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Editorial on the Research Topic 


Role of microbiome in disease diagnostics and therapeutics


The global microbial therapeutics product market size valued at USD 15.94 billion in 2021, is estimated to surpass 30.55 billion USD by 2030 end (https://www.futuremarketinsights.com/reports/microbial-therapeutic-products-market). This reflects the mounting interest of all disciplines besides the medical professionals for accurate and replicable microbiota profiling in diagnostic and therapeutic applications. This area has witnessed a rapid growth mainly due to huge technological advancements as well as our capabilities in understanding microbiota structure, function, their interactions with host in health and diseases (Yadav et al., 2018; Yadav and Chauhan, 2021; Yadav and Chauhan, 2022). Next generation diagnostic solutions based on microbial and microbe-based diagnostic instruments as well as microbial therapeutics promises to be a mainstay in future. (Sorbara and Pamer, 2022; Yadav and Chauhan, 2022). For example, microbial therapies that use whole microbiota, an individual microbial member, or microbial metabolites are being exploited to overcome various human illnesses (Descamps et al., 2019; Sorbara and Pamer, 2022). Microbes are pervasive in the environment because of their ability to grow and thrive in a variety of substrates (Yadav et al., 2018). Their growth and proportions could thus reflect the physiological dynamics in spatio-temporal dimensions as well as health and dysbiosis conditions. This issue deals with advancements in this new research frontier and through 24 research articles showcases the experimental studies, novel technological breakthroughs, and case studies that are being carried out to realize the concept of microbiome diagnostics and therapeutic interventions.

Mousa et al. comprehended the latest information about the human microbiota composition and physiological role in host health. Though the microbiota stabilises by adulthood, there are visible differences amongst the gut microbiome of elderly people versus younger adults (Sepp et al.). Microbiota composition could be altered by shifts in dietary patterns, medications or different lifestyle factors as well as other selection pressures such as pathogens (Maurya et al.), xenobiotics (Huang et al., Xue et al.). The shifts in microbiota composition could reflect the cause or consequence. On these lines, Saxena et al. demonstrated the influence of tobacco on oral microbiota composition and their potential role in the onset of oral cancer and Fang et al. unveiled the involvement of cervical microbiota and in the onset of HPV infections. Microbiota dysbiosis is also reported in different cancerous conditions for example squamous cell carcinoma (Jiang et al.), Benign Prostatic Hyperplasia, and Prostate Cancer (Sarkar et al.) demonstrating the utility of assessing the composition in their diagnosis. Onset as well as progression of multiple diseases, such as diabetes (Ismail et al., Du et. al.), obesity (Yan et al.), cancer (Huang et al.,Kabwe et al.), ulcerative colitis (Mirsepasi-Lauridsen et al.), tuberculosis (Wang et al.), and autism spectrum disorder (Taniya et al.) have been associated with shifts of microbial compositions. Similar perturbations were linked to different phenotypic states during progression of chronic airways disease (Chen et al.). Microbiota dysbiosis was not only observed during physiological disorders and infections but also the onset of metabolic disorders like diabetes (Ismail et al., Du et. al.) and obesity (Yan et al.). Gut microbiota could have a potential in diagnostics could be Immunoglobulin A Nephropathy (IgN) (Han et al.) as well as for monitoring bone health (Xue et al.) Perturbations in mouse models are also providing leads for the host genetics involvement in microbiota linked pathogenesis. For egusing iNOS knockout mice Aggarwal et al. demonstrated their role in diabetes progression due to gut microbiota perturbations. In another interesting study a trimethylamine oxide-induced mice model revealed the association of gut microbiota with frailty (Chen et al.). Many pharmaceutical drugs have been found to alter the composition of the gut microbiota, which is thought to be one of the mechanisms by which they exert their therapeutic effects.

The gut microbiota may be a new target for treating cardiotoxicity and cardiovascular diseases (Huang et al.).Gut microbiota could also predict responsiveness to therapy as demonstrated by Zhu et al. for monitoring erythropoietin in hemodialysis patients with anemia. Additionally, bacteriophage and selective antibiotics could be employed to engineer the gut microbiota for health benefits. Wen et al. successfully showcased the potential of fecal microbiota transplantation to treat pneumonia by improving the gut microenvironment. Another article comprehended the information of bacteriocins producing probiotics for inhibiting pathogens, modulation of the immune system, and several health-promoting functions (Anjana and Tiwari).

These research efforts highlight the enormous possibilities in microbiome diagnostics and therapeutics. However, there still remains a gap in understanding the genetic basis of host-microbiota interactions that govern inter-individual variability (Sorbara and Pamer, 2022; Yadav and Chauhan, 2022). Research that utilises phagosomes as well as metabolite-based therapeutics could be used to unravel functional aspects of disease and health conditions for translation. New sensors for microbiota metabolites are required to assess microbial activity, initiation of inflammatory conditions, and disease prognosis. Compared to other fields, microbiome therapeutics research is still in its infancy stage and comprehensive investigations are required to translate the concept of microbiome therapeutics as well as its application in precision and personalized medicine.
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Microbial imbalances have been well elucidated in esophageal adenocarcinoma. However, few studies address the microbiota in esophageal squamous cell carcinoma (ESCC) and esophagitis (ES). We aimed to explore the association of esophageal microbiota with these patients. Esophageal tissues were obtained from healthy controls and ES and ESCC patients undergoing upper endoscopy. 16S rRNA gene sequencing was applied to analyze the microbiome. The α and β diversity differences were tested by Tukey test and partial least squares-discriminant analysis (PLS-DA), respectively. Linear discriminant analysis effect size (LEfSe) analysis was performed to assess taxonomic differences between groups. A total of 68 individuals were enrolled (control = 21, ES = 15, ESCC = 32). Microbial diversity was significantly different between the ESCC patients and healthy controls by Chao1 index, Shannon index, and PLS-DA. Firmicutes, Proteobacteria, Bacteroidetes, Actinobacteria, and Fusobacteria were the five dominant bacterial phyla among the three groups. Megamonas, Collinsella, Roseburia, and Ruminococcus_2 showed a significantly continuous decreasing trend from the control group to the ESCC group at the genus level. When compared with the control group, decreased Fusobacteria at phylum level and Faecalibacterium, Bacteroides, Curvibacter, and Blautia at genus level were detected. ESCC samples also displayed a striking reduction of Bacteroidetes, Faecalibacterium, Bacteroides, and Blautia in comparison with the ES patients. LEfSe analysis indicated a greater abundance of Streptococcus, Actinobacillus, Peptostreptococcus, Fusobacterium, and Prevotella in the ESCC group. Our study suggests a potential association between esophageal microbiome dysbiosis and ESCC and provides insights into potential screening markers for esophageal cancer.




Keywords: esophageal microbiota, esophagitis patients, esophageal squamous cell carcinoma (ESCC), Streptococcus anginosus, Nanjing area



Introduction

Esophageal cancer is a highly lethal malignancy with a rapidly increasing incidence globally. It has been ranked the fourth leading cause of cancer-related death, which brings a substantial public health burden (Feng et al., 2019). The main histological types of esophageal carcinoma are esophageal adenocarcinoma (EAC) and esophageal squamous cell carcinoma (ESCC), with the latter predominating in the Chinese population (Kelly, 2019). Although the treatment for ESCC has been notably improved, the prognosis of ESCC is still not satisfactory, with a 5-year overall survival rate of 30.3% (Baba et al., 2014; Torre et al., 2015). Thus, we still need to further advance our insights into ESCC and attempt to offer new therapeutic alternatives.

Esophagitis (ES), smoking, drinking, and heredity are the known risk factors related to ESCC (Kavin et al., 1996; Reichenbach et al., 2019). Recently, microorganisms have been considered to exert essential functions in the occurrence and progression of gastrointestinal diseases. There are at least 38 trillion microorganisms colonizing the human gastrointestinal tract, which associate with the immunological homeostasis. Increasing evidence suggests that an imbalance of certain species is involved in tumor onset and development via producing carcinogenic toxins, dampening the immunity, and damaging DNA structure. Previous studies reported that there was a significant decrease in bacterial counts and alterations in microbial communities in the gastroesophageal reflux disease (GERD) and Barrett’s esophagus groups (Blackett et al., 2013; Elliott et al., 2017) compared with the healthy group. Alterations of microbial diversity, including a lower level of Veillonella and Streptococcus and a higher level of Lactobacillus, Enterobacteriaceae, and Akkermansia, are associated with EAC (Lopetuso et al., 2020). However, the relationship between human esophageal microbiota and ESCC has not garnered sufficient scientific attention.

Hence, in the present study, we aimed to assess and compare the diversity and composition of the microbiota between ESCC, ES, and healthy tissues and complemented the clinical data in this area. This might further illustrate the role of microbiota in the pathogenesis of ESCC and bring light to the treatment of ESCC.



Materials and Methods


Study Participants

Samples were obtained from patients undergoing routine upper endoscopy for the screening of upper gastrointestinal cancer or clinical indications. Finally, we recruited 15 esophagitis patients (ES group) and 21 healthy volunteers (Control group) in Nanjing First Hospital from 2018 to 2019. A total of 32 ESCC patients (ESCC group) were enrolled from Jinhu People’s Hospital. Sampling from esophagectomy was done with a sterile scalpel blade (cutting down to submucosa) within 1 h of surgical resection. All samples were flash frozen in liquid nitrogen and stored at –80°C. The inclusion criteria were age older than 18 years and no contraindications for endoscopic examination. The ES and ESCC groups were composed of patients diagnosed as ES and ESCC, respectively, which were confirmed by both endoscopy and pathology. The control group was defined as individuals with normal esophagus confirmed by endoscopy and pathology and no digestive symptoms. To minimize the potential influence on the microbiota, all patients enrolled should not receive antibiotics, H2 receptor antagonists, proton pump inhibitors, and probiotics 1 month before sample collection. Patients who had received radiotherapy, chemotherapy, and/or prior surgery were excluded. The study protocol was approved by the institutional review board of Nanjing Medical University, and all experiments were performed in accordance with approved guidelines and regulations.



DNA Extraction

Total genome DNA from samples was extracted using the QIAamp DNA Mini Kit (QIAGEN, Valencia, CA, USA) combined with the bead-beating method. The DNA concentrations of each sample were adjusted to 50 ng/μl for subsequent 16S rDNA gene analysis. The bacterial DNA samples were stored at –80°C for sequencing.



PCR Amplification

16S rDNA genes of V3-V4 region were amplified using universal primers, namely, 338F (5′-ACTCCTACGGGAGGCAGCAG-3′) and 806R (5′ -GGACTACHVGGGTWTCTAAT-3′). All PCR reactions (including denaturation, annealing, and elongation) were carried out with Phusion® High-Fidelity PCR Master Mix (New England Biolabs). After electrophoresis of PCR products, samples with bright main strip between 400 and 450 bp were chosen for next mixing and purification with Qiagen Gel Extraction Kit (Qiagen, Germany).



Sequencing Processing and Analysis

The purified amplifications were paired-end sequenced (PE300) on an Illumina MiSeq platform (Illumina, San Diego, CA, USA). Barcodes and sequencing primers were trimmed before assembly. All raw reads were stored in NCBI Sequence Read Archive (SRA) database, and the accession number is PRJNA759579.



Statistical Analysis

The raw data were filtered with QIIME (V1.8.0), discarding the reads that were dereplicated or shorter than 150 bp. Filtered reads were clustered into operational taxonomic units (OTUs) assuming 97% similarity. Compared with the SILVA database (version 128), the species classification information of each OTU was obtained. For continuous variables, independent t-test, White’s nonparametric t-test, and Mann–Whitney U test were applied. For categorical variables between groups, Pearson chi-square or Fisher’s exact test was used, depending on assumption validity. QIIME software was used to evaluate the α diversity by calculating the Shannon index and Simpson index. To compare the differences of diversity among groups, β diversity was tested by partial least squares-discriminant analysis (PLS-DA). Linear discriminant analysis (LDA) effect size (LEfSe) was performed to find key microbes associated with different groups with the LDA threshold of 3. We used Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt) analysis to predict Kyoto Encyclopedia of Genes and Genomes (KEGG) biochemical pathways. Statistical analysis was performed using the SPSS V19.0 (SPSS Inc., Chicago, IL, USA) and STAMP V2.1.3. GraphPad Prism V6.0 (San Diego, CA, USA) was used for preparation of graphs. A p value <0.05 was considered statistically significant.




Results


Baseline Characteristics of Participants

A total of 21 healthy volunteers, 15 ES patients, and 32 ESCC patients were enrolled in this study. Demographic characteristics of all included individuals were shown in Table 1. Older age was observed in ESCC group compared with the healthy controls. There was no significant difference in sex, alcohol intake, smoking, diabetic background, and family history of cancer among the groups.


Table 1 | Clinical characteristics of enrolled patients and healthy controls.





Microbial Richness and Diversity Among the Three Groups

After sequencing and quality filtering, more than 3.2 million tags and a total of 2,134 OTUs were obtained with the dominant length of tags located among 400–440 bp (Figure 1A). To test the sequencing depth, we created the rarefaction curves and showed a reasonable amount of sampling (Supplementary Figure S1).




Figure 1 | The microbial α diversity and β diversity analysis in different groups. (A) Chao 1 index was higher in the ESCC and ES group than in the control group. (B) The ES group had a significantly higher Shannon index, in comparison with the ESCC group and control group. Data were reported as minimum (min) to the maximum (max) with the line at median. (C) A Venn diagram displayed the overlaps among the groups. (D) PLS-DA revealed different microbial community structures in the three groups. *p < 0.05.



Each sample was reflected as a curve in the figure. The curve tends to be flat when the depth of sequencing increases, supporting the adequate volume of sequencing data.

The microbial α diversity and β diversity were applied to analyze the microbiota biodiversity and composition among the groups. We used Chao1 index and Shannon index to describe the community richness and diversity. A higher richness of microbiota was observed in the ESCC and ES groups than that in the control group according to the Chao1 index (ESCC vs. control, p = 0.0002, ES vs. control, p = 0.0012; Figure 1A). Compared with the control group, the Shannon index of the ESCC group showed a decreasing trend (p = 0.4171; Figure 1B), whereas the ES group owned a significantly higher Shannon index in comparison with the ESCC group (p < 0.0001) and the control group (p = 0.0022). Moreover, the Venn diagram indicated that 493 of the total 2,134 OTUs were shared among the three groups, with 72, 219, and 871 OTUs unique for the control, ES, and ESCC groups, respectively (Figure 1C). About β diversity, PLS-DA at the OTU level revealed a statistically significant clustering (Figure 1D), suggesting different microbial community structures.



The Changes of Esophageal Microbiota Composition Among the Three Groups

As shown in Figures 2A–C, each group showed a different bacterial composition at the phylum, family, class, and genus levels. We explored taxa distribution at the phylum, family, and genus levels to reveal distinctive characteristics of each group. Firmicutes, Proteobacteria, Bacteroidetes, Actinobacteria, and Fusobacteria were the five dominant bacterial phyla in the three groups.




Figure 2 | Comparison of relative abundance among each group Barplots of the relative abundance of the main bacterial taxa at (A) phylum, (B) family and (C) genus level for the control, ES and ESCC group. Significant taxa were highlighted in the blue font. (D) Mean relative abundance of continuous changing genera among the groups. Significant taxa were highlighted in the purple font. Data were reported as min to the max with the line at median. *p < 0.05.



The healthy esophageal microbiota was composed mainly of Firmicutes (62.5%), Proteobacteria (18.2%), Bacteroidetes (13.9%), Actinobacteria (2.6%), and Fusobacteria (1.3%), with another ~1.5% of unidentified bacteria. At the genus level, Streptococcus (24.3%) was the main contributor to the microbiota profile, followed by Faecalibacterium and Bacteroides (6.1% and 4.3%, respectively); other subdominant genera were Lactobacillus, Neisseria, Curvibacter, and Blautia, accounting for about 3% each (Figures 2A–C).

The ES group showed a significant decrease of Firmicutes (p = 0.0370) together with a statistically significant robust increase of Fusobacteria (p = 0.0280) and Bacteroidetes (p = 0.0060) with its corresponding genus Bacteroides (p = 0.0240) as compared to the control group (Figures 2A–C).

The ESCC samples also displayed a striking reduction in its microbial composition, such as in Fusobacteria (p = 0.0010) at phylum level and Faecalibacterium (p = 0.0010), Bacteroides (p = 0.0090), Curvibacter (p = 0.0010), and Blautia (p = 0.0040) in comparison with the control group at the genus level. We observed an increasing tendency of Streptococcus in the ESCC group. When compared with the ES group, fewer Bacteroidetes (p = 0.0010), Faecalibacterium (p = 0.0010), Bacteroides (p = 0.0010), and Blautia (p = 0.0040) with more Streptococcus (p = 0.0070) in ESCC tissues were identified (Figures 2A–C). In addition, Megamonas, Collinsella, Roseburia, and Ruminococcus_2 showed a significantly continuous decreasing trend from the control group to the ESCC group at the genus level (Figure 2D).



Characterized Microbial Taxa Associated With Esophageal Squamous Cell Carcinoma Patients

We used multi-level LEfSe analysis to explore potential important microbe biomarkers for the groups in all taxa, and among the three groups, abundance of 138 bacterial species was significantly different. Here, 41, 45, and 52 taxa were abundant in healthy volunteers, ES patients, and ESCC patients, respectively. Given the large number of different bacterial species, we focused on the taxa with LDA scores >4.0. As shown in Figure 3, at the genus level, increased Streptococcus (LDA score = 4.9115, p = 0.0021), Actinobacillus (LDA score = 4.5193, p < 0.0001), Peptostreptococcus (LDA score = 4.3049, p < 0.0001), Fusobacterium (LDA score = 4.2109, p = 0.0004), and Prevotella (LDA score = 4.0768, p = 0.0020) were identified as powerful markers in ESCC patients. Particularly, Streptococcus anginosus at the species level (LDA score = 4.0115, p < 0.0001) showed greater abundance in the ESCC group. Besides, we observed a high level of Roseburia (LDA score = 4.0412, p = 0.0001), Faecalibacterium (LDA score = 4.4607, p < 0.0001), and Curvibacter (LDA score = 4.0812, p < 0.0001) at the genus level and Alphaproteobacteria (LDA score = 4.2618, p = 0.0002) at the class level in the control group. Bacteroides (LDA score = 4.6561, p = 0.0002) and Blautia (LDA score = 4.0883, p < 0.0001) at the genus level were abundant in ES patients (Figure 3).




Figure 3 | Linear discriminant analysis effect size (LEfSe) analysis showed the most abundant taxa from the phylum to the genus level among the control, esophagitis (ES), and esophageal squamous cell carcinoma (ESCC) groups.





Functional Analysis of Esophageal Microbiota Across The Groups

Finally, PICRUSt was conducted to predict the metagenomes and identify the KEGG pathways involved in each group.

Compared with the control group, patients with ESCC showed a significant upregulation of microbial genes involved in signaling molecules and interaction, excretory system, cellular community, cell growth and death, membrane transport, energy metabolism, metabolism of other amino acids, nucleotide metabolism, folding, sorting and degradation, translation, glycan biosynthesis and metabolism, replication and repair, and metabolism of cofactors and vitamins, while there was a reduction of genes related to lipid metabolism, xenobiotics biodegradation and metabolism, cell motility, amino acid metabolism, carbohydrate metabolism, transcription, and signal transduction (Figure 4A). On the other hand, microbiota of the ES group was characterized by a higher potential for excretory system, digestive system, folding, sorting and degradation, energy metabolism, glycan biosynthesis and metabolism, and metabolism of cofactors and vitamins while showing reduced xenobiotic biodegradation and metabolism, lipid metabolism, cell motility, membrane transport, and signal transduction (Figure 4B).




Figure 4 | The function prediction of the three groups. Differential Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways were analyzed using PICRUSt for the three groups. Significant differences between the control and esophageal squamous cell carcinoma (ESCC) groups (A), the control and esophagitis (ES) groups (B), and the ES and ESCC groups (C) were presented.



Moreover, when comparing the ES and ESCC tissues, ESCC-associated microbiota showed significantly increased signaling molecules and interaction, infectious disease, cell growth and death, membrane transport, nucleotide metabolism, folding, sorting and degradation, metabolism of other amino acids, translation, metabolism of cofactors and vitamins, and replication and repair. Conversely, it displayed a consistently decreased lipid metabolism, amino acid metabolism, cell motility, carbohydrate metabolism, transcription, biosynthesis of other secondary metabolites, and signal transduction pathways (Figure 4C).




Discussion

Increasing evidence has shown the crucial roles of bacterial imbalance in tumor development, including esophageal cancers (Garrett, 2015). In China, ESCC constitutes more than 90% of all esophageal cancers (Chen et al., 2021). Although imbalanced microbiome has been well elucidated in EAC, microbial alterations of ESCC were still inconclusive. In the present study, we profiled the structure of esophageal microbiota in the ES and ESCC patients and the matched controls through 16S rRNA gene sequencing and predicted the functional changes. We found a lower microbial diversity in the ESCC patients than in the healthy controls, which was supported by previous findings (Li M. et al., 2020), whereas other studies indicated a decreasing tendency or a higher diversity without significant difference (Shao et al., 2019; Li M. et al., 2020; Yang et al., 2021). Although studies conducted by Li D. et al. (2020) and Castaño-Rodríguez et al. (2017) suggested decreased richness of microbiota in the ESCC patients, our study observed a contrary trend. It could be partly explained by factors that could affect microbial structures such as geographic area or the organ studied. In accordance with previous research, the β diversity was statistically different between the ESCC and the control group (Shao et al., 2019; Li D. et al., 2020). The microbial dysbiosis of ESCC tissues was characterized by decreased Faecalibacterium, Bacteroides, Curvibacter, and Blautia and increased Fusobacteria.

Bacteroides is a predominant member of the gut microbiota, with Bacteroides fragilis as the most prevalent form, which was an opportunistic pathogen related to abdominal, soft tissue, and bloodstream infections (Gilbert et al., 2018). Later studies revealed that a subtype of Bacteroides could produce a heat-labile toxin named Bacteroides fragilis toxin. Secreted toxin promoted interleukin (IL)-18 production and cleared E-cadherin that led to profound inflammation and epithelial homeostasis (Valguarnera and Wardenburg, 2020). Indeed, higher levels of toxigenic B. fragilis strains have been reported in secretory diarrhea and various types of cancer including colorectal cancer and prostate cancer (Mármol et al., 2017; Sha et al., 2020). It seems to be inconsistent between our study and previous reports. Yang et al. (2021) have demonstrated significantly enriched Bacteroides in ESCC. This discrepancy might be explained by samples isolated from different sites and diverse diets of the individuals recruited. Meanwhile, recent findings also revealed the protective effect of B. fragilis in the development of colitis-related colorectal cancer. Thus, we proposed that the Bacteroides owned a bidirectional role in the oncogenesis, and a future functional and theoretical investigation is urgent to confirm its role in ESCC.

Specifically, a higher abundance of S. anginosus in the ESCC tissues was identified. S. anginosus, as an oral bacterium, was frequently found in the oral cavity, gastrointestinal tract, and genitourinary tract (Morita et al., 2003). It occupied up to 82% of patient-unique strains collected from hospitalized patients and was involved in purulent infections, including endocarditis (Siegman-Igra et al., 2012; Kawaguchi et al., 2014). In addition, the presence of S. anginosus has been reported in head and neck squamous cell carcinomas, gastric cancer, dysplasia of esophagus, and esophageal cancer tissues, which indicated the involvement of S. anginosus in the carcinogenic process (Sasaki et al., 1998; Tateda et al., 2000). Viable S. anginosus isolated from the esophageal cancer tissues could adhere to cultured epithelial cells and induce the mRNA expression of two CXC-chemokine genes, IL-8 and growth related oncogene (GRO). These results were supported by a higher content of inflammatory cytokines in esophageal cancer tissues (Narikiyo et al., 2004). Streptolysin S encoded by the sag gene cluster was supposed to be responsible for the cytotoxicity of S. anginosus (Asam et al., 2015). The involvement in sulfur metabolism might be the alternative strategy for S. anginosus in carcinogenesis (Coker et al., 2018). However, more clinical strains were urgent to better verify the pathogenic genes and cytotoxicity in future studies. Interestingly, increased abundance of Fusobacterium, another common elongated anaerobic Gram-negative bacterium of the oral cavity, was also observed in the ESCC tissues. Similar results have been confirmed in previous studies (Li D. et al., 2020; Yang et al., 2021). However, Li D. et al. (2020) found no significant difference of Fusobacterium between ESCC and healthy control. Fusobacterium caused periodontal disease and was related to the development of human cancers. Increased Fusobacterium nucleatum in esophageal cancer was a biomarker for predicting a poor clinical outcome (Yamamura et al., 2016). Experimental studies have shown that F. nucleatum could promote carcinogenesis by induction of chemokines and activation of β-catenin signaling pathway (Rubinstein et al., 2013; Yamamura et al., 2016). In our study, we failed to find the different abundance of Porphyromonas gingivalis among the three groups, which contributed to the development of ESCC via enhancing IL-6 secretion and promoting epithelial–mesenchymal transition (Chen et al., 2021). Because esophageal microbiome was partly shaped by the oral microbiome that linked the periodontal disease to ESCC (Norder et al., 2013), it suggested the possibility of protection against periodontal disease to prevent oncogenesis. This hypothesis was partly supported by the findings that numbers of lost teeth and lifestyle factors, including alcohol use and oral hygiene, were related to increased risk of ESCC (Chen et al., 2017).

Apart from compositional changes in bacterial taxa, we also predicted alterations in function across the groups. Metabolic reprogramming is a hallmark of cancer. Dysregulated metabolites including glucose, lipids, and amino acids have been reported in upper gastrointestinal cancers. For example, increased lactic acid, citrate, and glyceraldehyde were related to gastric cancer and esophageal cancer, although opposite changes were documented by other studies. In our study, we observed a reduction of carbohydrate and amino acid metabolism, which suggested a potential underlying mechanism of ESCC.

Nevertheless, two limitations about this study should be addressed. Firstly, the relatively small sample size of each group limited the generalizability of our findings, and larger studies will provide more credible results. Secondly, a cross-sectional study urged a follow-up prospective trial to fully demonstrate the role of microbiota in esophageal diseases.



Conclusion

Taken together, our data investigated the microbiota spectrum of ESCC patients and demonstrated a significant difference in the microbial diversity and richness between the ESCC patients and the healthy subjects. Our results provided a potential association of Streptococcus, Actinobacillus, Peptostreptococcus, Fusobacterium, and Prevotella with ESCC. Further studies are required to confirm our results and elucidate mechanisms of the causal relationship.
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The human gut microbiota has been proven to have great effects on the regulation of bone health. However, the association between gut microbiota and particle-induced osteolysis, which is the primary cause of aseptic loosening, is still unknown. In this study, we used a combination of wide-spectrum antibiotics to eliminate the majority of gut microbiota and found that reduction of gut commensal bacteria significantly alleviated the progression of osteolysis, in which anaerobe was the biggest culprit in the exacerbation of osteolysis. Furthermore, colonization of enteropathogenic Escherichia coli (EPEC), a subspecies of anaerobe, could promote the development of particle-induced osteolysis by increasing the secretion of peripheral 5-hydroxytryptamine (5-HT) from the colon. Elevated 5-HT level decreased the phosphorylation of CREB and inhibited the proliferation of osteoblasts. Collectively, these results indicated EPEC colonization suppressed the bone formation and aggravated particle-induced osteolysis in vivo. Thus, clearance of EPEC is expected to become a potential preventive approach to treat debris-induced osteolysis and aseptic loosening.
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Introduction

Total hip arthroplasty (THA) is considered the most effective surgery performed to treat end-stage joint diseases and severe hip trauma (Goodman et al., 2014; Cherian et al., 2015). Though in some cases imperfect implant design and defective surgical technique can cause arthroplasty failure, periprosthetic osteolysis and secondary aseptic loosening account for the most cause of implant failure and surgical revision (Gallo et al., 2013).

Wear particles, which generate from the abrasion surface of implant components, play a key role in the progression of aseptic loosening (Gallo et al., 2013). It has been extensively studied that wear debris interacts with multiple kinds of cells, like macrophages, osteoclasts, osteoblasts, and so on, around the prostheses and induces chronic inflammatory responses along with periprosthetic osteolysis, which eventually leads to implant aseptic loosening (Lochner et al., 2011; Haleem-Smith et al., 2012; Wang et al., 2015a; Liu et al., 2016). In view of the above mechanism, the current treatment measures for this complication are generally aimed at reducing bone resorption by inhibiting osteoclasts and promoting bone formation by activating osteoblasts, including bisphosphonates, nonsteroidal anti-inflammatory drugs, and TNF inhibitors (Deng et al., 2017a). Unfortunately, these potential approaches could not achieve the desired effect due to their poor clinical performance and various side effects. Thus, there is still a lack of appropriate pharmacology prevention measures for osteolysis and aseptic loosening. Recently, our study found that Lacticaseibacillus casei, a common probiotic, could reduce particle-induced osteolysis by mediating macrophage polarization, indicating that the gut microbiota (GM) may be implicated in the progression of aseptic loosening (Wang et al., 2017a).

Human gut microbiota is the largest reservoir of microbial communities in the body (Gordon, 2012). Emerging evidence has shown that the GM is an essential regulator in a large number of intestinal and extraintestinal diseases, including skeletal diseases (Abernathy-Close et al., 2021; Rettedal et al., 2021; Wang et al., 2021). It has been demonstrated that the GM in elderly individuals with low bone mineral density (BMD) differed markedly in the composition and abundance compared with that in healthy controls (Li et al., 2019). What is more, increased BMD and downregulated osteoclast activities along with alleviated inflammatory reaction were detected in germ-free (GF) mice and wide-spectrum antibiotic-treated animals compared with conventionally raised ones, whereas colonization of healthy gut microbiota to GF mice leads to normalized bone characters, indicating the essential role of gut microbiota in bone metabolism (Cho et al., 2012; Sjogren et al., 2012; Yan et al., 2016). However, it is not clear whether the GM dysbiosis can affect the development of aseptic loosening.

Enteropathogenic Escherichia coli (EPEC) is the most important E. coli pathotype to be implicated in infantile and adult diarrhea through attaching and effacing (A/E) lesion formation on intestinal epithelial cells (Chen and Frankel, 2005). Esmaili et al. (2009) proved that EPEC-associated diarrhea was caused by inhibition of serotonin transporter (SERT) activity, which decreased the maximal velocity of 5-hydroxytryptamine (5-HT, serotonin) uptake. Central 5-HT is a neurotransmitter involved in numerous physiological processes and peripheral 5-HT, which is mostly derived from the intestine, is supposed to be an essential metabolite for the function of gut and a variety of tissues outside of the gut, including the skeletal system (Kode et al., 2012). Previous research showed that GF mice had decreased serum 5-HT level and intestinal tryptophan hydroxylase 1 (TpH1) expression compared with the conventionally raised ones (Wikoff et al., 2009; Sjogren et al., 2012).

In the present study, we first examined the effect of reduction of gut microbiota by multiple wide-spectrum antibiotics used in combination or separately in a particle-induced osteolysis mouse model. Interestingly, both combinative and separate use of antibiotics attenuated CoP-induced osteolysis. Furthermore, through 16s rDNA sequence, we screened a specific anaerobe EPEC and colonized it to antibiotic-treated mice to verify its effect on osteolysis. The results showed colonization of EPEC had a promotive effect on the progression of osteolysis, which was relied on the regulation of peripheral 5-HT level and proliferation of osteoblasts. Our findings suggested a possible mechanism underlying CoP-induced osteolysis and identified clearance of EPEC as a potential therapeutic approach for treating aseptic loosening.



Materials and Methods


Reagents

Bovine serum albumin (BSA, A4161), 5-hydroxytryptamine (H9523), and eletriptan hydrobromide (1234453) were purchased from Sigma-Aldrich Co. Ltd. (St. Louis, MO, USA). Fetal bovine serum (FBS, 10099-141) and α-minimum essential medium (α-MEM, 12561056) were obtained from Gibco Co. Ltd. (Waltham, MA, USA). RIPA lysis buffer (P0013B) was purchased from Beyotime Co. Ltd. (Haimen, China). Ampicillin (A100741), vancomycin (A100990), neomycin (A610366), metronidazole (A600633), and amphotericin B (A610030) were purchased from Sangon Biotech Co. Ltd. (Shanghai, China).



Particle Preparation

CoCrMo particles (CoPs), provided by Dr. Zhenzhong Zhang from the College of Materials Science and Engineering of Nanjing University of Technology, had a mean particle diameter of 51.7 ± 17.44 nm (mean ± standard deviation) detected by transmission electron microscope (TEM). The particles were autoclaved for 15 min at 121°C and 15 psi. Quantitative Limulus Amebocyte Lysate (LAL) Assay (R13025, Charles River, Wilmington, MA, USA) was used to test the quantity of endotoxin with a result of lower than 0.25% EU/ml. The particles were stocked at a concentration of 50 mg/ml in phosphate-buffered saline (PBS; AR0030, Boster Biological Technology Co., Ltd., Pleasanton, CA, USA).



Bacterial Culture

Escherichia coli EPEC 026: K60 (CICC 10372), Escherichia coli K12 (CICC 10003), and Bacteroides fragilis (CICC 24309) were purchased from the China Center of Industrial Culture Collection (CICC). EPEC and K12 were cultured under anaerobic conditions in nutrient agar at 37°C. B. fragilis was cultured under anaerobic conditions in trypticase soy agar medium at 37°C.



Particle-Induced Osteolysis Animal Model and Experimental Design

The mice were obtained from the experimental animal center of Jinling Hospital (Nanjing, People’s Republic of China), and all animal experiments conformed with the Chinese legal requirements (the Laboratory Animal Management Regulations [March 1, 2017, the third revision]). Animal experiments were divided into four experiments as follows, group design 1: group I, sham-operated group; group II, CoP-treated group; group III, sham plus antibiotics cocktail-treated (Abx) group; group IV, CoPs plus Abx group; group design 2: group V, CoPs plus control mice fecal transplantation (CtrMT) group; group VI, CoPs plus Abx-treated mice fecal transplantation (AbxMT) group; group design 3: group VII, CoPs plus ampicillin and vancomycin (Amp/Van) group; group VIII, CoPs plus neomycin (Neo) group; group IX, CoPs plus metronidazole (Met) group; group X, CoPs plus amphotericin B (Amp B) group; Group design 4: group XI, CoPs plus EPEC group; group XII, CoPs plus K12 group, group XIII, CoPs plus B. frigilis group. Briefly, the mice were anesthetized, and the cranial periosteum was separated from the calvaria by sharp dissection. Fifty microliters (50 mg/ml) of the CoP suspensions were embedded under the periosteum around the middle suture of the calvaria. The animals were then sacrificed, and the calvarial caps were removed by dissecting the bone free from the underlying brain tissue for further analysis.



Calvaria Culture

Each of the calvaria was arranged in a well of a 12-well plate and cultured with 2 ml Dulbecco’s modified Eagle’s medium (DMEM; Thermo Fisher Scientifc, Waltham, MA, USA) for 24 h at 37°C with 5% CO2 as previously reported (Wang et al., 2017b). The culture medium was then collected and stored at −20°C for further testing.



Micro-CT Scanning and 3-Dimensional Reconstruction Analysis

The mouse calvaria were analyzed with a high-resolution micro-CT (SkyScan1176; SkyScan, Kontich, Belgium). The parameters were set at 18 μm solution and 45 kV and 550 mA of x-ray energy. After reconstruction, we chose a square region of interest around the midline suture for further qualitative analysis. The BV/TV ratio and percentage of total porosity of each sample were measured as described previously (Wang et al., 2015b).



Sample Collection and DNA Extraction

Fecal samples were collected from all mice for three consecutive days prior to treatment on day 0, on day 7, and prior to surgery on day 14. Fecal pellets weighted approximately 500 mg were collected from each mouse on autoclaved aluminum foil and then were immediately transferred to prelabeled microcentrifuge tubes, flash frozen in liquid nitrogen, and stored at −80°C until further processing.

Frozen stool samples (500 mg) were placed in sterile polypropylene microvials (BioSpec Products, Bartlesville, OK, USA) containing 1 ml InhibitEX buffer and 1 ml of 0.1 mm diameter zirconia/silica beads (BioSpec Products). Samples were homogenized for 2 min using a Mini-BeadBeater. Total nucleic acids were then extracted using the PowerSoil DNA Isolation kit (MoBio, Carlsbad, CA, USA) according to the user manual and stored at −20°C until sequencing.



16s rRNA Sequencing and Data Processing

DNA was submitted for sequencing at Shanghai Personal Biotechnology Co., Ltd. (Shanghai, China) at the Next-Generation Sequencing facility using Illumina MiSeq with 2 × 251 bp paired end reads following established HMP protocols. Briefly, universal primers 515F and 806R were used for PCR amplification of the V5–V6 hypervariable region of 16S rRNA gene using a two-step cycling protocol consisting of 50°C for 2 min, 95°C for 10 min, followed by 45 cycles of 95°C for 15 s, 60°C for 1 min. After PCR products were quantified, the completed library was sequenced on an Illumina Miseq platform following the Illumina-recommended procedures.

Data processing was performed using QIIME 1.9.0, with specific processing steps as follows (Bosman et al., 2019).



Fecal Microbiota Transplantation

Cecal contents were collected from mice treated with nonmedicated water or Abx solution. According to Benakis et al. (2016), with slight modifications, cecal content was resuspended in PBS prepared in autoclaved tap water (2.5 ml per cecum), filtered using a strainer, and stored at −80°C until use. To facilitate colonization of the transplanted flora, recipient mice were pretreated for 1 week with Abx solution prior to administration of 200 μl of cecal extract by oral gavage. Transplanted mice received fecal microbiota gavage administration once two days for 4 weeks before particle-induced osteolysis particle-induced osteolysi (PIO) surgery and 2 weeks after surgery (Benakis et al., 2016).



Enzyme-Linked Immunosorbent Assay Detection

The 5-HT level was quantified using enzyme-linked immunosorbernt assay (ELISA) kits (Jinyibai Biological Technology Co. Ltd, Nanjing, China). All procedures were performed according to the manufacturer’s instructions.



Real-Time PCR

Total RNA from calvarial bone was prepared using TRIzol reagent (15596-018, Invitrogen, Waltham, MA, USA) according to the manufacturer’s instructions. As previously described (Wang et al., 2017a), real-time PCR was performed using 2× SYBR Green qPCR Mix (PC01, Zoonbio Biotechnology Co., Nanjing, China) according to the manufacturer’s protocol. Primers for b-actin were used as internal controls. The following primers were used: Tph1, sense: 50-GGACAGGACACACACACACA-30 and antisense: 50-CAAACAGGAGAGCCACTTCA-30; SERT, sense: 50-GGACAGGACACACACA-30 and antisense: 50-CAAACAGGAGAGCCAC-30; cyclin D1, sense: 50-ACAATCCGTGCCACTCACT-30 and antisense:50-TTTCATCGAGAAAGCACAGG-30; and cyclin D2, sense: 50-GAGCTGGTGTAATGGGTCCT-30 and antisense: 50-GAGACCCAGGAAGACCTCTG-30.



Western Blotting

The cells were lysed in RIPA lysis buffer with a protein inhibitor cocktail for 30 min on ice, and the lysates were centrifuged at 12,000×g for 10 min at 4°C. The supernatants were collected, and the protein concentrations were measured using a BCA protein assay kit (PP1002, Biocolor Bioscience and Technology Co., Shanghai, China). Thirty micrograms of each protein were separated by 12% or 15% SDS-PAGE before being transferred to polyvinylidene fluoride membranes (162-0177, Bio-Rad, Hercules, CA, USA). Western blotting was performed using the following primary antibodies: anti-GAPDH (97166, Cell Signaling Technology, Danvers, MA, USA), anti-CREB (9104S, Cell Signaling Technology), anti-phospho-CREB (Ser 133) (9196S, Cell Signaling Technology). The following secondary antibodies were used: horseradish peroxidase (HRP)-conjugated anti-rabbit IgG (Cell Signaling Technology, 7074) and HRP-conjugated antimouse IgG antibodies (sc-2005, Santa Cruz Biotechnology, Dallas, TX, USA). After probing with specific primary antibodies and a HRP-conjugated secondary antibody, the protein bands were detected, and the band density was analyzed using ImageJ 1.41 (National Institutes of Health).



Cell Viability Assay

Cells were seeded in 96-well plates and were cultured with or without various concentrations of 5-HT before being stimulated with CoPs for 20 h. Subsequently, cell viability was determined using WST-8 staining with a CCK8 (Cell Counting Kit-8) according to the manufacturer’s instructions (CK04, Dojindo, Kumamoto, Japan). Optical density was determined at 450 nm with a plate reader (Thermo Scientific, Multiskan FC, Waltham, MA, USA).



Statistical Analysis

Results are expressed as means standard error of the means (SEM). Data concerning apoptotic cells analyzed by flow cytometry are expressed as means standard deviation (SD). The differences between groups were analyzed by the Brown-Forsythe test and, if appropriate, by one-way ANOVA followed by Dunnett’s test or Bonferroni test. A p-value of less than 0.05 was considered significant.




Results


Antibiotic Treatment Ameliorated CoP-Induced Mouse Calvarial Osteolysis

In order to evaluate the effect of gut microbiota on CoP-induced osteolysis, we used an antibiotic cocktail (Abx), broad-spectrum antibiotics consisting of ampicillin, vancomycin, neomycin, metronidazole, and amphotericin B which were not reported to have an association with osteolysis, to eliminate intestinal microbiota. Abx treatment was administrated by gavage preoperatively for 2 weeks and postoperatively for 2 weeks to clear gut commensal bacteria (Figure 1A). The extent of osteolysis was then evaluated by microcomputerized tomography (micro-CT). As shown in Figures 1B, C, representative three-dimensional reconstruction (3D reconstruction) images indicated Abx administration mitigated CoP-induced osteolysis. Quantitative analysis of bone parameters further confirmed that Abx treatment increased the bone volume/total volume (BV/TV) index and decreased the porosity percentage (Figure 1D).




Figure 1 | Antibiotics treatment ameliorated CoP-induced mouse calvarial osteolysis. (A) The 8-week-old mice were gavaged with antibiotic water or pure water once daily preoperatively for 2 weeks and postoperatively for 2 weeks. After this process, the animals were sacrificed and tissues were collected for further research. (B) Representative micro-CT with 3-dimensional reconstructed images and amplified region of interest from each group. The ROI was labeled by a blue square box. (C) Representative micro-CT 3D reconstruction cross-section from each group; the arrows marked the area where osteolysis occurred. (D) BV/TV and total porosity percentage of each sample were measured. (E) The Chao1 and ACE indexes reflecting alpha diversity of four groups examined at points in time of the start, the first week, and the second week. (F) PCoA of unweighted UniFrac dissimilarities at three time points with the antibiotic treatment. The data are presented as the mean ± SEM (n = 5–7). ***p < 0.001.



In order to test the antibacterial efficacy of Abx, fecal microbiota of each group at three specific timing (0 week, 1 week, 2 weeks) was sequenced to analyze the composition and abundance of the microbial communities. The results showed that the Chao1 and ACE index (predictors of species richness based on rare species number) significantly decreased in alpha-diversity after Abx treatment for 1 week (Figure 1E). To examine the variability of microbial communities between groups, we calculated the PCoA of unweighted UniFrac dissimilarities (a qualitative indicator of phylogenetic measures of community beta diversity). The results confirmed significant differences between Abx and non-Abx treatment groups after the first week (Figure 1F). These findings suggested that modulating gut commensal bacteria can specifically ameliorate calvarial osteolysis induced by wear particles.



Transplantation of Fecal Microbiota From Abx-Treated Mice Attenuated CoP-Induced Osteolysis

Previous researches suggested antibiotic treatment could inhibit osteoclastogenesis and periprosthetic inflammation in vivo (Ren et al., 2009; Liu et al., 2014). To rule out the influence of Abx directly modulating bone remodeling of osteolysis, we transplanted fecal microbiota collected from conventionally raised and Abx-treated mice to the particle-induced osteolysis mouse model prestimulated by Abx for 1 week. Experimental design is illustrated in Figure 2A. The osteolysis result assessed by micro-CT and 3D reconstruction images showed that mice in Abx-treated transplantation group had milder extent of osteolysis compared with that in normal-raised transplantation group (Figures 2B, C). Consistent with the previous results, quantitative analysis of bone parameters confirmed microbiota transplantation from Abx-treated mice significantly increased the BV/TV ratio and decreased the total porosity percentage (Figure 2D). The data further indicated that the attenuation of calvarial osteolysis induced by CoPs was a benefit from gut microbiota modulation rather than the use of Abx.




Figure 2 | Transplantation of fecal microbiota from Abx-treated mice attenuated CoP-induced osteolysis. (A) The 6-week-old mice, which were pretreated with Abx for 1 week, were transplanted with fecal microbiota from Abx-treated mice (AbxMT) or normal mice (CtrMT) once every 2 days preoperatively for 4 weeks and postoperatively for 2 weeks. The mice were then sacrificed for later analysis. (B) Representative micro-CT with 3D-reconstructed images and amplified ROI from each group. The ROI was labeled by a blue square box. (C) Representative micro-CT 3D reconstruction cross-section from each group; osteolysis areas were marked by the arrows. (D) BV/TV and total porosity percentage of each sample were measured. The data are presented as the mean ± SEM (n = 5–7). *p < 0.05; ns, p > 0.05.





Colonization of EPEC Aggravated CoP-Induced Mouse Calvarial Osteolysis

Since gut microbiota was involved in the progression of osteolysis, we tried to figure out the specific bacteria strains in the GM that had an effect on particle-induced osteolysis. According to group design 3 in Table 1, five antibiotics in the cocktail were divided into four treatment groups according to their individual antimicrobial spectrum (Amp/Van for gram-positive bacterium, Neo for gram-negative bacterium, Met for anaerobe, and Amp B for fungus) (Figure 3A). Representative 3D reconstruction results of micro-CT illustrated that mice in Amp/Van and Neo-treated groups had significantly higher BV/TV index and lower total porosity than that in the CoP-treated group, while Amp B treatment did not affect the calvarial osteolysis (Figures 3B–D). The most increased BV/TV ratio was in the Met-treated group, and the extent of osteolysis was distinctly raised by 23.81% ± 2.658%. (Figure 3E), which indicated anaerobic community eliminated by metronidazole was the biggest culprit behind the progression of osteolysis.


Table 1 | Experimental design.






Figure 3 | Anaerobic bacteria contributed most to the progression of CoP-induced osteolysis. (A) The 8-week-old mice were given four different kinds of water containing antibiotics by gavage to eliminate different bacteria once per day preoperatively for 2 weeks and postoperatively for 2 weeks. The animals were then sacrificed for further analysis. (B) Representative micro-CT with 3D-reconstructed images and amplified ROI from each group. The ROI was labeled by a blue square box. (C) Representative micro-CT 3D reconstruction cross-section from each group; osteolysis areas were marked by the arrows. (D) BV/TV and total porosity percentage of each sample were measured. (E) The improvement rate (IR) of BV/TV of each group was calculated. (F) Taxonomic composition and community abundance distribution map of genus level was drawn by R software. The abundance bar column of Escherichia was marked by red dots. (G) Heat map showed the top 22 bacteria community abundance at genus level in four groups. The relative abundance of Escherichia, Klebsiella, and S24_7 were calculated. (H) LEfSe analysis showed key bacteria community in each group. The threshold for the logarithmic LDA score was 4.0. (I) The relative abundance of Escherichia of control patients (Ctrl) and aseptic loosening patients examined by metagenomic sequencing were calculated. The data are presented as the mean ± SEM (n = 5–7). *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001; #p = 0.0649.



We then sequenced the V5–V6 hypervariable region of 16s rRNA genes from each antibiotic-treated group for the taxonomic research. The taxonomic distribution of four groups in the genus level showed the dominant bacteria communities in each group (Figure 3F). Also, the top 22 upregulated bacteria genus in other three groups than that in Met-treated group was listed in the heat map (Figure 3G). We detected 20 key microbial communities with the criteria of LDA score (Linear discriminant analysis Effect Size (LEFSe)) >4 (Figure 3H). Furthermore, we found that Enterobacteriaceae was the most significantly altered genus, which was consistent with the metagenomic sequencing results from microbiota of aseptic loosening patients (Figure 3I).

Based on the above taxonomic results, we chose to transplant mice with Escherichia coli K12 (K12, a representative apathogenic subspecies in Enterobacteriaceae) and enteropathogenic Escherichia coli (EPEC, a representative apathogenic subspecies in Enterobacteriaceae) to explore their effects in particle-induced osteolysis. Meanwhile, we also selected Bacteroides fragilis (B. fragilis, a representative species in Bacteroides), which makes up the most substantial portion of anaerobic. The experiment procedure is illustrated in Figure 4A. Representative 3D reconstruction images of micro-CT revealed that the osteolysis induced by CoPs was aggravated by colonization of EPEC compared with that of K12 (Figures 4B, C). However, colonization of B. fragilis had no significant difference with that of EPEC (Figures 4B, C). Quantitative analysis also indicated reduced calvarial BV/TV index and rising total porosity percentage in the EPEC-colonized group compared with the K12-colonized group (Figures 4D, E). Additionally, EPEC colonization did not cause statistical difference of weight loss compared with conventional raise. Interestingly, there was no difference in the extent of osteolysis between mice in the control group and that in the EPEC-colonized group, which meant EPEC colonization alone could simulate the effects of CoP-induced osteolysis as whole gut microbiota did.




Figure 4 | Colonization of EPEC aggravated CoP-induced mouse calvarial osteolysis. (A) The 6-week-old mice, which were pretreated with Abx for 1 week, were administrated with culture medium containing EPEC, K12, or B. fragilis by gavage once every other day preoperatively for 4 weeks and postoperatively for 2 weeks. The animals were then sacrificed for further test. (B) Representative micro-CT with 3D-reconstructed images and amplified ROI from each group. The ROI was labeled by a blue square box. (C) Representative micro-CT 3D reconstruction cross-section from each group; osteolysis areas were marked by the arrows. (D) BV/TV and total porosity percentage of each sample were measured. The data are presented as the mean ± SEM (n = 5–7). **p < 0.01; ns, p > 0.05.





EPEC Increased the Level of 5-HT by Inhibiting the Expression of Sert In Vivo

Since it has been reported that gut microbiota could mediate the serum level of 5-HT by regulating the activation of Tph1 and SERT, we then examined the level of 5-HT in calvaria from mice of the above experimental groups. As shown in Figures 5A, B, both combined and separate use of EPEC-sensitive antibiotics markedly downregulated the level of 5-HT. When EPEC was directly colonized, the 5-HT concentration has remarkably risen compared with that of the CoPs and K12-colonized groups (Figure 5C). No significant difference was detected between the CoPs group and the K12-colonized group (Figure 5C). As 5-HT secretion is generally regulated by TpH1 and SERT, we examined their expression in the colon. The results showed that the expression of TpH1 remained unchanged while the level of SERT was significantly downregulated after administration of EPEC compared with that of CoPs and K12 (Figures 5D, E). Collectively, the promotive effect of EPEC on peripheral 5-HT secretion was through inhibiting SERT expression in vivo.




Figure 5 | EPEC increased the level of 5-HT by inhibiting the expression of SERT in vivo. Notes: The level of 5-HT when treated with antibiotics (A, B) and colonized with EPEC (C) was examined by ELISA assay. The expression of Tph1 (D) and Sert (E) mRNAs from each group was examined using real-time PCR. The data are presented as the mean ± SEM (n = 5–7). *p < 0.05; ns, p > 0.05; #p = 0.13.





5-HT Inhibited the Proliferation of Osteoblasts Through pCREB/Cyclin D In Vivo and In Vitro

As gut-derived 5-HT is capable of inhibiting osteoblast proliferation by downregulating the phosphorylation of CREB, we then investigated the expression of CREB and phosphorylated CREB in calvaria of mice in different groups. No obvious difference of total CREB expression but a significant decrease of the phosphorylated CREB expression was detected in EPEC-colonized group compared with that in CoPs and K12-colonized groups (Figure 6A). Previous studies indicated that phosphorylated CREB specifically regulated the expression of cyclin proteins (Chen et al., 2020), we next investigated whether EPEC colonization affected the cyclin D expression. The RT-PCR results suggested that both levels of cyclin D1 and cyclin D2 in calvaria were downregulated in EPEC-colonized group compared with that in CoPs and K12-colonized groups (Figures 6B, C).




Figure 6 | 5-HT inhibited the proliferation of osteoblasts through pCREB/Cyclin D in vivo. (A) Western blots performed after calvaria from mice colonized with EPEC, K12, and B. fragilis were collected. The density of the Western blot bands was quantified using Image J software. The level of Cyc D1 (B) and Cyc D2 (C) mRNAs from each group were examined using real-time PCR. The data are presented as the mean ± SEM (n = 5–7). *p < 0.05; **p < 0.01.



To further confirm the effect of 5-HT in the proliferation of osteoblasts, we used 5-HT to stimulate osteoblast MC3T3-E1 cells. The cell viability of osteoblasts treated with different concentration of 5-HT was examined at different time points. CCK8 assay showed that 5-HT inhibited the proliferation of osteoblasts in a dose- and time-dependent manner (Figure 7A). We then used eletriptan hydrobromide, a selective 5-HT1B receptor agonist, to costimulate osteoblasts with 5-HT. According to Figure 7B, the downregulation effect of 5-HT on the proliferation by CoP stimulation was markedly attenuated after treatment with eletriptan (Figure 7B). These results further confirmed that the proliferation of osteoblasts was suppressed by treatment of 5-HT.




Figure 7 | 5-HT mediated the proliferation of osteoblasts through Htr1b receptor in vitro. (A) Cell viability of MC3T3-E1 after treated by different concentrations of 5-HT at three different time periods was calculated by CCK8 method. (B) After cotreated with CoCrMo particles, 5-HT, and 5-HT receptor inhibitor (inh), the cell viability of MC3T3-E1 was calculated by CCK8 method. *p < 0.05; **p < 0.01; ***p < 0.001; ns, p > 0.05.






Discussion

Total hip arthroplasty is widely acknowledged as the most useful surgical procedure to treat various end-stage joint diseases. However, the ratio of revision after hip arthroplasty still remains at a high level with aseptic loosening accounting for the largest part of surgical failure. Wear particles are regarded as a critical role in the pathogenesis of aseptic loosening and osteolysis by interacting with multiple cell types from the peri-implant tissue and resulting in various biological reactions (Wang et al., 2013; Wang et al., 2015a; Wang et al., 2017a). Most studies on particle-induced osteolysis have focused on the role of local factors in mediating bone resorption and bone formation (Deng et al., 2017b; Liu et al., 2020). While our present study suggests that gut microbiota, a distant organ of the skeletal system, stimulate the progression of osteolysis in mouse model and EPEC take an important part in the promotion of aseptic loosening.

Specifically, after administration of Abx in particle-induced osteolysis model (Figures 1A–D), we found Abx treatment effectively eliminated the majority of gut microbiota and alleviated CoP-induced osteolysis in the mouse model. However, Liu et al. (2014) also used oral administration of enoxacin to treat particle-induced osteolysis mouse model and found potent inhibitory effect on periprosthetic osteolysis via suppression of osteoclastogenesis. In addition, Ren et al. (2009) suggested that erythromycin treatment improved the inflammation status and inhibited the cytokine release in peri-implant tissue of aseptic loosening patients. They believe that antibiotics directly mediate the formation of osteoclast and inhibit inflammation in local tissue. To eliminate the direct effect of Abx on bone metabolism, only the fecal microbiota of gnotobiote and conventionally raised mice were transplanted to experimental groups. Our results suggest that the regulation of Abx on the progression of osteolysis is through the gut microbiota rather than influence of osteoclasts (Figures 2A–D). Sjogren et al. (2012) reported that germ-free mice had higher BMD and decreased osteoclastogenesis activities compared with the conventionally raised mice. What is more, colonization of GF mice with normal gut microbiome normalized bone mass (Sjogren et al., 2012). Schwarzer et al. (2016) suggested the bone formation was also significantly downregulated in germ-free mice. These conclusions were also demonstrated by the study of Uchida et al. (2018). Their results showed germ-free mice had alleviated both osteoclast and osteoblast activities by regulating specific transcription factors. Interestingly, they suggested that the commensal microbiota prevented excessive mineralization by mediating osteocalcin expression in osteoblasts (Uchida et al., 2018). In an antibiotic-treated gnotobiote mouse model, Yan et al. (2016) suggested that deleting gut flora inhibited bone formation by decreasing serum insulin-like growth factor 1 (IGF-1). On the other side, not only gut microbiota can regulate particle-induced osteolysis, but particle challenge can affect the balance of gut microbiota (Moran et al., 2020). Collectively, we demonstrate that gut microbiota mediate CoP-induced osteolysis, but the effect of CoP challenge in our experiment on the GM remains to be further explored.

Through the separate use of Abx, we narrowed the target scope to several specific bacterial kinds, Enterobacteriaceae, Klebsiella, and S24-7 (Figures 3F–H). After comparing with the metagenomic sequencing results of clinical aseptic loosening patients, we finally picked out a potent genus, Escherichia. We found colonization of EPEC in mice remarkably aggravated the extent of osteolysis (Figures 4A–D). Previous research found that EPEC isolates can be identified as typical (tEPEC) or atypical (aEPEC) according to the existence of eaeA and bfpA genes. Also, most diarrheal stool samples of adults were infected by aEPEC, part of which were asymptomatic infection (Carlino et al., 2020). Furthermore, it was suggested that among immunosuppressed cancer patients, EPEC was easier to infect and carried higher burden of EPEC with antibiotic-resistant strains (Olvera et al., 2021). These results indicate although EPEC is not easy to infect adults, it may still play a role in aseptic loosening patients, especially those with immunosuppression or intestinal microbiota dysbiosis.

The underlying mechanism of osteolysis and aseptic loosening was proved through increasing the secretion of peripheral 5-HT and downregulating the proliferation of osteoblasts (Figures 5 and 6) The bone-bowel connection was firstly elucidated by Yadav et al. (2008), and they reported that gut-derived 5-HT inhibited bone formation by downregulating osteoblast proliferation. 5-HT is generally regarded as a neurotransmitter in the central nervous system (CNS) involved in activities such as emotional regulation. However, the vast majority of 5-HT is located in the gut and regulates the gut motility, secretion, and vasodilation function, which is known as conventional function of 5-HT. Meanwhile, peripheric 5-HT can play important roles in other tissues out of gut, including hematopoiesis, metabolic homeostasis, and bone metabolism, namely, nonconventional function of 5-HT (Spohn and Mawe, 2017). Kousteni et al. further found evidence for the gut-bone axis by demonstrating that FOXO1 inhibited osteoblast proliferation via regulating the expression of 5-HT (Kode et al., 2012). In this study, EPEC augmented the level of 5-HT in the mouse calvarial tissue and promoted CoP-induced osteolysis by restraining CREB phosphorylation and osteoblast proliferation in vivo and in vitro.

Nowadays, the metabolic potential of gut microbes and their effects in the regulation of human health is emerging. Advancement in microbiology has inspired the use of additive, subtractive, and modulatory therapies of microbiome engineering in clinics, in which probiotic treatment is the most important part (Cullen et al., 2020; Yadav and Chauhan, 2021). Probiotics, which are live commensal microorganisms providing health benefits and improving the gut flora, are claimed to be useful on the protection of bone loss (Uchida et al., 2018). Fukuda et al. (2011) suggested that Bifidobacterium can protect from EPEC infection. In addition, our previous study suggested that L. casei could reduce particle-induced osteolysis by decreasing the M1-like macrophage/M2-like macrophage ratio (Wang et al., 2017a). Collectively, administration of probiotic, especially EPEC-fighting strains, in aseptic loosening patients may also be a potent treatment approach.

There are some limitations of this study. First, we only selected a specific strain among the whole bacteria community with higher abundance than that in the metronidazole-treated group, and we think there are much more bacteria worthy of study among them. Secondly, we hope to further verify the effect of gut flora on particle-induced osteolysis by transplanting the intestinal flora of aseptic loosening patients and normal patients. However, based on the results of our previous metagenomic sequencing of gut microbiota from aseptic loosening patients, the human intestinal flora varies greatly with region, age, and diet. In further research, enough fecal samples of aseptic loosening patients and their direct relatives with the same habits need to be collected to eliminate experimental disturbance.
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The role of oxidative and nitrosative stress has been implied in both physiology and pathophysiology of metabolic disorders. Inducible nitric oxide synthase (iNOS) has emerged as a crucial regulator of host metabolism and gut microbiota activity. The present study examines the role of the gut microbiome in determining host metabolic functions in the absence of iNOS. Insulin-resistant and dyslipidemic iNOS−/− mice displayed reduced microbial diversity, with a higher relative abundance of Allobaculum and Bifidobacterium, gram-positive bacteria, and altered serum metabolites along with metabolic dysregulation. Vancomycin, which largely depletes gram-positive bacteria, reversed the insulin resistance (IR), dyslipidemia, and related metabolic anomalies in iNOS−/− mice. Such improvements in metabolic markers were accompanied by alterations in the expression of genes involved in fatty acid synthesis in the liver and adipose tissue, lipid uptake in adipose tissue, and lipid efflux in the liver and intestine tissue. The rescue of IR in vancomycin-treated iNOS−/− mice was accompanied with the changes in select serum metabolites such as 10-hydroxydecanoate, indole-3-ethanol, allantoin, hippurate, sebacic acid, aminoadipate, and ophthalmate, along with improvement in phosphatidylethanolamine to phosphatidylcholine (PE/PC) ratio. In the present study, we demonstrate that vancomycin-mediated depletion of gram-positive bacteria in iNOS−/− mice reversed the metabolic perturbations, dyslipidemia, and insulin resistance.
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1 Introduction

Type 2 diabetes is a multitudinous metabolic disorder that arises from a complex interaction among genetic and environmental elements including dysregulated microbiota composition and function (Ahlqvist et al., 2018). Insulin resistance (IR) or dyslipidemia is a key attribute of obesity and diabetes due to metabolic disruptions (Ormazabal et al., 2018). Gut microbiota dysbiosis, specifically changes in Firmicutes to Bacteroidetes ratio, has been linked to a cluster of chronic metabolic diseases including IR, diabetes, and obesity in both humans and mice (Eid et al., 2017). Prebiotics (such as inulin), probiotics, and other microbiota-targeted bacteriotherapy including antibiotics interventions are actively being explored to prevent and manage metabolic disorders (Shapiro et al., 2017). Treatment with antibiotics reduces bacterial diversity in the host with reduced resistance to colonization of non-autochthonous microbes (Sullivan, 2001; Dethlefsen et al., 2008). Thus, antibiotics add an interesting dynamism to the host–microbiome association (Jernberg et al., 2010). Antibiotic-induced depletion of the short-chain fatty acid (SCFA)-producing gut microbes reduced the levels of microbial-derived colonic SCFA in children and enhanced the likelihood to develop obesity and metabolic syndrome later in life (Korpela et al., 2017; Li et al., 2017a; Wilkins and Reimer, 2021). On the contrary, antibiotic-induced microbiota depletion (AIMD) by the antibiotic cocktail or vancomycin provides protection against diet or genetically inherited obesity and glucose dysmetabolism (Carvalho et al., 2012; Hwang et al., 2015; Fujisaka et al., 2016) by reducing inflammation and oxidative stress and improving metabolic homeostasis (Cani et al., 2008). Studies in humans have implied both gram-positive and gram-negative bacteria in the metabolic perturbations and obesity (Rawat et al., 2012; Pushpanathan et al., 2016; Radilla-Vázquez et al., 2016; Liu et al., 2019). These studies thus indicate the strong association of gut microbiota with obesity and related metabolic disorders (Cox and Blaser, 2013).

Nitric oxide (NO) has a pivotal role in the regulation of cardiovascular and metabolic functions. Among the different NOS isoforms, the importance of iNOS has been predominantly investigated in inflammatory and infectious diseases (Wong and Billiar, 1995; Kröncke et al., 1998) but is now emerging as an important metabolic regulator (Perreault and Marette, 2001; Cha et al., 2011; Kanuri et al., 2017; Kakimoto et al., 2019; Pathak et al., 2019; Aggarwal et al., 2020). iNOS-derived NO controls the growth of certain microorganisms as an adaptive response of host defense, while survival of certain microbes also seems to be facilitated (Bogdan, 2015). iNOS−/− mice are protected from LPS-induced IR (Carvalho-Filho et al., 2006) and cardiovascular (House Ii et al., 2012) and endothelial dysfunction (Chauhan et al., 2003) and also displayed reduced inflammatory cytokines (Perreault and Marette, 2001; Cha et al., 2011) with enhanced survival during septicemia (Hollenberg et al., 2000). Moreover, previous studies from our lab (Kanuri et al., 2017; Pathak et al., 2019; Aggarwal et al., 2020) and others (Nakata et al., 2008; Kakimoto et al., 2019) had demonstrated IR and disrupted metabolic homeostasis in iNOS−/− mice fed with chow diet, low-fat diet (LFD), or high-fat diet (HFD) which was reversed by enhancing NO bioavailability via nitrite treatment (Aggarwal et al., 2020), suggesting the importance of redox status in host metabolism. As oxidative stress and changes in gut microbiota could play a role in IR (Cui et al., 2009), iNOS−/− mice might have dysbiosis due to the absence of iNOS-derived NO (Aggarwal et al., 2020).

Therefore, our present study explored the contribution of gut microbiota in regulating the metabolic abnormality observed in mice lacking iNOS. We demonstrate that iNOS−/− mice exhibit an altered gut microbial community with enhanced enrichment of gram-positive bacteria. Vancomycin (largely depletes gram-positive bacteria)-induced depletion of gut bacteria established that such enrichment of vancomycin-sensitive microbes is a vital contributor to metabolic abnormalities found in iNOS−/− mice.



2 Materials and Methods


2.1 Mice and Diet

Twelve-week-old, age-matched male C57BL/6 (WT) and iNOS knockout (iNOS−/−) (Jackson Laboratory, USA; 002609) mice on C57BL/6J background were bred and maintained in IVC cages (Tecniplast, Italy) at 24°C ± 2°C. All procedures were approved by the Institutional Animal Ethics Committee of CSIR-CDRI (IAEC/2014/43) in accordance with CPCSEA guidelines. Mice (WT and iNOS−/−) were maintained on chow diet (1320, Altromin, Germany) and water ad libitum. The antibiotic vancomycin (0.5 g/l) and antibiotic cocktail (Abx) comprising of ampicillin (1 g/L), neomycin (1 g/l), metronidazole (1 g/L), and vancomycin (0.5 g/L) were administered via drinking water for 4 weeks for depletion of gram-positive anaerobic bacteria and majority of gut microbiota, respectively (Hansen et al., 2012; Rodrigues et al., 2017).



2.2 Body Weight, Body Mass Index, and Food Consumption

Body weight was measured weekly from day 0 to the completion of the study at 4 weeks. The body length was also measured from the nose tip to the base of the tail of each mouse. Body mass index (BMI) was calculated using the formula body weight (g) divided by the square of nose to anus length (cm) as previously described (Aggarwal et al., 2020) at the end of 4 weeks of antibiotic treatment. The weekly food consumption was measured by housing two to three mice per cage and adding the preweighed food pellets to each cage and measuring the food left over on a sensitive weighing balance twice weekly. The average weekly food consumption and the average food intake/day/mice during the study period were calculated.



2.3 Tolerance Tests

Mice were administered 2 g/kg D-glucose, 2 g/kg sodium pyruvate, or 0.6 IU/kg insulin (Human insulin R, Eli Lilly) by intraperitoneal (i.p.) route to perform glucose (GTT), pyruvate (PTT), or insulin tolerance test (ITT), respectively, after 6 h of fasting. Blood glucose was monitored using the Accu-Chek glucometer (Roche Diagnostics, India) at 0, 15, 30, 60, and 120 min after the administration of glucose, pyruvate, or insulin, and the area under the curve (AUC) was calculated as described previously (Kanuri et al., 2017).



2.4 Body Composition Analysis

Body composition (fat and lean mass) was analyzed in live, conscious mice by echo MRI (E26-226-RM Echo MRI LLC, USA) allowing limited horizontal and vertical movements by applying radiofrequency pulses at a distinct static magnetic field (Kanuri et al., 2018).



2.5 In-Vivo Gut Permeability Assay

FITC-labeled dextran (4 kDa) was used to assess in-vivo intestinal permeability (Thevaranjan et al., 2017). Mice were fasted for 4 h with free access to water. A total of 0.8 mg/ml FITC-dextran tracer was given orally in 200 µl PBS followed by removal of both food and water after the gavage. Blood was collected retro-orbitally after 4 h, the serum was separated, and fluorescence intensity was measured using an excitation wavelength of 493 nm and an emission wavelength of 518 nm.



2.6 Serum Biochemistry

Retro-orbital blood was collected from 6-h fasted mice. Estimation of lipids like total cholesterol (TC), triglycerides (TG), low- and high-density lipoproteins (LDL and HDL), and non-esterified fatty acids (NEFA) was performed in the serum using kits (Pathak et al., 2019) (Randox, UK). Insulin was measured using the kit from Crystal Chem, USA. Indices of IR (HOMA-IR) and insulin sensitivity (QUICKI) were calculated from fasting blood glucose and serum insulin as per the formulae used by other investigators (Yokoyama et al., 2003).



2.7 Total Nitrite Estimation

The animals were sacrificed to retrieve the tissues (liver, epididymal white adipose tissue, and small intestine). Tissues (liver, eWAT, and intestine, 50 mg) were homogenized in 500 µl of hypotonic TKM buffer [25 mM Tris–HCl (pH 7.4), 2 mM MgCl2, 5 mM KCl, and 1% NP-40] followed by sonication. The supernatant was obtained by centrifugation at 15,000g at 4°C for 20 min. Total nitrite (nitrate and nitrite) was estimated in serum (100 μl) and tissue homogenates using Griess reagent by reducing nitrate to nitrite using preactivated cadmium pellets followed by deproteinization in tissue homogenates with 3% trichloroacetic acid (Kanuri et al., 2017).



2.8 Tissue Biochemistry

Liver tissue (50 mg) was processed as described previously (Aggarwal et al., 2020) for the estimation of hepatic total cholesterol, triglycerides, and free fatty acids (FFA) using the Randox kit. Briefly, for TC estimation, samples were homogenized on ice in 1 ml hexane:isopropanol mixture (3:2 ratio) followed by centrifugation, supernatant collection, and drying in a CentriVap concentrator (Labconco, USA). Samples were homogenized in 1 ml of 1% Triton X-100 in chloroform on ice, centrifuged, and lower phase dried in CentriVap for FFA estimation. The dried products for TC and FFA estimation were redissolved in ethanol:NP-40 (9:1). For triglyceride estimation, samples were homogenized in 500 µl of 5% NP-40 on ice, boiled for 5 min in a water bath at 80°C–100°C, then cooled and reheated three times, and centrifuged, and the supernatant was collected.



2.9 Hepatic Glycogen

Insulin was administered at a dose of 0.6 IU/kg i.p. and the animals were sacrificed after 30 min to collect the liver for insulin-stimulated glycogen estimation along with unstimulated controls in both WT and iNOS−/− mice with or without vancomycin and Abx treatment. A 50-mg liver tissue was homogenized in 500 µl distilled water on ice, boiled for 10 min, and centrifuged to remove insoluble substances followed by supernatant collection and glycogen estimation using the kit from Biovision (K646-100) as per the protocol of the manufacturer.



2.10 Alcian Blue (AB) Staining

Formalin-fixed, paraffin-embedded small intestinal and colonic tissue was sectioned into 5 μm thin serial slices and stained with 1% Alcian blue solution (in 3% acetic acid, pH 2.5) for morphological examination of acid mucosubstances and acetic mucins and counterstained with 0.1% nuclear Fast Red solution (Otsuka et al., 2010). The Alcian blue-stained area (%), villi, and crypt lengths were calculated using ImageJ software.



2.11 Real-Time PCR

Quantitative gene expression analysis was performed using SYBR Green as described previously (Kanuri et al., 2018). Briefly, total RNA was extracted using the TRIzol reagent followed by cDNA synthesis using RevertAid first-strand cDNA synthesis kit using the protocol of the manufacturer. Real-time PCR was performed using LightCycler 480II Real-Time PCR system (Roche Applied Science, Indianapolis, IN, USA) with primers listed in Table S1. 18S rRNA was used as a reference gene for normalization in liver and adipose tissues and RPL10 in intestinal tissue to calculate the expression of candidate genes. Relative fold change was calculated from mean normalized gene expression between different groups as compared with WT mice.



2.12 Metabolomics Analysis


2.12.1 Sample Preparation

A 100-µl serum was lyophilized and stored at −80°C until further processing. The sample was reconstituted in 200 µl methanol, 50 µl water, and 870 µl methyl tert-butyl ether (MTBE) and vortexed for 1 h to extract the metabolites. Organic and aqueous phase separation was induced by adding 250 µl water and centrifuged at 15,000g for 15 min at 4°C. The upper organic and lower aqueous layers (100 µl each) were vacuum dried in a SpeedVac concentrator and stored until further analysis at −80°C. Samples were reconstituted in 50 µl 15% methanol and kept on ice for 30 min, vortexed for another 30 min, and centrifuged at 15,000g for 15 min at 4°C, and the supernatant was collected and subjected to metabolomic analysis by using the LC-MS platform.



2.12.2 Metabolomics Measurement

The metabolomics data were acquired on the Orbitrap fusion mass spectrometer (Thermo Scientific, USA) equipped with a heated electrospray ionization (HESI) source. Data were acquired on positive and negative modes at 120,000 mass resolution in MS mode and 30,000 resolution in data-dependent MS2 scan mode. Spray voltages of 4,000 and 35,000 V were used for the positive and negative modes, respectively. Sheath gas and auxiliary gas was set to 42 and 11, respectively. Mass scan range of 50–1,000 m/z, automatic gain control (AGC) target at 200,000 ions, and maximum injection time of 80 ms for MS and AGC target of 20,000 ions and maximum injection time of 60 ms for MSMS were used. The extracted metabolites were separated on UPLC ultimate 3000 using HSS T3 column (100 × 2.1 mm i.d., 1.7 µm, waters) maintained at 40°C temperature. Mobile phase A was water with 0.1% formic acid and mobile phase B was acetonitrile with 0.1% formic acid. The elution gradient used is as follows: 0 min, 1% B; 1 min, 15% B; 4 min, 35% B; 7 min, 95% B; 9 min, 95% B; 10 min, 1% B; and 14 min, 1% B. The flow rate was 0.3 ml/min and the sample injection volume was 5 µl. The pool quality control (QC) sample was prepared by collecting 10 µl from each sample and was run after every five samples to monitor retention time shift, signal variation, and drift in mass error (Kumar et al., 2020).



2.12.3 Data Processing

All acquired data were processed using the Progenesis QI software (Waters Corporation) using default setting. The untargeted metabolomics workflow of Progenesis QI was used to perform retention time alignment, feature detection, elemental composition prediction, and database search. Identification of the metabolite was done on the basis of an in-house metabolite library with accurate mass, retention time, and fragmentation pattern information match. Additionally, spectral data matching with mzCloud and MassBank for the fragmentation match for the identification of metabolites were also used. Metabolomics data were normalized by sum and Pareto scaled before multivariate analysis. Relative fold change values in metabolite expression analysis were calculated for each treated sample with respect to the untreated time-matched control (WT) for two sets of experiments, and then differential analysis was performed on the pooled fold change data. Fold change values were log transformed for a clearer representation in the heatmap analysis. Statistical analysis was performed by multiple t-tests followed by a two-stage linear step-up procedure of Benjamini, Krieger, and Yekutieli to correct for multiple comparisons by controlling the false discovery rate (<0.05).




2.13 16S rRNA Gene Sequence Analysis

Genomic DNA from approximately 200 mg mice stool samples was extracted by an optimized enzymatic, chemical, physical, and mechanical lysis method as described previously (Bag et al., 2016). The V3–V4 region of the 16S rRNA gene was amplified and gel extracted for metagenomic sequencing as described previously (Tandon et al., 2018). Metagenome libraries were prepared using V3–V4 region-specific primers. Approximately, 40 ng of DNA samples were amplified for 26 cycles of round 1 PCR using KAPA HiFi Hot-Start PCR Kit (KAPA Biosystems Inc., USA). The forward and reverse primers were used at a concentration of 5 µM each. The amplicons were analyzed on 1.2% agarose gel, and l µl of diluted round 1 PCR amplicons was used for indexing PCR (round 2). Here, the round 1 PCR amplicons were amplified for 10 cycles to add Illumina sequencing barcoded adaptors (Nextera XT v2 Index Kit, Illumina, USA). Round 2 PCR amplicons (sequencing libraries) were analyzed on 1.2% agarose gel. The Illumina adapter sequences were as follows: 5′-AATGATACGGCGACCACCGAGATCTACAC[i5]TCGTCGGCAGCGTC and 5′-CAAGCAGAAGACGGCATACGAGAT[i7]GTCTCGTGGGCTCGG, where [i5, i7] were unique dual index sequence to identify sample-specific sequencing data. Furthermore, the samples were loaded into an Illumina MiSeq v3 600 cycles flow cell (Illumina, CA, USA) and the sequencing run was performed according to standard Illumina protocol.


2.13.1 Data Analysis

The Illumina paired-end raw reads having V3–V4 primer sequence and high-quality bases (>Q30) were selected. Bcl2fastq software v2.20 was used for data demultiplexing and FastQ files were generated based on the unique dual barcode sequences. FastQC v0.11.8 software was used to assess the sequencing quality. The adapter sequences were trimmed and bases above Q30 were considered. During read preprocessing, low-quality bases were filtered off and then data were used for downstream analysis. The reads were further stitched using Fastq-join. These stitched reads were subjected to QIIME pipeline for microbiome analysis. The query sequences were clustered using the UCLUST method against a curated chimera-free 16S rRNA database, Greengenes v 13.8. The taxonomies were assigned using the RDP classifier to these clusters at ≥97% sequence similarity against the reference Greengenes database. The sequencing stats and absolute read counts are represented in Tables S2, S3, respectively. PCA and alpha-diversity analysis were performed using MicrobiomeAnalyst. The raw reads data were normalized and relative abundance in % was calculated. For comparative analysis, minimal data filtering was done and features containing non-zero values in less than ~10% samples were removed. Statistical analysis at the levels of phylum, family, and genus was performed by multiple t-tests with the assumption that all rows are sample from populations with the same scatter (SD) followed by a two-stage linear step-up procedure of Benjamini, Krieger, and Yekutieli to correct for multiple comparisons by controlling the false discovery rate (<0.05). Due to taxonomic resolution limit of the partial 16S rRNA gene sequencing-based microbiome study, the abundance difference of the bacterial species in WT and insulin-resistant iNOS−/− mice has not been included in the present study.




2.14 Statistical Analysis

Data were presented as mean ± SEM. Independent unpaired Student’s t-test was used for comparisons as appropriate using the GraphPad Prism 8 software. More than two groups were compared by one-way analysis of variance (ANOVA) followed by post-hoc Tukey’s multiple comparison test or Dunnett’s test. Differences were considered statistically significant at p <0.05. For the correlation analysis, Pearson correlation coefficients were calculated and p-value was corrected according to the Benjamini–Hochberg correction for multiple comparisons, with a false discovery rate <0.05.



2.15 Availability of Data and Materials

All data used in this study are present in the main text and Supplementary Material. The raw 16S rRNA gene sequencing data were deposited in the Sequence Read Archive (SRA) of the National Center for Biotechnology Information (NCBI) under accession number PRJNA740126.




3 Results


3.1 Insulin-Resistant iNOS−/− Mice Display Atypical Gut Microbiota With Gram-Positive Bacteria Dominance and Altered Serum Metabolome

Chow-fed iNOS−/− mice were glucose intolerant (Figures S1A, B) and systemic insulin resistant (Figures S1F, G), hyperglycemic, and hyperinsulinemic as compared with WT (Figures S1C, D), along with enhanced HOMA-IR (Figure S1E) and decreased QUICKI (Figure S1H). iNOS−/− mice also displayed enhanced gluconeogenesis as evident by PTT (Figures S1K, L). Circulating total cholesterol, triglycerides (Figures S1I, J), LDL, and NEFA were significantly more in iNOS−/− mice, while HDL levels were comparable to WT mice (Figures S1M–O). The microbial alpha-diversity was reduced in insulin-resistant iNOS−/− mice in the fecal samples as compared with WT (reduced observed, Shannon, and Chao1 diversity indices). However, no significant difference was observed in the Simpson diversity index (Figures 1A–D). Multidimensional scaling analysis through principal coordinate plot represents that the bacterial communities between the WT and iNOS−/− mice varied significantly (Figure 1E). At the phylum level, the relative abundance of Firmicutes was decreased with increased Verrucomicrobia. At the family level, Erysipelotrichaceae, Bifidobacteriaceae, and Verrucomicrobiaceae were increased, while Lactobacillaceae and Ruminococcaceae were decreased. Allobaculum, Bifidobacterium, and Akkermansia were increased significantly, while the Lactobacillus genus was reduced in insulin-resistant iNOS−/− mice as compared with WT (Figure 1F) indicating differential gut microbiome with major changes in gram-positive bacteria. In the PCA score scatter plot from serum metabolomics, distinctly separated clusters between the WT and iNOS−/− mice in ESI-positive mode were seen (Figure 1G) with significantly differential metabolites (p < 0.05) being visualized through a volcano plot (Figure 1H). iNOS−/− mice displayed enhanced purine and pyridimidine metabolites, PE lipids, PE to PC ratio, 10-hydroxydecanoate, 3-nitrotyrosine, cysteamine, cysteate, carbohydrate metabolites, indole-3-ethanol, diosmetin, and phosphonoacetate. PC, PA, and PS lipids; laurate; lauroyl carnitine; anthranilate; and cystathionine were decreased in iNOS−/− mice suggesting altered metabolic profile as compare with WT (Figure 1I).




Figure 1 | Insulin-resistant iNOS−/− mice display atypical gut microbiota with gram-positive bacteria dominance and altered serum metabolome. Gut microbiota analysis in wild-type (WT) and insulin-resistant iNOS−/− mice. α-Diversity indices in stool samples: (A) observed, (B) Shannon, (C) Simpson, and (D) Chao1. (E) β-Diversity analysis via principal coordinate analysis (PCA) plot based on Bray–Curtis distance. Each dot represents an animal, projected onto the first (horizontal axis) and second (vertical axis) variables. (F) Differentially abundant microbiota at the phylum, family, and genus levels. Serum metabolomic analysis in chow-fed WT and iNOS−/− mice in ESI (+) mode. (G) PCA score plot and (H) volcano plot of differential metabolites (p < 0.05) between WT and iNOS−/− mice. Red in the volcano plot indicates significantly upregulated metabolites, green indicates the downregulated metabolites, and gray shows no significant difference. (I) Heatmap of differential metabolites found by metabolomics analysis in chow-fed WT and iNOS−/− mice. Data are represented as mean ± SEM (n ≥ 6). *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001 vs. WT. See also Figure S1.





3.2 Vancomycin-Induced Modulation of Gut Microbiota Rescues iNOS−/− Mice From Systemic IR and Dyslipidemia

Subsequently, we used vancomycin to deplete the gram-positive and antibiotic cocktail to deplete both gram-positive and gram-negative gut microbiota in iNOS−/− mice to assess the correlation, if any, between gut microbiome and altered metabolic homeostasis in iNOS−/− mice. Vancomycin (Figures 2A–D) and Abx (Figures S3A–D), as expected, further decreased the microbial diversity in insulin-resistant iNOS−/− mice (decreased observed, Shannon, Simpson, and Chao1 α-diversity indices) confirming the depletion of gut microbiota. Abx-treated iNOS−/− mice showed the lowest alpha-diversity among all the groups. Bacterial communities between vancomycin- and Abx-treated WT (Figures S2E, S5F) and iNOS−/− mice (Figures 2E, S3E) vary distinctly and significantly from the untreated controls with markedly different clusters in PCA analysis. At the phylum level, Bacteriodetes and Actinobacteria were decreased significantly in vancomycin-treated WT and iNOS−/− mice with increased Proteobacteria. Verrucomicrobia was increased significantly by vancomycin in iNOS−/− mice. Bacterial families—Bifidobacteriaceae, Ruminococcaceae, S24-7—were decreased significantly in vancomycin-treated WT and iNOS−/− mice with increased Veillonellaceae, Verrucomicrobiaceae, and Enterobacteriaceae. Erysipelotrichaceae was decreased with increased Lactobacillaceae, Staphylococcaceae, and Porphyromonadaceae in vancomycin-treated iNOS−/− mice. Lactobacillaceae and Lachnospiraceae were decreased in vancomycin-treated WT mice. At the genus level, Bifidobacterium was decreased with increased Akkermansia and Veillonella by vancomycin treatment in WT and iNOS−/− mice. Vancomycin decreased Allobaculum and increased Lactobacillus, Staphylococcus, and Parabacteroides in iNOS−/− mice, while it decreased Lactobacillus and Oscillospira in WT (Figures S2H, 2F). Abx decreased Firmicutes and Bacteroidetes with increased Proteobacteria in WT and iNOS−/− mice depleting the majority of gut microbiota. Actinobacteria and Verrucomicrobia were decreased by Abx in iNOS−/− mice. Bacterial families—Ruminococcaceae, Lactobacillaceae, and S24-7—were decreased with increased Enterobacteriaceae in Abx-treated WT and iNOS−/− mice. Bifidobacteriaceae, Erysipelotrichaceae, Verrucomicrobiaceae, and Bacteroidaceae were decreased in Abx-treated iNOS−/− mice with increased Brucellaceae in WT. At the genus level, Lactobacillus, Bifidobacterium, and Akkermansia were decreased by Abx treatment in WT and iNOS−/− mice with increased Klebsiella. Abx decreased Allobaculum and increased Serratia in iNOS−/− mice, while it increased Pseudomonas, Elizabethkingia, and Ochrobactrum in WT (Figures S5H, S3F). Both vancomycin (Figures 2G–L) and Abx (Figures S3G–L) reversed the systemic glucose intolerance and IR and enhanced gluconeogenesis in iNOS−/− mice as seen by a decrease in AUC during GTT, ITT, and PTT, respectively. The increase in the circulating level of glucose and insulin in iNOS−/− mice was decreased by both treatments (Figures 2M, N, S3M, N). HOMA-IR was decreased by antibiotic treatment with increased QUICKI reversing the IR phenotype observed in iNOS−/− mice (Figures 2O, P, S3O, P). The enhanced circulating TC, TG, LDL, and NEFA in iNOS−/− mice were reversed by the antibiotic treatment, thus rescuing the dyslipidemia in iNOS−/− mice (Figures 2Q–T, S3Q–T). The body weight (Figures S6A, B) and food intake (Figures S6D, E), however, remained unaltered in obese iNOS−/− mice upon vancomycin and Abx treatment. Body composition and BMI also remained unaltered in vancomycin-treated iNOS−/− mice with increased fat mass in Abx-treated iNOS−/− mice (Figures S6C, F). Liver, adipose tissue, and heart weight ratio were decreased in vancomycin- and Abx-treated iNOS−/− mice with increased weight and length ratio of the small intestine and cecum (Figures S6G, H).




Figure 2 | Vancomycin-induced modulation of gut microbiota rescues iNOS−/− mice from systemic IR and dyslipidemia. Gut microbiota analysis in untreated and vancomycin-treated iNOS−/− mice. α-Diversity indices in stool samples: (A) observed, (B) Shannon, (C) Simpson, and (D) Chao1. (E) PCA plot based on the Bray–Curtis distance. (F) Differentially abundant microbiota at the phylum, family, and genus levels. Systemic IR analysis in vancomycin-treated and untreated WT and iNOS−/− mice. (G) Intraperitoneal glucose tolerance test (GTT), (H) area under the curve (AUC) calculated from IPGTT data, (I) intraperitoneal insulin tolerance test (ITT), (J) AUC calculated from ITT, (K) intraperitoneal pyruvate tolerance test (PTT), (L) AUC calculated from PTT, (M) fasting blood glucose levels, and (N) fasting serum insulin levels. Indices of insulin sensitivity: (O) HOMA-IR and (P) QUICKI. Serum lipids: (Q) total cholesterol (TC), (R) triglycerides (TG), (S) low-density lipoprotein (LDL), and (T) non-esterified free fatty acids (NEFA). Data are represented as mean ± SEM (n ≥ 6). *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001 between indicated groups. ##p < 0.01, ###p < 0.001 and ####p < 0.0001 vs. iNOS−/−. See also Figures S2, S3, S5, S6.





3.3 Vancomycin-Induced Alterations in Serum Metabolites in iNOS−/− Mice

The PCA score plots of vancomycin (Figure 3A) and Abx (Figure S4A)-treated and untreated iNOS−/− mice and vancomycin (Figure S2A) and Abx (Figure S5A)-treated and untreated WT mice in ESI (+) mode showed very distinct separations. Significantly differential metabolites (p < 0.05) between untreated iNOS−/− and iNOS−/− treated with vancomycin (Figure 3B) or Abx (Figure S4B) were visualized through volcano plots. Nucleic acid metabolites—allantoin and pyrimidines—were decreased by vancomycin (Figure 3C) and Abx (Figure S4H) in iNOS−/− mice with decreased methylthioadenosine by Abx. Vancomycin and Abx treatment did not decrease other purine metabolites in WT and iNOS−/− mice. Methylthioadenosine and allantoin were also decreased in WT by vancomycin (Figure S2C) and Abx (Figure S5D) along with decreased pyrimidines by Abx. 15-Methyl PGA2 and corticosterone were increased by both vancomycin (Figure 3D) and Abx (Figure S4F) in iNOS−/− mice. Serotonin was increased by vancomycin treatment in iNOS−/− mice with decreased thyrotropin-releasing hormone. The bile acid cholate and the cofactor pyridoxate were decreased by Abx (Figures S5B, S4F) in WT and iNOS−/− mice but not by vancomycin (Figures S2B, 3D). Glycolysis and Krebs cycle intermediates were decreased in vancomycin (Figure 3E) and Abx (Figure S4D)-treated iNOS−/− mice, while glyceraldehyde was increased. Vancomycin in WT (Figure S2F) did not decrease the carbohydrate metabolites to a significant extent as compared with Abx treatment (Figure S5C). Oxoproline, 2-methylhippuric acid, hippurate, indole-3-ethanol, ophthalmate, mevalonate, and aspartame were decreased by vancomycin and Abx in WT (Figures S2D, S5E) and iNOS−/− mice (Figures 3F, S4C). 4-Acetamidobutanoic acid, indole-3-methyl acetate, sebacic acid, 4-chlorophenol, and isopentenyl-adenine-7-glucoside were decreased by vancomycin and Abx in iNOS−/− mice, while formate was increased by vancomycin, suggesting the modulation of bacterial-derived/dependent metabolites by antibiotics. Majority of amino acids were significantly decreased in vancomycin- and Abx-treated WT (Figures S2G, S5G) and iNOS−/− mice (Figures 3G, S4E) including aminoadipate, except 3-nitrotyrosine, cysteamine, and cysteate. The aromatic amino acid metabolite tryptophan was increased in iNOS−/− mice, while 3-methoxytyrosine and N-acetyl phenylalanine were increased in WT by Abx (Figures S5G, S4E). Spermidine was increased by vancomycin and Abx in WT mice (Figures S2G, S5G). Many lipid species—PE, PC, PA, PS, PG, ceramides, and 10-hydroxydecanoate—were decreased by vancomycin and Abx treatment in iNOS−/− (Figures 3H, S4G) and WT mice (Figures S2I, S5I), while palmitate was increased suggesting improved lipid metabolism along with improvement in PE to PC ratio. Laurate and lauroyl carnitine were decreased in iNOS−/− mice and were increased by vancomycin but not by Abx. These results suggest that vancomycin-induced gram-positive bacteria depletion improved the metabolic perturbations in iNOS−/− mice.




Figure 3 | Vancomycin-induced alterations in serum metabolites in iNOS−/− mice. Serum metabolomic analysis in untreated and vancomycin-treated iNOS−/− mice in ESI (+) mode. (A) PCA score plot and (B) volcano plot of differential metabolites between iNOS−/− mice with or without vancomycin treatment. Red in the volcano plot indicates significantly upregulated metabolites, green indicates the downregulated metabolites, and gray shows no significant difference. Heatmap of differential metabolites found by metabolomics analysis in iNOS−/− mice with and without vancomycin treatment related to (C) nucleic acid metabolism; (D) vitamins, hormones, and bile acid metabolism; (E) carbohydrate metabolism; (F) miscellaneous/microbiota-derived metabolites; (G) amino acid metabolism; and (H) lipid metabolism. Data are represented as mean ± SEM (n ≥ 6). *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001 vs. iNOS−/−. See also Figures S4, S5.





3.4 Improvement in Disrupted Lipid and Glucose Homeostasis in the Liver in iNOS−/− Mice Following Treatment With Vancomycin

Hepatic TC, TG, and FFA levels were reduced in the vancomycin (Figures 4A–C) and Abx (Figures S7A–C)-treated iNOS−/− mice. FFA levels were also decreased in vancomycin- and Abx-treated WT (Figures 4C, S7C). The enhanced expression of lipid synthesis genes (PPARγ, SREBP-1c, and ACC1) in the liver of iNOS−/− mice was decreased by vancomycin (Figure 4F) and Abx (Figure S7F) with unchanged LXRα, LXRβ, and HMGCR in the liver. FAS and SREBP-2 expression was decreased significantly by vancomycin in iNOS−/− mice, but not by Abx. The expression of LXRα, LXRβ, and HMGCR was increased in the liver of vancomycin-treated WT (Figure 4F). PGC-1β expression was decreased in the liver of vancomycin (Figure 4G) and Abx (Figure S7G)-treated WT and iNOS−/− mice. PPARα and UCP2 expressions were decreased in the liver of Abx-treated WT and vancomycin-treated iNOS−/− mice. Liver PGC-1α expression was increased in vancomycin-treated WT. ACC2 expression remained unchanged in the liver of vancomycin- and Abx-treated iNOS−/− mice. The expression of genes involved in hepatic lipid uptake (CD36, LPL) was unaltered in iNOS−/− mice following vancomycin (Figure 4H) and Abx (Figure S7H) treatment with decreased SR-1B. CD36 and LPL expression was increased in vancomycin-treated WT. LDLR expression was reduced in iNOS−/− mice and was unaltered by vancomycin and Abx. The expression of genes involved in hepatic lipid efflux—ABCG5 and ABCG8—was decreased in iNOS−/− mice and was increased significantly in Abx-treated iNOS−/− mice (Figure S7I) and were comparable with WT in vancomycin-treated iNOS−/− mice (Figure 4I). Hepatic PC expression was decreased by vancomycin with decreased G6PC expression by vancomycin (Figure 4E) and Abx (Figure S7E) in iNOS−/− mice along with unchanged FOXO1 and PEPCK. Hepatic glycogen levels also remained unaltered upon vancomycin treatment (Figure 4D), while insulin-stimulated glycogen levels were increased significantly by Abx (Figure S7D).




Figure 4 | Improvement in the disrupted lipid and glucose homeostasis in the liver in iNOS−/− mice following treatment with vancomycin. Hepatic lipid levels in WT and iNOS−/− mice with and without vancomycin treatment: (A) TC, (B) TG, and (C) FFA. (D) Hepatic glycogen levels with or without insulin stimulation in WT and iNOS−/− mice with and without vancomycin treatment. Hepatic mRNA expression analysis of genes involved in (E) gluconeogenesis, (F) lipid synthesis, (G) lipid oxidation, (H) lipid uptake, and (I) lipid efflux. Data are represented as mean ± SEM (n ≥ 6). *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001 between indicated groups. See also Figure S7.





3.5 Improvement in the Disrupted Lipid and Glucose Homeostasis in Adipose Tissue and Intestine in iNOS−/− Mice Following Treatment With Vancomycin

The enhanced expressions of lipid synthesis genes (PPARγ, SREBP-1c, FAS, and ACC1) in adipose tissue of iNOS−/− mice were decreased by vancomycin, while Abx treatment decreased SREBP-1c and FAS. LXRα expression was increased in the eWAT of vancomycin- (Figure 5C) and Abx-treated iNOS−/− mice (Figure S8C). PGC-1α and UCP2 expressions in adipose tissue were increased in Abx-treated iNOS−/− mice, while PGC-1β, ACC2, and PPARα remain unchanged by vancomycin (Figure 5D) or Abx (Figure S8D). The enhanced expression of CD36 and LPL in adipose tissue of iNOS−/− mice was decreased by vancomycin (Figure 5E) and Abx treatment (Figure S8E). PEPCK and G6PC were decreased in adipose tissue by vancomycin (Figure 5A) and Abx (Figure S8A) in iNOS−/− mice with unchanged FOXO1 and PC. Decreased Akt2 gene expression was increased in white adipose tissue of vancomycin-treated WT and iNOS−/− mice suggesting improved insulin signaling upon gram-positive bacteria depletion. The glucose transporters in adipose tissue remained unaltered upon vancomycin (Figure 5B) or Abx treatment (Figure S8B).




Figure 5 | Improvement in the disrupted lipid and glucose homeostasis in adipose tissue and intestine in iNOS−/− mice following treatment with vancomycin. Adipose tissue mRNA expression analysis of genes involved in (A) gluconeogenesis, (B) glucose homeostasis, (C) lipid synthesis, (D) lipid oxidation, and (E) lipid uptake. Intestinal tissue mRNA expression analysis of genes involved in (F) lipid synthesis, (G) lipid uptake, and (H) lipid efflux. Data are represented as mean ± SEM (n ≥ 6). *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001 between indicated groups. See also Figures S8, S9.



LXRα, HMGCR, and CYP7A1 expressions were decreased in the small intestine of vancomycin-treated iNOS−/− and WT mice (Figure 5F). Abx decreased LXRα expression in iNOS−/− and WT mice (Figure S8F). The expression of most of the lipid uptake genes in the small intestine (CD36, NPC1L1, FABP1, LDLR, ApoE, FFAR1, FFAR2) was not altered in the vancomycin- (Figure 5G) and Abx-treated iNOS−/− mice (Figure S8G), except SR-1B, which was reduced. Furthermore, the expression of CD36, NPC1L1, LDLR, FFAR1, and FFAR2 was reduced in the vancomycin-treated WT mice (Figure 5G). ABCG5 expression was decreased in the small intestine of iNOS−/− mice and was increased by vancomycin (Figure 5H) and Abx treatment (Figure S8H) with unchanged ABCG8 and ABCA1.

The morphometric calculations (Figures S9A, D) displayed increased intestinal villi and colonic crypt length in iNOS−/− mice (Figures S9C, F). The barrier functionality of the gut remained unchanged in iNOS−/− mice as assessed by in-vivo FITC-dextran gut permeability assay (Figure S9G) and Alcian blue staining in intestinal (Figures S9A, B) and colonic tissues (Figures S9D, E). The gene expression of the tight junction protein Claudin-2 was increased with decreased ZO-1 and unaltered occludin in iNOS−/− mice. Mucins (Muc-2 and Muc-5AC) remained unaltered in iNOS−/− mice with reduced expression of antimicrobial peptide Reg3γ (Figure S9H). The FITC-dextran gut permeability assay showed significant reduction in the intestinal permeability following vancomycin and Abx treatment in WT and iNOS−/− mice as compared with untreated controls (Figure S9G). The mRNA expression for tight junction proteins, mucins, and antimicrobial peptide in the small intestine largely remained unchanged in antibiotic-treated iNOS−/− mice. Claudin-2 mRNA expression was increased in Abx-treated WT and iNOS−/−mice (Figure S9H). Furthermore, the status of NO was checked and the decreased total nitrite levels in iNOS−/− mice were not altered in the serum, adipose tissue, and intestine after treatment with antibiotics. In the liver, the total nitrite levels were further decreased in iNOS−/− mice by antibiotics (Figures S9I–L). nNOS expression remained unchanged in the liver and intestine and was decreased in adipose tissue upon treatment with antibiotics in iNOS−/− mice. Decreased eNOS expression was rescued in the adipose tissue and intestine by antibiotics and remained unaltered in the liver (Figures S9M–O).



3.6 Association of Serum Metabolites With Metabolic Profile of iNOS−/− Mice Upon Treatment With Antibiotics

The phenotypic, biochemical, functional, metabolic, and molecular analyses suggest that iNOS−/− mice displayed IR and dyslipidemia along with altered gut microbiome as compared with WT mice. Gut microbiota depletion/modulation by antibiotics showed marked improvement in metabolic parameters with precise alterations in the serum metabolites. Pearson’s correlation was used to identify the serum metabolites which strongly correlated with the metabolic biomarkers quantified in control (WT), insulin-resistant (iNOS−/−), and antibiotics (vancomycin or Abx)-treated WT and iNOS−/− mice. The lipid species MGDGs, PEs, PAs, PSs, PGs, ceramides, and 10-hydroxydecanoate positively correlated with bacterial diversity, dyslipidemia, and IR and negatively with cecum weight. Laurate and palmitate were negatively correlated liver lipids and also negatively correlated with bacterial diversity (Figure S10A). Majority of amino acids positively correlated with biomarkers of IR, dyslipidemia, and α-diversity and negatively correlated with HDL levels and cecum weight (Figure S10B).

Indole-3-methyl acetate, 5-oxoproline, 2-methylhippuric acid, hippurate, indole-3-ethanol, ophthalmate, mevalonate, 6-carboxyhexanoate, sebacic acid, 4-chlorophenol, δ-undecalactone, and aspartame positively correlated with IR, dyslipidemia, and α-diversity and negatively correlated with cecum weight. S-carboxymethylcysteine and formate were negatively correlated with dyslipidemia and α-diversity (Figure S10C). Nucleic acid metabolites—methylthioadenosine, xanthine, allantoin, thymine, cytosine, and uracil—positively correlated with biomarkers of IR and dyslipidemia and negatively correlated with cecum weight. Glycolysis and Krebs cycle intermediates were correlated positively and glyceraldehyde negatively with liver lipids and α-diversity. 4-Pyridoxate and melatonin were positively correlated with glucose intolerance and dyslipidemia. Bile acids and bile pigments were positively correlated with IR and dyslipidemia and negatively correlated with cecum weight (Figure S10D). These results suggest that serum metabolites exhibited strong association with specific metabolic biomarkers and were modulated by microbiota depletion by antibiotics.



3.7 Association of Gut Microbiota With Metabolic Parameters in iNOS−/− Mice Following Treatment With Antibiotics

Furthermore, the association between antibiotic-induced compositional changes in microbiota with the alterations in metabolic parameters was investigated. The phyla Bacteroidetes and Actinobacteria were positively associated with IR, dyslipidemia, and α-diversity, while Proteobacteria correlated negatively. Firmicutes and Verrucomicrobia were negatively correlated with cecum weight and positively correlated with dyslipidemia (Figure 6A). Bifidobacteriaceae (Actinobacteria), Erysipelotrichaceae (Firmicutes), and S24-7 (Bacteroidetes) were positively correlated with IR, dyslipidemia, and α-diversity and negatively with cecum weight. The microbial families—Ruminococcaceae, Eubacteriaceae, Lachnospiraceae, Dehalobacteriaceae, Mogibacteriaceae, and Lactobacillaceae (Firmicutes); Coriobacteriaceae (Actinobacteria); and Verrucomicrobiaceae (Verrucomicrobia)—were positively correlated with dyslipidemia and α-diversity and negatively correlated with cecum weight. Weeksellaceae and Sphingobacteriaceae (Bacteroidetes); Enterococcaceae, Bacillaceae, Tissierellaceae, and Leuconostocaceae (Firmicutes); Microbacteriaceae, Micrococcaceae, Gordoniaceae, Nocardiaceae, Nocardiodaceae, Promicromonosporaceae, Beutenbergiaceae, Streptomycetaceae, Pseudonocardiaceae, Brevibacteriaceae, and Geodermatophilaceae (Actinobacteria); and many families of Proteobacteria including Enterobacteriaceae were negatively correlated with serum NEFA and positively correlated with cecum weight (Figure S11).




Figure 6 | Association of gut microbiota with metabolic parameters in iNOS−/− mice following treatment with antibiotics. Heatmap of Pearson’s correlation coefficients between changes in different metabolic parameters and microbial taxa at the (A) phylum and (B) genus levels caused by gut microbiota modulation by vancomycin and Abx in WT and iNOS−/− mice. *p < 0.05, **p < 0.01, ***p < 0.001 represent significant correlations between metabolic biomarker and bacterial taxa. Blue color represents negative and red positive correlations. See also Figure S11.



Bifidobacterium (Actinobacteria) and Allobaculum and Ruminococcus (Firmicutes) were positively correlated with IR, dyslipidemia, and α-diversity and negatively with cecum weight. Anaerofustis (Firmicutes) and Adlercreutzia (Actinobacteria) were positively correlated with serum NEFA and α-diversity and negatively correlated with cecum weight. Pediococcus, Bacillus, Enterococcus, and Dialister (Firmicutes); Sphingobacterium and Elizabethkingia (Bacteroidetes); Gordonia, Aeromicrobium, Streptomyces, Rhodococcus, Mycetocola, Salana, Microbacterium, Luteimicrobium, Nesterkonia, Saccharopolyspora, and Brevibacterium (Actinobacteria); and many genus of Proteobacteria phylum including Enterobacter were negatively correlated with NEFA and positively correlated with cecum weight (Figure 6B). These results suggest that gram-positive bacteria depletion (Allobaculum, Bifidobacterium, and Ruminococcus) following treatment with vancomycin is directly correlated with the improvement in metabolic biomarkers.



3.8 Gut Microbiota Association With Serum Metabolites in iNOS−/− Mice Upon Antibiotics Treatment

Pearson’s correlation coefficients were calculated between serum metabolites and microbial taxa, which positively correlated with blood glucose and glucose intolerance in WT and iNOS−/− mice without or with antibiotics (vancomycin or Abx) treatment to gain better insights into the host metabolism. Interestingly, most of these microbial taxa linked to impaired glucose metabolism are gram-positive bacteria. The lipid species MGDG, PE, PC, PA, PS, PG, ceramide, 10-hydroxydecanoate, dodecanedioic acid, and myristate were positively correlated and palmitate was negatively correlated with taxa directly associated with glucose intolerance (Actinobacteria, Bacteroidetes, Erysipelotrichaceae, Bifidobacteriaceae, S24-7, Ruminococcaceae, Allobaculum, Bifidobacterium, Ruminococcus) (Figure S12A). Most amino acid metabolites including anthranilate, histidine, carnosine, serine, N-formylmethionine, N-acetyl cysteine, N-acetyl norvaline, carnitine, aminoadipate, pipecolinic acid, methyl glutarate, glutamate, N-acetyl ornithine, betaine, creatine, creatinine, proline, leucyl proline, and 3-amino-4-hydroxybutyric acid were positively correlated with taxa associated with glucose intolerance (Figure S12B).

The metabolites indole-3-methyl acetate, 5-oxoproline, 2-methylhippuric acid, hippurate, indole-3-ethanol, ophthalmate, mevalonate, 6-carboxyhexanoate, sebacic acid, 4-chlorophenol, δ-undecalactone, aspartame, and bis(2-ethylhexyl)phthalate were positively correlated and S-carboxymethylcysteine and formate were negatively correlated with taxa associated with glucose intolerance (Figure S12C). Purines (allantoin, methylthioadenosine) and pyrimidines (uracil) correlated positively with taxa associated with glucose intolerance. Lactic acid, N-acetyl neuraminate, isocitrate, and citramalate were positively correlated, while glyceraldehyde was negatively correlated with taxa associated with glucose intolerance. 4-Pyridoxate, melatonin, bile acids, and pigments (cholate, deoxycholate, and bilirubin) were positively correlated with taxa associated with glucose intolerance (Figure S12D). These results suggest that metabolites involved in lipids, amino acids, bile acids, nucleic acids, carbohydrate, and bacterial-derived/dependent metabolism exhibited significant correlation with gram-positive bacterial taxa linked to IR and dyslipidemia in iNOS−/− mice.




4 Discussion

Involvement of both gram-positive and gram-negative bacteria has been reported in diabetes and metabolic syndrome; however, most of the studies on gram-negative bacteria linked LPS-mediated inflammation with metabolic dysregulation (Rawat et al., 2012; Pushpanathan et al., 2016; Radilla-Vázquez et al., 2016; Liu et al., 2019). iNOS−/− mice are, however, protected against LPS-induced inflammation and the associated metabolic perturbations (Chauhan et al., 2003; Carvalho-Filho et al., 2006; House et al., 2012). iNOS−/− mice were insulin resistant and dyslipidemic on chow, LFD, and HFD diets, which was improved substantially by nitrite supplementation (Kanuri et al., 2017; Aggarwal et al., 2019; Pathak et al., 2019; Aggarwal et al., 2020). To investigate further the role of gut bacteria in metabolic perturbations in iNOS−/− mice, we checked the microbial diversity in fecal samples. Reduced bacterial diversity in iNOS−/− mice correlated with less diverse microbial communities in obese subjects (Turnbaugh et al., 2009). Similar to that reported in ileum (Matziouridou et al., 2017), we observed increased relative abundance of Bifidobacterium and Allobaculum in the feces belonging to the phyla Actinobacteria and Firmicutes, respectively, in iNOS−/− mice. Actinobacteria are augmented in obese subjects and in patients with liver diseases and diabetes (Turnbaugh et al., 2009). Allobaculum, the efficient energy harvesters and active assimilators of glucose (Herrmann et al., 2017), was enhanced in LFD- and HFD-fed mice (Ravussin et al., 2012), during metabolic dysbiosis (Nobel et al., 2015), and in diabetic ZDF rats (Zhou et al., 2019). Allobaculum is a secondary degrader and seems to be dependent on primary degraders like Bifidobacterium for the utilization of complex polysaccharides for their growth. We and others (Kim et al., 2017; Zhou et al., 2019) did find a positive correlation between Bifidobacterium, Ruminococcus, and Allobaculum in the hyperglycemic condition. Gut barrier dysfunction and increased availability of microbial products in the systemic circulation, commonly known as metabolic endotoxemia, are considered as key drivers of obesity and metabolic syndrome (Cani et al., 2007). Surprisingly, iNOS-deficient mice did not display alterations in gut permeability, possibly due to an increase in the relative abundance of Akkermansia muciniphila, a gram-negative bacteria that is shown to maintain and restore mucosal barrier integrity in obese and diabetic mice and in inflammatory conditions (Everard et al., 2013; Bian et al., 2019) and is reported to be a beneficial microbe in maintaining metabolic health. However, despite its beneficial effects, we observed metabolic disruptions in iNOS−/− mice. Intestinal villi and colon crypt length were also increased in iNOS−/− mice, and this could be an adaptation for improved absorption of nutrients under hyperglycemic conditions (Isah and Masola, 2017).

As iNOS−/− mice exhibited a higher abundance of the gram-positive bacteria Allobaculum and Bifidobacterium, we employed vancomycin, which largely depletes gram-positive bacteria to study their association with IR and dyslipidemia. The vancomycin intervention altered the gut microbiome profiles as reported earlier (Tulstrup et al., 2015; Ray et al., 2021) in both WT and iNOS−/− mice with decreased bacterial alpha-diversity and increased relative abundance of Proteobacteria (Ray et al., 2021), the signature markers of antibiotic treatment. Proteobacteria exhibit metabolic plasticity (Stecher et al., 2012) and are reservoirs of several horizontally acquired antimicrobial resistance genes (Jiang et al., 2017) leading to their expansion after treatment with antibiotics. Intriguingly, vancomycin-induced reduction of Allobaculum, Bifidobacterium, and Ruminococcus was linked with improved IR and dyslipidemia in iNOS −/− mice. Antibiotics strengthen the intestinal integrity (Tulstrup et al., 2015; Fujisaka et al., 2016) with no distinguishable change in mucins and tight junction proteins (Tulstrup et al., 2015; Ray et al., 2021) as was also observed in iNOS−/− mice. The depletion of microbiota by treatment with antibiotics in WT (Rodrigues et al., 2017; Kuno et al., 2018; Zarrinpar et al., 2018) and in diet-induced obese mice (Cani et al., 2008; Membrez et al., 2008; Carvalho et al., 2012; Hwang et al., 2015) improved glucose tolerance and IR as found by us in iNOS−/− mice. Veillonella has recently been reported to improve cardiovascular health and exercise performance by utilizing lactic acid and converting it into propionate (Scheiman et al., 2019) which might have a symbiotic relationship with the lactic acid-producing Lactobacillus. This might have been the reason for the expansion of both Veillonella and Lactobacillus in vancomycin-treated iNOS−/− mice. The susceptibility of Lactobacilli to vancomycin varies as Lactobacillus acidophilus and Lact. delbreuckii are vancomycin sensitive, while Lact. rhamnosus are vancomycin resistant (Hamilton-Miller and Shah, 1998). We also used a broad-spectrum antibiotic cocktail to deplete the majority of gut gram-positive and gram-negative bacteria so as to further assess the role of gut microbiota in iNOS−/− mice. As expected, Allobaculum, Bifidobacterium, Lactobacillus, and Akkermansia were also depleted by Abx, with metabolic improvements along with reversal of IR and dyslipidemia. Lactobacillus rhamnosus and Lactobacillus casei improved glucose tolerance and IR in db/db mice (Park et al., 2015), HFD-fed obese mice (Kim et al., 2013), and diabetic mice (Li et al., 2017b); however, Abx treatment in this study also reduced Lactobacillus. We therefore failed to notice any additional advantage in IR and metabolism. Captivatingly, vancomycin and the antibiotic cocktail reshaped the gut microbiome and the correlation analysis suggests the importance of gram-positive bacteria Allobaculum, Bifidobacterium, and Ruminococcus depletion in the reversal of IR and dyslipidemia in iNOS−/− mice with a seemingly less important role of gram-negative bacteria in the redox imbalanced state.

