
  103Kishikawa T, et al. Ann Rheum Dis 2020;79:103–111. doi:10.1136/annrheumdis-2019-215743

Rheumatoid arthritis

TranslaTional science

Metagenome- wide association study of gut 
microbiome revealed novel aetiology of rheumatoid 
arthritis in the Japanese population
Toshihiro Kishikawa,1,2 Yuichi Maeda,3,4 Takuro nii,3,4 Daisuke Motooka,5 
Yuki Matsumoto,5 Masato Matsushita,6,7 Hidetoshi Matsuoka,7 Maiko Yoshimura,7 
shoji Kawada,8 satoru Teshigawara,7 eri oguro,3,7 Yasutaka okita,7 
Keisuke Kawamoto,8 shinji Higa,8 Toru Hirano    ,3 Masashi narazaki,3 
atsushi ogata,8 Yukihiko saeki    ,7,9 shota nakamura,5 Hidenori inohara,2 
atsushi Kumanogoh,3,10 Kiyoshi Takeda,4,11 Yukinori okada    1,12,13

To cite: Kishikawa T, 
Maeda Y, nii T, et al. 
Ann Rheum Dis 
2020;79:103–111.

Handling editor Josef s 
smolen

 ► additional material is 
published online only. To view 
please visit the journal online 
(http:// dx. doi. org/ 10. 1136/ 
annrheumdis- 2019- 215743).

For numbered affiliations see 
end of article.

Correspondence to
Dr Yukinori okada, Department 
of statistical Genetics, osaka 
University Graduate school of 
Medicine, 2-2 Yamadaoka, 
suita, Japan;  
 yokada@ sg. med. osaka- u. ac. jp

received 19 May 2019
accepted 3 october 2019
Published online First 
7 november 2019

© author(s) (or their 
employer(s)) 2020. re- use 
permitted under cc BY- nc. no 
commercial re- use. see rights 
and permissions. Published 
by BMJ.

ABSTRACT
Objective The causality and pathogenic mechanism 
of microbiome composition remain elusive in many 
diseases, including autoimmune diseases such as 
rheumatoid arthritis (ra). This study aimed to elucidate 
gut microbiome’s role in ra pathology by a comprehensive 
metagenome- wide association study (MWas).
Methods We conducted MWas of the ra gut 
microbiome in the Japanese population (ncase=82, 
ncontrol=42) by using whole- genome shotgun sequencing 
of high depth (average 13 Gb per sample). our MWas 
consisted of three major bioinformatic analytic pipelines 
(phylogenetic analysis, functional gene analysis and 
pathway analysis).
Results Phylogenetic case–control association tests 
showed high abundance of multiple species belonging 
to the genus Prevotella (e.g., Prevotella denticola) in 
the ra case metagenome. The non- linear machine 
learning method efficiently deconvoluted the case–
control phylogenetic discrepancy. Gene functional 
assessments showed that the abundance of one redox 
reaction- related gene (r6FcZ7) was significantly 
decreased in the ra metagenome compared with 
controls. a variety of biological pathways including 
those related to metabolism (e.g., fatty acid biosynthesis 
and glycosaminoglycan degradation) were enriched 
in the case–control comparison. a population- specific 
link between the metagenome and host genome was 
identified by comparing biological pathway enrichment 
between the ra metagenome and the ra genome- wide 
association study results. no apparent discrepancy in 
alpha or beta diversities of metagenome was found 
between ra cases and controls.
Conclusion our shotgun sequencing- based MWas 
highlights a novel link among the gut microbiome, host 
genome and pathology of ra, which contributes to our 
understanding of the microbiome’s role in ra aetiology.

