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SUPPLEMENTARY METHODS AND MATERIALS
Metadata collection and metabolic syndrome determination
The data used in the present analysis were from the Guangdong Gut Microbiome Project and were described previously(1). Metabolic syndrome (MetS) was determined according to the Joint Committee for Developing Chinese Guidelines on Prevention and Treatment of Dyslipidemia in Adults based on a subject's meeting of three of the five following criteria: (1) waist>90 cm (male) or waist>85 cm (female), (2) FBG≥6.1 mmol/L (110 mg/dl) or previous diagnosis of diabetes mellitus, (3) TG≥1.7 mmol/L (150 mg/dl), (4) HDL<1.04 mmol/L (40 mg/dl), and (5) SBP/DBP≥130/85 mmHg or previous diagnosis of high blood pressure. Subjects with inadequate metadata for MetS diagnosis were excluded from the present analysis, and a total of 6879 subjects were retained (Additional file 2: Table S5).
The Guangdong Gut Microbiome Project used in-person questionnaire interviews to collect subject metadata (Additional file 2: Table S5). In the present analysis, we used age and gender as confounders in the multivariate association analysis. To evaluate how medication and non-metabolic syndrome disease status might affect the associations between metabolic disorders and gut microbes, we also compiled information on usage of antibiotics and pre-/pro-/sym-biotics; whether individuals with hypertension, diabetes or dyslipidaemia were taking medicine to control their corresponding symptoms; and whether the subjects had IBD, IBS, colorectal carcinoma or rheumatoid arthritis. We also added participant annual income and spending for each investigated household to analyse correlations between gut microbiota and personal economic status in the present analysis. We also asked the volunteers to estimate their lifestyle parameters to study the relationships of these parameters with economic status and gut microbiome.
Bioinformatics and biostatistics
Pre-processing of the raw sequences was described previously(1). We used the Shannon index and PD whole tree to represent alpha diversity. A higher Shannon index indicates a higher number of microbial species in a sample and a more even distribution of microbial species. A higher PD whole tree value indicates a wider range of phylogenetic distances among microbial species. Both indices were calculated using QIIME, and comparisons between MetS subjects and the rest of the population were performed by Wilcoxon rank sum test.
To identify microbiome signatures of MetS, we performed multivariate association analyses (MaAsLin) to examine the associations between OTUs and both MetS status and its diagnostic factors(2, 3). We performed local MaAsLin (version 0.0.2, downloaded from https://bitbucket.org/biobakery/maaslin/) in R (version 3.2.2). MaAsLin is a multivariate statistical framework that identifies associations between continuous or factor clinical metadata and microbial community abundances. Briefly, the percentage of each OTU was arcsine-square-root transformed. For each analysis of the relationship between metadata (as predictors) and transformed OTU abundance (as response variable), we included confounders (such as age, gender, Bristol stool scale and geographic location(4-6)) as covariates in the model. To further reduce the computational load, OTUs that were present in less than 10% of the population were excluded, which left 930 OTUs, constituting 96% of the initial abundance, for the following analyses. The Benjamini and Hochberg method was used for adjusting p values for multiple hypotheses (q value). In our population, 2429, 1616 and 1243 significant associations were determined at the commonly applied q-value thresholds of 0.25, 0.10 and 0.05, respectively; for our subsequent investigations, we applied the most rigorous threshold (0.05). To exclude the effects of pre-/pro-/sym-biotics on Lactobacillus and Bifidobacterium, we included pre-/pro-/sym-biotic use as confounders and repeated the multivariate association analysis (also discussed in Supplementary Results; see lines 202 to 227 in this file). We also used MaAsLin to explore the associations between gut microbes and host economic status, and we included age, gender and Bristol stool scale as confounders in this analysis.
To test the prevalence of MetS in subjects of differing economic status, we quartilised our participants according to their yearly spending (with 0-25% representing low spending, 25-75% representing moderate spending, and 75-100% representing high spending). We compared MetS prevalence among groups using a chi-square test. Multiple comparisons were adjusted by FDR corrections, and q<0.05 was considered statistically significant.
We formulated an MetS index to represent the overall gut dysbiosis related to MetS. The index is calculated as 

where Abundance is the relative abundance of an OTU, and Coefficient and Q are from the MaAsLin results presented in Additional file: Table S1. Only those OTUs that were significantly correlated with MetS were used in the calculation.