Reduced gluconeogenesis was evident by the change in PTT and a decrease in the expression of gluconeogenic enzymes in the liver and adipose tissue of iNOS−/− mice after treatment with antibiotics (Membrez et al., 2008; Zarrinpar et al., 2018). A decrease in the insulin-stimulated glycogen levels in iNOS−/− mice suggests enhanced flux of glucose into lipogenic pathways and their storage (Irimia et al., 2017), which was enhanced by Abx as reported previously in ob/ob mice (Membrez et al., 2008). Treatment with antibiotics improved insulin signaling in iNOS−/− mice via Akt (Carvalho et al., 2012). Interestingly, treatment with antibiotics rescued dyslipidemia (Kuno et al., 2018) in iNOS−/− mice via reduction in the expression of genes involved in fatty acid synthesis (Zarrinpar et al., 2018) in the liver and adipose tissue and of lipid uptake in the adipose tissue, while the expression of genes involved in the lipid efflux was augmented in the liver and intestine.

Systemic changes in metabolism were reflected by untargeted metabolomics in the serum and revealed that purine and pyrimidine metabolites were elevated in iNOS−/− mice as supported by other studies in diabetic human subjects and rodents (Dudzinska, 2014; Urasaki et al., 2016). Bile acids and bile salts have been positively correlated with IR in humans (Cariou et al., 2011) and also in iNOS−/− mice and were decreased upon gut microbiota depletion by antibiotics as reported previously in HFD-fed mice (Fujisaka et al., 2016; Zarrinpar et al., 2018). Lipids are the major source of energy metabolism and are independent predictors for impairment of insulin actions and progression to diabetes (Zhao et al., 2017). The present study revealed that lipid metabolism seems to be the principal disordered pathway in iNOS−/− mice. Following vancomycin treatment, dyslipidemia and IR were reversed suggesting an association of lipid species with glucose intolerance. It has been reported that in NAFLD/NASH in humans, PE concentration is increased relative to the disease progression (Ma et al., 2016) and NASH patients have a decreased ratio of PC to PE (Li et al., 2006). Nozaki et al. observed higher propensity of fatty liver damage in iNOS−/− mice (Nozaki et al., 2015), and perturbed PE/PC ratio observed by us in iNOS−/− mice might provide a plausible explanation. Moreover, the PE/PC ratio was improved upon treatment with antibiotics in iNOS−/− mice similar to WT along with metabolic improvements by gram-positive bacteria depletion. Hydroxydecanoate is enhanced in obesity-associated IR and type 2 diabetes (Al-Sulaiti et al., 2019); we, similarly, observed an increase in this metabolite in iNOS−/− mice and a reduction with vancomycin intervention. Laurate and lauroyl carnitine were decreased in iNOS−/− mice, which could be due to the enhanced oxidation of fatty acids, as they are suggested to be accumulated during defects in fatty acid oxidation in diabetic states (Möder et al., 2003; Nowak et al., 2018). Interestingly, laurate and lauroyl carnitine were increased upon vancomycin treatment specifically and not by antibiotic cocktail in iNOS−/− mice suggesting the role of vancomycin-selective gram-positive bacteria in their metabolism.

Hippurate, a bacterial metabolite, is an early biomarker of IR and diabetes (Zhang, 2015). Allantoin, an oxidative stress biomarker, is the end product of uric acid oxidation, and it is enhanced in streptozotocin-induced diabetic rats, db/db mice, obese dogs, and gestational diabetic females (Hernandez-Baixauli et al., 2020). Gram-positive bacteria are positive contributors of hippurate, allantoin, glucose, 2-oxoglutarate, and glutamine as these were found to be present in the serum of mice infected with gram-positive bacteria (Hoerr et al., 2012). In the present study following vancomycin-induced depletion of gram-positive bacteria, these metabolites were reduced in iNOS−/− mice. Formate, produced by gram-negative bacteria (Hoerr et al., 2012), was increased in vancomycin-treated iNOS−/− mice but not by antibiotic cocktail treatment, suggesting the differential metabolic response of gram-positive and gram -negative bacteria. Indole-3-ethanol, a bacterial-derived metabolite of tryptophan (Roager and Licht, 2018), was increased in iNOS−/− mice. Sebacic acid was higher in diabetic (Hameed et al., 2020) and NAFLD patients (Liu et al., 2021). Aminoadipate, a diabetogen, is reported to be involved in glycemic perturbations (Wang et al., 2013). Ophthalmate is a potential biomarker for oxidative stress and glutathione depletion (Mehta et al., 2019). These bacteria-derived metabolites were decreased upon microbiota depletion by antibiotics, suggesting their altered metabolism and possible association with IR in iNOS−/− mice. The present study demonstrates an association of the metabolic perturbations in iNOS−/− mice with select gut microbiota and serum metabolites. It might be helpful if the causative effect of these gut bacteria and metabolites could be also confirmed by implanting these bacteria in germ-free and conventionally raised iNOS−/− and WT mice. The dominance of gram-positive bacteria in insulin-resistant iNOS−/− mice and the improvement in metabolic markers with vancomycin intervention indicate that gram-positive bacteria are crucial drivers of observed metabolic phenotype in these mice. However, we do not completely rule out the role of gram-negative bacteria and other microorganisms such as archaea in regulating the metabolic functions. The association of the gram-negative bacteria, if any, could be also examined in iNOS−/− mice as this could not be investigated in our study. Understanding the interplay between nutrition, genetics, and microbial metabolism with redox imbalance is necessary to combat the scourge of IR.

Altogether, in the present study, we report that increased relative abundance of gram-positive Allobaculum and Bifidobacterium in redox imbalanced iNOS−/− mice led to metabolic perturbations with enhanced PE/PC ratio, 10-hydroxydecanate, and indole-3-ethanol levels. Vancomycin-mediated depletion of Allobaculum, Bifidobacterium, and Ruminococcus was associated with the reversal of IR and dyslipidemia in iNOS−/− mice. Vancomycin treatment also led to improvement in PE/PC ratio, 10-hydroxydecanoate, indole-3-ethanol, allantoin, hippurate, sebacic acid, aminoadipate, and ophthalmate (Figure 7). Overall, the results obtained in the present study demonstrate that gram-positive gut microbiota, the associated metabolites, and their crosstalk with the host drive dyslipidemia and insulin resistance in iNOS−/− mice.




Figure 7 | Vancomycin-induced depletion of gram-positive gut bacteria and modulation of associated metabolites rescue the IR and dyslipidemia observed in iNOS−/− mice. Red up or down arrows or dash represents increase, decrease, or no change in iNOS−/− mice in comparison with WT. Violet up or down arrows or dash represents increase, decrease, or no change in vancomycin-treated iNOS−/− mice respectively in comparison with untreated iNOS−/−.
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The gut microbiota is crucial in the pathogenesis of obesity. Abdominal obesity is known to significantly increase the risk of metabolic syndrome and cardiovascular disease, so further study is needed to investigate the changes of intestinal microorganisms in patients with excessive visceral fat. In our study, 41 people (n = 41) with normal body mass index (BMI) (18.5 ≤ BMI < 23.9) were included and divided into the low visceral fat area (L-VFA) group (n = 23, VFA < 100 cm2) and the high visceral fat area (H-VFA) group (n = 18, VFA ≥ 100 cm2). Several clinical indicators of the H-VFA group were significantly higher than those of the L-VFA group, including the waist circumference (WC), the fasting blood glucose (FBG), the triglyceride (TG), the total cholesterol (TC), the low-density lipoprotein cholesterol (LDL), the serum uric acid (SUA), the white blood cell count (WBC), the blood neutrophil count (NEC), and the blood lymphocyte count (LYC). Using whole-genome shotgun sequencing, we found that the types of the intestinal microbiota of H-VFA patients were different from those of the L-VFA patients, with 18 bacteria enriched in the H-VFA group and nine bacteria in the L-VFA group. A total of 16 species of gut microbes showed a strong correlation with VFA, and Escherichia coli has the strongest correlation, followed by Mitsuokella unclassified, Bifidobacterium longum, Escherichia unclassified, Ruminococcus torques, Dialister succinatiphilus, Eubacterium hallii, and Ruminococcus gnavus. Compared to the VFA, only two species show a strong correlation with BMI and WC. Further functional genetic studies suggested that the degradation of short-chain fatty acids (SCFAs) and the generation of lipopolysaccharide (LPS) might be related to visceral fat accumulation. Together, visceral fat was more closely correlated with the gut microbiome compared with BMI and WC. It suggested an intrinsic connection between the gut microbiome and visceral fat and its related metabolic disorders. Specific microbial species and pathways associated with visceral fat accumulation might contribute to new targeted therapies for visceral fat and its metabolic disorders.
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1 Introduction

Previous studies have found that compared to peripheral obesity, visceral obesity is a more significant risk factor for cardiovascular and cerebrovascular diseases, diabetes, and hypertension (Ibrahim, 2010). However, inappropriate lifestyles have led to more cases of “invisible obesity” (a normal BMI but excessive visceral fat area), aggravated the earlier onset of chronic diseases, and brought severe economic and living burdens to families and society (Kelly et al., 2008). As we all know, diet control, exercise, medication, and surgical interventions can be used to control body weight. However, they may induce joint damage, side effects of drugs, and surgical trauma. Therefore, are there other methods that can be used to improve weight?

In the last decade, the development of high-throughput platforms has allowed researchers to concurrently determine the composition and functions of the gut microbiota in diseases (Yadav and Chauhan, 2021). Accumulating evidence has demonstrated the close relationship between obesity and microorganisms (Marchesi et al., 2016); probiotics may be able to become a new way to improve obesity. Recently, studies have shown that obesity reduces the diversity of intestinal microbiota composition (Guo et al., 2018). Compared to children of normal BMI, the ratio of Firmicutes to Bacteroides was higher in obese children diagnosed with exceeding BMI (Riva et al., 2017). The relative proportion decreased along with weight loss (Ley et al., 2006). However, several recent studies have confirmed that VFA is more related to the intestinal microbiome than BMI and waist circumference (WC) (Beaumont et al., 2016; Ozato et al., 2019; Nie et al., 2020). A cross-sectional study in Japan found that Blautia was significantly negatively correlated with the VFA measured by a visceral fat meter but did not correlate with the BMI (Ozato et al., 2019). Furthermore, using the DXA method to measure the VFA, Beaumont et al. found that the VFA and Oscillospira members had the strongest associations measured by 16sRNA in the Twins UK cohort (Beaumont et al., 2016). Furthermore, a study observed that probiotics supplement can reduce VFA (Pedret et al., 2019), such as the liver fat area in mice (Munukka et al., 2017). Studies have shown that the metabolites of gut microbes may explain this phenomenon: the correlation between obesity and gut microbes (Aoun et al., 2020). On the one hand, LPS produced by intestinal microbes will increase intestinal permeability to induce chronic low-grade inflammation, and it causes insulin resistance by activating TLR4 (Cani et al., 2007). On the other hand, the SCFAs (McNabney and Henagan, 2017) (such as butyric acid) can reduce the systemic inflammatory response by maintaining the intestinal epithelial barrier. It has also been found that SCFA supplementation can reduce insulin resistance by using animal models (Gao et al., 2009).

Although the relationship between gut microbiota and obesity as assessed by BMI has been proven, it is necessary further to analyze the relationship between gut microbiota and visceral fat. Therefore, the subjects with normal BMI but excessive visceral fat in this study were included and diagnosed with a metagenomic to study the relationship between intestinal microbiota and “invisible obesity”.



2 Materials and Methods


2.1 Study Population

A total of 41 people measured with VFA by QCT and metagenomic sequencing of fecal were included. Their QCT measurement, fecal collection, and biochemical index testing were performed on the same day. All 41 subjects with a normal BMI (18.5 ≤ BMI < 23.9) were divided into the control group (low visceral fat area, L-VFA) (VFA < 100 cm2) with an average age of 48.78 ± 4.45 years and the high visceral fat area group (H-VFA) (VFA ≥ 100 cm2) (Irlbeck et al., 2010) with an average age of 50.89 ± 4.47 years. All studies involving human participants were reviewed and approved by the ethics committee from the First Affiliated Hospital of Zhengzhou University (approval number: 2018-KY-56). Exclusion criteria were as follows: (1) patients with metabolic diseases such as lipoatrophy, hyperthyroidism, hypothyroidism; (2) patients with major malignant diseases (tumors, etc.); (3) those who had taken cholesterol-lowering drugs, antihypertensive drugs, or oral hypoglycemic drugs; patients with hypertension, impaired glucose regulation, and diabetes; and (4) patients with incomplete laboratory tests results.



2.2 Basic Information and Biochemical Indicators

Basic information of the subjects, including age, previous medical history, and medication history, was collected. The WC, weight, and height (computerized body scale, Sonka, SK-X80, Shenzhen) were measured, and the BMI (kg/m2) was calculated as weight/height2. The blood pressure (OMRON medical automatic electronic blood pressure monitor, HBP-9021, Dalian) was measured simultaneously. Fasting venous blood (8–10 h) was extracted overnight, and its serum was separated within 2 h. The following indexes were calculated using a Roche automatic biochemical analyzer Cobas 8000 (Roche, Mannheim, Germany) on the same day: white blood cell count (WBC), blood neutrophil count (NEC), blood lymphocyte count (LYC), fasting blood glucose (FBG), glycated hemoglobin (HbA1C), low-density lipoprotein cholesterol (LDL), high-density lipoprotein cholesterol (HDL), triglyceride (TG), total cholesterol (TC), and serum uric acid (SUA).



2.3 Measurement of the VFA

Philips Brilliance ICT Elite FHD CT was used for spiral scanning. CT followed the set low-dose spiral scanning conditions. Scanning method: the tube voltage was 120 kV, and the tube current adopted automatic tube current technology. Volunteers were divided into two groups according to their body mass: ① body mass >70 kg, Dose Right Index 10, and reference tube current 41 mAs; ② body mass ≤70 kg, Dose Right Index 3, and reference tube current 19 mAs. Reconstruction method: all models are reconstructed by iterative reconstruction technology (Iterative Model Reconstruction, IM R. IeveI is 2). Pitch is 0.984, scanning layer thickness and layer spacing are both 5 mm, recombination layer thickness and layer spacing are both 1 mm, x-ray tube rotation speed is 0.5 S/r, matrix is 512 s/r spacing, display field (display field of view, DFoV) is 500 mm, and bed height is based on the mid-axillary line as the scanning baseline. The subjects were placed in a supine position with hands on top of their heads, and images were scanned at end-expiratory breath-holding. Data were uploaded to the Mindways QCT PRO V6.1 workstation to calculate the VFA (Cheng et al., 2018).



2.4 DNA Extraction, Shotgun Metagenomic Sequencing, and Quantity Control of Reads

DNA was extracted from a total of 41 stool samples using the MagPure Stool DNA KF kits, according to the manufacturer’s instructions. The DNA extraction kit was provided by Angen Biotech Co., Ltd. (Yayingshi Road, Luogang District, Guangzhou, China). We used a unique stool collection tube (Sarstedt stool collection tube, Germany). The sample collection volume is about 1 mg. After the stool is collected, it is immediately cooled and stored at -20°. 0.2 mg of frozen feces was taken for DNA extraction. The DNA library construction based upon the DNA nanospheres (DNB) and the shotgun metagenomic sequencing based upon the combined probe anchoring synthesis (CPAs) were carried out for all samples (MGI2000, MGI, Shenzhen, China). The all-inclusive accuracy (OA ≥ 0.8) control strategy detailed above was used to perform quality control (QC) on the original reads to filter out the low-quality reads (Fang et al., 2018).



2.5 Microbiome Composition and Function Profiling

Standard relative abundance values of all species at all levels were obtained by MetaPhlAn2, which was used to carry out the metagenomic classification of sequenced libraries. Primarily, it contrasted between the sequence and marker. The MetaPhlAn2 (Truong et al., 2015) classifier lastly distinguished metagenomic reads against the precomputed marker catalog using nucleotide BLAST searches to provide abundances in clade for either one or more sequenced metagenomes. Subsequently, the total number of reads in each clade was normalized by the classifier through the nucleotide length of its markers. The relative abundance of each taxonomic unit was calculated, considering any titles specific to subclades. Therefore, the microbial clade anomaly was estimated by normalizing read-based counts by the average genome size of each clade. Using these methods, we generated a map of the gut microbes containing bacteria, archaea, eukaryotes, and viruses. Community functional profiles of gut microorganisms were further created using HumanN2 (HMP Unified Metabolic Analysis Network 2) (Fang et al., 2018; Franzosa et al., 2018; Li et al., 2021).



2.6 Statistical Analysis

Statistical analysis was performed using the R procedure (version 4.0.2), and standardized statistical methods were used to analyze demographic information and laboratory test results. Continuous variables were expressed as mean ± standard deviation, while classified variables were expressed as counts. For the difference between groups, normality and homogeneity of variance were first tested, and p ≥0.05 was considered as normality and homogeneity of variance. Then, the parametric test (t-test) or non-parametric test (rank-sum test) was used for statistical analysis, and the chi-square test was used for determining the differences in constituent ratios between groups. The Shannon, Obs, Hellinger, JSD, Bray, and Pearson indexes of each sample were calculated by using the “vegan” package in R. R program “ade4” was used to perform principal coordinate analysis (PCoA) for visual analysis. The Spearman correlation was used to analyze the correlation between clinical characteristics and microbiome or metabolic pathways. STAMP (version 2.1.3) was used to analyze the differences in the microbiota at the phylum levels, species levels, and pathways. White’s non-parametric test was applied to calculate the differences between groups, with Benjamini–Hochberg FDR for multiple test correction. Corrected p < 0.05 was considered statistically significant. The species with low occurrences (positivity rates <10%) were dismissed before analyzing the differential microbiotas.




3 Results


3.1 Clinical Characteristics of Subjects

A total of 41 subjects were included, including 23 subjects in the L-VFA group (mean age 48.78 ± 4.45 years) and 18 subjects in the H-VFA group (mean age 50.89 ± 4.47 years). There were no significant differences in the BMI, age, systolic blood pressure (SBP), diastolic blood pressure (DBP), HbA1C, or HDL between the two groups. The levels of the WC, FBG, TG, TC, LDL, SUA, WBC, NEC, and LYC in the H-VFA group were significantly higher than those in the L-VFA group (p <0. 05) (Table 1).


Table 1 | The essential characteristics and laboratory test results.





3.2 Analysis of Microbiota Diversity

The classification was sought through the basis of the identified sequences into phyla and genera based on their closest matches in the database referred. Generally, gut microbiota was dominated by four abundant phyla that were present in the H-VFA group and the L-VFA group at very similar levels: Proteobacteria (4.41% and 3.77%), Bacteroidetes (43.78% and 49.43%), Actinobacteria (2.78% and 1.95%), and Firmicutes (43.17% and 42.23%). There were no significant differences between the H-VFA and L-VFA groups (p > 0.05) (Figure 1A).




Figure 1 | Microbiome composition and diversity. (A) No significant differences were found in the phyla of the H-VFA group and L-VFA group (p > 0.05). (B) Both Shannon index and obs index measured alpha diversity in comparisons between the H-VFA group and L-VFA group. There was no significant difference in the level of microbial species between the two groups (p = 0.928 and p = 0.528). (C–F) Beta diversity between the H-VFA group and L-VFA group. Beta diversity was calculated based on the Hellinger distance, JSD distance, Bray distance, or Pearson distance. There were no significant differences between the H-VFA group and the L-VFA group.



At the species level, no significant differences between the microbiomes of the H-VFA and the L-VFA subjects were observed in alpha diversity, which was measured by Shannon index and Obs index (p = 0.928 and p = 0.528) (Figure 1B). To compare the species-level beta diversity of the H-VFA and L-VFA groups, the Hellinger distance, Jensen–Shannon divergence (JSD) distance, Bray distance, and Spearmen distance were calculated. Results showed no significant differences in the species-level beta diversity between the H-VFA and L-VFA groups (p = 0.507, p = 0.541, p = 0.668, and p = 0.397, respectively, Figures 1C–F).



3.3 Analysis of the Microbiota Composition and Associations Between the Gut Microbiome and Clinical Characteristics


3.3.1 Analysis of the Microbiota Composition

The species-level analysis found that 44 species in the H-VFA group were significantly different from the L-VFA group (White’s non-parametric test and Benjamini–Hochberg FDR, p < 0.05). There were significant differences in the abundance of 27 species. After excluding the species with low incidence and abundance (p < 0.05; Figure 2A), nine were enriched in the L-VFA group, and 18 were increased in H-VFA group. The Wilcoxon test showed that the L-VFA group supplemented the following bacteria: Eubacterium biforme, Bacteroides (Bacteroides eggerthii, Bacteroides uniformis, and Bacteroides plebeius), Odoribacter splanchnicus, Sutterella wadsworthensis, Turicibacter sanguinis, Haemophilus parainfluenzae, and Veillonella dispar, whereas we found that Ruminococcus (Ruminococcus gnavus, Ruminococcus torques), Lachnospiraceae (Lachnospiraceae bacterium 3-1-57FAA-CT1 and Lachnospiraceae bacterium 9-1-43BFAA), Candidatus (Candidatus sulcia muelleri and Candidatus zinderia insecticola), and Escherichia (Escherichia coli and Escherichia unclassified) were enriched in the H-VFA group. At the same time, Anaerotruncus colihominis, Bacteroides fragilis, Bifidobacterium longum, Clostridium clostridioforme, Eubacterium hallii, Gemella unclassified, Lactococcus garvieae, Mitsuokella unclassified, Dialister succinatiphilus, and Solobacterium moorei were also concentrated in the H-VFA group (Figure 2A).




Figure 2 | (A) The relative abundance of bacterial species between the H-VFA group and the L-VFA group. Wilcoxon test analysis of the relative abundance of bacterial species showed significant differences in 27 species, with nine species enriched in the L-VFA group and 18 enriched in the H-VFA group. (B) Correlations between bacteria and clinical characteristics. Pink cells denote positive correlations, whereas blue cells depict negative correlations. *, **, and *** denote p < 0.05, p < 0.01, and p < 0.001, respectively. (C) The number of significant correlations for the eleven risk factors.





3.3.2 Associations Between the Gut Microbiome and Clinical Characteristics

Spearman’s correlation analysis analyzed the correlations between species abundances and clinical characteristics. Thirteen species enriched in the H-VFA group were positively correlated with the VFA, with Escherichia coli having the strongest correlation (r = 0.444, p < 0.05), followed by Mitsuokella unclassified (r = 0.392, p < 0.05), Bifidobacterium longum (r=0.389, p < 0.05), and Escherichia unclassified (r = 0.384, p < 0.05). Additionally, among the 11 risk factors, VFA had the largest number of correlations with bacterial species (n = 16, p < 0.05), followed by TG (n = 5, p < 0.05), HbA1c (n =3, p < 0.05), TC (n = 3, p < 0.05), and LDL (n = 3, p <0.05) (Figure 2C). Only two species (Eubacterium hallii and Solobacterium moorei) were positively associated with the BMI, and two species (Dialister succinatiphilus and Mitsuokella unclassified) were positively correlated with the WC (Figure 2C). Species related to the VFA were positively correlated with metabolic indicators (FBG, TG, TC, LDL, and SUA) and inflammation indicators (WBC, NEC, and LYC) in the H-VFA group, such as Escherichia unclassified, Escherichia coli, Gemella unclassified, and Lachnospiraceae bacterium 9143BFAA, whereas Veillonella dispar, Haemophilus parainfluenzae, and Eubacterium biforme enriched in the L-VFA group showed a stronger negative correlation with the VFA than with the BMI or the WC. Species related to the VFA were negatively correlated with metabolic indicators and inflammatory indicators in the L-VFA group (Figure 2B).




3.4 Functional Shifts in the Microbiome Characteristics of Different Subjects and Associations Between Functional Shifts and Clinical Characteristics


3.4.1 Functional Shifts in the Microbiome Characteristics of Different Subjects

We also constructed functional profiles for each sample using 89 microbial MetaCyc pathways. After removing low abundance pathways, a total of 83 MetaCyc pathways were found to be significantly different between the H-VFA group and the L-VFA group (Figure 3), 80 of which were enriched in the H-VFA subjects. Among the 80 pathways, four were involved in the production of LPS, namely, ECASYN-PWY, PWY0-1338, KDO-NAGLIPASYN-PWY, and PWY-6467. PWY-5088 was involved in the degradation of SCFAs; six pathways were responsible for generating or degrading carbohydrates, including PWY-2723, PWY66-399, FUCCAT-PWY PWY-5384, GGLUCOSE1PMETAB-PWY, and PWY-7315. PWY-5138, LPSSYN-PWY, PWY-7409, PWY-561, and PWY-6803 were responsible for generating or degrading fatty acids and lipids. Eight pathways accountable for the production or degradation of amino acids were PWY-5505, AST-PWY, PWY-6628, 3-HYDROXYPHENYLACETATE-DEGRADATION-PWY, ARGDEG-PWY, GLUDEG-I-PWY, PWY-6629, and ORNARG DEG-PWY. Other pathways were responsible for electron transport, carboxylate degradation, degradation of aromatic compounds, and so on. Three pathways were enriched in the L-VFA group, with PWY-7456 involved in the degradation of carbohydrates, PWY-7235 involved in electron transport, and PWY-6507 involved in the degradation of sugar derivatives (Figure 3).




Figure 3 | The functional shifts of bacterial species between the H-VFA group and the L-VFA group. Eighty-three pathways were significantly different between the two groups, and 80 enriched the H-VFA subjects. Within the 80 H-VFA enriched pathways, 24 ways were responsible for the degradation of short-chain fatty acids, production of lipopolysaccharides, and metabolism of carbohydrates, fatty acids, lipids, and amino acids.





3.4.2  Associations Between Functional Shifts in the Microbiome Characteristics and Clinical Characteristics

Spearman’s correlation analysis analyzed the correlations between functional shifts and clinical characteristics. In the H-VFA group, almost all the pathways were positively correlated with VFA, TG, TC, LDL, FBG, SUA, WBC, NEC, and LYC, while negatively correlated with the HDL; only one pathway (PWY-6588) was positively correlated with the BMI, and two pathways (FUCCAT-PWY, PWY-7211) were positively correlated with the WC. In the L-VFA group, three pathways were negatively correlated with the FBG, SUA, TG, and inflammation indicators (WBC, NEC, and LYC), while positively correlated with the HDL (Figure 4).




Figure 4 | Association between functional shifts in the microbiome characteristics and clinical characteristics. Cell color indicates the correlation type (pink: positive, blue: negative). *, **, and *** denote p < 0.05, p < 0.01, and p < 0.001, respectively. In the H-VFA group, almost all the pathways were positively correlated with the VFA. Only one pathway (PWY-6588) was positively correlated with the BMI, and two pathways (FUCCAT-PWY, PWY-7211) were positively correlated with the WC.







4 Discussion

More and more studies have demonstrated that the risk of obesity-related metabolic diseases and cardiovascular diseases is closely related to fat distribution, especially visceral fat. BMI as the traditional anthropometric parameter can only evaluate the total body fat, but not the fat distribution. In recent years, it has been discovered that central obesity with excessive accumulation of visceral fat significantly increases the risk of atherosclerosis, type 2 diabetes, cancer, and all-cause mortality (Liu et al., 2019; Qiu et al., 2020; Xiong et al., 2021). This may be because the visceral fat is more active in storing dietary fatty acids, secreting adiponectin and inflammatory factors such as interleukin-6, tumor necrosis factor (TNF)-α, and colony-stimulating factor-1 (Fontana et al., 2007; Harman-Boehm et al., 2007; Cartier et al., 2008; Kovacova et al., 2012; Wang et al., 2012; Huang et al., 2015; Tsujimoto and Kajio, 2017; Barberio et al., 2019). Studies have shown that the metabolites of gut microbes in obese people may be involved in the inflammatory response. Although the relationship between intestinal microbiome and obesity (as assessed by the BMI) has been proven, analyzing the relationship between the intestinal microbiome and VFA may help to explore the potential “probiotics” of the “invisible obesity” people. It is the first time in China to use the QCT as the standard for diagnosing VFA to study the relationship between excessive visceral fat and the intestinal microbiome.

Our metagenomic study found that Odoribacter splanchnicus, Bacteroides (Bacteroides eggerthii, Bacteroides plebeius, and Bacteroides uniformis), Sutterella wadsworthensis, Haemophilus parainfluenzae, and Veillonella dispar were enriched in the L-VFA group. Bacteroides (Bacteroides plebeius and Bacteroides uniformis) may represent potential probiotics due to their enrichment in the L-VFA group relative to H-VFA subjects. A previous study investigated that Bacteroides uniformis protected against metabolic disorders and obesity in preclinical trials (Gomez Del Pulgar et al., 2020) and showed a stronger negative correlation with the VFA than the BMI or WC (Nie et al., 2020). This strain reduced body weight gain and improved lipid metabolism, diminishing liver steatosis and serum cholesterol and triglyceride levels in obese mice. It also reduced leptin levels and improved glucose metabolism since it decreased the fasting concentrations of serum glucose and insulin, therefore improving glucose tolerance. We found that Bacteroides uniformis were negatively correlated with LDL in our study. Apart from this, Bacteroides plebeius enriched in the L-VFA group was negatively correlated with WBC. A survey of intestinal microbes in children found that Bacteroides plebeius was enriched in normal weight (diagnosed by BMI). It correlated negatively with phenylalanine serum levels, a metabolite also found to be associated with obesity in children. In addition, Bacteroides plebeius can potentially be used for type 2 diabetes mellitus (T2DM) treatment (Wang et al., 2020), considering it supplying the human body with energy from dietary polysaccharides through active carbohydrate enzymes, or CAZymes (Hehemann et al., 2010). In our study, we found Bacteroides plebeius to be significantly increased in the L-VFA group.

Furthermore, our study showed that 13 species enriched in the H-VFA group were positively correlated with the VFA. Escherichia coli showed the strongest correlation, followed by Mitsuokella unclassified, Bifidobacterium longum, Escherichia unclassified, Ruminococcus torques, Dialister succinatiphilus, Eubacterium hallii, and Ruminococcus gnavus, whereas only two were positively correlated with the BMI and the WC, indicating a stronger correlation between VFA and gut microbiome than BMI and WC. Ruminococcus gnavus was enriched in obese rats (Petriz et al., 2014), but after a 6-month weight loss, it was decreased (Jie et al., 2021). This is consistent with our findings: Ruminococcus gnavus was enriched in the H-VFA group. Further studies found that Ruminococcus gnavus was negatively correlated with fat mass and leptin levels while not associated with the changes in food intake. Another study (Jie et al., 2021) suggested that the content of Escherichia coli was higher in obese preschool children. These studies found that the following reasons may cause this phenomenon: On the one hand, the reduction of short-chain fatty acids reduces the ability of the mucosal layer to exclude unfavorable bacterial strains. The abundance of metabolites of intestinal microorganisms reduces mucin production and affects the balance of the mucus layer of the gastrointestinal barrier to increased intestinal permeability; on the other hand, inflammatory polysaccharides produce inflammatory cytokines such as TNF-α through dendritic cells, which further leads to the destruction of the intestinal barrier function, causing or aggravating the occurrence of inflammation. Escherichia coli and Ruminococcus gnavus were enriched in the H-VFA group and were positively correlated with metabolic indicators, the WBC, and the NEC. Additionally, studies showed that Dialister succinatiphilus was increased in obese subjects and could be used as a biomarker for predicting obesity (Zhang et al., 2021). This is consistent with our results that Dialister succinatiphilus was increased in the H-VFA group. Previous studies also showed that Dialister succinatiphilus induced or aggravated host inflammatory response and insulin resistance by releasing more lipopolysaccharides. In our research, we also found that Dialister succinatiphilus was positively correlated with the WBC, the NEC, and the LYC.

To verify the above speculation, we conducted a functional genetic analysis and found that both the increased production of lipopolysaccharides and the decreased production of SCFAs occurred in the H-VFA group, which further indicated the associated mechanisms between visceral fat accumulation and gut microbes. The ECASYN-PWY, PWY0-1338, KDO-NAGLIPASYN-PWY, and PWY-6467 pathways were enriched in the H-VFA group; they were involved in the production of the lipopolysaccharide and positively correlated with the WBC and the NEC. Previous studies (Zhang et al., 2021) mentioned that lipopolysaccharide remains at low concentrations in healthy people but may reach high concentrations in obese individuals. It leads to metabolic endotoxemia. The level of lipopolysaccharide is related to a high-fat diet, an increase of which will cause local inflammation in the intestine, making the intestinal barrier weak and “leaky.” It can further lead to lipopolysaccharide absorption and interaction with CD14 located on immune cells (such as monocytes, macrophages, and intestinal epithelial cells). Receptor binding further triggers a systemic pro-inflammatory cascade and increases insulin resistance/obesity. When immune cells are activated for immune responses, the release of cytokines can weaken the insulin signal and cause insulin resistance over time (Gomes et al., 2018). Long-period systemic inflammation may progress into a state of chronic inflammation, which compromises the host’s glucose homeostasis and increases caloric intake, leading to weight gain.

We also found that PWY-5088 was enhanced in the H-VFA group, which could increase short-chain fatty acid degradation, leading to a decrease in the levels of SCFAs in the H-VFA group. Enrichment of PWY-5088 also positively correlated with metabolic indicators and the VFA but negatively correlated with the WBC and the NEC. The reduction of short-chain fatty acids in obese patients reduces the ability of the mucosal layer to exclude unfavorable bacterial strains. These bacteria or their metabolites can penetrate the intestinal barrier and invade surrounding tissues, stimulating the innate immune response and leading to chronic inflammation. Research showed that short-chain fatty acids upregulate anti-inflammatory cytokines and downregulate pro-inflammatory cytokines through different mechanisms, promote the homeostasis of the intestinal mucosa, and thus have a global anti-inflammatory effect (Morrison and Preston, 2016). In summary, we speculate that the intestinal microbiome in the H-VFA group increases the production of lipopolysaccharides and the degradation of SCFAs. They resulted in chronic low-grade inflammation and insulin resistance and led to metabolic disorders. This is consistent with the pathophysiological mechanism of metabolic disorders caused by excessive visceral fat. In addition, many critical metabolic pathways were modeled to be more active in the L-VFA group, such as the degradation of carbohydrates (PWY-7456) and sugar derivatives (PWY-6507). We found that the FBG of the L-VFA group was significantly lower than that of the H-VFA group, and PWY-7456 was negatively correlated with FBG in our study.

There are certainly some limitations. On the one hand, we did not collect the diet and nutritional intake; on the other hand, the inflammatory factors and metabolomics of the subjects were not measured to further reveal the correlation between visceral obesity and the intestinal microbiome. Future multiple omics studies and/or animal microbiota mechanism studies are needed to fully elaborate the relationship between the gut microbiota and visceral fat.



5 Conclusions

We established a metagenomic association between the gut microbiota and visceral fat accumulation and showed microbiota changes even in subjects with normal BMI and high VFA in this study. VFA had the strongest correlation with the species compared with other obese parameters (BMI and WC). The degradation of short-chain fatty acids and the production of lipopolysaccharides are closely related to visceral fat accumulation. Bacteroides (Bacteroides plebeius and Bacteroides uniformis) may represent potential probiotics to reduce the increase of visceral fat. Specific microbial species and pathways closely associated with visceral fat accumulation might lead to new therapies for metabolic disorders.
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Trillions of microbes live within our bodies in a deep symbiotic relationship. Microbial populations vary across body sites, driven by differences in the environment, immunological factors, and interactions between microbial species. Major advances in genome sequencing enable a better understanding of microbiome composition. However, most of the microbial taxa and species of the human microbiome are still unknown. Without revealing the identity of these microbes as a first step, we cannot appreciate their role in human health and diseases. A shift in the microbial balance, termed dysbiosis, is linked to a broad range of diseases from simple colitis and indigestion to cancer and dementia. The last decade has witnessed an explosion in microbiome research that led to a better understanding of the microbiome structure and function. This understanding leads to potential opportunities to develop next-generation microbiome-based drugs and diagnostic biomarkers. However, our understanding is limited given the highly personalized nature of the microbiome and its complex and multidirectional interactions with the host. In this review, we discuss: (1) our current knowledge of microbiome structure and factors that shape the microbial composition, (2) recent associations between microbiome dysbiosis and diseases, and (3) opportunities of new microbiome-based therapeutics. We analyze common themes, promises, gaps, and challenges of the microbiome research.
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INTRODUCTION

The human microbiome is the collection of microbes, and their associated genes and secreted molecules that live on or inside the human body (Gilbert et al., 2018). The microbial communities within our bodies are highly personalized and are considered as unique to each individual as their fingerprints (Franzosa et al., 2015) and are even unique to each body site (Dekaboruah et al., 2020). Many factors shape microbial diversity and abundance such as diet, host genetics, diseases, drugs, and lifestyle (Yadav and Chauhan, 2021a). The collection of these factors results in a microbial signature, that is, either a balanced and diverse healthy microbiota or an imbalanced and dysbiotic composition. Microbial dysbiosis is associated with the onset and progression of many diseases such as inflammatory bowel diseases (IBDs), obesity, metabolic disorders, and mental disorders (Gorecki et al., 2019; Wei et al., 2020; Doelman et al., 2021). While there is a plethora of research linking the microbiome dysbiosis to a particular disease, little is known about the underlying mechanisms (Liang et al., 2019; Gomaa, 2020; Duran-Pinedo et al., 2021; Lau et al., 2021). It is logical to anticipate that missing or enriched microbial taxa might affect microbial interactions and secreted metabolites which in turn can change host metabolism and other body functions. Various factors contribute to this microbiome-host interactions including ecological, epigenetics, and genetics components (Yadav et al., 2018). Understanding how microbial metabolites influence the health or disease status would have a significant impact on treating diet related diseases (Yadav et al., 2018). Few examples of microbial metabolites are known to contribute to the health and well-being of the body such as short-chain fatty acids (SCFAs; Segain et al., 2000), which contribute to intestinal homeostasis, reduce inflammation, and decrease gut permeability. Other microbial metabolites mediate diseases such as lipopolysaccharides which increase inflammation (Lin et al., 2020) and colibactin, which is implicated in colon cancer (Wilson et al., 2019). Understanding the mechanisms and secreted molecules underlying microbiome-disease associations will lead to innovative therapeutic interventions (Yadav and Chauhan, 2021b). Much interest exists in the therapeutic potential of the microbiome (Knight, 2010; Raes, 2014). There is an intriguing interest in the use of probiotic microbes or fecal transplantation to restore the balance of gut microbes. Preliminary data suggest that probiotics can treat diseases beyond the stomach disorders such as cancer and Alzheimer’s. Although, the approach of developing microbiome-based therapeutics or adjuvants is promising, it is far more complicated than anticipated. The main challenge is the lack of causality direction. For example, we do not know if a change in microbiota drives the disease or the disease itself modulates the microbiome. Another obstacle is the highly dynamic and personalized nature of the microbiome, which makes developing drugs that are universally usable very challenging. In this review, we discuss the current knowledge of microbiome structure, function, and future applications. The microbiome research is gaining tremendous interest as documented by the explosion in publications with more than 20,000 articles published in 2020 alone. The review combines and critically discusses recent advances in the field and how these advances contributed to better understanding of structure and function of the microbiome. This understanding will lead to future promises of the microbiome therapeutics. We conclude with future directions and how to convert the basic science into translational medicine and developing of innovative microbiome-based therapy.



UNDERSTANDING THE MICROBIOME COMPOSITION AND FACTORS THAT SHAPE ITS DIVERSITY

Multiple overlapping factors shape the microbiome composition. These factors include diet, stress, diseases, prescription and recreational drugs, smoking, drinking, aging, and others (Figure 1). Here, we discuss recent developments in revealing the implications of these factors and understanding the underlying mechanisms of how they modulate the microbiome.
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FIGURE 1. Major factors shaping the microbiome diversity. Illustrated are examples of multiple overlapping factors that shape the microbial composition including diet, stress, diseases, drugs, lifestyle, age, and host genetics. The outcome of these interacting factors are either healthy diverse, imbalanced, or dysbiotic microbiome which in turn affects the host health and diseases.



Effect of Diet Composition on the Microbiome Diversity

The interaction between diet, microbiome, and host is complex and multidirectional. Changing the diet regimen changes the microbiome composition. Different individuals’ microbiome responds differently to diet due to variations in food metabolism (Johnson et al., 2019). Similarly, different microbiome composition affects host metabolic capabilities. This bidirectional interaction further challenges our understanding of how the microbiome structure is shaped and the complexity of interacting factors from the external environment and host biology. Interestingly, changing the diet of immigrants from Asia to the United States is linked to an immediate and intense change in the microbiome structure with an impact on their health and development of obesity and its associated diseases (Vangay et al., 2018). The effect of diet on the onset and progression of certain diseases such as celiac disease and inflammatory bowel syndrome are now believed to be mediated by the microbiome and not a direct effect of the diet itself (Krishnareddy, 2019; Glassner et al., 2020). The beneficial effect of diet is also now thought to be mediated by the microbiome. For example, the health benefits of polyphenols are mediated through their promoting effect on Akkermansia muciniphila (Naito et al., 2018; Jayachandran et al., 2020). Similar links exist between dark chocolate and the microbiome structure. Dark chocolate is known for its anti-inflammatory properties due to its high content of antioxidant polyphenols (Magrone et al., 2017). A study showed that these antioxidants are poorly absorbed but could be fermented by colon bacteria such as Bifidobacterium into smaller polyphenolic polymers with anti-inflammatory properties that decrease cardiovascular inflammation (Wiese et al., 2019).


Macronutrients and Microbiome Diversity

Evidence is mounting for the effect of diet on modulating the microbiome diversity, which in turn modulates the immune function and metabolic reactions. Fermented food such as kimchi, kombucha tea, and kefir shows positive enhancement of microbiome diversity associated with a significant decrease in inflammation biomarkers. Interestingly the affected biomarkers such as interleukin 6 are implicated in other diseases beyond the gastrointestinal tract (GIT) such as chronic stress, rheumatoid arthritis, and diabetes type 2 (Lau et al., 2021; Wastyk et al., 2021). This effect is observed in all participants of the cohort after only 10 weeks of incorporating fermented food into their diet. The uniqueness of this study is suggesting that only one change in the diet, and for a very short time, leads to a significant positive change in microbiome structure without the need to remodel the entire diet regime. An outstanding question regarding the mechanistic underpinning of the variation in response to different food remains.

In contrast to fermented food, the high fiber diet does not change the microbiome structure at the same time frame (Lau et al., 2021; Wastyk et al., 2021). One possible mechanism might be the lack of fiber degrading microbes. One of the well-known roles of gut microbiota is their ability to ferment indigestible dietary fibers to produce SCFAs. Another study shows that the incorporation of dietary fibers into the diet for 2 weeks only changes the microbiome composition in 20% of the studied subjects (Johnson et al., 2021; Lau et al., 2021). This observed effect is dependent on the original microbiome composition and the amount of fiber consumed (Johnson et al., 2021; Lau et al., 2021). The responder’s microbiome is enriched in Prevotella copri and shows less abundance of Bacteroides. These studies give us a new insight into the bidirectional interaction between dietary fiber and the microbiome. Curiously, we question whether adding probiotics will enable the existing microbiome to better benefit from dietary fibers or combining different food items can modulate microbiome response. In post-menopausal women, a very low-calorie diet, consisting of oats, greek yogurt, or fish, is associated with increases in Akkermansia sp., known for its ability to metabolize host glycan, and decreases in genera such as Roseburia, Ruminococcus, and Eubacterium. This microbiome shift is associated with high levels of SCFAs. Fecal transplant of this altered microbiome to germ-free (GF) mice resulted in the overabundance of the pathogen Clostridium difficile (von Schwartzenberg et al., 2021).



Nutrient and Mineral Supplements and Microbiome Diversity

Similar to diet, nutrient supplements such as vitamins and minerals affect the microbiome composition (Merlen, 1986; Zimmer et al., 2012). In mice, low iron intake increases specific taxa such as Lachnospiraceae, Ruminococcaceae, and Rikenellaceae. These taxa are thought to regulate gut transport pathways to retain iron and decrease its excretion to maintain the iron level in the blood (Coe et al., 2021; Lau et al., 2021). Interestingly, Lactobacillus can sense iron deprivation and communicate the iron need to a murine host via the production of small-molecule mediators that interact with a hypoxia-inducible factor, HIF-2a (Das et al., 2020). Among these small molecules, reuterin and 1,3-diaminopropane (DAP) are shown to suppress intestinal HIF-2a activity both in vitro and in vivo. Specifically, reuterin and DAP prevent HIF-2a dimerization with aryl hydrocarbon receptor nuclear translocator (ARNT). It is interesting to speculate that iron deficiency selectively favors the growth of microbes and metabolites that exert high levels of HIF-2a inhibition. Microbial metabolites are known to affect the stability of HIF-2a, which in turns affects the intestinal hemostasias and gut barrier functions as comprehensively reviewed (Kumar et al., 2020). The microbiome can promote cellular iron storage via the induction of an iron storage protein, FTN, which also increases iron absorption (Vanoaica et al., 2010). It is still unclear though how microbes and their host compete during times of iron scarcity. Other studies show that high Na+ intake linked to hypertension alters gut microbial composition in mice increasing the relative abundance of several bacterial taxa such as Prevotella and Bacteroides. Prevotellaceae is linked to metabolic syndrome and chronic inflammation (Barbaro et al., 2017; Ferguson et al., 2019; Van Beusecum et al., 2019). High salt intake stimulates the production of pro-inflammatory markers such as IL-17, and, coupled with a defect in the regulation of natriuresis, which is associated with hypertension. Transplanting gut microbiomes from hypertensive subjects increases blood pressure in GF recipient mice, suggesting a causal role of the gut microbiome in the development of Na+ induced hypertension (Elijovich et al., 2020).




Stress

Stress remodels the gut microbiota and hence affects disease susceptibility (Kelly et al., 2015; Zijlmans et al., 2015). Studies show that social stress exposure decreases the abundance of microbes with anti-inflammatory activity such as para Bacteroides taxa (Maltz et al., 2018, 2019), which in turn decreases microbial anti-inflammatory metabolites such as SCFAs and contribute to a higher level of inflammation. Combined stress and infection or other inflammatory diseases worsen the outcome of the disease compared to non-stressed subjects. Consuming microbes known for anti-inflammatory activity might be beneficial for people with anxiety disorder and unmanageable stress levels.

Some studies found that depressed patients possess a higher level of Bacteroidales and a lower level of Lachnospiraceae (Naseribafrouei et al., 2014). Another study shows increased levels of Enterobacteriaceae and Alistipes in depressed patients (Jiang et al., 2015a). High stress during pregnancy is also associated with a change in vaginal Lactobacillus (Jašarević et al., 2015a). The consequences are also extended to the newborn babies from high-stress mothers, who show a higher abundance of Proteobacteria and lower abundances of Lactobacillus and Bifidobacteria (Zijlmans et al., 2015). This altered microbiome in infants results in a series of pathological conditions such as gut inflammation and the development of allergies (Zijlmans et al., 2015). Mouse offspring exposed to maternal stress had decreased levels of Bifidobacteria and Lactobacilli, associated with decreased cognitive functioning and increased anxiety (Golubeva et al., 2015; Jašarević et al., 2015b). Exposure to stressors can significantly change the microbial populations in the gastrointestinal tract of both humans and laboratory animals. These microbiota changes are more pronounced several days after exposure to a stressor than on the day of or the day after the exposure. In mice, exposure to stress results in microbiota shifts that are characterized by a lower abundance of Porphyromonadaceae, and increases in aerobic bacteria (Bailey et al., 2010). Stressed mice exhibited greater susceptibility to infections with the pathogen Citrobacter rodentium. Stressed mice show higher levels of tumor necrosis factor (TNF) and suppression of the anti-inflammatory cytokine IL-10 before the pathogen challenge, suggesting an immunomodulatory effect of dysbiosis microbiota, which renders the host more susceptible to infection (Bailey et al., 2010). Stress-induced inflammation affects the integrity of the tight junction resulting in leakage of molecules through gastrointestinal barriers and translocation of gut bacteria to the liver and spleen (Moussaoui et al., 2014). Probiotic strains such as Lactobacillus helveticus R0052, Bifidobacterium longum R0175 (Ait-Belgnaoui et al., 2012), and Lactobacillus farciminis (Ait-Belgnaoui et al., 2012) show promise in the treatment of stress-related disorders in mice.



Drugs

It is commonly accepted that antibiotics, in a particularly broad-spectrum, alter the composition of gut microbiota which can last for months and even a year (Looft and Allen, 2012; Konstantinidis et al., 2020). Research shows that other non-antibiotics can also affect the composition and diversity of gut microbiota in population-based cohorts (Nichols et al., 2019; Papazafiropoulou, 2019). Drugs such as oral steroids, platelet aggregation inhibitors, antidepressants, and vitamin D supplements increase the abundance of Streptococcus salivarius (Vila et al., 2020; Weersma et al., 2020). Benzodiazepine was found to be associated with an increase in the abundance of Haemophilus parainfluenzae, a bacterium that has been reported to be more common in patients with Irritable Bowel Syndrome (Vila et al., 2020). Proton pump inhibitors selectively increase the abundances of Bifidobacterium dentium salivarius (Vila et al., 2020). SSRI antidepressants increase the abundance of Eubacterium ramulus, while tricyclic antidepressant increase the abundances of Clostridium leptum (Vila et al., 2020). Laxatives enrich Alistipes and Bacteroides species (Vila et al., 2020; Weersma et al., 2020). Steroids increase the abundance of Streptococcus mutans and B. dentium.

Addictive substances implicated in substance use disorder (SUD), such as opiates, cocaine, psychostimulants, and alcohol, also modulate the microbiome (Angoa-Pérez and Kuhn, 2021). Almost all research on SUD has primarily focused on the underlying CNS elements and ignored the microbiome link. Given that SUD affects millions every year, it is of intriguing importance to shed a light on the modulatory effect of abuse drugs on the gut microbiome. This research will help to understand subsequent consequences on the health and diseases of the host and to develop better therapeutics to tackle the SUD crisis. Some nutrients such as sugar and fats can exert an addictive effect like drugs of abuse. The similarity includes the development of dependence and withdrawal behavior and induction of dopamine release (Volkow et al., 2011). However, it is not known yet if the effect of diet on dopamine and brain reward mechanism is mediated by a change in the microbiome composition, which affects the gut-brain axis. Data collected from studying the effect of alcohol consumption on experimental animals show that alcohol can alter gut microbiota composition not only in high chronic doses but also even with mild and moderate consumption (Barr et al., 2018). Similar to stress, alcohol consumption can also increase intestinal permeability, alter the microbiome, and increase depression, these conditions are improved after withdrawal (Kelly et al., 2015).



Race and Host Genetics

Host genetics are the least understood factor in shaping the microbiota (Gaulke and Sharpton, 2018). Some studies show that genetic mutation results in atypical microbiota collection in mice (Buffington et al., 2021; Lau et al., 2021). A comparative analysis on 73 Argentinian participants living in United States and United Kingdom showed that the microbiome composition of obese patients showed a lower abundance of Porphyromonadaceae, Rikenellaceae, Bacteroidaceae, Tenericutes, and Verrucomicrobia. Other taxa such as Roseburia, Ruminococcus, Blautia producta, Eubacterium biforme, Clostridium lactatifermentans, and Ruminiclostridium showed higher abundance. While Lactobacillus remains unaltered. Interestingly, the gut microbiota of normal weight, overweight, and obese subjects clustered separately based on geography revealing a significant difference in their microbiota composition. For example, Ruminococcaceae taxa dominate samples collected in the United Kingdom, while Lachnospiraceae taxa are the most abundant taxa in samples collected from the United States. This microbial clustering results in a variation of the host metabolism and risk of developing diseases such as obesity (Lau et al., 2021; Pesoa et al., 2021). Residents of low-income countries show higher diversity in their microbiome compared to West countries. Interestingly, data show that immigrants from Southeast Asia to the United States lose 15% of their microbiome diversity immediately (Vangay et al., 2018). This loss of microbiome diversity is associated with the incidence of some diseases such as obesity and cardiovascular disorders. The loss of diversity might be due to a combination of factors such as the shift to a western diet with high calories, the drinking water, or the use of drugs and antibiotics (Vangay et al., 2018).



Aging

Understanding the development of microbiome profiles over time, as individuals age, remains an elusive challenge for researchers. In older populations especially, studies show associations between gut microbiome composition and physical fitness, diet, frailty, and mental capacity demonstrating the importance of a robust functioning microbiome (Lau et al., 2021; Wilmanski et al., 2021). Changes in the microbiome structure of older individuals have often been attributed to altered lifestyles, diets, reduced mobility, decreased immune function, reduced intestinal capability, changed gut morphology, increased use of medication and drugs, and recurrent infections (Kim and Benayoun, 2020). There remains some obscuring around the directions of causality in microbiome-aging interactions: are changes in gut microbial composition caused by reduced capability in older individuals, or are gut microbes the driving force behind symptoms of aging? The relationship between microbiome composition and aging is likely bi-directional, despite relationships of causality remaining ambiguous. However, patterns of association in the gut microbiomes of older individuals have been elucidated. Within three independent cohorts, comprising 9,000 individuals, researchers identified a pattern of healthy aging characterized by a depletion of core gut microbial taxa, namely Bacteroides, with healthier individuals having increasingly distinct microbiome compositions compared to other members within the study (Lau et al., 2021; Wilmanski et al., 2021). Another study, examining the microbiome compositions of “semi-supercentenarians,” individuals aged 105–109 years, found that aging is marked by increasing abundance of subdominant species, with decreases in dominant core microbiota within the Ruminococcaceae, Lachnospiraceae, and Bacteroidaceae families (Biagi et al., 2016). Semi-supercentenarians showed peculiarities in their microbiome compositions, indicating enrichment of health-associated bacterial groups such as Akkermansia and Bifidobacterium, which contributed to the maintenance of good health during aging. Another study examined the differences in the microbial composition of young adults, individuals in their seventies, and centenarians (Biagi et al., 2010). Results show that the microbiome composition of young adult and 70-year-old microbiomes are highly similar, while the centenarians experienced decreases in abundance of Faecalibacterium prausnitzii, with 10-fold increases in Eubacterium limosum. These shifts in microbial populations in centenarians are associated with increased inflammation. The social activity of elder peoples plays a role in shaping their microbiome composition. Elderly individuals living in long-term facilities showed a higher abundance of Bacteroidetes, Parabacteroides, Eubacterium, Anaerotruncus, Lactonifactor, and Coprobacillus. The elderly who has greater exposure to the outside communities showed a higher abundance of Firmicutes and Lachnospiraceae, which are associated with higher levels of SCFAs. High fiber diets are associated with more diverse microbiomes. One can postulate a link between the shift in microbial composition to age-related health deterioration. If proven true, this will open a very interesting avenue for microbiome-based therapeutics to slow down aging and related diseases (Claesson et al., 2012).



Lifestyle

Lifestyle has a profound impact on microbiome composition and diversity. Lifestyle is a broad term that might include physical activity, smoking, drug abuse, and the surrounding environment. The level of physical activity, as well as the amount of exposure to pollutants, are all critical factors affecting microbiome diversity.


Exercise and Microbiome Composition

Exercise increases microbiome diversity (Dalton et al., 2019) and subsequently modulates the gut-brain access (Kim et al., 2018; Dalton et al., 2019). The microbiome of physically active individuals is more diverse with greater abundances of health-promoting bacteria including F. prausnitzii, Roseburia hominis, and A. muciniphila (Bressa et al., 2017). In young adults, a relationship between cardiorespiratory fitness and microbiota composition is also evident from the increased abundances of Firmicutes in fit young adults (Durk et al., 2019). A study wherein lean and obese individuals participated in 6 weeks of exercise training revealed that exercise induced a significant microbiome shift. This shift is characterized by higher abundances of SCFAs-producing bacteria such as Faecalibacterium and Lachnospiraceae and an increase in SCFAs in feces of non-obese participants (Allen et al., 2018).



Smoking and Microbiome Composition

Cigarette smoke is a complex mixture of more than 7,000 chemicals depositing directly to the lung and gut. These chemicals affect the microbiome composition increasing susceptibility to various diseases such as infections and inflammatory disorders (Rogers et al., 2012; Lee et al., 2018). Even E-cigarette significantly alter the oral microbiome with the increase in Veillonella and Haemophilus (Chopyk et al., 2021; Lau et al., 2021). Interestingly, the nose of smokers shows a higher colonization rate with Staphylococcus aureus in E-cigarette smokers (Chopyk et al., 2021; Lau et al., 2021). The gut microbiome of smokers is enriched in Bacteroides and depleted in Firmicutes and Proteobacteria when compared to non-smokers and past smokers (Lee et al., 2018). The microbiome of the small intestines shows a higher abundance of Firmicutes such as Veillonella and Streptococcus and a lower abundance of Prevotella and Neisseria. The abundance of Firmicutes is partially restored after stopping smoking (Shanahan et al., 2018). The oral microbiome is impacted by cigarette smoking with lower abundances of Proteobacteria, Capnocytophaga, Peptostreptococcus, and Leptotrichia and enrichment of Atopobium and Streptococcus (Wu et al., 2016). Depletions of bacterial taxa were associated with functional shifts in smokers’ oral microbiomes mainly the functions related to carbohydrate, energy expenditure, and xenobiotic metabolism. A study in mice shows that the change in microbiome extends to thirdhand smokers with a persistent effect on metabolism (He et al., 2021; Lau et al., 2021).



Urbanization and Microbiome Composition

The environment alters the microbiome composition and subsequently mediates susceptibility to diseases (Littleford-Colquhoun et al., 2019). Westernization is linked to the decrease in microbiome diversity and increased incidence of diseases such as obesity and infectious diseases (Winglee et al., 2017). The difference in the environments includes multiple factors such as dietary culture, income, pollutions, and lifestyle. All of these variants change the microbiome. Young adults residing in Southern California, who are more exposed to atmospheric ozone, show lower gut microbial diversity with increased abundances of Bacteroides caecimuris (Fouladi et al., 2020). An interesting study profiled the microbiome from remains of ancient human feces and found a similarity to pre-industrial humans. Ancient microbiome shows higher abundances of Enterococcus, Treponema succinifaciens, and Ruminococcus champenellensis. These species might be linked to the consumption of complex carbohydrates (Lau et al., 2021; Wibowo et al., 2021). Humans in industrialized societies show microbiome enriched in A. muciniphila, Alisipes, and Bacteroides species. Industrialization is seemingly linked to higher abundances of antibiotic resistance genes compared to the microbiome of the pre-antibiotic era. A higher rate of horizontal gene transfer is also linked to the industrialization era, which might facilitate acquiring of new functions and adaptation to the change in the environment (Groussin et al., 2021; Lau et al., 2021). A pioneering study shows that the skin microbiome is altered in the urban population and this alteration changes the physiological response of the skin and is implicated in skin-related diseases (Lau et al., 2021; Wang et al., 2021c).





UNDERSTANDING THE MICROBIOME FUNCTION AND ITS ASSOCIATION WITH ONSET AND PROGRESSION OF MANY DISEASES

Recent advances in microbiome research deepen our understanding of microbiome function either in mediating or preventing diseases. Although lacking details of underpinning mechanisms, these studies still provide valuable insights on the depth and altitude of microbiome impact on our health and diseases. Methods used to analyze the microbiome are summarized (Table 1). Here, we discuss recent microbiome associations with diseases from inflammation to neurological and mental illness (Table 2; Figure 2).



TABLE 1. Methods for the microbiome analysis.
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TABLE 2. Microbiome shift and diseases.
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FIGURE 2. Microbiome and diseases association. Illustrated are examples of health and disease conditions that are linked to change in the microbiome. Health conditions associated with healthy microbiome include, as examples, protection from infections and radiation resistance. Diseases that result from imbalanced microbiomes are countless and include drug resistance, mental disorders, social diseases, obesity and metabolic syndrome, and sleep disorders.



Microbiome Association With Inflammatory and Metabolic Disorders


Chronic Inflammation in GIT and Beyond

The gut microbiome mediates mucosal immune response and directly implicates the inflammation process. Some microbiome species are known to produce SCFAs that decrease inflammation. Others are implicated in causing GIT inflammation that might progress into chronic conditions. Several review articles discussed the role of the microbiome in GIT inflammation and immune response (Abdulla et al., 2021; Sanders et al., 2021). Beyond GIT, inflammation is linked to intrauterine growth restriction (IUGR) in humans (Al-Azemi et al., 2017). However, there is no data available on the interplay between gut microbiota, proinflammatory cytokines, and IUGR (Fernandez-Gonzalez et al., 2020). Some data suggest that the administration of Lactobacillus strains improves glucose metabolism and decreases the risk of preeclampsia in pregnant women (Myhre et al., 2011). In livestock, high dietary fiber intake shows a significant decrease in inflammation and IUGR in pregnant animals (Liu et al., 2021). Identifying microbial strains that can improve pregnancy outcomes such as IUGR, pregnancy diabetes, preeclampsia, and other pregnancy complications is an important area of research that will inform advanced care regimens including the development of probiotics. Chronic inflammation is linked to the development of some cancers of the colon and pancreas.



Microbiome Implications in the Development of Malignant Tumors

Recent research demonstrates a link between dysbiosis in gut microbiota and cancer development (Ammer-Herrmenau et al., 2020; Lau et al., 2021; Matsukawa et al., 2021). Some microbes are more abundant in Pancreatic Ductal Adeno Carcinoma (PDAC) patients including Klebsiella pneumoniae, Clostridium bolteae, S. mutans, and Parabacteroides spp., Acinetobacter, and Pseudomonas (Thomas and Jobin, 2020; Lau et al., 2021; Matsukawa et al., 2021). The abundance of other microbes such as Firmicutes is significantly lower in PDAC patients (Lau et al., 2021; Zhou et al., 2021). Most PDAC patients suffer from a leaky gut which results in the translocation of harmful bacteria into the bloodstream (Wu et al., 2014). These bacteria can trigger an immune response through pathways that involve tumor-infiltrating lymphocytes (TILs) and their related cytokines, TLRs, innate immune cells, and others (Pagliari et al., 2018).TILs then produce pro inflammatory mediators that induce STAT3 and NF-kB pathways, which act as tumorigenic factors (Pagliari et al., 2018). This further increases cellular proliferation and suppresses apoptosis (Pagliari et al., 2018). Leaky gut is a potential possible mechanism for the development of PDAC. Fecal microbial transplant to overcome this immunosuppression might hold a future promise (Pitt et al., 2016).



Microbiome Role in Obesity

Disturbance in the gut microbiota is associated with metabolic syndrome (Mazidi et al., 2016; Saklayen, 2018). Studies show that the gut microbial compositions in genetically obese mice are different compared to those lean and wild-type under the same polysaccharide-rich diet (Tseng and Chun-Ying, 2019). Obese mice show a reduced abundance of Bacteroidetes and enrichment of Firmicutes. A fecal transplant from obese mice to germ-free mice resulted in a significant increase in the total body fat (Turnbaugh et al., 2006). Obese individuals show higher concentrations of lipopolysaccharide (LPS) leaking from the intestinal mucosa (Lau et al., 2021; Zawada et al., 2021). LPS stimulates the secretion of the satiety hormone (the pancreatic peptide hormone, PYY), which slows down the motility of the digestive tract and thus affects food absorption (Lau et al., 2021; Zawada et al., 2021). Other studies show that obese individuals had a significantly high abundance of Firmicutes/Bacteroidetes ratio (Tseng and Chun-Ying, 2019; Lau et al., 2021; Palmas et al., 2021). Members of Firmicutes such as Ruminococcus gnavus increase the production of SCFAs increasing intestinal energy harvesting and hepatic lipogenesis after carbohydrate-rich diets (Lau et al., 2021; Palmas et al., 2021). Some probiotics such as Bifidobacterium animalis ssp. lactis and Lactobacillus gasseri show promise in decreasing inflammation and intestinal leakage (Tseng and Chun-Ying, 2019; Lau et al., 2021; Schütz et al., 2021).



Microbiome Role in Coronary Artery Disease

Dysbiosis in the gut microbiome is associated with elevated blood pressure and consequently hypertension (Xu and Yang, 2020; Lau et al., 2021; Wang et al., 2021a). Hypertensive gut microbiomes had an increased abundance of opportunistic pathogens such as Klebsiella spp., Streptococcus spp., and Parabacteroides merdae (Yan et al., 2017). SCFAs producers such as Roseburia spp. and F. prausnitzii are lower in hypertensive patients (Yan et al., 2017). Previous studies showed a higher abundance of Klebsiella, Clostridium, and Streptococcus in patients with hypertension, which are known for their role as choline degraders (Hakenbeck et al., 2009; Craciun and Balskus, 2012; Kalnins et al., 2015). These patients also show overexpression of the choline utilization gene, cutC gene. The results suggest that choline intake and TMAO production might serve as diagnostic biomarkers for hypertension pathogenesis (Yan et al., 2017). Patients with coronary artery disease (CAD) showed an increase in Lactobacillales, and a decrease in Bacteroidetes (Yamashita et al., 2016), and a reduction in the abundance of Roseburia intestinalis and F. prausnitzii which are SCFAs producers (Jie et al., 2017; Xu and Yang, 2020). Reduction in secreted SCFAs leads to higher inflammation in CAD. In addition, the elevated gut permeability leads to an increased level of leaked LPS, which is associated with chronic inflammation in patients with post-myocardial infarction (Chambers et al., 2018; Zhou et al., 2018).



Microbiome Associations With Respiratory Diseases

Understanding the gut-lung axes is crucial to tackling lung disorders such as inflammatory and infectious diseases. The gut microbiome modulates the disease susceptibility of the lung and the lung microbiome alters the proinflammatory function of the gut microbiome (van der Lelie and Taghavi, 2020; de Oliveira et al., 2021; Lau et al., 2021). Since the start of the COVID-19 pandemic, microbiome scientists race to understand the role of the microbiome in disease development and diagnosis. Gut dysbiosis is associated with the translocation of bacteria into the blood during COVID-19. This potentially causes a secondary infection that might be life-threatening. The researchers observed an abundance of opportunistic pathogenic bacteria in hospitalized COVID-19 including antimicrobial-resistant species (Lau et al., 2021; Venzon et al., 2021). Leakage of bacteria into the bloodstream following dysbiosis is critical to control and can drive detrimental effects. COVID infection is associated with diarrhea in 40% of the patients, which in turn changes the GIT microbiome and induces inflammatory cytokines. Ruminococcus gnavus is positively correlated with inflammatory biomarkers (Villapol, 2020). Some gut microbiota is more enriched in COVID patients such as R. gnavus, Ruminococcus torques, and Bacteroides dorei (Lau et al., 2021; Yeoh et al., 2021). In-depth shotgun metagenomic analysis on fecal samples of COVID-19 patients revealed that Coprobacillus, Clostridium ramosum, and Clostridium hathewayi correlate with the severity of the COVID infection (Villapol, 2020). Dysbiosis in the gut microbiota is linked to several other lung disorders including pulmonary fibrosis, asthma, and cystic fibrosis. Pulmonary fibrosis patients show a higher abundance of some gut microbes including Alloprevotella, Dubosiella, Helicobacter, OIsenella, Parasutterella, Rikenella, and Rikenllaceae. This microbial enrichment is associated with an elevated level of some diseases biomarkers including trigonelline, betaine, cytosine, thymidine, glycerophosphocholine, taurocholate, adenine, deoxyadenosine, and deoxycytidine (Gong et al., 2021; Lau et al., 2021). Asthmatic kids show a significant reduction in Bifidobacteria and an increase in Clostridia (Anand and Mande, 2018). Some studies suggest that the lung microbiome and gut microbiome are linked. For example, an infection with the influenza virus in the respiratory tract of mice models increases the proportion of Enterobacteriaceae and reduces Lactobacilli and Lactococci in the gut microbiome (Looft and Allen, 2012; Enaud et al., 2020). The colonization of the gut by species of C. difficile at the age of 1 month is associated with asthma and wheezing at the age of 6–7 (van Nimwegen et al., 2011). A pioneering study revealed a significant alveolar microbiome signature associated with several lung diseases including interstitial lung diseases, chronic obstructive pulmonary diseases, and sarcoidosis (Gupta et al., 2021; Lau et al., 2021). Interestingly, the authors show a correlation between disease-specific microbiomes and lung normal flora (Gupta et al., 2021; Lau et al., 2021). Disease-specific microbiome is a promising target toward developing microbiome-based diagnostic biomarkers (Gupta et al., 2021; Lau et al., 2021). Further research is needed to understand the mechanisms of action of this association, which will be significant in developing new microbiome therapeutics and diagnostic biomarkers.




Microbiome Role in Psychiatric, Behavioral, and Emotional Disorders

The gut-brain axis is one of the hot topics in microbiome research (Salagre et al., 2017; Jang et al., 2020; Mayer et al., 2022). Microbiome associations are evident in many psychiatric and neurological disorders including anxiety, and depression.


Microbiome Association With Anxiety Disorder

The gut microbiome affects brain function early from the womb life. A study shows that maternal microbial alterations impact offspring brain maturation in mice (Buffington et al., 2016). Mice offspring that were fed high-fat diets were observed to have a 9-fold reduction in Lactobacillus reuteri and oxytocin-producing cells (Buffington et al., 2016). While mice offspring exposed to maternal stress show a low abundance of Bifidobacteria and Lactobacilli. This microbial shift is associated with a decrease in cognitive functioning and an increase in anxiety disorder (Golubeva et al., 2015). This study has further experimented in GF mice. GF mice showed anxious behavior and increased serotonin levels in the hippocampus compared to mice with normal flora. A genome-wide association study revealed 141 host genes and microbial taxa that are implicated in anxiety and depression in mice (Jin et al., 2021; Lau et al., 2021). The study shows that some of these host genes control the structure of the gut microbiome by modulating specific taxa and hence influence anxiety indirectly. The study suggests an interesting approach to consider both host and microbiome genes when assessing or treating anxiety (Jin et al., 2021; Lau et al., 2021). Microbiome taxa that are enriched in anxiety disorder include Ruminococcaceae, Clostridiaceae, and Clostridiales. While Bacteroidales and Bacteroidaceae showed lower abundance (Jin et al., 2021; Lau et al., 2021).



Microbiome Association With Depression

Research shows an association between depression and some microbial taxa such as Eggerthella, Subdoligranulum, Coprococcus, and Ruminococcaceae (Lau et al., 2021; Radjabzadeh et al., 2021). Some microbial species are involved in metabolic pathways linked to neurological functions such as glutamate, butyrate, serotonin, and gamma aminobutyric acid neurotransmitters (Lau et al., 2021; Radjabzadeh et al., 2021). These microbes include Lachnoclostridium, Sellimonas, Ruminococcaceae, Lachnospiraceae, Hungatella, Ruminococcus gavreauii, and Eubacterium ventriosum (Lau et al., 2021; Radjabzadeh et al., 2021). In another study, a microbiome analysis revealed that patients with major depressive disorders had an increased abundance of the genus Bacteroides and decreased abundance of Blautia and Eubacterium (Lau et al., 2021; Yang et al., 2021). Bacteroides species are also known for their regulation of metabolic pathways and the immune system (Maier et al., 2015). Bacteroides modulate cytokines production and increase inflammation (Schiepers et al., 2005). In contrast, Balutia species mediates beneficial anti-inflammatory effects (Bajaj et al., 2012). Another study showed that Clostridiales and Desulfovibrionaceae are enriched in depressed patients, while Bacteroidaceae show low abundance (Lau et al., 2021; Rhee et al., 2021). However, we still lack information about the directionality of this microbiome association and the underlying mechanism.



Microbiome Role in Sleep Disorder

The gut microbiome composition is linked to sleep behavior (Maki et al., 2020). Disrupted sleep is linked to dysregulation in the immune system which leads to abnormal increases in inflammatory responses (Irwin, 2019). Sleep dysfunction can promote inflammation via two processes. First is through the upregulation of proinflammatory cytokines such as IL-6, tumor necrosis factor α (TNFα), and CRP (Matenchuk et al., 2020). The second is through the change in microbiome composition and function. In mice with sleep fragmentation (SF), the relative abundance of Firmicutes and the Firmicutes/Bacteroidetes ratio is reduced accompanying a decrease in butyrate-producing bacteria (Maki et al., 2020). Other studies found differences in Bacteroidetes, Firmicutes, Lachnospiraceae, or Blautia between short and normal sleepers (Anderson et al., 2017; Smith et al., 2019; Grosicki et al., 2020). Short sleepers showed a significantly lower abundance of Sutterella and a higher abundance of Pseudomonas (Agrawal et al., 2021; Lau et al., 2021). In a similar study, sleep-disturbed mice showed a shift in both the microbiome and metabolome. Firmicutes/Bacteroidetes ratio increased in the sleep-disrupted group along with a decrease in the Lactobacillus, Actinobacteria, and Bifidobacterium in comparison to control mice (Bowers et al., 2020). Studies investigated the role of probiotics in improving sleep with some promising preliminary results. For example, L. gasseri CP2305 shows some potential to improve the quality of sleep (Nishida et al., 2017; Matenchuk et al., 2020).



Microbiome Role in Fear Response

Fear is an emotional and behavioral response induced by a threat. Fear is considered an evolutionarily conserved mechanism that promotes survival (Carlson et al., 2021; Lau et al., 2021). A recent study found that babies with less balanced gut microbiomes show an increase in fear behavior in comparison to those with more balanced microbiomes (Carlson et al., 2021; Lau et al., 2021). Gut microbiome communities dominated by Bacteroides at the first year of age are associated with less non-social fear, while the lower abundance of Bacteroides and increased abundance of Veillonella, Dialister, Bifidobacterium, and Lactobacillus were linked to increased fear behavior (Carlson et al., 2021; Lau et al., 2021). In addition, the researchers found an association between the microbiome and the medial prefrontal cortex volume and amygdala volume at the first year of age. Infants who had an increased fear activity also had larger amygdala volumes (Carlson et al., 2021; Lau et al., 2021). Cutting the vagus nerve did not have any effect on the ability to extinguish fear in mice (Chu et al., 2019). The immune cells are the same in germ-free mice and antibiotic-treated mice. The fear response was associated with a reduction in some microbial metabolites in the cerebrospinal fluid, blood serum, and feces of GF mice. These metabolites include phenyl sulfate, pyrocatechol sulfate, and indoxyl sulfate (Chu et al., 2019). These findings suggest that microbiome metabolites might play a role in influencing brain activity, which then alters how mice extinguish fear memory. Administration of L. helveticus NS8 probiotic shows anxiolytic and antidepressant effects in rats with a restored level of corticosterone (Liang et al., 2015). This indicates that L. helveticus NS8 probiotics have a role in regulating the hypothalamic-pituitary adrenocortical (HPA) activation axis (Liang et al., 2015).



Microbiome Role in Autism

Children with autism spectrum disorder (ASD) show differential gut microbiome composition (Wang et al., 2011; Coury et al., 2012; Chaidez et al., 2014; Kheirouri et al., 2016). The microbiome in ASD shows a decrease in the abundance of Escherichia, Shigella, Veillonella, Akkermansia, Providencia, Dialister, Bifidobacterium, Streptococcus, Ruminococcaceae, Megasphaera, Eubacterium_coprostanol, Citrobacter, Ruminiclostridium, and Ruminiclostridium, while Eisenbergiella, Klebsiella, Faecalibacterium, and Blautia are significantly increased (Lau et al., 2021; Ye et al., 2021). Similarly, another research reveals that patients with ASD exhibit a lower Bacteroidetes/Firmicutes ratio (Kang et al., 2013). This alteration in the gut microbiome of ASD patients might be of diagnostic value for early detection of the disease. Children with ASD and gastrointestinal symptoms show higher levels of gut immune inflammation and gut dysbiosis (Hughes et al., 2018; Liu et al., 2021). Probiotics can reduce gut inflammation decreasing gut leakage, and downregulate inflammatory cytokines (Ng et al., 2019). The use of probiotics containing Lactobacillus and Bifidobacteria strains has been shown to ameliorate Gastrointestinal symptoms (Zhu et al., 2020). Another study showed that administration of L. reuteri improves social behaviors in autism model mice through signaling mechanisms via a nerve from the gut to the brain (Poutahidis et al., 2013; Sgritta et al., 2019).



Microbiome Role in Alzheimer and Dementia

Neurodegenerative diseases are characterized by the formation of amyloid plaque due to the aggregation of misfolded proteins in the neurons. To study the link between gut microbes and protein aggregation, Caenorhabditis elegans is used as a model organism. A study demonstrates that colonization of C. elegans gut with bacterial pathogens disrupted the intestines, muscles, and neurons and increased protein aggregation (Lau et al., 2021; Walker et al., 2021). Further investigation revealed that co-colonization with butyrogenic bacteria inhibited the aggregation of protein in C. elegans indicating that enteric bacteria play a role in the pathogenesis of neurodegenerative diseases such as Alzheimer’s disease (Lau et al., 2021; Walker et al., 2021). Other studies show that SCFAs production is altered in patients with neurodegenerative disease (Lau et al., 2021; Tran and Mohajeri, 2021). These metabolites might induce changes in the brain suppressing inflammation and cytokines production (Zhu et al., 2020). Emerging research investigates the use of probiotics as a therapeutic tool to suppress symptoms and delay the progression of Alzheimer’s (Peterson, 2020). Early results show that Lactobacillus, Bifidobacterium breve, and B. longum administration improved memory and learning dysfunction in animal models and patients with Alzheimer’s (O’Sullivan et al., 2011; Savignac et al., 2013; Peterson, 2020; Zhu et al., 2020). Microbiome composition is different in patients with dementia disorders compared to healthy populations. A study shows that Clostridiales, Lactobacillus, and Bacteroidales are enriched in patients (He et al., 2018a). This altered microbial composition is associated with an elevated high level of SCFAs and choline, the latter is a biomarker for membrane dysfunction (He et al., 2018b). Another study shows a significant reduction in Bacteroides and enrichment of Lactobacillales and Bifidobacterium in dementia patients (Saji et al., 2019). A possible mechanism for this observed link between gut microbiome composition and brain function might be the leaky gut. The leakage of harmful bacteria into the bloodstream affects mental health through immune regulation and oxidative stress (Belizário and Faintuch, 2018). Administration of probiotics might restore function or mediate symptoms of neurodegenerative diseases. Some preliminary data show that probiotics can improve cognitive function improving learning and memory in animal models (Lau et al., 2021; Ruiz-Gonzalez et al., 2021). However, future studies are necessary to understand the underlying mechanisms before proceeding to clinical trials in humans.





UNDERSTANDING THE MICROBIOME FUNCTION AS MEDIATED BY SECRETED MOLECULES

Commensal microbes are known to metabolize indigestible materials, defend against colonization of pathogens, and stimulate the immune system (Martín et al., 2013). Little is known about microbiome secreted molecules that drive the microbiome function and disease associations. Microbiome chemistry is what mediates microbe-host interaction and further disease susceptibility. Here, we discuss and highlight some microbiome known chemistry (Figure 3) and the future promise to develop microbiome-based therapeutics.
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FIGURE 3. Microbiome-secreted molecules and their effect on human health and diseases. The first panel of the Illustration shows some examples of well-defined secreted molecules that affects human health including (1) short-chain fatty acids (SCFAs) such as butyrate which play anti-inflammatory role and modulate the intestinal immunity and (2) lugdunin as an example to microbiome-based antibiotic produced by nose microbiome and target Staphyloccous. The second panel shows examples of microbiome-based metabolites that are associated with onset or development of diseases including: (1) trimethylamine N-oxide (TMAO)/cardiovascular diseases, (2) 4-ethylphenylsulphate/autism, and (3) colibactin/colorectal cancer.



Trimethylamine N-Oxide

The gut microbiome utilizes dietary precursors such as choline, phosphatidylcholine, and L-carnitine to produce trimethylamine N-oxide (TMAO), which is a mediator between intestinal dysbiosis and vascular pathology (Lau et al., 2021; Sikora et al., 2021). TMAO mediates effective attraction between lipid membranes by partitioning unevenly between bulk and lipid domains (Sukenik et al., 2017). If there is damage in the intestinal barrier such in chronic psoriasis patients (Sikora et al., 2018, 2019a,b), TMA leaks into the systemic circulation and get transformed by hepatic enzymes into TMAO, which triggers a strong inflammatory response through activation of mitogen-activated protein kinase (MAPK) and subsequent cardiovascular diseases. TAMO producers include Clostridiaceae and Peptostreptococcaceae (Yamashita et al., 2016). Other research suggests that TMAO precursors drive toxic effects on the cardiovascular system (Jaworska et al., 2019). TMAO-induced inflammation could be suppressed by antibiotics (Janeiro et al., 2018). Zhu et al. (2020) showed that the formation of TMAO in microbes could be inhibited by 3,3-dimethyl-1-butanol (DMB). TMAO is further involved in the development of cancers and neurological disorders (Janeiro et al., 2018; Gatarek and Kaluzna-Czaplinska, 2021). TMAO is also linked to atherosclerosis and inhibition of hepatic bile acid synthesis; although, the underlying mechanism is lacking (Stubbs et al., 2016; Gatarek and Kaluzna-Czaplinska, 2021).



Colibactin

Colibactin is a microbial product associated with DNA damage leading to colorectal cancer (CRC; Putze et al., 2009; Arthur et al., 2012; Dziubańska-Kusibab et al., 2020). Colibactin is biosynthesized by deacetylation of the inactive precursor, precolibactin, by the peptidase enzyme, CIbP (Dziubańska-Kusibab et al., 2020). Colibactin alkylates DNA through its unique chemistry that includes a cyclopropane ring conjugated to an α,β-unsaturated imine. This creates adenine–colibactin adducts and then DNA crosslinks (Wilson et al., 2019; Xue et al., 2019; Dziubańska-Kusibab et al., 2020). Research predicts that these lesions in the DNA lead to mutations that promote CRC development (Dziubańska-Kusibab et al., 2020). In another study, colibactin showed an association with bowel cancer (Pleguezuelos-Manzano et al., 2020). The human cells treated with colibactin had twice the rate of DNA damage compared to the control group with some mutations that were only found in the colibactin-exposed cells (Pleguezuelos-Manzano et al., 2020). There were two mutation types: small indel signatures called ID-pks and a single base substitution signature called SBS-pks (Pleguezuelos-Manzano et al., 2020). This is evidence of the significant role of colibactin in GIT malignancy.



Ethylphenyl Sulfate and Phenylalanine

The microbial metabolite 4-Ethylphenyl sulfate (4EPS) plays a role in the development of autism-related behavioral disorders in mice (Hsiao et al., 2013). Several species of Clostridium can produce the precursors of 4EPS which is 4-ethylphenol (Nicholson et al., 2012). Mice that are treated with 4EPS exhibited anxiety-like behavior suggesting that elevated levels of 4EPS cause ASD-related behaviors; thus reinforcing the notion that the connection between the gut and the brain might be associated with autism (Hsiao et al., 2013). In addition, researchers found that the blood of mice with autism symptoms had levels of 4EPS that were about 46 times higher than that of the control group (Hsiao et al., 2013). In a similar study, 4-EPS induced ASD-like behaviors (Zhu et al., 2020). A lower abundance of Bacteroides is linked to Autism (Hsiao et al., 2013). Introducing Bacteroides fragilis to mice with autism-like symptoms improved the symptoms (Hsiao et al., 2013) demonstrating that the probiotic treatment with B. fragilis might be helpful as a therapeutic intervention for autism. Phenylketonuria (PKU) is associated with autism development (Khemir et al., 2016). PKU is a metabolic disease in which the body cannot break down phenylalanine (Xiong et al., 2015; Blasco et al., 2017; Glinton and Elsea, 2019). An elevated level of phenylalanine and phenylpyruvate causes brain damage with a significant reduction in serotonin and dopamine (Glinton and Elsea, 2019), which might contribute to the development of autism if left untreated (Thompson et al., 1993; de Groot et al., 2010).



Short-Chain Fatty Acids

Gut commensals produce SCFAs that inhibit pro-inflammatory responses mediated by intestinal macrophages (Chang et al., 2014). SCFAs production is altered in patients suffering from IBD (Zhuang et al., 2019). Butyrate is an example of SCFAs produced mainly by Firmicutes. Butyrate modulates the inflammatory immune response of intestinal macrophages. SCFAs modulate inflammation through multiple pathways include: (1) inhibiting adenylate cyclase which reduces the secondary messenger, cAMP (Houslay and Milligan, 1997; He et al., 2020), (2) activation of MAPK leading to an increase in Ca2+ concentration (Kimura et al., 2014; He et al., 2020), (3) stimulation of the release of anti-inflammatory interleukin 10 (IL-10) from the regulatory T cells, Tregs (Smith et al., 2013; He et al., 2020), (4) suppression of the expression of IL-6, IL-1β, and TNFα (Nakajima et al., 2017; Pirozzi et al., 2018; Mizuta et al., 2019; He et al., 2020), and (5) inhibiting histone deacetylase and downregulate lipopolysaccharide-induced pro-inflammatory mediators such as nitric oxide, IL-6, and IL-12 (Chang et al., 2014). Recent research shows that SCFAs bind to immune cell receptors in the respiratory tract and enhance lung antiviral response during infection with COVID-19 (de Oliveira et al., 2021; Lau et al., 2021). Beyond GIT, SCFAs are associated with changes in circulating immune cells and biomarkers, which are implicated in the development of multiple sclerosis (MS; Lau et al., 2021; Trend et al., 2021).



Antimicrobial Compounds

A common trait for any polymicrobial ecosystem is the production of antibiotics as an ecological fitness strategy to compete, survive, and thrive. The human microbiota is no different, dozens of antimicrobial compounds have been reported from the microbiome. Some examples of recently discovered antibiotics from the microbiome include Lugdunin, Lactocillin, cereulide, zwittermicin, tilivalline, and others (Table 3).



TABLE 3. Classes of antimicrobial compounds and their activity spectrum.
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Lugdunin is a thiazolidine-containing cyclic peptide produced by Staphylococcus lugdunensis, a commensal of the human nose (Konai et al., 2020). Lugdunin is active against both methicillin-resistant S. aureus and vancomycin-resistant enterococci (Konai et al., 2020). Lugdunin also has an immunomodulatory activity (Bitschar et al., 2019). Pretreatment of primary human keratinocytes or mouse skin with the antimicrobial lugdunin resulted in a significant reduction of S. aureus colonization (Bitschar et al., 2019). Lugdunin increases the expression and release of LL-37 and CXCL8/MIP-2 in human keratinocytes and mouse skin resulting in the release of monocytes and neutrophils (Bitschar et al., 2019). Lactocillin is another thiopeptide antibiotic produced by L. gasseri, a commensal of the vaginal microbiome (Vásquez et al., 2002). Lactocillin is active against S. aureus, Enterococcus faecalis, Gardnerella vaginalis, and Corynebacterium aurimucosum (Donia et al., 2014).




CONCLUSION AND FUTURE DIRECTIONS

Much interest exists in the potential of the evolved functions of the microbiome. A pioneering study aimed to computationally predict the function of microbes on earth estimates the presence of 35.5 million functions in bacteria of which only 0.02% are known (Starke et al., 2020). Despite the exploding body of research on the microbiome, our knowledge of its function and especially how it mediates health and diseases is still preliminary. The microbiome function is dependent on its structure and diversity, which is highly unique among individuals as shaped by multifactor. More dive into the individual’s unique microbiome might be a path to a personalized medicine approach. The drastic change in the microbiome of immigrants and the associated health consequences clearly demonstrates the structure and function dependency. Our knowledge of the change in microbiome composition with the onset or progression of diseases is based on association studies with a little dig into the mechanistic underpinning. The main concern in these studies is the lack of directionality of the microbiome disease relationship and the presence of other confounding factors. Recent research suggests that microbiome change in autism might be due to the picky eating habits restricting diet which in turn changes the microbiome composition (Lau et al., 2021; Yap et al., 2021). Another concern is that most association studies examine the change in the dominant microbial taxa, while recent studies show that rare microbes are the drivers of diseases. The use of microbiomes as probiotics or fecal transplant shows promise but with many challenges. Safety concerns are among the main challenges. One of the most studied and commercially available probiotic strains is Escherichia coli Nissle 1917 was found later to encode colibactin biosynthetic gene cluster implicated in CRC (Olier et al., 2012; Dziubańska-Kusibab et al., 2020). The second challenge is the efficacy and wide variation in response between individuals. In addition, introducing new microbes to an already established microbiome community comes with unpredicted outcomes include clearance from the body and failure to survive. Introducing the entire microbiome as in fecal transplant is another approach showing some efficacy especially in controlling recurrent C. difficile infection but with a complex and unpredictable outcome (Kazemian et al., 2020). The undesirable outcomes include the transfer of antibiotic resistance microbes (DeFilipp et al., 2019) and weight gain (Alang and Kelly, 2015). Recently the FDA issued a warning against the use of fecal transplant after two patients retracted antibiotic-resistant infections following administration of fecal transplant. A pioneering approach is designing of synthetic microbiome community with reproducible and controlled structure using an informatics approach (Clark et al., 2021; Lau et al., 2021). A synthetic microbiome community is drafted to supply a specific missing function such as butyrate synthesis for the treatment of inflammation (Clark et al., 2021; Lau et al., 2021). Personalized medicine based on microbiome signature of each individual is a direction that we should consider moving forward (Yadav et al., 2022). Microbiome signature could be used to assess diseases severity and prognosis, predict drug resistance or response rate, or even more importantly in diseases prevention (Behrouzi et al., 2019; Yadav et al., 2022). Certainly, the research on microbiome is exploding and the future of microbiome use in translation medicine is blooming.
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Objective

The diabetic autonomic neuropathy is one of the most common complications in type 2 diabetes mellitus (T2DM), especially gastrointestinal autonomic neuropathy (GAN), which occurs in up to 75% of patients. The study aimed to investigate the gut microbiota composition, structure, and function in T2DM patients with GAN (T2DM_GAN) and set up a link between gut microbiota and clinical characteristics of patients.



Methods

DNA was extracted from fecal samples of three groups using the kit method: healthy volunteers (n = 19), the patients with T2DM (n = 76), and T2DM_GAN (n = 27). Sequencing of 16S ribosomal DNA was performed using the MiSeq platform.



Results

According to the clinical data, higher age, lower triglyceride, and lower body mass index were the main features of patients with T2DM_GAN. The gut microbiota analysis showed that Bacteroidetes, Firmicutes, and Proteobacteria constituted the three dominant phyla in healthy individuals. In addition, the gut microbiota structure and function of T2DM_GAN patients were clearly different from that of T2DM patients. T2DM patients were characterized by Fusobacteria, Fusobacteriia, Fusobacteriales, Fusobacteriaceae, Fusobacterium, Lachnoclostridium, and Fusobacterium_mortiferum. Those gut microbiota may be involved in carotenoid and flavonoid biosyntheses. Relatively, the Gammaproteobacteria, Enterobacteriales, Enterobacteriaceae, Escherichia-Shigella, Megasphaera, Escherichia_coli, and Megasphaera_elsdenii were characteristic in the T2DM_GAN patients. Those may be involved in bacterial invasion of epithelial cells and pathogenic Escherichia coli infection.



Conclusions

GAN exacerbated gut microbiota dysbiosis in adult patients with T2DM. The findings indicated that phyla Fusobacteria and class Gammaproteobacteria were closely related to the occurrence of T2DM. Especially the latter may promote T2DM_GAN.





Keywords: gut microbiota, type 2 diabetes mellitus, gastrointestinal autonomic neuropathy, gastrointestinal symptoms, diagnosis



Introduction

With the increasing incidence of diabetes, diabetes complications have also increasingly become one of the most critical health problems in the world today (Cho et al., 2018; Meldgaard et al., 2018). Once diabetes occurs, it can cause various complications and a negative impact on the whole organism (Leustean et al., 2018). In general, the common complications of diabetes include macrovascular, peripheral vascular, and microvascular diseases (Leustean et al., 2018). One of the most common microvascular complications is neuropathy, including autonomic and peripheral neuropathy, which causes harmful changes in neurons’ structure and function (Meldgaard et al., 2018). Especially in neuropathy associated with alterations in the enteric nervous system has the highest symptom burden, since it affects a large proportion of patients with diabetes. A typical example is gastrointestinal autonomic neuropathy (GAN), which occurred in 75% of diabetic patients (Bytzer et al., 2001; Asgharnezhad et al., 2019). Those patients may experience a range of adverse gastrointestinal symptoms, such as postprandial fullness, nausea, vomiting, bloating, abdominal pain, diarrhea, and constipation (Bytzer et al., 2001; Asgharnezhad et al., 2019). A large cohort study has found that moderate to severe symptoms were associated with more inadequate glycemic control (Gatopoulou et al., 2012). Although heavily documented, GAN remains underrecognized and poorly treated in type 2 diabetes mellitus (T2DM) patients.

The pathophysiology of T2DM with GAN (T2DM_GAN) is complex and multifactorial. Although there is some clinical guidance on T2DM_GAN, there are still many knowledge gaps about the underlying specific pathogenesis and mechanism. There are multiple levels of regulation in the gastrointestinal tract: the central, autonomic, enteric nervous systems, the interstitial cells of Cajal (mainly “pacemaker cells”), and gut microbiota (Kempler et al., 2016). It is well known that there are significant changes in the composition of the microbiota in T2DM patients, and the altered microbiota likely contributes to T2DM pathogenesis (Gurung et al., 2020). Simultaneously, some gastrointestinal movement disorders, for example, diarrhea, have been attributed to change in the microbiota (Yarandi and Srinivasan, 2014). Therefore, the effect of gut microbiota on gastrointestinal motility has also attracted more and more attention. To date, there is little published information on gut microbiota of T2DM_GAN patients, and the exact role of altered microbiota in diabetes-induced gastrointestinal dysmotility has still not been investigated.

To investigate gut microbiota of T2DM_GAN, we collected stool samples from the healthy population, patients with T2DM, and T2DM_GAN and measured their gut microbiota by next-generation sequencing. Through comparing qualitative and quantitative changes in the intestinal flora of the three groups, we expected to screen flora and related functions contributed to the onset of T2DM_GAN.



Subjects and Methods


Standard Protocol Approvals and Patient Consents

The ethics review committee of The First People’s Hospital of Yunnan Province granted this study’s approval. Informed consent was obtained from all the subjects.



Study Population

Participants in the trial were recruited from the Endocrinology department of the First People’s Hospital of Yunnan province in Kunming, China. All the eligible patients had an established diagnosis of T2DM, and the subjects included men and women. Inclusion criteria were the following: (1) age 20–75 years, (2) provision of written informed consent, and (3) meeting the 1999 World Health Organization (WHO) diagnostic criteria for T2DM. Exclusion criteria were (1) systemic antibiotics within 6 weeks before inclusion; (2) use of probiotics, prebiotics, and synbiotic within 3 months before inclusion; (3) daily alcohol consumption >30 g; (4) significant immunodeficiency; (5) serious kidney disease serious; (6) liver disease excluding fatty liver; (7) known cardiac valvular disease; and (8) breastfeeding or pregnancy. In addition, considering the influence of daily diet on gut microbiota, we make sure participants had relatively similar diet structure by questionnaires. Namely, nutritional habits will be assessed using a standardized 14-day recall questionnaire, which will be discussed with a dietician.

The demographic data for the patients with T2DM and T2DM_GAN are summarized in Table 1. The subjects were divided into three groups: T2DM group (n = 73), T2DM_GAN group (n = 27), and normal group (n = 19). Healthy controls included age- and sex-matched cohort with no known disease symptoms.


Table 1 | Characteristic of the patients with T2DM and T2DM-GAN in the study.





Sample Collection and Processing

Height and body weight were measured, and body mass index (BMI) was calculated at the beginning of the study. Blood samples were also collected at recruitment and then detected serum biochemical and blood analysis. The fecal samples were collected and transported to the laboratory using an icebox, stored at −80°C, and extracted DNA for microbiota analysis. Fecal samples were collected from healthy volunteers, who had no abnormality as determined by medical examination.



16S Amplicon Preparation

Microbial DNA was extracted from each stool sample using the QIAamp DNA Stool Mini Kit (Qiagen, USA) as per the manufacturer’s instructions. DNA quality was assessed by agarose gel electrophoresis and NanoDrop™ One. The 16S rRNA gene V4 region was amplified using forward primer F-5′CCTACGGGRSGCAGCAG3′ and reverse primer R-5′GGACTACVVGGGTATCTAATC3′. Amplicon library was created for each sample and performed according to the Illumina MiSeq 16S metagenomic sequencing library preparation protocol. Paired-end sequencing of 16S ribosomal RNA was performed using the Illumina MiSeq platform.



Sequencing and Data Analysis

A significant number of reads were generated by Illumina MiSeq high-throughput sequencer, which was called paired-end reads (raw data) and had a certain proportion of dirty data. The clean data and useful tags could be obtained through quality control and trimming subsequently. Then, the USEARCH method was used to cluster the tags into operational taxonomic units (OTUs) according to 97% similarity. The OTU species annotations were made using the SILVA database (https://www.arb-silva.de/) to obtain each sample’s community composition information.

According to the OTUs clustering results, on the one hand, species annotation was made for the representative sequence of each OTU to obtain the corresponding species information and species-based abundance distribution. Simultaneously, the OTUs were analyzed for abundance and alpha diversity calculation to get the species richness and evenness information in samples information between different groups. On the other hand, multiple sequence alignments could be performed on OTUs and constructed phylogenetic trees. The community structure differences of different samples and groups could be further obtained, displayed by principal coordinates analysis (PCoA) and other dimensionality reduction graphs and sample clustering trees. Finally, PICRUSt2 was used to predict the effect of community that we may better explore the function of intestinal bacteria and characterize better the potential role of the flora of different study populations. Statistics and visualization were obtained by Statistical Analysis of Metagenomic Profiles (STAMP).



Statistics Analysis

All analyses were processed and plotted using QIIME version 1 (http://qiime.org/) and R (https://www.r-project.org/). p ≤ 0.05 was considered as the statistical significance and corrected using false discovery rate (FDR).




Results


Clinical Characteristics of T2DM and T2DM_GAN Patients

According to the WHO diagnostic criteria for T2DM, a total of 118 T2DM patients that cover 36 patients with T2DM_GAN and 19 normal people were recruited. All patients with T2DM_GAN were diagnosed with T2DM for more than 3 years, the longest even over 30 years. Finally, 73 patients with T2DM and 27 patients with T2DM_GAN completed the trial. Eighteen patients with diabetes did not meet the test due to incomplete clinical data including a lack of blood or stool samples.

The significantly different clinical data were calculated using the paired two-tailed Student’s t-test. Compared to the T2DM group, BMI, total bilirubin, unconjugated bilirubin, triglyceride, number of white and red blood cells, hemoglobin, and hematocrit were all strongly lower in the T2DM_GAN group (Table 1, p < 0.05). In addition, age and blood urea nitrogen were substantially higher.



Illumina Sequencing Summary

To characterize the bacterial profiles present in these 119 subjects’ fecal microbiota, we performed next-generation sequencing of the V4 high-variable regions of the 16S rRNA gene with an Illumina MiSeq sequencing platform. The total number of paired-end reads obtained for 119 subjects were 10,535,570. After applying quality control and trimming, we received 8,637,657 high-quality sequences from diabetes patients (including T2DM and T2DM_GAN group) and 1,626,531 sequences from healthy controls, 97.42% of the total reads, and an average of 86,254 ± 7516 sequences per sample. Detailed information on the sequence results of each sample is presented in Supplementary Table 1.



T2DM_GAN Significantly Altered the Gut Microbiota Diversity

Microbiota diversity analysis is valuable for quantifying the bacterial component and relative richness of a specific community. It includes alpha-diversity (intra-community), beta-diversity (inter-community), and gamma-diversity (total regional diversity) in the study of community ecology (Thukral et al., 2019). Alpha-diversity refers to species diversity within communities or within habitats, which can be measured by multiple indicators.

In our study, the index of chao1, observed species, ACE, and PD_whole_tree were dramatically decreased in the T2DM and T2DM_GAN group compared to the normal group (Figures 1A–D). Furthermore, they were significantly increased in the T2DM_GAN group than in the T2DM group. No significant difference in Shannon and Simpson index were observed among the three groups (Figures 1E, F). In addition, a clear distinction was observed among the microbiota communities of the three groups, as shown in the PCoA plot (Figure 2A).




Figure 1 | The alpha diversity of the gut microbiota among the subjects. (A) Chao1 index, (B) observed_species, (C) ACE index, (D) PD_whole_tree, (E) Shannon, and (F) Simpson. One-way ANOVA (normal vs. T2DM vs. T2DM_GAN group), multiple comparisons are performed using FDR correction: *p < 0.05, **p < 0.01, ***p < 0.001.






Figure 2 | T2DM_GAN induce significant changes in the gut microbiota. (A) Unconstrained PCoA (for principal coordinates PCo1 and PCo2) with unweighted UniFrac distance shows that gut microbiota of 119 subjects formed three distinct clusters, which separate along the third coordinate axis (p = 0.001, mrpp). Ellipses cover 80% of the data for each group. (B) Distribution map of relative abundance of each group at the top 5 phyla.





T2DM_GAN Induced Significant Changes in the Gut Microbiota

To assess the impact of T2DM_GAN on gut microbiota composition, we analyzed the composition, abundance, and function of gut microbiota in fecal samples. Based on the clustering results, the vast majority (> 90%) of the sequences in all subjects of the study were found to belong to the three most abundant bacterial phyla, namely, Bacteroidetes, Firmicutes, and Proteobacteria (Figure 2B). In agreement with our results, previous investigations have also reported that those three phyla contribute to the majority of human gut microbiota (Larsen et al., 2010; De Filippo et al., 2010). Relevant differences were found in the proportions of three phyla: Bacteroidetes was more represented in normal than in T2DM and T2DM_GAN patients (65.19% versus 59.13% versus 52.56%, respectively), whereas Firmicutes and Proteobacteria were more abundant in T2DM and T2DM_GAN than in the normal group (26.61% versus 28.10% versus 29.59% and 5.2% versus 6.85% versus 12.61%, respectively). The remaining reads annotated to Fusobacteria, Actinobacteria, Tenericutes,Verrucomicrobia, and other taxonomic phyla (Figure 2B).

Kruskal–Wallis test was used to investigate the difference in gut microbiota composition among the three groups; multiple comparisons were performed using Wilcoxon signed-rank test and corrected using false discovery rate (FDR). A total of 60 marked different bacteria were identified at four levels, and their average relative abundance exceeded 0.1% (Figure 3 and Supplementary Table 2). At phylum level, the proportion of Bacteroidetes was gradually decreased from normal to T2DM and then to T2DM_GAN, but the opposite trend was observed in Actinobacteria. The abundance of Fusobacteria was significantly higher in T2DM group than in T2DM_GAN group (Supplementary Table 2, p = 0.011), but the abundance of Tenericutes were significantly lower (Supplementary Table 2, p = 0.0009).




Figure 3 | Gastrointestinal autonomic neuropathy exacerbates gut microbiota dysbiosis in adult patients with type 2 diabetes mellitus. Kruskal–Wallis test (normal vs. T2DM vs. T2DM_GAN group), multiple comparisons are performed using FDR correction: *p < 0.05, **p < 0.01, ***p < 0.001.



At the family level, 16 families were strongly different among the three groups. The abundance of Lactobacillaceae, Peptostreptococcaceae, and Alcaligenaceae were gradually decreased from normal to T2DM and then to T2DM_GAN of all. In addition, Lactobacillaceae, Enterobacteriaceae, Fusobacteriaceae, and Erysipelotrichaceae in the T2DM_GAN group were less abundant than that in the T2DM group, but the proportion of Christensenellaceae and Streptococcaceae were more abundant (Supplementary Table 2, p < 0.05).

At the genus level, there were 26 genera with significant difference among the three groups. Twenty-one genera in the normal group and 16 genera in the T2DM_GAN group were differentially abundant compared to the T2DM group, with 15 and 10 being upregulated, respectively (Figure 3 and Supplementary Table 2). Most of the dramatically changed genera belonged to the phyla Firmicutes, Bacteroidetes, and Proteobacteria. Specifically, the order Clostridiales within the phylum Firmicutes accounted for 15 of the 26 different genera in the three groups (Supplementary Table 2).

At the species level, 30 species had an average relative abundance of more than 0.1%. Seventeen species were markedly different among the species of the three groups (Figure 3 and Supplementary Table 2). In addition, 11 species in the normal group and 14 species in the T2DM_GAN group were differentially abundant as compared to the T2DM group (Figure 3 and Supplementary Table 2), with 6 and 8 being upregulated, respectively. Interestingly, the species Escherichia_coli which belonged to Enterobacteriaceae family, was the top 3 species on all samples, and its abundance was much higher in the T2DM_GAN than in the other groups. Additional information for the strongly changed species has been listed in Supplementary Table 2.

Biomarkers analysis using linear discriminant analysis effect size (LEfSe) indicated that T2DM patients were characterized by phylum Fusobacteria, class Fusobacteriia, order Fusobacteriales, family Fusobacteriaceae, genus Fusobacterium, genus Lachnoclostridium, and species Fusobacterium_mortiferum (Figure 4). In contrast, the class Gammaproteobacteria, order Enterobacteriales, family Enterobacteriaceae, genus Escherichia-Shigella, genus Megasphaera, species E. coli, species Megasphaera_elsdenii, and others were characteristic in the T2DM_GAN patients (Figure 4).




Figure 4 | The biomarkers characteristic of the gut microbiota among the subjects. (A) Histogram of LDA scores: the height of the column represents the size of the LDA score, and the higher this value, the more significant the impact on the final classification (LDA > 3.5). (B) Cladogram showing differentially abundant taxonomic clades with an LDA score >3.5.



The above analysis have shown that there were differences in gut microbial diversity, complexity, and composition between the patients with T2DM and T2DM_GAN. Whereafter, we identified a few diverse species and taxonomic communities that may play a dominant role in their respective populations. To find the taxonomic bacteria, we performed the Spearman correlation between bacteria and clinical data and displayed as heat map that could examine the relationship between clinical factors and species in T2DM and T2DM_GAN patients (Figure 5). The results showed that Actinobacteria, Bacilli, Lactobacillales, Lactobacillaceae, Lactobacillus, Lactobacillus_ruminis, Lactobacillus_mucosae, Flavonifractor, F. plautii, Bacteroides_nordii, and Bacteroides_caccae were significantly negatively correlated with several clinical data including red blood cells, hemoglobin, and hematocrit, and opposite with age (Figure 5). It is worth noting that most of these bacteria belong to class Bacilli.




Figure 5 | Association between clinical information and microbiota composition at the previously depicted differential bacteria. Notes: *p < 0.05, **p < 0.01, ***p < 0.001. BMI, body mass index; ALT, alanine aminotransferase; AST, aspartate aminotransferase; TBIL, total bilirubin; DBIL, direct bilirubin; UBIL, unconjugated bilirubin; T_CHOL, total cholesterol; HDL_C, high-density lipoprotein cholesterol; LDL_C, low-density lipoprotein cholesterol; FBG, fasting blood glucose; HbA1c, glycosylated hemoglobin; BUN, blood urea nitrogen; WBC, white blood cells; RBC, red blood cells.





Effect of T2DM_GAN on Metabolic Pathways

The functional metagenomic analysis inferred using PICRUSt2 (Douglas et al., 2020) (phylogenetic investigation of communities by reconstruction of unobserved states 2) examined how the bacterial functional profiles differed among disease groups. As we know, PICRUSt2 is a software tool that predicts the functional profile of a microbial community based on 16S rRNA sequences (Douglas et al., 2020). It provides a starting point for understanding functions potentially represented within a microbial community.

In this study, PICRUSt2 predicted a total of 7,060 Kyoto Encyclopedia of Genes and Genomes (KEGG) ortholog (KO) genes from the entire data set and annotated 170 KEGG pathways. These pathways were mainly distributed in the metabolism (81.11%), Genetic Information Processing (12.97%), Cellular Processes (3.15%), Environmental Information Processing (2.02%), Organismal Systems (0.46%), and Human Diseases (0.30%) of the KEGG pathway at level 1 (Supplementary Figure 1). In addition, we used STAMP (Parks et al., 2014) software to depict the general metabolic pathways and compare microbiota functions among the three groups of subjects, highlighting the significant difference in the distribution of metabolic pathways (Figure 6; Supplementary Figures 2 and 3). In T2DM and T2DM_GAN patients, the predicted KEGG pathways that were significantly differently related to two metabolic pathways involved in amino acid metabolism (“alanine, aspartate and glutamate metabolism,” “valine, leucine and isoleucine degradation,” “lysine biosynthesis,” “taurine and hypotaurine metabolism,” “D-glutamine and D-glutamate metabolism”) and carbohydrate metabolism (pentose phosphate pathway, peptidoglycan biosynthesis, glycosphingolipid biosynthesis—lacto and neolacto series) (Figure 6). Overall, the microbial communities presented in the two groups could be distinguished based on their functions. A further discovery was that epithelial cell signaling in Helicobacter pylori infection was significantly reduced in T2DM_GAN patients (Figure 6). Additionally, gut microbiota biomarkers of T2DM patients may be involved in both carotenoid and flavonoid biosyntheses. The gut microbiota biomarkers of T2DM_GAN patients may be associated with both bacterial invasion of epithelial cells and pathogenic E. coli infection (Figure 7).




Figure 6 | The significantly and differentially pathway between T2DM and T2DM_GAN patients. The left X-axis represents different groups, the Y-axis represents the average relative abundance of a species in different groups, and the right represents the confidence interval and p-value.






Figure 7 | Association between differential KEGG pathways and microbiota composition at the previously depicted differential bacteria. Notes: *p < 0.05, **p < 0.01, ***p < 0.001.






Discussion

The composition of the gut microbiota is thought to change during the development of diabetes. However, few reports have utilized sequencing techniques to investigate the dynamical changes in gut microbiota composition of patients with T2DM_GAN. In this study, we demonstrated that GAN exacerbates gut microbiota dysbiosis in adult patients with T2DM and suggested that the development of diabetes can be affected by the gut microbiota. The present study indicated that the intestinal flora could distinguish the normal group from the diabetes patients, including patients with T2DM and T2DM_GAN. Furthermore, our results showed that the diversity of diabetic patients is lower than that of the normal individuals. This finding was consistent with previous studies; low richness of gut microbiota had been reported in patients with inflammatory bowel disorder (Qin et al., 2010), elderly patients with inflammation (Claesson et al., 2012), and obese individuals (Le Chatelier et al., 2013), and increased risk of pre-diabetes, T2DM, and ischemic cardiovascular disorders (Le Chatelier et al., 2013).

Microbiological testing of stool samples indicated that there are qualitative and quantitative differences in the composition of the gut microbiota among the subjects. Despite considerable variation found in different individual’s microbiota, the predominant phyla of bacteria in subjects were Bacteroidetes and Firmicutes, which account for >90% of the total gut microbiota in normal people. The rest of the phyla were Proteobacteria, Fusobacteria, Actinobacteria (e.g., Gram-positive anaerobic bacilli Bifidobacterium), and Verrucomicrobia (e.g., Gram-negative anaerobic oval-shaped bacteria Akkermansia) (Salamon et al., 2018). These results corroborated the findings of a great deal of the previous work (Shen et al., 2013; Blandino et al., 2016; Salamon et al., 2018).

The dominant bacterial species largely determine the function of the gut microbiota community. Thus, understanding the species composition at different taxonomic levels can effectively interpret the formation and change of the community structure in T2DM_GAN patients. In the present study, we found that the most significant difference in intestinal microbiota between T2DM and T2DM_GAN patients mainly came from the phyla Fusobacteria and Proteobacteria (Figure 2B and Supplementary Table S2).

