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The gut microbiome is affected by multiple factors, including 
genetics. In this study, we assessed the influence of host 
genetics on microbial species, pathways and gene ontology 
categories, on the basis of metagenomic sequencing in  
1,514 subjects. In a genome-wide analysis, we identified 
associations of 9 loci with microbial taxonomies and 33  
loci with microbial pathways and gene ontology terms at 
P < 5 × 10−8. Additionally, in a targeted analysis of regions 
involved in complex diseases, innate and adaptive immunity, 
or food preferences, 32 loci were identified at the suggestive 
level of P < 5 × 10−6. Most of our reported associations are 
new, including genome-wide significance for the C-type lectin 
molecules CLEC4F–CD207 at 2p13.3 and CLEC4A–FAM90A1 
at 12p13. We also identified association of a functional LCT 
SNP with the Bifidobacterium genus (P = 3.45 × 10−8) and 
provide evidence of a gene–diet interaction in the regulation 
of Bifidobacterium abundance. Our results demonstrate the 
importance of understanding host–microbe interactions to  
gain better insight into human health. 

The gut microbiome is considered to be our second genome and is 
linked to many common diseases. Numerous intrinsic and extrin-
sic factors, including diet and medication, affect its composition1–6. 
Studies in mice7,8 and in human twins6,9 have observed substantial 
heritability for some bacteria. Such a genetic effect has not, thus far, 
been investigated in humans on a large scale10,11. Several human and 
mouse studies have identified interactions between host genetics and 

the microbiome in relation to disease phenotypes12–14. For example, 
NOD2 and CARD9 risk alleles associated with inflammatory bowel 
disease (IBD) only become manifest when triggered by the gut micro-
biome15–17, indicating that genetic predisposition to diseases can 
depend on the microbiome.

In this study, we aimed to identify genomic loci that influence the 
gut microbiome in humans. We performed a three-stage association 
analysis using three Dutch cohorts—LifeLines-DEEP18 (n = 984) as 
the discovery stage and 500FG19 (n = 425) and MIBS-CO20 (n = 105) 
as replication stages—followed by meta-analysis (Online Methods). 
Genotyping and metagenome shotgun sequencing were performed 
for all samples using uniform methods and pipelines. Our full data set 
includes 1,514 individuals. Analysis was performed in two branches: 
a genome-wide branch and a focused branch for which we selected 
SNPs from four sources—genome-wide association study (GWAS) 
hits for immune and metabolic traits, innate immunity bacterial-
sensing genes, genes in the major histocompatibility complex (MHC) 
locus, and genes related to food metabolism and preferences.

We first performed genome-wide analysis of the association between 
common SNPs (minor allele frequency (MAF) > 0.05) and microbial 
taxonomies and functional units present in at least 25% of individu-
als (219 taxonomies, 636 MetaCyc pathways and 661 Gene Ontology 
(GO) terms with at least 2,000 genes (GO2000)) (Supplementary 
Table 1). For each trait, only individuals with nonzero values were 
included in the analysis (Online Methods). SNPs associated at  
P < 5 × 10−5 in LifeLines-DEEP and replicated at P < 0.01 with the 
same allelic direction were included in the meta-analysis (Fig. 1 and 
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Supplementary Table 2). In this analysis, 58 SNPs at nine loci were 
associated with microbial taxa (Fig. 2, Supplementary Fig. 1 and 
Supplementary Table 3) and a total of 33 loci were associated with 
functional units, with 21 loci associated with MetaCyc pathways 
and 12 loci associated with GO2000 groups (Fig. 2, Supplementary  
Figs. 2 and 3, and Supplementary Table 3), at P < 5 × 10−8 (false 
discovery rate (FDR) < 12%) (Supplementary Table 4a,b).

The strongest taxonomical association was observed for genus 
Blautia and family Methanobacteriaceae, for which substantial her-
itability was reported in twin studies (0.34 and 0.22, respectively)6. 
Bacteria in the Blautia genus are immunogenic epithelial-barrier-
associated microbes21 linked to abnormal Paneth cell counts22, 
Crohn’s disease and primary sclerosing cholangitis23. The associated 
block is a large intergenic region, located upstream of the LINGO2 
gene, which has been associated with body mass index (BMI), obesity 
and motion sickness24–26. Methanobacteriaceae have been linked to 
BMI and lipid levels6,27; the Methanobacteriaceae-associated SNPs at 
6q16.1 map to an extended long noncoding RNA (lncRNA), RP11-
436D23.1. Two genome-wide significant hits, at 2q37.3 and 10p12.1, 
were observed for Dialister invisus. Individuals with higher levels of 
D. invisus showed diet-dependent improvement in their inflamma-
tory and cytokine profiles28. Sutterellacea abundance was associated 
with a SNP in the VANGL1 gene (P = 4.5 × 10−8); high abundance 
of Sutterella bacteria has previously been associated with pouch 
health29,30. VANGL1 is highly expressed in gut tissues, is involved in 
wound healing of the intestinal mucosa31 and mediates the invasive-
ness and progression of colon cancer cells32,33.