To examine the MetS prevalence within subgroups of our population, we quartilised our participants according to their MetS index value and sedentary time (with 0-25% referred to as low or quartile 1, and 75%-100% referred to as high or quartile 4). We compared MetS prevalence between different subgroups using a chi-square test. Multiple comparisons were adjusted by FDR corrections, and q<0.25 was considered statistically significant.
To test whether co-abundant groups of OTUs (guilds) had stronger correlations with MetS than did single OTUs, we applied weighted gene co-expression network analysis (WGCNA, R package WGCNA 1.61)(7) to the OTU arcsine-square root-transformed data. Briefly, we considered a signed network and selected the minimal beta value satisfying the scale-free topology criteria (optimal beta=3). The parameters for the dynamic tree cut function were deepSplit=2 and minModuleSize=10(8). Then, MaAsLin analysis was applied to these guilds to calculate their correlations with MetS and its diagnostic factors, with age, gender, Bristol stool scale and geographic locations included as confounders.
To test whether different clustering methods yielded different results, we used uclust in QIIME to generate OTUs at the 97% sequence similarity level, and we used deblur, implemented in QIIME, to generate sequence-level OTUs (sub-OTUs) using the default parameters.

SUPPLEMENTARY RESULTS
Descriptions of associations between OTUs and metabolic disorders
One hundred twenty-nine Bacteroidetes OTUs exhibited 362 associations with MetS and its diagnostic factors, including MetS (53- and 3+), waist (112- and 3+), TG (52- and 3+), SBP (56- and 1+), DBP (45- and 1+), FBG (11- and 1+) and HDL (0- and 21+). Within Bacteroidetes, the order Bacteroidales (350- and 3+) contributed to almost all of the associations. Within Bacteroidales, the associations were divided into Bacteroides (237- and 2+), Parabacteroides (36- and 0+), Rikenellaceae (38- and 0+), Butyricimonas (18- and 0+), Odoribacter (8- and 0+) and Prevotella (7- and 1+). 
[bookmark: OLE_LINK53][bookmark: OLE_LINK54]In our population, Bacteroidetes OTUs were the major group of OTUs negatively correlated with metabolic diseases. OTUs from this phylum contributed the largest number of negative associations with metabolic disorders, and the accumulated abundances of these OTUs were among the highest of all taxa. Numerous studies have reported reduced proportions of this taxonomic group in metabolic disorders(9, 10), but such reductions in relative abundance are not consistent(11). Bacteroides and Prevotella from Bacteroidetes are usually dominant at the genus level, which has been correlated with long-term diet habits(12). Prevotella has been suggested to be correlated with diets rich in carbohydrates or vegetables, whereas Bacteroides is associated with diets rich in protein and animal fats. There are no data showing that Prevotella has a lower association with metabolic disease, which should be expected based on the correlations of the two genera with dieting habits. However, our present results demonstrated that OTUs from both Bacteroides and Prevotella were negatively correlated with metabolic disorders, indicating that the classification of the gut microbiome dominated by these two genera might not be informative in understanding metabolic disease. In our population, in addition to Bacteroides OTUs, OTUs from Parabacteroides and Rikenellaceae were negatively correlated with metabolic disorders. Members within these three lineages have been reported to metabolize polysaccharides, produce acetate and propionate and increase butyrate levels through cross-feeding with other butyrate-producing taxa(13-15), thus producing a protective effect against metabolic disorders(16, 17). Despite the many previous reports, we believe that members of Bacteroidetes remain under-evaluated with respect to their potential in translational medicine relative to their evaluation with respect to their major contributions in metabolic diseases.
Firmicutes OTUs were associated with MetS (64- and 37+), waist (63- and 93+), TG (88- and 73+), SBP (33- and 25+), DBP (25- and 17+), FBG (10- and 12+) and HDL (15- and 1+). MetS-associated Firmicutes OTUs mainly came from the orders Clostridiales (282- and 229+), Erysipelotrichales (2- and 13+) and Lactobacillales (0- and 25+). Clostridiales contributed most of the associations within Firmicutes, including both negative and positive associations with MetS and its diagnostic factors. Its negative associations (referred to as F-1) mainly came from the Ruminococcaceae (176- and 30+) and Christensenellaceae (8- and 0+) families and the genera Oscillospira (34- and 0+), Faecalibacterium (14- and 2+), and Christensenella (4- and 0+). Positive associations with MetS and its diagnostic factors in Clostridiales (referred to as F-2) were mainly from the families of Lachnospiraceae (43- and 120+), Clostridiaceae (5- and 29+), Veillonellaceae (5- and 14+) and Peptostreptococcaceae (2- and 25+). These associations were further distributed among the genera Blautia (0- and 30+), [Ruminococcus] (0- and 22+), Coprococcus (7- and 10+), Dorea (2- and 11+), Roseburia (5- and 0+), Anaerostipes (4- and 0+), Clostridium (2- and 6+), SMB53 (0- and 5+), Megamonas (0- and 5+), Megasphaera (0- and 5+) and Dialister (0- and 2+). Associations with MetS from the order Lactobacillales mainly came from Lactobacillus (0- and 6+) and Streptococcus (0- and 12+). Enrichment of Lactobacillus in MetS was unlikely due to pre-/pro-/sym-biotics consumption according to our additional analysis (Additional file 1: Supplementary Results (lines 202 to 227), Additional file 2: Table S2).