InTROduCTIOn
The human microbiome, which refers to the micro-
bial communities inhabiting the human body, has 
remarkable effects on our immune system and 
metabolism.1 Different microbiome compositions 
have been implicated in the pathogenesis of many 

diseases, such as type 2 diabetes, cardiometa-
bolic disorders, inflammatory bowel diseases and 
cancer.2–5 Rheumatoid arthritis (RA) is a prevalent 
autoimmune disorder characterised by synovial 
inflammation and joint damage.6 In addition to 
environmental and genetic factors, the microbiome 
has emerged as a candidate factor responsible for 
the onset of RA.7 The microbiomes of various sites 

Key messages

What is already known about this subject?
 ► Rheumatoid arthritis (RA) is one of the diseases 
for which the microbiome may have an 
important role in pathology. Gut microbiome 
has been implied to lead immune abnormality 
in RA patients such as the activation of immune 
responses via Th17 cells by Prevotella copri.

What does this study add?
 ► Multiple Prevotella spp. other than P. copri were 
related to RA etiology in the gut microbiome of 
the Japanese population.

 ► A redox reaction–related gene (R6FCZ7) was 
abundant in the gut metagenome of the 
Japanese patients with RA.

 ► A population- specific biological pathway 
link between the metagenome and the host 
genome was identified by comparing the RA 
metagenome- wide association study (MWAS) 
and the RA genome- wide association study 
(GWAS).

 ► Our study indicated a value of metagenome- 
wide shotgun sequencing rather than classical 
amplicon sequencing of 16S ribosomal RNA 
(rRNA) genes of microbiomes.

How might this impact on clinical practice or 
future developments?

 ► We revealed a novel link between the gut 
microbiome, host genome and pathology of 
RA. Our study will be a platform model of the 
microbiome studies to elucidate etiology of 
rheumatic diseases.
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within the body such as the gut, oral cavity and lungs have been 
implicated in RA.8–14 Several mechanisms leading to immune 
abnormality in RA have been reported (e.g, the production of 
citrullinated peptides by Porphyromonas gingivalis15 and the 
activation of immune responses via Th17 cells by Prevotella 
copri13). However, the aetiology of RA linked to the microbiome 
still remains unknown. Additionally, although ethnicity and 
dietary habits are major factors leading to differences in micro-
biome compositions, there have been few population- specific 
microbiome studies focused on RA in non- European or non- 
Westernised populations.

The spread of microbiome research in academia and industry 
has contributed to the development of the theoretical and meth-
odological features of bioinformatic analysis methods. While such 
methods initially focused on amplicon sequencing of 16S ribo-
somal RNA (rRNA) genes, today it is recommended to perform 
metagenome- wide association studies (MWAS) based on whole- 
genome shotgun sequencing of the microbiome. This method can 
detect the genomic composition of the microbiome at the species 
level (bacteria, and also archaea, fungi and viruses) and analyse 
their biological functional features.16 Thus, shotgun sequencing 
has the potential to indicate new targets for drug therapy as well 
as faecal transplants and probiotics.17 On the other hand, shotgun 
sequencing analysis is costly and requires a machine resource that 
can analyse large data sets as well as complex systematic data 
processing. As for the gut microbiome in RA, a few studies using 
shotgun sequencing have been reported,8 11 and findings are not 
universally consistent.

As previously suggested, shotgun sequencing has the benefit 
of providing insights into the functional aspects of microbiome 
genes. RA is one of the representative diseases of which many 
associated genomic regions have been discovered by genome- 
wide association studies (GWAS), and a part of its pathogen-
esis has been elucidated.18 However, the link between the host 
genetic factor and the microbiome, namely MWAS–GWAS inter-
action, has not been fully assessed to date.

Unsupervised clustering analyses of taxa or genes have been 
performed to grasp the overall phylogenetic or functional 
picture of the metagenome. Machine learning (ML) is one of 
today’s most rapidly growing technologies. Various clustering 
approaches that incorporate an ML method have been used, 
such as principal component analysis (PCA) and the k- means 
method,19 20 but these classical methods mostly assume linearity 
of the microbiome data. Recently, ML methods for non- linear 
dimensionality reduction such as uniform manifold approxima-
tion and projection (UMAP)21 have been successfully adopted 
in diverse analyses.22 Application of such non- linear ML 
methods should contribute to our advanced understanding of 
the metagenome.

