies were removed separately, which displayed that the elevation of Rothia remained significant [p = 6.2 × 10^(-10) and p = 2.5 × 10^(-5)]. This result illustrated the general elevation of Rothia in the T2DM population. To exclude confounding factors, the separate regression analyses were implemented for the content of Rothia according to known sex, age, BMI, and smoking frequency, which exhibited insignificant linear relationship (R < 0.05).

To further dissect the presence of significantly different bacteria between T2DM patients and control individuals, a linear discriminant analysis (LDA) Effect Size (LEfSe) analysis was performed from the phylum to the OTU level. The Kruskal-Wallis rank-sum test was conducted for OTUs with LDA scores > 2, which depicted a significant difference (p < 0.05) in some OTUs between T2DM patients and healthy controls (Figure 3C).



The Microbial Classification Model for the Saliva With T2DM

An RF model was firstly constructed using all OTUs. Then, we evaluated the impacts of each variable on the heterogeneity of the observations at each node of the classification tree and measured the importance of the variables by MeanDecreaseGini to obtain the top 20 key OTUs (Figure 4A). Among them, Rothia sp. was the most key one, which was consistent with the results of the beta diversity analysis. The next most key factors were Pseudomonas, Candidatus_Saccharimonas, Actinomyces_odontolyticus, Leptotrichia, Pasteurellaceae, Actinomyces, Prevotella_salivae, Escherichia-Shigella, and Nanoarchaeaeota.




Figure 4 | (A) Key components of the RF model constructed using all OTUs to distinguish differences between T2DM patients and healthy controls (MeanDecreaseGini values represented the importance of species in the RF model). (B) The 10-fold cross-validation was performed on the RF model, and the model was reconstructed using the sample with the highest precision. The ROC curves and AUC values of the overall test set are shown above. The top 30 important and top-ranking OTUs were selected, respectively, where each OTU could be considered as an independent species. (C) The 10-fold cross-validation was performed on the RF model, and the model was reconstructed using the sample with the highest accuracy. The ROC curves and AUC values of the overall test set are shown above. 20 Important OTUs, 30 Important OTUs, and 40 Important OTUs represented the top 20, 30, and 40 OTUs in importance, respectively, where each OTU could be considered as an independent species.



Further, a T2DM ancillary diagnostic model was developed. The RF models were constructed based on the top 30 most important and richest OTUs and all OTUs, respectively, and were tested with 10-fold cross-validation based on OTUs. The comparison of the obtained ROC curves and AUC values revealed that the top 30 most important OTUs had higher AUC values (Figure 4B), which was consistent with the findings of previous studies. In addition, to determine the number of factors included in the model, the RF models containing the top 20, 30, and 40 OTUs in importance were constructed, and the obtained ROC curves and AUC values were compared. The findings demonstrated that the top 30 OTUs in importance had higher AUC values (Figure 4C). It was worth mentioning that the RF model was constructed using only one variable, Rothia sp., which manifested that the AUC value was still as high as 0.69. To our knowledge, no OTU has ever had such a high AUC value as an independent indicator, which again proves the importance of Rothia in the diagnosis of T2DM.

Therefore, the RF model containing the top 30 OTUs in importance were finally identified as the T2DM ancillary diagnostic model (Supplementary Table 2). Rothia sp. had the highest IncNodePurity value, indicating its irreplaceable importance in the model (AUC = 0.92, accuracy = 0.83, precision = 0.83, and recall = 0.89).



Inter-Study Transfer Validation of a Salivary Microbial Classification Model

To test whether the top 30 important OTUs identified were generalizable and robust across multiple studies, leave-one-dataset-out (LODO) validation and inter-study transfer validation were performed on the entire sample (Figure 5). The mean LODO was 0.79, demonstrating that the conclusion was general across the five studies with negligible influence of any single study. The AUC values for the inter-study transfer validation ranged from 0.37 to 0.91 with a wide span and a mean value of 0.59. The values on the diagonal were high enough, the highest of which was close to the AUC value of the RF model. This indicated that the important features identified by the RF model had good diagnostic strength when T2DM patients had similar clinical characteristics with the healthy population, such as the same geographic region. However, the lower non-diagonal values suggested that the cross-validation within each study was generally better than that between studies. These results provided some evidence that a range of clinical characteristics represented by geographic region could severely afflict the diagnostic ability of the RF model for T2DM.




Figure 5 | The cross-prediction matrix thoroughly showed the AUC values of the five studies themselves and between them for the prediction of T2DM. The values on the diagonal were the results of the cross-cohort validation within each study. The non-diagonal AUC values were obtained by training the classifier on the study in each row and tested on the study in the corresponding column.





Altered Salivary Microbial Function in T2DM Patients

Currently, the Greengene database is not updated as fast as SILVA, so we used the SILVA as the reference database. However, both the commonly used Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt) and BugBase analyses are only applicable to the Greengene database. Therefore, FAPROTAX database was applied for functional annotation prediction of all the samples, which has better prediction accuracy but may have less prediction coverage compared to PICRUSt. Human pathogen septicemia was only one significant functional gene alteration in the salivary microbiota of T2DM patients observed (p < 0.01) (Supplementary Figure 2). This evidence suggested an association between T2DM and septicemia. Human pathogens septicemia was added for reconstructing the RF model as the 31st variable, yielding an AUC value of 0.85. However, we unexpectedly found that with 31 variables, the recall improved from 0.89 to 0.93, which may be more favorable for future applications in large-scale screening. No other significant alteration had been observed in the salivary microbiota of T2DM patients.



Validation in an Independent Cohort of Subgingival Samples

46 subgingival periodontal samples with the sequence number PRJNA664107 (Diabetes n=15, Control=31) were selected as an independent cohort for validation and obtained an accuracy rate of 0.78. This rate is comparable to the accuracy of the inter-study validation, which indicates that the constructed model has good predictive power both in the included studies and outside of them.




Discussion

By combining raw data from available datasets for the unified analysis, our two major findings were as follows: first, salivary microbial diversity was not significantly different between T2DM patients and healthy populations, which was confirmed by multiple statistical means. The second finding was that Rothia sp. was significantly higher in T2DM patients than in healthy population [p = 2.0 × 10^(-11)], which was the joint result of the Anosim analysis, the Wilcoxon rank-sum test, the Kruskal-Wallis rank-sum test, and the RF model significant factor analysis with the exclusion of the effects of every single study. Therefore, we concluded that Rothia sp. was the most representative salivary biomarker in T2DM patients. It was worth mentioning that a significant elevation of Rothia sp. was observed in three of five included studies (p < 0.001), but was not specifically mentioned in the text (Sabharwal et al., 2019; Sun et al., 2020; Yang et al., 2020).

Rothia sp. belongs to p. Actinomycetes, the increase of which was also confirmed in T2DM patients. In fact, the association of p. Actinomycetes with T2DM has attracted increasing attention, but there is no consensus whether it increases or decreases in T2DM (Long et al., 2017; Matsha et al., 2020). Rothia sp. is a popular nitrate-reducing bacterium in the oral cavity and participates in the nitrate (NO3-)-nitrite (NO2-)-nitric oxide (NO) pathway, the positive impacts of which on NO activity favor the cardiovascular diseases (Vanhatalo et al., 2018). However, the discoveries of the present study suggested that this positive effect did not seem to apply to DM and that the exact role of nitrogen metabolism in the pathogenesis of DM remained to be further investigated. Prevotella sp., the next most critical biomarker of T2DM identified in this study, has been reported to be a pathogenic genus associated with insulin resistance and poor glucose tolerance (Pedersen et al., 2016).

However, the shift from a single pathogen doctrine to a microecological doctrine about inflammation and dysbiosis suggests that we should focus more on the whole picture of the flora rather than on some specific pathogen. Although Rothia sp. is of great significance in T2DM diagnosis as a common feature of T2DM patients in all geographical populations, it is still necessary to find an appropriate complementary diagnostic model to improve clinical diagnosis. Therefore, another crucial result of our work was the construction of a highly accurate T2DM prediction model based on the large sample with an AUC of 0.92, which could be applied for clinical diagnosis and prognostic monitoring.

Of the five studies included, two studies found decreased microbial alpha diversity in the saliva of T2DM patients (Sabharwal et al., 2019; Yang et al., 2020), whereas three studies observed insignificant changes (Sun et al., 2020; Almeida-Santos et al., 2021; Liu et al., 2021). However, there also exist unincluded researches elucidating that alpha diversity is elevated in T2DM patients (Casarin et al., 2013). Sun et al. and Almeida-Santos et al. also noted that the composition of the salivary microbial community in T2DM patients with periodontitis converged to that of healthy individuals after effective glycemic control (Sun et al., 2020; Almeida-Santos et al., 2021). However, the research of Yang et al. elucidated that the diversity of the salivary microbial community did not change obviously after metformin or combination therapy, which meant that treatment might not lead to flora recovery (Yang et al., 2020). In terms of the beta diversity between T2DM patients and healthy controls, three studies concluded that the differences were significant (Sabharwal et al., 2019; Sun et al., 2020; Yang et al., 2020). For example, the PCoA of Unweighted-UniFrac distance elaborated that the salivary microbiota distribution was more dispersed in non-diabetic individuals than in individuals with a history of T2DM (Yang et al., 2020). Additionally, two other studies uncovered similar distributions between groups (Almeida-Santos et al., 2021; Liu et al., 2021). However, in the present research, the differences once observed were practically offset after expanding the sample size. These contradictory results ultimately point to the conclusion that T2DM and healthy population have a similar salivary microbial composition.

Although the oral microbiome exhibited little difference in microbial diversity between T2DM patients and healthy controls, several biomarker differences were significant at each taxonomic level and these biomarkers were validated to be prevalent across the five studies, such as Rothia, on which we focused in our analysis. We found that there was indeed a difference in salivary microbial composition between T2DM patients and healthy populations, specifically in terms of biomarker content, but not diversity. It is clear that diversity is not sensitive enough in characterizing salivary microorganisms. Although Rothia as a single biomarker was valid to demonstrate differences between T2DM patients and healthy populations with a high prediction accuracy of 0.69, it was not high enough. Therefore, we attempted to construct a model with more variables in unison using the top 30 significant OTUs to capture small differences in their entirety with an accuracy of 0.92.

Through a large-scale cross-cohort study, we found that the conclusions of numerous previous 16S rRNA sequencing analyses were hasty. The argument for causality requires experiments with a logical framework that abides by Koch’s Law throughout, which is currently lacking in most 16S rRNA studies. A microbiome-wide association analysis is the first step in finding the members of all floras associated with a disease. Then, the disease-associated members are isolated and cultured into pure strains or member-defined compositions, which are inoculated into sterile animal models. Afterwards, the animals are placed under the appropriate environmental conditions to cause disease. Finally, immunological mechanisms are utilized to elucidate how these bacteria from the human body molecularly interact with the host to result in disease initiation. After this cycle, causality can be confirmed. The bacteria with proven causality and their active products can be employed as not only biomarkers for the diagnosis and early prediction but also as novel targets for disease prevention and treatment. It currently appears that only about 10% microbiota may afflict human health. Most of the oral and gut bacteria are background noise, which are virtually eliminated after the sample size is expanded in the present study. Disease-related bacteria cannot be simply found if researchers rely on various indexes of microbial diversity provided by databases and conduct classification and cutting-dimension analyses.

In addition, all five studies excluded factors (such as systemic disease and recent periodontal treatment) that assumed a significant role in confounding. And we also unveiled that the expanded sample size largely attenuated potential variations that could impact the accuracy of the results, such as oral hygiene status. As three of the five included researches did not disclose their specific clinical characteristics corresponding to the samples (including age, gender, BMI, and smoking), these clinical characteristics were not taken into account in the model. However, to mitigate the influence of these characteristics on the results, we evaluated the effects of available clinical characteristics on Rothia content. The regression analysis displayed that only the effects of age were significant (p < 0.01), and that the effects of gender, BMI, and smoking were not significant (p > 0.01). Similarly, the available results demonstrated that a range of clinical characteristics, represented by geography or ethnicity, could remarkably influence the ability of any classification models to diagnose T2DM, such as the higher Rothia sp. in US and Portugal populations (Figure 1A). Therefore, microbiological indicators should not be pursued to become a unified clinical standard for human beings but rather identify abnormal alterations under the microbiological characteristics of each specific population.

The diagnostic model provided by two of our included studies (in China) unraveled a substantial reduction in AUC when applied to another study (in the USA), which provided evidence for the salivary microbiological discrepancy in T2DM populations under different geographical regions. Interestingly, the study conducted by Almeida-Santos et al. has a relatively small sample size (n = 47) among the five studies. However, the microbial composition of this study was the most similar to the present study, especially the identical dominant bacteria at the phylum level (Almeida-Santos et al., 2021). The study also had the most homogeneous distribution in the PCoA, covering the quadrant, whilst the other four studies presented uneven distribution (Figure 1B). We strongly hypothesized that this was related to the mixed Caucasian and Yellow ancestry of Portugal, making its characteristics intermediate between those of the American and Chinese subjects.

On the other hand, the independent cohort validation has shown that salivary and subgingival microbial alterations are similar in patients with T2DM. We hypothesize that the unique microorganisms in saliva of T2DM patients are likely to originate from these eco-locations. However, our analysis unveiled that the microbial alterations characterized by saliva samples are extremely subtle and saliva samples might not be the best choice for identifying the microorganisms that could characterize T2DM patients. The oral cavity is classified into numerous different ecological sites, in which the bacteria communicate with each other through saliva, but their characteristics are totally variable. The eco-location and physicochemical environment of subgingival plaque and gingival sulcus are more specific than most of the other sites (Mark Welch et al., 2020). Therefore, the alterations may be similar in subgingival microorganisms, but are amplified. This suggests that subsequent researchers should prefer to take subgingival plaque as study subjects in order to complete oral microbiological studies related to periodontitis, although most studies have chosen to acquire saliva samples to represent the oral microbiome. Care should be taken when comparing or combining these studies to differentiate the sites sampled, such as gingival sulcus fluid and subgingival biofilm (Babaev et al., 2017; Demmer et al., 2019; Balmasova et al., 2021).

The correlation between DM and septicemia has been confirmed in several pieces of evidence (Yende and van der Poll, 2009; Schuetz et al., 2011), which explains the fact that an enhanced proportion of human pathogen septicemia functional genes is observed in the saliva of T2DM patients. The main reason for which T2DM has susceptibility to infection appears to be abnormalities of the host response, particularly of neutrophil chemotaxis, adhesion and intracellular killing, and defects that have been attributed to the effect of hyperglycemia (Koh et al., 2012). The importance of this discovery is that we added human pathogens septicemia for reconstructing the RF model as the 31st variable, yielding a recall of 0.93, which may contribute to the early prevention and monitoring of T2DM.

To the best of our knowledge, our research is the first large-sample analysis of oral microbiology in T2DM patients. We believe that as the sample size continues to expand, the salivary microbial diversity may become more similar between T2DM patients and healthy populations. Due to the unclear mechanisms of Rothia sp. in the pathogenic process of T2DM, it is not certain that its significant growth will be influenced by the larger sample size. This suggests that the positive results from prior studies are likely to be influenced by confounding factors. Multicenter clinical studies are still awaited to provide further evidence for this conjecture.
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Early childhood caries (ECC) is the most prevalent oral disease in children, which greatly affects the quality of life and health condition of the patients. Although co-infection of oral streptococci and fungi has been well recognized in the development of ECC, the correlation between other core members of oral mycobiome and ECC progression remains unclear. In the current study, saliva samples obtained from severe ECC (SECC), ECC, and caries-free children were collected, and both V3–V4 16S rRNA and ITS1 rRNA gene amplicon sequencing were performed to investigate the salivary bacterial and fungal profiles. Significant alteration of salivary fungal community in SECC/ECC children was observed compared with the caries-free control. The typing analysis determined the fungal community into five fungal types, which influenced the structure of salivary bacteria. By performing Spearman correlation analysis, carious phenotypes were positively related to Fusobacterium but negatively linked to Neocosmospora, and a significant correlation of cross-kingdom taxonomic pairs was identified. Our work demonstrated the interactions between oral bacteria and fungi at the community level, which may advance our knowledge on the etiological role of bacteria/fungi in the development of ECC and promote better management of this disease.
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Introduction

Early childhood caries (ECC) refers to caries occurring on deciduous dentition and is identified as one or more decayed (d), missing (m), or filled (f) surface or tooth in the primary tooth in children at 71 months of age or younger (Lis and Kuramitsu, 1997; Anil and Anand, 2017; Pierce et al., 2019). Severe ECC (SECC) is manifested as one or more cavitated, filled, or missing (due to caries) smooth surfaces in primary maxillary anterior teeth, or dmfs score ≥4 (age 3 years), ≥5 (age 4 years), or ≥6 (age 5 years), with younger onset age and higher morbidity (Drury et al., 1999). Being the most common chronic disease in children, ECC afflicts many population groups with prevalence rates ranging from 23% to 98% all over the world (Hu et al., 2011; Dye et al., 2015; Castillo et al., 2019; Pierce et al., 2019), causing heavy financial and medical burdens to the family and society (Rashewsky et al., 2012).

The etiology of ECC has been largely related to polymicrobial infection, accompanied by environmental, maternal, behavioral, and socioeconomic factors (Kim Seow, 2012; Fontana, 2015; Hemadi et al., 2017; Xiao et al., 2018). The involvement of Streptococcus mutans in ECC has been well recognized, largely accredited to its acidogenicity, acidurity, and capability of producing polysaccharides (Hajishengallis et al., 2017; Hemadi et al., 2017; Momeni et al., 2020). Candida albicans has also been demonstrated to be involved in ECC development, and its synergistic interaction with S. mutans greatly enhances the virulence of the biofilm (Falsetta et al., 2014; Hwang et al., 2017; Ellepola et al., 2019). Other than the extensively investigated C. albicans, the complicated component of oral mycobiome and the biofilm formation capacity of several fungal taxa have been discovered (Ghannoum et al., 2010; Angiolella et al., 2020; Chakraborty et al., 2020), suggesting the potential impact of fungal taxa on oral health. Furthermore, the interaction between microbiome and mycobiome has been observed in certain diseases (Hoarau et al., 2016; Azzam et al., 2020), indicating the profound influence of polymicrobial dysbiosis in disease development. However, the role of oral fungal community in ECC progression and the cross-kingdom interaction between oral bacteria and fungi still need further investigation.

The clinical validity and convenience of saliva test have been well suggested (Zhang et al., 2016; Kaczor-Urbanowicz et al., 2019; Fernandes et al., 2020), while the dental explorer which is used for plaque collecting may cause fear and anxiety in children (Leal et al., 2013), leaving a more preferable test method of saliva to kids. So far, the only few published studies involving whole oral mycobiome and ECC were either focusing solely on a fungal community without referring to oral bacteria (Fechney et al., 2019; Cui et al., 2021) or using dental plaque or oral swab samples (de Jesus et al., 2020; de Jesus et al., 2021). Hence, in the current study, we intended to 1) capture the saliva microbial (bacterial and fungal) community variation in different oral health status, 2) identify potential microbial biomarkers of healthy and ECC status, and 3) uncover the interaction between the oral microbiome and mycobiome in caries development. Results here illustrated the alteration of saliva microecosystem as caries progressed with certain taxa significantly enriched in caries children, and the potential interaction between saliva bacterial and fungal community was observed.



Methods


Study Population, Oral Examination, and Sample Collection

The current study was approved by the Institutional Review Board of West China Hospital of Stomatology (WCHSIRB-D-2017-031). Children under 72 months of age were recruited except for those who met the following exclusion criteria: antibiotic or fluoride treatment within 3 months, mixed dentition, systemic diseases, and acute infection. The comprehensive oral examination was conducted by two professional dentists according to the WHO Basic Oral Health Survey Methods 1997 with good consistency (intra-examiner Kappa value = 0.90, inter-examiner Kappa value = 0.90). The number of carious teeth and surfaces was assessed with index variables of decayed, missing due to decay, or filled (dmfs; dmft). The diagnosis of ECC and SECC followed the instructions as previously described (Drury et al., 1999). Five milliliters of whole non-stimulated saliva was collected using the spitting method as described previously with minor modification (Navazesh, 1993). Briefly, samples were collected between 9:00 and 11:00 a.m., and participants were refrained from toothbrushing, eating, or drinking at least 2 h prior to sample collection. Participants were instructed to rest for 5 min with minimum orofacial movements and were then requested to slightly tilt the head forward to accumulate saliva in the floor of the mouth. Saliva was spitted into 50-ml centrifuge tubes every 1 min, and approximately 10 min was consumed collecting 5 ml non-stimulated saliva from children. All samples were immediately placed on dry ice and transported to a −80°C freezer for storage prior to further analysis.



DNA Extraction, Amplification, and Illumina MiSeq Sequencing

Total DNA was extracted using the TIANamp bacteria DNA Kit (Tiangen, Beijing, China), according to the protocol of the manufacturer. DNA extraction was checked on 1% agarose gel, and DNA concentration and purity were determined with NanoDrop 2000 UV–vis spectrophotometer (Thermo Scientific, Wilmington, USA). The bacterial 16S rDNA V3–V4 region and fungal ITS-1 region were amplified using primer pairs 338F (5′-ACTCCTACGGGAGGCAGCAG-3′) and 806R (5′-GGACTACHVGGGTWTCTAAT-3′) for bacteria, or ITS1F (5′-CTTGGTCATTTAGAGGAAGTAA-3′) and ITS2R (5′-GCTGCGTTCTTCATCGATGC-3′) by an ABI GeneAmp® 9700 PCR thermocycler (ABI, CA, USA). The PCR amplification of 16S rRNA and ITS gene was performed as follows: initial denaturation at 95°C for 3 min, followed by 27 cycles of denaturing at 95°C for 30 s, annealing at 55°C for 30 s and extension at 72°C for 45 s, and single extension at 72°C for 10 min, and end at 4°C. The PCR mixtures contain 5× TransStart FastPfu buffer 4 μl, 2.5 mM dNTPs 2 μl, forward primer (5 μM) 0.8 μl, reverse primer (5 μM) 0.8 μl, TransStart FastPfu DNA Polymerase 0.4 μl, BSA 0.2 μl, template DNA 10 ng, and finally ddH2O up to 20 μl. PCR reactions were performed in triplicate. The PCR product was extracted from 2% agarose gel and purified using the AxyPrep DNA Gel Extraction Kit (Axygen Biosciences, Union City, CA, USA) according to the instructions of the manufacturer and quantified using Quantus™ Fluorometer (Promega, USA). Purified amplicons were pooled in equimolar and paired-end sequenced on an Illumina MiSeq PE300 platform/NovaSeq PE250 platform (Illumina, San Diego, USA) according to the standard protocols by Majorbio Bio-Pharm Technology Co., Ltd. (Shanghai, China). The raw reads were deposited into the NCBI Sequence Read Archive (SRA) database (https://www.ncbi.nlm.nih.gov/bioproject/PRJNA790078, https://www.ncbi.nlm.nih.gov/bioproject/PRJNA790007).



Processing of Sequencing Data

The raw 16S and ITS1 rRNA gene sequencing reads were demultiplexed and quality-filtered by fastp version 0.20.0 (Chen et al., 2018) and merged by FLASH version 1.2.7 (Magoč and Salzberg, 2011) with the following criteria: i) the 300-bp reads were truncated at any site receiving an average quality score of <20 over a 50-bp sliding window, the truncated reads shorter than 50 bp were discarded, and reads containing ambiguous characters were also discarded; ii) only overlapping sequences longer than 10 bp were assembled according to their overlapped sequence. The maximum mismatch ratio of the overlap region is 0.2. Reads that could not be assembled were discarded; iii) samples were distinguished according to the barcode and primers, and the sequence direction was adjusted, exact barcode matching, two nucleotide mismatches in primer matching.

Operational taxonomic units (OTUs) with 99% similarity were clustered using UPARSE version 7.1 (Edgar, 2013), and chimeric sequences were identified and removed. The taxonomy of each OTU representative sequence was analyzed by RDP Classifier version 2.2 (Wang et al., 2007) against the bacterial 16S rRNA database (SILVA 138) and fungal ITS database (UNITE 8.0) under the confidence threshold of 0.7.



Bioinformatics and Statistical Analysis

Before bioinformatic analysis, sequencing reads of all samples were standardized by rarefying OTU tables to the minimum number of reads. Analyses were performed by using the online platform of Majorbio Cloud Platform (www.majorbio.com). Kruskal–Wallis H test and Wilcoxon rank-sum test were used to compare the differences in taxa between three groups or two groups. Alpha-diversity was calculated in terms of Shannon and Chao indexes and was compared by Wilcoxon rank-sum test. Beta-diversity was assessed by principal coordinates analysis (PCoA) using Bray–Curtis distance and permutational multivariate analysis of variance (PERMANOVA) with a permutation of 999. Analysis of similarities (ANOSIM) values were constructed in R (version 3.3.1) package “vegan” (version 2.4-3). Partial least squares discriminant analysis (PLS-DA) was performed by using R (version 3.3.1) package “mixOmics” to discriminate the community structure in different groups. Heatmaps, ternary plots, and circus plots were conducted in R (version 3.3.1) package “vegan” (version 2.4-3), ggtern plug-in, and Circos software (version 0.67-7), respectively. The relationship between microbial community and environmental factors was analyzed by redundancy analysis (RDA) using vegan package. In typing analysis, samples were clustered into five types with the highest Calinski–Harabasz (CH) index determined by the partitioning around medoids (PAM) algorithm. Linear discriminant analysis (LDA) of effect size (LEfSe) was executed to identify the significant taxa that most likely explained the differences between groups, with a threshold LDA score of 2 or greater used. For correlation analysis, Spearman’s rank test was performed and results were visualized in heatmap. A p-value of <0.05 was considered statistically significant in the current study.




Results


Overview of the Subjects and Samples

Fifty-five saliva samples were collected from 15 children with ECC, 22 children with SECC, and 18 CF controls, with a mean ± SD age of 45.1 ± 9.6 months. Table 1 and Table S1 show some characteristics of the study participants. As for the bacterial community, a total of 2,941,799 16S rRNA reads were obtained, with an average of 53,487 per sample. After rarefying the OTU table to the minimum number of reads (20,398) per sample, a total of 13,183 OTUs were identified and were assigned to 535 species and 201 genera. As for the fungal community, a total of 4,169,098 ITS reads were obtained, with an average of 75,801 per sample. After rarefying the OTU table to the minimum number of reads (19,686) per sample, a total of 15,023 OTUs were identified and were assigned to 784 species and 445 genera.


Table 1 | Demographics and carious characteristics of the study participants.





Salivary Bacterial Profile in Children With ECC

Salivary bacterial community of the current cohort mainly consisted of six phyla, namely, Firmicutes, Proteobacteria, Bacteroidota, Actinobacteriota, Patescibacteria, and Fusobacteriota. Streptococcus (CF: 26.32%; ECC: 25.44%; SECC: 24.12%) was the most abundant genus in the saliva sample, followed by Neisseria (CF: 14.63%; ECC: 14.02%; SECC: 16%), Prevotella (CF: 13.24%; ECC: 10.59%; SECC: 10.79%), Veillonella (CF: 5.349%; ECC: 7.402%; SECC: 6.243%), and Haemophilus (CF: 6.229%; ECC: 5.245%; SECC: 5.98%). The taxonomic profile of the top 20 most abundant bacterial genera is shown in Figure 1A, with mean ± SD relative abundances in each group listed in Table S2. Although no significant differences in the relative abundance of the top 20 bacterial genera were observed among three groups (Kruskal–Wallis; Figure 1B), TM7x in ECC children presented a significantly higher level than that in CF children (Wilcoxon rank-sum test, p = 0.04879). The p-values of difference statistics of the top 20 bacterial genera are listed in Table S2. As for taxa whose relative abundance was less than 1%, Centipeda, Parvimonas, and Pseudopropionibacterium also showed different relative abundance among three groups or between two groups, and p-values of difference statistics are listed in Table S3. We then employed ternary analysis to evaluate the taxa distribution corresponding to different oral health conditions, and a quite narrow distribution of bacterial genera was observed (Figure 1C). TM7x and Selenomonas, whose relative abundance was more than 1% in at least one group, were found enriched in caries samples. No significant difference in richness (Chao index, Kruskal–Wallis, p = 0.351; Figure 1D), alpha-diversity (Shannon index, Kruskal–Wallis, p = 0.351; Figure 1D), or beta-diversity (Bray–Curtis, PERMANOVA, p = 0.771; Figure 1E) existed among the CF, ECC, and SECC groups. ANOSIM also indicated no significant difference of bacterial structure within groups (Table 2). However, PLS-DA suggested an obviously different structure of overall saliva bacteria among three groups (Figure 1F).




Figure 1 | Salivary bacterial profile in children with different health conditions. (A) Overview of the 20 most abundant salivary genera, and the heatmap plot presents the common logarithm of relative abundance. (B) Statistical comparison of the relative abundance of the 20 most abundant genera (Kruskal–Wallis, among three groups; Wilcoxon rank-sum test, within two groups; *p < 0.05). (C) The relative occurrence of genera (circles) in samples with different oral health conditions. (D) Alpha-diversity indices for richness (Chao index, Kruskal–Wallis, p = 0.351) and diversity (Shannon index, Kruskal–Wallis, p = 0.351) of the bacterial community on the OTU level. (E) Principal coordinates analysis (PCoA) plots of Bray–Curtis dissimilarities at the OTU level (PERMANOVA, p = 0.771). (F) Partial least square discriminant analysis (PLS-DA) plot of saliva microbiota. CF, caries free; ECC, early childhood caries; OTU, operational taxonomic unit; PCoA, principal coordinates analysis; PERMANOVA, permutational multivariate analysis of variance; PLS-DA, partial least square discriminant analysis; SECC, severe early childhood caries.




Table 2 | The calculations and p-values of ANOSIM and Adonis of salivary bacteria and fungi.





Salivary Fungal Profile in Children With ECC

Ascomycota and Basidiomycota constituted the majority of salivary fungal community at the phylum level. Candida (CF: 32.49%; ECC: 32.45%; SECC: 24.91%) was the most abundant fungal genus, and Cladosporium (CF: 7.368%; ECC: 7.156%; SECC: 7.81%), Aspergillus (CF: 3.638%; ECC: 8.364%; SECC: 5.873%), Wallemia (CF: 1.178%; ECC: 6.06%; SECC: 2.634%), and Malassezia (CF: 5.088%; ECC: 1.772%; SECC: 1.773%) were also enriched in the saliva samples. The taxonomic profile of the top 20 most abundant fungal taxa is shown in Figure 2A, and mean ± SD relative abundances in each group are listed in Table S4. In the top 20 fungal taxa, Agaricus showed significantly different levels among three groups (Kruskal–Wallis, p = 0.04708), presenting higher relative abundance in either ECC or SECC group than that in the CF group (Wilcoxon rank-sum test, p = 0.02608 and p = 0.02014, respectively) (Figure 2B). The p-values of difference statistics are listed in Table S4. As for fungal taxa whose relative abundance was less than 1%, unclassified_o:Hypocreales, Bjerkandera, Mycosphaerella, Subulicystidium, Neoascochyta, and Psathyrella also showed significant difference in relative abundance among three groups or between healthy and caries samples, and p-values of difference statistics are listed in Table S5. Ternary analysis revealed a dispersed distribution of fungal genera, indicating that certain taxa might be relevant to healthy or caries status (Figure 2C). Aspergillus, Wallemia, Agaricus, and Geotrichum, whose mean relative abundances were more than 1%, were found enriched in carries samples. Beyond our expectation, there was no obvious difference in Candida level among healthy and caries samples, indicating the potential caries-promoting effect of fungal genera other than Candida. Although no significant difference in richness (Chao index, Kruskal–Wallis, p = 0.886; Figure 2D), alpha-diversity (Shannon index, Kruskal–Wallis, p = 0.823; Figure 2D), or beta-diversity (Bray–Curtis, PERMANOVA, p = 0.304; Figure 2E) was observed within three groups, ANOSIM revealed remarkable variations of salivary fungal structure between SECC and other two groups (Table 2). PLS-DA also indicated a distinct fungal structure among three groups (Figure 2F).




Figure 2 | Salivary fungal profile in children with different health conditions. (A) Overview of the 20 most abundant salivary genera, and the heatmap presents the common logarithm of relative abundance. (B) Statistical comparison of the relative abundance of the 20 most abundant genera (Kruskal–Wallis, among three groups; Wilcoxon rank-sum test, within two groups; *p < 0.05). (C) The relative occurrence of genera (circles) in samples with different oral health conditions. (D) Alpha-diversity indices for richness (Chao index, Kruskal–Wallis, p = 0.886) and diversity (Shannon index, Kruskal–Wallis, p = 0.823) of the fungal community on the OTU level. (E) PCoA plots of Bray–Curtis dissimilarities at the OTU level (PERMANOVA, p = 0.304). (F) PLS-DA plot of saliva microbiota. CF, caries free; ECC, early childhood caries; OTU, operational taxonomic unit; PCoA, principal coordinates analysis; PERMANOVA, permutational multivariate analysis of variance; PLS-DA, partial least square discriminant analysis; SECC, severe early childhood caries.





Association Between Saliva Fungal Types and Oral Health Status

Since insignificant bacterial variations but notable fungal alterations were detected within healthy and caries samples, we intended to further focus on the association between saliva fungi and oral health status. By executing PAM and PCoA in terms of Bray–Curtis distance, the fungal community of all samples was clustered into five types at the genus level (Figure 3A). Typing analysis revealed that 55.56% (10/18) CF samples owned the type 2 fungal community, while this fungal type occurred in only 26.67% (4/15) ECC samples and 27.27% (6/22) SECC samples. No CF sample possessed the type 3 fungal community, which was found in 20.00% (3/15) ECC samples and 13.64% (3/22) SECC samples. The type 4 fungal community was detected in 13.33% (2/15) ECC samples and up to 40.91% (9/22) SECC samples, but was found in only one CF sample. Type 1 and type 5 fungal communities were evenly distributed in the healthy and caries cases. The distinctive composition and structure indicated the uniqueness of the five fungal types (Bray–Curtis, PERMANOVA, p = 0.001; Figure 3B), even though type 3 and type 4 were both clustered from caries-related samples. To reflect the sample condition that each fungal type prevailed over, we designated type 2 as health-related type (H type), type 3 and type 4 as caries-related type 1 (C-1 type) and caries-related type 2 (C-2 type), and type 1 and type 5 as general type 1 (G-1 type) and general type 2 (G-2 type). After eliminating unclassified_k:Fungi, we found that five fungal types were dominated by different genera: Candida followed by Cladosporium and Cutaneotrichosporon (H type), Aspergillus followed by Candida and Wallemia (C-1 type), Candida followed by Aspergillus and Trichosporon (C-2 type), Cladosporium followed by Candida and Malassezia (G-1 type), and Candida followed by Cladosporium and Agaricus (G-2 type), and other less abundant genera were also distinctive in different types (Table S6). Since all five types possessed a relatively high abundance of Candida, we came up with the hypothesis that it might be the fungal taxa other than Candida that led to the different oral health conditions in the current cohort. The typing analysis was also executed on the bacterial community at the genus level in terms of Bray–Curtis distance, with no obvious association between bacterial types and oral health status being observed (Figure S1 and Table S7).




Figure 3 | Association between salivary fungi and oral health condition and salivary bacterial profile. (A) The distribution of samples based on the highest CH indices using the PAM algorithm (Bray–Curtis distance) and the proportions of five fungal types in three groups. (B) Profiles of each fungal type at the genus level. (C) Correlation between salivary bacterial community structure and host factors by using RDA. CF, caries free; CH indices, Calinski–Harabasz indices; ECC, early childhood caries; PAM, partitioning around medoids; RDA, redundancy analysis; SECC, severe early childhood caries.



Due to the pathogenetic roles of certain bacteria in ECC onset, we intended to investigate whether saliva fungi can impact bacterial profile. The fungal type corresponding to each sample was considered as an affecting factor, and host factors including age, gender, dmfs score, dmft score, and fungal type were assessed regarding their influence on the bacterial community by performing RDA. RDA revealed that fungal type was the only factor that significantly affected the bacterial community structure (r2 = 0.1118, p = 0.044), with its close relationship to the distribution of Prevotella, a potential bacterial biomarker of ECC (Figure 3C and Table 3). Thus, we came up with the opinion that the oral fungal community can influence bacterial profiles, and this cross-kingdom interaction may result in different oral health status.


Table 3 | The calculations and p-values of redundancy analysis.





Potential Crosstalk Between the Oral Microbiome and Mycobiome in Children With ECC

Since we detected the possible relationship between the oral fungal and bacterial community, we intended to identify the specialized taxa that distinguished samples from healthy to caries conditions. Samples were divided into five groups as previously clustered by typing analysis. For a better consistency within the actual health state and dominant fungal type of each cluster, we removed the CF sample in the caries-related cluster, as well as ECC or SECC samples in the health-related cluster. We then used LEfSe to identify the taxa that significantly differed between health and caries samples, and bacterial or fungal genera with LDA scores of 2 or greater were confirmed and shown in Figures 4A, B, respectively. As for the bacterial community, Streptococcus was enriched in the health-related type community, while Actinomyces, Prevotella, and Fusobacteria were enriched in the caries-related type community. As for the fungal community, a wealth of taxa was found assembling in caries-related type community. Focusing on the prevailing taxa, we eliminated the genera whose relative abundances were less than 1%, remaining 5 bacterial genera and 21 fungal genera. The correlation between filtered taxa and host properties was then determined by using Spearman correlation analysis. It was found that the bacterial taxon Fusobacterium was positively related to dmfs score, dmft score, and caries severity, while the negative correlations between either unclassified_o:Malasseziales or Neocosmospora and caries phenotypes were figured out (Figure 4C and Table S8). Thus, we deduced that Fusobacterium plays an important role in caries onset, whereas unclassified_o:Malasseziales and Neocosmospora may represent good oral health condition. The relationship between filtered bacterial and fungal taxa was further assessed, revealing 17 significant correlation in cross-kingdom pairs (Figure 4D and Table S9). As for health-related taxa, fungal taxa Leptospora was positively related to bacterial taxa Streptococcus (p = 0.042), while negative correlations between Naganishia and Leptospora and caries-related Prevotella (p = 0.00044; p = 0.011) were observed. Of note, the significant negative correlation between Neocosmospora enriched in CF samples and Fusobacterium on behalf of caries was revealed (p = 0.024), reconfirming the opposite roles they played in different oral health conditions. As for caries-related taxa, fungal taxa including Hannaella, Vishniacozyma, unclassified_f:Metschnikowiaceae, and Lepista were found positively related to bacterial taxa Actinomyces or Bergeyella (p = 0.023; p = 0.035; p = 0.012; p = 0.022).




Figure 4 | Potential crosstalk between the oral microbiome and mycobiome in children with different oral health status. (A) LDA scores of distinct salivary bacteria among groups at the genus level. (B) LDA scores of distinct salivary fungi among groups at the genus level. (C) Spearman rank correlation between host properties and abundances of distinct salivary bacteria and fungi. (D) Spearman rank correlation between distinct salivary bacteria and fungi. *p < 0.05, ** < 0.01, ***p < 0.001. C-1 type, caries-related type 1; C-2 type, caries-related type 2; dmfs, decayed, missing, or filled surfaces; dmft, decayed, missing, or filled teeth; H type, health-related type; LDA, linear discriminant analysis.






Discussion

In the current study, we investigated the salivary bacterial and fungal profiles in children with good oral health, ECC, and SECC. Most studies involving ECC were largely focused on oral bacteria or pathogenic C. albicans (Xiao et al., 2018; Alkhars et al., 2021; Baker et al., 2021; de Jesus et al., 2021). Here, we noticed the novel correlation between integral oral mycobiome and microbiome, figuring out potential taxonomic biomarkers which may lead to different oral health conditions in children. The fungal community was found distinguished into five types on behalf of different oral health status and significantly affected the bacterial profile. By analyzing the correlation between enriched taxa and carious indexes, we found Neocosmospora and Fusobacterium could be considered as potential biomarkers of good oral health and caries risk, respectively. Therefore, we concluded that the joint effect of salivary fungi and bacteria may play important roles in caries progression, and the impact of oral mycobiome on oral health deserved further investigation.

ECC is the most common disease of children with high prevalence worldwide, presenting as one or more decayed, missing, or filled tooth/surfaces in the primary tooth (Casamassimo et al., 2009; Anil and Anand, 2017). It has been substantiated that the co-infection of S. mutans and C. albicans, accompanied by bad oral hygiene, genetic factor, and immunological factor, led to the onset of ECC (Xiao et al., 2018) and, meanwhile, resulted in the dysbiosis of the oral microbiome (Kressirer et al., 2018; Xiao et al., 2018; Baker et al., 2021). Numerous studies have investigated the changes of the oral bacterial community in caries children compared with CF children, detecting decreased bacterial diversity as well as identifying certain discriminatory taxa including Streptococcus, Prevotella, Veillonella, Neisseria, and Rothia that were associated with caries (Wang et al., 2019; de Jesus et al., 2020; Baker et al., 2021; de Jesus et al., 2021). To our surprise, no significant difference of bacterial alpha- or beta-diversity based on caries status existed in the present cohort, although the non-distinctive alpha-diversity was also reported by Grier et al. and Agnello et al. (Agnello et al., 2017; Grier et al., 2021). Among the bacteria genera with high relative abundance, only TM7x was found enriched in children with ECC, whose strong co-occurrence with caries risk has been previously noticed (Kalpana et al., 2020; Baker et al., 2021).