For MetaCyc pathways, the strongest association was observed 
for a pathway involved in plant-derived steroid degradation (PWY-
6948). Plant sterols have been suggested to have a beneficial effect on 
metabolic syndromes34. Abundance of reads mapping to genes in this  
pathway was associated with SNPs in two independent loci: the 
SORCS2 gene (P = 3.1 × 10−9) at 4p16.1, which is also associated with 
insulin-like growth factors35, and the SLIT3 gene (P = 3.8 × 10−9) at 
5q35, which is also associated with obesity36. Another strong asso-
ciation was seen for the bile acid metabolism pathway (PWY-6518) 

(P = 9.7 × 10−9) with SNPs in the ARAP1 gene, which is involved in 
focal adhesion and also associated with type 2 diabetes37. Of the 12 
loci associated with GO terms, 2 were located near clusters of C-type 
lectin domain family 4 genes: the CLEC4F–CD207 (CLEC4K) genes 
at 2p13.3 and the CLEC4A–FAM90A1 locus at 12p13. These genes 
encode factors involved in cell adhesion, cell signaling, inflammation 
and immune response that are known to bind intestinal microbiota 
and to modulate the production of proinflammatory cytokines when 
activated. Several SNPs at the CLEC4A–FAM90A1 locus correlated 
with the GO term ‘riboflavin biosynthetic process’. Riboflavin is a 
redox mediator that can stimulate the growth of certain gut bacte-
ria, including Faecalibacterium prauznitsii38; its metabolism is also 
increased in ileal Crohn’s disease39.

Overall, we observed that the genetic variants associated with func-
tional profiles showed little overlap with the taxonomy-associated SNPs. 
Studies have shown that microbial composition can be highly variable, 
even when individuals have similar functional profiles40. We investi-
gated whether associated pathways and GO terms could be driven by 
specific microbial taxonomies by assessing pathway–bacteria and GO 
term–bacteria correlations (Supplementary Fig. 4 and Supplementary 
Tables 5 and 6). We observed that most associated pathways and GO 
terms were driven by several microbial taxonomies. This partly explains 
the low overlap between taxonomy- and function-associated loci and 
suggests that host genetics can directly shape the functional composi-
tion of the microbiome. Another explanation for this low overlap could 
be limitation of analysis power. The average zero rate (percentage of 
samples with no reads in a category (bacterial taxonomy or pathway)) 
per entry for functional data was 5%, in contrast to a rate of 35% for 
taxonomic abundance (Supplementary Table 1). The larger sampling 
for microbial function leads to higher discovery power.

We further performed a targeted analysis using less stringent 
thresholds: P < 5 × 10−4 at discovery, P < 0.05 at replication and  
P < 5 × 10−6 in the meta-analysis (Fig. 1 and Supplementary Table 2),  
corresponding to FDR < 1% (Supplementary Table 4c,d), on four 
categories of relevant immune response– and metabolism-related 
genes: genes with GWAS SNPs for immune and metabolic traits; 
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Figure 1  Data analysis workflow and association summary. (a) Analysis overview highlighting the steps taken and selections made. QTLs, quantitative 
trait loci. (b) Overview of the loci in the human genome that influence the gut microbiome.
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genes encoding innate immunity molecules involved in microbial 
sensing; genes in the MHC locus, representing the adaptive immune 
system; and genes involved in food tolerance and preferences  
(Supplementary Tables 7 and 8).

