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Genetically informed causal links between
gut microbiota and bone mass: pleiotropy
and metabolic mediation

Peng-Lin Guan 1,2,3,4,14, Cheng-Da Yuan5,14, Ming-Yu Han6,14, Yi-Hu Fang7,14,
Chun-Fu Yu8, Pian-Pian Zhao 4, Yu Qian4, Jiang-Wei Xia9, Peng Wei2,3,
Cai-Rui Liu2,3, Meng-Yuan Yang2,3, Wei Xu2, Ching-Lung Cheung 10,
Shu-Yang Xie 11 , Fu-Sheng Zhou 12,13 , Xiao-Li Rong2 &
Hou-Feng Zheng 2,3,4

The interplay among host genetic architecture, gut microbiota, metabolites
and bone metabolism remains poorly understood. This study aims to com-
prehensively investigate the shared genetic factors, causal relationships, and
the involvement of bloodmetabolites between gutmicrobiota and bonemass,
based on datasets from European populations. Here, we estimate the poly-
genic SNP heritability for 1104 gut microbiota taxa, only 96 (8.7%) showed
significant polygenic heritability. We identify 14 distinct gut microbiota taxa
with pleiotropic effects on estimated heel bone mineral density (eBMD), 11 of
them are found to have a causal association with eBMD. Following sensitivity
and validation analyses, we find that the gut microbiota taxa family Bifido-
bacteriaceae; genus Bifidobacterium and species Bifidobacterium adolescentis
exert causal effects leading to decreased eBMD. Mediation analyses indicate
that the impact of these taxa on eBMD may be driven by their influence on
circulating stearidonate (18:4n-3) levels via n-3 pathway, with mediating pro-
portion from 77.53% to 87.24%. In conclusion, the genetically informed nega-
tive association between bifidobacterial taxa and bone mass may reflect the
host–microbe interactions at LCT/MCM6 locus and represent an adaptive
microbial response to lactose intolerance, thus, it could potentially be miti-
gated through supplementation with bifidobacterial probiotics and n-3 poly-
unsaturated fatty acids.

Osteoporosis is a bone disease characterized by decreased bone
mineral density (BMD) and the occurrence of bone microstructural
damage. The evaluation of this condition is primarily measured using
dual energy X-ray absorptiometry scans (DXA), with osteoporotic
fractures serving as the main clinical outcome1. In the United States,
over 2 million osteoporosis-related fractures occurred in 2005,
resulting in a treatment cost of $17 billion2. BMD is a highly heritable

trait with estimated heritability ranging from 50 to 85% in family and
twin studies3,4. Over the past decade, genome-wide association studies
(GWAS) have identified hundreds of genetic loci associated with BMD,
osteoporosis, and osteoporotic fractures5.

The host gutmicrobiota (GM), a complex community ofmicrobes
inhabiting the gastrointestinal tract, has recently been recognised for
its potential role in bone regulation6. Yan et al. demonstrated that
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colonisation of the GM in mice promotes skeletal growth and remo-
delling by stimulating the hormone insulin-like growth factor 1 (IGF-1),
as compared to germ-free mice7. Li et al. also found that GM could
influence bone loss associated with sex steroid deficiency in mice8.
Certain microbiota taxa, such as Bifidobacterium longum, were shown
to affect mineral absorption, including calcium, magnesium, and
phosphate9, andmay also play a crucial role in synthesising vitamins B
and K10, thereby potentially affecting bone development11,12. Further-
more, Studies have shown that GM may influence bone development
by producing short-chain fatty acids (such as butyrate)13, and affecting
peptide like glucagon-like peptide 1 which are related to bone
metabolism14.

Previous studies have explored the relationship between GM and
BMD using the mendelian randomisation (MR) approaches15,16. How-
ever, these studies primarily examined bacterial taxa at a broader
taxonomic level, such as order or family, rather than at a more specific
level like genus. The summarydatasetswerederived from theTwinsUK
GWAS for GM17, in which the sample size was relatively small. The
reliability of genetic associations depends heavily on the selection of
instrumental variables18,19. Fortunately, large-scale GWAS datasets that
could offer robust SNP-trait associations were publicly available
recently. Qin et al. identified single nucleotide polymorphisms (SNPs)
associated with gut taxonomies within a Finnish cohort (FINRISK) in
5959 participants20. The Dutch Microbiome Project (DMP) with 7738
participants confirmed these associations near the LCT and ABO
genes21. A separate investigation in five German cohorts (German)
involving nearly 9000 individuals also revealed a significant effect of
host blood type genes on GM composition22. Finally, the MiBioGen
consortium undertook a comprehensive analysis that integrated
genome-wide genotyping and 16S faecalmicrobiomedata from 18,340
individuals across 24 cohorts to further understand the relationship
between host genetics and microbiota composition23.

In this analysis, we incorporated 1104 GWAS summary statistics
for GM taxa from the four abovementioned studies20–23, spanning five
taxonomic levels from phylum to species, substantially improving the
resolution of the taxa. The inclusion of large publicly available genetic
summary statistics on GM, featuring the largest sample size to date,
has significantly enhanced our ability to investigate the complex
relationship betweenGManddiseases. By leveraging thesedatasets, all
derived from individuals of European ancestry, we investigated the
role of genetically predicted abundance of specific bacterial taxa on
BMD. This exploration was conducted through an assessment of the
polygenic SNP heritability (h2

SNP) employing linkage disequilibrium
(LD) score regression method24. We then estimated the pleiotropic
genetic effects between GM and BMD at two genetic levels including
genome-wide and LD-independent regions. Furthermore, we
employedMR andmultivariableMR approaches to evaluate the causal
effect and the mediating effect between bacterial taxa and BMD traits.

Results
The estimation of heritability of the GM taxa
An overview of the study design was depicted in Fig. 1. A total of 1104
GM taxa GWAS summary data were obtained from four studies (FIN-
RISK, DMP, German and MiBioGen) (Fig. 1 and Supplementary
Data 1)20–23, and the studies encompassed a sample size ranging from
5959 to 18340 participants (Supplementary Data 1). As most GM taxa
are strongly influenced by environmental factors, and a few taxa are
primarily shaped by host genetic factors17,25, the first step was to
identify GM taxa exhibiting significant polygenicity to ensure that
subsequent analyses reflected genetically informed relationships.