In recent years, researchers have gradually attached more attention to the relationship between oral fungi and caries development. Most ITS-based investigations were focused on the dental plaque, revealing an increased fungal load, decreased community diversity, and enrichment of several taxa including C. albicans, Candida dubliniensis, Candida sake, Cryptococcus neoformans, and Nigrospora oryzae in samples from subjects with caries, while Malassezia globose, Bipolaris sorokiniana, Mycosphaerella, and Trichosporon were more relevant to CF status (Baraniya et al., 2020; de Jesus et al., 2020; O'Connell et al., 2020; Cui et al., 2021). In vitro, despite the well-recognized synergistic interaction between S. mutans and C. albicans, M. globose enriched in CF subjects has demonstrated its inhibitory properties against S. mutans (Baraniya et al., 2020). In the present study, we observed high relative abundances of Candida, Cladosporium, Aspergillus, and Malassezia across subjects with or without caries, which have been consistently identified as core human oral mycobiome in previous studies (Ghannoum et al., 2010; Fechney et al., 2019; Baraniya et al., 2020). Significant differences of beta-diversity and distribution of fungal colonies were noticed, indicating a higher colony sensitivity toward oral health conditions than that of the bacterial community. The obvious enrichment of Candida did not exist in caries samples, and previous studies also failed to detect the increased abundance of C. albicans in children with caries (Fechney et al., 2019; de Jesus et al., 2020), which suggests the potential pathogenic impact of other fungi in ECC development. The fungal community was determined into five discriminative fungal types via typing analysis, and types were designated as general type, health-related type, and caries-related type according to the prevalence in CF or caries samples. Previous studies have observed that certain Candida species can influence caries risk by affecting oral bacteria profile (Xiao et al., 2018; de Jesus et al., 2020; Alkhars et al., 2021). By performing RDA, we also verified the significant impact of fungal types on bacterial profile. RDA further revealed the positive correlation between fungal types and the distribution of Prevotella, a critical biomarker of ECC onset with great contribution to acid production (Yang et al., 2012; Teng et al., 2015; Wang et al., 2019; Baker et al., 2021). Surprisingly, although Neisseria has long been found associated with good oral health (Baker et al., 2021; Qudeimat et al., 2021), the strong positive correlation between Neisseria and either dmfs or dmft score was observed in the present study, indicating its potential cariogenic capabilities such as sugar metabolism, acid production, and acid tolerance in caries risk (Xiao et al., 2021).

Typing analysis also clustered saliva samples into five groups, three of which were dominated by CF or caries samples, being termed as health-related cluster or caries-related clusters. In order to precisely lock on the symbolic taxa of healthy or caries condition, we firstly filtered samples by eliminating those whose actual health status was not concordant to the cluster type. The characteristic genera of either health-related cluster or caries-related clusters were then identified by executing LEfSe, and taxa with relative abundance above 1% were retained for further evaluation. The relationship between filtered taxa and host properties was assessed by Spearman correlation analysis. Being the member of the “orange” complex in subgingival plaque, Fusobacterium was traditionally regarded as a critical periodontal pathogen (Socransky et al., 1998), while increasing studies have noticed its enrichment and predictive potentiality on ECC occurrence (Zhu et al., 2018; Chen et al., 2021). Here, a significant positive correlation between Fusobacterium and caries indexes was observed, re-emphasizing its possible roles in caries progression. On the contrary, unclassified_o:Malasseziales and Neocosmospora were identified as negatively correlated to caries indexes. Malassezia is a commonly detected fungus of human skin and oral cavity (Gaitanis et al., 2012; Baraniya et al., 2020) and was previously found significantly enriched in CF children (Baraniya et al., 2020). Neocosmospora is an originally reported oral health-relevant fungus in current research, which includes groups of taxa that were previously assigned to the Fusarium solani complex discovered from plants, humans, and animals (Sandoval-Denis et al., 2018). It was revealed that galactose oxidase secreted by Fusarium species can convert substrates into the aldehyde forms and concomitantly produce hydrogen peroxide, and its ability in inhibiting S. mutans has been demonstrated (Lis and Kuramitsu, 1997). Further Spearman correlation analysis substantiated the significant negative correlation between Fusobacterium and Neocosmospora, indicating their opposite effects in maintaining CF condition or developing caries. In addition, although a number of studies have verified the promoting effects of S. mutans in ECC progression (Momeni et al., 2020; Xiao et al., 2020; Baker et al., 2021), Streptococcus was found to be a characteristic in the CF sample and, meanwhile, negatively related to carious indexes in the present study, indicating the complicated roles that the Streptococcus species played in caries risk, and the intricate prevalence of Streptococcus species has also been reported by AlEraky et al. (2021).

Caution should be taken when applying current evidence. Firstly, community analysis was restrained at the genus level due to the shallow sequencing depth, which provided a less-precise profile of community variation and was unable to lock on the exact species or subspecies that are closely related to ECC risk. On account of the small sample size, we did not conduct random forest model with receiving operational curve (ROC) analysis to test the discriminatory power of genera signature, leaving a less demonstration quality of the results. The limitations above remind us of a larger-scale cohort and the employment of whole metagenome sequencing and metabolomics analysis in future studies. Although saliva samples are easy to collect, the distinctive taxonomic profiles between saliva and dental plaque have been observed in previous research (Cui et al., 2021; de Jesus et al., 2021), suggesting a further investigation of plaque microorganisms in predicting ECC, for the closer contact of plaque with the dental surface may result in a higher sensitivity in predicting ECC compared with that of saliva samples. Besides, attention need to be paid to the cross-kingdom interactions in ECC progression, and the mechanisms of Neocosmospora in inhibiting cariogenic taxa are worthy of future investigation.
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Increasing evidence suggests that periodontitis, characterized by oral dysbiosis, is a critical player in the progression of multiple systemic diseases in humans. However, there is still a lack of a proper mouse model of periodontitis with the colonization of human periodontitis-associated bacteria. We here established a new mouse periodontitis model by combining ligation of the second molars with application of subgingival plaques from periodontitis patients. Using 16S rRNA gene sequencing and Taxonomic classification, we found that human periodontitis-associated bacteria efficiently colonized in the mouse model and were enriched in both ligature silk and mouse saliva. Furthermore, the well-recognized periodontal pathogens including Porphyromonas gingivalis, Fusobacterium nucleatum, Prevotella intermedia, and Tannerella forsythia were enriched in the new model, but not in ligature-induced periodontitis model or Sham mice. The human periodontitis-associated bacteria potently aggravated mouse periodontitis, as demonstrated by more severe bone resorption and higher expression of inflammatory and osteoclastogenesis genes. In summary, the new mouse periodontitis model paves the way for studying human periodontitis-associated bacteria in oral diseases and systemic diseases.
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Introduction

Human periodontitis-associated bacteria cause local destruction of periodontal tissue and are also tightly linked to the progression of multiple systemic diseases. Periodontitis (PD) is a biofilm-induced chronic inflammatory disease of the tooth-supporting tissues, which destroys gingiva and alveolar bone, eventually causes teeth loss (Brown LJ and Löe, 1989). The number of new periodontitis cases is about 701/100,000 each year, and periodontitis becomes the 6th most prevalent diseases all over the world (Kassebaum et al., 2014). Some studies suggest that the dysbiosis of oral microecology not only causes periodontitis, but affects other organs (Hajishengallis, 2015). Accumulating evidence has linked periodontal disease with cardiovascular diseases, metabolic diseases, and cancers (Michaud et al., 2017; Polak and Shapira, 2018; Sanz et al., 2020). Although increasing attentions are paid on the human oral dysbiosis during understanding the pathogenesis of systemic diseases, there is no proper mouse model of periodontitis with the colonization of human periodontitis-associated microbiota.

The microbiota of the human oral cavity consists of a myriad of bacterial species, which normally exist in commensal harmony with the host (Mysak et al., 2014). The dominant flora in oral cavity of periodontitis patients is massively different from those in healthy people. The current concept of the etiology of periodontitis is that bacterial components of the biofilm initiate the inflammatory cascade, including infiltration of immune cells and production of inflammatory mediators in the periodontal tissue (Bage et al., 2010). It has been demonstrated that Porphyromonas gingivalis, Tannerella forsythia, and Treponema denticola are closely related to periodontitis progression (Socransky et al., 1998), and that Synergistes, Filifactor, and Mycoplasma also take part in periodontal disease (Shi et al., 2015). Besides causing tooth loss, periodontal pathogens have a systemic impact through a variety of mechanisms. These include bacteremia caused by the translocation of periodontal pathogens into the systemic circulation and endotoxemias due to the lipopolysaccharides of the periodontal-pathogenic bacteria.

For particular purposes, some mouse periodontitis models including inoculation of well recognized periodontal pathogens, LPS injection, and ligation of molars have been constructed (Blasco-Baque et al., 2017; Costa et al., 2021). Ligation of molars is a classical mouse periodontitis model, making great contributions to the elucidation of mechanisms of periodontitis. However, these models cannot meet the currently increasing demands in the field, such as screening the human periodontal pathogens critical for systemic diseases. Previous studies suggested that Bifidobacteria, which was common bacteria in human oral microflora, was not detected in mouse oral cavity (Mackie et al., 1999). Furthermore, the dominancy of Staphylococcus species in the mouse was not found in the human oral microflora (Paster et al., 2006; Keijser et al., 2008). Moreover, even within the common bacterial orders, the actual families, and species were often different between mice and humans (Hasegawa et al., 2010). Therefore, the current experimental animal and in vivo models cannot fully summarize the human situation, despite that these models can effectively address particular aspects of the disease.

In this study, we aimed to establish a mouse model of periodontitis with colonization of human periodontitis-associated oral microbiota. We combined the ligature-induced mouse periodontitis (LIP) with transplantation of subgingival plaque from periodontitis patients. Firstly, we used 5-0 silk suture ligaturing mouse second molars. We then transplanted subgingival plaque of periodontitis patients on the silk suture. Finally, we analyzed the alveolar bone resorption and the composition of microbiota. The results suggested that we successfully established a mouse periodontitis model, whose composition of oral bacteria was similar to periodontitis patients.



Methods


Subject Recruitment

This study was approved by the Ethics Committee of Shanghai Ninth People’s Hospital, Shanghai Jiao Tong University School of Medicine. Informed consent was signed by all subjects before enrollment. All medical data were collected according to clinical standard procedures.

The clinical periodontal examination was performed by a single trained examiner before the collection of subgingival plaque (SP). Severe PD was diagnosed used the following criteria (Timmerman et al., 1998): 1) gum bleeding within 15 seconds after probing; 2) at least one site with periodontal pocket depth > 5mm; 3) at least one site with attachment loss > 4mm. Patients who had taken any antibiotic or probiotic, smoke, or had undergone periodontal therapy in the previous 6 months were excluded.



Sample Collection

SP were collected from six sites showing the deepest probing depth of each patient. All SP samples were stored in 20% glycerin at -80°C until further processing.



Animals

Male C57/B6J adult mice (8~10w) were used for experiments. And all experiments were repeated more than three times. The mice were randomly divided into three groups: Sham group (n=3), LIP group (n=3), and LIP+SP group (n=6). LIP was established by 5/0 silk suture around the bilateral maxillary second molars of mice (Abe and Hajishengallis, 2013). All SP samples were mixed and centrifuged at 5,000g for 5 minutes. Then, precipitate was resuspended in sterile 20% glycerin and was divided into tubes (the number of tubes was same as the quantity of patients). Again, centrifuged at 5,000g for 5 minutes, the pellets were resuspended in 1 ml sterile 2% carboxymethylcellulose (CMC). Application of SP (100μl per mouse) or 2% CMC to mouse teeth began on the next day, once every two days for 14 days (totally 7 times). Oral swabs of each mouse were collected one day before sacrificing. Four weeks after ligation, mice were euthanized, silk sutures, gingiva, and maxilla were collected. Mice in Sham group were ligated for 4 hours before being sacrificed. Mice were excluded if they died after the operation.

The animal experiments were approved by the Institutional Review and Ethics Board of Ninth People’s Hospital, Shanghai Jiao Tong University School of Medicine.



Micro-CT Analysis

Maxillary bone and teeth were collected and fixed in 4% phosphate-buffered paraformaldehyde for 72 h. Then, the maxillae were processed for micro-computed tomography (CT) scanning using Bruker SkyScan 1176 (SkyScan) at a voxel resolution of 9 μm. Measurements were performed on the lingual sides of the maxillary second molar. The distance from the cementoenamel junction (CEJ) to the alveolar bone crest (ABC) was measured. Bone mineral density (BMD) and bone volume/total volume (BV/TV) were also measured.



Histology

The maxillae were fixed in 4% phosphate-buffered paraformaldehyde for 72 h, then decalcified in 10% EDTA solution for 4 weeks. The EDTA solution was changed daily until decalcified. Maxillae were embedded in paraffin and cut into 5μm sections, which were then prepared for hematoxylin and eosin (HE) staining. HE staining was conducted according to routine protocols. The staining was observed under a microscope and photographed with 50X and 100X lens.



Quantitative RT-PCR

Gingiva RNA was extracted using Trizol (Life Technologies/Thermo Fisher Scientific) and cDNA was synthesized using reverse transcription kits (Takara, Shiga, Japan). QRT-PCR was performed with a SYBR Green PCR Master Mix (Takara) on a LightCycler480II system (Roche Diagnosticscs, Indianapolis, IN, USA). The sequences for the primers are listed. Il1β forward primer, 5′-GAAATGCCACCTTTTGACAGTG-3′, reverse primer, 5′-TGGATGCTCTCATCAGGACAG-3′. Il17a forward primer, TTTAACTCCCTTGGCGCAAAA, reverse primer, CTTTCCCTCCGCATTGACAC. Rankl forward primer, CAGCATCGCTCTGTTCCTGTA, reverse primer, CTGCGTTTTCATGGAGTCTCA.



High-Throughput Sequencing and Processing

Silk sutures, saliva swabs, and SP were used for high-throughput Sequencing. The genomic DNA was extracted and the bacteria was identified by 16S ribosomal RNA (rRNA) sequencing. PCR amplification of the nearly full-length bacterial 16S rRNA genes was performed using the forward primer 27F 5’-AGAGTTTGATCMTGGCTCAG-3’ and the reverse primer 1492R 5’-ACCTTGTTACGACTT-3’. The PCR products were quantified with PicoGreen dsDNA Assay Kit (Invitrogen, Carlsbad, USA) and sequenced on PacBio Sequel platform at Shanghai Personal Biotechnology Co., Ltd (Shanghai, China).

Procession of the sequencing data was performed on QIIME2 platform. Analysis of sequencing data was based on amplicon sequence variants (ASVs) (Bokulich et al., 2018). After chimera detection, high-quality sequences with 97% similarity were clustered into the same ASV. Classification of ASVs was performed based on the Greengenes Database.



Data Analysis

Richness and a-diversity were measured by Chao1 and Shannon indices based on the species profiles (Chao, 1984; Shannon, 1948). Beta diversity was visualized using principal coordinate analysis (PCoA) based on the Bray-Curtis distances. Taxa abundances at the species levels were compared among groups by MEGAN (Huson et al., 2011). LEfSe (Linear discriminant analysis effect size) was performed to detect differentially abundant taxa across groups using the default parameters (Segata et al., 2011). Venn diagram was generated to visualize the shared and unique species among groups using R package “Venn Diagram”, based on the occurrence of species across groups regardless of their relative abundance (Zaura et al., 2009).



Statistics

All data were shown as mean ± SEM. Statistical analysis was performed using Prism 5.0 (GraphPad Software, La Jolla, CA, USA). The differences between means of two experimental groups were analyzed by unpaired Student’s t test or non-parametric test. Values of p ≤ 0.05 were considered statistically significant.




Results


Human Periodontitis-Causing Bacteria Efficiently Colonize in the Mouse Model

To establish the mouse model of periodontitis with colonization of human periodontitis-associated oral microbiota, we combined the ligature-induced mouse periodontitis with transplantation of subgingival plaque from periodontitis patients. In detail, we first ligatured the second molar with silk suture in mice, and then applied the bacteria, dissolved in 2% carboxymethylcellulose, on the ligature silk once every other day. The whole period of model construction was 4 weeks (Figure 1A). Lastly, 16S rRNA gene sequencing and taxonomic classification were carried out for unbiased measurement of bacterial composition and abundance in human subgingival plaque, mouse saliva and ligature silk.




Figure 1 | Human periodontitis-causing bacteria efficiently colonize in the mouse model. (A) Schematic illustration of experimental design. LIP, ligature-induced periodontitis. SP, subgingival plaques from patients with periodontitis. CMC, carboxymethylcellulose, and SAC, sacrifice. (B) The Venn diagrams showing the overlapped and different bacteria species between mouse silk ligature and human subgingival plaque (left), and between human subgingival plaque and mouse saliva (right). (C) Taxonomic composition of bacterial community at species level in mouse silk ligature and human subgingival plaque. (D) Taxonomic composition of bacterial community at species level in mouse saliva and human subgingival plaque. (E) β-diversity of SP and saliva, silk ligature bacteria at species level in LIP + SP group, assessed by principal coordinate analysis (PCoA) based on bray–curtis distance. (n = 5:5).



We first compared the numbers of same bacteria in the ligature silk and saliva as in human subgingival plaque in both LIP and LIP + SP groups. As showed by Venn diagrams, 40 and 80 species of bacteria were shared by the ligature silk and human subgingival plaque in LIP and LIP + SP mice respectively. Meanwhile, 42 and 121 species of bacteria are same in the saliva and subgingival plaque in LIP and LIP + SP mice respectively (Figure 1B). Consistently, the analysis of bacterial composition showed similar results. The bacterial compositions in the ligature silk (Figure 1C) and saliva (Figure 1D) were significantly more comparable to those in human subgingival plaque in LIP + SP mice versus LIP mice. It is interesting that the well-known periodontal pathogenic bacteria including Porphyromonas gingivalis (P.g), Fusobacterium nucleatum (F.n), Prevotella intermedia (P.i), and Tannerella forsythia (T.f) were markedly colonized in LIP + SP mice, but not in LIP mice. Then, we analyzed the sample diversity using principal coordinate analysis (PCoA). In LIP + SP group, the bacterial composition of saliva is more similar to the SP compared with silk sutures (Figure 1E). These results cumulatively demonstrated that the transplantation of human subgingival plaque significantly promoted the enrichment of human periodontitis-causing bacteria in mouse periodontitis model.



Pathogenic Bacteria of Human Periodontitis Are Enriched in the Ligature Silk in the Mouse Model

We further analyzed the change of bacterial composition on ligature silks by sequentially comparing LIP with Sham mice, and LIP + SP with LIP mice. As expected, LIP groups of mice showed significantly higher diversity of subgingival bacteria in comparison with sham mice, and human subgingival plaque transplantation further markedly enlarged the increase of bacterial diversity (Figure 2A). PCoA based on Bray-Curtis distance was performed to determine β-diversity (between-sample diversity) of bacteria composition on ligature silks, which demonstrated the potent distinction among Sham, LIP, and LIP + SP groups of mice (Figure 2B). Furthermore, the Heatmap of relative abundances of bacteria species showed that thirteen species of bacteria were massively enriched in the LIP + SP group. Some of these bacteria are periodontal pathogens, including Porphyromonas gingivalis (P.g), Prevotella intermedia (P.i), Treponema denticola (T.d), and Fusobacterium nucleatum (F.n), while they were detected at extremely low abundance in Sham and LIP groups (Figure 2C). We next employed linear discriminant analysis effect size (LEfSe) to identify taxa that discriminate microbial composition among three groups of mice. Again, it was shown that the periodontitis-causing bacteria species including P.g, P.i, T.d, F.n and T.f were more enriched in ligature silk of LIP+SP mice versus Sham and LIP mice (Figure 2D).




Figure 2 | Pathogenic bacteria of human periodontitis are enriched in the ligature silk in the mouse model. Bacterial community of ligature silks from Sham, LIP, and LIP + SP group mice were analyzed using 16S rRNA gene sequencing. (A) α-diversity of bacteria on ligature silks assessed by Chao1 and Shannon indices. (B) β-diversity of bacteria on ligature silk assessed by principal coordinate analysis (PCoA) based on Bray–Curtis distance of bacteria at species level. (C) The heat map of the relative abundance of the top 20 most abundant species of bacteria on ligature silks. (D) Taxonomic cladogram of bacteria on ligature silk using LEfSe (LDA = 3.59). The values represent means ± SEM (n = 3:5:5). **P < 0.01.





Pathogenic Bacteria of Human Periodontitis Are Enriched in the Mouse Saliva

By the same strategies, we analyzed the differences of bacteria composition and abundance in saliva among Sham, LIP and LIP + SP groups of mice. The alpha diversity, illustrated by the Chao1 and the Shannon indices, was significantly increased by LIP + SP treatment compared to LIP treatment or no treatment (Figure 3A). In the PCoA analysis for β-diversity, the dots of LIP + SP group were far away from the dots of Sham and LIP group, demonstrating the significant divergence in their bacteria composition (Figure 3B). We used the Heatmap to show the top 20 most abundant bacteria species in saliva (Figure 3C). In LIP + SP group, the compositions of microbial species markedly differed from those in Sham and LIP groups. At the species level, the relative abundances of F.n, P.g, P.i, and S.n, which had been shown the close association with periodontal diseases, were sharply increased by human subgingival bacteria transplantation. LEfSe analysis consistently illustrated that these periodontal pathogenic bacteria were significantly enriched in saliva of LIP + SP group mice (Figure 3D).




Figure 3 | Pathogenic bacteria of human periodontitis are enriched in the mouse saliva. Saliva bacteria from Sham, LIP, and LIP + SP group mice were analyzed using 16S rRNA gene sequencing. (A) α-diversity of saliva bacteria assessed by Chao1 and Shannon indices. (B) β-diversity of saliva bacteria at species level, assessed by principal coordinate analysis (PCoA) based on Bray–Curtis distance. (C) The heat map of the relative abundance of the top 20 most abundant bacteria species in mouse saliva. (D) Taxonomic cladogram of saliva bacteria using LEfSe (LDA = 3.65). LDA, Linear Discriminant Analysis. The values represent means ± SEM (n = 5:4:5). **P < 0.01.





Human Periodontitis-Associated Bacteria Worsen Periodontitis in Mice

To measure effects of the colonized periodontitis-associated bacteria on periodontal tissue in our mouse model, Micro-CT analysis, H&E staining, and real time QPCR assay were performed. The reconstruction images of maxilla showed that LIP caused significant loss of alveolar bone, and the loss was further aggravated by additional treatment of human subgingival plaque (Figures 4A, B). As a result, percentage of bone volume (BV) to total volume (TV) was significantly decreased by LIP, and BV/TV was much lower in LIP + SP group versus LIP group (Figure 4C). Consistently, there was a significant decline in maxilla bone mineral density (BMD) in both LIP and LIP + SP groups, and the decrease was much greater in LIP + SP group than that in LIP group (Figure 4D). In both LIP and LIP + SP groups, hematoxylin–eosin (H&E) staining of maxilla sections showed marked destruction of periodontal tissue around the second molar (Figure 4E). In addition, the mRNA levels of inflammatory genes including interleukin-1b (Il1b) and interleukin-17a (Il17a), and osteoclastogenesis gene, receptor activator of NF-κB ligand (Rankl), were substantially higher in the LIP + SP group than those in LIP group. Similarly, the expression of these genes was significantly higher in both periodontitis group versus in Sham group (Figure 4F).




Figure 4 | Transplantation of human periodontitis-associated bacteria worsens periodontitis in mice. (A) Representative images of Micro–computed tomography scanning of left maxilla from the indicated groups of mice. Both three-dimensional volume (Upper panels) and multiplanar reconstruction (Lower panels) are shown. (B) Quantification of the distance from cementoenamel junction (CEJ) to alveolar bone crest (ABC). (C) The ratio of bone volume (BV) to total volume (TV) of maxilla surrounding the second molar. (D) Bone mineral density (BMD) (g/cm3) of maxilla surrounding the second molar. (E) Representative hematoxylin–eosin (H&E) staining images of periodontal tissue showing the pathogenic alteration. (F) QRT-PCR analyses of inflammatory and osteoclastogenesis gene expression. Gapdh was used as internal references. The values represent means ± SEM (n = 3:3:6) from three independent experiments. ns, not significant. *P < 0.05, **P < 0.01, ****P < 0.0001.






Discussion

Human periodontitis-associated bacteria cause local destruction of periodontal tissue and are also tightly linked to the progression of multiple systemic diseases. However, there is still a lack of proper mouse model of periodontitis with the colonization of human periodontitis-associated microbiota. Here, we created a new mouse model to simulate the clinical situation by transplanting SP on silk sutures, which was used to ligate mouse molars to induce periodontitis. In this model, the composition of mouse periodontal bacteria matched better with that of periodontitis patients.

Previous studies established PD model by silk ligature or specific periodontal bacteria, which induced chronic periodontal disease and systemic inflammation. However, it failed to simulate the original periodontal bacterial composition of PD. The composition of normal oral flora of humans and animals is different (Hasegawa et al., 2010). In the silk suture ligation-induced periodontal model, the main periodontal pathogens are changed, which play a role in the process of periodontitis. This conclusion was supported by in our study that the microbiota composition of the LIP group was totally different from SP. Periodontitis is mainly caused by the imbalance of multiple microbial floras (Socransky et al., 1998). The use of a specific bacterium does not reflect the role of other bacteria in periodontitis, especially the host immune response. Different bacteria are associated with particular function in innate responses and the generation of distinct T-cell subsets (David Jarrossay et al., 2001). For example, Toll-like receptor 2 can recognize P.g, T.f, P.i, and T.d. Besides, Aggregatibacter, actinomycetemcomitans, and Veillonella parvula are the pathogens of Toll-like receptor 4 (Cekici et al., 2014). Lastly, periodontitis can affect other systemic diseases (such as cardiovascular diseases, metabolic diseases, and cancers). The possible mechanism includes direct colonization of bacteria on target organs (Costa et al., 2021). The method of using silk sutures to ligate or smear a single bacteria cannot effectively locate the colonized bacteria. As a result, the experimental model in vivo is not always appropriate for mimicking clinical settings.

Different types of animals, including mice, rats, dogs, and non-human primates, have been used to establish periodontitis models. However, mice are still the most convenient, cost-effective and versatile models. Advantages of the mice as a model include the considerable background information on their immune system, a wide range of genetically engineered strains (e.g., gene knockouts for key immune receptors or signaling molecules) and availability of high-quality immunochemical and cellular reagents (Graves et al., 2008). Ligation of maxillary second molars in mice is a common periodontitis modeling method. Many articles on periodontitis models have adopted the method of ligating maxillary second molars (Li et al., 2021). Compared with first molars, ligating the second molar is more solid and suture is not easy to slip off. The maxillary third molar is too small and more difficult to operate. In addition, the second molar is adjacent to the first and third molar, where periodontal pathogens can colonize the adjacent teeth.

To our knowledge, this work is the first one to establish a sustained model to simulate the clinical situation. Ligation of second molars combining with patients’ plaques can establish a ‘two hit’ model. This two-hit mouse model of PD has its unique merits. Ligation of molars is not only convenient and time-saving but also facilitates the accumulation of bacteria. In other ligation-induced periodontal models, researchers usually choose two weeks to study how PD affects systemic diseases (Kitamoto et al., 2020). However, these studies might not be representative of the oral health condition and the oral microbiome composition. In this study, we sacrifice mice and harvest samples after ligation for four weeks, which is enough for patients’ bacteria colonizing. In contrast to single periodontal pathogens, patients’ plaques have complex microflora, which is more representative to simulate periodontitis patients’ oral condition.

We observed significant microbial alterations in oral cavity of LIP + SP group mice. Salivary microbiota showed higher richness than that of silk suture of LIP + SP group mice. In comparison with silk sutures, saliva provides larger space, more diverse nutrients, and mobile liquid environment. The different microbiota enriched in the ligation suture and saliva is probably due to the difference of local environment between saliva and ligature silk sutures. Besides, bacteria species of LIP + SP are far more than those of LIP and Sham groups. This is likely because there is more bacterial diversity in subjects with periodontal disease (Abusleme et al., 2013). Furthermore, the dominant pathogens of periodontitis include ‘red complex’ (P. g, T. d, and T. f) and ‘orange complex’ (F. n and P. i, etc.) (Hajishengallis and Lamont, 2012), and the progression of periodontitis is mainly caused by the dominant pathogens. Single periodontal pathogen may not cause disease as expected. Previous study illustrates that P. g is not a potent stand-alone inducer of inflammation. In vitro and vivo, P. g often induces contradictory hosts responses. For example, P. g lipopolysaccharide can antagonize toll‐like receptor 4, unlike other highly pro‐inflammatory lipopolysaccharides from most gram‐negative bacteria. Also, in the absence of commensal bacteria, P. g fails to induce periodontitis when used as a mono‐infection in germ‐free mice (Hajishengallis and Lamont, 2012). Therefore, application of SP is a better choice than specific pathogen to induce periodontitis.



Conclusion

In summary, we established a ‘two-hit’ periodontitis model which combined ligation of mouse molars with subgingival plaques from periodontitis patients. The microbiota composition of silk suture and saliva was similar to that of patients’ subgingival plaques. Additionally, using this animal model, we found that subgingival plaques exacerbated ligation-induced periodontitis and promoted gingiva inflammation.
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Dental caries, an ecological dysbiosis of oral microflora, initiates from the virulent biofilms formed on tooth surfaces where cariogenic microorganisms metabolize dietary carbohydrates, producing acid that demineralizes tooth enamel. Forming cariogenic biofilms, Streptococcus mutans and Candida albicans are well-recognized and emerging pathogens for dental caries. Recently, probiotics have demonstrated their potential in treating biofilm-related diseases, including caries. However, limited studies have assessed their effect on cariogenic bacteria–fungi cross-kingdom biofilm formation and their underlying interactions. Here, we assessed the effect of four probiotic Lactobacillus strains (Lactobacillus rhamnosus ATCC 2836, Lactobacillus plantarum ATCC 8014, Lactobacillus plantarum ATCC 14917, and Lactobacillus salivarius ATCC 11741) on S. mutans and C. albicans using a comprehensive multispecies biofilm model that mimicked high caries risk clinical conditions. Among the tested probiotic species, L. plantarum demonstrated superior inhibition on the growth of C. albicans and S. mutans, disruption of virulent biofilm formation with reduced bacteria and exopolysaccharide (EPS) components, and formation of virulent microcolonies structures. Transcriptome analysis (RNA sequencing) further revealed disruption of S. mutans and C. albicans cross-kingdom interactions with added L. plantarum. Genes of S. mutans and C. albicans involved in metabolic pathways (e.g., EPS formation, carbohydrate metabolism, glycan biosynthesis, and metabolism) were significantly downregulated. More significantly, genes related to C. albicans resistance to antifungal medication (ERG4), fungal cell wall chitin remodeling (CHT2), and resistance to oxidative stress (CAT1) were also significantly downregulated. In contrast, Lactobacillus genes plnD, plnG, and plnN that contribute to antimicrobial peptide plantaricin production were significantly upregulated. Our novel study findings support further assessment of the potential role of probiotic L. plantarum for cariogenic biofilm control.
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1 Introduction

Dental caries, an ecological dysbiosis of oral microflora, initiates from the virulent biofilms formed on tooth surfaces where cariogenic bacteria and fungi metabolize dietary carbohydrates, produce acid, and lead to irreversible consequences—demineralization of tooth enamel (Bowen, 2016). Streptococcus mutans is a well-known cariogenic pathogen due to its acidogenicity, aciduricity, and capability of synthesizing the dental plaque extracellular matrix (Bowen et al., 2018). Moreover, research also revealed the cariogenic role of oral Candida, in that it is acidogenic, aciduric, and capable of dissolving hydroxyapatite and leads to more severe dental caries when infected together with S. mutans in the rat model (Falsetta et al., 2014; Du et al., 2021). Children with oral Candida albicans presented with >5 times greater odds of experiencing early childhood caries (ECC) than children without this yeast strain (Xiao et al., 2018b). The presence of C. albicans in the oral cavity of preschool children was associated with oral bacterial dysbiosis with an abundance of taxa with greater virulence and more conducive for ECC (Xiao et al., 2018a). Furthermore, the emergence of S. mutans by 1 year was 3.5 times higher in infants with early colonization of oral Candida than those free of oral Candida (Alkhars N et al., 2021). Therefore, regulating S. mutans and C. albicans simultaneously in the oral cavity sheds new light on caries prevention.

Probiotic therapy has the potential to prevent and treat dental caries (Zaura and Twetman, 2019). The most commonly used probiotics include Lactobacilli and Bifidobacterium, both of which produce lactic acid and other bioactive substances, including hydrogen peroxide, carbon peroxide, bacteriocins, and adhesion inhibitors that could potentially affect the growth of cariogenic microorganisms (Meurman, 2005). Several studies have reported the inhibitory effect of probiotics on S. mutans and C. albicans; for instance, Lactobacillus rhamnosus, Lactobacillus reuteri, Lactobacillus casei, Lactobacillus plantarum, and Lactobacillus salivarius inhibit the growth of S. mutans in vitro and in vivo (Laleman et al., 2014; Wasfi et al., 2018; Zhang et al., 2020a); L. rhamnosus, L. casei, Lactobacillus paracasei, Lactobacillus fermentum, and Lactobacillus acidophilus inhibit C. albicans biofilms (Matsubara et al., 2016; Rossoni et al., 2018; Panariello et al., 2021).

Since the coexistence of S. mutans and C. albicans in the oral cavity leads to a more pathogenic microbial eco-community and potentially elevates the caries risk of individuals (Koo et al., 2018; Du et al., 2021), an ideal probiotic regimen is to control S. mutans and C. albicans simultaneously. Intriguingly, our previous study revealed that the abundance of L. plantarum in dental plaques was three-fold higher in children without C. albicans compared to those with carriage of C. albicans, indicating a potential antagonistic interaction between L. plantarum and C. albicans (Xiao et al., 2018a). Moreover, Srivastava et al. reported that the supernatant of L. plantarum 108 inhibited the duo-species biofilm formation by S. mutans and C. albicans (Srivastava et al., 2020). Zhang et al. demonstrated that L. plantarum CCFM8724 could decrease the carriage of S. mutans and C. albicans in rat’s oral cavity and reduce caries score in rats (Zhang et al., 2020b). The abovementioned study findings support a better understanding of the interactions between L. plantarum, S. mutans, and C. albicans in multispecies biofilms. In the present study, we evaluated the effect of four probiotic Lactobacillus strains (two L. plantarum, L. salivarius, and L. rhamnosus) on the growth of S. mutans and C. albicans, in planktonic and cariogenic biofilm settings that simulate high caries risk clinical conditions. We used a comprehensive biofilm evaluation model and RNA-Seq analysis to reveal species interactions.



2 Materials and Methods


2.1 Bacterial Strains and Starter Preparation

The microorganisms used in the study were S. mutans UA159, C. albicans SC5314, L. rhamnosus ATCC 2836, L. plantarum ATCC 8014, L. plantarum ATCC 14917, and L. salivarius ATCC 11741. C. albicans, S. mutans, and Lactobacillus were recovered from frozen stock using YPD agar (BD Difco™, San Jose, CA, USA, 242720), blood agar (TSA with sheep blood, Thermo Scientific™, Waltham, MA, USA, R01202), and MRS agar (BD Difco™, 288210), respectively. After 48 h of incubation, 3–5 colonies of each species were inoculated into 10 ml of broth for overnight incubation (5% CO2, 37°C). C. albicans was grown in YPD broth (BD Difco™, 242820); S. mutans was grown in TSBYE broth (3% Tryptic Soy, 0.5% Yeast Extract Broth, BD Bacto™ 286220 and Gibco™ 212750) with 1% glucose; and Lactobacillus spp. were grown in MRS broth (BD Difco™, 288130). On the following day, 0.5 ml of the overnight starters was added to individual glass tubes with fresh broth and incubated for 3–4 h to reach the mid-exponential phase with desirable optical density. The morning starters were then ready for the preparation of planktonic and biofilm models described below.



2.2 Planktonic Model

Interactions between C. albicans, S. mutans, and Lactobacillus species were first evaluated in planktonic conditions; see Figure S1A for the study flow. The inoculation quantity of C. albicans (103 CFU/ml) and S. mutans (105 CFU/ml) was chosen to simulate high caries risk conditions in the clinical setting. The inoculation quantity of the four Lactobacillus (108 CFU/ml) is the lower dose of the probiotics used in the commercial probiotic products (109–1012 CFU as a single dosage). C. albicans, S. mutans, and one of the Lactobacilli were grown in 10 ml TSBYE broth with 1% glucose for 20 h (5% CO2, 37°C). Additionally, a dose-titration effect of L. plantarum 14917 (104–107 CFU/ml inoculation) was assessed. The growth of each microorganism and pH values were measured at multiple time points.



2.3 Mixed-Species Biofilm Model

We then used a mixed-species biofilm model to assess the effect of Lactobacilli on the biofilm formation by S. mutans and C. albicans; see Figure S1B for the study flow. The biofilm was formed on saliva-coated hydroxyapatite discs (0.50″ diameter × 0.05″ thickness, Clarkson Chromatography Products, Inc., South Williamsport, PA), the method detailed previously (Xiao et al., 2012). The discs were placed in a vertical position using a custom-made disc holder to mimic the caries-prone smooth tooth surfaces in the oral cavity (Xiao et al., 2012).

The mixture of S. mutans, C. albicans, and Lactobacilli was inoculated in 2.8 ml of TSBYE broth with 0.1% (w/v) sucrose and incubated at 37°C and 5% CO2. During the first 24 h, the organisms were grown undisturbed to allow initial biofilm formation. At 24 h, the biofilms were transferred to a fresh culture medium containing 1% (w/v) sucrose or 1% (w/v) glucose to induce cariogenic challenges, while an additional set of biofilms was grown with 0.1% sucrose. The culture medium was replaced every 24 h until the end of the experimental period (72 h). Lactobacilli (108 CFU/ml) was added to the fresh culture medium daily. The culture medium pH was measured at selected time points. The biofilms underwent microbiological, dry-weight, and confocal imaging assays at 24, 48, and 72 h, transcriptome analysis via RNA-Seq at 48 h, and qRT-PCR validation at 48, 50, and 52 h. The methods are detailed previously (Xiao et al., 2012) and are shown in Appendix 1. Duplicated discs were used in each run. Independent assays were repeated three times.



2.4 Inhibition of C. albicans and S. mutans by L. plantarum Supernatant

The supernatant of L. plantarum 8014 and 14917 overnight culture was harvested and sterilized with a vacuum filter system (0.22 µm PES, Corning™ Disposable Vacuum Filter Systems, USA). S. mutans and C. albicans with a range of concentration (101-8 for S. mutans and 101-6 for C. albicans) were treated with the supernatant of L. plantarum and allowed to grow for 24 h in TSBYE with 1% glucose or 1% sucrose condition in 96-well plates. Clear culture indicated no growth of microorganisms.



2.5 Transcriptome Analysis by RNA-seq


2.5.1 RNA Library Preparation and Sequencing

The mass of biofilms was harvested from four discs for each condition. The discs were immersed in RNAlater (Applied Biosystems/Ambion, Austin, TX, USA) for 1 h, followed by biomass removal with a spatula. RNAs were extracted and purified with MasterPure complete DNA and RNA purification kit (Epicentre, Lucigen, WI, USA). The raw RNA product was quantified using NanoDrop One Microvolume UV-Vis Spectrophotometer (Thermo Scientific™, Wilmington, DE, USA). rRNA depletion was performed using Ribo-Zero rRNA Removal Kit (Illumina, San Diego, CA, USA). The RNA sequencing library was prepared using NEBNext Ultra RNA Library Prep Kit for Illumina by following the manufacturer’s recommendations (NEB, Ipswich, MA, USA). The sequencing libraries were multiplexed and clustered on one lane of a flow cell and loaded on the Illumina HiSeq instrument according to the manufacturer’s instructions.

The RNA sequencing library was prepared using the NEBNext Ultra RNA Library Prep Kit for Illumina by following the manufacturer’s recommendations (NEB, Ipswich, MA, USA). Briefly, enriched RNAs were fragmented for 15 min at 94°C. First- and second-strand cDNAs were synthesized. The cDNA fragments were end repaired and adenylated at 3′ ends, and a universal adapter was ligated to cDNA fragments, followed by index addition and library enrichment with limited cycle PCR. Sequencing libraries were validated using the Agilent TapeStation 4200 (Agilent Technologies, Palo Alto, CA, USA) and quantified by using the Qubit 2.0 Fluorometer (Invitrogen, Carlsbad, CA) as well as by quantitative PCR (Applied Biosystems, Carlsbad, CA, USA).

