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Background: Carotid atherosclerosis (CAS) is an important cause of stroke. Although interactions between the gut microbiome and metabolome have been widely investigated with respect to the pathogenesis of cardiovascular diseases, information regarding CAS remains limited.

Materials and Methods: We utilized 16S ribosomal DNA sequencing and untargeted metabolomics to investigate the alterations in the gut microbiota and plasma metabolites of 32 CAS patients and 32 healthy controls. The compositions of the gut microbiota differed significantly between the two groups, and a total of 11 differentially enriched genera were identified. In the metabolomic analysis, 11 and 12 significantly changed metabolites were screened in positive (POS) and negative (NEG) modes, respectively. α-N-Phenylacetyl-L-glutamine was an upregulated metabolite in CAS patients detected in both POS and NEG modes and had the highest | log2(fold change)| in POS mode. In addition, transcriptomic analysis was performed using the GSE43292 dataset.

Results: A total of 132 differentially expressed genes (DEGs) were screened. Among the upregulated DEGs in CAS patients, FABP4 exhibited the highest | log2(fold change)|. Furthermore, FABP4 was positively associated with Acidaminococcus and had the highest Spearman’s correlation coefficient and the most significant p-value among the microbiota–DEG pairs.

Conclusion: In this study, we investigated the potential “microbiota–metabolite–gene” regulatory axis that may act on CAS, and our results may help to establish a theoretical basis for further specialized study of this disease.
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INTRODUCTION

Atherosclerosis (AS) is a diffuse, slowly progressing disease that affects large- and medium-sized arteries. Advanced atherosclerotic plaques can invade the arterial lumen, impeding blood flow, and resulting in tissue ischemia (Faxon et al., 2004; Libby et al., 2019). Carotid atherosclerosis (CAS) is a preventable cause of 20–30% of stroke, approximately 21% of people aged 30–79 years have carotid plaque, and 1.5% have carotid stenosis (Petty et al., 2000; Song et al., 2020). The pathophysiological features of AS are primarily linked to lipid accumulation, chronic inflammation, calcification, and thrombosis (Libby et al., 2019). Many studies have vastly improved our understanding of the pathogenesis of AS, but, despite these advances, we still lack definitive evidence to translate basic results to the bedside (Weber and Noels, 2011). Although AS is a systemic disease sharing common major risk factors, differences exist in the strength and impact per arterial site (Aboyans et al., 2018). Medical interventions that result in the prevention of CAS are especially centered on statins, but which are not targeted enough when CAS is regarded as a unique form of AS (Artom et al., 2014).

Findings from the past decade have suggested that the structure and composition of the gut microbiota are associated with AS in humans and animal models (Jonsson and Backhed, 2017). The contributions of the gut microbiota to AS can be divided into three main categories. First, local or distant infections might aggravate atherogenesis. Second, patients with AS have altered lipid metabolism, and bacterial taxa in the gut were observed to correlate with plasma cholesterol levels (Koren et al., 2011). Third, diet and specific components that are metabolized by gut microbiota can have various effects on AS. Metabolites filtered or produced by gut microbiota, such as trimethylamine-N-oxide, short-chain fatty acids (SCFAs), and secondary bile acids, have been observed to affect the development of AS (Wang et al., 2011; Wahlstrom et al., 2016; Chen et al., 2018). Most studies of the relationship between CAS and microbiota could be classified into the first category mentioned earlier. A wide variety of microbial DNA has accordingly been found in carotid atherosclerotic plaques in different populations (Ziganshina et al., 2016; Lindskog Jonsson et al., 2017). Bacteria observed in the atherosclerotic plaques are also detected at other body sites, predominantly the gut, which might thus serve as reservoirs of these potentially pathogenic microorganisms (Jonsson and Backhed, 2017). However, limited information is available focusing on the gut microbiota composition in CAS patients. With respect to metabolomics, several studies have found a number of metabolites associated with CAS on the different stages (Vojinovic et al., 2018; Lee T. H. et al., 2019), which were used as non-causal biomarkers, but further study is necessary to elucidate the pathogenesis of CAS. Also, considerable uncertainty remains concerning the relationship between CAS and metabolites.

Taken together, both human and animal studies have indicated that alterations of the gut microbiota and plasma metabolites might be involved in the progression of AS, but the details of these alterations in patients with CAS have not been fully characterized. To address this question, we performed multi-omics combined 16S ribosomal DNA (rDNA) gene sequencing using fecal samples and untargeted liquid chromatography–mass spectrometry using plasma samples from 32 CAS patients and 32 healthy controls with gene expression profiling from the Gene Expression Omnibus (GEO) database to characterize the gut microbial community and plasma metabolic profiles. Also, we performed an integrated analysis of the microbiome, metabolome, and transcriptome. These results may ultimately provide a more in-depth understanding of the “microbiota–metabolite–gene” axis in the pathogenesis of CAS.