On the one hand, we first discussed the effect of Proteobacteria in detail. The T2DM_GAN patients were represented by enriched class Gammaproteobacteria, order Enterobacteriales, family Enterobacteriaceae, genus Escherichia-Shigella, genus Megasphaera, species E. coli, species M. elsdenii, and others (Figure 4). It is generally known that Proteobacteria blooms in the intestine, reflecting an unstable microbial community structure and a host disease state. The members of Proteobacteria, a rich source of lipopolysaccharides (LPS) (Round and Mazmanian, 2009), lead to diabetes through playing a vital role in increasing the level of proinflammatory cytokines and impairing pancreatic beta-cell function (Han et al., 2018). Several reports have shown increased Proteobacteria and its members associated with inflammatory bowel disease (IBD), irritable bowel syndrome (IBS), and ileal Crohn’s disease (CD) (Morgan et al., 2012; Gevers et al., 2014; Lane et al., 2017; Salem et al., 2018). For example, there was an increase in Enterobacteriaceae, Pasteurellacaea, Veillonellaceae, and Fusobacteriaceae in pediatric CD patients (Gevers et al., 2014). Moreover, there was an increased abundance of pathogenic anaerobic organisms including Enterobacteriaceae, Fusobacteriaceae, Escherichia_coli, and Fusobacterium in IBS patients (Gevers et al., 2014; Lane et al., 2017). Meanwhile, Salem et al. (2018) summarized the evident differences in gut microbiota between IBS patients and normal volunteers in that Enterobacteriaceae, Proteobacteria, Veillonella, and Firmicutes aerobes increased and aerobic bacteria decreased. In conclusion, species belonging to the phyla Proteobacteria would be associated with gastrointestinal symptoms. It is interesting to note that the correlation of this study also found that the dominant bacteria in T2DM_GAN patients, Proteobacteria phylum and its members, were likely to be involved in bacterial invasion of epithelial cells and pathogenic E. coli infection.

On the other hand, we will gain insight into Fusobacteria and the related effects. The phylum Fusobacteria, class Fusobacteriia, order Fusobacteriales, family Fusobacteriaceae, genus Fusobacterium, genus Lachnoclostridium, and species F. mortiferum were characteristics in the T2DM patients (Figure 4). Moreover, prior studies have noted the importance of Fusobacteria phylum and its members in other diseases. For instance, the research of Ahmad et al. also detected an abundance of phyla Fusobacteria in the obese-T2DM samples (Ahmad et al., 2019). Tahara et al. have revealed that Fusobacterium is a clinicopathological feature for UC patients in Japan (Tahara et al., 2015). The invasive ability of Fusobacteria was positively correlated with IBD severity of the host (Weingarden and Vaughn, 2017; Ma et al., 2018). Studies have shown that the class Fusobacteria is a kind of adherent and invasive bacteria (Yang et al., 2020) and plays a crucial role in energy production, mounting adhesiveness to host epithelial cells, and inflammation responses. Its high abundance was contributing significantly to T2DM and other diseases (Ahmad et al., 2019). Further analysis found that those microbiota, represented by phylum Fusobacteria in T2DM patients, may be involved in carotenoid biosynthesis and flavonoid biosynthesis. Carotenoids are one of the lipids that are bioactive and well recognized for their antioxidant activities and regulation of cellular growth and immune response (Al-Ishaq et al., 2020). Flavonoids, natural phenolic compounds found abundantly in fruits and vegetables, were reported to have potentially anti-neurodegenerative, anti-inflammatory, anti-cardiovascular activities and anticancer abilities (Al-Ishaq et al., 2021). In addition, several studies have shown that Fusobacterium_nucleatum is an emerging pathogen, which has been implicated as a causal microbe in several diseases of the gastrointestinal tract, including CD and colorectal cancer (Cochrane et al., 2020). Therefore, according to these data, we boldly inferred that Fusobacteria and its members might influence occurrence and progression of GAN in T2DM patients. Although we know that this microbe can cause illness, how it does this remains enigmatic. Further investigations are needed to identify the detailed mechanism.

Subsequently, we found that pathways mainly related to amino acid metabolism and carbohydrate metabolism were significantly different between the T2DM and T2M_GAN patients. Several previous studies have shown that essential amino acids metabolic pathways seem to be associated with obesity and insulin resistance (Ridaura et al., 2013; Sanmiguel et al., 2015). In addition, because the intestine is the main site for nutrient absorption, when the bacteria in the intestine are significantly increased, they often cause gastrointestinal symptoms, affect the absorption of carbohydrates and fats, and worsen intestinal inflammation (Yao et al., 2016). In reviewing the literature, amino acids could affect immune responses either directly or indirectly through their metabolites (Li et al., 2007). Therefore, changes in these amino acid metabolism pathways could be a result of the body’s antiviral response. Although the microbiota functional differences among the normal, T2DM, and T2DM_GAN groups were not experimentally confirmed in our study, the predicted metagenomic pathways had significant differences, which could provide meaningful information for the microbial role of relating gastrointestinal symptoms.

Notably, although this study was the first to compare the gut microbiota between the patients with T2DM and T2DM_GAN, it still has certain limitations. First, the sample distribution of the subjects was uneven, and there were big differences in age and BMI among patients. However, this difference was mainly due to the clinicopathological characteristics of T2DM and T2DM_GAN patients. T2DM_GAN is an intestinal complication of T2DM, and the long-term disease state is one of its causes. In addition, patients with T2DM_GAN may experience a variety of burdensome symptoms, including dysphagia, indigestion, pain, abdominal distension, diarrhea, constipation, fecal incontinence, vomiting, and weight loss, all of which can adversely affect the quality of life. Studies have reported that 70 years old was considered the threshold age for defining an individual as elderly because the gut microbiota may undergo major changes at this time (Odamaki et al., 2016). Second, another limitation was a lack of clinical data for the normal people in the study. Unfortunately, the blood samples of normal individuals could not be collected during the study period. Therefore, we only performed a correlation analysis for fecal samples and clinical data between T2DM and T2DM_GAN. The microbial community’s composition depends on its colonization location and is affected by other several factors, such as the genetic, living environment (continent, climate), age, and diet (Vallianou et al., 2018). A limitation of our study is the lack of detailed nutritional data for participants. However, based on the same hospital participators, we could assume that their nutrition was no different. Therefore, to further determine the sequential changes in gut microbiota in T2DM_GAN patients, larger, more comprehensive, and complete experiments are needed.

Despite these limitations, our data still provided a novel better understanding of gut microbiota’s role in developing T2DM and its complication. The gut microbiota may be related to the pathological state or severity of diabetes, and microflora interventions; for example, probiotics, prebiotic treatments, and stool transplantation was of great significance for treating and preventing complications of T2DM. Especially in the stage of T2DM, targeting related bacteria may better prevent the occurrence and development of complications.



Conclusions

Gastrointestinal autonomic neuropathy exacerbates gut microbiota dysbiosis in adult patients with T2DM, and the most significant difference between them mainly came from the phyla Fusobacteria and Proteobacteria. The former is a kind of Gram-negative bacteria, which was the most abundant in the T2DM population. The latter is an LPS-producing bacteria phylum, which was dramatically more in the T2DM_GAN group than in other groups. To be specific, T2DM patients were characterized by phylum Fusobacteria, class Fusobacteriia, order Fusobacteriales, family Fusobacteriaceae, genus Fusobacterium, genus Lachnoclostridium, and species F. mortiferum. In contrast, the class Gammaproteobacteria, order Enterobacteriales, family Enterobacteriaceae, genus Escherichia-Shigella, genus Megasphaera, species E. coli, species M. elsdenii, and others were characteristic in the T2DM_GAN patients (Figure 3). Furthermore, there were significant changes in pathways mainly related to amino acid metabolism and carbohydrate metabolism in T2DM and T2M_GAN patients. A characteristic of gut microbiota in T2DM patients is that they may be involved in carotenoid and flavonoid biosynthesis and that of T2DM_GAN patients may be involved in bacterial invasion of epithelial cells and pathogenic E. coli infection.
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The commensal microbiome refers to a large spectrum of microorganisms which mainly consists of viruses and bacteria, as well as some other components such as protozoa and fungi. Epstein–Barr virus (EBV) is considered as a common component of the human commensal microbiome due to its spread worldwide in about 95% of the adult population. As the first oncogenic virus recognized in human, numerous studies have reported the involvement of other components of the commensal microbiome in the increasing incidence of EBV-driven cancers. Additionally, recent advances have also defined the involvement of host–microbiota interactions in the regulation of the host immune system in EBV-driven cancers as well as other circumstances. The regulation of the host immune system by the commensal microbiome coinfects with EBV could be the implications for how we understand the persistence and reactivation of EBV, as well as the progression of EBV-associated cancers, since majority of the EBV persist as asymptomatic carrier. In this review, we attempt to summarize the possible mechanisms for EBV latency, reactivation, and EBV-driven tumorigenesis, as well as casting light on the role of other components of the microbiome in EBV infection and reactivation. Besides, whether novel microbiome targeting strategies could be applied for curing of EBV-driven cancer is discussed as well.
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Introduction

Epstein–Barr virus (EBV) could be considered as a component of the human microbiome as a consequence of its roughly sustaining 95% of the adult populations worldwide, and majority of it persists lifelong as an asymptomatic carrier (Dreyfus, 2013; Young et al., 2016; Connolly et al., 2021). In addition, EBV is the first identified human oncogenic virus (De Martel et al., 2020) which was discovered 50 years ago (Young et al., 2016). The importance of EBV reactivation is emphasized in the progression of EBV-driven carcinogenesis since the antibodies for capsid antigen and EBV-DNase of EBV were observed to be increased prior to the tumorigenesis in nasopharyngeal carcinoma (NPC) (Chien et al., 2001). Therefore, factors which might induce the EBV reactivation will be emphasized in this review for the pathogenesis of EBV-driven cancers.

The commensal microbiome refers to the diverse microorganisms, which consist mainly of bacteria and virus, as well as other components such as archaea, fungi, and protozoa that colonize barrier surfaces of different niches of mammals, such as the skin, vaginal, upper respiratory, and gastrointestinal tracts (Lloyd-Price et al., 2016; Barko et al., 2018). For the past few years, microbiome studies focus mainly on the composition and function of bacteria and archaea (Carding et al., 2017; Nikolich-Zugich et al., 2017). However, recent virome studies emphasized that viruses, which are abundant in divergent tissues (such as oral cavity, skin, gut, and blood) as well as in the feces of individuals in sickness and in health (Norman et al., 2015; Neil and Cadwell, 2018; Schmidt, 2018; Clooney et al., 2019), are the largest proportion of the human microbiome instead of bacteria (Wylie et al., 2012). The virome of human, which consists of diverse viruses that could infect not only eukaryotic cells but also prokaryotic cells (Handley, 2016), is an important factor in host health and diseases (Cadwell, 2015).

As EBV is sustained in almost all adult humans, it is puzzling why only a few of them evolved to induce malignant transformation. Some cooperative triggers must occur in the tumorigenesis of EBV-driven cancers. In the 1960s, the role of the commensal microbiome in modulating virus infections was first suggested (Robinson and Pfeiffer, 2014). The susceptibility of host to virus infection was enhanced in germ-free (GF) mice. Over the past few years, host–microbiota interactions have been reported to be fundamental for the regulation and maintenance of the mammalian immune system (Belkaid and Hand, 2014; Belkaid and Harrison, 2017; Rowan-Nash et al., 2019), which could be the implication for how we understand the persistence and reactivation of EBV, as well as the progression of EBV-associated cancers. In the present review, we aimed to discuss the impact of the microbiome on EBV infection. In addition, we focus on how the microbiome reactivates latently infected EBV and pertain to the etiology of EBV-driven cancers in patients who could be with asymptomatic life-long infection.



EBV Infection and EBV-Associated Cancers

EBV is a globally spread virus that infects and persists lifelong in about 95% of the world’s population (Torniainen-Holm et al., 2018). The life cycle of EBV includes a latent infection phase, during which the virus persists by attaching to the host chromosomes, and a lytic replication phase, predominantly occurring in oropharyngeal epithelial cells (Hochberg et al., 2004) (shown as Figure 1). During the latency, a few EBV viral promotors are dynamically regulated, and the latency of EBV is classified from latency 0 to 3 according to the differential expressed sets of viral genes in a cell-dependent manner (Woisetschlaeger et al., 1990; Ohga et al., 2002). The latent EBV genomes are spontaneously reactivated by various stimuli, including pathogenic infections and other commensal microbiomes. The virion episome is spliced to linear and released from infected cells during the transformation of EBV latency into a lytic/replicative phase.




Figure 1 | The life cycle of EBV and the role of gene expression in a latent or lytic phase. EBV is normally spread by saliva, then it first enters into the oropharyngeal epithelia cells. During the latent infection phase, EBV DNA persists by attaching to the host chromosomes, and the expression of BZLF1 is vital in the EBV reactivation which would promote the expression of early and late lytic genes. Reactivated EBV are cleaved, packaged, and released outside of the infected cell.



EBV harbors high tumorigenic potential preferentially infecting B-cells, T-cells, natural killer (NK) lymphocytes, and epithelial cells, steadily promoting the uncontrolled proliferation of infected cells (Miller and Lipman, 1973a; Miller and Lipman, 1973b), leading to a wide spectrum of EBV-positive cancers (Cai et al., 2015). According to the EBV-infected cell type involved in the tumorigenesis, the divergent EBV-driven cancer could be grouped into three mainly groups, including lymphoproliferative disorders (LPD) (Heslop, 2020), epithelial malignancies (Yamaguchi et al., 2018), and lymphoepithelioma-like carcinoma (LELC) (Ose et al., 2021) (Table 1).


Table 1 | The EBV-driven cancers and the involvement of coinfections.





Maintenance of EBV Latency

The latency of EBV has been grouped according to the immune status of the patient and expression of EBV proteins (Carbone et al., 2008; Taylor et al., 2015), and the differences among these latency groups determine the treatment responses of EBV. Latency 0 only expresses the EBV-encoded messenger RNA (EBER) and BamH1-a rightward reading frame transcript (BART) in cells of healthy previously infected individuals. In Burkitt lymphoma, gastric cancer, HIV-associated diffuse large B-cell lymphoma (HIV-DLBCL), and approximately two-thirds of nasopharyngeal carcinoma, EBV exists in a latency 1 pattern and only expresses EBV-nuclear antigen 1 (EBNA1), EBER, and BARTs (Tempera and Lieberman, 2014), thereby evading immune responses to EBV (Burkitt, 1958; Arvey et al., 2015). Latency 3, which persists only in severely immunocompromised hosts such as EBV-positive post-transplant lymphoproliferative disorder (PTLD), expresses all virus-specific latent nuclear antigens and membrane proteins (Gottschalk et al., 2005; Lacasce, 2006). For latency 2, late membrane protein-1 (LMP1) is expressed in addition on the basis of latency 1, and this phase has been observed in Hodgkin, some nasopharyngeal carcinoma, and so on (Sekihara et al., 2014). As a consequence of the restricted antigen expression, EBV-CTLs (Bollard et al., 2014) which act well in latency 2 fail in latency 1 tumors.

During the viral infections, many viruses would enter the latency state with their genetic materials integrated into the genome of the infected cells (Nikolich-Zugich et al., 2017) and regulate the host immune system (Virgin, 2014). Viral infections are reported to modulate the host immune system by stimulating the production and release of a variety of cytokines, including interferon and other cytokines such as interleukin (IL)-10 (Nikolich-Zugich et al., 2017). As for the role of EBV in infected hosts, EBV and related herpesvirus are assumed to encode a copy of human cytokines that regulate the host immune system to satisfy their own colonization and expansion needs (Irons and Le, 2008; Slobedman et al., 2009). A human IL-10-like protein that acts in the TH2 family was reported to be encoded by EBV (Hsu et al., 1990; Macneil et al., 1990; Moore et al., 1990). The LMP1 expression of EBV could act as the tumor necrosis factor (TNF) receptors to transmit the growth signals through TNF-receptor-associated factors (TRAFs) (Liebowitz, 1998) and thus is vital for the EBV-induced tumorigenesis (Iwakiri et al., 2013). EBER was reported to act as a substitute of interferon and induce the expression of IL-9/10 and insulin-like growth factor, resulting in the promotion of EBV-infected cells growth (Kitagawa et al., 2000; Iwakiri et al., 2003; Yang et al., 2004; Iwakiri et al., 2005).

It is vital to elucidate the mechanisms involved in the EBV reactivation since the chronic EBV reactivation is considered as a key mechanism in the pathogenesis of EBV-driven or -associated cancers.



Reactivation of Latent EBV

Despite that mechanisms for EBV latency have been clarified, those required to reactivate latent EBV have not yet been elucidated well. Since reactivation of latent EBV is associated with EBV-driven cancers (Chien et al., 2001), the further understanding of the mechanisms that promote EBV reactivation is of great significance for revealing the pathobiology of EBV-driven cancers and developing novel therapies against it. The epigenetic regulation such as deacetylation by histone deacetylases (HDACs) is reported to play central roles in viral latency and reactivation (Li et al., 2007; Berger, 2007). EBV tends to establish a latency state in infected cells, and once transformed to the lytic replication cycle, cells are regulated by the “open” and “closed” conformations of chromatin (Tsurumi et al., 2005; Murata et al., 2021). For the maintenance and disruption of EBV latency, HAT and HDAC take part in the post-translational modification (hypoacetylation) of DNA-associated histone in the BZLF1 promoter (Liu et al., 1997a; Liu et al., 1997b; Gruffat et al., 2002). Besides, methylation also plays an important role in EBV latency maintenance (Murata et al., 2012; Imai et al., 2014).

During lytic infection, the viral genome of EBV is amplified up to 1,000-fold and expresses a variety of EBV genes to maintain the cell cycle progression in the S-phase which is necessary for viral replication (Tsurumi et al., 2005). The expression of the BamHI Z/R fragment leftward open reading frame 1 (BZLF1/BRLF1) genes can induce the lytic cycle by cascade transactivating both early and late EBV genes (Speck et al., 1997; Tsurumi et al., 2005; Murata et al., 2021). For the final step of the EBV lytic cycle, the virion genome is replicated, cleaved, packaged, and released to infect other susceptible cells (Tsurumi et al., 2005). During the EBV infection, the expressions of LMP1 and EBNA2 (Sekihara et al., 2014) during the lytic/replicative phase are considered as oncogenic; thus, regulation of LMP1 and EBNA could suppress the tumorigenesis.



Implication of Diverse Microbial Interacts With EBV in EBV-Driven Cancers


Coinfections of Other Components of Microbiome and EBV in EBV-Driven Cancers

Despite that EBV can transform lymphocyte and other cells to tumorigenesis, it is puzzling why the prognosis of patients with EBV-positive gastric adenocarcinoma or HL is often better than that of patients with EBV-negative cancers (Van Beek et al., 2004; Keegan et al., 2005), which still has not been elucidated. Previously, the interplays between EBV and other components of the microbiome which could contribute to EBV-driven cancers will be discussed here.

EBV-associated cancer is often associated with coinfections that regulate the host immune system. The higher EBV loads were reported in the peripheral blood of HIV-infected individuals (Yan et al., 2018), which leads to the development of EBV-associated cancers, such as lymphomas (Dolcetti et al., 1995; Vaghefi et al., 2006). Investigations also revealed an elevated EBV load in continuously Plasmodium falciparum-exposed children (Moormann et al., 2005; Njie et al., 2009). Using the 16S gene ribosomal RNA sequencing, a divergent expression of the gut microbiota KEGG functional pathway was described in the fecal samples of patients with EBVaGC, when compared with those with EBVnGC (Wang et al., 2019a). The coinfection with the dengue virus resulted in an increasing EBV replication in the blood cells (Deng et al., 2021). EBV has also been reported to coinfect with other secondary human pathogens such as HCMV (Jakovljevic et al., 2015), influenza virus, adenovirus, and severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), (Wang et al., 2010; Nadeem et al., 2021).



Coinfections of Other Components of Microbiome Could Induce the EBV Reactivation and Lead to EBV-Driven Cancers

The mechanistic studies for the promotion of EBV reactivation and EBV-driven tumorigenesis by coinfections have been explored. When the hospitalized patients were coinfected with EBV and HCV, the immune responses could be dampened (Shoman et al., 2014). The PI3K signaling pathway was first reported to play a role in DENV-2’s reactivation of EBV (Deng et al., 2021). Studies suggested that cytotoxic lymphocytes can prevent the tumorigenesis of asymptomatic EBV carriers since a higher viral load and the latency III infection program were induced in the circumstances that the CD8+/CD4+ T cells and NK cells were inhibited or depleted (Murer et al., 2019; Münz, 2021). The regulation of host CD8+/CD4+ T cells and NK cells by coinfected pathogens has also been explored in EBV-driven cancers.


HPV Coinfects With EBV Leading to Carcinomas

HPV is reported to cause a large spectrum of carcinomas, and in some cases, it coinfects with EBV (Polz-Gruszka et al., 2015; Kienka et al., 2019). It still remains to be explored whether the coinfection is the etiology or just a phenomenon which is not causality. HPV/EBV coinfection was reported to present in some of prostate cancer (PCa) cases (Nahand et al., 2021), oral carcinogenesis (Blanco et al., 2021), cervical cancer (Feng et al., 2021), breast cancer (Nagi et al., 2021), and nasopharyngeal carcinoma (NPC) (Blanco et al., 2021) (shown in Table 1). The cytokine expression profile of PCa cases with HPV and EBV coinfection was quite different from that only infected with HPV or EBV. The differential expression profile suggests that HPV and EBV coinfection could be an etiology for the development of PCa. EBV could also play an important role in the integration of the HPV genome (Nahand et al., 2021). When co-expressed with low-risk HPV E6/E7 (HPV 6/11), EBV LMP-1 failed to induce the malignant transformation as that co-expressed with high-risk HPV E6/E7 (in primary mouse embryonic fibroblast (MEF) cells (Shimabuku et al., 2014; Blanco et al., 2021). However, the co-expression was proved to lead to precancerous lesions (Uehara et al., 2021) since it promoted the accumulation of DNA damage-related somatic mutations.



Malaria Coinfects With EBV Leading to Endemic Burkitt Lymphoma

For the past few years, coinfection of Plasmodium falciparum and EBV has been described to lead to the commonest pediatric cancer—endemic Burkitt lymphoma (eBL)—in equatorial Africa (Moormann and Bailey, 2016; Quintana et al., 2020) (shown as Table 1). Once infected with Plasmodium falciparum, an increased viral load could be induced by reactivating EBV and impairing the IFN-γ signal in children (Moormann et al., 2005; Moormann et al., 2007). Additionally, the repeated or prolonged malaria infection was also considered to disturb the immune surveillance directed by EBV-specific T/NK cell (toward EBNA1) in eBL (Forconi et al., 2018; Forconi et al., 2021). Malaria infection was known to activate EBV in affected children (Reynaldi et al., 2016) and induce the EBV replication by initiating the B-cell receptor (BCR) signal pathway (Chêne et al., 2007). Coinfection with Plasmodium falciparum was reported to induce infected B cells into a differential phase, resulting in the occurrence of c-myc translocation.



KSHV Coinfects With EBV in Primary Effusion Lymphoma and Kaposi Sarcoma

Kaposi sarcoma-associated herpesvirus (KSHV) which belongs to the γ-herpesvirus also coinfects with EBV in Kaposi sarcoma and primary effusion lymphoma (PEL) (2019; Mariggiò et al., 2017) (shown as Table 1). The simultaneous coinfection of EBV and KSHV was believed to promote the sustenance of KSHV both in vivo (Mchugh et al., 2017; Caduff et al., 2021) and in vitro (Bigi et al., 2018). Additionally, the gene expression profile of PEL with coinfection of KSHV and EBV was divergent from that found in lymphomas which only carry EBV (Mchugh et al., 2017; Caduff et al., 2021). When coinfected with EBV in B cells, KSHV seemed to reactivate EBV (Mchugh et al., 2017). The fact that KSHV-coinfected EBV which was lytic replication deficient failed to induce lymphoma in mice favors that EBV reactivation is vital for EBV-driven tumorigenesis (Mchugh et al., 2017; Caduff et al., 2021). Besides for reactivating EBV in the host, KSHV coinfection was also reported to influence the NK cell differentiation (destined to CD56-negative NK cells) so as to assist replication as well as expansion pf lytic EBV (Caduff et al., 2021; Alari-Pahissa et al., 2021; Pánisová et al., 2022).



HIV Coinfects With EBV Contributing to B Cell Lymphoma

The coinfection of human immunodeficiency virus (HIV) and EBV exists in a large variety of lymphoma such as Burkitt lymphoma, Hodgkin’s lymphoma, diffuse large B cell lymphoma, PEL, and primary CNS lymphoma (Verdu-Bou et al., 2021) (shown as Table 1). The depletion of CD4+ T cells and senescence of CD8+ T cells are common in HIV carriers, which could contribute to the deficiency of EBV-specific T cell immune responses in EBV-driven lymphoma (Piriou et al., 2005; Hernández et al., 2018). The EBV control was reported to be compromised in EBV-driven lymphoma which coinfected with HIV due to the deficient EBNA1-specific CD4+/CD8+ T cells (Münz et al., 2000; Piriou et al., 2005; Mavilio et al., 2005), as well as the differentiation of NK cells to a CD56-negative NK cell without protective effects (Mavilio et al., 2005; Cao et al., 2021) in HIV carriers. Besides, the induction of the apolipoprotein B mRNA-editing enzyme, catalytic polypeptide-like (APOBEC) family, which was clarified as a DNA-modifying enzyme in HIV coinfection, might be another trigger for EBV-driven lymphoma by somatic mutation accumulation (Venkatesan et al., 2018). Furthermore, the cooperation between HIV and EBV in HIV-related lymphoma has been speculated, with HIV likely contributing to the generation of a permissive microenvironment for EBV infection, and the differentiation and survival of infected B-cells (Verdu-Bou et al., 2021).





Other Commensal Microbiome Could Interact With EBV in EBV-Driven Cancer by Regulating the Immune System

The depletion of CD8+/CD4+ T cells and NK cells is reported to promote the occurrences of EBV-driven cancers (Murer et al., 2019; Münz, 2021), and extra evidence has also been claimed that the coinfection of EBV and some pathogen could have induced the EBV reactivation and impaired the EBV-targeted immune cell response. The commensal microbiota is considered as fundamental for the development of secondary lymphoid structures, as well as the differentiation, maturation, and function of T and B cells including virus-specific effector CD4+ and CD8+ T cells, FoxP3+ CD4+ T regulatory cells (Tregs) and Th17 cells, CD4+ helper T cells, and B cells (Hill and Artis, 2010; Furusawa et al., 2013; Khosravi et al., 2014; Josefsdottir et al., 2017; Luu et al., 2018; Zhao and Elson, 2018; Lee et al., 2021). It is reasonable to believe that other commensal microbiota coinfection with EBV could also be a trigger for EBV-driven cancer.

The disturbance of commensal microbiota is reported to result in impaired lymphoid tissue development and alter susceptibility to infectious diseases (Abt and Artis, 2009; Atarashi et al., 2011; Pickard et al., 2017). For example, the colonization of segmented filamentous bacteria (SFB) in the intestine is associated with increased CD4+ T helper 17 cells in the intestine (Wang et al., 2019b). The oral colonization of Lactobacillus paracasei has also been reported to induce an increased number of tissue resident and circulatory myeloid cells in mice lungs (Belkacem et al., 2017).


The Commensal Microbiota Is Likely to Prime Type I IFN-Dependent Antiviral Immune Responses in EBV Infection

The binding of pattern recognition receptors (PRRs) to conserved ligands of commensal microbiota which are termed microbe-associated molecular patterns (MAMPs) is reported to shape and modulate host immune responses (Chu and Mazmanian, 2013). The MAMPs of virus, bacteria, protozoa, and fungi could bind to specific PRR, thus priming the type I IFN response (Ito et al., 1976; Abt et al., 2012; Ganal et al., 2012), which is the central component of virus control (Forero et al., 2019), and the production of divergent cytokines such as TNF-α and IL-6 (Ma et al., 2018; Winkler and Thackray, 2019). For example, in mice treated with antibiotics, the type I IFN response was diminished in peritoneal macrophages (MO) (Abt et al., 2012), resulting in the impaired ability to stimuli such as lipopolysaccharide (LPS), influenza virus (IAV), and lymphocytic choriomeningitis virus (LCMV).



The Possible Role of the Commensal Microbiota in Priming Cell-Mediated Innate and Adaptive Immune Responses During EBV Infection

Numerous studies using antibiotic-treated and germ-free mice have declared that commensal microbiota could influence the generation of a diverse spectra of adaptive cells, such as virus-specific T cells and B cells. It was reported that the numbers of virus-specific CD4+ and CD8+ T cells toward hepatitis B virus (HBV), IAV, LCMV, and West Nile virus (WNV) were reduced in antibiotic-treated mice (Ichinohe et al., 2011; Abt et al., 2012; Chou et al., 2015; Jiang et al., 2017; Thackray et al., 2018). In the meantime, the virus-specific antibody response also diminished in the same series of studies in antibiotic-treated mice. As for the EBV infection, it remains to be explored whether the diminished virus-specific T/B cells would impair the control of EBV infection and result in EBV-driven cancers. In addition, there are fewer CD103+ DCs with impaired antigen-presenting capacity (a required site of antiviral CD8+ T cell priming) of naïve antibiotic-treated mice (Ichinohe et al., 2011; Thackray et al., 2018). Moreover, NK cells of antibiotic treated mice were impaired in the production of IFN-γ and cell-mediated cytotoxicity despite the maintenance, resulting in increased virus titers during murine cytomegalovirus infection (MCMV) (Ganal et al., 2012). The gut microbiota reconstitution for germ-free mice successfully protected mice from IAV and LCMV infection, suggesting an important role of microbiota in regulating pro-inflammatory cytokine responses during systemic virus infection (Ichinohe et al., 2011; Abt et al., 2012).



Commensal Microbiota Could Promote the EBV Reactivation as well as EBV-Driven Cancers by Microbial-Derived Metabolites

Numerous studies have proposed that the diverse metabolites produced by host microbiome components might play a key role in the regulation of host health as well as cancer progression as reviewed by Cogdill et al. (2018). In the meantime, the concrete mechanisms behind the relationship between microbiome and cancer need further cautious explorations. The commensal microbia-derived metabolites play an important role in the regulation of host immunity (Levy et al., 2017) during the systemic virus infection. Recently, Steed et al. found that oral administration of the human-associated commensal gut bacteria Clostridium orbiscendens or its production, desaminotyrosine (DAT), could protect mice from lethal IAV infection through reduced immunopathology in the lung in a phagocyte-dependent process potentially through augmentation of the Type I IFN amplification loop  (Steed et al., 2017). The reactivation of EBV is known to be a vital step for the onset of EBV-related cancers. In addition to the coinfection of EBV and pathogens such as HIV, HPV, and others listed in Section 4, previous studies have reported an increased EBV replication in populations colonized with Gracilibacteria and Abiotrophia (Urbaniak et al., 2020). However, the key trigger for EBV reactivation and impairment of EBV control still remains to be explored.

It is reported that P. gingivalis and F. nucleatum can take part in the regulation of acetylation and deacetylase for histone, thus reactivating the EBV by modulating the BZLF1 promoter in EBV-infected cells (Imai et al., 2012a; Imai et al., 2012c). Butyrate (BA), which belongs to a short-chain fatty acid (SCFA) family (Louis et al., 2010; Imai et al., 2012b), was reported to be excreted by P. endodontalis and F. nucleatum in EBV carriers, and leads to the occurrences of periapical periodontitis (Makino et al., 2018; Himi et al., 2020). In addition, studies have also declared that the intraperitoneal injection of BA in EBV-driven cancers accelerates the expression of ZEBRA expression and reactivate the lytic EBV replication (Westphal et al., 1999; Westphal et al., 2000). A significantly higher level of BA has also been observed in the saliva of EBV-infected patients with BZLF1 transcription induction and lysine acetylation of histone H3 (Koike et al., 2020). In a word, BA is possibly a key trigger for EBV switching to reactivation and priming the EBV-driven cancers. However, Whether the reduction of BA-producing bacteria in host could be a possible treatment for EBV-driven cancer and how to achieve it remain to be explored.




The Regulation of Commensal Microbiota Could Be a Target for Treatment of EBV-Driven Cancers

As for the treatment of EBV-driven cancers, studies have tried to develop some EBV-targeted therapies in addition to traditional chemotherapy and radiotherapy. However, limit progressions have been made by targeting the deregulated signal pathway in EBV infection or focusing on the drugs targeting EBV antigens, such as EBNA1 (Thompson et al., 2010; Messick et al., 2019). Up to now, no vaccine against EBV has been made successfully (Dugan et al., 2019; Cai et al., 2021). The application of nucleoside analogs which could act during the lytic phase of EBV, such as ganciclovir and zidovudine, in addition to IL-2 and CAR-T treatment, worked well in EBV-positive PCNSL (Aboulafia et al., 2006; Dugan et al., 2019). For latent EBV-driven cancer, the induction of the EBV lytic phase could be a rationale chosen, and BA was reported to take effect in refractory EBV-driven lymphoma (Ghosh et al., 2007; Perrine et al., 2007). Therefore, whether there would be another microbial product that could be efficient in the treatment of EBV-driven cancer needs further exploration. In recent years, increasing evidence suggested that the microbiome could regulate the host responses toward anticancer therapy, including chemotherapy, radiation, and targeted therapy (Cogdill et al., 2018). A recent study of advanced colorectal cancer reported that the diversity of blood microbiota influences the host response to chemotherapy and adoptive T cell immunotherapy (Yang et al., 2021). Consequently, whether the regulation of microbiome constitution would favor the therapeutic efficiency in EBV-driven cancer also needs to be explored.



Concluding Remarks

Over the past few years, the roles of the commensal microbiome in modulating host immunity have been studied (Brosschot and Reynolds, 2018; Neil and Cadwell, 2018). The function of the commensal microbiome ranges from aiding in metabolism to competing with invasive pathogens (Abt et al., 2012; Belkaid and Hand, 2014). EBV, as a member of the commensal microbiome, has also been reported to regulate the host immune system and interact with other components of the microbiome. Some of these interactions are considered to induce the reactivation of EBV. However, a more thorough understanding of the molecular mechanisms by which specific constituents of the commensal microbiota would promote the reactivation of EBV, as well as driven EBV-associated cancers, is in great need.
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Objectives

Doxorubicin (Dox), a chemotherapeutic anthracycline agent for the treatment of a variety of malignancies, has a limitation in clinical application for dose-dependent cardiotoxicity. The purpose of this study was to explore the relationship between the composition/function of the gut microbiota and Dox-induced cardiotoxicity (DIC).



Methods

C57BL/6J mice were injected intraperitoneally with 15 mg/kg of Dox, with or without antibiotics (Abs) administration. The M-mode echocardiograms were performed to assess cardiac function. The histopathological analysis was conducted by H&E staining and TUNEL kit assay. The serum levels of creatine kinase (CK), CK-MB (CK-MB), lactic dehydrogenase (LDH), and cardiac troponin T (cTnT) were analyzed by an automatic biochemical analyzer. 16S rRNA gene and metagenomic sequencing of fecal samples were used to explore the gut microbiota composition and function.



Key Findings

Dox caused left ventricular (LV) dilation and reduced LV contractility. The levels of cardiomyocyte apoptosis and myocardial enzymes were elevated in Dox-treated mice compared with the control (Con) group. 16S rRNA gene sequencing results revealed significant differences in microbial composition between the two groups. In the Dox group, the relative abundances of Allobaculum, Muribaculum, and Lachnoclostridium were significantly decreased, whereas Faecalibaculum, Dubosiella, and Lachnospiraceae were significantly increased compared with the Con group at the genus level. Functional enrichment with Cluster of orthologous groups of proteins (COG) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses showed that the Dox mice displayed different clusters of cellular processes and metabolism from the Con mice. The different species and their functions between the two groups were associated with the clinical factors of cardiac enzymes. Moreover, depletion of the gut microbiota could alleviate Dox-induced myocardial injury and cardiomyocyte apoptosis.



Conclusions

The study here shows that composition imbalance and functional changes of the gut microbiota can be one of the etiological mechanisms underlying DIC. The gut microbiota may serve as new targets for the treatment of cardiotoxicity and cardiovascular diseases.
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Introduction

Doxorubicin (Dox) is a chemotherapeutic anthracycline agent with broad-spectrum and high efficacy used for the treatment of a variety of malignancies (Wu et al., 2021). However, its clinical application is limited due to the dose-dependent cardiotoxicity, which may lead to acute pericarditis, irreversible cardiomyopathy, and congestive heart failure (HF) (Wenningmann et al., 2019). The pathogenesis of Dox may be associated with topoisomerase IIβ (Top2b) inhibition, oxidative stress, inflammation, and apoptosis (Liu et al., 2020a; Tadokoro et al., 2020). Though a variety of strategies including limitation of cumulative Dox doses, use of antioxidant drugs, and common HF drugs have been proposed to prevent or attenuate Dox-induced cardiotoxicity (DIC), none of these strategies have obtained satisfying efficacy (Vejpongsa and Yeh, 2014; Varricchi et al., 2018; Yarmohammadi et al., 2021). Given that the mechanism of DIC is a complex disturbance system, an alternative hypothesis is required to explain DIC, and a novel therapeutic strategy needs to be established.

From the outcome of recent studies, the intestinal microbiota has been found to play an essential role in the health of the host organism. Multiple diseases, such as diabetes, obesity, cancer, and nervous system disease, are related to the changes of intestinal microorganisms (Cheng et al., 2020; Fan and Pedersen, 2020; Megur et al., 2020; Verhaar et al., 2020). Particularly, the gut microbiota and their metabolites have been implicated in the progression of cardiovascular diseases (CVDs) including hypertension, dyslipidemia, atherosclerosis, thrombosis, HF, and ischemic stroke (Kasahara and Rey, 2019). In addition, it has become evident that the gut microbiota affects the response to cancer therapy and susceptibility to toxic side effects (Roy and Trinchieri, 2017). Besides, drugs can alter the microbiome and create secondary effects independent of the drug molecule itself (Hitchings and Kelly, 2019). Recently, antitumor chemotherapy drugs, such as cisplatin and Dox, have been reported to cause alteration of the gut microbiota, which is involved in the pathogenesis of cardiotoxicity (Zhao et al., 2018; Wu et al., 2019). However, previous studies were based on a 16S rRNA gene sequencing method to focus on changes in microbial composition, which has the limitations such as the bias of PCR amplification (Silverman et al., 2021) and difficulty to identify most microbes at the strain and species levels (Peng et al., 2018). Compared to the amplicon, the shotgun metagenome can provide functional gene profiles directly and reach a much higher resolution of taxonomic annotation (Liu et al., 2021). Therefore, further studies conducting metagenome sequencing are required to analyze the functional activity of the gut microbiome linked with DIC.

Here, to investigate the key microbes related to cardiotoxicity and microbial functions from fecal samples, we constructed an explicit mouse model of DIC. Using a combination of 16S rRNA gene sequencing and metagenomic sequencing analysis, we strived to compare the composition and function of the gut microbiome between the normal control (Con) mice and Dox mice. We also conducted an antibiotic intervention in mice to further understand the role of the gut microbiome in DIC.



Materials and Methods


Drugs and Reagents

Dox for injection was obtained from Shenzhen Main Luck Pharmaceuticals Co., Ltd. (Shenzhen, China). Four antibiotics (Abs) including vancomycin, metronidazole, ampicillin, and neomycin were purchased from Zhengde Pharmaceutical Co., Ltd. (Taiwan, China), Huazhong Pharmaceutical Co., Ltd. (Xiangyang, China), Hunan Kangerjia Biomedical Technology Co., Ltd. (Zhangjiajie, China), and BBI Life Sciences Co., Ltd. (Shanghai, China), respectively.



Animals and Treatments

Female C57BL/6J mice aged 6–8 weeks were obtained from Laboratory Animal Center, Xiangya School of Medicine, Central South University (Changsha, China). All the procedures in this research were operated in accordance with the National Institutes of Health Guide (NIH publications no. 8023) for the Care and Use of Laboratory Animals. The experimental protocol was approved by the Medicine Animal Welfare Committee of Xiangya School of Medicine (SYXK-2015/0017).

To establish the cardiotoxicity model, the mice were randomly divided into two groups with 10 animals in each group, including the Con group and Dox group. The Dox group (15 mg/kg) was administrated with 3 mg/kg every other day by intraperitoneal injection. For antibiotic treatment, the mice were randomly divided into three groups including the Con group, Dox group, and Dox+Abs group. The Dox+Abs group was treated with drinking water containing 500 mg/L of each antibiotic for 28 days. Dox was injected intraperitoneally after 14 days of Abs. On the 28th day, the mice were subjected to echocardiography for evaluating cardiac function. Besides, the fecal samples from the Con group and Dox group were collected into sterile cryopreservation tubes, frozen quickly in liquid nitrogen, and then refrigerated at −80°C for DNA extraction and amplification of the 16S rRNA gene. Subsequently, all animals were anesthetized with 1% pentobarbital sodium (50 mg/kg, i.p.). The venous blood was drawn from the orbit of mice. The heart tissues were acquired after perfusing and rinsing with cold saline and then preserved in 4% paraformaldehyde for histopathological analysis.



M-Mode Echocardiograms

M-mode echocardiograms were performed by a VisualSonics Vevo 2100 (VisualSonics, Toronto, ON, Canada). The mice were anesthetized with 1.5% isoflurane, and an appropriate amount of coupling agent was applied to the left anterior chest area after hair removal. Then the M-ultrasound changes of 10~20 cardiac cycles were recorded. Finally, the parameters of cardiac function including left ventricular (LV) ejection fraction (EF%) and LV fractional shortening (FS%) were calculated.



Histopathological Analysis

After being fixed in 4% paraformaldehyde at room temperature, the heart tissues were embedded in paraffin wax and cut into 3-μm thin sections. After being dehydrated in a series of graded alcohols, the sections were stained with H&E and TdT-mediated dUTP Nick-End Labeling (TUNEL) kit assay according to the manufacturer’s instructions.



Biochemical Analysis

After Abs and Dox treatment, the collected blood samples were centrifuged at 3,000 rpm at 4°C for 15 min to obtain serum. The serum biochemical parameters including creatine kinase (CK), CK-MB (CK-MB), lactic dehydrogenase (LDH), and cardiac troponin T (cTnT) were analyzed by using kits with an automatic biochemical analyzer according to the manufacturers’ instructions.



16S rRNA Gene Sequence Analysis

Fecal bacterial DNA was extracted using the E.Z.N.A.® Stool DNA Kit (Omega Biotech, Norcross, GA, USA) according to the manufacturer’s protocol. The extracted genomic DNA was detected by 1% agarose gel electrophoresis. To assess bacterial diversity, the V3–V4 hypervariable regions of the bacterial 16S rRNA gene were amplified with a set of primers (338F 5′ACTCCTACGGGAGGCAGCAG-3′, 806R 5′GGACTACHVGGGTWTCTAAT-3′). Then, the PCR products were detected using 2% agarose gel electrophoresis, recovered using AxyPrepDNA Gel Recovery Kit (Axygen Biosciences, Union City, CA, USA), and quantified using QuantiFluor™-ST (Promega, Madison, WI, USA) according to the quantitative results of electrophoresis. Subsequently, purified amplicons were mixed in appropriate proportions and paired-end sequenced on an Illumina MiSeq platform (Illumina, San Diego, CA, USA) according to the standard protocols by Majorbio Bio-Pharm Technology Co. Ltd. (Shanghai, China).

Raw fastq files were demultiplexed and quality-filtered by QIIME (version 1.9.1, http://qiime.org/) and spliced by FLASH. Trimmed sequences were further clustered into operational taxonomic units (OTUs) with 97% similarity cutoffs using UPARSE (version 7.1, http://drive5.com/uparse/), and chimera filtering was performed by UCHIME.

OTUs were assigned to the closest taxonomic neighbors and relative bacterial species by the RDP Classifier algorithm (http://rdp.cme.msu.edu/) using a confidence threshold of 70%. The species alignment database of 16S bacteria is the Silva database (https://www.arb-silva.de/). The relative abundance of each taxonomic level was calculated using the QIIME tool. The indices of alpha diversity including Chao, Shannon, and Ace were analyzed by MOTHUR (version 1.30.2, https://www.mothur.org/). Principal coordinate analysis (PCoA) projections were used to describe the beta diversity.



Metagenome Sequence Analysis

We also selected a subset of specimens (6 from the Con group and 6 from the Dox group) for metagenome sequencing following 16S rRNA gene sequence analysis. In brief, the extracted genomic DNA was detected by 1% agarose gel electrophoresis and fragmented to the appropriate length (approximately 400 bp) by using Covaris M220 (Gene Company Limited, Shanghai, China). The paired-end library was constructed by the NEXTFLEX™ Rapid DNA-Seq Kit (Bioo Scientific, Austin, TX, USA) according to the manufacturer’s protocols. Then, the blunt-ends of fragments were ligated to adapters. Hiseq X sequencing systems (Illumina Inc., San Diego, CA, USA) were used for metagenomic sequencing. The raw data were trimmed and decontaminated to obtain optimized reads, which were assembled using MEGAHIT (http://www.l3-bioinfo.com/products/megahit.htm). The assembled contigs not less than 100 bp were used for further gene prediction and annotation.

Subsequently, the open reading frames (ORFs) of the assembled sequences were predicted by using the MetaGene platform (http://metagene.cb.k.u-tokyo.ac.jp/). The redundant genes were filtered out to construct non-redundant gene sets. Genes with sequence identity greater than 95% were clustered together using CD-HIT (http://www.bioinformatics.org/cd-hit/), and the longest sequences from each cluster were the representative gene. The genetic functions were annotated and classified by the functional databases. Cluster of orthologous groups of proteins (COG) annotation was conducted by using BLASTP (version 2.3.0) against the eggNOG database (version 4.5.1, http://eggnogdb.embl.de/#/app/home) with an e-value cutoff of 1e−5. Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway annotation was conducted by using BLASTP (version 2.3.0) against the KEGG database (http://www.genome.jp/kegg/) with an e-value cutoff of 1e−5.

The discrimination in COG and KEGG categories between the Con and Dox groups was identified by using linear discriminant analysis (LDA) effect size (LEfSe; http://huttenhower.sph.harvard.edu/galaxy/root?tool_id=lefse_upload). Only LDA values >2.0 at a p-value <0.05 were considered to be significantly enriched.



Statistical Analysis

The data are expressed as mean ± SEM. Unpaired Student’s t-test for two comparisons or ANOVA followed by the Student–Newman–Keuls test for multiple comparisons was conducted to perform statistical analysis. A p-value less than 0.05 was considered statistically significant.




Results


Myocardial Injury and Cardiomyocyte Apoptosis Induced by Doxorubicin

First, we constructed the heart injury model induced by Dox in mice. After treatment with Dox, the M-mode echocardiograms showed LV dilation (Figure 1A). The EF% and FS% of the Dox group were decreased as compared with the Con group, indicating that Dox reduced LV contractility in mice (Figure 1B). To further determine the histological changes of the heart induced by Dox, H&E staining and TUNEL staining were conducted. As shown in Figure 1C, we observed regular cell distribution and normal morphology in the myocardium of the Con group. However, the Dox-treated group showed inflammatory cell infiltration, myocardial fragmentation, and disorder of cardiac fiber arrangement. TUNEL assay was used to assess the cardiomyocyte apoptosis, which is an important event in the process of DIC. The results revealed that mice with Dox treatment showed obvious cardiomyocyte apoptosis as compared with the Con group (Figures 1D, E). Myocardial injury was also determined by the serum levels of CK, CK-MB, LDH, and cTnT, and all of these myocardial enzymes were elevated in Dox-treated mice (Figure 1F). The above results suggested that Dox caused severe myocardial lesions.




Figure 1 | Dox-induced cardiac dysfunction and histological injury. (A) M-mode echocardiograms showing left ventricular dilation induced by Dox. (B) The parameters of left ventricular ejection fraction (EF%) and left ventricular fractional shortening (FS%). (C) H&E staining reflected the histological changes, magnification ×200. (D) Representative image of TUNEL staining, magnification ×400; white arrows indicate the apoptotic cells. (E) Statistical result of TUNEL staining. (F) The serum level of creatine kinase (CK), creatine kinase-MB (CK-MB), lactic dehydrogenase (LDH), and cardiac troponin T (cTnT). Con, control; Dox, doxorubicin. Data are mean ± SEM. n = 6–10. *p < 0.05, **p < 0.01 vs. Con.





Similar Gut Microbial Diversity Between Control and Doxorubicin Mice

To characterize the effect of Dox on gut microbial communities, we initially used 16S rRNA gene sequencing. After size filtering, quality control, and chimera removal, a total of 968,758 high-quality reads, ranging from 39,221 to 61,778 per sample, with an average length of 421.05 bp (421.05 ± 1.35 bp), were obtained from fecal samples of mice. These reads were matched into 827 OTUs (defined based on 97% sequence similarity) including 10 phyla, 272 species, and 165 genera of gut microbes. A Venn diagram showed that the two groups shared 699 OTUs, whereas 85 and 43 OTUs were unique to the Con and Dox mice, respectively (Figure 2A).




Figure 2 | Comparison of the microbial composition between the two groups. (A) Venn diagram depicting OTU richness and the overlap representing the shared OTUs in microbial communities. (B–D) Relative abundance of microbial community for each group at phylum, family, and genus levels. Con, control; Dox, doxorubicin; OTU, operational taxonomic unit. n = 10.



The relative abundance in the two groups on phylum, family, and genus levels is displayed in the bar plot (Figures 2B–D). The results showed that the gut microbiome compositions of the Con and Dox mice were different. The phyla Bacteroidota, Firmicutes, and Verrucomicrobiota were predominant in the gut microbiota of mice. Muribaculaceae and Lactobacillaceae were the most abundant families in fecal samples from both the Con and Dox mice, but group Dox showed an upward trend compared with group Con.

The microbial alpha diversity indices, including microbial community richness (Chao and Ace) and diversity (Shannon), were used to illustrate the changes in the microbiota community structure. All p-values >0.05 (Wilcoxon rank-sum test) excluding Chao (p = 0.0392) at the phylum level (Supplementary Table 1), which showed almost no significant differences between the Con and Dox groups.



Significant Differences in the Microbial Composition Between the Two Groups

The beta diversity analysis was carried out to reveal the difference in the microbial composition between the Con and Dox samples. As shown in PCoA, the first two principal coordinates explained 36.74% and 52.22% of the total variance for unweighted (analysis of similarities (ANOSIM) R = 0.3811, p = 0.001) and weighted (ANOSIM R = 0.2420, p = 0.004) UniFrac, respectively (Figures 3A, B). The partial least squares discriminant analysis (PLS-DA) showed that the bacterial communities of the two groups clustered separately (Figure 3C). Thus, Dox-treated mice possessed an obvious difference in a distinct clustering of fecal microbial structure as compared to the Con mice.




Figure 3 | Difference analysis of gut microbial composition between the two groups. (A, B) Principal coordinate analysis of unweighted (R = 0.3811, p = 0.001000) and weighted UniFrac (R = 0.2420, p = 0.004000) distances. PC1 and PC2 represent the top two principal coordinates that capture the maximum diversity. (C) Partial least squares discriminant analysis (PLS-DA). COMP 1 and COMP 2 represent the suspected influencing factors for the deviation of the microbial composition. (D) Cladogram analyzed by LEfSe (LDA > 2.0, p < 0.05) showing the phylogenetic distribution of the bacterial lineages. Circles indicate phylogenetic levels from phylum to genus. Nodes with different colors indicate microbial taxa that are enriched in the corresponding groups and have significant differences between groups; yellow nodes indicate microbial taxa that have no significant differences between groups. The diameter of each node is proportional to the abundance of the group. (E) Histogram of LEfSe analysis (LDA > 2.0, p < 0.05) showing the LDA scores for differentially abundant genera. Con, control; Dox, doxorubicin; LDA, linear discriminant analysis; LEfSe, linear discriminant analysis effect size. n = 10.



To further identify the significant difference in specific bacterial taxa between the Con and Dox groups, the LEfSe analysis based on discriminative features cladogram and histogram was performed, and the effect size cutoff of the LDA score was set to 2.0. This analysis identified two phyla including p_Actinobacteriota and p_Campilobacterota, and 31 genera, which were responsible for this discrimination (Figure 3D). In the Dox group, the relative abundances of g_Allobaculum, g_Muribaculum, and g_Lachnoclostridium were significantly decreased, whereas g_Faecalibaculum, g_Dubosiella, and g_Lachnospiraceae_NK4A136_group were significantly increased as compared with the Con group at the genus level (Figure 3E).



The Microbial Correlation Networks Between the Two Groups Were Different

To investigate the microbial correlation network, we calculated Spearman’s correlations among the 50 most abundant bacterial genera from each group. As shown in Figure 4, the Dox group featured more phyla (7 vs. 9) and displayed a stronger positive correlation among genera. The microbial community of the Dox group featured a more complicated network. In addition, the network constructed from the Dox group displayed fewer edges (334 vs. 125) (Supplementary Table 2) and lower transitivity (0.5650 vs. 0.4127), suggesting that the correlation among the microbiota in the Dox group was distinctly decreased compared to that of Con group. Moreover, we computed degree (DC), closeness (CC), and betweenness (BC) centrality to evaluate the taxa importance at the genus level within the network. According to the total scores of these coefficients (Supplementary Table 3), the top three nodes from each group were selected as putative keystone genera within this network (g_Prevotellaceae_NK3B31_group, g_Alistipes, and g_Allobaculum for the Con group and g_norank_f_Oscillospiraceae, g_Bacteroides, and g_Faecalibaculum for the Dox group). Taken together, the above analyses suggested that the correlation structure of the microbial community in the Dox group was distinctly different from that of the Con group.




Figure 4 | Correlation network analysis of the 50 most abundant genera for each group. The size of the node indicates the genera abundance, and different colors indicate different phyla. The lines indicate significant positive (red) and negative (green) pairwise correlations, and the thickness indicates the strength of the correlation between two genera. Spearman’s value ≥0.05, p < 0.05. Con, control; Dox, doxorubicin. n = 10.





Correlations Between Significantly Different Species and Clinical Factors in Two Groups of Mice

Spearman’s correlation heatmap showed that the relationship between significantly different species (Figure 3E) and serum biochemical parameters (CK, CK-MB, LDH, and cTnT) was different. Bacterial genera enriched in the Dox group were positively correlated with these clinical factors, while those enriched in the normal mice showed a negative correlation. Among them, Coriobacteriaceae_UCG-002 and Dubosiella had significant positive correlations with all the clinical parameters, and Family_XIII_AD3011_group, Alloprevotella, Erysipelatoclostridium, Lachnoclostridium, and Eubacterium_fissicatena_group showed extremely significant negative correlations with all these biochemical parameters (Figure 5). Therefore, it is speculated that these different species may be involved in the process of cardiotoxicity.




Figure 5 | Correlation heatmap of significantly different genera and clinical factors. The x- and y-axes are clinical factors and genera, respectively. R in different colors is shown; the right side of the legend is the color range of different R values. CK, creatine kinase; CK-MB, creatine kinase-MB; LDH, lactic dehydrogenase; cTnT, cardiac troponin T. n = 10. *p < 0.05, **p < 0.01, ***p < 0.001.





Alternations of the Microbial Functional Profiles Were Revealed by Metagenomic Analysis

In this study, we used metagenomic sequencing analysis of the gut microbiomes to investigate the differences in the microbial functional composition between the Dox-treated and Con mice. Genomic DNA from the fecal specimens was extracted to obtain a total of 506,191,910 clean reads resulting in 2,646,123 contigs. A total of 4,092,442 ORFs predicted from the contigs were used for functional annotation in the COG and KEGG databases.

To identify protein function annotation, COG analysis was performed using LEfSe analysis between the Con and Dox mice. Based on the threshold LDA values >2.0 and p < 0.05, we identified 4 functional COG categories that showed high enrichment in the Dox group, which were related to the translation, ribosomal structure, and biogenesis [J]; cell cycle control, cell division, and chromosome partitioning [D]; intracellular trafficking, secretion, and vesicular transport [U]; and extracellular structures [W] (Figure 6A). These functions could be classified into two categories: information storage and processing (Function J) and cellular processes and signaling (Functions D, U, and W). The remaining COG categories have no biologically significant differences. Overall, the cluster of cellular processes and signaling was the predominant COG category associated with the Dox mice.




Figure 6 | The functional pathway comparisons in metagenome between Con and Dox groups were analyzed by LEfSe analysis (LDA > 2.0, p < 0.05). (A) Histogram of the LDA scores for the differences of COG functional categories. (B–D) Histograms of the LDA scores for the differences of KEGG functional pathways at three levels. Con, control; Dox, doxorubicin; LDA, linear discriminant analysis; LEfSe, linear discriminant analysis effect size; COG, Cluster of orthologous groups of proteins; KEGG, Kyoto Encyclopedia of Genes and Genomes. n = 6.



To further explore the functions of differentially expressed genes, the KEGG pathways were analyzed also by LEfSe analysis (LDA > 2.0, p < 0.05). At KEGG level 1 (Figure 6B), the LEfSe bar showed that metabolism was the dominant signaling pathway in the Con group, and genetic information processing and environmental information processing were significantly enriched in the Dox group. At KEGG level 2 (Figure 6C), 10 differential KEGG pathways (including membrane transport, replication and repair, signal transduction, and others) were identified in the gut microbiome of Dox-treated mice, while 8 KEGG pathways (including global and overview maps, amino acid metabolism, glycan biosynthesis, and metabolism and others) were significantly increased in the Con mice. At KEGG level 3 (Figure 6D), we found a total of 38 statistically different functional KEGG pathways between the two groups. Half of these functions were highly enriched in the Dox group, including two-component system, quorum sensing, and ribosome. In contrast, the KEGG functions of the Con mice were enriched in the biosynthesis of amino acids, other glycan degradation, sphingolipid metabolism, and more. Thus, the Con mice and Dox mice represented completely different multiple functional pathways in the gut microbiome.

Furthermore, to visualize the association between the gut microbiome and functional properties, we determined the top ten genera that mainly contributed to differences at KEGG level 1 pathways between the Con and Dox mice (Figure 7). The main functions involved in these species were metabolism, genetic information processing, environmental information processing, and cellular processes. G_Duncaniella was the main contributor of these functions and contributed significantly more to the Dox samples than the Con samples. A reduced contribution by taxa belonging to G_Prevotella and G_Bacteroides was also observed.




Figure 7 | Histogram of the main species composition and their functional contribution at KEGG level 1 in Con and Dox groups. The top 10 genera and the top 4 functions are displayed. Con, control; Dox, doxorubicin; KEGG, Kyoto Encyclopedia of Genes and Genomes. n = 6.





Correlations Between Microbial Functions and Clinical Factors in the Two Groups of Mice

We next combined the bacterial functions and serum biochemical parameters into annotated heatmaps that provided several insights into the correlation between the microbial functional profiles and DIC (Figure 8). At the COG level (Figure 8A), carbohydrate transport and metabolism [G] showed a negative significant correlation with LDH level. Inorganic ion transport and metabolism [P] revealed a significant negative correlation with the CK level. Translation, ribosomal structure, and biogenesis [J] were significantly positively correlated with CK-MB, LDH, and cTnT levels. Intracellular trafficking, secretion, and vesicular transport [U] demonstrated a significant positive correlation with CK-MB and LDH levels. Cell cycle control, cell division, and chromosome partitioning [D] were significantly positively correlated with all the biochemical factors. Extracellular structures [W] were significantly positively correlated with the CK level. Notably, the COG categories including J, U, D, and W were enriched in the Dox group (Figure 6A). At KEGG level 1 (Figure 8B), the metabolism pathway tended to be negatively, but not significantly, correlated with these biochemical factors. Genetic information processing showed a significant positive correlation with CK-MB, LDH, and cTnT levels. Environmental information processing and cellular processes were significantly positively correlated with CK-MB and LDH levels. At KEGG level 2 (Figure 8C), several pathways enriched in the Con group such as amino acid metabolism, glycan biosynthesis, and metabolism and lipid metabolism were negatively correlated with the clinical factors, while several pathways enriched in the Dox group such as replication and repair, translation, and signal transduction were positively correlated with the clinical factors. Collectively, gut microbiota dysfunction may be at least partially related to the DIC.




Figure 8 | Correlation heatmaps of functional pathways and clinical factors. (A) Heatmap at COG level. (B, C) Heatmaps at KEGG level. The x- and y-axes are clinical factors and functional terms. R in different colors is shown; the right side of the legend is the color range of different R values. CK, creatine kinase; CK-MB, creatine kinase-MB; LDH, lactic dehydrogenase; cTnT, cardiac troponin T; COG, Cluster of orthologous groups of proteins; KEGG, Kyoto Encyclopedia of Genes and Genomes. n = 6. *p < 0.05, **p < 0.01, ***p < 0.001.





Depletion of Gut Microbiota Attenuated Doxorubicin-Induced Cardiotoxicity

Next, we depleted the gut microbiota with a cocktail of Abs in Dox-treated mice to determine whether the progression of DIC is related to gut microbiota dysbiosis. Results displayed that Abs treatment attenuated the LV dilation (Figure 9A) and the decrease of EF% and FS% caused by Dox injection (Figure 9B). H&E staining results showed that inflammatory infiltrations and disorder of cardiac fiber arrangement in Dox-treated mice, while Abs administration could ameliorate this myocardial damage (Figure 9C). We also found that the Dox-induced cardiomyocyte apoptosis was ameliorated by treatment with Abs (Figures 9D, E). Moreover, Abs inhibited the effects of Dox on the serum levels of myocardial enzymes including CK, CK-MB, LDH, and cTnT (Figure 9F). These data suggested that depletion of the gut microbiota using a cocktail of Abs could alleviate Dox-induced myocardial injury and cardiomyocyte apoptosis.




Figure 9 | The effect of Abs on the Dox-induced cardiac dysfunction and histological injury. (A) M-mode echocardiograms showing Abs treatment attenuated the Dox-induced left ventricular dilation. (B) The parameters of left ventricular ejection fraction (EF%) and left ventricular fractional shortening (FS%). (C) H&E staining reflected the histological changes, magnification ×200. (D) Representative image of TUNEL staining, magnification ×400; white arrows indicate the apoptotic cells. (E) Statistical result of TUNEL staining. (F) The serum level of creatine kinase (CK), creatine kinase-MB (CK-MB), lactic dehydrogenase (LDH), and cardiac troponin T (cTnT). Con, control; Dox, doxorubicin; Abs, antibiotics. Data are mean ± SEM. n = 6–10. *p < 0.05, **p < 0.01 vs. Con; #p < 0.05, ##p < 0.01 vs. Dox.






Discussion

The gut microbiota has been shown to have a greater impact on multiple diseases including CVDs (Kasahara and Rey, 2019) and the therapeutic effects of drugs (Tarasiuk and Fichna, 2019). This study firstly integrated the 16S rRNA gene and metagenomic sequencing to explore the association between DIC and the gut microbiota. Sequencing information not only can identify bacteria at different taxonomic levels but also can obtain functional information on the microbiome. In the current study, the mice with Dox treatment had markedly different structural compositions and functional networks on the gut microbiota as compared with the normal mice. Moreover, the cardiomyocyte apoptosis and myocardial damage caused by Dox could be suppressed by depleting the gut microbiota. Therefore, it is reasonable for us to propose that the gut microbiota and their functions, at least in part, contribute to DIC development.

According to the results of microbial alpha diversity analysis, the Chao index showed a statistical difference with a downward trend in Dox-treated mice. Another research on a rat model indicated that Dox significantly decreased the species diversity of fecal bacteria, which was consistent with our results. However, the relative abundance of Firmicutes-to-Bacteroidetes ratio, contrary to the trend of this research, was decreased in Dox-treated rats (Wu et al., 2019). Lactobacillus, one of the Firmicutes bacteria, is frequently either positively or negatively related to human disease and chronic conditions (Heeney et al., 2018; Slattery et al., 2019). Cisplatin was found to decrease the relative abundance of Lactobacillus in the fecal bacterial community, and supplementation with Lactobacillus could prevent cisplatin-induced cardiotoxicity (Zhao et al., 2018). In contrast to our study using Dox-treated mice, we observed a slight increase in the proportion of this bacterium, but there was no significant difference compared to the Con mice. Given the conflicting reports, intestinal Lactobacillus level and its role in DIC need further investigation.

The correlation network analysis also revealed the disorder of gut microbiota structure in Dox-treatment mice, which performed fewer relationships but more complex networks. It should be noted that the harmful bacterium Bacteroides was chosen as one of the putative keystone genera in the Dox network. It is an obligate anaerobic, gram-negative rod-shaped bacterium that is usually symbiotic and a common opportunistic pathogen in clinical infections (Rocha and Smith, 2013). A 16S rRNA sequencing study showed that, compared with the no-treatment Wistar rats, Dox treatment caused intestinal flora disorder, increasing the harmful flora Bacteroides fragilis (Zhao et al., 2021).

In line with our bacterial difference analysis, Liu et al. reported that phylum Actinobacteriota becomes abundant in the Dox mice (Liu et al., 2020b), suggesting that Actinobacteriota may be a minus factor in the cardiotoxicity process. A previous study demonstrated that the combination of multi-walled carbon nanotubes with Dox increased the abundance of family Coriobacteriaceae within the phylum Actinobacteria in mice, polarized colonic macrophages to an M1-like pro-inflammatory phenotype, and thus upregulated proinflammatory factors TNF-α and IL-1β in DIC (Liu et al., 2020b). Here, we found that genus Coriobacteriaceae_UCG-002 not only significantly increased in the Dox group but also positively correlated with the serum levels of myocardial enzymes. Further experiment at this genus level seemed to be necessary. Genus Dubosiella is a member of short-chain fatty acid (SCFA) producers (Mao et al., 2019; Bojovic et al., 2020). A previous study showed that chlorogenic acid increased the abundance of Dubosiella and improved metabolic endotoxemia (Ye et al., 2021). In contrast, the protective effects of yellow wine polyphenolic compounds were associated with a lower abundance of Dubosiella in Dox-treated rats (Lin et al., 2021). Here, we demonstrated that Dubosiella increased in the Dox-treated mice and positively correlated with all the myocardial enzyme levels. Further experiments are being carried out to investigate the role of these microbes (e.g., Coriobacteriaceae_UCG-002, Dubosiella, Family_XIII_AD3011_group, and Alloprevotella) in DIC.

At the functional level with metagenomic sequencing, we used COG and KEGG analyses to annotate the functional discrimination of the gut microbiota between the two groups. For COG functional annotation, cellular processes and signaling were the predominant categories associated with the Dox mice, which included cell cycle control, cell division, intracellular trafficking, secretion, vesicular transport, and extracellular structures. The KEGG pathway analysis further acknowledged the gut microbiota functions might contribute to DIC pathogenesis through cellular processes, such as membrane transport, replication and repair, and signal transduction. Correlation heatmaps also revealed those cellular processes were significantly positively correlated with the clinical factors. Extracellular structures of Gram-negative bacteria contain an endotoxin called lipopolysaccharide (LPS) (Cheng et al., 2018). Cancer chemotherapy, such as Dox, can induce intestinal mucositis and damage (Kaczmarek et al., 2012). Thus, LPS can enter the bloodstream through the impaired intestinal barrier and lead to the expression of a wide array of inflammatory downstream products (such as tumor necrosis factor (TNF), IL-1, and IL-6) via the toll-like receptor 4 (TLR4) pattern recognition receptor (Lu et al., 2008; Tang et al., 2019). Dysregulation of the cellular structure and function of the microbiota may lead to increased LPS transport, which is involved in the process of cardiotoxicity. Edematous patients with chronic HF were also found to have higher blood levels of endotoxin and cytokines (Niebauer et al., 1999). Therefore, it can be inferred that the alleviation of DIC after depletion of the gut microbiota may be attributed to the lower endotoxin levels.

Moreover, our functional enrichment analysis revealed obvious variation of metabolism processes such as amino acid metabolism, glycan biosynthesis and metabolism, lipid metabolism, and other secondary metabolites between the two groups of mice. The correlation heatmaps at the KEGG level also demonstrated the relationship between altered metabolic functions of the gut microbiota and DIC. Accumulating evidence has suggested that gut microbial metabolites, including bile acids, SCFAs, trimethylamine N-oxide (TMAO), and amino acid metabolites are mechanistically linked to the pathogenesis of CVD (Mamic et al., 2021). Bile acids can activate the bile acid receptor (known as FXR) and G-protein-coupled receptors (Tang et al., 2019). FXR modulates metabolism and inflammation and is involved in myocardial apoptosis and fibrosis (Calkin and Tontonoz, 2012; Pu et al., 2013). Several SCFAs exert anti-inflammatory effects through regulatory T-cell activation to mitigate cardiac hypertrophy and fibrosis (Bartolomaeus et al., 2019). Butyric acid is beneficial to the DIC models, and its derivative phenylalanine-butyramide could reduce Dox cardiotoxicity in human cellular models, thereby attenuating Dox-induced reactive oxygen species production (Russo et al., 2019). TMAO is a gut microbiota-dependent metabolite of specific dietary nutrients, which is mainly produced from the bacterial phyla Firmicutes and Actinobacteria (Romano et al., 2015). DOX-induced cardiac fibrosis could be aggravated by TMAO through activation of the NLRP3 inflammasome (Li et al., 2019). Here, we found that the proportions of Firmicutes and Actinobacteria had an upward trend in the Dox mice compared with the Con mice. These findings facilitate our understanding of Dox-related cardiac changes or diseases. However, further research needs to be conducted for exploring the link between metabolites of the gut microbiome and DIC.

It has been reported that the heart is a priority target for Dox toxicity. However, this anticancer drug also damages other organs like the brain, kidney, and liver (Carvalho et al., 2009). For example, Dox administration can induce the decline of cognitive function (Jansen et al., 2008) and liver injury (Greupink et al., 2006). An experiment in a high-sugar and high-fat diet model showed that the abundance of Coriobacteriaceae involved in cholesterol metabolism was increased, and the altered gut microbiota and their metabolites resulted in systemic impacts on both hepatic metabolism and cognitive function (Jena et al., 2020). In our study, Coriobacteriaceae level was also found to be elevated in the Dox mice and positively correlated with clinical factors. We speculate that those increased bacteria in the Dox group were not only associated with cardiac toxicity but may also affect other comorbidities induced by Dox.

This study proved the correlations between the composition/function of the gut microbiota and DIC in the mouse model, but further rigorous experimental models depleted or colonized with a specific microbiota should be performed to identify the key bacteria. Even though several biological functions and pathways appear involved in the DIC process have been explained, we still need to further clarify these results of the biometric analysis by molecular signaling experiments. Furthermore, metabolomics and metatranscriptomics are ultimately required to explore the changes in the levels of metabolites of the gut microbiome and understand the metabolism mechanism of DIC.



Conclusion

Taken together, our results demonstrated that Dox modified the composition and function of the gut microbiome in mice. We provide important information that supports that the gut microbiota promotes DIC partially through influencing cell processes and biochemical metabolism. The gut microbiota might be a vital participant in a potential therapeutic strategy to attenuate the cardiotoxicity of chemotherapeutic drugs.
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Perturbation of the microbiome has numerous associations with the phenotypes and progression in chronic airways disease. However, the differences in the nasal microbiome in asthma and allergic rhinitis (AR) have not been defined. We examined whether the nasal microbiome would vary among different comorbidities in asthma and AR and that those differences may be associated with the severity of asthma. Nasal lavage fluid was collected from 110 participants, including 20 healthy controls, 30 subjects with AR, 30 subjects with asthma and 30 subjects with combined asthma + AR. The Asthma Control Questionnaire (ACQ-7) was used to evaluate asthma control status. Using 16S rRNA bacterial gene sequencing, we analyzed nasal microbiome in patients with asthma, AR, combined asthma + AR, and healthy controls. Bacterial diversity was analyzed in corresponding with α diversity indices (Chao and Shannon index). Compared with healthy controls, the Chao index tended to be lower in subjects with AR (P = 0.001), asthma (P = 0.001), and combined asthma + AR (P = 0.001) when compared with healthy controls. Furthermore, the Shannon index was significantly lower in subjects with asthma (P = 0.013) and comorbid asthma with AR (P = 0.004) than the control subjects. Disparity in the structure and composition of nasal bacteria were also observed among the four groups. Furthermore, patients with combined asthma + AR and isolated asthma were divided into two groups according to the level of disease control: partially or well-controlled and uncontrolled asthma. The mean relative abundance observed in the groups mentioned the genera of Pseudoflavonifractor were dominated in patients with well and partially controlled disease, in both isolated asthma and combined asthma + AR. In subjects with uncontrolled asthma and combined asthma + AR, a lower evenness and richness (Shannon index, P = 0.040) was observed in nasal microbiome composition. Importantly, lower evenness and richness in the nasal microbiome may be associated with poor disease control in combined asthma + AR. This study showed the upper airway microbiome is associated with airway inflammation disorders and the level of asthma control.
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Introduction

Perturbation of the microbiome has numerous associations with the phenotypes and progression in chronic airways disease (Fazlollahi et al., 2018; Mac Aogáin et al., 2020). Asthma and allergic rhinitis (AR) are among the commonest chronic inflammatory respiratory diseases. These diseases are intimately linked to the human microbiome and have received much attention recently (Eguiluz-Gracia et al., 2020; Reijula et al., 2020). Previous studies have documented that the bacterial microbiome of different mucosal surfaces is critically involved in allergic airway inflammation (Barcik et al., 2020; Morin et al., 2020). Many studies showed that dysbiosis of the gut microbiome in early childhood could disrupt normal immunoregulation and potentially influence the development of asthma and allergies (Sbihi et al., 2019; Li et al., 2021; McDonnell et al., 2021).

Although previously considered sterile, the lower respiratory tract harbors complex bacterial communities (Huffnagle et al., 2017). Increasing data suggest that the composition and structure of the bronchial microbiome differ between those with allergic respiratory disease and healthy subjects (Huang et al., 2015; Durack et al., 2020). Bronchoalveolar lavage fluid was enriched with Rothia, and Bacteroides species, whereas depletion of Sphingomonas and Halomonas was observed in asthmatic patients, with more eosinophils compared with healthy subjects (Sverrild et al., 2017). In addition, one study indicated that 103 taxa including the genus of Prevotella, Haemophilus, and Fusobacterium enrichments differed significantly between asthma with or without atopy; these two groups shared 26% and 29% bronchial bacteria compared to healthy controls (Durack et al., 2017). Furthermore, the endoscopy-guided swab samples in AR were characterized by enrichment of Propionibacterium and Corynebacterium, but Streptococcus were decreased (Lal et al., 2017). Although the airway microbiome of chronic inflammatory respiratory disease conducted by endoscope has been well studied, it is an invasive investigation for patients, not without risks (Durack et al., 2018).

The nasal passage is colonized with a diverse array of microbes, including bacterial, fungi, and viruses (de Steenhuijsen Piters et al., 2019; Mitsi et al., 2020). Furthermore, the nasal mucosa is the first contact point that is exposed to the external environment. In contrast to measuring the bronchial microbiome by bronchoscopy, assessment of nasal microbiome involves minimally invasive methods (Durack et al., 2018). Therefore, the nasal microbiome becomes another potential source to help researchers understand the interaction between chronic inflammatory disorders and the microbiome. One previous research revealed the mean relative abundance of Neisseria and Haemophilus in the anterior nares was approximately 0.24% and 0.46% for healthy controls. While the relative abundance decreased for the above two genera in patients with tissue infections (Johnson et al., 2015). The traditional hypothesis of “one airway, one disease” is routinely used to express the pathogenic link between asthma and AR (Grossman, 1997). However, very few studies have investigated the differences in the nasal microbiome in asthma and AR (Mahdavinia, 2018). A previous study uncovered relatively increased amounts of Bacteroidetes and Proteobacteria in patients with asthma (Fazlollahi et al., 2018). Still, it is unclear whether those differences remain for isolated AR or asthma comorbid AR patients. The relationship between the nasal microbiome and asthma control also remains unknown.

Accordingly, we hypothesized that nasal microbiome would differ among patients with asthma and AR, and those differences may be associated with disease control in patients with asthma. We performed 16S rRNA bacterial gene sequencing on nasal lavage fluid to compare the nasal microbial composition among patients with AR, asthma, asthma and comorbid AR and healthy controls.



Materials and Methods


Participants and Study Design

We recruited 110 participants, including 20 healthy controls, 30 subjects with AR, 30 subjects with asthma and 30 subjects with asthma and comorbid AR. Subjects with asthma were diagnosed based on GINA (Global Initiative for Asthma) clinical criteria. Subjects diagnosed with AR or asthma and comorbid AR were confirmed using the Allergic Rhinitis and its Impact on Asthma (ARIA) guideline (Bousquet et al., 2019). Exclusion criteria were as follows: (1) age less than 18 or greater than 80 years; (2) respiratory infection within 4 weeks; (3) antibiotic use within 3 months; (4) systemic steroid therapy within 5 months; (5) pulmonary disease other than asthma; (5) cancer; (6) currently pregnant or lactating.

Smoking status, comorbidities, relevant medical history, medications, first degree relatives with a history of AR or asthma, and type of allergen were recorded for all participants. The severity of AR was quantified using the total nasal symptom score (TNSS). The Asthma Quality of Life Questionnaire (AQLQ) was used to assess the life quality for patients with asthma (Juniper et al., 1999a). The Asthma Control Questionnaire (ACQ-7) was used to evaluate asthma control status (Barnes et al., 2014). Controlled or partially controlled asthma was defined as ACQ less than 1.5, uncontrolled asthma was defined as ACQ more than 1.5 (Juniper et al., 1999b).

This study was conducted at Ningbo First Hospital with approval from the ethics committee of Ningbo First Hospital (approval 2020-R145). All subjects provided written informed consent before participating in the study.



Pulmonary Function Testing

All participants performed pulmonary function testing according to the American Thoracic Society (ATS) guidelines (Graham et al., 2019). All measurements were undertaken at least three times using the same spirometer (Jager, MasterScreen, Höchberg, Germany) (Hankinson et al., 1999). Pulmonary function was recorded as a percentage of predicted forced expiratory volume in one second (FEV1), forced vital capacity (FVC), maximal mid-expiratory flow (MMEF75/25), and peak expiratory flow (PEF).



Sample Collection

Nasal lavage was performed according to previously described methods (Hirvonen et al., 1999; Frischer et al., 2000). Participants’ heads were briefly held downwards to avoid fluid entering the nasopharynx and allow the liquid to drip into a sterile basin. The nasal passage was slowly instilled with 10 ml of sterile saline, and the nasal lavage was immediately recovered into 15 ml in sterile tubes and placed on ice. The tubes were frozen and stored at -80°C until analysis.



Sample Processing and Preparation for Sequencing

Total DNA was extracted from 5ml of nasal lavage fluid using DNeasy PowerWater Kit (Qiagen, Hilden, Germany) following instructions provided by the manufacturer. DNA yield and integrity were identified using a Qubit Fluorometer (Qubit, Invitrogen, USA) and 1% agarose gel electrophoresis, respectively. The V3-V4 regions in bacteria 16S rRNA gene of the nasal lavage fluid were amplified with PCR primers 341F (5’-ACTCCTACGGGAGGCAGCAG-3’) and 806R (5’- GGACTACHVGGGTWTCTAAT-3’). The primers were removed before processing. Subsequently, the PCR amplicons were purified with Agencourt AMPure XP magnetic beads, dissolved in Elution Buffer (pH = 8.0) and labelled. The insert fragment size was estimated with an Agilent 2100 Bioanalyzer (Agilent, Santa Clara, CA, USA), then the sample was sequenced on an Illumina HiSeq2500 platform (Illumina, Inc., San Diego, CA, USA) using the PE300 module. Low quality and ambiguous bases were removed using Cutadapt (V2.6) according to the following: (a) raw reads with average quality less than 20, (b) final length less than 75% of their original sequence, (c) reads with an ambiguous bases (N), (d) reads with low complexity (repeats of length more than 10 bases). Amplicon sequence information in the study is available at the Sequence Read Archive (SRA) under BioProject Accession Number PRJNA793600.

The overlap and paired-end reads were processed by the Fast Length Adjustment of Short reads program (FLASH, v1.2.11) (Magoč and Salzberg, 2011) to obtain sequence data. The amount of raw sequence data was more than 50,000 for each sample. Next, sequences were clustered into operational taxonomic units (OTUs) based on a 97% similarity threshold using UPARSE software (v7.0.1090) (Edgar, 2013). OTU representative sequences were classified by Ribosomal Database Project (RDP) Classifier (RDP release version 11.5; release date, 2017.12.0); 0.8 was set as the minimum confidence threshold (Cole et al., 2014). Singleton OTUs and low abundant OTUs were not included in further analyses, additionally, any OTUs not classified as bacteria were removed. Sequences identified as mitochondria were also eliminated. All samples were processed simultaneously in the same research laboratory (BGI, Shenzhen, China) to control batch variation.



Bioinformatic Analysis

R (v3.2.1) was applied to determine α-diversity (the evenness and richness of bacteria taxonomic diversity), which was expressed by the Chao, Shannon, and Simpson index. β-diversity (distance between samples, based on the difference in OUT in each sample) was performed by Quantitative Insights into Microbial Ecology (QIME, v1.80) (Caporaso et al., 2010); it was evaluated by the principal coordinates analysis (PCoA) and the Partial least-squares discrimination analysis (PLS-DA). PLS-DA was conducted with R package mixOmics (Rohart et al., 2017). False discovery rate (FDR) was calculated according to the Benjamini-Hochberg correction. The heatmap was plotted with Graph Pad Prism 8 (Graph Pad Software, USA). Linear discriminant analysis of effect size (LEfSe) combined with linear discriminant analysis (LDA) was adopted to explore the differences in taxonomic composition (Segata et al., 2011); LDA > 3.6 was presented in this study (default: 2.0).



Functional Analysis of Nasal Microbiome

The function of the nasal microbiome was analyzed via Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt) and further categorized into Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway (Langille et al., 2013). The associations between variables of bacteria load and metabolic function were evaluated by Pearson correlation coefficient (r).



Statistical Analysis

Basic characteristics were performed using SPSS software (version 21; SPSS, Inc., Chicago, IL, USA). Categorical variables were compared using the chi-squared test or the Fisher exact test. A two-tailed P value less than 0.05 was considered statistically significant.




Results


Patient Cohort

A total of 110 participants were enrolled, including 90 patients with disease and 20 healthy controls (Figure 1). The subjects with disease were divided into three groups, 30 subjects with AR, 30 subjects with asthma and 30 subjects with asthma and comorbid AR. Detailed demographic and baseline characteristics are listed in Table 1. No significant differences in age, BMI, sex or smoking status were observed among the groups. Pulmonary function tests were performed for all participants. Family history and allergic of study were listed in Supplementary Table 1. Participants The subjects with asthma and those with asthma and comorbid AR were subdivided into groups according to their ACQ score: controlled or partially controlled (defined by ACQ score < 1.5) and uncontrolled (defined by ACQ score > 1.5). The characteristics of the asthmatic patients with or without comorbid AR are summarized in Supplementary Tables 2, 3.




Figure 1 | Study design profile. AR, allergic rhinitis; HC, healthy controls; ACQ, Asthma control questionnaire. P < 0.05 was considered as statistically significant, *P < 0.05, **P < 0.01, *** P < 0.001.




Table 1 | Demographics and clinical characteristics of study participants.





Nasal Microbiome in Patients With Asthma and Allergic Rhinitis

After filtering for low-quality reads, the average number of clean reads was 61140.73 ± 1538.64 (SD) for subjects for AR, 57586.10 ± 4623.94 for asthma, 55341.50 ± 5747.72 for combined asthma + AR, and 59230.30 ± 6256.84 in the healthy controls, detailed data and species accumulation curves was listed in Supplement File 1.

The researchers used three metrics to compare the α-diversity: the Chao, Shannon, and Simpson index. As shown in Figure 2A, the Chao index tended to be lower in subjects with AR (503.38 ± 101.70, P = 0.001), asthma (511.01 ± 106.75, P = 0.001), and combined asthma + AR (504.99 ± 121.14, P = 0.001) when compared with healthy controls (632.26 ± 141.98, Figure 2A). Similarly, a lower Shannon index was found in subjects with asthma (3.73 ± 0.68, P = 0.013) and combined asthma + AR (3.61 ± 0.75, P = 0.004) in comparison to the control subjects (4.21 ± 0l58, Figure 2A). However, no significant difference in either the Shannon or Simpson index of nasal microbiome communities was found between healthy controls and patients with AR (Figure 2A). Asthma may have a stronger effect on α-diversity than AR in the upper airway.




Figure 2 | The diversity and composition of the nasal microbiome vary among AR, asthma, combined asthma+AR and healthy controls. (A) Box plots of the α-diversity in AR, asthma, combined asthma+AR and healthy controls (Left plot, Chao index; middle plot, Shannon index; right plot, Simpson index). (B) Partial least squares discriminant analysis (PLS-DA) representing grouped microbiome profile among AR, asthma, combined asthma+AR and healthy controls. (C) Bar plots of the phylum and genus taxonomic levels in AR, asthma, combined asthma+AR and healthy controls. P < 0.05 was considered as statistically significant, *P < 0.05, **P < 0.01, ***P < 0.001.



PLS-DA analyses was applied to study the structure of nasal microbiome communities (beta-diversity) among the four groups. Furthermore, PLS-DA showed distinct microbiome composition among all groups (Figure 2B). Overall, the results exhibit the specific structure in nasal bacterial community composition among subjects with AR, asthma, combined asthma + AR and healthy controls.

Following initial evaluations for differences in overall nasal bacterial community composition, we investigated the relative abundance of specific taxa in subjects with disease and healthy controls. Evaluation of the general landscape of the nasal microbiome revealed similar bacterial communities at phylum and genus levels (Figure 2C). We then evaluated the relative abundance of the bacterial communities at phylum and genus levels within the four groups. Firmicutes were the most predominant phylum in all those four groups, followed by Bacteroidetes, Proteobacteria, Actinobacteria (Figure S1). Compared with healthy controls, Firmicutes were enriched in the samples of subjects with AR (mean relative abundances, 53.55% vs 68.73%, FDR adj P-value = 0.005) but depleted in subjects with asthma with or without AR (asthma, 53.55% vs 45.37%, FDR adj P-value < 0.001; Asthma + AR, 53.55% vs 41.97%; FDR adj P-value < 0.001). No significant difference was found in the relative abundance of Actinobacteria or Proteobacteria among the four groups with disease (Figure S2 and Supplementary Table 4).

To further confirm these findings, we used the LEfSe analysis (Segata et al., 2011); this found marked differences in the nasal bacteria community among the four groups (Figure S3). Subjects with asthma had a high proportion of Actinomycetaceae, Listeriaceae, and Neisseriaceae at the family level. The samples of subjects with combined asthma + AR were enriched with Provotellaceae, Sphingobacteriaceae, Rhodocyclaceae, Aeromonadaceae, and Leptotrichiaceae (LAD > 2.0, P < 0.05, Figure S3A). At the genus level, the top 10 most abundant nasal microbiome were selected for further analysis. We identified seven taxa that differed among the four groups: Streptococcus, Prevotella, Faecalibacterium, Neisseria, Lactobacillus, Haemophilus and Clostridium_XlVa (FDR adj P-value < 0.05 in each analysis, Figure S4 and Supplementary Table 5). The relative abundance of Streptococcus was higher in the asthma (P < 0.01) and combined asthma + AR (P < 0.01) groups compared with healthy controls, respectively. However, the relative abundance of Faecalibacterium, Lactobacillus, and Clostridium_XlVa were lower in the asthma and combined asthma + AR groups in relation to healthy controls (P < 0.05).

LDA analyses were adopted to determine the specific bacterial taxa in each group (LDA > 3.6, P < 0.05; Figure S3B). The genera of Prevotella and Kineococcus characterized the samples of the healthy control subjects. Additionally, 13 genera of the nasal microbiome were differentially abundant in subjects with AR, including Faecalibacterium, Lactobacillus, Escherichia and Clostridium_IV genera; 84.6% (11/13) belong to the Firmicutes phylum (Figure S3B). The genera of Neisseria and Rothia dominated the microbiome of subjects with asthma; whereas, the genera of Pelomonas, Alloprevotella, Leptotrichia, and Granulicatella dominated the microbiome of subjects with asthma and comorbid AR (Figure S3B). We used heatmaps to visualize the relative abundance of the dominant taxonomic communities at the genera level of the nasal microbiome in different groups. A higher quantity corresponds to a deeper red color. The heatmap displayed a similar abundance of bacteria in subjects with asthma relative to those with asthma and comorbid AR (Figure S5).

At the genus level, there was no significant difference in taxonomic distribution between the subjects with asthma and those with asthma and comorbid AR (Figure 3). However, a significant difference was found in the genera composition between the samples of subjects with AR, asthma, combined asthma + AR and healthy controls (Figure 3). The relative abundance [median (interquartile range, IQR)] of Prevotella was lower in the AR group compared with healthy controls [0.78% (1.99%) vs. 2.23% (6.58%), FDR adj P-value = 0.016, Figure 3A]. Conversely, the relative abundance of Faecalibacterium was greater in the AR group [8.67% (9.71%)] relative to healthy controls [3.91% (6.25%), FDR adj P-value = 0.011], subjects with asthma [0.50% (4.20%), FDR adj P-value < 0.001], and subjects with asthma and comorbid AR [0.24% (2.66%), FDR adj P-value < 0.001, Figure 3B). Similarly, the genera of Lactobacillus, Escherichia, Clostridium_IV, Blautia and Butyricicoccus in the AR group had the highest relative abundance of all groups (Figure 3C-G). In contrast, a high level of Neisseria, Rothiawas, Pelomonas, and Alloprevotella was detected in subjects with asthma and combined asthma + AR when compared to the healthy controls (Figure 3I-L). However, the most of these genera have very low relative abundance across all samples.




Figure 3 | Relative abundance of dominant bacterial genera among AR, asthma, combined asthma+AR and healthy controls. (A) Prevotella, (B) Faecalibacterium, (C) Lactobacillus, (D) Escherichia, (E) Clostridium_IV, (F) Blautia, (G) Butyricicoccus, (H) Acinetobacter, (I) Neisseria, (J) Rothia, (K) Pelomonas, and (L) Alloprevotella. Statistical significance was tested by Kruskal-Wallis test with Benjamini-Hochberg procedure. P < 0.05 was considered as statistically significant, *P< 0.05, **P < 0.01, ***P < 0.001.



We further assessed whether the predicted function of the nasal bacterial dominant taxa in different groups differed distribution across the groups. In total, 161 metabolites were analyzed by KEGG pathway analysis. The Pearson correlation heat map in Figure 4 summarized the clustering of enriched functions among the three groups with disease and the healthy control group. Nasal bacterial communities enriched in AR had multiple functional features related to the pathway of pentose phosphate and galactose metabolism. Whereas, decreased activities in the pathway of primary bile acid biosynthesis were observed in the genus of Rothia (Pearson r = - 0.48; P <0.001, Figure 4) and Neisseria (r = - 0.44; P <0.001, Figure 4), which enriched in subjects with asthma (Figure 4). The genera of Pelomonas were highly abundant in patients with combined asthma + AR; it was involved in the pathway of lipid metabolism, especially with upregulated fatty acid degradation (Pearson r = 0.62; P <0.01, Figure 4). Additionally, the genera of Pelomonas associated with the metabolism of glutathione (r = 0.726; P <0.05, Figure 4).




Figure 4 | Pearson correction heat maps of predicted KEGG orthologs (KOs) and nasal bacterial taxa among AR, asthma, combined asthma+AR and healthy controls. Blue indicates negative correlations, and red indicates positive correlations. AR, allergic rhinitis; HC, healthy controls.





Nasal Microbiome of Subjects With Asthma According to the Level of Disease Control

To further investigate the relationship between nasal microbiome composition and disease control, we divided subjects with asthma into two groups: 23 (76.7%) of them with partially or well-controlled, and 7 (23.3%) subjects with uncontrolled asthma. No significant differences in microbiome evenness or diversities were found according to the Shannon, Chao, and Simpson indexes (Figure 5A). β-diversity, based on the PLS-DA analyses, was performed to compare microbial structure. It is notable that there was a clear separation between the two groups from the PLS-DA analysis (Figure 5B).




Figure 5 | Nasal microbiome composition in asthma according to disease control. (A) Box plots of the α-diversity in controlled or partially controlled asthma and uncontrolled asthma (Left plot, Chao index; middle plot, Shannon index; right plot, Simpson index). (B) β-diversity based on PLS-DA analysis in controlled or partially controlled asthma and Uncontrolled asthma. (C) Bar plots of the phylum and genus taxonomic levels in asthma based on asthma control. (D) Taxonomic Cladogram from LEfSe. Taxonomic distribution of nasal microbiome of each group at the different taxon (LDA Score > 2.0).



The general features of the nasal microbiome at phylum and genus levels are shown in Figure 5C. Five dominant phyla were found in nasal lavage fluid samples: Firmicutes, Proteobacteria, Actinobacteria, Bacteroidetes and Fusobacteria (Supplementary Figure 6). Similarity in the abundance at phylum and genus levels was observed between the two groups (Supplementary Table 6). However, a higher proportion of Cyanobacteria was found in subjects with uncontrolled asthma, compared to subjects with controlled or partially controlled asthma (Supplementary Table 6). In contrast, a lower proportion of Firmicutes was observed in subjects with uncontrolled asthma (Supplementary Table 6). The LDA analyses were performed to validate the specific genera microbiome according to level of asthma control (LDA > 2.0, P < 0.05, Figure 5D). The three top genera of nasal taxa in patients with controlled or partially controlled asthma were Flavonifractor (phylum Firmicutes), Pseudoflavonifractor (phylum Firmicutes) and Anaerofilum (phylum Firmicutes). While Pedobacter (phylum Bacteroidetes), Jeotgalicoccus (phylum Firmicutes), and Janthinobacterium (phylum Proteobacteria) were enriched in the samples of the uncontrolled asthma group (Figure 5D).

It was speculated that the bacterial genus enrichment in the upper airway might lead to metabolic changes in subjects with asthma. Here, metabolomics analysis was conducted on nasal bacteria with respect to the enrichment in different degrees of asthma severity. The data presented above suggest that patients with uncontrolled asthma are enriched with the genus of Janthinobacterium and Pedobacter. Conversely, the genus of Collinsella, Anaerofilum, Novosphingobium, Flavonifractor, Pseudoflavonifractor, and Vibrionimonas were enriched in patients with controlled or partially controlled asthma. Both the Lipoic acid metabolism (r = 0.47, P =0.001) and Vibrio cholerae infection (r = 0.40, P = 0.004) pathways exhibited the positive correlation with the bacterial loading of Janthinobacterium in subjects with uncontrolled asthma (Figure S7). Interestingly, a negative correlation was observed between the pathway of Lipoic acid metabolism and the genera of Flavonifractor (r = - 0.53, P < 0.001), which was enriched in patients with controlled and partially controlled asthma.



Nasal Microbiome in Subjects With Combined Asthma + AR According to the Level of Disease Control

Among 9 (30%) subjects with uncontrolled asthma and combined asthma + AR, a lower Shannon index (P = 0.040) was observed in nasal microbiome composition. This suggests reduced evenness and diversity of nasal bacteria relative to those 21 (70%) subjects with controlled or partially controlled combined asthma + AR. A similar trend was observed in the Chao and Simpson indexes, although the difference was not statistically significant (Figure 6A). To determine variation between different asthma control groups in participants with asthma and comorbid AR, PLS-DA analyses were performed. When compared with the uncontrolled asthma and comorbid AR groups, significant separation of PLS-DA was also found between these two groups (Figure 6B).




Figure 6 | Nasal microbiome composition in combined asthma+AR according to disease control. (A) Box plots of the α-diversity in combined asthma+AR group based on different disease control (Left plot, Chao index; middle plot, Shannon index; right plot, Simpson index). (B) β-diversity based on PLS-DA analysis in combined asthma+AR according to disease control. (C) Bar plots of the phylum and genus taxonomic levels in combined asthma+AR group based on asthma control. (D) LDA score computed for genera significantly abundance in combined asthma+AR group based on asthma control (LDA Score > 2.0). P < 0.05 was considered as statistically significant, *P < 0.05.



We next assessed the landscape of the nasal microbiome at the phylum and genus levels in all subjects with asthma and comorbid AR (Figure 6C). Proteobacteria were enriched in the samples of subjects with uncontrolled asthma and comorbid AR; however, the difference was not statistically significant after being adjusted for FDR (Figure S8 and Supplementary Table 9). In nasal lavage samples, the relative abundance of five genera: Pseudoflavonifractor (phylum Firmicutes), Eubacterium (phylum Firmicutes), Sporobacter (phylum Firmicutes), Intestinimonas (phylum Firmicutes), and Mycobacterium (phylum Actinobacteria) were enriched in the samples of subjects with controlled or partially controlled in asthma and comorbid AR group (Figure 6D).

We further conducted function analysis to explore nasal bacteria in the development of allergic inflammation. The genera of Eubacterium, Pseudoflavonifractor, and Sporobacter were enriched in patients with controlled or partially controlled combined asthma + AR; they were adapted to assess the correlation between taxa loading and metabolic pathway. The load of Eubacterium is closely related to the active pathway of NOD-like receptor signaling (r =0.63, P < 0.001) and RNA polymerase (r=0.66, P < 0.001) (Figure S9).




Discussion

Microbiome composition and function have been identified as contributing factors in the pathogenesis of inflammation (Sanders et al., 2021). Asthma and AR can be characterized by Th2-dominated airway inflammation (Pinart et al., 2014). However, little is known about the differences in microecology of the upper respiratory tract expression in patients with asthma and AR. Considering that microbiota population and composition host-microbe interactions play an important role in inflammation, we conducted this study to investigate the nasal microbiome of patients with asthma and AR. To the best of our knowledge, this study represents the first and the most comprehensive analysis of the effect of the nasal microbiome in disease control in patients with asthma, with or without AR.

The findings from this study show significant disparities in the structure and composition of nasal bacteria composition between healthy controls and patients with asthma patients with or without comorbid AR. Alpha diversity metrics suggested that bacterial diversity is significantly decreased in patients with asthma and AR versus healthy controls. The nasal microbiome in samples of healthy controls was dominated by six phyla: Firmicutes, Bacteroidetes, Proteobacteria, Actinobacteria, Cyanobacteria, and Fusobacteria. The samples of patients with combined asthma + AR were enriched with Fusobacteria and Cyanobacteria, while the level of Firmicutes was depleted. Firmicutes is one of the most abundant bacteria at the phylum levels in healthy adults (Eckburg et al., 2005). and it has a critical role in keeping barrier function associated with the pathway of short-chain fatty acids (SCFA) and secondary bile acids (BAs) (Sartor and Wu, 2017). Decreased level of Firmicutes was found in the sputum samples in patients with mild active asthma (Marri et al., 2013). Another study revealed that the proportions of Proteobacteria/Firmicutes associated with asthma exacerbation (Ghebre et al., 2018). Therefore, the changes in the Firmicutes may provide insight into the allergic disease. However, more research and data are needed in support of future clinical applications.

Multiple studies support the potential roles of the microbiome in allergic pathogenesis and disease course (Tsilochristou et al., 2019; Barcik et al., 2020; Morin et al., 2020). The upper and lower airway bacterial community composition and diversity were inconsistent. A study showed a similar bacterial alpha-diversity in sputum in patients with asthma and healthy controls, but a decreased sputum bacterial alpha-diversity was observed in patients with elevated levels of pro-inflammatory cytokines than those with lower levels of pro-inflammatory cytokines (Durack et al., 2020). Furthermore, subjects with asthma were uniquely enriched bronchial bacterial in the genus of Neisseria, Haemophilus, and Fusobacteriumm (Durack et al., 2017). However, the genus of Moraxella and Staphylococcus were most frequently detected in the upper airway microbiome in patients with asthma, and the bacterial variance in nasal airway microbial composition was related to asthma exacerbation in pediatric patients (McCauley et al., 2019). Our findings demonstrate the link between microbiome alterations of the upper respiratory tract and asthma control. Cyanobacteria, a phylum of Gram-negative bacteria, was found at relatively higher proportions in the samples of subjects with uncontrolled asthma. The phylum of Cyanobacteria, a Gram-negative bacterial lipopolysaccharide/s (LPS), is attributed to host-mediated responses and may result in allergic responses (Lee et al., 2021). Moreover, a higher amount of Janthinobacterium was significantly associated with uncontrolled asthma in this study. Existing research in infants (0-6 months) showed that an increase in the abundance of Janthinobacterium might be linked to the development of respiratory tract infections (Man et al., 2019). Additional evidence has also shown that respiratory tract infections were the leading cause of asthma exacerbations (Hansel et al., 2013). Our study demonstrated that the genera of Pedobacter and Jeotgalicoccus were dominant in the samples of subjects with uncontrolled asthma. We sought to identify and establish a link between the nasal microbiome and asthma control in subjects with established disease. High proportions of Cyanobacteria, Pedobacter, Jeotgalicoccus, and Janthinobacterium were associated with poor asthma control. This analysis may help improve the understanding of underlying pathobiology and potential biomarkers and provide new therapeutic strategies for asthma treatment (Chung, 2017).

It is well established that altered bacterial diversity increases the risk of immune-mediated diseases (Bisgaard et al., 2007; Teo et al., 2015). We found a lower α-diversity in the samples of subjects with uncontrolled combined asthma + AR. Decreased bacterial diversity was found in the nasal microbiome of subjects with uncontrolled asthma and comorbid AR, but not in subjects with uncontrolled asthma. This finding is likely attributable to the association between persistent allergic rhinitis and uncontrolled asthma by enhancing lower respiratory tract inflammation (Oka et al., 2014). Our results showed that the genera of Pseudoflavonifractor, Eubacterium, and Sporobacter were characterized in the samples of subjects with asthma and comorbid AR; these genera all belong to the Firmicutes phylum. Our findings suggest that the genus of Pseudoflavonifractor were beneficial for asthma control in asthma with or without comorbid AR. Pseudoflavonifractor produces butyrate, which is associated with immune-modulation (Alam et al., 2021). It’s possible that the butyrate attenuated eosinophil trafficking and survival to protect against allergic airway inflammation (Theiler et al., 2019).

It is noteworthy that our research found a dissimilar bacterial composition in the samples of subjects with asthma and combined asthma + AR relative to the samples of healthy controls. At the phylum level, samples of the subjects with combined asthma + AR had a higher relative abundance of Fusobacteria and Cyanobacteria. Additionally, the subjects with asthma and comorbid AR were enriched with the genus of Haemophilus. However, the differences in this bacterial microbiome were not statistically significant in subjects with asthma compared to healthy controls. Haemophilus was detected in the respiratory tract with low abundance based on the Human Microbiome Project, and the relative abundance was about 1% on average (Zhou et al., 2013). Our study showed that the mean relative abundance of Haemophilus was 6.13% and 1.42% in asthma and comorbid AR and healthy controls, respectively. Enrichment of Haemophilus within the upper airway microbiome may be associated with asthma and appears to be a risk factor for the development of asthma (Durack et al., 2017). Furthermore, the genus of Pelomonas was enriched in patients with combined asthma + AR; it has a highly positive correction with the pathway of fatty acid degradation. Metabolomic profiling exhibited the inverse relationship between polyunsaturated fatty acids (PUFAs) and allergic disease (Lee-Sarwar et al., 2019a; Lee-Sarwar et al., 2019b). These results support that regulation between microbiome alterations may potentially result in autoimmune disease or allergies.

This study provided an improved understanding of airway pathogens and allergic airway inflammation. We found that alterations of the upper respiratory microbiome may contribute to multiple allergic diseases. In particular, a different proportion of Prevotella, Feacalibacterium, Lactobacillus, Escherichia, Neisseria and Haemophilus may result in various types of allergic respiratory disease, such as AR, asthma, or combined asthma + AR. Furthermore, the nasal microbiome had an impact on the level of asthma control. Pseudoflavonifractor may be beneficial for asthma control. However, Cyanobacteria, Pedobacter, Jeotgalicoccus, and Janthinobacterium may contribute to poor asthma control. Moreover, the distribution of airway microbes in patients with asthma may be shifted by medicine. A previous study showed that when compared to placebo treatment, relative abundance of Microbacteriaceae, Neisseria and Moraxella increased, and Fusobacterium decreased in the group receiving inhaled corticosteroid treatment (ICS) (Durack et al., 2017). Additionally, another research indicated that use of Azithromycin reduced the levels of Haemophilus influenzae load in patients with asthma (Taylor et al., 2019). Antibiotics can affect chronic inflammation via multiple pathways, which makes it difficult to identify the immune mechanism (Taylor et al., 2019).

Some limitations of this study need to be addressed. First, we cannot completely rule out that medicine may influence the respiratory bacterial composition, although all subjects included had no history of antibiotic use or systemic steroid therapy within 3 months. Second, the study did not measure bacterial loading, but the relative abundance of the bacteria may also reflect the microbial differences to a certain extent. Third, we recognize that the data of immune markers related to allergic inflammation was missed. We will incorporate flow cytometry for immune markers to provide further evidence for changes in bacterial community composition and diversity in the next study. Moreover, DNA extraction controls were not included in this study. However, nasal lavage fluid collection was conducted by two trained team members that strictly followed the principles of sterility. It is possible that the significant changes in very low abundant taxa may be due to contamination. Furthermore, potential genetic susceptibility for an allergen may influence the structures of the bacterial communities, thus the history of first degree relatives suffering from asthma/allergic rhinitis should be considered in the futures. Therefore, we must acknowledged have not proven that the nasal microbiome had an impact on the level of asthma control. However, we showed some taxa were associated with level of asthma control. Further studies regarding the alteration bacterial taxa and allergic inflammation in animal models are warranted.

In summary, decreased bacterial diversity was found at different degrees in subjects with AR, asthma and combined asthma + AR. This study also presented the disparities in structure and composition of nasal bacteria in patients with respiratory disease. Lower evenness and richness in the nasal microbiome may increase the risk of poor asthma control in patients with asthma and comorbid AR. At the same time, the genera of Pseudoflavonifractor (phylum Firmicutes) dominated the microbiome of both controlled or partially controlled groups in isolated asthma and combined asthma + AR. The finding from this may help clinicians have a better understanding of airway microbiome and allergic airway inflammation.
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Background

Ulcerative colitis (UC) is a relapsing nontransmural inflammatory disease that is restricted to the colon and is characterized by flare-ups of bloody diarrhea. In this study, we aimed to investigate intestinal bacterial diversity in healthy controls and patients with UC with and without active disease, from Ghana and Denmark.



Methods

The study included 18 UC patients (9 with active and 9 with inactive disease) and 18 healthy controls from Ghana. In addition 16 UC patients from Denmark (8 UC with active and 8 UC with inactive disease) and 19 healthy controls from Denmark. Microbiota diversity analysis relied on sequencing of ribosomal small subunit genes. Purified genomic DNA was submitted to PCR using a primer set targeting prokaryotes and eukaryotes. The purified DNA was sequenced on the Illumina MiSeq system in a 2 × 250 bp set up (Illumina, San Diego, CA, USA). Blinded analysis of the taxonomy table was performed using BioNumerics-7.5 (Applied Maths NV, Sint-Martens-Latem, Belgium).



Results

When analyzing the taxonomy data for prokaryotes, cluster and principal component analysis shows Danish healthy controls clustered together, but separate from healthy controls from Ghana, which also clustered together. The Shannon diversity index (SDI) for prokaryotes shows significant differences between Danish healthy controls and patients in comparison with the corresponding groups from Ghana (p = 0.0056). Significant increased abundance of Escherichia coli was detected in healthy controls from Ghana in comparison with healthy controls from Denmark. The SDI of the prokaryotes ranges between 0 and 3.1 in the Ghana study groups, while in the Danish study groups it ranges between 1.4 and 3.2, the difference is however not significant (p = 0.138). Our data show a significant increased abundance of eukaryotes species in the healthy control group from Ghana and Denmark in comparison with patient groups from Ghana and Denmark.



Conclusion

Overall, healthy controls and patients with UC from Denmark have increased diversity of prokaryotes. Healthy controls from Denmark and Ghana have increased abundance of eukaryotes in comparison with UC patient groups from Denmark and Ghana.
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Introduction

Ulcerative colitis (UC) is a chronic inflammatory disease of the colon characterized by bloody diarrhea and abdominal pain (Baumgart and Sandborn, 2007). The etiology of UC is unknown, but the findings so far suggest that the nexus of UC pathogenesis lies in the interaction between the predisposing host genetic factors and the host immune response to intestinal bacteria (Baumgart and Sandborn, 2007). As the prevalence of UC increases in Western countries by 2%–3% each year, an increased attention has been given toward the role of intestinal microbiota and diet in UC (Annese et al., 2003; Loftus et al., 2007). Therefore, it is interesting to examine the nature of the intestinal microbiota composition in both active and inactive UC in a Western country such as Denmark and compare it with a non-Western country such as Ghana.

In UC patients it is shown an increased prevalence of Actinobacteria and Proteobacteria such as Escherichia coli and decreased prevalence of Clostridial cluster IV such as Faecalibacterium prausnitzii (Frank et al., 2007; Sokol et al., 2008) and Firmicutes such as Lactobacillus (Frank et al., 2007; Strober, 2013; Vester-Andersen et al., 2019; Nascimento et al., 2020). Actinobacteria phylum are known to have a pivotal role in maintaining gut homeostasis and metabolism (Binda et al., 2018). However, the abundance of Coriobacteriia and family Coriobacteriaceae, which is known to metabolize host-derived bile acids and steroid hormones, was increased in IBD, while the family Bifidobacteriaceae was reduced (Alam et al., 2020). Reduced abundance of Lactobacillus species, lactic acid-producing bacteria is linked to UC, and lactic acid-producing bacteria are known to benefit the gut by creating an intestinal environment, not favorable for pathogenic bacteria (Walter, 2008). Studies in UC patients indicate increased abundance of virulent E. coli species, harboring virulent genes such as alpha-hemolysin, which causes increased gut permeability (Mirsepasi-Lauridsen et al., 2016; Mirsepasi-Lauridsen et al., 2020). Faecalibacterium prausnitzii produces short chain fatty acid (SCFA) from dietary carbohydrate, which provides energy to colonocytes and have anti-inflammatory properties (Frank et al., 2007). Reduced level of SCFA might be explained by the reduced abundance of Faecalibacterium prausnitzii in UC patients. An important element in this endeavor is nutrition. Diet intake of fast-food, rich in fats and digestible sugar, increases the risk of UC (Burisch et al., 2014; Nascimento et al., 2020), whereas diet rich in olive oil, fish, fruits, and nondigestible fibers such as vegetables seem to be protective against UC (D’Souza et al., 2008; Ananthakrishnan et al., 2013). Nutrition therapy has been shown to be as effective as corticosteroids for mucosa healing in UC patients (Borrelli et al., 2006).

It has been speculated that there might be a link between environment, diet, microbiota, and the decreased prevalence of inflammatory bowel disease (IBD) in Asia and Africa (Nkrumah, 2008; Isibor et al., 2021). Decreased incidence of UC in Asian and African countries might be due to under reporting and/or limited access to hospitals and healthcare in general.

Increased use of antibiotics early in life has been linked to an increased risk of developing IBD (Jin et al., 2017; Vangoitsenhoven, 2020). However, these results do not match with the increased use of antibiotics without prescription in some Asian and African countries (Dixon et al., 2019) and decreased incidence of IBD in these countries. As mentioned earlier, there are studies investigating intestinal prokaryotes in patients with IBD in comparison with the healthy controls, but only a few studies investigating the prevalence of eukaryotes in IBD in comparison with healthy controls in Western countries versus Africa.

Increased prevalence of parasites such as Trichuris suis among Asians and Africans has been linked to more mature immunity and protection against autoimmune diseases such as IBD. IBD patients treated with Trichuris suis ova, improved their symptoms and maintained remission (Huang et al., 2018). This might suggest why the Asian and African populations are protected against autoimmune diseases such as IBD.

This study aimed to investigate the intestinal bacteria and eukaryote diversity in healthy controls and in UC patients with active and inactive disease from Ghana and Denmark.



Materials and Methods


Study Population

This is a descriptive study of intestinal microbiota in UC patients with active and inactive disease from Denmark and Ghana. The study includes 17 adult patients with active ulcerative colitis (UC) disease (9 from Ghana, 8 from Denmark) and 17 UC patients with inactive disease (9 from Ghana, 8 from Denmark). In addition, the study includes 37 healthy controls (18 healthy persons from Ghana and 19 from Denmark). The age of UC patients from Ghana ranges from 20 to 70 years, while the ages of the UC patients from Denmark range from 23 to 64 years. The age of healthy controls from Ghana ranges from 23 to 72, while the age of the healthy controls from Denmark ranges from 20 to 70 years.