In the analysis of GWAS hits, 14 loci were associated with the gut 
microbiome (Supplementary Table 9). The strongest signal (P = 1.3 × 
10−7) was observed for the GO2000 term ‘cell–cell signaling’, associated 
with rs2155219 and located in the C11orf30–LRRC32 locus, which has 
been associated with multiple immune-related phenotypes, including 
IBD and allergy15,41. This GO term is a general functional category, 
but its abundance was correlated with the abundance of two IBD-
associated bacteria42, Coprococcus comes (rS = 0.55, P = 4.64 × 10−86)  

and Proteobacteria (rS = −0.42, P = 7.10 × 10−49). Three other IBD-
associated genes were also associated with the gut microbiome 
(Supplementary Table 9): CCL2, which contributes to microbiota-
induced inflammation in mice on a high-fat diet43; DAP2, which  
is a negative regulator of autophagy; and IL23R, which mediates  
IL-23–induced type 17 helper T cell (TH17) responses, which are 
crucial for mucosal immunity44,45. We also observed association of a 
SNP implicated in Behçet’s disease (rs1800871), located in the IL10 
gene, with the cullin–RING ubiquitin ligase complex (GO:0031461). 
IL-10 is an important immunoregulator of the gut, and mutations  
in the corresponding gene have been reported in cases of severe  
IBD46. Our findings, together with epidemiological evidence for the 

SNP Microbial taxon, MetaCyc pathway or GO term SNP Microbial taxon, MetaCyc pathway or GO term
1 rs199545687 Microtubule (GO:0005874) 21 rs6933130 L-methionine biosynthesis (PWY-5345)
2 rs12563071 Ubiquinol-8 biosynthesis (UBISYN-PWY) 22 rs7016086 Ubiquinol-7 biosynthesis (PWY-5873)
3 rs958798 Transcription regulation from RNA Pol II (GO:0045944) 23 rs1041530 Seleno-compound metabolism (PWY-6395)
4 rs12048670 Polyamine biosynthesis II (POLYAMINSYN3-PWY) 24 rs11606643 Innate immune response (GO:0045087)
5 rs4553849 Creatinine degradation II (PWY-4722) 25 rs9669179 Ribo�avin biosynthetic process (GO:0009231)
6 rs6546647 Embryonic morphogenesis (GO:0048598) 26 rs7133214 L-methionine salvage cycle I (PWY-7528)
7 rs2084597 Starch degradation III (PWY-6731) 27 rs7992913 L-isoleucine biosynthesis I (PWY-3001)
8 rs17770672 Demethylmenaquinol-9 biosynthesis (PWY-5862) 28 rs74773701 + rs4144435 P562-PWY + GO:0042823
9 rs2166811 Oxidoreductase activity (GO:0016706) 29 rs113062739 Demethylmenaquinol-9 biosynthesis (PWY-5862)
10 rs4973961 Thiamine biosynthesis (PWY-7282) 30 rs17789629 Sulfuric ester hydrolase activity (GO:0008484)
11 rs924067 4-chlorobenzoate degradation (PWY-6215) 31 rs2285198 Cell proliferation (GO:0008283)
12 rs1497266 Thiamine diphosphate biosynth. proc. (GO:0009229) A rs12137699 Family Sutterellaceae

Species Dialister invisus
Class Methanobacteria
Genus Blautia
Species Dialister invisus
Species Bacteroides xylanisolvens
Family Acidaminococcaceae
Species Lachnospiraceae bacterium 1 1 57FAA
Family Oscillospiraceae

13 rs10935496 Drug transmembrane transporter act. (GO:0015238) B rs7605872
14 rs35598536 Chorismate biosynthesis I (ARO-PWY) C rs4548017
15 rs10012347 Sitosterol degradation (PWY-6948) D rs10813066
16 rs12645801 Glycocholate metabolism (PWY-6518) E rs1889714
17 rs1666789 PROTOCATECHUATE-ORTHO-CLEAVAGE-PWY F rs16913594
18 rs78533343 Aerobic respiration I (PWY-3781) G rs17115310
19 rs2163761 + rs56879175 PWY-6948 + GO:0003697 H rs10743315
20 rs9475677 Methylaspartate cycle (PWY-6728) I rs2834288
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Figure 2  Manhattan plot of genome-wide associations with microbes and functional units (MetaCyc pathways and GO2000 terms). The Manhattan plot 
shows QTLs for microbial abundance, labeled with letters, and QTLs for microbial function, labeled with numbers. Details for the associations are given 
in the table below; QTLs for microbial abundance are italicized. The red line corresponds to a significance threshold of 5 × 10–8.
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Figure 3  Complex interaction between a functional LCT variant, dairy intake and Bifidobacterium abundance. (a) Microbial QTL plots showing 
association of a functional LCT SNP (rs4988235) with the abundance of Bifidobacterium. The three plots show the effect of genotype at the functional 
SNP on Bifidobacterium abundance. The plots are a combination of violin plots and box plots; box plots show the median and the 25% and 75% 
quantiles. LLD, LifeLines-DEEP. (b) Interaction of LCT genotype, intake of dairy products and Bifidobacterium abundance in the three cohorts. Data 
on total dairy consumption were unavailable for the 500FG cohort, but the same trend was observed with respect to data on the number of glasses of 
milk drunk per day in this cohort. Pdiff shows the significance of the difference in the correlation of diary product consumption and Bifidobacterium 
abundance between the two genotype groups, GG versus AA and AG (Online Methods).
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role of infections in Behçet’s disease47, encourage further investigation 
into the gut microbiome in these patients.