MATERIALS AND METHODS


Medical Ethics

The Ethics Committee of the Peking Union Medical College Hospital (PUMCH) has approved this study (institutional approval number: JS-2629). Each participant provided signed informed consent before participating in the present study.



Patients Recruitment

CAS patients were recruited from the Department of Vascular Surgery, Peking Union Medical College Hospital. The inclusion criteria for recruitment were as follows: (1) Diagnosis with carotid atherosclerosis by ultrasound or CT angiography; (2) age ≥ 45 years; the exclusion criteria were applied to both CAS patients and healthy controls: (1) Antibiotic usage within 6 months; (2) probiotic usage within 6 months; (3) history of gastrointestinal diseases (such as inflammatory bowel disease); (4) history of abdominal surgery (such as gastrectomy); (5) major dietary change 1 week before sample collection.

We first recruited 71 CAS patients and 39 healthy controls. Next, 39 CAS patients were excluded due to antibiotic usage (n = 14), probiotic usage (n = 6), digestive disease (n = 8), and abdominal surgery (n = 11). Meanwhile, seven healthy controls were excluded due to antibiotic usage (n = 4), probiotic usage (n = 2), and abdominal surgery (n = 1). Finally, each group had 32 subjects for further analysis.



Sample Collection

Peripheral blood and stool samples were collected in the morning after an overnight fast (≥ 8 h). Plasma samples were obtained by centrifugation at 3,000 rpm for 10 min at room temperature. All plasma and stool samples were rapidly frozen and stored at −80°C until analysis.



Genomic DNA Extraction and 16S Ribosomal DNA Sequencing

Genomic DNA extraction was performed using QIAamp® Fast DNA Stool Mini Kit (Qiagen, Hilden, Germany) and examined using Thermo NanoDrop 2000 (Thermo Fisher Scientific, New York, NY, United States). The V3-V4 region of the bacterial 16S rDNA was amplified using KAPA HiFi Hotstart ReadyMix PCR Kit (KAPA Biosystems, Wilmington, MA, United States) with the primers 314F (CCTACGGGRSGCAGCAG) and 806R (GGACTACVVGGGTATCTAATC) and sequenced using an Illumina PE250 platform (Illumina, California, United States).



Ultra-High-Performance Liquid Tandem Chromatography/Quadrupole Time-of-Flight Mass Spectrometry Metabolomic Profiling of Patient Plasma Samples

Plasma samples of patients were prepared for ultra-high-performance liquid tandem chromatography/quadrupole time-of-flight mass spectrometry (UHPLC-QTOFMS) analysis by application of validated protocols (Dunn et al., 2011). The UHPLC separation was carried out using a 1290 Infinity series UHPLC System (Agilent Technologies Inc., Santa Clara, California, United States), equipped with a UPLC BEH Amide column. The TripleTOF 6600 mass spectrometry (AB Sciex, Foster City, CA, United States) was used for its ability to acquire tandem mass spectrometry spectra on an information-dependent basis during a liquid chromatography–mass spectrometry experiment. Both positive ion mode (POS) and negative ion mode (NEG) were used to obtain maximal coverage for plasma metabolites.



Transcriptomic Profiling of Atherosclerotic Samples From the Gene Expression Omnibus Database

To have a comprehensive understanding of CAS pathogenesis from a multi-omics perspective, we also acquired transcriptomic profiling data of CAS samples from the GEO database (GSE43292) (Edgar et al., 2002). The transcriptomic dataset was not measured from the same cohort of patients from whom the 16S and metabolomic datasets were generated. The probes in the series matrix file were annotated by gene symbols using the platform data table (GPL6244), and a gene expression matrix was obtained for further transcriptomic analysis.



Statistical Analysis

Operational taxonomic units (OTUs) were obtained by ultra-fast sequence analysis (USEARCH) v11.0 with a sequence similarity of 0.97 (Edgar, 2013). α- and β-diversities were calculated using Quantitative Insights Into Microbial Ecology (QIIME, version 1.7.0) based on OTU counts (Caporaso et al., 2010). The “vegan” package in R version 3.6.2 was used to perform a permutational multivariate analysis of variance (PERMANOVA) to compare β-diversity between the two groups. Next, we performed a differential abundance analysis using the linear discriminant analysis (LDA) method on the LDA effect size (LEfSe) platform and the Wilcoxon rank-sum test (Segata et al., 2011). To determine the functional alterations in the gut microbiota of CAS patients, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis was conducted through phylogenetic investigation of communities by reconstruction of unobserved states (PICRUSt) to predict the functional composition profiles of microbiota based on OTUs (Langille et al., 2013).

