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METHODS
Study population. The Multiethnic Cohort Study (MEC) has followed over 215,000 Hawaii and California, largely Los Angeles County participants of African American, Japanese American, Native Hawaiian, Latino, and White self-reported race and ethnicity since 1993-19961.  Data from the Adiposity Phenotype Study (APS)2 and microbiome genome-wide association study (mGWAS) 3 were combined for the current analysis. Both studies were conducted from 2013 to 2016 among a subset of the Multiethnic Cohort Study (MEC) participants, following a uniform protocol for stool sample collection and fecal microbiome analysis1.  Self-reported race and ethnicity was used for the cohort design and current analysis as race and ethnicity is a social construct that captures the lived experiences and related individual behaviors and contextual factors4. For APS, a subset of 1861 MEC participants aged 60–77 years were re-recruited at the University of Hawaii (UH) and the University of Southern California (USC) for racial/ethnic comparisons of body fat distribution2. Participants were enrolled stratified on sex, race/ethnicity, and six BMI categories (18.5–21.9, 22–24.9, 25–26.9, 27–29.9, 30–34.9, and 35–40 kg/m2 excluding reported BMIs outside this range) in order to facilitate comparisons across sex-ethnic groups. For mGWAS, a non-overlapping subset of MEC participants with prior GWAS data was re-contacted to collect a stool sample via mailing (n = 4502; aged 60–90 years) for a study of human genetics associated with the gut microbiome [20]. The Institutional Review Boards at UH and USC approved the study protocols, and all participants provided informed consent, adhering to the principles in the Belmont Report.
For this study, individuals were excluded if they had a history of ileostomy or colectomy or if they were affected by advanced diseases such as renal failure with dialysis. For the MEC APS that involved body imaging, participants were additionally excluded for recent smoking in the past 2 years and contraindications for magnetic resonance imaging (MRI) or dual energy X-ray absorptiometry (DXA), such as claustrophobia, soft or metal body implants and amputation. Participation in this study was deferred for 3-6 months if participants reported the following conditions that could affect systemic metabolism or the gut microbiota: recent treatment with chemotherapy, radiation therapy, corticosteroid hormones, prescription weight-loss drugs, insulin or thyroid medications (<6 months); recent endoscopy, irrigation or cleansing of the large intestine (<6 months); recent weight change over 20 lbs (<6 months); recent antibiotic use (<3 months); or recent flu shot or other vaccination (<1 month). Participation in MEC APS was also deferred for recent imaging with contrast (<2 months)2,3.
Host Genotype. Blood samples were collected and DNA extracted for genotyping5,6.  Genotyping was conducted using a variety of Illumina Infinium arrays (660,000 to 2.5 million SNPs) from prior studies (n=3,337), as well as genotyping using the Illumina MEGA EX array for APS (n=1,865). The prior studies contributing genome-wide SNP data were control subjects from GWAS of cancer (breast, prostate, and colorectal cancer), type 2 diabetes, and a study of urinary biomarkers among smokers5-16. Approximately 51,981 SNPs were common across all platforms and supplemented by genotype imputation (see below). 
Host Genetic ancestry. Genetic ancestry proportions were calculated using the ADMIXTURE program17 using 19,895 unlinked SNPs that had been genotyped in all the contributing genotyping projects. This program uses a combination of cross-validation to identify the number (K) of mixing ancestries present in the study sample and maximum likelihood to estimate individual’s ancestry proportions from each of the K mixing ancestries. An unsupervised approach was used to identify 8 ancestry proportions: Mainland Japanese, Okinawan Japanese, Northern Europeans, Southern Europeans, African ancestry, Native American, Native Hawaiian admixed with Filipino or Chinese, and other Native Hawaiian.
Genotype Imputation. SNP imputation was performed separately on each GWAS dataset using the HRC18 imputation server (version r1.1 2016) with a cosmopolitan reference panel of all 1000 genomes samples19 and the results were merged. Post-imputation, we filtered out imputed SNPs with a MAF <0.01 or an imputation quality score of < 0.3 for any contributing study for a total of over 3 million SNPs (genotyped + imputed). 
Microbiome stool collection and processing 
Stool collection. Stool samples were collected at home using a collection tube containing 5 mL RNAlater (Fisher Scientific) and sterile 5 mm glass beads (Ambion) to facilitate sample dispersion in RNAlater3. Participants were instructed to keep their samples in their home freezers and to bring them to the study clinic. At sample collection, participants filled out a questionnaire to provide collection time, special diets, consumption of probiotic foods in the past year, and whether participants were treated with an oral, injection, or IV form of antibiotics in the past year, and if so, how recently. 
Stool processing and genomic DNA extraction. Stool samples were stored in RNAlater at ‑80oC at study centers and shipped in bulk on dry ice to Fred Hutchinson Cancer Research Center (Fred Hutch). Stool samples were thawed, homogenized, and genomic DNA was extracted3. Briefly, to optimize bacterial genomic DNA extraction, we did bead beating at 45s (2x) each with samples placed on ice in between20. Quality control samples and duplicate participant samples were used to assess variation in library preparation and sequencing batches21.