Clinical Assessment of Study Population

UC patients were diagnosed according to standardized criteria (Walmsley et al., 1998) with symptoms as bloody diarrhea, tenesmus, and rectal urgency. Patients with severe disease will in up to 47% of the cases have extraintestinal manifestations, such as uveitis, arthritis, erytema nodosum (Langan et al., 2007). Patients suspected of UC should be tested for Clostridium difficile infection/toxin, parasitic ova, and parasites, as well as pathogenic E. coli, to eliminate other causes of chronic diarrhea. The diagnosis of UC is supported by inflammation markers in blood test, fecal-calprotectin test, colonoscopy, proctosigmoidoscopy, and biopsy (Langan et al., 2007). Symptom scores and fecal and blood samples were collected. The disease activity was assessed by the Simple Clinical Colitis Activity Index (SCCAI) (Ring et al., 2017). SCCAI is a symptom scoring questionnaire regarding day/night bowel frequency, urgency of defecation, blood in feces, general well-being, and extraintestinal manifestations. Scoring ranges between 0 and 19. A SCCAI score of ≤2 was defined as remission, 3–5 as mild disease activity, 6–11 as moderately active disease, and >12 as severely active disease. Patients from Ghana with active disease have pancolitis with SCCAI score of >6. Patients from Denmark with active disease have left-sided colitis with SCCAI sore of >3. Inactive disease was monitored similarly by SCCAI questionnaire, inflammation-marker blood tests (CRP), and fecal calprotectin.

All the participants filled in questionnaires regarding medicine or antibiotic usage and travel activity during the last 3 months before participating in the study. Healthy controls who used antibiotics were excluded from the study (Table 1). The laboratory staff was blinded to patient data.


Table 1 | Number of the participants in the study groups, clinical data, medicine and antibiotic use.





Ethical Statement

Ethics statement permission for the study was obtained from the Regional Ethics Committee for Copenhagen County Hospitals and Ghana (Permission no. KA-03019, Permission no. KA-20060159), and all participants gave their informed written consent. Healthy controls were recruited among volunteer students. Patients and healthy controls completed a questionnaire about their condition and their medication.



DNA Extraction From Fecal Samples

Stools of the project participants from Ghana were transported under cold conditions within 1 day by air to the Statens Serum Institut (microbiology laboratory), Denmark. Danish project participants send their stool to the Statens Serum Institut (microbiology laboratory) via fast mail (same-day delivery). All the stools were stored at −80° degrees until use. DNA extraction of all project participants’ stools was performed according to the instructions of the manufacturer (DNA Stool Mini Kit, Qiagen, Copenhagen, Denmark) with the following modifications: 100 mg fecal sample was mixed with 1.4 ml ASL buffer in a 2-ml tube and vortexed until the sample was thoroughly homogenized. Samples were subsequently mixed with 0.2 g sterile zirconia/silica beads. Hereafter, the samples were processed on a TissueLyser for 6 min at 30 Hz. Lysis was completed at a temperature of 95°C for 5 min. Finally, DNA were eluted in 100 µl elution buffer provided in the kit.



Sequencing of Microbial Population in Fecal Samples

Microbiota diversity analysis relied on sequencing of the ribosomal small subunit (SSU rRNA) genes. Purified genomic DNA was submitted to PCR using a primer set targeting prokaryotes and eukaryotes [one primer set for 16S, and three different in-house primer sets for 18S (G3-1, G4-3, G6-1)]. For prokaryotes, a modified version of the published universal prokaryotic primers 341F/806R (Yu et al., 2005) was used. Resulting PCR products were quantified using the Quant-IT™ dsDNA High Sensitive Assay Kit (Thermo Fisher Scientific, Waltham, MA, USA) and pooled in equimolar amounts [Pooled Amplicon Library (PAL)]. Agencourt AMPure XP Beads (Beckman Coulter, Brea, CA, USA) were used to remove DNA fragments shorter than 300 bp and those longer than 1,000 bp, and the purified DNA was sequenced on the Illumina MiSeq system in a 2 × 250-bp set up (Illumina Inc.). A maximum of 64 samples were sequenced in a single sequencing run (Ring et al., 2017). The sequence output was taxonomically mapped using BION, a newly developed k-mer-based mapping software. A k-mer length of 8 was used, with a step size of 4. Query sequences originating from prokaryotes were compared with the 341–806 bp region (rRNA gene positions from Escherichia coli) in RDP 11.04 (30).



Data Analysis

Blinded analysis of the taxonomy table was performed using BioNumerics version 7.5 (Applied Maths NV, Sint-Martens-Latem, Belgium). After normalization, cluster analysis was performed with a tolerance of 1% and an optimization of 1%. The similarity between profiles was calculated with a Pearson’s correlation. A dendrogram was then constructed with UPGMA. The reliability of the dendrogram was determined with a cophenetic correlation coefficient. This coefficient compares a similarity matrix derived from the dendrogram with the actual similarity matrix. Reliably separated branches have a high cophenetic correlation. The Shannon Diversity Index was calculated for each profile. Linear discriminant analysis (LDA) was used to analyze differences within patient groups and healthy persons. All statistical analyses were performed after mean-based normalization using analysis of variance (ANOVA) with Bonferroni post-hoc test and paired and unpaired t-tests. The level of significance was set at p ≤ 0.05.




Results

Cluster analysis shows that 18 of 19 healthy controls from Denmark are mostly clustered together in the middle of the dendrogram, while 16 of 18 healthy controls from Ghana are clustered together with patients from Ghana in the bottom of the dendrogram (Figure 1).




Figure 1 | Cluster analysis of prokaryotes in study groups show healthy controls from Denmark are clustered together in the middle of the dendrogram (in green), while 16 of the healthy controls from Ghana are clustered together with patients from Ghana in the bottom of the dendrogram.



Principal component analysis (PCA) based on the prokaryotic taxonomy results shows that 94% of the Danish healthy controls are mostly clustered together in the green circle in Figure 2, while 88% of healthy controls from Ghana are mostly clustered together with UC patients from Denmark and Ghana in the red circle (Figure 2).




Figure 2 | Principal component analysis (PCA) based on prokaryotic taxonomy results show 94% of healthy controls from Denmark are in the middle of the PCA in green circle, while 88% of the healthy controls from Ghana are clustered together with UC patients from Denmark and Ghana in the red circle.



Analysis of α-diversity using the Shannon Diversity Index, and two-way-ANOVA test on ranks showed significant differences between Danish healthy controls and patients compared with the healthy controls and patients from Ghana, p ≈ 0.0056 (Figure 3). The Shannon Diversity Index in healthy controls and patients from Ghana ranges between 0 and 3.1, while the Shannon Diversity Index in the Danish healthy controls and patients ranges between 1.4 and 3.2.




Figure 3 | Boxplots of calculated Shannon Diversity Index, divided by study groups show increased prokaryotic diversity in Danish healthy controls and patient groups, in comparison with healthy control and patient group from Ghana, p ≈ 0.0056.



Taxonomy data for eukaryotes have been screened for plants, animals, or any other species that are only connected to the human host, through the food chain. Cluster analysis of the taxonomy data for eukaryotes shows the Ghana groups are spread all over the dendrogram, while the Danish groups are mostly gathered in the center of the dendrogram with Danish UCI and UCA (Figure 4).




Figure 4 | Cluster analysis of eukaryotes in the study population. As it is shown, the Danish control group are clustered together in the center of the dendrogram with Danish UC patients, while the study groups from Ghana are spread all over the dendrogram.



PCA shows that 85% of the Danish healthy controls are clustered together with 67% of the Danish UCI and 78% of the UCA patients in the red circle, while healthy controls and UCA and UCI patients from Ghana are spread all over the PCA (Figure 5).




Figure 5 | PCA is based on the cluster analysis; 85% of the Danish healthy controls are gathered in the red circle, while healthy controls from Ghana and patient groups are spread all over the PCA.



When analyzing the taxonomy data of eukaryotes for the Shannon Diversity Index, a two-way ANOVA test on ranks shows no significant differences between the Danish and Ghana study groups, p = 0.401 (Figure 6).




Figure 6 | Boxplots of calculated Shannon Diversity Index, divided by groups show increased eukaryotic diversity in healthy controls. However, these differences are not significant.



Analysis of operational taxonomic unit (OTU) for prokaryotes shows a significant increased abundance of E. coli in the Ghana control group in comparison with the Danish control group, p = 0.0001 (Figure 7). A significant increase in the abundance of Faecalibacterium is noticed in the Danish healthy controls vs. Ghana healthy controls (p = 0.0002).




Figure 7 | Graph shows OTU-mean value for selected prokaryotes and eukaryotes with increased abundance. As it is shown in the graph, E. coli, Saccharomyes, and Faecalibacterium are selected for highest peaks among other species found in the stool of the study groups.



When analyzing OTUs for eukaryotes, a significant increase in the abundance of Saccharomyces cerevisiae was detected in the Danish control groups in comparison with Ghana control group (p = 0.004) and in the Danish UC patients with inactive disease in comparison with UC patient with inactive disease from Ghana (p = 0.05). A significant increase in the abundance of Saccharomyces bayanus was also detected in the Danish control groups in comparison with the Ghana control group (p = 0.01) and in the Danish UC patients with inactive disease in comparison with UC patient with inactive disease from Ghana (p = 0.05).

The data show that the healthy control groups from Denmark and Ghana have a significant increase in the abundance of eukaryotes compared with the UC patient groups from Denmark and Ghana, p = 0.0001. When analyzing each group independently, it is shown that individual healthy control participants from Denmark and Ghana have increased abundance of Amoebozoa, Ascomycota, Basidiomycota, and Stramenopiles; the median value is, however, zero for all study groups (Table 2).


Table 2 | Median value for selected Eukaryota in study groups.



When comparing the study groups, the healthy control groups from Denmark and Ghana have increased prevalence of Amoebozoa, Ascomycota, Basidiomycota, and Stramenopiles; however, these differences are not statistically significant (Table 3).


Table 3 | t-test for significant differences between Eukaryota abundance of the 2 selected study groups.



Overall, the healthy control groups from Denmark and Ghana have a significant increase in the abundance of eukaryotes species in comparison with the UC patient groups from Ghana and Denmark, p = 0.0001 (Table 4).


Table 4 | Total OTUs of selected eukaryotic species with increased abundance in the study group.





Discussion

The pathogenic mechanisms of IBD have been studied intensely, pointing out the importance of the genetic and environmental factors in the development of IBD (Wallace et al., 2014).

In the last two decades, the focus has been on reduced diversity of the intestinal microbiota in IBD patients from Western countries, and this reduced microbiota diversity is thought to play an important role in disease relapses and remission or even in developing IBD (Frank et al., 2007; Vester-Andersen et al., 2019; Zakerska-Banaszak et al., 2021). Food and water are important sources when shaping the intestinal microbiota, as the diet influence the composition of the intestinal microbiota also early in life (Marino, 2007). While Western diet has been linked to increased prevalence of IBD, African diets that are rich in fibers with less fat/red meat being linked to the reduced prevalence of IBD.

Therefore, our results were found to be of major importance in discovering the differences in the gut microbiota in healthy controls and UC patients with active and inactive disease from Ghana in comparison with corresponding groups from Denmark. The Shannon Diversity Index shows a significant increase in intestinal bacterial diversity in the Danish study groups in comparison with the corresponding groups from Ghana. Our previous study based on intestinal bacterial diversity in UC patients with active and inactive disease showed similar patterns, where patients with active disease had increased Shannon Diversity Index in comparison with UC patients with inactive disease, while the healthy control group had increased Shannon Diversity Index correspond to UC patients (Mirsepasi-lauridsen et al., 2018).

However, when analyzing bacteria Shannon Diversity Index, we noticed it ranges between 0 and 3.1 within the participants from Ghana compared with the corresponding participant from Denmark, which ranges from 1.4 to 3.2. This result might be explained by the fact that the Western diet is more uniform and processed in comparison with diets from the corresponding study groups from Ghana. Furthermore, the usage of antibiotics is restricted in Denmark (only by medical prescriptions), which causes limited/uniform exposition to the antibiotic, while this is not the case in Ghana (Danish Health and Medicines Authority, 2013; Yevutsey et al., 2017). These facts might have a major impact on the composition of the intestinal microbiota.

Analysis of the prokaryotic taxonomy shows significantly increased abundance of E. coli among Ghana healthy controls in comparison with the Danish healthy controls. It was surprising to find an increased abundance of E. coli among the healthy control group from Ghana in comparison with the UC patients with active and inactive disease from Ghana, who had 18% and 31% less abundance of E. coli, respectively. The Ghana healthy control groups have a significant increase in abundance of E. coli in comparison with the Danish UC patient with active disease (p = 0.014). It is important to point out that the increased prevalence of E. coli is linked to UC, which is also shown in the graph (Figure 7) (Kotlowski et al., 2007; Petersen et al., 2009; Mirsepasi-Lauridsen et al., 2016). The question remains why do we observe the opposite pattern in the study group from Ghana, where there is an increased abundance of E. coli among the healthy control group in comparison with the UC patients from Ghana. So far, the studies indicate that E. coli is one of the most competitive intestinal bacteria with increased antibiotic resistance properties (Kibret and Abera, 2011). It is also known that it is possible to purchase antibiotics in Ghana without medical prescriptions. This might indicate an increased exposition to antibiotics in Ghana, causing increased prevalence of competitive E. coli species among other intestinal bacteria. The explanation for reduced abundance of E. coli among the Ghana UC patient groups in comparison with the healthy control group might be explained by the increased use of antibiotics, as antibiotics are widely used, especially when patients suffer from intestinal disorders/diseases such as IBD (Yevutsey et al., 2017). However, the subtype of E. coli and the possible number of E. coli virulence genes in an individual patient is unknown. Certain E. coli, such as E. coli Nissle has been suggested to have probiotic abilities, if this is the case among patients from Ghana is unknown (Kruis et al., 2004).

Our data show a significant increase in abundance of Faecalibacterium prausnitzii among the Danish healthy controls in comparison with the Ghana healthy controls. However, the study group from Ghana shows the opposite pattern, where there is a high abundance of Faecalibacterium prausnitzii among the UC patients compared with the healthy control groups from Ghana (Figure 7). So far, studies indicate that Faecalibacterium prausnitzii exhibit anti-inflammatory properties and has decreased among IBD patients (Frank et al., 2007; Sokol et al., 2008). However, the current study shows a more complex patten. The prokaryotic taxonomy results from this study confirms the study by Hansen et al. (2019), which shows an increased prokaryotic similarity and diversity within nonindustrialized populations from Tanzania and Botswana. There are other things beside diet that might affect the intestinal bacterial diversity, such as depression, which we have not yet been analyzed in this study (Chen et al., 2021). When it comes to prokaryotic taxonomy for UC patients with active and inactive disease in comparison with healthy controls, the results show no significant differences between UC patients with active and inactive disease or between healthy controls and UC patients in the Danish and Ghana study groups. However, the Danish healthy control group (mean-OTU 2,694) has increased intestinal bacterial diversity in comparison with the UC patients with active (mean-OTU 2,281) and inactive (mean-OTU 2,063) disease. Our findings could provide a significance when considering to treat UC patients with probiotics or fecal microbiota transplantation to change the microbiome associated with UC. The taxonomy data of eukaryotes show a significant increase in abundance of Saccharomyces bayanus and Saccharomyces cerevisiae among the Danish study groups in comparison with the Ghana study groups. Several studies indicate an abnormal reaction to Saccharomyces species among IBD patients compared with healthy controls, as IBD patients respond differently to self and non-self-strains (Schaffer et al., 2007; Di Paola et al., 2020). Saccharomyces cerevisiae is known as opportunistic pathogen and used in home-brewed beer and in dietary products (Pérez-Torrado and Querol, 2016). The increased prevalence of the Saccharomyces species among the Danish study groups might be explained by an increased consumption of wine, beer, and bread, since Saccharomyces species are used in bread, beer, and wine production (Lodolo et al., 2008).

Eukaryote data show a significant increase in abundance of eukaryotic species in healthy controls from Denmark and Ghana, in comparison with UC patient groups from Denmark and Ghana. Healthy control participants from Denmark and Ghana have increased prevalence of Ascomycota, Basidiomycota, and Stramenopiles. Blastocystis is one of the most common human nonfungal eukaryotic enter-parasitic organisms in developing countries (Petersen et al., 2013). However, the role of the Blastocystis in disease and health is still unknown. Some studies link prevalence of Blastocystis to irritable bowel syndrome (diarrhea), while other study link high prevalence of the Blastocystis with healthy gut (Petersen et al., 2013; Krogsgaard et al., 2018; Kesuma et al., 2019). Our data confirm the results from Petersen et al. (2013), with a significant increase of Blastocystis ST1 in the healthy control groups in comparison with the UC patients.

This study clarified that the decreased incidence of UC in people from Ghana is not linked to increased intestinal bacterial diversity nor increased prevalence of eukaryotic species in the intestine. However, this study is based on a limited number of participants. More studies are needed to clarify the role of intestinal microbiota and UC incidence in Ghana. It might be a combination of the bacteria or eukaryotes causing UC or a single organism that we still do not know of.



Conclusion

Overall, healthy controls and patients with UC from Denmark have increased diversity of prokaryotes compared to Ghana. Healthy controls from Denmark and Ghana have increased abundance of eukaryotes in comparison with UC patient groups from Denmark and Ghana.
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Frailty is a complicated syndrome that occurs at various ages, with highest incidence in aged populations, suggesting associations between the pathogenesis of frailty and age-related changes. Gut microbiota (GM) diversity and abundance change with age, accompanied by increased levels of trimethylamine oxide (TMAO), a systemic inflammation-inducing GM metabolite. Thus, we hypothesized that TMAO may be involved in the development of frailty. We successfully established and verified a novel model of frailty in adult mice based on a 4-week intraperitoneal injection regime of TMAO followed by LPS challenge. The frailty index significantly increased in TMAO-treated mice after LPS challenge. TMAO also decreased claudin-1 immunofluorescent staining intensity in the jejunum, ileum, and colon, indicating that the destruction of intestinal wall integrity may increase vulnerability to exogenous pathogens and invoke frailty. 16S sequencing showed that TMAO significantly reduced the GM Firmicutes/Bacteroidetes (F/B) ratio, but not α-diversity. Interestingly, after LPS challenge, more genera of bacterial taxa were differently altered in the control mice than in the TMAO-treated mice. We infer that a variety of GM participate in the maintenance of homeostasis, whereas TMAO could blunt the GM and impair the ability to recover from pathogens, which may explain the continuous increase in the frailty index in TMAO-treated mice after LPS challenge. TMAO also significantly increased serum imidazole metabolites, and led to different patterns of change in serum peptide and phenylpropanoid metabolites after LPS stimulation. These changes indicate that glucose metabolism may be one mechanism by which GM inactivation causes frailty. In conclusion, TMAO leads to frailty by destroying intestinal barrier integrity and blunting the GM response.
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Introduction

Frailty is defined as a decrease in the reserves and recovery function of the body. Decreased physical and cognitive reserves lead to increased vulnerability to stressors (Mueller et al., 2016), and make individuals more susceptible to illness. Reserve capacity is a measure of the threshold of disease of the body. Frailty can also be explained by the accumulation of damage to various systems of the body over time. Frailty affects multiple organs and systems, namely, the skeletal muscles and immune, endocrine, hematopoietic, and cardiovascular systems (Fulop et al., 2015). Patients with frailty are vulnerable to comorbidities, such as neurodegenerative diseases (dementia), cardiovascular diseases (chronic heart failure, atherosclerosis), and type II diabetes (Fülöp et al., 2016). Frailty may be associated with age, but not necessarily with aging. According to an investigation by Xing et al. (Xi and Guo, 2014), 43.2% of 683 older people (≥60 years old) from Beijing did not have frailty, while the incidence of pre-frailty was 45.7%, and 11.1% of the cohort were frail. These data suggest that healthy aging could be achieved by preventing and improving frailty status. However, our current understanding of frailty is extremely inadequate, and there is no consensus on the mechanisms that lead to frailty or even the diagnostic criteria. These knowledge deficiencies prevent the design of appropriate interventions to achieve the goal of healthy aging.

Due to the boom in studies on the gut microbiota in recent years, the roles of the gut flora in aging and frailty have become increasingly reported. The gut microbiota is an extremely large, important component of the body that changes with age and health status, and affects many processes within the host. Studies (Salazar et al., 2017) indicate that aged adults have higher abundances of Clostridum Cluster XIVa, Faecalibacterium prauanitzii, Actinomycetes (mainly Bifidobacterium), and Proteobacteria than young adults. Rampelli et al. (2013) also reported that the abundance of Faecalibacterium, Eubacterium, and Bifidobacterium increased in the aged population.

In addition to the gut flora changing with age, there is also a correlation between the status of the body and the composition of the gut microbiota. Compared to a non-frail group, frail individuals had a higher abundance of Eubacterium dolichum and Eggerthella lenta, and a lower abundance of F. prausnitzii (Jackson et al., 2016). Based on FI34 values, Eggerthella, Ruminococcus, and Coprobacillus were reported to have the greatest impact on frailty (Maffei et al., 2017). According to the Rockwood Frailty Index, F. prausnitzii exhibited an inverse correlation with age, while E. dolichum and E. lenta exhibited positive correlations (Ticinesi et al., 2017). Frailty is often reflected by low biodiversity of the gut microbiota, decreased abundance of butyrate producers, and increased numbers of pathobionts (Casati et al., 2019). Escherichia, Ruminococcus (Rampelli et al., 2013), and Clostridium leptum, among others, are increased and F. prausnitzii and other species are decreased in centenarians (Biagi et al., 2010). Biagi et al. (2010) also showed that the proportion of Clostridium cluster XIV a was significantly lower in centenarians than in elderly and younger adults. Furthermore, the diversity and abundance of the intestinal microbiota vary between elderly adults and centenarians (Biagi et al., 2010; Rampelli et al., 2013). To a certain extent, these findings support the hypothesis that specific gut microbiota may contribute to healthy aging.

The gut microbiota may promote the processes of aging and frailty via different mechanisms. Direct effects could be accomplished via the gut microbiota itself or by its metabolites. For example, an increased abundance of Clostridium may elevate the levels of trimethylamine (TMA). Dietary choline, L-carnitine, and betaine can be metabolized to TMA by Firmicutes and Proteobacteria (Yang et al., 2019). TMA can be further converted to trimethylamine oxide (TMAO) by flavin (Yang et al., 2019). Given the increase in Clostriduim reported in older individuals, older adults may possibly have higher TMAO levels (Meyer et al., 2016), which may contribute to the incidence of frailty.

A link has previously been suggested between TMAO and frailty. A clinical investigation found frail individuals had significantly higher contents of TMAO than non-frail individuals (He et al., 2020). This finding also supports our hypothesis that TMAO is associated with frailty. TMAO could induce significant oxidative stress, inflammatory conditions, and endothelial dysfunction, as it can stimulate the TXNIP-NLRP3 inflammasome, activate release of the inflammatory cytokines IL-1β and IL-18, and also inhibit the production of endothelial nitric oxide synthase (eNOS) and nitric oxide (NO) (Li et al., 2017).

The gut microbiota and its metabolite TMAO may contribute to the occurrence and development of frailty. Thus, improving the function of the gut microbiota may provide a potential target to prevent frailty. To test this hypothesis, the present study first evaluated a TMAO-induced model of frailty in mice. Then, we determined and analyzed the changes in the gut microbiota and serum metabolites, and used this model to investigate the mechanisms by which the gut flora is related to frailty, independently of aging. Though the process of aging cannot be avoided, amelioration of frailty provides a potential strategy to achieve healthy aging.



Materials and Methods


Animals

Male C57BL/6 mice aged 10–14-weeks-old were maintained in the animal facility of the Shanghai University of Medicine & Health Science (SUMHS). All experiments were performed in accordance with international guidelines, were approved by the animal ethics committee of SUMHS, and were performed in a blinded manner.



TMAO-Induced Frailty Model and LPS Challenge

The animals were randomly assigned to four groups: control + saline, TMAO + saline, control + LPS, or TMAO + LPS (n = 8 per group).

To induce TMAO-induced frailty, mice were intraperitoneally injected with TMAO (trimethylamine N-oxide; Sigma-Aldrich, MI, USA; 0.16 mg/kg, dissolved in saline) every day for 4 weeks. The mice in the control group were injected with equivalent volumes of saline. After 4 weeks of TMAO/control treatment, LPS (lipopolysaccharide from Escherichia coli O111: B4, Sigma-Aldrich; 5 mg/kg, dissolved in saline) was administrated intraperitoneally once to challenge the mice. An equivalent volume of saline was injected as a vehicle control.



Ethical Approval Statement

This animal study was reviewed and approved in advance by the animal ethics committee of the Shanghai University of Medicine & Health Science (No. 2019-GJZDYFJH-08-054629).



Frailty Index

The frailty index was calculated based on four parameters: weight loss, weakness (grip strength), slow walking speed (Rota rod test), and exercise endurance (Rota rod test). The grip strength test was performed following the instructions of the IITC Life Science Grip Strength Meter Operating Manual (IITC Life Science, Woodland Hills, CA, America) (Gomez-Cabrera et al., 2017), and the Rota rod test for walking speed, in accordance with the IITC Life Science Rotarod Mice/Rats Operating Manual (IITC Life Science). Each test started at 4 rotations per minute (rpm), and then accelerated to 40 rpm over 300 s. The total test time was 350 s. The speed at which the mice fell was recorded. Three tests were performed with 10-min rest intervals between each test. The Rota rod test for exercise endurance was performed at a constant speed of 15 rpm over 600 s; the distance at which the mice fell was recorded.

The frailty index (FI) score was calculated as (FIBW + FIMS + FIWS + FIEE)/4. Table 1 summarizes the details used for each item included in the FI assessment.


Table 1 | Details of the items in the improved frailty index score.





Immunofluorescent Staining for Claudin-1

At the end of the experiment (72 h after LPS challenge or saline), mice were deeply anesthetized with an overdose of sodium pentobarbital and transcardially perfused with PBS, followed by 4% paraformaldehyde, after which the jejunum, colon, and ileum were collected. Tissues were post-fixed in 4% paraformaldehyde for 4 h, cryoprotected in 20% sucrose in PBS at 4°C, followed by 30% sucrose in PBS overnight, then embedded in OCT compound and frozen at −80°C. Frozen sections (14 mm) were washed with 0.01 M PBS followed by 0.03% PBS Triton X-100, incubated with 5% bovine serum albumin (BSA; VWR Life Science) for 2 h at room temperature, incubated overnight at 4°C with claudin-1 (D5H1D) XP® Rabbit mAb (1:100, CST, Boston, Massachusetts, USA), washed with 0.03% PBST, and both subsequently incubated with Goat polyclonal Secondary Antibody to Rabbit IgG-H&L (Alexa Fluor® 488) (1:1,000, Abcam Cambridge, UK). All staining procedures were performed in parallel for the different groups.

The sections were imaged with a DFC450 C fluorescent microscope (Leica Microsystems Ltd., Weltzar, Germany) using identical exposure times for all slides. Claudin 1 was quantified in at least three distantly separate sections of intestinal segments. The average background fluorescence for control staining sections was subtracted before calculation of the claudin-1 staining intensity using NIH ImageJ (Nahid et al., 2019).



16s rRNA Sequencing of the Gut Microbiota

Mouse fecal samples were collected at two timepoints: TMAO treatment after 4 weeks and 72 h after LPS injection.

Total nucleic acid was extracted from feces using the FastDNA® SPIN Kit for Soil (MP Biomedicals, Irvine, CA, USA) according to the instructions of the manufacturer. The DNA purity and concentration of each sample were assessed using a NanoDrop2000 (Thermo Fisher Scientific, Wilmington, DE, USA). The quality of extracted DNA was determined by 1% agarose gel electrophoresis. The V3/V4 regions of the 16S rRNA gene were amplified by the PCR system with primers 338F (5`-ACTCCTACGGGAGGCAGCAG-3`) and 806R (5`-GGACTACHVGGGTWTCTAAT-3`) to further verify the quality of the DNA samples. The PCR system was performed in triplicate with 20 ml mixtures containing 4 ml of 5× FastPfu buffer, 2 ml of 2.5 mM deoxynucleoside triphosphates, 0.8 ml of each primer (5 mM), 0.4 ml of FastPfu polymerase, 10 ng of template DNA, and double-distilled water. PCR reactions were performed on an ABI GeneAmp® 9700 (Thermo Fisher, Waltham, MA, USA) using the following cycling parameters: 95°C for 3 min, followed by 27 cycles at 95°C for 30 s, 55°C for 30 s, and 72°C for 45 s, with a final extension at 72°C for 10 min. The amplicons were extracted from a 2% agarose gel, purified using the AxyPrep DNA Gel Extraction Kit (Axygen Biosciences, Union City, CA, USA), and quantified by QuantiFluor™-ST (Promega, Madison, WI, USA) according to the instructions of the manufacturer. Equimolar quantities of purified amplicons were pooled and paired-end sequenced (2 × 300) on an Illumina MiSeq PE300 (Illumina) according to the specifications of the manufacturer for the MiSeq Reagent Kit v3.

The raw Illumina read data for 16S sequencing were deposited into the database of the National Health Institute with accession number PRJNA778423.



Targeted Serum Metabolomics

Serum samples were collected at the end of the experiment (72 h after LPS challenge or saline) and stored at −80 ℃. The metabolomics analysis was performed on a Q300 Kit (Metabo-Profile, Shanghai, China) according to the instructions of the manufacturer. Briefly, 25 µl serum samples were added to 96-well plates, derivatized at 30°C for 60 min, evaporated for 2 h, 330 µl of ice-cold 50% methanol solution was added to reconstitute the sample, the plates were incubated at −20°C for 20 min, centrifuged at 4,000×g for 30 min at 4°C, and 135 µl of supernatant was transferred to a new 96-well plate with 10 µl of internal standard in each well. Serial dilutions of derivatized stock standards were added to the plate in separate wells and the plate was sealed for LC–MS analysis. All standards were obtained from Sigma-Aldrich (St. Louis, MO, USA), Steraloids Inc. (Newport, RI, USA), or TRC Chemicals (Toronto, ON, Canada), and accurately weighed and prepared in water, methanol, sodium hydroxide, or hydrochloric acid to obtain individual 5.0 mg/ml stock solutions. Appropriate amounts of each stock solution were mixed to create stock calibration solutions.

Ultraperformance liquid chromatography coupled to tandem mass spectrometry (UPLC-MS/MS) was performed on an ACQUITY UPLC-Xevo TQ-S system (Waters Corp., Milford, MA, USA) by Metabo-Profile Biotechnology (Shanghai) Co., Ltd. The optimized instrument settings for HPLC were an ACQUITY HPLC BEH C18 1.7 × 10−6 m VanGuard precolumn (2.1 × 5 mm) and ACQUITY HPLC BEH C18 1.7 × 10−6 m analytical column (2.1 × 100 mm), column temperature: 40°C, sample manager temperature: 10°C, mobile phases: A = water with 0.1% formic acid and B = acetonitrile/IPA (70:30), gradient conditions: 0–1 min (5% B), 1–11 min (5–78% B), 11–13.5 min (78–95% B), 13.5–14 min (95–100% B), 14–16 min (100% B), 16–16.1 min (100–5% B), and 16.1–18 min (5% B), flow rate: 0.40 ml min−1, and injection vol.: 5.0 µl. For mass spectrometry, capillary: 1.5 (ESI+), 2.0 (ESI−) Kv, source temperature: 150°C, desolvation temperature: 550°C, and desolvation gas flow: 1,000 L/h.

The raw data files generated by UPLC-MS/MS were processed using the iMAP platform (v1.0; Metabo-Profile, Shanghai, China). Principal component analysis (PCA) and orthogonal partial least squares discriminant analysis (OPLS-DA) were also performed using the iMAP platform. VIP (variable importance in projection) was obtained based on the OPLS-DA model. Metabolites with a VIP of ≥1 and p-value <0.05 (univariate analyses were based on whether the data were normally distributed) were regarded as statistically significant. The Z-score indicates how many standard deviations an observation is above or below the mean of the control group. Vplots were plotted to integrate the fold change and p-values were used to depict the significantly different metabolites.



Statistical Analysis

Data are expressed as mean ± SEM. For FI assessment and claudin-1, statistical analysis was carried out using one-way or two-way ANOVA followed by Bonferroni analysis with GraphPad Prism software. For 16S bacterial abundance and targeted serum metabolomics analysis, the Wilcoxon rank-sum test in R (http://www.R-project.org/), was used for statistical comparisons. A P-value of less than 0.05 was considered statistically significant.




Results


Establishment of a TMAO-Induced Mouse Model of Frailty

Figure 1A shows the changes in the frailty index (FI) in the mouse model of TMAO-induced frailty. The total FI was calculated using four behavioral parameters, as described in Table 1; a higher FI indicates more severe frailty. After intraperitoneal injection of TMAO for 4 weeks, the FI of the TMAO-treated group was slightly higher than that of the control group injected with saline, though this difference was not significant (p >0.05). However, compared to the control group, the FI of the TMAO group increased rapidly and significantly at 24 h after the administration of LPS. Moreover, the FI of the TMAO group remained higher than the FI of the control group at 72 h after LPS challenge. Furthermore, the proportions of the four-item FI values are shown in Figure 1B. The data show that these four items contributed to the total FI values, indicating that the assessment of frailty should be evaluated by multiple indexes, not by a single one. The indexes selected in the present study not only simplify the operation process, but are also discriminative.




Figure 1 | (A) Changes in the frailty index in the TMAO-induced frailty model. Mice were treated with TMAO for 28 days then subjected to LPS challenge for 72h. The frailty index is based on four behavioral tests. Control group (black line), TMAO group (red line). (B) Changes in four indicators that measure changes in frailty index. Values are presented as mean ± SEM of 8 mice per group.



These changes match well with the characteristics of frailty in humans: although the FI did not obviously change after the 4-week administration of TMAO, the ability of the TMAO-treated mice to cope with an acute stressor (like LPS challenge) was significantly impaired. Thus, the intraperitoneal injection of TMAO for 4 weeks successfully established a mouse model of frailty.



TMAO Disrupts Intestinal Barrier Integrity

The integrity of the intestinal barrier is critical for protecting the body against pathogens or harmful substance. Thus, intestinal barrier integrity was assessed by immunohistochemical staining for claudin-1, which is a common marker protein of intestinal wall integrity (Figure 2). After a 4-week intraperitoneal injection regime of TMAO, the florescence intensities of claudin-1 were significantly decreased in the jejunum, ileum, and colon compared to the control group. Quantitative analysis revealed that the administration of TMAO decreased claudin-1 expression by about 50% in the ileum and colon, and by nearly 60% in the jejunum (Figures 2A–C). However, in both the control mice and TMAO-treated mice, claudin-1 florescence intensities did not obviously change after administration of LPS (Figures 2A–C).




Figure 2 | Changes in claudin-1 expression for intestinal barrier integrity. Changes in claudin-1 expression in the (A) jejunum, (B) ileum, and (C) colon in the TMAO-induced frailty model. Claudin-1 expression was quantified by immunohistochemical staining at 72 h after LPS challenge. The value for the control group was set to 100% and the changes in claudin-1 expression in the other groups are normalized to the control group. *p <0.05, **p <0.01, ***p <0.005, One-way ANOVA.



Overall, these data suggest that TMAO destroyed the integrity of the intestinal barrier, but that one dose of LPS did not further affect the integrity of the intestinal barrier.



Changes in the Gut Microbiota After LPS Challenge in the TMAO-Induced Mouse Model of Frailty

To investigate the gut microbiota changes associated with TMAO-induced frailty, the intestinal microbial species were classified and analyzed by 16S ribosomal RNA gene sequencing. The Shannon index and principal co-ordinate analysis (PCoA) were similar between the TMAO group and control group (Figures 3A, D), suggesting bacterial diversity was maintained after TMAO treatment.




Figure 3 | Changes in the gut microbiota in the TMAO-induced frailty model. Fecal samples were collected after 4-week administration of TMAO. (A) Graphic PCoA for the control group (blue squares) and TMAO group (orange squares) at the operational taxonomic unit (OTU) level. (B) Average relative abundance of prevalent microbiota at the family level in the control and TMAO groups. (C) Average relative abundance of prevalent microbiota at the genus level in the control and TMAO groups. (D) Shannon indices of alpha-diversity of the gut microbiota in the control group (blue squares) and TMAO group (orange squares). (E) Relative abundance of Bacteroidetes, expressed as (%), was significantly lower in the control group (blue) than TMAO group (orange). (F) The Firmicutes/Bacteroidetes ratio was lower in the TMAO group (orange) than control group (blue). (G) Boxplot of the top eight differentially enriched genera in the control group (blue) and TMAO (orange) group. (H) Relative abundance of Prevotella was increased in the TMAO group (orange) than in the control group (blue) (I) LEfSe analysis showing bacterial taxa with significantly different abundances between the control and TMAO group. Green (red) indicates increased (decreased) abundance in the control group. (J) Taxonomic cladogram obtained from LEfSe analysis showing the distribution of bacterial taxa (phylum, class, and order) that were differentially abundant in the control and TMAO groups. Green (red) squares indicate increased abundance (decreased) in the control group. *p <0.05, Wilcoxon rank-sum test.



However, the composition of the gut microbiota was altered by TMAO (Figures 3B, C). Compared to the control group, at the phylum level, the proportion of Bacteroidetes lineages remarkably increased (by 100%) after TMAO administration (Figures 3B, E). The proportion of Firmicutes decreased slightly, although there was no significant difference between groups, and the Firmicutes/Bacteroidetes (F/B) ratio was significantly lower in the TMAO group than in the control group (p <0.05, Figure 3F). A decreased F/B ratio has previously been correlated with frailty (Kim and Jazwinski, 2018; Grigor’eva, 2020; Afonso et al., 2021). The major significantly altered genera are listed in Figures 3G, I, J.

Considering the significant changes of imidazole metabolites in the following metabolomics study, we checked the changes of Prevotella, an imidazole producer, after TMAO treatment. We found that after TMAO treatment, Prevotella increased with a p-value ≈ 0.1 (Figure 3H). This increasing trend may suggest the possible mechanism of TMAO treatment changing Prevotella to increase imidazole products and eventually lead to frailty.

Moreover, striking results were observed after LPS challenge in the TMAO-induced model of frailty. The Shannon index indicated that the gut flora of the control group still maintained high diversity after LPS administration, while the diversity decreased in the TMAO group (Figure 4A). PCoA analysis (Figure 4B) showed that LPS converted the microbiota in both the control and TMAO groups, with a large alteration in the gut microbiota of the control group, but a comparatively smaller change in the gut microbiota of the TMAO group. At the genus level, 22 genera decreased and 41 genera increased in the control mice after LPS challenge (Figure 4E). While, only 10 genera decreased and 15 genera increased in the TMAO-treated mice after LPS challenge (Figure 4F).




Figure 4 | Changes in the gut microbiota after LPS challenge in the TMAO-induced frailty model. Serum samples were collected after 4-week administration of TMAO or 72 h after LPS challenge. (A) Shannon indices of gut microbiota alpha-diversity in the control (blue), control + LPS (green), TMAO (orange), and TMAO + LPS (red) groups. (B) Graphic PCoA of the control (blue dots), control + LPS (yellow triangles), TMAO (red squares), and TMAO + LPS groups (green diamonds) at the OTU level. (C) Average relative abundance of prevalent microbiota at the genus level in the control and control + LPS groups. (D) Average relative abundance of prevalent microbiota at the genus level in the TMAO and TMAO + LPS groups. (E) Taxonomic cladogram obtained from LEfSe analysis showing the distribution of bacterial taxa (phylum, class, and order) that were differentially abundant in the control and control + LPS groups. Green (red) indicates increased abundance in the control group (control + LPS group). (F) Taxonomic cladogram obtained from LEfSe analysis showing the distribution of bacterial taxa (phylum, class, and order) that were differentially abundant in the TMAO and TMAO + LPS groups. Green (red) indicates increased abundance in the TMAO group (TMAO + LPS group). *p <0.05, Ns indicates not significant, Wilcoxon rank-sum test.



These data suggest that diverse bacteria may be needed in the active self-regulation mechanism within the gut microbiota in normal mice to maintain the stability of the internal environment. TMAO treatment reduced the capability of the response of the microbiota to the external challenges.



Changes in Serum Metabolites After LPS Challenge in the TMAO-Induced Mouse Model of Frailty

A targeted metabolomics study (Figure 5A) revealed that numerous metabolites, namely, fatty acids, SCFAs, peptides, benzoic acids, imidazoles, and phenylpropanoids were significantly altered in the serum of the TMAO-treated mice. Pairwise comparisons revealed that TMAO increased the levels of imidazoles (Figure 5B), and the administration of LPS decreased the levels of SCFAs, fatty acids, and benzoic acids in both the control and TMAO-treated groups (Figure 5C). However, peptides were not significantly different between the control and TMAO groups, but decreased significantly after LPS challenge in TMAO-treated mice. Phenylpropanoids increased in the control mice after LPS challenge, but did not change significantly in the TMAO-treated mice after LPS stimulation (Figure 5D).




Figure 5 | Changes in serum metabolites after LPS challenge in the TMAO-induced frailty model. (A) Average quantitative abundance of serum metabolites in the control, control + LPS, TMAO, and TMAO + LPS groups. (B) TMAO significantly induced imidazoles and carnitines. (C) The stress response to LPS significantly induced SCFAs, fatty acids, benzoic acids, and (D) differently altered peptides and phenylpropanoids. (E) Volcano map showing the differential metabolites identified by unidimensional statistical analysis. Metabolites colored blue (red) were reduced (increased) in the TMAO group compared to the control group. (F) Heatmap of the top 12 differently altered serum metabolites in individual mice, showing that the differences in the metabolite levels were associated with the experimental groups. *p <0.05, **p <0.01, ***p <0.005, Wilcoxon rank-sum test.



Thus, the serum metabolomic analysis suggests imidazoles are a major class of metabolites relevant to TMAO-induced frailty. Analysis of specific imidazole metabolites (Figures 5E, F) revealed that imidazolepropionic acid was the only imidazole that changed significantly after TMAO treatment.




Discussion

Due to the complexity of frailty, numerous criteria are used to evaluate frailty in scientific studies. The Fried score is a detailed listing of 24 indicators often used as a reference (Gomez-Cabrera et al., 2017), and includes seven items for the study, namely, integument, physical/musculoskeletal, vestibulocochlear/auditory ocular, neurological, digestive/urogenital, and respiratory. In the present study, four parameters based on different dimensions of frailty were chosen to calculate the FI. The original Fried score rules were refined to make them more discriminative. Moreover, the tests can be completed in an appropriate period of time, which reduces individual differences between experimental animals due to prolonged durations of testing, and thus makes the data more reliable.

We established a novel TMAO-induced frailty model in mice and applied this modified FI evaluation. A slight rise in the FI was observed after 4-week administration of TMAO, though this change was not statistically significant. Interestingly, subsequent challenge with LPS induced a strong, long-lasting increase in the FI in TMAO-treated mice. This phenotype closely resembles the definition of frailty, as individuals with frailty are rapidly weakened when challenged by causative factors and have greater difficulty recovering; this may be due to a decline in the recovery and self-regulation abilities of the frail body.

TMAO has been demonstrated to be involved in the aging process (Ke et al., 2018), as it affects vascular aging and endothelial cell senescence by decreasing cell proliferation, increases the expression of senescence markers to promote stalling in the G0/G1 phase of the cell cycle, and impairs cell migration. Singh et al. (2019) showed that TMAO significantly reduced the expression of the tight junction proteins ZO-2, VE-cadherin, and occludin in endothelial cell monolayers. Consistent with these reports, in the present study, TMAO was confirmed to cause defects in the integrity of the intestinal epithelium. TMAO significantly decreased the expression of claudin-1. Imidazolepropionic acid was previously reported to suppress the expression of tight junction-related genes, including claudin (Yoshimoto et al., 2021). Interestingly, in the present study, we observed an increase in the serum metabolite imidazolepropionic acid in the TMAO-treated mice and a decreased expression of claudin-1. Based on these reports, our data indicate that increased levels of imidazolepropionic acid after TMAO treatment contributed to the destruction of intestinal barrier integrity in our novel mouse model of frailty. This may be one of the reasons why TMAO leads to frailty in the model mice; however, the detailed molecular mechanisms need to be investigated further. Studies have indicated that TMAO may impair NO production by downregulating sirtuin 1 (SIRT1) expression and increase oxidative stress by causing endothelial dysfunction and activating endothelial cell senescence. An impaired intestinal barrier can induce systemic inflammation, and thus may play a powerful role in the development of metabolic diseases and result in decreased muscle strength and physical function, leading to frailty (Bhattacharya et al., 2020). Kühn et al. confirmed a correlation exists between intestinal wall integrity and frailty from another perspective. The gut brush border enzyme intestinal alkaline phosphatase (IAP) can inhibit inflammatory mediators and positively regulate intestinal barrier function and microbial homeostasis. Interestingly, IAP supplementation significantly reduced age-related gut permeability and gut-derived systemic inflammation, resulting in lower levels of frailty and an extended lifespan (Kühn et al., 2020).

Increased levels of TMAO in the body lead to systemic inflammation, and may further change the composition and function of the gut microbiota. For example, higher TMAO producers had more significantly elevated F/B ratios (Cho et al., 2017), similar to the changes observed in the intestinal flora of healthy elderly individuals (Vaiserman et al., 2020). The F/B ratio can indicate the state of the human body. For example, the F/B ratio is commonly used as a biomarker of obesity, and there is a positive association between frailty and obesity (Grigor’eva, 2020; Afonso et al., 2021). Moreover, the F/B ratio has recently been shown to be a biomarker of gut dysbiosis (Grigor’eva, 2020); thus, the F/B is a sign of gut health. Gut dysbiosis can trigger the innate immune response and chronic low-grade inflammation (Ke et al., 2018), which can promote the progression of frailty. In our model, the F/B ratio reduced after 4-week TMAO administration, which suggests that the TMAO-treated mice were already in a frail state, even though the FI had not significantly changed. After subsequent LPS challenge, the TMAO-treated mice exhibited severe, long-lasting frailty.

Interestingly, previous studies have shown that the diversity of the gut flora is clearly associated with aging and/or frailty. The complex intercommunication between the composition of the gut microbiota confers protection against pathogens, while also maintaining tolerance and balance of our body (Xu et al., 2018). Our data potentially offer more evidence for this theory. Normally, when the body encounters a causative stimulus—such as LPS in the present study—the gut microbiota composition changes significantly, indicating that high numbers of the gut microbiota are involved in the regulation of the body. However, in the TMAO-induced frailty state, significantly fewer gut microbiota was involved in the regulation of LPS-induced inflammation, which may limit stable, rapid recovery to organismal homeostasis. These data suggest that only maintaining the diversity of the gut microbiota composition is not sufficient to prevent or improve frailty, as the activities of the microbiota appear to be more important. Moreover, when the responses of the microbiota to changes in the micro-environment become blunted, it may become difficult to maintain and recover the balance of homeostasis, which may result in the phenotype of frailty. Therefore, we raise the suggestion that traditional diversity indexes may be not enough to judge the correlation between intestinal microbiota and frailty. Effective diversity, a new concept implied in the present study, which indicates the activities of intestinal microbiota, may be a potentially more closely related predictor.

The effects of the changes in the microbiota and disruption of intestinal wall integrity on frailty after TMAO treatment were reflected by changes in serum metabolites. The main class that changed significantly after TMAO treatment was imidazoles. Imidazoles can only be produced by certain gut microbiota, such as Prevotella_1, Prevotellaceae_UCG_003 (Liu et al., 2021), Streptococcus mutans, and E. lenta (Koh et al., 2018). As mentioned in our results, Prevotella was found to increase after TMAO treatment. This increasing trend suggests that the possible mechanism of TMAO treatment changed the abundance of Prevotella, increasing imidazole products and eventually leading to frailty. As discussed above, the increased levels of imidazolepropionic acid observed after TMAO treatment may contribute to the destruction of intestinal integrity indicated by claudin-1 staining in our novel mouse model of frailty (Yoshimoto et al., 2021). Furthermore, the increase in the levels of imidazoles indicates TMAO may affect glucose metabolism and further affect the energy supply of the body (Koh et al., 2018). The levels of SCFAs, fatty acids, and benzoic acids decreased in both the control groups and TMAO-treated groups after LPS challenge, indicating that these metabolites may be related to the acute stress response to LPS stimulation, rather than the frailty state induced by TMAO. Detailed analysis showed that imidazolepropionic acid primarily accounted for the change in imidazole metabolites. Imidazolepropionic acid has been reported as a metabolite of histidine (Koh et al., 2018). The literature shows that the imidazole moiety contributed by histidine residues is a ubiquitous functionality in proteins and peptides that is known to be involved in many binding and catalysis events (Buyst et al., 2015). This may also possibly explain why LPS-induced peptide metabolism changed more significantly in the TMAO-treated mice than in the control mice. However, further study is necessary to investigate how the changes in the levels of imidazoles affect other metabolites and, ultimately, lead to frailty.

In summary, we piloted and validated a novel mouse model of TMAO-induced frailty, and explored the gut microbiota mechanisms related to frailty. Imbalanced changes in the gut microbiota and the consequential alterations in the host imply a potential role for the gut microbiota to contribute to the process of frailty. As frailty is not necessarily a direct outcome of aging, this pilot study also indicates that regulation of the gut microbiota may provide a potential strategy to achieve healthy aging.
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The composition of centenarians’ gut microbiota has consistently been used as a model for healthy aging studies. However, there is an incomplete understanding of how childhood living conditions and eating habits affect the development and composition of gastrointestinal microbiota in centenarians with good cognitive functions. We compared the gut microbiota as well as the living and eating habits of the oldest-old group and the young people group. The richness and diversity of microbiota and the abundance of hereditary and environmental microbes were higher in people with longevity than young people. People with longevity ate more potatoes and cereal products. In their childhood, they had more exposure to farm animals and did not have sewers compared with young people. Young people’s gut microbiota contained more butyrate-producing bacteria and bacteria that characterized an animal-based Western diet. These results expand our understanding of the effects of childhood environment and diet on the development and stability of the microbiota in people with longevity.
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Introduction

The world’s population is aging and this poses a significant burden to both the economy and healthcare systems around the world. Demographic projections suggest that in the year 2050 there will be 3.7 million centenarians across the globe (United Nations and Department of Economic and Social Affairs, Population Division, 2015). The problem arises on how to sustain health in the aging process. Centenarians (around 100 years of age) pertain to people with the longest life span as a result of their conscious effort to maintain their health.

Several studies have explored the role of gut microbiota in healthy aging and longevity (O'Toole and Jeffery, 2018). The composition of the human gut microbiota is mainly linked to human genetic background and epigenetic modulators such as environment, diet, aging, and development of society (Shenderov, 2012; Mangiola et al., 2018; Nagpal et al., 2018; Coman and Vodnar, 2020).

The human gut bacterial community displays more than 2,000 different species with the abundance of some of them up to 1010–11 colony-forming units per gram in numbers (Almeida et al., 2019). Their diverse roles, such as participation in nutrition, maintaining immune homeostasis, colonization resistance against pathogens, regulation of the intestinal endocrine function, and permeability, are well known.

The development of human gastrointestinal microbiota is a gradual process, and by the age of 3–4 years, an individual develops a mature gastrointestinal microbiota and enterotype, which remains relatively stable until the end of life (Turnbaugh et al., 2009; Arrieta et al., 2014; Bergstrom et al., 2014). The enterotypes describe the phylogenetic and functional variation of the gut microbiota that may affect different biomarkers of the host in different ways (Arumugam et al., 2011). For example, the Prevotella enterotype is characterized by hydrolases effective in the degradation of plant fibers and low lipolytic and proteolytic fermentation potential and the Bacteroides enterotype has enzymes specialized in the degradation of animal carbohydrates and increased saccharolytic and proteolytic capacity (Vieira-Silva et al., 2016). It is possible that the host survival granting features can be predicted by the composition and the metabolites of individual gut microbiota starting from youth.

The composition of the gut microbiota of centenarians and young adults living in the same area and having similar eating habits may still be different (Biagi et al., 2016; Kong et al., 2016; Wang et al., 2019). The gut microbiota of elderly people displays greater interindividual variation than that of younger adults (Claesson et al., 2012; Nagpal et al., 2018). This large variation may be attributed to multiple underlying factors of physiological aging of the host and contributing comorbidities, mobility disorders, frailty, and polypharmacy. In addition to a variety of somatic diseases, many elderly people experience cognitive impairment. However, some centenarians maintain good cognitive health. There is a possibility that these supercontrol centenarians recognize the contribution of a healthy gut microbiota to cerebral functions (Ticinesi et al., 2018). The gut microbiota serves as an important candidate as a marker for healthy aging; therefore, its composition in centenarians has consistently been used as a model for healthy aging studies (Kong et al., 2019; Wu et al., 2019). Unfortunately, to date, there have not been enough studies of intestinal microbiota of centenarians with a well-distinguished health marker such as cognitive function.

The aim of this study was to compare the gut microbiota as well as the living and eating habits of Estonian centenarians and oldest-old people born before the year 1920 with that of young people born in the late 1990s. The centenarians and oldest-old people were selected according to preserved cognitive function.



Material and Methods


Study Population

This comparative study of the gut microbiota in oldest-old (including centenarians and oldest-old people) and young groups was conducted in 2018. Young people (n = 25) were born in the late 1990s and centenarians and oldest-old people (n = 25) before the year 1920. In centenarians and oldest-old subjects, the inclusion criteria were as follows: suitable age, voluntariness, suitable Mini-Mental test result while measuring cognitive ability (normal or mild), ability to answer the questionnaire, and no antibiotic administration during 30 days prior to the study. The exclusion criteria for young people were gastrointestinal disease, food allergy, diabetes, acute infection, use of any antimicrobial agent within the preceding 3 months, use of non-steroidal anti-inflammatory drugs, pregnancy or breastfeeding, any serious organ or systemic disease, high blood pressure, eating disorder, and weight loss of >5 kg in the prior 3 months.

Study subjects were asked about their living environment during the first 5 years of life and during the study (family size, exposure to animals, existence of water closets and sewers, eating habits). The participants were weighed and their height was measured for body mass index (BMI) calculation. Health data were obtained from a national database (Electronic Health Record) which includes all outpatient and hospital health records starting from 2010. The Ethics Committee of the University of Tartu approved the study (protocol 275/T-13).



Sample Collection

The fecal samples were collected from all subjects by using the FecesCatcher system and stored in domestic refrigerators at −20°C before transportation to the laboratory. In the laboratory, the samples were frozen at −80°C until analyses to determine the gut microbiota.



DNA Extraction, 16S rRNA Gene Sequencing Strategy, and Analysis

Bacterial DNA from feces was extracted with the QIAamp Power Fecal DNA kit (Qiagen, Hilden, Germany), using an ELMI Sky Line instrument (ELMI Ltd., Sweden) according to the manufacturer’s instructions.

Amplicon sequencing was conducted at the Institute of Genomics Core Facility, University of Tartu. A 460-bp region encompassing the V3 and V4 hypervariable regions of the 16S rRNA gene was amplified and sequenced using the Illumina MiSeq Reagent kit v3 in paired end 2 × 300 bp mode on an Illumina MiSeq instrument according to Klindworth et al. (2013). The library pool was quantified using an Illumina-specific KAPA Library Quant kit (Kapa Biosystems, Wilmington, MA, USA).

DNA sequence data were analyzed using BION-meta, currently an unpublished open source program, according to the authors’ instructions. A detailed description of the methods used is presented by McDonald et al. (2016). First, sequences were cleaned at both ends using a 99.5% minimum quality threshold for at least 18 of 20 bases for the 5′ end and 28 of 30 bases for the 3′ end, and then joined, followed by removal of contigs shorter than 350 bp. The sequences were cleaned from chimeras and clustered by 95% oligonucleotide similarity (k-mer length of 8 bp, step size 2 bp). Lastly, consensus reads were aligned to the SILVA reference 16S rDNA database (v123) using a word length of 8 and a similarity cutoff of 90.



Statistical Analysis

Statistical analyses were performed using R version 4.0.2 (The R Foundation for Statistical Computing, Vienna, Austria) statistical software package. The data were analyzed using the Wilcoxon rank sum test, Fisher’s exact test, and Spearman and Kendall rank correlation. Eating habits were compared by Fisher’s exact test and correlated with microbiota composition by Kendall rank correlation coefficient. Statistical significance was declared as P <0.05. The diversity of microbiota was described by the Shannon diversity index. The composition of the microbiota was compared by the Wilcoxon rank sum test. Associations between bacterial abundance were assessed by Spearman rank correlation analysis. For multiple testing correction, we applied the Benjamin–Hochberg method and considered the significance level to be 0.1.




Results


Characteristics of Centenarians and Oldest-Old Subjects as the “Oldest-Old Group”

Based on the Mini-Mental test, 21 oldest-old subjects had normal cognition (24–30 points) and 4 had mild (19–23 points) cognitive impairment. Most of the participants had diagnoses of physical disorders, while the only mental health diagnosis in the group of oldest-old was sleeping disorders. No diagnoses of dementia or other psychiatric disorders were detected.

A number of chronic non-communicable diseases were on average 4.7 (range 0–10) among the oldest-old subjects. The most frequent diagnoses were hypertension and chronic cardiac insufficiency diagnosed in 21 and 17 cases, respectively. Seven people were diagnosed with ischemic heart disease and five had atrial fibrillation. Sixteen people out of 21 used one antihypertensive medication and five persons used two antihypertensive medications resulting in normal or slightly low blood pressure. According to routine blood analysis, three older participants had mild anemia.



Living Environment and Eating Habits of the Participants

There were no differences in terms of gender, family size, and body mass index between the two investigated groups (oldest-old subjects and young people) during the study (Table 1). During the first 5 years of life, the family size in both groups was similar. In the oldest-old group, there was more exposure to farm animals like horses, cows, and sheep, and also they did not have water closets and/or sewers, except for one subject (Table 1). Usage of water closets and/or sewers became possible for the oldest-old group when they were over 40 years old.


Table 1 | Basic characteristics and living environment of the study subjects.



During the study, the centenarians and oldest-old people consumed potatoes (p = 0.047) and cereal products (white and black bread, porridge; p < 0.001) more often than young people. There were no differences found in the consumption of meat and meat products, vegetables, milk, and dairy products between the investigated groups (Supplementary Table).



Richness, Diversity, and Distribution of Fecal Microbiota Composition

We found more than 150 families of bacteria belonging to 27 different phyla in this study. The richness and diversity of microbiota were significantly higher in centenarians and oldest-old than in young people (Figure 1). The Prevotella enterotype was predominant in centenarians and oldest-old people, while the Bacteroides enterotype was predominant in young people (Figure 2).




Figure 1 | Richness of microbiota (A), diversity of microbiota (B), and abundance of butyrate-producing bacteria (C) in the oldest-old and young groups.






Figure 2 | Distribution of enterotypes in the oldest-old and young groups (NMDS, non-metric multidimensional scaling).



The abundance of butyrate-producing bacteria was lower in centenarians and oldest-old people than in young people (p = 0.005) (Figure 1 and Supplementary Figure).



Fecal Sample Taxa Composition

At the phylum level, Firmicutes was the most abundant in both groups, followed by Bacteroidetes and Actinobacteria. The relative abundance of Euryarchaeota (p = 0.0039), Synergistetes (p = 0.0038), and Proteobacteria (p = 0.052) was higher in centenarians and oldest-old people, whereas that of Bacteroidetes (p = 0.038) was higher in young people (Figure 3A).




Figure 3 | Relative abundance of gut microorganisms in the oldest-old and young groups at the phylum level (A) and family level (B).



At the family level, the most abundant were Ruminococcaceae, Lachnospiraceae, Bacteroidaceae, and Prevotellaceae. The abundance of Christensenellaceae (p = 0.02), Clostridiaceae (p = 0.003), Enterobacteriaceae (p = 0.0007), Methanobacteriaceae (p = 0.003), and Synergistaceae (p = 0.024) was higher in the longevity group than in the young group. At the same time, the abundance of Bacteroidaceae (p = 0.036), Alcaligenaceae (p = 0.013), Erysipelotrichaceae (p = 0.018), and Lachinospiraceae (p = 0.01) was higher in young people than in centenarians and oldest-old people (Figure 3B). In the oldest-old group, the consumption of milk and/or dairy products was positively correlated with the abundance of Prevotellaceae (r = 0.440; p = 0.028) and the consumption of cereal products with the abundance of Enterobacteriaceae (r = 0.415; p = 0.039). In young people, the consumption of vegetables and salads was positively correlated with the abundance of Flavobacteriaceae (r = 0.436; p = 0.029) and the consumption of acidified food with Leuconostocaceae (r = 0.480; p = 0.015). However, no statistically significant correlations between microbiota composition and eating habits were retained after applying correction for multiple testing.

At the genus level, the abundance of Eubacterium coprostanoligenes group (p = 0.003), Escherichia–Shigella group (p = 0.003), Clostridium sensu stricto (p = 0.048), Methanobrevibacter (p = 0.003), Porphyromonas (p = 0.003), and Sarcina (p = 0.006) was higher in the longevity group than in the young group, but that of Anaerostipes (p = 0.005), Bacteroides (p = 0.048), Blautia (0.003), Dorea (p = 0.002), Eubacterium (p = 0.002), Faecalibacterium (p = 0.001), and Fusicatenibacter (p = 0.002) was lower in the longevity group than in the young group (Figure 4).




Figure 4 | Differences at the genus level of the intestinal microbiota in the oldest-old and young groups.



In both investigated groups, a negative correlation was found between the abundance of Prevotella and Bacteroides, as well as the abundance of Akkermansia and Faecalibacterium. Methanobrevibacter had a negative correlation with lactic acid bacteria such as lactobacilli in the oldest-old group and with streptococcus in the young group. In young people, the relative abundance of Bacteroides was in negative correlation with Methanobrevibacter and lactobacilli. In centenarians and oldest-old people, the abundance of Prevotella was in negative correlation with Akkermansia and in positive correlation with Faecalibacterium. Also, in the oldest-old group, the relative abundance of Escherichia–Shigella had a positive correlation with Methanobrevibacter and a negative correlation with bifidobacteria and Blautia. The relative abundance of Clostridium sensu stricto had a positive correlation with bifidobacteria and a negative correlation with Akkermansia in centenarians and oldest-old people (Figure 5). After correction for multiple testing, statistical significance could be established only for the negative correlations of Akkermansia with Faecalibacterium and Prevotella in the oldest-old group.




Figure 5 | The correlation between different bacterial abundance in the oldest-old and young groups (associations which were statistically significant without adjustment for multiple comparisons are designated by an asterisk).



At the species level, the centenarians and the oldest-old people had an increased relative abundance of Bifidobacterium dentium (p = 0.012), Bifidobacterium longum (p = 0.041), Escherichia coli (p = 0.025), and Methanobrevibacter smithii (p = 0.004) as compared with young people. In young people, we found a higher relative abundance of Blautia faecis (p = 0.019), Blauta wexlerae (p = 0.003), Dorea formicigenerans (p = 0.001), Dorea longicatena (p = 0.03), Fusicatenibacter saccharivorans (p = 0.001), and Lachnoclostridium lactaris (p = 0.007) from the Lachnospiraceae family; Eubacterium ramulus (p = 0.003) and Eubacterium rectale (p = 0.003) from the Eubacteriaceae family; and Faecalibacterium prausnitzii (p = 0.003) from the Ruminococcaceae family.




Discussion

Our study revealed substantial differences in the gut microbiota between the Estonian longevity group and young people. The richness and diversity of microbiota were significantly higher in centenarians and oldest-old people than in young people. The Prevotella enterotype predominated in centenarians and oldest-old people, while the Bacteroides enterotype predominated in young people. This is the first study to compare childhood living conditions and eating habits affecting significantly the development and composition of gastrointestinal microbiota.

Previous studies on the gut microbiota of centenarians have revealed that it has diverse features that may be a consequence of various adaptations to aging in different geographical locations where people are exposed to different dietary, physiological, and environmental conditions (Biagi et al., 2010; Kong et al., 2016; Kim et al., 2019; Tuikhar et al., 2019; Wang et al., 2019; Wu et al., 2019). In this study, we compared the gut microbiota composition of Estonian centenarians and oldest-old people, selected according to preserved cognitive function, and of young people. Gut microbiota composition was significantly different in these groups. The richness and diversity were higher in centenarians and oldest-old people than in young people. Similar results were obtained in previous studies where Italian centenarians had higher diversity and Indian, Japanese, and Chinese centenarians had higher richness of gut microbiota than young people in these countries (Kong et al., 2016; Santoro et al., 2018).

The richness and diversity of gut microbiota are acknowledged health biomarkers, including the frailty of elderly people and some personality traits (Lei et al., 2019; Johnson, 2020). Frailer individuals have decreased richness and diversity of gut microbiota (Jackson et al., 2016; Maffei et al., 2017). The diversity is significantly and inversely correlated with biological age but not with chronological age (Maffei et al., 2017). The diversity is higher among successfully aging people (Badal et al., 2020). Also, people with larger social networks tend to have a more diverse microbiota, suggesting that social interactions may shape the microbial community of the human gut (Johnson, 2020). In our study group, half of the centenarians and oldest-old people lived alone, some with their spouse or family, and three in a nursing home. Most of the centenarians and oldest-old people had normal cognitive ability with an average MMSE (Mini-Mental State Examination) score of 26.3 out of 30. This shows that centenarians and oldest-old people are doing very well on their own, which means that they are “actively aging”. We chose the subjects in our study who were able to answer the questionnaire.

In centenarians and oldest-old people, the Prevotella enterotype was dominant, and in young people, the Bacteroides enterotype was dominant. In both groups, the abundance of Prevotella and Bacteroides was negatively correlated, and in the oldest-old group, the abundance of Prevotella was in positive correlation with consumption of dairy products. Enterotypes are essential biomarkers that are used to describe human “health” and behavior (Heiman and Greenway, 2016; Johnson, 2020). It has been shown that a fiber-rich diet correlates with the prevalence of Prevotella, Bifidobacteria, and Lactobacilli; a high-carbohydrate diet correlates with the prevalence of Prevotella, Methanobrevibacter, and Candida; and a high-fat and amino-acid-rich diet correlates with the prevalence of Bacteroides (Selber-Hnatiw et al., 2020). In our study, in centenarians and oldest-old people, Prevotella was in positive correlation with Faecalibacterium. In young people, Bacteroides was in negative correlation with Methanobrevibacter and lactobacilli. The Bacteroides enterotype is characterized by low richness and fewer bacterial species with overlapping functionality, suggesting that this enterotype may be more vulnerable to ecosystem disturbance (Vieira-Silva et al., 2016). The Bacteroides enterotype together with decreased gut microbiota richness and diversity is related with our modern Western lifestyle (Lin et al., 2013; Mosca et al., 2016). In the past decades, the prevalence of numerous intestinal and extraintestinal diseases such as overweight, diabetes mellitus, or metabolic disorders has sharply increased. This phenomenon was initially observed in Western countries and more recently in developing countries, too, where the conditions of childhood environment and diet have changed abruptly (Mosca et al., 2016).

Dietary diversity has been lost during the past 50 years, and dietary choices that exclude food products from animals or plants will narrow the microbiome further (Heiman and Greenway, 2016). The eating habits of centenarians and oldest-old people differed from those of young people. The elderly ate more potatoes and cereal products, which contain large amounts of starch, fibers, and polyphenols. These substances have a beneficial effect on the gut microbiota and their metabolites (Bibi et al., 2019). Eating potatoes and cereal increases the relative abundance of lactic acid bacteria such as bifidobacteria (Bibi et al., 2019; Baxter et al., 2019) and butyric acid-producing bacteria (Gong et al., 2018; Baxter et al., 2019; Sanchez Tapia et al., 2019). Centenarians have functional differences distinguishing their microbiota from that of young-old adults, such as increased short-chain fatty acid production (Kim et al., 2019; Wu et al., 2019). This may be due to the higher species richness of the microbiota in centenarians, which promotes cross-feeding of intestinal bacteria. In our centenarians and oldest-old people, the abundance of lactic acid bacteria such as B. longum and B. dentium was higher, but the abundance of butyric acid-producing bacteria was lower than in young people. However, they had more heritable butyric acid-producing Cristensenellaceae as compared with young people. Similar to our study, the relative abundance of Cristensenellaceae was greater in centenarians than in young people also in Italy, China, and Korea (Biagi et al., 2016; Kong et al., 2016; Kim et al., 2019). It is noteworthy that Christensenellaceae has been associated with human longevity. Studies have found a positive association of Christensenellaceae with age; therefore, it is possible that individuals born earlier may have harbored greater levels of Christensenellaceae compared with those born later (Goodrich et al., 2014; Waters and Ley, 2019). Christensenellaceae is related to normal body mass index and low cardiometabolic disease risk (Goodrich et al., 2014; Waters and Ley, 2019). In addition, the high abundance of E. coprostanoligenes and B. longum may reduce cardiometabolic risk in our oldest-old group. Eubacterium coprostanoligenes converts cholesterol to coprostanol, a non-absorbable sterol that is excreted by the feces (Gerard, 2013). Bifidobacterium longum is negatively associated with insulin resistance (Brahe et al., 2015). The more diverse the diet, the more diverse and species rich the gut microbiota and the more adaptable an individual will be to perturbations, as shown also in our previous studies (Mikelsaar et al., 2016). Maintaining a balanced diet in older age may be a key factor in promoting longevity (including reducing the risk of cardiometabolic diseases) (Badal et al., 2020).

At the same time, in young people, the abundance of Bacteroides and Erysipelotrichaceae was higher, which is characteristic of an animal-based diet consisting of high fats and proteins (Kaakoush, 2015; Rinninella et al., 2019). Bacteroides are non-hereditary bacteria that are most affected by the environment, including diet (Goodrich et al., 2014; Stewart et al., 2018; Coman and Vodnar, 2020). A high-calorie diet may be a causal factor for obesity and may induce changes in the functions of the gut microbiota (Aoun et al., 2020). The abundance of Erysipelotrichaceae is higher in obese people (Kaakoush, 2015). In young people, we saw a rise in the abundance of the Blautia genus, which is inversely associated with visceral fat accumulation, and Eubacterium ramulus, which is associated positively with insulin resistance (Brahe et al., 2015; Ozato et al., 2019). The gut microbiota is related to obesity, visceral fat, and insulin resistance that in turn are reported to be strongly associated with cardiovascular diseases and overall mortality. Also, the diversity of the gut microbiota is significantly lower in obese than in non-obese subjects (Kasai et al., 2015; Lv et al., 2019). In young people, we found lower gut microbiota diversity but higher abundance of microbes that are associated with the Western diet and overweight when compared with centenarians and oldest-old people. Nevertheless, in young people, the butyrate-producing bacteria F. prausnitzii and Fam. Lachnospiraceae showed higher abundance than in centenarians and oldest-old people. These bacteria are associated with gut barrier function (tight junction) and anti-inflammatory capability (Riedel et al., 2006; Louis and Flint, 2017). The higher abundance of butyrate-producing bacteria in young people was seen also in Chinese, Korean, and Italian centenarian’s studies (Biagi et al., 2010; Biagi et al., 2016; Kim et al., 2019; Wang et al., 2019; Wu et al., 2019). Butyrate reduces appetite, decreases insulin resistance, and is protective against obesity caused by a high-calorie diet (Li et al., 2018; Aoun et al., 2020). Body mass index did not differ between centenarians and young people. The higher abundance of butyrate-producing bacteria in young people may protect them from becoming overweight.

The centenarians and oldest-old people tended to have a higher abundance of bacteria that are able to live in an outdoor environment (soil, plants, water, animals) such as M. smithii, Escherichia–Shigella group, Synergistaceae family, and spore-forming bacteria like Clostridium sensu stricto. Similar results have been found in studies conducted in China, Italy, India, and Korea: Methanobrevibacter was more abundant in the centenarians from Italy, Synergistes for centenarians from China, Clostridium sensu stricto for centenarians from Italy and China, and Escherichia–Shigella group for centenarians from India, China, and Korea when compared with young people (Drago et al., 2012; Kim et al., 2019; Tuikhar et al., 2019; Wang et al., 2019; Wu et al., 2019). The spore-forming gut bacteria like Clostridium sensu stricto regulate serotonin synthesis in the gut (Yano et al., 2015). Serotonin is a neurotransmitter that modulates mood, cognition, learning, memory, and other physiological processes, and it has an important role in the etiology and treatment of depression (Young, 2007). In a nematode model, Bacillus licheniformis enhanced longevity. This species regulates the genes associated with serotonin signaling in nematodes and, thus, may modify aging (Park et al., 2015). A positive mood may be an important predictor of health and longevity. Methanobrevibacter smithii is an archaea that reduces hydrogen levels via the production of methane, thereby stimulating food fermentation by saccharolytic bacteria. This archaea is absent in infants and its colonization may result from environmental exposure, as well as from exposure to organic milk products and organic food during childhood (van de Pol et al., 2017). At the same time, its abundance had a negative correlation with lactic acid bacteria in both groups and a positive correlation with Escherichia–Shigella group in centenarians and oldest-old people. The latter colonizes the gut microbiota of humans and animals, but it is also found in soil and water (Ercumen et al., 2017; Capone et al., 2019). Its proportion is high in newborns and increases again with age (Odamaki et al., 2016). In children of developing countries, who are living in farms and have contact with animals, the counts of Escherichia–Shigella group (including E. coli) are higher than in children from developed countries (Kuang et al., 2016; Vatanen et al., 2016; Milani et al., 2017). Similar changes have also been described in the adult population (Jha et al., 2018). This group of bacteria is associated with poor sanitation and hygiene, drinking water quality, and presence or absence of water toilet and sewage (Jha et al., 2018; Capone et al., 2019; Tang et al., 2019). Our centenarians and oldest-old people were born and lived in the countryside alongside farm and domestic animals and without sewage. The environmental microbes could have colonized centenarians and oldest-old people in their childhood when exposure to nature and eating habits were more organic than nowadays.

In conclusion, the composition of the gut microbiota in the oldest-old and young groups is different, including the enterotype level. Higher species richness and diversity of the gut microbiota are characteristic of centenarians and oldest-old people with good cognitive function. Their gut microbiota contains more environmental and hereditary bacteria. Young people’s gut microbiota contains more butyrate-producing bacteria and bacteria that characterized an animal-based diet. These differences are probably due to many environment-associated factors that occurred during the development of gut microbiota in childhood as well as due to eating habits.
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Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has had an enormous burden on the healthcare system worldwide as a consequence of its new emerging variants of concern (VOCs) since late 2019. Elucidating viral genome characteristics and its influence on disease severity and clinical outcome has been one of the crucial aspects toward pandemic management. Genomic surveillance holds the key to identify the spectrum of mutations vis-à-vis disease outcome. Here, in our study, we performed a comprehensive analysis of the mutation distribution among the coronavirus disease 2019 (COVID-19) recovered and mortality patients. In addition to the clinical data analysis, the significant mutations within the two groups were analyzed for their global presence in an effort to understand the temporal dynamics of the mutations globally in comparison with our cohort. Interestingly, we found that all the mutations within the recovered patients showed significantly low global presence, indicating the possibility of regional pool of mutations and the absence of preferential selection by the virus during the course of the pandemic. In addition, we found the mutation S194L to have the most significant occurrence in the mortality group, suggesting its role toward a severe disease progression. Also, we discovered three mutations within the mortality patients with a high cohort and global distribution, which later became a part of variants of interest (VOIs)/VOCs, suggesting its significant role in enhancing viral characteristics. To understand the possible mechanism, we performed molecular dynamics (MD) simulations of nucleocapsid mutations, S194L and S194*, from the mortality and recovered patients, respectively, to examine its impacts on protein structure and stability. Importantly, we observed the mutation S194* within the recovered to be comparatively unstable, hence showing a low global frequency, as we observed. Thus, our study provides integrative insights about the clinical features, mutations significantly associated with the two different clinical outcomes, its global presence, and its possible effects at the structural level to understand the role of mutations in driving the COVID-19 pandemic.




Keywords: COVID-19, SARS-CoV-2, mutation analysis, disease outcome, global frequency flip, molecular dynamics simulation



Introduction

The ongoing pandemic of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) that emerged in late 2019 has had devastating impacts worldwide, and global collective efforts are being undertaken to characterize the virus through genomic surveillance and in vitro experiments (Mercatelli and Giorgi, 2020; Zhang et al., 2020). In comparison to other RNA viruses, SARS-CoV-2 has a lower evolutionary rate, although genetic mutations are one of the major mechanisms by which the virus evolves rapidly as a result of genetic selection. The evolving mutations, combined with large population size and short generation time, allow the virus to adapt to the host environment easily (Sanjuán and Domingo-Calap, 2016). Though most of the mutations induce null changes, a proportion of mutations are observed to relatively occur in higher incidences and cause challenges toward the development of vaccines, drugs, diagnostic tools, and even the disease clinical presentations (Lai et al., 2020).

Of all the mutations in different regions of the SARS-CoV-2 genome, the spike region is of major focus, as it facilitates the virus entry to the host via interaction with Angiotensin Converting Enzyme 2 (ACE2) receptors (Yang et al., 2020b). Several variants of interest (VOIs) and variants of concern (VOCs) with mutations in spike regions have been characterized and monitored to track the subsequent evolution of SARS-CoV-2 (https://www.who.int/en/activities/tracking-SARS-CoV-2-variants/). So far, several VOCs [B.1.1.7 (Alpha), B.1.351 (Beta), P.1 (Gamma), B.1.617.1 (Kappa), B.1.617.2 (Delta), B.1.525 (Eta), B.1.526 (Iota), C.37 (Lambda), B.1.621 (Mu), and presently B.1.1.529 and BA.1 and BA.2 (Omicron)] have been reported that modulate the viral transmission, disease severity, binding ability, and effectiveness of vaccines. One such VOC, Omicron, has more than 46 mutations in the spike protein with higher transmissibility and infectivity, leading to a global infection surge (Kannan et al., 2022). Due to the presence of an unusual number of mutations in the S protein, it might result in more efficient binding to ACE2 receptors and escape from neutralizing antibodies (Hu et al., 2022). However, a recent study demonstrated less efficient replication of Omicron due to its reduced dependence on Transmembrane Serine Protease 2 (TMPRSS2) for viral replication in comparison to Delta (Zhao et al., 2021). At the same time, data on disease severity are also steadily being reported from different parts of the world that would augment further understanding in this regard (https://www.who.int/en/activities/tracking-SARS-CoV-2-variants/).

The heterogeneity of clinical outcomes exhibited by SARS-CoV-2-affected individuals depends on numerous factors, inclusive of interindividual differences is the genotype-to-phenotype association for SARS-CoV-2 pathogenesis (Mousavizadeh and Ghasemi, 2021; Pereira et al., 2021). Several studies have reported high frequency mutation hotspots in SARS-CoV-2 genome regions that include ORF1a, S, and N (Kaushal et al., 2020). Majumdar and Niyogi (2020) reported P25L mutation in the Orf3a region to be strongly associated with higher mortality rates as a result of structural modification including the acquisition of escalated antigen diversity and B-cell epitope loss. Mutations in the NSP12 region that are involved in RNA-dependent RNA polymerase (RdRp) expression have been shown to contribute toward 5.9 times increased disease severity (Voss et al., 2020). Additionally, the mutation S194L in N protein was reported to be associated with the symptomatic patients and is located in the flexible linker region of the protein N (Zeng et al., 2020; Barona-Gómez et al., 2021).

Several mutations manifest as geographic patterns alluding to the virus ability to modify/adapt itself within a distinct microenvironment (Bakhshandeh et al., 2021). To acquire comprehension of these mutation patterns, it is important to have insights into their respective mutation frequency across both local and global patterns and help preempt the emergence of VOIs and VOCs (Justo Arevalo et al., 2021; Oude Munnink et al., 2021). Mutations along with host-modulating factors have been reported as a major contributor toward disease severity in COVID-19 (Mousavizadeh and Ghasemi, 2021; Pereira et al., 2021). Substitution of an amino acid residing in the antigen-determining region can possibly repress antibody-mediated immunity, resulting in enhanced virus proliferation (Gupta et al., 2020). Hence, it is crucial to investigate the correlation between mutations and patient clinical outcome that may play a role in SARS-CoV-2 pathophysiology and progression of disease severity (Toyoshima et al., 2020).

The present study has sought to evaluate the mutational spectrum, clinical diversity, patient’s severity outcomes, and their respective global frequency in hospitalized COVID-19 patients. We further analyzed the structural modification of these mutations in SARS-CoV-2 that may alter its physiochemical properties leading to amelioration of pathogenicity (Figure 1).




Figure 1 | Overview of study design, stratification of hospitalized coronavirus disease 2019 (COVID-19) patients into Recovered and Mortality, and mutation prevalence across the cohort and global level including its structural consequences on the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) protein.





Methods


Clinical Data and Classification

Clinical data of 246 COVID-19 patients were collected from Max Super Speciality Hospital, Delhi, and DY Patil Hospital, Maharashtra, India, and were assigned anonymous barcodes at CSIR-IGIB. The patients included in the study were confirmed SARS-CoV-2 positive by RT-PCR. The electronic medical records including patient demography, clinical symptoms, blood profile, comorbidities recorded at the time of admission, drugs administered to the patients during the course of infection were recorded and analyzed. The patients were classified into two major groups, Recovered and Mortality, based on the clinical outcome, as captured from the clinical data.



RT-PCR

Viral RNA from VTM solutions was isolated using QIAmp viral mini kit, Qiagen, Cat. No. 52906, and SARS-CoV-2 detection and quantification were performed using TRUPCR SARS-CoV-2 kit (3B Black Bio Biotech India Ltd., Cat. No. 3B304) with a cycle threshold of 35. The detailed methodology has been published in the earlier publications from our lab.



SARS-CoV-2 Whole-Genome Sequencing

Sequencing of the SARS-CoV-2 genomes was done using a combination of Oxford Nanopore Technology (ONT) and Illumina (MiSeq).

In brief, 100 ng of total RNA was used for double-stranded cDNA synthesis. This involves first-strand cDNA synthesis using Superscript IV (Thermo Fisher Scientific, Cat. No. 18091050), followed by RNase H digestion of ssRNA and second-strand synthesis by DNA polymerase-I large (Klenow) fragments (New England Biolabs, Cat. No. M0210S). Double-stranded DNA thus obtained was purified using 1.8× AMPure XP beads to sample ratio (Beckman Coulter, Cat. No. A63881). SARS-CoV-2 genome was then amplified from 100 ng of the purified cDNA with the ARCTIC V3 primer protocol. For sequencing library preparation using Oxford Nanopore sequencing, library preparation consists of End Repair/dA tailing, Native Barcode Ligation, and Adapter Ligation. This was performed with 200 ng of the multiplexed PCR amplicons according to ONT library preparation protocol-PCR tiling of COVID-19 virus (Version: PTC_9096_v109revE_06Feb2020). Sequencing in sets of 24 barcoded samples was performed on the MinION Mk1C platform.

Sequencing library preparation for Illumina was performed using 100 ng of purified ARTIC PCR product using the Illumina DNA Prep kit (Illumina, Cat. No. 20018705). The process involves tagmentation followed by post tagmentation cleanup and amplification by PCR, leading to indexed DNA fragments, which was purified prior to sequencing. The quality and quantity of the sequencing library were checked using an Agilent 2100 Bioanalyzer with high-sensitivity DNA chip and the Qubit dsDNA HS Assay kit, respectively. A loading concentration of 11 pM was prepared by denaturing and diluting the libraries in accordance with the MiSeq System Denature and Dilute Libraries Guide (Illumina, Document No. 15039740 v10). Sequencing was performed on the MiSeq system using the MiSeq Reagent Kit v3 (150 cycles) at 2 × 75 bps read length.



Sequencing Data Analysis

The ARTIC end-to-end pipeline was used for the analysis of ONT MinION raw fast5 files up to variant calling. Raw fast5 files of samples were base called and demultiplexed using Guppy basecaller that uses the basecalling algorithms of Oxford Nanopore Technologies (Nanopore Community) with phred quality cutoff score >7 on GPU-linux-accelerated computing machine. Reads having Phred quality score less than 7 were discarded to filter the low-quality reads. The resultant demultiplexed fastq was normalized by read length of 300–500 (approximate size of amplicons) for further downstream analysis and aligned to the SARS-CoV-2 reference (MN908947.3) using the aligner Minimap2 v2.17 (Li, 2018). Nanopolish (Loman et al., 2015) was used to index raw fast5 files for variant calling from the minimap output files. To create consensus fasta, bcftools v1.8 was used with normalized minimap2 output.

For the Illumina sequencing data, FASTQC was performed for all the raw fastq files generated to check the Phred quality score of all the sequences (FastQC A Quality Control tool for High Throughput Sequence Data, Babraham Bioinformatics). A phred quality score threshold of >20 was used for filtering reads from all the samples. Next, adapter trimming was performed using Trim Galore tool (–TrimGalore, Babraham Bioinformatics) and alignment of the sequences was performed using HISAT2 algorithm (Kim et al., 2019) on human data build hg38 to remove any human read contamination. BEDTools was used to generate the consensus fasta using the unaligned/filtered reads, and variant calling was performed using the high-quality reads (Quinlan and Hall, 2010).



Phylogenetic Analysis

The Wuhan reference genome for SARS-CoV-2 (NC_045512.2) was used to perform multiple sequence alignment using MAFFT (v7.475) (Katoh et al., 2002). The alignment was manually trimmed, and a phylogenetic tree was constructed using the IQ-tree (Nguyen et al., 2015). Lineage classification was performed using PANGOLIN. The phylogenetic analysis was visualized using FIGTREE software (http://tree.bio.ed.ac.uk/software/figtree/).



Mutation Analysis

The vcf files were used to get the frequency of the mutations in the samples for the mutational spectra analysis within the recovered and mortality patients, and snpEff v5.0 (Cingolani et al., 2012) has been used to perform the variant annotation information such as the variant definition and effect of the variants. SnpEff database has been created by “SnpEff build” using the Wuhan reference NC_045512.2. Furthermore, global frequency of mutations was checked against a global dataset available at 2019 Novel Coronavirus Resource (2019nCoVR), China National Center for Bioinformation (CNCB) (Song et al., 2020). The lineages defining mutations for different VOCs/VOIs were curated from two public databases (https://covariants.org/shared-mutations, https://github.com/cov-lineages/constellations). A comparative study of mutation frequency in recovered and mortality patients with the respective cumulative global frequency of mutations plotted as the lollipop plot representing the mutations was generated in R v4.1.0 using g3viz (Guo et al., 2020), rtracklayer (Lawrence et al., 2009), and trackViewer (Ou and Zhu, 2019) packages followed by data visualization using the ggplot2 (R package ggplot2 v3.3.5) package. Variant position along the SARS-CoV-2 genome is indicated in the plot, which is used to show the frequent mutations with the global frequency, which is later selected as VOC/VOI.



Quantification and Statistical Analysis

The statistical analysis was performed by R software. The nonparametric Fisher exact test of significance for independence between two categorical variables was performed to check the difference of mutation profile for the mortality vs. recovered patients. All p-values were calculated from 2-sided tests using 0.05 as the significance level. The direction of the association between mutation and group was calculated using phi-coefficient correlation (rφ) by measuring the strength of association.



Generation of Wild-Type and Mutant N-Protein Models

MD was performed on N protein (uniprot id-P0DTC9), with fasta sequence retrieved from the UniProt database and the protein being modeled using Phyre (http://www.sbg.bio.ic.ac.uk/phyre2/html/page.cgi?id=index). The mutation for recovered (S194*) and mortality (S194L) was incorporated using PyMOL (PyMOL | pymol.org). The protein complex simulation is done with 200 ns of timescale for understanding the dynamic behavior and the interaction pattern (Shafreen et al., 2013; Selvaraj et al., 2018). Structures are analyzed using the CHARM-AA force field solvated by the SPC16 water model within a periodic boundary box of distance 1.0 nm, fixed between the protein and cubic box (Nguyen et al., 2014; Bandaru et al., 2017). For neutralizing the whole system, the accurate concentration of (Na+/Cl−) ions is added based on the rebalancing charges. Initial energy minimization is appended with the prepared complex systems for 1,000 steps of steepest descent algorithm via a tolerance of 10 kJ/mol/nm to avoid the steric clashes (Kumar et al., 2021). Thermostat coupling is set with a reference temperature of 300K using Berendsen thermostat and pressure coupling with 1.0 bar reference pressure using Parrinello-Rahman along with periodic boundary conditions with cutoffs for Lennard-Jones and Coulomb interactions. The particle mesh Ewald method is used for calculating the long-range interactions for biomolecular systems (Wohlert and Edholm, 2004).

After the initial minimization step, the whole system is again well equilibrated at 2,000 ps at 300K and 1 bar pressure in Number of particles system volume and temperature (NVT) and Number of particles system pressure and temperature (NPT) ensembles (Childers and Daggett, 2018). Final MD simulation step is processed for three protein complexes (wild-type, recovered, and mortality N-proteins) with respect to the timescale of 200 ns. For MD simulation analysis, the results of root mean square deviation (RMSD) and root mean square fluctuation (RMSF) are performed using the XMGRACE v5.1.2 and GROMACS v.5.1.2 tools.




Results


Patient Clinical Demographics and Classification

Our initial dataset was curated to exclude patients with any missing data for important parameters, resulting in a total sample size of 246 patients. These patients were classified based on the clinical outcome, with 228 Recovered and 18 Mortality patients. Regression analysis using the chi-square test and Kruskal–Wallis test highlighted a significant distribution of specific clinical parameters. Symptoms such as shortness of breath (p-value = 0.037) and abdominal pain (p-value = 0.001) were observed to be significantly associated with the mortality patients (Figure 2A). Among the patients with comorbidities, hypertension (p-value = 0.01) and hypothyroidism (p-value = 0.01) were significantly correlated with the mortality (Figure 2C). Notably, most of the patients who recovered did not significantly present any comorbidities (p-value = 0.001). Also, a difference in age was seen among the recovered and mortality patients (p-value = 0.01) (Figure 2B). All the mortality patients were on respiratory support, whereas only 28% those recovered required respiratory support. The clinical parameters and analysis are shown in Table 1.




Figure 2 | Representation of the clinical demographics of the coronavirus disease 2019 (COVID-19) patients. A total of 246 COVID-19 patients were divided into 228 Recovered (in green) and 18 Mortality (in red). The categorical clinical features presented by the patients are as follows: (A) Differential presence of various symptoms like breathlessness, fever, cough, body ache, nausea, headache, and general weakness between the Recovered (in green) and Mortality (in red). (B) The age of patients in the two groups is represented as a violin plot where the darker color represents the upper quartile range. (C) Differential presence of comorbidities like diabetes, hypertension, and hypothyroidism between the Recovered (in green) and Mortality (in red).




Table 1 | Clinical summary of the COVID-19 patients highlighting clinical parameters across recovered and mortality.





SARS-CoV-2 Phylogenetic Analysis and Distribution

Phylogenetic analysis of 246 SARS-CoV-2 genomes using PANGOLIN (lineage) and Nextstrain (clades) showed the dominant occurrence of B.6 (29.2%), B.1.36 (9.82%), B.1 (10.56%), B.1.1 (4.47%), B.1.1.306 (4.47%), and B.6.6 (4.47%), whereas clade distribution highlighted the dominant prevalence of 19A (52.84%) followed by 20A (34.55%), as mentioned in Supplementary Table S1. We observed that the least number of patients belonged to the 20B (13%) clade, whereas 19A has the highest number of patients. Delving further, within the recovered samples, major distribution for the lineage was B.6 (31.57%), B.1.36 (12.28%), and B.1 (9.64%), whereas 19A was the dominant clade (45.17%); and within mortality, major distribution for the lineages was B.1.36 (33.33%) followed by B.1 (22.22%) and 20A clade (83.33%) (Figure 3).




Figure 3 | Phylogenetic analysis of the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) genomes. Showing the distribution of 246 SARS-CoV-2 clades and lineages among COVID-19 patients compared with the wild-type strain.





SARS-CoV-2 Mutation Profile Within Different Clinical Outcomes and Its Frequency Flip

Individual mutation analysis across our sample cohort revealed a total of 3,449 SARS-CoV-2 genome mutations. Importantly, we observed that within the mortality cases in our cohort, there was a higher number of mutations per sample, 28.94, than the recovered group, which had 13.60 mutations/sample. This observation made us explore the possible reasons for higher mutations per sample within mortality and their role in disease outcome. The Fisher exact test that was performed across our cohort revealed a total of 31 mutations to be statistically significant, with a p-value <0.005 associated with the clinical outcome (Supplementary Table S2, Figure 4A). Further correlation analysis of these 31 mutations resulted in the stratification of five mutations into the recovered and 26 mutations with the mortality patients. When compared with their global frequency, 7/31 significant mutations showed a low global presence indicating a frequency flip from their high distribution observed in our samples. The segregation of these seven mutations exhibited frequency flips with five mutations within the recovered group and two mutations in the mortality group, showing a significant difference in their association with the respective groups (p-value = 0.0001). Notably, all the mutations associated with the recovered group (S2015R, Y789Y, T2016K, S194*, A4489V) showed a frequency flip, whereas two mutations associated with the mortality group showed a shift in their frequency from our cohort to global level. The recovered group displaying a frequency flip for all the mutations could indicate that these mutations are highly likely to be deselected by the virus during the course of its evolution. On the other hand, among the rest of the mutations in the mortality group that did not exhibit any frequency flip (24 mutations), we observed five mutations (C241T, F924F, P4715L, D614G, Q75H) with a high cohort and global distribution. Interestingly, all these five mutations subsequently became a part of VOIs/VOCs such as B.1.1.7 (Alpha), B.1.351 (Beta), P.1 (Gamma), B.1.617.1 (Kappa), B.1.617.2 (Delta), B.1.525 (Eta), B.1.526 (Iota), C.37 (Lambda), B.1.621 (Mu), and presently being seen in BA.1 and BA.2 (Omicron) (Figure 4B). Hence, the presence of these mutations at high frequency throughout the pandemic and its selection in VOIs/VOCs could possibly suggest the propensity of the virus to retain these mutations, thereby enhancing the functional characteristics of SARS-CoV-2.




Figure 4 | Segregation of mutation profile across recovered and mortality coronavirus disease 2019 (COVID-19) patients. (A) Mutations with significant association with recovered (green) and mortality (red) patients along the SARS-CoV-2 genome and global presence. (B) Showing percentage distribution of mutations in the two clinical groups, their global frequency, and their presence in existing variants of interest (VOIs) and variants of concern (VOCs) as signature mutations.





Analysis of Molecular Dynamics Trajectories for Effect of Mutation on the Protein Structure

Among the significant mutations, we found S194L in the N protein to be highly significant (p-value = 2.35481E-13) and exclusive to the mortality patients. Similarly, a mutation at the same position, S194*, in the N protein was observed in the recovered as well, which was unique and significant with a p-value of 0.0045. Evidently, N protein is reported to be more conserved in comparison to other proteins such as Spike and membrane glycoprotein, which plays an essential role in viral genome packaging (Cubuk et al., 2021). Henceforth, we performed MD simulations to study and analyze the consequences of these two mutations compared to the wild-type N protein, in an endeavor to understand its association with the disease outcome. The RMSD was calculated for wild-type and mutants to elucidate changes in the overall stability of the protein that was considered the primary criterion for calculating the overall convergence of the system. The deviations for all the three systems (wild-type, S194*, and S194L) were found to be between 0.1 and 1.1 nm (Supplementary Table S3). A state of equilibrium was achieved for both the mutant proteins at 115 ns; whereas for the wild-type, it was at 150 ns. Subsequently, we calculated the fluctuations of the residues using RMSF (Figure 5A). There were local changes observed, with higher peaks of fluctuations seen at 10–18 and 179th positions in the case of S194*, reaching up to 0.8–1.2 nm and 0.7 nm, respectively (Supplementary Table S4). Fluctuation was seen more in N protein with S194* as compared to the S194L mutant N protein (Figure 5B). It is indicative of the recovered patients exhibiting a comparatively unstable protein vis-à-vis the mortality patients.




Figure 5 | Structural changes during molecular dynamic simulation: (A) Superimposed root mean square deviation (RMSD) and root mean square fluctuation (RMSF) spectrum of wild-type (black) and mutant proteins [S194* (recovered) shown in green and S194L (mortality) shown in red] during 200 ns of molecular dynamics simulation period. (B) The obtained simulated structures of mutated N protein with wild type.






Discussion

There is a significant amount of SARS-CoV-2 genome sequencing data being deposited in public databases in real time. However, our comprehension of different patient clinical presentations and their correlation with the SARS-CoV-2 mutations remains limited (Esper et al., 2021). Toward that, we made an effort to analyze and correlate the SARS-CoV-2 mutations within the recovered and mortality patients along with their impacts on the protein structure. Clinically, similar to other studies from around the globe, advanced age and underlying conditions such as hypertension and hypothyroidism were significantly associated with the mortality of COVID-19 patients (Wang et al., 2020; Zhou et al., 2020; Huang et al., 2021; Li et al., 2021). With reference to presenting symptoms as potential predictors for disease severity, a rare symptom, abdominal pain, was also observed to be significantly associated with the mortality group as reported by Li et al. (2021).

Genomic analysis of 246 samples demonstrated that the lineage B.6 had a dominant occurrence followed by B.1.36, B.1, B.1.1, B.1.1.306, B.6.6, and 20A for the clade, respectively, which is consistent with the lineage distribution observed during the first wave in India (Chong et al., 2020; Jha et al., 2021). Moreover, a significant frequency flip (p-value = 0.0001) was seen for the five mutations, S2015R, Y789Y, T2016K, S194*, and A4489V, in the recovered with a low global presence, indicating that the mutations associated with COVID-19 recovery are deselected by the virus during its evolution. Intriguingly, 5/26 significant mutations (C241T, Q57H, F924F, P4715L, D614G) in the mortality patients did not exhibit any frequency flip with a high frequency occurrence observed in the cohort as well as the global level. This could be indicative that the mutations associated with severe outcome are preferably selected and present globally. A study by Mercatelli and Giorgi (2020) also demonstrated the mutations C241T, F924F, and P4715L to have a similar frequency as D614G in their cohort as well, which shows their co-occurrence in the viral genome.

It is interesting that these five mutations are the characteristic mutations of Type VI SARS-CoV-2 strain and show a high pairwise allelic association. Moreover, the mutation P4715L in RdRp protein affects the viral replication (Pachetti et al., 2020), and the spike mutation D614G influences the viral interaction with the ACE2 receptor, thereby enhancing the overall fitness of the virus (Korber et al., 2020; Toyoshima et al., 2020). Also, the Type VI strain is observed to be present in high frequency in most of the countries throughout the pandemic that could possibly imply that these mutations provide stability and positively influence the virulence by enhancing the viral transmission and pathogenicity (Yang et al., 2020a). A study by Bianchi et al. (2021) reported that the mutation Q57H, which is observed in our mortality patients, is consistently present in high frequency at all the time points. Another study describes the loss of function of orf3b protein, an accessory protein, due to the truncation of orf3a protein by Q57H mutation. Furthermore, they also found that the loss of orf3b coincides with the emergence of D614G spike mutation that strikingly correlates with our observation of D614G being present at high frequency in our mortality patients (Lam et al., 2020). Also, the mutation S194L found in the Nucleocapsid gene was a highly significant mutation observed across our cohort and is also associated with mortality. Several other studies have also reported that this mutation is deleterious and correlated with fatal outcomes (Limaye et al., 2021; Mehta et al., 2021; SeyedAlinaghi et al., 2021). This could possibly indicate their crucial role in elevating the pathogenicity of the virus, thereby contributing to increased disease severity and clinical outcome. Such significant observation can aid us in tracking and prioritizing the upcoming SARS-CoV-2 variants as well as monitoring the disease progression for early interventions to possibly manage fatal outcomes.

To understand the correlation of mutations with severity outcome, one of the important aspects is its functional consequences at the protein structural level. The MD simulations performed for the mutations S194* and S194L from the recovered and mortality group, respectively, revealed RMSD values, which was evaluated for both the mutations and the wild-type, implying a state of equilibrium achieved for all the three systems. Although mutation S194L is previously reported to be associated with mortality as seen in our cohort, its effect on the protein structure has not been explored and elucidated (Joshi et al., 2021). A comparative analysis of the parameter RMSF value demonstrated that the recovered mutant protein S194* showed more fluctuations in comparison with the wild type and the protein mutation at the same position associated with the mortality group. This suggests the instability of the mutation S194* in the recovered group, which is exactly correlating with its low frequency occurrence at the global level as compared to S194L in the mortality group.

In summary, the findings from our study highlight the significance of the mutations in modulating COVID-19 presentations and outcomes. Assessing the clinical symptoms of COVID19 patients is largely important, since patients manifest a wide spectrum of symptoms, from asymptomatic to symptomatic and a subset leading to fatal outcomes. Disease symptoms and its progression are modulated by several factors that include viral characteristics, environmental factors, host immunity, and comorbidities. An integrative analysis of these disease modulators can aid us in devising strategies for the disease symptom management and treatment, if possible. The co-analysis of mutations and the clinical outcome would be extremely beneficial for diagnosing mutations susceptible to increased disease severity and also to evaluate the effects of control measures implemented during the course of the pandemic. This approach can assist us in tracking the SARS-CoV-2 evolution and its upcoming variants, along with providing insights to its association with the disease severity or outcome for the amelioration of the disease. Thus, we can identify the subgroups of patients predicted to have a poor prognosis and can be assisted with required treatments prior to any detrimental outcomes. Hence, this approach can lead to a better utilization of the healthcare management system and could aid us in a sustainable pandemic preparedness.
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Objective

There is evidence that the gut microbiota play a regulatory role in the occurrence and progression of tuberculosis. The purpose of the current study was to explore the alterations in gut microbiome under different tuberculosis disease stages in the Uyghur population, clarify the composition of microbial taxonomy, search for microbial biomarkers and provide innovative ideas for individual immune prevention and for control strategies.



Design

A case–control study of Uyghur individuals was performed using 56 cases of pulmonary tuberculosis (PTB), 36 cases of latent tuberculosis infection (LTBI) and 50 healthy controls (HC), from which stool samples were collected for 16S rRNA gene sequencing.



Results

The results showed that the alpha diversity indexes of the PTB group were lower than those of the other two groups (P <0.001), while only observed species were different between LTBI and HC (P <0.05). Beta diversity showed differences among the three groups (P = 0.001). At the genus level, the relative abundance of Bifidobacterium and Bacteroides increased, while Roseburia and Faecalibacterium decreased in the PTB group, when compared with the other two groups, but the changes between the LTBI and HC groups were not significant. The classifier in the test set showed that the ability of the combined genus to distinguish between each two groups was 81.73, 87.26, and 86.88%, respectively, and the validation efficiency was higher than that of a single screened genus.



Conclusion

The gut microbiota of PTB patients was significantly disordered compared with LTBI and HC, while the changes of LTBI and HC were not significant. In the future, gut microbiota could be used as a non-invasive biomarker to assess disease activity.





Keywords: tuberculosis, gut microbiota, 16S rRNA, Uyghur nationality, latent tuberculosis infection (LTBI)



Introduction

Tuberculosis (TB) is an ancient respiratory infectious disease caused by Mycobacterium tuberculosis (Mtb). It is a major global public health problem and a serious threat to human life and health. The World Health Organization (WHO) indicated that tuberculosis was the leading cause of death from a single infectious source and ranked the 13th leading cause of death worldwide. There were 9.87 million new cases worldwide in 2020, with an incidence rate of 127 per 100,000 (World Health Organization, 2021). Latent tuberculosis infection (LTBI) is defined as a consistent immune response to Mtb antigens without evidence of clinically evident active tuberculosis (Rajpal et al., 2020). The global LTBI case number is about two billion, of which 5 to 10% may develop active TB in their lifetime (Houben and Dodd, 2016; Colangeli et al., 2020), so the importance of the LTBI state as a large pool of potential patients must not be ignored (Chee et al., 2018). The occurrence and development of tuberculosis is influenced by many factors such as bacterial load and host resistance (Eribo et al., 2020), but TB can also evade the immune system for decades after exposure (Orme et al., 2015) and can circulate dynamically across a spectrum of diseases, depending on susceptibility and infection and progress to active TB (Petruccioli et al., 2016; Drain et al., 2018). Other epidemiological risk factors include HIV infection (Ford et al., 2015), malnutrition, air pollution (Lönnroth et al., 2010), smoking (Glickman and Schluger, 2016), and diabetes mellitus (Naidoo et al., 2019). The immunological basis of pathogenesis involves innate immunity and adaptive immunity, determined by the state of immune balance, with co-regulation by type 1 T-helper and Type 2 T-helper cells (Schwander and Dheda, 2011). However, the above factors cannot explain all the total population attributable risk percentage (PAR%) and the high incidence of morbidity and mortality, suggesting that there are still unconfirmed risk factors (Namasivayam et al., 2018). There is growing evidence that the microbiome might contribute to tuberculosis risk and disease. Through constant contact with the immune system, the microbiome can continuously participate in the immune response when there is a new infection (Gupta et al., 2018), so host microbial community has a regulatory effect on host immune response and Mtb survival mechanism (Osei Sekyere et al., 2020).

Many microbial communities exist in the human body, especially the gut microbiota, which is closely related to the immune system of the body (Young, 2017). The gut microbiome is directly involved in the development and function of peripheral immunity (Honda and Littman, 2016) and the gut–lung (Budden et al., 2017) axis is a recently discovered bidirectional axis affecting the correlation between intestinal flora, respiratory flora, and digestive and respiratory diseases. The gut microbiota and its metabolites can directly affect the growth of Mtb (Rooks and Garrett, 2016), as shown by the colonization of Clostridium in the intestinal tract of sterile mice with activated intestinal and systemic Treg cells and promoted IL-10 secretion (Mazmanian et al., 2005). IL-10 can inhibit the immunopathological damage caused by TB (Wong et al., 2020). In mice models with intestinal dysbacteriosis, lactobacillus or colonization with Bacteroides fragilis could induce changes in CD4+ T, Treg and other immune cells, affecting the growth of Mtb (Schirmer et al., 2016; Negi et al., 2019). Indole Propionic Acid (IPA), one of the metabolites of Clostridium sporogenes, can inhibit the proliferation of Mtb by enhancing the autophagy ability of macrophages, and is more effective against Mtb than anti-TB drugs (Kaufmann, 2018). Short-chain fatty acids (SCFAs) are the final products of dietary fiber fermentation by intestinal anaerobic bacteria, mainly including propionate and butyrate, which were associated with increased risk for active TB. SCFAs suppressed production of IFN-γ and IL-17A by both polyclonal- stimulated T cells and TB antigen stimulated peripheral blood mononuclear cells (PBMCs), resulting in inhibition of intracellular Mtb clearance (Segal et al., 2017). The specific gut microbiome is related to the immune status of the host and changes in the abundance of certain gut microbiota can also affect the outcome of resistance to invading Mtb by changing the level of immune cells. The composition of the gut microbiota varies depending on TB status; the findings of Winglee et al. showed that the mice infected with Mtb, the abundances of Clostridium and Bacteroides decreased (Winglee et al., 2014), and in the clinical trial conducted by Huang et al. it showed that the abundance of Bifidobacterium decreased in Mtb-infected patients (Huang et al., 2019). In active tuberculosis patients, there was an increased abundance of Facobacterium, Rothia, and Eubacterium (Maji et al., 2018). Another study found that when taking antibiotics for 6 months, the dominant intestinal flora such as Rumenococcus, Lactobacillus, and Bacteroides were greatly reduced (Wipperman et al., 2017). The above results were influenced by different geographical conditions, different types of populations and genetic characteristics, so there is no consistent conclusion for now.

Xinjiang is a multi-ethnic gathering area that has a high TB burden and Uygur, has the highest population proportion. Studies have shown that the Uyghur intestinal flora was different from other ethnic groups in healthy individuals (Zhang et al., 2015). Based on the regional and ethnic characteristics of Xinjiang, this study used 16S rRNA gene sequencing and analysis of TB and LTBI gut microbiome species and taxonomic composition to investigate the Uighur TB gut microbiome spectrum. The different species will reflect the intestinal microbial biomarkers under specific disease states and will provide new directions and targets for non-invasive diagnosis and intervention by improving the gut microbiome, to control the incidence of tuberculosis in the region.



Materials and Methods


Study Design and Sample Collection

This case–control study was conducted from January to July 2021 among Uighur PTB, LTBI and HC cases who were over 18 years old and were recruited from the region of Xinjiang, China, and had not taken antibiotics and other drugs that affected the gut microbiota (Falony et al., 2016; Zhernakova et al., 2016) for at least one month. Subjects excluded were those affected by HIV infection, diabetes, other lung diseases and other serious diseases, or those who were unwilling participants. The three groups of subjects were required to be comparable in gender, age and BMI.

All research subjects provided signed informed consent before sample collection and the protocol was approved by the Ethics Committee of First Affiliated Hospital of Xinjiang Medical University (20180223-159).

Fresh stool samples from the participants were collected using sterile containment and stored at −80°C immediately for further analysis.



DNA Extraction and 16SrRNA Gene Amplicon Sequencing

Total genomic DNA samples were extracted using the QIAamp DNA Stool Mini kit (QIAGEN, Inc., Netherlands), following the instructions of the manufacturer and stored at −20 °C prior to analysis. PCR was used to amplify the hypervariable V3–V4 region of bacterial 16SrRNA genes with the forward primer, 338F: 5’-ACTCCTACGGGAGGCAGCA-3’ and the reverse primer, 806R: 5’-GGACTACHVGGGTWTCTAAT-3’. The libraries were constructed by for quality inspection. The qualified and quantified PE250 libraries were sequenced using the Illumina NovaSeq platform (Shanghai Personal Biotechnology Co., Ltd, Shanghai, China).



Sequence Analysis

Microbiome bioinformatics were performed using Quantitative Insights Into Microbial Ecology (QIIME2 V.2019.4) (Bolyen et al., 2018). Raw sequence data were demultiplexed using the demux plugin followed by primer cutting with cutadapt plugin. Non-singleton amplicon sequence variants (ASVs) were generated after being quality filtered, denoised, merged, and chimeras were removed using the DADA2 plugin. Taxonomy was annotated with Greengenes database release 13.8 and classified at the taxonomic level of kingdom, phylum, class, order, family, genus, and species.



Bioinformatic Analysis of 16SrRNA Sequencing

The 16SrRNA sequencing data analyses were performed using QIIME2 and R packages (v4.0.2). Alpha diversity indices were characterized by observed species, Pielou’s evenness, the Shannon and Simpson indexes. The Kruskal–Wallis H test was used to assess the differences between the three groups. Beta diversity was described by Nonmetric multidimensional scaling (NMDS), using UniFrac distance metrics and the Analysis of similarities (Anosim) was used to examine differences between groups. After singletons were removed, the feature table was counted to visualize the composition distribution of each sample at the phylum, class, order, family, genus, and species levels, and presented in a histogram. Linear discriminant analysis effect size (LEfSe) is a method of analyzing discrepancy, which directly analyzes the difference between all taxonomic levels simultaneously. The analysis used a cladogram showing the taxonomic hierarchy distribution of biomarker species of each group sample. Microbial potential functions were predicted by phylogenetic investigation of communities by the reconstruction of unobserved states (PICRUSt2) on KEGG databases to get predictive metabolic pathways, and conducted correlation analysis with different species demonstrated by heat maps. The sequence data of this study have been deposited in the GenBank Sequence Read Archive (SRA) of NCBI under the accession code BioProject PRJNA795263.



Statistical Analysis

The Spss21.0 software and R Packages (V4.0.2) were used for data analysis. Individual characteristics of the interviewee were statistically described by the median and mean ± standard deviation (SDs) for continuous variables, while the Kruskal–Wallis test and analysis of variance (ANOVA) were used for inter-group differences. Frequency was used for categorical variables and the chi-square test was used for inter-group differences.

The Mann–Whitney U test was used for each two-group comparison of the top 50 genus level species relative abundance and species with differences among groups were selected out. The research object was divided into training and testing sets, and the random forest model was used to perform five repetitions of 10-fold cross validation and rank variables by importance based on previously screened differences variables, to find the optimal number of variables and their importance order. Filtered variables were used as predictors to draw receiving operating characteristic (ROC) curves, calculating the area under curve (AUC) and its 95% confidence interval (CI). The ROC curve of a single species of the combined species in each group was evaluated. Rank correlation was used to analyze the correlation between prediction pathways and different species. A P <0.05 was considered statistically significant.




Results


Sequence Composition Analysis

There were 56 PTB, 36 LTBI, and 50 HC cases included in this study. Age, gender, and BMI were comparable after statistical evaluation (P >0.05), as shown in Table S1.