Here, we report a comprehensive MWAS of the gut micro-
biome in an RA case–control cohort of the Japanese popula-
tion. We carried out whole- genome shotgun sequencing of 124 
faecal samples (82 individuals with RA and 42 healthy controls). 
Our MWAS consisted of three major bioinformatic analytic 
techniques (phylogenetic analysis, functional gene analysis and 
pathway analysis), which allowed us to comprehensively grasp 
case–control disparity in the gut metagenome. We newly intro-
duced an unsupervised ML- based clustering approach to depict 
the RA metagenome landscape. To evaluate the link between the 
gut metagenome and the human germline genome, we compared 
the pathway enrichment of the gut microbiome MWAS and that 
of the host GWAS in RA.

MeTHOdS
Methods are provided in the online supplementary information.

ReSulTS
High abundance of multiple species belonging to the genus 
Prevotella in the RA gut microbiome
We performed whole- genome shotgun sequencing of a total of 
124 faecal DNA samples (sequencing group 1: 29 samples from 
15 individuals with RA and 14 controls; sequencing group 2: 95 
samples from 67 individuals with RA and 28 controls; see online 
supplementary table 1), which passed stringent quality control 
(QC) for sequence reads and samples (online supplementary 
figure 1).

After QC, we assigned sequence reads to taxonomic references 
and quantified phylogenetic relative abundances separately 
for each taxonomic level (online supplementary figure 2). We 
selected a total of 803 clades with an average relative abundance 
of >1.0×10−5 and detected in more than 20% of the samples 
in both sequencing groups, including 10 phyla (L2), 23 classes 
(L3), 34 orders (L4), 72 families (L5), 185 genera (L6) and 479 
species (L7). Case–control phylogenetic association tests using a 
generalised linear regression model identified significant associ-
ations of the nine clades (empirically estimated false discovery 
rate (FDR) q<0.05; figure 1A,B, table 1). Notably, all the asso-
ciated clades increased in RA samples compared with controls. 
As illustrated in a phylogenetic tree indicating the case–control 
association results of multilayered taxonomic levels (figure 1C), 
clades with more specific taxonomic levels (such as genus (L6) or 
species (L7)) tended to show greater differences in case–control 
factors (i.e., effect size). Among the nine clades with significant 
case–control associations, eight clades belonged to species (L7, 
the most specific level). Because it was difficult to detect these 
species level clades using classical 16S rRNA sequence anal-
ysis, these results clearly demonstrate the value of metagenome 
shotgun sequencing in identifying disease- associated taxa. We 
note that our shotgun sequencing study newly identified that 
the majority of RA- associated clades belonged to the genus 
Prevotella (P. denticola, P. marshii, P. disiens, P. corporis and P. 
amnii). While P. copri has been reported to be abundant in the 
gut microbiome of patients with RA,13 our results revealed that 
multiple other species in the genus Prevotella are also related to 
RA aetiology.

Identification of significant taxa cluster using a non-linear Ml 
method
We performed ML- based deconvolution of the metagenome data 
to comprehensively assess the case–control discrepancy at the 
species level (L7). First, we adopted UMAP, a non- linear dimen-
sionality reduction technique, for deconvolution of the complex 
taxonomic relative abundance data into two- dimensional data 
(figure 1D). We subsequently performed unsupervised clustering 
of the results of UMAP with the density- based spatial clustering 
of applications with noise (DBSCAN) algorithm,23 which classi-
fied the species into 14 clusters (online supplementary table 2). 
Next, we assessed the degree to which each cluster contained 
species with significant differences in the case–control phylo-
genetic association tests. One cluster was enriched with species 
with case–control discrepancies, as shown by hypergeometric 
tests (p=1.9×10−8, OR=27; figure 1E). Among the eight 
species which showed q- values <0.05 in the case–control phylo-
genetic association tests, half belonged to this cluster (n=4). The 
sum of the species belonging to this cluster also showed a signif-
icant difference in the case–control association test (p=0.0057, 
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Figure 1 MWAS results of RA case–control phylogenetic association tests. (A) A quantile- quantile plot of the MWAS p values of the clades. The 
x- axis indicates empirically estimated median −log10 p values. The y- axis indicates observed −log10 p values. The diagonal grey line represents y = x, 
which corresponds to the null hypothesis. The horizontal red line indicates the empirical Bonferroni- corrected threshold (α=0.05), and the brown line 
indicates the empirically estimated FDR (q=0.05). Clades with p values less than the Bonferroni thresholds are plotted as red dots. Clades with q<0.05 
are plotted as brown dots, and other clades as black dots. (B) A volcano plot. The x- axis indicates effect sizes of generalised linear model. The y- axis, 
horizontal lines and dot colours are the same as in (A). (C) Phylogenetic tree. Levels L2–L7 are from the inside layer to the outside layer. The size and 
colour of dots represent relative abundance and effect sizes, respectively. The nine clades with significant case–control associations (q<0.05) are 
outlined in red. (D) A dimension- reduced plot of the 479 species using UMAP. The eight species with q<0.05 are indicated in red, while the others are 
shown according to the effect sizes in phylogenetic case–control association tests. (E) Unsupervised clustering results according to the density- based 
spatial clustering of applications with noise (DBSCAN) algorithm. Seven clusters are illustrated as polygons. Cluster 9, which shows the significant 
enrichment of species with significant case–control discrepancies, is coloured according to effect sizes (as in figure 1D), while other clusters are shown 
in black. FDR, false discovery rate; MWAS, metagenome- wide association study; RA, rheumatoid arthritis; UMAP, uniform manifold approximation and 
projection.