According to the analyses in the present study, the members of Firmicutes should be divided into two groups according to their roles in metabolic disorders. One group mainly includes Ruminococcaceae, which harbours important butyrate producers, such as Faecalibacterium(18), and Christensenellaceae, which were reported to be genetically heritable in a British population and an anti-obesity bacterial family(19). OTUs from this group tended to be negatively correlated with metabolic disease. OTUs from Oscillospira contributed to the largest number of negative associations within Firmicutes, which agrees with previous reports in a UK twins cohort that this bacterial taxon showed the highest negative correlation with visceral fat(20). OTUs from the other group, which includes all of the Firmicutes taxa other than Ruminococcaceae and Christensenellaceae, tended to be positively correlated with metabolic disorders. OTUs from Lachnospiraceae had the largest number of positive associations with metabolic disorders. According to previous reports, members of this group are thought to contribute to diabetes development in germ-free mice, likely by assisting in the translocation of lipopolysaccharides through the gut barrier(21). Because Firmicutes is highly abundant and prevalent in Western populations, this phylum has been intensively studied. Many novel probiotics and treatments targeting this phylum are currently being studied(18). Our data provide insights that can aid the selection of intervention targets and the mining of potential beneficial microbes.
Ninety-six of the 137 analysed Proteobacteria OTUs were significantly associated with MetS or its diagnostic factors. These OTUs contributed 230 positive and 21 negative associations, including associations with MetS (1- and 61+), waist (4- and 68+), TG (5- and 64+), SBP (0- and 14+), DBP (0- and 7+), FBG (0- and 16+) and HDL (0- and 11+). The associations between Proteobacteria OTUs and MetS involved diverse groups, including alpha-Proteobacteria (0- and 78+), beta-Proteobacteria (3- and 49+), gamma-Proteobacteria (13- and 100+) and delta-Proteobacteria (5- and 3+). The family Enterobacteriaceae contributed 66 positive associations, which was the highest number of associations among the Proteobacteria families.
Effects of the high level of Proteobacteria on the analysis of gut microbiome signatures of MetS
The high level of Proteobacteria in this study was not caused by the sample collection, transportation and storage, which has been discussed previously(1). To evaluate whether our results were strongly affected by the high level of Proteobacteria, even if the high level was the result of blooms, we investigated the effects of removing Proteobacteria from our analyses. One major finding of this study is that gut microbial dysbiosis was similar across eastern and western areas; e.g., F/B, Blautia and gamma-Proteobacteria were increased in MetS, whereas Bacteroides, Parabacteroides, Rikenellaceae, Faecalibacterium, Roseburia, Oscillospira, Christensenellaceae and Akkermansia were decreased in MetS. First, we removed 1800 individuals who had a Proteobacteria abundance in excess of 20% in their gut from our dataset and re-performed the MaAsLin analysis. Second, we removed Proteobacteria from our dataset and re-performed the MaAsLin analysis. Both analyses revealed similar dysbiotic patterns as those obtained in our original analysis (Additional file 2: Table S6-7). As a result, we believe that the analysis of microbiome dysbiotic patterns in our study was robust despite the high level of Proteobacteria.
Effects of medication and non-metabolic syndrome disease state on the analysis of gut microbiome signatures of MetS
We did not exclude participants who took antibiotics, pre-/pro-/sym-biotics or medications before sampling from the analysis. However, subjects were requested to report in the questionnaire whether they had taken any of the following: antibiotics within one month before the investigation, pre-/pro-/sym-biotics within 2 weeks of starting the study, medication as directed to control blood pressure, medication when hypertension symptoms occurred, oral medication to control blood glucose and medication to control blood lipid. Participants were also requested to report whether they had IBD, IBS, colorectal carcinoma or rheumatoid arthritis.