We estimated the SNP heritability (h2
SNP) for all GM taxa using LD

score regression method (LDSC). The gut taxon species Bifidobacter-
ium catenulatum exhibited the highest SNP-based heritability
(h2

SNP = 0.9845) (Supplementary Data 2). The Z scores of h2
SNP in all GM

taxa exhibited a significant pearson correlation with both the number

of sample size (r =0.116, P = 0.0001093) (Fig. 2A) and the number of
SNPs inGWASs (r =0.112, P =0.0001848) (Fig. 2B). This implies that the
heritability of gut taxa could be attributed to genome-wide poly-
genicity and larger participant numbers in GM GWAS. A total of 108
GM taxa with a Z score of h2

SNP great than 1.64 (Ph2
SNP

<0.05; one-side)
were considered to exhibit significant polygenicity, and their SNP-
based heritability values were both statistically significant and mean-
ingful (h2

SNP ≥0.0445). For taxa with multiple datasets available, we
retained the dataset with the highest Z score of h2

SNP for subsequent
analyses.

Consequently, 96 unique GM taxa were selected for further ana-
lyses, representing approximately 8.7% of all tested taxa (96/1104)
(Fig. 1, Fig. 2C, Fig. 2D and Supplementary Data 3). These taxa are
categorised into one phylum, four classes, four orders, 11 families, 33
genera, and 43 species (Fig. 2C and Fig. 2D). The name of included gut
taxon for further analysiswas reportedby the lowest bacteria taxa level
name for consistency. The estimated median h2

SNP of those 96 unique
GM taxa from the four studies distributed from 0.072 to 0.1735
(Table 1). Additionally, we observed that eBMD GWAS exhibited a Z
score for h2

SNP of 14.96 (Supplementary Data 3).

Genome-wide pleiotropic association between GM taxa
and eBMD
We then aimed to identify the shared genetic pleiotropic effects
betweenGMandbonemass (Fig. 1).We employed twocomplementary
approaches (pleiotropic association at genome-wide level or LD-
independent regions) to identify the candidates GM taxa out of the 96
selected GM taxa with significant polygenicity.

In order to identify gut taxa that exhibited a concordant
genetic effect across the entire genome (genome-wide pleio-
tropic) with eBMD, we employed an approach to estimate the
similarity in SNP effects at the genome-wide level, similar to a
previous study26. We evaluated the correlation of Z score of the
LD-independent SNPs between the 96 unique GM taxa and eBMD.
The LD-independent SNPs from the eBMD GWAS were selected
and matched with the 96 unique GM taxa GWASs, leaving us with
a range of 31,712 to 58,953 SNPs for estimating genome-wide
effect similarity. The pearson correlation coefficients (r) were
calculated using the Z scores of the overlapped SNPs, which were
harmonised by the effect allele. Among the 96 unique GM taxa,
two GM taxa displayed significant negative SNP effects correla-
tions with eBMD at a false discovery rate (FDR) less than 0.1
(Fig. 3A), including Haloplasmatales (r = -0.00896; p = 0.02965)
and Bifidobacterium adolescentis (r = -0.0153; p = 0.0055) (Sup-
plementary Data 4).

Pleiotropic genetic loci influencing association between GM
taxa and eBMD
Using the pairwise GWAS (GWAS-PW) method27, we have identified
independent genetic loci which were associated with both eBMD and
96 unique GM taxa (Fig. 1). The independent loci with third posterior
probability (PPA3) ≥ 0.9 was suggested the pleiotropic associated SNP
between BMD and GM taxa in this analysis. Specifically, we have
identified five pleiotropic genetic loci that are jointly associated with
estimated eBMD and 13 distinct GM taxa, all through the influence of
shared SNPs (Supplementary Data 5). Among these, one locus located
on chromosome 2 with the lead SNP rs2090660 positioned near the
MCM6/LCT locus, affecting both estimated eBMD and five bifido-
bacterial taxa (order Bifidobacteriales; family Bifidobacteriaceae, genus
Bifidobacterium and species Bifidobacterium adolescentis and Bifido-
bacterium pseudocatenulatum) with opposite effect (Fig. 3B and Sup-
plementaryData 5). This locus also hadpleiotropic effect on eBMDand
the phylum Bacillota (consisting of genus Negativibacillus and genus
Turicibacter) (Supplementary Data 5). Additionally, we uncovered
another locus, situated on chromosome 9 with the lead SNP rs635634
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near the ABO gene (Supplementary Fig. 1) that was associated with
eBMD and order Ruminococcales (including species Faecalicatena
torques and genus Faecalibacterium).

At last, we identified 14 candidates out of the 96 tested GM taxa
with shared genetic pleiotropic effects on eBMD based on two com-
plementary approaches (Fig. 1).

Candidate GM taxa with a causal effect on eBMD
Next, we tested for the causal relationships between eBMD and these
14 candidate GM taxa by employing the inverse variance-weighted
(IVW) method, applying a Bonferroni-corrected p-value threshold
0.00357 ( = 0.05/14) (Fig. 1). Additionally, we utilised the weighted
median method to enhance the robustness of our results and the MR-
Egger regression method to assess directional (unbalanced) pleio-
tropy. Finally, leave-one-out IVW regression analyses were performed
to further evaluate the robustness of the causal relationships.

We have identified the 11 specific GM taxa abundances with a
causal relationship with eBMD, including Bifidobacteriales (βIVW = -
0.02922, p =0.000981); Bifidobacteriaceae (βIVW = -0.02921,
p =0.000981); Bifidobacterium (βIVW = -0.02921, p =0.000981); Bifi-
dobacterium adolescentis (βIVW = -0.03142, p = 3.585×10-5) (Table 2);
Bifidobacterium pseudocatenulatum (βIVW = -0.02584, p =0.00301);
Clostridiales CHKCI006 sp900018345 (βIVW =0.4172, p = 1.317×10-31);
Merdibacter massiliensis (βIVW =0.3241, p = 4.036×10-20); Negativiba-
cillus sp000435195 (βIVW =0.0542, p = 9.944×10-5); Turicibacter

(βIVW =0.3241, p = 4.036×10-20); Faecalibacterium (βIVW = -0.1692,
p = 1.305×10-19); Haloplasmatales (βIVW =0.04885, p =0.00138)
(Table 2 and Supplementary Data 6). In additional sensitivity analyses,
5 of those 11 specific GM taxa robustly demonstrated causal effects
eBMD using IVs at both 1×10-5 and 5×10-6P value thresholds. These GM
taxa include Bifidobacteriales, Bifidobacteriaceae, Bifidobacterium,
Bifidobacterium adolescentis, and Bifidobacterium pseudocatenulatum
(Fig. 3C and Supplementary Data 7). In leave-one-out IVW
regression analyses, several estimates for the association between
eBMD and Bifidobacterium pseudocatenulatum crossed the null
line, indicating instability in the causal inference and suggesting
the absence of a robust and consistent effect. In contrast, no
outlying genetic variants were detected in the causal relation-
ships between eBMD and the other four GM taxa (Bifidobacterium
adolescentis, Bifidobacteriales, Bifidobacteriaceae, and Bifido-
bacterium) (Supplementary Data 8 and Supplementary Fig. 2).
Finally, robust causal effects on eBMD were observed for four of
the 14 GM taxa: Bifidobacteriales, Bifidobacteriaceae, Bifido-
bacterium and Bifidobacterium adolescentis (Fig. 3C).