UHPLC-QTOFMS data were analyzed by SMICA (version 15.0.2, Sartorius Stedim Data Analytics AB, Umea, Sweden) to conduct multivariate statistical analysis. Differential metabolites were obtained by comparing CAS patients and healthy controls using a t-test. KEGG pathway analysis was also conducted for these different metabolites.

For transcriptomic profiling data, differentially expressed gene (DEG) analysis was performed based on gene expression matrix using the “limma” R package. A | log2(fold-change)| of > 1 and an adjusted p-value < 0.01 were selected as the threshold for DEG screening. In addition to KEGG pathway analysis, gene ontology-biological process (GO-BP) analysis was conducted using the Database for Annotation, Visualization and Integrated Discovery version 6.81; the enrichment analysis was also conducted using Reactome version 752 to further demonstrate the biological functions of DEGs.

To integrate the multi-omics data, Spearman’s correlation indices between differential omics data were calculated and visualized by heatmap (Shannon et al., 2003). Finally, receiver operating characteristic (ROC) analysis was performed using Statistical Product and Service Solutions version 25.0 (SPSS Inc., 2017, Chicago, IL, United States). Random forest (RF) analysis was conducted using the Biomarker analysis section of MetaboAnalyst version 3.0 (www.metaboanalyst.ca). The area under the curve was calculated to demonstrate the potential diagnostic value of differentially enriched genera, metabolites, and genes.

To further improve the accuracy of the analyses of microbiome and metabolome, the adjustment for covariates in differential genera and metabolites was performed. First, in the microbiome analysis, the associations between genera and clinical characteristics of CAS patients and healthy controls were evaluated using a generalized linear model, and p < 0.05 was considered to be statistically significant (Qian et al., 2018). Second, in the metabolome analysis, PERMANOVA was used to test the statistically significant differences between metabolic profiles and clinical characteristics. The p-value was corrected for multiple tests using a cutoff of 0.05.




RESULTS


Flowchart of Our Study

The workflow of our study is shown in Figure 1. A total of 32 CAS patients and 32 healthy controls were included in our study. Fecal and plasma samples were taken for microbiome and metabolome analysis, respectively. Differentially enriched microbiota and metabolites were identified. KEGG pathways were predicted to show the functional composition profiles of differentially enriched microbiota and metabolites. Then, DEG and related functional annotation analyses were conducted based on a messenger RNA (mRNA) microarray dataset (GSE43292) to explore the differences between CAS patients and healthy controls from a transcriptomic level. Furthermore, correlation analyses were performed between differentially enriched microbiota, metabolites, and DEGs to integrate omics. Finally, the potential clinical significance of differentially enriched microbiota, metabolites, and DEGs was determined by ROC and RF analyses.
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FIGURE 1. Workflow of our study. *A total of 39 patients were exclude in CAS Group, due to antibiotic usage (n = 14), probiotic usage (n = 6), digestive disease (n = 8), and abdominal surgery (n = 11). A total of seven healthy controls were excluded due to antibiotic usage (n = 4), probiotic usage (n = 2), and abdominal surgery (n = 1).




Clinical Characteristics of Carotid Atherosclerosis Patients and Controls

For microbiome and metabolome analysis, 64 fecal and plasma samples were used for 16S rDNA sequencing and untargeted metabolomic analysis (UHPLC-QTOFMS). The baseline of our study cohort is shown in Table 1. Although the body mass index is marginally higher in the CAS group (24.7 ± 2.7 for CAS patients and 23.2 ± 2.2 for healthy controls, p = 0.047), there were no significant differences in age and sex between CAS patients and healthy controls.


TABLE 1. Characteristics of study cohort.
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Microbial Profiling of Carotid Atherosclerosis Patients and Controls


Gut Microbiota Richness, Composition, and Diversity

We used 2,300,644 high-quality reads from 64 patients for downstream analysis. The rarefaction curves of richness (observed_species and chao1) were plotted. Curves for the CAS and control groups were near saturation as the reads increased, suggesting that the sequencing depth was adequate (Supplementary Figures 1A,B). The Venn diagram showed overlapping and different enriched OTUs in each group (Supplementary Figure 1C). Next, OTUs were annotated using the Ribosomal Database Project database3, and the relative abundance of the gut microbiota is shown (Figure 2A and Supplementary Figures 1D–G).
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FIGURE 2. Microbial diversity of CAS patients and healthy controls. (A) Relative abundance of gut microbiota for two groups from genus level. (B,C) α-Diversity (chao1 and observed_species) for two groups showed no significant difference. (D–F) β-Diversity is significantly increased for CAS patients.