The sequencing libraries were multiplexed and clustered on one lane of a flow cell and loaded on the Illumina HiSeq instrument according to the manufacturer’s instructions. The samples were sequenced using a 2x150 paired-end (PE) configuration. Image analysis and base calling were conducted using the HiSeq Control Software (HCS). Raw sequence data generated from Illumina HiSeq were converted into FASTQ files and demultiplexed using Illumina’s bcl2fastq 2.17 software. The sequence reads of all samples in the study are deposited in the NCBI Sequence Read Archive (SRA) as a study under the accession number of PRJNA809829. One mismatch was allowed for index sequence identification. After demultiplexing, sequence data were checked for overall quality and yield. The sequence reads were trimmed to remove possible adapter sequences and nucleotides with poor quality using Trimmomatic v.0.36. The STAR aligner v.2.5.2b (Dobin et al., 2013) was used to map the trimmed reads to the reference genomes. Unique gene hit counts were calculated by using feature Counts from the Subread package v.1.5.2. Only unique reads within exon regions were counted. Gene hit counts were extracted, and the gene hit count table was used for downstream differential expression analysis.

Using DESeq2, a comparison of gene expression between the groups of samples was performed. The Wald test was used to generate p-values and Log2 fold changes. S. mutans and C. albicans genes with adjusted p-values (false discovery rate (FDR) p-values) < 0.05 and absolute log2 fold changes > 2 and L. plantarum 14917 genes with FDR p-values < 0.05 and absolute log2 fold changes > 1 were called differentially expressed genes (DEGs) for each comparison. A gene ontology (GO) analysis was performed on the statistically significant set of genes by implementing the software GeneSCF v1.1 (Subhash and Kanduri, 2016). The GO list was used to cluster the set of genes based on their biological process and determine their statistical significance. A principal component analysis (PCA) was performed using the “plotPCA” function within the DESeq2 R package. The plot shows the samples in a 2D plane spanned by their first two principal components. The top 500 genes, selected by the highest row variance, were used to generate the plot. Volcano plots were created by VolcaNoseR (https://huygens.science.uva.nl/VolcaNoseR) (Goedhart and Luijsterburg, 2020). Kyoto Encyclopedia of Genes and Genomes pathways were generated by KEGG mapper (genome.jp) and Cytoscape software version 3.8.2.



2.5.2 Real-Time Reverse Transcription Polymerase Chain Reaction

Then cDNAs were synthesized using 0.2 μg of purified RNA and the Bio-Rad iScript cDNA synthesis kit (Bio-Rad Laboratories, Inc., Hercules, CA). The resulting cDNA and negative controls were amplified by quantitative amplification conditions using Applied Biosystems™ PowerTrack™ SYBR Green Master Mix and a QuantStudio™ 3 Real-Time PCR System (Thermo Fisher Scientific, USA). Each 20-µl reaction mixture included template cDNA, 10 µM each primer, and 2× SYBR Green Mix (containing SYBR Green and Taq DNA Polymerase). Unique core genes of S. mutans, C. albicans, and L. plantarum were used as internal reference for comparative expression calculation: gyrA for S. mutans genes (Zeng and Burne, 2013); ACT1 for C. albicans, and ropB for L. plantarum.




2.6 Statistical Analysis

To compare the abundance of S. mutans, C. albicans, and Lactobacillus spp. in planktonic and biofilm conditions, the CFU values were first converted to natural log values; zero values remained to be zero. The log values were compared between each group treated with Lactobacillus spp. to the control group using the Mann–Whitney U test after assessing the normality of data. For other measurements, such as biomass (bacteria and EPS), number and size of microcolonies, and pH value of the biofilms at specific time points, normality tests were performed first. For normally distributed data, the comparisons between groups were tested using the t-test for two groups and one-way ANOVA for more than two groups followed by post hoc test. For data that were not normally distributed, Kruskal–Wallis was used to compare the outcomes of more than two groups, and the Mann–Whitney U test was used for a two-group comparison. Statistical tests were two-sided with a significant level of 5%. IBM SPSS was used for statistical analyses.




3 Results


3.1 Inhibition of C. albicans and S. mutans by Lactobacilli in Planktonic Condition

All four Lactobacillus spp. significantly inhibited the growth of C. albicans by 1 log at 6 h and 2 logs at 20 h (Figure 1A) in planktonic conditions. All tested Lactobacilli significantly inhibited the growth of S. mutans at 6 and 20 h (Figure 1B). In contrast to the inhibited growth of C. albicans and S. mutans, the growth of Lactobacilli in multispecies conditions was not different from their growth in a single Lactobacillus species condition (Figure 1C). The culture medium pH dropped faster with the addition of Lactobacilli spp., but reached the same acidity (~4) at 20 h across all conditions (p > 0.05, Figure S2A). Worth noting is that a dose-dependent effect was seen, as shown in Figure S3; the minimal inoculum of L. plantarum 14917 that demonstrated inhibition on the growth of S. mutans and C. albicans was 108 CFU/ml.




Figure 1 | Inhibition of C. albicans and S. mutans by Lactobacilli in multispecies biofilms. The growth curves of C. albicans, S. mutans, and Lactobacilli in multispecies planktonic and biofilm conditions are plotted. The control group consists of C. albicans and S. mutans. The group with added Lactobacilli was marked as “with Lactobacillus”. (A) Lactobacilli significantly inhibited the growth of C. a lbicans by 1 log after 6 h and 1–2 logs after a 20-h incubation. (B) Lactobacilli significantly inhibited the growth of S. mutans at 6 and 20 h. S. mutans was inhibited to non-detectable level (<20 CFU/ml) after a 20-h incubation with L. plantarum 8014 and L. salivarius 11741. (C) Lactobacilli maintained a stable growth in all groups. (D–L) The growth curves of C. albicans, S. mutans, and Lactobacilli in multispecies biofilm conditions are plotted. (D–F) Lactobacilli (L. plantarum and L. salivarius) inhibited the growth of C. albicans in high-sucrose conditions (1%) by 72 h, a 3-log reduction compared to the control group. No difference of C. albicans growth was detected with the addition of L. rhamnosus in all sugar conditions. (G–I) Lactobacilli (L. plantarum and L. salivarius) inhibit the growth of S. mutans in high-sugar conditions (1% sucrose and 1% glucose). Significantly, L. plantarum 8014 and 14917 inhibited S. mutans in the biofilms to non-detectable level (<20 CFU/ml) as early as 48 h, and the treated biofilms remained non-detectable S. mutans (<20 CFU/ml) at 72 h. L. rhamnosus had poor performance on inhibiting the growth of S. mutans growth in all sugar conditions. (J–L) Lactobacilli maintained a stable growth in all groups. * Indicates that the CFU values of the multispecies biofilms were significantly less than the control group at all follow-up time points (p < 0.05). # Indicates that the CFU values of the multispecies biofilms were significantly less than the control group at specific marked time points (p < 0.05).





3.2 Inhibition of C. albicans and S. mutans by Lactobacillus in Multispecies Biofilms

The growth of C. albicans and S. mutans was significantly inhibited by L. salivarius 11741, L. plantarum 8014, and L. plantarum 14917 in multispecies biofilms (Figures 1D–L). Interestingly, rich sucrose conditions (1% sucrose vs. 0.1% sucrose) enhanced the performance of Lactobacillus spp. Intriguingly, L. plantarum 8014 and 14917 inhibited S. mutans to non-detectable levels (<20 CFU/ml) as early as 48 h, and the inhibitory effect remained until 72 h, whereas L. rhamnosus did not inhibit the growth of S. mutans growth except in 1% glucose conditions. The dynamic changes in microorganism composition in each condition were plotted, as shown in Figure S4. In the biofilms treated with L. salivarius 11741, L. plantarum 8014, and L. plantarum 14917 (1% sucrose and 1% glucose conditions), Lactobacilli became the dominant species after 48 h. The pH of the culture medium (Figures S2B–D) was significantly lower with added Lactobacilli at 24, 48, and 72 h, compared to the control group (p < 0.05).



3.3 Inhibition of Cariogenic Biofilm Formation by L. plantarum

Since L. plantarum 8014 and 14917 demonstrated the better inhibition of C. albicans and S. mutans in planktonic and biofilm conditions, these two strains advanced to the biofilm structural analysis. L. plantarum 8014 and 14917 significantly reduced cariogenic biofilm formation measured by bacteria and EPS biomass and biofilm dry weight (p < 0.05), compared to the control group (C. albicans–S. mutans duo-species biofilm). The 72-h biofilms are shown in Figure 2, and the dynamic changes of biofilm formation from 24 to 72 h are shown in Figure S5. The vertical distributions of bacteria and EPS further demonstrate the altered biofilm assembly (Figure S6). The control group formed the thickest biofilms in 1% sucrose conditions, with the bulk of the biofilm accumulated at around 150–250 µm above the biofilm–HA disc interface (Figures S6D, E). Conversely, the biofilms treated by L. plantarum 14917 were the thinnest and had the least horizontal converge, with approximately 15% coverage of bacteria and 19% EPS at the most abundant layer (20 µm above the biofilm–HA disc interface).




Figure 2 | Morphogenesis, 3D architecture, and quantitative measurement of microcolonies in 72-h multispecies biofilms (1% sucrose condition). The 72-h biofilms of the control group (C. albicans and S. mutans) and experimental groups (with L. plantarum 14917) in 1% sucrose condition were visualized using a two-photon laser confocal microscope. The three-dimensional structure of the biofilms was rendered using Amira software. The green color indicates bacteria and the red color indicates the exopolysaccharides (EPS). L. plantarum 14917 dramatically reduced biofilm formation, compared to the control group (A, B). Biofilm dry weight was significantly reduced with added L. plantarum 14917 (C). *p < 0.05. The biomass of the two biofilm components, bacteria and exopolysaccharides (EPS), was calculated using image-processing software COMSTAT (Heydorn et al., 2000). Both L. plantarum 14917 significantly reduced the biomass of bacteria and EPS (D). The confocal images indicate the cross-sectional and sagittal views of microcolonies formed in the control group (S. mutans and C. albicans duo-species) and with added L. plantarum 14917. Well-formed mushroom-shaped microcolonies were seen in the control group, and the largest size microcolonies were seen in the S. mutans and C. albicans duo-species biofilm. Microcolonies formed with added L. plantarum 14917 were much less structured. Bacterial components were less encapsulated with EPS. The amount of co-localization between bacteria and EPS was calculated using DUOSTAT (E), which was consistent with the findings revealed in the images (*p < 0.05). The surface-attached and free-floating microcolonies were evaluated using COMSTAT and DUOSTAT software. Panel (F) illustrates that biofilms treated by L. plantarum 14917 had significantly reduced microcolony size (p > 0.05; ANOVA, comparison for all pairs using Tukey–Kramer HSD).



Microcolonies are considered virulent and functional structures of biofilm. Surface-attached and free-floating microcolonies were identified in the biofilms. Well-formed mushroom-shaped microcolonies formed in the control group (Figure 2A). Microcolonies formed with added L. plantarum 14917 were less structured, with less bacteria components enmeshed with EPS (Figure 2E) (p < 0.05). Furthermore, biofilms treated with L. plantarum 14917 had significantly fewer surface-attached and free-floating microcolonies, with reduced size (Figure 2F).



3.4 Inhibition on C. albicans and S. mutans Growth by L. plantarum Supernatant

The supernatant of L. plantarum 14917 demonstrated antibacterial and antifungal activity against C. albicans and S. mutans (Table S5). Specifically, the supernatant of L. plantarum 14917 inhibited the growth of S. mutans with a starting concentration equal or lower than 104 CFU/ml in 1% sucrose conditions, and the growth of C. albicans with a starting concentration equal or lower than 101 CFU/ml in 1% sucrose conditions. The supernatant of L. plantarum 8014 had no inhibitory effect on C. albicans. The inhibitory effect was identified as bacteriostatic and fungistatic.



3.5 Transcriptomic Analysis

The principal component analysis (PCA) (Figure S8) and the hierarchical clustering analysis (Figure S9) indicated distinctive transcriptomic profiles of biofilms treated with L. plantarum 14917. Overall, 441 genes of S. mutans and 232 genes of C. albicans had a differential expression between L. plantarum 14917-treated multispecies biofilm and the control group, while 391 genes of L. plantarum 14917 were differentially expressed between the multispecies group and L. plantarum 14917 single-species biofilms (Figure 3 and Tables S2–4). These differentially expressed genes are defined as DEGs. The validation results from the quantitative real-time reverse transcription polymerase chain reaction (qRT-PCR) for selected genes of interest were consistent with the RNA-Seq data (Figure 3). Worth noting is that genes related to C. albicans resistance to antifungal medication (ERG4), fungal cell wall chitin remodeling (CHT2), and resistance to oxidative stress (CAT1) were significantly downregulated when treated with L. plantarum 14917.




Figure 3 | Comparison of transcriptome profiling between multispecies biofilms treated with L. plantarum 14917 and their controls. (A) Volcano plots from transcriptome analysis of S. mutans in multispecies (L. plantarum 14917 + S. mutans + C. albicans) biofilm (48 h, 1% sucrose) compared to S. mutans in duo-species (S. mutans + C. albicans) biofilm. (B) C. albicans in multispecies biofilm compared to C. albicans in duo-species biofilm. (C) L. plantarum 14917 in multispecies biofilm compared to L. plantarum 14917 single-species biofilms. Data represent three independent replicates of each condition. qRT-PCR validation results of selected genes are shown on the right side of each volcano plots. * Indicates that the expression of genes in the multispecies biofilms was significantly different from that in the control group (p < 0.05).



KEGG pathway analyses were further performed with 441 S. mutans DEGs, 232 C. albicans DEGs, and 391 L. plantarum 14917 DEGs, resulting in 33 pathways for S. mutans, 66 pathways for C. albicans, and 31 pathways for L. plantarum 14917. Transcriptomic analysis revealed the disruption of S. mutans and C. albicans cross-kingdom interactions with added L. plantarum. Genes of S. mutans (Figure 4) and C. albicans (Figure 5) involved in metabolic pathways (e.g., EPS formation, carbohydrate metabolism, glycan biosynthesis, and metabolism) were significantly downregulated. In contrast, genes of L. plantarum 14917 in the pathways of genetic information processing, environmental information processing, cellular processes, and metabolism (lipid, carbohydrate, glycan, energy) were significantly upregulated (Figure S10).




Figure 4 | KEGG pathway network for S. mutans differentially expressed genes between the multispecies and duo-species biofilms. The genes of S. mutans differentially expressed genes between the comparison groups with FDR p-values < 0.05 and log2 fold changes > 2 were defined as DEGs and are listed in Supplementary Table 2. Overall, 33 impacted pathways were found for 441 S. mutans DEGs. The fold change of the DEGs involved in the identified pathways is shown in the lower panel.






Figure 5 | KEGG pathway network for C. albicans differentially expressed genes between the multispecies and duo-species biofilms. The genes of C. albicans that differentially expressed between the comparison groups with FDR p-values < 0.05 and log2 fold changes > 2 were defined as DEGs and are listed in Supplementary Table 3. Overall, 66 impacted pathways were found for 232 C. albicans DEGs. The fold change of the DEGs involved in the identified pathways is shown in the lower panel.



To determine the transcriptomic dynamic changes in genes of interest during specific stages of biofilm formation, particularly with the significant drop of pH value in the culture media, qRT-PCR was performed for biofilms at 50 and 52 h (2 and 4 h after culture medium change, Figure S11). S. mutans genes related to EPS formation (gtfB and gtfC) were significantly downregulated at 50 h. Genes related to C. albicans resistance fungal cell wall chitin remodeling (CHT2) and resistance to oxidative stress (CAT1) were also significantly downregulated following culture medium change. Lactobacillus genes plnD, plnG, and plnN that contribute to antimicrobial peptide plantaricins were significantly upregulated.




4 Discussion

We used a comprehensive approach to examine the inhibitory effect of probiotic Lactobacilli on the growth of C. albicans and S. mutans in cariogenic mixed-species biofilms. Among the four tested Lactobacillus spp., L. plantarum 14917 exhibited superior inhibitory properties, whereas L. rhamnosus, a commonly used probiotic in commercial products, was not capable of inhibiting the growth of C. albicans and S. mutans in cariogenic biofilms. L. plantarum has various potential pharmaceutical usages with recent adoption in clinical studies and trials to prevent and treat respiratory diseases, irritable bowel syndrome, depression, etc. (Arasu et al., 2016). The following mechanisms suggest its antifungal and antibiofilm activities observed in our study.

1) Production of plantaricins. Bacteriocins, antimicrobial molecules, produced by L. plantarum are known as plantaricins (Sabo et al., 2014). Not surprisingly, most pln genes (plnD, plnG, plnN, and plnEF) that encode plantaricins by L. plantarum were upregulated in our multispecies biofilms in comparison to L. plantarum 14917 single-species biofilms. The only exception is plnA. plnA functions as a peptide pheromone that induces transcription of pln genes organized in the following five operons: plnABCD, plnEFI, plnJKLR, plnMNOP, and plnGHSTUV (Diep et al., 2003). The possible reason for the downregulation of plnA still needs more exploration. Moreover, culture medium was changed at 48 h in our model. The expressions of plnD, plnG, plnN, plnA, and plnEF at 52 h were lower than 50 h, possibly due to the availability of culture medium sources and the pH-related expression difference.

2) Altered fitness and virulence of S. mutans with the addition of L. plantarum 14917. First, S. mutans upregulates specific adaptation mechanisms (e.g., F-ATPase system, fatty acid biosynthesis) to cope with acidic environments (Baker et al., 2017). Among the F-ATPase system, atpD has a critical function in the assembly of the ATPase complex and is highly induced at low pH (Kuhnert et al., 2004). With added L. plantarum 14917, atpD was upregulated at the 48-h biofilm but downregulated at the 50- and 52-h biofilm. Second, S. mutans genes that are associated with glucan synthesis and remodeling (gtfBC, dexA) and glucan-binding (gbpB) are usually more expressed in multispecies conditions, resulting in more abundant EPS formation in biofilms and dental plaques (Bowen and Koo, 2011). When treated with L. plantarum 14917, gtfBC of S. mutans were downregulated, explaining significantly reduced biofilm biomass and thickness. Third, S. mutans lac genes are associated with galactose metabolism and are upregulated in the presence of C. albicans (He et al., 2017). The addition of L. plantarum 14917 further enhanced the upregulation of S. mutans lacCG, possibly due to the relief of catabolite repression. Furthermore, studies have indicated that some probiotic lactobacilli have an ability to co-aggregate with S. mutans (Keller et al., 2011) and C. albicans (do Carmo et al., 2016), which might explain the inhibition of adhesion to the HA disc.

3) Altered C. albicans virulence. Significantly, several virulence genes of C. albicans were downregulated with added L. plantarum 14917: a) genes related to hyphal growth and adhesion to host cells, including the hyphal wall protein 1 gene (HWP1) and the extent of cell elongation gene 1 (ECE1) (Wang et al., 2017; Lohse et al., 2018). The inhibition of C. albicans switching from yeast to hyphal form was observed in planktonic conditions when treated with L. plantarum 14917 (Figure S12). b) Superoxide dismutase 3 gene (SOD3), a copper fist transcription factor; c) regulator of copper transport protein gene (CTR1); d) chitinase 2 precursor gene (CHT2) that relates to cell wall chitin remodeling (McCreath et al., 1995); and e) ergosterol biosynthesis of ERG4, a gene related to antifungal medication resistance (Copping et al., 2005).

4) Production of other antimicrobial products such as hydrogen peroxide and lactic acid. Hydrogen peroxide is a commonly suggested antimicrobial compound produced from Lactobacilli (Zhang et al., 2018); the inhibition of S. mutans in the biofilm conditions could be a result of reduced transcription of polysaccharide intercellular adhesions. Lactic acid inhibits the growth and production of virulence factors of bacteria (Zhang et al., 2018). Despite aciduric characteristics of S. mutans and C. albicans, the presence of Lactobacilli further decreased the pH, compared to the control group, which might affect the expression of virulence factors of S. mutans and C. albicans.

5) Sugar metabolism. The ability of L. plantarum to colonize different niches is associated with its ability to ferment a variety of sugars and compete against other microorganisms (Garcia-Gonzalez et al., 2021). Sucrose metabolism might be an important ecological fitness determinant of L. plantarum in the competitive growth in multiple-species biofilm (Yin et al., 2018). Our study revealed an interesting finding that L. plantarum could inhibit S. mutans and C. albicans in high-sucrose (1%) conditions but not in low-sucrose (0.1%) conditions. The pH-dependent plantaricin antimicrobial activity could be the partial reason, since plantaricin was most active at pH 5.0 (Kato et al., 1994), which is the culture medium acidity seen in 1% sucrose (pH~5), not in 0.1% sucrose (pH~6.5). In addition, L. plantarum exhibits remarkable genetic and phenotypic diversity, particularly in strain-specific carbohydrate utilization capacities (Fuhren et al., 2020). A previous study demonstrated that strain-specific phenotypes and strain genotypes are associated with utilization of isomaltose and other oligosaccharides (Fuhren et al., 2020). Therefore, we speculate that L. plantarum inhibits S. mutans and C. albicans in high-sucrose conditions due to the utilization of sugar resources and related phenotypic presentation. Future efforts should investigate the genetic traits of L. plantarum related to this phenomenon.

Worth noting is that our study results revealed antimicrobial properties of the overnight culture supernatant of L. plantarum, which supports further analysis of the supernatant in identifying active antimicrobial compounds. Furthermore, we demonstrated the dose-dependent inhibition of L. plantarum on the growth of S. mutans and C. albicans, where a threshold (108 CFU/ml) of L. plantarum is needed to demonstrate the inhibitory effect in our mixed-species model that mimicked high risk for dental caries. More interestingly, an ecological shift of the microbial community was seen in our model. Despite the inhibition of S. mutans and C. albicans by a high dose of L. plantarum (≥108 CFU/ml), a low dose of L. plantarum (104–6 CFU/ml) promoted the growth of S. mutans and C. albicans in 1% glucose planktonic conditions (Figure S3), which warrants further understanding of the mechanistic interaction between L. plantarum and other species.

Moreover, further studies are needed to assess the efficacy of inhibition of L. plantarum on clinical isolates of S. mutans and C. albicans. Animal studies are also warranted to test the efficacy and side effects of using probiotics in caries prevention and optimizing dosage and delivery methods. Subsequently, clinical trials combined with observation of overall oral microflora changes with probiotics will provide a deeper understanding of utilizing probiotic regimens to create and maintain oral microbial homeostasis and prevent dental caries.



5 Conclusions

L. plantarum demonstrated superior inhibition on the growth of C. albicans and S. mutans, disruption of virulent biofilm structure with reduced EPS, and virulent microcolony formation. Transcriptomic analysis further revealed disruption of S. mutans–C. albicans cross-kingdom interactions with added L. plantarum. Our study findings laid a critical foundation for future assessment of using L. plantarum 14917 as a novel caries prevention strategy in animal and clinical studies.
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The oral cavity harbors approximately 1,000 microbial species, and both pathogenic and commensal strains are involved in the development of carcinogenesis by stimulating chronic inflammation, affecting cell proliferation, and inhibiting cell apoptosis. Moreover, some substances produced by oral bacteria can also act in a carcinogenic manner. The link between oral microbiota and chronic inflammation as well as cell proliferation has been well established. Recently, increasing evidence has indicated the association of the oral microbiota with cell migration, which is crucial in regulating devastating diseases such as cancer. For instance, increased cell migration induced the spread of highly malignant cancer cells. Due to advanced technologies, the mechanistic understanding of cell migration in carcinogenesis and cancer metastasis is undergoing rapid progress. Thus, this review addressed the complexities of cell migration in carcinogenesis and cancer metastasis. We also integrate recent findings on the molecular mechanisms by which the oral microbiota regulates cell migration, with emphasis on the effect of the oral microbiota on adhesion, polarization, and guidance. Finally, we also highlight critical techniques, such as intravital microscopy and superresolution microscopy, for studies in this field.
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Introduction

An eclectic and diverse assemblage of microbiota inhabits different sites within the oral cavity, such as teeth, saliva, and oral mucosal surfaces (Lamont et al., 2018). Distinct microbial communities accumulate in these sites through successive colonization events. Since van Leeuwenhoek made the first observation of oral bacteria in dental plaques using primitive microscopes in 1683, our knowledge of oral microbiology has burgeoned. Investigations of the oral microbiota in health and diseases are currently undergoing rapid progress due to the development of techniques (Willis and Gabaldon, 2020). The oral microbial community is a complex and dynamic entity, and shifts in these communities contribute to both oral diseases (e.g., dental caries, periodontitis) and systemic diseases (e.g., diabetes mellitus, cardiovascular disease) (Kleinstein et al., 2020; Hajishengallis and Lamont, 2021). Interestingly, the carcinogenic effect of the microbiome in various organs has been revealed by studies in germ-free animals (Scott et al., 2019). Recently, the microbiome has been considered an influential environmental factor modulating carcinogenesis (Scott et al., 2019; Irfan et al., 2020). Helicobacter pylori is the most known bacterial carcinogen (Alipour, 2021). There is also increasing evidence indicating a correlation of some specific species with cancer, including Porphyromonas gingivalis, Treponema denticola, Fusobacterium sp., Streptococcus sp., Peptostreptococcus sp., Prevotella sp., and Capnocytophaga (Fitzsimonds et al., 2020). In some cases, a dysbiotic community results from a shift in microbial composition rather than a specific organism associated with the carcinogenic process (Irfan et al., 2020). The current strategies to study the role of the oral microbiome in cancer have predominantly focused on detecting microbial communities present or populational shifts in specific samples and investigating host responses to specific microbial challenges, such as immunological responses, inflammatory responses, and cell proliferation. The potentially oncogenic oral bacteria and possible mechanisms of their action on the carcinogenesis of cells have been systematically reviewed (Whitmore and Lamont, 2014; Fitzsimonds et al., 2020; Irfan et al., 2020; Lamont et al., 2022). In summary, oral microbiota participate in cancer mainly via the following mechanisms: (1) stimulating chronic inflammation; (2) inducing mutagenesis, oncogene activation, and angiogenesis; (3) facilitating cell proliferation and inhibiting cellular apoptosis; and (4) producing carcinogens.

In cancer biology, the microbiome is considered an influential environmental factor modulating the carcinogenic process (Scott et al., 2019). Cell migration is an essential physiological process for the immune response, wound repair, and tissue regeneration, while abnormal cell migration is found in devastating diseases such as tumor formation and metastasis. An increasing number of studies have shown that cell migration can be induced by oral bacteria, such as P. gingivalis and Fusobacterium nucleatum. The latest study found that the tyrosine phosphatase (Ltp1) of P. gingivalis is secreted and facilitates P. gingivalis-induced proliferation, migration, and the epithelial to mesenchymal transition (EMT) of gingival epithelial cells by targeting the regulator of growth and cell cycle (RGCC). Three distinct activities occurring either simultaneously or independently are involved in cell migration: protrusion, attachment, and traction. There is a complex and discrepant scenario of these activities depending on conditions and migration types. Taking epithelial cells as an example, slow-moving epithelial cells are characterized by slipping of adhesion and retrograde actin flow, while fast-moving epithelial cells have more gripping adhesions and rapid protrusion (Jurado et al., 2005). Single-cell migration and collective cell migration are two main types of cell migration. Studies have demonstrated that epithelial cells either migrate collectively or undergo EMT, thus migrating as single mesenchymal cells (Lu and Lu, 2021). Migration and EMT are highly compatible and facilitate each other involved in development, wound healing, and cancer metastasis (Son and Moon, 2010; Stone et al., 2016). For example, cell migration induced the spread of highly malignant cancer cells (Mosier et al., 2021). Moreover, carcinoma cells migrate into adjacent tissues and invade the lymphatic system and blood vessels and then seeds in distant organs (Christiansen and Rajasekaran, 2006).

Therefore, cell migration is a potential linkage between oral microbiota and carcinogenesis. Recently, investigations in this field have attracted more attention. However, the mechanisms underlying how the oral microbiota participates in regulating cell migration remain to be elucidated. To contribute to the understanding of this issue, this review summarizes the role of cell migration in carcinogenesis and cancer metastasis and focuses on the mechanisms employed by oral microbiota for regulating cell migration. Finally, we introduced critical techniques in the field of cell migration investigation to arouse exciting science over the next decade.



Cell Migration


Cell Migration and EMT

EMT is a cellular biological process involved in tumor cell invasion and metastasis, which was first discovered by Elizabeth Hay during gastrulation in vertebrate embryos in 1982 (Greenburg and Hay, 1982). EMT has been traditionally defined as a process by which epithelial cells lose their vestiges of epithelial origin (e.g., cell–cell adhesion and cell polarity) while migrating and invading into mesenchymal stem cells (Stemmler et al., 2019). Research findings in recent years have found that EMT is not a binary process; there is the hybrid E/M phenotype of cells that originate from epithelial cells in the progression of cancer, known as partial, incomplete, or hybrid EMT (Bakir et al., 2020). The hybrid EMT has been demonstrated to be involved in various human primary cancers (e.g., head and neck cancer) and carcinosarcomas (e.g, esophageal carcinosarcomas) (Pastushenko and Blanpain, 2019). Theoretical and experimental efforts have provided crucial insights into the mechanisms of EMT and the coupling between EMT and other biological processes, such as cell migration, the cell cycle and apoptosis (Lovisa et al., 2015; Aiello et al., 2018; Li et al., 2019; Prakash et al., 2019). The relationship between EMT and cell migration has attracted increasing interest (Aiello et al., 2018; Li et al., 2019). In general, EMT is an important biological process for epithelial-derived cells to acquire migration and invasion during cancer development, especially during metastasis. There is mounting evidence that cancer cells exploit EMT to increase their migratory and invasive ability during the initial stage of the metastatic cascade. Furthermore, the correlation between EMT and migration is type-dependent. A highly specialized epithelial cell is relatively fixed and possesses a low migration ability due to cell–cell adhesions and the apico-basal surface. Therefore, achieving complete mesenchymal transformation is a prerequisite for the migration of a single epithelial cell. During EMT, epithelial cells gain features such as cell elongation, motility, and invasion, coordinated by reorganization of the actin cytoskeleton. In turn, cell migration occurs, which gives rise to single tumor cells capable of crossing basement membranes and invading blood vessels. This process has been utilized by many breast and colorectal cancer cell lines (Aiello et al., 2018). However, the invasion of cancer cells is usually visualized as the migration of groups of cells. The hybrid state of EMT has been associated with increased invasion and collective cell migration, in which cells retain cell–cell adhesion with each other and possess mesenchymal features, such as increased motility and loss of apical–basal polarity. For instance, Campbell et al. demonstrated that the hybrid EMT driven by Snail induced collective cell migration and seeded polyclonal metastases in Drosophila intestinal tumors (Campbell et al., 2019). Overall, cells that undergo EMT obtain increased migratory ability. Key pathways and cellular events that participate in controlling EMT are also considered to be important factors that regulate cell migration.

Three mechanisms of action have been suggested regarding EMT. The first is deconstructing cell junctions and polarity. The typical characteristics of polarized epithelial cells are tight junctions, adhesive junctions, desmosomes, and gap junctions. Over the years, numerous studies have elucidated that the junction complex plays a vital role in EMT as a medium for polarizing cell–cell contact as well as an anchor point for the actin cytoskeleton. Actin-binding proteins (ABPs) and Rho family GTPases participate in regulating the actin cytoskeleton by controlling the polymerization and disintegration of actin filaments (Tokuraku et al., 2020). Adhesive junctions can anchor capillary basal microtubule arrays and participate in collective cell migration via the interaction between E-cadherin and discoidin domain receptor 1 (DDR1) (Gadiya and Chakraborty, 2018). Microtubules and intermediate filaments are also critical for EMT by influencing cell motility, cell shape, intracellular trafficking, and forces to support protrusion (Datta et al., 2021). The second mechanism attributed to EMT is cytoskeletal changes and motility. Active remodeling of the cytoskeleton is crucial for the transformation of cells into a more motile phenotype, thereby promoting EMT (Amack, 2021; Leggett et al., 2021). In the third mechanism, mast regulators regulating gene expression that contribute to the repression of epithelial phenotype and activation of the mesenchymal phenotype drive EMT, including Snail, Slug, Twist1, Zeb1 and Zeb2 (Stemmler et al., 2019).



Cell Migration in Carcinogenesis

Since Pott noticed the association between exposure to soot in chimneys and scrotal cancer in 1775, which is considered the first research describing the cause of cancer, an explosion of research evidence on the etiology of cancer has occurred rapidly. The mechanism of carcinogenesis is a complicated process involving the regulation of various levels and pathways. Exogenous substances (e.g., chemicals) or endogenous signals (e.g., reactive intermediates generated from cellular pathways) can lead to mutations in proto-oncogenes or tumor suppressors (Patterson et al., 2018). The biological characteristics, pathways or genetic alterations during cell migration may also be related to cancer. For instance, the Abl family of tyrosine kinases can modulate actin cytoskeleton arrangement through activation of cell-surface receptors that are critical for cell motility and migration (Bradley and Koleske, 2009). They also play an important role in the progression of leukemia and solid tumors. ABL1 has been identified as an oncogene in leukemia. The upregulation and activation of ABL can also be observed in solid tumors (Greuber et al., 2013).

It has been gradually noticed that actin also exists in the nucleus (Rando et al., 2002). Actin in cytoplasm is the main provider for driving force at the front edge and responsible for the contraction of the cell body at the rear edge. Recent studies have found that increasing the level of nuclear actin monomer inhibited cell migration by regulating serum response factor (SRF) and TEA Domain (TEAD) transcription factors expression (Mcneill et al., 2020). Cell migration can be accelerated when the polymerization of nuclear membrane and actin filament is prevented (Fracchia et al., 2020). ABPs combine with actin to make it pass through the nucleus. Actin cytoskeleton dynamics are the basis of cell migration. The polymerization and degradation of actin filaments influenced by ABPs is an essential step of cell migration. ABP can regulate cell activity mediated by actin elaborately (Tokuraku et al., 2020). Additionally, ABPs induce the production of invasive structures such as filopodia (Wang et al., 2017). Meanwhile, actin and ABPs are involved in the process of carcinogenesis. Nuclear actin, as an important part of the chromatin complex, may affect DNA transcription and repair. The levels of actin and ABPs may be connected to chromatin remodeling and upregulation of oncogenes (Izdebska et al., 2020). Different kinds of ABPs in the nucleus (i.e., α-actinin-4, nerspin and cofilin) are associated with the expression of genes responsible for tumorigenesis and influence tumorigenic phenotypes (An et al., 2016; Sur-Erdem et al., 2020).

During cell migration, it is necessary for migrating cells to reduce cell rigidity and pass through narrow intercellular spaces. Genomic changes, including temporary nuclear envelope rupture, DNA damage and genomic rearrangements, can be observed in the process of immune and cancer cell migration (Denais et al., 2016; Raab et al., 2016). DNA damage is an important first step in carcinogenesis. When the replication of damaged DNA takes place before DNA repair tools come into play or the damage process occurs at a high frequency, nuclear deformation-associated genomic instability may lead to various cellular responses, ultimately leading to cancer (Basu, 2018). In the case of other cell migration, it is still necessary to discuss whether DNA will be damaged mechanically and then cause carcinogenesis.



Cancer Cell Migration in Metastasis

Cancer cell migration is a critical parameter in metastatic dissemination, which allows the cells to detach from the primary tumor, migrate through the extracellular matrix (ECM), enter the lymphatic vessels or the bloodstream, spread within the tissues and then undergo metastatic growth in distant organs. The same principles of cell migration were employed by cancer cells and nonneoplastic cells (e.g., keratinocytes, fibroblasts) as mentioned above. Histopathological evidence has indicated that cancer cells spread within tissues in diverse patterns. They can disseminate using amoeboid- or mesenchymal-type cell migration or collective migration, which expand into solid cell strands, sheets, files, or clusters. Moreover, multiple forms usually exist simultaneously. Amoeboid-like cells often migrate alone or in streams. Mesenchymal-type cells tend to switch between various modes, including single-cell, in streams and collective migration (Clark and Vignjevic, 2015). For instance, oral squamous cell carcinoma (OSCC) exhibits predominantly collective cell migration when explanted in vitro. However, most solid stromal tumors disseminate via individual cells. Overall, these patterns are regulated by the molecular repertoire of cancer cells, which mainly includes integrins, matrix-degrading enzymes, cell–cell adhesion molecules and cell–cell communication. Increased contractility mediated by the Rho pathway in cancer cells migrating individually facilitates amoeboid-like migration (Sahai and Marshall, 2003). Under most conditions, the lower the differentiation stage is, the more likely the cancer cells are to spread through a single cell.

In collective migration, cell clusters retain intercellular connections and combine with ECM through integrins, cadherin, gap junctions, etc. (Shih and Yamada, 2012; Yang et al., 2019). Partial retention of epithelial characteristics and partial EMT allow cells to migrate as clusters (Shih and Yamada, 2012; Cheung and Ewald, 2016; Liao et al., 2021). Cells in migrating clusters are usually divided into two groups: leader cells and follower cells. Leader cells sense the cancer microenvironment and create a low-resistance migration path (Vilchez Mercedes et al., 2021). The traction generated by leader cells can be transmitted along with cell–cell junctions to enable the migration of follower cells (Bazellières et al., 2015). Bronsert found that cells at the metastasis front rarely expressed mesenchymal morphology or EMT markers and speculated that single-cell migration is rare or even absent in most epithelial tumors (Bronsert et al., 2014). Collective cell migration may play a key role in the process of cancer cell metastasis. Moreover, cancer seeding by collective migration has a worse clinical prognosis because of its greater metastatic and proliferative potential (Hou et al., 2012; Aceto et al., 2014).When tumor cells need to pass through the narrow channel of extracellular space in dense three-dimensional matrices, they can establish the polarized distribution of Na+/H+ pump and aquaporin, thus resulting in the inflow of water at the front of cells and the outflow of water at the back of cells, resulting in net cell displacement (Stroka et al., 2014). The method that adjusts the volume through water infiltration provides another possible cell migration mechanism that does not require actin polymerization.




Oral Microbiota and Cell Migration


Oral Bacteria Regulating Cell Migration

The oral cavity contains one of the greatest microbiological reservoirs in the human body. The dynamic and finely balanced relationship between the oral microbiome and the host is of great importance to human health (Hajishengallis and Lamont, 2021). Bacteria are the largest contributor to the oral resident microbiota, 94% of which is composed of six major phyla (Firmicutes, Bacteroidetes, Proteobacteria, Actinobacteria, Spirochaetes and Fusobacteria), and 6% contains other phyla (Zhang et al., 2018). Accumulating data support a role for oral bacterial infection in the migration of various types of cells, mainly epithelial cells, and cancer cells. The effect may vary depending on the infection method, time, and cell type (Table 1).


Table 1 | Summary of oral bacteria affecting cell migration.



P. gingivalis, the key etiological agent in periodontitis, can successfully invade oral epithelial cells and live intracellularly. It adheres and internalizes to oral cells by modulating host signaling cascades such as phosphorylation/dephosphorylation of molecules and changes in the cell cytoskeleton (Andrian et al., 2006). For instance, P. gingivalis can induce gingival epithelial cells to undergo autophagy and traffic into autophagosome vacuoles to protect itself from targeted lysosome degradation mediated by selective ubiquitin (Lee et al., 2018). P. gingivalis expresses virulence and releases outer membrane vesicles (OMVs), which are involved in the communication between bacteria and the host. In general, P. gingivalis, its derivatives (e.g., heated-killed or conditioned medium from bacteria) and secreted substances (OMVs and Ltp1) can promote the migration of oral epithelial cells and OSCC cells (Inaba et al., 2014; Ha et al., 2015; Ha et al., 2016; Geng et al., 2017; Lee et al., 2017; Abdulkareem et al., 2018a; Hoppe et al., 2019; Ohshima et al., 2019; Kamarajan et al., 2020; Fitzsimonds et al., 2021; Liu et al., 2021a; Liu et al., 2021b). Comprehensive analysis of the host transcription response to P. gingivalis infection showed the mode of increased cell migration (Geng et al., 2019). The colonization of P. gingivalis has been identified as a risk factor for OSCC and is related to prognosis (Ganly et al., 2019). However, the inhibitory effect has also been observed in some studies (Laheij et al., 2013; Bhattacharya et al., 2014). This may suggest that bacterial challenge may hinder the re-epithelialization process and lead to delayed healing after the barrier function of the gingival epithelium is destroyed. We speculated that the possible reason for such a diametrically opposed situation is the relatively short infection time or different sources and locations of cells. It may also be due to differences in protocols between continuous infection and long-term culture with a short infection followed by a medium change. When serial infection experiments with P. gingivalis are performed in vitro, cells often float alive due to strong protease activity.

As a symbiotic bacterium, F. nucleatum is commonly found in the oral cavity. It expresses a variety of adhesins, such as FadA, on the surface to adhere to and invade host cells. Similarly, F. nucleatum can also release extracellular vesicles (EVs) or OMVs (Liu et al., 2019; Liu et al., 2021). Studies have shown that infection with F. nucleatum ATCC 25586 and heated-killed F. nucleatum ATCC 10953 promotes OSCC cell migration and invasion in vitro (Abdulkareem et al., 2018a; Kamarajan et al., 2020; Shao et al., 2021). The effect of its derivatives, secretions and virulence factors on cell migration still needs further study.