A total of 8,193,170 usable high-quality sequence reads were generated from 142 samples by quality filtering, denoising, merging and removing chimeras. These had an average of 57,698 sequences per sample, the sequence length ranged from 50 to 437 bp and the average sequence length was 413 bp. A total of 18,085 ASVs were obtained from the PBT group, 25,506 ASVs from the LBTI group and 27,152 ASVs from the HC groups. A total of 2,846 ASVs were shared among the three groups, where the PBT group contained 12,113 unique ASVs, the LBTI group contained 17,871unique ASVs and were compared to 19,615 unique ASVs from the HC group (Figure 1). The rarefaction curves of the three groups almost plateaued, indicating that the sequencing results were robust enough to reflect the diversity contained in the current samples (Figure S1).




Figure 1 | Venn diagram showing the shared and unique amplicon sequence variants (ASVs) in the flora of the three groups.





Alpha and Beta Diversity Analysis

Alpha diversity was described using the observed species index, Pielou’s evenness index, and the Shannon and Simpson indexes. Overall, the Alpha diversity was decreased in the PTB group, when compared with LTBI and HC groups. The observed species were increased in the LTBI group compared with the HC group (P <0.001) (Figure 2A).




Figure 2 | Comparison of the intestinal microbiota richness and diversity in three groups. (A) The alpha diversity was assessed using the above indexes. The P-values of the overall difference between groups obtained by the Kruskal–Wallis nonparametric test, markers of difference significance levels obtained after pairwise comparison of Dunn’s test between groups (*P < 0.05, ***P < 0.001). (B) NMDS represent beta diversity, measured by unweighted unifrac, the differences in the microbiome composition among groups were assessed by ANOSIM.



Beta diversity was demonstrated by Nonmetric Multidimensional scaling (NMDS) analysis, using UniFrac distance metrics, with the results in Figure 2B showing that there were significant differences among the three groups (P = 0.001).



The Divergent Taxonomic Abundances and Composition of Microbiota Among Groups

According to the species taxonomic annotation, there were 28 microbial phyla, 88 microbial class, 160 microbial orders, 286 microbial families, 623 microbial genera, and 872 microbial species identified (Table S2).

At the phylum level, the composition of the top ten species is shown in Figure 3A, where the distribution of Firmicutes, Verrucomicrobia, Tenericutes and Cyanobacteria differed among groups. The abundance of Firmicutes and Tenericutes decreased in PTB, comparing with the LTBI and HC groups (Figure S2). At the genus level, Bifidobacterium was the most abundant genus at 16.35% in PTB, an increase of 59.20% compared with the LTBI group and 64.03% for the HC group. The most obvious reduction was Roseburia in PTB, compared with the LTBI and HC groups, the genus decreasing by 56.92 and 71.52%, respectively. The remaining changes are shown in Figure 3B.




Figure 3 | Taxonomic features of the fecal microbiota of patients in three groups. (A) The distribution of three groups at phylum level of top 10 species. (B) The distribution of three groups at genus level of top 10 species. (C) Cladogram is a taxonomic diagram showing the taxonomic hierarchy of the signified species in each group of samples by LEfSe.



The LEfSe analysis showed that there were 42 enriched species among the three groups. The Actinobacteria (class) was significantly enriched and had the highest abundance in the PTB group. In the LTBI group, Dialister, Oscillospira, and Lactobacillus were enriched at the genus level, while Lactobacillaceae was the highest accumulated at the family level. The phylum of Firmicutes, the class of Clostridia, the order of Clostridiales, the family of Firmicutes and the genus of Roseburia were significantly enriched in the HC group (Figure 3C).



Gut Microbiome-Based Signature Distinguished Different TB States

The top 50 genera comprising about 80% of the total relative abundance were selected and compared between the three groups in pairs. Univariate analysis showed that 23 genera in the PTB and HC groups, 29 genera in the PTB and LTBI groups and four genera in the LTBI and HC groups had statistical differences. Random forest models were performed in the first two groups of training data sets and six out of 23 genera and four out of 29 genera were selected (Figures S3–S6). These indicators were used as predictor generated areas under the ROC.

In training sets, six genera, namely, Weissella, Turicibacter, Lachnospira, Butyricicoccus, SMB53, and Veillonella were combined and could distinguish PTB from HC with an AUC of 0.96 and a 95% CI of 0.92 to 1.00 (Figure 4A), four genera, namely, Turicibacter, Lachnospira, Lactobacillus, and Actinomyces could distinguish PTB from LTBI with an AUC of 0.85 and a 95% CI of 0.74 to 0.96 (Figure 4B), and four genera, namely, Lactobacillus, Akkermansia, Lachnobacterium, and Bulleidia could discriminate LTBI from HC with an AUC of 0.69 with a 95% CI of 0.54 to 0.85 (Figure 4C).




Figure 4 | Disease states classification based on gut microbiome signature. Classification performance of random forest models by ROC for training set (A) in PTB and HC groups (n = 30 and 30); (B) in PTB and LTBI groups (n = 30 and 20); (C) in LTBI and HC groups (n = 20 and 30) and for testing set; (D) in PTB and HC groups (n = 26 and 20); (E) in PTB and LTBI groups (n = 26 and 16); (F) in LTBI and HC groups (n = 16 and 20).



The classifying ability of the model was validated in an internal test data set. Using the six genera yielded an AUC of 0.82 with a 95% CI of 0.69 to 0.94 to discriminate PTB from HC (Figure 4D), using the four genera described above increased the AUC to 0.87 with a 95% CI of 0.75 to 0.99 to discriminate PTB from LTBI (Figure 4E) and using the four genera described above increased the AUC to 0.87 with a 95% CI of 0.75 to 0.99 to discriminate LTBI from HC (Figure 4F). The results of other single genus are shown in Table S3 and ROC curves were also drawn.



Prediction of Functional Potential

The results of 16 S rRNA genes sequencing were annotated in the KEGG database by PICRUSt2 to predict the sample functional abundance. A total of 32 level-II metabolic pathways were obtained in all samples.

Correlation analysis was conducted between predicted metabolic pathways and different species, the results showed that Bacteroides was positively correlated with the pathway of Glycan biosynthesis and metabolism in PTB and HC group, Roseburia was positively correlated with the pathway of Environmental adaptation in PTB and LTBI group, and Lactobacillus was positively correlated with the pathway of Infectious diseases in the PTB and LTBI groups. The remaining significant correlations were detailed in heat maps (Figures 5A–C).




Figure 5 | Correlation analysis between predictive metabolic pathways and different gut microbiota. The significant correlation (A) in PTB and HC groups; (B) in PTB and LTBI groups; (C) in LTBI and HC groups. The depth of the color in the heat maps signifies the strength of the correlation: red represents a positive correlation, whereas blue indicates a negative correlation. *P < 0.05, **P < 0.01, ***P < 0.001.






Discussion

The immunomodulatory role of intestinal flora has been shown to be critical in the host response to tuberculosis, namely, the prevention of TB infection, reducing progression from latency, the disease severity, and the occurrence of drug resistance and co-infection (Hong et al., 2016). In order to explore the relationship between gut microbiota and tuberculosis in the Uyghur tuberculosis population in Xinjiang, three groups of subjects were recruited in the current study, to identify the microbiological composition and dominant species of each group based on 16SrRNA sequencing, to find microbial biomarkers under different disease states, predict the potential function of metabolic pathways, and to deduce the interactions between intestinal microbes and tuberculosis infection and incidence.

Hu et al. previously used 16Sr RNA sequencing to explore HC, TB, and LTBI populations, and the results showed that the alpha diversity in Mtb infected persons was slightly decreased, but there was no statistical difference observed between alpha and beta diversity (Hu et al., 2019). In another study, the species abundance and microbial diversity of PTB decreased compared with the healthy control group, and there were significant differences in the relative abundance of species between the two groups (Hu et al., 2019). However, Matthew et al. did not show any microbiological differences between LTBI and HC (Wipperman et al., 2017). The current study also showed a significant decrease in species richness and diversity in PTB compared with HC and LTBI, while HC and LTBI showed no difference in other alpha diversity indicators except the number of observed species. Beta diversity demonstrated significant differences in gut taxonomic composition, confirming that Mtb cases had intestinal microbiome disorders, which would be reflected by the reduction of microbial diversity.

At the phylum level, the human gut microbiota taxonomic composition is dominated by Firmicutes and Bacteroidetes, reduced levels of Actinobacteria and Proteobacteria, and also low abundance, but important, phyla like Verrucomicrobia, Fusobacteria, and Euryarchaeota (Becattini et al., 2016). In the current study, Firmicutes, Bacteroidetes, Actinobacteria, and Proteobacteria were also the microbiome with high relative abundances in the three groups of research cases, but Firmicutes (F) showed a significant downward trend in the PTB group compared with the other two groups and the relative abundance of Bacteroidetes (B) in PTB and LTBI increased slightly. The F/B ratio is related to the susceptibility of disease occurrence (Ley et al., 2006) and also possibly pro- and anti-inflammatory activity (An et al., 2014). In this study, the ratio of F/B decreased in the PTB and LTBI groups, which was consistent with the results of the study of Huang. The study of Huang further demonstrated that the gut F/B ratio was positively related to cytokine levels, such as pro-inflammatory cytokine IL‐1β and anti-inflammatory cytokine IL-4 (Huang et al., 2019). IL-1β eradicates invading pathogens by activating neutrophils and macrophages; IL-4 inhibits the activation of macrophages and interferes with the clearance of Mtb by Th1 cells, which is an important factor for promoting the occurrence of tuberculosis and the recurrence of chronic infection (Kulpraneet et al., 2019). In the study of H. hepaticus-colonized mice it was shown that the F/B ratio might also play a role in the higher inflammation and reduced immune inhibition of Mtb. In sum, increased Bacteroidetes, with a concomitant reduction in Firmicutes in the gut can cause dysbiosis and subsequent immune dysregulation that can ultimately affect the capacity of the immune system to defend the body against TB (Majlessi et al., 2017). Actinobacteria has been regarded as an important indicator phylum to distinguish TB from HC. It is considered to be a harmful bacterium phylum and the research by Luo showed that it had a higher abundance in recurrent tuberculosis patients than new PTB and HC (Luo et al., 2017). In this study, the relative abundance of Actinobacteria in PTB group was significantly higher than that in the other two groups, while LTBI was slightly higher than HC. The phylum Tenericutes, that contains many beneficial species, was diminished in the TB patient group (Lim et al., 2017; Khaliq et al., 2021) and in this study the relative abundance of this species in the PTB group was also lower than that in the other two groups.

At the genus level, this study showed that the relative abundance of Bifidobacterium in PTB was significantly higher than that of the other two groups, consistent with a case–control study of ATB and HC from Pakistan (Khaliq et al., 2021), but in contrast an Indian study showed enrichment in the HC group (Maji et al., 2018; Dhakan et al., 2019). Bifidobacterium is an opportunistic pathogen, causing bacteremia in patients that have immune deficiency and intestinal barrier impairment (Lokesh et al., 2018). The abundance of Bifidobacterium also decreased in patients who received anti-tuberculosis treatment (Wipperman et al., 2017; Hu et al., 2019), but increased in patients who completed treatment (Hu et al., 2019). Roseburia is reported to influence the production of SCFAs, namely, acetic, propionic and butyric acids (Estaki et al., 2016; Rivière et al., 2016) and these metabolites protect the body from pathogens and inflammation (Sun et al., 2017). In this study, Roseburia was enriched in the HC group, a result consistent with the study by Dhakan (Dhakan et al., 2019).

The ROC curves for the genus level were made to find biomarkers that could distinguish the three groups. The PTB and HC group in the training set of the combined index of discrimination was up to 96.11% and the identification ability for Turicibacter and SMB53 were 80.5 and 80.3%, respectively. The discriminant ability of the combined index in the validation set was 81.7% lower than that in the training set and SMB53 had the highest discrimination of 76.2%. Hu et al. employed metagenomics and observed Haemophilus parainfluenzae, Roseburia inulinivorans, and Roseburia hominis species to distinguish PTB from HC, namely, the genera of Haemophilus and Roseburia (Hu et al., 2019). Turicibacter and SMB53 (family Clostridiaceae) are both considered to exhibit pro-inflammatory property (Ye et al., 2018; Petersen et al., 2019) and a study of comparative analysis of the intestinal flora in type 2 diabetes and nondiabetic mice indicated that these two genera may be involved in the abnormal metabolism of type 2 diabetes (Horie et al., 2017). A review of the literature found no role for Turicibacter and SMB53 in tuberculosis, so they would need to be further validated as potential microbial biomarkers. For the ability to identify PTB and LTBI group, the combined genera in training set was 85.0%, compared with that of Turicibacter and Lachnospira of 84.1 and 79.7% respectively. The identification ability of the combined indexes in the validation set was 87.3%. Lachnospira belongs to Clostridiale (order) and has 87.0% ability to discriminate PTB and LTBI, which is a single genus with high discriminatory ability. Luo et al. noted that Lachnospira decreased in abundance in patients with new and relapsing TB and was negatively correlated with CD4+T cell counts, which are important immune cells for TB (Luo et al., 2017). Lachnospira has also been shown to control airway inflammation in germ-free mice (Arrieta et al., 2015). The combining of the four indicators to distinguish between LTBI and HC was 86.9% in testing test, and Akkermansia which belongs to Verrucomicrobiaceae (family), had 75.9% ability to distinguish LTBI from HC. This genus currently contains only one member, the Akkermansia Muciniphila species (Ansaldo et al., 2019), and several studies have shown that Akkermansia Muciniphila is a new generation of probiotics, which is abundant in the gut microbiota of healthy individuals and exerts the effect of preventing and treating obesity, type 2 diabetes and other metabolic dysfunctions, suppressing inflammatory response and regulating the immune activity (Zhang et al., 2019). No studies on this microbial at the genus level have directly shown that it is associated with Mtb infection, but a microbiological study of patients with hepatitis showed that Akkermansia was lower abundant in patients with a higher degree of polymorphonuclear infiltration, a higher degree of histological inflammation, and its abundance was inversely correlated with the level of inflammatory response (Lang et al., 2020). We deduced the abundance of Akkermansia may have relationships with the different levels of tuberculosis infection, but this hypothesis needs to be further demonstrated. Considering the diagnostic effectiveness and easy identification, Lachnospira can distinguish LTBI and PTB on behalf of the combined four genera.

The above analysis focuses on the diversity of microflora, the composition of species, and the microflora biomarker. The functional potential of the microbiome needs to be a focus and PICRUSt2 is used and annotate 16S rRNA sequenced genes based on the KEGG database to predict their functional potential. The correlations between metabolic pathways and different species among the three groups were obtained, so there is a preliminary understanding of the microflora function in the tested samples and these results could provide guidance for the follow-up study of intestinal microbe function like metagenomics.


Limitations

This research is based on a cross-sectional study and although the basic characteristics of the research objects are balanced and comparable among the three groups and have strict inclusion and exclusion criteria when collecting research objects, the individual differences are still unavoidable. Ideally, cohort studies can rigorously observe changes in the intestinal flora of a subject from health to infection to disease onset and subsequent treatment. Gut microbiota is affected by genetic and environmental factors such as diet, and there are many potential influencing factors among research objects, murine model should be considered in future experiments to minimize the possible influence. In addition, although the internal validation was built, the accuracy and universality of the model can only be further evaluated if the sample is expanded for external and independent verification. Xinjiang is a multi-ethnic region, only Uyghurs were selected as the research subjects and whether the current results can be extrapolated to other ethnic groups requires further verification. Finally, due to the shortcomings of the 16SrDNA sequencing technology used in the current study, species can only be annotated to the ‘genus’ level, mainly involving the composition of species and community diversity. Subsequent metagenomic studies can be conducted on this basis, to identify microorganisms down to the species or strain level, and conduct in-depth genetic and functional studies.



Conclusions

The current study used 16S rRNA gene sequencing to explore the alterations in the gut microbiome of individuals with tuberculosis of different disease states, and find the intestinal microbial biomarkers which will provide new directions and targets for non-invasive diagnosis and intervention by improving the gut microbiome.
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Oral cancer is a globally widespread cancer that features among the three most prevalent cancers in India. The risk of oral cancer is elevated by factors such as tobacco consumption, betel-quid chewing, excessive alcohol consumption, unhygienic oral condition, sustained viral infections, and also due to dysbiosis in microbiome composition of the oral cavity. Here, we performed an oral microbiome study of healthy and oral cancer patients to decipher the microbial dysbiosis due to the consumption of smokeless-tobacco-based products and also revealed the tobacco-associated microbiome. The analysis of 196 oral microbiome samples from three different oral sites of 32 healthy and 34 oral squamous cell carcinoma (OSCC) patients indicated health status, site of sampling, and smokeless tobacco consumption as significant covariates associated with oral microbiome composition. Significant similarity in oral microbiome composition of smokeless-tobacco-consuming healthy samples and OSCC samples inferred the possible role of smokeless tobacco consumption in increasing inflammation-associated species in oral microbiome. Significantly higher abundance of Streptococcus was found to adequately discriminate smokeless-tobacco-non-consuming healthy samples from smokeless-tobacco-consuming healthy samples and contralateral healthy site of OSCC samples from the tumor site of OSCC samples. Comparative analysis of oral microbiome from another OSCC cohort also confirmed Streptococcus as a potential marker for healthy oral microbiome. Gram-negative microbial genera such as Prevotella, Capnocytophaga, and Fusobacterium were found to be differentially abundant in OSCC-associated microbiomes and can be considered as potential microbiome marker genera for oral cancer. Association with lipopolysaccharide (LPS) biosynthesis pathway further confirms the differential abundance of Gram-negative marker genera in OSCC microbiomes.
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Introduction

Oral cancer is among the 10 most prevalent cancers globally and ranks among the three most common cancers in India (Reichart, 2001; Sharma et al., 2018). The high incidence of oral cancer could be attributed to a combined effect of specific risk factors such as tobacco consumption, exposure to carcinogenic agents, and insufficient access to newly developed diagnostic aids that delays the diagnosis of oral cancer (Sharma et al., 2018). The low-income groups in India are the most affected by oral cancer due to high consumption of smokeless tobacco products such as gutkha and pan masala, whose main ingredients are tobacco, areca nut, and betel quid (Nair et al., 2004). Habitual chewers consume tobacco with or without betel quid. In the recent decades, the availability of inexpensive and attractive sachets of betel quid substitutes has been increased in India (Sahitha, 2014). The product is essentially a flavored and sweetened dry mixture of areca nut, slaked lime, and catechu with tobacco (gutkha) or without tobacco (pan masala). Some previous studies in India that looked at the correlation between tobacco consumption and oral cancer found that 49% of the oral cancer types were attributable to tobacco chewing (Balaram et al., 2002). Tobacco chewing and poor hygiene were attributed to 95% of oral cancers in women (Muwonge et al., 2008). However, these studies only explored the association of cancer incidence with tobacco consumption and did not examine the role of dysbiosis in oral microbiome due to tobacco consumption in the progression of the disease.

Alterations or dysbiosis in human microbiome have been associated with different types of cancers and other metabolic and physiological diseases, such as colorectal cancer, diabetes, obesity, and autism (Graessler et al., 2012; Everard and Cani, 2013; Maji et al., 2018; Pulikkan et al., 2018; Saxena et al., 2018). Previous studies have made efforts to characterize the oral microbiome in several populations (Kilian et al., 2016; Acharya et al., 2017; Sarkar et al., 2017; Xian et al., 2018; Chattopadhyay et al., 2019; Burcham et al., 2020; Rai et al., 2021). In the last 5 years, multiple studies have also shown a significant variation in the microbial community between patients suffering from oral squamous cell carcinoma (OSCC) and healthy individuals (He et al., 2015; Sarkar et al., 2017; Liu et al., 2018; Perera et al., 2018; Yang et al., 2018). The studies have directly examined malignant tissue by swab or biopsy and demonstrated that the carcinogenic sites are enriched for Gram-negative Fusobacteria and Bacteroidetes, showing lower abundance of Streptococcus and Rothia spp. (Schmidt et al., 2014; Al-Hebshi et al., 2017). An earlier study examined the microflora-based differences in 45 OSCC subjects and 229 OSCC-free (control) individuals and observed that high salivary counts of Prevotella melaninogenica, Capnocytophaga gingivalis, and Streptococcus mitis could act as diagnostic indicators of OSCC (Mager et al., 2005).

Inflammation is shown to be one of the most critical factors among the different mechanisms and causes known for cancer induction. At the clinical level, the association between inflammation and induction of cancer has been well established in the case of oral cavity, ovaries, prostate, bladder, liver, pancreas, colon, stomach, and other sites (Rosin et al., 1994; Ness and Cottreau, 1999; Itzkowitz and Yio, 2004; Rogers and Fox, 2004; Whitcomb, 2004; Zavros et al., 2004; Palapattu et al., 2005; Hooper et al., 2009; Sharma et al., 2020). Notably, 15%–20% of the tumors are reported to be caused by microbe-induced inflammation (Tlaskalová-Hogenová et al., 2011).

Long-term exposure to tobacco and tobacco-containing products has been known to be a significant cause for OSCC worldwide (Jiang et al., 2019). The major ingredients and carcinogens found in tobacco-based products such as gutkha and pan masala are tobacco-specific nitrosamines (TSNAs) including NNK [4‐(methylnitrosamino)‐1‐(3‐pyridyl)‐1‐butanone], NNN (N‐nitrosonornicotine), and MNPN [3‐(methylnitrosamino) propionitrile], and ROS (reactive oxygen species, O–·, H2O2, OH) (Nair et al., 2004)· Chewing of tobacco with betel quid results in high exposure to carcinogenic TSNAs and has also been associated with dysbiosis in the oral microflora of tobacco-consuming individuals compared to non-consuming individuals (Reichart, 2001; Hooper et al., 2009; Sahitha, 2014). Oral conditions like leukoplakia, erythroplakia, and oral submucous fibrosis are the primary conditions of oral cancer in betel nut/tobacco chewers. The oral microbiome has been identified to play an important role in the development of oral submucous fibrosis. Long-term use of betel nut, particularly tannic acid, has shown to inhibit the growth of commensal bacteria. Cigarette smoking has also shown to alter the abundance of common taxa in the oral microbiome (Lin et al., 2014; Wu et al., 2016).

A few oral microbes are also known to produce carcinogens/procarcinogens from tobacco-based products such as nitrosamine by Candida and acetaldehyde (procarcinogen) by Candida, Neisseria, and Streptococcus (Hooper et al., 2007; Hooper et al., 2009). The reaction of nitrite with alkaloids results in nitrosamines, where nitrate-reducing bacteria play a significant role by providing nitrite for conversion (Fisher et al., 2012). Taken together, it is apparent that there is a need to further explore the impact of tobacco consumption on the oral microbiome and its role in oral cancer through conversion of tobacco-based metabolites into carcinogens. In addition, the identification of metabolites produced in the oral cavity of both healthy, tobacco-consuming, and oral cancer patients also needs to be examined (Ursell et al., 2014; Wang et al., 2014). A few salivary biomarkers such as propionylcholine and acetylphenylalanine have been proposed to be used as a biomarker for the early detection and diagnosis of OSCC (Wang et al., 2014).

Although there has been a recent surge in global studies on oral microbiome, its dysbiosis, and its association with oral cancer and gut microbiome (Ahn et al., 2012; Shillitoe, 2018), only a limited number of studies have been reported from the developing countries (Acharya et al., 2017; Batool et al., 2020; Nolan-Kenney et al., 2020; Pandey et al., 2020; Rai et al., 2021). Importantly, it is much needed to decipher the dysbiosis in oral microbiome due to the consumption of smokeless-tobacco-based products and their association with oral cancer. With this key objective, we carried out the analysis of 196 oral microbiome samples from three different oral sites of 32 healthy and 34 oral squamous cell carcinoma (OSCC) patients from Bhopal that has the highest incidence of reported oral cancer cases in India. The results obtained in this study helped to reveal the smokeless-tobacco-associated microbial community in healthy and oral cancer patients.



Methods


Ethics Approval and Consent to Participate

The study was reviewed and approved by the Institute Ethics Committee (IEC) of Indian Institute of Science Education and Research (IISER) Bhopal, India. The recruitment of volunteers, sample collection, and other study-related procedures were performed by following the approved guidelines and protocols, and a written-informed consent was obtained from all the volunteers prior to any study-related procedures.



Subject Recruitment and Swab Sample Collection

The study cohort comprised of 66 subjects, which included 34 OSCC patients and 32 healthy individuals. The OSCC patients were recruited with the association of Navodaya Cancer Hospital and Bansal Hospital in Bhopal, India. Experienced oncologists at the hospitals carried out diagnosis of all the cases through biopsy and other standard diagnostic methods. Patients with only primary untreated OSCC (higher than stage III) who have not undergone treatments (i.e., radiotherapy/chemotherapy, surgery) were recruited as described in an earlier study (Sami et al., 2020). The healthy individuals did not have any history of OSCC and did not show the presence of any mucosal lesions. Individuals with any history of diabetes mellitus or immune-system-related diseases were excluded from the study. All the healthy subjects did not undergo any antibiotic treatment for 1 month prior to the sample collection. Other information about the individuals such as gender, age, and tobacco-consuming habits were recorded before the sample collection (Supplementary Table S1).

Swab samples were collected from three oral sites of both patients and healthy individuals, as described in an earlier study (Schmidt et al., 2014). A total of 198 swab samples were collected, 102 from the OSCC patients and 96 from the healthy individuals (Figure 1A). For the patients, the swab samples were collected from the cancer lesion site or tumor site (abbreviated as “T”), its anatomically matched contralateral normal buccal site (abbreviated as “B”), and dental plaque or biofilm (abbreviated as “D”). For the healthy individuals, swab samples were collected from the right (abbreviated as “R”) and left (abbreviated as “L”) buccal site and the dental plaque or biofilm (abbreviated as “D”). To collect samples from the tumor site, the lesion was dried by blotting with gauze and was stroked with a sterile cotton swab (Hi-Media Laboratories Ltd., Mumbai, India). The swab was stroked across the lesion 10 times, applying gentle downward pressure. It was then rotated to 180°, and the other side of the swab was stroked 10 times across the lesion in the same manner. Anatomically matched contralateral normal, dental, and buccal sites were sampled in the same manner. The swabs were placed into the collection tube, snap frozen immediately after collection, and were stored at −80°C until DNA extraction.




Figure 1 | Microbiome diversity in Healthy and OSCC samples. (A) Sampling sites of oral cavity considered in this study. For the healthy individuals, swab samples were collected from the right (abbreviated as “R”) and left (abbreviated as “L”) buccal site and the dental plaque or biofilm (abbreviated as “D”). For the OSCC patients, the swab samples were collected from the cancer lesion site or tumor site (abbreviated as “T”), its anatomically matched contralateral normal buccal site (abbreviated as “B”), and dental plaque or biofilm (abbreviated as “D”). (B) Number of samples used in this study. The healthy group consisted of 48 smokeless tobacco-consuming (TC-H) and 46 non-consuming (NTC-H) samples. The OSCC group consists of 72 smokeless-tobacco-consuming (TC-OSCC) and 30 non-consuming (NTC-OSCC) samples. (C) Principal coordinate analysis considering intersample Bray–Curtis distance between all 196 samples. Samples were tagged based on the health status. (D) Principal coordinate analysis considering intersample Bray–Curtis distance between 94 healthy samples. Samples were tagged based on the smokeless tobacco consumption status. (E) Principal coordinate analysis considering intersample Bray–Curtis distance between 94 healthy samples. Samples were tagged as left buccal site, right buccal site, and dental site. (F) Principal coordinate analysis considering intersample Bray–Curtis distance between 102 OSCC samples. Samples were tagged as tumor site, contralateral healthy site, and dental site. **p < 0.01; ns, not significant.





Metagenomic DNA Extraction From Swab Samples

Metagenomic DNA was extracted from the swab samples using DNeasy blood and tissue kit (Qiagen, MD, USA) as per the manufacturer’s instructions with minor modifications. The head from the swabs was cut and placed in 2-ml Eppendorf tubes containing 750 µl phosphate-buffered saline (PBS). The swabs were then vortexed at full speed for 2–3 min and removed/discarded after squeezing on the sides of the tube to recover maximum cells/sample. After this, 2 µl of lysozyme (15 mg/ml), 180 µl ATL buffer, and 20 µl Proteinase K was added to the tube and incubated at 56°C for 10 min after a brief vortexing. A total of 200 µl of 100% ice-chilled ethanol was then added to the sample and vortexed briefly. The remaining steps were performed as per the manufacturer’s instructions, and the extracted DNA was stored at −20°C. The DNA concentration was measured using Qubit ds DNA HS kit on a Qubit 2.0 fluorometer (Life Technologies, Carlsbad, CA, USA).



Sample Collection and Metagenomic DNA Extraction of Commercial Tobacco Products

The tobacco-product samples considered in this study for microbiome analysis were obtained from various commercially available tobacco products. Three samples each of commercially available tobacco sachets (T-GU, T-BL, and T-V1), cigarettes (CG-GF, CG-WNC, and CG-GL), and beedi (BD-SH, BD-M55, and BD-50) were collected to examine the abundance of microbial species. For metagenomic DNA extraction, 200 mg of tobacco from each commercial product was mixed with 10 µl lysozyme and 1 ml PBS in lysing matrix E tubes (MP Biomedicals LLC, CA, USA). The tubes were incubated at 37°C for 30 min, after which 10 µl of proteinase K (20 mg/ml) and 50 µl of 10% sodium dodecyl sulfate (SDS) was added to the tube and vortexed briefly. The tubes were then incubated at 55°C for 30 min, and then, bead beating was performed for 2 min at 4,800 rpm using a bead beater. The samples were then centrifuged at 10,000×g for 5 min, and the supernatant was collected in a 2-ml microcentrifuge tube. This step was repeated, and the supernatant collected was mixed with 500 µl of 100% ethanol. The solution was passed through a column (Qiagen Inc., Hilden, Germany), to which 500 µl of AW1 from DNeasy blood and tissue kit (Qiagen Inc., Hilden, Germany) was added, and the column was centrifuged at ≥6,000×g for 1 min. The flow-through was discarded, and 500 µl of AW2 was added and centrifuged at 14,000 rpm for 3 min. The flow-through was then discarded, and the column was again centrifuged at 14,000 rpm for 1 min to remove excess buffer. Elution buffer (10 mM tris at pH 8.5) was used to elute the DNA from the column. The DNA concentration was measured using Qubit ds DNA HS kit on a Qubit 2.0 fluorometer (Life Technologies, Carlsbad, CA, USA), and the extracted DNA was stored at −20°C until further procedures.



16S rRNA Gene Amplification and Sequencing

Equal concentration of metagenomic DNA (~5 ng) was used for PCR amplification of bacterial 16S rRNA gene V3 hypervariable region. The amplification was performed using Illumina Nextera XT adapter-ligated eubacterial V3 region-specific primers, 341F and 534R, with five different base modifications (Wang and Qian, 2009; Soergel et al., 2012). Nucleotide bases were incorporated in different numbers between the primer and adapter sequence to increase the overall sequence diversity of the samples, thereby improving the quality of the sequenced data. Bacterial DNA samples were divided into six groups and amplified using the six different primers. Primer sequences for amplification of bacterial 16S rRNA gene V3 region are as below (the base inclusions are marked in bold).

The underlined regions in all the primer sequences are the Illumina Nextera XT adapter overhangs, whereas the non-underlined regions are the primer sequences known to target V3 region of eubacterial 16S rRNA gene.

	1. 341F-ADA

5′ TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCCTACGGGAGGCAGCAG 3′

534R-ADA

5′ GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGATTACCGCGGCTGCTGGC 3′

	2. 341F_ADA_1B

5′ TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGTCCTACGGGAGGCAGCAG 3′

534R_ADA_1B

5′ GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGCATTACCGCGGCTGCTGGC 3′

	3. 341F_ADA_2B

5′ TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCTCCTACGGGAGGCAGCAG 3′

534R_ADA_2B

5′ GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGCTATTACCGCGGCTGCTGGC 3′

	4. 341F_ADA_3B

5′ TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCATCCTACGGGAGGCAGCAG 3′

534R_ADA_3B

5′ GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGACTATTACCGCGGCTGCTGGC 3′

	5. 341F_ADA_4B

5′ TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGTCATCCTACGGGAGGCAGCAG 3′

534R_ADA_4B

5′ GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGCTATATTACCGCGGCTGCTGGC 3′

	6. 341F_ADA_5B

5′ TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCTACTCCTACGGGAGGCAGCAG 3′

534R_ADA_5B

5′ GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGCATCTATTACCGCGGCTGCTGGC 3′



The optimized PCR conditions included the following: initial denaturation at 94°C for 5 min, followed by 35 cycles of denaturation at 94°C for 30 s, annealing at 69°C for 30 s, extension at 72°C for 30 s, and a final extension cycle at 72°C for 5 min. Paq5000 DNA polymerase (Agilent Technologies, Santa Clara, CA, USA) was used for amplification from swab samples, and 5% dimethyl sulfoxide (DMSO) was added to the reaction to improve the concentration of the amplified products from the metagenomic template.

After evaluating the amplified products on 2% w/v agarose gel, the products were purified using Ampure XP kit (Beckman Coulter, Brea, CA, USA). Amplicon libraries were prepared by following the Illumina 16S metagenomic library preparation guide. The libraries were evaluated on 2100 Bioanalyzer using DNA1000 kit (Agilent Technologies, Santa Clara, CA, USA) to estimate the library size. The libraries were further quantified on a Qubit 2.0 fluorometer using Qubit dsDNA HS kit (Life Technologies, USA) and by quantitative PCR (qPCR) using KAPA SYBR FAST qPCR Master mix and Illumina standards and primer premix (KAPA Biosystems, Wilmington, MA, USA), following the Illumina-suggested protocol. Libraries in equal concentrations were loaded on Illumina NextSeq 500 platform using NextSeq 500/550 v2 sequencing reagent kit (Illumina Inc., USA), and 150 bp paired-end sequencing was performed at the Next-Generation Sequencing (NGS) Facility, IISER Bhopal, India. Since we did not obtain successful PCR amplification in two samples, they were excluded out of the 198 samples. Therefore, a total of 196 swab samples (102 from OSCC patients and 94 from healthy individuals) were considered for further analysis.



16S rRNA Amplicon Analysis

The raw sequence data were subjected to ambiguity filtering and quality filtration using NGSQC toolkit (Patel and Jain, 2012), and the paired-end reads were assembled using FLASH (Magoč and Salzberg, 2011). A total of 74,255,974 (median = 759,600) high-quality V3 amplicon reads per sample were used for the analyses. Operational taxonomic unit (OTU) picking was carried out using QIIME v1.9 at 97% identity against the Greengenes database (v13_5, https://greengenes.secondgenome.com/). The reads that failed to cluster in closed reference OTU picking were clustered using de novo OTU picking. The representative sequences obtained from de novo OTU picking were aligned against the Greengenes database using BLAT, and the taxonomic assignment was performed using Lowest Common Ancestor (LCA) algorithm (Kent, 2002; DeSantis et al., 2006; Caporaso et al., 2010). SILVA database was also used to further validate the taxonomic assignment of the OTUs. The OTU count per sample was normalized by dividing it with total number of reads in the corresponding sample. The number of reads assigned to different taxonomic classes (mainly phylum, genus, and species) was calculated, and the taxonomic composition was evaluated for each sample. PICRUSt algorithm was employed to predict the bacterial functions in the healthy and OSCC groups (Langille et al., 2013).



Statistical Analyses of Amplicon Data

All statistical analyses were performed using R software. The α-diversity metrics (observed species, Shannon, Simpson, and Chao1) and β-diversity (unweighted UniFrac distance, weighted UniFrac distance, and Bray–Curtis distance) were calculated using QIIME on rarefied OTU counts at equal depths. The genus abundance tables were analyzed for the identification of discriminating genera using LEfSe (Segata et al., 2011) and Boruta (Kursa et al., 2010).



Saliva Collection, Preparation, and UPLC-MS

Sixteen saliva samples were collected for the metabolomic analysis using ultraperformance liquid chromatography–mass spectrometry (UPLC-MS), comprising of 11 samples from healthy individuals and five samples from OSCC patients (Supplementary Table S1). All the volunteers refrained from consuming tobacco, drinking, eating, or follow any oral hygiene procedures for at least 1 h prior to the sample collection and were asked to rinse their mouth with clean water. The saliva samples were collected between 9–11 a.m. by following the previously described protocol (Wang et al., 2014). Approximately, 3 ml of unstimulated whole saliva was collected from all the volunteers and was transported to the laboratory in liquid nitrogen. The samples were then centrifuged at 12,000 rpm for 20 min at 4°C to remove food remnants, insoluble materials, and cell debris. Supernatant was aliquoted to fresh tubes in equal amounts (400 µl) and frozen at −80°C until further procedures. For the metabolite extraction, the frozen saliva was thawed at room temperature. A mixture of acetonitrile/methanol (75:25 v/v, 800 µl) was added to the saliva (400 µl) in a 1.5-ml Eppendorf tube to precipitate proteins. After vortexing for 60 s, the mixture was incubated for 10 min at room temperature, and the samples were centrifuged at 12,000 rpm for 20 min at 4°C. The supernatant was filtered through syringe filters (0.22 µm) before the UPLC-MS analysis. LC-MS separation was performed on Bruker microTOF QII high-resolution mass spectrometer coupled to Waters Acquity UPLC system, on an C18 column (50 mm × 2.1 mm i.d., 1.7 mm, Waters, Milford, USA) at the central mass facility, IISER Bhopal.



UPLC-MS Data Pre-treatment and Analysis

UPLC-MS was used for the identification of metabolites from the oral cavity of healthy individuals and OSCC patients. MZMine2 (Pluskal et al., 2010) was used for the downstream analysis of the raw data. Peak detection was carried out by generation of mass lists (detected ions) for each scan followed by detection of chromatograms using the Chromatogram builder. After this, smoothing and separation of individual peaks in the chromatograms were performed using the Chromatogram deconvolution. The normalized peak intensities were used for further downstream analysis. Peak identification was carried out by searching the peaks against MetaCyc and KEGG metabolome databases using online database search in MZMine2. Normalized peak intensities for each m/z/RT group from all the samples were used for further analysis along with the metadata information.



Statistical Analysis of Metabolomic Data

Calculating cumulative abundances of peaks belonging to the same metabolites led to the identification of total 336 metabolites. To decipher the metabolic patterns, principal coordinate analysis was carried out based on Bray–Curtis distance matrices calculated using vegan and ape package in R. Significantly discriminating metabolites between healthy and OSCC patients were identified using random forest machine learning algorithm. The importance of each metabolite for their classification ability were accessed from the mean decrease in accuracy values. Selected top 30 metabolites (MDA>1) were used for building the heatmap in R. Association study between oral metabolome and microbiota was carried out with the abundance of microbial genera in each sample and their metabolomic profiles using “CCrepe” package in R.




Results

The cohort constructed in this study comprised of 66 subjects including 34 oral squamous cell carcinoma (OSCC) patients and 32 healthy individuals. We collected a total of 196 swab samples from three different oral sites of healthy and OSCC individuals. The healthy group consisted of 16 smokeless-tobacco-consuming (TC-H) and 16 non-consuming individuals (NTC-H) with age between 21 and 60 years (32.15 ± 9.19, mean ± Stdev), whereas 24 OSCC patients were smokeless tobacco consumers (TC-OSCC), and 10 were non-consumers (NTC-OSCC) with age ranged between 23 and 75 years (48.61 ± 12.76, mean ± Stdev) (Figures 1A, B; Supplementary Table S1). The V3 hypervariable region of bacterial 16S rRNA gene was sequenced and analyzed to compare the variations between the different groups including smokeless-tobacco-consuming and non-consuming healthy samples and OSCC samples.


Effect of Health Status, Smokeless Tobacco Consumption, and Sampling Sites on Oral Microbiome Composition

Different indexes (Shannon, Simpson, and Chao 1) were employed to estimate the α-diversity of the bacterial community in different groups of samples (Supplementary Figure S1). Alpha diversity analysis using Chao1 index revealed a significantly lower (p-value =3.02E−06) microbial diversity in the OSCC patients than healthy individuals (Supplementary Figure S1A). Smokeless-tobacco-consuming healthy samples were observed to have a higher intra-sample diversity (Shannon and Simpson index) than smokeless-tobacco-non-consuming samples (Supplementary Figure S1B). By contrast, smokeless-tobacco-non-consuming OSCC samples were observed to have a higher intra-sample diversity compared to smokeless-tobacco-consuming OSCC samples (Supplementary Figure S1C). Analysis focused on the sampling sites revealed that samples from dental plaque had higher intra-sample diversity (Shannon and Simpson index) than left and right buccal sites in healthy samples. Higher bacterial diversity is observed in healthy dental plaque compared to diseased samples (Supplementary Figure S1D).

Principal coordinate analysis (PCoA) based on Bray–Curtis inter-sample distance (PERMANOVA R2 = 0.0413, p-value = 0.001) and unweighted UniFrac – intersample distance (PERMANOVA, R2 = 0.0454, p-value = 0.001) matrices showed clear separation between healthy and OSCC samples (Figure 1C; Supplementary Figure S2A). Principle coordinate1 explained 20.5% variation in the data (Bray–Curtis distance-based analysis), and it significantly separated healthy and OSCC samples. Similarly, PCoA based on unweighted UniFrac distance revealed the significant separation (both PCo-1 and PCo-2) between healthy and OSCC samples (Supplementary Figure S2A). In Bray-Curtis distance-based PCoA of smokeless-tobacco-consuming and non-consuming healthy samples, PCo-1 explained 26% variation among healthy samples and significantly separated the two groups (PERMANOVA R2 = 0.0634, p-value = 0.001, Figure 1D). Similarly, unweighted UniFrac distance-based PCo revealed a significant separation between smokeless-tobacco- and non-consuming samples across PCo-2 (PERMANOVA, R2 = 0.03099, p-value = 0.001, Supplementary Figure S2B). No significant clustering was observed between smokeless-tobacco-consuming and non-consuming OSCC samples (Supplementary Figures S2D, E). Based on the sampling site of healthy subjects, dental samples showed separate cluster in both Bray–Curtis (PERMANOVA, R2 = 0.0674, p-value = 0.001, Figure 1E) and unweighted UniFrac distance (PERMANOVA, R2 = 0.0388, p-value = 0.001, Supplementary Figure S2C) analysis. Samples from left and right buccal site did not show any significant difference in inter-sample diversity (Supplementary Figure 2C). By contrast, OSCC samples showed clustering based on sampling sites. Samples from tumor site showed separate cluster in both Bray–Curtis (PERMANOVA, R2 = 0.0567, p-value = 0.001, Figure 1F) and unweighted UniFrac distance (PERMANOVA, R2 = 0.0374, p-value = 0.001, Supplementary Figure S2F) analysis.

To further assess the effect of various covariates on microbiome profiles, PERMANOVA was performed using Bray–Curtis distances (Supplementary Table S3). The Bray–Curtis distances showed significant association with health status, smokeless tobacco consumption, and site of sampling and does not show significant association with other covariates such as age, gender, smoking, and alcohol consumption (p > 0.001). Healthy samples (n=94, number of individuals = 32) showed significant association with smokeless tobacco consumption (p-value = 0.0002). These observations indicate smokeless tobacco consumption as one of the drivers of dysbiosis in healthy oral microbiome. It is also apparent that the oral health status has a substantial role in explaining inter-sample variation in oral microbiome. Notably, the oral microbiome composition in oral cancer patients was not driven by smokeless tobacco consumption status, whereas its variation was observed according to the sample site (tumor and contralateral healthy site).



Similarity in Oral Microbiome Composition of OSCC and Healthy Smokeless-Tobacco-Consuming Samples

Since the microbial population structure in soft and hard tissues show substantial differences, we analyzed the microbiome composition in soft tissues (buccal sites) separately. Analysis based on average inter-sample Bray–Curtis distance of buccal samples from healthy smokeless tobacco non-consumers with other groups showed that microbiome composition in htumor site was significantly different from healthy buccal sites of smokeless tobacco non-consumers (Figure 2A). Interestingly, the average inter-sample distance between healthy smokeless-tobacco consumers and non-consumers, and healthy smokeless tobacco non-consumers and OSCC (contralateral to tumor site) patients were similar (Figure 2A). Average inter-sample Bray–Curtis distance in each group was also evaluated (Figure 2B), and microbiome in OSCC tumor site showed higher inter-sample distance compared to all other groups (Kruskal–Wallis test, p < 0.01). In addition, no significant difference in average Bray–Curtis inter-sample distance was observed between samples from healthy smokeless tobacco consumers and OSCC buccal (contralateral healthy) sites. Principal Coordinate Analysis of buccal samples of these four groups indicated a clear separation between samples from tumor site of OSCC patients and healthy smokeless tobacco non-consumers (Figure 2C). Interestingly, higher overlap was observed between samples from contralateral to tumor site and healthy smokeless tobacco consumers (Figure 2C). Similarly, dental samples also showed a comparable average inter-sample distance in healthy smokeless tobacco consumers and OSCC patients (Figure 2D). These observations indicate a probable deterministic shift of healthy oral microbiome to a more dispersed microbial community composition in smokeless-tobacco-consuming individuals that showed similarity with the community composition in OSCC buccal site.




Figure 2 | Analysis based on average intersample Bray–Curtis distance of samples from buccal and dental sites. (A) Comparison between intersample Bray–Curtis distance of oral microbiome (buccal site) of healthy smokeless tobacco non-consumers from healthy smokeless tobacco consumers, tumor site (T-site) of OSCC patients, and contralateral healthy site (B-site) of OSCC patients. (B) Intersample Bray–Curtis distance of oral microbiome from buccal site of healthy smokeless tobacco non-consumers, healthy smokeless tobacco consumers, tumor site (T-site) of OSCC patients, and contralateral healthy site (B-site) of OSCC patients. (C) Principal coordinate analysis considering intersample Bray–Curtis distance between buccal samples of healthy smokeless tobacco non-consumers, healthy smokeless tobacco-consumers, tumor site (T-site) of OSCC patients, and contralateral healthy site (B-site) of OSCC patients. (D) Comparison between intersample Bray–Curtis distance of dental microbiome of healthy smokeless tobacco non-consumers from healthy smokeless tobacco consumers and OSCC patients. **p < 0.01; ***p < 0.001; ns, not significant.





Differential Abundance of Bacteroidetes and Firmicutes in Smokeless-Tobacco-Consuming and Non-consuming Healthy Samples

Several previous oral microbiome studies have concluded that a healthy oral cavity harbors a plethora of microorganisms broadly belonging to six significant phyla, namely, Firmicutes, Bacteroidetes, Proteobacteria, Actinobacteria, Spirochaetes, and Fusobacteria. The presence of these phyla in Indian oral microbiome reaffirms the presence of core phyla in oral microbiome (Supplementary Figure S3A). Significantly discriminating phyla between the healthy and OSCC samples were identified using Boruta and LEfSe (Kursa et al., 2010) (see Methods). The analysis revealed that phylum Firmicutes, the highest abundant phylum in oral microbiome, is significantly higher in the healthy samples than in OSCC samples (FDR-corrected p = 0.00006, Figure 3A). Boruta and LEfSe also identified Fusobacteria and Proteobacteria with a similar trend but were not significant based on Wilcoxon rank-sum test, whereas Bacteroides showed a significantly lower abundance in the healthy group (FDR-corrected p = 9.077e−07, Figure 3A). Bacteroidetes and Firmicutes showed a similar trend in the healthy oral samples based on smokeless tobacco consumption status. Bacteroides (FDR-corrected p = 0.0004), Proteobacteria (FDR-corrected p = 0.0007), and Fusobacteria (FDR-corrected p-value = 0.0090) are differentially abundant in smokeless-tobacco-consuming healthy samples, and Firmicutes (FDR-corrected p = 1.24E-05) are differentially abundant in non-consuming healthy samples (Figures 3B and Supplementary Figure 4A). Phylum level variation in different sampling sites of OSCC showed a higher abundance of Bacteroidetes (FDR-corrected p = 0.0002) and Fusobacteria (FDR-corrected p = 0.0007) in tumor site compared to contralateral healthy sites. Actinobacteria (FDR-corrected p = 0.0012) showed a reverse trend in aforementioned sample sites (Figure 3C and Supplementary Figure 4A). A similar pattern of variation of Bacteroidetes and Fusobacteria in healthy and OSCC samples reemphasize the possible deterministic shift of healthy oral microbiome to a distinct composition when subjected to an environmental stress which was smokeless tobacco consumption in this case.




Figure 3 | Differentially abundant bacterial phyla and core microbiome (genus level) of healthy and OSCC samples. (A) Differentially abundant bacterial phyla in healthy and OSCC samples identified using Boruta. All 196 samples were considered for this analysis. (B) Differentially abundant bacterial phyla in smokeless-tobacco-consuming and non-consuming healthy samples identified using Boruta. All 94 healthy samples were considered for this analysis. (C) Differentially abundant bacterial phyla in the tumor site and contralateral healthy site of OSCC samples identified using Boruta. All 102 OSCC samples were considered for this analysis. (D) Relative abundance of core genera with >1% abundance in healthy and OSCC samples (n=196). The significance levels were indicated based on Wilcoxon rank-sum test. (E) Relative abundance of core genera with >1% abundance in healthy smokeless-tobacco-consuming and non-consuming samples (n=94). The significance levels were indicated based on Wilcoxon rank-sum test. (F) Relative abundance of core genera with >1% abundance in the tumor site and contralateral healthy site of OSCC samples (n=102). The significance levels were indicated based on Wilcoxon rank-sum test.





Higher Abundance of Streptococcus in Smokeless-Tobacco-Non-consuming Healthy Samples and Contralateral Healthy Site of OSCC Samples

A core microbiome analysis was performed considering genera with >1% abundance in all healthy and OSCC (100%) samples. Considering all 196 samples, Streptococcus, Rothia, Granulicatella, Gamella, and Veilonella constitute the core genera in the Indian cohort. Among these, Granulicatella and Veilonella were observed to be significantly lower in the healthy samples compared to the OSCC samples, whereas Streptococcus showed an opposite trend (Figure 3D; Supplementary Table 4). The core healthy oral microbiome in an Indian cohort (94 samples) comprised of Streptococcus, Rothia, Gemella, Veillonella, and Granulicatella. Boruta and LEfSe analysis revealed nine significantly discriminating genera based on smokeless tobacco consumption in healthy samples (Supplementary Figures S5A, B). Streptococcus was highly abundant in smokeless-tobacco non-consuming healthy samples compared to smokeless-tobacco-consuming healthy samples (Wilcoxon rank-sum test, p = 0.001). Gemella and Haemophilus were also having similar trends among healthy samples (Wilcoxon rank-sum test, p = 0.01 and 0.05, respectively). Prevotella, Porphyromonas, Leptotrichia, and Fusobacterium showed reverse trend among healthy samples (Figure 3E).

Out of 102 OSCC samples, Porphyromonas, Actinomyces, Prevotella, Rothia, Capnocytophaga, Granulicatella, Gemella, Streptococcus, Veillonella, Selenomonas, Fusobacterium, Neisseria, Campylobacter and Haemophilus were present among core OSCC oral microbiome in Indian cohort. Seven genera among them were significantly discriminating based on sampling site (tumor and contralateral healthy site). Interestingly, Streptococcus is highly abundant in the contralateral healthy site compared to tumor site (Wilcoxon rank-sum test, p = 0.001). On the other hand, Staphylococcus, Capnocytophaga, Fusobacterium, and Campylobacter were showing an opposite trend (Figure 3F). LEfSe analysis also revealed the differential abundance of Capnocytophaga, Fusobacterium and Campylobacter in tumor site using both Greengenes and SILVA databases (Supplementary Figures S5C, D; S6). Considering the higher abundance of Streptococcus in healthy subjects, smokeless-tobacco-non-consuming healthy samples and contralateral healthy site of OSCC subjects, Streptococcus appears as a marker in healthy oral site in the Indian cohort.



Differentially Abundant Genera in Healthy and OSCC Oral Microbiome and Their Comparison With Taxonomic Composition of Tobacco Products

As per the observations from beta diversity analysis, four major groups of samples (healthy smokeless-tobacco-non-consuming, healthy smokeless-tobacco-consuming, OSCC tumor site and OSCC contralateral buccal site) were considered for further analysis. LEfSe and Boruta were used to identify the differentially enriched genera in all the groups. Analysis of differentially abundant genera in healthy and OSCC buccal sites showed significantly higher abundance of Capnocytophaga, Prevotella, Selenomonas, Pseudomonas, Veillonella Peptostreptococcus, Bulleidia, Eikenella and Paludibacter in the OSCC patients using LEfSe. Among these, Capnocytophaga, Peptostreptococcus, Bulleidia, Eikenella, and Paludibacter were also confirmed to be the most discriminatory by Boruta (Figure 4A). Several genera including Streptococcus, Staphylococcus, Propionibacterium, Corynebacterium, Actinobacillus, Lautropia, Acinetobacter, Mitsuokella, Faecalibacterium, Agrococcus, Cardiobacterium, Tannerella, Methylobacterium, and Paracoccus showed enrichment in the healthy individuals in both LEfSe and Boruta analysis (Supplementary Figure S7).




Figure 4 | Differentially abundant genera in healthy and OSCC oral microbiome. (A) Differentially abundant genera in healthy and OSCC samples and corresponding linear discriminant analysis (LDA) score using LEfSe. The discriminating genera reported by the analysis using Boruta were highlighted in blue color. (B) Differentially abundant genera in the tumor site and contralateral healthy buccal site of OSCC samples and corresponding LDA score using LEfSe. The discriminating genera reported by the analysis using Boruta were highlighted in blue color. (C) Differentially abundant genera in smokeless-tobacco-consuming and non-consuming healthy samples and corresponding LDA score using LEfSe. The discriminating genera reported by the analysis using Boruta were highlighted in blue color.



Differentially abundant genera in tumor site compared to contralateral healthy buccal sites were also explored to analyze the microbial composition at tumor site. Capnocytophaga, Selenomonas, Fusobacterium, Prevotella, Catonella, Peptostreptococcus, Parvimonas, Campylobacter, Bulleidia, Propionobacterium, Eikenella, etc. were differentially abundant in tumor site compared to contralateral healthy site (Figure 4B). Most of these genera are already shown to be abundant in OSCC compared to healthy buccal site (Supplementary Figures S7, S8).

The effect of smokeless tobacco consumption in oral microbiome composition was also investigated by identifying differentially abundant genera in oral buccal site of smokeless-tobacco-consuming and non-consuming healthy individuals. As mentioned earlier, Streptococcus is one of the genera that showed significantly higher abundance in smokeless tobacco non-consumers that was identified by both LEfSe and Boruta analysis. In addition, Staphylococcus, Gemella, Salmonella, Amycolaptosis, and Shingopyxis were also differentially abundant in smokeless tobacco non-consumers (Figure 4C). Burkholderia, Prevotella, Neisseria, Capnocytophaga, Leptotrichia, Campylobacter, Proteus, Alloscardovia, Filifacter, Cardiobacterium, Cellvibrio, Catonella, Bacteroides, Akkermansia, Sphaerochaeta, Fusibacter, Lachnobacterium, Megamonas, Mycoplasma, and Bilophila were differentially abundant in smokeless-tobacco-consuming healthy individuals (Supplementary Figure S9). Differentially abundant genera in dental samples were also analysed separately and showed similar microbiome composition as found in buccal site of healthy and OSCC samples (Supplementary Figures S10, S11).

We also examined the microbiome associated with tobacco products and the microbiome in different groups of oral sample sites (healthy buccal site, OSCC buccal site, TC-H, NTC-H, OSCC-T-site, OSCC-B-site). Interestingly, most of the genera present in tobacco products were found to overlap (in terms of presence and absence) with differentially abundant genera of OSCC buccal site (compared to healthy buccal controls), smokeless-tobacco-consuming healthy buccal site (compared to tobacco non-consumers), and OSCC tumor site (compared to contralateral healthy buccal site of OSCC samples) (Supplementary Figure S12A). Twenty out of 22 (90.9%) differentially abundant genera in OSCC buccal site were found to be present among the top 50 genera in tobacco products, whereas only 12 out of 38 (31.57%) differentially abundant genera in the healthy buccal site were present among the top 50 genera in tobacco products. Furthermore, we examined the relative abundance of the above genera in tobacco products. Capnocytophaga, Prevotella, Selenomonas, Actinomyces, Veillonella, Peptostreptococcus, Granulicatella, Campylobacter, Pseudomonas, and Catonella were among the top 10 genera in tobacco products that were also among the differentially abundant genera in OSCC buccal site (Supplementary Figure S12C). Streptococcus was highly abundant (between 0.25 to 0.32) in tobacco products. Comparatively higher abundance of Corynebacterium in “T-GU” was also observed. The remaining six genera were below the relative abundance criteria of 0.05 (Supplementary Figure S12B).



Differentially Abundant Species

The hypervariable regions in 16S rRNA gene such as the V3 region is capable of identifying the genera, although it has limitations to adequately discriminate between species (Ranjan et al., 2016). However, we attempted the species identification using both Greengenes and SILVA databases. Analysis based on Greengenes database resulted in assignment of ~30% OTUs to species level, and analysis using SILVA database reported most of the OTUs as unclassified species (assignment till genus level). Species level analysis using LEfSe and Boruta indicated that Rothia musilaginosa, Veillonella dispar, Prevotella melaninogenica, and Streptococcus infantis are differentially abundant core oral species (present in all oral samples) (Figures 5A, B).




Figure 5 | Differentially abundant species. (A) Relative abundance of core microbial species in smokeless-tobacco-consuming and non-consuming healthy samples, and tumor site and contralateral healthy buccal site of OSCC samples. The significance levels were indicated based on Wilcoxon rank-sum test. Species indicated by black filled dots are discriminating core microbial species identified by Boruta. (B) Differentially abundant core microbial species in smokeless-tobacco-consuming and non-consuming healthy samples, and tumor site and contralateral healthy buccal site of OSCC samples. LDA score using LEfSe was also indicated in this figure. **p < 0.01; ***p < 0.001.



The species level analysis indicated that V. dispar is significantly enriched in OSCC patients (Figure 5A). It is also differentially abundant in healthy smokeless tobacco consumers and tumor site of OSCC patients compared to their respective controls. Evidence from previous studies showed that V. dispar was able to distinguish current smokers and never smokers with the highest performance using the random forest classifier (Sato et al., 2020), which indicates the possibility of considering it as a marker species for smokeless tobacco consumption/OSCC. Our analysis in oral microbiome found significant difference of Rothia mucilaginosa between healthy and OSCC buccal samples in terms of relative abundance (higher abundance in OSCC) by Boruta (Figure 5A). In addition, it was found to be highly abundant in smokeless-tobacco-consuming healthy samples compared to non-consumers and highly abundant in contralateral healthy buccal site of OSCC samples compared to tumor site. Thus, these two marker species can help in early diagnosis of oral microbiome dysbiosis in healthy and OSCC samples.



Are These Marker Genera Universal?

We have carefully chosen a publicly available oral microbiome dataset of OSCC patients similar to the sampling site, sample collection procedure, and sequencing platform used in our study (Zhao et al., 2017). Out of the 80 oral microbiome samples from OSCC patients (V4–V5 region of 16S rRNA gene) from this study, 40 were collected from OSCC tumor site and 40 from anatomically opposite healthy buccal site. Our objective to carry out this analysis was to check if the marker genera found in our study are universally the same. Initial PCoA analysis based on unweighted-UniFrac distance revealed a clear separation of samples between Indian and Chinese datasets (Figure 6A). These distinct clustering may be attributed to different environment, dietary pattern, and also possibly due to the different regions of 16S rRNA used for the analysis. Core microbiome analysis of this dataset indicated Prevotella as the most abundant oral genus and was also differentially abundant in the tumor site compared to that in the healthy buccal site. Streptococcus was differentially abundant in the healthy site, and Fusobacterium was dominant at the tumor site (Figure 6B). Fusobacterium, Capnocytophaga, Selenomonas, Prevotella, Peptostreptococcus, Parvimonas, Campylobacter, and Mycoplasma were dominant in the tumor site of both Indian and Chinese cohort (Figure 6C).




Figure 6 | Comparative analysis of Indian and Chinese oral microbiome of OSCC samples. (A) Principal coordinate analysis of Indian and Chinese OSCC samples based on intersample unweighted-UniFrac distance. (B) Relative abundance of core-oral microbiome (genus level) in Chinese samples. The significance levels were indicated based on Wilcoxon rank-sum test. (C) Differentially abundant microbial genera in the tumor site and healthy site of OSCC samples. LDA score using LEfSe were also indicated in this figure.





Correlation Between Microbial Genera and Metabolic Pathways in Oral Microbiome

Co-occurrence of genera in healthy (both smokeless-tobacco-consuming and non-consuming) and OSCC samples (both T-site and B-site) were examined separately. All significant positive correlations >0.5 were used for this analysis. In smokeless-tobacco-consuming healthy samples, there were strong intercorrelations between Prevotella, Selenomonas, Leptotrichia, Capnocytophaga, Catonella, Neisseria, Campylobacter, and Fusobacterium (Supplementary Tables 5, 6). Interestingly, they were differentially abundant in OSCC and in smokeless-tobacco-consuming healthy samples. Intercorrelation between aforementioned genera was lesser in smokeless-tobacco-consuming healthy samples. The correlation landscape changed drastically in OSCC samples with lesser number of genera and connections. Metabolic pathways identified based on PICRUSt analysis that were differentially abundant in healthy and OSCC samples were also examined. Lipopolysaccharide (LPS) biosynthesis pathway was positively correlated with the differentially abundant genera in OSCC samples. Carbohydrate metabolism and xylene degradation were positively correlated with Streptococcus, Staphylococcus, and Agrococcus that were differentially abundant in healthy oral microbiome, whereas strong negative correlation was observed with Prevotella, Capnocytophaga, and Eikenella that were differentially abundant in OSCC and smokeless-tobacco-consuming healthy samples. Pores and ion channels, D-glutamine and D-glutamate metabolism, and amino-acid-related enzymes showed positive correlation with Capnocytophaga and Eikenella (Supplementary Figure S13A). A similar pattern was found in correlation of metabolic pathways with TC-H and NTC-H samples (Supplementary Figure S13B, Supplementary Table S7).



Metabolomic Analysis

UPLC-MS-based analysis of oral metabolome of healthy and OSCC samples exhibit clear separation in principle coordinate analysis (Supplementary Figure S14A). Sphinganine, Nedocromil sodium, Estrane, Procainamide, 1-Nitrosonaphthalene, Tolmetin, glutamine, histidine, Azelaic acid, etc. were positively associated with OSCC samples (Supplementary Figures S14B, C; Supplementary Text). Dihydrosphingosine (sphinganine) was found to be associated with OSCC samples and smokeless-tobacco-consuming healthy samples. We have also calculated the Spearman correlation between the abundance of microbial genera and the metabolome of each group of samples and did not observe any significant correlation between them. The probable reason behind this observation can be the small sample size used for metabolome analysis.




Discussion

Oral cancer is highly prevalent in South Asian countries including India, Bangladesh, Sri Lanka, and Pakistan and is the third most common and fifth leading cause of cancer-associated deaths in this region (Ranganathan et al., 2004; Ferlay et al., 2015; Amarasinghe et al., 2018). The use of tobacco, areca nut (Sinor et al., 1990; Murti et al., 1995), and betel quid (Hernandez et al., 2017), which are the major ingredients of gutkha and pan masala, have been known for their strong inflammatory and carcinogenic effects on humans. At the clinical level, the association between oral inflammation and induction of oral cancer has been well established (Feller et al., 2013; Niklander, 2021). However, an alteration in microflora or selective growth of certain species or strains also plays a crucial role in carcinogenicity (Irfan et al., 2020). The role of microbiome in the development of oral cancer can be explained by bacterial simulation, pathogenesis, and production of potential carcinogens. (Zhang et al., 2018; Karpiński, 2019).

Therefore, the key focus of this study was to decipher the dysbiosis in the oral microflora of healthy and OSCC patients (94 healthy and 102 OSCC samples) due to the consumption of smokeless-tobacco-based products. This study revealed the smokeless-tobacco-associated metagenomic community using an unbiased approach to capture site-specific differences in the oral microbiome composition. Inclusion of both smokeless-tobacco-consuming and non-consuming individuals in comparable proportions and independent analysis of the microbiome of tobacco products contributed to elucidate the role of tobacco consumption in the oral microbiome composition.

Higher richness and diversity were observed in the oral microbiome of healthy samples compared to OSCC samples. Interestingly, healthy smokeless tobacco consumers showed higher species richness and evenness compared to non-consumers. A similar observation was reported in a study conducted in a Middle Eastern population consuming Middle Eastern tobacco products like dokha and shisha (Vallès et al., 2018). Another study also reported that microbiome in smokers exhibit a significantly higher Shannon diversity index than that in non-smokers (Mason et al., 2015). Health status, smokeless tobacco consumption, and sampling site were significantly associated with intersample variation, and in particular, the health status was found to be the major driving force of oral microbiome variation compared to the other covariates. Intersample variation in healthy oral microbiome was significantly associated with smokeless tobacco consumption status, whereas no significant association of smokeless tobacco consumption was observed in oral cancer samples. Intersample variation of OSCC oral microbiome was significantly associated with site of sampling, i.e., tumor site or buccal site far distant from the tumor site.

The beta-diversity was observed to be the lowest in healthy smokeless tobacco non-consumers and the highest in oral tumor site of OSCC samples, whereas the healthy smokeless tobacco consumers and the contralateral buccal site of OSCC samples showed intermediate values. In addition, a remarkable similarity between healthy smokeless tobacco consumers’ samples and the contralateral buccal site of OSCC samples was observed based on intersample distances in both buccal and dental microbiome. Furthermore, principal coordinate analysis suggest a clear transition of oral microbiome from healthy smokeless tobacco non-consumers to OSCC oral tumor site samples with healthy smokeless tobacco consumers samples, and the contralateral buccal site of OSCC samples showed intermediate values with a significant overlap. These observations align well with the concept of “Anna Karenina principle” for animal microbiomes (Zaneveld et al., 2017), which refer to a more variable microbial community composition in dysbiotic individuals compared to healthy individuals. These observations indicate a deterministic shift of healthy oral microbiome during environmental stress conditions, like tobacco consumption, to a more dispersed microbial community composition in tobacco consuming individuals that is similar to the microbiome associated with OSCC buccal site (Figure 7).




Figure 7 | Schematic representation of the design and outcome of this study.



Analysis of differentially abundant microbial phyla in these four groups of samples revealed a significantly higher abundance of Bacteroidetes and Fusobacteria in the tumor site of OSCC samples compared to the contralateral healthy site, which can be interpreted as an inflammation-associated change in microbiome composition (Li and Ma, 2020). Significantly higher abundance of Bacteroidetes in OSCC samples compared to healthy samples supported this explanation. Interestingly, significantly higher abundance of Bacteroidetes and Fusobacteria in healthy smokeless tobacco consumers compared to non-consumers confirmed that the change in healthy oral microbiome due to smokeless tobacco consumption is comparable to inflammation-associated microbiome. In addition, depletion of Firmicutes in OSCC samples compared to healthy samples and smokeless-tobacco-consuming healthy samples compared to non-consuming healthy samples reaffirmed the resemblance of oral microbiome of healthy smokeless tobacco consumers with inflammation-associated oral microbiome. A significantly higher abundance of Prevotella, Capnocytophaga, Leptotrichia, Fusobacterium, etc. was revealed in smokeless-tobacco-consuming healthy samples and tumor site of OSCC samples. Similar observations in comparative analysis using OSCC oral microbiome samples from the Chinese dataset indicated that significantly higher abundance of the above-mentioned genera can be considered as potential microbiome markers for inflammation-associated microbiome. Earlier studies identified Fusobacteria to be metabolically hyperactive in the oral community of OSCC patients (Yost et al., 2018), echoing the previous findings in colorectal cancer (Castellarin et al., 2012; Kostic et al., 2012). Association of several Prevotella species such as Prevotella intermedia and Prevotella nigrescens with oral inflammations like periodontitis has been reported (Mättö et al., 1997; Deng et al., 2017). Apparently, smokeless tobacco consumption creates a microenvironment that selects for a large and specific group of microorganisms. Positive association of LPS biosynthesis pathways-related proteins with differentially abundant genera in OSCC and smokeless-tobacco-consuming healthy samples further confirms the differential abundance of Gram-negative marker genera in OSCC microbiomes. Previous reports established that smokers showed higher abundances of anaerobes and lower levels of aerobes when compared with non-smokers, and a similar trend was observed in OSCC samples compared to that in healthy samples (Mason et al., 2015). This change in microbiome composition could be one of the mechanisms by which smokeless tobacco consumption increases the risk for oral cancer. In summary, the similarity in oral microbiome composition of healthy smokeless tobacco consumers and OSCC tumor site indicates a possible role of tobacco consumption in transition of healthy oral microbiome to an inflammation-associated microbiome.

Arecoline, a component of areca nut, has been shown to induce several pro-carcinogenic changes, including the production of nitrosamines and reactive oxygen species (Moutasim et al., 2011), and increased expression of inflammatory cytokines, including tumor necrosis factor-α, interleukin-6, interleukin-8, and interleukin-1-β (Chang et al., 2009). Additionally, nitrosamines derived from betel quid and tobacco mediating oxidation of thiol group of antioxidants such as glutathione-S-transferase, superoxide dismutase (SOD), glutathione reductase, glutathione peroxidase (GPx), and catalase (CAT) were reported (Shiu and Chen, 2004) to induce changes in oral microbiome communities contributing to oral carcinogenesis (Lee et al., 2017; Yang et al., 2018). Although the carcinogenic properties of betel nut and other tobacco product components has been known, the microbiome composition of tobacco products was required to be analyzed along with a comparison of oral microbiome of healthy and OSCC samples, which was performed in this study. The analysis revealed that Capnocytophaga, Prevotella, Selenomonas, Actinomyces, Veillonella, Peptostreptococcus, Granulicatella, Campylobacter, Pseudomonas, and Catonella were among the top 10 genera in tobacco products, and these were differentially abundant in OSCC samples. These results provide leads for further studies to understand the role of microbiome composition of tobacco products in altering the oral microbiome.

Another interesting observation from this study is the role of Streptococcus genus as a marker of healthy oral microbiome. Significantly higher abundance of Streptococcus was observed in healthy individuals compared to OSCC samples, non-consumers of smokeless tobacco compared to smokeless tobacco consumers among healthy samples, and contralateral healthy site compared to tumor site in OSCC samples. Streptococci are among the early colonizers of oral microbiome with diverse acidogenic and aciduric properties (Zhu et al., 2018). Previous reports of significant elevation or reduction in the relative abundance of common oral bacteria including Streptococcus in betel nut chewers are consistent with our study (Aas et al., 2005; Bik et al., 2010). Lower abundance of Streptococcus genera in smokeless tobacco consumers observed in this study can be explained by the antibacterial properties of betel nut/tobacco components. Analysis of differentially abundant species indicated significantly higher abundance of S. infantis in smokeless tobacco non-consumers compared to that in smokeless tobacco consumers and contralateral buccal site of OSCC samples compared to that in the OSCC tumor site. The growth of common Streptococcus species, in particular Streptococcus intermedius, Streptococcus anguinis, and Streptococcus mutans from saliva are shown to be suppressed by prolonged exposure to the aqueous extracts of betel nut such as tannic acid (De Miranda et al., 1996). In murine models, an anaerobic streptococcal species, Streptococcus anginosus, is shown to induce the synthesis of inflammatory cytokines and NO (Sasaki et al., 2001) signifying potential mechanisms of carcinogenesis. Since previous studies showed association of different Streptococcus species with healthy and inflammation conditions, more detailed species/strain level analysis is required to capture species level differences.

Using the V3 hypervariable region of 16S rRNA genes, only ~30% species-level annotation could be achieved that showed R. mucilaginosa, P. melaninogenica, and V. dispar to be differentially abundant in OSCC samples compared to that in healthy samples. Previous studies have reported the association of P. melaninogenica with oral cancer (Mager et al., 2005). UPLC-MS-based analysis of oral metabolome of healthy and OSCC samples showed several metabolites that were positively associated with OSCC samples. In particular, dihydrosphingosine (sphinganine) was found to be associated with OSCC samples and smokeless-tobacco-consuming healthy samples. The observed lack of correlation between the abundance of microbial genera and the metabolome of each group of samples was perhaps due to the small sample size used for the metabolome analysis, and more insights may emerge from the analysis of larger cohorts.

In summary, this study provides the initial insights on the smokeless-tobacco-associated oral microbiome and oral cancer. This study emphasizes that the oral microbiome of healthy individuals is significantly affected by smokeless tobacco consumption. A possible role of smokeless tobacco consumption in transition of healthy oral microbiome to inflammation-associated oral microbiome was apparent with a deterministic shift of oral microbiome composition in healthy to OSCC samples with intermediate overlap between tobacco consuming healthy and contralateral buccal site of OSCC samples. This aligns well with the concept of “Anna Karenina principle” for animal microbiomes (Zaneveld et al., 2017), which refers to a more variable microbial community composition in dysbiotic individuals compared to healthy individuals—paralleling Leo Tolstoy’s dictum that “all happy families look alike; each unhappy family is unhappy in its own way” (Zaneveld et al., 2017). Significantly higher abundance of Streptococcus emerged as a marker for the healthy oral microbiome, which was also supported by comparative analysis of other OSCC microbiome cohorts. Taken together, the abundance of marker genera in healthy and inflammation-associated oral microbiomes reaffirms the potential impact of smokeless tobacco consumption in the dysbiosis of oral microbiome (Figure 7).

However, the present amplicon-based study was performed on a limited number of samples from an important geographical region. Therefore, large-scale and longitudinal metagenomic studies on cohorts from different geographical regions are much needed to understand the underlying mechanisms of microbiome-associated dysbiosis and carcinogenicity. To harness the potential of oral microbiome in developing novel diagnostic and therapeutic methods for oral cancer caused by tobacco consumption, in-depth studies combining metagenomic, transcriptomic, and metabolomic approaches will be highly relevant for countries including India and other South Asian countries that show a large prevalence of oral cancer cases plausibly due to the excessive consumption of smokeless tobacco products.
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Supplementary Figure 1 | Alpha-diversity analysis of healthy and OSCC oral microbiome considering the smokeless tobacco consumption status and sampling sites. (A) Box plots representing alpha-diversity of healthy and OSCC samples (n=196) based on Shannon, Simpson and Chao indexes. (B) Box plots representing alpha-diversity of smokeless tobacco consuming and non-consuming healthy samples (n=94) based on Shannon, Simpson and Chao indexes. (C) Box plots representing alpha-diversity of smokeless tobacco consuming and non-consuming OSCC samples (n=102) based on Shannon, Simpson and Chao indexes. (D) Box plots representing alpha-diversity of left-, right- buccal samples and dental samples in healthy (n=94) individuals based on Shannon, Simpson and Chao indexes. (E) Box plots representing alpha-diversity of samples from tumour site, contralateral healthy site and dental sites in OSCC (n=102) patients based on Shannon, Simpson and Chao indexes.

Supplementary Figure 2 | Inter-sample diversity (beta-diversity) analysis of healthy and OSCC oral microbiome considering the smokeless tobacco consumption status and sampling sites. (A) Principal Coordinate Analysis of healthy and OSCC oral microbiome (n=196) based on inter-sample unweighted-unifrac distance. (B) Principal Coordinate Analysis of smokeless tobacco consuming and non-consuming healthy oral microbiome (n=94) based on inter-sample unweighted-unifrac distance. (C) Principal Coordinate Analysis of healthy oral microbiome (n=94) of left-, right- buccal sites and dental sites based on inter-sample unweighted-unifrac distance. (D) Principal Coordinate Analysis of smokeless tobacco consuming and non-consuming OSCC oral microbiome (n=102) based on inter-sample unweighted-unifrac distance. (E) Principal Coordinate Analysis of smokeless tobacco consuming and non-consuming OSCC oral microbiome (n=102) based on inter-sample Bray-Curtis distance. (F) Principal Coordinate Analysis of oral microbiome of tumour site, contralateral healthy site and dental site of OSCC (n=102) samples based on inter-sample unweighted-unifrac distance.

Supplementary Figure 3 | Relative abundance of bacterial phyla and genera in healthy and OSCC oral microbiome. (A) Relative abundance of bacterial phyla in healthy and OSCC oral microbiome (n=196). (B) Relative abundance of bacterial genera in healthy oral microbiome (n=94). (C) Relative abundance of bacterial genera in OSCC oral microbiome (n=102).

Supplementary Figure 4 | Comparison of relative abundance of bacterial phyla and genera in smokeless tobacco consuming and non-consuming healthy samples. (A) Relative abundance of bacterial phyla in smokeless tobacco consuming and non-consuming healthy oral microbiome (n=94). (B) Relative abundance of bacterial genera in smokeless tobacco consuming and non-consuming healthy oral microbiome (n=94).

Supplementary Figure 5 | Differentially abundant genera in healthy and OSCC samples considering smokeless tobacco consumption status and sampling sites into account. (A) Core genera that are differentially abundant in smokeless tobacco-consuming and non-consuming healthy oral microbiome. Corresponding LDA score for each genus reported by LEfSe were indicated in the figures. Taxonomic annotation of OTUs were carried out using Greengenes database. (B) Core genera that are differentially abundant in smokeless tobacco-consuming and non-consuming healthy oral microbiome. Corresponding LDA score for each genus reported by LEfSe were indicated in the figures. Taxonomic annotation of OTUs were carried out using SILVA database. (C) Core genera that are differentially abundant in tumour site and contralateral healthy buccal site of OSCC microbiome. Corresponding LDA score for each genus reported by LEfSe were indicated in the figures. Taxonomic annotation of OTUs were carried out using Greengenes database. (D) Core genera that are differentially abundant in tumour site and contralateral healthy buccal site of OSCC microbiome. Corresponding LDA score for each genus reported by LEfSe were indicated in the figures. Taxonomic annotation of OTUs were carried out using SILVA database. (E) Relative abundance of core-genera (annotated using SILVA) in smokeless tobacco consuming and non-consuming healthy samples. (F) Relative abundance of core-genera (annotated using SILVA) in tumour site and contralateral healthy site of OSCC samples.

Supplementary Figure 6 | Relative abundance of bacterial phyla and genera in OSCC microbiome. (A) Relative abundance of bacterial phyla in dental site, tumour site and contralateral healthy site. (B) Relative abundance of bacterial genera in dental site, tumour site and contralateral healthy site.

Supplementary Figure 7 | Differentially abundant bacterial genera in healthy and OSCC buccal site. (A, B) Relative abundance of differentially abundant bacterial genera in OSCC and healthy buccal site. These genera were identified using LEfSe and Boruta.

Supplementary Figure 8 | Differentially abundant bacterial genera in tumour site and contralateral healthy buccal site of OSCC samples. (A, B) Relative abundance of differentially abundant bacterial genera in tumour site and contralateral healthy site of OSCC samples. These genera were identified using LEfSe and Boruta.

Supplementary Figure 9 | Differentially abundant bacterial genera in smokeless tobacco-consuming and non-consuming healthy samples. (A, B) Relative abundance of differentially abundant bacterial genera in healthy oral microbiome of smokeless tobacco consumers and non-consumers. These genera were identified using LEfSe and Boruta.

Supplementary Figure 10 | Differentially abundant bacterial genera in dental sites of healthy and OSCC samples. (A) Genera that are differentially abundant in smokeless tobacco-consuming and non-consuming healthy dental microbiome. Corresponding LDA score for each genus reported by LEfSe were indicated in the figures. (B) Genera that are differentially abundant in smokeless tobacco non-consuming healthy dental microbiome and OSCC dental microbiome. Corresponding LDA score for each genus reported by LEfSe were indicated in the figures.

Supplementary Figure 11 | Relative abundance of differentially abundant bacterial genera in healthy dental samples considering their smokeless tobacco consumption status. (A, B) Relative abundance of differentially abundant bacterial genera in dental microbiome of healthy smokeless tobacco-consuming and non-consuming samples. These genera were identified using LEfSe and Boruta.

Supplementary Figure 12 | Analysis of microbiome composition in tobacco-product samples. (A) Examining the presence/absence of differentially abundant genera in smokeless tobacco consumers and non-consumers of healthy samples, tumour site and contralateral healthy buccal site of OSCC samples and top 50 core genera in tobacco products. (B) Relative abundance of genera differentially abundant in healthy buccal sites in tobacco products. (C) Relative abundance of genera differentially abundant in OSCC buccal sites in tobacco products.

Supplementary Figure 13 | Correlation analysis of differentially abundant genera and pathways in healthy and OSCC samples. (A) Heatmap indicating the significant correlation (Spearman) between differentially abundant genera and pathways in healthy and OSCC samples. (B) Network plot indicating the significant correlation (Spearman) between differentially abundant genera and pathways in smokeless tobacco-consuming and non-consuming healthy samples.

Supplementary Figure 14 | Metabolome Analysis. Metabolomic analysis of Healthy and OSCC samples. Due to limited number (four) of samples from the healthy smokeless tobacco-consuming group, the metabolomic differences due to smokeless tobacco consumption were difficult to conclude and hence, are not shown here. (A) Principal Coordinate Analysis based on the Bray-Curtis distance between healthy and OSCC samples (B) Heatmap representing the association (Spearman) between metabolites and oral metabolome samples. (C) Mean decrease in accuracy of each metabolites calculated based on RandomForest analysis.

Supplementary Table 1 | Metadata of all healthy and OSCC samples considered for this analysis.

Supplementary Table 2 | Number of sequenced reads per sample from each healthy and OSCC sample considered for analysis after quality filtration.

Supplementary Table 3 | Evaluation of the effect of covariates in the microbiome composition. The table indicates results of PERMANOVA analysis performed using Bray-Curtis distances between samples and different covariates.

Supplementary Table 4 | Core microbial genera in oral microbiome based on their presence in all samples (100%), 95% samples, 90% samples samples.

Supplementary Table 5 | Correlation (Spearman) between genera in healthy (both TC-H and NTC-H) samples.

Supplementary Table 6 | Correlation (Spearman) between genera in OSCC samples (both T-site and B-site).

Supplementary Table 7 | Correlation (Spearman) between differentially abundant genera and pathways in healthy and OSCC samples.
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Several strains of lactic acid bacteria are potent probiotics and can cure a variety of diseases using different modes of actions. These bacteria produce antimicrobial peptides, bacteriocins, which inhibit or kill generally closely related bacterial strains and other pathogenic bacteria such as Listeria, Clostridium, and Salmonella. Bacteriocins are cationic peptides that kill the target cells by pore formation and the dissipation of cytosolic contents, leading to cell death. Bacteriocins are also known to modulate native microbiota and host immunity, affecting several health-promoting functions of the host. In this review, we have discussed the ability of bacteriocin-producing probiotic lactic acid bacteria in the modulation of gut microbiota correcting dysbiosis and treatment/maintenance of a few important human disorders such as chronic infections, inflammatory bowel diseases, obesity, and cancer.




Keywords: probiotics, bacteriocins, dysbiosis, gut microbiota, modulation, immunity



Introduction

Gut microbiota is crucial in maintaining the host defense system and homoeostasis, protecting against pathogens, and strengthening the gut integrity. The majority of gut bacteria belong to Bacteroidetes (e.g., Porphyromonas, Prevotella), Firmicutes (e.g., Enterococcus, Lactobacillus, Streptococcus, Ruminococcus, Clostridium), Actinobacteria (e.g., Bifidobacteria), and Proteobacteria (e.g., Escherichia coli) (Zhang et al., 2015). The perturbation in the commensal gut microbial flora causes dysbiosis, which happens due to several factors like imbalanced diet, infection, or the use of antibiotics, which can cause a long-term shift in the gut commensal microflora, promoting a large number of deadly diseases (Lange et al., 2016). There are several diseases associated with the dysbiosis of intestinal microbiota such as viral infections, inflammatory bowel disease (IBD), Crohn’s disease (CD), colorectal cancer, and obesity (Kim et al., 2019). Dysbiosis results in the development of diseases related to immune deregulation such as allergy and autoimmune and inflammatory disorders (D’amelio and Sassi, 2017). The colonization of gut by bacteriocin-producing probiotic strains inhibits the adhesion of pathogen to intestinal epithelial cells through competition, clearing niche, and spatial segregation (Heilbronner et al., 2021). Probiotics are living microorganisms that, upon ingestion in an adequate amount, provides a health benefit to a host by improving the intestinal microflora (Binda et al., 2020). Bacteriocins are antimicrobial peptides produced by these bacteria that generally inhibit/kill pathogenic bacteria in the gut and change the composition of gut microbiota in animal models such as mice, pigs, and chickens (Gillor et al., 2008; Yang et al., 2014). The mode of action of bacteriocins is different from antibiotics, which kill the target cells by pore formation and membrane disruption. Moreover, bacteriocins, being ribosomally synthesized proteins, are degraded by proteolytic enzymes, and therefore, the pathogens are not able to develop resistance in the gut (Epand et al., 2016; Umu et al., 2017). Further, bacteriocins have a simpler biosynthetic mechanism and are easy to increase their activity against target microorganisms with the help of bioengineering as compared to conventional antibiotics. In addition, a higher specific activity against multidrug-resistant pathogens offers advantages for their applications in therapeutics (Perez et al., 2014). Therefore, the use of bacteriocins and/or bacteriocin-producing probiotics is a novel approach for the treatment of several diseases including enteric infections and the restoration of health-promoting microbial community (Fong et al., 2020).



Lactic Acid Bacteria

Probiotic lactic acid bacteria (LAB) are a nonpathogenic heterogeneous group of catalase-negative, Gram-positive, non-sporulating bacteria. They produce lactic acid as a main product from glucose and several growth-inhibiting substances like bacteriocins, bacteriocin-like inhibitory substances (BLISs), hydrogen peroxide, diacetyls, and carbon dioxide. These bacteria need complex nutritional substances for growth such as amino acids, peptides, nucleotide bases, vitamins, fatty acids, and carbohydrates (Mokoena, 2017). They are found in dairy products, fermented meats, fishes, beverages, pickled vegetables, and cereals and in the cavities of human and animals. Important genera include Lactococcus, Enterococcus, Streptococcus, Pediococcus, Aerococcus, Alliococcus, Carnobacterium, Dolosigranulum, Oenococcus, Tetragenococcus, Vagococcus, Weissella, and Lactobacillus being the largest genus (Bintsis, 2018).

Lactobacilli are the most common probiotics found in humans and other animals. The major species of lactobacilli found in the gut are L. gasseri, L. crispatus, Limnosilactobacillus reuteri, Ligilactobacillus salivarius, and L. ruminis (Walter, 2008; Zheng et al., 2020). A metagenomic analysis suggests that therapy using a combination of different species of Bifidobacterium and Lactobacillus remarkably changes the composition of intestine microbiota in mice (Azad et al., 2018). Other than LAB, Bifidobacterium is considered as the first gut-colonizing microbe that exerts health benefits to the host (O’Callaghan and Sinderen, 2016). In breastfeeding infants, the species of Bifidobacterium are present in a wide range that gradually change with age. B. longum, B. bifidum, and B. breve are generally dominant in the gut of infants, whereas B. catenulatum, B. adolescents, and B. longum are present in adults. They may be used as remedy for the treatment/maintenance of various gastrointestinal (GI) diseases and restrict the deleterious microorganisms, enhance the GI fence, and inhibit proinflammatory cytokines (Xue et al., 2017).

Bacteria other than LAB also dominate the gut and play crucial functions. For example, harmless E. coli Nissle, found in the gut, is a widely utilized probiotics used for the balance of intestine microbiota. It has been revealed that it can restore the production of human β-defensin 2 that could save an intestinal hurdle in opposition to the adherence and capture by pathogenic E. coli (Schlee et al., 2007; Liu et al., 2017). Thus, LAB are a major component of gut microbiota that play an important role in maintaining the balance of the total microbial community.



Bacteriocins

Bacteriocins are multifunctional, antimicrobial peptides produced by different bacteria that act at low concentrations and generally inhibit the growth of closely related species (narrow spectrum), but recent findings also suggest the occurrence of broad-spectrum bacteriocins (Chi and Holo, 2018; Goyal et al., 2018). Bacteriocin-producing cells are resistant to these antimicrobial peptides due to the presence of immunity proteins on the cell membrane of the producer bacteria. Nisin, a bacteriocin produced by several strains of Lactococcus lactis, has received GRAS (generally regarded as safe) status by the American Food and Drug Administration (FDA) and is generally used in food safety (Negash and Tsehai, 2020). According to Zacharof and Lovitt (2012), bacteriocins have been classified into three classes on the basis of biochemical and genetic characteristics: class I bacteriocins are lantibiotics with molecular weight < 5 kDa; they are posttranslationally modified, leading to the formation of methyllanthionine and lanthionine. Class II bacteriocins are non-lantibiotics with molecular weight <10 kDa, non-modified, heat stable, and further divided into three subclasses: class IIa peptide with anti-listerial activities such as pediocinPA1/AcH from Pediococcus species contain the N-terminal conserve sequence YGNGVXC (Nishei et al., 2012); class IIb consists of two peptide bacteriocins such as lactococcin G from L. lactis; in Class IIc, N- and C-terminals are linked by peptide bond forming cyclic bacteriocins, e.g., enterocin AS-48 (Van Belkum et al., 2011). Class III consists of heat-stable and large-sized bacteriocins with molecular weight > 30 kDa, e.g., enterolysin and helviticin (Yang et al., 2014).

Bacteriocins are effective against various human infectious diseases due to their efficacy against several pathogens. For example, pneumonia, meningitis, and sepsis caused by Streptococcus pneumonia can be treated with nisin (Goldstein et al., 1998). The cyclic bacteriocin griselimycin was able to cure tuberculosis in mice (Kling et al., 2015). It has been reported that a few bacteriocins such as pediocin PA-1 and lactocin AL705 show anticancer and anti-inflammatory activities (Huang et al., 2021). For example, nisin inhibits the proliferation of cancer cells by the formation of ion channels on the cell membrane, releasing lactate dehydrogenase, increasing the number of reactive oxygen species, and obstructing the mitochondrial respiration of cancer cells. It was also reported that nisin, in combination with cancer drugs, shows synergistic activity in the clearance of a tumor (Preet et al., 2015). Bacteriocins increase the anti-inflammatory cytokine level and decrease the pro-inflammatory cytokine level by various signaling pathways such as mitogen-activated protein kinase and Toll-like receptor (Sassone-Corsi et al., 2016). Thus, bacteriocins are important probiotic metabolites of LAB that can be used for different health-promoting activities of the host.



Bacteriocin-Producing Lactic Acid Bacteria

There are sufficient studies describing the effect of bacteriocin-producing LAB on changing gut microbiota in animals and humans (Yang et al., 2014; Hernandez-Gonzalez et al., 2021). For example, bacteriocin Abp118, produced by L. salivarius UCC118 isolated from the terminal ileum of a human intestine, shows antilisterial activity in the gut of murine and porcine (Riboult-Bisson et al., 2012). There is change in fecal bacteria community in humans caused by L. plantarum P-8, which is due to the production of plantaricin (Kwok et al., 2015). In another study, intraperitoneally injected nisin F produced by L. lactis ssp. lactis F10 showed a stabilizing effect on bacterial community in the gut of mice (Umu et al., 2017). Another bacteriocin, thuricin CD composed of two peptides, Trnα and Trnβ, is secreted by Bacillus thuringiensis DPC6431, which kills a wide range of C. difficile isolates without affecting commensal microbiota in a distal colon model (Rea et al., 2010).

Bacteriocin-producing LAB are effective against infections caused by foodborne pathogens like Listeria monocytogenes and several enterococci present in human intestine (Harris et al., 1989; Millete et al., 2008). Pediococcus acidilactici UL5 produces pediocin PA-1, which showed anti-listerial activity in a mouse model without affecting the native intestinal microflora (Dabour et al., 2009). The administration of enterocin CRL35 produced by E. mundtii CRL35 in pregnant mice inhibited the transfer of L. monocytogenes to vital organs (Salvucci et al., 2012). Plantaricin PJ4 produced by L. helveticus PJ4 isolated from the gut of rat showed potent results in reducing weight in obese mice (Bai et al., 2020). Similarly, plantaricin EF produced by L. plantarum NCMIB8826 shows a beneficial effect in diet- induced obese mice (Heeney et al., 2019). The immunomodulatory and immunostimulatory effects of nisin (in the form of commercial preparation)-containing diet was evaluated and increased the CD4 and CD8 T lymphocytes and reduced the B-lymphocyte cell count (Pablo et al., 1999). In another in vivo study, a reduction in the colonization of vancomycin-resistant enterococci (VRE) in the intestine of the mice model was reported by administering the bacteriocin producer, L. lactis MM19 and P. acidilactici MM33 isolated from the fecal sample of a human (Millete et al., 2008). When rats were administered S. aureus K followed by treatment with nisin F intranasally, immunosuppressed rats showed pneumonia symptoms that had not been administered with nisin F, while the rats colonized by S. aureus K and treated with nisin F showed a healthy trachea and lungs (De Kwaadsteniet et al., 2009).

Umu et al. (2016) demonstrated the effect of bacteriocin-producing LAB and their isogenic mutants on the modulation of gut microbiota. The bacteriocins used in this study were sakacin A, pediocin PA-1, enterocin P, Q, and L50. They demonstrated that the oral administration of a bacteriocin producer does not change the overall structure, but some beneficial changes occur at a lower taxonomic level in the mice gut, whereas some changes were reversed back after treatment. It was interesting to know that the isogenic mutant of respective strains did not cause such changes, suggesting the role of bacteriocin in the modulation of microbiota (Umu et al., 2016). Oral administration of probiotics such as Lacticaseibacillus casei, L. acidophilus, L. plantarum, and Streptococcus thermophiles in a dose-dependent manner enhanced the number of Ig-A- and Ig-G-producing cells (Azad et al., 2018). The administration of nisin Z and pediocin AcH reduced the colonization of the pathogen when given 8 days prior to infection with vancomycin-resistant Enterococcus (Millette et al., 2008). There is alteration in the composition of gut microbiota when administered with a combination of probiotics, e.g., L. ramnosus, L. acidophilus, and B. bifidum, in mice fed with a high-fat diet (Azad et al., 2018). Thus, there is enough evidence suggesting the role of bacteriocin-producing probiotic LAB in modulating gut microbiota and maintaining host health. Bacteriocin-producing LAB used for the treatment of several diseases are mentioned in Table 1.


Table 1 | Bacteriocin-producing lactic acid bacteria involved in the modulation of gut microbiota and treatment/maintenance of different diseases.





Gut Microbiota and Immune Modulation

The mucosal immune system protects GI tract from evading pathogens. Mucosa associated lymphoid tissue, epithelial layer and lamina propria are the main parts of the immune system. L. fermentum, L. crispatus, and L. gasseri are known to interact with dendritic, enterocytes and Treg cells in human GI tract and adaptive immunity is activated to release pro- and anti-inflammatory cytokines (Azad et al., 2018). There is modulation in an innate and adaptive immune system by the antigenic fragments of probiotic strains as they are capable to enter into the intestinal epithelial cells and M cells of Peyer’s patches. Cytokines such as interleukin (IL), tumor necrosis factor (TNF), and interferon (IFN) regulate the innate immune system. Similarly, differentiation of CD8+ T-lymphocyte cells into cytotoxic T-lymphocytes kills the virus-infected cells and activates natural killer cells and macrophages, destroying pathogens (Singh and Rao, 2021).

It was reported that fermentation products of the probiotic Bifidobacterium breve C-50 trigger the maturation of dendritic cells and promote the survival of dendritic cells (DCs) and IL-10, which show an anti-inflammatory response. Prolonged survival of DC is caused by increased levels of antiapoptotic protein; BCL-xl triggers PBK/Akt phosphorylation, causing maturation by elevating the effect of CD86 and CD83 maturation markers (Hoaru et al., 2006). DC protects feasible gut microflora and dispatches microorganisms to “mesenteric lymph nodes” and results in the production of IgA antibodies to defend the opposition of mucosal invasion (Macpherson and Uhr, 2004; Macpherson et al., 2005). The differentiation of naive T cells into different types of cell lines like TH-17, TH-2, TH-1, CD8+ repressor, and regulatory T cell depends upon the interaction of DC with specific pattern recognition factors. A study states that cytophage-bacteroides required for development of TH17 cells in lamina propria, which, in turn, maintains the balance between regulatory T-cell populations and TH-17 (Foligne et al., 2007; Delcenserie et al., 2008; Zeuthen et al., 2008). Evidence proved that when germ-free mice were colonized with Bacteroides fragilis NCTC9343, an immense restoration was observed in the number of CD4+ CD45Rb T-cell populations. This restoration was caused by B. fragilis polysaccharide A (Mazmanian et al., 2008). Interestingly, it was observed that mutant strain lacking this polysaccharide A failed to restore the number of CD+ CD45Rb T-cell populations. In a model of colitis, when L. paracasei was administered intragastrically, it rendered a protective effect by reducing the severity of diseases and delaying their progression (Mileti et al., 2009). It was observed that naïve T cells acquired suppressor functions when DC was treated with any one of these probiotics: Streptococcus thermophilus DN-001 621, Bacteroides adolescentesis DN-150 017, and Bifidobacterium animalis DN173 016. The suppressive effect was caused by the decrease in the proliferation of differentiated T cells and IFNγ production by CD4+ effector T cells (Baba et al., 2008). Nisin showed an immunomodulatory effect in the mice model, resulting in an increase in CD4+ and CD8 T lymphocytes, with decreased B lymphocytes and its administration for a long duration might balance the level of B and T lymphocytes. Nisin Z was effective in modulating the innate immune response by lowering the level of proinflammatory cytokines in human peripheral blood mononuclear cells (PBNCs). It can be used in periodontal disease in which there is an initial burst of neutrophils and in its later stages, B- and T-cell-related immune response was shown by the immune system (Shin et al., 2016).



Gut Microbiota and Gut–Brain Axis

Gut microbes generally secrete amino acids that interact with the ganglion cells (Dinan and Cryan, 2017) in response to the central nervous system (CNS) pattern of chemical messengers (Sanders et al., 2011; Briguglio et al., 2018). Various passages of interaction in the middle of the intestine and CNS have been studied (Dinan and Cryan, 2017). The vagus nerve performs a relationship in the middle of the intestine and spinal cord, which is terminated in the brain stem nuclei and is tactile to deviating fibers (Bonaz et al,. 2018),. Thus, the brain stem nuclei may influence numerous bowel roles and convey gestures to more CNS zones, such as the midbrain along with the cerebral cortex (Wang and Wang, 2016). An interchange in the middle of intestine and CNS can also take place through systemic blood flow (Gibson and Mehler, 2019).

The microbiota–gut–brain axis can be noticed as a web with various functions, where midway and sideways, the immune and endocrine systems take part into duplex transmission (Borre et al., 2014). Initially, microbes are capable to substitute, combine, and break neurotransmitters along with transmodulators, like acetate, propionate, butyrate histamine, other pyrimidines, and glutathione (Dinan and Cryan, 2017). These substances act as a neurotransmitter in the brain and stabilize the neuronic venture. However, there is a need of a detailed study to show the direct effect (Angelucci et al., 2019). Furthermore, the gut microbiota produce other proteins that are the deleterious substitute of CNS, being robust irritant cytokines and inborn response activator B cells in the host (Alam et al., 2017). Thus, native microbiota can influence the microbiota–gut–brain axis through antibody-mediated nervous and endocrine systems along with various pathways (Gibson and Mehler, 2019). The outcome to these neural changes in the brain can guide to destruction, hypertension, and other coherent diseases (Saunders et al., 2002; Galland, 2014; Johnson and Foster, 2018; Angelucci et al., 2019). Alteration in the gut microbiota is connected to several neurological disorders (Cox and Weiner, 2018), which involve not only hypertension and stress (Nagpal et al., 2018) but also neurodegenerative diseases (Quigley, 2017) and refractory epilepsy (Braakman and Van Ingen, 2018).

Till date, there is no direct evidence available suggesting the role of bacteriocins or bacteriocin-producing LAB in the gut–brain axis. However, gut microbiota may be modulated with producer strains and may indirectly influence the gut–brain axis. In an in silico study, the beneficial effects of nisin on neurotransmitter, aquaporin, and commensal gut microbiota were analyzed using high-throughput sequencing, which provided the relationship between the gut microbiota and the neurochemicals used in the gut–brain axis. Nisin showed the highest expression of norepinephrine in the brain as compared to the control group and ciprofloxacin-treated group. Further, it was found that mice treated with nisin showed an increased level of Lactobacillus, Bacteroides, and Bifidobacterium and decrease in pathogenic E. coli and enterococci in the cecum sample. Thus, there is a strong relation between nisin, gut bacterial flora, and reduction in stress triggered by E. coli in the mice model (Jia et al., 2018).



Bacteriocin-Producing Lactic Acid Bacteria and Their Role in Diseases

Alteration in the normal microbiota of gut causes several chronic diseases, like joint pain, immune-related diseases, metabolic disorders, liver diseases, and various GI diseases (Carding et al., 2015). Bacteriocins may play a role in shaping the host microbiota and indirectly play an important role in correcting dysbiosis and the improvement of host health. Here, we have discussed a few important diseases that occur during the dysbiosis of the gut and their possible cure using bacteriocin-producing probiotic lactic acid bacteria. For clarity, a diagrammatic presentation of the same is depicted in Figure 1.




Figure 1 | Bacteriocin-producing probiotic lactic acid bacteria showing several potential functions: (1) inhibition of pathogens, (2) colonization of probiotic bacteria by competitive exclusion, (3) activation of macrophages, natural killer (NK) cells further interact with cancer cells causing apoptosis, (4) immunomodulation, (5) gut–brain axis balancing the gut microbiota, (6) antiobesity activity by reducing the adipose tissue (created in BioRender).




Colonic Infections

Bacteriocins and/or the bacteriocin-producing strains of LAB are documented for the inhibition of several foodborne and clinical pathogens causing severe infections. Most of the LAB bacteriocins are pore formers and interact with the cell membrane to kill the target bacteria through the dissipation of membrane potential and ATP efflux, leading to cell death. Thus, the bacteriocins of LAB may serve as an alternative to clinical antibiotics and can be applied to treat bacterial infections (Pérez-Ramos et al., 2021; Sheoran and Tiwari, 2021; Li et al., 2022).

Clostridium difficile is the main causative bacterium for colonic infection. Using an ex vivo model, it was found that purified nisin was selectively able to deplete C. difficile in a fecal microbial environment without affecting native gut microbiota. The other pathogenic bacteria are E. coli, Salmonella typhi, Campylobacter jejuni, Shigella, and Yersinia enterocolitica (Papaconstantinou and Thomas, 2007). Such infections were found to be minimized by increasing the population of commensal probiotic L. acidophilus (Yun et al., 2014). The combination of lactocin and a chelating agent, ethylenediamine tetraacetic acid, was found effective against E. coli (Belfiore et al., 2007). L. salivarius NRRLB produces the bacteriocin OR-7, which is active against an enteric pathogen, C. jejuni, in the human GI tract (Ilinskaya et al., 2017). Enterocin P inhibits Staphylococcus, Clostridium, L. monocytogenes, Enterococcus faecium, and E. faecalis (De Kwaadsteniet et al., 2006). The inhibitory effect of the bacteriocin-producer L. casei against E. coli and L. monocytogenes was found in the mice model (Soltani et al., 2021). Kimchicin GJ7 produced by L. citreum GJ7 inhibited S. typhi in vitro (Chang and Chang, 2011). Bacteriocin BM1829 produced by L. crustorum MN047 inhibited E. coli, S. typhi, and S. aureus by arresting the cell cycle at the G1/S checkpoint or destructing the membrane integrity (Yan et al., 2021).

During the ongoing pandemic, viral infections have caused severe diseases and mortality. There are many antiviral agents proposed and tested that have recently been proven successful in treating such infections. However, these therapies showed toxicity and were not able to reduce the symptoms completely. Therefore, it is important to find a safe alternative for the treatment of viral infections (Lehtoranta et al., 2020; Villena et al., 2020). Probiotic LAB exert their antiviral effect by direct interaction with viruses, producing bacteriocins, or enhancing the innate immunity of the host (Al Kassaa et al., 2014; Tiwari et al., 2020). Bacteriocins show antiviral activity against a number of viruses by blocking the synthesis of glycoprotein in the late stage of virus replication (Huang et al., 2021). Acute gastroenteritis is mainly caused by rotavirus, norovirus, and adenovirus in children below 5 years of age. Rotavirus is a double-stranded RNA-lacking envelope that causes the destruction of epithelial cell lining in infants, causing diarrhea (Li et al., 2021). Lacticaseibacillus rhamnosus GG suppresses human rotavirus and induced autophagy in the intestine of piglets by lowering the amount of autophagy proteins, p-mTor, and VPS34-positive cells, Beclin 1 and ATG16L1. L. rhamnosus GG also increases the level of p53 proteins and induces the apoptosis of infected intestinal cells (Wu et al., 2013).

A few enzymatic reactions important for viral infection are inhibited by bacteriocin or bacteriocin-like substances (Salman et al., 2020). It was observed that oral administration of nisin increases the level of CD4+ and CD8+ T lymphocytes and reduces the B cells in mice (Dey et al., 2021). Enterocin CRL35 produced by Enterococcus faecium CRL35 inhibits the replication of the herpes simplex virus, which causes gut-related ulcerative diseases in humans (Wachsman et al., 1999). Erwiniaocin NA4 produced by Erwinia carotovora NA4 kills the coliphage HSA, and enterocin NKR-5-3C produced by Enterococcus faecium NKR-5-3 shows antagonistic activity against HSV type 1 (Dey et al., 2021). Nisin and sakacin A are effective against the non-enveloped murine norovirus, and bacteriocin ST5Ha produced by Enterococcus faecium ST5Ha shows antiviral activity against the herpes simplex virus (Todorov et al., 2010; Lange-stark et al., 2014). Norovirus is an enteric virus with non-enveloped, single-stranded RNA, which belongs to the family Calciviridae. There is an increase in the number of proteobacteria and a decrease in Bacteroidetes in a norovirus-infected person. The direct binding of norovirus to fecal isolated proteobacteria indicates the modulation of gut microbiota. Further, the attachment of P-particles present on the virus to epithelial cells can be inhibited by L. casei BL23 (Salman et al., 2020). This evidence suggests that bacteriocins and/or the bacteriocin-producing strains of LAB have a potential in preventing the viral infection (Cavicchioli et al., 2018) and therefore, further research is essential to find out the exact mechanism of action before application in therapeutics.



Inflammatory Bowel Disease

IBD is a long-term erythrogenic disease of the gastrointestinal tract that comprises ulcerative colitis (UC) and CD (Bjarnason et al., 2019). The etiology of IBD is not determined yet. It is generally aggravated by improper diet, the disruption of microbiota, and depression. However, a few intestinal microorganisms such as E. coli, C. concisus, and Mycobacterium avium are also involved in the pathophysiology of the IBD (Ryma et al., 2021). UC and CD illnesses have constant provocative states of etiology with various components including genetic susceptibility, hereditary inclination, ecological triggers, changes in the immune system, and an unusual response of gut microbiota. In these diseases, microbial imbalance occurs in a patient, which is characterized by dysbiosis (Sidhu and Vander Poorten, 2017). Fecal microbiota transplant is a potential treatment for IBD, but its success rate is low (Colman and Rubin, 2014). The efficacy of Lactobacillus GG as an adjuvant has been studied in maintaining the remission in CD patients (Scaldaferri et al., 2013). Probiotics seem to be effective and well tolerated by IBD patients, but the role of bacteriocin and its mechanism is still unknown (Ryma et al., 2021).

The microbiota of patients related to IBD is distinct from healthy individuals (Shadnoush et al., 2015). It was observed that the number of Firmicutes like Faecalibacterium prausnitzi, which is one of the most abundant gut bacteria, and Bacteroidetes decreased and Proteobacteria and Actinobacteria were increased during IBD. Thus, it is necessary to stabilize the gut microbiota to overcome such diseases where bacteriocin-producing probiotics can play a significant role by promoting the growth of healthy microbiota (Furrie et al., 2005), although a study has shown that probiotic supplementation in IBD is favorable for the cure of ulcerative colitis but not CD (Bjarnason et al., 2019). Alterations in the gut microbiota cause a defect in the mucus layer that increases the intestinal permeability to pathogens and triggers an immune response, causing intestinal inflammation (Michielan, and D’Incà, 2015). Bacteriocin can maintain the integrity of gut epithelium by directly inhibiting/killing the pathogen or can act as a colonizing peptide promoting LAB to occupy niches in the intestine. L. reuteri is a commensal bacterium of gut secretion reuterin, which inhibits several enteropathogens such as yeast, fungi, protozoa, and viruses and promotes the growth of beneficial Gram-positive bacteria (Liu et al., 2020). It was found that probiotics and their metabolites such as short-chain fatty acids play an important role in intestinal dysbiosis and the immunopathogenesis of IBD (Ryma et al., 2021). In a recent study, it was reported that the bacteriocin-producing strains of L. casei, L. plantarum, L. rhamnosus, and L. acidophilus isolated from breast milk competed with intestinal pathogens, reduced the human colorectal adenocarcinoma cell line (HT-29), lowered cholesterol levels, and improved IBD in the mice model (Abdi et al., 2021).



Colorectal Cancer

Colorectal cancer affects the rectum and colon of the large intestine with major symptoms of bloody stool and reduced body weight. It depends on various factors such as diet, lifestyle, and aging (Center et al., 2009). The efficacy of potent LAB was demonstrated through prominent clinical investigation and animal model experiments (Krebs, 2016). The study on the mice model provides evidence that Bifidobacterium with bacteriocin-producing probiotic combination reduces the chances of colorectal cancer (O’Callaghan and Sinderen, 2016). L. acidophilus alone or in combination was found to boost the immunity against colorectal cancer (Zhong et al., 2014). Probiotic bacteria secrete numerous substances with anticancer activity including bacteriocins, toxins, and enzymes. Nisin A produced by L. lactis inhibits tumor cell growth and changes the membrane integrity of liver hepatocellular carcinoma (HepG2). Nisin forms pores in the cell membrane and induces apoptosis through an intrinsic pathway and also acts as an antimetastatic agent by lowering the proliferation of melanoma cells (Norouzi et al., 2018). In addition, pediocin produced by P. acidolactici K2a2-3 inhibits the proliferation of human colon adenocarcinoma cells (HT29) (Soleimanpour et al., 2020).

The in vitro effect of colicin E7 produced by E. coli on the HT-29 cell line was evaluated for the expression of p53, and bcl-2 shows a decrease in bcl-2 and increase in p53 gene expression (Taherikalani and Ghafourian, 2021). Microcin causes cell membrane depolarization, the fragmentation of DNA, release of phosphatidylserine, and caspase activity (Baindara et al., 2018). In an in vitro study, pediocin produced by Pediococcus acidilactici K2a2-3 shows an anticancer activity on HT-29 and DLD-1 cell lines in a dose-dependent manner (Kaur and Kaur, 2015). This evidence suggests the role of bacteriocin either directly or indirectly for the cure of colorectal cancer.



Obesity

Obesity is a metabolic disorder closely related to dysbiosis in the gut microbiota. Probiotics are helpful in modulating the gut microbiota to combat such disorders. The gut microbiota are involved in balancing energy intake and satiety through gut peptide signaling or altering the nervous system. The balance of the regulatory signaling peptide is altered if there is a change in gut microbiota. Hence, obesity can be cured by restoring the gut microbiota. There is change in the ratio of Firmicutes/Bacteroidetes in obese people (Mazloom et al., 2019). The imbalance was identified by a decrease in the number of Gram-negative aerobes and anaerobe Bacteroidetes and increase in Gram-positive Firmicutes (Sze and Schloss, 2016). However, weight gain and fit metabolic physiology in mice could be passed on via fecal/stool microbiota transplant (Turnbaugh et al., 2008; Liou et al., 2013). Bacteriocin-producing probiotics decrease the absorption of fatty acids and reduce the size of adipocytes and also increases the expression of genes related to oxidation of fatty acids (Wicinski et al., 2020). L. plantarum stimulates the production of TNFα and also regulates the production of leptin hormones (Behrouz et al., 2017).

Probiotics indirectly affect obesity by the production of bacteriocin, which modulates the bacterial content (Million et al., 2013). Treatment with L. mali APS isolated from kefir reduces obesity in the mice model. Bacteriocin PJ4 produced by L. helveticus is proven to be effective in reducing the inflammation and body weight in the mice model (Bai et al., 2020). Heeney et al. (2019) investigated those mice fed with plantaricin EF-producing L. plantarum NCMIB8826 reduced the consumption of high-fat diet and exhibited approximately 10% reduction in weight gain. The same was absent in the group supplemented with the isolgenic (ΔplnEFI) mutant strain LM0419.




