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SUMMARY
Bile acids (BAs) facilitate intestinal fat absorption and act as important signaling molecules in host-gut micro-
biota crosstalk. BA-metabolizing pathways in the microbial community have been identified, but it remains
largely unknown how the highly variable genomes of gut bacteria interact with host BA metabolism. We char-
acterized 8,282 structural variants (SVs) of 55 bacterial species in the gutmicrobiomesof 1,437 individuals from
two cohorts and performed a systematic association study with 39 plasma BA parameters. Both variations in
SV-based continuous genetic makeup and discrete clusters showed correlations with BA metabolism. Meta-
genome-wide association analysis identified 809 replicable associations between bacterial SVs and BAs and
SV regulators that mediate the effects of lifestyle factors on BA metabolism. This is the largest microbial ge-
netic association analysis to demonstrate the impact of bacterial SVs on human BA composition, and it high-
lights the potential of targeting gut microbiota to regulate BA metabolism through lifestyle intervention.
INTRODUCTION

Bile acids (BAs) represent an important class of biologically

active metabolites that act at the interface between the host

and gut microbiota. BAs are amphiphilic steroids synthe-

sized from cholesterol in the liver and are well known for

their roles in facilitating intestinal fat absorption, promoting

hepatic bile formation, and maintaining whole-body choles-

terol balance. In addition, BAs exert hormone-like functions

by signaling via membrane-bound and nuclear receptors

involved in the control of lipid, glucose, and energy meta-

bolism (Kuipers et al., 2014). Altered BA metabolism has

been associated with several metabolic diseases, including

cardiometabolic diseases (Chávez-Talavera et al., 2017;

Chen et al., 2020; Steiner et al., 2011), colorectal cancer

(Dermadi et al., 2017), and hepatocellular carcinoma (Gao

et al., 2019), as well as aging (Sato et al., 2021). Therefore,

BAs and their signaling pathways have emerged as attrac-
1802 Cell Host & Microbe 29, 1802–1814, December 8, 2021 ª 2021
tive therapeutic targets in the treatment of metabolic dis-

eases (Ðani�c et al., 2018).

Gut bacteria are essential players in human BA metabolism:

bacterial bile salt hydrolases (BSH) convert the glycine- and

taurine-conjugated primary BAs produced by the liver (cholic

[CA] and chenodeoxycholic [CDCA] acids) into unconjugated pri-

mary BAs that can subsequently be dehydroxylated to form sec-

ondary BAs (deoxycholic [DCA] and lithocholic [LCA] acids) (Jia

et al., 2018). BAs are efficiently absorbed in the ileum, and to a

lesser extent, in the colon, and return to the liver via the portal

venous system for re-secretion into the bile (Kuipers et al.,

2014). Consequently, the BA pool consists of a mixture of pri-

mary and secondary BAs that travel between the liver and the in-

testine within the enterohepatic circulation. In turn, BAs can

themselves also influence gut microbiome composition through

their antimicrobial activities and via indirect signaling pathways

(Jia et al., 2018). Enthusiasm for identifying BA-related microbial

species and genes has been rising since it may allow the design
Elsevier Inc.
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Figure 1. High variability in human fasting plasma bile acid concentration and composition

(A) Sex proportions of LLD and 300-OB.

(B) Age distribution in LLD and 300-OB.

(C) BMI distribution in LLD and 300-OB.

(D) Concentrations of 15 bile acids (BAs) in fasting plasma across all samples of LLD and 300-OB.

(E) Proportions of 15 BAs in plasma across all samples of LLD and 300-OB. Samples were sorted by the proportion of the primary BAs within each cohort. The

order of samples is identical in (D) and (E).

(F and G) Principal coordinates analysis (PCoA) plot of the differences between all samples based on BA concentration profile and BA proportion profile.

(H and I) Explained variance proportions (R2) of BA concentration (H) and proportion (I) profiles by sex, age, and BMI. Blue bars indicate the cumulative explained

BA variance proportion in multivariate models. Green bars indicate individually explained BA variance proportion by each factor in univariate models. See also

Figure S1 and Table S1.
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of BA-targeted therapeutic approaches. For instance, the BA

pool has been associated with gut microbial composition in hu-

man cohorts (Chen et al., 2020; Gu et al., 2017). Bacterial genes

involved in BA biotransformation have been identified through

experimental and homologue-based bioinformatic approaches

(Heinken et al., 2019; Song et al., 2019). However, a considerable

proportion of BA-related genes are still unknown (Heintz-Bu-

schart and Wilmes, 2018).

Microbial structural variants (SVs) are highly variable seg-

ments of bacterial genomes that have been defined in recent

years based on metagenomic sequencing data (Zeevi et al.,

2019). Microbial SV regions potentially contain functional genes

involved in host-microbe interactions; thus, they could provide
information on the sub-genome resolution of bacterial function-

ality. A variety of associations have been found between SVs and

metabolite levels in human blood (Zeevi et al., 2019). Recently, a

longitudinal study comparing subjects with irritable bowel syn-

drome with healthy individuals was the first to report associa-

tions between BAs and microbial SVs (Mars et al., 2020). In

this study, fecal levels of two unconjugated primary BA species,

CDCA and CA, were found to correlate with variable genomic

segments of Blautia wexlerae. This finding provided the initial

clue that previously unknown bacterial genes are involved in

the modification of primary BAs or indirectly associated with

host BA metabolism (Mars et al., 2020). However, in view of

the limited sample size and number of individual BA species
Cell Host & Microbe 29, 1802–1814, December 8, 2021 1803
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analyzed in this study and the unknown reproducibility of the as-

sociations between SVs and BAs across different cohorts, a sys-

tematic analysis in large-scale, population-based cohorts is

required. Moreover, although the BA-associated SVs were inter-

preted as potential BA-metabolizing genomic segments (Mars

et al., 2020), the existence of a causal relationship between

BAs and microbial variants remains to be established because

BAs can also act as regulators of the gut microbiome.

Therefore, we aimed to systematically evaluate the relation-

ships between structural variation of the gut microbiome and hu-

man BA metabolism. This study involved 1,437 individuals from

two independent Dutch cohorts: the population-based Life-

Lines-DEEP cohort (LLD, n = 1,135) (Tigchelaar et al., 2015)

and the 300-Obesity cohort (300-OB, n = 302) (Horst et al.,

2020) (Figures 1A–1C; Table S1). We performed a systematic mi-

crobial genetic association analysis of BAs between 39 BA pa-

rameters and 8,282 SVs. We further integrated several lifestyle

factors, including diet, drug usage, and smoking, and con-

structed tripartite networks of in silico-inferred causal relation-

ships that included exposures, microbial genetics, and host

plasma BA composition. This identified potential microbial ge-

netic regulators that mediate the effect of lifestyle on BA meta-

bolism, which supports the potential of targeting the gut micro-

biome to alter human BA metabolism.

RESULTS

High variability of plasma BA composition between
individuals and cohorts
In two independent Dutch cohorts (Figures 1A–1C; Table S1), we

assessed the concentrations and proportions of 15 BA species

(6 primary and 9 secondary BAs) in fasting plasma: CA, CDCA,

LCA, DCA, ursodeoxycholic acid (UDCA), and their glycine- or

taurine-conjugated forms (Table S1). We also computed 8 ratios

that reflect hepatic and bacterial enzymatic activities and quan-

tified the plasma level of C4, a biomarker of hepatic BA biosyn-

thesis (Table S1; STAR Methods) (Chiang, 2017). In total, we ob-

tained 39 plasma BA parameters in this study.