Butyric acid (BA), a short-chain fatty acid, is produced by periodontopathic bacteria, such as P. gingivalis and F. nucleatum. Large amounts of BA have been detected in the oral cavities of patients with periodontal disease. BA from periodontopathic bacteria does not directly affect the migration of ameloblastomas but has an indirect influence through the expression of epidermal growth factor (EGF) and transforming growth factor β1 (TGF-β1) (Ishikawa et al., 2020). Other oral bacteria are also related to cell migration. Oral streptococci, such as Streptococcus gordonii, is an important component of the oral microbiome. S. gordonii has been considered an early colonizer to host tissues. It can resist ZEB2 induction by P. gingivalis and then inhibit cell migration (Ohshima et al., 2019). The specific molecular mechanism of oral bacteria related to cell migration, interaction between different kinds of bacteria and its effect on cell migration deserve further study.

There is already evidence that oral bacteria can spread to other body sites through the bloodstream or digestive tract and participate in a variety of systemic diseases (Fiorillo et al., 2019). It may affect the pathogenesis and progression of diseases via cell migration and metastasis. P. gingivalis increases the migration of esophageal squamous cell carcinoma (Liang et al., 2020; Qi et al., 2020). F. nucleatum has been found to be enriched in colorectal cancer (CRC) tissue and acts as a pro-carcinogenic bacterium (Wang et al., 2021). It promotes CRC cancer migration in vitro and metastasis in vivo (Chen et al., 2020; Xu et al., 2021a). In addition, the metastases in mice in which breast cancer developed after infection with F. nucleatum were larger than those in the control group (Parhi et al., 2020). P. gingivalis has been found in the brains of Alzheimer’s disease patients and is involved in the disease process (Dominy et al., 2019). Gingipains, cysteine proteases secreted by P. gingivalis, induces cell migration and membrane ruffling in the human embryonic microglia clone 3 (HMC3) cell line through the protease-activated receptor 2 (PAR2)/ERK1/2 pathway (Nonaka and Nakanishi, 2020). This signaling pathway may be necessary for embryonic microglial cells to move into the infection sites.



Emerging Link Between Oral Virus/Fungi and Cell Migration

Dental professionals are usually familiar with viruses present or cause symptoms in the oral cavity. In a broad sense, they can both be defined as oral viruses. There is not always a clear distinction between them. For example, viruses that induce symptoms affecting oral tissues can be present in the oral cavity following replication and release from other tissues or the blood circulation. Prolonged infection of certain viral genes can insert into host DNA as proto-oncogenes to turn them into oncogenes, leading to malignant transformation (Young et al., 2016; Warburton et al., 2018). There is emerging evidence that Epstein–Barr virus (EBV), as an oncogenic virus, promotes OSCC progression. P53 can promote the emergence of leader cells and then coordinate the migration of epithelial cells (Kozyrska et al., 2022). EBV decreases the stability of P53 and increases the expression of matrix metalloproteinase (MMP) through CTAR family proteins/programmed cell death protein 1 ligand, thereby promoting OSCC cell metastasis and tumorigenesis (Radaic and Kapila, 2021). Human papillomavirus (HPV) is detectable in 40-70% of oropharyngeal cancer (OPC) and 20% of non-OPC, almost the HPV16 subtype (Mehanna et al., 2013). The relationship between HPV and cervical cancer has been generally acknowledged. HPV16 can lead to enhanced migration and invasion of cervical cancer cells in vitro and in a mouse model (Hu et al., 2015; Wang et al., 2019).

Fungi are common, albeit minor, members of the oral microbiota, which are structurally and metabolically distinct from other oral microorganisms, such as bacteria and viruses. They have varied cell morphologies, including yeast, hyphae, pseudo hyphae, and chlamydospores. Although filamentous fungi can rarely be isolated from the oral cavity, yeast can be cultured from the saliva of approximately 40% of individuals, such as Candida tropicalis, Candida dubliniensis, and Candida glabrata. The most frequent oral fungal infection is Candida albicans. C. albicans significantly increased in OSCC patients compared with the control group (Hong et al., 2020). C. albicans can enhance the migratory ability of oral keratinocytes through activation of the ERK/focal adhesion kinase (FAK) pathway (Shi et al., 2009). Exposure to different concentrations of C. glabrata and Candida kefyr (MOI=1,10) was found to inhibit human buccal epithelial cell migration in vitro (Haverman et al., 2017). This inhibitory effect may play a role in the process of ulcerative mucositis.




The Mechanisms of Oral Microbiota Regulating Cell Migration

Migration is a multistep process. First, the cells are polarized in response to the migration-promoting stimulus, and then the membrane protrusions extend in the direction of the stimulus (Lauffenburger and Horwitz, 1996). Then, the adhesion of the protrusions to the ECM produces traction, which allows the movement of the cell, disassembly of the adhesion points and retraction of the back of the cell (Ridley et al., 2003). Collective and single-cell migration share these broad mechanistic characteristics (Yang et al., 2019). Studies have found that oral microbes mainly regulate cell migration by affecting cell adhesion, polarization, guidance, etc. (Figure 1).




Figure 1 | Possible mechanisms by which oral microbiota influence cell migration. P. gingivalis and HPV 16 release intercellular adhesions by downregulating E-cadherin and upregulating MMP. P. gingivalis enhances the expression of Cdc42 and Rac2 to induce the front and back polarity that is crucial for cell migration. P. gingivalis drives cell clusters to move orientally through the formation of integrin and focal adhesion.




Adhesion

Intercellular adhesion is mediated by different types of junction complexes, including tight junctions, adhesive junctions, gap junctions and desmosomes (Rusu and Georgiou, 2020). Oral microbiota can degrade epithelial cell tight junction proteins in an MMP-dependent manner or by affecting the activity of transcription factors (Ha et al., 2015). The shape of infected cells became slender, indicating absent contact inhibition, and cell junctions were weakened under a transmission electron microscope (Geng et al., 2017). MMP is involved in focal degradation of type IV collagen, breakdown of basement membrane and release of cell adhesion (Strutz et al., 2002). MMP-1, MMP-2, MMP-3, MMP-7 and MMP-9 were upregulated following exposure to P. gingivalis stimulation (Ha et al., 2016; Lee et al., 2017). One mechanism is that gingipains of P. gingivalis process the proenzyme of MMP-9 into active MMP-9 to promote cell migration and invasion (Inaba et al., 2014; Inaba et al., 2015). This process is regulated by the PAR4, p38/HSP27, ERK1/2-Ets1, and PAR2/NF-κB pathways (Inaba et al., 2014; Inaba et al., 2015). P. gingivalis could also activate the expression of MMP-2 and MMP-9 by increasing the transcription of nicotinamide N-methyltransferase (NNMT) and Gas6 (Tang et al., 2011; Geng et al., 2017).

E-cadherin, the central protein of cell–cell adherens junctions, is downregulated by a series of transcription factors (Slug, Snail, JAG1, Notch, Zeb1 and Zeb2) (Wu and Zhou, 2010). P. gingivalis can significantly enhance the activity of these transcription factors (Geng et al., 2017). Moreover, P. gingivalis infection could inhibit the expression of E-cadherin and increase the expression of Snail in oral epithelial cells by upregulating the transcription of colon cancer associated transcript 1 (CCAT1) and growth arrest specific 6 (Gas6) (Jiang et al., 2015; Guo and Hua, 2017). HPV-16 may also facilitate the migration and metastasis potential of cervical cancer through altered cadherin switching (Hu et al., 2015).



Polarization and Guidance

Polarity is characteristic of epithelial cells. In polarized epithelial cells, the intercellular junction complex is located asymmetrically. The spatial asymmetry of these complexes is mediated by a class of evolutionarily conserved proteins, which can be divided into three functional groups: the Crumbs2 complex, Scribble complex and Par complex. The apical domain is related to the Crumbs complex, the basolateral domain is composed of the Scribble complex, and the subapical region of the apical-basal boundary is related to the Par complex, which is composed of Par3, Par6, and atypical protein kinase C and Cdc42.

In single-cell migration, migrating epithelial cells tend to lose apical-basal polarity and rearrange their actin cytoskeleton (Gibieža and Petrikaitė, 2021). The protusions of the leading edge drive the cell to orientally migrate, and the main force of migrating is generated by the lamellipodia. Myoslin II and Rho catalyze the formation of new cell-ECM adhesion (focal adhesions) during lamellipodia extension. The stress fibers are joined to mature focal adhesions, connecting the cell to the ECM. In collective migration, cells in different positions show different expression patterns. The simple case is front/rear polarization. The leading cells with a mesenchymal phenotype guide the following cells to retain epithelial characteristics. This process is coordinated by cell-ECM and cell–cell interactions.

Rho family GTPases include RhoA, Rac and Cdc42 proteins, which participate in the formation of cytoskeletal components by inducing the accumulation of F-actin in the front of the cell (Ridley, 1999). Rho GTPases regulate cytoskeletal actin rearrangement and thus cell dynamics (Sahai and Marshall, 2003; Lawson and Ridley, 2018). Polar proteins regulated by GTPase enzymes of the Rho family induce the formation of the front and rear axes (Capuana et al., 2020). Rac protein is closely related to the formation of lamellipodia and cell migration. The Rho-dependent localization of myosin IIB in the back of the cell is necessary for the maintenance of front and back polarity and tail contraction during the process of mesenchymal migration (Vicente-Manzanares et al., 2008). Cdc42 mainly produces front and back polarity. The local activation of Cdc42 and its spatial gradient in nonpolarized cells drive the formation of the initial protruding front under uniform chemotaxis stimulation (Yang et al., 2016). When the apical junction complex is destroyed, Cdc42 and the polar protein complex relocate from the tight junction area to the front and induce the centrosome and Golgi to relocate to the front of the cell, promoting the growth of microtubules to the front of the cell and subsequent cell migration (Burute et al., 2017). Therefore, at the front end, Cdc42 and Rac promote actin polymerization, thereby promoting the formation of protrusions such as filopodia or lamelia. Increased actin reorganization and Cdc42 and Rac activity are observed in OSCC (Iwai et al., 2010). P. gingivalis enhanced the expression of Rac2 and Cdc42 in platelets and neutrophils (Börgeson et al., 2011; Senini et al., 2019). P. gingivalis fimbriae induced transendothelial migration of monocytes by activating Rac1 and PI3K (Harokopakis et al., 2006). Its effect on oral epithelial cells needs further study.

Integrin alpha V and FAK signals help mediate cell migration (Trepat et al., 2012).Cell migration depends on the binding of integrins to the ECM, which activates downstream signaling, including FAK phosphorylation and mitogen-activated protein kinase (MAPK), to recruit focal contacts. Several integrins, such as beta-6 integrin, can facilitate cell migration through actin cytoskeletal reorganization and cell polarization. P. gingivalis inhibits the induction of integrin beta-3 and -6 and the cell migratory process in oral keratinocytes (Bhattacharya et al., 2014). Periodontal pathogens (P. gingivalis, F. nucleatum, and T. denticola) promote OSCC cell migration through the activation of integrin alpha V and FAK (Kamarajan et al., 2020). The E6 protein of HPV could also promote actin cytoskeleton assembly through β1-integrin signaling (Holloway and Storey, 2014).



EMT

The other strategy employed by oral microbiota to manipulate cell migration is modulating the EMT process (Figure 2). Specifically, microbial dysbiosis results in the degradation of epithelial tight junction proteins, enhances mesenchymal characteristics, and induces at least a portion of the EMT process. For instance, P. gingivalis regulates epithelial barrier function through the degradation of E-cadherin (Sztukowska et al., 2016; Abdulkareem et al., 2018a). P. gingivalis and F. nucleatum could also enhance the expression of EMT-associated transcription factors (Zeb1, Zeb2, Slug, Snail, Jag1, Notch, Twist, OLFM4 and RGCC) in oral epithelial cells and OSCC cells through diverse pathways, including the phosphorylation of glycogen synthase kinase-3β (GSK‐3β), EGF, tumor necrosis factor-α (TNF-α) and TGF-β1 (Bhattacharya et al., 2014; Sztukowska et al., 2016; Abdulkareem et al., 2018a; Abdulkareem et al., 2018b). S. gordonii can resist ZEB2 induction by P. gingivalis by suppressing FOXO1 and activating the TAK1-NLK negative regulatory pathway (Ohshima et al., 2019). F. nucleatum can activate the signal transducer and activator of transcription 3 (STAT3) signaling pathway, which can increase the expression of EMT-associated genes (E-cadherin, Snail and Twist) (Huang et al., 2011; Wang et al., 2020). The upregulation of partial EMT genes is also observed in F. nucleatum-infected OSCC cells (Shao et al., 2021).




Figure 2 | Oral microbiota guide epithelial-mesenchymal transition of normal epithelial cells. EMT-associated transcription factors (Zeb1, Zeb2, Slug, Snail, Jag1, Notch, Twist, OLFM4 and RGCC) can induce epithelial cells to undergo partial or complete mesenchymal transformation by downregulating epithelial markers (such as E-cadherin) and upregulating mesenchymal markers (MMP and Vimentin). P. gingivalis and F. nucleatum enhance the expression of EMT-associated transcription factors through diverse pathways: (1) the phosphorylation of GSK‐3β, EGF, TNF-α and TGF-β1; (2) the activation of the IL-6/STAT3 pathway; (3) the upregulation of NNMT, CCAT1 and GAS6;(4) the nuclear translocation of β-catenin and further activation TCF/LEF promoter elements; (5) the activation of PTEN; and (6) the upregulation of FOXO1 S. gordonii can resist EMT-associated factor induction by P. gingivalis by suppressing FOXO1 and activating the TAK1-NLK negative regulatory pathway.



Wnt/β-catenin facilitates EMT in cancer progression (Liu et al., 2017; Li et al., 2021). β-catenin in the nucleus binds to the T cell factor/lymphoid enhancer factor (TCF/LEF) transcription factor, the major end point mediators of Wnt/β-catenin signaling, to activate EMT. Vimentin is the target of Wnt/β-catenin signaling. The nuclear translocation of β-catenin and activation of vimentin can be observed in OSCC cells, which are related to poor prognosis (Chaw et al., 2012). The gingipains of P. gingivalis modulate the β-catenin pathway in gingival epithelial cells and the disassociation of the β-catenin destruction complex composed of scaffolding proteins and the kinases GSK3β and Casein Kinase 1α (CK1α). It can induce nuclear translocation of β-catenin and further activate TCF/LEF promoter elements (Zhou et al., 2015).

It has been proven that several genes are positively relevant to cell migratory and invasive ability, such as CCAT1, NNMT and Gas6. CCAT1 and Gas6 can downregulate E-cadherin and upregulate EMT-associated transcription factors, such as Snail and Twist (Jiang et al., 2015; Guo and Hua, 2017). The mRNA expression of NNMT, CCAT1 and GAS6 was increased in P. gingivalis-infected oral epithelial cells (Geng et al., 2017).



Others

Keratin 7 (KRT7) is a type II cytokeratin and is involved in cell motile activity. It has been proven to be relevant to lymph node metastasis and poor prognosis in CRC (Bayrak et al., 2011; Hrudka et al., 2021). F. nucleatum upregulates the long noncoding RNA KRT7-antisense and stabilizes KRT7 mRNA via the NF-κB pathway (Chen et al., 2020). HPV-16 enhances actin polymerization by downregulating alpha-actinin-4 (ACTN4), leading to enhanced migration and invasion (Tentler et al., 2019; Wang et al., 2019).




Critical Techniques for Investigating Cell Migration

With the development of new microscopy methods and fluorescent reagents specifically used for cell imaging, microscopy technology plays a central role in the research of cell biophysics. Optical microscopes allow us to view cell structures with previously unattainable spatial and temporal resolution and to image living cells in tissues and animals. Improvements in electron microscopy technology allow us to understand the molecular structure of organelles in cells in more detail. In recent years, an increasing number of technologies have emerged, such as video real-time microscopy, confocal microscopy, multiphoton microscopy, intravital microscopy, superresolution fluorescence microscopy, electrochemiluminescence microscopy, and traction force microscopy, which make the observation and analysis of cell migration more accurate and intuitive (Horwitz, 2016).

Most biological research relies on conventional experimental techniques, and static analysis is only allowed at certain time points in vitro. Visualizing cell dynamics in organisms can provide opportunities to study key biological phenomena in vivo. However, electron microscopy is usually not suitable for live or wet samples due to the need for vacuum operation conditions. Soon after the first compound microscope was invented in 1595, the intravital microscope (IVM) was used for physiological research. IVM can be combined with a variety of optical systems, such as confocal and multiphoton microscopy, to conduct deeper observations of tissues and directly observe the biological structure and dynamic behavior of objects, including single cells and living animals. With these characteristics, IVM can be used to visualize the biological morphology of various fields, such as vascular biology, immunology, stem cell biology and oncology (Choo et al., 2020). For instance, in the field of oncology, IVM can be used to observe the single-cell behavior of cancer cells and immune cells during tumor progression and metastasis (Ng et al., 2008; Pinner et al., 2009; Gabriel et al., 2018; Kuo et al., 2019). To overcome the obstacle of the traditional IVM that the limited frame rate cannot accurately observe the rapid dynamic behavior of cells, a real-time IVM capable of video image scanning (over 30 frames/sec) has been invented to visualize faster cell movement and further study cell functions and the interactions between cells (Padera et al., 2002). Moreover, the Boyden chamber assay and scratch wound assay are standard techniques for studying cell invasion and migration, but both techniques have their own limitations. The Boyden chamber assay is difficult and time-consuming, while the scratch wound assay has low repeatability. The real-time video microscope can be introduced into the incubator to generate real-time images of cell migration, which can provide accurate quantitative data for wound healing and is used to provide automatic real-time analysis of cell migration, which improves repeatability (Jain et al., 2012). This video microscope-based scratch experiment has proven to be a reliable technique for evaluating cell migration and invasion (Guy et al., 2017).

In addition, superresolution fluorescence microscopy, harmonic generation microscopy, electrochemiluminescence microscopy, and traction force microscopy are all powerful tools for studying cell migration. The5 superresolution microscope overcomes the limitations of conventional optical microscopes in resolution, dimensionality, quantification, and imaging speed. It can be used to observe the cellular processes of single cells with nanometer-level resolution, contributing to the understanding of rapid cell dynamics with a more visualized subcellular and molecular scale. Increasing methods have been developed to achieve superresolution, such as stimulated emission depletion (STED), structured illumination microscopy (SIM), photoactivation localization microscopy (PALM), stochastic optical reconstruction microscopy (STORM), and superresolution optical fluctuation imaging (SOFI) (Feng et al., 2018). These realize the nanoscale, visualization and quantitative analysis of signaling pathway molecules such as membrane proteins (Xu et al., 2021b). Second harmonic generation (SHG) is a second-order nonlinear optical process. Two photons interacting with nonlinear optical materials, such as collagen, combine to form a new photon whose frequency is twice that of the original photon, and the wavelength is halved (Wolf et al., 2009). SHG microscopy is a high-resolution nondestructive imaging method that represents an ideal method for detecting the geometry of collagen in natural and/or connective tissues. It has been used to study the morphology of fibrous collagen in a variety of tissues, which helps to understand the structure of collagen in tissues under normal or abnormal conditions. Unlike SHG microscopy, which requires specific asymmetry of the imaging structure, third harmonic generation (THG) is a combination of three photons converted into a photon with one third of the excitation wavelength and three times the energy. Therefore, compared to SHG, the application range of THG is wider. The combination of SHG or THG with fluorescence detection and intravital microscopy provides more details about tissue-tissue and cell-tissue interactions, which helps to simulate the migration of tumor cells in the tissue in a specific environment (Weigelin et al., 2012). Electrochemiluminescence microscopy can provide a clear visual contrast between the adhesion site and the noncontact domain so that the former can be selected and displayed in a label-free manner to image the cell matrix adhesion of the moving cell clusters to study the movement of cells in collective migration (Ding et al., 2020). Traction force microscopy is an experimental technique used to quantify the contractile force produced by adherent cells by placing the cells on a flexible material, such as polyethylene glycol or polyacrylamide gel with a known elastic modulus, track the displacement of the substrate caused by the cell contraction, and then convert it into a traction field (Hur et al., 2020). Traction force microscopy with integrated microfluidics can precisely control physical and chemical stimulation to detect the migration speed, traction and intercellular tension of cell clusters under different chemical gradients (Jang et al., 2019).

In the limited three-dimensional (3D) space, the situation of cell migration is more complex, which is difficult to observe by traditional methods. New engineering model systems, such as hydrogels and microchannel assays provide new insights into 3D cell migration. The synthesized hydrogel can independently modulate the hardness, composition, degradability, or other characteristics to analyze the role of a single characteristic of ECM in cell migration (Trappmann et al., 2017). Therefore, it provides a platform to see how cancer cells respond to different biochemical and mechanical signals. Other types of cells can also be introduced into these hydrogels to simultaneously observe cell-matrix and cell-cell interactions (Katz and West, 2022). Confined microchannel approach can introduce and adjust the interface geometry to explore changes in cytoskeleton, adhesion, and regulatory proteins induced by different experimental microenvironments (Mak et al., 2011). Polydimethylsiloxane (PDMS) microchannel devices are also widely used to study migration in 3D confinement. Microchannel system allows direct and real-time imaging and explores the mechanism of migration under confined conditions without shear stress. Microchannel coated with different ECM proteins can be applied to explore cells’ response to external gradients. In addition, the limited migration space in vivo can also be simulated by grooved substrates, micropatterned lines and islands, vertical confinement, patterned gels, and so on (Paul et al., 2016).



Summary

Studies have shown that the oral microbiota can regulate the carcinogenic process of cells, and this process may involve abnormal cell migration. Partial or complete EMT is related to increased migratory ability and participates in cancer invasion and metastasis. Specific genetic changes and signaling pathway activation during cell migration may also be seen in EMT, tumorigenic phenotypes and cancer metastasis. Collective migration is the main form of cancer invasion, and it is associated with worse prognosis. Oral microbial dysbiosis is related to abnormal cell migration of oral epithelial cells. Increasing evidence has shown that P. gingivalis, F. nucleatum, Streptococci and their virulence factors regulate cell migration, whose effects vary with infection methods, time, and cell types. Some oral viruses and fungi can affect cell migration, and further study is needed. The oral microbiota also participates in systemic diseases through cell migration. The mechanism by which the oral microbiota regulates cell migration includes cell adhesion, polarization, guidance, EMT, etc. real-time microscopy, superresolution microscopy, harmonic microscopy and traction microscopy are widely used to observe and analyze the migration process. We expect that with further development of microscope imaging technology, the relevant mechanism can be observed more intuitively and accurately.
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Different small molecules have been developed to target cariogenic bacteria Streptococcus mutans. Based on target-based designing and in silico screening, a novel diaryl urea derivative, 1,3-bis[3,5-bis(trifluoromethyl)phenyl]urea (BPU), has previously been found effective in inhibiting the growth of S. mutans. However, the exact mechanism remains unclear. This current study aimed to explore the antimicrobial and antibiofilm effects of BPU on S. mutans and locate key enzymes and biological processes affected by the molecule via in silico molecular docking analysis and transcriptomic profile. Our in vitro results confirmed that BPU was capable of inhibiting planktonic growth as well as biofilm formation of S. mutans. The virtual binding analysis predicted that the molecule had strong binding potentials with vital enzymes (3AIC and 2ZID) involved in extracellular exopolysaccharide (EPS) synthesis. The predicted inhibitive binding was further confirmed by in vitro quantification of EPS, which found a decreased amount of EPS in the biofilms. The transcriptomic profile also found differential expression of genes involved in EPS synthesis. Moreover, the transcriptomic profile implied alterations in stress response and nitrogen metabolism in S. mutans treated with BPU. Examination of differentially expressed genes involved in these biological processes revealed that altered gene expression could contribute to impaired growth, biofilm formation, and competitiveness of S. mutans. In conclusion, the novel diaryl urea derivative BPU can inhibit the virulence of S. mutans by affecting different biological processes and serves as a potent anti-caries agent.
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Introduction

The prevention and treatment of dental caries have long been associated with the interference of cariogenic bacteria in the oral cavity. Traditional anti-caries agents, including fluoride and antibiotics, have been reported to contribute to local and systematic toxicity, as well as drug resistance (Liao et al., 2017; Qiu et al., 2020). Novel anti-caries chemicals are required to inhibit the growth and metabolism of cariogenic microorganisms while exerting limited side effects.

Various small molecules have been developed to target cariogenic microorganisms including the notorious species, Streptococcus mutans (Cui et al., 2019; Yang et al., 2021). These small molecules usually have unique structures to target specific metabolic pathways and vital enzymes in bacterial cells (Zhang et al., 2015). Different approaches, including drug repositioning, library screening, natural products screening, and target-based designing, have been applied to identify small molecules that have anti-caries potentials (Yang et al., 2021). Among them, target-based designing and in silico screening from the small-molecule library have been of special interest, as they provide hits with good specificity and high throughput (Younson and Kelly, 2004; Nijampatnam et al., 2016; Nijampatnam et al., 2021).

Based on the abovementioned methods, a previous study identified a series of small molecules that have the potential to enhance fluoride toxicity in bacterial cells (Nelson et al., 2015). One of the small molecules, 1,3-bis[3,5-bis(trifluoromethyl)phenyl]urea (BPU; Figure 1A), was found to be especially effective in inhibiting the growth of Escherichia coli and S. mutans when used in combination with fluoride (Nelson et al., 2015). The enhanced antimicrobial ability was suggested to be associated with the trifluoromethyl substituents on the aryl rings, which facilitate fluoride/chloride uptake and/or retention (Busschaert et al., 2012; Nelson et al., 2015). Further investigation of the molecule structure reveals that the trifluoromethyl substituents are not the only structure related to antimicrobial effects. The diaryl rings in the small molecule contribute as hydrogen-bond donors and have been proved to be able to bind and inhibit specific bacterial proteins including DNA gyrase B and penicillin-binding protein 1a (Limban et al., 2020; Sroor et al., 2021). Moreover, similar urea derivatives have been used to target pathogenic bacteria such as Staphylococcus aureus, Pseudomonas aeruginosa, and Enterococcus faecalis (Wu, 1965; Gunduz et al., 2020). The preliminary structure investigation indicated that BPU has the potential to exert an inhibitive effect against S. mutans alone and act as a novel anti-caries agent. However, no in vitro result has been reported to support the antimicrobial effect of BPU alone on S. mutans. Also, the exact inhibition site and affected biological processes remain unknown.




Figure 1 | Chemical structure and molecular docking analysis. (A) Chemical structure of 1,3-bis[3,5-bis(trifluoromethyl)phenyl]urea (BPU) molecule. (B, C) Predicted binding mode (left, 3D; right, 2D) of BPU molecule with 2ZID (B) and 3AIC (C). Hydrogen bond is shown with green dashed lines (right). Hydrophobic interaction is shown with red “eyelashes”.



In this study, we investigated the antimicrobial and antibiofilm effects of the novel diaryl urea derivative, namely, BPU, against S. mutans UA159. In silico molecular docking analysis was applied to predict the binding potential and binding site of the small molecule with different proteins in S. mutans cells. Transcriptomic analysis was performed to validate the predictions and locate major biological processes that were affected by the small molecule.



Materials and Methods


In Silico Molecular Docking

The three-dimensional structure of BPU was downloaded from PubChem (Cas no. 3824-74-6). The structure was geometrically optimized and energy minimized using ChemBio3D Ultra 14.0 software. A total of 20 proteins originating from S. mutans were selected for in silico molecular docking (Table 1). These proteins were selected because they have been reported to be associated with the virulence of S. mutans and their crystal structures were available online. Crystal structures of targeted proteins were obtained from Protein Data Bank (PDB) with accession codes. The protein structures were processed step by step including the removal of original ligands and water molecules, the addition of polar hydrogen atoms, and charge calculation and distribution using PyMOL v2.3.0 and AutoDocktools v1.5.6. Docking analysis was performed using AotoDock Vina v1.1.2 with default parameters. Results with the strongest protein–ligand interactions were visualized and analyzed with PyMOL v2.3.0 and LigPlot v2.2.4.


Table 1 | Proteins selected for molecular docking study.





Experimental Chemicals, Bacterial Strain, and Growth Conditions

Different amount of BPU (Sigma-Aldrich, CA, USA) was dissolved in acetonitrile (Aladdin, Nanjing, China) for in vitro studies. S. mutans UA159 was obtained from the State Key Laboratory of Oral Disease (Sichuan University, Chengdu, China). Bacteria were routinely grown in brain heart infusion (BHI) broth (BD, NJ, USA) or on BHI agar plates at 37°C anaerobically (10% H2, 5% CO2, and 85% N2). For biofilm formation, 1% sucrose (Sigma-Aldrich, CA, USA) was added to the BHI broth.



Planktonic Growth Assay

The antimicrobial effect of BPU on planktonic S. mutans UA159 was tested using a growth curve. S. mutans UA159 was incubated in BHI broth until the early log phase (OD600 = 0.2). Bacterial cells were pelleted and resuspended with fresh BHI broth containing 1, 2, 5, 10, 20, and 50 µg/ml of BPU. For blank control, fresh BHI broth containing the same volume of acetonitrile was used to resuspend bacterial cells. Resuspensions measuring 200 µl were then added into wells of a sterile 96-well microplate. The microplate was sealed with a transparent sealer and incubated at 37°C for 12 h. Growth was monitored by recording the optical density at 600 nm (OD600) every 30 min with Spectra MaxM3 (Molecular Devices, CA, USA).



Crystal Violet Assay

The biomass of S. mutans biofilms with or without BPU treatment was quantified with a crystal violet staining assay. S. mutans UA159 was incubated until mid-log phase (OD600 = 0.5), pelleted, and resuspended with fresh BHI broth supplemented with 1% (w/w) sucrose (BHIS). Resuspensions were transferred to a sterile 96-well microplate, and BPU was added to reach different final concentrations (1, 2, 5, 10, 20, and 50 µg/ml). The same volume of acetonitrile was added to the control group. After anaerobic incubation at 37°C for 24 h, all wells were washed with sterile phosphate-buffered saline (PBS) to remove loose cells. Biofilms attached to the bottom of the wells were fixed with 4% paraformaldehyde (Sigma-Aldrich, CA, USA) for 15 min followed by staining with 0.01% crystal violet solution (Adamas, Shanghai, China) for 8 min. Solutions were then removed, and biofilms were again washed with PBS twice. Acetic acid (33% v/v, Sigma-Aldrich, CA, USA) was added to each well to destain for 10 min. The destaining solution was then transferred to a new 96-well plate, and OD575 was recorded with Spectra MaxM3.



Biofilm Formation on Saliva-Coated Hydroxyapatite Discs

Biofilms of S. mutans UA159 were formed on saliva-coated hydroxyapatite (sHA) discs using a previously described method with a few modifications (Wang et al., 2020). Briefly, HA discs (8 mm in diameter and 2 mm in thickness; Baiameng Bioactive Materials, Chengdu, China) were sonicated in deionized water for 10 min and sterilized at 121°C for 15 min before use. Clarified saliva was prepared by centrifuging whole unstimulated saliva of a healthy human donor at 4,000 rpm for 20 min at 4°C, followed by filtration through 0.22-µm polyethersulfone membrane (Koo et al., 2010). The sterile HA discs were placed into 24-well plates. Each well contained clarified saliva mixed with the same volume of desorption buffer (containing 500 mM of KCl, 10 mM of CaCl2, 1 mM of MgCl2, 6.2 mM of K2HPO4, and 14 mM of KH2PO4). After incubation in clarified saliva and desorption buffer at 37°C for 30 min, the sHA discs were ready for use.

S. mutans UA159 was incubated in BHI broth until the mid-log phase (OD600 = 0.5). Cells were then pelleted and resuspended in BHIS. Resuspended bacterial cells were transferred to sterile 24-well plates with different concentrations of BPU or the same volume of acetonitrile. The abovementioned sHA discs were placed in each well. Plates were incubated anaerobically at 37°C for 24 h. Biofilms formed on the surface of sHA discs were used for further examinations.



Scanning Electron Microscopy

Twenty-four-hour biofilms attached to the surface of sHA discs were harvested and washed twice with cysteine peptone water (CPW; containing yeast extract, peptone, sodium chloride, and cysteine HCl, pH 7.2). Biofilms were fixed with 2.5% glutaraldehyde (Adamas, Shanghai, China) at 4°C overnight, followed by serial dehydration with ethanol (30%, 40%, 50%, 60%, 70%, 80%, 90%, and 100%). Samples were dried and coated with gold before observation with SEM (Quanta 400 FEG, FEI, Hillsboro, OR, USA).



pH Drop Examination

Acid production of S. mutans biofilms was examined with a pH drop of the supernatant. Culture media of the abovementioned biofilms measuring 2 ml formed on sHA discs were taken at 0, 4, 8, 12, and 24 h and centrifuged at 4°C at 4,000 rpm for 10 min. The pH of the supernatant was measured with an electronic pH meter (FiveEasy Plus, FE28-standard, Mettler-Toledo, Schwerzenbach, Switzerland).



Confocal Laser Scanning Microscopy Analysis

A commercial LIVE/DEAD BacLight Viability Kit (Life Technologies, NY, USA) was used to stain viable and dead cells in 24-h biofilms. S. mutans biofilms formed on sHA discs were harvested after 24-h incubation. The staining of bacterial cells was processed according to the manufacturer’s instructions. Viable cells and dead cells were respectively stained with SYTO 9 (excitation, 480 nm; emission, 500 nm) and propidium iodide (PI; excitation, 490 nm; emission, 635 nm). Samples were observed with confocal laser scanning microscopy (CLSM; NikonA1; Nikon Inc., Tokyo, Japan). Images were taken at an interval of 10 µm. Integrated fluorescence density was quantified with ImageJ software (v1.48, National Institutes of Health, USA).



Water-Insoluble Exopolysaccharide Determination

Production of water-insoluble exopolysaccharide (EPS) by S. mutans biofilms was examined qualitatively by fluorescence staining and quantitatively by the anthrone–sulfuric method (Tang et al., 2019). For fluorescence staining, Alexa Fluor 647 (Life Technologies, NY, USA) was used to label EPS, and SYTO 9 was used to label bacterial cells. Alexa Fluor 647 was added to the BHIS medium at the beginning of 24-h biofilm formation. Biofilms were stained with SYTO 9 at the end of the 24-h biofilm formation experiment. Samples were then observed using CLSM with the same procedure as live/dead staining.

To quantify EPS synthesis with the anthrone–sulfuric method, 24-h biofilms were harvested and scraped from sHA discs and washed with PBS buffer. The planktonic cells and suspension were removed by centrifuging the mixture at 4,000 rpm for 10 min at 4°C. The precipitate was mixed with 0.4 mol/L of NaOH and incubated for 2 h at 37°C. The mixture was centrifuged again, and the suspension was collected and transferred to a new EP tube. The suspension was mixed with three volumes of the anthrone–sulfuric acid reagent (Macklin, Shanghai, China) and heated on a heat block at 95°C for 5 min until the reaction was complete. The solution was cooled to room temperature before being transferred to a new 96-well plate. Absorbance at 625 nm was recorded, and the amount of polysaccharide was calculated according to the standard curve.



RNA Sequencing and Data Analysis

For transcriptomic analysis, S. mutans UA159 was grown in BHI until the log phase (OD600 = 0.5). Cells were harvested and resuspended with fresh BHI. Cells were challenged with either a final concentration of 2 µg/ml of BPU or the same volume of acetonitrile for 1 h. This concentration was chosen mainly based on results from crystal violet assay to make sure that there was enough BPU to induce significant alterations in gene expression, while potential toxicity was kept as low as possible. Samples were then harvested with centrifugation and kept at −80°C until used. Total RNA was extracted using TRIzol reagent (Invitrogen, OR, USA). The concentration and quality of RNA were determined with Nanodrop 2000 spectrophotometer (Thermo Scientific, MA, USA). rRNA was removed from total RNA using Zymo-Seq RiboFree Total RNA Library Kit. cDNA library was constructed by Shanghai Personal Biotechnology Co. Ltd (Shanghai, China). RNA sequencing was performed on Novaseq 6000 platform (Illumina, San Diego, CA, USA).

Data were filtered and controlled for quality before analysis. Filtered reads were mapped to the S. mutans UA159 reference genome (RefSeq NC_004350.2) using Bowtie 2 (version 2.2.6). Differentially expressed genes (DEGs) were recognized as transcripts with |log2FoldCHange| > 1 and p < 0.05. Differential expression analysis was performed using DESeq (version 1.30.0). All DEGs were annotated by searching the Gene Ontology (GO) databases. All genes were mapped to terms in the GO database, and numbers of differentially enriched genes in each term were calculated. GO enrichment analysis was performed using the topGO R package on the differential genes. GO terms with significantly enriched differential genes (p < 0.05 according to the hypergeometric distribution method) were identified to determine the main biological functions of DEGs. Three individual samples were sequenced for each group.



Statistical Analyses

Data were analyzed using Prism (version 9.0.0). All experiments were performed at least in triplicate. Student’s t-test or one-way ANOVA was employed to compare data from two or more groups. A p-value of <0.05 was considered statistically significant.




Results


In Silico Screening for Potential Binding Site

The binding potentials of BPU with 20 selected proteins originating from S. mutans are shown in Table 2. A higher absolute value indicates a stronger binding ability. Proteins with the highest scores were 3M7V (phosphopentomutase), 2ZID (dextran glucosidase), and 3AIC (glucosyltransferase). These three proteins were further visualized to predict the binding mode. Hydrogen bond and hydrophobic interaction acted as the main interaction forces. We further examined the potential binding sites occupied by the BPU molecule. While there was not enough information on 3M7V, we did find interesting results for 2ZID and 3AIC (Figure 1). The molecule can bind several vital amino acid residues of 2ZID, which were involved in the active binding pocket (Lys 275, His269, and Pro274), recognition of substrate (Glu371), and high level of enzyme activity toward long-chain substrates (Trp238) (Hondoh et al., 2008). Also, the molecule may competitively bind several conserved amino acid residues of 3AIC (His587, Asp588, Asp477, Asn481, and Asp909), which were responsible for the recognition of glucosyl moiety of the primary sucrose (Ito et al., 2011). One of the amino acid residues (Gln592) bound by the molecule was found to be involved in the catalytic domains of 3AIC (Ito et al., 2011).


Table 2 | Binding potential with selected proteins (kcal/mol).





Inhibition of Planktonic Growth

Compared to the control groups (treated with deionized water or acetonitrile), incubation with different levels of BPU significantly inhibited the growth of planktonic S. mutans UA159 in BHI broth (Figure 2). With a trace amount of drug in the culture (1 µg/ml), hardly any growth could be noticed in the bacterial culture.




Figure 2 | Growth curve of planktonic Streptococcus mutans UA159 incubated with 1, 2, 5, 10, 20, and 50 µg/ml of 1,3-bis[3,5-bis(trifluoromethyl)phenyl]urea (BPU). The same volumes of deionized water (MQ) and acetonitrile (ACN) were added to control groups. Values indicate means ± SDs from three independent experiments.





Inhibition of Biofilm Formation and Acid Production

Biomass of S. mutans UA159 biofilms treated with different levels of BPU was determined with crystal violet assay. As shown in Figure 3A, no significant difference was noticed between groups treated with deionized water and acetonitrile. Treatment of 1 µg/ml of BPU resulted in the loss of half of the biomass as compared to the control groups. Higher concentrations of BPU almost completely inhibited biofilm formation. Similar results were visualized with SEM examination (Figure 3B). Biofilms on sHA discs treated with 1 and 2 µg/ml of BPU were much thinner as compared to the control group. While biofilms of the control group appeared dense and highly stereoscopic, biofilms treated with BPU seemed plainer with more porous structures and less extracellular matrix in the system (Figure 3B).




Figure 3 | Effect of different levels of 1,3-bis[3,5-bis(trifluoromethyl)phenyl]urea (BPU) on biofilm formation of Streptococcus mutans UA159. (A) Biomass of biofilms quantified with crystal violet staining assay. (B) Representative SEM images of biofilms treated with 1 and 2 µg/ml of BPU or acetonitrile (control). Means ± SDs from three independent experiments are shown. **** indicates p < 0.0001.



CLSM also found severe inhibition of biofilm formation and maturation by BPU (Figure 4). Strong green fluorescence in the control group (treated with acetonitrile) indicated a large number of viable cells in the biofilms. Biofilms treated with BPU exhibited significantly less green fluorescence and enhanced red fluorescence as compared to the control group (Figure 4A). Quantified mean fluorescence intensity confirmed that the signal of green fluorescence was remarkably lower in BPU-treated groups when compared with the control group (Figure 4B).




Figure 4 | Live/dead staining of Streptococcus mutans UA159 biofilms treated with 1 and 2 µg/ml of 1,3-bis[3,5-bis(trifluoromethyl)phenyl]urea (BPU). (A) Representative three-dimensional visualization of live (green) and dead (red) cells in S. mutans biofilms formed on saliva-coated hydroxyapatite (sHA) discs. (B) Mean density of green and red fluorescence throughout S. mutans biofilms quantified using ImageJ software.



Figure 5 shows the pH change of the supernatant of S. mutans biofilms treated with or without BPU within 24 h. As expected, biofilms treated with acetonitrile (control) were able to decrease environmental pH from 7.40 to 3.58 ± 0.03 within 24 h. Once treated with BPU, very little pH drop was noticed. At 24 h, pH of supernatant was similar for the 1 µg/ml and 2 µg/ml groups (pH 6.84 ± 0.08 and 6.87 ± 0.02, respectively).