Conclusions and Future Perspective

The bacteriocins produced by probiotic lactic acid bacteria are generally small cationic peptides that kill the target cells by pore formation. These peptides show antimicrobial activity against related strains and pathogenic bacteria such as Salmonella, Staphylococcus, Listeria, Clostridium, and Enterococcus. Bacteriocins are also effective against viral infections caused by rotavirus, norovirus, adenoviruses, etc. Gut microbiota is an important part of human body and play a key role in stabilizing several body functions. Probiotics and their bacteriocins have potential in modulating the gut microbiota through antimicrobial action and immune modulation and are thus helpful in restoring the balanced microbial community in the gut and host immunity. In addition, the role of bacteriocins has also been demonstrated in colorectal cancer, IBD, and obesity. Thus, there is further need to characterize probiotic bacteria in the gut for their bacteriocin profiling and their role in the establishment of ecological niche of the gut using advanced techniques such as metagenomics, proteomics, and metabolomics. Such inventions will lead the discovery of nature-derived novel products and strategies for the cure of several chronic disorders.



Author Contributions

All authors have made a substantial, direct, and intellectual contribution to the manuscript and approved it for publication.



Acknowledgments

The authors acknowledge the financial support received from Department of Biotechnology (BT/PR8911/NDB/39/423/2013), and Indian Council of Medical Research (5/9/1117/2013-NUT).



References

 Abdi, M., Lohrasbi, V., Asadi, A., Esghaei, M., Jazi, F. M., Rohani, M., et al. (2021). Interesting Probiotic Traits of Mother’s Milk Lactobacillus Isolates; From Bacteriocin to Inflammatory Bowel Disease Improvement. Microb. Pathog. 158, 104998. doi: 10.1016/j.micpath.2021.104998

 Alam, R., Abdolmaleky, H. M., and Zhou, J. R. (2017). Microbiome, Inflammation, Epigenetic Alterations, and Mental Diseases. Am. J. Med. Genet. B: Neuropsychiatr. Genet. 174, 651–660. doi: 10.1002/ajmg.b.32567

 Al Kassaa, I., Hober, D., Hamze, M., Chihib, N. E., and Drider, D. (2014). Antiviral Potential of Lactic Acid Bacteria and Their Bacteriocins. Probiotics Antimicrob. Proteins 6, 177–185. doi: 10.1007/s12602-014-9162-6

 Angelucci, F., Cechova, K., Amlerova, J., and Hort, J. (2019). Antibiotics, Gut Microbiota, and Alzheimer’s Disease. J. Neuroinflamm. 16, 1–10. doi: 10.1186/s12974-019-1494-4

 Azad, M., Kalam, A., Sarker, M., Li, T., and Yin, J. (2018). Probiotic Species in the Modulation of Gut Microbiota: An Overview. Biomed. Res. Int. 2018, 1–9. doi: 10.1155/2018/9478630

 Baba, N., Samson, S., Bourdet-Sicard, R., Rubio, M., and Sarfati, M. (2008). Commensal Bacteria Trigger a Full Dendritic Cell Maturation Program That Promotes the Expansion of Non-Tr1 Suppressor T Cells. J. Leukoc. Biol. 84, 468–476. doi: 10.1189/jlb.0108017

 Bai, L., Kumar, S., Verma, S., and Seshadri, S. (2020). Bacteriocin PJ4 From Probiotic Lactobacillus Reduced Adipokine and Inflammasome in High Fat Diet Induced Obesity 3. Biotech 10, 1–10. doi: 10.1007/s13205-020-02317-y

 Baindara, P., Korpole, S., and Grover, V. (2018). Bacteriocins: Perspective for the Development of Novel Anticancer Drugs. Appl. Microbiol. Biotechnol. 102, 10393–10408. doi: 10.1007/s00253-018-9420-8

 Behrouz, V., Jazayeri, S., Aryaeian, N., Zahedi, M. J., and Hosseini, F. (2017). Effects of Probiotic and Prebiotic Supplementation on Leptin, Adiponectin, and Glycemic Parameters in Non-Alcoholic Fatty Liver Disease: A Randomized Clinical Trial. Middle East J. Dig. Dis. 9, 150. doi: 10.15171/mejdd.2017.66

 Belfiore, C., Castellano, P., and Vignolo, G. (2007). Reduction of Escherichia Coli Population Following Treatment With Bacteriocins From Lactic Acid Bacteria and Chelators. Food Microbiol. 24, 223–229. doi: 10.1016/j.fm.2006.05.006

 Binda, S., Hill, C., Johansen, E., Obis, D., Pot, B., Sanders, M. E., et al (2020). Criteria to Qualify Microorganisms as “Probiotic” Foods Dietary Supplement. Front. Microbiol. 11, 1662. doi: 10.3389/fmicb.2020.01662

 Bintsis, T. (2018). Lactic Acid Bacteria as Starter Cultures: An Update in Their Metabolism and Genetics. AIMS Microbiol. 4, 665–684. doi: 10.3934/microbiol.2018.4.665

 Birri, D. J., Brede, D. A., Forberg, T., Holo, H., and Nes, I. F. (2010). Molecular and Genetic Characterization of a Novel Bacteriocin Locus in Enterococcus Avium Isolates From Infants. Appl. Environ. Microbiol. 76, 483–492. doi: 10.1128/aem.01597-09

 Bjarnason, I., Sission, G., and Hayee, B. H. (2019). A Randomised, Double-Blind, Placebo-Controlled Trial of a Multi-Strain Probiotic in Patients With Asymptomatic Ulcerative Colitis and Crohn’s Disease. Inflammopharmacology 27, 465–473. doi: 10.1007/s10787-019-00595-4

 Bonaz, B., Bazin, T., and Pellissier, S. (2018). The Vagus Nerve at the Interface of the Microbiota-Gut-Brain Axis. Front. Neurosci. 12, 49. doi: 10.3389/fnins.2018.00049

 Borre, Y. E., Moloney, R. D., Clarke, G., Dinan, T. G., and Cryan, J. F. (2014). The Impact of Microbiota on Brain and Behavior: Mechanisms and Therapeutic Potential. Microbial Endocrinol.: Microbiota-Gut-Brain Axis Health Dis. 2014, 373–403. doi: 10.1007/978-1-4939-0897-4_17

 Borrero, J., Brede, D. A., Skaugen, M., Diep, D. B., Herranz, C., and Nes, I. F. (2011). Characterization of Garvicin ML, a Novel Circular Bacteriocin Produced by Lactococcus Garvieae DCC43, Isolated From Mallard Ducks (Anas Platyrhynchos). Appl. Environ. Microbiol. 77, 369–373. doi: 10.1128/AEM.01173-10

 Braakman, H. M., and Van Ingen, J. (2018). Can Epilepsy be Treated by Antibiotics? J. Neurol. 265, 1934–1936. doi: 10.1007/s00415-018-8943-3

 Briguglio, M., Dell’Osso, B., Panzica, G., Malgaroli, A., Banfi, G., and Zanaboni Dina, C. (2018). Dietary Neurotransmitters: A Narrative Review on Current Knowledge. Nutrients 10, 1–15. doi: 10.3390/nu10050591

 Carding, S., Verbeke, K., Vipond, D. T., Corfe, B. M., and Owen, L. J. (2015). Dysbiosis of the Gut Microbiota in Disease. Microb. Ecol. Health Dis. 26, 1. doi: 10.3402/mehd.v26.26191

 Cavicchioli, V. Q., de Carvalho, O. V., de Paiva, J. C., Todorov, S. D., Júnior, A. S., and Nero, L. A. (2018). Inhibition of Herpes Simplex Virus 1 (HSV-1) and Poliovirus (PV-1) by Bacteriocins From Lactococcus Lactis Subsp. Lactis and Enterococcus Durans Strains Isolated From Goat Milk. Int. J. Antimicrob. Agents 51, 33–37. doi: 10.1016/j.ijantimicag.2017.04.020

 Center, M. M., Jemal, A., Smith, R. A., and Ward, E. (2009). Worldwide Variations in Colorectal Cancer: CA Cancer . J. Clin. 59, 366–378. doi: 10.3322/caac.20038

 Chang, J. Y., and Chang, H. C. (2011). Growth Inhibition of Foodborne Pathogens by Kimchi Prepared With Bacteriocin-Producing Starter Culture. J. Food Sci. 76, M72–M78. doi: 10.1111/j.1750-3841.2010.01965.x

 Chi, H., and Holo, H. (2018). Synergistic Antimicrobial Activity Between the Broad Spectrum Bacteriocin Garvicin KS and Nisin, Farnesol and Polymyxin B Against Gram-Positive and Gram-Negative Bacteria. Curr. Microbiol. 75, 272. doi: 10.1007/s00284-017-1375-y

 Colman, R. J., and Rubin, D. T. (2014). Fecal Microbiota Transplantation as Therapy for Inflammatory Bowel Disease: A Systematic Review and Meta-Analysis. J. Crohns Colitis 8, 1569–1581. doi: 10.1016/j.crohns.2014.08.006

 Cox, L. M., and Weiner, H. L. (2018). Microbiota Signaling Pathways That Influence Neurologic Disease. Neurotherapeutics 15, 135–145. doi: 10.1007/s13311-017-0598-8

 Dabour, N., Zihler, A., Kheadr, E., Lacroix, C., and Fliss, I. (2009). In Vivo Study on the Effectiveness of Pediocin PA-1 and Pediococcus Acidilactici UL5 at Inhibiting Listeria Monocytogenes. Int. J. Food Microbiol. 133, 225–233. doi: 10.1016/j.ijfoodmicro.2009.05.005

 D’amelio, P., and Sassi, F. (2018). Gut Microbiota, Immune System, and Bone. Calcif. Tissue Int. 102, 415–425. doi: 10.1007/s00223-017-0331-y

 De Kwaadsteniet, M., Doeschate, K. T., and Dicks, L. M. T. (2009). Nisin F in the Treatment of Respiratory Tract Infections Caused by Staphylococcus Aureus. Lett. Appl. Microbiol. 48, 65–70. doi: 10.1111/j.1472-765X.2008.02488.x

 De Kwaadsteniet, M., Fraser, T., Van Reenen, C. A., and Dicks, L. (2006). Bacteriocin T8, a Novel Class IIa Sec-Dependent Bacteriocin Produced by Enterococcus Faecium T8, Isolated From Vaginal Secretions of Children Infected With Human Immunodeficiency Virus. Appl. Environ. Microbiol. 72, 4761–4766. doi: 10.1128/AEM.00436-06

 Delcenserie, V., Martel, D., Lamoureux, M., Amiot, J., Boutin, Y., and Roy, D. (2008). Immunomodulatory Effects of Probiotics in the Intestinal Tract. Curr. Issues Mol. Biol. 10, 37–54. doi: 10.21775/cimb.010.037

 Dey, D., Ema, T. I., Biswas, P., Aktar, S., Islam, S., and Rinik, U. R. (2021). Antiviral Effects of Bacteriocin Against Animal-to-Human Transmittable Mutated Sars-Cov-2: A Systematic Review. Front. Agr. Sci. Eng. 8, 603–622. doi: 10.15302/J-FASE-2021397

 Dinan, T. G., and Cryan, J. F. (2017). The Microbiome-Gut-Brain Axis in Health and Disease. Gastroenterol. Clin. North Am. 46, 77–89. doi: 10.1016/j.gtc.2016.09.007

 Epand, R. M., Walker, C., Epand, R. F., and Magarvey, N. A. (2016). Molecular Mechanisms of Membrane Targeting Antibiotics. Biochim. Biophys. Acta – Biomembr. 1858, 980–987. doi: 10.1016/j.bbamem.2015.10.018

 Foligne, B., Zoumpopoulou, G., Dewulf, J., Ben Younes, A., Chareyre, F., and Sirard, J. C. (2007). A Key Role of Dendritic Cells in Probiotic Functionality. PloSone 2, e313. doi: 10.1371/journal.pone.0000313

 Fong, W., Li, Q., and Yu, J. (2020). Gut Microbiota Modulation: A Novel Strategy for Prevention and Treatment of Colorectal Cancer. Oncogene 39, 4925–4943. doi: 10.1038/s41388-020-1341-1

 Furrie, E., Macfarlane, S., Kennedy, A., Cummings, J. H., Walsh, S. V., O’neil, D. A., et al. (2005). Synbiotic Therapy (Bifidobacterium Longum/Synergy 1) Initiates Resolution of Inflammation in Patients With Active Ulcerative Colitis: A Randomised Controlled Pilot Trial. Gut 54, 242–249. doi: 10.1136/gut.2004.044834

 Galland, L. (2014). The Gut Microbiome and the Brain. J. Med. Food 17, 1261–1272. doi: 10.1089/jmf.2014.7000

 Gibson, D., and Mehler, P. S. (2019). Anorexia Nervosa and the Immune System—a Narrative Review. J. Clin. Med. 8, 1–19. doi: 10.3390/jcm8111915

 Gillor, O., Etzion, A., and Riley, M. A. (2008). The Dual Role of Bacteriocins as Anti-and Probiotics. Appl. Microbiol. Biotechnol. 81, 591–606. doi: 10.1007/s00253-008-1726-5

 Goldstein, B. P., Wei, J., Greenberg, K., and Novick, R. (1998). Activity of Nisin Against Streptococcus Pneumoniae, In Vitro, and in a Mouse Infection Model. J. Antimicrob. Chemother. 42, 277–278. doi: 10.1093/jac/42.2.277

 Goyal, C., Malik, R. K., and Pradhan, D. (2018). Purification and Characterization of a Broad Spectrum Bacteriocin Produced by a Selected Lactococcus Lactis Strain 63 Isolated From Indian Dairy Products. J. Food Sci. Technol. 55, 3683–3692. doi: 10.1007/s13197-018-3298-4

 Harris, L. J., Daeschel, M. A., Stiles, M. E., and Klaenhammer, T. R. (1989). Antimicrobial Activity of Lactic Acid Bacteria Against Listeria Monocytogenes. J. Food Prot. 52, 384–387. doi: 10.4315/0362-028X-52.6.384

 Heeney, D. D., Zhai, Z., Bendiks, Z., Barouei, J., Martinic, A., and Slupsky, C. (2019). Lactobacillus Plantarum Bacteriocin Is Associated With Intestinal and Systemic Improvements in Diet-Induced Obese Mice and Maintains Epithelial Barrier Integrity In Vitro. Gut Microbes 10, 382–397. doi: 10.1080/19490976.2018.1534513

 Heilbronner, S., Krismer, B., Brötz-Oesterhelt, H., and Peschel, A. (2021). The Microbiome-Shaping Roles of Bacteriocins. Nat. Rev. Microbiol. 19, 726–739. doi: 10.1038/s41579-021-00569-w

 Hernandez-Gonzalez, J. C., Martínez-Tapia, A., Lazcano-Hernández, G., García-Pérez, B. E., and Castrejón-Jiménez, N. S. (2021). Bacteriocins From Lactic Acid Bacteria. A Powerful Alternative as Antimicrobials, Probiotics, and Immunomodulators in Veterinary Medicine. Animals 11, 1–17. doi: 10.3390/ani11040979

 Hoarau, C., Lagaraine, C., Martin, L., Velge-Roussel, F., and Lebranchu, Y. (2006). Supernatant of Bifidobacterium Breve Induces Dendritic Cell Maturation, Activation, and Survival Through a Toll-Like Receptor 2 Pathway. J. Allergy Clin. Immunol. Pract. 117, 696–702. doi: 10.1016/j.jaci.2005.10.043

 Huang, F., Teng, K., Liu, Y., Cao, Y., Wang, T., and Ma, C (2021). Bacteriocins: Potential for Human Health. Oxid. Med. Cell. Longevity 212, 1–17. doi: 10.1155/2021/5518825

 Ilinskaya, O. N., Ulyanova, V. V., Yarullina, D. R., and Gataullin, I. G. (2017). Secretome of Intestinal Bacilli: A Natural Guard Against Pathologies. Front. Microbiol. 8, 1666. doi: 10.3389/fmicb.2017.01666

 Jia, Z., Chen, A., Bao, F., He, M., Gao, S., and Xu, J. (2018). Effect of Nisin on Microbiome-Brain-Gut Axis Neurochemicals by Escherichia Coli-Induced Diarrhea in Mice. Microb. Pathog. 119, 65–71. doi: 10.1016/j.micpath.2018.04.005

 Johnson, K. V. A., and Foster, K. R. (2018). Why Does the Microbiome Affect Behaviour? Nat. Rev. Microbiol. 16, 647–655. doi: 10.1038/s41579-018-0014-3

 Kaur, S., and Kaur, S. (2015). Bacteriocins as Potential Anticancer Agents. Front. Pharmacol. 6, 272. doi: 10.3389/fphar.2015.00272

 Kim, S. G., Becattini, S., Moody, T. U., Shliaha, P. V., Littmann, E. R., and Seok, R. (2019). Microbiota-Derived Lantibiotic Restores Resistance Against Vancomycin-Resistant Enterococcus. Nature 572, 665–669. doi: 10.1038/s41586-019-1501-z

 Kling, A., Lukat, P., Almeida, D. V., Bauer, A., Fontaine, E., and Sordello, S. (2015). Targeting DnaN for Tuberculosis Therapy Using Novel Griselimycins. Science 348, 1106–1112. doi: 10.1126/science.aaa4690

 Krebs, B. (2016). Prebiotic and Synbiotic Treatment Before Colorectal Surgery-Randomised Double Blind Trial. Coll. Antropol. 40, 35–40.

 Kwok, L. Y., Guo, Z., Zhang, J., Wang, L., Qiao, J., and Hou, Q. (2015). The Impact of Oral Consumption of Lactobacillus Plantarum P-8 on Faecal Bacteria Revealed by Pyrosequencing. Benef Microbes 64, 05–413. doi: 10.3920/BM2014.0063

 Lange, K., Buerger, M., Stallmach, A., and Bruns, T. (2016). Effects of Antibiotics on Gut Microbiota. Dig. Dis. Sci. 34, 260–268. doi: 10.1159/000443360

 Lange-Starke, A., Petereit, A., Truyen, U., Braun, P. G., Fehlhaber, K., and Albert, T. (2014). Antiviral Potential of Selected Starter Cultures, Bacteriocins and D, L-Lactic Acid. Food Environ. Virol. 6, 42–47. doi: 10.1007/s12560-013-9135-z

 Lehtoranta, L., Latvala, S., and Lehtinen, M. J. (2020). Role of Probiotics in Stimulating the Immune System in Viral Respiratory Tract Infections: A Narrative Review. Nutrients 12, 3163. doi: 10.3390/nu12103163

 Liou, A. P., Paziuk, M., Luevano, J. M., Machineni, S., Turnbaugh, P. J., and Kaplan, L. M. (2013). Conserved Shifts in the Gut Microbiota Due to Gastric Bypass Reduce Host Weight and Adiposity. Sci. Transl. Med. 5, 178ra41–178ra41. doi: 10.1126/scitranslmed.3005687

 Liu, G., Ren, W., Fang, J., Hu, C. A. A., Guan, G., and Al-Dhabi, N. A. (2017). L-Glutamine and L-Arginine Protect Against Enterotoxigenic Escherichia Coli Infection via Intestinal Innate Immunity in Mice. Amino Acids 49, 1945–1954. doi: 10.1007/s00726-017-2410-9

 Liu, Q., Yu, Z., Tian, F., Zhao, J., Zhang, H., and Zhai, Q. (2020). Surface Components and Metabolites of Probiotics for Regulation of Intestinal Epithelial Barrier. Microb. Cell Factories 19, 1–11. doi: 10.1186/s12934-020-1289-4

 Li, Y., Xia, S., Jiang, X., Feng, C., Gong, S., and Ma, J. (2021). Gut Microbiota and Diarrhea: An Updated Review. Front. Cell. Infect. Microbiol. 11, 625210. doi: 10.3389/fcimb.2021.625210

 Li, Q., Yu, S., Han, J., Wu, J., You, L., and Shi, X. (2022). Synergistic Antibacterial Activity and Mechanism of Action of Nisin/Carvacrol Combination Against Staphylococcus Aureus and Their Application in the Infecting Pasteurized Milk. Food Chem. 380, 132009. doi: 10.1016/j.foodchem.2021.132009

 Macpherson, A. J., Geuking, M. B., and McCoy, K. D. (2005). Immune Responses That Adapt the Intestinal Mucosa to Commensal Intestinal Bacteria. Immunology 115, 153–162. doi: 10.1111/j.1365-2567.2005.02159.x

 Macpherson, A. J., and Uhr, T. (2004). Induction of Protective IgA by Intestinal Dendritic Cells Carrying Commensal Bacteria. Sci. (New York N.Y.) 303, 1662–1665. doi: 10.1126/science.1091334

 Martin-Visscher, L. A., van Belkum, M. J., Garneau-Tsodikova, S., Whittal, R. M., Zheng, J., and McMullen, L. M. (2008). Isolation and Characterization of Carnocyclin A, a Novel Circular Bacteriocin Produced by Carnobacterium Maltaromaticum UAL307. Appl. Environ. Microbiol. 74, 4756–4763. doi: 10.1128/AEM.00817-08

 Mazloom, K., Siddiqi, I., and Covasa, M. (2019). Probiotics: How Effective Are They in the Fight Against Obesity? Nutrients 11, 258. doi: 10.3390/nu11020258

 Mazmanian, S. K., Mazamaniam, S., Round, J. L., and Kasper, D. L. (2008). A Microbial Symbiosis Factor Prevents Intestinal Inflammatory Disease. Nature 453, 620–625. doi: 10.1038/nature07008

 Michielan, A., and D’Incà, R. (2015). Intestinal Permeability in Inflammatory Bowel Disease: Pathogenesis, Clinical Evaluation, and Therapy of Leaky Gut. Mediators Inflamm. 2015, 1–10. doi: 10.1155/2015/628157

 Mileti, E., Matteoli, G., Iliev, I. D., and Rescigno, M. (2009). Comparison of the Immunomodulatory Properties of Three Probiotic Strains of Lactobacilli Using Complex Culture Systems: Prediction for In Vivo Efficacy. PloSone 4, e7056. doi: 10.1371/journal.pone.0007056

 Millette, M., Cornut, G., Dupont, C., Shareck, F., Archambault, D., and Lacroix, M. (2008). Capacity of Human Nisin and Pediocin-Producing Lactic Acid Bacteria to Reduce Intestinal Colonization by Vancomycin-Resistant Enterococci. Appl. Environ. Microbiol. 74, 1997–2003. doi: 10.1128/AEM.02150-07

 Million, M., Lagier, J. C., Yahav, D., and Paul, M. (2013). Gut Bacterial Microbiota and Obesity. Clin. Microbiol. Infect. 19, 305–313. doi: 10.1111/1469-0691.12172

 Mokoena, M. P. (2017). Lactic Acid Bacteria and Their Bacteriocins: Classification, Biosynthesis and Applications Against Uropathogens: A Mini-Review. Molecules 22, 1255. doi: 10.3390/molecules22081255

 Nagpal, R., Mainali, R., Ahmadi, S., Wang, S., Singh, R., and Kavanagh, K. (2018). Gut Microbiome and Aging: Physiological and Mechanistic Insights. J. Nutr. Health Aging 4, 267–285. doi: 10.3233/NHA-170030

 Negash, A. W., and Tsehai, B. A. (2020). Current Applications of Bacteriocin. Int. J. Microbiol. 2020, 1–7. doi: 10.1155/2020/4374891

 Nishei, M., Nagao, J., and Sonomoto, K. (2012). Antibacterial Peptide Bacteriocin. An Overview of Their Diverse Characteristics and Applications. Biocontrol Sci. 1, 1–16. doi: 10.4265/bio.17.1

 Norouzi, Z., Salimi, A., Halabian, R., and Fahimi, H. (2018). Nisin, a Potent Bacteriocin and Anti-Bacterial Peptide, Attenuates Expression of Metastatic Genes in Colorectal Cancer Cell Lines. Microb. Pathog. 123, 183–189. doi: 10.1016/j.micpath.2018.07.006

 O’Callaghan, A., and Sinderen, D. (2016). Bifidobacteria and Their Role as Members of the Human Gut Microbiota. Front. Microbiol. 7, 925. doi: 10.3389/fmicb.2016.00925

 O’ Connor, P. M., O’ Shea, E. F., Cotter, P. D., Hill, C., and Ross, R. P. (2018). The Potency of the Broad Spectrum Bacteriocin, Bactofencin A, Against Staphylococci Is Highly Dependent on Primary Structure, N-Terminal Charge and Disulphide Formation. Sci. Rep. 8, 1–8. doi: 10.1038/s41598-018-30271-6

 Pablo, M. A., Gaforio, J. J., Gallego, A. M., Ortega, E., Gálvez, A. M., and Alvarez de Cienfuegos López, G. (1999). Evaluation of Immunomodulatory Effects of Nisin-Containing Diets on Mice. FEMS Microbiol. Immunol. 24, 35–42. doi: 10.1111/j.1574-695X.1999.tb01262.x

 Papaconstantinou, H. T., and Thomas, J. S. (2007). Bacterial Colitis. Clin. Colon Rectal Surg. 20, 018–027. doi: 10.1055/s-2007-970196

 Perez, R. H., Zendo, T., and Sonomoto, K. (2014). Novel Bacteriocins From Lactic Acid Bacteria (LAB): Various Structures and Applications. Microb. Cell Fact 13, S3. doi: 10.1186/1475-2859-13-S1-S3

 Pérez-Ramos, A., Madi-Moussa, D., Coucheney, F., and Drider, D. (2021). Current Knowledge of the Mode of Action and Immunity Mechanisms of LAB-Bacteriocins. Microorganisms 9 (10), 2107. doi: 10.3390/microorganisms9102107

 Preet, S., Bharati, S., Panjeta, A., Tewari, R., and Rishi, P. (2015). Effect of Nisin and Doxorubicin on DMBA-Induced Skin Carcinogenesis—a Possible Adjunct Therapy. Tumor Biol. 36, 8301–8308. doi: 10.1007/s13277-015-3571-3

 Quigley, E. M. (2017). Microbiota-Brain-Gut Axis and Neurodegenerative Diseases. Curr. Neurol. Neurosci. Rep. 17, 1–9. doi: 10.1007/s11910-017-0802-6

 Rea, M. C., Clayton, E., O’Connor, P. M., Shanahan, F., Kiely, B., and Ross, R. P. (2007). Antimicrobial Activity of Lacticin 3147 Against Clinical Clostridium Difficile Strains. J. Med. Microbiol. 56, 940– 946. doi: 10.1099/jmm.0.47085-0

 Rea, M. C., Sit, C. S., Clayton, E., O’Connor, P. M., Whittal, R. M., and Zheng, J. (2010). Thuricin CD, a Posttranslationally Modified Bacteriocin With a Narrow Spectrum of Activity Against Clostridium Difficile. Proc. Natl. Acad. Sci. 107, 9352–9357. doi: 10.1073/pnas.0913554107

 Riboulet-Bisson, E., Sturme, M. H. J., Jeffery, I. B., O’Donnell, M. M., Neville, B. A., and Forde, B. M. (2012). Effect of Lactobacillus Salivarius Bacteriocin Abp118 on the Mouse and Pig Intestinal Microbiota. PloS One 7, 1–12. doi: 10.1371/journal.pone.0031113

 Ryma, T., Samer, A., Soufli, I., Rafa, H., and Touil-Boukoffa, C. (2021). Role of Probiotics and Their Metabolites in Inflammatory Bowel Diseases (IBDs). Gastroenterol. Insights 12, 56–66. doi: 10.3390/gastroent12010006

 Salman, J. A. S., Mahmood, N. N., Abdulsattar, B. O., and Abid, H. A. (2020). The Effectiveness of Probiotics Against Viral Infections: A Rapid Review With Focus on SARS-CoV-2 Infection. Open Access Maced. J. Med. Sci. 8, 496–508. doi: 10.3889/oamjms.2020.5483

 Salvucci, E., Saavedra, L., Hebert, E., Haro, C., and Sesma, F. (2012). Enterocin CRL35 Inhibits Listeria Monocytogenes in a Murine Model. Foodborne Pathog. Dis. 9, 68–74. doi: 10.1089/fpd.2011.0972

 Sanders, M. E., Heimbach, J. T., Pot, B., Tancredi, D. J., Lenoir-Wijnkoop, I., and Lähteenmäki-Uutela, A. (2011). Health Claims Substantiation for Probiotic and Prebiotic Products. Gut Microbes 2, 127–133. doi: 10.4161/gmic.2.3.16174

 Sassone-Corsi, M., Nuccio, S. P., Liu, H., Hernandez, D., Vu, C. T., and Takahashi, A. A. (2016). Microcins Mediate Competition Among Enterobacteriaceae in the Inflamed Gut. Nature 540, 280–283. doi: 10.1038/nature20557

 Saunders, P. R., Santos, J., Hanssen, N. P., Yates, D., Groot, J. A., and Perdue, M. H. (2002). Physical and Psychological Stress in Rats Enhances Colonic Epithelial Permeability via Peripheral CRH. Dig. Dis. Sci. 47, 208–215. doi: 10.1023/A:1013204612762

 Scaldaferri, F., Gerardi, V., Lopetuso, L. R., Del Zompo, F., Mangiola, F., and Boškoski, I. (2013). Gut Microbial Flora, Prebiotics, and Probiotics in IBD: Their Current Usage and Utility. Biomed. Res. Int. 2010, 1–10. doi: 10.1155/2013/435268

 Schlee, M., Miriam, S., Wehkamp, J., Altenhoefer, A., Oelschlaeger, T. A., Stange, E. F., et al. (2007). Induction of Human β-Defensin 2 by the Probiotic Escherichia Coli Nissle 1917 Is Mediated Through Flagellin. Infect. Immun. 75, 2399–2407. doi: 10.1128/IAI.01563-06

 Shadnoush, M., Hosseini, R. S., Khalilnezhad, A., Navai, L., Goudarzi, H., and Vaezjalali, M. (2015). Effects of Probiotics on Gut Microbiota in Patients With Inflammatory Bowel Disease: A Double-Blind, Placebo-Controlled Clinical Trial. Korean J. Gastroenterol. 65, 215–221. doi: 10.4166/kjg.2015.65.4.215

 Sheoran, P., and Tiwari, S. K. (2021). Synergistically-Acting Enterocin LD3 and Plantaricin LD4 Against Gram-Positive and Gram-Negative Pathogenic Bacteria. Probiotics Antimicro. Prot. 13, 542–554. doi: 10.1007/s12602-020-09708-w

 Shin, J. M., Gwak, J. W., Kamarajan, P., Fenno, J. C., Rickard, A. H., and Kapila, Y. L. (2016). Biomedical Applications of Nisin. J. Appl. Microbiol. 120, 1449–1465. doi: 10.1111/jam.13033

 Sidhu, M., and Vander Poorten, D. (2017). The Gut Microbiome. Aust. Fam. Physician 46, 206–211.

 Singh, K., and Rao, A. (2021). Probiotics: A Potential Immunomodulator in COVID-19 Infection Management. Nutr. Res. 87, 1–12. doi: 10.1016/j.nutres.2020.12.014

 Soleimanpour, S., Hasanian, S. M., Avan, A., Yaghoubi, A., and Khazaei, M. (2020). Bacteriotherapy in Gastrointestinal Cancer. Life Sci. 254, 117754. doi: 10.1016/j.lfs.2020.117754

 Soltani, S., Hammami, R., Cotter, P. D., Rebuffat, S., Said, L. B., and Gaudreau, H. (2021). Bacteriocins as a New Generation of Antimicrobials: Toxicity Aspects and Regulations. FEMS Microbiol. Rev. 45, 39. doi: 10.1093/femsre/fuaa039

 Sze, M. A., and Schloss, P. D. (2016). Looking for a Signal in the Noise: Revisiting Obesity and the Microbiome. MBio 7, 1018. doi: 10.1128/mBio.01018-16

 Taherikalani, M., and Ghafourian, S. (2021). Anticancer Properties of Colicin E7 Against Colon Cancer. Prz. Gastroenterol. 16, 364. doi: 10.5114/pg.2021.109622

 Tiwari, S. K., Dicks, L. M., Popov, I. V., Karaseva, A., Ermakov, A. M., and Suvorov, A. (2020). Probiotics at War Against Viruses: What Is Missing From the Picture? Front. Microbiol. 11, 1877. doi: 10.3389/fmicb.2020.01877

 Todorov, S. D., Wachsman, M., Tomé, E., Dousset, X., Destro, M. T., and Dicks, L. M. T. (2010). Characterisation of an Antiviral Pediocin-Like Bacteriocin Produced by Enterococcus Faecium. Food Microbiol. 27, 869–879. doi: 10.1016/j.fm.2010.05.001

 Turnbaugh, P. J., Bäckhed, F., Fulton, L., and Gordon, J. I. (2008). Diet-Induced Obesity Is Linked to Marked But Reversible Alterations in the Mouse Distal Gut Microbiome. Cell Host Microbe 3, 213–223. doi: 10.1016/j.chom.2008.02.015

 Umu, Ö.C., Bäuerl, C., Oostindjer, M., Pope, P. B., Hernández, P. E., and Pérez-Martínez, G. (2016). The Potential of Class II Bacteriocins to Modify Gut Microbiota to Improve Host Health. PloS One 11, 1–22. doi: 10.1371/journal.pone.0164036

 Umu, Ö.C., Rudi, K., and Diep, D. B. (2017). Modulation of the Gut Microbiota by Prebiotic Fibres and Bacteriocins. Microb. Ecol. Health Dis. 28, 1–12. doi: 10.1080/16512235.2017.1348886

 Van-Belkum, M. J., Martin-Visscher, L. A., and Vederas, J. C. (2011). Structure and Genetics of Circular Bacteriocins. Trends Microbiol. 19, 411–418. doi: 10.1016/j.tim.2011.04.004

 Villena, J., Shimosato, T., Vizoso-Pinto, M. G., and Kitazawa, H. (2020). Nutrition, Immunity and Viral Infections. Front. Nutr. 7, 125. doi: 10.3389/fnut.2020.00125

 Wachsman, M. B., Farıías, M. E., Takeda, E., Sesma, F., De Ruiz Holgado, A. P., and De Torres, R. A. (1999). Antiviral Activity of Enterocin CRL35 Against Herpesviruses. Int. J. Antimicrob. Agents 12, 293–299. doi: 10.1016/S0924-8579(99)00078-3

 Walter, J. (2008). Ecological Role of Lactobacilli in the Gastrointestinal Tract: Implications for Fundamental and Biomedical Research. Appl. Environ. Microbiol. 74, 4985–4996. doi: 10.1128/AEM.00753-08

 Wang, H. X., and Wang, Y. P. (2016). Gut Microbiota-Brain Axis. Chin. Med. J. 129, 2373–2380. doi: 10.4103/0366-6999.190667

 Wiciński, M., Gębalski, J., Gołębiewski, J., and Malinowski, B. (2020). Probiotics for the Treatment of Overweight and Obesity in Humans—A Review of Clinical Trials. Microorganisms 8, 1148. doi: 10.3390/microorganisms8081148

 Wu, S., Yuan, L., Zhang, Y., Liu, F., Li, G., and Wen, K. (2013). Probiotic Lactobacillus Rhamnosus GG Mono-Association Suppresses Human Rotavirus-Induced Autophagy in the Gnotobiotic Piglet Intestine. Gut Pathog. 5, 22. doi: 10.1186/1757-4749-5-22

 Xue, L., He, J., Gao, N., Lu, X., Li, M., and Wu, X. (2017). Probiotics may Delay the Progression of Nonalcoholic Fatty Liver Disease by Restoring the Gut Microbiota Structure and Improving Intestinal Endotoxemia. Sci. Rep. 7, 1–13. doi: 10.1038/srep45176

 Yang, S. C., Lin, C. H., Sung, C. T., and Fang, J. Y. (2014). Antibacterial Activities of Bacteriocins: Application in Foods and Pharmaceuticals. Front. Microbiol. 5, 241. doi: 10.3389/fmicb.2014.00241

 Yan, H., Lu, Y., Li, X., Yi, Y., Wang, X., and Shan, Y (2021). Action Mode of Bacteriocin BM1829 Against Escherichia Coli and Staphylococcus Aureus.  Food Biosci. 39, 100794. doi: 10.1016/j.fbio.2020.100794

 Yun, B., Oh, S., and Griffiths, M. W. (2014). Lactobacillus Acidophilus Modulates the Virulence of Clostridium Difficile. J. Dairy Sci. 97, 4745–4758. doi: 10.3168/jds.2014-7921

 Zacharof, M. P., and Lovitt, R. W. (2012). Bacteriocins Produced by Lactic Acid Bacteria a Review Article. Apcbee Proc. 2, 50–56. doi: 10.1016/j.apcbee.2012.06.010

 Zeuthen, L. H., Fink, L. N., and Frøkiaer, H. (2008). Toll-Like Receptor 2 and Nucleotide Binding Oligomerization Domain-2 Play Divergent Roles in the Recognition of Gut-Derived Lactobacilli and Bifidobacteria in Dendritic Cells. Immunology 124, 489–502. doi: 10.1111/j.1365-2567.2007.02800.x

 Zhang, Y.-J., Li, S., Gan, R.-Y., Zhou, T., Xu, D.-P., and Li, H.-B. (2015). Impacts of Gut Bacteria on Human Health and Disease. Int. J. Mol. Sci. 16, 7493–7519. doi: 10.3390/ijms16047493

 Zheng, J., Wittouck, S., Salvetti, E., Franz, C. M., Harris, H., and Mattarelli, P. (2020). A Taxonomic Note on the Genus Lactobacillus: Description of 23 Novel Genera, Emended Description of the Genus Lactobacillus Beijerinck 1901, and Union of Lactobacillaceae and Leuconostocaceae. Int. J. Syst. Evol. Microbiol. 70, 2782–2858. doi: 10.7939/r3-egnz-m294

 Zhong, L., Zhang, X., and Covasa, M. (2014). Emerging Roles of Lactic Acid Bacteria in Protection Against Colorectal Cancer. World J. Gastroenterol. 20, 7878–7886. doi: 10.3748/wjg.v20.i24.7878




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


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

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




REVIEW

published: 17 May 2022

doi: 10.3389/fcimb.2022.904401

[image: image2]


Gut Microbiome Characteristics in IgA Nephropathy: Qualitative and Quantitative Analysis from Observational Studies


Shisheng Han 1†, Li Shang 2†, Yan Lu 1† and Yi Wang 1*


1 Department of Nephrology, Yueyang Hospital of Integrated Traditional Chinese and Western Medicine, Shanghai University of Traditional Chinese Medicine, Shanghai, China, 2 Institute of Science, Technology and Humanities, Shanghai University of Traditional Chinese Medicine, Shanghai, China




Edited by: 

Shashank Gupta, Norwegian University of Life Sciences, Norway

Reviewed by: 

Shrikant Bhute, University of California, San Diego, United States

Almagul Kushugulova, Nazarbayev University, Kazakhstan

Alexander Koliada, National Academy of Sciences of Ukraine, Ukraine

*Correspondence: 

Yi Wang
 drwangyi0110@163.com 




















†These authors have contributed equally to this work


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


Received: 25 March 2022

Accepted: 19 April 2022

Published: 17 May 2022

Citation:
Han S, Shang L, Lu Y and Wang Y (2022) Gut Microbiome Characteristics in IgA Nephropathy: Qualitative and Quantitative Analysis from Observational Studies. Front. Cell. Infect. Microbiol. 12:904401. doi: 10.3389/fcimb.2022.904401




Background

Recent data indicate the importance of gut-kidney axis in the pathogenesis of Immunoglobulin A nephropathy (IgAN). Growing evidence suggests the alterations of diversity and composition of gut microbiome among patients with IgAN, however, the details are not yet fully understood.



Methods

Eligible studies comparing the gut microbiome between patients with IgAN and non-IgAN individuals were systematically searched from PubMed, Embase, Web of Science, Cochrane Library, China National Knowledge Infrastructure, and ClinicalTrials.gov. The primary outcomes were alpha- and beta-diversity, and the differences in gut microbiota composition between patients with IgAN and non-IgAN persons. Qualitative analysis and meta-analysis were performed according to available data.



Results

Eleven cross-sectional studies, including 409 patients with IgAN and 243 healthy controls, were enrolled. No significant differences in the diversity and enrichment of gut bacteria were found between IgAN and healthy individuals, whereas the beta-diversity consistently showed significant microbial dissimilarities among the two groups. Firmicutes, Bacteroidetes, Actinobacteria, Proteobacteria, Fusobacteria, and Verrucomicrobia were the dominant phyla, however, no significant differences were found between IgAN patients and healthy controls at the phylum level. The genera, Streptococcus and Paraprevotella showed a higher proportion in patients with IgAN compared to healthy individuals, whereas Fusicatenibacter showed a lower abundance according to meta-analysis. Qualitative analyses suggested that Escherichia-Shigella might be increased in IgAN patients; the genera, Clostridium, Prevotella 9,and Roseburia, members of Ruminococcaceae and Lachnospiraceae families, were likely to have decreased abundances in patients with IgAN compared to healthy individuals.



Conclusion

Gut microbiota dysbiosis was demonstrated in IgAN, which might be involved in the pathogenesis of IgAN. Further studies are needed to confirm the findings of this study, due to the substantial heterogeneity.



Systematic Review Registration

https://www.crd.york.ac.uk/prospero/, identifier PROSPERO (CRD42022304034).
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Introduction

Immunoglobulin A nephropathy (IgAN) is the most common immune-associated primary glomerulonephritis worldwide, characterized by the deposition of IgA, specifically, galactose-deficient IgA1 (Gd-IgA1), in the glomerular mesangium (Monteiro and Berthelot, 2021). Up to 40% of patients ultimately progress to end-stage kidney disease (Selvaskandan et al., 2022). Although the underlying pathogenesis has not been completely elucidated, the “multi-hit-hypothesis” is a widely accepted immunological interpretation for IgAN, that is, the overproduction of polymeric Gd-IgA1, anti-Gd-IgA1 and the formation of circulating immune complex containing Gd-IgA1, the mesangial deposition of Gd-IgA1 immunocomplex, and subsequent inflammation and fibrosis (Knoppova et al., 2021). Mesangial Gd-IgA1 deposits resemble mucosal IgA, mostly produced by mucosal B lymphocytes located in the Peyer’s patches, have been considered as an important pathogenetic factor of IgAN (Ohyama et al., 2021). Increasing evidence suggest a pivotal role of mucosal immunity in IgAN, which can be triggered by antigenic stimulation from the commensal microflora, more specifically, the gut microbiota dysbiosis and subsequent IgA production (Ichinohe et al., 2011). Intestinal mucosal hyperresponsiveness and abnormal production of Gd-IgA1 have been found in patients with IgAN, which was associated with specific fecal microbiota (Sallustio et al., 2021). The targeted-release of the glucocorticosteroid budesonide targeting excessive intestinal mucosal immune responses via releasing the drug to Peyer’s patches, showed a significant reduction of proteinuria compared to placebo in patients with IgAN (Fellström et al., 2017). Depleting of fecal microbiota by a broad-spectrum antibiotic prevented human IgA1 mesangial deposition, glomerular inflammation, and the development of proteinuria in a humanized mice model of IgAN (Lauriero et al., 2021). Patients with IgAN achieved partial remission after intensive fecal microbiota transplantation regularly for 6 months (Zhao et al., 2021). This evidence indicates the importance of gut-kidney axis in IgAN. Since the first human study by De Angelis et al. reporting the gut dysbiosis of IgAN (De Angelis et al., 2014), a growing number of studies have focused on the diversity and composition of gut microbiome in IgAN, however, the details are not yet fully understood. In addition, the gut microbiome is dynamic and differs in different populations, ages, sexes, seasonal variations, geographies, ethnicities, diets, and lifestyles (Gupta et al., 2017; Koliada et al., 2020; Koliada et al., 2021). Hence, this systematic review was conducted to comprehensively assess the diversity and abundance of the gut microbiome in patients with IgAN compared with non-IgAN individuals.



Materials and Methods


Design and Registration

This systematic review was registered prospectively at PROSPERO (CRD42022304034) and reported according to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 statement (Supplementary Table S1) (Page et al., 2021).



Search Strategy

Eligible studies comparing the gut microbiome between patients with IgAN and non-IgAN individuals before March 1, 2022, were systematically searched from the following databases and registers: PubMed, Embase, Web of Science (WOS), Cochrane Library, China National Knowledge Infrastructure (CNKI), and ClinicalTrials.gov. A combination of MeSH with free text search was applied using the keywords gut microbiome, IgAN, and their associated subject words. The specific retrieval strategies are detailed in Supplementary Table S2.



Eligible Criteria and Outcome Measures

Studies eligible for inclusion were original research that compared the diversity and composition of gut microbiome between biopsy-proven IgAN patients and healthy controls or non-IgAN persons. Exclusion criteria were as follows: (i) study included secondary IgAN or end-stage renal disease; (ii) unavailable data of gut microbiome.

The primary outcomes were as follows: (i) alpha- and beta-diversity; (ii) gut microbiome composition. Alpha diversity was evaluated to describe the community richness and diversity of gut microbiota. The Chao1 index, ACE index, and number of observed species/operational taxonomic units (OTUs) are estimated for microbial richness, whereas the Shannon and Simpson indices are calculated for microbial diversity. Beta diversity is a comparative analysis of microbial composition differences between patients with IgAN and controls. The secondary outcome of interest was the association of microbial signature and characteristics of IgAN.



Study Selection and Data Extraction

The study selection and data extraction were independently performed by two reviewers (SS. H and Y. L) and disagreements were solved according to the decision of a third investigator (Y. W). The following data were extracted: first author, year of publication, location, design of study, baseline characteristics for all cohorts (sample size, age, sex, estimated glomerular filtration rate [eGFR] or serum creatinine level, urinary protein excretion), DNA extraction method, sequencing platform, bioinformatics pipelines, and outcomes.



Quality Assessment

The Newcastle-Ottawa Scale (NOS) for the case-control study was adopted for quality assessment (Wells et al.). This scale consists of three dimensions with eight items, including selection, comparability, and exposure. The selection module contains four questions, including adequate definition of cases, representativeness of cases, selection of controls, and definition of controls. Comparability focuses on the controls of confounding factors. As the assessment of exposure, ascertainment of exposure, same method of ascertainment, and non-response rate should be answered. A maximum of nine scores can be awarded for a study, including one score for each item of the selection and exposure categories, and a maximum of two scores for comparability. A total score of ≥ 7 was considered as high quality (Suriyong et al., 2022).



Data Synthesis and Analysis

For quantitative synthesis, the differences in bacterial diversity indices and relative abundances between patients with IgAN and non-IgAN individuals were estimated using standardized mean difference (SMD) and 95% confidence intervals (CIs). Heterogeneity was assessed utilizing Cochran I2 test, which was considered significant when P < 0.10 or I2 > 50% (Higgins et al., 2003). A fixed-effects model or a random-effects model meta-analysis was performed to calculate pooled SMD based on heterogeneity. Sensitivity analysis was conducted by omitting each study in turn.

For qualitative data analysis, the number of studies reporting statistically significant differences between IgAN group and control group for each prespecified outcome were recorded. We also carried out a funnel plot to compare the proportion of studies reporting significantly higher or lower relative abundances of specific intestinal bacteria, using the funnelR script and calculating a binomial Poisson distribution score2 with significant levels set at 50%, 80%, and 95% CIs (Woodall et al., 2022). Considering that several factors are associated with human gut microbiota composition, such as age, sex, seasonal variation, geography, ethnicity, diet, and lifestyle (Gupta et al., 2017; Koliada et al., 2020; Koliada et al., 2021), we further performed sensitivity analyses of matched confounding factors for the quantitative synthesis and qualitative analysis. Statistical analysis and graphical presentation were implemented by Stata (version 14.0), RStudio (Open source edition 2021.09.2), and GraphPad Prism (version 8.0).




Results


Characteristics of Included Studies

A total of 269 studies were retrieved from PubMed, Embase, WOS, CNKI, Cochrane Library, and ClinicalTrials.gov, 11 studies were finally included after eliminating duplications and screening in accordance with the pre-designed criteria (De Angelis et al., 2014; Dong et al., 2020; Hu et al., 2020; Zhong et al., 2020; Chai et al., 2021; He et al., 2021; Sugurmar et al., 2021; Tian et al., 2021; Weng et al., 2021; Wu et al., 2021; Ya et al., 2021). The detailed process of study identification is displayed in the PRISMA flow diagram (Figure 1).




Figure 1 | PRISMA flow diagram of study identification.



The characteristics of included studies are described in Table 1, which were 11 cross-sectional studies published between 2014 and 2021, yielding 652 individual fecal samples for microbiome analyses. Nine studies were conducted in China (Dong et al., 2020; Hu et al., 2020; Zhong et al., 2020; Chai et al., 2021; He et al., 2021; Tian et al., 2021; Weng et al., 2021; Wu et al., 2021; Ya et al., 2021), one in Malaysia (Sugurmar et al., 2021), and one in Italy (De Angelis et al., 2014). All the gut microflora analyses were compared between patients with IgAN and healthy controls, who were adjusted with age and gender, additionally, body mass index (BMI) and dietary habits were also matched in seven studies (Dong et al., 2020; Hu et al., 2020; Chai et al., 2021; He et al., 2021; Sugurmar et al., 2021; Weng et al., 2021; Wu et al., 2021) and four studies (Hu et al., 2020; Zhong et al., 2020; Sugurmar et al., 2021; Wu et al., 2021). All the studies excluded the participants who were treated with antibiotics and/or probiotics within 1 to 3 months before stool collection. All the studies reported the collection and storage of fecal samples. Fresh stool samples were collected in containers and immediately stored at -80°C [five studies described “sterile” (De Angelis et al., 2014; Hu  et al., 2020; Tian et al., 2021; Weng et al., 2021; Zhong et al., 2020)]. The amplified region of 16S rRNA gene (16S) was V3-V4 in nine studies (Dong et al., 2020; Hu et al., 2020; Zhong et al., 2020; Chai et al., 2021; He et al., 2021; Sugurmar et al., 2021; Tian et al., 2021; Wu et al., 2021; Weng et al., 2021) and V1-V3 in one study (De Angelis et al., 2014), one study did not specify the amplified region (Ya et al., 2021). Sequencing platforms from Illumina were used in nine studies (Dong et al., 2020; Hu et al., 2020; Zhong et al., 2020; He et al., 2021; Sugurmar et al., 2021; Tian et al., 2021; Weng et al., 2021; Wu et al., 2021; Ya et al., 2021). Ribosomal database project (RDP) was the most used bacterial and archaeal rRNA database for taxonomic assignments of sequence data (De Angelis et al., 2014; Dong et al., 2020; Hu et al., 2020; Zhong et al., 2020; He et al., 2021; Sugurmar et al., 2021; Wu et al., 2021).


Table 1 | Studies characteristics and quality assessments of included studies.



All the studies consecutively included biopsy-proven IgAN, and at least matched age and sex between IgAN group and control group. Six studies were awarded NOS scores of nine (De Angelis et al., 2014; Dong et al., 2020; Hu et al., 2020; Chai et al., 2021; He et al., 2021; Weng et al., 2021). Five studies were given eight scores, because they did not report the details of recruitment for controls (Zhong et al., 2020; Sugurmar et al., 2021; Tian et al., 2021; Wu et al., 2021; Ya et al., 2021). Two independent cohorts were set in the study by He et al., which were the cohorts matched with age, sex, and BMI, and the other cohorts recruited without selection (He et al., 2021). NOS scores were assessed as 9 and 7, respectively.



Primary Outcomes


Alpha- and Beta- Diversity

At the individual study level, 10 studies reported the observed species or OTUs. Compared with healthy controls, only one study showed an increased observed species in patients with IgAN (Tian et al., 2021), three studies reported significant decreased OTUs (De Angelis et al., 2014; Dong et al., 2020; Hu et al., 2020), and unchanged OTUs were reported in five studies (Chai et al., 2021; Sugurmar et al., 2021; Weng et al., 2021; Wu et al., 2021; Suriyong et al., 2022). The ACE index was found to be significantly higher in IgAN than in control in two studies (Dong et al., 2020; Tian et al., 2021), lower in one study (Hu et al., 2020), and not significantly changed in three studies (Zhong et al., 2020; Wu et al., 2021; Weng et al., 2021). One study indicated a significant increase of the Chao1 index in patients with IgAN compared with healthy controls (Dong et al., 2020), three studies showed a significant decrease (De Angelis et al., 2014; Hu et al., 2020; Weng et al., 2021), and five studies with six cohorts reported no significant differences (Zhong et al., 2020; Chai et al., 2021; Wu et al., 2021; He et al., 2021; Tian et al., 2021). The Shannon index, reported in nine studies, was found to be significantly higher in IgAN patients compared to healthy controls in one study (Weng et al., 2021), lower in three studies (De Angelis et al., 2014; Chai et al., 2021; Wu et al., 2021), and not significantly changed in five studies (Dong et al., 2020; Hu et al., 2020; Zhong et al., 2020; Sugurmar et al., 2021; Tian et al., 2021). As for the Simpson index, five of six studies showed no significant differences between patients with IgAN and healthy controls (Chai et al., 2021; Dong et al., 2020; Tian et al., 2021; Weng et al., 2021; Zhong et al., 2020), a significant increase in the IgAN group was observed by Wu et al. (2021) (Figure 2A).




Figure 2 | Qualitative analysis and meta-analysis of alpha- and beta- diversity of gut flora between IgAN and healthy control. (A) qualitative analysis; (B) meta-analysis; N, number of studies; n, number of participants.



The results of meta-analysis showed that there was no significant difference in any of the alpha-diversity index between patients with IgAN and healthy controls: OTUs (SMD=-0.31, 95%CI -1.11, 0.49, I2 = 85%), ACE index (SMD=0.21, 95%CI -0.26, 0.69, I2 = 58%), Chao1 index (SMD=-0.31, 95%CI -1.24, 0.61, I2 = 90%), Shannon index (SMD=-0.21, 95%CI -1.57, 1.15, I2 = 95%), and Simpson index (SMD=-0.12, 95%CI -0.53, 0.30, I2 = 47%) (Figure 2B). Considering the substantial heterogeneity, we performed sensitivity analyses via by omitting each study in turn, the results were stable.

Different from alpha-diversity, significant microbial dissimilarities between IgAN and healthy controls were reported in 10 cohorts in terms of beta-diversity (Figure 2A), using principal component analysis (De Angelis et al., 2014), principal coordinate analysis (Dong et al., 2020; Hu et al., 2020; Zhong et al., 2020; He et al., 2021; Tian et al., 2021; Weng et al., 2021; Wu et al., 2021), and non-metric multidimensional scaling (Chai et al., 2021; Tian et al., 2021).



Microbial Composition at Phylum Level

All the included studies reported the intestinal microbial composition at the phylum level (Figure 3A). The relative abundances of six phyla accounted for more than 99% of the total community, including Firmicutes, Bacteroidetes, Actinobacteria, Proteobacteria, Fusobacteria, and Verrucomicrobia. For Firmicutes, only one study observed a significantly increased abundance in patients with IgAN (Weng et al., 2021), two studies reported significantly decreased proportions (Zhong et al., 2020; Ya et al., 2021), and eight studies showed no significant differences between IgAN and healthy individuals (Figure 3A). Regarding Bacteroidetes, no significant differences in the relative abundance were found between IgAN group and control group in eight studies, two studies observed significantly higher abundances in IgAN (Zhong et al., 2020; Weng et al., 2021), whereas one study reported a significantly lower proportion of abundance in patients with IgAN (Wu et al., 2021). Actinobacteria (Chai et al., 2021; Weng et al., 2021) and Proteobacteria (Dong et al., 2020; Wu et al., 2021) were reported to have significantly higher abundances in IgAN groups compared to the control groups in two studies, whereas a significantly lower proportion of relative abundance was found in IgAN patients in one study each (Zhong et al., 2020; Weng et al., 2021), no statistically significant differences were observed in the remaining studies. The relative abundances of Fusobacteria were found to be significantly higher among IgAN patients in four studies (Hu et al., 2020; Zhong et al., 2020; Sugurmar et al., 2021; Tian et al., 2021), whereas a lower proportion of abundance in IgAN group was reported in one study (Dong et al., 2020). For Verrucomicrobia, 10 studies did not find significant differences between sufferers of IgAN and healthy controls, and one study observed a higher abundance in IgAN group (Ya et al., 2021).




Figure 3 | Comparison of gut microbial composition between IgAN and healthy control at the phylum level. (A) qualitative analysis; (B) meta-analysis; (C) Wilcoxon rank-sum test of average abundances at study level; (D) T-test of average abundances at study level.



The meta-analyses on the basis of four studies also showed no differences between IgAN and healthy persons at phylum level (Firmicutes, SMD=0.42, 95%CI -0.35, 1.18; Bacteroidetes, SMD=0.09, 95%CI -0.55, 0.72; Actinobacteria, SMD=0.45, 95%CI -0.31, 1.20; Proteobacteria, SMD=-0.28, 95%CI -1.36, 0.79; Fusobacteria, SMD=0.15, 95%CI -0.20, 0.50; Verrucomicrobia, SMD=0.11, 95%CI -0.24, 0.46) (Figure 3B; Supplementary Figure S1). Sensitivity analyses indicated stable results, except that in Actinobaheteria. When one study was excluded (Tian et al., 2021), the synthetic estimate showed statistical differences (SMD=0.75, 95%CI 0.03, 1.47), however, the heterogeneity was still substantial (I2 = 74%) (Supplementary Figure S2).

We also compared the reported average abundance of each phylum at the study level, using paired t-test and Wilcoxon rank-sum test. Proteobacteria was found to have a higher average proportion of abundance in patients with IgAN compared to healthy persons, and Bacteroidetes showed a lower abundance in IgAN, however, statistical differences were not reached (Figures 3C, D).



Microbial Composition at Genus Level

All the included studies reported the data of relative abundance between IgAN and healthy persons at the genus level. A total of 76 bacteria showed significant differences between the two groups. Escherichia-Shigella showed a higher relative abundance in patients with IgAN than in healthy persons in four studies (Dong et al., 2020; Hu et al., 2020; Ya et al., 2021; Zhong et al., 2020). Five genera, including Clostridium, Prevotella 9, Roseburia, members of Ruminococcaceae and Lachnospiraceae families, were found to be significantly lower in IgAN groups in at least three studies (Figure 4A; Supplementary Table S3). Opposite results were reported in five genera, including Streptococcus, Bacteroides, Megamonas, Bifidobacterium, and Enterococcus. The proportion of studies showed significantly changed abundances of each bacterium and the total number of reported studies did not exceed the upper 95%CI in any genus, according to the funnel plot (Figure 4B).




Figure 4 | Gut microbial composition between IgAN and healthy control at the genus level. (A) qualitative description; (B) the funnel plot, specified score2 confidence limits are showed at 50% (red line), 80% (orange line) and 95% (blue line).



Available data from four studies were used for meta-analysis, Streptococcus (SMD=0.47, 95%CI 0.001, 0.94) and Paraprevotella (SMD=0.35, 95%CI 0.08, 0.62) were found to have higher abundances in patients with IgAN than in healthy individuals; the genus Fusicatenibacter was found to have a lower proportion among IgAN sufferers than among healthy individuals (SMD=-0.43, 95%CI -0.84, -0.03) (Figure 5). Although the direction of estimates did not change, the statistical differences disappeared in sensitivity analyses for the three genera (Supplementary Figure S2).




Figure 5 | Forest plot for differences in gut flora between patients with IgAN and healthy controls.






Secondary Outcome

Spearman correlation between fecal microbiota and clinical parameters of IgAN was reported in two studies (Dong et al., 2020; Hu et al., 2020). The genera, Blautia, Veillonella, Anaerostipes, and Bifidobacterium were found to have a positive association with eGFR, but Escherichia-Shigella, Sneathia, Plesiomonas, and Defluviitaleaceae were negatively correlated with eGFR. The enrichments of Escherichia-Shigella, Sneathia, Parabacteroide, Defluviitaleaceae, and Anaerotruncus were related to higher urinary protein excretion in IgAN, whereas Rectale was negatively correlated with urinary protein. Patients with hematuria <10/HP were found to have lower abundances of Escherichia-Shigella (Zhong et al., 2020). One study showed that Prevotella-7 was negatively associated with Gd-IgA1 (Zhong et al., 2020).



Sensitivity Analysis of Matched Confounding Factors

All the included studies have matched age and sex between patients with IgAN and healthy controls, and most studies (10/11) were conducted in Asia. Seven studies reported the timeline for recruiting subjects across summer and winter, and four studies did not describe the specific time of fecal sample collection. Therefore, we performed an analysis of intestinal flora in diet and lifestyle matched cohorts based on four studies (Hu et al., 2020; Zhong et al., 2020; Sugurmar et al., 2021; Wu et al., 2021). Non-significant differences in alpha-diversity and significant dissimilarities of gut bacteria between IgAN and healthy individuals were found (Supplementary Figures S3A, B). There were no significant differences in intestinal bacteria abundances between IgAN and healthy persons at the phylum level (Supplementary Figures S3C–F). Escherichia-Shigella showed a significantly higher abundance in patients with IgAN than in healthy controls in two studies (Hu et al., 2020; Zhong et al., 2020). Three genera, including Prevotella 9, members of Ruminococcaceae family, and Coprococcus were found to be significantly lower in IgAN in at least two studies (Supplementary Figure S3G). These results were consistent with the findings from the qualitative and quantitative analyses of all the included 11 studies.




Discussion

The gut-kidney axis comes central to the pathogenesis in IgAN, and gut dysbiosis has been proven closely associated with IgAN (Coppo, 2018). This is the first systematic review comparing the differences in gut microbiome between patients with IgAN and healthy individuals involving 11 studies and 652 participants. Although we did not find significant differences in the diversity and enrichment of intestinal bacteria according to the alpha-diversity indexes of OTUs, ACE, Chao1, Shannon, and Simpon, the beta-diversity consistently showed significant microbial dissimilarities between IgAN and healthy persons, indicating gut dysbiosis of IgAN. More specifically, at the phylum level, we found an increase of Proteobacteria, but a decrease of Bacteroidetes among patients with IgAN, which is consistent with the subgingival microbiome of IgAN sufferers (Cao et al., 2018), although the difference was not statistically significant. At the genus level, Streptococcus and paraprevotella showed a higher proportion in cases of IgAN compared to healthy individuals, whereas, Fusicatenibacter showed a lower proportion according to meta-analysis. Qualitative analyses suggested that Escherichia-Shigella might be increased in IgAN patients because four studies reported higher relative abundances and three studies showed no significant differences when compared with healthy controls. The genera, Clostridium, Prevotella 9, Roseburia, members of Ruminococcaceae and Lachnospiraceae families, were found to be decreased in patients with IgAN in at least three studies, but no reports of increased abundances compared to healthy individuals.

The enrichment of Proteobacteria is considered a potential microbial diagnostic signature of dysbiosis and increases the risk of host diseases (Shin et al., 2015). Proteobacteria was also found to have a higher abundance of circulating microbiome profile in patients with chronic kidney disease (CKD) than healthy controls and correlated inversely with eGFR (Shah et al., 2019). Additionally, the abundances of Proteobacteria were depleted in two cases with IgAN, which showed alleviation of proteinuria after fecal microbiota transplantation (Zhao et al., 2021). The abundances of Streptococci, Paraprevotella, and Escherichia-Shigella probably increased in gut microbiota of patients with IgAN according to our meta-analysis and qualitative analysis. Streptococcal antigens binding with IgA were found to be deposited in renal tissue of patients with IgAN (Schmitt et al., 2010); additionally, IgAN is often induced or aggravated after suffering upper respiratory tract infection or gastrointestinal tract infections. This evidence indicated the potentially harmful role of Streptococcus in the pathological mechanism of IgAN. Escherichia-Shigella is a gram-negative, oxidase-negative, rod-shaped bacterium from the Proteobacteria phylum, which can result in intestinal infection under conditions (Wu et al., 2020; van den Beld et al., 2022). An increase of Escherichia-Shigella may cause local infection and activate gut immune responses, leading to the excessive synthesis of IgA (Tao et al., 2019). Moreover, patients with IgAN enriched with Escherichia-Shigella in the gut had higher urinary albumin excretion rate, worse hematuria, and lower eGFR (Hu et al., 2020; Zhong et al., 2020). The increase of Escherichia-Shigella also exacerbated gut leakiness by reducing butyrate biosynthesis and increasing oxidative stress to penetrate the intestinal epithelial barrier (Croxen et al., 2013). Paraprevotella was also found to be enriched in the fecal samples of patients with CKD, and to be superior in discriminating CKD from the healthy individuals (Li et al., 2019). Many intestinal bacteria have been shown to be associated with the production and metabolism of various short-chain fatty acids (SCFA). SCFAs have been documented as having important roles in maintaining health, such as acting as a nutrient source of the gut epithelium, protecting the intestinal mucosal barrier, and inhibiting inflammation (Zhang et al., 2015). SCFAs, especially acetate and butyrate, were found to inhibit the proliferation of glomerular mesangial cells and oxidative stress induced by lipopolysaccharides and high glucose in vitro (Huang et al., 2017). Patients with IgAN and CKD were found to have decreased levels of SCFAs (Felizardo et al., 2019). Some genera with lower abundances in cases of IgAN compared with healthy controls, according to our results, including Clostridium, Prevotella 9, Roseburia, members of Ruminococcaceae and Lachnospiraceae families, were confirmed as important bacteria involving the production and metabolism of SCFAs (Baxter et al., 2019; Fei et al., 2020; Sun et al., 2022; Wu et al., 2020; Xie et al., 2021). Barnesiella is one of the most abundant genera that has anti-inflammatory protective effects, which were also decreased in patients with IgAN, according to our results (Weiss et al., 2014). A chimeric fusion of Fc segment of human IgG1 and AK183, which is an IgA protease from the genus Clostridium, was found to promote renal clearance of IgA and obliteration of blood IgA and remove C3 deposits in the glomerulus (Xie et al., 2022). Therefore, the findings of this study demonstrated the gut dysbiosis of IgAN, characterized by an increase of pathogenic bacteria and a decrease of beneficial bacteria, especially the SCFA-associated species.

The strength of this systematic review is that we conducted a comprehensive search to ensure all relevant studies reporting the gut microbiome between IgAN and non-IgAN individuals. All the included studies adopted high throughput 16S sequencing to analyze the composition of intestinal flora. Additionally, patients who took medications that might result in modifications of gut microbiome before fecal specimen collection were excluded from all the selected studies. All the included studies had a NOS score of ≥ 8, suggesting high methodological quality.

Several limitations should be considered. First, the sample sizes of included studies are relatively small, which might lead to more uncertainty and less precision in the findings. Second, meta-analyses can only be performed among five studies, because some studies did not report sufficient data on the diversity and relative abundance of the gut microbiome for quantitative synthesis, therefore, the results of this review might not be able to fully reflect the current evidence. Third, we did not perform a subgroup analysis stratified by ethnicity and pathological severity, due to the limited data, although these factors may influence the composition of intestinal flora.



Conclusions

In conclusion, this study presents a comprehensive analysis of the intestinal microbiota in patients with IgAN, and showed significant differences in gut bacterial composition between IgAN and healthy individuals. Due to the potential limitation and substantial heterogeneity, high-quality studies with large sample sizes are needed to confirm the detailed gut dysbiosis of IgAN.
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While the mortality rates for many cancers have decreased due to improved detection and treatments, that of pancreatic cancer remains stubbornly high. The microbiome is an important factor in the progression of many cancers. Greater understanding of the microbiome in pancreatic cancer patients, as well as its manipulation, may assist in diagnosis and treatment of this disease. In this report we reviewed studies that compared microbiome changes in pancreatic cancer patients and non-cancer patients. We then identified which bacterial genera were most increased in relative abundance across the oral, pancreatic, duodenal, and faecal tissue microbiomes. In light of these findings, we discuss the potential for utilising these bacteria as diagnostic biomarkers, as well as their potential control using precision targeting with bacteriophages, in instances where a causal oncogenic link is made.
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Introduction

Cancer is the leading cause of death world-wide and an ever-increasing barrier to improving life expectancy (Bray et al., 2021). Due to low-survival and poor outcomes in the past decade, pancreatic cancer has been identified as the emerging cancer of most concern as it remains the only major cancer type in the European Union and the UK showing no signs of an overall fall in mortality trends (Carioli et al., 2021). While it has a relatively low incidence rate globally, pancreatic cancer is the seventh leading cause of cancer-related death and remains a lethal disease. Despite the advances in anti-cancer therapies, patients with pancreatic cancer have poor survival prospects with a five-year survival rate of just 10% (Dahan et al., 2021). Worldwide, there were 495,773 new diagnoses of pancreatic cancer in 2020 and 466,003 deaths (Sung et al., 2021). The highest incidence of pancreatic cancer is found across Europe, with new diagnoses ranging from 7-9 cases per 100 000 population. The lowest numbers are seen in parts of Africa and South-Central Asia, where incidence is recorded to be between 1-4 cases per 100, 000 population (Rawla et al., 2019; Sung et al., 2021). Figure 1 depicts estimated numbers of cases in the world in 2020, with predictions to 2040, for pancreatic cancer.




Figure 1 | Current and projected worldwide estimations of pancreatic cancer cases (Reproduced from https://gco.iarc.fr/).



In pancreatic cancer, surgery remains the curative treatment. However, 90% of the patients with stage I and stage II disease relapse and do not survive (Hartwig et al., 2013). While adjuvant chemotherapy (gemcitabine with erlotinib or 5 – fluorouracil and cisplatin) and radiotherapy have been evaluated in treatment of pancreatic cancer, these regimes remain controversial, and without additional survival benefits, compared to surgery (Moore, 2005; Dahan et al., 2010; Hammel et al., 2016). Current research is underway into minimally invasive endoscopic deliveries such as 125I seeds (Jin et al., 2008), celiac neurolysis (Wyse et al., 2011), and fiducial placement for stereotactic body radiation therapy (Sanders et al., 2010). Immunotherapy phase I/II clinical trials have failed to show any positive effects in pancreatic cancer (Kaur et al., 2021). Therefore, pancreatic cancer remains difficult to treat. As such, more extensive research into biomarkers, new precision medicine, and multidisciplinary approaches, is required to optimise therapy for individual patients (Zhu et al., 2018).

Since Warren and Marshall’s pioneering work linking Helicobacter pylori (initially described as a spiral or curved bacilli related to Campylobacter spp.) with gastric cancer (Marshall and Warren, 1984), there has been an expansion of research investigating the roles of bacteria in oncogenesis and promotion of carcinoma growth. To date bacterial species have been implicated in the initiation or progression of a wide range of different types of cancer. Recently oral bacteria including Fusobacterium nucleatum have been linked to cancers distant from the oral cavity (Abed et al., 2020; Parhi et al., 2020). F. nucleatum and other oral bacterial species such as Prevotella heparinolytica and Peptostreptococcus anaerobius are now widely accepted as oncobacteria (Brennan and Garrett, 2019, Kabwe et al., 2021a, Rai et al., 2021).

Like many cancers, early diagnosis for pancreatic cancer is important for better treatment efficacy and prognosis (Yamada et al., 2021). However, only 8% of pancreatic cancer patients are initially diagnosed with localised resectable disease (De La Cruz et al., 2014). Screening and surveillance is recommended using endoscopic ultrasound (EUS) and MRI/magnetic retrograde cholangiopancreatography (Goggins et al., 2020). EUS coupled with fine needle aspiration (EUS-FNA) provides a more definitive diagnosis with the benefits of a biopsy (Cherian et al., 2010). However, for many asymptomatic patients with localised disease cytology examinations are usually negative (Masuda et al., 2022). Despite this, the cytology samples may provide an unexplored opportunity for microbiome sequencing and use of bacterial species as biomarkers for diagnosis.

Since minimally invasive EUS-FNA are incorporated into routine diagnostics, it is possible that applying genomic screening of the tumour microbiome may offer higher resolution than cytology as well as opportunities for treatment by manipulating the microbiome using specific antimicrobial solutions such as bacteriophages. Bacteriophages are viral predators of bacteria, whose actions are almost exclusively specific for their target host species (Clokie et al., 2011; Batinovic et al., 2019). There have been extensive reports and reviews on the application of bacteriophages in clinical scenarios (Genevière et al., 2021, Liu et al., 2021b, Pirnay et al., 2022; Satta et al., 2022). More recently, bacteriophage therapy has been successfully applied in human clinical trials, and on compassionate grounds for critically ill patients with resistant and difficult to treat infections, in Western countries (Vandenheuvel et al., 2015; Schooley et al., 2017; Dedrick et al., 2019; Maddocks et al., 2019). In some instances, these applications have resulted in complete bacterial elimination, a phenomenon not previously reported when using conventional antibiotics (Wunderink, 2019). Bacteriophage therapy has also been shown to be well tolerated and safe when administered intravenously (Petrovic Fabijan et al., 2020). Our previous work has reviewed the role of important oncobacteria, in many cancers, as well as introducing the prospect of using bacteriophages to negate the effects of the pro-oncogenic microbiome (Kabwe et al., 2021a). Although other means of manipulating the microbiome such as antibiotics, probiotics, prebiotics and faecal transplantation (Abdul Rahman et al., 2021) have been considered, all are usually nonspecific and offer varied results. For instance, with antibiotics there are problems such as resistance, and their incapacity to reach therapeutic levels to eliminate intracellular bacteria (Imbuluzqueta et al., 2010) or bacteria in biofilms (Hoiby et al., 2010). Further, they lack specificity for bacteria that promote cancer progression, and contribute to dysplasia (Boursi et al., 2015; Theochari et al., 2018; Dicks et al., 2019). Similarly, probiotics and faecal transplants may contain biological material that do not directly remove oncobacteria and pose the risk of transmitting pathogenic bacteria (Abdul Rahman et al., 2021). Bacteriophages, on the other hand, offer the possibility of precisely eliminating specific bacteria in the microbiome (Belizario and Napolitano, 2015; Clavijo and Florez, 2018; Gagliardi et al., 2018; Paule et al., 2018) and they overcome resistance from bacteria as they have done during co-evolution with their hosts over time (Shabbir et al., 2016).

There has been some research into manipulation of the microbiome in pancreatic cancer. Preclinical data have shown that intratumour bacteria metabolise gemcitabine to its inactive form in pancreatic cancer (Geller et al., 2017; Thomas, 2017; Geller and Straussman, 2018). A recent review of retrospective clinical data of antibiotic use in pancreatic cancer patients did not reveal any significant differences in patients with localised disease but showed significant improvement in survival in metastatic pancreatic patients by at least 2-3 months when patients received gemcitabine-based chemotherapy as first-line therapy (Mohindroo et al., 2021). However, antibiotic use creates clinical problems in pancreatic cancer treatment. A recent analysis of the comparator arm of the MPACT trial (NCT01442974) showed that use of antibiotic therapy was associated with grade 3 or above haematological and gastrointestinal adverse events in patients treated with gemcitabine for metastatic pancreatic cancer (Corty et al., 2020). Scope therefore exists for antimicrobial therapy that targets cancer promoting bacteria and negates chemotherapy resistance and adverse events associated with antibiotic use. Bacteriophage use in cancer therapy is not a new concept, first suggested by Bloch in 1940 (Budynek et al., 2010). Recent studies in this area include the finding that bacteriophage EFA1 was able to eliminate and negate the proliferative effects of Enterococcus faecalis on colon cancer cells (Kabwe et al., 2021b). In other work, azodibenzocyclooctyne-modified irinotecan loaded dextran nanoparticles were covalently linked to azide-modified Fusobacterium bacteriophages. This construct, a bacteriophage-guided biotic–abiotic hybrid nanosystem, was used to deliver the encapsulated chemotherapy and eliminate intratumour F. nucleatum in piglets, without significant changes in haemocyte counts, immunoglobulin and histamine levels, or liver and renal functions (Zheng et al., 2019).

In this study, we reviewed bacteria that have increased relative abundance in patients with pancreatic cancer, including bacteria in the pancreatic tumour microenvironment itself. However, extending the investigation to tissues upstream and adjacent to the pancreas is also important. This is because in many systemic diseases the state of the oral cavity often predicts the health of an individual (Rautemaa et al., 2007), and the majority of oncobacteria are often of oral origin (Kabwe et al., 2021a). Therefore, exploration of the oral microbiome changes in pancreatic cancer is important. Further, due to retrograde bacterial migration from the duodenum to the opening of the pancreatic duct, the microbiome of the duodenum may provide data on predicting pancreatic cancer development (Geller et al., 2017). The microbiome of stools is also commonly assessed. Analysis of the microbiome in these sites provides minimally invasive opportunities for potential diagnosis of pancreatic cancer. At the same time, bacteria whose relative abundance is increased may be specifically targeted by precision antibacterial therapy such as can be offered by bacteriophages. Such possibilities are discussed in this study.



Methods

We performed a systematic literature review to identify the important bacteria in the microbiome of pancreatic cancer patients. We searched PubMed central (PMC), Medline and Web of Science for studies that compared microbiome composition of pancreatic cancer patients to non-pancreatic cancer patients up to October 2021. We used the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) method, as previously described. (Liberati et al., 2009). The search terms were: (“Fine needle” OR “FNA” OR “FNB”) AND pancreatic microbiome; (“phage” OR “bacteriophage”) AND pancreatic microbiome; Pancreas AND bacteriophages; Pancreas AND microbiome; and Pancreas AND virome. Articles were tracked using Microsoft Excel, removing duplicates and screening firstly by title, then abstract screening and finally screening the full text. All references were managed using the Endnote X9 reference manager.


Inclusion Exclusion Criteria

The study selection included English-written articles investigating global abundance of different bacteria genera and species across a patient sample in comparison to matched non-pancreatic cancer patients or tissues. The characteristics of studies excluded were: reviews, languages other than English, studies on biomarkers other than microbiome, microbiome in non-cancer/non malignancy, animal studies, abstracts and posters, antibiotic use, bacterial species-specific PCR amplification studies, studies describing phyla only, studies without non-malignant controls.




Results


Studies Identified

A total of 887 articles were identified from the search strategy. The initial title screening eliminated 841 articles to leave 46 for abstract assessment. From the abstracts, 26 were eliminated based on the exclusion criteria and a further 12 articles were excluded on examination of the full text, leaving eight articles to be incorporated into the analysis (Figure 2).




Figure 2 | Flow diagram of documents selection for review on identifying bacteria whose relative abundance was significantly different in pancreatic cancer patients compared with healthy normal controls. Records were sourced from Medline, PMC and Web of Science up to October 2021.



Some of the studies that were reviewed undertook prospective recruitment of participants while others utilised tissue samples that were available in their institutional biobanks. Only one study reported both the number of participants and number of samples examined (Del Castillo et al., 2019): the authors recruited 76 participants, whose ethnicities were described as Caucasian (72), black (2) and other (2). Among these participants, there were 50 patients with pancreatic cancer. The authors examined 189 tissue samples (pancreatic duct, duodenum, pancreas), 57 swabs (bile duct, jejunum, stomach), and 12 stool samples (Del Castillo et al., 2019) (Table 1).


Table 1 | Results from studies investigating bacterial relative abundance in pancreatic tumour patients and pancreatic tumour samples.



Another American report described a case-control study comparing bacterial profiles from 63 pancreatic cancer patients and 63 healthy controls, with 57 in each group denoted as Caucasian, as well as five African Americans and one unknown in the healthy participants; four African Americans and two unknown in the patient cohort (Kohi et al., 2020). Other studies that listed the number of participants were from the United Kingdom (UK) and China, however, ethnicity of the participants wasn’t noted. The UK study recruited 17 participants of which nine had pancreatic cancer (Masi et al., 2021). There were three Chinese studies; Mei et al. recruited nine pancreatic cancer patients and eight controls (Mei et al., 2018), Ren et al, collected 85 pancreatic cancer patients and 57 matched healthy controls (Ren et al., 2017) while the other study recruited 80 patients and 69 healthy controls from the community (Wei et al., 2020) (Table 1).

The remaining two studies utilised biobanks and analysed large numbers of samples. These included 361 samples of incident adenocarcinoma of the pancreas and 371 matched controls, from two prospective cohort studies: the American Cancer Society Cancer Prevention Study II and the National Cancer Institute Prostate, Lung, Colorectal, and Ovarian Cancer Screening Trial (Fan et al., 2018). The other study to utilise biobanks analysed 1526 samples across seven cancer types (tumours and their adjacent normal tissues), of which 67 were from pancreatic cancer patients (Nejman et al., 2020) (Table 1).



Bacteria With Significantly Increased Relative Abundance

Eight studies were identified as having compared microbiome sequence data from pancreatic cancer patients with that from non-pancreatic cancer patients. These studies compared the microbiomes of the oral cavity, pancreas, duodenum, and stools (Figure 3). They identified specific bacteria in the tissues examined to be a signature of pancreatic cancer, and our review collated this data, and indicated that a range of bacteria had their relative abundances increased in this disease. Our findings identified seven bacterial genera whose relative abundance was increased in more than one anatomic site (highlighted in bold in Figure 3). Selenomonas were increased in three of four sites reviewed including the pancreas (Del Castillo et al., 2019), the duodenum (Del Castillo et al., 2019) and stools (Ren et al., 2017). Porphyromonas were increased in the pancreas (Del Castillo et al., 2019) and oral cavity (Fan et al., 2018). Fusobacterium were increased in the pancreas (Del Castillo et al., 2019; Nejman et al., 2020; Masi et al., 2021) and the duodenum (Kohi et al., 2020). Enterobacter, Klebsiella and Prevotella were all increased in the pancreas (Nejman et al., 2020) and stools (Ren et al., 2017), while Rothia were increased in the duodenum (Kohi et al., 2020) and the oral (Wei et al., 2020) microbiomes.




Figure 3 | Bacterial genera increased in relative abundance in the microbiome of the oral cavity, pancreas, duodenum, and stools of pancreatic cancer patients, compared to samples from people without pancreatic cancer. Bacteria whose relative abundance were increased in more than one site are highlighted in bold font. Created in Biorender.com






Discussion


Established Role of Keystone Bacteria Identified in Pancreatic Cancer Microbiomes

It has been proposed that oral bacteria may play a role in the causation of cancer locally and in distant organs, as these oncobacteria may traverse impaired blood vessels and circulate to colonise distant tissues where they promote cancer growth (Kostic et al., 2013; Abed et al., 2020; Kabwe et al., 2021a). For instance, it has been shown using murine models that Fusobacterium normally resident in gingival margins and the crypts of the tongue may spread through the circulatory system (Abed et al., 2020) as well as through the gastrointestinal tract (Kostic et al., 2013; Pushalkar et al., 2018) to the pancreas. As such, it may be expected that a particular bacterial species may be located in more than one of the oral, pancreatic, duodenal, and faecal microbiomes in cancer patients. In this systematic review of the literature, we identified seven bacteria genera whose relative abundance was increased in more than one of these anatomic sites (Figure 3). In the pancreas and oral cavity, Porphyromonas was increased; in the pancreas and the duodenum, Fusobacterium and Selenomonas were increased, while in the pancreas and stool, Enterobacter, Klebsiella, Prevotella and Selenomonas were all increased. Selenomonas was the only bacterial genus reported to have increased abundance in at least three of four sites explored. Rothia was the only bacterial genus that were increased in more than one site excluding the pancreas. These were increased in the duodenum and the oral microbiomes (Figure 3).

While microbiome sequencing studies are important in identifying potentially oncogenic bacteria, experimental evidence remains key to demonstrating their effects on cancer progression. It is also important to highlight that there are complex interactions within tissue microbiomes which may influence the initiation of cancers. Within this polymicrobial ecosystem there may be species that while not directly oncogenic, may promote the colonisation of a site by an oncobacterium, or others that protect bacteria from the host response. Our previous review on tissue microbiomes across several cancer types has revealed a range of different bacteria whose relative abundance was shown to be increased or decreased in the tumour microbiome, as well as those shown to attenuate, as well as promote oncogenicity (Kabwe et al., 2021). Fusobacterium is the most studied oncobacteria in diverse cancer types where mechanisms of oncogenicity have been elucidated (Slade, 2021). In pancreatic cancer, Porphyromonas gingivalis is the most studied, and data have shown in murine models that they are able to promote progression of pancreatic cancer (Chen et al., 2020; Gnanasekaran et al., 2020; Hiraki et al., 2020). Other experimental data have shown that the P. gingivalis may invade and promote proliferation of other cancer types including oral squamous cell carcinoma (Inaba et al., 2014; Geng et al., 2017; Chang et al., 2019; Hoppe et al., 2019; Yao et al., 2021), endothelial cancer (Crooks et al., 2021), colorectal carcinoma (Mu et al., 2020; Wang et al., 2021), oesophageal squamous cell carcinoma (Meng et al., 2019; Liang et al., 2020; Chen et al., 2021), and head and neck cancer (Utispan et al., 2018). Further, P. gingivalis has been shown to promote chemotherapy resistance to paclitaxel in oral squamous cell carcinoma (Song et al., 2019). The mechanisms by which P. gingivalis promotes gastrointestinal cancers including pancreatic cancer have been reviewed (Olsen and Yilmaz, 2019). As shown in Figure 4, its role in cancer commences with infection of epithelial cells, with the FimA fimbria as the main adhesion and invasive virulence factor (Nakagawa et al., 2002). This induces inflammation and disruption of the epithelial barrier through IL-9 induced CD4+ T cells (Sohn et al., 2022) whilst enhancing its intracellular survival through modulating reactive oxygen species production (Choi et al., 2013) and small RNA packaging in outer membrane vesicles (OMVs) (Liu et al., 2021a). Further, P. gingivalis has been shown to induce carcinogenesis by epithelial to mesenchymal transition (Inaba et al., 2014; Ha et al., 2015; Gao et al., 2016; Lee et al., 2017; Abdulkareem et al., 2018) and to promote cancer proliferation (Nakhjiri et al., 2001; Kuboniwa et al., 2008; Lin et al., 2013; Pan et al., 2014; Liang et al., 2020). P. gingivalis has also been shown to modulate the immune system, enabling survival of the tumours (Groeger et al., 2011; Groeger et al., 2017; Groeger et al., 2020; Adel-Khattab et al., 2021), as well as promoting chemotherapy resistance (Woo et al., 2017; Gao et al., 2021).




Figure 4 | Possible mechanisms for promotion of carcinogenesis by Porphyramonas, including infection, epithelial to mesenchymal transition, evasion of immune system, increased proliferation and chemotherapy resistance.



Apart from P. gingivalis however, there is no knowledge of how the other bacteria may influence the progression of pancreatic cancer. For some, there is evidence of the role they play in other cancer types (Table 2). F. nucleatum can travel via the blood stream (Abed et al., 2020) and lodge into distant tumours of the breast (Hieken et al., 2016; Smith et al., 2019), lung (Liu et al., 2018) and genitourinary tract (Audirac-Chalifour et al., 2016), where they colonise nascent tumours (Cavrini et al., 2005) or promote metastasis (Parhi et al., 2020). Further, tumours with an increased abundance of F. nucleatum have been associated with poor prognosis and chemotherapy resistance (Yamamura et al., 2016; Bullman et al., 2017; Kunzmann et al., 2019). Bacterial extracts from Enterobacter have been shown to inhibit myeloid leukemia HL-60 cells (Husain et al., 2016) and cervical cancer HeLa and SiHa cells (Zhao et al., 2015), as well as promoting NCM460 and CRL1700 colon cancer cells (Yurdakul et al., 2015). Prevotella have also displayed contrasting actions with P. heparinolytica shown to indirectly promote multiple myeloma while P. melaninogenica counters such effects (Calcinotto et al., 2018). Some Klebsiella species have been linked to cancer cachexia (Pötgens et al., 2018) and their production of colibactin induces tumourigenic effects in epithelial cells (Strakova et al., 2021). The other bacteria increased in the pancreatic tumour microenvironment included Capnocytophaga (Del Castillo et al., 2019), Citrobacter (Nejman et al., 2020), Haemophilus (Del Castillo et al., 2019), and Parvimonas (Del Castillo et al., 2019). Of these, Citrobacter rodentium has been shown to increase the proliferation of colon cancer and to activate cancer promoting biochemical pathways (Umar, 2012), and Haemophilus influenzae has been shown to increase the proliferation of k-ras positive lung adenocarcinoma (Jungnickel et al., 2017). There were no studies of Parvimonas or Capnocytophaga roles in cancer, although their prevalence has been reported to be increased in several different tumour microenvironments (Jolivet-Gougeon and Bonnaure-Mallet, 2021; Kabwe et al., 2021a). No research detailing the role of Selenomonas or Rothia in cancer progression has been reported either.


Table 2 | Potential significance of the bacteria whose relative abundance are increased in pancreatic cancer.





Implications for Diagnosis

Although the oral, duodenal and faecal microbiomes have been previously suggested as potential biomarkers in pancreatic cancer (Sun et al., 2020), our study has shown a diversity in the microbiome across these sites. For this reason, it may be difficult to select specific bacteria to use as biomarkers in these sites for application in pancreatic cancer diagnosis. Further, while some studies have identified bacteria to be increased solely in cancer patients, others have found increases also in non-cancer controls, or that their prevalence is not consistently increased in all tissues assayed. For instance, Porphyromonas were reported to have been increased in the duodenum (Mei et al., 2018) and oral microbiome (Wei et al., 2020) of healthy controls, and Selenomonas, Prevotella (Wei et al., 2020) and Fusobacterium (Fan et al., 2018) were all decreased in the oral microbiome of pancreatic cancer patients. It may be that the faecal, oral and duodenal microbiomes may not represent ideal biomarkers for pancreatic cancer. Further, they may not be specific enough as similar patterns across oral, gut, and intratumour microbiomes may be observed in many different tumour types (Kabwe et al., 2021a; Stasiewicz et al., 2021). As such, screening of the oral, duodenal or faecal microbiomes may not provide an accurate and specific diagnostic tool for pancreatic cancer. In contrast, the pancreatic tumour tissue microbiome may have diagnostic potential. However, more work is needed to establish this, as there is limited data to date. Other indirect serological methods may be considered, for instance, Michaud et al. (Michaud et al., 2013) found that individuals with high levels of circulating antibodies against P. gingivalis, had a significant two-fold higher risk of pancreatic cancer than individuals with lower levels of these antibodies (OR 2.14; 95% CI 1.05 to 4.36).



Potential for Targeting Keystone Bacteria Using Bacteriophage Therapy

Bacteriophages have been shown to have the capacity to disrupt biofilms (Lusiak-Szelachowska et al., 2020) and eliminate intracellular bacteria (Goswami et al., 2021). One key feature by which bacteria such as P. gingivalis promote their spread and colonisation is through outer membrane vesicles (OMVs) (Farrugia et al., 2020). OMVs increase the permeability of blood vessels allowing for systemic spread of the bacteria to colonise distant organs (Farrugia et al., 2020; Zhang et al., 2021) and such a mechanism may allow P. gingivalis to contribute to pancreatic cancer. It has also been suggested that OMVs may provide defence mechanisms, in that they act as decoys for bacteria to lure bacteriophages and the immune system in order to limit their effectiveness against the bacterial community (Manning and Kuehn, 2011; Reyes-Robles et al., 2018; Furuyama and Sircili, 2021). As such, prudent application of bacteriophages, such as in suppressing the bacterium in the oral cavity, may be warranted for potential therapy or prophylaxis against P. gingivalis in cancers. Bacteriophages also have the capacity to modulate the immune system (Van Belleghem et al., 2018; Popescu et al., 2021) which is an aspect being explored as a novel treatment for pancreatic cancer (Krishnamoorthy et al., 2020). Bacteriophages have been used to treat pancreatitis caused by multidrug resistant Acinetobacter baumanni (Schooley et al., 2017), indicating their capacity to treat invasive bacterial infection in this organ. To date, there have been no studies that have evaluated the use of bacteriophages for treatment of pancreatic cancer or modulation of its microbiome. Possible methods for delivery of bacteriophage have been summarised in Figure 5.




Figure 5 | Possible methods of bacteriophage delivery for manipulation of pancreatic cancer microbiome. Created in Biorender.com.



As shown in Figure 3, a range of bacteria genera have been identified with increased abundance in the pancreatic tumour microbiome. Of these, the potential exists for precision control of Klebsiella, as numerous bacteriophages against this genus have been isolated and fully characterised (Herridge et al., 2020). Fusobacterium have had only one lytic bacteriophage isolated and fully characterised (Kabwe et al., 2019). Other lytic bacteriophages against F. nucleatum (Machuca et al., 2010) and F. necrophorum (Tamada et al., 1985), as well as prophages against Fusobacterium varium (Andrews et al., 1997) and Fusobacterium symbiosum (Foglesong and Markovetz, 1974), have been described but not fully characterised. Lytic bacteriophages that target Citrobacter rodentium and Citrobacter freundii have also been isolated and characterised (Chaudhry et al., 2014; Edwards et al., 2015; Hwang et al., 2015; LeSage et al., 2015; Nguyen et al., 2015; Shaw et al., 2015; Tikhe et al., 2015; Hamdi et al., 2016; Mizuno et al., 2020). For H. influenzae and Haemophilus parasuis only prophages have been isolated and characterised (Jablońska et al., 1976; Williams et al., 2002; Zehr et al., 2012; Adamczyk-Popławska et al., 2020). To date there have been no bacteriophages found against Porphyromonas, Capnocytophaga, Enterobacter, Parvimonas, Prevotella, or Selenomonas. Bacteriophages are the most abundant organisms in the human body (Cani, 2018) and possibly in nature (Clokie et al., 2011), so efforts to isolate bacteriophages that target oncogenic bacteria are warranted. Metagenomic analysis of the phageome in the oral cavity has revealed an extensive resource that may yield suitable bacteriophages (Szafrański et al., 2019; Szafrański et al., 2021). No studies as yet have focussed on the pancreatic phageome.




Conclusion

We have identified some bacteria that need to be further investigated regarding their contribution to carcinogenesis in pancreatic cancer. Of these, we could only find experimental evidence that supports promotion of pancreatic cancer growth by Porphyromonas. There is need for more primary data to examine the role of other possible oncobacteria in the development and progression of pancreatic cancer. There is evidence that bacteriophages can access and treat multi-antibiotic resistant pancreatic infections. Studies into their role in pancreatic cancer or their capacity to manipulate the pancreatic tumour microbiome should accompany those elucidating the role of oncobacteria in these tumours. However, this will only be possible if more bacteriophages against these keystone bacteria are isolated.
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Backgrounds and Purpose

The theory of “entero-pulmonary axis” proves that pneumonia leads to gut microbiota disturbance and Treg/Th17 immune imbalance. This study is aimed to explore the potential mechanism of fecal microbiota transplantation (FMT) in the treatment of Pseudomonas aeruginosa pneumonia, in order to provide new insights into the treatment of pneumonia.



Methods

Pseudomonas aeruginosa and C57/BL6 mice were used to construct the acute pneumonia mouse model, and FMT was treated. Histopathological changes in lung and spleen were observed by HE staining. The expression of CD25, Foxp3 and IL-17 was observed by immunofluorescence. The proportion of Treg and Th17 cells was analyzed by flow cytometry. Serum IL-6, LPS, and IFN-γ levels were detected by ELISA. The expression of TNF-α, IFN-γ, IL-6, IL-2, Foxp3, IL-17, IL-10, and TGFβ1 in lung tissue homogenate was detected by qRT-PCR. 16S rRNA sequencing and non-targeted metabolomics were used to analyze gut microbiota and metabolism.



Results

Pseudomonas aeruginosa caused the decrease of body weight, food and water intake, lung tissue, and spleen injury in mice with pneumonia. Meanwhile, it caused lung tissue and serum inflammation, and Treg/Th17 cell imbalance in mice with pneumonia. Pseudomonas aeruginosa reduced the diversity and number of gut microbiota in pneumonia mice, resulting in metabolic disorders, superpathway of quinolone and alkylquinolone biosynthesis. It also led to the decrease of 2-heptyl-3-hydroxy-4(1H)-quinolone biosynthesis, and the enrichment of Amino sugar and nucleotide sugar metabolism. FMT with or without antibiotic intervention restored gut microbiota abundance and diversity, suppressed inflammation and tissue damage, and promoted an immunological balance of Treg/Th17 cells in mice with pneumonia. In addition, FMT inhibited the aerobactin biosynthesis, 4-hydroxyphenylacetate degradation, superpathway of lipopolysaccharide biosynthesis and L-arabinose degradation IV function of microbiota, and improved amino sugar and nucleotide sugar metabolism.



Conclusions

FMT restored the Treg/Th17 cells’ balance and improved inflammation and lung injury in mice with Pseudomonas aeruginosa pneumonia by regulating gut microbiota disturbance and metabolic disorder.





Keywords: gut microbiota, pseudomonas aeruginosa pneumonia, Treg/Th17 balance, metabolism, FMT



Introduction

Pneumonia is a heterogeneous and complex disease, which is a major source of illness and death worldwide (Pettigrew et al., 2021). The microbiological diagnosis of pneumonia is challenging and unattainable in a large proportion of cases (Jain et al., 2015). Empiric antibiotics focus on a selection of drugs to cover the main bacterial causes of the disease, whereas the threat of antimicrobial resistance suggests that these empiric and definitive treatments will increasingly be compromised in the coming decades (Metlay et al., 2019). A large number of studies have shown that lung diseases are closely related to gut microbiota. For example, normal upper respiratory tract and gut microbiota prevent pneumonia by preventing the colonization of potential pathogens and regulating the immune response (Zhang et al., 2020; Thibeault et al., 2021). The gut microbiota protects the host during infectious pneumonia by enhancing the phagocytic function of primary alveolar macrophages (Schuijt et al., 2016). Therefore, the gut microbiota regulation of bacterial infectious pneumonia may help to develop new treatment strategies.

Crosstalk between gut microbiota and the lungs, known as the “gut-lung axis,” is critical for immune response and homeostasis in the airways (Tan et al., 2020). Pneumonia may cause an imbalance between helper T (Th17) cells and regulatory T (Treg) cells, which not only plays an important role in the course of pneumonia, but also affects the external organs of the lungs, such as gut metabolism and amino acid metabolites (Liu et al., 2017; Sencio et al., 2020). Prophylactic synbiotics can also prevent ventilator-associated pneumonia in sepsis patients by regulating gut flora and environment (Shimizu et al., 2018). Therefore, exploring the changes in gut metabolism and T cell population ratio in mice with pneumonia can provide strong evidence for the treatment of lung diseases by the gut-lung Axis.

Fecal microbiota transplantation (FMT) can correct the ecological imbalance characterized by chronic C. difficile infection and achieve a seemingly safe, relatively inexpensive, rapid and effective cure in the vast majority of patients treatment (Brandt, 2013). FMT can also affect gut colonization of antibiotic-resistant bacteria in adults, showing potential benefits of non-colonization interventions (Tavoukjian, 2019). FMT can be used to treat inflammatory bowel disease by correcting underlying dysbiosis (Imdad et al., 2018). FMT is one of the main therapeutic strategies for regulating gut microbiota balance, but its role in pneumonia caused by Pseudomonas aeruginosa is still unknown (Furman et al., 2021; Yang et al., 2021). The purpose of this study was to study the role of gut microbiota and metabolism in Pseudomonas aeruginosa pneumonia, and to explore whether the improvement of gut microbial balance through fecal microbiota transplantation can mediate Treg/Th17 or not and thus improve the symptoms of pneumonia.



Materials and Methods


Construction and Grouping of Mouse Pneumonia Model

Twenty 8-week-old adult male C57/BL6 mice were used in this study, which were purchased from Hunan Slyke Jingda Experimental Animal Co., LTD. The whole use of animals was approved by the Medical Ethics Committee of The First Hospital of Changsha and conducted in strict accordance with the national institutes of health guidelines for the care and use of experimental animals (No.2021015). Mice were randomly divided into normal group (Control) and acute pneumonia group (Model), 10 mice/group. Acute pneumonia model in mice was constructed as follows (Felix et al., 2018; Tian et al., 2020): The head of the mouse was fixed on a board, which was tilted at an angle above 50 degrees from the horizontal plane. The front teeth were fixed with silk thread to straighten the neck. The neck hair of mice was removed and the surgical department was disinfected. The surgical scissors cut longitudinally the skin in the middle of the neck, blunt to separate the underlying skin muscles, and expose the muscles surrounding the trachea. Blunt separation of muscles laterally along the muscle longitudinal line exposes the trachea. The syringe was inserted into the trachea 0.5~1 cm towards the heart through the tracheal cartilage annulus, and then injected 75 μL 108 CFU/mL (7.5×106 CFU/mice) of Pseudomonas aeruginosa (ATCC 15692) was injected at a slow and uniform speed (van der Windt et al., 2012). Mice were erected and rotated along the longitudinal axis of the body for 3 mins to make the bacterial fluid evenly distributed in both lungs. After being sutured, the mice were placed on an electric blanket to wait for awakening, after which, their body weight, food intake and water intake of mice were measured every day for 7 days. The fecal sample was collected for 16S rRNA gene sequencing, Metabonomics analysis, and FMT. Spleen and lung tissue, as well as the peripheral blood samples were collected for subsequent analysis. Mice were euthanized by CO2 inhalation.



FMT

Forty 8-week-old male C57/BL6 mice were randomly divided into: pneumonia group (Model), pneumonia + FMT group (FMT), pneumonia + antibiotic group (ABX), pneumonia + antibiotic + FMT group (ABX_FMT), 10 mice/group. Broad-spectrum antibiotics [vancomycin (0.5 g/liter), Metronidazole (1 g/liter), and ampicillin (1 g/liter)] in drinking water were used to treat the mice to remove gut microbiota for 21 days, then FMT was transplanted in the ABX group and ABX_FMT group. Thereafter all mice were modeled with or without FMT and observed continuously for 7 days. The specific procedures of FMT were as follows (Schuijt et al., 2016): Faecal pellets from untreated mice were resuspended in PBS (1 faecal pellet/1 mL of PBS). For each experiment, several faecal pellets from different untreated mice were resuspended together in PBS. A total of 200 μL of the resuspended pool faecal material was given by oral gavage to pneumonia modeled mice over 4 consecutive days after antibiotic treatment. After the test, the fecal sample was collected for 16S rRNA gene sequencing and Metabonomics analysis. The body weight, food intake and water intake of mice were measured every day for 7 days. Spleen and lung tissue, as well as the peripheral blood samples were collected for subsequent analysis. The detailed methodology of the experiment was shown in Supplementary Figure 1.



16S rRNA Gene Pyrosequencing and Data Processing

In this study, Illumina Novaseq PE250 was used for 16S amplicon sequencing to obtain the original data. Qiime (QIIME2-2020.2) and R software (4.0.2) were used to calculate the alpha diversity index (R phyloseq package), visualization of microbial population (VennDiagram package), anosim dimension reduction analysis based on the Bray-Curtis distance (phyloseq/vegan package), and the difference analysis diagram of species abundance based on wald test (R DESeq2 package) (Caporaso et al., 2010; Wang et al., 2012). Microbiata functional enrichment was analyzed by the PICRUSt2 (https://github.com/picrust/picrust2) and MetaCyc databases (https://metacycorg/) (Caspi et al., 2020; Cayetano et al., 2021).



Metabonomics Analysis

LC-MS/MS analyses were performed using a UHPLC system (1290, Agilent Technologies) with a UPLC BEH Amide column (1.7 μm 2.1×100 mm, Waters) coupled to a TripleTOF 6600 (Q-TOF, AB Sciex) and QTOF 6550 (Agilent). MS raw data files were converted to the mzXML format using ProteoWizard and processed by the R package XCMS (version 3.2). The R package CAMERA was used for peak annotation after XCMS data processing. MetaboAnalyst (Pang et al., 2021) (https://www.metaboanalyst.ca/) and Kyoto Encyclopedia of Genes and Genomes (Kanehisa and Goto, 2000) (KEGG, https://www.kegg.jp/) were used for bioinformatics analysis.



Hematoxylin-Eosin Staining

Spleen and lung tissues were fixed in 4% paraformaldehyde, and then dehydrated by sucrose solution (20% and 30%). The tissues were dehydrated, embedded in paraffin, sliced successively with a paraffin slicer, connected to the treated slides, and baked at 60°C. Sections were stained with hematoxylin (Wellbio), washed with distilled water, and turned blue with PBS (Wellbio). After that, they were dyed with eosin (Wellbio) and rinsed with distilled water. And then, they were dehydrated with 95~100% gradient alcohol, sealed with neutral gum and observed under a microscope (Motic, BA210T).



Immunofluorescence

Lung tissue sections were treated for heat repair antigen and washed with 0.01M PBS (pH7.2~7.6) after cooling. The sections were added with 1% periodate acid to inactivate endogenous enzymes. Then the primary antibodies anti-CD25 (bs-0577R, 1:50, Bioss), anti-Foxp3 (22228-1-AP, 1:50, PTG) and anti-IL17 (13082-1-AP, 1:50, PTG) were incubated overnight at 4°C. The sections were dropped with 50-100 μL anti-rabbit-IgG labeled fluorescent antibody (SA00013-2, Proteintech) and incubated at 37°C for 30 min. The sections were visualized with DAB (ZSGB-Bio, China) substrates. The sections were stained, dehydrated, and sealed to be observed by a microscope (Motic, BA210T).



qRT-PCR

The total RNA was extracted from lung tissues by Trizol (V900483, Sigma). The concentration of total RNA was determined by a UV spectrophotometer. The mRNA Reverse Transcription Kit (CW2569, Kangweishi, Beijing, China) reversely transcribed RNA into cDNA. The expression of target genes was detected by UltraSYBR Mixture (CW2601, Beijing, China) and fluorescence quantitative RCP instrument (PIKOREAL96, Thermo). The 2-ΔΔCt and β-actin were used to calculate the relative expression of TNF-α, IFN-γ, IL-6, IL-2, IL-17, Foxp3, IL-10 and TGFβ1 genes in lung tissue. The gene primer sequences were shown in Table 1.


Table 1 | The primer sequences.





Flow Cytometry

Spleen tissue was collected and digested by enzymes to obtain the mononuclear cells suspension. Then the cells were purified by a monocyte isolation kit (P5390, Solarbio) and differential adherent method was utilized to obtain splenic monocytes. 1×106/100 μL cells were taken into a 1.5 mL EP tube, supplemented with culture medium and 1 μL Cell Stimulation Cocktail (Plus protein Transport inhibitors) 500× (00-4975-93, EBiosciences) in a 37°C incubator for 4h. Cells were washed with 1mL PBS, centrifuged at 350g for 5 min, and the supernatant was discarded. Fixation/Permeabilization (00-5123-43, eBiosciences) was concentrated by 1:3 in Fixation/perm Diluent dilution into 1× working liquid. Then resuspended cells at room temperature away from light to fix broken film for 30 min. The 10× Permeabilization Buffer was diluted with deionized water at 1:9 to 1× working solution to resuspended cells. The resulting resuspension was centrifuged at 350g for 5 min, and the supernatant was discarded. The cell precipitates were suspended with 100 μL PBS. Th17 cells were assays, respectively, with 0.125μg CD4 (11-0043-82, eBiosciences) and 0.125μg IL-17A (17-7177-81, eBiosciences), respectively. Treg cells were assays, respectively, with 0.125μg CD4 (11-0043-82, eBiosciences), 0.125μg CD25 (25-0251-82, eBiosciences) and 0.25μg Foxp3 (35-5773-82, eBiosciences), respectively. Subsequently, mixed them well and incubated for 30 min at room temperature away from light. The cells were resuscitated by PBS and detected by flow cytometry (A00-1-1102, Beckman).



ELISA

Peripheral blood samples of mice in different treatment groups were collected. Then the samples were centrifuged at 2-8°C 1000g to collect serum. Serum IFN-γ (CSB-E04578m, CUSABIO), IL-6 (CSB-E04639m, CUSABIO) and LPS (CSB-E13066m, CSB-E13066m, CUSABIO) were detected by the multifunctional analyzer (MB-530, HEALES) according to the manufacturer’s instructions. All samples were tested 3 times.



Data Statistics and Analysis

Graph Prism (version 8.0) and R software (version 3.1.0) were used for statistical analysis. Statistical significance between two groups within experiments was determined by unpaired two-tailed Student’s t-tests and among more than two groups using ANOVA. P<0.05 was considered statistically significant.




Results


Gut Microbiota Disorder and Functional Change Occurred in Mice With Acute Pneumonia

We used Pseudomonas aeruginosa to construct a mouse model of acute pneumonia finding that the weight of mice decreased, and the intake of food and water decreased significantly in the model group (Figures 1A–C). Gut microbiota sequencing analysis showed that the number and alpha diversity of gut microbiota were decreased in the model group (Figures 1D, E). The beta diversity index indicated significant differences between groups (Figure 1F). At the phylum level, the abundance of Firmicutes, Desulfobacterota, Campilobacterota, Actinobacteriota and Cyanobacteria were decreased, and the abundance of Proteobacteria, Verrucomicrobiota and Acidobacteriota were increased in the gut of mice in the model group (Figure 1G). Interestingly, at the genus level, the abundance of Lactobacillus, Muribaculaceae, Lachnospiraceae_NK4A136_group, Helicobacter and Alistipes were decreased, and the abundance of Bacteroides, Blautia, and Parabacteroides were increased in the gut of mice in the model group (Figure 1H). Microbial functional analysis revealed the superpathway of quinolone and alkylquinolone biosynthesis and 2-heptyl-3-hydroxy-4(1H)-quinolone biosynthesis pathways were significantly decreased in the gut microbiota of mice in model group (Figure 1I). These results suggested that gut microbiota in mice with pneumonia is disturbed, accompanied by a decrease in microbial diversity and number, and function changes.




Figure 1 | Gut microbiota and functional changed in mice with acute pneumonia (n=10 mice/group). (A–C) Body weight, food and water intake of mice were observed and monitored for 7 days. (D) Venn diagram showed changes in microbial population. (E) Alpha diversity index. (F) Beta diversity index. (G, H) The histogram showed microbiota abundance at the phylum and genus level. (I) The annotation of microbiota functional pathway. N=5 sample/group for 16S rRNA sequencing. *P < 0.05 vs Control group.





Metabolites and Functional Changes in Mice With Acute Pneumonia

Principal Component Analysis suggested that the samples in the control and model groups were significantly distinguished (Figure 2A). Comparison analysis of metabolite found that 2-Isopropylmalic acid, 2-HYDROXY-4-(METHYLTHIO)BUTANOATE, ADENINE, 3-Methylguanine, 7-Methylguanine, HOMOVANILLATE, 2,4-Dihydroxypyrimidine-5-carboxylic acid, OROTATE, URACIL 5-CARBOXYLATE, THREONINE, ALLOTHREONINE, 2,3-Pentanedione, Alpha-D-Glucose, Allose, D-Galactose, D-Tagatose, D-Glucose, D-Fructose, D-Mannose, INDOXYL SULFATE and L-Sorbose were significantly increased in model group (P<0.05) (Figures 2B, C). PALMITOLEATE, Methyllinoleate, Gentisic acid, 2,3-DIHYDROXYBENZOATE, 2-Pyrocatechuic acid, Protocatechuic acid, 2,5-DIHYDROXYBENZOATE, 2,4-Dihydroxybenzoic Acid, 3,4-DIHYDROXYBENZOATE and Citrulline were significantly decreased in model group (P<0.05) (Figures 2B, C). Functional annotation showed that Galactose metabolism, Fructose and mannose metabolism and Amino sugar and nucleotide sugar metabolism were significantly enriched (Figure 2D). In particular, C00984 (D-galactose), C00267 (alpha-D-glucose) and C02336 (D-Fructose) were significantly enriched in Amino sugar and nucleotide sugar metabolism (Figures 2B, D). These results suggested that the gut metabolite profile and function of acute pneumonia mice were altered and involved in the course of the disease.




Figure 2 | Gut metabolites and functional changed in mice with acute pneumonia (n=10 mice/group). (A) PCA analysis of sample differences between control group and model group. (B) Heatmap showed changes in metabolite abundance. (C) Volcanograms showed differential metabolites. (D) Bubble map showed metabolite functional pathways. N=5 sample/group for Non-targeted Metabolomics Sequencing.





Acute Pneumonic Mice Induced Systemic Inflammation and Treg/Th17 Cell Imbalance

The theory of “Lung homing T-cell” proved that continuous inhalation of antigen for 7 days in normal mice resulted in continuous presentation of lymph nodes, but not lungs (Wikstrom et al., 2010). Environmental stress induces a substantial re-distribution of T-cells within lymphoid and non-lymphoid organs (Kruger and Mooren, 2007). A uniform response pattern seems to exist with a decrease in lymphocyte numbers in the spleen which is accompanied by an increase in lymphocytes in lung, bone marrow and Peyer’s patches (Kruger and Mooren, 2007). The onset of acute pneumonia induced immune differentiation of CD4+T cells in the spleen of mice, accompanied by an increase in Th17 cell ratio and a decrease in Treg cell ratio, as well as a severe decrease in Treg/Th17 cell ratio (Figures 3A, B). Pathological observation showed that the lung tissue and spleen tissue of the control group were intact, and the nucleus was clearly visible, and the contrast between the nucleus and cytoplasm was distinct (Figure 3C). The lung tissue and spleen tissue of acute pneumonia mice were obviously damaged, and the nucleus disappeared, and the cytoplasm remained red (Figure 3C). Acute pneumonia increased the expression of TNF-α, IFN-γ, IL-6, IL-2 and IL-17 genes, and decreased the expression of Foxp3, IL-10, and TGFβ1 genes in lung tissue homogenate of mice (Figure 3D). Acute pneumonia also increased the levels of IL-6, LPS and IFN-γ in the serum of mice (Figure 3E). These studies demonstrated that lung and spleen tissue damage, increased systemic inflammation and dynamic imbalance of Treg/Th17 cells occurred in mice with acute pneumonia.