106 Kishikawa T, et al. Ann Rheum Dis 2020;79:103–111. doi:10.1136/annrheumdis-2019-215743

Rheumatoid arthritis

Table 1 Clades with significant case–control discrepancy

Microbe level effect size p- value

Prevotella denticola Species (L7) 1.021 2.0×10−4

Gardnerella Genus (L6) 0.959 3.8×10−4

Gardnerella vaginalis Species (L7) 0.959 3.8×10−4

Porphyromonas somerae Species (L7) 0.568 8.0×10−4

Prevotella marshii Species (L7) 0.882 1.0×10−3

Prevotella disiens Species (L7) 0.621 1.1×10−3

Bacteroides sartorii Species (L7) 0.502 1.5×10−3

Prevotella corporis Species (L7) 0.580 1.6×10−3

Prevotella amnii Species (L7) 0.563 1.9×10−3

Figure 2 MWAS results of RA case–control gene association tests. (A) A QQ plot (left) and volcano plot (right) of the MWAS p values of genes 
based on the UniRef90 protein database. (B) A QQ plot (left) and a volcano plot (right) of genes based on the KEGG gene database. In the QQ plots, 
the x- axis indicates empirically estimated median −log10 p values. In the volcano plot, the x- axis indicates beta of generalised linear model as effect 
sizes. The y- axis in both plots indicates observed −log10 p values. The diagonal grey line represents y=x, which corresponds to the null hypothesis. 
The horizontal red line indicates the empirical Bonferroni- corrected threshold (α=0.05), and the brown line indicates the empirically estimated FDR 
(q=0.05). Genes with p values less than Bonferroni thresholds are plotted as red dots. Clades with q<0.05 are plotted as brown dots, and other clades 
as black dots. MWAS, KEGG, Kyoto Encyclopedia of Genes and Genomes; MWAS, metagenome- wide association study; QQ, quantile- quantile; RA, 
rheumatoid arthritis.

effect size=0.48). While we parallelly applied classical linear ML 
methods such as PCA and non- metric multidimensional scaling 
in the same manner, cluster deconvolution was not clear and 
no cluster showed a significant case–control discrepancy (online 
supplementary figure 3). These results indicate that the non- 
linear ML method could efficiently provide novel knowledge in 
metagenome analyses.