Figure 5 | pH change of the supernatant of Streptococcus mutans UA159 biofilms treated with or without 1,3-bis[3,5-bis(trifluoromethyl)phenyl]urea (BPU). Values are presented as means ± SDs from three independent experiments. ACN, acetonitrile.





Inhibition of Exopolysaccharide Synthesis by Streptococcus mutans Biofilms

EPS synthesis by S. mutans biofilms was examined using CLSM analysis and the anthrone–sulfuric method. CLSM images clearly showed that treatment of 1 and 2 µg/ml of BPU disrupted the ability of biofilms to synthesize EPS. Along with the decrease in EPS, the number of bacterial cells in biofilms also reduced significantly (Figure 6). While the control group exhibited thick, dense bacterial aggregations, groups treated with BPU appeared to be more dispersed with much thinner structures and fewer extracellular matrix connections (Figure 6).




Figure 6 | Confocal laser scanning microscopy (CLSM) images of Streptococcus mutans biofilm exopolysaccharide (EPS) synthesis affected by 1,3-bis[3,5-bis(trifluoromethyl) phenyl]urea (BPU). Green, bacterial cells (stained with SYTO 9); red, EPS (stained with Alexa 647). Representative three-dimensional images are exhibited.



The amount of EPS synthesized by biofilms treated with or without BPU was further examined using the anthrone–sulfuric method. Groups treated with deionized water and acetonitrile synthesized 0.53 ± 0.06 and 0.51 ± 0.06 mg/ml of EPS, respectively. The amount of EPS from two experimental groups (treated with 1 and 2 µg/ml of BPU) was both below the detection limit.



Transcriptomic Analysis of Streptococcus mutans Treated With Diaryl Urea Derivative

Transcriptomic analysis revealed that a total of 701 DEGs were identified in the experimental group, including 270 upregulated genes and 431 downregulated genes. GO enrichment analysis indicated that a total of 68 GO terms involved in molecular function and biological processes were affected. A rich factor was calculated for 20 GO terms with the smallest false discovery rate (FDR) values (Figure 7). The results showed that GO term unfolded protein binding, protein folding, and exonuclease activity had the largest rich factors. A directed acyclic graph (DAG) was used to further display the relationship of the enriched GO terms. In cellular component, while not statistically significant, most differences were found in the cytoplasm (GO: 0005737), extracellular region (GO: 0005578), cell wall (GO: 0005618), and primosome complex (GO: 1990077). In molecular function, the difference was mostly concentrated in exonuclease activity (GO: 0004527), unfolded protein binding (GO: 0051082), and nucleic acid binding (GO: 0003676). In biological process, genes associated with protein folding (GO: 0006437), regulation of primary metabolic process (GO: 0080090), regulation of nitrogen compound metabolic process (GO: 0051171), and cellular nitrogen compound metabolic process (0031323) were most significantly differentially expressed (Figure 7).




Figure 7 | Gene Ontology (GO) enrichment analysis of transcriptomic profile. (A) Bar plot showing the most significantly enriched GO terms. CC, cellular component; MF, molecular function; BP, biological process. (B) Rich factors of 20 GO terms with the smallest false discovery rate (FDR) values. Directed acyclic graph (DAG) in cellular component (C), molecular function (D), and biological process (E). Deeper color indicates a higher level of enrichment. GO accession number is shown.



We further looked into DEGs related to the regulation of metabolic processes and DEGs related to the regulation of macromolecule metabolic processes (Supplementary Figures 1, 2; Supplementary Tables 1, 2). Eleven genes involved in the regulation of metabolic process were upregulated, and 59 genes were downregulated. Most of them were associated with transcriptional regulation, sucrose metabolism, and nitrogen metabolism. For regulation of macromolecule metabolic process, 10 genes were upregulated and 58 downregulated. Among them were genes involved in EPS synthesis (sacR, scrR, and msmR), stress tolerance (rex, perR, spxA, clpE, and ciaR), and nitrogen metabolism (glnB, glnR, ciaR, and clpE).

Differential expression of genes associated with protein functions of 3AIC, 2ZID, and 3M7V was also examined (Figure 8). As 3AIC and 2ZID are both proteins involved in EPS synthesis, genes associated with EPS synthesis (gtfB, gtfC, ftf, dexA, dexB, and scrB) were selected. For 3M7V, its encoding gene (deoB) and two related genes involved in the pentose phosphate pathway (gapN and rpiA) were selected. The heatmap shows that most genes involved in EPS synthesis, including encoding genes of 3AIC and 2ZID (gtfC and dexB), were upregulated. The encoding gene of 3M7V (deoB) was not found differentially expressed. Its related genes showed different regulatory directions (gapN was upregulated and rpiA was downregulated).




Figure 8 | Heatmap of differentially expressed genes associated with protein functions of 3AIC, 2ZID, and 3M7V. Control groups were treated with acetonitrile. Experimental groups were treated with 2 µg/ml of 1,3-bis[3,5-bis(trifluoromethyl)phenyl]urea (BPU). Genes gtfB, gtfC, ftf, dexA, dexB, and scrB are involved in exopolysaccharide biosynthesis. Genes gapN and rplA are involved in pentose phosphate pathway. Blue indicates lower expression, and red indicates higher expression.






Discussion

Small molecule compounds have been extensively explored as potent anti-caries agents targeting caries-associated bacteria. In this study, we described the antimicrobial and antibiofilm effects of a novel diaryl urea derivative, BPU. In silico simulation indicated that the small molecule compound had the potential to bind the key enzymes involved in EPS biosynthesis and the pentose phosphate pathway. The transcriptomic study suggested that except for EPS synthesis, nitrogen metabolism and stress-responsive pathway were also affected by the small molecule.

Diaryl rings have previously been suggested to be able to bind specific bacterial proteins (Limban et al., 2020; Sroor et al., 2021) and act as enzyme inhibitors. Our in silico molecular docking also found strong binding potential between BPU and several enzymes involved in the biological processes of S. mutans. Interestingly, 2 of the top 3 hits (2ZID and 3AIC) are involved in the biosynthesis of EPS. EPS is the main component of the extracellular matrix of bacterial biofilms, and the ability to synthesize EPS is a vital virulence factor of S. mutans (Koo et al., 2013; Krzysciak et al., 2014; Klein et al., 2015). Protein 2ZID is a dextran glucosidase hydrolyzing the α-1,6-glucosidic linkage of α-1,6-d-glucans and derived oligosaccharides (Hondoh et al., 2008). Protein 3AIC is a glucosyltransferase responsible for water-insoluble and water-soluble glucan syntheses in S. mutans (Ito et al., 2011). The binding mode prediction shows that the diaryl urea derivative molecule binds to either substrate binding pocket or catalytic domains of the two proteins. This indicates that the binding of the molecule can competitively inhibit the activity of 3AIC and 2ZID. A review of the literature shows that a number of 3AIC inhibitors have been proved effective in inhibiting biofilm formation of S. mutans and thus caries development (Ren et al., 2016; Zhang et al., 2017; Lin et al., 2021). In this study, we noticed significantly less biofilm formation after BPU treatment with crystal violet assay and SEM observation. CLSM examination and EPS quantification further confirmed that production of EPS was severely impaired by the treatment of BPU. Further transcriptomic analysis revealed that both genes encoding 3AIC and 2ZID (gtfC and dexB) were upregulated in S. mutans treated with BPU. The expression of several genes with associated functions, including gtfB, ftf, and dexA (Li and Burne, 2001; Koo et al., 2013; Yang et al., 2019), was also upregulated. This could be a result of negative feedback of the inhibited activity of corresponding proteins. Accordingly, genes encoding related transcription repressors (sacR and scrR) were downregulated (Supplementary Table 1) (Siegers and Entian, 1995; Hiratsuka et al., 1998), further confirming that bacterial cells were combating the inhibitive effect of BPU on EPS synthesis.

Our results suggest that the treatment of BPU not only inhibits biofilm formation but also affects planktonic growth. An examination of the transcriptomic profile revealed that, except for the EPS synthesis pathway, multiple genes involved in stress response were differentially expressed. Previous studies have found that the function of stress response proteins is important for bacterial physiology. Deficiency of oxidative stress response regulator Rex has been found to lead to an extended lag phase of planktonic growth of S. mutans (Bitoun et al., 2011). Moreover, expression of gtfC was also found significantly differentially expressed due to deficiency of Rex, leading to decreased biofilm formation and altered biofilm morphology (Bitoun et al., 2011). In our study, the downregulation of rex could be associated with decreased planktonic growth and biofilm formation. The regulatory effect of SpxA has been implicated in oxidative stress response, antibiotic response, and biofilm formation (Pamp et al., 2006; Kajfasz et al., 2015; Nilsson et al., 2019). Similarly, two genes involved in oxidative and thermal stress responses, clpE and ciaR, have the ability to affect the biofilm formation of S. mutans (Zhu et al., 2017; Biswas et al., 2021). All three abovementioned genes involved in stress response were found to be downregulated in the current study after BPU treatment (Supplementary Table 2). The involvement of stress response indicates new targets for novel anti-caries agents.

Additionally, relatively abundant changes in nitrogen metabolism in the BPU-treated group were observed in the transcriptomic profile. By metabolizing nitrogen-containing compounds, mainly amino sugars such as glucosamine and N-acetylglucosamine, bacteria are provided with essential materials for macromolecule synthesis (Ardin et al., 2014). The ability to utilize amino sugars is also closely associated with the competitiveness of bacteria to thrive in the oral cavity (Chen et al., 2020). The current study reports the downregulation of genes encoding a membrane ammonium transporter (glnB) (Ardin et al., 2014) and a glutamine synthetase regulator (glnR) (Chen et al., 2010). Results of in silico molecular docking suggest that a key factor affecting cellular entrance of amino acid, NagB (2RI0), has a relatively high binding potential with BPU molecule (−9 kcal/mol, Table 2) (Kawada-Matsuo et al., 2012). The potential inhibition of NagB together with the downregulation of associated genes supports that nitrogen metabolism may be inhibited by the diaryl urea derivative. The resulting decreased synthesis of virulence-related factors, including cell surface protein antigen and glucosyltransferase, can lead to less bacterial aggregation and thus less biofilm formation (Kawada-Matsuo et al., 2012).

The molecular docking analysis suggests that the BPU molecule has the potential to bind to an enzyme involved in the pentose phosphate pathway (3M7V, DeoB). According to previous studies, DeoB acts as a vital role in the pentose phosphate pathway, providing a precursor for phosphoribosyl pyrophosphate, which is involved in histidine and purine biosynthesis (Tozzi et al., 2006; Xue et al., 2012). However, we did not notice significant changes in expression of the encoding gene deoB in groups treated with BPU in the transcriptional profile. Nor did we find an obvious change in the pentose phosphate pathway according to GO enrichment analysis. One explanation is that while a strong binding potential exists between the molecule and the protein, the binding site may not be close to the essential substrate or metal ion binding site. Therefore, the activity of 3M7V and the pentose phosphate pathway may not be significantly affected. Till now, very little information on the functional groups of 3M7V is available, and the effect of the diaryl urea derivative on the protein and its associated pathway requires further validation.

Based on the structure of BPU, previous literature predicted that it may affect cell wall biosynthesis and membrane permeability (Nelson et al., 2015). We were expecting to find changes in GO terms involved in cellular component using GO enrichment analysis. However, no significant alteration was found. We looked specifically into genes involved in the GO term “cell wall” and found 3 DEGs (Supplementary Table 3). What may be of interest is that 2 upregulated genes, spaP and dexA, encode cell surface proteins, which are important for the adherence of S. mutans to the tooth surface (SpaP) and dextran-dependent aggregation (DexA) (Goldschmidt et al., 1990; Yang et al., 2019). This is again in accordance with the upregulation of other EPS synthesis-related genes. The results suggest that multiple steps and factors involved in or associated with EPS synthesis are influenced by the diaryl urea derivative.

In the present study, we noticed a strong inhibitive effect of BPU on growth, biofilm formation, and acidogenesis of S. mutans. Instead of being dosage-dependent, the inhibition seemed to be similar among groups treated with different concentrations of BPU. In other words, the inhibitory effect seemed to be an “ON/OFF” mode. In fact, this is not the first time that we found this kind of inhibition mode in S. mutans. One possible explanation is that the small molecule affects essential factor(s) involved in bacterial growth and/or metabolism. For example, our previous study confirmed that different concentrations of fluoride led to similar levels of inhibition of enolase activity, a key enzyme in glycolysis, in an S. mutans strain (Liao et al., 2018). As we found alterations in several biological signs of progress including sugar metabolism, nitrogen metabolism, and stress response, it is difficult to identify the major switch for the “ON/OFF” inhibition. Further knockout studies could help disclose the inhibitory “switch” of BPU.

In conclusion, our current study has confirmed the strong antimicrobial and antibiofilm effects of a novel urea derivative molecule, BPU, against caries-associated S. mutans. Structure-based in silico prediction together with the transcriptomic study has suggested the involvement of several biological processes affected by the small molecule. It is predicted that the treatment of BPU could alter the expression of genes involved in EPS synthesis, stress response, and nitrogen metabolism, leading to immediate and strong inhibition of bacterial growth, acid production, and biofilm formation. Our work illustrates that BPU is a promising agent to be used in caries prevention.
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Early childhood caries (ECC) is not only the most common chronic childhood disease but also disproportionately affects underserved populations. Of those, children living in Thailand have been found to have high rates of ECC and severe ECC. Frequently, the cause of ECC is blamed on a handful of cariogenic organisms, such as Streptococcus mutans and Streptococcus sobrinus. However, ECC is a multifactorial disease that results from an ecological shift in the oral cavity from a neutral pH (~7.5) to an acidic pH (<5.5) environment influenced by the host individual’s biological, socio-behavioral, and lifestyle factors. Currently, there is a lack of understanding of how risk factors at various levels influence the oral health of children at risk. We applied a statistical machine learning approach for multimodal data integration (parallel and hierarchical) to identify caries-related multiplatform factors in a large cohort of mother-child dyads living in Chiang Mai, Thailand (N=177). Whole saliva (1 mL) was collected from each individual for DNA extraction and 16S rRNA sequencing. A set of maternal and early childhood factors were included in the data analysis. Significantly, vaginal delivery, preterm birth, and frequent sugary snacking were found to increase the risk for ECC. The salivary microbial diversity was significantly different in children with ECC or without ECC. Results of linear discriminant analysis effect size (LEfSe) analysis of the microbial community demonstrated that S. mutans, Prevotella histicola, and Leptotrichia hongkongensis were significantly enriched in ECC children. Whereas Fusobacterium periodonticum was less abundant among caries-free children, suggesting its potential to be a candidate biomarker for good oral health. Based on the multimodal data integration and statistical machine learning models, the study revealed that the mode of delivery and snack consumption outrank salivary microbiome in predicting ECC in Thai children. The biological and behavioral factors may play significant roles in the microbial pathobiology of ECC and warrant further investigation.
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Introduction

Early childhood caries (ECC) is the single most common chronic childhood disease, known to disproportionately afflict more than 73% of underprivileged preschool children worldwide (Dye et al., 2007; Dye et al., 2012).

More than 50% of 3-year-old Thai children experienced ECC (Bureau of Dental Health, 2018). Chronically persistent ECC can progress to severe-ECC (S-ECC) impacting the primary dentition and adding a significant financial burden to the involved families. Several studies have depicted a higher prevalence of ECC in Thailand, with as high as 44.5% non-cavitated initial lesions and 24.5% cavitated advanced lesions being reported among 15–19-month-old children in Central Thailand (Ledder et al., 2018). In addition, a prospective study demonstrated ECC progressed rapidly among 9-18-month-old children in Southern Thailand (reported incidence of 2% at nine months, 22.8% at 12 months, and 68.1% at 18 months of age) (Thitasomakul et al., 2006). Nationwide, the ECC prevalence among 3-year-olds and 5-year-olds was 52.9% and 75.6%, respectively; 98% of them had untreated caries (Bureau of Dental Health, 2018). This highlights the urgent need to raise awareness among Thai parents/caregivers and healthcare providers to implement more effective preventive strategies for ECC control.

While ECC is an infectious disease initiated by cariogenic pathogens, it is now understood as a multifactorial and ecology-based disease (Simon-Soro and Mira, 2015), with the interplay between host, environment, and oral microbiota affecting the onset and severity of the disease (Pitts et al., 2017; Bowen et al., 2018). Factors such as environmental (exposure to water fluoridation and fluoride toothpaste, oral hygiene), biological (dental plaque accumulation, cariogenic microbial composition), lifestyle (breastfeeding pattern, frequent sugar consumption, obesity), and socio-cultural (low socio-economic status, marital status, maternal oral health perception, utilization of dental care) have been linked to ECC (Chanpum et al., 2020). A longitudinal cohort study among 3-year-old children in Northern Thailand reported that suboptimal water fluoridation, low socioeconomic status, frequent sugar consumption, and dental plaque accumulation contributed to high ECC prevalence (44.1%) (Peltzer and Mongkolchati, 2015). Additionally, studies have reported inconclusive results for the association between ECC and prolonged breastfeeding habits. However, one cross-sectional study indicated that ECC’s higher prevalence and severity among breastfed Thai children was significantly associated with factors such as age, children’s oral health status, and breastfeeding pattern/duration (Chanpum et al., 2020). Furthermore, our previous study among 182 3-year-old and 166 5-year-old Thailand preschool children revealed that mode of birth delivery was significantly correlated with Streptococcus mutans colonization and caries outcomes in young Thai children (Pattanaporn et al., 2013; Saraithong et al., 2015). Taken together, findings from these studies confirm that ECC is a public health concern in Thailand owing to the rising disease burden. With a thorough understanding of the underlying risk factors and effective prevention strategies, it is hoped that this knowledge will help reduce the ECC disease burden among Thai children as well as children worldwide.

Due to the multifactorial etiology of ECC, a valid prediction model that utilizes sensitive microbial markers from oral microbiota (including but not limited to S. mutans) at early life, together with medical-socio-behavior and environmental factors, would offer a substantial opportunity to predict ECC and help generate a personalized preventive regimen. A few recent studies have demonstrated machine learning predictive modeling using 16S rRNA sequencing of oral samples, but they lack consideration for multifactorial nature of tooth decay (Teng et al., 2015; Grier et al., 2020). Our team has recently developed a multivariate ECC prediction model that uses a machine learning approach incorporating microorganism composition and demographic-environmental factors among a small group of US mother-child dyads (Wu et al., 2021). Here, we further developed stepwise, parallel integrative, statistical machine learning (ML) models to identify caries-related multiplatform factors [environment, biomedical (child and maternal), socio-behavior-feeding, and oral microorganisms) in a large Thai mother-child dyad.



Methods


Study Population

This cross-sectionally-designed study is a subset of a parent study detailed previously (Pattanaporn et al., 2013). The current study enrolled 177 3-year-old children and their biological mothers during the children’s immunization visit at the Health Promoting Hospital in Chiang Mai, Thailand, from July to December of 2009. Children who had significant congenital anomalies, chronic illness, or had taken any antibiotics within six weeks prior to examinations were excluded. A structured questionnaire was used to obtain data on family socio-demographics (age, sex, primary care provider, and maternal/family background), maternal pregnancy and past medical history (mode of delivery, gestational age, birth weight), as well as child’s feeding practice (breastfeeding, bottle feeding, and mother pre-chewing food), dietary habits (consumption of fruit juice, snacks, gum, lollipop candy, dried fruit, soft drink, child sleeping with bottle), and oral health practices. Information about delivery methods, gestational age, and child’s birth weight were further verified from accessing the hospital medical records. Chi-squared statistics were used to examine the differences between categorical variables. The Ethical Committee approved the protocol for this study of the Faculty of Dentistry, Chiang Mai University, Thailand (No. 12/2008). Written informed consent was obtained from all mothers or responsible caregivers at the time of children’s hospital visits.



Dental Examination and Saliva Collection

Two calibrated dentists performed a comprehensive dental examination for all children and their mothers using the WHO criteria of decayed, missing, and filled teeth (DMFT for the mothers and dmft for the children) (Organization. WH, 1997). The presence of ECC was also recorded as a detectable white-spot lesion or cavity following American Academy of Pediatric Dentistry criteria (American Academy of Pediatric Dentistry, 2022). Approximately 1 ml whole saliva was collected from the mothers and their children after chewing a piece of paraffin wax for 1 min under the close supervision of a medical professional. The saliva samples were stored in centrifuge tubes and immediately transferred to a -20°C freezer in the microbiology laboratory at the Chiang Mai University Faculty of Dentistry until further microbiome analysis.



DNA Extraction and 16S rRNA Sequencing

The microbial DNA extractions were performed at the microbiology laboratory at New York University College of Dentistry using a standard procedure (Saraithong et al., 2015). Briefly, 500µl of each saliva sample was used for whole-genome DNA extraction using Epicentre MasterPure™ DNA Purification kit. The 16S rRNA sequencing was conducted at the Forsyth Institute, Cambridge, MA. A total of 129 genus-specific probes and 638 species-level probes were used for bacterial identification. QIIME 1.9.1 (Caporaso et al., 2010) was used to quantify the composition and diversity of each community based on its open-reference OTU picking facility. Sequencing data that passed quality controls were included in this study to develop a caries prediction model and were assigned to operational taxonomic units (OTUs). OTUs having zero counts across all the samples or only appearing in one sample were removed from further analysis.

Alpha diversity analysis was performed using the phyloseq package (McMurdie and Holmes, 2013). The results were plotted across samples and reviewed as box plots for each group or experimental factor. Further, the statistical significance of grouping based on experimental factor was also estimated using a t-test. Beta-diversity similarity or distance between sample was measured using non-phylogenetic Bray-Curtis distance. Ordination-based methods Principal Coordinate Analysis (PCoA) was used to visualize these matrices in the 2D plot where each point represents the entire microbiome of a single sample. The statistical significance of the clustering pattern in ordination plots for beta diversity was evaluated using anyone among Permutational MANOVA (PERMANOVA). A P value less than 0.05 was considered statistically significant.

The Core microbiome analysis was adopted from the core function in the R package microbiome. The result of this analysis was represented in the form of a heatmap of core taxa or features where Y-axis represents the prevalence level of core features across the detection threshold (Relative abundance) range on the X-axis. A heat tree map depicting the OTU classifications and differential abundance comparison between salivary microbiome of children with ECC and caries-free children was employed. Taxa that have a significant abundance difference between ECC children vs. caries-free children was measured by the Wilcoxon Rank Sum test. Linear discriminant analysis (LDA) coupled with effect size (LEfSe) analysis (Segata et al., 2011) and non-parametric factorial Kruskal-Wallis sum-rank test were used to identify differentially abundant bacterial taxa regarding ECC status. Bacterial features were considered to be significant based on the logarithmic LDA score threshold >2.0 and false discovery rate <0.1.



Development of Machine Learning Prediction Models

The primary outcome was the caries status (Y/N) of children. The independent variables were grouped into three platforms based on the distal to proximal relationship to ECC: 1) Maternal socio-demographic-behavior-environmental factors (seven variables); 2) Children’s socio-demographic-behavior-environmental factors (20 variables); 3) Children’s oral microbial factors (386 variables). The characteristics of the two groups (ECC and Caries-free children) were compared using t-test for continuous data and Chi-square or Fisher’s exact tests for categorical data.

OTUs with fewer than 10 reads were removed from the dataset to ensure the sufficient depths. The centered log-ratio (CLR) transformation was applied to the relative abundance of taxa, where for each subject, the sample vector undergoes a transformation based on the logarithm of the ratio between the individual elements and the geometric mean of the vector. CLR removes the value-range restriction of percentages (relative abundance is a percentage) but keeps the sum constraint of compositional data.

First, we took the parallel integration approach to integrate data from different platforms. Data collected on the three platforms were put together and fitted in penalized logistic regression model using least absolute shrinkage and selection operator (LASSO) with the response variable being the binary indicator of whether the subject has caries or not (1 = caries present, 0 = no caries present). The LASSO tuning parameter was chosen using k-fold (k = 10) cross-validation. The solution path was created to show the order of the variables entering the model.

Then, the hierarchical integration approach, a two-step procedure, was used to integrate data collected on the three platforms listed above. First, a LASSO penalized logistic regression model was fit for each of the four platforms, with the same response variable of having caries or not. Next, the LASSO tuning parameter was chosen using k-fold (k = 10) cross-validation for each model. The set of variables selected for each of the four platforms were then collected together and used as candidate variables to fit the final LASSO-penalized logistic regression model. Again, 10-fold cross-validation was used to determine the optimal number of variables in the final model. Finally, the solution paths for the four models and the final model were created.




Results

The demographic characteristics of the children with or without ECC are shown in Table 1. No significant differences were found between the ECC and caries-free children regarding maternal age and antibiotic use. There was an increase of ECC in mothers who prechewed food for their children, although the difference was marginally significant (p=0.051). In terms of children’s factors, significantly more ECC children than caries-free children were born vaginally [63.27% vs. 43.04%, p=0.007; Odd’s ratio = 2.28, 95% CI (1.19, 4.37)] or preterm (45.95% vs. 30.38%, p=0.035). More than 83% ECC children were colonized with high levels of S. mutans compared to 20% in caries-free children (p<0.001). More caries-free children were found to use fluoridated toothpaste (p=0.009); were bottle fed (p=0.040); and less frequently consumed soft drinks (p=0.003), snacks (p=0.003), lollipop (p=0.017), and other candies (p=0.015).


Table 1 | Characteristics of Thai children with and without ECC.




Salivary Microbiome Diversity

The microbiome data include 79,001 OTUs [excluding OTUs with fewer than two sequences and sequences that fail to align with PyNAST (Caporaso et al., 2010)] for 354 samples. The sequence reads of all samples in the study are deposited in the NCBI Sequence Read Archive (SRA) as a study under the accession number of PRJNA824062. For the rarefaction curves, see Figure S1. Microbial community variation measured by alpha diversity was seen among children from different age groups, the mode of delivery, mother chew food practice, and children’s ECC status (Figure 1). For instance, the salivary microbiome of 2-year-old children and born vaginally had a higher alpha diversity (Observed and Fischer index) than 3-year-old children and born with C-section (Figures 1A, B) . The alpha diversity was significantly higher in children who frequently consumed snacks (Figure 1D).




Figure 1 | Alpha Diversity of salivary microbiome among children. Microbial variation measured by alpha diversity index among children from different age group (A), mode of delivery (B), Bottle feeding (C), and Consumption of snacks (D). T-test was used for the statistical comparisons.



Principle coordinate analysis (PCOA) plot was generated using OTU metrics based on beta diversity (Bray-Curtis index). The study demonstrated the beta diversity of the salivary microbiome of children differs depending on sex (p<0.01), age (p=0.02), mode of delivery (p<0.001), whether mother chews food for the child (p=0.02), and children’s caries severity measured by dmft (p<0.01) (Figure 2). However, the overall beta diversity was not significantly different among ECC and caries-free children (when ECC is defined using AAPD criteria) (Figure 2F).




Figure 2 | Diversity of salivary microbiome among children. Principle coordinate analysis (PCOA) plot is generated using OTU metrics based on beta diversity (Bray-Curtis index) for different sex groups (A), Age (B), Mode of delivery (C), Mother chew food for child (D), Child caries severity dmft (E), and ECC status (F). Permutational MANOVA (PERMANOVA) was used for these statistical comparisons between or among the categorical groups.





Salivary Microbiome Core

Taxa at the genus and species level with more than 20% prevalence and more than 0.01% relative abundance are depicted. Interestingly, most of the genera and species were the same among the ECC and the caries-free children. However, several core taxa relative abundance and prevalence differed between the two groups. For instance, Rothia aeria, Prevotella melaninogenica, Streptococcus sanguinis, and Corynebacterium durum were more prevalent and enriched in caries-free children, while Leptotrichia shahii and Corynebacterium matruchotii were more prevalent and enriched in ECC children (Figure 3).




Figure 3 | Core salivary microbiome of ECC and carries-free children. Taxa at the genus and species level with more than 20% prevalence and more than 0.01% relative abundance are depicted. in caries free children (A1, B1) and ECC children (A2, B2).





Discriminate Features Between ECC and Caries-Free Children

To identify discriminate taxa between the ECC and caries-free children, heat trees depicted the OTU classifications and differential abundance comparison at the genus level (Figure 4A) and at the species level (Figure 4B) between the salivary microbiome of children with and without ECC. In the heat trees, size and color of nodes and edges are correlated with the abundance ratio of organisms in ECC children vs. caries-free children. Taxa colored in red are enriched in ECC Children (e.g., S. mutans, P. histicola, L. hongkongesis, and L. shahii, etc.). Taxa colored in blue are enriched in caries-free children (e.g., F. periodonticum, Actinomyces gerensceriae, Oribacterium sinus, and Veillonella rogosae, etc.). Taxa with labels had a significant differential abundance between ECC children and caries-free children measured by the Wilcoxon Rank Sum test, p<0.05. The significant differential abundances were further verified in the linear discriminant analysis effect size (LEfSe) analysis and random forest at the species level (Figure 5A). The ECC group had an increased abundance in S. mutans, P. histicola, and L. hongkongesis compared to an increased abundance in F. periodonticum, Leptotrichia sp., V. rogosae, O. sinus, and P. nigrescens in caries-free groups (Figure 5B).




Figure 4 | Heat trees of salivary microbiome abundance among ECC and caries-free children. The heat trees depict the OTU classifications and differential abundance comparison at the genus level (A) and at the species level (B) between salivary microbiome of children with ECC and without ECC. In the heat trees, size and color of nodes and edges are correlated with the abundance ratio of organisms in ECC children vs. caries-free children. Taxa colored in red are enriched in ECC Children, whereas taxa colored in blue are enriched in caries-free children. Taxa with labels indicate a significant abundance difference between ECC children vs. caries-free children measured by the Wilcoxon Rank Sum test (p<0.05).






Figure 5 | Taxa at genus level differently enriched in ECC and caries-free children. (A) Linear discriminant analysis (LDA) effect size (LEfSe) method was performed to compare taxa between ECC and caries-free children. The bar plot lists the significantly differential taxa based on effect size (LDA score log10 >2.0 and FDR <0.1). (B) Random forest identified important features at the species level that were differently enriched among ECC and caries-free children. Red indicates a higher abundance in ECC, whereas blue indicates a higher abundance in caries-free children.





ECC Caries Prediction Models

All children had more than 100 OTU reads per subject. Ninety OTUs with fewer than 10 reads were removed from the dataset to ensure sufficient depths. The final dataset included 177 children with 416 variables in total, in which seven were maternal socio-demographic-behavior-environmental factors (platform 1), 20 were children’s socio-demographic-behavior-environmental factors (platform 2), and 386 were children’s oral microbial factors (platform 3). In the two-step model building approach, three separate LASSO penalized logistic regression models were fitted for the three platforms in step 1. Two maternal socio-demographic-behavior-environmental factors from the platform 1 (Figure 6A), 11 children’s socio-demographic-behavior-environmental factors from the platform 2 (Figure 6B), and 11 children’s oral microbial factors from the platform 3 (Figure 6C) were selected based on 10-fold cross-validation.




Figure 6 | Identified factors associated with child’s caries risk using factors via two-step model. LASSO penalized logistic regression modeling was used for caries predictor selection based on 413 variables, including children’s saliva samples. Specifically, variables from three separate platforms were identified shown in (A) Maternal socio-demographic-behavior-environmental factors, (B) Children’s socio-demographic-behavior-environmental factors, and (C) Children’s salivary microorganisms. The final two-step model using variables identified from (A–C) is shown in (D). The LASSO solution path above shows how the model is built sequentially by adding one variable at a time to the active set. The 2-step predictive model is the following (area under the curve: 0.85).



In step 2, the 24 variables from the previous step were used as the candidate variables and the final model selects nine. Nine variables entered the final logistic regression model, they were, in order, F. periodonticum, S. mutans, O. sinus, P. histicola, snack, Treponema amylovorum, F. nucleatum subsp. animalis, vaginal delivery, and L. hongkongensis (Figure 6D). In particular, vaginal delivery, snack, L. hongkongensis, P. histicola, and S. mutans had a positive effect on ECC with an increased risk of having caries. F. nucleatum subsp. animalis, F. periodonticum, O. sinus, and T. amylovorum showed decreased risk for having ECC in our cohort. As a comparison, the one-step model with the same nine variables resulted in the same regression coefficients (Figure S2). The area under the curve (AUC) value for the two-step predictive model was 0.85.

	




Discussion

Caries occurrence in preschool-age children depends on several host and environmental factors, which can ultimately disturb the oral microbiome equilibrium. Studies of caries risk assessment and prediction at an individual level are consequential for a clinical decision-making at a patient-care level and design appropriate evidence-based caries preventive interventions at a community level (Chanpum et al., 2020). The highlight of this study is the interdisciplinary approach incorporating data platforms from multiple sources, which include 1) the carefully acquired mother-child dyads dataset containing information of socio-demographic, medical, and delivery information; caries examination, oral health behavior, and dietary practice; 2) the salivary microbiome 16S rRNA gene sequencing dataset; 3) the use of linear discriminant analysis coupled with effect size (LEfSe) analysis (Segata et al., 2011) to determine differentially abundant bacterial taxa associated with ECC or caries-free children; and 4) the application of a novel machine learning approach to develop a multi-platform caries prediction model with quantifiable coefficients.

The initial objective of this study sought to examine the caries-associated risk factors among the 177 mother-child dyads. The significant risk factors for ECC included preterm birth, high levels of S. mutans, increased consumption of soft drinks, snacks, and candies, and used less fluoride toothpaste. Vaginal-born children are 2.27 times more likely to experience ECC compared to their counterparts. These findings are consistent with those evidenced in earlier studies (Pattanaporn et al., 2013; Twetman et al., 2020). What is not yet clear is how those plausible caries-associated risk factors impact on oral microbial composition in 2- to 3-year-old children. In addition to microbes, our predictive model was successful at identifying behavioral and environmental risk factors for developing caries; the conceptual inference is drawn in Figure 7. Interestingly, our model revealed that vaginal delivery predicted the onset of caries in these Thai children. While there is limited knowledge on how the delivery route impacts the oral ecology of overall oral health, several studies have demonstrated a relationship between the delivery route and oral microbiome development (Xiao et al., 2020). For example, a birth cohort study among Irish infants revealed a higher oral microbial community diversity in children born by cesarean. However, the impact of birth mode on the oral microbiome was only observed up to the first week of age. This influence diminished after the first week of life. Another study examined the oral microbiome of very low birth weight infants and found a higher relative abundance of Ureaplasma and Pantoea in the vaginal-born infants, but a higher colonization prevalence of Corynebacterium, Methylobacterium, and Variovorax in cesarean-born infants (Li et al., 2020). Other studies indicated that the bacterial profile colonized in infants born vaginally resembles mothers’ vaginal bacterial communities, whereas the microbial community of infants born by cesarean section resembles those present on mothers’ skin (Dominguez-Bello et al., 2010; Lif Holgerson et al., 2011; Drell et al., 2017). Worth noting that research on infants’ gut microbiome development and delivery mode revealed similar findings to the oral microbiome. These findings included an increased similarity to their mother’s gut microbiome when born vaginally (Bäckhed et al., 2015), delayed colonization of prominent commensals in cesarean born infants (Dogra et al., 2015), and lower diversity in cesarean born infants when compared to vaginally-born infants (Hesla et al., 2014). Due to the importance of understanding the impact of the maternal oral microbiome on children’s caries outcome, our future study will further analyze the relatedness of the maternal and children’s salivary bacteriome and their impact on ECC. Importantly, we also found a lower diversity in the cesarean-born children in our study (Figure 1A). Further, 3-year-old children had a lower alpha diversity than the children at 2 years of age in our study (Figure 1B). This could be reflective of the stabilization of the oral microbiome that occurs after 2 years of age; at this point, children become stably colonized by resident bacteria of the oral cavity and have fewer bacteria that are from environmental exposures (Dashper et al., 2019).




Figure 7 | Conceptual causal inference from multiplatform variables assessed in the study.



Sugary snacks are known to serve as the substrate for oral microbial metabolism, leading to acidification of the oral environment, favoring aciduric and cariogenic microorganisms, and causing tooth hard tissue demineralization and, ultimately, caries (Marsh, 2018). More than two-thirds (68%) of US 2-year-olds and roughly three-quarters (74%) of 3-year-olds consumed some type of dessert or candy in a day (Fox et al., 2010). Our findings that frequent snacking is a risk factor for caries is supported by previous studies that have emphasized the importance of limiting cariogenic or sugary snack consumption as part of a good oral health routine to prevent caries onset (Hong et al., 2014; Moimaz et al., 2014).

To build the caries-predictive model, the study first identified commonly recognized caries risk microbial factors, such as children’s age, model of delivery, preterm birth, frequency of snack consumption, and presence of S. mutans and other potential caries-associated bacteria. Additionally, we detected several other microbial species, either caries-associated or protective that traditionally have received less attention.

For the penalized regression models, both the variables selected into the model and the order they enter the model were important. A variable entering a model sooner (i.e., at a higher lambda value, the tuning parameter) indicates that it is deemed significant under harsher penalties. In our final logistic regression model, the coefficients of vaginal delivery, snack, presence of S. mutans, L. hongkongensis, and P. histicola, were positive, indicating the change in log-odds of an individual having caries due to a one-unit increase in those variables. More specifically, the coefficient for vaginal delivery in the 2-step model was 0.1174. The odds ratio of having caries for a child who was delivered by vaginal, compared with a child who was c-sectionally delivered, could be 12% higher. Likewise, having snacks increases the odds of having caries by 27%.

Meanwhile, the coefficients of presence of F. periodonticum, F. nucleatum subsp. animalis, O. sinus, and T. amylovorum were negative, indicating a decrease in the log-odds of an individual having caries, which means that for a negative coefficient, the subject is less likely to have caries as those variable increase. The results suggest that the enriched levels of those four bacterial species in the saliva present a reduced risk for ECC.


Predictors Identified in Machine Learning Model

This study identified the plausible caries-promoting microbial species, which were enriched in ECC samples, were S. mutans, P. histicola, and L. hongkongensis.



Streptococcus mutans

ECC children are known to have a higher relative abundance of salivary and plaque S. mutans, well-known for its acidogenicity, aciduricity, and capability of synthesizing extracellular matrix using carbohydrates (Banas, 2004) (Tanner et al., 2011; Gross et al., 2012; Yang et al., 2012; Ma et al., 2015; Johansson et al., 2016; Richards et al., 2017; Xiao et al., 2018). Not surprisingly, this species was firstly found as caries promoting species in our model.



Prevotella histicola

Prevotella histicola was found in two independent studies (Teng et al., 2015; Wu et al., 2021) that used a machine learning approach to identify discriminative species in caries-active and caries-free children. Despite previously reported association between P. histicola and increased caries risk in children (Hurley et al., 2019), it remains unclear about the potential cariogenicity of P. histocola and its interaction with other oral microorganisms in leading to a caries-prone condition in the oral cavity.



Leptotrichia hongkongensis

Leptotrichia species normally reside in the oral cavity, gastrointestinal system, and urogenital system. They are typically not considered pathogenic, but may cause opportunistic infections in an immune-suppressed host (Eribe and Olsen, 2017). Xu et al. characterized microbial composition in supragingival plaque samples from children younger than 30 months old and observed that L. hongkongensis was identified in caries-affected subjects (Xu et al., 2014). L. hongkongensis was also more predominant in adults with active caries (Johansson et al., 2016). Interestingly, L. hongkongensis co-occurred with other Leptotrichia and Fusobacterium species that contributed to black stains of dental caries in primary dentition. Despite the observed associations of Leptotrichia species with caries, there remains a gap in understanding their role in the progression of caries.

This study further identified several potentially protective microbial species enriched in caries-free children: F. periodonticum, F. nucleatum subsp. animalis, Treponema amylovorum, O. sinus. Interestingly, three of these species (F. periodonticum, F. nucleatum, T. amylovorum) are commonly known periodontal pathogens.



Fusobacterium periodonticum

F. periodonticum, although without clear evidence on its role in the etiopathogenesis of periodontal disease, is considered to be an opportunistic pathogen residing in deep periodontal pockets and gingival sulcus (Park et al., 2010). Jiang and colleagues observed that F. periodonticum was significantly predominant in the saliva of caries-free children compared to caries-affected, which could be suggestive of a caries protective role (Jiang et al., 2016). These findings were also consistent with a similar case-control cohort study examining bacterial profiles of adults with caries (Belstrøm et al., 2014). A more recent study analyzed the variation of the tongue microbiota and its association with dental caries among 6-7-year-old and 11-12-year-old children. The study results demonstrated a more frequent presentation of F. periodonticum in children without history of dental caries (Zhang et al., 2021). Thus, salivary counts of F. periodonticum can be used as a biomarker and may help caries risk screening (Belstrøm et al., 2014; Jiang et al., 2016).



Fusobacterium nucleatum

F. nucleatum is a commonly recognized periodontal pathogen and regarded as a bridging colonizer that adheres to the early colonizers of dental plaque, followed by adhesion from late plaque colonizers (Aruni et al., 2015). Its FadA adhesin has been identified as a virulence factor for both F. nucleatum and F. periodonticum, which is absent in other fusobacterium species and are considered to assist them in binding to host cells (Han, 2015). Studies have reportedly detected Fusobacterium species including F. nucleatum in abundance in the healthy oral microbiota among children (Teng et al., 2015). Tanner et al. reported F. nucleatum as more frequently detected in caries-free children (Tanner et al., 2011). Heinrich-Weltzien et al., indicated that F. nucleatum was found more frequently in non-discolored plaque samples (Tanner et al., 2011).