The validation of three bifidobacterial taxa associatedwith BMD
As three bifidobacterial taxa (family Bifidobacteriaceae, genus
Bifidobacterium, species Bifidobacterium adolescentis) were mea-
sured across two independent studies (DMP21 and FINRISK20), we
defined the GM taxa from DMP GWAS dataset as the discovery

Step 1: To estimate the heritability of GM taxa
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Fig. 1 | Study design. Step 1: To estimate to the heritability of the 1,104 gut
microbiota (GM) taxa with publicly available GWAS summary datasets from four
studies (FINRISK, DMP, German andMiBioGen) in European population. Step 2: To
explore the pleiotropy genetic effect between 96 unique GM taxa and eBMD at two
levels, [i] genome-wide pleiotropy (by estimating Pearson correlation between LD-
independent SNP effects), [ii] genetic loci pleiotropy (by estimating GWAS-PW),

identifying 14 candidate taxa. Step 3: To estimate the causal effects of the 14
candidate GM taxa on BMD using two-sample Mendelian randomisation. Three
unique GM taxa (family Bifidobacteriaceae; genus Bifidobacterium and species
Bifidobacterium adolescentis) showed robust causal effects on BMD. Step 4: Mul-
tivariable MR analyses were conducted to estimate the mediation effects of blood
stearidonate on the associations between three bifidobacterial taxa and eBMD.
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samples, thus, we verified the causality association between the
three bifidobacterial taxa and eBMD with independent GM GWAS
dataset from FINRISK study (Fig. 1). Specifically, MR analyses
indicated that the abundance of family Bifidobacteriaceae (βIVW = -
0.021512, p = 0.0221), the genus Bifidobacterium (βIVW = -0.0194,

p = 0.01543) and the species Bifidobacterium adolescentis (βIVW = -
0.0174, p = 0.0082) was causally associated with a decrease on
eBMD in replication samples (Table 2). Furthermore, GWAS-PW
analyses yielded consistent results in both the discovery and
replication samples (Supplementary Data 9).

Table 1 | Summary of polygenic SNP heritability for the gut microbiota taxa

Study N Sample h2SNP range h2SNP SE range h2SNP median h2SNP SE median

DMP 15 1138-7738 0.1024-0.9845 0.0596-0.3944 0.1485 0.0782

FINRISK 54 5959 0.1252-0.349 0.0702-0.1603 0.1735 0.0811

German 8 8956 0.0875-0.1213 0.0495-0.0568 0.1075 0.0532

MiBioGen 19 9414-16,904 0.0445-0.0942 0.0223-0.0481 0.0715 0.0297

Abbreviation: Study, cohort name for short; N, numbers of the gut microbiota taxa; Sample, reported sample size of each gut microbiota GWAS; h2SNP, SNP heritability, SE Standard error of SNP
heriability.
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Fig. 2 | The estimate of heritability of the gut microbiota (GM) taxa. A The
scatter plot with linear regression line showing the relationship between the bac-
terium estimated heritability and sample size. Statistical analysis was performed
using two-sided Pearson correlation and linear regression; the Pearson correlation
coefficient (r), exact two-sided P value, and 95% confidence interval (shown as the
shaded area around the red regression line) are reported. The red regression line
represents the fitted linear model. B The scatter plot with linear regression line
showing the relationship between the bacterium estimated heritability and the

number of detected SNPs. Statistical analysis was performed using two-sided
Pearson correlation and linear regression; the Pearson correlation coefficient (r),
exact two-sided P value, and 95% confidence interval (shown as the shaded area
around the red regression line) are reported. The red regression line represents the
fitted linear model. C The bar graph presents the GM taxa with significant SNP-
heritability polygenicity, relative to the proportion of GM taxa within each taxo-
nomic classification level.D The bar chart displaying the 96 selected GM taxa with
significant estimated heritability through LDSC in six different taxonomic level.
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To further validate these associations, we performed additional
inverse-varianceweightedMRanalyses using three bifidobacterial taxa
and total body BMD (TB-BMD) GWAS datasets. We found that the
abundance of three GM taxa Bifidobacteriaceae (βIVW = -0.0597,
p =0.046), Bifidobacterium (βIVW = -0.06, p =0.045) and Bifidobacter-
ium adolescentis (βIVW = -0.0632, p =0.013) was causally associated
with a decrease on TB-BMD (Table 2).

The mediating effect of three bifidobacterial taxa on BMD
through the metabolite
Here, we conducted multivariable MR analysis to investigate the
mediating role of blood metabolites on the effect of the GM taxa
(Bifidobacteriaceae, Bifidobacterium and Bifidobacterium adolescentis)
on eBMD. Initially, we identified 41 out of 453 blood metabolites that
could be causally influenced by the species Bifidobacterium

−0.02

−0.01

0.00

0.01

0.02

0.0 0.5 1.0 1.5

 −log10 Pfdr

NS
p−value

Trait
Bifidobacteriales

Loci_chr

Bifidobacteriaceae

Loci_st_sp

Bifidobacterium

PPA_3

Bifidobacterium adolescentis

Study

Bifidobacterium pseudocatenulatum 
Negativibacillus sp000435195 

SNP beta(SE)

Turicibacter 

SNP P

eBMD

chr2

chr2

chr2

chr2

chr2

chr2

chr2

−

135159453−137041842

135159453−137041842

135159453−137041842

135159453−137041842

135159453−137041842

135159453−137041842

135159453−137041842

−

0.9825

0.9825

0.9829

0.993

0.9645

0.9234

0.9463

−

DMP

DMP

DMP

DMP

FINRISK

FINRISK

FINRISK

−

0.1174 (0.0216)

0.1174 (0.0216)

0.1178 (0.0216)

0.1119 (0.0232)

0.1253 (0.02)

−0.0623 (0.0169)