Both the concentrations and proportions of the 15 BA species

showed considerable inter-individual variation in both cohorts

(Figures 1D and 1E). Plasma BA composition showed a signifi-

cant difference between the two cohorts (permutational multi-

variate analysis of variance [PERMANOVA], p < 0.001; Figures

1F and 1G), with 34 out of 39 BA parameters showing signifi-

cantly different abundance (Wilcoxon rank-sum test, false dis-

covery rate [FDR] <0.05; Figure S1A; Table S1). However, age,

sex, and body mass index (BMI) collectively explained only

3.07% of the variance in BA concentration and 2.94% in BA pro-

portion, respectively (Figures 1H and 1I). This indicates that a

large proportion of BA variation remains unexplained and may

be attributed to other factors, such as lifestyle factors, host ge-

netic background, and gut microbial factors.

Bacterial SV profiling
We detected a total of 8,282 SVs in 55 reference species ge-

nomes, including 2,616 variable SVs (vSVs) and 5,666 deletion

SVs (dSVs) (STAR Methods), with 32–374 SVs per species (Fig-

ures 2A and 2B; Table S2). These 55 species together ac-

counted, on average, for 82.52% of the total microbial composi-
1804 Cell Host & Microbe 29, 1802–1814, December 8, 2021
tion, ranging from 43.73%–94.71% (Figure S2A). The average

number of samples with enough coverage to call microbial SV

of the 55 species was 432 (Figure S2B; Table S2). The bacterial

species with the most SVs included B. wexlerae, Eubacterium

rectale, Eubacterium hallii, and Ruminococcus sp. SR1/5.

We further assessed the Canberra distance of bacterial SV pro-

filesbetweenall samples (Figure2C). Principal coordinates (PCo) 1

and 2 together explained 20.70% of the total SV-based genetic

variance (Figure 2C), which showed significant differences be-

tween LLD and 300-OB (Wilcoxon rank-sum test, p = 9.83 3

10�4 for PCo1 and p = 2.62 3 10�11 for PCo2). Microbial abun-

dance could explain 6.45% of the observed genetic variance

(PERMANOVA, p < 0.001; Figure S2C; STARMethods). After cor-

recting for microbial abundance, the cohort itself still significantly

contributed to genetic differences (PERMANOVA, p < 0.001; Fig-

ure S2C) and the genetic PCo1 and PCo2 were significantly

different between the cohorts (Wilcoxon rank-sum test, p =

1.363 10�2 for PCo1 and p = 1.833 10�5 for PCo2), indicating a

divergence of microbial genetics between the two cohorts that

was independent from differences in their microbial abundances.

Interestingly, age, gender, BMI, and read counts collectively ex-

plained only 1.79% of the variance of the metagenome-wide SV

profile (Figure S2C).

Bacterial genetic associations to BAs are independent
from taxonomic abundance
We first investigated associations between BA levels and the

abundance of species (Figure S3A) and identified 407 significant

associations that involved 50 bacterial species and 36 BA param-

eters (FDRmeta < 0.05; Figure 3A; Table S3). The most significant

abundanceassociationwas foundbetweenClostridiumsaudiense

and the CA proportion in plasma (Betameta = 0.36, FDRmeta =

1.943 10�46; Table S3). Our result confirmedmany previous find-

ings, such as the negative association of the butyrate-producing

species Faecalibacterium prausnitzii with the CA dehydroxyla-

tion/deconjugation ratio (Betameta = �0.21, FDRmeta = 1.15 3

10�12; Table S3) (Chen et al., 2020). The positive association be-

tween E. hallii, another butyrate-producing species, and C4 con-

centration (Betameta = 0.11, FDRmeta = 5.63 3 10�5; Table S3) is

consistent with the previous finding that E. hallii could modify BA

metabolism in mice (Udayappan et al., 2016).

In addition to species abundance, the genetic makeup of spe-

cies may also be relevant to BA metabolism. Therefore, we con-

structed a SV-based populational structure of the genetic

makeup for each species and identified 245 significant associa-

tions between the genetic makeup of 37 bacterial species and 35

BA parameters (PERMANOVA, FDRmeta < 0.05; Figures 3A and

S3B; Table S3), after correcting for age, sex, BMI, read counts,

and corresponding species abundance. Interestingly, of the

245 BA associations with species-specific genetic makeup,

only 81 were also detected at the species-abundance level (Fig-

ure S4C), which highlights that microbial genetic variation repre-

sents an extra layer of information about bacterial functionality.

The species with the highest number of genetic associations

was B. wexlerae. The inter-individual genetic differences of

B. wexlerae were significantly associated with 28 BA parameters

(PERMANOVA, FDRmeta < 0.05; Table S3), with the strongest as-

sociation with plasma CA proportion (Pmeta = 8.70 3 10�6; Fig-

ure 3B; Table S3), whereas only 12 BA parameters correlated
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with the relative abundance of B. wexlerae (Linear regression,

FDRmeta < 0.05; Table S3). Another species, F. prausnitzii, contrib-

utes to 12-dehydro-CA production, and the depletion of

F. prausnitzii was inferred to lower the unconjugated CA and

CDCA levels in the feces of IBD patients (Heinken et al., 2019).

In addition to associations at the species-abundance level, ge-

netic differences in F. prausnitzii were also associated with 12

BA parameters (Table S3). For instance, genetic differences in

F. prausnitzii correlated with the proportion of glycoursodeoxy-

cholic acid (GUDCA) in plasma (PERMANOVA, FDRmeta < 0.05;

Figure 3C; Table S3), but no significant association was found at

the abundance level. Together, we observed that species-specific

genetic makeup correlates with BA composition independent of

their relative abundances.

Discrete populational genetic clusters correlate with
human BA metabolism
Based on observed bacterial genetic distance, we stratified the

population genetic structure for each species (STAR Methods)

and detected two ormore distinct clusters for 29 of the 55 species

(Figure S4; Table S4). Interestingly, different clusters from Prevo-

tella copri, Streptococcus vestibularis, and Parabacteroides mer-

dae showed different enrichments in LLD and 300-OB (chi-square

test, FDR < 0.05, Figure S5; Table S4).We also detected 41 signif-

icant associations between species clusters and BAs (Permuta-

tional Kruskal-Wallis rank-sum test, FDR < 0.05; Figure 4; Table

S4). E. rectale showed two distinct clusters that had the most as-

sociations (10 associations), with the top association being with

C4 concentration (Permutational Kruskal-Wallis rank-sum test,

FDR = 2.263 10�5). We compared the SV profiles of two clusters

of E. rectale and found that 55 of the 56 vSVs and 72 of the 124

dSVs were enriched differently between the two clusters (Wil-

coxon rank-sum test for vSV and c2 test for dSV, FDR < 0.05).

Metagenome-wide SV-based associations point to
known and putative BA genes
To identify SVs that potentially harbor genes related to BA

metabolism, we performed a metagenome-wide microbial
SV-based association analysis. Considering the cohort het-

erogeneity, we performed the association per cohort, fol-

lowed by meta- and heterogeneity analysis (random effect

model). In addition to age, sex, BMI, and total read counts,

we also included the corresponding species abundances as

a covariate to correct for the impact of species abundance

(model 1). Additionally, to disentangle the individual SV ef-

fect from the genetic lineage effect, i.e., to correct for strong

bacterial population structure and linkage disequilibrium

among variants, we further included the top genetic prin-

cipal components (PCs) of each species as covariates in

the linear model to correct for the lineage effect (model 2;

STAR Methods; Table S5).