The microbial α-diversity is shown in Supplementary Table 1. The Wilcoxon rank-sum test compared the α-diversity between the two groups, and no significant difference was found, which was also consistent with the rarefaction curve (Figures 2B,C). However, the gut microbiota communities between the CAS group and healthy control group were significantly different, as shown by β-diversity (Figures 2D–F).




Differential Gut Microbiota Enriched in Carotid Atherosclerosis Patients and Healthy Controls

Using LEfSe analysis, we screened 29 different features at the phylum (n = 1), class (n = 3), order (n = 5), family (n = 9), and genus (n = 11) levels with a threshold of LDA > 2 (Figure 3A). The Wilcoxon rank-sum test was also used to explore changes in microbiota, and 30 differentially enriched taxa were identified (Figures 3B–D, Supplementary Figure 2, and Supplementary Table 2). The differential microbiota at the genus level from the Wilcoxon test were the same as those that we had screened using LEfSe analysis (Table 2). Acidaminococcus, Christensenella, and Lactobacillus were enriched in CAS patients; Anaerostipes, Fusobacterium, Gemella, Parvimonas, Romboutsia, and Clostridium XVIII/XlVa/XlVb were enriched in healthy controls. The correlation between different genera was shown by Spearman’s correlation test (Figure 3E), and these microbiota genera were further utilized in correlation analysis with differential metabolites and DEGs.
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FIGURE 3. Differentially enriched gut microbiota for CAS patients and healthy controls. (A) A total of 29 different features screened by LEfSe at phylum (n = 1), class (n = 3), order (n = 5), family (n = 9), and genus (n = 11) level with a threshold of LDA > 2. (B) PCA plot demonstrated that CAS group is significantly different from control group based on differential genera. (C,D) Differentially enriched gut microbiotas were visualized in heatmap and box plot. (E) Associations between differential microbiotas were by correlation heatmap. Bluer color indicates a more positive correlation, whereas redder color indicates a more negative correlation.



TABLE 2. Differentially enriched gut microbiota from genera level.
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Different Functional Composition Profiles of Gut Microbiota Between Carotid Atherosclerosis Patients and Healthy Controls

Through PICRUSt, functional composition profiles of gut microbiota were predicted based on relative abundance and compared between CAS patients and healthy controls. In total, 65 of 265 differentially enriched KEGG pathways (level 3) were identified (Supplementary Table 3) with a threshold of p < 0.05, of which 39 were enriched in the CAS group, whereas 26 were enriched in healthy controls. Different pathways with the highest relative abundance were visualized by heatmap and boxplot (Figure 4).
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FIGURE 4. KEGG pathways (level 3) predicted by PICRUSt. (A,B) Differential KEGG pathways with top relative abundance were visualized as heatmap and box plot. Warmer color indicates higher relative abundance, whereas colder color indicates lower relative abundance.




Metabolic Profiling of Carotid Atherosclerosis Patients and Controls

In total, 1,425 and 1,580 peaks were detected for the POS and NEG modes of UHPLC-QTOFMS, respectively, after filtering internal standards and pseudo-positive peaks.



Differential Metabolites Screening

Two multivariate statistical analysis methods, principal component analysis (PCA) and orthogonal projections to latent structures-discriminant analysis, were utilized to classify plasma samples. Both methods showed that plasma samples for CAS patients and controls were clearly separated (Figures 5A,B and Supplementary Figures 3A,B). In addition, the permutation test indicated that the orthogonal projections to latent structures-discriminant analysis model is valid and that no overfitting exists (Supplementary Figures 3C,D).
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FIGURE 5. Differential metabolites screening for CAS patients and healthy controls (POS mode). (A,B) PCA and orthogonal projections to latent structures-discriminant analysis showed that CAS patients and healthy controls could be clearly separated. (C,D) Patterns of differential metabolites in POS mode were demonstrated by volcano plot and heatmap.


With the thresholds of VIP > 1 and p < 0.05, 165 and 96 significantly changed metabolites were screened in POS and NEG modes, respectively (Supplementary Figure 3E and Supplementary Table 4). The patterns of differential metabolism were visualized by heatmaps and volcano plots (Figures 5C,D and Supplementary Figures 3F,G). Next, we added | log2(fold-change)| > 1 as another threshold and combined POS and NEG modes to select differential metabolites (Table 3) for correlation analysis with different omics data. With the addition of this threshold, 11 and 12 metabolites were screened in POS and NEG modes, respectively. PAGln, upregulated in CAS patients, was the only metabolite detected in both modes and had the highest | log2(fold-change)| in POS mode.