−0.058 (0.0169)

−0.0094 (0.0024)

5.62×10−8

5.61×10−8

4.96×10−8

1.34×10−6

3.70×10−10

2.30×10−4

5.90×10−4

2.30×10−4

−0.1 0 0.1 0.2

Decreasing Increasing

Gut microbiota taxon
Bifidobacteriales

Threshold MR Method SNP beta (SE)

Bifidobacteriaceae

P value

Bifidobacterium

Bifidobacterium adolescentis

1×10−5

5×10−6

5×10−8

5×10−8

5×10−8

1×10−5

5×10−6

5×10−8

5×10−8

5×10−8

1×10−5

5×10−6

5×10−8

5×10−8

5×10−8

1×10−5

5×10−6

5×10−8

5×10−8

5×10−8

Inverse−variance weighted

Inverse−variance weighted

Inverse−variance weighted

Weighted median

MR−Egger intercept

Inverse−variance weighted

Inverse−variance weighted

Inverse−variance weighted

Weighted median

MR−Egger intercept

Inverse−variance weighted

Inverse−variance weighted

Inverse−variance weighted

Weighted median

MR−Egger intercept

Inverse−variance weighted

Inverse−variance weighted

Inverse−variance weighted

Weighted median

MR−Egger intercept

15

 8

 3

 3

 3

15

 8

 3

 3

 3

12

 9

 3

 3

 3

15

11

 4

 4

 4

−0.02041 (0.00666)

−0.02493 (0.00754)

−0.02922 (0.00886)

−0.02843 (0.01056)

0.00931 (0.01762)

−0.0204 (0.00666)

−0.02492 (0.00754)

−0.02921 (0.00886)

−0.02843 (0.01056)

0.00931 (0.01762)

−0.02282 (0.00614)

−0.0238 (0.00756)

−0.02949 (0.00895)

−0.0288 (0.01066)

0.00881 (0.0171)

−0.02814 (0.00623)

−0.02606 (0.00713)

−0.03142 (0.0076)

−0.03166 (0.00919)

0.00831 (0.01586)

2.173×10−3

9.407×10−4

9.815×10−4

7.11×10−3

0.59728

2.175×10−3

9.42×10−4

9.8×10−4

7.11×10−3

0.59734

2.04×10−4

1.651×10−3

9.79×10−4

6.87×10−3

0.6065

6.337×10−6

2.59×10−4

3.585×10−5

5.69×10−4

0.6006

−0.04 −0.02 0 0.02 0.04

Decreasing Increasing

Bifidobacterium adolescentis [DMP]

Haloplasmatales [FINRISK]C
or

re
la

tio
n

rs2090660, 2:136818719, T＞C

A

B

C

Article https://doi.org/10.1038/s41467-025-66881-8

Nature Communications |        (2025) 16:11711 5

www.nature.com/naturecommunications


adolescentis, as determined by IVW analysis with a Bonferroni-
corrected p-value < 0.05 (PIVW <0.05/453) (Supplementary Data 10).
Subsequently, we performed IVW analyses between these 453 meta-
bolites and eBMD, and found that 45 metabolites showed a causal
effect on eBMD at significant level (PIVW < 0.05/257), considering only
257 metabolites that contained at least one SNP at genome-wide sig-
nificance (p < 5 × 10-8) (Supplementary Data 11). Among these, stear-
idonate (18:4n3) were causal associated with eBMD (βIVW = -0.3924,
p = 3.808 × 10-12) (Supplementary Data 11). We found that Bifido-
bacteriumadolescentiswascausally associatedwithblood stearidonate
level (βIVW =0.0621, p = 1.04×10-4) (Fig. 4A). Moreover, we observed
that the direct effect of the species Bifidobacterium adolescentis on
eBMD disappeared after adjusting for stearidonate (Fig. 4B), suggest-
ing that stearidonate plays an important mediating role in the causal
relationship between gut and eBMD. Mediation analysis revealed that
the indirect effect of the species Bifidobacterium adolescentis on BMD
through stearidonate was -0.02432 (95% CI: -0.038, -0.0106), with a
mediation proportion of 77.53% (Table 3). Similar results were
observed for the family Bifidobacteriaceae and the genus Bifido-
bacterium, withmediationproportionof 87.24% (Fig. 4A, B, Table 3 and
Supplementary Fig. 3).

The genetic determinants of three bifidobacterial taxa and the
stearidonate
It is worth noting that the genetically determined abundance of
three gut taxa (Bifidobacteriaceae, Bifidobacterium, and Bifido-
bacterium adolescentis) was derived by a series of SNPs located

within the MCM6/LCT locus (Fig. 5A and Supplementary Fig. 4A,
B). The SNP rs4988235 is a well-established predictor of
LCT/MCM6 function28, which was the significant SNP in these gut
taxa GWAS in DMP cohort (Effect allele: G; Bifidobacterium ado-
lescentis: beta = 0.1545, p = 1.29×10-13; Bifidobacterium: beta =
0.1515, p = 1.48 × 10-14; Bifidobacteriaceae: beta = 0.1504,
p = 1.01 × 10-14) (Fig. 5B). Furthermore, we found that blood
stearidonate levels were influenced by several significant SNPs
located within the FADS1/FADS2 locus (Fig. 5C), with the sig-
nificant SNP rs174547 in stearidonate GWAS (Effect allele: T;
beta = 0.0328, p = 1.63 × 10-15) (Fig. 5D). However, this association
was not observed for DHA (Supplementary Fig. 4C-D). Notably,
chi-square analyses revealed significant differences in the dis-
tribution of rs174547 genotypes between individuals with the
rs4988235-GG genotype and those with rs4988235-GA/AA geno-
types (p < 0.001) in the 469,133 participants from the UK Biobank
(Supplementary Data 12). The proportion of individuals carrying
the rs174547-TT genotype was significantly higher among those
with the rs4988235-GG genotype than among those with the
rs4988235-GA/AA genotypes (Fig. 5E).