In total, we identified 809 significant and consistent associa-

tions (FDRmeta < 0.05) between 321 SVs from 37 species and

34 BA parameters (Figure 5A), including 755 associations identi-

fied by model 1 and 177 associations identified bymodel 2 (Fig-

ure S6A; Table S5). Coprococcus comes showed the highest

number of associations (Figure 5B), followed by E. rectale, Blau-

tia obeum, and B. wexlerae (Figure 5C). The effect sizes and di-

rections of all 809 associations were highly consistent between

cohorts (Figures S6B–S9E). These results indicate that the SV

associations we identified were robust and replicable between

the two cohorts despite the large differences in their profiles of

gut microbial genetic makeup and plasma BA composition.

Notably, 123 associations were significantly detected in both

models (Figure S6A). The strongest association was observed

between the secondary/primary BA ratio and a 5-kbp vSV

(2,932–2,935 and 2,935–2,937 kbp) ofC. comes (model 2, Pmeta =

1.98 3 10�28; Figures 5D and 5E; Table S5). Strikingly, a BSH

gene is found to be close to this SV region (Figure 5D). This

BSH gene encodes the enzyme that catalyzes the deconjugation

of glycine- and taurine-conjugated BAs and was also found in

associated SV regions of other species, such as at the genomic

segment (2,081–2,082 kbp) of B. wexlerae (Figure 5F) that was

significantly associated with 5 BA parameters (Figure 5C),

including a negative association with the DCA proportion (Fig-

ure 5G; Table S5).
Cell Host & Microbe 29, 1802–1814, December 8, 2021 1805
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proportion.
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The analysis model correcting for lineage effects (model 2) de-

tected fewer associations than the model without the correction

(model 1), suggesting that spurious associations induced by line-

age effects are likely to have been removed. However, thismodel

may also have lost the power to identify bacterial SVs that

contribute to both lineage effects and BA metabolism (Earle

et al., 2016). For instance, near a BSH gene (Figure 5H) in the

genome of Eubacterium ventriosum, 4 variable SVs were signif-

icantly associated with 9 BA parameters identified by model 1

(FDRmeta < 0.05) (Table S11), with the most significant associa-

tion being between the vSV region 1,512–1,517 kbp and the sec-

ondary/primary BA ratio (model 1, Betameta = 0.43; Pmeta =

3.39 3 10�8; Figure 5I). However, these associations were not

captured by model 2. On the other hand, model 2 also reported

54 associations that were not significant inmodel 1 (Figure S6A),

suggesting that some SV effects could bemasked by the lineage

effect.

Besides the BSH genes, we found several other bacterial BA

biotransformation genes in BA-associated regions (STAR

Methods). For instance, 7b-hydroxysteroid dehydrogenase

(7bHSDH) catalyzes the biotransformation between 7-dehydro-

CDCA and UDCA (Heinken et al., 2019), and we found a 7bHSDH
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gene located in a vSV of Ruminococcus torques (1,671–1,673

and 1,673–1,677 kbp; Figure 6A) that correlated with UDCA pro-

portion (model 1, Betameta = �0.14, Pmeta = 2.70 3 10�4; Table

S5). We also identified some bacterial genes with putative hy-

droxysteroid dehydrogenase (HSDH) functionality in BA-associ-

ated regions, including CK1_08630 (UniProt: D4LGZ3) in Rumi-

nococcus sp. SR1/5 (Figure 6B), RUMOBE_03494 (UniProt:

A5ZWV0) inB. obeum (Figure 6C), and EUBHAL_00727 (UniProt:

C0ETJ6) in E. hallii (Figure 6D). CK1_08630 andRUMOBE_03494

encode the same amino acid sequences (248 amino acids) and

are annotated as oxidoreductases of the short-chain dehydroge-

nase/reductase family, whereas EUBHAL_00727 has only 82

amino acids and is functionally uncharacterized. We used Alpha-

Fold2 (Jumper et al., 2021) to predict high-quality 3D structures

of these proteins and then compared themwith the entire protein

databank (PDB). This led to the identification of the homotetra-

meric form of the 7a-hydroxysteroid dehydrogenase (7aHSDH)

of Escherichia coli complexed with reduced nicotinamide

adenine dinucleotide (NADH) and 7-oxo glycochenodeoxycholic

acid (GCDCA) (PDB: 1FMC; Figure 6E). The structural alignment

of the CK1_08630/RUMOBE_03494 and EUBHAL_00727

models against the reference 7aHSDH crystals showed that



Figure 4. Bile acid parameters correlate with structural-variant-based populational genetic clusters

The populational genetic clusters of 13 species are shown by the t-SNE plots, with distinct clusters shown by different colors. The circos correlation plot shows

their associations with BA. Each line indicates an association between clusters of a species and a BA parameter. See also Figures S4 and S5 and Table S4.
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the 3D conformations of the proteins are closely related (Fig-

ure 6F), whereas EUBHAL_00727 corresponded to a truncated

version of the 7aHSDH protein (Figure 6F). Furthermore, we

could also identify the well-characterized 7aHSDH catalytic triad

(Lou et al., 2016; Tanaka et al., 1996) in the CK1_08630/RU-

MOBE_03494 proteins (Figure 6G). These findings suggest that

CK1_08630, RUMOBE_03494 and EUBHAL_00727 may have

putative HSDH functionality.

In addition to the 809 associations that showed consistent ef-

fect sizes in both cohorts, we also identified 125 and 24 BA‒SV

associations with significant heterogeneity between our general

population and obesity-based cohorts in model 1; model 2,

respectively (Phetero < 0.05, FDRLLD < 0.05 and/or FDR300-OB <

0.05; Table S5). In model 1, the most significant heterogeneity

between the two cohorts was observed for the association

between a 3-kbp vSV of E. coli (1,062–1,065 kbp) and TCDCA

proportion (model 1, BetaLLD =�0.17, Beta300-OB = 0.68, Phetero =

1.79 3 10�6, I 2 = 0.96; Table S5). This variable genomic region

contains two genes, Salmochelin siderophore protein IroE and

Enterochelin esterase, which play a role in maintaining iron ho-

meostasis of E. coli. A 1-kbp vSV of C. comes (966–967 kbp)

harboring a BSH gene was associated with three BA parameters

(CA/CDCA ratio, secondary/primary BA ratio, and DCA propor-

tion) with significant heterogeneity between LLD and 300-OB
(model 1, Phetero < 0.05; Table S5), and the absolute values of

the effect sizes of the BA associations were higher in 300-OB

than in LLD. In model 2, the most significant heterogeneity was

observed for the association between a 1-kbp vSV of E. hallii

(2,822–2,823 kbp) and plasma DCA concentration (model 2, Be-

taLLD = 0.007, Beta300-OB = 0.45, Phetero = 2.513 10�6, I2 = 0.95;

Table S5).