A redox reaction-related gene of the gut metagenome 
decreased in RA samples
To evaluate functional aspects of the RA gut metagenome, we 
performed metagenomic shotgun sequencing according to the 
following procedures: (1) de novo assembly, (2) prediction of 
open reading frames (ORFs), (3) clustering and annotation of 
ORFs, and (4) read mapping to assembled contigs. We selected 
179 333 and 211 315 genes annotated by the UniRef9024 and 
Kyoto Encyclopedia of Genes and Genomes (KEGG)25 data-
bases, respectively. Case–control gene association tests using a 

generalised linear regression model found significant associa-
tions for a total of 12 genes (1 and 11 for UniRef90 and KEGG, 
respectively; empirically estimated FDR: q<0.05; figure 2, 
table 2). Of these, nine showed increased abundance in RA 

https://dx.doi.org/10.1136/annrheumdis-2019-215743
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Table 2 Genes with significant case–control discrepancy

uniRef Id effect size p- value description Organism

R6FCZ7 −1.19 2.5×10−7 FeS assembly sulphur utilization factor system protein Bacteroides sp. CAG:633

KeGG gene effect size p- value Gene name, definition Organism

btho:Btheta7330_04941 1.10 1.8×10−6 acpP; Acyl carrier protein Bacteroides thetaiotaomicron 7330

blz:BLGT_07800 0.988 2.4×10−6 ABC transporter permease Bifidobacterium longum subsp. longum GT15

bhl:Bache_0350 1.11 2.9×10−6 Protein of unknown function DUF59 Bacteroides helcogenes

boa:Bovatus_01714 1.02 2.9×10−6 gpmA; 2,3- bisphosphoglycerate- dependent 
phosphoglycerate mutase

Bacteroides ovatus

bcac:CGC64_16410 −1.02 3.0×10−6 gpmA; 2,3- diphosphoglycerate- dependent 
phosphoglycerate mutase

Bacteroides caccae

bvu:BVU_0015 1.04 7.5×10−6 Two- component system response regulator Bacteroides vulgatus

amy:ADJ76_04750 0.915 9.2×10−6 ABC transporter substrate- binding protein Schaalia meyeri

amy:ADJ76_03175 0.916 1.2×10−5 Hypothetical protein Schaalia meyeri

bpsc:BBPC_0350 −1.03 1.2×10−5 30S ribosomal protein S14 Bifidobacterium pseudocatenulatum

amy:ADJ76_06025 0.970 1.5×10−5 Preprotein translocase subunit SecE Schaalia meyeri

stu:STH8232_1189 1.09 1.5×10−5 Hypothetical protein SMU.1171c Streptococcus thermophilus JIM 8232

KEGG, Kyoto Encyclopedia of Genes and Genomes.

samples compared with controls. One gene demonstrated a 
highly significant association that satisfied the empirical Bonfer-
roni’s correlation (p=2.5×10−7, effect size=−1.19, R6FCZ7). 
R6FCZ7 is registered as a FeS assembly sulphur utilisation factor 
system protein in the UniRef database; it has not yet been given 
an official gene name by nomenclature committees. This kind 
of protein performs a wide range of bacterial functions, such as 
electron transfer, redox catalysis and gene regulation.26 Several 
previous studies have reported that reactive oxygen species play 
an important role in the pathogenesis of RA,27 and Zhang et 
al.8 also reported alteration of the redox environment in the 
RA gut microbiome. In taxonomic assignment, the source strain 
of R6FCZ7 was registered as Bacteroides sp. CAG:633. In our 
metagenome data, the R6FCZ7 sequences were further linked 
to the taxonomic reference genomes of Bacteroides uniformis, B. 
rodentium and B. fragilis, as well as Bacteroides sp. This implies 
that several species belonging to the genus Bacteroides function-
ally possess this gene. Overall, our results suggest that the redox 
function of the microbiome, especially the genus Bacteroides, 
may have an important role in the pathology of RA.