Treponema amylovorum

T. amylovorum species are highly motile, fastidious, saccharolytic gram-negative spirochetes majorly associated with subgingival plaque in periodontal disease (Wyss et al., 1997; Siqueira and Rôças, 2004). Although the majority of the scientific evidence links T. amylovorum with periodontal and endodontic diseases, our study results indicated that the presence and higher abundance of T. amylovorum in Thai children are associated with a lower risk for ECC, which is a novel finding.



Oribacterium sinus

O. sinus was initially isolated from purulent discharge of a 6-year-old-child with bilateral maxillary sinusitis (Carlier et al., 2004). A longitudinal cohort study examined the oral microbiome development during the first four years of life and subsequent development of ECC (Dashper et al., 2019). Although O. sinus had a higher (≥90%) prevalence when children are between 1-4 years of age, making its way to the ‘core oral microbiome’ of young children, the relative abundance of O. sinus was not suggested to be significantly associated with caries status (Dashper et al., 2019).



Veillonella rogosae

V. rogosae has been identified as a species associated with caries-free condition from other discriminate methods. Veillonella species, including V. rogosae, are early plaque colonizers with metabolic requirements that are dependent upon organic acids, including lactic acid, produced by Streptococcus. Thus, together these species are considered to co-aggregate and contribute to biofilm formation and maturation in early stages (Mashima and Nakazawa, 2014). Studies have reported that age, geographic location, diet, and oral health behaviors influence the proportion of oral Veillonella species. One such study (Djais et al., 2019) examined the proportion of oral Veillonella species in the saliva samples of Japanese children 4- to 14-years-old as a measure of their oral health status. Interestingly, the detection of V. rogosae declined with deteriorating oral hygiene status (49.1% in good hygiene vs. 44.4% in moderate hygiene vs. 34.1% in poor oral hygiene). A study in Thai children with different oral hygiene status (good, moderate, and poor) revealed similar findings. V. rogosae prevalence was significantly lower in the poor oral hygiene group than in the good oral hygiene groups, whereas, Veillonella parvula and Veillonella tobetsuensis were significantly more prevalent in the poor oral hygiene group (Mashima et al., 2016; Theodorea et al., 2017). These findings, together with ours, suggest that the abundance of V. rogosae may be a predictor of good oral hygiene status and potentially a caries protective factor among children.

We took two data integration approaches in this paper. The first parallel integration approach treats factors on different platforms equally and assumes no specific correlation structures among factors. The second hierarchical integration approach is indeed an integration with pre-selection on each platform first. It can be considered to take into account the correlation structure within each platform. The two approaches usually produce different outcomes since the pools of candidate predictor variables are different but are expected to have a great overlap. It is a coincidence that the two models in this paper are exactly the same, which also indicates good reproducibility and reliability.

The following limitations need to be considered when interpreting the study results: 1) The study was conducted in one Thailand city. Thus, generalization to other populations is unreliable due to the difference in racial, ethnical, cultural, and dietary background; 2) With the dataset being cross-sectional, the models are built upon the existing caries status, not through the longitudinal onset of caries. Future validations of our models are warranted using longitudinal dataset. There is an additional need for a more mechanistic understanding of how bacteria, such as V. rogosae and L. hongkongensis, are involved in protecting the oral cavity from caries progression.




Conclusions

Multimodal data integration using statistical machine learning models revealed that the mode of delivery and sugary snack consumption outranks salivary microbiome in predicting dental caries in a large cohort of mother-child dyads living in Thailand. Future machine learning approaches that include microbial and environmental risk factors are needed to comprehensively assess the dynamic changes of children’s caries risk factors in a longitudinal cohort.
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The balance or dysbiosis of the microbial community is a major factor in maintaining human health or causing disease. The unique microenvironment of the oral cavity provides optimal conditions for colonization and proliferation of microbiota, regulated through complex biological signaling systems and interactions with the host. Once the oral microbiota is out of balance, microorganisms produce virulence factors and metabolites, which will cause dental caries, periodontal disease, etc. Microbial metabolism and host immune response change the local microenvironment in turn and further promote the excessive proliferation of dominant microbes in dysbiosis. As the product of interdisciplinary development of materials science, stomatology, and biomedical engineering, oral biomaterials are playing an increasingly important role in regulating the balance of the oral microbiome and treating oral diseases. In this perspective, we discuss the mechanisms underlying the pathogenesis of oral microbiota dysbiosis and introduce emerging materials focusing on oral microbiota dysbiosis in recent years, including inorganic materials, organic materials, and some biomolecules. In addition, the limitations of the current study and possible research trends are also summarized. It is hoped that this review can provide reference and enlightenment for subsequent research on effective treatment strategies for diseases related to oral microbiota dysbiosis.
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1 Introduction

The microbiota is involved in the maintenance of host health through multiple pathways. It promotes the maturation of immune cells and the normal development of immune function for immune regulation, acts as a physical barrier to protect the body from foreign pathogens, participates in energy extraction from food, and affects appetite (Wang et al., 2017).

The oral microbiota is an important part of the human microbiota, encompassing over 700 bacterial species, as well as a variety of viruses, fungi, protozoa, and archaea (Deo and Deshmukh, 2019). A healthy individual has 100 to 200+ species of resident bacteria colonized in the oral cavity (Rosier et al., 2018). Fungi are also involved in constituting healthy oral microbiota, while their loads are orders of magnitude lower than bacteria, their size and morphology and synergy with bacteria are crucial in the construction of dental plaque (Diaz et al., 2017). Mark Welch et al. combined sequencing data with spectral fluorescence imaging and revealed that 13 genera are abundant and highly prevalent both in supragingival and subgingival plaque: Corynebacterium, Capnocytophaga, Fusobacterium, Lepidium, Actinomyces, Streptococcus, Neisseria, Haemophilus/Aggregobacteria, Porphyromonas, Rothella, Lautropia, Veillonella and Prevotella (Mark Welch et al., 2016).

One of the unique features of the oral cavity compared to the anatomy of other parts of the human body is the presence of teeth. Due to its unique anatomy, the oral cavity contains several distinct ecological niches such as saliva, soft tissue surfaces of the mucosa and hard tissue surfaces of teeth, with different microbial communities (Schwiertz, 2016). The mucous has a constantly renewed physiological process, and the shedding of its aging epithelium is not conducive to the long-term colonization of bacteria (Costalonga and Herzberg, 2014). The salivary microbiota is mainly derived from the shedding of biofilms on the surface of oral tissues, covering 3621 bacterial taxa, of which Bacteroidetes (genus Prevotella) and Firmicutes (genus Streptococcus and Veillonella) are the main phyla (Keijser et al., 2008). The cheek and palate surfaces have only a single layer of bacteria due to the continuous sloughing of the superficial epithelial layers. However, the tongue surface has multiple layers of biofilm-like bacteria, mainly including Streptococcus salivarius (S. salivarius), Rothia mucilaginosa, and an uncharacterized species of Eubacterium (strain FTB41) (Kazor et al., 2003). Significantly, teeth protrude from the mucosal tissue that covers the oral cavity, providing a stable surface for bacterial biofilm formation (Tuominen and Rautava, 2021). According to the location, microbiota on the teeth surface can be divided into two parts: supragingival microbiota (above the gum) and subgingival microbiota (below the gum), which will be described in detail below.

As the most common form of oral microbiota, oral biofilms constitute dynamic, interrelated metabolic networks, whose composition and activity are mainly determined by environment and host (Mclean, 2014). Oral Biofilms are organized communities containing large varieties of microbes embedded in a matrix of extracellular polymeric substances (EPS), whose scaffold is composed of biological macromolecules such as protein, carbohydrate, and nucleic acid (Kuang et al., 2018). The complex microbial network exists interspecies cross-feeding and obtains nutrients, sugars, and amino acids from mucin-containing saliva through the function of glycosidases (Mosaddad et al., 2019). The oral microbiota maintains a healthy state of the microenvironment through multiple pathways. Veillonella spp., as one of the main anaerobic bacteria in the oral cavity, is considered beneficial attributes to their abilities that metabolize lactic acid to weaker acids and transfer nitrate   to nitrite   (Wicaksono et al., 2020). In addition, there are two main pathways for oral microbiota to generate alkali. Some species like S. salivarius and Actinomyces naeslundii (A. naeslundii) metabolize urea by urease enzymes to produce alkali. The other route is the arginine deiminase system (ADS), from which ADS-positive bacteria like Streptococcus sanguinis (S. sanguinis) metabolize arginine and yield ornithine, ammonia, ATP, and CO2 (Liu et al., 2012; Huang et al., 2018). The metabolism of urea and arginine increases local pH, prevents demineralization and promotes remineralization, and also establishes ecological advantages for commensal bacteria and inhibits the growth of various pathogens, thereby maintaining a healthy oral environment (Bowen et al., 2018).

This review addresses the mechanisms underlying the role of the oral microbiota in health and disease states, with a focus on oral diseases caused by microbiota disturbances, including caries, periodontal diseases and peri-implant diseases. On this basis, the emerging materials developed in recent years are reviewed, which are mainly divided into two categories: antifouling materials (covering polymeric agents, biomolecules and metal oxides) and antibacterial materials (covering metals and metal oxides, inorganic nonmetallic materials, organic small molecules, polymers and antimicrobial peptides).



2 Oral Microbiota-Related Diseases


2.1 Dental Caries

Dental caries, also known as tooth decay, is one of the most prevalent chronic diseases in the world, which can damage both crown and root surface throughout the life cycle, whether in primary or permanent dentition (Selwitz et al., 2007). It is the leading cause of pain and tooth loss in the mouth. As a biofilm-mediated, sugar-driven and multifactorial disease, caries brings about dynamic demineralization and remineralization of dental hard tissue (Pitts et al., 2017). The etiology of dental caries has developed over the centuries, and the involvement of microbes has been acknowledged as early as the late 1800s (Russell, 2009). What can be determined is that the dynamics of carious lesions depend on the availability of fermentable sugars, microbiota, host, and other environmental conditions. However, the specific role of microorganisms in the development and progression of dental caries remains to be further understood.


2.1.1 Supragingival Microbiota

The anatomy of the oral cavity is exceptional compared to that of other human body sites. A unique feature is hard tissue, i.e., teeth that protrude through the mucosa covering a major part of the oral cavity. Teeth provide non-shedding surfaces for distinct bacterial biofilm formation, whereas mucosal surfaces are continuously renewing and older epithelial layers are shedding from the surface, presenting challenges to permanent bacterial colonization (Sedghi et al., 2021). Peculiarly, there is an acquired pellicle covering the teeth surface, which is composed of lipids, proteins, glycolipids, and glycoproteins (Chawhuaveang et al., 2021). Acquired pellicle can protect teeth enamel from acid attack, but also regulates the further attachment of bacteria and promotes the development of biofilm (Thomas et al., 2021).

The structured microbiota is embedded in the EPS matrix consisting of proteins, polysaccharides, lipids, nucleic acids, and other biomolecules and firmly attached to the substrate surface to form biofilms. The physicochemical properties of EPS are critical for the biochemical action of biofilms, including mechanical stability, signal transmission, gene swapping, and antimicrobial tolerance (Karygianni et al., 2020). The initially formed EPS matrix promotes microbial colonization and aggregation, and as the matrix further expands, the EPS wraps around bacterial cells, providing a supportive framework for the development of microscopic colonies (Flemming et al., 2016). The extracellular matrix protects biofilms from mechanical removal and antibacterial agent and creates localized regions of low pH by inhibiting the buffering capacity of saliva, which can facilitate intensive localized acidification and teeth demineralization (Valm, 2019).

The primary initial colonizing bacteria are Streptococcus, followed closely by gram-positive bacilli, particularly Actinomyces spp. Subsequently, other cocci and bacilli gradually attached to the foregoing gram-positive biofilm (Larsen and Fiehn, 2017). Among them, Fusobacterium nucleatum (F. nucleatum) plays an essential role in the maturation of biofilms by co-aggregating with the initial bacteria and succeeding gram-negative and motile bacteria, such as Bacteroidetes and Spirochaetes (Benitez-Paez et al., 2014). Eventually, the cariogenic microbiota is dominated by thriving acidogenic and aciduric microorganisms, including mutans and non-mutans Streptococcus, Actinomyces, Bifidobacterium, Lactobacillus, and Scardovia spp., whose further synergistic effect will promote EPS generate and microenvironment acidification (Lamont et al., 2018).

Recent advances based on DNA and RNA techniques have further shed light on the microbiota associated with caries. In carious lesions whether in enamel or dentin, the supragingival microbiota dramatically decreased from 500-700 species to 100-200 species-level phylotypes (Simon-Soro and Mira, 2015). The bacteria involved in enamel caries were mainly Veillonella, Rothia, and Leptotrichia, while the bacteria involved in dentin caries were mainly S. sanguinis, Atopobium, Schlegelella, Pseudoromibacter, and Lactobacilli (Vanaki, 2020). Streptococcus mutans (S. mutans) and Lactobacillus are closely related to dental caries, which can ferment sucrose to polysaccharides and produce lactic and ATP (Zeng and Burne, 2016; Tanner et al., 2018). Some other common cariogenic bacteria exhibit the high potential of sugar decomposition and acid production, including Corynebacterium, Granulicatella, Propionibacterium, and certain strains of Leptotrichia (Lamont et al., 2018). And the lactic can be utilized as a carbon source for Veillonellae, one of the aciduric species (Chalmers et al., 2008). Besides, Candida albicans (C. albicans) interact with glucosyltransferases produced by S. mutans, enhancing the virulence of the biofilm matrix, which plays a crucial role in early childhood caries (Koo et al., 2018).



2.1.2 Diet and Microbiota

Frequent intake of carbohydrates plays an important role in altering the oral microbiota. Tanner et al. suggested that caries is the result of an imbalance between acid-producing and acid-tolerant bacteria, which is closely related to a frequent diet containing sugar or carbohydrates (Tanner et al., 2018). When sugar intake is low and infrequent, the microbiota on the teeth can remain stable and the small amount of acid production can be easily neutralized by saliva, protecting the teeth from acid erosion and demineralization (Takahashi and Nyvad, 2011). Overexposure to fermentable carbohydrates facilitates the production of EPS and acidic metabolites, as well as the collection of acidogenic and aciduric microorganisms, thus driving the conversion to pathogenic microbiota (Bowen et al., 2018). Microbes will be embedded in the biofilm matrix when carbohydrates are ingested frequently. As a result, local pH is lowered by continuous acid production that avoids saliva buffer, thereby inducing the mineral balance towards demineralization (Takahashi and Nyvad, 2011).

Ecological perspectives for microbiota dysbiosis in dental caries contain 3 reversible stages (Takahashi and Nyvad, 2011). The healthy state’s microbiota on the enamel surface consists mainly of non-mutans Streptococci and Actinomyces, with mild and uncommon acid production. When demineralization/remineralization is in equilibrium or the balance is tilted towards mineral gain, it is in a dynamic stability stage. When frequent carbohydrate supplies lead to a prolonged acidic environment, acid production and acidity of non-mutans bacteria are adaptively enhanced, and more aciduric strains selectively increase. Therefore, the demineralization/remineralization balance is induced to shift towards mineral loss and promotes caries development, which is in an acidogenic stage. The prolonged acidic condition further induces acidic selection of aciduric and acidogenic bacteria to become dominant bacteria, including mutans Streptococci and Lactobacilli as well as aciduric strains of non-mutans Streptococci, Actinomyces, Bifidobacteria, and yeasts, which is called an aciduric stage.

Compared with glucose, fructose, and starch, sucrose has strong cariogenic potential due to its fermentability and can be used as a substrate for glucosyltransferase of S. mutans to synthesize EPS and intracellular polysaccharides (IPS) (Paes Leme et al., 2006). EPS boost bacterial adhesion on tooth surfaces, causing structural and chemical changes of the biofilm matrix, which makes it more difficult to remove biofilm (Liu et al., 2018b). In addition, IPS reduces pH during nutrient deprivation, leading to the selective proliferation of cariogenic microbiota (Costa Oliveira et al., 2021).

Dental caries is an event of microbiota dysbiosis, and diet plays a key role by providing a highly structured and localized acidic microenvironment, promoting caries development through demineralization that conversely shapes the constitution and bioactivity of microbiota. Apparently, challenges existing in controlling cariogenic biofilms mainly include the following aspects. First, the cariogenic microorganisms entangled in the EPS-rich biofilm matrix are protected by the matrix, making it hard to combat or eliminate. Second, EPS generate an extremely acidic microenvironment, promoting the proliferation of cariogenic microbiota and reducing the therapeutic efficacy of drugs. Lastly, because of the rapid refresh effect caused by oral activity and saliva scouring, topical medications barely sustained on biofilms.




2.2 Periodontitis

Unlike infections caused by a single microbial pathogen, periodontitis is triggered by the synergy of multiple microbial communities rather than by specific microorganisms. Arguably, periodontitis is not an infectious disease, but a dysbiosis disease, relating to changes in species abundance in the microbiota and the impact of such changes on health (Lamont et al., 2018). In addition, periodontal dysbiosis is in connection with the disruption of tissue homeostasis, largely due to microbial subversion of local immune response (Hajishengallis, 2015). As the disease progresses, further periodontal tissue destruction will eventually lead to loosening and even loss of teeth, directly affecting chewing or speaking function as well as aesthetics, reducing the patient’s quality of life (Pihlstrom et al., 2005).


2.2.1 Subgingival Microbiota

Characteristics of the local environment determine the properties of relevant microbiota. Matching the constant renewal of gingival epithelial cells, the corresponding microbiota develops more rapidly and is less complex than that on the tooth surface (Hajishengallis and Lamont, 2021). Furthermore, to cope with loss upon host cell death, plenty of colonizing bacteria in the junctional epithelium invade tissue and internalize within the epithelium, where they are protected from host immune molecules (Yilmaz et al., 2006; Lee et al., 2020). The subgingival microbiota in health includes gram-positive bacteria and a few numerically abundant gram-negative bacteria, spatially arranged in organized associations and interacting in a physical and metabolic way (Curtis et al., 2020). Among them, gram-positive cocci and rod cells predominated in number during early colonization (Listgarten, 1976). Actinomyces spp. can co-aggregate with other bacteria such as Streptococcus in initiate colonization stage to construct the skeleton of dental plaque biofilms (Kolenbrander et al., 2006). Notably, there are still health-related species in periodontitis and vice versa, further confirming that periodontal disease is caused by a dysbiosis rather than a single pathogen (Curtis et al., 2020).

Compared with healthy individuals, the total bacterial count of the subgingival microbiota in periodontitis individuals was similar. However, the predominant bacterial species in the subgingival microbiota of the two subjects have a significant difference. The subgingival microbiota in health has higher proportions of Streptococcus species, suggesting it is the main component of the health subgingival microbial community. Nevertheless, periodontitis had a higher proportion of obligate anaerobic bacteria in the subgingival microbiota, especially Porphyromonas gingivalis (P. gingivalis), Tannerella forsythia (T. forsythia), and Eubacterium saphenum (E. saphenum) (Abiko et al., 2010). Socransky and his team utilized whole genomic DNA probes and checkerboard DNA-DNA hybridization to distinguish the periodontal microbiotas and create a color-coded system to characterize them. Among them, the “red complex” group consisting of P. gingivalis, T. forsythia, and Treponema denticola (T. denticola) is the most closely related to periodontal disease, increasing in number with the depth of periodontal pocket (Socransky et al., 1998; Mineoka et al., 2008). The bridging orange-complex species, i.e., F. nucleatum and Prevotella spp., and late red-complex colonizers, take longer to mature than fast thriving yellow-complex species in the early colonization such as Streptococcus spp. (Teles et al., 2013).

It is obvious that the dysbiosis of the microbiota causes differences in metabolic pathways and functions. Elevated levels of bacterial motility proteins and flagellar assembly may imply an increased invasive capacity of pathogenic bacteria in periodontitis (Cai et al., 2021). Studies have shown that bacterial phenolic acid metabolites, especially phenylacetate and volatile sulfur compounds were positively associated with periodontal exploration depth (Liebsch et al., 2019; Abdullah et al., 2020). In addition, valine, phenylalanine, isoleucine, tyrosine, and butyrate were significantly upregulated in periodontitis subjects, while lactate, pyruvate, and N-acetyl were the most strongly expressed in healthy subjects (Romano et al., 2018).

Co-infection can enhance adhesion and invasion of the red complex to gingival epithelial cells (Li et al., 2015). Synergistic community interaction provides a platform for comprehensive regulation of actions, including obtaining nutrient acquisition, expressing genes, and swapping DNA. It is now well established that, the pathogenicity of periodontal pathogens only becomes meaningful under the interaction of synergistic microbial communities, determining the nature and function of the whole microbiota (Hajishengallis and Lamont, 2012).



2.2.2 Host Immune Defense

Although the predominant colonization of certain bacteria is considered to be closely associated with periodontal disease, they have also been detected in a healthy state. Therefore, it cannot be arbitrarily assumed that these bacteria are the sole cause of periodontal disease, as their pathogenic process requires the evolution from a healthy, organized microbiota to a dysbiotic microbiota, which ultimately promotes inflammation and tissue destruction of the periodontal tissue. It is now widely accepted that periodontitis is an inflammatory disease destructing periodontal soft and hard tissues. Microbiota dysbiosis is an initiating factor of local inflammation, while hyperactivation of the host immune system is the direct factor that stimulates osteoclast activity and causes alveolar bone resorption (Pan et al., 2019).

Under physiological conditions, the immune system does not mount a severe inflammatory response during immune monitoring and tolerance of the microbiota (Graves et al., 2019). However, the immune system will overreact in the context of microbiota dysbiosis, contributing to localized inflammatory infiltration. As the dysregulated microbiota continuously stimulates and hurts periodontal tissue, immune cells such as specific T cell subsets, antigen presenting cells, and mononuclear phagocytes are recruited locally. During this process, the interaction of pattern recognition receptors (PRRs) with pathogen-associated molecular patterns (PAMP) expressed by the pathogen microorganisms leads to the secretion of pro-inflammatory cytokines, including interleukin-1 (IL-1), interleukin-6 (IL-6), and tumor necrosis factor (TNF), which has the function of activating lymphocyte and destroying tissue (Graves, 2008; Gu and Han, 2020). Additionally, immune cells secret a cluster of particular cytokines, activating relevant signaling pathways and promoting the differentiation of specific lymphocyte subsets with the participation of IL-1 and IL-6. These lymphocyte subsets in turn secrete specific patterns of cytokines that serve as positive-feedback factors or direct effectors to regulate the immune response as well as osteoclast activity (Pan et al., 2019).

P. gingivalis can secret toxic factors like LPS, gingipains, and pili to directly destroy periodontal tissues, and also activate host immune cells to trigger local immune responses and motivate the release of inflammatory mediators, resulting in secondary tissue damage (Jia et al., 2019). As PAMP recognition receptors, toll-like receptors (TLRs) can mediate the host’s innate immune response to P. gingivalis, the foundation of acquired immunity, playing a crucial role in the occurrence and development of periodontitis (Nakayama and Ohara, 2017).

As an important factor in periodontal tissue destruction, matrix metalloproteinases have the ability to decompose the extracellular matrix and basement membrane, representing a group of structurally related but genetically distinct enzymes. The expression of matrix metalloproteinases is low in healthy periodontal tissues. However, when interleukin-8 (IL-8) is secreted in response to bacterial biofilms, neutrophils are recruited to sites containing biofilms and secrete matrix metalloproteinases 8, which mainly degrades interstitial collagen (Sorsa et al., 2006). It has been found that F. nucleatum may induce the production of matrix metalloproteinase-13, which can degrade collagens of types I, III and IV, as well as fibronectin (Uitto et al., 2003). The activation of matrix metalloproteinases is a combined result of tissue, plasma and bacterial proteinases, combined with the effects of oxidative stress (Cekici et al., 2014).

Recently, some studies have identified T helper 17 (Th17) cells and correlative cytokines such as interleukin-17 (IL-17) have been implicated in the pathogenesis of periodontitis because of the ability to induce osteoclastogenesis (Cheng et al., 2014; Bunte and Beikler, 2019). The study by Cheng et al. showed that P. gingivalis and Actinobacillus actinomycetemcomitans enhance Th17/IL-17 responses through activating human CD14(+) monocytes (Cheng et al., 2016).




2.3 Peri-Implant Diseases

Over the past 50 years, the application of dental implants to improve chewing efficiency and living quality of patients with loss of teeth has become more and more prevalent due to its remarkable biological advantages (Buser et al., 2017). But in the last 30 years, peri-implant infective diseases have emerged, including peri-implant mucositis only involving peri-implant soft tissue and peri-implantitis that also involves peri-implant bone loss (Zitzmann and Berglundh, 2008; Berglundh et al., 2018). Peri-implant diseases cause implant loosening or eventual removal in most cases, placing a huge financial burden on the patient and severely impairing quality of life (Greenstein and Cavallaro, 2014).

Peri-implant diseases and periodontal diseases share similar risk factors, making their clinical outcomes similar. However, recent proteomic and molecular studies have shown a significant difference between peri-implant diseases and periodontal diseases.


2.3.1 Peri-Implant Microbiota

Dental implants provide a colonized surface for microbiota that differs teeth in roughness, surface energy, morphology, and material. In detail, dental implants are made of titanium and/or ceramics, in the shape of a conical screw, have a higher surface roughness and lower surface energy than teeth, so they are more susceptible to bacterial adhesion, and have greater bacterial abundance (Robitaille et al., 2016).

Surface irregular bacterial colonization begins about 30 minutes after the dental implant is placed in the oral tissue (Van winkelhoff et al., 2000). Driven by van der Waals forces, electrostatic and hydrophobic interactions, bacteria approach and finally adhere to the acquired pellicle, thereby establishing irreversible adhesion, followed by up-regulation of bacterial metabolic activity and extensive bacterial colonization of the implant surface (Wassmann et al., 2017). At the whole-microbiome level, the peri-implant microbiota has comparatively low diversity and less variability, which was characterized by 71 species (Ghensi et al., 2020). The healthy peri-implant oral microenvironment is predominantly colonized by Streptococcus, which accounts for 45% to 86% of supragingival and subgingival peri-implant microbiota. Besides, Actinomyces as well as Rothia and Neisseria species have also been continually isolated (Quirynen et al., 2005).

Whereas 12 species were enriched in peri-implantitis: Fretibacterium fastidiosum (F. fastidiosum), T. forsythia, Desulfobulbus spp. oral taxon 041, Treponema socranskii, Filifactor alocis, T. denticola, Porphyromonas endodontalis (P. endodontalis), Treponema maltophilum, Pseudoramibacter alactolyticus, Treponema lecithinolyticum, P. gingivalis, F. nucleatum (Ghensi et al., 2020). Using 16S rRNA sequencing, Schaumann et al investigated the microbial composition of biofilms at different oral sites in individuals with peri-implantitis (Schaumann et al., 2014). The study found that the most abundant submucosal species on implants were Rothia, Streptococcaceae, and Porphyromonas, while the most abundant subgingival bacteria on teeth were Prevotella, Streptococcaceae, and TG5.

A recent study by Shi et al. determined that the richness, diversity, and distribution of microbiota were very similar between peri-implant mucositis and peri-implantitis, both having the core microbiota: Porphyromonas, Fusobacterium, Treponema, Prevotella, and Campylobacter (Shi et al., 2022). Compared with periodontal diseases, peri-implant diseases are related to higher levels of Peptococcus, Mycoplasma, Eubacterium, Campylobacter, Butyrivibrio, S. mutans, and Treponema, and lower levels of Prevotella, non-mutans Streptococcus, Lactobacillus, Selenomonas, Leptotrichia, Actinomyces (Robitaille et al., 2016). Another study showed some interesting results, such as Selenomonas artemidis, Eikenella corrodens, Ottowia sp. HOT894 and Neisseria meningitidis appeared to uniquely be relevant to peri-implants inflammation (Schincaglia et al., 2017). Ghensi et al. suggested defining the “peri-implantitis-related complex” of 7 species strongly characterizing peri-implantitis sites: the red complex triad (P. gingivalis, T. forsythia, T. denticola), the P. endodontalis and F. fastidiosum species, the Prevotella intermedia, and F. nucleatum species (Ghensi et al., 2020). Among them, F. nucleatum is closely associated with peri-implant diseases, especially peri-implant mucositis, and is also a key bacterium in the microbiota associated with periodontal disease.

In addition, observational studies suggested that peri-implantitis was an intricate and multifactorial infection, associated with opportunistic pathogens such as Staphylococcus aureus (S. aureus) and Pseudomonas aeruginosa (P. aeruginosa), fungal organisms (C. albicans, Candida boidinii, Paelicomyces spp., Penicillum spp., Rhadotorula laryngis), and viruses (human cytomegalovirus, Epstein-Barr virus) (Schwarz et al., 2018).

In a word, the peri-implant disease is associated with dysbiosis in the microbiota, some of which may take part in the initiation of disease while others contribute to disease progression.



2.3.2 Host Immune Defense

Peri-implant mucositis is characterized by changes in the composition of the microbiota with an increase in gram-negative microorganisms and activation of local host responses. Microbiota dysbiosis causes the release of chemotactic peptides and cytokines that recruit leukocytes such as neutrophils to peri-implant pockets, thus engulfing and digesting bacteria. However, if the neutrophils degranulate by excessive bacteria, they will release toxic enzymes and damage peri-implant tissue (Petkovic et al., 2010).

Health-associated bacterial biomarkers include chaperonin, iron uptake protein A2, and phosphoenolpyruvate carboxylase. Some biomarkers like ribulose biphosphate carboxylase, succinyl-CoA:3-ketoacid-coenzyme A transferase, and DNA-directed RNA polymerase subunit beta are specific in periodontitis and are also important in peri-implantitis (Baliban et al., 2012). Chemokines (IL-8 and MIP-1α) and proinflammatory cytokines (IL-1β and TNF-α) may serve as markers for monitoring the condition of peri-implant tissues (Petkovic et al., 2010). Immunohistochemical staining showed that IL-1α expression was more prevalent in peri-implant tissues, whereas TNF-α expression was more prevalent in periodontitis tissues (Konittinen et al., 2006).

The pro-inflammatory molecule IL-17, produced by Th17 cells, modulates multiple biological inflammatory effects, including recruiting neutrophils and macrophages and stimulating other pro-inflammatory mechanisms (Ouyang et al., 2008). Mardegan et al. investigated the Th17 (IL-17 and interleukin-23, IL-23) and Treg (transforming growth factor-β, TGF-β) cytokine gene expression levels in healthy and peri-implantitis tissues (Mardegan et al., 2017). A predominant Th17 response and a reduction of Treg response was observed in peri-implantitis tissue compared to healthy tissue, especially arising from up-regulation of IL-23 and down-regulation of TGF-β around the implant.

Mikolai et al investigated early host-microbe interaction based on a peri-implant oral mucosa-biofilm model and obtained profound knowledge (Mikolai et al., 2020). The study showed P. gingivalis is capable of attenuating the PI3K-Akt signaling pathway and disrupting cell-cell junctions at gene and protein levels, thereby enhancing bacterial colonization and damaging the epithelial barrier. Furthermore, the release of antimicrobial peptides or mucosa breakdown products and/or the presence of P. gingivalis may lead to altered bacterial distribution with an increased proportion of Veillonella dispar, deriving lipopolysaccharides to induce TLR4-dependent host cell responses, which can lead to inflammation. Intriguingly, compared to periodontitis, fibroblasts isolated from peri-implantitis had greater production of matrix metalloproteinases (MMP), vascularizing factors, and complement receptor C1q, and less production of metalloproteinase inhibitors and growth factors, which promote collagen synthesis, which may explain the faster and more extensive tissue destruction in peri-implantitis (Belibasakis, 2014).

Duarte et al. used quantitative polymerase chain reaction to assess the gene expression of different inflammatory factors in gingiva from healthy implants and various degrees of peri-implant diseases (Duarte et al., 2009). The study revealed that, concerning inflammatory factors, IL-12 and TNF-α were higher in severe peri-implantitis, followed by initial peri-implantitis and mucositis, while IL-4 was higher in healthy projects, followed by mucositis, severe, and initial peri-implantitis. In consideration of osteoclastogenesis-related factors, RANKL increased with peri-implantitis severity, while OPG mRNA levels were higher in healthy implants, followed by initial, severe peri-implantitis, and mucositis.





3 Materials Strategies


3.1 Antifouling Materials

Building an early biofilm asks for the absorption of protein to the solid surfaces to construct the salivary acquired pellicles, along with the adherence of initial colonizers to them. Then the subsequent adhering of other oral pathogens to immobilized bacteria, also known as cohesion or coaggregation, leads to maturation of the biofilm (Kolenbrander et al., 2010). The antifouling property of biomaterials, including protein repulsion and bacteria anti-adhesion, can protect surfaces from invasion of early biofilm. In addition, the accumulation of dead pathogens and bio-foulants on oral surfaces or dental materials can be prevented by introducing the antifouling property, which unblocks other biofunctions (Duan et al., 2022). Current antifouling materials are usually polymeric antifouling agents, besides, some biomolecules and special metals also show the antifouling property.


3.1.1 Polymeric Agents

An effective intervention for inhibiting the absorption of bacteria and protein on the material surfaces is to reduce the contact area among them. For this purpose, the water barrier effect of hydrophilic materials can play a certain role. In theory, a hydrophilic material usually has strong hydrogen bond interactions with water molecules, which can induce water molecules to bind intensively with material surfaces, leading to the formation of a hydration layer with the shielding effect. The existence of a hydration layer can make it difficult for bacteria and protein to get close to material surfaces, thus achieving a good anti-fouling property (Jin et al., 2022). Currently, polyethylene glycol (PEG) and zwitterionic polymer are the two most widely used hydrophilic anti-fouling materials (Venault et al., 2014; Lee et al., 2019). PEG is a flexible polymer with -CH2-CH2-O- as the repeated unit, which make it not only has hydrogen bonding with water molecules, but also equip with the steric repulsion effect to prevent the invasion of bacteria and protein. Benefitting from the ion’s solvent effect, zwitterionics has a stronger interaction to form a denser hydration layer. Among all, 2-methacryloyloxyethyl phosphorylcholine (MPC) has been used in the antifouling application due to its optimizable molecular structure (Baggerman et al., 2019). The surface charge can be adjusted by controlling the positive to negative groups ratio. Consequently, the antiadhesion propertied can be tuned. However, materials with the hydrophilic property are not stable to bind with the matrix, which is also the main limitation to develop them as the antifouling coating. Buxadera-Palomero et al. once prepared PEG coatings on the titanium (Ti, still contemplated to be the first choice in dental implant therapy) surface by plasma polymerization (Hwang et al., 2012). Subsequently, they took advantage of the pulsed electrodeposition technology to construct the PEG coating on Ti surfaces (Buxadera-Palomero et al., 2020). Both two means can achieve expected bacteria antiadhesion. But the successful coating by plasma polymerization and electrodeposition depends on extra devices, complicating the whole process. To solve it, the method that PEG or zwitterionics are fixed on the substrate surfaces by chemical grafting has come into view. Choi et al. grafted MPC brushes on the PMMA resins with different grafting efficiencies by the free radical polymerization (Choi et al., 2020). Meanwhile, the hydration and MPC dynamics were evaluated logically and quantitatively by molecular simulation and Raman spectroscope to optimize the antifouling property. The resulting resins proved a nonspecific bacteria antiadhesion behavior aiming at A. naeslundii, S. aureus and P. aeruginosa (Figure 1A). Silane chemistry is another available method to graft organic polymers to inorganic substrates. Alkoxysilane of silane coupling agents is reactive to inorganic matter, while organo-functional groups can be compatible with organic matter. Peng et al. prepared silane-ended PEG chain with varied molecular weight and coated it on the tooth stainless steel archwire (Peng et al., 2017). The PEG-coated archwire showed excellent long-term bacteria antiadhesion properties (Figure 1B). Coating materials with chemical grafting is only applicable to the modification of dental materials such as implants or resins rather than oral tissue. In view of the abundant existence of Ca2+ ions on the tooth surfaces, modifying polymers with groups that can interact with these ions has been an alternative. For example, Hou et al. synthesized a highly hydrophilic diblock copolymer polyethylene glycol-poly (aspartic acid) (PEG-PAsp), where carboxyl groups in the PAsp segments provide binding sites with Ca2+ on the enamel surfaces, so that PEG segments on the other side can inhibit S. mutans and Stoeptococcus sanguis (S. sanguis) adhesion on the enamel (Hou et al., 2020). Compared with carboxyl groups,   groups are equipped with stronger ability to bind with Ca2+. Inspired by this, Kang et al. modified MPC polymers with   to immobilize them on the tooth surfaces (Kang et al., 2016). Researches demonstrated that the introduction of   ensured sufficient MPC coatings, resulting in increasing hydrophilicity and decreasing the adhesion of protein and S. mutans.




Figure 1 | Polymeric anti-fouling strategies: (A) zwitterionic antifouling coating grafted onto the PMMA resin for bacterial anti-adhesion; (B) hydrophilic PEG-coated stainless steel archwire to achieve antiadhesive property.



When the solution of bacteria or protein contacts the solid surface of materials, the new interaction between foulants and materials needs to be supplied to support the disruption of original liquid-liquid and solid-solid intermolecular force and to form the intermolecular force between the liquid and the solid surface. During this process, the former reflects the surface energy of liquid and solid materials respectively, and the latter represents the wettability of materials. So hydrophobic materials, or rather materials with lower surface energy, can weaken the interaction between foulants and materials, further improving the antiadhesion capability (Cazzaniga et al., 2015). The silicon-based materials are one of the most widely used polymeric antifouling agents for their low surface energy. Polysiloxane and its derivatives are typical silicone materials and have been demonstrated to serve as coatings for resistance to protein sorption (Yilgör and Yilgör, 2014; Santiago et al., 2016). Recently, Yu et al. synthesized a branched silicone methacrylate and incorporated it into the resin composites aiming at inhibiting the bacterial adhesion by decreasing the resin surface energy (Yu et al., 2020). Fluoropolymers are another option to serve as the low-surface-energy coatings for oral care. Churchley et al. synthesized a series of fluoropolymers and investigated their effectiveness as dental-care coatings (Churchley et al., 2008). These coatings behaved good resistance to several oral bacteria including S. sanguinis, A. naeslundii and cariogenic S. mutans and showed the potential of inhibiting acid demineralization. But it is regrettable that a correlation between anti-adhesion capability of fluoropolymers and their fluorine content or surface energy has not been established.



3.1.2 Biomolecules

DNA is an emerging highly stable biopolymer in the biomedical field due to its unique and predictable properties. Attributed to the fact that some bacteria are known to deposit DNA to prevent the colonization of other bacteria around them, recent research has hypothesized that DNA coatings possess antifouling properties against bacteria (Berne et al., 2010). Subbiahdoss et al. coated DNA on the matrix by the layer by layer (LBL) technique to determine whether DNA coatings can inhibit microbial fouling (Subbiahdoss et al., 2019). Reduced number of several adherent bacteria on the DNA-coated matrix showed the potential in antifouling applications. Later, this team used a multilayer coating composed of DNA and chitosan by the LbL deposition on PMMA resins and Ti implants and demonstrated that these modified surfaces can prevent bacteria adhesion and biofilm formation (Ouni et al., 2021).



3.1.3 Metal Oxide

The light-induced hydrophobic and hydrophilic transformation property of metal oxides enable them to be used for surface self-cleaning. Under the illumination of ultraviolet (UV) light with energy greater than the band gap, the valence band electrons of the metal oxides are excited to the conduction band, resulting in the formation of holes in the valence band. The holes “randomly walk” to the surface of the metal oxides and react with surface oxygen ions to form oxygen vacancies. At this time, oxygen vacancies can promote the dissociation and absorption of water molecules in the air to form a chemical adsorption surface (surface hydroxyl groups). Hydroxyl groups can further adsorb water molecules, thereby improving the hydrophilicity of the surface (Caputo et al., 2008; Sahoo et al., 2013). Since the viewpoint that the hydrophilicity and wettability of titanium dioxide (TiO2) polycrystalline films can be transformed by UV irradiation was proposed by Fujishima in 1997 (Wang et al., 1997), several metal oxides including ZnO, α-Fe2O3, WO3, V2O5 and SnO2 have been found successively to possess the photo-induced hydrophilicity (Feng et al., 2004; Lim et al., 2007; Papadopoulou et al., 2009; Gu et al., 2010; Talinungsang et al., 2019). For example, Papadopoulou et al. prepared ZnO nanograins by pulsed laser deposition and proved the light-induced superhydrophilicity in the hydrophobic structures (Papadopoulou et al., 2009). Yan et al. observed that the hydrophilic transformation behavior can also occur in α-Fe2O3 nanoflake films, whose contact angles can be switched from 160 to 0° upon stimulation brought from UV irradiation (Feng et al., 2004).