Considering the physiological impact of BAs on the host’s

cardiometabolic phenotypes and stool consistency, we further

assessed whether the BA-associated SVs can be associated

with traits related to cardiometabolic disease risk and with stool

characteristics (Table S6). In the LLD cohort, we detected sig-

nificant SV associations with plasma triglycerides (TG) and

stool type at an FDR < 0.05 level (Table S6). For instance,

plasma TG was negatively associated with a 7-kbp vSV

(1,125–1,130 kbp and 1,132–1,134 kbp) of E. rectale, and this

SV region also negatively correlated with plasma C4 concentra-

tion and UDCA proportion (Table S5). Stool type, defined by

Bristol stool scale, was associated with a 13-kbp vSV region

(1,623–1,632 kbp and 2 segments) containing a BSH gene of

E. hallii, and this vSV region was positively associated with

plasma C4 level (Table S15). We also detected several sugges-

tive associations at a nominal p < 0.05 level. For instance, a 14-

kbp dSV (2,969–2,983 kbp) of E. hallii was associated with TG
Cell Host & Microbe 29, 1802–1814, December 8, 2021 1807
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Figure 5. Associations between bile acid parameters and structural variants

(A) Replicable significant associations between BA parameters and SVs (FDRmeta < 0.05).

(B and C) Heatmap of associations between BA parameters and SVs of C. comes (B) and B. wexlerae (C). Associations identified by bothmodel 1;model 2 were

selected and colored by beta coefficient from model 2.

(D–I) Examples of SV regions close to known BA biotransformation genes (D, F, and H) and associations with BA parameters (E, G, and I). Blue and yellow dots

represent LLD and 300-OB samples, respectively. The Beta coefficients and p values of (E), (G), and (I) are frommodel 2,model 2, andmodel 1, respectively. See

also Figure S6 and Tables S5 and S6.
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level and high-density lipoprotein level in LLD and with dyslipi-

demia in 300-OB (Table S6). This region harbors a series of

genes encoding outer membrane proteins and the lipopolysac-
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charide export system protein, and the strongest BA associa-

tion of this dSV was found for the dehydroxylation-to-deconju-

gation ratio of CA (model 2, Pmeta = 1.32 3 10�12; Table S5). In



Figure 6. Examples of BA transformation genes and protein structure-based analysis

(A–D) Genomic position of 4 BA transformation genes and the closest SV regions.

(E) Homotetrameric structures of 7a-HSDH from E. coli (1FMC), which were the best hit from the structural similarity search of the CK1_08630/RUMOBE_03494

and EUBHAL 00727 models. 7-oxo GCDCA complexed with the proteins are displayed as yellow sticks and NADH as cyan sticks.

(F) Structural alignment and root mean square deviation (RMSD) values of the CK1_08630/RUMOBE_03494 (orange ribbons) and EUBHAL 00727 (red ribbons)

models with the 7a-HSDH reference structures 1FMC (green ribbons).

(G) Comparison of the catalytic triad Ser146-Tyr159-Lys163 of 7a-HSDH (green sticks) in the reference 1FMC with CK1_08630/RUMOBE_03494 (Ser143-

Tyr156-Lys160, orange sticks).
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300-OB, no association was significant at an FDR < 0.05 level,

but we found many nominally significant associations with

blood lipids, diabetes, number and thickness of plaques, etc.

(Table S6). Together, our data support a potential regulatory

role for BA-associated microbial SVs in host cardiometabolic

health.

Bidirectional causality between bacterial SVs and
host BAs
The causality behind most of the BA-SV associations we identi-

fied remains unknown, although we did identify several bacterial

genes known to be involved in BA biotransformation that were

located in BA-associated SV regions. The lifestyle exposure fac-

tors collected in the LLD cohort enabled us to infer in silico causal

relationships between correlated SVs and BAs. We integrated

127 lifestyle factors (78 dietary factors, 44 drug usage factors,

and 5 smoking-related factors; Table S7) with SV and BA data.

Here, we first identified lifestyle—SV-BA groups in which all the

variables correlated with each other and then conducted bidirec-

tional mediation analysis. In the first causal direction, we hypoth-

esized that SVs act as regulators that mediate the effects of

lifestyle factors on the composition of the BA pool, i.e., we
treated SVs as mediators and BA parameters as outcomes (di-

rection 1). In the second causal direction, we assessed whether

BAs couldmediate the effects of lifestyle factors on bacterial SVs

(direction 2) (Figure 7A). In total, we identified 509 groups of in-

ferred in silico causal relationships, including 217 unidirectional

causal relationships in direction 1, 51 unidirectional causal

relationships in direction 2, and 241 bidirectional causal relation-

ships (FDRmediation < 0.05; Figure 7B; Table S7). Most of the uni-

directional causal effects were from SVs to BAs, which indicates

the important role of microbial genetics in regulating human BA

metabolism.

The tripartite causal network in direction 1was composed of 43

lifestyle factors, 80 SVs as mediators, and 22 plasma BA param-

eters as outcomes (FDRmediation < 0.05; Table S7). The 35 regula-

tory groupswith a highmediatedproportion (mediatedproportion

> 25%) are shown in Figure 7C. Notably, 29 of the 80 SVs were

from B. wexlerae, including the SVs with known BA biotransfor-

mation genes. For instance, a 2-kbp vSV (2,081–2,082 kbp) close

to a BSH gene inB. wexlerae regulated the effect of eating fish on

plasma DCA concentration (FDRmediation < 0.05; Mediated pro-

portion = 29%; Figure 7D). Another two SVs of B. wexlerae in

3,840–3,846 kbp and 1,715–1,716 kbp mediated the effect of
Cell Host & Microbe 29, 1802–1814, December 8, 2021 1809



Figure 7. Causal relationship inference using bidirectional mediation analysis
(A) Framework of bidirectional mediation analysis between lifestyle factors, SVs and BAs.

(B) Number of inferred causal relationships for direction 1 (from SV to BA), direction 2 (from BA to SV) and both.

(C) Sankey diagram showing the inferred causal relationship network of direction 1 with mediated proportion >0.25.

(D–F) Examples of causal relationships between lifestyle factors, SVs and BAs inferred by bidirectional mediation analysis. The Beta coefficient and significance

are labeled at each edge and the proportions of indirect effect (mediation effect) are labeled at the center of the ring charts. See also Table S7.
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drinking red wine on C4 concentration (FDRmediation < 0.05; Medi-

ated proportion = 30%; Figure 7E) and CA proportion in plasma

(FDRmediation < 0.05; Mediated proportion = 28%; Figure 7F).

Strikingly, we observed that the frequency of soda consumption

was involved in 36 (16.6%) of the 217 unidirectional causal rela-

tionships in direction 1 and that 15 of the 36 causal relationships

had a high mediated proportion (FDRmediation < 0.05; mediated

proportion > 25%; Figure 7C), suggesting that soda consumption

has a high impact on gut bacteria-related BA metabolism.

In direction 2,we found 51 in silico causal relationships inwhich

18 BA parameters mediated the effects of 20 lifestyle factors on
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40 bacterial SVs belonging to 12 bacterial species (FDRmediation <

0.05; Table S7). Among the 40 regulated SVs, 16 were from

B. wexlerae, followed by 8 from C. comes, 3 from R. torques,

and 2 from Ruminococcus sp. SR1/5. The 5 SVs from Rumino-

coccus species can be negatively regulated by C4, UDCA,

GUDCA, and total secondaryBA levels (FDRmediation < 0.05; Table

S7). In mice, the growth of Ruminococcus species can be

inhibited by DCA and LCA (Tian et al., 2020), whereas UDCA

was reported to have an antibacterial effect in an animal experi-

ment (Kim et al., 2020), indicating that enrichment of the circu-

lating BA pool with secondary BAs may exert selective pressure
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on Ruminococcus species and cause an alteration of their

genomic content.