To evaluate if any of these ten potential confounders (consumption of pre-/pro-/sym-biotics, administration of antibiotics, medication as directed to control blood pressure, medication when hypertension symptoms occurred, oral medication to control blood glucose, medication to control blood lipid, IBD, IBS, colorectal carcinoma and rheumatoid arthritis) affected our determination of MetS-correlated organisms, two analyses were conducted. First, we added these ten variables as confounders, together with age, gender, Bristol stool scale and geographic location, and re-performed the MaAsLin (Additional file 2: Table S8). Second, we removed the 1819 individuals who were positive for any of the ten variables and re-performed the MaAsLin (Additional file 2: Table S9). Both analyses generated correlation patterns similar to those obtained in our original analysis; e.g., most OTUs from Bacteroidetes, Ruminococcaceae, Christensenellaceae and Akkermansia were negatively correlated with MetS, whereas those from Actinobacteria, Firmicutes (other than Ruminococcaceae or Christensenellaceae) and Proteobacteria were positively correlated with MetS. Taken together, our analyses indicated that the results reported in the main text were not biased by medication and non-metabolic syndrome disease state.
Associations between co-abundant OTU groups or sub-OTUs and MetS
The coefficient calculated by MaAsLin was small due to the zero-inflation problem of the microbiota data. We investigated whether co-abundant groups of OTUs (guilds) or sub-OTUs (sequence-level OTUs)(22) yielded higher coefficients than did individual 97%-similarity OTUs. To generate co-abundant OTU groups, we applied weighted gene co-expression network analysis (WGCNA)(7) to the OTU arcsine-square root-transformed data, and 14 guilds were generated. OTUs from the same taxa tended to be clustered in one guild. The 14 guilds comprised four Bacteroidetes guilds (guilds that mainly contained Bacteroidetes OTUs), three Proteobacteria guilds, three F-1 (Ruminococcaceae and Christensenellaceae) guilds, three F-2 (Firmicutes other than Ruminococcaceae and Christensenellaceae) guilds and one Bacteroidetes & Firmicutes guild (Additional file 2: Table S10). Then, MaAsLin analysis was applied to these 14 guilds to calculate their correlations with MetS and its diagnostic factors. Age, gender, Bristol stool scale and geographic location were used as confounders. The results showed that all four Bacteroidetes guilds and one F-1 guild were negatively correlated with MetS, whereas two F-2 guilds and two Proteobacteria guilds were positively correlated with MetS. These results agree with the OTU-level MaAsLin analysis. However, the grouping of OTUs into guilds did not improve the coefficients of correlation with MetS. The highest negative correlation coefficient was -0.029 (a Bacteroidetes guild, q=1.72*10-6), whereas the highest positive correlation coefficient was 0.042 (a Proteobacteria guild, q=1.99*10-8), which were comparable to those of single OTUs. Similar results were achieved when calculating the associations between deblur(22)-generated sub-OTUs and MetS by MaAsLin using the same parameters and confounders (Additional file 2: Table S11). Sub-OTUs from Bacteroidetes and Ruminococcaceae tended to correlate negatively with MetS, whereas those from Proteobacteria and Firmicutes other than Ruminococcaceae tended to correlate positively with MetS. Moreover, among the sub-OTUs, one sub-OTU classified as Akkermansia muciniphila showed the highest negative correlation coefficient (coefficient=-0.018, q=5.57*10-4), and one sub-OTU classified as E. coli showed the highest positive correlation coefficient (coefficient=0.043, q=1.52*10-7). These results indicated that the observed dysbiotic patterns of MetS in the present population were consistent across different calculation methods. We also tested a traditional clustering method, uclust, and the results agreed with the above association patterns (Table S12). 
Differences in OTU mean abundance between MetS and non-MetS subjects largely corresponded to MaAsLin coefficients
To obtain an intuitive understanding of the MaAsLin coefficients, we analysed the differences in OTU mean abundance between MetS and non-MetS subjects by Wilcoxon rank sum test (Table S13). The results showed that most of the OTUs that were found to significantly differ between the two groups in the MaAsLin analysis also showed significant differences in the Wilcoxon rank sum test and that higher coefficients corresponded to greater differences in OTU abundance.

SUPPLEMENTARY FIGURES
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Figure S1. Proportions of OTUs associated with MetS in terms of OTU number and their accumulated abundance within (a) Bacteroidetes, (b) Firmicutes, and (c) Proteobacteria.
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Figure S2. Number of associations between MetS and low-abundance taxa.
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Figure S3. Correlations between local GDP per capita and average yearly income (a) and spending (b) as determined by Spearman’s rank correlation test.
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