Identification of metagenomic biological pathways 
contributing to the pathophysiology of RA
Using the results of the gene analysis part of our MWAS, we 
performed gene set enrichment analysis to conduct case–control 
pathway association tests. We found significant associations for 
19 Gene Ontology (GO) terms that satisfied the empirical Bonfer-
roni’s correlation (figure 3A, table 3). One of the significant 
GO terms was metal ion binding (p=2.0×10−5, GO:0046872), 
which implies that the interaction between reactive oxygen 
species and metal ions is associated with the pathology of RA, 
which is similar to the result of the gene association tests. The 
eight KEGG pathways showed significant associations (q<0.05; 
figure 3B). A part of the substances related to these pathways 
are involved in the pathophysiology of RA as follows: (1) Fatty 
acids have been found to be related to inflammation and several 
free fatty acids in serum are reported to be upregulated in 
patients with RA.28 (2) Terpenoids suppress nuclear factor- kB 
signalling, the major regulator in the pathogenesis of inflamma-
tory diseases.29 They are the main component of Tripterygium 
wilfordii, a plant used in traditional Chinese medicine which has 
been shown to be non- inferior to methotrexate in the treatment 

of RA.30 (3) Adipocytokines have been reported to contribute 
to the proinflammatory state of RA, increasing in the synovial 
fluid of patients with RA.31 (4) Glycosaminoglycans (GAGs) are 
major components of joint cartilage and other soft connective 
tissues. Modification of GAG metabolism may play a crucial role 
in RA pathogenesis.32 These results suggest that the aforemen-
tioned substances in the gut could influence the pathology of RA. 
The system diagram of the KEGG pathways with the results of 
the case–control pathway association tests clearly illustrates that 
a variety of pathways, including those related to metabolism, 
showed significant case–control differences (figure 3C).

Population-specific shared biological pathways between the 
metagenome and host genome in RA
We assessed whether biological pathways of the gut metag-
enome and the host germline genome were shared in RA. 
In addition to our KEGG pathway enrichment of the RA gut 
metagenome of the Japanese population, we estimated pathway 
enrichment in the host genome of RA samples, using previously 
conducted RA GWAS data in East Asian and European popula-
tions (n=22 515 and n=58 284, respectively).18 We note that the 
majority of subjects in the East Asian RA GWAS were of Japa-
nese ancestry (93.1%). We compared the p values of the KEGG 
pathways shared between the RA MWAS data (Japanese) and 
the RA GWAS data (separately for East Asians and Europeans; 
figure 3D). Several pathways showed significant enrichment 
between the metagenomes and host genomes (p<0.05 in both; 
e.g., FoxO signalling pathway, Th17 cell differentiation and inter-
leukin-17 signalling pathway). We observed a significant correla-
tion between pathway p values in East Asians (pFisher=0.045), but 
not in Europeans (pFisher=0.41). Considering that MWAS–GWAS 
pathway correlation was specifically observed when the metag-
enome and the host genome data in similar populations were 
compared, there should be a population- specific link between 
the germline genome and metagenome in RA pathology.

no apparent discrepancy in metagenome diversity between 
RA cases and controls
The microbial diversity of the RA gut microbiome is still 
controversial. We thus evaluated alpha and beta diversity in 
the phylogenetic data (phylogenetic relative abundance of six 
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Figure 3 MWAS results of RA case–control pathway association tests. (A) QQ plot of the MWAS p values of pathways based on GO terms. (B) A 
QQ plot of the MWAS p values of pathways based on GO terms. KEGG pathways. (C) System diagram of KEGG pathways. The three levels are defined 
as A, B and C, and described from the inside layer out. The size and colour of dots represent set sizes and p values, respectively. The eight pathways 
with significant enrichment (q<0.05) are outlined in red. (D) Comparison of p values of KEGG pathways between the RA MWAS and GWAS data. The 
x- axis indicates the p values of the GWAS data (left, East Asians; right, Europeans). The y- axis indicates the p values of the MWAS of Japanese. The 
horizontal and vertical black lines indicate p value of 0.05. The overlap of the pathway enrichment was evaluated by classifying the pathways based 
on the significance threshold of p<0.05 or p≥0.05 and using Fisher’s exact test. FDR, false discovery rate; GO, Gene Ontology; GWAS, genome- wide 
association study; KEGG, Kyoto Encyclopedia of Genes and Genomes; MAPK, mitogen- activated protein kinase; MWAS, metagenome- wide association 
study; QQ, quantile- quantile; RA, rheumatoid arthritis.
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Table 3 Pathways with significant case–control discrepancy