However, the light-induced hydrophobic and hydrophilic transformation property of metal oxides is reversible (Caputo et al., 2008). That is to say, the absorbed hydroxyl groups on the surface would be replaced again with oxygen in the air and hydrophilic materials return to their hydrophobic state once UV irradiation was stopped. The inevitable reversibility limits the application of metal oxides as light-induced antifouling materials in the treatment of oral diseases.

From the application point of view, the major disadvantage of metal oxides lies in its roughness and wettability, which is closely related to the surface topological structures (Packham, 2003; Chen et al., 2021). Hence, it is important to achieve their structure adjustable, especially at the micro/nanoscale. TiO2 nanomaterials are representative of nano-topological surfaces with the bacterial anti-adhesion property. Nowadays, nanostructured TiO2 materials with good wettability were extensively investigated in antifouling applications. Hu et al. constructed a composite nanostructure of TiO2 nanotubes on the substrates, which exhibited S. sanguinis and S. mutans antiadhesion behaviors (Hu et al., 2018). In addition to nanotubes, nanostructure surfaces such as nanopores, nanorods and nanogrooves have been indicated to possess good bacteria antiadhesion properties (Ferraris et al., 2017; Valdez-Salas et al., 2019). Besides, changing parameters of nanopatterns can lead to the changes of roughness and hydrophilicity on the surfaces, affecting the antiadhesion ability (Chen et al., 2021). For example, Krunal et al. studied the effects of different diameters of TiO2 nanotubes on the adherence of two oral bacteria S. sanguinis and S. mutans (Narendrakumar et al., 2015). In this study, they showed that the amount of attached bacteria can be adjusted as changing the nanotube diameters and demonstrated the possibility of tailoring nanostructure.




3.2 Antibacterial Materials

Antifouling agents have surely come into play in preventing microbial attachment and biofilm formation. Once bacteria are attached on the surfaces of teeth and dental materials to form the biofilm, antifouling agents are of no effect. While materials with antimicrobial properties are capable of killing those attached bacteria or destroying EPS according to several mechanisms and have become a strong candidate to regulate microbial environments.


3.2.1 Metal and Metal Oxide

Many metal elements such as Ag, Cu, Zn and so on perform broad-spectrum antibacterial ability as positively charged metal ions (Ag+, Cu2+, Zn2+) can cause membrane destabilization and pore formation, leading to cytoplasmic metabolites leakage (Kędziora et al., 2018). However, releasing large amounts of metal ions in a short period of time will cause local excessive concentrations, producing a toxic effect on cells. To solve the problem, metal and metal oxide nanoparticles are used to achieve the ions’ slow release by the oxidative dissolution of ions from the nanoparticle surface. Besides, nanoparticles themselves have the ability of physical damage and membrane destabilization, which can reduce the number of needed metal ions (Gold et al., 2018). Dutra-Correa et al. functioned Ag nanoparticles with stabilizers to control the nanoparticle sizes and prevent aggregation (Dutra-Correa et al., 2018). These functioned nanoparticles can be incorporated into the dental adhesive at a lower concentration than that of previous studies. The antibacterial experiment and mechanical analysis demonstrated that Ag nanoparticles at a low concentration can still have the antibacterial effect on S. mutans without increasing the influence on mechanical properties of adhesive.

In addition to the contact-killing mechanism of metal nanoparticles, they can also lead to the change of surrounding environment such as elevating temperature or generating reactive oxygen species (ROS) to kill bacteria by response to external stimulus. Photothermal therapy (PTT) is a kind of emerging antibacterial means and has been achieved by the absorption of near-infrared light (NIR) of metal nanoparticles, especially Ag nanoparticles to generate heat, thus causing high temperature in the local to denature proteins of bacteria and kill them. Xu et al. developed a removable multilevel photothermal antibacterial nanoagent in which Fe3O4 was used as the core and polydopamine (PDA), Ag and glycol chitosan were coated in sequence (Xu et al., 2022). The existence of PDA slowed down the release of Ag+ so as to avoid tissue damage while the photothermal conversion property of Ag nanoparticles can realize effective sterilization within a short time when they were irradiated by NIR. The antibacterial experiment revealed the excellent bacterial and biofilm inhibition ratio (over 95% and 50% respectively) aiming at oral cariogenic bacteria.

In 2007, paramagnetic Fe3O4 nanoparticles with the peroxidase-like activity were discovered by Yan’s team for the first time (Gao et al., 2007). The finding led to rapid development in the research for nanoparticles with similar property. So far, several kinds of metal and metal oxide nanoparticles including Fe3O4, Pt, Pd, Au, CeO2, CuO and so on have been confirmed to have the peroxidase-like activity (Fang et al., 2018; Xiang et al., 2020). Such nanoparticles with enzyme-like catalytic activity are also known as nanoenzyme, which can break down H2O2 to generate ROS at acidic pH values for degrading the biofilm EPS and simultaneously killing embedded bacteria. Gao et al. synthesized catalytic nanoparticles containing biocompatible Fe3O4 with peroxidase-like activity in a solvothermal system (Gao et al., 2016). These catalytic nanoparticles have been shown to activate exogenous H2O2 in situ to generate ROS that can achieve not only rapid bacteria killing but glucan degradation in biofilm EPS. Furthermore, the nanoparticles also exhibited an additional property of preventing hydroxyapatite demineralization, which was beneficial from the caries treatment. Likewise, Liu et al. designed a nanoparticles Ferumoxytol, which was comprised of iron oxide cores coated with carboxymethyl-dextran (Liu et al., 2018a). The nanoparticles also displayed biofilm disruption capability by activating H2O2 to cause S. mutans death and EPS matrix degradation (Figure 2A). The subsequent research revealed the antibacterial specificity of Ferumoxytol against S. mutans. They analyzed that the targeting property could be attributed to the interactions between carboxymethyl-dextran of Ferumoxytol and specific glucan-binding proteins of S. mutans (Figure 2B) (Liu et al., 2021b). Although these catalytic nanoparticles exhibited excellent antibacterial properties, the inappropriate additive amount of exogenous H2O2 can induce excess ROS causing cell damage. Considering that, glucose oxidase (GOx), an endogenous oxidoreductase that can catalyze the oxidation of β-D glucose into H2O2, has come into view (Chaichi and Ehsani, 2016; Laothanachareon et al., 2018). Ji et al. prepared Fe3O4 nanoparticles and modified them with GOx (Ji et al., 2021). GOx can catalyze glucose in the biofilm matrix to generate H2O2, which can be further catalyzed by Fe3O4 nanoparticles to produce ROS. In addition, the oxidation of GOx depleted the oxygen and glucan, helping to starve bacteria to death. Inspired by the specific binding of glucan and oxidation capability of GOx, Huang et al. coated iron oxide nanoparticles with both glucan and GOx (Huang et al., 2021). The resulting nanohybrid had significant S. mutans killing efficacy without affecting commensal S. oralis. To reduce the used amount of nanoparticles, these metals can be fixed in other materials such as carbon nitride and metal-organic frameworks (MOF) (Wang et al., 2020; Wu et al., 2021b). Yu et al. reported single-atom dopped MOF catalytic systems with several metal atoms including Pt, Au, Cu, and Ru for the treatment of periodontitis (Yu et al., 2022). Due to its three-dimensional and porous structure, the MOF-based catalytic system had plentiful catalytic sites so as to improve catalytic activity and reduce metal consumption (Liu et al., 2020).




Figure 2 | Metal nanoparticles antibacterial strategies: (A) combining Dex-IONP nanoparticles and additional H2O2 to generate ROS for disturbing biofilms; (B) Dex-IONP-GOx nanoparticles as nanoenzyme to release ROS for precision targeting of bacteria; (C) Oxygen-deficient nanotitania with enhanced photothermal Fenton-like reaction for destroying biofilms.



In addition to being a light-responsive antifouling agent, TiO2 is a commonly used photocatalyst, which could respond to UV to generate ROS for destroying microbes. However, exposure to UV light is harmful to cells and tissues restricts the application of TiO2 (Musk et al., 1989). So, the current advancements mainly focus on facilitating visible light adsorption by narrowing the TiO2 band gap (Asahi et al., 2001). Previous literature found that doping with nitrogen endowed TiO2 with superior visible light-catalytic activity (Livraghi et al., 2006). Inspired by this, Florez et al. synthesized nitrogen-dopped TiO2 nanoparticles and immobilized them in the dental adhesive resins (Esteban Florez et al., 2018). There was a higher antibacterial level when exposed to blue light than in the dark, which demonstrated the contribution of nitrogen to band-gap narrows. In addition to nonmetal atoms doping, oxygen-deficient titania (TiO2-x) can exhibit better photo-catalytic performance than TiO2 due to its improved separation of electron-hole pairs and extended visible light absorbance regions (Chen et al., 2011; Naldoni et al., 2012). Hu et al. prepared TiO2-x nanoparticles from TiO2 based on the solid-state chemical reduction method (Hu et al., 2021). The presence of oxygen vacancy improved the catalytic activity under NIR irradiation and meanwhile, elevated temperature brought from photo-thermal conversion can also kill bacteria (Figure 2C).



3.2.2 Inorganic Nonmetallic Materials

As the two main inorganic nonmetal materials, carbon nanotube and graphene oxide (GO) have a similar antibacterial mechanism. The penetration of the sharp and narrow structure of two materials onto the surface of bacteria can cause damage in the integrity of cell walls (Teh and Lai, 2019). F. Al-Thani et al. have studied the antibacterial efficiency of GO and concluded that GO can work against several microbiomes including eukaryotic fungus, Gram-negative and positive bacteria (Al-thani et al., 2014).

Nitric oxide (NO) is an endogenous diatomic radical whose antibacterial activity origin from its reaction with superoxide and oxygen. In the process, peroxynitrite and dinitrogen trioxide were formed to kill bacteria through lipid peroxidation and DNA cleavage (Bogdan, 2001; Hetrick et al., 2008). Compared with direct delivery of NO, a NO-releasing system will be applicable to oral surgery. J. Backlund et al. loaded NO into PAMAM dendrimers and discussed the influence of different pH and the alkyl chains length of dendrimers on NO-release kinetics (Backlund et al., 2016). Improved antibacterial actions can be observed at lower pH values and when NO was loaded into longer alkyl chain-modified dendrimers. Similarly, NO-releasing hyperbranched polykanamycins and hyperbranched polyamidoamines systems designed by Yang et al. can not only reduce the metabolic activity of biofilm, but also kill embed bacteria. The greater efficacy was observed under aerobic versus anaerobic conditions (Ma et al., 2020).



3.2.3 Organic Small Molecules

The gold standard aiming at oral bacteria in the clinical treatment is the use of antibacterial agent chlorhexidine (Balagopal and Arjunkumar, 2013). Recent advances about the delivery of chlorhexidine in different carrier systems can achieve a slow release or controlled release of chlorhexidine for prolonging the releasing time and reducing drugs usage. Akram et al. reported a strategy that mesoporous silica nanoparticles (MSNs) were grafted with poly (L-glycolic acid) to load chlorhexidine and studied the release behaviors under the oral acid-producing environment (Akram et al., 2021). Equipped with exceptional surface area and porous structures, MSNs can load drugs for improving efficacy. PGA is a kind of synthesized polypeptide with the pH-responsive property, which guaranteed a significant effect on chlorhexidine release behaviors and nanoparticles degradation.

Quaternary ammonium salts (QAS) have been one of the most widely studied antibacterial agents on account of their chemical structure with ease of design and modification. The antibacterial capability originates from the interactions between cationic QAS molecules and the bacterial cell membranes with negative charges (Ramburrun et al., 2021). The antibacterial property of QAS can be optimized by changing the length of alkyl chains of QAS molecules. For example, QAS molecules with longer alkyl chains (C6-C18) are more applicable to kill bacteria because long alkyl chains can disrupt the phospholipid molecules on the cell membranes (Jiao et al., 2017). While relating to the antifungal therapy, it’s necessary to expose more quaternary ammonium groups with positive charge, thus shorter alkyl chains are rather needed (De Prijck et al., 2010; Duan et al., 2022). Dimethylaminohexadecyl methacrylate (DMAHDM) is a kind of QAS antibacterial monomer with an alkyl length of 16, showing strong antibacterial activity and antibacterial efficacy (Zhou et al., 2013). Bhadila et al. developed a bioactive antibacterial composite with DMAHDM and amorphous calcium phosphate (ACP) (Bhadila et al., 2020). The composite can not only protect dentin at the restoration margins from invading of S. mutans biofilm, but also promote dentin remineralization. As a small molecular antibacterial agent, QAS can also be grafted onto polymer chains with biological functions to play an antibacterial role. Fanfoni et al. designed and synthesized a series of di-methacrylate bis-QAS that bear two quaternary ammonium groups in a monomer (Fanfoni et al., 2021). These synthesized monomers had the potential of stabilizing polymer networks as crosslinkers, and the existence of two quaternary ammonium groups increased the antibacterial activity.

N-halamines are a class of small molecular compounds with one or several nitrogen-halogen (N-X) bonds, in which X could be Cl, Br or I. Among them, Cl is the most widely used element because of the most advantageous stability of N-Cl bonds. The antibacterial property of N-halamines originates from the release of Cl+. Releasing Cl+ first chlorinates the external protein matrix of the bacteria to form a protective layer around the bacteria, which helps it penetrate into the bacterial cells. Cl+ going into the bacteria further oxidizes the key cellular components containing mercaptan and sulfide, and finally denatures the proteins by counter-chlorination (Dong et al., 2017). It can be seen from the structure of N-halamines that the dissociation constant of Cl element in aqueous solution decreases in the order of imide > amide > amine, which means that the Cl+ releasing capability decreases in the same order (Akdag et al., 2006). Contrarily, the durable stability of N-halamines can get improved in order. Wu et al. grafted polyacrylic acid (PAA) onto Ti implants for N-Cl functionalization to acquire porous renewable antibacterial coatings (Wu et al., 2021a). In the research, they utilize excess ethanediamine to react with PAA to ensure that the resulting coatings can contain not only amide but also amine. Such molecular design can provide a synergistic antibacterial effect of rapid and long-lasting functions (Figure 3A).




Figure 3 | Organic micromolecules antibacterial strategies: (A) the renewal of active chlorine from N-halamines coating to achieve long-lasting antibacterial property; (B) chlorin e6-mediated PDT therapy for bioresponsive bacterial resistance.



Antibacterial photodynamic therapy (PDT) enjoys a tough interest in current oral and dental applications. Photosensitizers around tissues are activated by the light irradiation of a specific wavelength, and the excited photosensitizers transfer the energy to the surrounding oxygen to generate the highly active ROS, which can oxidize the adjacent biological macromolecules for killing bacteria (Stájer et al., 2020). Current photosensitizers used for PDT are porphyrin, chlorophyll, toluidine blue O (TBO), phthalocyanine compounds and these derivatives (Li et al., 2021). Zhang et al. designed a zwitterion-modified porphyrin by the conjugation of protoporphyrin IX (PP) and a zwitterion moiety (Zhang et al., 2021). PP segments can improve the generation of ROS by purple light irradiation for tooth whitening and S. mutans biofilm eradication, while the superhydrophilic zwitterion can increase the solubility of modified porphyrin and ROS yields. Chlorin e6 (Ce 6), a class of small molecular photosensitizer extracted from natural chlorophyll, has been revealed to have a brilliant ROS generation efficacy and absorption of visible red light (Ding et al., 2018). Liu et al. once designed an amphiphilic and pH-responsive polymer, which can self-assemble into spherical structure in a neutral condition and disassemble under an acidic environment. Considering the lower pH in the caries environment, they encapsulated Ce 6 with the polymer for PDT on demand (Figure 3B) (Liu et al., 2021a). A. Balhaddad et al. constructed a nanoplatform by assembling TBO and magnetic Fe3O4. In addition to the photodynamic antibacterial property of Ce 6, Fe3O4 equipped the nanoplatform with the capability to penetrate deep sites under external magnetic forces, resulting in an improved disinfection effect (Balhaddad et al., 2021).



3.2.4 Polymers

Compared to inorganic and organic small molecular antimicrobial agents, polymer with antibacterial activity is a hot topic of current research due to its high density of effective functional groups. Usual polymers can be divided into synthetic polymers and natural polymers. Among them, Polyethyleneimine (PEI) is a typical synthetic cationic antibacterial polymer, which can interact with the polar acid groups on the bacteria to destroy cell membranes (Pietrokovski et al., 2016). Karatepe et al. incorporated PEI and silk fibroin (SF) into dental resins. In addition to reinforced mechanical strength brought from SF, PEI endowed resins with the resistance to bacterial erosion of P. aeruginosa (Karatepe and Ozdemir, 2020).

As extracted from matters in nature, natural polymers often exhibit low toxicity, good biocompatibility and biodegradation. For example, chitosan is extracted by the deacetylation of chitin and the positively charged ammonium groups (  ) can be generated upon protonation of amino groups.   can interact with negatively charged bacterial cell membranes to cause leakage (Benhabiles et al., 2012). Peng et al. reported an antimicrobial coating by incorporating PEG and chitosan to combat bacterial infection (Peng et al., 2020). Herein, the coating showed a long-lasting colony-suppression activity against S. mutans. Similar to QAS, the length of hydrophobic groups can also influence the antibacterial activity. Phuangkaew et al. introduced hydrophobic entities and quaternary ammonium groups to improve the antibacterial capability (Phuangkaew et al., 2022).



3.2.5 Antimicrobial Peptides

Natural AMPs are a class of polypeptides with broad antibacterial activity extracted from plants, amphibians or human bodies, which are usually composed of hydrophobic regions and positively charged hydrophilic regions (Parhi et al., 2021). The hydrophobic regions, such as tryptophan and leucine, can be in combination with the phospholipid bilayer membrane, while the presence of hydrophilic positively charged arginine and lysine can play an antibacterial role. Even though human oral saliva contains different kinds of AMPs, when acting on oral microorganisms, the minimum inhibitory concentration (MIC) should be reached. It is worth noting that the concentration of natural AMPs in the gingival crevicular fluid is much lower than MIC of most microorganisms. Although oral endogenous AMPs are not enough to produce antibacterial effect on pathogenic bacteria, the wide range of sources provides a new idea for the treatment of oral diseases with additional AMPs. A variety of AMPs, including α-defensin, β-defensin, histatin, and histoprotestatin (such as LL-37), are normally present in oral saliva and have been shown to have antibacterial effects against multiple oral bacteria (Gorr, 2009).

The antibacterial activities of natural AMPs have been extensively studied, but their sources are limited and polypeptide chains are too long and complex to be flexible. On the contrary, de novo designed AMPs and the antibacterial units extracted from natural AMPs can solve these problems without impairing the antibacterial activity. For example, G(IIKK)3I-NH2 (called as G3) is a man-made helical peptide, and has been proven to have antibacterial activity against S. mutans biofilms (Zhang et al., 2020). P-113 (AKRHHGYKRKFH-NH2) is a histidine-rich 12-amino acid polypeptide from saliva protein histatin 5. In light of previous research, P-113 has bactericidal effects on oral important pathogenic microorganisms (Rothstein et al., 2001; Sajjan et al., 2001). Wang et al. provided a novel and stable Nal-P-113 by replacing tryptophan and histidine residues with the bulky amino acids β-naphthylalanine and β-(4,4’-biphenyl) alanine to increase salt resistance. The variant AMP retained high antibacterial activity against Stoeptococcus gordonii, F. nucleatum and P. gingivalis even at high salt concentrations (Wang et al., 2015).




3.3 Materials for the Disease Treatment

The emergence of antifouling and bactericidal materials provides a new means for the treatment of oral diseases caused by dysbiosis of bacteria. However, the actual oral environment determines the diversity of causes and complexity of results of oral diseases, so single anti-fouling or bactericidal performance is not enough to meet the needs of disease treatment. For example, the overgrowth of oral caries-causing bacteria S. mutans is the direct cause of dental caries. In this process, the local pH of oral cavity is also decreased, which further leads to tooth hard tissue demineralization in acidic environment. Consequently, the treatment for dental caries is usually involving a combination of antifouling/antibacterial property and promoting tooth remineralization. Zhou et al. grafted P-113 (the smallest fragment of AMP H5) with different end moieties in order to achieve binding to tooth enamel, killing S. mutans, resisting demineralization and promoting remineralization (Zhou et al., 2021). The study suggested the potential of modified P-113 as the functional agent for preventing dental caries (Figure 4A). To inhibit the failure of resin-based dental materials brought from recurrent caries, Melo et al. filled resin with Ag nanoparticles, DMAHDM and ACP. In addition to the antibacterial activity of Ag and DMADHM, ACP can release Ca2+ and   for remineralization and acid neutralization (Melo et al., 2016).




Figure 4 | The combined treatment of oral diseases: (A) a multifunctional antibacterial peptide coating with modified end groups for adhering to enamel, bacterial anti-adherence and enamel remineralization to achieve caries management; (B) an injectable dual light-responsive GTR membrane with the antibacterial property and osteogenic capability to address requirements of periodontitis therapy.



As one of the most common chronic infections, periodontitis will result in the destruction of periodontal tissue including alveolar bone, periodontal ligament and cementum root. The ultimate goal of periodontal therapy is the regeneration of all periodontal components, while the therapy usually combines conventional anti-infective measures with guided tissue regeneration (GTR) or the application of cytokines, growth factors, or bioactive molecules (Bottino and Thomas, 2015). Nasajpour et al. developed a biodegradable GTR membrane made with a mixed solution of poly(caprolactone) and ZnO by electrospinning for treating periodontitis (Nasajpour et al., 2018). The incorporation of ZnO improved the antibacterial activity and osteoconductivity simultaneously. Xu et al. proposed an injectable sodium alginate hydrogel containing Cu2O and PDA-coated TiO2 (Xu et al., 2020). The liquid to solid phase transition during the gelation process can make the hydrogel match the irregular defect sites. The blue light-responsive property of TiO2 can generate ROS that can not only kill bacteria but also oxide Cu+ to Cu2+ for stimulating osteogenesis (Figure 4B). Zhang et al. developed a microneedle patch for drug delivery of antibiotics and cytokines IL-4 and TGF-β to achieve immunoregulation and tissue regeneration (Zhang et al., 2022).

Like periodontal infection, peri-implantitis is a multimicrobial disease that causes bone absorption and ultimately implant failure. In view of the fact that bacterial infection is the main cause of peri-implantitis, the common treatment method is still to improve the antibacterial performance of implants through bacterial adhesion prevention and sterilization (De Avila et al., 2020). At present, most implants are made of pure titanium and titanium alloy materials. However, titanium implants widely used in clinical practice do not have outstanding anti-infection ability (Chen et al., 2021). More recently, researchers have tried to kill bacteria by mixing pure titanium or its alloys with other metals such as Ag, Cu, and Zn that have inherent antibacterial properties (Chen et al., 2016; Wang et al., 2019). Another way to improve the antibacterial ability of implants is the usage of an antifouling or bactericidal material as the coating of the implant surface. Hoyos-Nogués et al. presented a three-in-one trifunctional strategy by preparing a coating with PEG, AMP and RGD tripeptide. The strategy can promote the attachment and spreading of osteoblasts on implant surfaces and inhibit bacterial colonization on them (Hoyos-Nogues et al., 2018).




4 Conclusions and Perspectives

The oral ecosystem contains several distinct niches, which support the colonization of complex and heterogeneous microbial communities. There are dynamic interactions between oral environments and the compositions of oral microbiota and between oral microorganisms. These interactions can prevent humans from invasion and attack. The oral microbiome is individual and relatively stable as time goes on as long as the oral health is maintained. However, the significant change of key parameters influencing microbial growth will disturb the balanced interactions and lead to the development of pathogenic microorganisms. Once the oral microbial dysbiosis occurs, people are susceptible to being attacked by oral diseases such as dental caries, periodontitis, and peri-implantitis.

There is a close relationship between the occurrence of oral diseases and the overgrowth of pathogenic bacteria and the formation of their biofilms. In the past few decades, the development of materials science, chemistry and biomedical engineering as well as their intersection promote the blooming research aiming at antibacterial materials. The methods of resisting microbial invasion involve antiadhesion, sterilization and even their combination. In addition to hydrophilic and hydrophobic materials that have been studied extensively, bioinspired DNA is an optional antifouling agent. The photoinduced hydrophobic-hydrophilic transformation property of TiO2 and its modification of surface morphology can achieve controllable bacterial adhesion, showing potential in preventing peri-implantitis. There is a wider range of bactericidal materials, ranging from inorganic materials such as metals and carbides to organic small molecules, synthetic polymers and some natural molecules. the development of distinct categories of materials enriches antibacterial means: metal ions, chlorhexidine and QAS are still mainstreams, while the application of NO, Cl+ and AMP is also increasingly emerging. Moreover, mature nanotechnology makes it possible for nanoenzyme, PTT and PDT to be used in the treatment of oral diseases, which further expands the application of some metal and organic molecules. These antibacterial materials have been combined with other methods for the research of treating oral diseases such as dental caries, periodontitis and peri-implantitis based on the characteristics of different oral diseases, showing excellent results.

Although the research on oral antibacterial materials is thriving, these materials are not widely used in clinic. The antibacterial experiment in vitro only focuses on one or several pathogenic bacteria. Considering the complexity of microorganisms in the oral environment, it is difficult to predict the effect of antibacterial materials applied to oral cavity. Materials possessing bactericidal effects usually have cytotoxicity as well. In order to achieve good antibacterial properties, it is usually necessary to increase the concentration of materials with low antibacterial activity, which may cause worse biocompatibility. Therefore, a balance between the antibacterial activity and biocompatibility of materials needs to be found in the future. Finally, the results of basic research should be effectively translated into real and affordable products, which requires the joint cooperation and efforts of researchers, doctors and patients.
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Oral squamous cell carcinoma (OSCC) is one of the most prevalent cancers in the world. Changes in the composition and abundance of oral microbiota are associated with the development and metastasis of OSCC. To elucidate the exact roles of the oral microbiota in OSCC, it is essential to reveal the evolutionary relationships between the dysregulated genes in OSCC progression and the oral microbiota. Thus, we interrogated the microarray and high-throughput sequencing datasets to obtain the transcriptional landscape of OSCC. After identifying differentially expressed genes (DEGs) with three different methods, pathway and functional analyses were also performed. A total of 127 genes were identified as common DEGs, which were enriched in extracellular matrix organization and cytokine related pathways. Furthermore, we established a predictive pipeline for detecting the coevolutionary of dysregulated host genes and microbial proteomes based on the homology method, and this pipeline was employed to analyze the evolutionary relations between the seven most dysregulated genes (MMP13, MMP7, MMP1, CXCL13, CRISPO3, CYP3A4, and CRNN) and microbiota obtained from the eHOMD database. We found that cytochrome P450 3A4 (CYP3A4), a member of the cytochrome P450 family of oxidizing enzymes, was associated with 45 microbes from the eHOMD database and involved in the oral habitat of Comamonas testosteroni and Arachnia rubra. The peptidase M10 family of matrix metalloproteinases (MMP13, MMP7, and MMP1) was associated with Lacticaseibacillus paracasei, Lacticaseibacillus rhamnosus, Streptococcus salivarius, Tannerella sp._HMT_286, and Streptococcus infantis in the oral cavity. Overall, this study revealed the dysregulated genes in OSCC and explored their evolutionary relationship with oral microbiota, which provides new insight for exploring the microbiota–host interactions in diseases.
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Introduction

Head and neck squamous cell carcinoma (HNSCC) is the seventh most common malignancy in the world, accounting for more than 90% of head and neck malignancies (Mody et al., 2021). HNSCC originates from the squamous epithelium of the upper respiratory tract and digestive tract of the oral cavity, pharynx, and larynx, among which pharyngeal squamous cell carcinoma, laryngeal squamous cell carcinoma, and OSCC are the most common. OSCC often has a great impact on patients’ chewing, swallowing, language, breathing, and other functions and even threatens their lives (Johnson et al., 2020). In recent years, the incidence of OSCC has been on the rise, becoming a world public health problem with high morbidity and mortality (Ferlay et al., 2019). Studies have shown that, in addition to major risk factors such as tobacco and alcohol abuse, exposure to environmental pollutants and viruses, specific oral bacteria, or oral microbial communities may play an important role in the occurrence and progression of OSCC (Fitzsimonds et al., 2020; Irfan et al., 2020). The human microbiome coevolved and coexisted, and OSCC that also grows in the oral cavity may themselves be the hosts of oral microbiota. The oral cavity harbors over 700 microbial species and both pathogenic and commensal strains are involved in the development of OSCC. Evidence has indicated a correlation of some specific species with OSCC, including Porphyromonas gingivalis, Fusobacterium nucleatum, Treponema denticola, Streptococcus gordonii, and human papilloma virus 16 (Fitzsimonds et al., 2020).

The current strategies to investigate the role of the oral microbiota in OSCC have predominantly focused on detecting oral microbial communities present or populational shifts in OSCC samples and studying the effect and mechanism of specific oral microbial challenges on biological processes (BPs) related to OSCC occurrences, such as cell proliferation, cell apoptosis, and the epithelial to mesenchymal transition. Perspective studies should focus on exploring the oral microbiota potentially related to OSCC. However, oral microbes are abundant and approximately 30% of them cannot be cultured. Thus, determining oral microbial–host interactions between species experimentally is a challenging task (Fritz et al., 2013). Computational approaches are an ideal approach to aid in screening for microbial–host interactions, with time-saving and economic advantages (Dix et al., 2016; Fitzsimonds et al., 2020). From an evolutionary perspective, if there is significant similarity between two protein sequences, they may originate from a common ancestor and have the same or similar functions (Pearson, 2013). Therefore, the most common method to explore protein function is pair-wise protein sequence comparison to “transfer” or prediction of function based on sequence similarity between proteins of known and unknown function (Rost, 1999; Bork, 2000; Devos and Valencia, 2000). And BLAST is a classic pairwise approach that can search protein sequence similarities all against all (Camacho et al., 2009). Based on this principle, several approaches have been established to determine pathogen–host protein–protein interactions (PHIs), including protein homology prediction, structural domain–based methods, and machine learning–based methods (English and Albersheim, 1969; Wojcik and Schächter, 2001; Pagel et al., 2004; Qi et al., 2010; Dyer et al., 2011).

Increasing evidence has shown that shared evolutionary history matters to both microbiota and hosts (Davenport et al., 2017). Microorganisms include bacteria, viruses, fungi, and some small protists. These organisms typically have smaller proteomes, based on which they can be analyzed for community heterogeneity, activity, and function. If the entire proteome of a microorganism is regarded as a protein that is evolutionarily conserved, the entire microbiome is a living organism composed of a large number of such proteins. Based on the principle of protein–protein interaction (PPI), the interaction relationship between the entire proteome of microorganisms and the host can be predicted. Oral microbiota colonize the oral mucosa, and they have a coevolutionary relationship; therefore, based on the principle of coevolutionary association inferring functional interactions, this study established a predictive pipeline for the evolutionarily interconnected evolution of dysregulated host genes and microbial proteomes (Devos and Valencia, 2000). We identified dysregulated genes in OSCC tissues by analyzing gene expression datasets from the GEO database and explored their evolutionary relations with oral microbiota with this pipeline. The results are expected to provide new insights into the interactions between oral microbiota and OSCC.



Materials and methods


Data Collection

The Gene Expression Omnibus (GEO) database contains a large number of gene expression profiling (high-throughput sequencing and microarray datasets) and RNA methylation profiles that are submitted by different research laboratories in the world (Edgar et al., 2002). We retrieved the related gene expression datasets by OSCC and oral keywords. The criteria for the retrieved datasets must contain different sequencing platforms. Finally, the microarray datasets (GSE138206) and high-throughput sequencing datasets (GSE140707) were downloaded from the GEO database. The GSE138206 dataset contains six OSCC tissues (Ca), tissues adjacent to cancer (P), and contralateral normal tissues (N), and the GSE140707 contains three tumorous and adjacent tissues from OSCC sufferers.



DEGs Identification

All analyses of differentially expressed genes (DEGs) were performed by R language. The GEO query package (Sean and Meltzer, 2007) was used to obtain collected datasets from the GEO database. For microarray datasets, the statistically significant DEGs were acquired by utilizing the limma package (Ritchie et al., 2015) with adjusted P-value (FDR) < 0.05 and |log2 (fold change (FC))| > 1. The Deseq2 (Love et al., 2014) and EdgeR (Robinson et al., 2010) packages were utilized to analyze RNA sequencing data and filter significant DEGs between OSCC and adjacent normal tissues.



Enrichment Analyses

The Gene Ontology (GO) describes our knowledge of the biological function in three aspects: molecular function (MF), cellular component (CC), and BP (The Gene Ontology, Consortium 2019). The Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway is a database utilized for genomic and biological pathway and other omics studies (Kanehisa and Goto, 2000). We used the ClusterProfile package (Yu et al., 2012) to identify the potential functions of the significant DEGs with the GO and KEGG databases, and the results were displayed by the ggplot2 package (Wickham, 2011) with a cutoff of p < 0.05.



Evolutionary Relation With the Oral Microbiome

The microbe data (1,903 microbiome genomes with 4,665,857 proteins) were downloaded from the expanded Human Oral Microbiome Database (eHOMD) (Escapa et al., 2018). The eHOMD provides comprehensive curated information on bacteria in the human mouth and aerodigestive tract, including the pharynx, nasal passages, sinuses, and esophagus. The DEG homologous proteins were searched by BLAST+ software (Camacho et al., 2009) with an e-value < 0.001. We used the MEGA11 software to identify the evolutionary relationship between DEGs and oral microbiomes by MEGA11 software (Tamura et al., 2021). Multiple sequence alignment was performed by MUSCLE (Edgar, 2004) (Gap Open:-2.9, Hydrophobicity Multiplier:1.2, Max Iterations:16, Min Diag Length:24), using the maximum likelihood method (JTT model and NNI ML heuristic method) to reconstruct the phylogenetic tree. The iTOL is used to illustrate the phylogenetic tree (Letunic and Bork, 2006).




Results


Transcriptional Landscapes of OSCC

This study was performed according to the workflow (Figure 1A). A total of 280 DEGs in microarray dataset GSE138206 were identified by the limma package with 162 upregulated genes and 118 downregulated genes (Figure 1C, Table S1). Analysis of the high-throughput sequencing datasets GSE140707 by Deseq2 packages obtained 1,699 DEGs of OSCC, and, of these, 652 genes and 1,047 genes were upregulated and downregulated, respectively (Figure 1D, Table S2). In addition, 1,215 DEGs were identified by EdgeR with 666 upregulated genes and 549 downregulated genes (Table S3). Taking the intersection of three different package analyses of two OSCC datasets and plotting the Venn diagram, 127 common DEGs were obtained (Figure 1B, Table S4). Additionally, there were five significant DEGs (MMP10, MUCL1, TGM3, WIF1, and TMPRSSS11B) that were identified only in GSE138206 (Figure 1C). In addition to the intersection, seven high fold change expression genes (CST1, IGHV1-3, IGHV1-18, MAGEA6, HMGCS2, KRT84, and KRTAP13-2) were identified in GSE140707 (Figure 1D).




Figure 1 | The identified of DEGs. (A) The flowchart of research design. (B) The two datasets showed an overlap of 127 differentially expressed genes (DEGs) which were identified by three different methods. (C) The volcano map of microarray dataset GSE138206. (D) The volcano map of high-throughput sequencing dataset GSE140707. The DEGs are marked in light blue; the 127 common DEGs are labeled with black, and red labels are DEGs in each dataset.





Dysregulation of Genes Related to Extracellular Matrixes and Cytokines in OSCC

Seven genes belonged to the intersection of DEGs identified by three different methods were dysregulated genes in OSCC. Among them, MMP13, MMP7, MMP1, and CXCL13 genes were upregulated in OSCC tissues, and CRISP3, CYP3A4, and CRNN genes were downregulated (Figure 2A). To gain insight into the pathways and function of common DEGs of OSCC, the GO enrichment analysis and KEGG enrichment analysis were performed. It was observed that DEGs were enriched in categories associated with extracellular matrix (ECM) organization, collagen metabolic process, metallopeptidase activity, glycosaminoglycan binding, and cytokine activity (Figure 2B). KEGG analysis showed that the 127 DEGs were significantly enriched in 10 pathways, such as cytokine-cytokine receptor interaction, IL-17 signaling pathway, viral protein interaction with cytokine and cytokine receptor, and protein digestion and absorption. Notably, COL4A1, COL4A2, COL4A6, FN1, and LAMC2 genes were also enriched in the ECM receptor interaction pathway (Figure 2C).




Figure 2 | The top DEGs and common DEGs enrichment analysis results. (A) The expression of seven DEGs in microarray dataset GSE138206. Ca, cancer; N, Normal. (B) The enrichment analysis results of GO database with BP, CC and MF. (C) The enrichment analysis results of KEGG Pathway. Adjusted P-value < 0.05 was considered significant.





Evolutionary Relationship Between the Dysregulated Genes and Oral Microbiota

To explore the evolutionary relationships of the seven DEGs and oral microbiota. We used the BLAST method to align 1,903 microbiome genomes (total 4,665,857 proteins) in human microbiome which retrieved from the eHOMD database. We set the BLAST cutoff with e-value < 10−3 against the microbiome genome search for the homologous proteins (Table 1). We searched  350 homologous proteins within 45 species of microorganisms with the CYP3A4 gene by BLAST software. Among these microorganisms, Comamonas testosteroni KF-1, Comamonas testosteroni CNB-2, Comamonas testosteroni S44, and Arachnia rubra DSMZ 10012 inhabit in the oral cavity (Table S5). Oral colonizers with an evolutionary relationship to MMP1 include Streptococcus infantis ATCC 700779, Streptococcus infantis SPAR10, and Tannerella sp._HMT_286 W11667 (Table S6). Interestingly, Tannerella sp._HMT_286 W11667 and MMP5 as well as MM13 also have a coevolutionary relationship (Tables S7, S8). In addition, MMP13 also has a coevolutionary relationship with Lacticaseibacillus paracasei, Lacticaseibacillus rhamnosus, and Streptococcus salivarius, which live in the oral cavity (Table S8). Figure 3A shows the evolutionary relations among the MMP13, MMP7, and MMP1 genes of oral genomes. As can be seen from the results of the analysis of the evolutionary relationship, three upregulated genes have homologs with the phyla of Bacteroidetes, Firmicutes, and Proteobacteria. The most significant aspect of this relationship is Proteobacteria, which contains 8 oral species and 10 proteins. The evolutionary relations of CYP3A4 genes are shown in Figure 3B.


Table 1 | The homologous proteins searched of seven DEGs.






Figure 3 | The evolutionary relation analysis of Top DEGs. (A) The evolutionary relation between MMP13, MMP7, and MMP1 with the microbiome. (B) The evolutionary relation between CYP3A4 with the microbiome.






Discussion

OSCC is the most common malignancy, accounting for 80%–90% of oral malignancies. Oral microbiota is a major risk factor for OSCC. Associated interactions between oral microorganisms and host can promote the progression of OSCC (Bai et al., 2022). In this study, we identified 652 upregulated and 1,047 downregulated genes in the OSCC tissues based on the GSE140707 dataset, as well as 162 upregulated and 118 downregulated genes in the GSE138216 dataset. The unique significance of 127 DEGs by three methods was based on the analyzed metadata. DEGs were identified in both datasets associated with the IL-17 signaling pathway, viral protein interaction with cytokines and cytokine receptors, and protein digestion and absorption. Seven significant dysregulated genes in OSCC tissues were further identified, including four upregulated genes MMP13, MMP7, MMP1, and CXCL13 and three downregulated genes CRSP3, CYP3A4, and CRNN. In the present study, we established a predictive pipeline for exploring the evolutionary relationship between the oral microbiota in the eHOMD database and the dysregulated genes in OSCC based on the principle of coevolution.

Matrix metalloproteinases (MMPs) are involved in normal physiological processes of decomposing ECM, such as tissue remodeling, embryonic development, and reproduction, as well as in disease processes of arthritis and metastasis (Snoek-van Beurden and Von den Hoff, 2005). The MMP13, MMP7, and MMP1 genes encode members of the peptidase M10 family of MMPs. Consistent with our findings, previous studies have reported the dysregulated expression of them in OSCC progression. For instance, overexpression of both transcriptional and translational levels of MMP13 was found in OSCC tissues (Johansson et al., 1997; Culhaci et al., 2004; Luukkaa et al., 2006). Highly expressed MMP13 protein also showed a significant correlation with tumor staging and lymph node metastasis (Vincent-Chong et al., 2014). The expression of MMP7 and MMP1 was also upregulated in OSCC tissues. The expression of MMP7 and MMP1 were also upregulated in OSCC tissues. The MMP1 gene was activated in aggressive OSCC  (Impola et al., 2004; Jordan et al., 2004; Chuang et al., 2008; Makinen et al., 2014).

Moreover, the MMP1 gene might be used as a potential target to improve diagnosis and as an oral cancer marker for OSCC (Hashimoto et al., 2004; Yen et al., 2009; Yang et al., 2020). Functional enrichment analysis revealed that MMP13, MMP7, and MMP1 were related to ECM organization, ECM disassembly, extracellular structure organization, and endoderm development. Tumors can utilize ECM remodeling to create a microenvironment that promotes tumorigenesis and metastasis. Therefore, we speculate that the overexpression of MMP13, MMP7, and MMP1 might involve invasiveness and metastasis of OSCC by modulating ECM remodeling.