Discussion
The GM is a complex group colonised in the human gut, in adults, the
gut bacteria were mainly consisting of Bacteroidetes and Firmicutes,
whereas Actinobacteria and Proteobacteria were secondary
components29. In this study, we employed genetic summary data for
GM taxa from four studies20–23, focusing on gut taxa exhibiting

Fig. 3 | Thepleiotropic effects and causal associations between theGMtaxa and
estimated heel bone mineral density (eBMD). A The volcano plot of pearson
correlation results between the SNP Z-scores from the eBMD GWAS and gut
microbiota taxaGWASs. Statistical analysiswas performedusing two-sided Pearson
correlation; exact two-sided P values are reported. P values were adjusted for
multiple comparisons using the false discovery rate (FDR), and gutmicrobiota taxa
with FDR ≤0.1 are highlighted in red. B Genetic loci pleiotropy within 1703 LD-
independent loci identified by GWAS-PW analysis. An independent locus on chro-
mosome 2 (135,159,453–137,041,842) was identified as being associated with both
seven gut microbiota and BMD. PPA_3 represents the posterior probability that the
locus influence both eBMD and gut microbiota via the SNP rs2090660 (hg19
position: chr2:136,818,719; effect allele: T). The forest plot illustrates the effect sizes
(beta) of SNP rs2090660 for seven gut microbiota taxa: Bifidobacteriales (N = 7,252
participants); Bifidobacteriaceae (N = 7252 participants); Bifidobacterium (N = 7244
participants); Bifidobacterium adolescentis (N = 6328 participants); Bifidobacterium

pseudocatenulatum (N = 5959participants); Negativibacillus sp000435195 (N = 5959
participants); Turicibacter (N = 5959 participants) and eBMD (N = 426,824 partici-
pants). Effect sizes (beta) in each GWAS are shown as point estimates with 95%
confidence intervals calculated as beta ± 1.96 × SE. Error bars therefore represent
95% confidence intervals. The effect sizes are colour-coded according to sig-
nificance: red (P < 5 × 10–8), green (P < 1 × 10–5) and black (P < 1 × 10–3). C The
forest plot displays the results of three MR analyses (Inverse-variance weighted,
weighted median, and MR-Egger.) assessing the causal effects of four gut micro-
biota taxa: Bifidobacterium adolescentis (N = 6,328 participants), Bifidobacteriales
(N = 7252 participants), Bifidobacteriaceae (N = 7252 participants) and Bifido-
bacterium (N = 7244 participants) on eBMD. All MR analyses were conducted as
two-sided statistical tests, and exact two-sided P values are reported. Point esti-
mates represent causal effect beta values, and horizontal error bars indicate the
95% confidence intervals calculated as beta ± 1.96 × SE. Instrumental variables were
selected using three significance thresholds: 1 × 10-5, 5 × 10-6 and 5 × 10-8.

Table 2 | Genetically informed causal links between gut microbiota and BMD

Exposure Outcome Cross-validation* MR analysis

SNP IVW_beta IVW_se IVW_P

Bifidobacteriaceae eBMD discovery 3 −0.02921 0.00886 0.00098

eBMD replication1 4 -0.02151 0.0094 0.0221

TB_BMD replication2 3 -0.05969 0.02984 0.04546

Bifidobacterium eBMD discovery 3 -0.02949 0.008947 0.00098

eBMD replication1 4 -0.019407 0.008012 0.01543

TB_BMD replication2 3 -0.06025 0.03012 0.04545

Bifidobacterium adolescentis eBMD discovery 4 −0.03142 0.0076 3.59E-05

eBMD replication1 3 -0.01738 0.00656 0.00819

TB_BMD replication2 4 -0.06325 0.02551 0.01312

* discovery, GM taxa from DMP GWAS dataset as exposure, eBMD as outcome.
replication1, GM taxa from FINRISK GWAS dataset as exposure, eBMD as outcome.
replication2, GM taxa from DMP GWAS dataset as exposure, TB_BMD as outcome.
Abbreviations: eBMD,bonemineral density as estimatedbyheel quantitative ultrasound. TB_BMD, Total BodyBMDbyDXA, SNPs, Thenumber of IVs forMRanalysis; IVW_beta, a regressioncoefficient
in Inverse-variance weighted (IVW) method; IVW_se, stand error of regression coefficient in Inverse-variance weighted (IVW) method.
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significant polygenicity, therefore, we refined the analysis to 96unique
taxa with significant heritability from the original 1104 GM taxa. The
study provided evidence of both pleiotropic and causal associations
between specific GM taxa and BMD. Specifically, we identified the GM
species Bifidobacteriumadolescentis, alongwith its parent taxon family
Bifidobacteriaceae and genus Bifidobacterium, exhibited genetic asso-
ciations with BMD. Lastly, we identified the mediating effect of these
three gut taxa on BMD through the stearidonate (18:4n3) level
in blood.

Previous study suggested that host genetics had a minor role in
determining gut microbiome30. Therefore, we first estimated the SNP-
based heritability of the 1104 gut taxa, the results suggested thatmost
of the taxa exhibited low heritability, only 96 (8.7%) taxa consistently
met the criteria for statistical significance (Zh2

SNP
> 1.64) and biological

relevance (0 <h2
SNP < 1), with estimated median of the 96 GM taxa dis-

tributed only from 0.072 to 0.1735 in different studies. We also
revealed the association between the heritability and the number of
included SNPs, suggesting that the heritability of gut taxa could be
attributed to genome-wide polygenicity and could be enhanced by
larger participants in GM GWAS.

Besides the GM Clostridiales, Turicibacter and Faecalibacterium
which were previously reported to be associated with bone
metabolism15,31–35, more importantly, we discovered the pleiotropic
and casual association of three GM taxa (Bifidobacteriaceae, Bifido-
bacterium and Bifidobacterium adolescentis) and BMD. Notably, Bifi-
dobacterium adolescentis is a species within the genus Bifidobacterium,
and genus Bifidobacterium belongs to the family Bifidobacteriaceae.
Our results revealed a potential causal association between Bifido-
bacterium adolescentis and decreasing BMD. This finding contrasts
with a previous study reporting that bifidobacterial supplementation
enhanced skeletal protection following fractures36. In addition,

Bifidobacterium used as probiotics have been reported to benefit bone
health, as indicated in a prior review37.