DISCUSSION

We characterized the gut microbial SV and plasma BA profiles

of 1,437 Dutch individuals from two independent cohorts and

systemically assessed the correlation between gut microbial

genetics and host BA metabolism from species genetic

makeup level down to single-variant level. The species genetic

makeup was found to correlate with BA parameters indepen-

dent of the relative abundances of these species. We also iden-

tified populational genetic clusters of 29 bacterial species using

SV-based clustering analysis, revealed the within-species ge-

netic diversity and associated the SV-based genetic clusters

with plasma BA parameters. We further performed a metage-

nome-wide microbial SV association study on 39 BA parame-

ters and identified a total of 809 consistent and 125 heteroge-

neous associations using meta-analysis with two different

models. Some of the BA-associated SVs can also be associ-

ated with plasma triglycerides and stool type. Bidirectional

mediation analysis between bacterial SVs, BAs, and dietary

factors inferred in silico regulatory relationships behind the cor-

relations we identified. To the best of our knowledge, this is the

largest study so far on the microbial genetic determinants of

plasma BA concentrations and composition in humans. In

view of the growing awareness of the involvement of specific

BAs in the onset and progression of human diseases (Chá-

vez-Talavera et al., 2017; Dermadi et al., 2017; Gao et al.,

2019), as well as the current development of pharmacological

agents that target BA-signaling pathways for treatment of liver

and metabolic diseases (Jia et al., 2018; Krautkramer et al.,

2021; Pathak et al., 2018; Sun et al., 2018), this knowledge is

of direct clinical relevance.

Our study demonstrates that SV-based metagenome-wide

association is a powerful method to bring microbial associations

closer to functionality and mechanistic understanding. First, our

study shows that the BA associations with microbial SVs are

often stronger than those with species relative abundances

and can even be independent of species relative abundances.

This highlights the value of metagenomic SVs as an extra source

of information that describes the functionality of the human gut

microbiome. We also assessed the impact of the lineage effect

on the SV-based metagenome-wide association study by add-

ing the PCs of population genetic structure into our linear model.

On the one hand, the model considering the lineage effect

enabled the discovery of lineage-independent associations

and was also able to reveal extra associations that were seem-

ingly hidden by the lineage effect. On the other hand, we also

observed that the model considering lineage effect caused a

loss of power for some associations involving SVs that

contribute to both target phenotype and bacterial genetic line-

age. Although there are many tools available that consider line-

age effects and populational structure in bacterial GWAS anal-

ysis (Collins and Didelot, 2018; Earle et al., 2016), these tools

were developed for binary genetic variation data and not for

the metagenomic scenario. The SV-based metagenome-wide

association study still calls for the development of tools that sup-

port appropriate adjustment for lineage effects.
Additionally, we observed that the associated SVs were

biased toward highly prevalent and abundant species, high-

lighting the statistical challenges in studying low prevalence

or rare species. Increased sample sizes and deep sequencing

are thus required. Nevertheless, our sub-genome-scale anal-

ysis pinpointed the location of genomic segments that are

associated with the host BA pool, whichmeans that associating

microbial SVs from across the whole metagenome with host

phenotypes helps to locate microbial genes or genetic ele-

ments involved in host-microbe interaction. Our study under-

scores the contribution of gut microbial genetics to the individ-

uality of host BA metabolism, and the comprehensive

association analysis approach we used provides a template

for cohort-based microbial genetics studies, demonstrating a

paradigm shift from ‘‘micro-ecology’’ to ‘‘micro-population

genetics.’’

Our study further highlights the complex, bidirectional effect

between the gut microbiome and BA metabolism. We used life-

style factors as exogenous predictors to infer in silico potential

causal relationships between SVs and BAs using bidirectional

mediation analysis, and this identified specific lifestyle factors

that are involved in the interaction between bacterial genetics

and BA metabolism. This highlights the potential of targeting

the gut microbiota to regulate BA metabolism through lifestyle

intervention. For instance, we found that an SV of B. wexlerae

mediated the effect of red wine drinking on plasma CA propor-

tion and C4 level, reflecting the hepatic BA biosynthesis. Red

wine is rich in polyphenols, a group of molecules with anti-

oxidative properties (Naumann et al., 2020; Queipo-Ortuño

et al., 2012) that can increase fecal BA excretion by regulating

gut microbiota (Chambers et al., 2019). Previous studies re-

ported that dietary polyphenols from plant-derived foods can

affect the composition of fecal BAs in humans by regulating

gut microbiota (Chambers et al., 2019; Ozdal et al., 2016;

Queipo-Ortuño et al., 2012; Sembries et al., 2006); our result

suggests that polyphenols from red wine may impact biosyn-

thesis of BA by regulating gut bacterial genes. Additionally,

we also observed that the frequency of soda consumption

had a striking impact on BA metabolism through bacterial

SVs, especially those from B. wexlerae. The consumption of

soda or soft drinks has been reported to correlate with all-

cause mortality (Mullee et al., 2019) and an increased risk of

many diseases, including stroke and coronary artery disease

(Mossavar-Rahmani et al., 2019). In LLD, our previous study

also showed the negative impact of soda consumption on mi-

crobiome diversity (Zhernakova et al., 2016). Considering the

high popularity of soda drinks and the importance of a

balanced BA pool and gut microecosystem, our current study

should raise public awareness of the impact of soda consump-

tion on the gut microbiome and BA metabolism. Altogether, our

in silico causal inference analysis revealed that bacterial SVs

serve as mediators that regulate the effects of dietary factors

on BA metabolism. Conversely, our study also provides evi-

dence that BAs, likely via their antibacterial activities as ‘‘intes-

tinal soaps,’’ not only affect the growth of intestinal microbes

but also pose selective pressure on bacterial genetics.

Experimental validation of microbial SV associations with

BAs remains challenging. Bioinformatically, we lack a good

approach for prioritizing putative causal genes at the SV
Cell Host & Microbe 29, 1802–1814, December 8, 2021 1811
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regions, and we propose using the recently developed Alpha-

Fold2 approach to predict 3D protein structures in order to

discover putative bacterial proteins that bind with BAs (Jumper

et al., 2021). Experimentally, we first need to isolate and culture

bacterial species or strains from human fecal samples and then

conduct whole-genome sequencing to confirm the presence/

absence of SVs at the single-bacterial-isolate level. Verified

bacterial isolates with SVs of interest can then be tested for

their capacities in BA metabolism in vitro by co-culturing

them with BAs. Finally, the identified isolates can be colonized

in animal models, such as our recently developed Cyp2c70�/�

mice with a human-like BA pool (Boer et al., 2020), to verify

their effects on host BA metabolism and physiology. However,

each of these steps faces technical challenges. For example,

although the technology of bacterial culturomics is developing

rapidly, gut microbes remain difficult to isolate and culture,

particularly when specific selective media are needed to enrich

certain types of strains, as is the case for bacteria with a spe-

cific SV region.

Limitations of the study
We acknowledge several limitations of our current study. We

investigated the association between plasma BA parameters

and variable genomic segments of gut bacteria in two indepen-

dent cohorts, identified substantial consistent associations in

both these general population and obese individuals and

demonstrated the reliability of BA associations with microbial

SVs. However, all the samples included in this study were

collected from residents of the Netherlands. Considering the

potential heterogeneity of host—microbiome interaction across

populations with different genetic and environmental back-

grounds, the associations between plasma BA parameters

and microbial SVs need to be replicated in other populations

with different backgrounds. As this is a cross-sectional study,

we inferred the regulatory relationships between BA parame-

ters and microbial SVs using mediation analysis, but whether

the shifts of microbial genetic elements causally correlate

with host BA metabolism still requires further confirmation in

a longitudinal study design and through experimental valida-

tion, as we elaborated in the Discussion. Additionally, as

plasma BA parameters cannot fully represent the flux of the

BA pool in enterohepatic circulation and are only modestly

correlated with the fecal BA pool (Chen et al., 2020); thus,

further study of the association between microbial genetic vari-

ation and BA metabolism in their actual niche—the enterohe-

patic circulation—is needed. Furthermore, the microbiome in

feces does not directly reflect the microbial composition of

other colonic segments, in particular the microbiome of the

ileum, where most BAs (�95%) are reabsorbed, and that of

the colonic regions, where most BA biotransformation occurs.