Figure 3 | Pseudomonas aeruginosa induced immune differentiation and inflammation of mice (n=10 mice/group). (A, B) The Treg and Th17 cells ratio in spleen tissues were analyzed by flow cytometry. (C) Histopathological changes of lung and spleen were observed by HE staining (100×). (D) The expression of TNF-α, IFN-γ, IL-6, IL-2, Foxp3, IL-17, IL-10 and TGFβ1 in lung tissue homogenate was detected by qRT-PCR. (E) Serum IL-6, LPS and IFN-γ levels were detected by ELISA. *P < 0.05 vs control group. Each sample was replicated 3 times.





FMT Improved Gut Microbial Diversity and Function in Mice With Acute Pneumonia

To investigate the role of gut microorganisms in mice with acute pneumonia, FMT was treated with or without antibiotic intervention. We found that FMT intervention evidently improved the weight, food intake and drinking water of mice with acute pneumonia (Figures 4A–C). ABX with or without FMT intervention reduced weight, food intake, and drinking water of mice with acute pneumonia (Figures 4A–C). Furthermore, ABX intervention significantly reduced the gut microbial number of mice with acute pneumonia (Figure 4D). FMT with or without antibiotic intervention significantly increased the number and diversity of gut microorganisms in mice with acute pneumonia (Figures 4D, E). At the phylum level, FMT has significantly reduced the abundance of Proteobacteria, Verrucomicrobiota and Acidobacteriota, and increased the abundance of Firmicutes, Desulfobacterota, Campilobacterota, Cyanobacteria and Actinobacteriota (Figure 5A). At the genus level, FMT significantly reduced the abundance of Lactobacillus, Bacteroides and Parabacteroides, and increased the abundance of Muribaculaceae, Lachnospiraceae_NK4A136_group, Alistipes and Helicobacter (Figure 5B). In addition, FMT with or without antibiotic intervention significantly inhibited gut microbiota’s aerobactin biosynthesis, 4-hydroxyphenylacetate degradation, superpathway of lipopolysaccharide biosynthesis and L-arabinose degradation IV pathways in mice with acute pneumonia (Figures 5C, D). These results suggested that FMT could improve the functional pathways related to gut microbial diversity in mice with acute pneumonia, which may be correlated with the diversity of aerobic or anaerobic microorganisms and LPS biosynthesis in mice with acute pneumonia.




Figure 4 | FMT improved physiological characterization and gut microbiota diversity in mice with acute pneumonia (n=10 mice/group). (A-C) Body weight, food and water intake of mice were observed and monitored for 7 days. (D) The quantitative analysis of common and endemic microbiota. (E) Alpha diversity index. N=5 sample/group for 16S rRNA sequencing.






Figure 5 | FMT improved the function of gut microbiota in mice with acute pneumonia. (A, B) The histogram showed microbiota abundance at the phylum and genus level. (C) Differences in gut microbial functional pathways between model group and FMT group. (D) Differences in gut microbial functional pathways between ABX group and ABX_FMT group. N=5 sample/group for 16S rRNA sequencing.





FMT Improved Metabolism and Function in Mice With Acute Pneumonia

FMT improved gut metabolic structure and significantly reduced D-galactose, Alpha-D-glucose and D-fructose abundance in mice with or without antibiotic intervention (Figures 6A, B). KEGG functional enrichment analysis indicated that FMT inhibited the biosynthesis of unsaturated fatty acids, fatty acid degradation and valine, leucine and isoleucine biosynthesis pathways in mice with acute pneumonia (Figure 6C). In the presence of antibiotics, FMT significantly inhibited Valine, Leucine and isoleucine biosynthesis (P =0.012), Amino sugar and nucleotide sugar metabolism (P =0.032) and Arginine and proline metabolism (P =0.036) in mice with acute pneumonia (Figure 6D). These results suggested that FMT was able to improve metabolism and function in mice with acute pneumonia.




Figure 6 | FMT improved gut metabolism and function in mice with acute pneumonia (n=10 mice/group). (A) Heatmap showed changes of metabolites in mice with acute pneumonia. (B) The abundance of D-galactose, alpha-D-glucose and D-Fructose metabolites. (C) KEGG annotation was used to analyze the metabolite functions of model group and FMT group. (D) KEGG annotation was used to analyze the metabolite functions of ABX group and ABX_FMT group. *P < 0.05 vs control group; #P < 0.05 vs ABX group. N=5 sample/group for Non-targeted Metabolomics Sequencing.





FMT Inhibited Inflammation and Restored Treg/Th17 Cell Balance in Mice With Acute Pneumonia

FMT reduced the proportion of Th17 cells but increased the proportion of Treg cells and Treg/Th17 in spleen tissue of mice with and without antibiotic intervention (Figures 7A, B). FMT reduced the expression of TNF-α, IFN-γ, IL-6, IL-2 and IL-17 genes, increased the expression of Foxp3, IL-10 and TGFβ1 genes in lung tissue homogenate (Figure 7C). FMT has also shown decreased the levels of IL-6, LPS and IFN-γ in the serum of mice with acute pneumonia (Figure 7D). These results suggested that FMT improved inflammation and Treg/Th17 cell imbalance in mice with acute pneumonia.




Figure 7 | FMT affected Treg cell differentiation and inhibits inflammation in mice with acute pneumonia (n=10 mice/group). (A-B) The Treg and Th17 cells ratio in spleen tissues were detected by flow cytometry. (C) The expression of TNF-α, IFN-γ, IL-6, IL-2, Foxp3, IL-17, IL-10 and TGFβ1 in lung tissue homogenate was detected by qRT-PCR. (D) Serum IL-6, LPS and IFN-γ levels were detected by ELISA. *P<0.05 vs control group; #P < 0.05 vs ABX group. Each sample was replicated 3 times.





FMT Promoted Immunity and Improved Lung Injury in Mice With Acute Pneumonia

With or without antibiotic intervention, the lung and spleen tissues of acute pneumonia mice in the FMT group were intact, the nucleus was clearly visible. At the same time, contrast between nucleus and cytoplasm was distinct (Figure 8A). Immunofluorescence staining showed that FMT increased the CD25 and Foxp3 expressions, and decreased the IL-17 expression in mice with and without antibiotic intervention (Figure 8B). These results demonstrated that FMT promoted Treg cell immunity and improved lung injury in mice with acute pneumonia.




Figure 8 | FMT improved tissue injury and immunity in mice with acute pneumonia (n=10 mice/group). (A) HE staining was used to observe the pathological injury of lung and spleen tissues (100×). (B) The expression of CD25, Foxp3 and IL-17 in lung tissues were detected by Immunofluorescence (400×). *P < 0.05 vs control group; #P < 0.05 vs ABX group. Each sample was replicated 3 times.






Discussion

Pneumonia is considered to be one of the leading causes of death worldwide and its outcome depends on appropriate antibiotic treatment and the effectiveness of the host immune response (Schirm et al., 2016). Pseudomonas aeruginosa induces an increase in the inflammatory cytokines IL-17, IL-6, and TNF-α in the lung tissue of mice, resulting in an increase in Th17 cells (Lou et al., 2021). Th17 cells protect mucosal surfaces, including the lungs, from Gram-negative pathogens (Wu et al., 2012; Schaefers et al., 2018). Our study found that mice infected with pneumococcal infection had decreased body weight, as well as food and water intake, lung tissue and spleen are damaged. Their lung tissue and serum inflammation increase; Treg/Th17 cells become imbalanced; gut microbial number and diversity decrease, and their gut metabolic disorders, too. Stimulation of Pseudomonas aeruginosa or its components triggers IL-17 responses in thymocytes and spleen cells (Weber et al., 2016). These studies have proved that pseudomonas aeruginosa infection leads to systemic inflammation and Th17 cell response in mice, and exogenous intervention of Th17 cell immunity may be an effective method to alleviate pneumonia.

Hospital-acquired and community-acquired bacterial infections have placed a heavy burden on global health systems (Zhang et al., 2019). Our study found that pseudomonas aeruginosa infection resulted in inhibition of the superpathway of quinolone and alkylquinolone biosynthesis and 2-heptyl-3-hydroxy-4(1H)-quinolone biosynthesis of gut microorganisms in mice, proving that pseudomonas aeruginosa infection resulted in weakened anti-infection or anti-inflammatory ability of gut symbiotic bacteria in mice. Pseudomonas aeruginosa has a typical quorum sensing system, including, but not limited to, the top LasI-LasR pathway and the downstream RhlI-RhlR, PqsABCDE-PqsR and AmbBCDE-IqsR pathways (Whiteley et al., 2017). PqsABCDE can synthesize 2-heptyl-4-quinolone using anthranilic acid as precursor, and synthesize 2-heptyl-3-hydroxy 4-quinolone through PqsH processing in the PqsABCDE-PqsR pathway (Mcglacken et al., 2010; Lee and Zhang, 2015). Pseudomonas aeruginosa produces 2-heptyl-3-hydroxy-4 (1H) -quinolone, a quorum sensing signal that regulates many virulence genes, comprising those involved in iron clearance (Diggle et al., 2007). These findings suggested that quorum sensing induced functional changes of gut microorganisms in mice by Pseudomonas aeruginosa invasion may be a potential intervention target for the treatment of Pseudomonas aeruginosa infection pneumonia.

Gut symbiotic segmental filamentous bacteria can provide much-needed protection in immunocompromised hosts, in part against bacterial pneumonia by promoting neutrophils regression after lung infection (Felix et al., 2018). Gut microbiota from alcohol-fed mice significantly impaired clearance of pathogenic bacteria, demonstrating that alcohol feeding and alcohol-related gut microbiota disorders impair lung host defenses against pathogenic bacteria (Samuelson et al., 2019). Probiotics reduce proinflammatory cytokine gene expression in the colon and spleen after pneumonia and prevent downstream organ dysfunction due to systemic inflammation (Khailova et al., 2017). Changes in microbiota can alter susceptibility to pulmonary infection by pathogenic bacteria independently of host genotypes (Dabrowski et al., 2019). Gut microbiome dysregulation impairs hosts’ defenses against pseudomonas aeruginosa pneumonia, presenting as an increase of bacterial burden and transmission, which may be associated with defective γδ T17 cells and downstream neutrophilic responses (Wang et al., 2020). Our study showed that FMT with or without antibiotic intervention restored gut microbiome diversity, suppressed inflammation and tissue damage, and promoted the immunological balance of Treg/Th17 cells in mice with pneumonia. These findings suggested that the transplantation of hosts’ gut symbiotic bacteria could improve the basic characterization of the disease and may be a new strategy for the treatment of infectious pneumonia.

1, 5-dehydrate-d-fructose (1, 5-AF) is a monosaccharide formed from starch and glycogen that has antioxidant and antibacterial activities and inhibits cytokine release by attenuating NF-κb activation in LPS-stimulated mice (Meng et al., 2009b). Pretreatment with 1, 5-AF inhibited the protein and mRNA expression of iNOS in lung tissues, and upregulated the IL-10 level in serum of mice with acute pneumonia. Meanwhile, the inhibition effect seemed to be prolonged and enhanced by the production of IL-10 (Meng et al., 2009a). It is known that 1, 5-AF was efficiently prepared from D-fructose via a region-specific 1, 5-dehydrated ring formation and subsequent deprotection of 2, 3-O-isopropyl-1-o-methyl (methylphenyl) sulfonyl-D-pyrantose (Dekany et al., 2007). Exogenous supplementation of 1, 5-AF altered the composition and metabonomics of gut microbiota, increased the proportion of Faecalis prausnitzii, and enriched genes related to the biosynthesis of nicotinamide adenine dinucleotide (Ito et al., 2021). These studies have proved that gut microbiota may synthesize 1, 5-AF by consuming D-fructose, and then play antibacterial and immunomodulatory roles. Our results found that FMT significantly depleted D-galactose, Alpha-D-glucose and D-fructose in the gut of mice with or without antibiotic intervention. We hypothesized that the metabolic transformation of D-fructose may take place in the gut tract of the host and participate in the functional regulation of host metabolism and inflammation. However, the specific mechanism still needs to be further exploring.

Toxins, LPS and proteases secreted by pseudomonas aeruginosa are key factors causing acute pseudomonas aeruginosa pneumonia (Riquelme and Prince, 2020). The cytokine pattern induced by Pseudomonas aeruginosa infection in the thymus and spleen is mainly mediated by LPS of the outer membrane, but other components of the bacterium also influence cytokine secretion (Weber et al., 2016). LPS treatment can polarize naive CD4+ T cells into Th17 and Treg cells and affect Th17/Treg balance and may predispose to Th17 responses (Yuan et al., 2020). Pulmonary Th17/Treg imbalance is closely related to lung inflammation and lung injury (Chen et al., 2020). Our study found that FMT inhibited the aerobactin biosynthesis, 4-hydroxyphenylacetate degradation, superpathway of lipopolysaccharide biosynthesis and L-arabinose degradation IV functions of gut microbiota in mice with Pseudomonas aeruginosa pneumonia, proving that FMT can treat pneumonia by improving gut microenvironment and repairing Treg/Th17 balance.
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The relationship between the cervico-vaginal microbiome and high-risk human papillomavirus (HR-HPV) is well observed. However, there is a lack of adequate research regarding the cervical microbiota in HR-HPV infection. Most published research results have used 16S rRNA gene sequencing technology; this technology only focuses on marker sequences, resulting in incomplete gene information acquisition. Metagenomic sequencing technology can effectively compensate for the deficiency of 16S rRNA gene sequencing, thus improving the analysis of microbiota function. Cervical swab samples from 20 females with HR-HPV infection and 20 uninfected (Control) women were analyzed through 16S rRNA gene and metagenomic sequencing. Our results indicated that the composition and function of the cervical microbiota of HR-HPV infection differed notably from that of control women. Compared with control women, Firmicutes was decreased during HR-HPV infection, whereas Actinobacteria was increased. At the genus level, Lactobacillus was enriched in control women, while levels of Gardnerella and Bifidobacterium were lower. At the species level, Lactobacillus crispatus, L. jensenii, and L. helveticus were enriched in control women; these were the top three species with biomarker significance between the two groups. Eight pathways and four KEGG orthologies of the cervical microbiota of statistical differences were identified between the HR-HPV infection and control women. Collectively, our study described the cervical microbiota and its potential function during HR-HPV infection. Biomarkers of cervical microbiota and the changed bacterial metabolic pathways and metabolites can help clarify the pathogenic mechanism of HR-HPV infection, making them promising targets for clinical treatment and intervention for HR-HPV infection and cervical carcinoma.
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Introduction

Cervical carcinoma is the world’s fourth most common cancer in women, the incidence of which is rising and the trend is getting younger (Ma et al., 2020). Prevention and therapy of cervical lesions is currently an urgent problem requiring solution (Theresa, 2017). Research indicates that persistent HR-HPV infection is a major risk element for cervical precancerous lesions and cervical cancer (Mitra et al., 2016). When infected with HPV, the biological shield created by immune microecology of the reproductive tract is destroyed, leading to the proliferation of abnormal microbiota (Anderson, 2007). Imbalance of the microflora of the reproductive tract, on the one hand, will inactivate tumor suppressor genes p53 and Rb by increasing the expression of HPV oncogenes E6 and E7, and then promote the progression of the cervical epithelium to malignant lesions (Anderson, 2007). On the other hand, it will increase the adherence, intrusion, and colonization of aberrant microbiota, which will eventually lead to the aggravation of imbalance, forming a vicious cycle and ultimately promoting the occurrence of cervical cancer (Kwasniewski et al., 2018; Bi et al., 2020). At present, the cause of persistent HR-HPV infection is not clear, and some studies suggest that personal discrepancies in immune function or genetic susceptibility are at work, but the determining element is possibly cervico-vaginal microecology (Mitra et al., 2016; Kyrgiou et al., 2017; Chao et al., 2019a).

The microenvironment of the female reproductive tract has a dynamic balance composed of a large number of microbiotas with self-regulation (Curty et al., 2020). Among them, the dominant Lactobacillus can resist pathogenic infections by producing lactic acid, bacteriocin, and biosurfactants (Witkin and Linhares, 2017). Microbiota of the female reproductive tract will change under the influence of physiological or external factors, and when it exceeds the range of physiological regulation, the microecological balance is destroyed (Aniewski et al., 2019). HR-HPV infection has been found to be associated with dysbacteriosis in the reproductive tract (Aniewski et al., 2019). HR-HPV infection also leads to reproductive tract microbiota disorder; at the same time, microbiota imbalance makes females more susceptible to HR-HPV infection (Martinez et al., 2021), nevertheless the pathogenesis still requires further clarification.

Previous studies regarding microbiota are mostly based on traditional methods of microbial culture; however, most microbiota cannot be isolated and cultured in a laboratory, resulting in limited experimental data, and a prolonged heavy workload (Arokiyaraj et al., 2018; Chao et al., 2019b; Wei et al., 2020). Since the concept of “Metagenome” was first proposed by Handelman in 1998, sequencing technology based on metagenome has developed rapidly (Tringe and Rubin, 2005), and research related to microbiota has been further deepened from phenotypic and genotypic identification (Zou et al., 2020). At present, metagenomic research is mainly achieved by 16S rRNA gene and metagenomic sequencing. The former is currently the most widely used technology in the study of microbiota, with the advantages of no culture, simplicity, speed, and low cost (Ranjan et al., 2016). As 16S rRNA gene sequencing is aimed at the sequencing of marker genes, complete genomic information of bacteria cannot be obtained; the resolution of bacterial identification level is usually accurate only at the genus level, and detailed analysis of bacterial functions cannot be carried out (Marchesi and Ravel, 2015). Metagenomic sequencing is sequencing analysis of the total DNA of a sample, the depth of species identification can reach the species level, and the function and metabolic pathways of microbiota can be further studied (Shah et al., 2018). This technology makes up for deficiencies in 16S rRNA gene sequencing in the depth, accuracy, and functional analysis of species identification. As most previous studies have been based on 16S rRNA gene sequencing, only a few studies have used metagenomic sequencing for analysis, which describes the association between cervico-vaginal microbiota and HR-HPV infection, therefore more comprehensive and accurate data is needed.

The core of research regarding reproductive tract microecology is microbiota. Most of the previous studies focused on vaginal microbiota. Studies indicate that the diversity of the cervical microbiome is higher than that of the vagina, and changes of the cervical microbiome in patients with HR-HPV infection are more obvious than those in the vagina (Zhai et al., 2021). Therefore, this study combined 16S rRNA gene and metagenomic sequencing analyze the composition and function of cervical microbiota between HR-HPV infection and control women, then further explored the relationship between cervical microbiota and HR-HPV infection, in the hope of revealing the mechanism of HR-HPV infection and cervical lesions. The aim was to inhibit the development of persistent HR-HPV infection and cervical lesions by rebuilding the microbial balance of the reproductive tract.



Method


Subject Selection

We recruited as participants, 40 women of reproductive-age who visited the Department of Gynecology or Physical Examination Center at Guangdong Second Provincial General Hospital and who met the inclusion criteria, from December 2020 to September 2021. Based on the results of HPV DNA, cervical thinprep cytologic tests, and cervical biopsy pathology, the participants were divided into two groups: 20 women infected with HR-HPV (HR-HPV) and 20 uninfected women (Control; all the participants cervical cytology thinprep cytologic test or cervical biopsy pathology showed no cervical intraepithelial lesions or malignant cells). All subjects were aged 25–45 y, had engaged in normal sex for one year or more without using hormonal contraception, and were not in their menstrual period, pregnant, or entering menopause. Exclusion criteria were (1) use of antibiotics or vaginal antimicrobials in the past month, and vaginal intercourse or vaginal lavage within the last 3 d; (2) suffering from bacterial vaginosis, candida vaginitis, urinary tract infectious diseases; (3) history of mycoplasma, chlamydia, gonorrhea, syphilis, genital herpes, trichomonas, or other sexually transmitted diseases; (4) previous treatment history of cervical lesions or total hysterectomy; (5) history of systemic diseases such as diabetes, autoimmune disease, and malignant tumors; (6) habits of smoking or drinking; (7) history of HPV vaccination. All subjects volunteered to participate in our research and provided written informed consent. The research was permitted by the ethics committee of the Second Peoples Hospital of Guangdong Province, and the research was carried out based on the principles of the Declaration of Helsinki.



Specimen Collection and DNA Extraction

Three sterile swab specimens were taken from the cervical canal during a gynecological examination, and stored immediately at −80 °C for DNA extraction. Total genome DNA from specimens was extracted using the Hexadecyltrimethy Ammonium Bromide (CTAB) method. DNA concentration and purity was monitored on 1% agarose gels. Some DNA was destined for 16S rRNA gene sequencing, and the remainder for metagenomic sequencing.



16S rRNA Gene Sequencing and Bioinformatics Analysis

The V3–V4 region of the bacteria 16S ribosomal RNA gene were amplified by PCR (95 °C for 1 min, followed by 30 cycles at 98 °C for 10 s, 50 °C for 30 s, and 72 °C for 30 s, and a final extension at 72 °C for 5 min) using primers 341F 5′- CCTAYGGGRBGCASCAG-3′ and 806R 5′-GGACTACNNGGGTATCTAAT-3′. Sequencing libraries were generated using TruSeq® DNA PCR-Free Sample Preparation Kit (Illumina, USA) following the manufacturer’s recommendations, and index codes were added. Finally, the qualifying libraries were sequenced on an Illumina Novaseq 6000 platform to obtain 250 bp paired-end reads.

The raw data was quality-filtered and chimera sequences were removed to obtain high-quality clean data by QIIME (Backulich et al., 2013). Using the Uparse algorithm, effective sequences were clustered into different Operational Taxonomic Units (OTU) with 97% consistency by default (UPARSE, 2013). The OTU sequences were carried out using a Silva Database and the Mothur algorithm to annotate microbiota (Wang et al., 2007). Analysis of Alpha and Beta diversities were performed using QIIME (v.1.7.0) and QIIME (v.1.9.1), respectively.



Metagenomic Sequencing and Bioinformatics Analysis

Library preparation for metagenomic sequencing was performed using the NEBNext® Ultra DNA Library Prep Kit for Illumina (NEB, USA). The quality of the library was assessed by Agilent 2100. All specimen structured libraries were sequenced on an Illumina Novaseq 6000 platform (Illumina). The sequencing strategy was PE150, and the amount of sequencing data for each sample was 6G.

The raw sequences were cleaned by clearing the sequences which contained low quality bases, and the reads with unknown bases “N”. Then, the sequences were aligned to the human genome database to filter out the reads that may originate from the host using Bowtie v.2.2.4 software (Karisson et al., 2013). Subsequent data was selected for further analysis. Kraken2 software, that used K-mers precise alignment and streamlined database methods, was used to annotate species based on reads mapping (Wood and Salzberg, 2014). HUMAnN2 software was used for functional and microbial pathway abundance profiling of metagenomic samples based on the Kyoto encyclopedia of genes and genomes (KEGG) Database (Abubucker et al., 2012).



Statistics

The SPSS v.25.0 software was used to analyze the participants’ general data. Wilcoxon rank-sum test was used for intergroup comparison of the 16SrRNA gene and metagenomic sequencing. Statistical analysis was performed with R software (v.2.15.3). P < 0.05 was considered to indicate a statistically significant difference.




Result


General Data of Subjects

The research included 20 females infected with HR-HPV (“HR-HPV” group) and 20 healthy females (“Control” group). There was no obvious difference in age (P = 0.318), BMI (P = 0.811), age at first sexual encounter (P = 0.058), or Parity (P = 0.236) between the two groups (Table 1).


Table 1 | Characteristics of subjects in the control and HR-HPV groups.





16S rRNA Gene Sequencing Characteristics

We obtained 3 350 704 raw reads from 40 subjects’ cervical swab samples. After removing barcodes, primers, low-quality bases, short sequences, and chimeras, 2 909 768 effective reads were obtained with an average efficiency rate of 86.63%. A total of 4911 OTUs in Control and 8235 OTUs in HR-HPV were achieved with 97% consistency (Figure 1A). Alpha diversity analysis suggested that the Shannon and Simpson index was significantly higher in HR-HPV than in Control (Figures 1B, C). Beta diversity was used to further understand the similarities and differences between samples. The principal coordinate analysis (PCoA) based on Weighted Unifrac distance showed that there was a trend of separation between samples in HR-HPV and Control. (Figure 1D). The Wilcoxon test suggested significant differences in the structure of cervical microbiota between the two groups (P<0.05).




Figure 1 | 16S rRNA gene sequencing characteristics. (A) Venn graph of cervical microbiota between the two groups. (B, C) Comparison of the alpha diversity based on Shannon and Simpson indices between the two groups (*P < 0.05). (D) PCoA based on Weighted Unifrac distance.





Microbial Composition Based on 16S rRNA Gene Sequencing

Firmicutes was the most dominant phylum in the two groups, followed by Actinobacteriota. Compared with Control, the relative abundance of Firmicutes in HR-HPV was obviously decreased, while Actinobacteriota had the opposite results (Figure 2A). At the genus level, Lactobacillus was most dominant in Control, accounting for 84.90%, followed by Gardnerella (1.76%), Atopobium (0.21%), and Bifidobacterium (0.34%). In HR-HPV, the relative abundance of Lactobacillus decreased significantly, accounting for only 54.98%, while the relative abundance of Gardnerella (11.59%), Atopobium (3.43%), and Bifidobacterium (8.76%) increased (Figure 2B).




Figure 2 | Microbial composition based on 16S rRNA gene sequencing. (A) Relative abundance of the cervical microbiota at the phylum level. (B) Relative abundance of the cervical microbiota at the genus level. (C) LEfSe cladogram by 16S rRNA gene sequencing of the cervical microbiota in the two groups. Microbial composition was compared at different species levels, from the phylum in the outermost ring to family in the innermost ring. (D) Distribution histogram of LDA score assessed for species with biomarker significance between the HR-HPV infected and uninfected women (P<0.05; LDA score >4). (E) The importance of species at the genus level in the predictive random forest model using the mean decreasing accuracy. (F) ROC curve generated by random forest model predicting five genera in the cervical microbiota. The plots shown in the ROC represent the corresponding optimal threshold.



Linear discriminant analysis (LDA) effect size (LEfSe) analysis was performed to identify the biomarkers of cervical microbiota between HR-HPV and Control. At the phylum level, Firmicutes was higher in Control, while Actinobacteriota was enriched significantly in HR-HPV. At the genus level, the cervical microbiome of HR-HPV was highly enriched with Gardnerella, Bidfidobacterium, and Atopobium, while Control was enriched with Lactobacillus (LDA score >4; Figures 2C, D).

Five trials of tenfold cross-validation of the random forest classifier models between Control and HR-HPV were constructed to identify diagnostic biomarkers. Within every cross-validation in each trial, 70% of the data was used as a training set while the remaining 30% was used as a test set to evaluate performance. The operating characteristic curve was used to evaluate the greatest discriminant model, and five biomarkers were found (Figures 2E, F).



Metagenomic Sequencing Characteristics

We obtained 1 693 961 998 raw reads from metagenomic sequencing, with a total of around 254.09 G data, with an average of 6.35G per sample. Approximately 253.66 G of clean data were obtained by fine-filtering low-quality bases and undetected bases in raw data. A total of 1.48 G data were obtained through host contamination filtering of clean data, with an average of 0.37 G for each sample. The ratio of the data before and after quality control was 0.58%, indicating that the samples were highly contaminated by the host, resulting in a small amount of data filtered by the host and quality control. If the analysis strategy that an assembly-based approach is used, poor or even difficult gene assembly may occur, leading to errors in data interpretation. Therefore, Kraken2 and HUMAnN2 softwares, based on a read-based (mapping) approach, were selected for analyzing microbial composition and function, respectively, which solving the problem of less effective data owing to serious host contamination.



Microbial Composition Based on Metagenomic Sequencing

Effective sequences were annotated by Kraken2 metagenomic classification software, to further explore the cervical microbial composition of the two groups. The relative abundance of Firmicutes was decreased in HR-HPV, while Actinobacteria was increased (Figures 3A, B). Compared with Control, the relative abundance of Lactobacillus decreased, and Gardnerella, Bifidobacterium were increased in HR-HPV (Figures 3C, D). These results were in agreement with previous 16S rRNA gene sequencing. At the species level, L. crispatus was the dominant species in Control, accounting for 36.39%. The relative abundance of L. crispatus (17.74%) decreased significantly, while Gardnerella vaginalis increased in HR-HPV (Figures 3E, F). Alpha diversity, according to the Shannon and Simpson indices, did not differ between the two groups; the alpha diversity of cervical microbiota in HR-HPV did not differ from Control.




Figure 3 | Microbial composition based on metagenomic sequencing. (A) Relative abundance of the cervical microbiota at the phylum level. (B) Cluster heatmap of relative abundance at the phylum level. (C) Relative abundance of the cervical microbiota at the genus level. (D) Cluster heatmap of relative abundance at the genus level. (E) Relative abundance of the cervical microbiota at the species level. (F) Cluster heatmap of relative abundance at the species level. (G) LEfSe cladogram by metagenomic sequencing of the cervical microbiota in the two groups. Microbial compositions were compared at different species levels, from phylum in the outermost ring to family in the innermost ring. (H) Distribution histogram of LDA score assessed for species with biomarker significance between the HR-HPV infection and uninfected women (P<0.05; LDA score >4). (I) Comparison of the accuracy of identifying bacteria between the 16S rRNA gene and metagenomic sequencing.



LEfSe analysis revealed that differential microbiota at the phylum level were consistent with 16S rRNA gene sequencing. Lactobacillus was greatly enriched at the genus level in Control. At the species level, L. crispatus, L. jensenii, and L. helveticus were the top three biomarkers with significant differences in Control (LDA score > 4; Figures 3G, H).



Comparison of the Accuracy of Identifying Bacteria

The comparison of the number of species annotated by 16S rRNA gene and metagenomic sequencing at different taxonomic levels showed that there was no significant difference at the phylum, class, order, family, and genus level (Figure 3I). At the species level, there were 1174 species annotated by metagenomic sequencing, while only 304 by 16S rRNA gene sequencing; the former was obviously higher than the latter. These results verified that the accuracy of identifying bacteria only reach the genus level using 16S rRNA gene sequencing, while it can reach the species level when using metagenomic sequencing.



Metabolic Functions of Cervical Microbiota

The analysis of microbial function and metabolism was based on the KEGG database using HUMAnN2 software. There were 240 KEGG pathways detected, 30 KEGG pathways were obviously different in abundance between groups, including eight pathways with relative abundance >0.01%. Among them, the relative abundance of ko03010 was dominant, but there was no obvious difference. ko00052, ko00520, ko00627, ko02060, ko03320, ko04930, and ko05340 were enriched in Control, while ko01055 was enriched in HR-HPV (Table 2). ko02060 and ko01055, which were significantly enriched and had the highest abundance in Control and HR-HPV groups, respectively, were selected for species contribution analysis. The results showed that the enrichment of ko02060 decreased significantly with the decreased abundance of L. crispatus and L. iners, the increase of G. vaginalis and L. johnsonii in HR-HPV (Figure 4A). With the increase of the abundance of G. vaginalis and Bifidobacterium, the enrichment of ko01055 rose obviously in HR-HPV (Figure 4B).


Table 2 | Relative abundance of nine KEGG pathways and four KEGG orthologies (KOs).






Figure 4 | The analysis of functional annotation of the KEGG database combined with the relative abundance of cervical microbiota. (A) Analysis of the species contribution degree of ko02060 (B) Analysis of the species contribution degree of ko01055 (C) Analysis of the species contribution degree of K01443.



Of the 3673 KEGG orthologies (KOs) detected, 234 were found to be statistically significant. K01443 with the highest relative abundance was selected for species contribution analysis. With the decreased abundance of L. crispatus in HR-HPV, the enrichment of K01443 also decreased significantly (Figure 4C). Of the 234 KOs, four KOs were involved in these KEGG pathways (Table 2). K01443 and K02777, which were involved in ko00520 were decreased in HR-HPV, as were K02970 and K02913, which were involved in ko03010, and K02777, which was involved in ko02060. K02913 had the highest abundance in the two groups, mainly enriched in the HR-HPV group, without obvious difference.




Discussion

In our research, we compared the composition and function of the cervical microbiome in HR-HPV infection and uninfected subjects using 16S rRNA gene and metagenomic sequencing. There were obvious differences in distribution and function of microbiota between the groups, including three species and eight pathways. Further, four KOs within those pathways were identified.

The results of cervical microbiota composition at the phylum and genus levels in 16S rRNA gene sequencing were basically consistent with metagenomic sequencing, which further verified the precision of 16S rRNA gene sequencing. At the species level, the abundance of L. crispatus decreased in the HR-HPV group, whereas G. vaginalis was increased, even similar to L. crispatus. LEfSe analysis was used to further explore the diagnostic biomarkers associated with HR-HPV. The prediction of biomarkers by the random forest model further validated the results of LEfSe at the genus level, and also highlighted the importance of Staphylococcus and Pseudomonas. L. crispatus, L. jensenii, and L. helveticus were the prominent three species with biomarker significance. Previous cross-sectional and longitudinal research indicates that the vaginal microbiome predominated by L. crispatus and is more common in women without HPV infection or cervical lesions (Marconi et al., 2020). At the same time, many studies have found that vaginal microbiomes predominated by L. crispatus have a positive impact on infertility, bacterial vaginosis (BV), and other gynecological diseases (France et al., 2016; Gottschick et al., 2017; Chen et al., 2021). Another study has shown that a supernatant cultured with L. crispatus and L. rhamnosus can reduce the expression of autophagy genes ATG14, BECN1, and HPV E6 oncogene to create an anti-proliferative effect on HeLa cervical cancer cells (Motevaseli et al., 2016). The study also found that the supernatants of L. gasseri, L. crispatus, and L. jensenii can downregulate the expression of HPV oncogene E6 and E7, cyclin A, and cyclin-dependent kinase 2 (CDK2) to inhibit the activity of cervical cancer cells (Ghanavati et al., 2020). L. helveticus is widely used in various types of food processing, and relevant studies based on L. helveticus and HR-HPV infection have not been reported. In conclusion, we hypothesized that the reduction of dominant species in cervical microbiota of females infected with HR-HPV weakens the inhibition of pathogenic bacteria, allowing them to proliferate and subsequently promote the occurrence and progression of disease. L. crispatus and L. jensenii may be protective factors of HR-HPV infection and cervical lesions.

The results of 16S rRNA gene sequencing indicated that the richness and diversity of cervical microbiota in females infected with HR-HPV were significantly increased, in agreement with previous research (Eun et al., 2013; Nieves-Ramirez et al., 2021). However, another study showed that the cervical bacterial richness of HPV-positive females was less than for HPV-negative females (Wu et al., 2020). According to our metagenomic sequencing, the alpha diversity between the two groups showed no obvious difference. The inconsistencies of the two sequencing results may be owing to different sequencing methods (Eun et al., 2013; Shah et al., 2015).

Based on the KEGG database, HUMAnN2 analysis indicated that among the metabolic pathways significantly enriched in Control, the phosphotransferase system (PTS) is the main mechanism for bacteria to absorb carbohydrates. The abundance of PTS was positively associated with that of L. crispatus and L. iners, but negatively correlated with that of G. vaginalis. The PPAR signaling pathway involves nuclear hormone receptors activated by fatty acids and their derivatives; a study suggested that genetic variations in this pathway gene may contribute to pancreatic cancer susceptibility (Liu et al., 2020). It has been found that PDIA3 siRNA can suppress proliferation, invasion, and migration of AML cells through amino sugar and nucleotide sugar metabolism (Ye et al., 2018). A study indicated that the biosynthetic pathway of peptidoglycan is enriched in cervical cancer patients (Kwon et al., 2019), but this pathway was without obvious difference among groups in our study. We determined that four KOs that were statistically significant between groups were involved in these pathways, including N-acetylglucosamine-6-phosphate deacetylase, sugar-specific IIA component, small subunit ribosomal protein S21, and large subunit ribosomal protein L33, which were enriched in the Control women. These discoveries only illustrated that the function and metabolites of cervical microbiota in HR-HPV infection differed obviously from that in Control women; the effect of this on HR-HPV infection remains to be further explored through experiments and combined metabolic analysis.

Following the in-depth research on reproductive tract microbiota in recent years, it is now known that dysbacteriosis contributes to the occurrence and progress of HPV infection, cervical lesions, and even cervical cancer. Therefore, the intervention and treatment of reproductive tract microbiota disorder has been a breakthrough for preventing cervical cancer and removing HPV. Its main purpose is to remove the pathogenic bacteria, and rebuild the balance of reproductive tract microecology to prevent further development of the disease and promote its cure. In an uncontrolled study of 35 HPV-positive women, oral administration of the probiotic L. crispatus M247 significantly altered vaginal microbiota types and increased HPV conversion rates in women (Nardini et al., 2016). In a prospective study of HPV infection, a lactobacillus vaginal application (L. rhamnosus BMX 54) group of 6-months had a much higher HPV conversion rate than a 3-month group, with a statistically significant difference (Recine et al., 2016). The use of probiotics can rebuild the microbial community structure of the reproductive tract dominated by Lactobacillus, improve the cure rate of bacterial vaginosis and other diseases caused by dysbacteriosis, and reduce their recurrence rate (Kovachev et al., 2014). With the continuous advancement of the “Human microbiota project”, the research and development of microecological drugs has become a research hotspot of domestic and foreign pharmaceutical enterprises (Dreher-Lesnick et al., 2017). SMMM (Small Molecule Microbiota Modulator) is the main research direction at present, which regulates microbial structure and metabolism or influences the mutual effect between the microbiome and host through precise intervention of the target identified in microbial research (Arnold et al., 2021; Abdel-Magid, 2019). Clarification of the relationship between reproductive tract microbiota and HR-HPV persistent infection, which can offer a scientific theoretical basis for the use of probiotics and microecological drugs, which is expected to be applied in clinical practice.

There were some limitations to this study. Differentiation studies between persistent HR-HPV infection and transient infection were ignored. Subsequently, the illustration of a causal relationship between HPV infection and microbiota by cross-sectional studies alone is insufficient; cohort studies should be performed to identify the potential impact of cervical microbiota biomarkers and altered metabolic pathways.

In conclusion, our study is the first in this field to report that combined 16S rRNA gene and metagenomic sequencing can more comprehensively demonstrate the diversity, microbial composition, and function of cervical microbiota between HR-HPV infected and uninfected women. Analysis using metagenomic sequencing can compensate for the lack of 16S rRNA gene sequencing technology. Meanwhile, the results of metagenomic and 16S rRNA gene sequencing gave mutual verification. Our study confirmed that the composition and function of the cervical microbiome in HR-HPV infection differed notably from that of uninfected women. L. crispatus, L. jensenii, and L. helveticus are the predominant three species with biomarker significance between the groups, and they represent potential microbial targets for future treatment. There were some metabolic pathways and metabolites of cervical microbiota that varied significantly; whether these affect the development of HR-HPV infection in women remains unclear. With the rapid development of molecular biology in recent years, the integration of multi-omics techniques such as metagenomics and metabolomics is promising. We plan to further clarify the causal relationship between HPV infection and the cervical microbiota and metabolites through combined metabolomics techniques in the near future.
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Apart from other risk factors, chronic inflammation is also associated with the onset of Prostate Cancer (PCa), wherein pathogen infection and tissue microbiome dysbiosis are known to play a major role in both inflammatory response and cancer development. However, except for a few studies, the link between microbes and PCa remained poorly understood. To explore the potential microbiome signature associated with PCa in Indian patients, we investigated differential compositions of commensal bacteria among patients with benign prostatic hyperplasia (BPH) and PCa using 16S rRNA amplicon sequencing followed by qPCR analyses using two distinct primer sets. Using two independent cohorts, we show that Prevotella copri, Cupriavidus campinensis, and Propionibacterium acnes represent the three most abundant bacteria in diseased prostate lesions. LEfSe analyses identified that while Cupriavidus taiwanensis and Methylobacterium organophilum are distinctly elevated in PCa samples, Kocuria palustris and Cellvibrio mixtus are significantly enriched in BPH samples. Furthermore, we identify that a number of human tumor viruses, including Epstein-Barr virus (EBV) and hepatitis B virus (HBV), along with two high-risk human papillomaviruses - HPV-16 and HPV-18, are significantly associated with the PCa development and strongly correlated with PCa bacterial signature. The study may thus offer to develop a framework for exploiting this microbial signature for early diagnosis and prognosis of PCa development.
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Introduction

Prostate cancer (PCa) is the second most common cancer and the sixth leading cause of cancer-associated deaths among men, leading to a great public health concern worldwide (Katongole et al., 2020). Due to increased life expectancy, adoption of newer lifestyles, and changes in food habits, PCa incidence is gradually increasing in India (Hariharan and Padmanabha, 2016). Increasing evidence suggests that chronic inflammation plays a vital role in PCa initiation and progression (Sfanos et al., 2017; Porter et al., 2018). The prostate gland harbors a relatively higher number of lymphocytes and other immune cells for protecting it from invading pathogens (Nickel and Xiang, 2008; Sfanos et al., 2017). While prostate-specific antigen (PSA) testing followed by trans-urethral resection of the prostate has long been recommended (Mottet et al., 2020), through this method, PCa detection at an early stage is not always accompanied by accurate determination of morbidity risk and therefore mortality might result due to over-treatment in some cases and under-treatment in others. Thus, a great attention has been made to explore better molecular approaches for the early diagnosis and prognosis of PCa.

Both oncogenic viruses and bacterial infections are thought to play critical roles in prostatic inflammation (Massari et al., 2019). A growing body of evidence suggests that several bacterial species including E. coli and other species of Enterobacteriaceae promote prostatic inflammation (Sfanos et al., 2017; Jain et al., 2020). The pro-inflammatory Propionibacterium species, particularly human skin associated P. acnes, has been well studied in connection to PCa, and has also been found to induce prostatic inflammation in animal models (Cohen et al., 2005; Olsson et al., 2012; Mak et al., 2013; Shinohara et al., 2013). Beside tissue microbiome dysbiosis, tumor virus infections are also shown to play a major role in cancer development, accounting for approximately 20% of all human cancers (Saha et al., 2010). Studies have shown that a number of viruses including multiple subtypes of human papillomaviruses (HPVs), polyomaviruses such as John Cunningham virus (JCV), BK virus (BKV), and simian virus 40 (SV40), as well as herpesviruses like human cytomegalovirus (HCMV) and Epstein-Barr virus (EBV), are associated with PCa specimens (Samanta et al., 2003; Das et al., 2008; Whitaker et al., 2013; Smelov et al., 2016; Banerjee et al., 2019).

Recently a number of next-generation sequencing as well as hybridization-based microarray studies identified potential microbiome signature associated with PCa development (Chen and Wei, 2015; Cavarretta et al., 2017; Yow et al., 2017; Banerjee et al., 2019). Despite these efforts, the pathogenic microbial composition of PCa may vary among the population of different ethnicities across the globe. Given the increasing incidence of PCa patients in India (Jain et al., 2014), a detailed and comprehensive analysis of the microbial ecosystem coupled with the PCa development is of utmost importance. Herein, we aim to identify specific microbial signature associated with the pathologic prostate tissue specimens collected from patients in the Eastern region of India.



Materials and Methods


Ethics Statement

The study was approved by the Institutional Review Board of Institute of Post Graduate Medical Education & Research (IPGME&R), Kolkata, India. Written informed consent was obtained from all participants and all methods in this study were performed in accordance with the ethical principles founded in the Declaration of Helsinki.



Subject Recruitment and Specimen Collection

Affected individuals were recruited at Dept. of Urology, IPGME&R, Kolkata. A standard TRUS-guided 18-core prostate biopsy with subsequent histopathological analysis was carried out in those with abnormal serum PSA level (>4.0 ng/ml). All cases included were newly diagnosed patients without any prior treatment before surgery. Individuals with clinical evidence of prostatic lesions receiving radiotherapy and/or undergoing androgen deprivation therapy (ADT) were excluded. Digital images of biopsy slides were reviewed by genitourinary oncology pathologist. Samples were collected into two cohorts. Cohort-1 (Discovery Cohort) containing 13 BPH and 33 PCa tissue biopsy samples were subjected to 16S rRNA amplicon sequencing. Cohort-2 (Validation Cohort) containing 15 BPH and 16 PCa tissue biopsy samples together with Cohort-1 were used for validation using real-time qPCR analyses. Clinical characteristics and other information related to both sample cohorts are described in Table S1.



Nucleic Acid Extraction

A total of 77 formalin-fixed paraffin-embedded (FFPE) tissue samples in both cohorts including 28 BPH and 49 PCa tissue biopsy specimens were received as 10 µm sections on non-charged glass slides. Genomic DNA was isolated according to the standard procedure as previously described (Mitra et al., 2010). Isolated genomic DNA was stored at -20°C for future use. The quality and quantity of extracted DNA was determined by agarose gel electrophoresis and the A260/280 ratio using Synergy H1 Multimode Microplate Reader (BioTek Instruments, Inc., Winooski, VT, USA). Approximately 50 ng and 1 ng of DNA from each sample were used for 16S rRNA amplicon sequencing and real-time qPCR analyses, respectively.



16S rRNA Amplicon Sequencing and OTU Assignments

For characterization of bacterial populations, taxonomical analysis, and species identification, different hypervariable regions of 16S rRNA genes were amplified and sequenced on an Ion GeneStudio S5 System (Thermo Fisher Scientific Inc., Waltham, MA, USA) using Ion 550 Chip. Ion AmpliSeq Libraries were prepared using an automated Ion Chef system (Thermo Fisher Scientific Inc., Waltham, MA, USA) and subsequently placed in the Ion Chef System for emulsion PCR. The concentration and quality of the amplicons were measured using Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA, USA).

To assign taxonomy, each unique sequence was mapped using two comprehensive 16S rRNA reference databases – Greengenes v13.5 and the Thermo Fisher Scientific in-house MicroSeq 500 v2013.1. Reads were aligned against the databases using MegaBLAST. The expectation value (E-value) for the searches was set to 0.01, and the max target hits value was set to 100. To assign taxonomy, the minimum alignment percentage read to a subject sequence was set to a threshold of 90. A read was assigned to a genus only when the identity score of the sequence alignment was at 97% or higher. For species assignment, the minimum percentage identity of the alignment was set to 99%. The taxonomy distribution counts, or abundance derived from the clustered reads, was subsequently transformed into the relative abundance of the individual species.



Diversity and Bacterial Enrichment Analyses

For statistical analysis, MicrobiomeAnalyst, a web-based tool, was utilized. QIIME (v1.9.0) was used to evaluate alpha diversity including Observed Species, Chao1, and Shannon indexes. While Observed Species and Chao1 indexes are the indicators of species richness, Shannon index evaluates species diversity. The difference of alpha diversity between groups was evaluated by Wilcoxon Rank-Sum Test using SPSS (version 22).

To compare microbial compositions between different groups, beta diversity was evaluated by calculating weighted UniFrac distances using Bray-Curtis method from the OTU abundance and utilized in Principal Component Analysis (PCoA). PERMANOVA algorithm on weighted UniFrac distance matrices for statistical significance between groups using 999 permutations in QIIME was applied to generate PCoA plots. The Differential abundance analysis between groups was performed using Metastats and P-values were adjusted for multiple hypotheses testing using the False Discovery Rate (FDR) based on the Benjamini-Hochberg procedure. The differential abundances of OTUs and specific OTU enrichment between different groups were determined using LEfSe based on Kruskal–Wallis H test. P-value and FDR were adjusted to 0.05. The unique bacterial composition among sample groups was identified using Random Forest classification algorithm within MicrobiomeAnalyst. Galaxy, an online tool for metagenomics analysis, was used to build the Cladogram.



Functional Pathways Prediction

Functional compositions of the bacterial communities among different groups were predicted using Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt) according to the Kyoto Encyclopedia of Genes and Genomes (KEGG) database using STAMP v2.1.3. P-value and FDR cutoff were adjusted to 0.05 level of significance.



Real-Time qPCR Analyses

Gene-specific primers were designed using Primer-BLAST tool in NCBI database for real-time qPCR analyses and are listed in Table S3. qPCR primers were obtained from IDT, Inc. (Coralville, IA, USA). The optimum primer melting temperature (Tm) was set at 60°C and the maximum GC content was kept at 55%. qPCR analysis was performed using iTaq Universal SYBR Green Supermix (BIO-RAD, Hercules, CA, USA) in CFX Connect Real-Time PCR detection System (BIO-RAD, CA, USA) with the following thermal profile – one cycle: 95°C for 10 min; 40 cycles: 95°C for 10 s followed by 60°C for 10 s; and finally the dissociation curve at –95°C for 1 min, 55°C 10 s, and 95°C for 10 s. Unless otherwise stated, each sample was performed in duplicate and calculation was made using a -ΔCT method to quantify relative abundance compared with human genomic GAPDH control. The -ΔCt values of each sample were plotted using GraphPad Prism 8.0.1 for data output.



Correlation Analysis Between Microbes

Correlation among bacteria and oncogenic viruses were analyzed using R software. Spearman’s rank test was performed using the ΔCt value of both bacteria and viruses. P-value cutoff was adjusted to 0.05 significance level.




Results


Sample Characteristics and Sequencing Data Summary of Diseased Prostate Samples

To understand the changes of microbial compositions associated with prostate cancer (PCa) development, we prospectively collected a total of 46 tissue biopsy samples from 13 benign prostatic hyperplasia (BPH) and 33 PCa patients (‘Discovery Cohort,’ Table S1). The total DNA of each specimen from the ‘Discovery Cohort’ was extracted and subjected to 16S rRNA amplicon-based sequencing on an Ion GeneStudio S5 System targeting the hypervariable regions of 16S rRNA gene using two distinct primer sets. While set-I primer was used for amplification of hypervariable regions including V2, V4, and V8, set-II primer was used for hypervariable regions including V3, V6-7, and V9. Additionally, as described later, to validate the sequencing data, we also collected another 31 tissue biopsy samples from 16 BPH and 15 PCa patients (‘Validation Cohort,’ Table S1).

A total of 35,320,332 raw reads were generated after sequencing of the 46 samples from the ‘Discovery Cohort’. The number of raw sequence reads varied by approximately 10 fold across samples. After quality trimming and chimera checking, 30,641,026 high-quality reads were mapped, while 6,301,956 reads were excluded due to low copy number reads (<10 copy numbers) and 41,312 reads were found to be un-mapped (Table S2). Subsequently, 24,297,758 mapped reads identified Operational Taxonomic Units (OTUs) at the level of family (>95% similarity index), genus (>97% similarity index), and species (>99% similarity index). Overall, a total of six phylum, 127 genera, and 291 bacterial species were identified from all 46 samples in the Discovery Cohort.



Overall Bacterial Abundance and Diversity Among BPH and PCa Samples

Rarefaction curves of species richness against sequences per sample were plotted for BPH and PCa samples to determine the efficiency of the sequencing process (Figures 1A, B). Most of the samples, though not completely, reached a saturated plateau phase, indicating that the depth of sequencing was sufficient for the diversity analysis (Figures 1A, B). Both Observed Species (p = 0.015) and Chao1 index (p = 0.034) showed that species richness was significantly decreased in PCa samples as compared to BPH samples (Figures 1C, D). In addition, the diversity estimators for both Shannon index (p = 0.158) and Simpson index (p = 0.411) indicated a trend of depletion in relative diversity of species composition in PCa samples as compared to BPH samples, although the data were not statistically significant (Figures 1E, F).




Figure 1 | Comparison of prostate microbial ecology among benign prostatic hyperplasia (BPH) and prostate cancer (PCa) specimens. (A, B) Rarefaction analysis of bacterial 16S rRNA amplicon sequences of (A) 13 BPH (red) and (B) 33 PCa (blue) tissue biopsy samples. Each line represents one sample. (C–F) Box-Whisker plots of (C) Observed Species, (D) Chao 1, (E) Shannon Index, and (F) Simpson Index, respectively among BPH and PCa samples. (G) Principal Component Analysis (PCoA) plot based on weighted UniFrac distance matrices with respect to the bacterial abundance and composition among BPH and PCa tissue biopsy specimens. Axis 1 (PCoA1): 32.6% of variation explained. Axis 2 (PCoA2): 12.1% of variation explained. (H) The error plots identified from random forest classification analyses of BPH and PCa samples. Red-line indicates the overall species present in all samples including. While green-line indicates the distinct species present in BPH samples, purple-line indicates the specific species present in PCa lesions.



To assess the diversity among two groups, we evaluated weighted UniFrac distance matrix from the OTU abundance through utilizing PERMANOVA algorithm and subsequently applied in Principal Component Analysis (PCoA) (Figure 1G). Given that PCoA analyses revealed no significant difference (p = 0.082) in the bacterial compositions between BPH and PCa samples (Figure 1G), a ‘Random Forest’ algorithm was applied to further confirm the difference in bacterial community among the BPH and PCa biopsy samples (Figure 1H). The decision trees extracted from the random forest classification identified distinct bacterial composition in two BPH samples and 11 BPH samples exhibited overlapping species with PCa samples (class error: 0.850; Figure 1H). In contrast, all 33 PCa samples demonstrated unique bacterial compositions (Figure 1H).



Taxonomiccharacterization of Bacterial Compositions Among BPH and PCa Samples

The bacterial communities associated with the diseased prostate lesions were further analyzed at different taxonomic levels. Six phyla including Firmicutes, Proteobacteria, Bacteroidetes, Actinobacteria, Fusobacteria, and Deinococcus-Thermus collectively comprised the entire sequences in both groups (Figures S1A, B). In general, Proteobacteria was the most abundant phylum in the prostate microbial ecology, contributing ~40.6% in diseased prostate lesions (Figures S1A, B). Overall, the results indicated that only Actinobacteria phylum was significantly depleted in PCa samples as compared to the BPH category (Figures S1A, B). At the genus level, Prevotella, Cupriavidus, Propionibacterium, Acinetobacter, and Corynebacterium represented the top five genera in both samples (Figures S1C, D and S2A). Of all genera detected, both groups shared approximately half of the total genera identified, i.e., 56/107 in BPH category and 56/118 in PCa lesions (Figure S2B).

To identify the differentially enriched genera within BPH and PCa samples, we employed Linear Discrimination Analysis (LDA) Effect Size (LEfSe) method (Figure S1E). LEfSe analysis of top 20 bacterial genera identified Kocuria, Staphylococcus, Corynebacterium, Cellvibrio, Pseudomonas, Paracoccus, Brachybacterium, Pseudoxanthomonas, Anaerococcus, Stenotrophomonas, Microvirga, Empedobacter, Lysobacter, Brevibacterium, Comamonas, Serinicoccus, Rhodobacter, Chryseobacterium, and Aeromicrobium as enriched genera in BPH samples, whereas only Bradyrhizobium genus was found to be significantly elevated in PCa samples (Figure S1E).



Comparable Enrichment Analysis at Species Level Identified Significant Bacterial Compositions Between BPH and PCa Samples

Detailed analyses of bacterial compositions at species level demonstrated Prevotella copri, Cupriavidus campinensis, Propionibacterium acnes, and Paracoccus sp. covered almost 50% of species variety in both BPH and PCa samples (Figures 2A, B). Next, cladogram and LEfSe analyses were conducted to further uncover the differential species compositions between BPH and PCa tissue biopsy samples (Figures 2C, D). The LDA scores demonstrated that among the top 20 most significantly enriched species Kocuria palustris, Cellvibrio mixtus, Pseudomonas stutzeri, Paracoccus sp, Staphylococcus hominis, Corynebacterium tuberculostearicum, Brachybacterium paraconglomeratum, Staphylococcus arlettae, Staphylococcus cohnii, and Anaerococcus octavius were notably elevated in the BPH samples, while Cupriavidus taiwanensis, Methylobacterium organophilum, Brevundimonas vancanneytii, Neisseria flavescens, Acinetobacter junii, Bradyrhizobium cytisi, Cupriavidus basilensis, Caulobacter segnis, Leclercia adecarboxylata, and Neisseria elongata were significantly increased in the PCa samples (Figure 2D).




Figure 2 | Cladogram and enrichment analysis of specific bacterial species among BPH and PCa lesions. (A, B) Relative and actual abundance of bacterial communities at the species levels in (A) BPH and (B) PCa tissue samples. (C) Cladogram derived from LEfSe analyses showing the taxonomic differences among BPH (red) and PCa (green) tissue biopsy specimens. (D) Association of specific microbiota taxa (top 20 bacterial species) with BPH and PCa samples by LEfSe analyses. Orange indicates taxa enriched in BPH and green indicates taxa enriched in PCa samples.





Validation of Species Identified in 16S rRNA Sequencing by Quantitative Real-Time PCR Analyses in BPH and PCa Samples

To confirm the 16S rRNA sequencing data, quantitative real-time PCR (qPCR) analyses were performed of top two bacteria in each category – BPH (K. palustris and C. mixtus) and PCa (C. taiwanensis and Methylobacterium organophilum), along with three most abundant bacteria (P. copri, C. campinensis, and P. acnes) identified in diseased prostate lesions, using two distinct species-specific primers (Figure 3). Moreover, in order to further corroborate the results, we used two sample cohorts – ‘Cohort-1’ (Discovery Cohort) and ‘Cohort-2’ (Validation Cohort) as described in Table S1. As similar to LEfSe analyses between BPH and PCa biopsy samples, qPCR data further confirmed Kocuria palustris and Cellvibrio mixtus as BPH specific and Cupriavidus taiwanensis, and Methylobacterium organophilum as PCa specific bacterial species in both sample cohorts (Figures 3A, D). In contrast to 16S rRNA sequencing results, qPCR analyses demonstrated Prevotella copri, Cupriavidus campinensis, and Propionibacterium acnes were significantly enriched in PCa samples as compared to the BPH group in both sample cohorts (Figures 3E–G).




Figure 3 | Real-time qPCR confirmation of bacterial species among BPH and PCa lesions. (A–G) Box Whisker plots (left panels) of species enrichment analysis of (A–D) top two bacterial species identified in LEfSe analysis as described in Figure 3D and (E–G) top three most abundant bacterial species as described in Figures 3A, B among BPH (orange) and PCa (green) tissue biopsy lesions of Cohort-1 16S rRNA sequencing results. (A–G) Relative qPCR analyses (right panels) of (A) Kocuria palustris, (B) Cellvibrio mixtus, (C) Cupriavidus taiwanensis, (D) Methylobacterium organophilum (E) Prevotella copri, (F) Cupriavidus campinensis, and (G) Propionibacterium acnes among BPH (orange) and PCa (green) samples of both Cohort-1 and Cohort-2 using two sets of primers. Specific gene primer is indicated on the top of each graph. Primers were designed using Primer-BLAST tool of NCBI web-portal. PCR calculation was performed by -ΔCT method to quantify relative abundance of each bacterium using human genomic GAPDH as control. The -ΔCt values of each sample were plotted using GraphPad Prism 8.0.1.





Functional Prediction of Altered Microbiome Associated With the PCa Development

In order to visualize the functional effects resulting from the altered microbial community associated with disease progression in prostate, we employed Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt) software. PICRUSt analyses can predict the functional Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways related to the composition of a metagenome and have been demonstrated to provide a good representation of metagenomic prediction. The LEfSe outputs of KEGG pathways among BPH and PCa tissue biopsy samples identified functions related to starch and sucrose metabolism, galactose metabolism, carbohydrate metabolism, primary immunodeficiency, ubiquitin system, Ion channels, proteasome, phenylpropanoid biosynthesis, electron transfer carriers, glycan degradation, and N-Glycan biosynthesis were significantly associated with BPH condition, while pathways such as nitrotoluene degradation, steroid hormone biosynthesis, non-homologous end-joining, and primary bile acid biosynthesis were directly linked to PCa development (Figure S3A). PCoA also demonstrated that the predicted functions of bacterial compositions among BPH and PCa were significantly clustered (p < 0.05) (Figure S3B).



Microbial Dysbiosis Associated With Increasing Patient’s Age and PCa Grade

It is known that prostatic disease commonly affects middle-aged and elderly people (Perdana et al., 2016). In order to determine whether there is any link between age and microbial dysbiosis among BPH and PCa samples, correlation studies among the top 10 bacterial species identified in LEfSe analyses in each category with the patient’s age were further conducted (Figures S4A, B). While no correlation was established among BPH-specific bacteria with patient’s age, a number of bacterial species specific to PCa samples were moderately positively correlated with increasing patient’s age (Figure S4B). These include Neisseria elongate (r = 0.262), Caulobacter segnis (r = 0.277), and Bradyrhizobium cytisi (r = 0.346) (Figure S4B). Among the top two bacteria in LEfSe analyses along with the three most abundant bacteria in diseased prostatic lesion, C. taiwanensis (r = 0.176), C. campinensis (r = 0.162), and P. acnes (r = 0.191) were weakly positively correlated with PCa pateint’s age (Figure S4C). In contrast, while C. taiwanensis (r = -0.239) and M. organophilum (r = -0.131) were somewhat negatively correlated with PCa grade based on Gleason score, P. copri was found to positively correlated (r = 0.196) with PCa grade (Figure S4D).



Quantitative Real-Time PCR Analyses Detected Strong Association of Multiple Human Tumor Viruses With PCa Progression

Studies suggest that a number of human oncogenic viruses including high-risk HPVs and EBV are associated with PCa development (Pascale et al., 2013; Whitaker et al., 2013; Smelov et al., 2016). To evaluate the potential involvement of viral etiology in our samples we designed qPCR primers for seven human tumor viruses including EBV, two high risk HPVs – HPV-16 and HPV-18 - HBV, HTLV-1, HCV, KSHV, and MCPyV along with two more human polyomaviruses – JCV and BKV (Table S3). qPCR analyses of Cohort-1 with primer set-I against all virus-specific antigens demonstrated that only EBV, HPV-16, HPV-18, and HBV are significantly associated with PCa samples as compared to BPH controls (Figures 4A–D and S5A–F). The housekeeping gene, human GAPDH gene, was utilized as control assuming the genomic segment bearing GAPDH gene remained unaffected in both BPH and PCa samples. A higher negative -ΔCt (average GAPDH Ct value – average target primer Ct value) indicated elevated presence of the virus in the sample as detected by specific primer set targeting specific viral gene. We further validated the association of these four selected tumor viruses in Cohort-2 using a second set of primers (Figures 4A–D and Table S3). The results clearly demonstrated that all four tumor viruses were significantly associated with the PCa lesions in comparison to BPH samples (Figures 4A–D).




Figure 4 | Association of human tumor viruses with BPH and PCa lesions. (A–D) Comparative qPCR data of (A) EBV, (B) HPV-16, (C) HPV-18 and (D) HBV among BPH and PCa samples of both Cohort-1 and Cohort-2 using two sets of primers. Specific gene primer is indicated on the top of each graph. Primers were designed using Primer-BLAST tool in NCBI database. PCR calculation was performed by -ΔCT method to quantify relative abundance of each tumor virus using human genomic GAPDH as control. The -ΔCt values of each sample were plotted using GraphPad Prism 8.0.1. (E) Co-occurrence and co-exclusion analyses between most abundant bacteria and human oncogenic viruses in BPH and PCa lesions. Pearson correlations among EBV, HPV-16, HPV-18, and HBV with the top two most abundant bacterial species identified in LEfSe and qPCR analyses in each group of BPH and PCa tissue biopsy samples were calculated and analyzed. Correlation values range from -1.0 (red) to +1.0 (blue). Orange: BPH specific; Green: PCa specific.





Co-Occurrence of Tumor Viruses With Microbiome Signature Linked to BPH and PCa Lesions

To further corroborate the connection of these tumor viruses with the identified microbial signature associated with BPH and PCa lesions, the co-occurrence and co-exclusion patterns of EBV, HPV-16, HPV-18, and HBV with the most abundant bacterial species identified in LEfSe and qPCR analyses in each category were further investigated (Figure 4E). As depicted in both LEfSe and qPCR analyses, BPH-specific bacteria K. palustris and C. mixtus and PCa-specific bacteria C. taiwanensis and M. organophylum were moderately correlated with each other (r = 0.362 and 0.394, respectively), indicating that they fell into two distinct groups (Figure 4E). Among BPH-specific bacteria, interestingly only K. palustris was positively correlated with EBV (r = 0.446) and as expected negatively correlated with HPV-16 (r = -0.461) and to a lesser extent with HBV (r = -0.263) (Figure 4E). Among PCa-specific bacteria, while C. taiwanensis was positively correlated with HPV-16 (r = 0.411) and to lesser extents with HPV-18 (r = 0.328) and HBV (r = 0.246), M. organophylum were positively correlated with EBV (r = 0.456) and to lesser extents with HPV-18 (r = 0.325) and HPV-16 (r = 0.261) (Figure 4E). Among the most abundant bacteria in both BPH and PCa tissue samples, all three species P. copri, C. campinensis, and P. acnes were in general found to be somewhat positively correlated with the PCa-specific bacteria but not with BPH-specific bacteria (Figure 4E). Among these three species P. copri and P. acnes were particularly strongly correlated (r = 0.543) (Figure 4E). In addition, while P. copri was positively correlated with both C. taiwanensis (r = 0.369) and to a lesser extent M. organophylum (r = 0.246), C. campinensis and P. acnes were correlated with only M. organophylum (r = 0.318, and 0.282, respectively) (Figure 4E). While P. copri and P. acnes were robustly correlated with two tumor viruses – EBV (r = 0.551 and 0.599, respectively) and HPV-18 (r = 0.509 and 0.444, respectively) - C. campinensis was weakly correlated with only HPV-18 (r = 0.279) (Figure 4E). Among the four tumor viruses, EBV and HPV-18 were positively correlated with each other (r = 0.551), whereas HPV-16 and HBV were grouped together (r = 0.370) (Figure 4E).




Discussion

A growing body of evidence indicated microbial infection as one of the predominant risk factors for PCa development (Sfanos et al., 2008; Sutcliffe et al., 2011; Whitaker et al., 2013). In addition, several studies derived from 16S rRNA amplicon based sequencing, whole genome shotgun sequencing, as well as hybridization based microarray techniques have evidently documented microbiome dysbiosis associated with disease progression (Cavarretta et al., 2017; Yow et al., 2017; Banerjee et al., 2019; Massari et al., 2019). Despite the increasing incidence of PCa (Jain et al., 2014), to date, there are no reports describing the microbial dysbiosis associated with PCa development among Indian patients. Herein, we identified specific microbial signature including both alteration of tissue specific commensal bacteria along with infection status of several tumor viruses linked with the pathologic prostate tissue specimens collected from patients in the Eastern region of India.

Multiple studies suggested that an inflammatory microenvironment is involved in the development of PCa precursor lesions that promote tumor initiation (Kwon et al., 2014; Sfanos et al., 2017). Although microbial infections are considered as a mainstay of chronic inflammation, to date, no single microbe was identified as a direct contributor to PCa development. However, several bacterial species are known to induce prostatic inflammation (Sutcliffe et al., 2006; Nickel and Xiang, 2008; Sutcliffe et al., 2011; Sfanos et al., 2017). In addition, Propionibacterium acnes, a Gram-positive pro-inflammatory bacterium ubiquitously found in the human skin, has been detected with elevated levels in prostate tissue specimens from patients with prostatitis and PCa and can promote prostatic inflammation in both cell line and animal models (Sfanos and Isaacs, 2008; Sfanos et al., 2008; Fassi Fehri et al., 2011; Olsson et al., 2012; Shinohara et al., 2013). Moreover, P. acnes infection in prostate epithelial cells resulted in increased cell proliferation and anchorage-independent cell growth (Fassi Fehri et al., 2011), indicating the possibility of P. acnes as one of the major contributing inflammatory factors for PCa development. In addition, transcriptomic analyses using RNA-Seq data of human prostate samples collected from both Caucasian and Chinese patients demonstrated significant expression of P. acnes genes in PCa samples as compared to the matched controls (Chen and Wei, 2015). In agreement to this, our 16S rRNA amplicon sequencing results also demonstrated that P. acnes represented one of the most abundant bacterial species in diseased prostate specimens including both BPH and PCa. Moreover, our qPCR analyses further demonstrated that P. acnes was likely to be more associated with PCa lesions in comparison to BPH samples. In addition, due to anatomical proximity urinary microbiota has also been shown to influence prostate pathophysiology (Yu et al., 2015; Shrestha et al., 2018). Various studies profiled urinary microbiota of adult men, which include genera Corynebacterium, Streptococcus, Veillonella, Prevotella, Anaerococcus, Propionibacterium, Finegoldia, Staphylococcus, and Lactobacillus (Nelson et al., 2010; Dong et al., 2011). Another study suggested the prevalence of pro-inflammatory bacteria and uropathogens in the urinary tract of PCa patients (Shrestha et al., 2018). In agreement to these previous reports, our results also demonstrated Prevotella, Propionibacterium, and Corynebacterium among the top five genera in both BPH and PCa lesions.

Increasing evidence suggested that the gastrointestinal (GI) microbiome controls the efficacy of various cancer treatments including both chemotherapy and immunotherapy (Iida et al., 2013; Vetizou et al., 2015). Although, there are no published data, GI microbiome could influence immunotherapy response in case of PCa patients. Of note, recently, Sfanos et al. demonstrated a difference in GI microbiome compositions in men undergoing treatment with androgen deprivation therapies (ADT), which may influence treatment response to ADT or to subsequent treatments including immunotherapy (Sfanos et al., 2018). In agreement to this, our study also demonstrated significant enrichment of steroid hormone biosynthesis pathway in PCa as compared to BPH samples. Prevotella copri is a frequent resident of the GI microbiome, and its higher prevalence has been consistently reported in non-Westernized populations as well as patients with rheumatoid arthritis, a systemic autoimmune disease (Scher et al., 2013; Tett et al., 2019). Interestingly, our 16S rRNA sequencing results also demonstrated that P. copri was the most abundant species in both BPH and PCa lesions. In addition, qPCR analyses showed P. copri was significantly associated with PCa samples, indicating potential involvement of GI microbiota with PCa development possibly through modulating inflammatory response.

Intriguing evidence is emerging that indicates a potential association of several human oncogenic viruses with PCa (Samanta et al., 2003; Das et al., 2008; Lin et al., 2011; Chen and Wei, 2015; Smelov et al., 2016; Banerjee et al., 2019). For example, several HPV subtypes, polyomaviruses - JCV and BKV and herpesviruses including HCMV and EBV are associated with PCa across the globe (Samanta et al., 2003; Das et al., 2008; Lin et al., 2011; Whitaker et al., 2013; Anzivino et al., 2015; Smelov et al., 2016). Moreover, the frequency of co-infection of EBV and high-risk HPV-18 has been shown to be significantly higher in PCa as compared to benign and normal prostate samples (Whitaker et al., 2013). In agreement to this, our results also demonstrated that EBV was strongly correlated with HPV-18 but not with HPV-16 in PCa samples. A recent report by Ishiguro et al. using 30 non-cancer and 182 PCa tissue specimens suggested that HBV and HCV infection are not linked with PCa development in Japanese patients (Ishiguro et al., 2017). In contrast, using two different qPCR primer sets, our study for the first time demonstrated that HBV infection was significantly associated with PCa development. Importantly, a number of studies suggested that both HBV and HCV infections can promote androgen receptor (AR) signaling in hepatocellular carcinoma (HCC). Intriguingly, the gender preference of HCC differs between HBV and HCV related cases. The male predominance in HBV-linked HCC is significantly higher than that of HCV-linked HCC (El-Serag and Rudolph, 2007), indicating a potential link of AR-signaling and HBV infection. It has been demonstrated that HBV oncoprotein HBx induces AR-responsive gene expression in an androgen concentration dependent manner (Chiu et al., 2007; Yang et al., 2009). Targeting the AR signaling axis has been, over decades, the mainstay of PCa therapy (Karantanos et al., 2013; Tiwari et al., 2020). Although ADT using several specific AR inhibitors blocks further tumor growth for some patients, most patients develop resistance to the treatment and subsequently develop to castration-resistant PCa (CRPC) associated with poor prognosis (Cai et al., 2018). It would be fascinating to investigate the role of HBV infection in PCa progression. Altogether, it is still unclear whether the co-existence of these tumor viruses along with microbial dysbiosis acts as a promoter or bystander in PCa development. Nevertheless, in order to improve the treatment strategy as well as the development of diagnosis and prognosis markers, it is important, from the perspective of genetic etiology, to clarify the connection. Our study clearly revealed that C. taiwanensis, M. organophylum followed by P. acnes and P. copri were the most correlated bacterial species with the infection status of EBV and HPV-18 and, to lesser extents, HPV-16 and HBV in PCa tissue specimens.

In sum, our study demonstrated that dysbiosis of tissue specific microbiome is directly linked to prostate health and disease. Future in-depth investigations with larger sample cohorts of different socioeconomic and ethnic backgrounds are required to discern

Whether the microbiota and/or their metabolites can be considered as novel biomarkers and therapeutic targets for PCa in Indian scenario. The mechanisms by which the microbial dysbiosis along with infection of oncogenic viruses facilitate tumorigenesis can provide unique opportunities to explore the microbiome signature for diagnostic, preventive, as well as expansion of current therapeutic strategies against PCa onset and progression.
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Supplementary Figure 1 | Composition of bacterial communities across samples at the phylum and genus levels. (A–D) Relative abundance of bacterial communities at the (A, B) phylum and (C, D) genus levels in (A–C) BPH and (B, D) PCa tissue samples. (E) Association of specific microbiota taxa (top 20 bacterial genera) by LEfSe analyses in BPH and PCa samples. Orange indicates taxa enriched in BPH and green indicates taxa enriched in PCa.

Supplementary Figure 2 | Differentially abundant bacterial genera among BPH and PCa tissue biopsy samples. (A) Relative abundance (%) of the taxa at the genus level in BPH and PCa tissue biopsy lesions. (B) Venn diagram depicts distinct and overlapped genera among BPH and PCa sample groups.

Supplementary Figure 3 | Predicted functional pathways associated with BPH and PCa lesions. (A) LEfSe analyses of potential functional pathways associated with BPH (orange) and PCa (green) tissue biopsy samples. Functional compositions of the bacterial species among different samples groups were predicted using PICRUSt according to the KEGG database. P-value and FDR cutoff was adjusted to 0.05 level of significance. (B) Principal Component Analysis (PCoA) plot comparing the bacterial functions associated with BPH and PCa tissue biopsy samples. Axis 1 (PCoA1): 80.1% of variation explained. Axis 2 (PCoA2): 17.1% of variation explained.

Supplementary Figure 4 | Correlations among BPH and PCa specific bacteria with patient’s age and cancer grade. (A, B) Pearson correlations among the top 10 bacterial species identified in LEfSe analyses in each group of (A) BPH and (B) PCa tissue biopsy samples with patient’s age were calculated and analyzed. (C, D) Pearson correlations among the top two bacterial species identified in LEfSe analyses in PCa samples along with three most abundant bacteria in both BPH and PCa samples with patient’s (C) age and (D) PCa grade were calculated and analyzed. Correlation values range from -1.0 (red) to +1.0 (blue). Orange: BPH specific; Green: PCa specific; Purple: most abundant bacteria in diseased prostate sample.

Supplementary Figure 5 | qPCR analyses of tumor virus association with BPH and PCa samples. (A–J) Comparative qPCR data of (A) EBV, (B) HPV-16, (C) HPV-18, (D) HBV, (E) HCV, (F) KSHV, (G) HTLV-1, (H) MCPyV, (I) BKV, and (J) JCV among BPH and PCa samples of Cohort-1. Specific gene primer is indicated on the top of each graph. PCR calculation was performed by -ΔCT method to quantify relative abundance of each tumor virus using human genomic GAPDH as control. The -ΔCt values of each sample were plotted using GraphPad Prism 8.0.1.
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Evidence suggests that type 1 diabetes (T1D) risk and progression are associated with gut bacterial imbalances. Children with either T1D or islet antibody positivity exhibit gut dysbiosis (microbial imbalance) characterized by lower gram-positive to gram-negative gut bacterial ratios compared to healthy individuals, leading to a pro-inflammatory milieu. In addition, specific gut microbiome changes, including increased virulence factors, elevated phage, prophage, and motility genes, and higher amplitude stress responses, have been identified in individuals who have or are progressing towards T1D. Additionally, gut microbiome differences are associated with and thought to contribute to obesity, a comorbidity that is increasingly prevalent among persons with T1D. Obesity in T1D is problematic because individuals with obesity progress faster to T1D, have reduced insulin sensitivity compared to their lean counterparts, and have higher risk of complications. Animal and human studies suggest higher relative abundance of bacterial taxa associated with changes in bile acid and short chain fatty acid biosynthesis in obesity. However, it is unknown to what extent the gut microbiome plays a role in obesity in T1D and these worse outcomes. In this review, we aim to evaluate potential gut microbiome changes and associations in individuals with T1D who are obese, highlighting the specific gut microbiome changes associated with obesity and with T1D development. We will identify commonalities and differences in microbiome changes and examine potential microbiota-host interactions and the metabolic pathways involved. Finally, we will explore interventions that may be of benefit to this population, in order to modify disease and improve outcomes.
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Introduction

Type 1 diabetes is associated with long-term complications including cardiovascular disease and is the leading cause of kidney failure and retinopathy (Varma et al., 2016; Centers for Disease Control and Prevention, 2019). Obesity in type 1 diabetes (T1D) is problematic because it further increases the risk for complications and mortality (Conway et al., 2009). There is increasing evidence suggesting that type 1 diabetes (T1D) risk and progression are associated with gut microbial imbalance (Brugman et al., 2006; de Kort et al., 2011; Brown et al., 2011; Giongo et al., 2011; de Goffau et al., 2013; Murri et al., 2013; de Goffau et al., 2014; Mejía-León et al., 2014; Kostic et al., 2015; O'Callaghan and van Sinderen, 2016; Zheng et al., 2018). Separately, gut bacterial imbalances are associated also with obesity (Musso et al., 2010). The development of both obesity and T1D are complex processes that include the interaction between genetic susceptibility, immune system activation or inflammation, and environmental factors, all of which are poorly understood. The gut microbiome is becoming increasingly recognized in each condition as an important link connecting genes to the environment and immune system activation.

Obesity is now prevalent (up to 46.1% in some populations) and increasing among children and adults with T1D (Nathan et al., 2009; Conway et al., 2010; Liu et al., 2010; Redondo et al., 2016; Minges et al., 2017; Corbin et al., 2018) (Table 1). This trend is especially problematic, as obesity is associated with worse T1D outcomes, including higher risk for short term complications, such as hypoglycemia and long-term complications, such as cardiovascular disease (Redondo et al., 2012; Redondo et al., 2016; Ferrara et al., 2017; Corbin et al., 2018). However, it is unknown to what extent the gut microbiome plays a role in obesity in T1D and associated adverse outcomes. Whether and how the gut microbiome influences obesity trends in T1D similar to what has been shown in the general population is an important area to investigate. In this review, we will explore the gut microbial compositions associated with T1D and obesity and discuss how the gut microbiome may be contributing to the rising rate of obesity in T1D by reviewing the current literature. We will then summarize the literature focused on potential therapeutic effects of intestinal microbiome manipulation.


Table 1 | Table summarizing data on prevalence of overweight and obesity in T1D over the years.





The Gut Microbiome and Metabolic Disease


Obesity and the Gut Microbiome

The rates of obesity worldwide have tripled since 1975 (WHO, 2018). Over 1.9 billion adults are overweight and at least 650 million of those are obese. Similarly, about 39 million children under the age of 5 years and 340 million children and adolescents between 5-19 years of age globally are either overweight or obese (WHO, 2018). Gut microbiome differences and dysbioses have been associated with overweight, obesity and insulin resistance in non-diabetic children and adults (Cani et al., 2007; Turnbaugh et al., 2009; Musso et al., 2010; Del Chierico et al., 2018; Peters et al., 2018).

It is possible that obesity induces changes in the gut microbiome since earlier studies have shown that increased body fat or obesity is associated with a significantly elevated Firmicutes : Bacteroidetes (F:B) ratio compared to lean individuals (Dreyer and Liebl, 2018), even in the presence of similar patterns of food and energy consumption between the groups (Ley et al., 2005; Chakraborti, 2015; Dreyer and Liebl, 2018). On the other hand, some studies have shown no associations between obesity and the F:B ratio or have shown associations with other taxa, such as the higher relative abundance of taxa like Actinobacteria and Bacteroidetes (Turnbaugh et al., 2008; Murphy et al., 2010; Clarke et al., 2012; Del Chierico et al., 2018). However, there appears to be an overall agreed upon increase in Firmicutes (Abdallah Ismail et al., 2011) and evidence of gut microbial differences (Turnbaugh et al., 2008; Murphy et al., 2010; Clarke et al., 2012; Del Chierico et al., 2018) in obese individuals, which could be genetically or environmentally induced. There is evidence that gut dysbiosis may induce obesity. In an animal study by Turnbough et al. (Turnbaugh et al., 2006), cecal microbiota from lean and obese mice were transplanted into the gut of germ-free mice. After 2 weeks, the mice that had been transplanted with microbiota from obese mice extracted more calories from their food and had greater fat deposition compared to mice receiving transplants from lean mice (Turnbaugh et al., 2006; Turnbaugh et al., 2008). An earlier study (Shi et al., 2006), also in animals, showed that lipopolysaccharides (LPS), a component of gram-negative bacterial cell walls is produced at higher levels in cases of gut dysbiosis secondary to increased gram-negative bacteria during dysbiosis since gram negative bacteria can tolerate and flourish in an inflammatory environment. Both inflammation and LPS induce a leaky gut which worsens as bacteria translocate across the gaps between the epithelial cells. Increased LPS has been found to be associated with obesity and insulin resistance by binding to CD14 toll-like receptor-4 (TLR-4) and transforming growth factor-β (TGF-β)-mediated pathways (Abreu, 2010; Manco et al., 2010). Earlier animal studies shows that infusion of LPS and associated high levels mimicked the effects of a high fat diet on metabolic and inflammatory parameters (Cani et al., 2007). This finding was later verified in work by Cani et al (Cani et al., 2007), and the term metabolic endotoxemia was coined as the levels of endotoxins observed during obesity are lower than that seen during septic shock. While exact mechanisms linking obesity with these patterns of microbial composition are unknown, the result is increased systemic inflammation, likely secondary to increased gut leakiness and a reduction in microbial metabolites such as short chain fatty acids that have can induce satiety (Utzschneider et al., 2016).

Importantly, studies from humans provide support to the notion that gut dysbiosis may be a driver of obesity. In a small study of 12 obese individuals with lower relative proportions of Bacteroidetes and higher Firmicutes at baseline (as compared to lean controls), the proportion of Bacteroidetes increased over time, mirroring reductions in body weight but not dietary interventions (Ley et al., 2005). Another study, Santacruz et al. (2009) enrolled 36 overweight adolescents in a diet and exercise weight-loss program and found that greater weight loss in response to the lifestyle intervention was associated with the baseline gut microbiome profile prior to the treatment. Specifically, total bacterial count, B. fragilis, Clostridium leptum, and Bifidobacterium catenulatum group counts were significantly higher (P<0.001-0.036) while C. coccoides, Lactobacillus, Bifidobacterium breve, and Bifidobacterium bifidum counts were significantly lower (P<0.001-0.008) in the high weight-loss group (> 4kg weight loss) than in the low weight-loss group (<2 kg weight loss) both before and after the lifestyle intervention.

While a specific microbiome signature associated with obesity may not be consistent across different studies, likely due to several factors including dietary habits and environmental factors, it is the metabolic effect exerted through microbial metabolites that plays a larger role. The gut microbiota interacts with the host through several mechanisms including the production of short chain fatty acids (SCFAs), including acetate, butyrate and propionate, that are the byproducts of fermentation of non-digestible starches and fibers in the large intestine. SCFAs serve as energy substrates (Bergman, 1990; Brown et al., 2003; Louis et al., 2010; Blaut, 2015) and mediate crosstalk between bacteria and host metabolism (Manco et al., 2010). For example, they activate the mucosal G protein-coupled receptors (GPR) GPR-43 and GPR-41 to regulate secretion of incretin hormones such as glucagon like peptide-1 (GLP-1) (Nøhr et al., 2013; Kimura et al., 2014; Le Poul et al., 2003) and peptide YY (PYY) (Carvalho and Abdalla Saad, 2013), and adipose tissue-derived leptin. Incretin hormones, including GLP-1 and PYY are normally released in response to a meal and augment the secretion of insulin, thus stimulating a decrease in blood glucose levels. In addition, these hormones can act on the hypothalamus to promote satiety and reduce food intake (Carvalho and Abdalla Saad, 2013). SCFAs have also been shown to have anti-inflammatory actions (Carvalho and Abdalla Saad, 2013), which could be important, as obesity which is characterized by chronic low-grade inflammation.

Other metabolic effects of the gut microbiome on obesity have been described. For example, some studies suggest that a bile acid (BA)-gut microbiome axis contributes to insulin sensitivity and obesity (Sun et al., 2018). Consistent with this idea, the gut microbiome plays a major role in BA metabolism (Hullar et al., 2014; Ridlon et al., 2014) and evidence suggests that BAs are involved in the regulation of glucose homeostasis and insulin sensitivity (Kars et al., 2010; Haeusler et al., 2013; Kuipers et al., 2014; Wewalka et al., 2014). It is thought that BAs can impact insulin sensitivity via effects on the nuclear farsenoid X receptor (FXR) and the membrane-bound G-protein coupled receptor, TGR5 (Kuipers et al., 2014). Therefore, the gut microbial composition can alter insulin sensitivity by changing the amount and type of secondary BAs formed, thereby affecting FXR and TGR5 signaling. Indeed, one human study showed that the use of oral vancomycin altered the gut microbiome and caused a decrease in secondary BAs that were associated with worsened insulin sensitivity (Vrieze et al., 2014). Another study showed that oral metformin altered the gut microbiome composition in obese adults with type 2 diabetes (T2D) which was associated with secondary BA and FXR changes, resulting in improved insulin sensitivity (Sun et al., 2018).



T1D, Obesity, and the Gut Microbiome

Type 1 Diabetes Exchange clinic registry data between the years of 2010 and 2012 indicate that the prevalence of obesity (BMI ≥95th percentile for age and sex) was 13.5% overall in adolescents with established T1D and was higher in black/African American (17.9%) and Hispanic/Latinx (15.9%) children (Minges et al., 2017). Epidemiological studies have also shown increased prevalence of obesity among adults with T1D (Nathan et al., 2009; Conway et al., 2010). Further, some data show an increasing rate of obesity among people with T1D compared to general population trends (DuBose et al., 2015). Obese children progress faster to T1D and display differences in endogenous insulin secretion compared to their lean counterparts (Redondo et al., 2012; Ferrara et al., 2017). Obesity also reduces insulin sensitivity (Redondo et al., 2012; Ferrara et al., 2017), which is associated with higher exogenous insulin needs, chronic inflammation, and higher risk for hypoglycemia, dyslipidemia, and increased risk of long-term complications (Redondo et al., 2016; Corbin et al., 2018).

The causes for obesity in T1D are likely multifactorial and are not completely understood. Potential factors can include the fact that insulin therapy stimulates appetite, genetic predispositions, dietary composition, the frequent need to treat hypoglycemia with high caloric drinks, and possible disordered eating in this population. However, other potentially unknown environmental factors, including the gut microbiome, should be considered.

Independent of obesity, T1D development is influenced by the intestinal microbiome (Zheng et al., 2018). Children with T1D and islet antibody positive relatives who later progress to T1D exhibit gut dysbiosis and lower gram-positive to gram-negative gut bacterial ratios compared to healthy children (Brugman et al., 2006; de Kort et al., 2011; Brown et al., 2011; Giongo et al., 2011; de Goffau et al., 2013; Murri et al., 2013; de Goffau et al., 2014; Mejía-León et al., 2014; Kostic et al., 2015; O'Callaghan and van Sinderen, 2016) (Table 2). These imbalances could create a pro-inflammatory milieu and gut leakiness, thereby activating the autoimmune process. Gut microbiome changes including increased virulence factors, elevated phage, prophage, motility genes, and higher amplitude stress responses have been also identified in children who have or are progressing towards T1D (Brugman et al., 2006; de Kort et al., 2011; Brown et al., 2011; Giongo et al., 2011; de Goffau et al., 2013; Murri et al., 2013; de Goffau et al., 2014; Mejía-León et al., 2014; Kostic et al., 2015; O'Callaghan and van Sinderen, 2016).


Table 2 | Table highlighting some similarities and differences in bacterial species seen in obesity and in type 1 diabetes.



These microbiome changes, however, appear to be distinct from the changes seen in individuals with obesity. For example, animal and human studies suggest higher relative abundance of taxa (such as Actinobacteria and Bacteroidetes) associated with and linked to changes in BA and steroid acid biosynthesis in obese adolescents and adults (Del Chierico et al., 2018), while T1D studies show lower counts of Firmicutes and Bifidobacteria (O'Callaghan and van Sinderen, 2016; Zheng et al., 2018).

Currently, the pathways through which the microbiome influences metabolic health in T1D are not fully understood. However, similar to obesity and other diseases, the gut microbiome may influence T1D, in part, through the production of specific metabolites. Children with T1D have lower circulating SCFAs (Zheng et al., 2018), and the gut microbiome of children with T1D contains fewer bacteria (fermenters) that produce butyrate. In addition to effects mentioned earlier, butyrate has anti-inflammatory actions and has effects that enhance the immune regulatory responses (Brugman et al., 2006; de Kort et al., 2011; Brown et al., 2011; Giongo et al., 2011; de Goffau et al., 2013; Murri et al., 2013; de Goffau et al., 2014; Mejía-León et al., 2014; O'Callaghan and van Sinderen, 2016). Together these data suggest that a potentially common pathway through which the microbiome impacts metabolic health in persons with T1D, non-diabetic individuals, and in obese individuals is through modulating SCFA production.

It appears that gut microbiome changes are associated either with T1D development (Brugman et al., 2006; de Kort et al., 2011; Brown et al., 2011; Giongo et al., 2011; de Goffau et al., 2013; Murri et al., 2013; de Goffau et al., 2014; Mejía-León et al., 2014; Kostic et al., 2015; O'Callaghan and van Sinderen, 2016; Zheng et al., 2018) or with obesity in non-diabetic cohorts (Cani et al., 2007; Turnbaugh et al., 2009; Musso et al., 2010; Del Chierico et al., 2018; Peters et al., 2018). However, the gut microbiomes of lean and obese individuals with T1D have never been compared. Further, it is not known whether metabolic differences seen in obese individuals with T1D compared to lean individuals with T1D are associate with gut microbiome and metabolite differences. Notably, there is little information concerning SCFA and BA levels in T1D individuals who are obese despite the known mechanistic roles of these molecules in the pathophysiology of other gut microbiome dysbioses and conditions. A study by our group is currently underway aiming to address the lack of knowledge concerning the composition and potential role of the gut microbiome and microbial metabolites in lean and obese T1D individuals and potential associations with metabolic health. Data from this study could yield mechanistic insights that can be translated into novel therapeutic modalities.



Potential Interventions and Metabolic Pathways to Consider

Several interventions to modulate the gut microbiome and disease state have shown promising results in either T1D or obesity and might be worth considering in an obese T1D population. Yet questions remain as to whether modulation of the microbiome could have beneficial effects in a population of individuals with T1D and obesity. Here, we highlight a few potential options (Figure 1).




Figure 1 | Figure summarizing the effect of various interventions on the gut microbiome, microbial metabolites and pathways leading to increased insulin sensitivity and secretion.




Lifestyle Interventions

First, one must consider lifestyle interventions as an easy and safe intervention. Nutrition and exercise are important therapeutic approaches to improve glycemic control and manage body weight. There are consensus guidelines on the management of obesity and T2D (American Diabetes Association, 2020) but these guidelines are lacking when addressing obesity in a T1D population. Restoration of the gut microbiome balance has been shown to be influenced by or associated with a healthy BMI and increased physical activity levels in a population of adults with T1D (Stewart et al., 2017). Therefore, increased physical activity levels and a healthy diet along with the associated improvements in body composition and glycemic control could be an easy target to restore the dysbiosis that is likely present in T1D individuals with obesity. However, as the response to these interventions can vary from one individual to another (Zeevi et al., 2015), an important first step would be to understand the role of the gut microbiome in driving host energy metabolism and macronutrient balance (the balance between dietary energy harvest and expenditure) in this population in order to provide a more personalized lifestyle approach. It is postulated that there is a microbe-mediated increase in energy uptake that has been estimated to account for 10% of the energy intake among those consuming a western diet (McNeil, 1984).



Probiotics

Probiotics are viable microorganisms that have health promoting effects on the host when administered in adequate amounts as food ingredients (Rastall et al., 2005; Shen et al., 2013; Davis, 2016). Studies have shown an effect for probiotics containing Lactobacillus, Bifidobacterium, or Saccharomyces on weight loss and/or fat deposition in overweight adults (Rastall et al., 2005; Crovesy et al., 2017). In addition, multi-species probiotics restore gut microbiota profiles and promote epithelial tight junction integrity and reduce inflammation (Carvalho and Abdalla Saad, 2013; Chibbar et al., 2017), thereby preventing fat accumulation and weight gain (Everard et al., 2013; Davis, 2016). Multi-strain probiotics are available as a commercial probiotic mixture of lactobacilli (L. casei, L. plantarum, L. acidophilus, and L. delbrueckii subsp. bulgaricus); bifidobacteria (B. longum, B. breve, and B. infantis); and Streptococcus (S. salivarius subsp. thermophilus) (Shen et al., 2013; Chibbar et al., 2017). Multi-strain probiotics have been also studied in T1D. An Italian study showed that supplementation with Lactobacillaceae-enriched multi-strain probiotics, given alone or along with retinoic acid, decreased the risk of developing diabetes in non-obese diabetic (NOD) mice (Dolpady et al., 2016). In humans, multi-strain probiotics have also been studied in the modulation of the immune system in 25 unaffected siblings of T1D patients who are considered at risk for T1D development. Results show that the probiotic was safe and well tolerated and that systemic inflammation was modestly reduced in response to the probiotic intake (Cabrera et al., 2022). In this study, markers of inflammation were significantly reduced after 6-weeks of probiotic supplementation (p = 0.017). For example, probiotic-associated decrease in the ratio of memory: naïve CD4+ cells were demonstrated, consistent with lowering of systemic inflammation. They also noted a post-supplement enrichment of the family Lachnospiraceae, producers of the anti-inflammatory butyrate. Therefore, this multi-strain probiotic ‘mixture’ of lactobacilli might also have potential use in an obese T1D population.



Prebiotics

Prebiotics are non-digestible food ingredients capable of selectively stimulating growth and/or activity of fermenters and high SCFA producers, thereby providing health-promoting effects on host energy balance (Lim et al., 2005; Roberfroid et al., 2010). Prebiotics can, therefore, modify the gut microbiota to mitigate the risk of dysbiosis and associated gut and systemic pathologies.

One such prebiotic that could be promising in an obese T1D population is high amylose maize starch (HAMS), which has been shown to be effective in T1D as well as in overweight and obese adults, making it attractive in an obese T1D population (Maki et al., 2012; Dainty et al., 2016; Mariño et al., 2017; Stewart and Zimmer, 2018). HAMS is a versatile and well-tolerated source of indigestible dietary fiber with selective fermentation properties that shift the gut microbiome profile towards fermenters and SCFA production. In non-diabetic adults, HAMS consumption showed lower post-prandial glucose levels, along with improved insulin sensitivity and secretion. In a human study assessing the effects of 2 levels of intake of HAMS [15 or 30 g/d (double-blind)], as compared to control starch intake (0 HAMS) for 4-wk periods separated by 3-wk washouts, consumption of 15–30 g/d of HAMS improved insulin sensitivity significantly in men (Maki et al., 2012). Another human randomized, double-blind, controlled study (Stewart and Zimmer, 2018) in 28 non-diabetic healthy adults who consumed either a high fiber scone containing a novel chemically modified high amylose maize starch or a low fiber control scone without the maize starch, the consumption of the high fiber scone significantly reduced postprandial glucose and insulin incremental areas under the curves (43–45% reduction, 35–40% reduction, respectively), postprandial glucose, and insulin maximum concentrations (8–10% and 22% reduction, respectively), suggesting a beneficial glycemic effect along with improved insulin sensitivity. Lastly, in a study of 24 men and women at risk for T2D, consumption of HAMS resulted in a significantly lower fasting, 2-h, and 3-h insulin incremental areas under the curve during an oral glucose tolerance test, while fasting insulin resistance measures using the homeostasis model assessment of insulin resistance were significantly lower (Dainty et al., 2016). However, gut microbiome changes were not assessed in any of the above studies.

Marino et al. (Mariño et al., 2017) found that after feeding non-obese diabetic mice (mouse models of T1D) diets rich in high-amylose maize starch designed to release large amounts of the SCFAs acetate and butyrate after colonic bacterial fermentation, key features of T1D (such as disease progression, markers of inflammation and islet autoimmunity) were lower and were associated with a shift in the gut microbiome profile towards fermenters with higher blood and fecal concentrations of the microbial metabolites acetate and butyrate. The mice were also highly protected from diabetes, even when the fiber was administered following the development of islet-specific immune autoreactivity. The non-obese diabetic mouse (NOD) disease process, although similar in some aspects to human T1D, it is somewhat different in that the incidence for females is much higher than for males and the appearance of insulitis in mice and some patients is also different (Chen et al., 2018). Given this, the same group later showed that 6 weeks of the prebiotic supplementation in adults with longstanding T1D was associated with increased SCFAs in stools and plasma, and that subjects with the highest SCFA concentrations exhibited the best glycemic control. They also showed that circulating B and T cells developed a more regulatory phenotype following the supplementation (Bell et al., 2022).

Another prebiotic of interest is inulin. Inulin is a prebiotic that has been studied in both T1D and obesity separately and that targets gut microbiota and thereby influences microbial composition and activity. In a double-blind, randomized, placebo-controlled crossover study of 14 healthy, overweight to obese men, inulin promoted SCFA production with significantly higher plasma acetate after ingestion compared to placebo (van der Beek et al., 2018). A randomized, placebo-controlled trial in 38 children aged 8 to 17 years old with T1D using either placebo or a prebiotic oligofructose-enriched inulin for 12 weeks showed that C-peptide was significantly higher (P=0.029) in the prebiotic group, along with a modest improvement in intestinal permeability (P=0.076) (Ho et al., 2019). Although the authors did not look at microbial metabolites and metabolic pathways, they reported a significant increase in the relative abundance of Bifidobacterium (a known bacterial fermenter) in the prebiotic group.



Pharmacological Interventions

The effect of metformin on the microbiome has also been studied. Metformin is a first-line drug used to treat T2D, as it improves insulin sensitivity and inhibits hepatic gluconeogenesis. In adolescents with T1D, metformin use, in addition to insulin therapy, reduced total daily insulin doses (Libman et al., 2015). In another study, metformin improved whole-body and peripheral insulin sensitivity in T1D adolescents who were overweight and obese (Cree-Green et al., 2019). Results of preclinical animal studies suggest that metformin changes gut microbiome composition (Lee and Ko, 2014; Zhang et al., 2015). More recently, it has been shown that the therapeutic benefit of metformin may be due, in part, to alterations in the gut microbiome that modulate host energy metabolism (Ridlon et al., 2014; Wu et al., 2017; Lee et al., 2021). Several studies of different ethnic populations with T2D and healthy individuals have demonstrated that metformin alters gut microbiome composition and is associated with changes in SCFA, BA, and C-peptide levels (Lee et al., 2021). A study in humans by Sun et al. (Ridlon et al., 2014) showed that exposure to metformin for 3 days in adults with newly diagnosed T2D (who were treatment naïve) markedly reduced Baceteroides abundance in fecal samples, with the most striking decrease seen in Bacteroides (B.) fragilis. Metformin treatment also increased levels of the secondary BA glycoursodeoxycholic acid (GUDCA) in the gut through decreasing the abundance of B. fragilis and its bile salt hydrolase (BSH) activity in the intestines (Ridlon et al., 2014). In turn, GUDCA functioned as an FXR antagonist in the gut to improve insulin sensitivity and glycemic control (Ridlon et al., 2014). Elevated tauroursodeoxycholic acid (TUDCA) levels were also observed. These findings suggest a key role for microbiota-derived changes in GUDCA and the FXR axis as a mediator of metformin’s actions.

Work from other groups (Lee et al., 2021) support key findings from the study by Sun et al. For example, in one double-blind study (Wu et al., 2017), individuals with treatment naive T2D were randomized to placebo or metformin for 4 months, and then their gut microbiomes were analyzed. The relative abundance of more than 80 bacterial strains showed alterations in the metformin arm after 2 and 4 months compared to a change in only one strain in the placebo arm. These results were further verified in a subset of the placebo group that switched to metformin 6 months after the trial started. Lastly, the authors transferred fecal samples obtained before and 4 months after treatment from metformin-treated donors to germ-free mice. This transfer resulted in improved glucose tolerance in the mice that received the metformin-altered microbiota.

Metformin also promotes colonization by SCFA-producing bacteria such as Akkermansia (Utzschneider et al., 2016; de la Cuesta-Zuluaga et al., 2017). SCFAs in turn can regulate the secretion of GLP-1, which has been shown to enhance the metabolic effects of BAs that signal through another receptor (the Takeda G-protein coupled receptor 5, or TGR5) (Thomas et al., 2009), indicating synergy between metformin’s effects on SCFAs and its effects on BAs. These therapeutically relevant insights into the emerging field of altered gut microbiota-mediated BA and SCFA signaling and T2D pathophysiology provide the rationale for considering metformin use to modify the gut microbiome in T1D individuals with obesity.



Fecal Microbiome Transplantation

Fecal microbial transplantation (FMT) is a procedure in which fecal matter is collected from a healthy donor and placed into the gastrointestinal tract of a patient. Recent studies have explored the use of FMT in T1D as well as in obesity. For example, in a double-blind randomized placebo control pilot study (Allegretti et al., 2021) using FMT in 22 obese adults, significant improvements were seen in glucose area under the curve (AUC) at 12 weeks compared to baseline, and in the insulin AUC at 6 weeks compared to baseline in the FMT group compared to placebo. These findings suggest that FMTs may have a potential role in preventing the development of metabolic syndrome in patients with obesity. However, the same group (Allegretti et al., 2020) had shown earlier that although FMTs were safe and tolerable in this group of participants, it did not reduce BMI. They did show, however, that FMTs led to sustained changes in the intestinal microbiome and BA profiles that were similar to those of the lean donor.

A recent study (de Groot et al., 2021) of 20 new onset T1D patients ages 18-30 years and within 6 weeks of diagnosis, showed that stimulated C-peptide levels (as measured by mixed meal tolerance testing) were significantly preserved in the autologous FMT group compared with the healthy donor FMT group at 12 months. These authors also found that several microbial metabolites and bacterial strains were linked to this preserved residual β-cell function. Specifically, they found that the change in the relative abundance of Desulfovibrio piger correlated positively with change in fasting C peptide (p=0.009) and the plasma metabolite1-myristoyl-2-arachidonoyl-GPC correlated significantly with changes in fasting C peptide (p=0.012). It is rather interesting that the autologous FMT group had a higher preserved stimulated C-peptide, though the authors explain this is not surprising given that FMTs can affect homeostasis by introducing fecal microecology into the much less densely populated small intestine since FMTs in this study were introduced via a nasoduodenal tube. It is, in the opinion of the authors of this review, that autologous FMTs were likely associated with better recipient engraftment.

However, the FDA recently issued a warning against FMTs (US Food and Drug Administration, 2022), commonly used to treat chronic Clostridium Difficile infections, given that two immunocompromised individuals developed severe life-threatening infections from an antibiotic resistant strain of E. coli present in the donor stool, resulting in one of the two dying. FMT donors are screened for chronic and serious transmissible infections, such as HIV and hepatitis, but their samples are not tested for drug resistant strains. Yet, with more awareness and understanding of this procedure and its safety, FMTs may hold some promise in treatment of obese T1D individuals due to a potentially longer sustained effect on recipient colonic colonization (or decolonization of pathogenic strains) compared to the use of probiotics, for example, that tend to produce a more short-term change in the gut microbiome composition.





Conclusions

Obesity is a concerning and increasing health problem among individuals with T1D, and it is important to consider the potential role of the gut microbiome in obesity in these individuals (Musso et al., 2010). As the obesity epidemic can be viewed as an extension of the hygiene hypothesis, which stipulates that improved sanitation, widespread antibiotic use, and dietary habits in developed countries may predispose to metabolic diseases, the deviant gut microbiota may mediate these associations. In this case, this population of individuals with T1D and obesity should be viewed as facing a ‘double whammy’ given the hygiene hypothesis has been speculated to contribute to autoimmune disease development, hence targeting the gut microbiome is even more compelling. Several questions remain unanswered. Does the gut microbiome of obese individuals with T1D mimic that of obese non-diabetic individuals or that of T1D individuals or a combination of both? Are the microbiome-metabolite-metabolic pathways similarly involved in obese T1D individuals? Can we ascertain causality between the gut microbiome and obesity in T1D? And finally, do lifestyle changes, certain supplements and medications, or FMTs produce similar effects in this population and who would be a good candidate for each intervention?



Future Directions

Importantly, future studies should examine the gut microbiome of individuals with T1D and obesity and ascertain the nature of the relationship, focusing on the gut microbial functional capacity in this population to better understand the hormonal, immunomodulatory, and metabolic mechanisms underlying the microbiome-host interactions. This would allow for a more targeted intervention aimed at deficient metabolic pathways and restoration of the functional capacity of the disrupted microbiome. It will be essential to design future clinical trials to assess the health benefits derived from microbiome modulating interventions on the treatment of obesity in individuals with T1D and assess the long-term safety of gut microbiota manipulation.
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Autism spectrum disorder (ASD) is a neurological disorder that affects normal brain development. The recent finding of the microbiota–gut–brain axis indicates the bidirectional connection between our gut and brain, demonstrating that gut microbiota can influence many neurological disorders such as autism. Most autistic patients suffer from gastrointestinal (GI) symptoms. Many studies have shown that early colonization, mode of delivery, and antibiotic usage significantly affect the gut microbiome and the onset of autism. Microbial fermentation of plant-based fiber can produce different types of short-chain fatty acid (SCFA) that may have a beneficial or detrimental effect on the gut and neurological development of autistic patients. Several comprehensive studies of the gut microbiome and microbiota–gut–brain axis help to understand the mechanism that leads to the onset of neurological disorders and find possible treatments for autism. This review integrates the findings of recent years on the gut microbiota and ASD association, mainly focusing on the characterization of specific microbiota that leads to ASD and addressing potential therapeutic interventions to restore a healthy balance of gut microbiome composition that can treat autism-associated symptoms.
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Introduction

Concerns over autism spectrum disorder (ASD) are alarming, as many people are being diagnosed every year. Statistics report that ASD affects 1 in 68 people worldwide (DeFilippis and Wagner, 2016; Li et al., 2017). ASD is a highly prevalent neurodevelopmental disorder (Tsai et al., 2012) that affects normal brain development and is characterized by poor communication skills, poor reasoning, and repetitive and obstructive behavioral patterns (Louis, 2012; DeFilippis and Wagner, 2016; Liu et al., 2019). Doctors try to alleviate these conditions through behavioral therapies and specific therapeutic interventions (Tsai, 2000; Levy et al., 2003; Wong and Smith, 2006). They often administer drugs such as Aripiprazole, Escitalopram, antidepressants, and drugs that affect the concentration of a neurotransmitter or chemical messenger called serotonin in the brain (Shapiro et al., 2003; de Bartolomeis et al., 2015). Selective serotonin uptake inhibitors (SSRIs) may improve the communication, social skills, and adaptability of the patients. Previous studies have suggested that therapeutic interventions may also cause hyperactivity and aggression and side effects such as vomiting, irritability, increased appetites, weight gain, and sedation (Soorya et al., 2008; DeFilippis and Wagner, 2016). Scientists have been trying to explore the molecular mechanisms behind the pathology of ASD to facilitate alternative treatments. Several evidence suggests that genetic factors such as chromosomal abnormalities and environmental factors like diet and stress are involved in the pathogenesis and advancement of ASD (Matsuzaki et al., 2012; Ma et al., 2019). Over many years, parents have reported that their children diagnosed with ASD also suffer from gastrointestinal (GI) symptoms like constipation, abdominal pain, diarrhea, and vomiting (Soorya et al., 2008; DeFilippis and Wagner, 2016; Li et al., 2017; Warner, 2018; Babinská et al., 2022) Interestingly, accumulating research has demonstrated the gut–brain axis or multiple biochemical signaling pathways that take place between the gastrointestinal tract (GI tract) and the central nervous system (CNS), and its possible association with ASD (Kim et al., 2018). Mounting evidence explains that gut microbial dysbiosis is implicated in the pathogenesis of multiple diseases, including inflammatory bowel disease (IBS), coeliac disease (CD), allergy, asthma, metabolic syndrome, cardiovascular disease, obesity, and ASD (Carding et al., 2015; Kumar et al., 2017; Noor et al., 2021). This mini-review focuses on the association between ASD and the gut microbial population. We also addressed the impact of unregulated antibiotic usage on the gut microbiome, the pathogenesis involved, and various potential microbial therapeutics such as fecal microbiota transplantation (FMT) for treating autistic patients.



Microbiota–Gut–Brain Axis

Recent studies on the gut–brain axis suggested that the gut contains millions of nerve cells, eventually forming an extensive network called the enteric nervous system (ENS). This enteric nervous system is also considered our second brain (Gershon, 1999). The ENS and the central nervous system (CNS) are mainly connected via the vagus nerve and form the gut–brain axis (Goyal and Hirano, 1996; Flannery et al., 2019). The communications within the gut–brain axis occur through the autonomic nervous system, enteric nervous system, neurotransmitters, hormones, and immune responses (Figure 1) (Cryan and Dinan, 2012). Neurotransmitters produced in the gut influence our emotions by regulating the gut–brain axis. Around 90% of neurotransmitters, such as serotonin, are produced in the gut (Mohammad-Zadeh et al., 2008; Warner, 2018). The human gut microbiome consists of trillions of bacterial cells, which is 10-fold more significant than human body cells (Chauhan, 2017; Kumar et al., 2018). The average human gut contains 1 kg of diverse groups of bacteria that mostly perform beneficial activities often involved in metabolites production and transportation and maintenance of gut homeostasis (Dinan et al., 2015; Kumar Mondal et al., 2017; Li et al., 2017). Earlier, the majority of microbiota cannot be classified by traditional cultural techniques. Researchers have overcome this limitation by using next-generation sequencing technology and metagenomic sequencing to identify unculturable microorganisms (Wang et al., 2015; Chauhan et al., 2017). Our intestines harbor numerous beneficial bacteria that generate many neurotransmitters and active metabolites in the gut by utilizing the consumed foods. Essential amino acid tryptophan found in food acts as a precursor of a neurotransmitter called serotonin. Over 1%–2% of dietary tryptophan is converted into serotonin (Jennis et al., 2017). Beneficial gut bacteria such as Bifidobacterium infantis convert tryptophan into serotonin, regulating emotions and behavior (Desbonnet et al., 2008). Clostridium sporogenes increases the production of tryptophan metabolites called indole-3-propionic acid (IPA), a bioactive molecule that increases the production of antioxidant and neuro-protectant molecules inside the gut (Table 1) (Wikoff et al., 2009; Javier Díaz-García et al., 2020). The gut can also be invaded by various pathogenic microbes, leading to the development of gastrointestinal problems following the presence of Clostridium bolteae (Tsai et al., 2012; Rosenfeld, 2015). Interestingly, Clostridium bacteria in the colon indicate higher risk and severity of ASD (Soorya et al., 2008; Rosenfeld, 2015). This specific strain of bacteria produces tetanus neurotoxin (TeNT), which passes through the vagus nerve to the CNS and blocks neurotransmitters by the proteolytic cleavage of synaptobrevin, a synaptic vesicle membrane protein, and precipitates a whole range of behavioral deficits. Li et al. have implied that the presence of Clostridium tetani can be used as an indicator for the ASD diagnosis (Table 1) (Li et al., 2019).




Figure 1 | Schematic diagram of microbiota–gut–brain axis represents the bidirectional connection between the central nervous system (CNS) and enteric nervous system (ENS) via the vagus nerves, which carry neurotransmitters like serotonin, tetanus neurotoxin, and microbial metabolites like SCFA produced by the microbial action. Millions of immune cells in the enteric nervous system cause immune-mediated functions and keep healthy microbial colonization.