To explain why genetically informed abundance of the identified
gut taxa (Bifidobacteriaceae, Bifidobacterium, and Bifidobacterium
adolescentis) had a negative association with BMD, we checked the
genetic determinants of these taxa. We noticed that the abundance of
the three gut taxa was derived by a series of significant SNPs located
within the MCM6/LCT locus. The lactase (LCT) gene encodes lactase-
phlorizin hydrolase, an enzyme that hydrolyses lactose into glucose
and galactose for intestinal absorption. The minichromosome main-
tenance complex component 6 (MCM6) gene, located upstream of
LCT, functions as a transcriptional enhancer for LCT38. Interestingly,
multiple studies have demonstrated that the abundance of Bifido-
bacterium is associated with functional genetic variants near the LCT,
making this locus the most validated finding thus far39. The functional
variant rs4988235 within in locus is a robust predictor of lactase per-
sistence, with the GG genotype indicating lactase non-persistence28.
Consistent with previous European studies17,20,23, we observed the GG
genotype was associated with increased abundance of three gut taxa.
Considering Bifidobacterium have the ability to degrade lactose40,41, it
is proposed that individuals with lactase non-persistence genotype GG
typically show higher gut abundance of bifidobacterial taxa during
consumption of milk in Europe23,39,42. The genetically informed
increase in Bifidobacterium abundance may represent an adaptive
microbial response to lactose intolerance. In European cohorts, indi-
viduals carrying the lactase non-persistencegenotype exhibited higher
Bifidobacterium abundance when consuming milk42, this claim repli-
cated across multiple microbiota GWAS from UK17, Dutch21,
Canadian43, Finnish20 populations, as well as in themeta-analysis of the
MiBioGen consortium23. Taken together, these findings support the
hypothesis that host–microbe interactions at the LCT locus represent a
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A
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Fig. 4 | Blood stearidonate (18:4n3) mediates GM taxa effects on eBMD. A The
forest plot displays the results of two MR analyses (Inverse-variance weighted and
weighted median) assessing the causal effects of three gut microbiota taxa: Bifi-
dobacterium adolescentis (N = 6328 participants), Bifidobacterium (N = 7244 parti-
cipants) and Bifidobacteriaceae (N = 7252 participants) on stearidonate (N= 7824
participants). All analyses were conducted as two-sided statistical tests, and exact
two-sided P values are reported. Point estimates represent causal effect beta values,
and horizontal error bars indicate 95%confidence intervals calculated asbeta ± 1.96
× SE. B he forest plot displays the results of three MR analyses (Inverse-variance

weighted; weighted median and multivariable mendelian randomisation with
adjusting stearidonate) assessing the causal effects of three gut microbiota taxa:
Bifidobacterium adolescentis (N = 6328 participants), Bifidobacterium (N = 7244
participants) and Bifidobacteriaceae (N = 7252 participants) on eBMD (N = 426,824
participants). All analyses were conducted as two-sided statistical tests, and
exact two-sided P values are reported. Point estimates represent causal effect beta
values, and horizontal error bars indicate 95% confidence intervals calculated as
beta ± 1.96 × SE.
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form of co-adaptation, whereby lactase persistence evolved as a
genetic solution to milk consumption, while in lactase non-persistent
individuals, milk sugar digestion is instead facilitated by the GM, par-
ticularly Bifidobacterium44. Importantly, individuals with lactose intol-
erance are at increased risk of reduced BMD45–48, suggesting that the
negative association between these three gut taxa and bone mass
might reflect host–microbe interactions at the LCT/MCM6 locus.

Notably, the human GM produces a wide array of metabolites,
some of which enter the circulation and can significantly influence
host physiology49. Recent advances in metabolomics have begun to
uncover links between circulatingmetabolites and BMD50. To explore
this connection, we conducted multivariable MR and mediation
analyses and found that bifidobacterial taxa may reduce BMD by
increasing circulating blood stearidonate levels (mediating propor-
tion from 77.5 to 87.2%). Further, the direct effect of Bifidobacterium
adolescentis on eBMD disappeared after adjusting for stearidonate,
suggesting that its influence on bone density is likely mediated
through this metabolite. A cross-sectional study in Swedish cohort
reported a positive association between Bifidobacterium adolescentis
abundance and circulating stearidonate levels49. Stearidonate was
the intermediate products from alpha-linolenic acid (ALA) (ALA,
18:3n-3) to eicosapentaenoic acid (EPA)/docosahexaenoic acid
(DHA)51. Delta-6 desaturase, encoded by fatty acid desaturase 2
(FADS2) gene, participates in the n-3 polyunsaturated fatty-acid
biosynthetic pathway and catalyzes its first rate-limiting step in
which ALA (ALA, 18:3n-3) is converted to stearidonate (18:4n-3)52.
Delta-5 desaturase, encoded by fatty acid desaturase 2 (FADS1) gene,
mediates the subsequent rate-limiting step, generating EPA/DHA
from stearidonate acid53. We found that blood stearidonate levels
were influenced by significant SNPs located within the FADS1 locus.
The SNP rs174547, a variant widely associated with FADS1/FADS2
activity54,55, could enhance the conversion of ALA (ALA, 18:3n-3) to
stearidonate (18:4n-3). However, this association was not observed
for DHA, suggesting that elevated blood stearidonate may occur at
the expense of EPA/DHA synthesis.

Along with the lactose intolerance SNP (rs4988235), we found
that the proportion of individuals carrying the rs174547-TT genotype
was significantly higher among those with the rs4988235-GG geno-
type, suggesting that individuals with lactose intolerance
(rs4988235-GG) would also exhibit genetically determined higher gut
Bifidobacterium abundance. Therefore, these people may show dif-
ferent FADS1/FADS2 activity, leading to elevated blood stearidonate
levels, but reduced EPA/DHA levels, and ultimately lower BMD. Such
genetically determined changes in these gut taxa may reflect an
adaptive microbial response to lactose intolerance, which limited
access to fat and protein from dairy products and thereby increases
reliance on the metabolism of plant-derived fatty acids56. A previous
study showed that higher circulating stearidonate concentrations are
inversely associated with eBMD and positively associated with frac-
ture risk, which were driven by genetic locus near FADS1/FADS257.
Another report identified FADS2 as a biomarker of osteoporosis, a
disease characterised by low bone-mineral density58. We therefore
propose that elevated blood stearidonate levels may indicate
reduced capacity to convert stearidonate into EPA/DHA owing to
limited FADS1 activity, which could contribute to bone loss, as
observed in spaceflight conditions59, thereby posing significant risks
to human health60.

In conclusion, our systematic investigation assessed pleiotropic
relationships between 96 GM taxa with significant polygenic herit-
ability and BMD traits. We identified 14 GM taxa exhibiting shared
genetic effects with eBMD. Specifically, an increased abundance of
three GM taxa (Bifidobacteriaceae, Bifidobacterium and Bifidobacter-
ium adolescentis) is associated with an elevated risk of low BMD, the
negative association may reflect the host–microbe interactions at
the LCT/MCM6 locus and may represent an adaptive microbialTa
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response to lactose intolerance. In addition, this adverse effect on
bone mass appears to be mediated by elevated circulating stear-
idonate levels and could potentially be mitigated through supple-
mentation with bifidobacterial probiotics and n-3 polyunsaturated
fatty acids (e.g., DHA). Collectively, these results provide new
insights into the GM–bone axis and highlight the role of blood
metabolites level in skeletal health.