Real-time PCR quantification of Methanobrevibacter smithii, Bifidobacterium, and total Eubacteria.  We used RT-PCR of the 16S rRNA genes to quantify M. smithii, Bifidobacterium, and total Eubacterial load.  We used the Bifidobacterium RT-PCR assay as an independent, within study validation of our sequencing results. We also measured M. smithii and Eubacterial load and expressed the relative ratio of M. smithii to eubacteria to relate Archaea to the Eubacterial V13 sequencing assay in the stool samples as previously described22. This assay was used to assess Methanogens in stool since the 16S rRNA gene sequencing primers used in this study do not capture Methanogens. 
Sequence analysis of 16S rRNA genes. For paired-end sequencing of the V13 region of the 16S rRNA gene, the 27F mod forward PCR primer sequence was 5o-AGRGTTNGATCMTGGCTYAG-3o. The 519R reverse PCR primer sequence was 5o-GTNTTACNGCGGCKGCTG-3o. Three PCR (20 µl; 20 ng genomic DNA) reactions were performed using the HotStarTaq Plus Master Mix Kit (QIAGEN) under the following conditions: 94oC for 3 minutes, followed by 28 cycles of 94oC for 30 seconds, 53oC for 40 seconds, and 72oC for 1 minute, after which a final elongation step at 72oC for 5 minutes was performed. After amplification, quality of the PCR products were checked in 2% agarose gel. The three PCR products were pooled together in equal proportions based on their molecular weight and DNA concentrations. Paired-end sequencing was performed at Molecular Diagnostics, LLP (Shallowater, TX) using MiSeq Reagent Kit v3 following the manufacturer’s guidelines to obtain 2x300 bp paired-end reads (Illumina, San Diego, CA). FastQ files were exported and securely transferred (BaseSpace, Illumina) to Fred Hutch for bioinformatic analysis. 
Microbiome bioinformatic data processing. To classify bacterial taxonomy, sequences were processed using QIIME v.1.823 using the Silva 132 reference database as previously described 21. The filtering strategy for operational taxonomic units (OTUs) included parameters in QIIME to exclude low abundant sequences, singletons, and chimeras. Briefly, the OTU table was filtered using the QIIME script filter_OTUs_from_OTU_table.py with --min_count_fraction set to 0.00005. Additional OTU entries were filtered out if they were detected as chimeras using QIIME's identify_chimeric_seqs.py script with method blast_fragments. Final filtering excluded genera which appeared in <10% of the subjects24. 
We applied ComBat-seq25 on unrarefied count data to remove unwanted (non-biological) variation, while preserving potentially relevant variation in sequence count data. For each sample, we included information on sequencing batch along with each participant’s sex and ethnicity. Quality-control stool samples run in each batch were also used in this process. In all subsequent statistical analyses, we used the resulting adjusted counts.
Statistical Approach 
Microbiome analysis. Alpha and beta diversity. Linear regression was used to model Shannon alpha diversity with SNPs adjusting for effects of age, ancestry estimates, season of sample collection, batch and genotyping study. perMANOVA26 was used to test whether the microbiome varied by self-report ancestry using weighted UniFrac27.
Microbiome GWAS analysis. We used regression to investigate (minor allele frequency >0.01) genetic variants on all autosomes to test their association with 161 bacterial and one Archaeal genera in 5,202 individuals in 8 different genetic ancestry groups in a subset of the Multiethnic Cohort (MEC).To reduce the influence of the often highly skewed distributions of bacterial abundances on statistical tests, we used ordinal logistic regression28 after collapsing the abundance for each genus into quintiles to 1) fit a baseline model adjusting for effects of age, ancestry estimates, season (month) of sample collection, batch and genotyping study, and 2) perform likelihood ratio tests for single-SNP genetic effects. We chose the ordinal regression instead of a zero inflated model approach because it gave a single OR combining all the data for each snp rather than two regression results, one for the probability of exceeding zero the other for the continuous values exceeding zero.  In some initial analysis the ordinal regression approach seemed competitive in power and faster to run compared to the zero inflated analysis. The quintile-based method was implemented in R using the R library MASS29. We used p<5x10-8 to determine statistical significance for the SNP-gut bacteria associations. For the 53 significant genera-SNP associations, we also examine associations stratified by self-reported race and ethnicity. 
To identify proxies of 213 known risk variants30 that were not directly genotyped or imputed in our study, we used LDproxy in LDlink31 (https://ldlink.nci.nih.gov/)  and 1000 genomes (1KG) summary statistics for MXL, ASW, GBR, CHB, and JPT populations for a 500 kb window around these  known SNPs. We nominated a SNP as a potential proxy for a given known risk variant if it was in high r2 (r2 >= 0.6) in all five of the 1KG populations. Additionally, we used LDtrait31 in LDlink31, filtered to r2=0.8, D’=0.8 and p<5*10-5, to determine if associated SNPs in LD were associated with phenotypic traits. Phenoscanner v.232,33 was used to identify the significant SNPs associated with genera found in disease and traits, epigenetic (methQTL), expression (eQTL) traits and metabolites identified in the literature.  
[bookmark: _Hlk105690713]To evaluate the reproducibility of our results with previously reported associations, we collected GWAS summary results from Kurilshikov et al30 (and the studies therein) and from a Japanese34 and Chinese35 cohort. To assess replication, we first examined whether previously reported associations could be matched in our results to identical or linked SNPs, with an association below the Bonferroni-corrected suggestive significance threshold, which was set to 0.05 divided by the number of SNPs .
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