TABLE 3. Differential metabolites for correlation analysis.
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Metabolic Pathway Analysis for Differential Plasma Metabolites

Differential metabolites were subjected to the KEGG database to analyze the pathways in which these metabolites were involved. The bubble plot and tree plot demonstrated the p-value and topological impact of each enriched pathway (Figure 6, Supplementary Figure 4, and Supplementary Table 5).
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FIGURE 6. KEGG pathway enrichment analysis for differential metabolites (POS mode). (A) Horizontal axis and size of bubble showed topological impact of pathways. Vertical axis and color of bubble showed p-value of pathways. (B) Size of square showed topological impact of pathways, whereas color of square showed p-value of pathways.




Adjustment for Covariates in Differential Genera and Metabolites

Most of the identified features still remain after performing adjustments for the covariates, including age and sex. First, in the differential genera after adjustments using the generalized linear model. Anaerostipes, Clostridium_XVIII, Gemella, and Lactobacillus were found to be significantly associated with sex. Clostridium_XlVa and Parvimonas were found to be significantly associated with age and sex. In the differential metabolites after adjustment using PERMANOVA, no metabolites were found to be associated with covariates (p > 0.05). The details of the adjustments for differential genera and metabolites could be, respectively, seen in Supplementary Tables 6, 7.



Transcriptomic Profiling of Carotid Atherosclerosis Patients and Controls


Differentially Expressed Gene Screening

There were 32 CAS patients in the GEO datasets we selected (GSE43292). The gene expression profiles of carotid atheroma and paired macroscopically intact tissue adjacent to the atheroma plaque of each patient were shown by mRNA microarray. To reduce the effect of confounding factors, we performed a paired DEG analysis, and a total of 132 DEGs were screened, of which 76 were upregulated and 56 were downregulated with the thresholds of | log2(fold-change)| > 1 and adjusted p < 0.01 (Figures 7A,B). DEGs with the top-20 | log2(fold-change)| were selected for correlation analysis (Table 4).
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FIGURE 7. DEG analysis and correlation between different types of omics data. (A,B) Expression patterns of DEGs were shown by heatmap and volcano plot. (C,D) GO-BP terms and KEGG pathways with top-10 count number were visualized. Functional enrichment analysis for DEGs showed that these DEGs were mainly associated with inflammatory and immune response. (E–G) Pairwise correlation between microbiome, metabolome, and transcriptome data. Reder color indicates a stronger correlation, whereas bluer color indicates a weaker correlation.



TABLE 4. DEGs with top-20 | log2(fold-change)|.
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Functional Annotation Analysis for Differentially Expressed Genes

To obtain the biological functions of the DEGs, GO-BP and KEGG pathway analyses were performed. Count number > 2 and p-value < 0.05 were selected as the thresholds for significantly enriched GO-BP terms and KEGG pathways. We have also performed enrichment analysis on the DEGs using the Reactome database. These DEGs were mainly associated with inflammatory and immune responses, as both KEGG and Reactome pathways enrichment analyses have shown (Figures 7C,D and Supplementary Tables 8, 9).




Integration of Multi-Omics Data

Spearman’s correlation test was conducted between differentially enriched genera, differential metabolites, and DEGs to investigate the associations among multi-omics results (Supplementary Table 10). The results were visualized as correlation heatmaps (Figures 7E–G). The correlation analysis was also adjusted by using FDR (Supplementary Figure 5 and Supplementary Table 10).

Finally, to show the potential diagnostic value of multi-omics data to discriminate CAS patients and healthy controls, we performed ROC and RF analyses for differentially enriched genera, differential metabolites, and DEGs (Figure 8 and Supplementary Table 11).
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FIGURE 8. Potential diagnostic value of differential gut microbiota, metabolites, and DEG with importance. (A) Microbial predictive model. Gut microbiota significantly enriched in CAS group were included, and RF algorithm was used to construct this model. (B) Metabolomic predictive model. Phenylacetylglutamine, phenylacetylglycine, ethanolamine, and eicosapentaenoic acid were included, and RF algorithm was used to construct this model. (C) FABP4 is the DEG with the highest log2(fold-change), and potential diagnostic value of this gene was shown by ROC analysis.