Methods
Data resources
We collected GWAS summary statistics for 1104 GM taxa abundance
quantitative trait loci from four abovementioned studies (FINRISK,
DMP, German and MiBioGen) (Table 1, Supplementary Data 1 and
Fig. 1) conducted between January 2021 and February 202220–23. The
majority of participants in these studies were of European ancestry.
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Fig. 5 | The genetic determinants of Bifidobacterium adolescentis and the
stearidonate. A Manhattan plot displaying GWAS results for Bifidobacterium
adolescentis in DMP cohort (N = 6328 participants). Each point represents a SNP
with its −log10(two-sided P value) derived from linear regression. Red and blue
horizontal lines indicate genome-wide significance (p = 5 × 10⁻⁸) and suggestive
significance (p = 1×10⁻⁶), respectively. Inset shows the corresponding QQ plot of
observed versus expected −log10(p) values. B Locuszoom plot showing the
regional association of Bifidobacterium adolescentis GWAS around SNP rs4988235
(MCM6) on chromosome 2 (13.4–13.8Mb) in the DMP cohort. Each point repre-
sents a SNP with its −log10(two-sided P value) from linear regression. SNPs are
coloured according to their linkage disequilibrium with the lead SNP. Statistical
analysis was performed using two-sided linear regression. C Manhattan plot

displaying GWAS results for Stearidonate (18:4n3) (N = 7824 participants). Each
point represents a SNP with its −log10(two-sided P value) derived from linear
regression. Red and blue horizontal lines indicate genome-wide significance
(p = 5×10⁻⁸) and suggestive significance (p = 1 × 10⁻⁶), respectively. Inset shows the
corresponding QQ plot of observed versus expected −log10(p) values.
D Locuszoom plots showing the regional association of Stearidonate (18:4n3)
GWAS around SNP rs174547 (FADS1) on Chromosome 11 61.4–61.8Mb. Each point
represents a SNPwith its −log10(two-sidedP value) from linear regression. SNPs are
coloured according to their linkage disequilibrium with the lead SNP. Statistical
analysis was performed using two-sided linear regression. E Proportional dis-
tribution of rs174547 genotypes across the three rs4988235 genotypes (values
represent percentage within each rs4988235 group).
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However, it should be noted that there are about 2900 individuals
were included in both studies (German and MiBioGen)22,23. The SNPs
information from the human genome build 37 (hg19) was utilised to
annotate the GWAS summary statistics, addressing missing rsIDs
information.

For BMD traits, we sourced two GWAS summary datasets61,62 from
theGenetic Factors forOsteoporosis (GEFOS) Consortium, a large-scale
international collaboration involving multiple research groups (http://
www.gefos.org).al This study included estimated heel quantitative
ultrasound BMD (eBMD) data from the UK Biobank collected in 201861.
The eBMD summary-statistic data was derived from the UK10K/1000G
combined imputation panel (hg19) and included 14 million SNPs with a
minor allele frequency (MAF) ≥ 5%, involving up to 426,824 participants
(Supplementary Data 1). We also used total body BMD (TB-BMD)
assessed by dual-energy X-ray absorptiometry (DXA) to strengthen the
robustness of casual association results. The TB-BMD summary-statistic
comprised data from 30 studies (66,628 individuals)62. Each study
performed genotype imputation using the 1000G reference panel
included approximately 30,000,000 SNPs for analysis62.

For bloodmetabolites, we collected GWAS summary statistics for
453metabolites in humanblood from 7,824 adults with approximately
2.1 million SNPs, which were genotyped or imputed from the HapMap
2 panel63.

SNP heritability estimation of GM taxa GWAS
We calculated the polygenic SNP heritability (h2

SNP) of the 1104 GM
taxa and eBMD GWAS datasets using LD score regression software
(LDSC, https://data.broadinstitute.org/alkesgroup/LDSCORE)24.
SNPs from approximately 1.2 million common SNPs in European
populations from the HapMap3 reference panel (excluding the
HLA region) were used. The LD scores of these SNPs referenced
the European 1000 Genomes Project phase 3. We established fil-
tering criteria requiring the Z score of h2

SNP is > 1.64 (Ph2
SNP

< 0.05;
one-side) to filter the GM taxa. Additional, we adjusted the cri-
teria to a more lenient level to filter the GM GWAS datasets with
h2
SNP between 0 and 1 for further analysis (h2

SNP > 1 and h2
SNP < 0 is

not meaningful) in replication analysis.

Pearson correlation for LD-independent SNPs between gut taxa
and BMD
We employed a genome-wide pleiotropy approach to estimate overall
concordant or discordant genetic effects, following the approach used
by Tanha et al.26 (Fig. 1). The Z scores of the LD-independent SNPs
derived from GM taxa and eBMD were used to calculate the Pearson
correlation (r) for trait pairs, includingGMtaxa and eBMD.We retained
independent SNPs shared between the gut taxon and eBMD. These
SNPs were then used for the subsequent Pearson correlation analysis.
To identify LD-independent SNPs, we employed the P-value-informed
LD-clumpingmethod using PLINK 1.9 softwarewith --clump-kb 10000,
--clump-p1 0.05, --clump-r2 0.1 flags, along with the European 1000
Genome Project reference panel for each gut taxon GWAS. The Pear-
son correlation coefficients were computed after ensuring the har-
monisation of the effect alleles among these independent SNPs
between the gut taxon and BMD traits. To address themultiple testing
problem, we applied FDR correction (Benjamini-Hochbergmethod) to
adjust P-values for four studies and each gut microbiome level sepa-
rately (FDR <0.1) (Fig. 1).

Pairwise GWAS analysis for LD-independent regions between
gut taxa and BMD
We performed the pairwise GWAS-PW analysis27 involving the GM taxa
GWASs and eBMD. The goal was to identify shared genetic variants
affecting both gut taxon GWAS and eBMD within any of the 1703 LD-
independent regions (GRCh37)64. For each of the 1703 loci, we calcu-
lated four posterior probabilities (PPA) using Bayesian analysis via

GWAS-PW software: PPA1: The probability of containing a genetic
variant which was only associated to BMD; PPA2: The probability of
containing a genetic variant which was only associated to gut taxon;
PPA3: The probability of sharing a genetic variant which was both
associated to BMD and gut taxon; PPA4: The probability of containing
two distinct associations which were associated to BMD and gut taxon
respectively. When PPA3 exceeded 0.9 for a locus, it was defined as a
pleiotropic-associated locus (Fig. 1). If a gut taxon had at least one
pleiotropic-associated locus, it was identified as demonstrating
genetic pleiotropy with BMD at the genetic variant level.