Therefore, investigation of the links between BA pool composi-

tion and the microbiome from the various intestinal compart-

ments is of interest, and further efforts should be made to fully

elucidate bacteria-BA interactions. Despite these limitations,

our study represents a step toward microbiome-targeted inter-

ventions to improve host metabolism, in particular through

modulation of BA metabolism, which is a major target for the

treatment of non-alcoholic fatty liver disease and its metabolic

co-morbidities.
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Queipo-Ortuño, M.I., Boto-Ordóñez, M., Murri, M., Gomez-Zumaquero, J.M.,

Clemente-Postigo, M., Estruch, R., Cardona Diaz, F.C., Andrés-Lacueva, C.,

and Tinahones, F.J. (2012). Influence of red wine polyphenols and ethanol

on the gut microbiota ecology and biochemical biomarkers. Am. J. Clin.

Nutr. 95, 1323–1334.

Sato, Y., Atarashi, K., Plichta, D.R., Arai, Y., Sasajima, S., Kearney, S.M., Suda,

W., Takeshita, K., Sasaki, T., Okamoto, S., et al. (2021). Novel bile acid biosyn-

thetic pathways are enriched in the microbiome of centenarians. Nature.

https://doi.org/10.1038/s41586-021-03832-5.

Scholtens, S., Smidt, N., Swertz, M.A., Bakker, S.J., Dotinga, A., Vonk, J.M.,

Dijk, F. van, Zon, S.K. van, Wijmenga, C., Wolffenbuttel, B.H., and Stolk,

R.P. (2015). Cohort Profile: LifeLines, a three-generation cohort study and bio-

bank. Int. J. Epidemiol. 44, 1172–1180.

Sembries, S., Dongowski, G., Mehrl€ander, K., Will, F., and Dietrich, H. (2006).

Physiological effects of extraction juices from apple, grape, and red beet pom-

aces in rats. J. Agric. Food Chem. 54, 10269–10280.

Song, Z., Cai, Y., Lao, X., Wang, X., Lin, X., Cui, Y., Kalavagunta, P.K., Liao, J.,

Jin, L., Shang, J., and Li, J. (2019). Taxonomic profiling and populational pat-

terns of bacterial bile salt hydrolase (BSH) genes based on worldwide human

gut microbiome. Microbiome 7, 9.
1814 Cell Host & Microbe 29, 1802–1814, December 8, 2021
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Fecal and blood samples of Lifelines-DEEP Tigchelaar et al., 2015 PMID: 26319774

Fecal samples of 300-Obesity Kurilshikov et al., 2019 PMID: 30971183

Blood samples of 300-Obesity Horst et al., 2020 PMID: 32460579

Critical commercial assays

AllPrep DNA/RNA Mini Kit QIAGEN 80204

Quant-iT PicoGreen dsDNA Assay Life Technologies P7589

Chemicals

Cholic acid Sigma-Aldrich SKU- C1129

Taurocholic acid Sigma-Aldrich SKU- T4009

Glycocholic acid Sigma-Aldrich SKU- G2878

Deoxycholic acid Sigma-Aldrich SKU- D2510

Taurodeoxycholic acid Sigma-Aldrich SKU- T0557

Glycodeoxycholic acid Sigma-Aldrich SKU- G9910

Chenodeoxycholic acid Sigma-Aldrich SKU- C9377

Taurochenodeoxycholic acid Sigma-Aldrich SKU- T6260

Glycochenodeoxycholic acid Sigma-Aldrich SKU- G0759

Ursodeoxycholic acid Sigma-Aldrich SKU- U5127

Tauroursodeoxycholic acid Merck CAT No. 580549

Glycoursodeoxycholic acid Sigma-Aldrich SKU- G0759

Lithocholic acid Sigma-Aldrich SKU- L6250

Taurolithocholic acid Sigma-Aldrich SKU- T7515

Glycolithocholic acid IsoSciences Cat No. 13231UNL

D4-cholic acid CDN Isotopes Prod No. D-2452

D4-chenodeoxycholic acid CDN Isotopes Prod No. D-2772

D4-glycochenodeoxycholic acid CDN Isotopes Prod No. D-5673

D4-glycocholic acid CDN Isotopes Prod No. D-3878

D4-taurochenodeoxycholic acid Medical Isotopes Cat No. D2122

D4-taurocholic acid Medical Isotopes Cat No. D3770

D4-tauroursodeoxycholic acid IsoSciences Prod No. 13106

D6-taurodeoxycholic acid IsoSciences Prod No. 13228

Deposited data

Metagenomic sequencing data of

LifeLines-DEEP

This study European Genomics-Phenome Archive,

EGAS00001001704

Metagenomic sequencing data of 300-

Obesity

This study European Genomics-Phenome Archive,

EGAS00001003508

Software and algorithms

Bowtie2 (version 2.3.4.3) Langmead and Salzberg, 2012 http://bowtie-bio.sourceforge.net/bowtie2/

index.shtml

Trimmomatic (version 0.39) Bolger et al., 2014 http://www.usadellab.org/cms/?

page=trimmomatic

KneadData (version 0.7.4) Huttenhower lab https://huttenhower.sph.harvard.edu/

kneaddata/

Kraken2 (version 2.1.2) Wood et al., 2019 https://ccb.jhu.edu/software/kraken2/

Bracken (version 2.6.2) Lu et al., 2017 https://ccb.jhu.edu/software/bracken/

ICRA Zeevi et al., 2019 https://github.com/segalab/SGVFinder

(Continued on next page)
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REAGENT or RESOURCE SOURCE IDENTIFIER

SGVFinder (version 1.0) Zeevi et al., 2019 https://github.com/segalab/SGVFinder

R (version 4.0.1) R Core Team https://www.r-project.org/

Python (version 2.7.16) Python Core Team https://www.python.org/

PATRIC (version 3.6.6) Wattam et al., 2017 https://www.patricbrc.org/

AlphaFold (version 2.0.0) Jumper et al., 2021 https://github.com/deepmind/alphafold

ColabFold (version 1.0-alpha) Mirdita et al., 2021 https://github.com/sokrypton/ColabFold

MMseqs2 (version 13-45111) Steinegger and Söding, 2017 https://github.com/soedinglab/MMseqs2

OpenMM 7 (version 7.5.1) Eastman et al., 2017 https://openmm.org/

PDBeFold (version 2.59) Krissinel and Henrick, 2004, 2005 https://www.ebi.ac.uk/msd-srv/ssm/

Analyst� MD (version 1.6.2) SCIEX https://sciex.com/products/in-vitro-

diagnostics/enhancements-and-options/

analyst-md-software

R code for statistical analysis and

visualization (version 1.0.0)

This study https://doi.org/10.5281/zenodo.5599104

Other

Progenome (version 1.0) (Mende et al., 2017) http://progenomes1.embl.de/
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RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources, software, reagents and data sharing should be directed to the Lead Contact, Jin-

gyuan Fu (j.fu@umcg.nl).