DISCUSSION

In this multi-omics study, gut microbiota and metabolite data were obtained from samples of CAS patients and healthy controls from PUMCH, and mRNA microarray data were obtained from GSE43292, which includes 32 atheromas and 32 paired control samples. The microbiome study showed significantly different β-diversity between CAS patients and healthy controls, although the α-diversity between the two groups was not significantly different, suggesting a significant difference in microbial composition, although there were similarities in microbial richness. At the genera level, 11 differentially enriched microbiota were identified (Table 2). In these differentially enriched microbiota, Acidaminococcus, Christensenella, and Lactobacillus genera were enriched in CAS patients. The metabolome analysis screened 165 and 96 differentially expressed metabolites in the POS and NEG modes, respectively. Next, 22 differential metabolites were further selected for correlation analysis by adding | log2(fold-change)| > 1 as an additional threshold (Table 3). In transcriptomic analysis, 76 upregulated and 56 downregulated genes were screened, and DEGs with top-20 | log2(fold-change)| were included for correlation analysis (Table 4). Spearman’s correlation indices showed the association among different omics results.

In the genus-level analysis of differential gut microbiota, Acidaminococcus, Christensenella, and Lactobacillus were more abundant in the CAS group, whereas Anaerostipes, Clostridium XVIII/XlVa/XlVb, Fusobacterium, Gemella, Parvimonas, and Romboutsia were enriched in the healthy controls. Acidaminococcus is known to be a normal commensal of the human gut and has been occasionally related to infective processes but always associated with polymicrobial infections (D’Auria et al., 2011). Acidaminococcus was reported to be enriched in the stool of patients with several inflammatory diseases, such as rheumatoid arthritis, ankylosing spondylitis, and ulcerative colitis (Altomare et al., 2019; Lee J. Y. et al., 2019; Zhou et al., 2020). Moreover, according to a recent study by Zheng et al. (2020), the abundance of Acidaminococcus is positively correlated with a pro-inflammatory diet, indicating that Acidaminococcus may be a pro-inflammatory microbiota and represent inflammatory status in the development of AS. Christensenella is a gram-negative, strictly anaerobic short rod associated with weight loss (Morotomi et al., 2012). Several studies have indicated that Christensenella was enriched in type 1 diabetes patients with the decreased abundance of the SCFA-producing microbiota, Roseburia. In addition, whole-genome sequencing indicated that some genes of Christensenella were related to lipopolysaccharide biosynthesis, and the lipopolysaccharide from Christensenella can trigger a weak inflammatory response through the nuclear factor kappa-B (NF-κB) signaling pathway (Yang et al., 2018). Although Lactobacillus is often described as an anti-inflammatory probiotic in many studies of AS, the role of Lactobacillus in the pathogenesis of AS remains controversial (Ding et al., 2017). Several Lactobacillus species significantly reduce the inflammatory response via T regulatory cells and alleviate arteriosclerotic level, but some other species of Lactobacillus could promote the inflammatory response, which may aggravate AS (Smits et al., 2005; Bhathena et al., 2009; Karimi et al., 2009; Pan et al., 2011; Won et al., 2011; Shah et al., 2012; Dimitrijevic et al., 2014). The increased abundance of Lactobacillus in the CAS group may fall into different species; therefore, additional research is needed to address this question.

For the genera enriched in healthy controls, Anaerostipes, Gemella, and Parvimonas were reported to be scarce and primarily enriched in the healthy gut (Bodkhe et al., 2019; Hong et al., 2019; Magruder et al., 2020). Clostridium XVIII/XlVa/XlVb, Fusobacterium, and Romboutsia are all major SCFAs, particularly butyrate producers in the process of human metabolism (Duncan et al., 2002; Bui et al., 2014; Neijat et al., 2019). In humans, SCFAs are produced from dietary fibers and resistant starches that cannot be decomposed by digestive enzymes through fermentation by the microbiota in the cecum and colon (Cummings et al., 1987). SCFAs may suppress inflammation by reducing migration and proliferation of immune cells, thereby reducing many types of cytokines and inducing apoptosis (Ohira et al., 2017). Furthermore, data from animal experiments found that compared with the sterile mice, the atherosclerotic plaque of mice carrying Roseburia was significantly reduced after they were fed with a high fiber diet. The mechanism was that SCFAs could inhibit the activation of histone deacetylase, NF-κB, and tumor necrosis factor-α signaling pathways, reduce the expression of vascular cell adhesion molecule-1, and protect endothelial function. On the other hand, SCFAs could promote the conversion of cholesterol to bile acid, thereby alleviating AS (Kasahara et al., 2018).