The homology search method identified an evolutionary relationship with the oral microbiota for the MMP13, MMP7, and MMP1 genes. We chose MMP family genes to explore their evolutionary relationship with microbial species because MMP family differential expression was significant when differentially expressed genes were analyzed. The Lacticaseibacillus paracasei, Lactobacillus rhamnosus, Streptococcus salivarius, Tannerella sp. HMT 286, and Streptococcus infantis five species were hit homologous. In the previous study, Pushalkar et al. assessed the microbial diversity in OSCC tissues and non-tumor tissues. The results showed that the microbial load of Lacticaseibacillus paracasei has a significant variation (Pushalkar et al., 2012). It has been reported that the administration of Lactobacillus rhamnosus was able to increase the effect of anticancer molecules tested on human OSCC (Cheng et al., 2017). These results demonstrated the potential of Lactobacillus rhamnosus as a beneficial effect adjuvant treatment for OSCC. In OSCC patients undergoing tumor resection, the percentage of saliva-reactive cytotoxic T cells was positively correlated with recurrence-free survival (Wang et al., 2018). Another study (Pavlova et al., 2013) showed that Streptococcus salivarius is involved in alcohol metabolism to acetaldehyde, which has a carcinogenic potential (Vogelmann and Amieva, 2007; Marttila et al., 2013). Consistent with our findings, evidence has also shown a significant difference of Streptococcus infantis between OSCC patients and healthy individuals (Hsiao et al., 2018). These all support the reliability of our predictive pipeline for exploring the interaction between dysregulated genes in OSCC and oral microbiota.

The CYP3A4 gene encodes a member of the cytochrome P450 superfamily of enzymes and is involved in the metabolism of sterols, steroid hormones, retinoids, and fatty acids (Chen et al., 2000; Marill et al., 2000; Badawi et al., 2001). Cytoscape software by the Matthews correlation coefficient (MCC) algorithm was used to predict CYP3A4 at the core position in the network and highlight the first 10 types of OSCC DEGs (Li et al., 2022). It is worth noting that there found 350 homologous proteins including 45 microbes were found by evolutionary analysis in this study. Among them, Comamonas testosteroni and Arachnia rubra can inhabit in the oral cavity. Up to 348 microorganisms were unassigned information on their location in the human body. Extracts of Arachnia rubra are associated with human OSCC production and modulation of tumor-specificity values (Suzuki et al., 2014). However, we noticed that the two previously reported bacteria associated with OSCC, Porphyromonas gingivalis and Clostridium perfringens, were not found when using this method to explore the relationship between dysregulated genes and oral microbiota. We speculate that the possible reason is that, although these bacteria play an important role in OSCC, there is no homologous evolutionary relationship with the genes that we screened. CXCL13, CRISPO3, and CRNN have newly identified dysregulated genes by this study, and their effects on the OSCC need to be further investigated for experimental validation.

Microorganisms, including bacteria, viruses, and archaea, inhabit a wide range of hosts in different ecological niches and ecosystems (Braga et al., 2016). Deciphering microbial–host interactions can provide new therapeutic strategies for maintaining health or improving disease states. However, determining microbial–host interactions between species experimentally is a challenging task due to many other limitations related to the size, scope, feasibility of studies, and sample availability of microbial populations (Fritz et al., 2013). Computational approaches can overcome some of these limitations and thus enhance our understanding of microbial–host interactions (Dix et al., 2016). Molecular ecological networks are used to study the interactions between molecules (from different species or even kingdoms) in a larger ecosystem (Yang et al., 2017; Meyer et al., 2020). From a mechanistic perspective, the most widely studied types of interactions among species interactions include microbial networks, PPIs, and RNA-mediated interactions. Therefore, many computational methods developed to study microbe–host interactions have focused on the three types of interactions mentioned above. However, all of these inference methods have the feature of studying microbe–host interactions based on the characteristics of the sequence structure. In this study, we propose the use of coevolutionary principles to infer microbial–host interactions based on sequence structure. The use of the coevolutionary principle better reflects the conserved protein structure of the species than the direct use of sequence structure. Therefore, we established a predictive pipeline to study the interaction between DEGs and oral microbiota in OSCC based on sequence-structure conservativeness and coevolutionary principles. Of course, the method has its shortcomings, that is, the method is based on the inference that species have the same protein conserved modules during the evolutionary process, and if the studied DEGs and microbial proteins do not have the same evolutionary conserved modules, they cannot be studied by this method. However, this method provides a novelty way and new ideas for exploring the relationship between host genes and host symbiotic microorganism.
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Motivation

The understanding of pathogen-host interactions (PHIs) is essential and challenging research because this potentially provides the mechanism of molecular interactions between different organisms. The experimental exploration of PHI is time-consuming and labor-intensive, and computational approaches are playing a crucial role in discovering new unknown PHIs between different organisms. Although it has been proposed that most machine learning (ML)–based methods predict PHI, these methods are all based on the structure-based information extracted from the sequence for prediction. The selection of feature values is critical to improving the performance of predicting PHI using ML.



Results

This work proposed a new method to extract features from phylogenetic profiles as evolutionary information for predicting PHI. The performance of our approach is better than that of structure-based and ML-based PHI prediction methods. The five different extract models proposed by our approach combined with structure-based information significantly improved the performance of PHI, suggesting that combining phylogenetic profile features and structure-based methods could be applied to the exploration of PHI and discover new unknown biological relativity.



Availability and implementation

The KPP method is implemented in the Java language and is available at https://github.com/yangfangs/KPP.
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Introduction

Pathogen-host interactions (PHIs) are crucial for understanding the interactions between different organisms. Most diseases in humans are caused by the virus (Brass et al., 2008; McDermott et al., 2012), and knowing the mechanisms of human PHI is important for developing effective therapeutics. In the study of plants, pathogen infections reduce crop yields (Bernardes-de-Assis et al., 2009; Savary et al., 2012). Understanding the PHI in plants is essential for the defense against plant diseases. The early analyses were built on yeast by the yeast two-hybrid approach (Uetz et al., 2000; Ito et al., 2001). This method provided an experimental way to explore protein-protein interactions in yeast cells. However, exploring PHI based on experimental methods is time-consuming and expensive, and computational methods play an important role in complementing the experimental methods. Over the past decade, various methods have been proposed for deciphering PHI. These include structure-based methods (Shen et al., 2007; Guo et al., 2008; Zhou et al., 2012), homology-based methods (Krishnadev and Srinivasan, 2011; Wuchty, 2011), domain-motif approaches (Dyer et al., 2007; Evans et al., 2009), and machine learning–based (ML-based) methods (Qi et al., 2010; Dyer et al., 2011).

With an increasing number of experimental PHI data being published, many databases have been developed to collect and store these PHI data (Ako-Adjei et al., 2015; Calderone et al., 2015; Guirimand et al., 2015; Urban et al., 2017). Because a large number of experimental PHIs are available, it is possible to use experimental data to drive supervised ML-based methods to predict PHI. For example, Yang et al. used four structure-based feature methods and one network-based feature vector trained by the random forest (RF) method to increase the prediction accuracy of plant PHIs (Yang et al., 2019). Abbsali et al. encoded human and hepatitis C virus proteins as feature vectors by six different descriptors trained by four different ML-based methods that achieved high accuracy and specificity (Emamjomeh et al., 2014). Xianyi et al. extracted five structure-based features with the ML method to predict human and bacterial interactions (Lian et al., 2019). Therefore, extracting protein information features from different methods can significantly improve the prediction results of PHI. Although features can be extracted from various information or evidence for predicting PHI by ML-based methods, most ML-based methods generate features from protein sequence information.

For the first time, the phylogenetic profile was used to predict gene function based on homologies of a reference genome across organisms (Pellegrini et al., 1999). The phylogenetic profile plays a critical role in exploring gene functions (Eisen and Wu, 2002; Jiang, 2008; Li et al., 2014). In addition, the phylogenetic profile has been widely explored in the protein-protein interactions (Pellegrini et al., 1999; Date and Marcotte, 2003; Wu et al., 2003). We first combined the phylogenetic profile and the ML method to explore the PHI. The features extracted from the phylogeny can better reflect the homology relationship in the evolution of the various organisms.

We provide a new method named KPP (kmer phylogenetic profile) that extracts features from the phylogenetic profile for the ML-based method–predicted plant PHI. Our methods construct phylogenetic profiles by contig information and extend phylogenetic profiles by five various models [based on properties of amino acids (AAs)]. We concatenate the phylogenetic feature, and structure-based features significantly improved the prediction results suggesting that the descriptor features extracted from the phylogenetic profile are very important information for predicting plant PHI. In addition, the test results showed that the KPP method can also be applied to the PHI prediction of human bacteria and human viruses. The KPP method is implemented in the Java language (which supports Linux, Windows, and Mac OS platforms) and is freely accessible from the Github repository (https://github.com/yangfangs/KPP).



Results


Extracting phylogenetic profile features for predicting plant PHI

Here, we design a method named KPP that extracts features from phylogenetic profile to predict the interaction of plant pathogens and hosts (Figure 1). First, we build the contig index by kmer. We split each AA sequence into a kmer set and searched the consensus region of this kmer as contig index (Gregory, 2001). Using contigs as an index can effectively compress data compared to kmer while reducing the number of retrievals when extracting features and improving computational efficiency (Supplementary Figure 1). Second, we constructed the phylogenetic profile by the contig index; in this step, the rows and columns of the phylogenetic profile are represented by contigs and species, respectively (Figure 1A). Moreover, there were five different models used to build the phylogenetic profile. The AA profile is constructed by amino acids. The HY profile is constructed based on the hydrophilic and hydrophobic properties of AAs. The PO profile is driven by the polar properties of AAs, and the CH profile is built by the charged properties of AAs. The HY&PO&CH(CHP) profile concatenates three different properties of AAs to build a phylogenetic profile. The classification of various models based on the 20 common AAs has their specific chemical characteristics and their different roles in protein structure and function (Scheiner et al., 2002) are summarized in Supplementary Table 1. As shown in Figure 1B, we extracted features from binary phylogenetic profiles that combine or concatenate various method features to predict plant PHI. We trained this feature by the ML-based method; here, we use RF as a classifier to predict the interaction of PHI. Additionally, the area under the precision-recall curve (auPRC) is used as an indicator to evaluate the quality of the model.




Figure 1 | The workflow of this work. (A) Construction of the kmer phylogenetic profile. Each protein sequence was cut to the kmer set and compressed to the contig index to construct the phylogenetic profile. There are AA, HY, PO, CH, and CHP models for building kmer phylogenetic profiles. (B) Extracting features and predicting by the ML method. There are two ways to merge features. One is the “combine method” for merging five models to extract features from phylogenetic profiles. Another is the “concatenate method” for the structure-based method. In this work, we use the RF method to predict plant PHI.





The phylogenetic profile feature is significant for ML

The phylogenetic profile provided significant data features for the ML training. In this study, we chose three different pathogens Golovinomyces orontii (Gor), Hyaloperonospora arabidopsidis (Hpa), and Pseudomonas syringae (Psy), and also Arabidopsis thaliana (Ara) as the host plant (Mukhtar et al., 2011; Wessling et al., 2014). These three pathogen species and one plant species comprised the Gor-Ara, Hpa-Ara, and Psy-Ara test datasets, respectively. Gor and Hpa are eukaryotic pathogens that contain 122 and 104 positive pairs, respectively. Psy is a prokaryotic pathogen that contains 233 positive pairs. The negative pairs are 10 times as large as the positive pairs generated from random pairs in each species (Yang et al., 2019). We used the KPP algorithm to generate the kmer set to construct the contig index and phylogenetic profile. We extracted the feature from the phylogenetic profile and normalized this feature by the z-score method. The mean of these positive and negative feature data is presented in Figure 2 (taxonomy by phylum). As shown in Figure 2, all the test data show that the mean value of the feature of the negative data is stable at 0, and the positive data will fluctuate up and down the negative data and have significant differences (Mann–Whitney two-tailed test p-value< 10−8). This difference is most obvious in the interaction between eukaryotic pathogens and Ara. (Figures 2A, C). The results suggest that the extract profile from the phylogenetic profile can be used to distinguish the positive and negative pairs of each pathogen to Ara. A strong predicted true pair sample by phylogenetic profile feature was observed (Supplementary Figure 2). The predicted probability shows that negative test samples appear in the probability interval of 0 to 0.5. In the probability interval greater than 0.7, only the predicted results of the positive test samples are available. This indicates that the feature values extracted from the phylogenetic profile can better separate the positive and negative test results and have higher precision.




Figure 2 | The distribution of positive and negative train feature data based on phylogenetic profile. (A) The feature data distribution of Gor-Ara. (B) The feature data distribution of Psy-Ara. (C) The feature data distribution of Hpa-Ara. (D) All-Ara feature data. All of these features were extracted from the AA model with 503 species and the kmers setting with 6. The red and blue dots represent negative and positive data, respectively.





The performance of the KPP algorithm


The performance of the five models

Here, we test five different models by 10-fold cross-validation and the PR curves illustrated in Figure 3. From PR curves, we can see that the auPRC of all predicted models greater than 0.5 indicates that the feature extracted from the phylogenetic profile can distinguish positive and negative data well. The performance of the three plant PHI test datasets showed that Psy-Ara (aucPRC = 0.685 for AA model) performed better than the Hpa-Ara (aucPRC = 0.574 for AA model) and Gor-Ara (aucPRC = 0.618 for AA model) species in the test. What is interesting about the test sample in Figure 3D is that, as the test sample set increases (All-Ara), the performance results of the five models have improved. The auPRC values all exceeded 0.7 except for the PO model (Figure 3D). These results suggest that the phylogenetic profile features are a powerful indicator that can distinguish whether there is an interaction between pathogens and hosts in plant PHI.




Figure 3 | The performance of phylogenetic profile features predicted pathogen-host interactions. PR curves show the performance of five different models on the 10-fold cross-validation test. Panels (A–D) represent the results from the Ara-Psy, Ara- Hpa, Ara-Gor, and All-Ara training samples, respectively.





Parameter optimization for performance

We used contigs and species to construct phylogenetic profiles and extract features for ML to predict plant PHI. The length of the kmer and the selection of the species number are critical to the performance of the prediction results. We use different numbers of species to construct a phylogenetic profile (test with AA model, k = 6 and randomly chose the species with 72, 503, and 1,000) (Supplementary Table 2). The results show that the performance of the predicted results increased as the number of species increased. Too many species chosen will reduce the speed of contigs searches, so based on the balance of calculation time and accuracy, we chose 503 species as the optimal species selection for constructing phylogenetic profiles (Supplementary Figure 3 and Supplementary Table 3). Due to the different properties of AAs, we encode AA characters into four different models, which will lead to the optimal length of kmer for each model being various. We tested kmer length against different models to select the optimal kmer value with 503 species (Supplementary Table 4). The result clearly shows that for the AA, HY, PO, CH, and CHP models, the optimal kmer values are 6, 22, 27, 19, 15, respectively. The following tests on the algorithm are based on these optimal parameters.




The phylogenetic profile feature significantly improved the performance of ML prediction

We concatenate novel phylogenetic profile features (CHP model) with sequence features to improve the performance of prediction in the plant PHI. To compare the influence of phylogenetic profile features on the performance, we compared the structure-based + CHP with the structure-based descriptions (CT, AC, DC, and PSP descriptions in the Methods section) based on the RF algorithm. As shown in Figure 4, the aucPRC values of the structure-based + CHP method in the 10-fold cross-validation test were 0.766, 0.705, 0.755, and 0.775 for the Gor-Ara, Psy-Ara, Hpa-Ara, and All-Ara test data, respectively, whereas the corresponding values of the structure-based method were 0.745, 0.662, 0.690, and 0.765, respectively. In addition, the performance of the other models (AA, CH, PO, and HY) + the structure-based model is shown in Supplementary Table 5. The results show that by concatenating the feature extracted from the phylogenetic profile with the structure-based feature to predict plant PHI, five different models can improve the performance of the prediction results. It also shows that the phylogenetic profile is a significant feature for the prediction of plant PHI based on the ML method. In general, the structure-based + CHP feature was reported significantly more often than the structure-based descriptor only. The results of cross-validation clearly show that phylogenetic profile features can substantially improve the predicted performance of plant PHI. The traditional method uses the concatenate method to connect different features to improve the dimensionality of the training feature value and improve the accuracy (Emamjomeh et al., 2014; Yang et al., 2019; Yang et al., 2020). Strikingly, because the features extracted from the phylogenetic profile by five models have the same dimensions (503), we proposed a “combine” method to merge feature values for ML. The merged value dimension has not increased, and the length of the feature is still 503, which greatly reduces the calculation pressure and improves the prediction speed. At the same time, the performance of our “combine” method (combine AA, HY, PO, CH, and CHP features) is better than that of the traditional concatenate method (Supplementary Figure 4).




Figure 4 | The performance of merging different features predicted pathogen-host interactions. PR curves showing the performance based only on the structure-based and structure-based + CHP models on the 10-fold cross-validation test. Panels (A–D) represent the results from the Ara-Psy, Ara- Hpa, Ara-Gor, and All-Ara training samples, respectively.



Here, we use the RF method as the main ML algorithm to predict plant PHI because it performed better than the other ML methods. We also compared corresponding results with different ML algorithms, including support vector classifier (SVC), gradient boosting classifier (GBC), K-neighbors classifier (KNC), AdaBoost classifier (ADB), and Naive Bayes (NB) (Supplementary Figure 5). These algorithms were implemented by the Python-based library Scikit-learn (Pedregosa et al., 2011). We found that RF (auPRC = 0.715) obtained the best performance in the All-Ara test dataset, followed by ADB (auPRC = 0.609) and GBC (auPRC = 0.560). However, the SVC (auPRC = 0.450), KNC (auPRC = 0.368), and NB (auPRC = 0.167) methods obtained the worst performance and were not applicable to plant PHI prediction (Supplementary Figure 5D). There was a similar performance ranking in the other three test datasets (Supplementary Figures 5A–C). This result suggested that the RF method was the best appropriate ML algorithm for predicting plant PHI, and we used this method to train phylogenetic profile features for predicting plant PHI.



The performance of the KPP feature in human PHI

We validate the performance of the KPP method in human PHI by human bacteria (13,413 positive pairs) and human virus (14,789 positive pairs). The human-bacteria PHI and human-virus–positive were collected from HPIDB 3.0 database (Ammari et al., 2016). The human-virus PHI contains six virus species (influenza A virus, human papillomavirus type 16, measles virus, Zika virus, HIV-1 M:B_HXB2R, and human herpesvirus). In this test dataset, influenza A virus was the most positive pair among these six species including 6,070 positive pairs. The species with the least number of positive pairs was the measles virus, which contained a total of 906 positive pairs (Supplementary Table 6). The human-bacteria PHI contains five bacterial species (Yersinia pestis, Bacillus anthracis, Francisella tularensis, Saccharomyces cerevisiae, and Streptococcus pyogenes). Because there is no database of PHI for the oral cavity, we collected experimental human–oral bacteria PHI (Rosa et al., 2020). We extracted 485 bacteria that inhabited in the human oral cavity from the eHOMD database (Chen et al., 2010). We checked these oral bacteria to human interactions from the DIOGRID database (Stark et al., 2006), IntAct database (Kerrien et al., 2012), and HPIDB3.0 database (Ammari et al., 2016). However, we only identified 13 positive pairs in Streptococcus pyogenes bacteria as human oral bacteria (Supplementary Table 6). We test the performance of KPP features in human bacteria and various by 10-fold cross-validation and the auPRC shown in Figure 5. As shown in Figure 5, the auPRC of human bacteria is 0.880, and the auPRC of human viruses is 0.896. Strikingly, the performance of the KPP method in animal PHI tests is better than that in plant PHI tests. This result suggested that the KPP feature improves not only the performance of plant PHI but also that of human-bacteria and human-virus PHI.




Figure 5 | The performance of the KPP method predicted human bacteria and human viruses. Ten-fold cross-validation constructs auPRC for human bacteria and human viruses.





Prediction of PHI between humans with viruses and bacteria by the KPP method

We used the KPP method extract feature to predict human-virus and human-bacteria PHIs with the RF method. As shown in Table 1, the three viruses (human herpesvirus 4 strain B95-8, Zika virus, and influenza A virus) and bacteria (Bacillus anthracis, Yersinia pestis, and Glossosomatidae) reported significantly predicted results. However, HIV-1 M:B_HXB2R, measles virus strain Schwarz, and Saccharomyces cerevisiae S288C did not obtain significant prediction results with the 0.6 predicted cutoff. Human herpesvirus 4 strain B95-8, Zika virus, and influenza A virus predicted significant pairs of PHIs of 19, 2, and 19, respectively, with a cutoff of 0.6 (Supplementary Table 7). The predicted pairs of PHIs for Bacillus anthracis, Yersinia pestis, and Glossosomatidae were 24, 295, and 144, respectively (Supplementary Table 8). Because human-bacteria PHI obtained a lower AUC performance in the training dataset, we chose a higher threshold value at the time of prediction.


Table 1 | Prediction of the PHIs between humans with viruses and bacteria by the KPP method.






Discussion

In this work, we developed a KPP method to extract phylogenetic profile features for predicting plant PHI. The KPP method provides five models to construct a phylogenetic profile based on the properties of AAs. Because the feature dimensions extracted from five various phylogenetic profiles are the same, we first proposed a method of longitudinally merging features to keep the feature dimensions unchanged, instead of concatenating the feature values to increase the dimension of the feature values. The results show that combining the extracted features from five different models was better than the concatenated features in predicting performance. The feature extract from the phylogenetic profile reflecting the biological significance of PHI in evolution was adopted. The results show that the feature values extracted by KPP can significantly improve the predictive performance of plant PHI. The KPP method extraction feature can be extended to predict the PHI of other organisms.

The performance of three plant PHI test datasets showed that the prokaryote organism of Psy (Figure 3A aucPRC = 0.685 for AA model) species performed better than the prokaryotes of Hpa (Figure 3B aucPRC = 0.574 for AA model) and Gor (Figure 3C aucPRC =0.618 for AA model) species in the test. It can be seen that the algorithm performed better for prokaryotes and less well for eukaryotes. About the human PHI test, the performance of human-bacteria PHI (aucPRC = 0.880) and human viruses (auPRC = 0.896) was better than the performance in the plant PHI test dataset (auPRC = 0.717 with AA model). auPRC of human bacteria is 0.880, and the auPRC of human viruses is 0.896. This also shows that the KPP algorithm that we developed can be applied to the prediction of PHI among different species and performs better for human PHI prediction.

We used the Gor-Ara, Psy-Ara, and Hpa-Ara training datasets for predicting the plant PHI. In the training dataset, the PPIN-1 proteins displayed high connectivity in AI-1MAIN and the PPIN-1 proteins as effector targets, in particular, are highly connected nodes within the overall plant network (Mukhtar et al., 2011). The protein TCP14 in plants interacted with 23 distinct Gor effector candidates, 25 Hpa effectors, and 4 Psy effectors that were the most targeted host protein (Wessling et al., 2014). Furthermore, TCP13, TCP15, and TCP19 were also targeted multiple times by effectors from at least two pathogens and exhibited altered infection phenotypes in the plant test dataset (Wessling et al., 2014). We identified SYNE1 (hsa:23345) and TTN (hsa:7273) genes as the hub genes in the host organism by predicting human-virus PHI (Supplementary Table 7). The SYNE1 genes encode a spectrin repeat-containing protein expressed in skeletal and smooth muscle, and peripheral blood lymphocytes; related pathways are meiosis and cell cycle, mitotic. The TTN gene encodes a large abundant protein of striated muscle. The diseases associated with TTN include myopathy and Salih myopathy. The SYNE1 mediates the docking of the capsid protein of human herpesviruses to nuclear pore complex proteins (Hong et al., 2021).

In the future, we hope that this approach will not only contribute as a useful predictor to accelerate the exploration of plant PHIs but also extend to the prediction of the PHI of more organisms.



Methods


KPP algorithm


Building the contig index and constructing the phylogenetic profile

Before creating a contig index, we needed to obtain a kmer set from n species proteomics. Here, the parameter k∈(1,2,3,…,n) and the kmer set are generated from the five different methods AA, HY, PO, CH, and CHP. A contig is composed of one or more consecutive kmers that are connected end to end. Building a contig index in advance can effectively compress the number of kmer and reduce the number of kmer backtracking queries, thereby improving the computational efficiency of feature extraction. We used the contig index to trace back whether the contig index existed in n species and generated a 0-1 (absence-presence) matrix as the binary phylogenetic profile.



Extract feature from phylogenetic profile

KPP cuts each pathogen and host sequence S to a kmer set and searches contigs C. For each C , we extract feature array  A from the binary PHI phylogenetic profile. The extracted feature function is defined as  .



Combined method

Five model features extracted from the PHI phylogenetic profile have the same length. We propose a “combine” method to integrate the features for ML. The combined function is defined as   where M is the feature extracted by the five different models. A is the feature array extracted from the PHI phylogenetic profile by various models.



Concatenate method

The feature extract from the phylogenetic profile concatenated with other methods to integrate features was defined as 〈H,N〉. Here, H is the feature array extracted from the phylogenetic profile. N is the feature extracted from other methods, for example, the structure-based method in this study.




The structure-based method


DC method

DC represents the descriptor of two AAs in the protein sequence (Zhou et al., 2012). Dipeptide composition gives a 400-dimensional descriptor defined as  where Nr,s is the number of dipeptides represented by AA type r and type s .



CT method

The CT method is based on the percentage of three AAs in the sequence (Shen et al., 2007). Tripeptide composition gives a 343-dimensional descriptor defined as  where Nr,s,t is the number of tripeptides represented by AA type  r , s , and t.



AC method

The AC descriptor extracts features by accounting for the effects of the interaction of residues with a certain distance (Guo et al., 2008). The 210-dimensional calculation function was defined as  where N is the length of sequence  X , j denotes one descriptor, and i is the position in the sequence X . Here, lag ranges from 1 to 30 in this work.



PSP method

The PSP feature is based on protein secondary structure composition (Hoskins et al., 2006) and protein disorder information (Hsu et al., 2012; Meng et al., 2017) that was first proposed by Yang et al. (Yang et al., 2019). They calculated the fraction of three different secondary structure elements (a helix, b strand, and coil) and the percentage of disordered residues in three regions of the N terminus, C terminus, and the full sequence (Yang et al., 2019). Here, we calculate secondary structure and disorder information by PSSpred (Yan et al., 2013) and IUPred (Dosztanyi et al., 2005), respectively.




Test data

The three different pathogens Gor (122 positive pairs), Hpa (104 positive pairs), and Psy (233 positive pairs) and also the negative pairs were downloaded from http://systbio.cau.edu.cn/intersppi/index.php (Yang et al., 2019). The criteria for choosing these three pathogens and Ara are that these interactions have been experimentally verified as real physical interactions. The experimentally verified human-bacteria (13,413 positive pairs) and human-virus interactions (14,789) were collected from HPIDB 3.0 database (Ammari et al., 2016). The positive interactions were filtered by “physical association” items in the PSI-MITAB(2.5) file while excluding the interactions betweenproteins with less than 30 AAs or nonstandard AAs. The sequences of the human bacterial and viral proteins were retrieved from the UniPort database (Consortium U 2014). Specifically, the ratio of negative pairs to positive pairs was 10:1. The proteomic data of species (503 species) for constructing the phylogenetic profile were downloaded from the KEGG database (Kanehisa and Goto, 2000).



Performance evaluation

To conduct a stringent performance assessment, 10-fold cross-validation tests were carried out. We chose the precision-recall curve (PR curve) and the auPRC to assess the performance of our models. The formulas to calculate precision and recall are as follows:
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Supplementary Figure 1 | They effectively compress data by contigs. Compare contigs with kmer in five various models. The X-axis is the sequence of the protein sequence, and the Y-axis is the number of kmer or contig. (A) The effective compression of the AA model (k=8). (B) The effective compression of the HY model (k=22). (C) The effective compression of the PO model (k=27). (D) The effective compression of the CH model (k=19). (E) The effective compression of the CHP model (k=15).

Supplementary Figure 2 | The predicted probability distribution of positive and negative pairs. (A) The predicted probability distribution of Gor-Ara. (B) The predicted probability distribution Psy-Ara. (C) The predicted probability distribution Hpa-Ara. (D) The predicted probability distribution of All-Ara. AA contig index model, the number of species was 503 and the kmer parameter setting was 6. The horizontal axis “Probability” is the output by random forest predicted result. The vertical axis “Percentage” is the proportion of the number of negative and positive sample pairs in the corresponding interval.

Supplementary Figure 3 | The taxonomy of 503 species used to construct the phylogenetic profile.

Supplementary Figure 4 | The performance of the combine and concatenate method. The auPRC of Gor-Ara, Psy-Ara, and Hpa-Ara by 10-fold-cross-validation are shown in (A), (B), (C), and (D), respectively.

Supplementary Figure 5 | The performance of different ML methods. The auPRC of Gor-Ara, Psy-Ara, Hpa-Ara and All-Ara by 10-fold-cross-validation are shown in (A), (B), (C), and (D), respectively.

Supplementary Table 1 | The classification of amino acids and five built phylogenetic profile models.

Supplementary Table 2 | The influence of prediction performance by different species.

Supplementary Table 3 | The list of 503 species for building the phylogenetic profile.

Supplementary Table 4 | The influence of performance by different kmer lengths.

Supplementary Table 5 | The performance of concatenating different phylogenetic profile feature models with the structure-based method.

Supplementary Table 6 | The species of bacteria and virus and positive pairs.

Supplementary Table 7 | Predictions of human-virus PHI pairs.

Supplementary Table 8 | Predictions of human-bacteria PHI pairs.
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Independent covariates

Maternal factors
Mothers biomedical
Age group
20 year old
30 year old
Antibiotic use (Y)
Maternal behavior
Caregiver
Mother (Full time)
Mother (Not full time)
Other than mother
Mother prechewing food
Smoking
Maternal oral health
Caries (Y)
S. mutans level
SM Strip score 0 - CFU <10*
SM strip score 1 - CFU 10* - 10°
SM strip score 2 — CFU 10° - 10°
SM strip score 3 - CFU >10°

Children’s factors
Child biomedical
Age group
2 years old
3 years old
Sex (Male)
Delivery mode
Vaginal
C-section
Preterm birth (Y)
Low birth weight (Y)
Antibiotic use (Y)
Child oral health behavior
Brush teeth daily (Y)
Uses fluoridated toothpaste (Y)
Child eating habits
Soft drink
Never/Rarely
Sometimes
>1 per day
Fruit Juice
Never/rare
>1 time per day
Snack
Never/rare
>1 time per day
Lollipop candy
Never/rare
21 time per day
Other candy
Never/rare
=1 time per day
Cakes
Never/rare
>1 time per day
Child environment
Water type
Bottle water
Tap water
Well underground water
Mixed sources
Child feeding
Breast feeding (Y)
Bottle feeding (Y)
Bottle fed with sweet milk (Y)
Child oral health status
S. mutans level
SM Strip score 0 - CFU <10*
SM strip score 1 - CFU 10 - 10°
SM strip score 2 - CFU 10° - 10°

SM strip score 3 — CFU >10°

Smooth surface caries (number of surfaces, mean + SD)

ECC children (n = 98)

41.84% (41)
58.16% (57)
88.78% (87)

53.06% (52
36.73% (36)
10.20% (
(37
(

94.90% (93)

32.65%
31.63%
25.51%
10.20%

32)
31)
25)
10)

34.69% (34)
65.31% (64)
62.24% (61)
63.27% (62)
36.73% (36)
45.92% (45)
3.06% (3)
88.78% (87)

87.76% (86)
57.14% (56)

21.43% (21)
21.43% (21)
57.14% (56)

10.20% (10)
89.80% (88)

7.14% (7)
92.86% (91)

47.96% (47)
52.04% (51)

33.67% (33)
66.33% (65)

21.43% (21)
78.57% (77)

66.33% (65)
14.29% (14)
8.16% (8)
11.22% (1)

97.96% (96)
78.47% (72)
9.18% (9)

9.18% (9)
7.14% (7)
25.51% (25)

58.16% (57)
442156

Caries-free children (n = 79)

27.85% (22)
72.15% (57)
84.81% (67)

43.04% (34)

45.57% (36)
11.39% (9)

24.05% (19)
1.27% (1)

92.41% (73)

35.44% (28)
37.97% (30)
15.19% (12)

11.39% (9)

29.11% (23)
70.89% (56)
56.96% (45)

93.67% (74)
75.95% (60)

44.30% (35)
10.13% (8)
45.57% (36)

13.92% (11)
86.08% (68)

22.78% (18)
77.22% (61)

65.82% (52)
34.18% (27)

51.90% (41)
48.10% (38)

11.39% (9)
88.61% (70)

73.42% (58)
12.66% (10)
6.33% (5)
7.59% (6)

98.73% (78)
86.08% (68)
253% (2)

63.29% (50)
16.46% (13)
12.66% (10)

7.59% (6)
0

P value

0.053

0.435

0.406

0.051
0.581
0.495

0.408

0.430

0.476

0.007*

0.035*
0.382
0.116

0.184
0.009*

0.003*

0.447

0.003*

0.017*

0.015*

0.077

0.752

0.581
0.040*
0.062

<0.001*
<0.001*

*Statistical significance level <0.05; Chi-squared test.
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Bray-Curtis ANOSIM Adonis
Statistic p-value ' p-value
Bacteria Among three groups -0.0045 0.522 0.0309 0.764
CF vs. ECC 0.0136 0.291 0.0822 0.362
ECC vs. SECC -0.0383 0.779 0.0161 0.975
CF vs. SECC 0.0097 0.299 0.0228 0.555
Fungi Among three groups 0.0477 0.052 0.0393 0.283
CF vs. ECC -0.0193 0.634 0.0261 0.742
ECC vs. SECC 0.0945 0.05 0.0331 0.136
CF vs. SECC 0.0576 0.046 0.0294 0.174

CF, caries free; ECC, early childhood caries; SECC, severe early childhood caries.
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RDA1 RDA2 P p-values
Age 0.7267 -0.6869 0.0015 0.964
Gender 0.9913 -0.1319 0.0239 0.547
dmfs -0.9789 0.2044 0.0788 0.099
dmft -0.9543 0.2989 0.0488 0.254
Fungal_Type -0.7945 -0.6072 0.1118 0.044
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Bacteria species Cell types Infection conditions  Effect on Ref
cell
migration
P. gingivalis ATCC 33277 human immortalized oral epithelial MOI=1, 24 h promote (Geng et al.,
cells (HIOECs) repeatedly in 5, 10, 15, 2017)
and 23 weeks
primary human oral epithelial cells MOI=10 and 100, 120 promote (Lee et al., 2017)
(OECs) h
primary gingival keratinocytes MOI=10, 24 h inhibit (Bhattacharya
et al., 2014)
Human telomerase immortalized MOI=100,1 h, followed promote (Fitzsimonds
gingival keratinocytes (TIGK) by 23 hin fresh etal, 2021)
medium
TIGK MOI=100, 24 h promote (Ohshima et al.,
2019)
Human immortalized oral MOI=100, 24 h promote (Hoppe et al.,
keratinocyte cell line OKF6/hTERT-1 2019)
human OSCC cell lines, UM-SCC- MOI=10,50,100,2 h promote (Kamarajan
14A (floor of mouth) and HSC-3 et al., 2020)
(tongue)
SAS and Ca9-22 cells MOI=1, 24 h promote (Inaba et al.,
2014)
OSC-20 and SAS cells MOI=100,3 h promote (Ha et al., 2016)
Human esophageal cancer cell lines  MOI=10, 48 h promote (Liang et al.,
NEB-T, KYSE-30 and KYSE-150 2020; Qi et al.,
2020)
secreted gingipains of human embryonic microglia clone 3 MOI=1,12 h promote (Nonaka and
P. gingivalis ATCC33277 (HMC3) cell line Nakanishi, 2020)
Outer membrane vesicles (OMVs) of P. gingivalis ATCC 33277 OSCC cell line (HSC-3) 6h promote (Liu et al.,
2021b)
Ltp1 of P. gingivalis ATCC 33277 TIGK MOI=100, 6 h promote (Liu et al.,
2021a)
Heat-killed P. gingivalis ATCC 33277 OSCC cell line(H400) MOI=100, 8 d promote (Abdulkareem
etal., 2018a)
P. gingivalis W83 human buccal epithelial cell line HO-  MOI=10,100, 17 h inhibit (Laheij et al.,
1-N-1 2013)
heat-killed P. gingivalis W83 human buccal epithelial cell line HO-  MOI=100, 1000,17 h inhibit (Laheij et al.,
1-N-1 2013)
conditioned medium from P. gingivalis W83 human buccal epithelial cell line HO-  MOI=100,17 h inhibit (Laheij et al.,
1-N-1 2013)
P. gingivalis strain 381 Ca9-22 OSCC cells MOI=100, 2 h promote (Ha et al., 2015)
F. nucleatum ATCC 25586 primary gingival keratinocytes MOI=10:1, 24 h inhibit (Bhattacharya
etal, 2014)
human OSCC cell lines, UM-SCC- MOI=10,50,100,2 h promote (Kamarajan
14A (floor of mouth) and HSC-3 et al., 2020)
(tongue)
Colorectal cancer cell lines (HCT- MOI=100, 12 hand 24 promote (Chenetal.,
116, LoVo) h 2020; Xu et al.,
2021a)
Heat-killed F. nucleatum ATCC 10953 OSCC cell line(H400) MOI=100, 8 d promote (Abdulkareem
etal., 2018a)
OSCC cell ling(HOC621 cells) MOI=10, 3 h promote (Shao et al.,
2021)
Heat-killed F. nucleatum JCM8532 OSCC cell line(HOC621 cells) MOI=10, 3 h promote (Shao et al.,
2021)
Live or heat-killed F. nucleatum JCM11024 OSCC cell line(HOCB21 cells) MOI=10, 3 h promote (Shao et al.,
2021)
Live or heat-killed F. nucleatum ATCC23726 OSCC cell line(HOC621 cells) MOI=10, 3 h promote (Shao et al.,
2021)
T. denticola ATCC35405 human OSCC cell lines, UM-SCC- MOI=10,50,100,2 h promote (Kamarajan
14A (floor of mouth) and HSC-3 et al., 2020)
(tongue)
P. intermedia ATCC 25611 human buccal epithelial cell line HO-  MOI=10,100 or 1000,  inhibit (Laheij et al.,
T. forsythia ATCC 43037 1-N-1 17h 2013)

Conditioned medium from Streptococcus mitis LMG 14557 (MOI 100,

1000) and heat-killed Streptococcus mitis LMG 14557
Conditioned medium from Prevotella nigrescens ATCC 33563

(MOI=100,1000) heat-killed Prevotella nigrescens ATCC 33563 (MOI

10, 100, 1000)

Heat-killed Prevotella intermedia ATCC 25611 (MOI 100, 1000)

Tannerella forsythia ATCC 43037 (MOI 50, 500)

Periodontal pathogens Porphyromonas gingivalis and Fusobacterium nucleatum promote tumor progression in an oral-specific chemical carcinogenesis model.





OPS/images/fcimb.2022.904488/crossmark.jpg
©

2

i

|





OPS/images/fcimb.2022.904488/fcimb-12-904488-g001.jpg
Glu378(A)
RN

pgz\:«m

R i\;nm
33 ¥
Hi5269(% 'Y 3 fgz“sam)

. Lys275(A)

TP276(A) @ |

Trp51 7(?

D 5 ) 588(A)
o 342 A%”m
-l ) 592(A)
Asn481(Aé:}-‘ Gins92(A)

o 290 ™ 3.vs'46 ‘MMSZ(A)
Leu43;§ 2 P o j

e N 215 @ ) Hiss87(A)
GIN960(A) - i

y\llll/ - 2
Aspa77(A) o o .
S ‘@ Asn914(A)

Asp909(A) 3






OPS/images/fcimb.2022.872012/fcimb-12-872012-g004.jpg





OPS/images/fcimb.2022.872012/fcimb-12-872012-g005.jpg
e s || Genetic

nformtion
o Pocessing

b

Metabalism

s it

s -

CellularProcesses
3

" @ Organismal Systems

Environmental

Tnformation
Processing

© Upreguies
P —






OPS/images/fcimb.2022.864479/crossmark.jpg
©

2

i

|





OPS/images/fcimb.2022.864479/fcimb-12-864479-g001.jpg
Migrating individually

Lamellipodia
Protusions —|:
Filopodia

0, 9 Rac2
2 Integrin Focal adhesion

e N
< \A\L

E-cadherin
+ Migrating collectively

" lemees
oo

Cells released from adhesion Follow cells Leader cells

ECM Integrin Integrin Focal adhesion

Actin filaments





OPS/images/fcimb.2022.872012/fcimb-12-872012-g003.jpg
A S. mutans genes in 48 h biofilm

i r 20
* PERTIREN
Tou1608 . 3
£ Uprar =§ 80
3 e b 88 o0
g H
3 .
5° 2% 20
P poos  e,e 0 [
i ELLE
10 s 20 2 5 1
Fold Change (oo
& . albicans genes n 48 h biofim
T e
Sor e
.
D
Douno14

Sigrificance (-Logi)
Fold chango o gene

E
. v.

H 5.

7

g

s 101 s
Fold Change (Logs)