GO term Set size p- value q- value name

GO:0005886 7320 1.0×10−6 1.3×10−4 Plasma membrane

GO:0006810 4484 1.0×10−6 1.3×10−4 Transport

GO:0004872 1062 1.1×10−6 1.3×10−4 Receptor activity

GO:0009279 867 1.1×10−6 1.3×10−4 Cell outer membrane

GO:0005829 305 1.3×10−6 1.3×10−4 Cytosol

GO:0030288 206 1.4×10−6 1.3×10−4 Outer membrane- bounded 
periplasmic space

GO:0042597 162 1.4×10−6 1.3×10−4 Periplasmic space

GO:0071973 154 1.4×10−6 1.3×10−4 Bacterial- type flagellum- 
dependent cell motility

GO:0042802 59 1.6×10−6 1.3×10−4 Identical protein binding

GO:0030246 754 2.3×10−6 1.7×10−4 Carbohydrate binding

GO:0016485 59 3.1×10−6 2.1×10−4 Protein processing

GO:0016757 658 3.4×10−6 2.2×10−4 Transferase activity, 
transferring glycosyl groups

GO:0016020 959 6.6×10−6 3.8×10−4 Membrane

GO:0048038 93 1.0×10−5 5.3×10−4 Quinone binding

GO:0015031 242 1.1×10−5 5.3×10−4 Protein transport

GO:0005887 526 1.2×10−5 5.6×10−4 Integral component of plasma 
membrane

GO:0046872 6747 2.0×10−5 8.9×10−4 Metal ion binding

GO:0008152 2314 2.5×10−5 0.0011 Metabolic process

GO:0006518 64 5.0×10−5 0.0020 Peptide metabolic process

KeGG pathway Set size p- value q- value definition

ko00790 740 4.3×10−5 0.0080 Folate biosynthesis

ko00130 175 1.2×10−4 0.011 Ubiquinone and other 
terpenoid- quinone 
biosynthesis

ko00633 108 4.1×10−4 0.025 Nitrotoluene degradation

B21 580 5.5×10−4 0.025 Transport and catabolism

ko00061 834 6.7×10−4 0.025 Fatty acid biosynthesis

ko04920 118 0.0016 0.045 Adipocytokine signalling 
pathway

ko04016 87 0.0017 0.045 MAPK signalling pathway- 
plant

ko00531 257 0.0020 0.045 Glycosaminoglycan 
degradation

GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.

Figure 4 Case–control comparison of microbial diversities in RA. (A) 
Alpha diversities of the phylogenetic relative abundance data for six 
levels. Welch’s t- test of Shannon index between RA cases and controls 
showed no significant difference at any level. (B) Alpha diversities of 
the gene abundance data of the UniRef90 protein and KEGG gene 
databases. No significant case–control difference was found. (C) 
Beta diversities of phylogenetic relative abundance data at six levels. 
PERMANOVA based on Bray–Curtis dissimilarities found no significant 
differences among levels for either sequencing group with Bonferroni 
correction. (D) Beta diversities of the gene abundance of the UniRef90 
protein database. No significant case–control difference was found. 
KEGG, Kyoto Encyclopedia of Genes and Genomes; NMDS, non metric 
multidimensional scaling; PERMANOVA; permutational multivariate 
analysis of variance; RA, rheumatoid arthritis.

levels (L2–L7)) and functional data (gene abundance based on 
UniRef90 protein and KEGG gene databases). No significant 
difference was found in any case–control comparisons of alpha 
diversity based on the Shannon index (p>0.05; figure 4A and 
B). As for beta diversity, no level of phylogenetic data showed 
significant case–control differences in either sequencing group 
(p>0.05; figure 4C). The gene abundance data also did not show 
significant differences (p>0.05; only UniRef90 data shown in 
figure 4D). Overall, there was no apparent discrepancy in metag-
enome diversity between RA cases and controls.