Based on the metabolomic analysis, the upregulated PAGln was detected in both POS and NEG modes and had the highest | log2(fold-change)| in POS mode. PAGln is a phenylalanine-derived metabolite formed from the conjugation of glutamine and phenylacetate (Aronov et al., 2011). Phenylalanine is one of the essential amino acids for human metabolism. After phenylalanine is ingested by the human body, most of this amino acid is absorbed by the small intestine. Excessive phenylalanine reaches the colon and can be metabolized into phenylpyruvic acid further into phenylacetic acid by gut microbiota. Next, glutamine and this microbial-derived phenylacetic acid are conjugated in the human liver and kidney, and PAGln is produced (Li et al., 2008; Witkowski et al., 2020). Increased level of plasma PAGln was shown to be associated with increased major adverse cardiac events (myocardial infarction, stroke, or death) by untargeted metabolomics using a large cohort (n = 1,162) and a validation cohort (n = 4,000) (Nemet et al., 2020). Bogiatzi et al. (2018) also discovered that PAGln was elevated in AS patients. Our results were consistent with the findings of these previous studies. In addition, the KEGG pathway analysis in our study found that differential metabolites were significantly enriched in phenylalanine metabolic pathway for both POS and NEG modes, suggesting that phenylalanine metabolism and subsequently generated PAGln play vital roles in CAS pathogenesis. A recent mechanistic study has shown that PAGln increases thrombosis potential by activating platelet functions through multiple approaches such as interacting with α2A, α2B, and β2 adrenergic receptors (Nemet et al., 2020). Another upregulated metabolite in the NEG mode, phenylacetylglycine (PAGly), has a similar function as PAGln and can enhance platelet function via adrenergic receptors. However, compared with PAGln, PAGly was a major product in mice found in the study of Nemet et al. (2020). Our study and previous findings indicated that PAGln and phenylalanine metabolism are crucial mediators in CAS pathogenesis and might serve as promising pharmacotherapeutic targets to slow CAS progression.

Ethanolamine was the differential metabolite with the highest VIP value in POS mode and downregulated in CAS patients. The level of ethanolamine in HDL is positively correlated with cholesterol efflux capacity and negatively associated with plaque scores in chronic kidney disease (CKD) patients (Maeba et al., 2018). The finding of downregulated ethanolamine in CAS patients in our study was consistent with this previous study and suggested that downregulation of ethanolamine might promote AS progression. In contrast to this previous study, the patients in our study were not CKD patients and might be more representative. Another downregulated metabolite, eicosapentaenoic acid (EPA), is an omega-3 fatty acid found in fish oil. EPA and its derivatives were found to have protective roles against cardiovascular disease in clinical trials (Leaf et al., 1994; Sacks et al., 1995; Bhatt et al., 2020). EPA can be enzymatically converted to resolvin E1 (RvE1) in vivo and affect atherosclerotic inflammation and mediate the immune response through the EPA/RvE1/ChemR23 pathway, thereby improving the outcomes of atherosclerosis-related cardiovascular disease (Carracedo et al., 2019). Our results indicated a deficiency of these beneficial metabolites in CAS patients, and supplementation with fish oil might benefit these patients.

In transcriptomic analysis, we observed that DEGs were mainly associated with inflammatory and immune response through GO-BP and KEGG pathway enrichment analysis. Our findings at the transcriptome level agree with the consensus that atherosclerosis is characterized by low-grade, chronic inflammation of the arteries and infiltration of immune cells such as macrophages, mast cells, and T lymphocytes (Hansson, 2005; Galkina and Ley, 2009; Bäck et al., 2019). Furthermore, FABP4, fatty acid-binding protein 4, is the upregulated DEG in CAS patients with the highest | log2(fold-change)|. FABP4 is mainly expressed in adipocytes and macrophages. This protein can serve as an adipokine for the development of atherosclerosis and insulin resistance (Hotamisligil and Bernlohr, 2015). In macrophages, FABP4 can induce an inflammatory response through such pathways as NF-κB and JKN/AP-1 (Furuhashi, 2019).

In the correlation analysis between gut microbiota and plasma metabolites, PAGln was negatively associated with Clostridium XIVa, which belongs to the Lachnospiraceae family. In early renal function decline patients, Barrios et al. (2015) found that PAGln was negatively correlated with several genera in the Lachnospiraceae family, and in patients with coronary artery disease, Ottosson et al. (2020) identified one unknown genus in the Lachnospiraceae family that was also negatively correlated with PAGln. The results of our study were consistent with the findings of previous studies and further identified a new genus in this family that was negatively correlated with PAGln in CAS patients. Although few studies on this topic have been conducted, the association between Lachnospiraceae and PAGln might be one of the microbiota–metabolite axes mediating AS pathogenesis. EPA, the metabolite with anti-inflammatory roles in AS patients, was negatively associated with Acidaminococcus, a potentially pro-inflammatory microbiota genus. Because a Mediterranean diet, which mainly includes foods rich in unsaturated fatty acid (such as EPA), can have an anti-inflammatory effect (Zheng et al., 2020), we could infer that EPA might reduce atherosclerotic inflammation by targeting Acidaminococcus.