Table 1 | Difference in the mode of delivery represents distinctive gut microbiota consortia, which produce metabolites and play essential roles in the human body.





Effect of Early Colonization on ASD

Numerous evidence explains that microbial colonization starts during prenatal development inside the mother’s womb, in the placenta (Stout et al., 2013), and amniotic fluid (Collado et al., 2016). Bacteria colonization in the maternal–fetal unit can have beneficial or adverse effects on pregnancy and/or fetal development (Taddei et al., 2018). Colonization of some bacterial species such as Lactobacillus, Enterococcus, Streptococcus, Peptostreptococcus, Corynebacterium, Escherichia, and Staphylococcus in infants passed from the breast milk of lactating mothers (Noor et al., 2020). Pioneer microbial colonization inside the GI tract of preterm infants begins at birth. After 1 year in which a unique and complex microbiota develops, the composition of the microbiota stabilizes around the age of 2–3 years. The intrauterine period during pregnancy and postnatal period can provide a critical window for infant microbiome development, which has lifelong ramifications on overall health (Taddei et al., 2018; Warner, 2018; Lee, 2019). Interestingly, the brain of neonates also grows from 36% to approximately 90% of its future adult volume until the age of 2. Thus, establishing a healthy microbial composition falls into the same critical time for brain development (Srikantha and Mohajeri, 2019). A study with rat models has demonstrated that maternal separation from infant rats daily for 3 h from day 2 to 12 postnatal led to microbial dysbiosis. After being exposed to chronic stress, there was an elevation in the abundance of Bacteroides and Clostridium in rats and an increase in immune cells such as pro-inflammatory cytokines and chemokines (IL-6 and CCL2) (Forssberg, 2019).



Maternal Microbiota in the Early Gestation Period and Their Effect on Fetal Neurodevelopment

The interval between conception and gestation is a crucial period for fetal neurodevelopment. During this time, several factors, such as an unhealthy diet (Buffington et al., 2016), microbial infection (Kim et al., 2017), and metabolic stress (Jašarević et al., 2018), can lead to maternal microbiome dysbiosis that may influence the abnormal neurological development of offspring, leading to lifelong behavioral deficits (Vuong et al., 2017).

The study conducted by Vuong et al. in a mice model of three categories namely, antibiotic-treated (ABX) embryos and specific pathogen-free (SP) and germ-free (GF) mice mothers, demonstrated that colonization of Clostridia-dominant spore-forming bacteria in maternal microbiota leads to the reduction of fetal brain gene expression and thalamocortical axonogenesis connecting the thalamus and the cerebral cortex and impaired outgrowth of thalamic axons (Yaguchi et al., 2014). Previous studies have shown that spore-forming Clostridia species downregulate NTNG1 expression and minimize netrin-G1a+ thalamocortical axons, leading to the impairment of thalamic axon outgrowth (Yaguchi et al., 2014). Vuang and co-workers have demonstrated that colonization of Bacteroidetes (BD) in mother mice may significantly enhance netrin-G1a+ thalamocortical axons (Vuong et al., 2020). The healthy microbial composition inside the maternal mice can be restored via fecal transplantation, increasing the relative abundance of Bacteroides species by 95%. The relative abundance of Clostridium difficile was reduced to 5% (Botta et al., 2020; Vuong et al., 2020).

In a mother’s intestinal tract, a specific bacterial consortium produces metabolites that influence the development of the fetal brain. Further experiments showed that the maternal gut microbiota promotes healthy brain development by regulating biochemical profiles and selecting metabolites in the fetal brains of developing offspring. During pregnancy, the gut microbiota modulates the bioavailability of many biochemicals, nutrients, and growth factors that circulate in the maternal blood, supporting offspring growth and proper fetal brain development. After analyzing the molecules in the mothers’ blood and their offspring’s blood and brain, they found that the levels of specific metabolites were reduced in GF and ABX pregnant mothers (Botta et al., 2020). SP mice, ABX, and GF mice were exposed to thalamic explants. The result showed that an increase in metabolites, such as trimethylamine-N-oxide (TMAO) (Molnár et al., 2012), N,N,N-trimethyl-5-aminovalerate (TMAV), imidazole propionate (IP), 3-indoxyl sulfate (3-IS), and hippurate (HIP), in embryos of SP mice compared to ABX and GF mice, may increase axon numbers via thalamocortical axonogenesis (Molnár et al., 2012; Vuong et al., 2020). Restoration of these metabolites into the microbiota-deficient mice mothers can potentially prevent the abnormalities in the development of neuronal connections and improve the behavior of the offspring. However, there might be increases in relationships with other neurons in the presence of the metabolites. Further studies are highly required to implement and analyze the result of this study in human maternal gut microbiota during pregnancy (Vuong et al., 2020).


Effect of Mode of Delivery on ASD

Multiple studies have shown that babies born via vaginal delivery have more composition of healthy bacteria than the babies born via cesarean section delivery (Groer et al., 2015; Rosenfeld, 2015). Babies born via standard (vaginal) delivery are exposed to the mother’s vaginal bacteria, whereas children born via C-section delivery are remarkably exposed to the mother’s skin flora and environmental microorganisms. During the prenatal period, the fetus’ gut acquires a complex mixture of bacteria from mothers via breastfeeding exposure to vaginal and enteric microorganisms (Groer et al., 2015). At birth, the fetus’ microbiota is almost identical to the mother’s microbiome (Li et al., 2017; Forssberg, 2019). At this stage, the abundance of lactobacilli became the pioneer colonizer of the infant’s gut. The subsequent colonization of aerobic or facultative anaerobic bacteria like enterobacteria, enterococci, and staphylococci are found. The colonization of these bacteria uses oxygen for their growth and makes a suitable habitat for the colonization of anaerobes, including Bifidobacterium, Clostridium, and Bacteroides, and later prominent phyla such as Firmicutes and Bacteroides, and Verrucomicrobia; less dominant microbiota such as Proteobacteria and aerobic Gram-negative bacteria are developing inside the gut of adult human (Palmer et al., 2007; Shao et al., 2019). On the other hand, babies born via C-section were dominated by Enterococcus faecalis, Enterococcus faecium, Staphylococcus epidermidis, Streptococcus parasanguinis, Klebsiella oxytoca, Klebsiella pneumoniae, and Clostridium spp. (Clostridium perfringens, Clostridium difficile) (Table 1); these microbes are predominant at the mother’s skin surface and hospital environment (Stewart et al., 2015; Lax et al., 2017; Shao et al., 2019). Growing evidence displays that a globally increased cesarean section (CS) can also alter gut microbial composition in early infancy and might delay neurological adaptation in infants (Rosenfeld, 2015; Chen et al., 2017). Surprisingly, a current meta-analysis study has demonstrated that a child born via C-section delivery has a 23% risk of developing ASD compared with a child born via vaginal delivery (O’Mahony et al., 2009; Curran et al., 2014). In a most significant multi-national population-based study, which consisted of 5 million births from Norway, Sweden, Denmark, Finland, and Western Australia, each participant was observed for 36–42 weeks. More than 31,000 cases of ASD were confirmed, which supported the hypothesis that birth delivery by C-section possesses a higher risk of ASD than vaginal delivery (Yip et al., 2016).



Effect of Antibiotics on ASD

From birth until about the age of 3, a human’s microbiome starts to develop. Using antibiotics during these formative years can disrupt the development of immune-mediated, metabolic, and neurological diseases (Arrieta et al., 2014). Antibiotics significantly alter the microbial composition by inhibiting the growth of pathogenic microbes (Ahmed et al., 2013a; Ahmed et al., 2013b; Ahmed et al., 2014). Early and uncontrolled doses of antibiotics may lead to loss of predominant microbial phyla, loss of diversity, change in metabolic activity, and colonization of pathogens (Bourassa et al., 2016; Chen et al., 2017). Antibiotic treatment during the 1–2 years of life can crucially impact the maturation of the immune system and have a detrimental effect on typical microbiota establishment with severe long-term consequences, such as inflammation, immune dysregulation, allergies, infections, and GI diseases such as Crohn’s, inflammatory bowel disease (IBD), constipation, and diarrhea (Jernberg et al., 2007; Yang et al., 2009; Ubeda et al., 2010; Ni et al., 2017; Warner, 2018). Further cohort studies performed using antibiotics during infancy and early childhood showed significant alterations in gut microbiota, which could be directly responsible for turning on or off specific genes. Early use and overuse of antibiotics lead to microbial dysbiosis and may turn on the autism gene. This affects the gut–brain axis by causing epigenetic modification, which potentially facilitates the pathogenesis of ASD (Eshraghi et al., 2018).

Early colonization of beneficial gut bacteria during infancy is essential for maintaining gut homeostasis. Using antibiotics in that period can increase gut microbiome dysbiosis inside the infant gastrointestinal tract (Eshraghi et al., 2018). A recent study showed that 34.5% of autistic children were exposed to extensive and repeated broad-spectrum antibiotic treatments, which was more than six courses compared to a control group with more than six courses. Further investigations are required to understand the impact of antibiotics overuse during the first years of life on the gut–brain axis and its association with other health outcomes such as autism in later years (Parracho et al., 2005).



Importance of Dietary Fibers

According to recent studies, dietary fiber significantly increases microbial diversity. In a dietary intervention, subjects were provided dietary fiber. After 2 weeks, there was a significant change in microbial diversity observed among 20% of the fiber consumers, with an increase in the abundance of fiber degrading beneficial bacteria such as Prevotellacopri (Johnson et al., 2021).

Microbial fermentation of dietary fibers by gastrointestinal bacteria, such as Firmicutes, Clostridia, Bacteroides, and Desulfovibrio, produce short-chain fatty acids (SCFAs) butyrate, acetate, and propionate (MacFabe, 2012; Yadav et al., 2017; Yadav et al., 2020). SCFA induces pyruvate dehydrogenase kinase (PDK), leading to the inactivation of the pyruvate dehydrogenase complex. As a result, cells cannot produce sufficient energy due to the cessation of pyruvate to acetyl-CoA conversion (Kumar et al., 2020). To meet the energy requirement of the cell, colonocytes produce acetyl-CoA via β-oxidation of the SCFA. As the oxidative respiration increases in the cell, the oxygen concentration decreases, resulting in the stabilization of hypoxia-inducible factor-1α (HIF-1α). HIF-1α is a regulator of oxygen homeostasis controlled by the oxygen concentration inside the intestinal lumen (Kumar et al., 2020). Kumar et al. have reported that hypoxia-inducible factor 1-alpha (HIF1α) prevents the transportation of gut microbiota and protects the microorganisms from host immune response (Kumar et al., 2020).

The importance of dietary fibers and their impact on the CNS has been demonstrated in several epidemiological studies (Cenit et al., 2017). SCFA is a neuroactive compound produced by gastrointestinal bacteria, which leads to alteration of metabolic and immune system function and regulates the gene expression (MacFabe, 2012; Al-Asmakh et al., 2012; MacFabe, 2015). Butyrate, one of the short-chain fatty acids (SCFAs) produced, can profoundly improve the function of the CNS by inhibiting histone deacetylases (HDACs) (O’Mahony et al., 2009; Ding et al., 2016; Oriach et al., 2016; Lee, 2019). Histone deacetylases inhibition is necessary because it does not allow acetylation of histone protein, which eventually inhibits loosen up of the chromatin for acetyl groups to be added to N-terminal L-lysine residues by histone acetyltransferases (HATs) for transcription. Lack of histone acetyltransferases activity leads to transcriptional dysfunction, potentially causing many neurodegenerative diseases (Sleiman et al., 2009). HDAC inhibitors such as sodium butyrate (NaB) have become very promising and attractive therapeutic candidates for their ability to increase histone acetylation and promote the expression of genes (Sealy, 1978). Conversely, a recent experiment showed that propionate injection inside the intracerebroventricular during development results in autistic-like behavior, and the same results were observed in a rodent model of autism (MacFabe et al., 2008; Bourassa et al., 2016). Excessive propionate can impact CNS function by crossing the gut–brain and blood–brain barriers, causing neuroinflammatory responses and behavioral alterations, leading to aggravation of neurodegenerative conditions like autism spectrum disorder (Macfabe et al., 2007; Wang et al., 2012). SCFAs can be both beneficial and detrimental to neurodegenerative disorders. Recent studies demonstrated that children with ASD have increased production of SCFAs, mainly indicated by the alteration in the fermentation of dietary fiber and abundance of SCFAs in ASD children compared to children without ASD (Wang et al., 2014). Therefore, these microbial fermentation products can also act as a biomarker for detecting ASD (Valicenti-McDermott et al., 2006).




Microbiome Therapeutics


Additive Therapy

Based on years of research, it has been projected that antibiotics applied for treatment impose a threat to the human gut microbiome due to antibiotic resistance within microbes and lack of specificity and efficacy. To overcome these challenges in developing modern medicines and reduce the dependency on antibiotics (Ahmed et al., 2013b), microbial therapies are widely popularized for using beneficial microbes, naturally found in the human body. It has undergone several advancements like genetic engineering to enhance host–microbe interaction and increase treatment efficacy and effectiveness (Yadav and Chauhan, 2021).

In additive therapy, a cocktail of beneficial microbes is extracted from the healthy human body and introduced into fecal microbial transplantation (FMT), or through the consumption of probiotics (Yadav and Chauhan, 2021). Probiotics are non-pathogenic beneficial microorganisms (such as Lactobacillus and Bifidobacterium) introduced into the body to restore the healthy composition of the gut microbiome (Sandler et al., 2000; Umbrello and Esposito, 2016). In FMT, the patient suffering from a gastrointestinal disorder is subjected to complete restoration of the intestinal microbial consortium. This alternative approach to probiotics and antibiotic treatment consists of bacteria, archaea, fungi, and viruses (bacteriophage), regulating gut microbial homeostasis and the host immune system (Żebrowska et al., 2021). FMT therapy has been successfully implemented in several studies related to GI disorders like recurrent Clostridium difficile infections (rCDIs) and IBD, demonstrating effective results with satisfactory efficacy, and children showed significant improvement in GI symptoms (Żebrowska et al., 2021).



Subtractive Therapy

In subtractive therapy, engineered bacteriocins and bacteriophages that exert promising antimicrobial activity are used to target pathogens in the gut without causing harm to other microbes in the ecosystem. This is a much better option than antibiotic usage, which eventually develops antibiotic resistance.

Bacteriocins are peptides synthesized in the ribosome, which target unwanted microbes in various ways: releasing toxins, cessation of respiratory mechanisms, disintegrating the membrane, and cell death (Yadav and Chauhan, 2021). One recent study presented that Lactobacillus salivarius strain UCC118 produces broad-spectrum bacteriocin called Abp118, which acts against the food-poisoning pathogen Listeria monocytogenes (Gillor et al., 2008). Another mice model study demonstrated that bacteriocins produced by Lactobacillus casei L26 LAFTI prevented the growth of specific strains of E. coli and L. monocytogenes and protected the intestinal wall. Probiotic strain Lactobacillus johnsonii LA1 releases a particular bacteriocin that inhibits the growth of ulcer-causing bacteria Helicobacter pylori (Gillor et al., 2008). Research has also shown the effective use of bacteriocins against Clostridium, Enterococcus, Pediococcus, Lactobacillus, and Leuconostoc (Yadav and Chauhan, 2021).

On the other hand, Bacteriophages are viruses that are engineered to infect specific bacteria and kill the bacterial host in the process. Due to the rise in antibiotic resistance, bacteriophages have been proven to be effective in tackling bacterial infections. However, research has shown that both bacteriophage and bacterial populations can coexist inside the gut of the mice model, which is why more research is required to determine the appropriate conditions for effectiveness in the bacteriophage therapy (Mimee et al., 2016).



Modulatory Therapy

Conversely, modulatory therapy may significantly restore a healthy balance in the gut microbiome by changing the diet, exercise, and antibiotics. This favors the colonization of beneficial microbiota over pathogens (Yadav and Chauhan, 2021). A healthy diet plays a crucial role in shaping the gut microbiome composition, depending on the amount, type, and balance of the important dietary macronutrients (carbohydrates, proteins, and fats) including micronutrients such as vitamin D (Conlon and Bird, 2014). A study was conducted to demonstrate the influence of dietary carbohydrate intervention on the composition of intestinal microbiota among two groups of 171 rural African and 172 urban European children. For this particular study, these two groups were subjected to completely different types of dietary carbohydrates. The result showed higher dominance of Bacteroidetes (73%) in the microbiota of African children, whereas in the EU children, there was a 27% abundance of Bacteroidetes and 51% abundance of Firmicutes (De Filippo et al., 2010). Our gut comprises proteolytic bacteria such as Bacteroides species (especially Bacteroides fragilis) and Clostridium perfringens, propionibacteria, streptococci, bacilli, and staphylococci (Macfarlane et al., 1986), those that convert protein into nitrogen and amino acids (Scott et al., 2012). Studies investigating the influence of dietary fats consumption showed that high-fat consumption reduces the concentration of short-chain fatty acid (butyrate) and the abundance of bifidobacteria (Scott et al., 2012). However, a high-fat diet reduces intestinal inflammation but causes an increase in plasma markers of inflammation and lipopolysaccharide circulation (Cani et al., 2007).

In addition to internal and external factors affecting the efficacy of microbial therapy, exercise (an environmental factor) positively impacts the healthy composition of microbiota, which regulates gut homeostasis and maintains gut integrity. It enriches the microbial diversity leading to an increase in the Bacteroidetes–Firmicutes ratio, contributing to the reduction in metabolic disorders and gastrointestinal disorders by enhancing the production of bacterial metabolites like SCFA (Monda et al., 2017).




Significance of Microbial Therapeutics for Autism: Animal Studies, Clinical Trials, and Their Limitations

Remarkably, up to 70% of children with ASD have impaired GI function (Gondalia et al., 2012). Clinicians working with such children increasingly assume a link between ASD and gut dysfunction (Shen, 2015; Li et al., 2017; Warner, 2018). Studies conducted at McMaster University suggested a strong connection between the microbiome and behavioral disorders in mice. The investigators used a gut bacteria makeover to turn anxious mice into extroverted mice by transferring gut microbes from the former to the latter and vice versa. Within 3 weeks after the transplant, the anxious mice became more sociable with prompt responsiveness, while extroverted mice became more nervous with delayed responsiveness (Sharon et al., 2019). This experiment suggested that gut microbiota dysbiosis may further facilitate the development of neurobehavioral disorders (Luna et al., 2016). However, studies examining connections between the gut microbiome and ASD in humans have begun recently.

A better understanding of the gut–brain axis and the roles of gut bacteria may lead to the treatment of neurological disorders, including ASD, with fewer side effects (Krajmalnik-Brown et al., 2015). The exciting findings on the existence of a so-called “microbiota–gut–brain axis” support the hypothesis that the gut microbiota could trigger neuropsychiatric symptoms in ASD patients (Valicenti-Mcdermottet et al., 2006; van De Sande et al., 2014). Doctors usually recommend a plant-based diet, prebiotics, and probiotics to ASD patients. Prebiotic is a non-digestible food ingredient, which increases the abundance of commensal bacteria in the gut (Groer et al., 2015; Liang et al., 2019).

In a recent case, doctors noticed that a child with symptoms of autism had large numbers of pathogenic bacteria like Clostridium tetani in his gut (Shaw, 2010). Treatment with vancomycin caused immediate symptom reversal (Bolte, 1998). Treatment with anti-Clostridium antibiotics in some autistic children has significantly reduced abnormal behavior (Kang et al., 2017). However, vancomycin treatment has a significant drawback, as it is not selective to favorable or harmful bacteria. Thus, more research should be conducted to find more specific targeted antibiotics and discover an alternative approach to reduce the use of vancomycin as a part of pre-treatment in Microbiota Transfer Therapy (MTT) (Adams et al., 2019). Conversely, in the mouse model of autism, adding more symbiotic bacteria such as B. fragilis through fecal transplant profoundly ameliorates the ASD-associated symptoms (Mayer et al., 2014; Mangiola, 2016). Fecal transplant treatment can potentially treat ASD patients by consuming beneficial bacteria (Sanders et al., 2013; Xu, 2015; Li et al., 2017). It has received many criticisms for using a small sample group, no replication, and not considering possible other variables.

Over the years of intervention, significant improvements in GI and autism symptoms have been observed (Sandler et al., 2000). A clinical trial of MTT was performed on 18 participants for 2 years, consisting of antibiotics, bowel cleanses, a stomach-acid suppressant, and fecal microbiota transplant. After 2 years of treatment, significant improvement in GI- and ASD-related symptoms and elevation of relative abundances of Bifidobacterium and Prevotella were observed among all 18 participants. After the treatment, most participants experienced an increase in microbial diversity, even after 2 years of therapy in typicallydeveloping children (Adams et al., 2019). This study has demonstrated the long-term efficiency of MTT for ASD patients suffering from GI disorders (Kang et al., 2019), and permanent change in the gut ecosystem created a favored condition for the survival of new healthy microbes. However, the limitation of the study was that in certain bacteria, short reads, including conserved regions of bacterial 16S rRNA, were targeted for amplicon sequencing for the taxonomic classifications (Adams et al., 2019).

It is essential to address that MTT has significant drawbacks, and there are chances that potentially life-threatening pathogens from the donor might invade the recipient’s intestine during the treatment. In a particular incident, an immunocompromised patient suffered from severe illness, who eventually died after receiving multi-drug-resistant bacteria during microbiota transplantation (Adams et al., 2019). To avoid such an incident, proper microbial screening of the donor should be performed to identify multi-drug-resistant organisms.



Conclusions, Current Challenges, and Future Perspectives

Recapitulating all mounting evidence elucidates the association between the gut–brain axis and ASD (Sanders et al., 2013). Several factors leading to ASD were identified, mainly early colonization on infant health development and the effect of early microbiota dysbiosis in the gestation period, mode of delivery, uncontrolled usage of antibiotics, and stress. These factors eventually lead to gut microbiome dysbiosis and colonization of pathogenic microbes, which impact the CNS function by the production of neurotoxins. The presence of these pathogenic bacteria, such as Clostridium found in the colon of children, shows the possibility of developing ASD. Studies also indicated the importance of two SCFA produced from microbial formation of dietary fiber, including butyrate and propionate. Butyrate improves brain function by inhibiting histone deacetylases, whereas propionate impacts brain function, leading to changes in behavior and aggressiveness in ASD patients. According to many studies on the gut microbiome, MTT can potentially treat autism-like symptoms, including the restoration of healthy gut microbiome composition in the gestation period and early stage of infancy. Most studies have been conducted in experimental animal models. Some studies have small sample sizes, especially studies performed using human volunteers. The majority of them lacked randomization or control groups. Significant limitations in these studies eventually reduced the validity of the results. Recently, scientists have carried out several clinical trials to investigate the efficacy of MTT on children who have ASD, and the results obtained were satisfactory, showing remarkable improvement in GI symptoms with minimal adverse effects due to pre-treatment with vancomycin (Kang et al., 2017). An increasing number of news articles and science media are featuring the successes of microbiome research and its promising therapeutics regime. The general population is excited to learn that the gut microbiome is linked to the progression of various diseases and is also essential for healthy organ development. Based on the forecasted information regarding the success of microbial therapeutics in clinical trials, people are hopeful that this treatment will be a better alternative compared to conventional medicinal practices (Bik, 2016).

In 2019, the Food and Drug Administration (FDA) recognized microbial transplant therapy and labeled it “fast-track” for ASD treatment after observing the successful clinical trials using long-term microbial transplant therapy on autistic children (Adams et al., 2019). Further research should be conducted to determine whether findings in animal studies and clinical trials can be successfully implemented with similar efficacy rates in different populations of ASD patients across various geographical locations and exhibit promising results among the patients. Furthermore, more follow-up studies are required with accurate methodologies and optimized dosage of antibiotics and microbial suspensions to increase the efficacy of the treatment to support the validity, reliability, and precision of past research. In addition, genomic analysis of the gut microbiome of the donor and recipient should further define specific strains, better pathways, and regimens to provide optimum supplements and treatment in this particular population (Gondalia et al.,  2012; Sanders et al., 2013; Xu, 2015; Li et al., 2019; Nitschke et al., 2020; Yadav and Chauhan, 2021). There is an increase in demand to find a substitute for microbial transplant therapy and reduce the dependency on the harness beneficial microbiota from a healthy human, which can be achieved by culturing a specific combination of bacteria for transplantation (Adams et al., 2019). Microbiome research has made much progress in recent years from animal studies to clinical trials, with satisfactory results and better efficacy in MTT treatment. In the next couple of years, FDA-approved pills, probiotics, and metabolites might be commercially available to establish a suitable bacterial composition to treat and regulate ASD. Our review investigations strongly imply exploring the underlying molecular mechanism of the gut microbiome in the pathogenesis and advancement of ASD and finding promising therapeutic agents/drugs that will deliver new hope for the treatment and management of ASD in the near future.
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The main treatment for renal anemia in end-stage renal disease (ESRD) patients on hemodialysis is erythropoiesis (EPO). EPO hyporesponsiveness (EH) in dialysis patients is a common clinical problem, which is poorly understood. Recent searches reported that gut microbiota was closely related to the occurrence and development of ESRD. This study aims to explore the changes in gut microbiota between ESRD patients with different responsiveness to EPO treatment. We compared the gut microbiota from 44 poor-response (PR) and 48 good-response (GR) hemodialysis patients treated with EPO using 16S rDNA sequencing analysis. The results showed that PR patients displayed a characteristic composition of the gut microbiome that clearly differed from that of GR patients. Nine genera (Neisseria, Streptococcus, Porphyromonas, Fusobacterium, Prevotella_7, Rothia, Leptotrichia, Prevotella, Actinomyces) we identified by Lasso regression and ROC curves could excellently predict EH. In contrast, five genera (Faecalibacterium, Citrobacter, Bifidobacterium, Escherichia–Shigella, Bacteroides) identified by the same means presented a protective effect against EH. Analyzing the correlation between these biomarkers and clinical indicators, we found that gut microbiota may affect response to EPO through nutritional status and parathyroid function. These findings suggest that gut microbiota is altered in hemodialysis patients with EH, giving new clues to the pathogenesis of renal anemia.




Keywords: gut microbiota, ESRD (End Stage Renal Disease), Anemia, EPO hyporesponsiveness, hemodialysis



Introduction

Anemia is a common complication and a risk factor for the progression of chronic kidney disease (CKD) to end-stage renal disease (ESRD) (Webster et al., 2017). The degree of anemia in CKD patients tends to be parallel with decreased kidney function and more than 90% of ESRD patients have been diagnosed with anemia (Li et al., 2016). Causes of anemia in CKD are complex, but a central feature is the deficit of erythropoietin (EPO) produced by the kidney during ESRD. Impaired erythropoiesis also contributes to anemia due to poor response to EPO with reduced proliferative activity of erythroid precursors in bone marrow and erythrophagocytosis (Shih et al., 2018). The erythropoiesis-stimulating agents (ESA) and iron supplementation have been the common therapy for anemic patients with CKD. However, as many as 10% of patients with renal disease receiving ESA experience EPO hyporesponsiveness (EH) (Macdougall and Cooper, 2002), which has been associated with an increased risk of cardiovascular events and mortality rates (Solomon et al., 2010). Many factors had shown to be associated with EH such as iron deficiency, inflammation response, neocytolysis, and underdialysis (Marcelli et al., 2016). However, there is no definitive treatment for EH. Increasing the amount of EPO or iron therapy can bring side effects to patients: a high dose of intravenous iron increases mortality (Bailie et al., 2015); ESA with high doses increases the risks of stroke, vascular access thrombosis, and death (Besarab et al., 1998; Singh et al., 2006; Pfeffer et al., 2009). Some new drugs, such as hypoxic-inducible factor stabilizers, need more clinical trials to verify their safety. Therefore, other potential pathogenesis and treatment of EH and renal anemia need to be further studied to solve this clinical problem better.

The gut microbiota has been found to play crucial roles in many chronic inflammatory diseases, including obesity, type 2 diabetes, insulin resistance, atherosclerosis, and non-alcoholic fatty liver disease (Qin et al., 2012; Ridaura et al., 2013; Kazankov et al., 2019). Increasing evidence indicates an important role of the gut microbiota in the development of CKD. Compared to healthy persons, patients with CKD presented a significant reduction in the richness and structure of their gut microbiota (Li F et al., 2019). The gut microbiota of rats with 5/6 nephrectomy, as well as patients with ESRD on hemodialysis, exhibited differently from that of healthy controls (Vaziri et al., 2013). P-Cresyl sulfate and indoxyl sulfate, the most extensively studied uremic toxins derived from gut microbiota, have been reported to contribute to the decline of renal function (Ramezani and Raj, 2014).

Based on these findings, we hypothesized that gut microbiota in ESRD patients might be associated with EH and designed a pilot study to verify.



Methods


Study Cohort and Study Design

Two independent cross-sectional analyses were performed, namely, exploration and validation cohorts. This study was approved by our local ethics committee (ethics approval number 2021-056-01K). Thirty-one hemodialysis patients with poor responsiveness (PR) to ESAs and 34 hemodialysis patients with good response (GR) were consecutively enrolled as exploration cohorts from the hemodialysis center of the Minhang Hospital affiliated to Fudan University. Classification of the patients into poor or good responders was partly referred to the KDIGO Clinical Practice Guideline (Kliger et al., 2013). The inclusion criteria are as follows: All study subjects maintained regular dialysis for more than 6 months and were treated with the standard treatment of more than 10,000 units of intravenous ESAs twice a week for at least 3 months; patients with average hemoglobin (g/dl) of more than 110 in the last 3 months were enrolled in the GR group; patients with average hemoglobin of 110 or less in the last 3 months were enrolled in the PR group. Moreover, hemoglobin in both groups fluctuated by no more than 10%. Then, to validate the potential prediction effect for EH, an independent cohort composed of 16 hemodialysis patients with PR and 10 hemodialysis patients with GR were enrolled as a validation cohort from the same hemodialysis center. All subjects are of Shanghai Han nationality, and their geographic area and eating habits are similar. Moreover, all subjects maintained the recommended dietary habits of dialysis patients: appropriate amount of high-quality protein, sufficient calories, and a low-potassium diet (Ikizler et al., 2020). Since physical activities affect the gut microbiota, we selected patients who exercised three to five times a week as subjects.

The exclusion criteria are as follows: (1) using oral antibiotics, probiotics, prebiotics, or synbiotics in the last 2 months; (2) history of tumor; (3) blood system disease; (4) gastroenteritis history in the past 3 months or other major digestive system diseases; (5) treatment of hypoxia-inducible factor–prolyl hydroxylase inhibitor; (6) serious CKD-associated complications; (7) definite etiology for EH, such as inflammation and EPO antibodies flowchart of this study was represented in Figure 1.




Figure 1 | Flowchart of this study.





Fecal Sample Collection and Laboratory Measurements

All participants were provided with sterilized 2-ml tubes containing bacterial cryopreservation fluid to collect fecal samples. Fecal samples were all freshly collected from patients in the morning of the second day after hemodialysis when the patients had an empty stomach and were delivered to Minhang Hospital affiliated to Fudan University not more than 4 h after collection. Fecal samples were quickly frozen at -80°C until DNA extraction after collection. Blood sampling was performed after fecal sample collection immediately. All serum parameters were measured using standard, provincially accredited laboratory techniques. Plasma levels of EPO and EPO-antibody were measured using commercially available ELISA kits based on the manufacturer’s instructions.



DNA Extractions, PCR Amplification, and 16S rDNA Sequencing

DNA samples were subsequently aliquoted and extracted using the E.Z.N.A.® Stool DNA Kit (D4015, Omega, Inc., USA). The reagent which was designed to uncover DNA from trace amounts of the sample has been shown to be effective for the preparation of DNA of most bacteria. Nuclear-free water was used for blank. The total DNA was eluted and stored at -80°C until measurement.

DNA amplification targeted the V3–V4 (Logue et al., 2016) regions using 341F (5′-CCTACGGGNGGCWGCAG-3′) and 805R (5′-GACTACHVGGGTATCTAATCC-3′) primers. The 5′ ends of the primers were tagged with specific barcodes per sample and sequencing universal primers. PCR amplification was performed in a total volume of 25 μl reaction mixture containing 25 ng of template DNA, 2.5 μl of each primer, 12.5 μl PCR Premix, and PCR-grade water to adjust the volume. The PCR products were confirmed with 2% agarose gel electrophoresis, purified by AMPure XT beads (Beckman Coulter Genomics, Danvers, MA, USA), and quantified by Qubit (Invitrogen, USA). The amplicon pools were prepared for sequencing on Agilent 2100 Bioanalyzer (Agilent, USA). The size and quantity of the amplicon library were assessed on the Library Quantification Kit for Illumina (Kapa Biosciences, Woburn, MA, USA) (https://support.illumina.com/documents/documentation/chemistry_documentation/16s/16s-metagenomic-library-prep-guide-15044223-b.pdf). The libraries were sequenced on NovaSeq 6000 PE250 platform.



Processing of Sequencing Data

Samples were sequenced on an Illumina NovaSeq platform according to the manufacturer’s recommendations. Paired-end reads were assigned to samples based on their unique barcode and truncated by primer sequence and cutting off the barcode, then merged using FLASH (http://ccb.jhu.edu/software/FLASH/) (v1.2.8). Quality filtering on the raw reads was performed under specific filtering conditions to obtain the high-quality clean tags using fqtrim (http://ccb.jhu.edu/software/fqtrim/) (v 0.94). Chimeric sequences were filtered using Vsearch software (https://github.com/torognes/vsearch) (v2.3.4). After the dereplication of row reads using DADA2 (Callahan et al., 2016) (https://benjjneb.github.io/dada2/index.html), we acquired an amplicon sequence variant (ASV) table, a “higher resolution analogue of the OTU table.” According to the SILVA reference database (v 132) classifier (https://benjjneb.github.io/dada2/training.html), ASV abundance was normalized using the relative abundance of each sample. Alpha diversity is applied in analyzing the complexity of species diversity, including Chao1 and Goods coverage. Moreover, all these indices in our samples were calculated with QIIME2 (Rai et al., 2021). Beta diversity was calculated by QIIME2. The blast was used for sequence alignment, and the ASV sequences were annotated with the SILVA database for each representative sequence.



Bioinformatics and Statistics Analysis

Gender distribution was analyzed by χ2 test, and other clinical indices were analyzed by Student’s t-test, using SPSS 20. Continuous variables are expressed as the mean ± standard deviation according to the normality of distribution. Statistical analysis of alpha diversity indexes between the two groups was performed with the Wilcoxon method. The differences between specific taxa of phylum and genus levels were determined using the Kruskal–Wallis test. The SparCC algorithm (Friedman and Alm, 2012), a correlation methodology developed specifically for microbial data, was computed using relative abundance profiles of the top 200 ASVs to estimate microbial associations between the two groups. Igraph in R (V3.6.1) was used for visualization of significant co-occurrence and co-excluding interactions (correlation coefficients <|0.5|, P < 0.05). LEfSe (linear discriminant analysis effect size) analysis was used to find the biomarkers with significant differences in abundance between GR and PR groups. LDA was utilized to examine the effect size of each differentially abundant trait, and a strict threshold of 4 was selected for logarithmic LDA scores. A Lasso (least absolute shrinkage and selection operator) (Mullah et al., 2021) regression model of genus-level biomarkers was applied to the data from the samples of GR and PR. Receiver operating characteristic curves (ROCs) were constructed, and the area under the curve (AUC) was calculated to determine the discriminatory ability of the Lasso regression model. Pearson correlation was used to analyze the relationship between the relative abundance of microbial markers and clinical indicators. Phylogenetic Investigation of Communities by Reconstruction of Unobserved States 2 (PICRUSt2) was used to predict microbial metagenomes and analyze the functional profiles of gut microbiota based on the 16S rDNA sequencing data. Briefly, we normalized ASVs and predicted the gene categories using the Kyoto Encyclopedia of Genes and Genomes (KEGG). P values <0.05 were considered statistically significant.




Results


Summary of Clinical Characteristics

Thirty-four patients with GR for ESAs and 31 patients with PR for ESAs were enrolled in this explorative cross-sectional study. Ten patients with GR and 16 patients with PR were subsequently included in the validation cohort. There were no statistically significant differences between the GR group and PR group in clinical features which included age, gender, BMI, residual renal function (RRF), EPO treatment age, EPO, and antibodies against EPO (EPO-Ab). Indicators associated with EH such as intact parathyroid hormone (iPTH), inflammatory index, and iron metabolism were not statistically different between the two groups. Notably, compared with the GR group, the iPTH, CRP, and transferrin saturation (TAST%) of the PR group all tend to increase, although they are all at normal levels. The summary of the characteristics of the patients is represented in Table 1.


Table 1 | Summary of clinical characteristics.





Different Microbial Structures Between GR and PR Groups

In our present microbiome investigation, 16S rDNA gene PCR amplification of the V3–V4 regions was successful for all collected samples. A total of 3,502,655 sequences were obtained after quality filtering, merging, and chimera checking, with a median sequence count of 53,887 (range 32,957 to 66,973) per sample. The details (number) of the sequences that were paired match per sample in Table S1. According to the results of the ASV table, the Venn diagram visually presents the number of common and unique ASVs of each group (Figure 2A). The two groups shared 900 mutual ASVs. Among them, the GR group had 4330 ASVs, while the PR group had 2818 ASVs. To evaluate the differences in bacterial diversity between the two groups, sequences were aligned to estimate alpha diversity and beta diversity. Compared with the GR group, the PR group represented an increased α diversity estimated by Chao1 index. The Chao1 index (358.54 ± 181.65 vs. 287.48 ±136.9 P<0.001) mainly estimates the number of ASVs contained in the community (Figure 2B).




Figure 2 | Comparison of the bacterial structure between the PR and GR groups. (A) Venn diagram presents the ASV numbers. (B) α diversity analysis of GR and PR. Chao1 index (P = 0.00018) revealed the ASV count. (C) PcoA analysis indicated that the microbiome samples were clustered in two groups. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001. PR, poor response; GR, good response.



To examine the microbial community structure from patients with different responsiveness for ESAs, a non-parametric multivariate analysis of variance (Adonis) based on weighted UniFrac distances was performed between GR and PR groups. The calculated P-values (R2 = 0.3872, P = 0.001 for Adonis) further demonstrated significant differences in the microbial communities between the groups. The principal coordinate analysis (PCoA) revealed a separation of the two groups (Figure 2C). These results suggest that the diversity of gut microbiota could be strongly distinct in different EPO responsiveness of hemodialysis patients.



Microbial Composition and Correlation Network Between GR and PR Groups

Taxonomic analysis identified Firmicute (48.15% vs. 24.3% P < 0.001), Proteobacteria (24.82% vs. 36.83% P = 0.007), Bacteroidetes (17.04% vs. 19.56% P = 0.217), Acinobacteria (4.80% vs. 7.58% P < 0.001), and Fusobacteria (3.45% vs. 8.55% P < 0.001) as the most predominant taxa at the phylum level between GR and PR groups (Figure 3A). At the genus level, the most abundant taxa were Neisseria (3.85% vs. 27.30% P < 0.001), Streptococcus (3.91% vs. 9.84% P < 0.001), Escherichia–Shigella (12.25% vs. 0.02% P < 0.001), Faecalibacterium (10.68% vs. 0.02% P < 0.001), Bacteroides (8.86% vs. 0.01% P < 0.001), Haemophilus (1.66% vs. 6.86% P < 0.001), Porphyromonas (1.68% vs. 6.80% P < 0.001), Fusobacterium (2.28% vs. 4.54% P < 0.001), Veillonella (1.35% vs. 4.79% P < 0.001), Prevotella_7 (1.02% vs. 4.92% P < 0.001), Rothia (4.46% vs. 0.54% P < 0.001), and Bifidobacterium (3.15% vs. 0.06% P < 0.001) between GR and PR groups (Figure 3B). The Sankey plot showed the relative abundance of the phylum level (middle) and genus level (right) of different samples (left), visually displaying the annotation information, corresponding relationship, and proportion of species at the two levels most concerned in the study of bacterial diversity (Figure 3C).

To further demonstrate the microbial co-occurrence and co-exclusion, we constructed the SparCC correlation of the top 200 ASVs at the genus level of GR and PR groups. As shown in Figures 3D, E, the bacterial genus correlations were distinct between GR and PR. Compared with genera in the PR, genera in the GR harbored a stronger correlation. The total number of edges was significantly greater in the GR network (n = 1262) than in the PR network (n = 111).




Figure 3 | Comparison of the relative abundances at the phylum and genus levels. (A, B) The composition of bacteria at the phylum level (A) and at the genus level (B). (C) Sankey plot visually showed the top relative abundance of bacteria at phylum and genus levels in both the GR and PR groups. (D, E) ASVs correlation network analysis. In total, SparCC correlation coefficients of |rho| >0.5 and P value <0.05 were used. The edge thickness indicates the strength of the correlation. The node size and color represent the number of other bacteria associated with the bacterium. PR, poor response; GR, good response.





Diagnostic Value of Genera as Biomarkers for EPO Hyporesponsiveness

To screen the diagnostic markers for the disease, we performed a taxonomic assignment of the sequences and analyzed each patient’s taxonomic profile, using the LEfSe algorithm representing significant differences between groups in the exploration cohort at all taxonomic levels (Figures 4A, B). According to stringent criteria for adjusted P-value < 0.01 and LDA score >4, 11 genera enriched in PR were selected as candidate biomarkers to predict the risk of EH in hemodialysis patients. Then, the Lasso regression model was performed on these 11 genera to predict EH (Figure 5A). Ten-fold cross-validation was applied to calculate the best lambda(λ), which leads to a minimum mean cross-validated error (Figure S1A). After verification, we screen out nine biomarkers of best λ: Neisseria, Streptococcus, Porphyromonas, Fusobacterium, Prevotella_7, Rothia, Leptotrichia, Prevotella, and Actinomyces.




Figure 4 | Marked differences in the abundance of gut microbiome at all taxonomic levels between GR and PR groups obtained by using the linear discriminant analysis (LDA) effect size (LEfSe) method; (A) The enriched taxa in GR and PR gut microbiome represented in the cladogram. The central point represents the root of the tree (Bacteria), and each ring represents the next lower taxonomic level (phylum to genus: p, phylum; c, class; o, order; f, family; g, genus). The diameter of each circle represents the relative abundance of the taxon. (B) Histogram of the LDA scores computed for differentially abundant taxa between GR and PR. The LDA score indicates the effect size and ranking of each differentially abundant taxon. P < 0.01, LDA >4. PR, poor response; GR, good response.






Figure 5 | Lasso regression model and ROC to further identify biomarkers to distinguish GR from PR. (A) Lasso regression model of 11 genera filtered from LEfSe analysis; 1, g:Neisseria 2, g: Streptococcus 3, g:Haemophilus 4, g:Porphyromonas 5, g:Fusobacterium 6, g:Veillonella 7, g:Prevotella_7 8, g:Rothia 9, g:Leptotrichia 10, g:Prevotella 11, g:Actinomyces. (B, C) ROC curves of nine Lasso-selected genera in the exploration and validation cohorts with P < 0.05. (D) Lasso regression model of five genera enriched in GR filtered from LEfSe analysis. 1, g:Faecalibacterium 2, g:Citrobacter 3, g:Bifidobacterium 4, g:Escherichia-Shigella 5, g:Bacteroides. (E, F) ROC curve of five Lasso-selected genera in exploration and validation cohort with P < 0.05. PR, poor response; GR, good response. (G) Correlation analysis between biomarkers and potential indicators associated with EH. *p < 0.05; **p < 0.01.



To test whether these nine genera had diagnostic values for EH, the ROC curve was constructed. As shown in Figure 5B, all the biomarkers had a good diagnostic efficacy with the area under the curve (AUC) >0.75. Notably, Neisseria could distinguish PR from GR best, with an AUC of 0.9535 (95% CI, 90.2–100; P < 0.0001). Next, we verified the discriminatory power of the model using an independent validation cohort containing 16 hemodialysis patients with PR and 10 hemodialysis patients with GR. We observed a great diagnostic accuracy by using the same biomarkers from the exploration cohort (Figure 5C). Then, we identified the GR-enriched biomarkers according to the same method mentioned above (Figure 5D). Five genera (Faecalibacterium, Citrobacter, Bifidobacterium, Escherichia–Shigella, Bacteroides) enriched in the GR group had a protective effect on EPO responsiveness with the AUC >0.6 (Figures 5E, F). The evaluation of all biomarker combinations is summarized in Supplemental Tables S2 and S3. The completed Lasso analysis and the ROC curves corresponding to each biomarker are clearly shown in Figure S1.

Since different biomarkers had different effects on EPO responsiveness, we constructed the Pearson correlation heatmap of these markers and clinical indictors associated with EPO responsiveness. As shown in Figure 5G, biomarkers (five genera) enriched in GR negatively correlated with biomarkers (nine genera) enriched in PR. Notably, Streptococcus and Rothia were positively correlated with iPTH (P < 0.01). Leptotrichia and Prevotella were negatively correlated with Vitamin B12. Actinomyces was positively correlated with TAST. Faecalibacterium and Bacteroides were negatively correlated with CRP.



Functional Prediction of Gut Microbiota Between Two Groups

To provide a better understanding of the link between microbial dysbiosis and disease prognosis, we analyzed the KEGG pathways in bacterial populations with software PICRUSt2. In total, 35 level-2 KEGG pathways were found significantly different between GR and PR (Table S4). The PR group showed increased enrichment in pathways including replication and repair, translation, immune system, glycan biosynthesis and metabolism, nucleotide metabolism, metabolism of cofactors and vitamins, and energy metabolism. On the contrary, the GR group showed increased enrichment in pathways including carbohydrate metabolism, cell motility, cellular processes and signaling, environmental adaptation, enzyme families, immune system, membrane transport, signal transduction, transcription, xenobiotics biodegradation, and metabolism. Short-chain fatty acids (SCFAs) produced by gut microbiota fermentation are essential for maintaining gut mucosal homeostasis and closely related to human health. Therefore, we further predicted the main SCFA enzymes by the gut microbiota of the two groups using PICRUSt2 based on the KEGG ENZYME Database. As shown in Figure S2, most acetate, propionate, and butyrate synthesis-related enzymes presented a significant difference between GR and PR. Most butyrate synthesis-related enzymes were significantly enriched in GR. However, there was not a similar trend in acetate and propionate. These results demonstrated that GR may elevate butyrate via enriching the abundance of enzymes required for butyrate synthesis, which may be essential for its anti-anemia ability.




Discussion

Recent studies have revealed that the gut microbiota plays an important role in the regulation of hematopoiesis. Compared with specific pathogen-free (SPF) mice, germ-free mice have smaller hematopoietic stem and progenitor cell (HSPC) populations (Ribeiro et al., 2016). Similarly, oral antibiotics have suppressive effects on hematopoiesis including anemia by depleting intestinal bacteria (Josefsdottir et al., 2017). There was a growing body of evidence to suggest that gut microbiota is involved in the development of CKD and ESRD as mentioned above, while such studies remain narrow in focus dealing only with CKD and ignoring the complications of CKD. However, poor prognosis of CKD is often due to uncontrolled complications such as cardiovascular events (Farrah et al., 2020), anemia (Vlagopoulos et al., 2005), and CKD-mineral and bone disorder (CKD-MBD) (Ketteler et al., 2017).

In this study, we applied 16S rDNA sequencing technology to characterize the gut microbiota among ESRD patients with different EPO responsiveness. A key result was that nine genera could predict EPO hyporesponsiveness (EH). We also found significant differences in the diversity, composition, and correlation of gut microbiota between ESRD patients with and without EH. The study subjects included the main primary diseases of renal failure: diabetic nephropathy, various chronic glomerulonephritis, polycystic kidney, hypertensive nephropathy, and uric acid nephropathy.

Comparison of the intergroup diversity of gut microbiota in the two groups, i.e., β diversity, could be completely separated, indicating that the two groups of microbiota belonged to two completely different populations. Although the total number of ASVs in the PR group was much lower than that in the GR group, the α diversity was slightly higher than that in the GR group. We believe that this phenomenon is due to the increase of harmful microbiota in PR, thereby increasing the α diversity. Although the α diversity of microbiota in the PR group was higher, the association between the microbiota was lower than that in the GR group according to the correlation analysis. This suggests that the microbiota of the PR group is more isolated and lacks interactions.

In a further study, we observed that the composition of bacteria at the level of genera was so different between the two groups, among which Neisseria were particularly prominent in the PR group, which may be pathogenic bacteria. A previous study had found that compared with healthy controls, ESRD patients exhibited a significantly higher relative abundance of Neisseria (Li Y et al., 2019). Neisseria has also been found to be involved in many diseases, such as hypothyroidism (Su et al., 2020), gastric cancer (Guo Y et al., 2020), and epilepsy (Safak et al., 2020). However, no studies have suggested a relationship between Neisseria and renal anemia or EPO response. Our results showed that Neisseria had the best predictive value for EH (AUC = 0.95) with a cutoff value of 6.15. Streptococcus has been reported to increase in various diseases, such as colorectal cancer (Gagniere et al., 2016), asthma (Ver et al., 2019), prediabetes (Allin et al., 2018), atherosclerotic cardiovascular disease (Jie et al., 2017), and some immune-mediated inflammatory disease (Forbes et al., 2018). We also observed that an increased relative abundance of Streptococcus could predict EH (AUC = 0.86). Accumulation of uremic toxins in ESRD will lead to sustained impairment of kidney function, inflammation, and endothelial dysfunction (Dou et al., 2004). Some uremic toxins, like indoxyl sulfate (IS) and P-cresyl derived from gut microbiota, exacerbate anemia in ESRD (Hamza et al., 2020). Previous studies have found that Fusobacterium nucleatum increased uremic toxin production and promoted renal disease development in a CKD rat model (Wang et al., 2020). We found a high abundance of Fusobacterium in the PR group, and it has a diagnostic value (AUC = 0.78). However, it is not clear whether Fusobacterium affects EPO reactivity by increasing metabolic toxins, which requires further study. Inflammation and pro-inflammatory cytokines had been reported to play an important role in EH patients (Casadevall, 1995; Macdougall and Cooper, 2002). Increased abundance of Prevotella was found to be associated with diseases featuring low-grade systemic inflammation, such as morbid obesity (Moreno-Indias et al., 2016), hypertension (Li et al., 2017), non-alcoholic fatty liver disease (Michail et al., 2015), and type 2 diabetes (Forslund et al., 2015). However, intestinal dysbiosis is associated with systemic inflammation in CKD patients (Mihai et al., 2018). Our results also found that Prevotella increased in the PR group and had a diagnostic value (AUC = 0.89).

In the good-response group, we observed an increase in one probiotic: Bifidobacteria (Messaoudi et al., 2011) with a predictive value (AUC = 0.77), suggesting that the addition of probiotics to the diet may be an adjuvant therapy for renal anemia and EH in ESRD. Bacteroidetes is an important part of commensal microbiota and plays a protective role in many diseases, such as virus infection (Stefan et al., 2020), colon cancer (Roberti et al., 2020), seizure (Olson et al., 2018), and gout (Guo et al., 2016). Bacteroides was also found to be decreased in the PR group, suggesting that EH may be due to the deficiency of normal commensal microbiota. Microbial networks may also reflect disease-specific microenvironments. The correlation network of the GR group was more complex than the PR group in both positive and negative correlations, suggesting that GR had a better microbial environment. Interestingly, predictive biomarkers enriched in the two groups presented mutual inhibition, suggesting that the growth of beneficial bacteria may be inhibited by the potentially pathogenic bacteria.

The cause of EPO hyporesponsiveness is unclear but may be related to hyperparathyroidism, inflammation, and nutritional status in CKD patients (Weir, 2021). Research indicates that there is an inverse correlation between PTH and Hb levels (Sliem et al., 2011), and elevated levels of PTH are significantly associated with EH in hemodialysis patients (Kalantar-Zadeh et al., 2009). However, the exact mechanism of hyperparathyroidism for EH remains unclear. In order to explore the mechanism of gut microbiota involved in EH, we analyzed the correlation of the identified microbial biomarkers with clinical indicators that may be related with EH. We found that Streptococcus and Rothia may be associated with increased iPTH to promote EH. Vitamin B12, folate, and iron are all important raw materials for hematopoiesis (Chaparro and Suchdev, 2019). The gut microbiome is a complex ecosystem that affects the development, immunological responses, and nutritional status of the host. Our results showed that Leptotrichia and Prevotella, which were enriched in PR, were negatively correlated with Vitamin B12. Moreover, Faecalibacterium and Bacteroides, which were enriched in GR were negatively correlated with CRP. Therefore, we speculated that gut microbiota may affect EPO reactivity through hyperparathyroidism, hematopoietic raw materials, and inflammation.

Recent advances showed that SCFAs produced by gut microbiota, especially acetate, propionate, and butyrate, have highlighted their effects on various systems at both cellular and molecular levels. Overmuch SCFAs or their deficiency may affect the pathogenesis of diseases, and adequate supplementation of SCFAs has protective effects on a variety of diseases (Tan et al., 2014). Many studies reported that host microbiota cross talk may contribute to the production and functional modulation of blood-cell lineages via producing SCFAs (Trompette et al., 2018; Guo H et al., 2020; Zhang et al., 2022). Our results showed that the butyrate synthesis-related enzymes were enriched in gut microbiota of GR. Sodium butyrate, a kind of histone deacetylase inhibitors, can reactivate fetal hemoglobin, stimulating the proliferation of red blood cells and considered for sickle cell anemia and beta-thalassemia therapy (Gabbianelli et al., 2000). Therefore, we speculated that better responsiveness to EPO or hemopoietic ability in GR may be due to better ability of synthesizing butyrate from gut microbiota. However, it is not clear whether SCFAs or butyrate can be used in renal anemia or EPO hyporesponsiveness.

However, this study has certain limitations. It is a single-center study, which lacks a large number of samples to verify. The samples are limited to hemodialysis patients, not involving abdominal dialysis and chronic kidney disease patients who have not yet entered the dialysis stage. In addition, 16s rDNA amplicon sequencing can only analyze taxonomically informative genetic markers for known and amplifying taxa. Therefore, it is difficult to analyze new or highly variable microorganisms. Although we detected species-level populations when analyzing differential markers, most of these populations were unclassified. Our results show that genus-level biomarkers are already excellent enough to predict EPO reactivity. Therefore, these species-level markers detected by 16s rDNA amplicon sequencing are not suitable as predictors.



Conclusion

We found a strong correlation between gut microbiome and EH by observing the diversity and composition of gut microbiota. The biomarkers (Neisseria, Streptococcus, Porphyromonas, Fusobacterium, Prevotella_7, Rothia, Leptotrichia, Prevotella, Actinomyces) we identified have great effects in predicting EH in hemodialysis patients. Moreover, biomarkers (Faecalibacterium, Citrobacter, Bifidobacterium, Escherichia–Shigella, Bacteroides) presented a protective effect against EH may provide new insights into treatment. This study also found that these biomarkers may play a role by affecting nutritional status and parathyroid function. The findings in this study provide a new research direction of the mechanism and treatment of renal anemia: the intervention of gut microbiota is expected to be a novel therapy in CKD patients with clinical refractory anemia. Also, it can reduce the use of traditional medicine ESAs or iron agent, thereby reducing the adverse effects of these drugs, and improving the prognosis of patients with kidney failure.
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Groups Oldest-old (n=25) Young (n=25) p- value*

Grouping characteristic

Age (years) <0.001
min-max 96-105 19-23
median 99 20
mean 99 21
Sex Female/Male 18/7 13/12 0.244
During the study
Living environment 0.005
alone 18 8
with spouse 4 4
with family 5 4
with peers 0 9
in nursing home 3 0
BMI 0.065
min-max 19.1-356.1 17.8-32.4
median 26 23.2
mean 25.4 23.6
First 5 years of life (number of people)
Family size 0.604
min-max 3-11 2-7
median 4 4
mean 4.8 41
Exposure to animals <0.001
farm 19 3
pet 4 14
no 2 8
Existence of water closets <0.001
yes 0 25
no 25 0
Existence of sewers <0.001
yes 1 25
no 24 0

*Wilcoxon rank sum test for BMI, Fisher’s exact test for remaining characteristics.
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Characteristic HC Patients with allergic disease P Value

Total AR Asthma Asthma+AR  P-HC vs. Patients P-AR vs. Asthma vs. Asthma + AR

Subjects (no.) 20 90 30 30 30
Age (y) 41.00 + 13.08 39.21 +12.19  37.53+10.91 41.23+13.73 38.87 + 11.90 0.559 0.592
Sex ratio (M/F) 11/9 43/47 14/16 16/14 13/17 0.559 0.732
Smoking status, % 0.208 0.363

Current 3(15.00) 8(8.89) 3(10.00) 3(10.00) 2 (6.67)

Ex-smoker 0 11 (12.22) 4 (13.33) 1(3.33) 6(20.00)

Never 17 (85.00) 71(78.89) 23 (76.67) 26 (86.67) 22 (73.33)
BMI (kg/m?) 2405+3.02 23.36+343 2360+297 2259+335 23.87+3.89 0.406 0.318
FEV49, predicted 102.48 + 17.18 88.63 +20.35 100.72 + 13.53 83.09 + 18.50 82.07 +22.75 0.006 <0.001
FEV,/FVC % 8338+ 6.69 80.45+11.17 87.41+6.40 77.30+9.83 76.64+13.03 0.13 <0.001
PEF % 101.12 £ 1469 89.39 +20.71  94.47 +10.76 88.72 +24.07 84.98 + 23.95 0.018 0.244
MMEF75/25% 83.40+27.37 70.27 +31.81 90.51 +21.21 58.15+30.61 61.88 +32.77 0.091 <0.001
AQLQ Score 6.99 + 0.03 = = 6.50 £ 0.33 6.10 £ 0.55 <0.001* 0.002"
ACQ Score 0 —= — 1.07 £0.78 1.27 £ 0.98 <0.001* 0.398"

Values are mean + SD or n (%). HC, healthy controls; D, diseased; AR, allergic rhinitis; Asthma + AR, asthma and comorbid AR. BMI, body mass index; M, male; F, female; FEV1, forced
expiratory volume in the first second; FVC, forced vital capacity; PEF, peak expiratory flow; MMEF75/25, maximal mid-expiratory flow; ACQ, the Asthma Control Questionnaire; AQLQ), the
Asthma Quality of Life Questionnaire; NA, not applicable. Continuous variables were compared by One Way ANOVA. Categorical variables were compared by Pearson’s chi-square test or
Fisher exact test. *Mann-Whitney U test for total patients included asthma and asthma comorbid AR patients compared to HC group (2 group comparison). *student t-test for patients with
asthma compared to asthma comorbid AR.
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Groups Total (n = 246) Mortality (n = 18) Recovered (n = 228) p-value
Gender FIM 79166 3)14* 76/152 0.18°
Age 48 (30-63) 63 (55-68) 46 (30-63) <0.001°
Respiratory Support 83 (33.73%) 18 (100%) 65 (28.50%) =

E gene 24.19 (21.21-27.51) 22.48 (19.62-27.69) 24.34 (21.56-27.51) 0212
RdRp gene 25.11 (21.51-28.91) 23,67 (20.59-28) 25.24 (21.57-28.94) 0.26%
Symptoms

Shortness of Breath 82 (33.33%) 10 (65.56%) 72 (31.57%) 0.037°
Fever 174 (70.73%) 10 (65.56%) 164 (71.92%) 0.141°
Sore Throat 132 (53.65%) 6 (33.33%) 126 (55.26%) 0.72°
Body ache 47 (19.10%) 4 (22.22%) 43 (18.85%) 0.72°
Abdominal pain 4 (1.62%) 3 (16.67%) 1 (0.43%) <0.001°
Nausea 18 (7.31%) 2 (11.11%) 16 (7.01%) 0.52°
Headache 20 (8.13%) 1 (6.56%) 19 (8.33%) 0.64°
General weakness 28 (11.38%) 0(0) 28 (12.28%) -
No Co-morbidities 141 (67.31%) 4 (22.22%) 137 (60.08%) <0.001
Comorbidities 105 (42.68%) 14 (77.77%) 91 (39.92%)

Diabetes 62 (25.20%) 8 (44.44%) 54 (23.68%) 0.05°
Hypertension 74 (30.08%) 12 (66.66%) 62 (27.19%) <0.001°
Hypothyroidism 14 (5.69%) 4 (22.22%) 10 (4.38%) <0.001°
Asthma 4 (1.62%) 0 (0%) 4(1.75%) -
Hospital stay 11 (5-14) 13 (6-18) 11 (5-14) 0.34%

Data are shown as median [interquartie range (IQR)] or n (%).

*Kruskal-Wallis test.
“Chi-square test.
*Missing data.

Values of significance are highlighted in bold.





OPS/images/fcimb.2022.841465/fcimb-12-841465-g002.jpg
Inter-sample (buccal site)

Inter-sample (buccal site) distance of Healthy

A

distance of each group

Non consumers of tobacco with other groups

Hokok

koK

sk

sk

ok

skok

koK

ook

1.00

Q0uEJSIp S1Md-Ke1g

0.25

1.00

wv (=3
~ v

s S
QouBIsIp SHINd-Aerg

e
N
S

ayis moumy, DO

1S AYj[eay [BISIR[RIIUOD DO

000BqO], AYpEOH

0008qO}-UON AYI[BI

ays mowny, DO
SA
0008q01-UON AYI[ESH

1S AY[eay [RINR[EIU0D DO
SA
0008q0}-UON AYI[ESH

000eqOT, AYp[eaH
SA
0008qO)-UON] AYI[EOH]

000q01-UON AUI[ESH
SA
0008q0}-UON AYI[EOH

Inter-sample (dental site)

D

f buccal samples

1S O

Principal Coordinate Analysi

C

distance of each group

*%

>

ns

1.00

0.75

=3
w

=)

e}
o~

=)

QouB)SIp spand-Kelg

IS [eIup DO
SA
0098qOI-UON AYI[EaH

000eqO], Ayjesy
SA
0908q0}-UON AYI[EaH

0008q0}-UON AyI[eoH
SA
0008q0}-UON AyjjeaH

0.4

0.2

02 0.0
PCo-1 (22%)

0.4

0.6

0.4+

(%€°8) T-00d

@ Tobacco - Consuming

00
g
g
E
172}
g
8
(5
=
S
Z
)
)
Q
Q
<
o
G
T
]

—
- EfmEmEsn

)
kG
T
.=
2
7]
g
g
3
e
Q
Q
%
o
|

>
=
=
<
Q
T
=
b
Q
g
=
g
=]
o
S
.
o)
O
0]
o)

Site (B-site)

0.4

0.0

-0.2

0.4





OPS/images/cover.jpg
ROLE OF MICROBIOME IN
DISEASE DIAGNOSTICS
AND THERAPEUTICS

EDITED BY: Nar
PUBLISHED IN:

P trontiers Research Topics





OPS/images/fcimb.2022.871293/fcimb-12-871293-g004.jpg
gr——
S s
e el






OPS/images/fcimb.2022.871293/fcimb-12-871293-g003.jpg
Oralmicrobiome.

Duodenum
microbiome

Stool microbiome.

Actinomyces, Aggregatibacter,
Alloprevotella, Escherichis
Lactobacillus, Leptotrichia,
Porphyrononas, Rothia, and
Streptococcus

Copnocytophaga, Citrobacter,
Enterobacter, Fusobacteriun,
Haenophilus, Klebsiella,
Parvinonas, Porphyrononas.
Prevotella, and Selenomonas

Acinetobacter, Aquabacteriun,
Bifidobacterium, Clostridiun,
Detnococcus, Delftia, Enterococcus,
“Escherichia Shigella”,
Fusobacteriu, Gamella, Massilia,
Oceanobaci1lus, Rahnella, Rothia,
Selenononas, and Sphingobiun

Cronobacter, Enterobacter,
Hallella, Kiebsiella, Prevotella,
Selenononas, and Veillonells





OPS/images/fcimb.2022.871293/fcimb-12-871293-g002.jpg
Identifcation

Records dentiied through

Records excluded by ttle

Screening

daabase searching (=841
(n-387)

Records screened by Records excluded by
abstract abtract
(n-46) (n=26)

Elgiily

Full tox articks assesed for

aigibilty

(=

0

Full tox artices exchuded
(n=12)

Included

Studies incuded in analysis
(n-5)






OPS/images/fcimb.2022.871293/fcimb-12-871293-g001.jpg
Asia
Europe

Northern America

Latin America and Caribbean
Africa

Oceania

233701

140116

62603 260 R0LELS

B 2700

190437

+81.50%






OPS/images/fcimb.2022.871293/crossmark.jpg
©

2

i

|





OPS/images/fcimb.2022.904401/table1.jpg
Study ~ CountryDesign  Sample size (male %) ©GFR (ml/min-1.73m?) or Matched factors Stool sample collection ~ DNA Sequencing Outcomes:  NOS
Age (yrs), mean = SD Creatinine® (umol/L) and storage extraction  platformDatabase  Alpha-diversity score
Urinary protein (g/24h, ¢/g®) method used index;Beta-
(Region diversity;
IgAN Healthy controls IgAN Healthy controls Amplified) Microbiome
analysis
De taly 32 (66%) 16 (60%) 53+28 9%+7 Age, gender Fecal samples FastDNA 454 FLX Sequencer  Observed sp., 9
Angels  Cross-sectional 438 43:8 059+ 0.61 0,05+ 001 suspended in RNA later ~ Spin Kit for  USEARCH, RDP Chaot,
et al study in sterile plastic box were  Soil Shannon;
(2014) stored at -80°C 168 (V1-V3) PCA;
immediately ANOVA
Zhong  China 52(46.2%)  25(48.0%) 90.4 (68.0- 116.9(114.0-  Age, gender, Fresh fecal samples were EZNA®  llumina MiSeq Observed sp., 8
et al. Cross-sectional 35.0+9.1 315+54 116.1) 125.9) dietary habits and  placed in sterile Soil DNA Kit UPARSE, RDP, ACE, Chaot,
2020)  study 1.85 £2.10 006003 lfestyle containers and 165 (V3-V4) SILVA Shannon,
immediately stored at - Simpson;
80°C PCOA;
LEfSe, Wicoxon
rank-sum test, t-
test
Dong China 44(455%) 30 (46.7%) 7330£2394  8504%1824 Age, gender, BMI Fresh fecal samples were EZNA®  llumina MiSeq OTUs, ACE, 9
etal Cross-sectional ~ 34.89+  38.60+1280 0.7 (0.38-1.37) NR immediately stored at  Stool DNA  UPARSE, RDP, Chaot,
2020)  study 1074 -80°C kit SILVA Shannon,
165 (V3-V4) Simpson;
PCOA;
LEfSe, Wicoxon
rank-sum test
Hu et al. China 17 (82.3%) 18 (77.7%) 83.16+32.49 107.13+12.52  Age, gender, BMI, Fresh fecal samples were AxyPrep llumina HiSeq 2500  Observed sp., 9
2020)  Cross-sectional ~ 44.76 & 4972839 095:081°  001+0001° dietary habits placed in sterlle DNAGel  RDP ACE, Chao,
study 10.53 harvesters and frozen at  Extraction Shannon;
-80°Cinnomore than kit PCoA, UniFrac;
30 min. 165 (V3-V4) Wicoxon rank
sum test
Chai 2021 China 29 (41.3%) 29 (41.3%) 101.95 (72.70, 103.89 Age, gender, BMI  Fresh fecal samples were PowerSail®  lon S5™ Observed sp., 9
(Chai Cross-sectional 3821 + 3869 £ 9.90 123.44) (99.40,114.34) collected inice boxes,  DNA NR Chaot,
etal., study 11.80 0.7 (0.36, 2.09) NR and transferred to -80°C  Isolation Kit Shannon,
2021) within 30 min 16S (V3-V4) Simpson;
NMDS;
LEFSe
Wu et al. China 15 (46.6%) 30 (66.6%) 168.7 + 61.26° 75.43 + 324 Age, gender, BMI, Fecal samples were PowerSoil llumina HiSeq PE250  OTUs, ACE, 8
2021)  Cross-sectional 3864291 441191 1.94 £044 NR dietary habits and ~ collected after overnight ~ DNA USEARCH, RDP Chaot,
study Ifestyles fasting, and stored at  Isolation Kit Shannon,
-80°C 168 (V3-V4) Simpson;
PCOA;
LEfSe, ttest
Sugurmar  Malaysia 36(360%  12(330%)  79.0(62.1,922) 865 (74.3,93.8) Age, gender, BMI, Stool samples were GeneAll llumina NR OTUs, Shannon; 8
et al. Cross-sectional ~ 45.5 + 13.4 46.5+ 135 0.44(0.20-1.13)  0.08 (0.08-0.08) dietary habits taken at home and ExgeneTM  QIME NR;
(2021) study brought to hospital within  Stool DNA ~ RDP t-test and Mann-
6hincold storage and kit Whitney test
were stored at -80°C 168 (V3-V4)
Heetal  China Data set 24 (50%) NR NR Age, gender, BMI  The fecal samples fom ~ QlAamp  llumina HiSeq Chaot; 9
2021)  Cross-sectional 1:87 35.79.8.19 each participant were  FastDNA  UPARSEH, PCOA;
study (52.87%) collected in the hospital stool minikit USEARCH, RDP Wilcoxon rank
3878+ and immediately stored 165 (V3-V4) sum test
11.45 at -80°C
Data set 2: 19(42.1%)  Without selection llumina MiSeqDx 7
27(800%) 31321059 UPARSEH,
4468 + USEARCH, RDP
12.66
Weng  China 40(657.5%)  10(60.0%) 65763024 103732101 Age, gender, BMI Fresh fecal samples were  HiPure llumina HiSeqd000  Observed sp., 9
etal Cross-sectional  35.12+ 648 3526+ 7.09 1.85 160 0.06 0,03 collected in sterile Bacterldl  USEARCHGreenGene ACE, Chaot,
(2021) study containers and DNA Kit Shannon,
immediately stored at - 168 (V3-V4) Simpson;
80°C PCoA, UniFrac;
LefSe, t-test,
and Mann-
Whitney test
Yaeta. China 20(500%) 20 (50.0%) NR NR Age, gender Fresh fecal samples were FastDNA  llumina Hiseq2500  NR; 8
(2021) Cross-sectional No Data not collected in cryogenic Spin Kit for  NR NR;
study difference in presented vials and immediately Soil LefSe, t-test,
age stored at - 80°C NR and Wilcoxon
rank sum test
Tian etal.  China 10 (30%) 10 (30%) 72.12 + 14.18° 63.48 + 10.90*  Age, gender Fresh fecal samples were  NR llumina Novaseg6000 Observed sp., 8
2021)  Cross-sectional 4450854 42701196  151£035 0.07 £ 0.04 collected in sterile 168 (V3-V4) UPARSE ACE, Chaot,
study containers and SILVA Shannon,
immediately stored at Simpson;
-80°C PCOA
LefSe, t-test,
and Mann-
Whitney test

SD, standard deviation; eGFR:estimated glomerular filration rate; NR, not reported; BMI, body mass index; OTU, operational taxonomic units; Principal component analysis (PCA); PCoA, Principal coordinate analysis; NMDS, nonmetric
multidimensional scaling; LEfSe, linear discriminant analysis effect size; UniFrac, analysis of similarty test; RDP, Ribosomal database project; QUIVE, quantitative insights into microbial ecology; USEARCH,UPARSE, UPARSEH, SILVA: rANA
sequence databases. data of serum creatinine; Pdata of urinary albumin-to-creatinine ratio.
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S. No. Lactic acid bacteria Bacteriocins Diseases/target pathogens Model References

1 Lactococcus lactis DPC3147 Lacticin3147, Clostridium difficile associated diarrhea (CDAD) in vitro (Rea et al., 2007)

2 L. garvieae Garvicin ML Active Streptococcus pneumonia. in vitro (Borrero et al., 2011)

3 L. lactis Nisin Z Immunomodulatory effect Murine model  (Millette et al., 2008)

4 L. lactis Nisin F Respiratory infection Murine model  (De Kwaadsteniet et al.,
2009)

5 L. lactis Nisin Meniningitis, sepsis, pneumonia in vitro (Goldstein et al., 1998)

6 L. lactis Nisin Z Enteric pathogens Mouse model  (Millette et al., 2008)

7 L. lactis Nisin A Colorectal cancer in vitro (Norouzi et al., 2018)

8 L. lactis Nisin Stress reduction Mice model (Jia et al., 2018)

9 Lactobacillus salivarius Bacteriocin Abp118 Listeriosis Murine model  (Riboult-Bisson et al.,
2012)

10 L. salivarius NRRLB Bacteriocin OR-7 Campylobacter jejuni Chicken model (llinskaya et al., 2017)

11 L. salivarius Bactofencin A Antilisterial, antistaphylococcal in vitro (O'Conner et al., 2018)

12 L. curvatus Lactocin AL705 Listeriosis in vitro (Huang et al., 2021)

13 L. rhamnosus Lactocin 160 Escherichia coli, Bordetella pertussis in vitro (Belfiore et al., 2007)

14 Pediococcus acidilactici Pediocin PA1 Listeriosis Murine model  (Dabour et al., 2009)

16 P. acidilactici Pediocin AcH Enteric pathogens Mouse model  (Millette et al., 2008)

16 P. acidilactici Pediocin Colorectal cancer in vitro (Kaur and Kaur, 2015)

17 P. acidilactici K2a2-3 Pediocin PA-1 Anti-cancerActivity in vitro (Huang et al., 2021)

18 Enterococcus mundftii RL35 Enterocin CRL35 Listeriosis Murine model  (Salvucci et al., 2012)

19 E. avium Avicin Listeriosis in vitro (Birri et al., 2010)

20 E. faecium P13 Enterocin P Enteric pathogens in vitro (De Kwaadsteniet et al.,
2006)

21 E. mundtii RL35 Enterocin CRL35 Herpes virus in vitro (Wachsman et al., 1999)

22 E. faecium ST5Ha Bacteriocin ST5Ha Herpes virus in vitro (Todorov et al., 2010)

23 Carnobacterium maltaromaticum  Piscicolin 126, carobacteriocin  Listeriosis Pork model (Martin-Visscher et al.,
2008)

24 Streptomyces spp. Griselimycin M. tuberculosis in vivo (Kling et al., 2015)

25 Leuconostoc citreum GJ7 Kimchichin Salmonella typhi in vitro (Chang and Chang,
2011)

26 Erwinia carotovora NA4 Erwinaocin NA4 Coliphage in vitro (Dey et al., 2021)
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Control (n = 21) ES (n=15) ESCC (n=32) p value

Characteristics

Age 47.85 £ 12.01 55.60 + 11.53 5597 + 11.62 0.040*
BMI (kg/m?) 24.06 +3.78 24.57 £2.92 25.89 + 4.06 0.200
Sex (male) 13 (61.9%) 99 (60.0%) 20 (62.5%) 0.986
Smoker (Yes) 1 (52.4%) 10 (66.7%) 18 (66.3%) 0.684
Alcohol consumption (Yes) 7 (33.3%) 6 (60.0%) 14 (43.8%) 0.750
Diabetes (Yes) 4 (19.0%) 7 (46.7%) 9(28.1%) 0.214
Family history of cancer (Yes) 3(14.3%) 2(13.3%) 3(9.4%) 0.796

*n <0.05.
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Bacteria
genera

Porphyromonas

Fusobacterium

Enterobacter

Prevotella
Klebsiella

Citrobacter

Haemophilus
Enterococcus
“Escherichia-
Shigella®
Deinococcus

Bifidobacterium

Clostridium
Parvimonas
Capnocytophaga
Selenomonas
Rothia
Acinetobacter
Aggregatibacter
Alloprevotella
Aquabacterium
Delftia

Gemella
Massilia
Oceanobacillus
Rahnella
Sphingobium

Possible significance in cancer

Porphyromonas gingivalis has been shown to promote progression of pancreatic cancer (Chen et al., 2020; Gnanasekaran et al., 2020; Hiraki et al.,
2020), oral squamous cell carcinoma (Inaba et al., 2014; Geng et al., 2017; Chang et al., 2019; Hoppe et al., 2019; Yao et al., 2021), endothelial
cancer (Crooks et al., 2021), colorectal carcinoma (Mu et al., 2020; Wang et al., 2021), oesophageal squamous cell carcinoma (Meng et al., 2019;
Liang et al., 2020; Chen et al., 2021), and head and neck cancer (Utispan et al., 2018).

promote chemotherapy resistance to paclitaxe! in oral squamous cell carcinoma (Song et al., 2019).

Can travel via the blood stream (Abed et al., 2020) and lodge into distant tumours of the breast (Hieken et al., 2016; Smith et al., 2019), lung (Liu

et al., 2018) and genitourinary tract, (Audirac-Chalifour et al., 2016) where they colonise nascent tumours (Cavrini et al., 2005) or promote metastasis
(Parhi et al., 2020)

Tumours with an increased abundance of F. nucleatum have been associated with poor prognosis and chemotherapy resistance (Yamamura et al.,
2016; Bullman et al., 2017; Kunzmann et al., 2019).

Inhibit myeloid leukemia HL-60 cells (Husain et al., 2016) and cervical cancer Hel.a and SiHa cells (Zhao et al., 2015), as well as promoting NCM460
and CRL1700 colon cancer cells (Yurdakul et al., 2015).

Prevotella heparinolytica promote multiple myeloma while Prevotella melaninogenica counters such effects (Calcinotto et al., 2018).

Klebsiella sp. Infection has been linked to cancer cachexia (Pétgens et al., 2018) and their production of colibactin, induces tumourigenic effects in
epithelial cells (Strakova et al., 2021).

Citrobacter rodentium has been shown to increase the proliferation of colon cancer and to activate cancer promoting biochemical pathways (Umar,
2012)

Haemophilus influenzae has been shown to increase the proliferation of k-ras positive lung adenocarcinoma (Jungnickel et al., 2017).

Enterococcus faecalis has been shown to promote proliferation of colon cancer cells (Kabwe et al., 2021b).

Polyketide synthetase (pks) positive E. coli strains that express the afimbrial adhesin operon afaC and/or the polyketide synthetase pathogenic island
have been shown to promote tumuorigenesis of colon cancer (Lennard et al., 2016, lyadorai et al., 2020).

Extracts from Deinococcus sp. UDEC-P1 have been shown to inhibit the proliferation of Saos-2 osteosarcoma cells (Tapia et al., 2021) and breast
cancer (Magbool et al., 2020).

Shown to have anti-proliferative effects against colon (Lee et al., 2008; Asadollahi et al., 2020; Faghfoori et al., 2021) and non-small cell lung cancers
(An et al., 2020)

Clostridium perfringens have been shown to inhibit proliferation of colon cancer cells (Arimochi et al., 2006)

No clear role established

No clear role established

No clear role established

No clear role established

No clear role established

No clear role established

No clear role established

No clear role established

No clear role established

No clear role established

No clear role established

No clear role established

No clear role established

No clear role established
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Bacterial genera increased in  Sites where Study type and size Population Reference
relative abundance bacterial
genera
were
increased
in relative
abundance
Porphyromonas Pancreas, 189 tissue samples (pancreatic duct, duodenum, pancreas), 57 swabs (bile duct, ~Case: Caucasian (Del
Pancreatic jejunum, stomach), and 12 stool samples 72 (93.5%), Black  Castillo
duct 2 (2.6%), Others 2 etal.,
Fusobacterium, Prevotella, Pancreas (2.6%) 2019)
Capnocytophaga, Parvimonas, Control:
and Haemophilus Caucasian 30
Selenomonas Pancreas, (88%), Black 2
Duodenum (6%), Others 2
Gemella Duodenum (6%)
Cases: Male 38
(49%); Female 39
(51%)
Controls: Male 21
(62%); Female 13
(38%)
Fusobacterium, Enterobacter, Pancreas Studied 1526 tumours and their adjacent normal tissues across seven cancer Biobank (Nejman
Citrobacter, and Klebsiella types, including breast, lung, ovary, pancreas, melanoma, bone, and brain etal,
tumours. (67 pancreatic tumour tissues) 2020)
Fusobacterium Pancreas Formalin Fixed, paraffin embedded samples from 17 patients were studied; 9 of Participant (Masi
whom had pancreatic cancer All 17 had EUS-FNB samples and 6 pancreatic numbers listed etal,
cancer cases had paired resection samples. only 2021)
Acinetobacter, Aquabacterium, Duodenum  In this study, duodenal mucosal microbiota was analysed in 14 patients with Participant (Mei et al.,
Oceanobacillus, Rahnella, pancreatic head cancer and 14 healthy controls numbers listed 2018)
Massilia, Delftia app., only
Deinococcus, and Sphingobium
Bifidobacterium, Fusobacterium Duodenum  Case-control study comparing bacterial and fungal (16S and 18S rRNA) profiles of Cases: White 57 (Kohi
Rothia, Enterococcus, secretin-stimulated duodenal fluid collections from 308 patients undergoing (90.4%), African etal,
“Escherichia-Shigella”, and duodenal endoscopy including 134 normal pancreas control subjects, 98 patients American 4 (6.4%), 2020)
Clostridium with pancreatic cyst (s) and 74 patients with pancreatic cancer. missing 2 (3.2%)
Controls: White
57 (90.4%), African
American 5 (8%),
Missing 1 (1.6%)
Cases: Male 40
(63.5%), Female
23 (36.5%)
Controls: Male 30
(47.6%), Female
33 (52.4%)
Porphyromonas, Aggregatibacter, Oral 361 incident adenocarcinoma of pancreas and 371 matched controls were Cases: White 338 (Fanetal,
and Alloprevotella selected from two prospective cohort studies, the American Cancer Society (93.6%), Non- 2018)
Cancer Prevention Study Il and the National Cancer Institute Prostate, Lung, White 23 (6.4%)
Colorectal, and Ovarian Cancer Screening Trial. Controls: White
345 (93.0%), Non-
White 26 (7%)
Cases: Male 206
(67.1%), Female
155 (42.9%)
Controls: Male
212 (57.1%),
Female 159
(42.9%)
Actinomyces, Aggregatibacter, Oral Prospective study of saliva samples collected from patients with pancreatic Cases: Male 24 (Wei et al.,
Escherichia Lactobacillus, cancer (n = 41) and healthy individuals (n = 69). (69%), Female 17 2020)
Leptotrichia, Rothia, and (41%)
Streptococcus Controls: Male 52
(72%), Female 19
(28%)
Cronobacter, Enterobacter, (Ren  Stool Prospective study that collected 85 Pancreatic cancer and 57 matched healthy Cases: Male 47 (Renetal.,
et al., 2017) Hallella, (Ren et al., controls to analyze microbial characteristics by MiSeq sequencing (65.3%); Female 2017)

2017) Klebsiella, Prevotella,
Selenomonas, and Veillonella

38 (44.7%)
Control: Male 36
(63.2); Female 21
(36.8%)
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(i) Delivered in solution, by
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Exploration cohort Validation cohort

GR PR P-value GR PR P-value

No. of patient 34 31 10 16

Age, y 59.1+11.8 54.8 + 14.6 0.191 59.7 + 12.9 59.6 + 12.3 0.979
Sex (F/M) 16/18 1417 0.878 4/6 6/10 0.899
EPO treatment age, y 5921 6.0+2.1 0915 57+26 54+1.7 0.702
Cause of kidney failure

Diabetic nephropathy 13 1" 4 7

Glomerulonephritis 16 16 5 8

others 6 4 1 2

RRF (ml/min per 1.73 m?) 54+39 6.0+4.5 0.589 6.3+6.4 47 +3.2 0.981
BMI 225+ 24 23.0+3.2 0.549 213+ 32 234+ 33 0.115
Hemoglobin (g/dl) 1176+ 5.4 99.0 + 9.0 <0.001 1203 +2.9 1026 + 5.4 <0.001
Hematocrit (%) 34.1+ 39 33.9 + 4.0 0.840 34.4+34 34.6 £ 3.1 0.881
CRP (mg/l) 20+23 31+24 0.059 22+19 24+16 0.741
EPO (ng/l) 464.7 + 150.5 468.5 + 154.5 0.919 471.4 £ 182.7 4819+ 1419 0.869
EPO-Ab (ng/l) 129.5 + 39.8 146.9 + 43.0 0.097 1374+ 256 1545 + 50.0 0.328
Ferritin (ng/ml) 394.5 + 136.9 377.3+95.2 0.561 371.0+ 85.9 430.1 +101.0 0.137
TSAT (%) 325+ 146 37.0+223 0.328 259 +11.7 279+ 131 0.704
KT/V 129+02 1.2+02 0.143 1.2+041 1.2+0.1 0.531
Albumin g/ 42216 M7 £12 0.182 420+ 1.6 41.1£1.0 0.073
iPTH (pg/mL) 278.5 + 248.6 381.0 £243.1 0.098 2783 +171.2 309.5 + 205.6 0.692
Vitamin B12 657.2 +213.3 564.8 + 255.5 0.117 586.9 + 171.2 519.9 + 124.9 0.386
Folate 70+3.1 6.1+£3.0 0.297 66+25 6.4+26 0.923

Gender distribution was analyzed by 37 test, and other indices were analyzed by Student's t-test. Data are expressed as the mean + standard deviation according to the normality of
distribution. The hemoglobin level is the 3-month average. GR, good response; PR, poor response. KT/V (clearance of urea multiplied by dialysis duration and normalized for urea
distribution volume) was proposed as a parameter of dialysis adequacy.
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Microorganisms

Mode

Bacterial metabolites

Role of bacteria in the human body

References

(higher abundance) of
delivery
Enterococcus spp. C- Extracellular superoxide DNA damage in colorectal cancer (Zhu et al., 2013; Shao et al., 2019)
(Enterococcus faecalis, section  Hydrogen peroxide
Enterococcus faecium)
Klebsiella spp. (Klebsiella C- Trimethylamine (TMA), Involve in the pathogenesis of cardiovascular disease (Shao et al., 2019; Averina et al.,
pneumoniae, Klebsiella oxytoca) ~section  serotonin, indole through the gut microbiota-mediated pathway 2020.,
Kalnins et al., 2015)
Bacteroides spp. (Bacteroides Vaginal ~ Succinate Provide nutrients for the growth of other gut (Mitsou et al., 2008; Kabeerdoss
thetaiotaomicron) microbiota, maintain gut homeostasis et al.,, 2013; Shao et al., 2019;
Ilkeyama et al., 2020; Yadav and
Chauhan, 2020)
Bifidobacterium spp. Vaginal ~ Serotonin, Regulates emotions and behavior; (Mitsou et al., 2008; Kabeerdoss
(Bifidobacterium infantis) Lactate and acetate Maintain gut homeostasis, produce vitamins and et al., 2013; Devika and Raman,
antimicrobial substances, and regulates the host 2019)
immune system
Lactobacillus spp. (Lactococcus Vaginal  L-glutamate, Improve the brain function and elevate mood (Mitsou et al., 2008; Kabeerdoss
lactis, Lactobacillus nodensis, trimethylamine, serotonin, et al., 2013; Averina et al., 2020; Giri
Lactobacillus vini, Lactobacillus imidazolone, propionate, and Sharma, 2022)
paraplantarum) and taurine
Clostridium spp. (Clostridium C- Indole-3-propionic acid Increases the production of antioxidant and neuro- (Penders et al., 2005; Penders et al.,
sporogenes, Clostridium section  (IPA), Bacteriocins, protectant molecules inside the gut; acts as a 2006; van Nimwegen et al., 2011;
bolteae, Clostridium tetani, Short-chain fatty acid biomarker for ASD; inhibits the growth of other gut Pandey et al., 2012)
Clostridium perfringens, (butyrate) microbiota, promotes the growth or virulence of gut
Clostridium difficile) pathogens
Prevotella spp. (Prevotella Vaginal  Taurine, histamine, Regulate inflammatory receptors during transcription (Dominguez-Bello et al., 2010;
intestinalis) polyamines, and SCFAs ljazovic et al., 2020)
Sneathia spp. (Sneathia amnii) Vaginal ~ Mucins, sialic acid, Causes bacterial vaginosis (Dominguez-Bello et al., 2010;
Polyamines kaniewski and Herbst-Kralovetz,
2021)
Sutterella spp. C- Acetate Involve in the pathogenesis of ASD (Ding et al., 2016; Toscano et al.,
section 2017; Sun et al., 2020)
Bilophila spp. (Bilophila Vaginal  Indole Involve in the pathogenesis of cardiovascular disease  (Kivenson and Giovannoni, 2020;
wadsworthia) through the gut microbiota-mediated pathway Chen et al., 2021)
Achromobacter spp. Vaginal  Indole Increases the degradation of tryptophan, leads to the  (Toscano et al., 2017; Srikantha and
(Achromobacter liguefaciens) and C- build-up of neurotransmitters in the brain of the autistic Mohajeri, 2019; Chen et al., 2021)
section patient, and blocks the efflux transporter in the blood—
brain-barrier (BBB)
Bacillus spp. (Bacillus subtilis) Vaginal ~ Serotonin, dopamine, and  Regulates brain function and elevates mood (Srikantha and Mohajeri, 2019;
noradrenaline Averina et al., 2020; Chen et al.,
2021)
Ruminococcaceae spp. C- Propionic acid and L- Leads to behavioral and physiological deficits in ASD (Toscano et al., 2017; Srikantha and
section  glutamate Mohajeri, 2019; Averina et al., 2020;
and Chen et al., 2021)
Vaginal
Faecalibacterium spp. Vaginal ~ Butyric acid Prevents inflammatory response in the gut, promotes  (Srikantha and Mohajeri, 2019;
(Faecalibacterium prausnitzii) memory formation, and enhances neuronal plasticity Averina et al., 2020; Chen et al.,
through epigenetic regulation 2021)
Corynebacterium spp. C- L-glutamate, Tryptophan acts as a precursor of serotonin, which (Dominguez-Bello et al., 2010;
(Corynebacterium glutamicum) section  phenylalanine, and improves mood; phenylalanine is considered a Srikantha and Mohajeri, 2019;
tryptophan biomarker for depression-like symptom Averina et al., 2020)
Pseudomonas spp. C- Serotonin Regulates brain function and elevates mood (Adlerberth et al., 2006; Dominguez-
(Pseudomonas putida) section Bello et al., 2010; Hesla et al., 2014;
Dogra et al., 2015; Srikantha and
Mohajeri, 2019; Averina et al., 2020)
Staphylococcus spp. C- Serotonin Regulates brain function and elevates mood (Dominguez-Bello et al., 2010;
(Staphylococcus aureus) section Toscano et al., 2017; Srikantha and
and Mohajeri, 2019; Averina et al., 2020;
Vaginal Kim et al., 2020)
Akkermansia spp. (Akkermansia ~ C- Propionic acid and acetic  Leads to behavioral and physiological deficits in ASD  (Toscano et al., 2017; Srikantha and
muciniphilia) section  acid Mohajeri, 2019; Averina et al., 2020)
Streptococcus spp. C- Glutathione Protects tissues from oxidative stress (Averina et al., 2020; Chen et al.,
(Staphylococcus epidermidis, section 2021)
Streptococcus parasanguinis)
Coprococcus spp. Vaginal  Butyric acid and propionic  Promotes memory formation and enhances neuronal (Toscano et al., 2017; Srikantha and
(Coprococcus comes, acid plasticity through epigenetic regulation Mohajeri, 2019; Averina et al., 2020;
Coprococcus eutactus, Chen et al., 2021)
Coprococcus catus)
Citrobacter spp. (Citrobacter C- Indole Increases the degradation of tryptophan, leads to the  (Srikantha and Mohajeri, 2019;
koseri) section build-up of neurotransmitters in the brain in ASD, and ~ Averina et al., 2020; Chen et al.,
blocks the efflux transporter in the blood-brain barrier ~ 2021)
(B8B)
Haemophilus spp. (Haemophilus  C- Indole Increases the degradation of tryptophan, leads to the  (Srikantha and Mohajeri, 2019;
influenza) section build-up of neurotransmitters in the brain of the autistic Averina et al., 2020; Chen et al.,
patient, and blocks the efflux transporter in the blood-  2021)
brain barrier (BBB)
Eubacterium spp. (Eubacterium  Vaginal  Indole, propionic acid, and Promotes memory formation and enhances neuronal (Toscano et al., 2017; Srikantha and

hallii, Eubacterium rectale,
Eubacterium rectale)

butyric acid

plasticity through epigenetic regulation

Mohajeri, 2019; Averina et al., 2020;
Chen et al., 2021)
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Clinical parameters T2DM T2DM_GAN p-value
Sex (male/female, n) 61/12 13/14 -
BMI (kg/m?) 27.13 £ 3.53 24.23 + 318" 3.01x107*
Age (year) 38.39 + 4.01 53.44 + 10.66™* 7.56x107
ALT (U/L) 30.09 £ 19.28 25.52 + 13.55 0.26
AST (UL) 20.62 +9.01 24.67 +20.24 0.324
TBIL (umol/L) 13.42 + 4.57 11.03 + 5.36* 0.029
DBIL (umol/L) 420 £1.72 3.84 +1.95 0.378
UBIL (umol/L) 9.26 + 3.36 7.19 £ 3.83" 0.009
T_CHOL (mmol/L) 481 +1.39 4.36 +1.07 0.137
Triglyceride (mmol/L) 4.10 £ 4.04 191+ 123" 521x107°
HDL-C (mmol/L) 0.99 + 0.69 0.99 +0.26 0.985
LDL-C (mmol/L) 2.61+094 2.56 +0.81 0.779
FBG (mmol/L) 9.30 £3.77 8.20 +3.28 0.184
Fructosamine (mmol/L) 405.21 £ 107.28 371.96 + 92.74 0.159
HbA1c (%) 1013 £ 2.71 9.36 + 1.92 0.178
BUN (mmol/L) 4.46 £ 1.11 5.35 + 1.72" 0.003
Creatinine (umol/L) 69.86 + 14.07 65.93 + 20.33 0.276
Uric acid (wmol/L) 366.72 + 86.39 381.19 + 105.91 0.486
WBC (10°L) 6.76 £ 1.41 6.12 + 1.42* 0.049
Neutrophils (10%/L) 3.68 +£0.97 3.32+1.26 0.143
Lymphocytes (10%L) 2.45 +£0.70 222 +0.54 0.120
Monocytes (10%/L) 0.42 +0.13 0.39 +0.10 0.328
Eosinophil (10%/L) 0.17 £ 0.14 0.18 +0.19 0.940
Basophil (107L) 0.03 £0.02 0.03 +0.02 0.635
RBC (10'%/L) 5.13 + 0.44 4.54 + 046" 9.45x10°®
Hemoglobin (g/L) 156.73 + 16.64 139.15 + 15,13 5.66x10°
Hematocrit 0.46 + 0.04 0.41 £ 0.04™ 2.37x107
Platelets (109/L) 204.79 + 54.23 205.00 + 68.54 0.988
Plateleterit 0.24 +£0.05 0.23 £ 0.07 0.418

BMI, body mass index; ALT, alanine aminotransferase; AST, aspartate aminotransferase; TBIL, total bilirubin; DBIL, direct bilirubin; UBIL, unconjugated bilirubin; T_CHOL, total cholesterol;
HDL _C, high-density lipoprotein cholesterol; LDL_C, low-density lipoprotein cholesterol; FBG, fasting blood glucose; BUN, blood urea nitrogen; WBC, white blood cells; RBC, red blood cells

Data are presented as mean + SD. P value is calculated using a two-tailed Student’s t test.
< 0.001, *'p < 0.01, 0 < 0.05.





OPS/images/fcimb.2022.852066/crossmark.jpg
©

2

i

|





OPS/images/fcimb.2022.852066/fcimb-12-852066-g001.jpg
EBV entry into oral
apsthalalcals

e
%m@ Dﬁ“”* s il

> @
Replication
12

IRNAS] B2LF1
k3 S
L EENAY ErmD EBV Reactivated
Immune evation 5
Proliferation
Late genes? ————— 2%
Immune evation Apoptosis. o
Proliferation Latency
regulation Apoptcets
Proliferation

Apoptosis.
Chemoresistance.





OPS/images/fcimb.2022.852066/table1.jpg
Classification Infected cell type Tumor

Lymphoproliferative
disorders

B cell Diffuse large B
cell lymphoma
(DLBCL)
Primary effusion
lymphoma

Tcell Burkitt ymphoma

Hodgkin’s
lymphoma
Non-Hodgkin’s
lymphoma
Aggressive NK-
cell leukemia
(ANKL)
Extranodal NK/
T-cell lymphoma,
nasal-type
(ENKTL)
Undifferentiated
NPC
Gastric
adenocarcinomas
Gastric
carcinoma

NK cell

Epithelial
malignancies

Nasopharyngeal
epithelium
Gastric epithelial
cells

Lymphoepithelioma-
like carcinoma
(LELC)
Oropharyngeal
carcinomas
Breast epithelial Breast cancer
cells

Thyroid

Salivary gland
epithelial cells

Salivary gland
carcinomas -
LELCs
Renal cell
carcinoma

Renal epithelial
cells

Prostate Prostate cancer

epithelial cells

Urothelial
epithelial cells

Upper urinary
tract urothelial
carcinomas

Coinfection Latency

HIvV Latency
1/2/3-
KSHV Latency
HIV 1
Malaria Latency
HIV 2/3
HIv Latency
2
HIV
Latency
1/2
HPV Latency
2
- Latency
1/2
Latency
1/2
HPV
HPV Latency
2
HPV

References

(Ozsanet al.,
2013)

(Bigi et al., 2018)

(Moormann and
Bailey, 2016;
Heslop, 2020)

(Panisova et al.,

2022)
(Piriou et al.,
2005)
(Ishida, 2018)

(Mao et al.,
2012)

(Tsao et al.,
2017)
(Okabe et al.,
2020)
(Song et al.,
2021)

(Blanco et al.,
2021)
(Sinclair et al.,
2021; Gupta
et al., 2021)
(Shimakage
et al., 2003)

(Tsai et al.,
1996)

(Shimakage
et al., 2007;
Kryst et al.,
2020)
(Whitaker et al.,
2013; Nahand
etal.,, 2021)

(Dere et al.,
2020)

Incidence
of EBV
infection

30-50%

70-100%

>90%

27.7%

~90%

8-10%

90%

0-31%

12.5%

29.6%

24-30%

29.5%

Detection method

In situ hybridization

Serologies

In situ hybridization

mRNA in situ hybridization, indirect
immunofluorescence staining,
polymerase chain reaction (PCR)
In situ hybridization

mRNA in situ hybridization and
indirect immunofluorescence staining

In situ polymerase chain reaction (IS-
PCR) and standard liquid PCR;
enzyme-linked immunosorbent assay
(ELISA) and quantitative real-time
polymerase chain reaction
Chromogenic in situ hybridization
Real-time PCR
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Cohort/Study design

Analysis of 1441 of the Diabetes Control and Complications Trial (DCCT)
and its long-term observational follow-up, the Epidemiology of Diabetes
Interventions and Complications (EDIC) study

Assessed temporal patterns in overweight and obesity and predictors of
weight change in 589 individuals from the Pittsburgh Epidemiology of
Diabetes Complications (EDC) Study, a cohort of childhood onset T1D.

Participants with diabetes (n=3953) were examined in 2001-2004 for the
SEARCH for Diabetes in Youth study (SEARCH) and nondiabetic
participants (n=7666) were examined during the same years of the
National Health and Nutrition Examination Survey (NHANES), aged 3-19 yr
Studied 11,348 children 2 to <18 years of age enrolled in T1D Exchange
between September 2010 and August 2012 with type 1 diabetes for >1
year and BMI > 5th age-/sex-adjusted percentile.

Participants (age 2-<18 years and >1 year duration of T1D) enrolled in the
T1D Exchange (T1DX, n=11,435) and the Diabetes Prospective Follow-up
(DPV, n=21,501).

Analyzed baseline data obtained from 5529 adolescents with T1D (mean
age=15.4 + 1.4years, 51.8% male, 77.9% white, mean HbA1c=8.7 +
1.8%; 72mmol/mol) from the T1D Exchange Clinic Registry.

Key findings

Intensive therapy showed an association with increasing prevalence of
obesity (body mass index >30), from 1% of subjects at the DCCT baseline
(secondary to eligibility criteria) to 31% at EDIC year 12.

Overall 3.4% of the participants 18 years and older were obese at baseline.
By 2004-2007 this had risen seven-fold to 22.7%. The prevalence of being
overweight, but not obese, rose from 28.6% in 1986- 1988 to 42.0% in
2004-2007, a 47% increase.

that 22.1% of youth with T1D were overweight compared with 16.1% of
youth without T1D from the NHANES.

Of the 11,348 participants, 22% were overweight and 14% obese.

Participants in both registries (particularly from Germany, Austria, and the
United States) had median BMI values that were greater than international
and their respective national reference values. BMI z-scores were significantly
higher in the T1DX versus the DPV (p<0.001).

Overweight (22.9%) and obesity (13.1%) were prevalent in the overall sample
and was highest among girls (40.8%) and adolescents of Hispanic/Latino
race/ethnicity (46.1%). Higher prevalence seen in black/African Americans
descent (17.9%) and Hispanic (15.9%) between 2010 and 2012.
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Method

Germ free (GF) models

Human sampiing

Population scale

In vitro modeling

Go-ocourrence network
patterning

Direct observation via
fluorescence

Bioinformatics

Association studies

Meta-omics.

Predictive machine learning
models

Description

Transplant n vitro embryos into
germ-free mothers and raise animals
without microorganism contact

Population is divided into subgroups.
based on specific characteristics

Involves sampiing from a selected
large group of individuals

Experimental laboratory systems
mimicking processes ocourring
within a fiving organism

Explore interplay between
organisms and environmental
conditions on commurity
interactions

Probe specific sites or organismal
components such as cells, alowing
microscopic observation

Use of software tools to understand
biological data, especially with large,
complicated data sets

Identify genes correlated with
disorders

Includes metagenomic,
metatranscriptomic, metaproteomic,
‘and metabolomic data collection

Use of algorithms to identify
patterns and behaviors within
datasets

Advantages

“Blank slate” system used to
test previously observed
associations

Cost effective and relatively
easy to access body sample
sites

Large-scale conclusions can
be drawn, with broadly
applicable results.

Enables examination of
relationships between specific
‘microbes and host

Relationships between
microbes and host-microbe
interactions can be studied to
determine ecological network
‘components within
microbiomes

Taxonomy, localty and
community organization can
be evaluated and screens for
specific phenotypes are
possible

Allows for rapid organization
and analysis of data

Gan discover correative
relationships between
microbes and their hosts
Analyze and detect molecular
and genetic components and
mediators and metabolic
profiles

Employ the simplicity of n situ
analysis to detect ks
between microbes and
covariates

Limitations

Compromised, expensive

representative of natural
microbiome functioning
Distinctions in regional
‘compasition are difficult to
capture

Diversity within indivicual
microbiomes is not considered,
with purely association-based
resuts

Systems lack host-level
‘complexity due to reduced
microbial communities and
simplfied environmental
structuring

Microbial community complexity
is reduced, with subsequently
simplfied system functioning

Photobleaching can ocour

Often expensive, while drawing
association-based conclusions.

The mechanisms and causative
factors underlying correlations
remain unknown

Equipment is highly sensitive
and expensive, limiting
reproducibility

Diffioulty in capturing the
‘complexity of individual
microbiomes, with association-
based and time consuming data
acquisition
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Disease

Hypertension

Pancreatic ductal
adenocarcinoma (PDA)

Fear

Coronary artery disease
(CAD)

Lung disease

Neurodegenerative
disease

Severe mental disorder
(SMD)

Anxiety

Depression (MDD)

Alzheimer's disease: mid
cognitive impairment
MGy

Dementia and bipolar
disorder

COVID-19

Autism spectrum disorder

Sleep.

Obesity

Main microbiota shift

Increase in the abundance of Prevotella,
Bacteroides, and Faecalibacterium

Increase in the abundance of opportunistic
pathogens such s Klebsiella spp.,
Streptococcus spp., and Parabacteroides
merdae

Reduction in Firmicutes and increase in the.
phylum Proteobacteria i patients with PDAC
Abundance of Kiebsiella pneumoniae,
Clostridium bolteae, Streptococcus mutans,
and two Parabacteroides spp.

A decrease abundance of Bacteroides and
increase in Veilonella, Dialister,
Bifidobacterium, Lactobacillus, and
Clostridlales

Increase in Clostriclia spp., and Enterobacter
spp.

CAD: increase in the order Lactobacillles,
and a decrease in the phylum Bacteroidetes
‘GAD: reduction in the abundance of
Rosebura Intestinalis and Faecalibacterium
prausnitzii

Increase in the abundance of Legionellales

Downregulation in Aloprevotelia,
Helicobacter, and Rikemelea. Upreguiation in
Dubosiella, Olsenella, and Parasutterella
Increase in the abundance of K. pneumoniae
and Pseudomonas aeruginosa

Decrease in Blautia, Coprococcus, and
Roseburia

A decrease in the abundance of
Bifdobacteria and Lactobacill

Increase in the abundance of Clostridiales,
Lactobacileles, and Bacteroidles

Increase in Ruminococcaceae and
Clostrilales

Decrease in Bacteroidaceae, Clostridiaceae,
and Bacteroidales

Increase in the abundance of Alitipes,
Flavonitractor, Butyricimonas, Clostridium
XIVb, Phascolarctobacterium, Bacteroidetes,
and Proteobacteria

A decrease in the abundance of
Faecalibacterium

Increase in Bacteroides and a decrease in
Blautia and Eubacterium

A decrease in the proportion of Ascomycota,
Cladosporiaceae, and Meyerozyma
Increase in the proportion of Basidiomycota,
Sclerotiniaeae, Phaffomyceteceae,
Trichocomaceae, Gystofilobasidiaceae,
Togniniaceae and genera Botrytis,
Kazachstania, Phaeoacremonium, and
Cladosporium

Increase in the relative abundance of
Fusobacterium, Bacteroides, Prevotella,
Peptociostridium, and Alloprevotella

A decrease in the proportion of
Actinobacteria

Increase in the frequency of Aggregatibacter
actinomycetemcomitans and Porphyromonas
gingivals

Dementia group: Lower number of
Bacteroides. Frequent Lactobacillles and
Bifidobacterium

Increase in the abundance of opportunistic
microbes such as Candida albicans and
Clostridlum

Increase in the abundance of Bacteroidetes,
Actinobacteria, Ruminococcus gnavus,
Ruminococcus torques, and Bacteroides
dorei

A decrease in the abundance of
Bifidobacterium adolescentis,
Faecalbacterium prausnitzi, and Eubacterium
rectale

ASD: decrease in Faecallbacterium,
Bifidobacteria

GVD: increase in Lactobacilus Enterobacter,
and Bacteroides

ASD: decrease in the relative abundance of
Escherichia, Shigella, Veilonella,
Akkermansia, Provindencia, Dialister,
Bifidobacterium, Streptococcus,
Ruminococcaceae UCG_002, Megasphaera,
Eubacterium_coprostanol, Citrobacter,
Ruminiclostridium_5, and
Ruminiclostridium_6 and increase in
Eisenbergiella, Kiebsiella, Faecallbacterium,
and Blautia

Mid sleep fragmentation (SF) had lower
Firmicutes:Bacteroides ratio and a decreased
alpha diversity

Greater abundance of Proteobacteria in SF
rats

Lower abundance of Sutterella and higher
abundance of Pseudomonas

Increase in the abundance of Fimicutes and
lower Bacteroidetes proportion in obese.
individuals

A decrease in the abundance of several
Bacteroidetes taxa such as
Flavobacteriaceae, Prphyromonadaceae, and
Sphingobacteriaceae

Subjects

‘Smokers with hypertension
(8-HTN), nonsmokers with HTN
(NS-HTN), and smokers without
HTN (S-CTR)

Human subjects.

Human subjects.

Human subjects

Infants.

Experimental animals (mice)

Human subjects.

Human subjects.

Leaves and soil

Experimental animals (mice
models)

Experimental animals (C. elegans)

Experimental animals (GF mice)

Human subjects: high risk (HR)
and ultra high risk (UHR)
participants

Experimental animals (mice)

Human subjects

Human subjects

Human subjects

Experimental animals (dogs)

Human subjects

Human subjects

Human subjects

Human subjects

Human subjects

Human subjects.

Experimental animals (rats)

Humans subjects

Human subjects and animal
models

Human subjects

Design

Fecal sample analysis and

metagenomic sequencing

Metagenormic sequencing

Metagenomic sequencing

Whole genome sequencing

Association study

Metagenomic analysis

Review

Metagenome-wide association

Culture-based sampling methods,
sequencing, and cloning
Metagenomic analysis

Culture-based method and
metagenomics

Meta analysis

Metagenomic analysis

Genome-wide associations study
Metagenomic analysis

Fecal sample analysis

Metagenomic analysis

Fecal sample analysis and
metagenomic analysis

Metagenomic analysis

Meta analysis

Metagenomic analysis

Literature review

Fecal sample analysis and
metagenomic sequencing

Meta analysis

165 ribosomal RNA gene
sequencing and metagenomic
sequencing.

Fecal sample analysis and
metagenomic analysis

Metagenomic analysis

Literature review

Metagenomic analysis
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Lasso peptide
Sactibiotics

Ila peptides

IIb pepticies

llc peptides

Ild pepticies

Bacterioysin
Non-iytic bacteriocins

Name of compound

Microcin L

Microcin M
Microcin V
Microcin H47

Microcin J25
Thuricin SD

Bac43

Bacteriocin 31

ABP-118
Lactacin F
Gassericin A

Reutericin 6

Microcin &

Rhamnosin A

Golicins

Bacteriocin helveticin J

Producing species

Escherichia coli LROS

E. coli Nissile 1917
E. coli
Ecoli HA7

E.coliAY25
Bacillus thuringiensis DP

C6431

Enterococcus faecium VRES2

E. faecalis YI717

Lactobacillus salivarius UCC-118
Lactobacillus johansonii
Lactobacillus gasseri LA3S

Lactobacillus reuteri LA 6

E. coli G3/10

Lactobacillus rhamnosus strain 68
E. coli

L. acidophius NCFM

Target pathogens

Shigella sonnei
E coli

Pseudomonas aeruginosa
E coli and Saimonela

E coli

£ col, Saimonela, Enterobacter, Shigela,
Kiebsiella, and Proteus spp.

£ col, Samonela sp., and Sigela flexneri
Clostricium diffcile, Becillus cereus,
Bifidobacterium fimus, and Listeria
monocytogenes

Enterococcus faecalis, E. faecium,
Enterococcus hirae, Enteroccus durans,
and L. monocytogenes

E hiae 9790, E. faecium, and L
monocytogenes

L. monocytogenes

Lactobacilus sp., E. faecalls

Bacills, Clostridium, Lactobacilss spp.,
Lactococcus lactis, Leuconostoc
‘mesenteroides, Listeria spp., PEdiococcus
cerevisiae, Staphylococcus aureus, and
Streptococcus agalactiae

Lactobacillus acidophilus, Lactobacilus
delbruecki subsp. Buigaricus, and L
dlbruecki subsp. lactis

E 0l G3/10

Micrococcus lysodeikticus ATCG 4698
Enterobacteria

NA
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H-VFA (n=18) L-VFA (n = 23) P

Age 50.89 + 4.47 48.78 + 4.45 0.141
Gender maleB; female12 male5; female18 0.406
BMI 2223 +1.18 22.01 +1.04 0.541
wC 79.47 + 4.65 74.08 + 3.68 0.001*
VFA 150.75 + 37.05 75.35 + 16.72 <0.001*
SBP 121.89 + 13.05 116.57 + 19.21 0.239
DBP 7711 £10.76 7243 £12.79 0.221
FBG 5.53 + 0.68 4.93 +0.32 0.010*
HbA1C 5.81 +0.49 5.58 + 0.37 0.098
TC 5.30 +1.23 4.50 +0.84 0.020*
TG 1.67 +0.78 1.06 + 0.44 0.006"
LDL 3.32+1.02 2.64 +0.79 0.023*
HDL 1.47 £ 0.40 1.66 + 0.37 0.123
SUA 311.28 + 76.56 262.41 + 53.37 0.023*
WBC 6.51 +1.26 519+ 1.14 0.001*
NEC 3.80 +0.94 297 £0.87 0.006"
LYC 2.16 £ 0.50 1.74 £ 0.42 0.007*

WC, waist circumference; BMI, body mass index; VFA, visceral fat area; SBP, systolic blood pressure; DBP, diastolic blood pressure; FBG, fasting blood glucose; HbATc, glycated
hemoglobin A1c; TC, total cholesterol; TG, triglyceride; HDL, high-density lipoprotein; LDL, low-density lipoprotein; SUA, serum uric acid; WBC, white blood cell; NEC, neutrophil count;
LYC, lymphocyte count. Student’s t-tests were used to compare the differences between the H-VFA (n = 18) and the L-VFA (n = 23) groups. *p < 0.05.