Materials availability
This study did not generate new unique reagents.

Data and code availability
d Raw metagenomic sequencing data of LifeLines-DEEP and 300-Obesity are publicly available from the European Genome-

Phenome Archive via accession number EGAS00001001704 and EGAS00001003508, respectively.

d The code used for statistical analysis is available via https://doi.org/10.5281/zenodo.5599104.

d Any additional information required to reanalyze the data reported in this work paper is available from the Lead Contact upon

request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS

LifeLines-DEEP cohort
LifeLines-DEEP (LLD) (Tigchelaar et al., 2015) is a sub-cohort of LifeLines (Scholtens et al., 2015), a large population-based prospec-

tive cohort that enrolled 167,729 participants from the north of Netherlands, established to explore the risk factors of complex dis-

eases. In LLD, 1,539 individuals were included andmulti-layers of omics data were collected. In the current study, high-quality meta-

genomic sequencing data, 78 dietary factors, 5 smoking factors and 44 drug usage factors were available for 1,135 individuals (474

males and 661 females). The average age of LLD participants was 45.04 years old (18‒81, SE = 0.40) and the average BMI was 25.26

(16.67–48.56, SE = 0.12).

300-Obesity cohort
The 300-Obesity (300-OB) cohort was established by Radboud University Medical Center, Nijmegen, the Netherlands (Horst et al.,

2020). In total, 302 individuals (167 males and 135 females) aged 55‒81 years with a high BMI > 27 were enrolled in 300-OB. The

average age of 300-OB participants was 67.1 years old (54‒81, SE = 0.31) and their average BMI was 30.7 (26.3–45.5, SE =

0.20). All participants were included between 2014 and 2016.

For both cohorts, the inclusion of samples considered gender balance. The influence of gender has been assessed and adjusted

for relevant analysis.
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Ethical approval
The LifeLines-DEEP study has been approved by the Institutional ethics Review Board (IRB) of the University Medical Center Gro-

ningen (ref. M12.113965), the Netherlands. The 300-Obesity study has been approved by the IRB CMO Regio Arnhem-Nijmegen

(nr. 46846.091.13).

METHOD DETAILS

Bile acid quantification
Levels of 15 BAs andC4 concentrations in fasting plasmawere quantified by liquid chromatography–mass spectrometry procedures,

as previously described (Eggink et al., 2017; Hoogerland et al., 2019). In brief, for sample preparation, 25 mL plasma was mixed with

250 mL internal standard solution to precipitate proteins. Samples were centrifuged at 15800 3 g and the supernatant poured into a

clean glass tube. The fluid was evaporated under nitrogen at 40 �C. Before measuring samples were reconstituted in 200 mL 50%

methanol in water. For the quantitative determination of BAs, we used a Nexera X2 Ultra High-Performance Liquid Chromatography

system (SHIMADZU, Kyoto, Japan), coupled to a SCIEX QTRAP 4500 MD triple quadrupole mass spectrometer (SCIEX, Framing-

ham, MA, USA) (UHPLC-MS/MS). The LC-MS/MS system is controlled by Analyst� MD 1.6.2 software. BAs were separated with

a ACQUITY UPLC BEH C18 Column (1.7 mm, 2.1 mm3 100 mm) equipped with a ACQUITY UPLC BEH C18 VanGuard Pre-Column

(1.7 mm, 2.1 mm 3 5 mm), (Waters, Milford, MA, USA). Separation was achieved in 28 minutes using 10 mM ammonium acetate in

20% acetonitrile (mobile phase A) and 10 mM ammonium acetate in 80% acetonitrile (mobile phase B), flow 0.4 ml/min. Chemicals

used for bile acids profiling are listed in the key resources table.

The proportions of 15 BAs (with suffix ‘_p’) were calculated by dividing by total BA concentration. Additionally, different total BA

concentrations and ratios were calculated (Chen et al., 2020): (1) Total BA (Total_BAs) = sum of all BA concentrations, (2) total primary

BA (Total_primary_BAs) = sum of all primary BA concentrations, (3) total secondary BA (Total_secondary_BAs) = sum up of all sec-

ondary BA concentrations, (4) ratio of Secondary BAs to primary BAs ratio (Secondary_primary_ratio) = Total_primary_BAs/Total_

secondary_BAs, (5) ratio of CA to CDCA concentrations (CA_CDCA_ratio) = (CA + TCA + GCA)/(CDCA + TCDCA + GCDCA), (6) ratio

of unconjugated BA to conjugated BA concentrations = (CA + CDCA + DCA + LCA)/(TCA + GCA + TCDCA + GCDCA + TDCA +

GDCA + TLCA + GLCA), (7) ratio of dehydroxylated CA to deconjugated CA concentrations (CA_dehydro_deconju_ratio) =

(DCA + TDCA + GDCA)/(CA + TCA + GCA) and (8) ratio of taurine conjugated BA to glycine conjugated BA concentrations (Taurine_

glycine_ratio) = (TCA + TCDCA + TDCA + TLCA)/(GCA + GCDCA + GDCA + GLCA).

Metagenomic sequencing and quality control
Microbial DNAwas isolated from fecal samples of LLD and 300-OB and sequenced as previously described following the similar pro-

tocal (Kurilshikov et al., 2019; Zhernakova et al., 2016). In brief, we isolated DNA from fecal samples with the AllPrep DNA/RNA Mini

Kit (Qiagen, Hilden, Germany; catalog No. 80204) as well as the mechanical lysis, and then performed metagenomic shotgun

sequencing using Illumina HiSeq platform (Illumina, San Diego, CA). We removed host genome‒contaminated reads and low-quality

reads from the raw metagenomic sequencing data using KneadData (version 0.7.4), Bowtie2 (version 2.3.4.3) (Langmead and Salz-

berg, 2012) and Trimmomatic (version 0.39) (Bolger et al., 2014). In brief, the data-cleaning procedure includes two main steps: (1)

filtering out the human genome‒contaminated reads by aligning raw reads to the human reference genome (GRCh37/hg19) and (2)

removing adaptor sequences and low-quality reads using Trimmomatic with default settings (SLIDINGWINDOW:4:20 MINLEN:50).

Taxonomic abundance
We generated the taxonomic relative abundance for both LLD and 300-OB samples from the cleaned metagenomic reads using

Kraken2 (version 2.1.2) (Wood et al., 2019) and Bracken (version 2.6.2) (Lu et al., 2017).

Detection of structural variations
Structural variants (SVs) are highly variable genomic segments within bacterial genomes that can be absent from the metagenomes

of some individuals and present with variable abundance in other individuals. Based on the cleanedmetagenomic reads, we detected

the microbial SVs of all 1,437 samples from LLD and 300-OB using SGVFinder with default parameters. SGVFinder was devised and

described by (Zeevi et al., 2019) and can detect two types of SV – deletion SVs (dSVs) and variable SVs (vSVs) – from metagenomic

data. If the deletion percentage of the genomic segment across the population is < 25%, the standardized coveragewill be calculated

for this SV (vSV). If the deletion percentage is > 25% and < 75%, only the presence or absence status of this genomic segment will be

kept (dSV). If the deletion percentage of a region is > 75%, the region is excluded from the analysis. The SV-calling procedure in-

cludes two major steps: (1) resolving ambiguous reads with multiple alignments according to the mapping quality and genomic

coverage using the iterative coverage‒based read assignment algorithm and reassigning the ambiguous reads to the most likely

reference with high accuracy and (2) splitting the reference genomes into genomic bins and then examining the coverage of genomic

bins across all samples to identify highly variable genomic segments and detect SVs. We used the reference database provided by

SGVFinder, which is based on the proGenomes database (http://progenomes1.embl.de/ ) (Mende et al., 2017). In total, we detected

5,666 dSVs and 2,616 vSVs from 55 bacteria using default parameters. All bacterial species with SV calling were present in at least

5% of total samples.
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Functional annotation
The reference genomes were downloaded from progenome (http://progenomes1.embl.de/) (Mende et al., 2017) and annotated using

the web-based genome annotation service provided by PATRIC (version 3.6.6, https://www.patricbrc.org/) (Wattam et al., 2017).