In the correlation analysis between transcriptomic profiles and the other two omics datasets, we also obtained some findings that might deepen the current understanding of AS pathogenesis. We found that Acidaminococcus was positively associated with FABP4 and had the highest Spearman’s correlation coefficient and the most significant p-value among all microbiota–DEG pairs (ρ = 0.39, p = 0.0014). Although the pro-inflammatory roles of Acidaminococcus and FABP4 have been widely studied (Hotamisligil and Bernlohr, 2015; Altomare et al., 2019; Butera et al., 2020), our study was the first to identify the association between them and might provide a new perspective to explore CAS pathogenesis. Furthermore, in the correlation analysis for DEGs and metabolites, FABP4 was also positively associated with pro-atherosclerotic metabolites (PAGln and PAGly) and negatively associated with anti-atherosclerotic metabolite (ethanolamine), which implied that this adipokine was not only associated with crucial gut microbiota but also might interact with crucial metabolites in CAS pathogenesis.

In this study, we performed microbial and metabolomic analyses using fecal and plasma samples from CAS patients in PUMCH. Transcriptomic analysis was conducted based on one GEO dataset (GSE43292) containing 32 CAS carotid atheromas and paired controls. Differential gut microbiota, metabolites, DEGs, and related pathways were identified. Finally, the associations among various omics data were investigated by correlation analysis. However, our study has some limitations. First, the body mass index was marginally higher (24.7 ± 2.7 for CAS patients and 23.2 ± 2.2 for healthy controls, p = 0.047) in CAS patients; the risk factor role of obesity might account for this difference (Rocha and Libby, 2009). Second, patients were only recruited from PUMCH, and the sample size was small. Future multicentric studies with large samples are needed to generalize these findings. Third, transcriptomic data obtained from the GEO database were not obtained from the same patients as the microbiome and metabolome data. This difference would result in batch effects, which need to be verified by the same cohorts. Furthermore, in vitro and in vivo experiments are warranted to elucidate further the mechanisms governing how gut microbiota, plasma metabolites, and DEGs interact with one another.



CONCLUSION

Despite extensive researches investigating AS, in the past decade, relatively little is known regarding the mechanisms underlying the pathogenesis of CAS. Accumulating evidence has shown that the gut microbiota serve as a pivotal risk factor in cardiovascular diseases by influencing host metabolism and immune homeostasis (Battson et al., 2018). However, no direct evidence has established a direct and causal relationship between altered gut microbiota and CAS. Through an integrated analysis of multi-omics, we explored the possible “microbiota–metabolite–gene” regulatory axis that may act on CAS, thereby helping to establish a theoretical basis for the further specialized study of CAS.
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“p < 0.05.
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Gene symbol Gene name Logs (fold-change) Adjusted p-value

FABP4 Fatty acid binding protein 4 2.454461 1.56E-05
CNTN1 Contactin 1 —1.911032 1.21E-05
IGJ Joining chain of multimeric IgA and IgM 1.893149 0.000118
TPH1 Tryptophan hydroxylase 1 —1.886626 3.76E-05
IGKV1D-33 Immunoglobulin k variable 1D-33 1.884738 3.34E-05
IGHV3-52 Immunoglobulin heavy variable 3-52 1.8676 8.85E-05
IGKV3D-11 Immunoglobulin k variable 3D-11 1.851044 6.82E-05
MMP7 Matrix metallopeptidase 7 1.840231 0.000405
MMP9 Matrix metallopeptidase 9 1.817804 8.07E-05
CD36 CD36 molecule 1.802205 0.000134
IBSP Integrin binding sialoprotein 1.794982 9.96E-06
CNTN4 Contactin 4 —1.792332 9.36E-06
IGKV1D-27 Immunoglobulin k variable 1D-27 1.761979 0.000204
IGHV4-59 Immunoglobulin heavy variable 4-59 1.739775 6.03E-05
IGHV3-43 Immunoglobulin heavy variable 3-43 1.73119 5.12E-05
IGKV10R2-3 Immunoglobulin k variable 1/0R2-3 1.674665 9.21E-05
IGKC Immunoglobulin k constant 1.672012 5.01E-05
CASQ2 Calsequestrin 2 —1.667664 1.07E-05
IGKV3D-20 Immunoglobulin k variable 3D-20 1.667174 8.07E-05

IGKV2D-26 Immunoglobulin k variable 2D-26 1.654989 0.000138
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Acidaminococcus, Christensenella, and Lactobacillus were enriched in CAS patients, whereas other genera were enriched in healthy controls.
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A threshold of | logs(fold-change)| > 1 was added based on basic threshold of VIP > 1 and p-value < 0.05 to further screen metabolites for correlation analysis.
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