Mendelian randomisation analysis
We evaluated the causal association between exposure and outcome
through two-sample mendelian randomisation (MR) analyses. We
employed three complementary MR methods including inverse
variance-weighted (IVW) test; MR-Egger and the weighted median
method to investigate the causal association. The IVW test was
prioritised for exposure screening results due to its increased power
under specific conditions, where the intercept is set to zero in the
linear regression between exposure and outcome effects65. The
weightedmedianmethod was employed to enhance the robustness of
IVW results, contributing to the overall reliability of the findings66. The
MR-Egger Regressionwas utilised to examine directional (unbalanced)
pleiotropy67, adding an additional layer of analysis to test potential
biases. For each exposure, we selected instrumental variants (IVs) with
a significance level at P < 5×10-8 for theMR analysis. In cases where two
significant SNPs within a distance of 250kb (windows) had an LD score
(r2) greater than 0.1 (r2 < 0.1), we selected the independent SNP with
themost statistically significant association, as indicated by the lowest
p-value. When a trait included only one instrumental variable, we
applied the Wald ratio method to estimate the causal effect, as an
alternative to the IVW method. Traits without any eligible IVs (i.e., no
SNPs with P < 5×10-8) were excluded from subsequent analyses. In
additional sensitivity analyses, we employed relaxed significance
thresholds (1 × 10-5 and 5 × 10-6) to select instruments for GM taxa
exposure by using IVW analyses. We also conducted the leave-one-out
IVW regression analyses, sequentially excluding each IV SNP with the
significance thresholds at 1×10-5 fromGMtaxa, to identify anypotential
dominance of specific variant in casual estimation. All analyses,
including sensitivity and MR analyses, were conducted in R version
4.2.1, using the R package “MendelianRandomization” and
“TwoSampleMR”.

In this study, we conducted MR analyses to evaluate the causal
relationship between candidate GM taxa exhibiting genetic correlation
with BMD. The GM taxa were identified that could potentially causally
affect eBMD at Bonferroni corrected P value below 0.05 in IVW ana-
lyses (IVW-P <0.05/N,N = 14, the number of candidate GM taxa). Blood
metabolites GWAS summary statistics were obtained from7824 adults
in two European population cohorts63. Two-sample MR analyses were
performed to assess whether metabolites causally influence eBMD.

Multivariable MR and mediation analysis
We conducted multivariable MR analyses68 to investigate the media-
tion effect of specific metabolites on the relationship between the GM
taxon and eBMD. First, we performed the IVW MR analyses to assess
the causal effect of each GM taxon (exposure) on metabolites (out-
come) (using genetic instruments selected at genome-wide sig-
nificance P < 5×10-8 and r2 < 0.1 in a 250 kb window). Metabolites were
considered to be potentially causally influenced by the GM taxon with
the Bonferroni-corrected P value below 0.05 (IVW-P <0.05/453; the
number of metabolites). Second, we performed the IVW MR analyses
to evaluate the causal association betweenmetabolites (exposure) and
eBMD (outcome) (using genetic instruments selected at genome-wide
significance P < 5×10-8 and r2 < 0.1 in a 250 kb window). Metabolites
were considered to have a causal effect on eBMD with the Bonferroni
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corrected P value below 0.05 (IVW-P <0.05/257; only 257 metabolites
had genome-wide significant SNPs andwere included, excluding those
without eligible instruments). Third, we identified metabolites that
met the above criteria in both two steps, considering these as candi-
date mediators of the relationship between GM taxa and eBMD. For
these candidatemediators, we extracted genetic association estimates
for both the GM taxon and the candidate metabolite using genome-
wide significance P < 5 × 10-8 and r2 < 0.1 in a 250kb window for
instrumental variables in these multivariable MR analyses. We then
estimated the effect (β1) of the GM taxon on the mediator metabolite
using the generalised IVW method. Next, we estimated the effect (β2)
of the mediator metabolite on eBMD, adjusting for the effects of the
gut taxon, through multivariable MR analysis. The indirect (mediated)
effect of the GM taxon on eBMD was estimated by β1 × β2. The pro-
portion of the total effect mediated by eachmetabolite was estimated
by dividing the indirect effect (β1 × β2) by the total effect (the IVW
effect of the GM taxon on eBMD)69.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All datasets utilised in this study were publicly accessible. The GWAS
summary statistics for eBMD was available at http://www.gefos.org/?
q=content/data-release-2018. The GWAS summary statistics for
TB_BMD was available at http://www.gefos.org/?q=content/gefos-
lifecourse-tb-bmd-gwas-results. The GWAS summary statistics for
1,104 GM taxa were from four studies: the FINRISK and German data-
sets were available at https://www.ebi.ac.uk/gwas/ from
GCST90032172 to GCST90032644 and GCST90011301 to
GCST90011730; the DMP datasets were available at https://
dutchmicrobiomeproject.molgeniscloud.org; the MiBioGen datasets
were available atwww.mibiogen.org. TheGWAS summary statistics for
453 metabolites were available at https://metabolomics.helmholtz-
muenchen.de/gwas/. The GWAS summary statistics for eBMD,
TB_BMD, stearidonate (18:4n-3) (SDA) and three gut taxa (Bi®do-
bacteriaceae, Bifidobacterium and Bifidobacterium adolescentis) were
also available at China Precision BioBank, could be downloaded from
http://cpbb.cn/resources/BMDGWASgut. Source data are provided as
a Source Data file. Source data are provided with this paper.

Code availability
All analyses were performed using publicly available software. GWAS
summary statistics data processing and Pearson correlation analyses
were conducted using R (v4.2.1; https://www.r-project.org/). SNP her-
itability was estimated using LDSC (v1.0.1; https://github.com/bulik/
ldsc). Plink 1.9 (https://www.cog-genomics.org/plink/) was used to
identify LD-independent SNPs. Pairwise GWAS analyses were per-
formed using GWAS-PW software (v0.21; https://github.com/
joepickrell/gwas-pw). MR analyses were conducted using the R
packages “MendelianRandomization” (v0.10; https://github.com/cran/
MendelianRandomization) and “TwoSampleMR” (v0.6.17; https://
github.com/MRCIEU/TwoSampleMR).
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