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical tests were performed using R (version 4.0.1). Details of statistical tests are also provided in Results and Figure legends.

Association analysis
We assessed the normality of continuous variables with Shapiro-Wilk normality test and most variables did not show a normal dis-

tribution. Before association analysis, all continuous variables were standardized to follow a standard normal distribution (N�(0, 1))

using empirical normal quantile transformation. Associations between SVs and BAs were assessed in LLD and 300-OB using linear

models with the following formula (model 1):

BA � SV + Age+Sex +BMI+Read number +Species relative abundance

To identify lineage-independent associations between SVs and BAs, inmodel 2 we added the principal components (PCs) of cor-

responding species-level population genetic makeup to the linear model, along with the covariates included inmodel 1. The number

of PCs of each species included were determined by the following procedure: (1) cumulatively summing up PCs until the explained

variance proportion reaches 60%, the counted PCs would be added as covariates inmodel 2; (2) if the explained variance proportion

was still smaller than 60% when PC10 was counted, the top 10 PCs were added as covariates. The formula of model 2 was:

BA � SV + Age+Sex +BMI+Read number +Species relative abundance+PCs

The association between species relative abundance and BA parameters were assessed in LLD and 300-OB using linear model

with following formula:

BA � Species relative abundance + Age+Sex +BMI+Read number

The association results of LLD and 300-OB were further integrated via meta-analysis with a random-effect model, whereas the

statistical heterogeneities were estimated with I2. To control the false discovery rate (FDR), Benjamini-Hochberg and Bonferroni

P-value corrections were performed using the p.adjust() function in R. The association analysis and P-value correction were conduct-

ed for vSVs, dSVs and species relative abundance separately. The replicable significant SV‒BA associations were confirmed with

following four criteria: (1) PLLD < 0.05, (2) P300-OB < 0.05, (3) FDRmeta < 0.05 and (4) Pheterogeneity > 0.05.

The differences of BA parameters between SV-based clusters within species were tested using the Kruskal-Wallis rank-sum test.

Empiric P values were estimated based on 999 permutations. For the analysis shown in Figures S6B–S6E, the Spearman correlation

coefficient was calculated between the effect size in LLD and 300-OB. In Figure S1A, the mean value ± standard deviation is shown.

The association analysis of BA-associated SVswith cardiometabolic phenotypes and stool characteristics in LLD (phenotype num-

ber = 10) and/or 300-OB (phenotype number = 14) were conducted with linear regression (quantitative traits) and logistic regression

(binary traits) in LLD and 300-OB separately, and covariates (sex, age, BMI and reads number) were added in the models.

Mediation analysis
The causal relationships between exposure factors, SVs and BAs were inferred by bidirectional mediation analysis using the R pack-

age mediation (version 4.5.0). To reduce the number of tests, before mediation analysis, we identified lifestyle‒SV‒BA groups in

which all variables correlated with each other as candidate groups with a potential causal relationship. A candidate group had to

meet the following criteria: (1) the association between the BA and SV is significant and replicable in both LLD and 300-OB based

on model 1 or model 2, (2) the association between BA and lifestyle factor is significant (P < 0.05) and (3) the association between

lifestyle factor and SV is significant (P < 0.05). We then performed bidirectional mediation analysis on the candidate variable groups

following the framework described in Figure 7A. For the vSV candidate groups, a linear model was used in each step of mediation

analysis. For the dSV candidate groups, a logistic regression model was used when the response variable was a dSV. Finally, the P-

values of indirect effects were corrected by FDR estimation.

Distance calculation
Wemerged the vSV and dSV profiles and calculated Canberra distance between all samples based on the SV profile of each species

respectively. We then standardized all matrices by dividing each matrix by its maximum distance value. To quantify the overall mi-

crobial genetic kinships between all individuals, we calculated the metagenome-wide genetic dissimilarities between all samples by

calculating the distance of shared SVs. To quantify the overall compositional differences of the BA pool, we calculated the Canberra

distance between all samples based on BA concentration profile and proportion profile. Distance matrices were computed using the

vegdist() function from R package vegan (version 2.5-6).
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PCoA and PERMANOVA
We performed principal coordinates analysis (PCoA) on Canberra distance matrices of SV and BA profiles using the cmscale() func-

tion from R package vegan. We estimated the proportion of BA pool variance explained by basic phenotypes (sex, age and BMI) and

cohort factor using permutational multivariate analysis of variance (PERMANOVA) using the adonis() function (999 permutations) from

R package vegan.

To confirmwhether the genetic differences between cohorts were confounded by species composition, we selected the top 5 PCs

of microbial abundance profile that collectively explained >60% of total compositional variance, then performed PERMANOVA to

assess the proportion of genetic variance explained by microbial composition, age, gender, BMI, total read count and cohort factor

(999 permutations).

Clustering analysis
Based on the genetic dissimilarity matrix of each species, we clustered the samples using the partitioning around medoid method

and assigned samples to clusters with a given cluster number k (k˛ [2, 10]). The best cluster numbers were determined by prediction

strength (PS) (Tibshirani andWalther, 2012), with the highest number of clusters with a PS > 0.55 considered the best cluster number.

If there was no PS value > 0.55, we assumed there was no obvious clusters within the corresponding species. The clustering results

were then visualized using PCoA plot and t-distributed stochastic neighbor embedding (t-SNE) (Kobak and Berens, 2019).

Protein 3D structure prediction and protein structure-based analysis
We obtained the BA biotransformation genes in the gut microbiome summarized by (Heinken et al., 2019) and performed blastp

against reference genomes of species with more than 10 BA associations using the PATRIC BLAST service (https://www.

patricbrc.org/app/BLAST). This identified three putative homologue genes located in BA-associated regions (E-value < 10):

CK1_08630 from Ruminococcus sp. SR1/5, RUMOBE_03494 from Blautia obeum and EUBHAL_00727 from Eubacterium hallii (EU-

BHAL_00727). Their protein structures were modeled using the artificial intelligence algorithm AlphaFold2 (Jumper et al., 2021) via

ColabFold (Mirdita et al., 2021) andMMseqs2 (Steinegger and Söding, 2017) for predicting protein structure usingmultiple sequence

alignments (Mirdita et al., 2021). Following modeling, the predicted structures were relaxed using amber force fields employing

OpenMM 7 (Eastman et al., 2017). The Local Distance Difference Test (LDDT) was used to evaluate the quality of the models (Mariani

et al., 2013; Mirdita et al., 2021). Predicted structures were then used in a structure similarity analysis against the entire protein data

bank (PDB) to identify crystal structures with similar 3D conformations using the PDBeFold server (https://www.ebi.ac.uk/msd-srv/

ssm/) (Krissinel and Henrick, 2004, 2005).
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