dISCuSSIOn
Whole- genome shotgun sequencing of the metagenome has 
been increasing in importance as more attention is paid to the 
association between diseases and microbiomes. In our study, 
we conducted a comprehensive MWAS by using whole- genome 
shotgun sequencing. We found that the RA gut metagenome of 
the studied Japanese population has the following interesting 
characteristics: (1) Multiple species belonging to the Prevotella 
genus increased in the RA gut metagenome. (2) Non- linear ML 

methods such as UMAP could be used to successfully deconvo-
lute case–control phylogenetic discrepancies. (3) The abundance 
of one gene related to redox reaction was decreased in the RA 
metagenome. (4) Various biological pathways, including those 
related to metabolism, were enriched in a case–control compar-
ison. (5) A population- specific pathway link between the metag-
enome (MWAS) and the host genome (GWAS) was identified. 
(6) No apparent discrepancy in microbial diversity was found 
between RA cases and controls. Our study greatly exploited the 
benefits of shotgun sequencing, since it would be challenging 
to obtain such novel findings using the classical method of 16S 
rRNA.

Our study is the first to robustly demonstrate that multiple 
Prevotella spp. other than P. copri increased in the RA gut micro-
biome by using shotgun sequencing. Recently, Alpizar- Rodriguez 
et al. reported that Prevotella spp. other than P. copri were 
enriched in preclinical RA stages, although their assessment was 
limited to operational taxonomic units assigned at the species 
level because they used the classical 16S rRNA method and did 
not conduct statistical analysis.33 Increased levels of microbes 
of oral origin, including Prevotella, have been reported to be 
correlated with several diseases.34 35 Atarashi et al.36 reported that 
strains of Klebsiella spp. isolated from the salivary microbiota 
were strong inducers of T helper 1 cells when they colonised the 
gut.36 In our study, most species of Prevotella showing significant 
case–control differences were taxa that have been identified in 
the oral cavity. All species included in the taxa cluster with case–
control discrepancies identified by unsupervised ML methods 
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were registered in the expanded Human Oral Microbiome Data-
base.37 The colonisation of the intestine by oral bacteria could be 
related to the pathogenesis of RA as well as other diseases.

The gene and pathway elements of our MWAS analysis success-
fully demonstrated the novel functional aspects of the RA gut 
metagenome. A representative finding was the decrement of a 
redox reaction- related gene of the genus Bacteroides in RA. It has 
previously been reported that Prevotella and Bacteroides in the gut 
in RA showed inverse relationships in terms of their proportional 
quantity.11 The increase in several species of the genus Prevotella 
in RA samples further suggests that the balance between these two 
major taxa in genetic function and composition reflects the disease- 
specific features of the RA gut metagenome. There could be a 
possibility that R6FCZ7 and the genus Prevotella were inversely 
associated via the relationship with the genus Bacteroides, while 
further functional investigation was required.

The overall association between the metagenome and host 
genome has mostly been investigated in healthy people38–40; 
there are few studies focusing on specific diseases. Our MWAS–
GWAS interaction analysis demonstrated the population- specific 
pathway link between the germline genome and metagenome 
in RA pathology. Further studies investigating biological roles 
of the detected pathways as well as validating these findings 
in other independent populations, or in other diseases, are 
warranted. Furthermore, considering the substantial roles of the 
human leukocyte antigen (HLA) phenotypes in RA aetiology, 
the study to investigate the link between HLA phenotypes and 
metagenome diversity would be also warranted.

To date, discussions on the microbial diversity of the RA gut 
microbiome have been controversial; some reports have indi-
cated significant differences,10 11 while others have shown no 
differences.8 41 Recently, a comprehensive analysis of the micro-
bial diversity in many diseases (not including RA) indicated that 
there were no significant differences in most diseases relative to 
controls.42 Our results indicate that the same is true for RA, and 
that the gut microbiome dysbiosis caused by RA would not be 
sufficient to affect overall microbial diversity. Nevertheless, it 
would be important how to treat multimapped reads for accu-
rately calculating relative abundances, which is a challenge for 
further study.

In conclusion, our shotgun sequencing- based comprehen-
sive MWAS in the Japanese RA population revealed a novel 
link between the gut microbiome, host genome and pathology 
of RA. In addition to providing novel insights into the RA gut 
microbiome, our study will provide useful resources for future 
functional investigations to further elucidate details of the micro-
biome’s role in RA aetiology.
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