We also identified associations with several metabolic loci, includ-
ing SNPs located in two genes encoding lipid transfer proteins, PLTP 
and APOE48,49, and in the PPARG gene, which encodes a regulator of 
fatty acid storage and glucose metabolism involved in lipodystrophy 
and type 2 diabetes50–52. Finally, we observed an interesting associa-
tion between the abundance of Lactococcus bacteria and a SNP asso-
ciated with body fat distribution (rs2294239) that affects expression 
of the nearby ZNRF3 gene. ZNRF3 is a negative regulator of Wnt 
signaling in Paneth cells53,54 and acts as a tumor suppressor in gastric 
cancer55. Thus, association of the microbiome with several GWAS 
SNPs suggests that the link between host genetics and immunological 
and metabolic phenotypes can be mediated by gut microbiota.

To investigate the effect of variation in host immune genes on 
the microbiome, we selected key molecules for microbial sensing in 
innate immunity on the basis of previous studies56–58 (Supplementary  
Table 8). Furthermore, we imputed all SNPs, amino acids and alleles 
for HLA-A, HLA-B, HLA-C, HLA-DQ, HLA-DP and HLA-DR genes 
located in the MHC region. Only two genetic variants in the MHC 
region were associated: an amino acid encoded in the HLA-B gene 
and SNP rs3873352 located near the MUC22 gene (Supplementary  
Table 10). Many more associations were observed with innate immu-
nity (Supplementary Table 11). Fifteen loci encoding sensors involved 
in innate immunity were associated with microbiome composition 
or function at P < 5 × 10−6. In particular, the NOD2 locus (a strong 
risk locus for Crohn’s disease, previously linked with microbiome 
composition16) was associated with the MetaCyc pathway abundance 
of enterobactin biosynthesis. This pathway showed strong correla-
tion with the abundance of Escherichia coli (Supplementary Table 5). 
Enterobactin produced by E. coli inhibits myeloperoxidase (MPO), 
a bactericidal host enzyme, thereby providing a survival advan-
tage that allows E. coli to bypass host innate immune responses in 
inflammatory gut disease59. Moreover, SNPs in the NOD1 gene were 
associated with several pathways or GO categories, most of which 
were also driven by Enterobacteriales and, in particular, by E. coli.  
This bacterium is commonly associated with gut inflammation  
and Crohn’s disease60,61.

Consistent with the genome-wide associations detected for the 
CLEC gene clusters, targeted analysis found associations with two 
other CLEC loci: the CLEC gene clusters at 12p13.3 (CLEC6A, 
CLEC4E and CLEC7A) and CD209–CLEC4G (dectin-1) at 19p13.2 
(Supplementary Table 11). C-type lectin receptors, together with 
Toll-like and NOD-like receptors, have a major role in microbial 
recognition and in activation of the inflammatory reactions that are 
essential for controlling infections62. Mice lacking Clec7a (dectin-1) 
have increased severity of chemically induced colitis, and polymor-
phisms in the CLEC7A gene in humans are linked to increased sever-
ity of ulcerative colitis63. In general, our analysis indicated a stronger 
link of microbiota composition and function with genes involved in 
innate receptors than with adaptive immunity genes.

As it is known that food intake can be affected by the host genome, 
we also selected SNPs from seven genes involved in food metabo-
lism and/or consumption preferences for analysis (Supplementary  
Table 8). SNPs located in the LCT locus were associated with five 
GO terms at P < 5 × 10−6 (Supplementary Table 12). The LCT locus 
has been widely studied in relation to adult-type lactose intolerance 
(hypolactasia) and the inability of adults to digest milk64,65. The func-
tional SNP rs4988235 tags the primary haplotype associated with 
hypolactasia in European populations and predisposes to hypolacta-
sia when homozygous for the G allele66. Given previous observations  

linking this functional variant to Bifidobacterium9,10, we used a 
recessive model to investigate the relationship between rs4988235 
and abundance of Bifidobacterium. Indeed, we observed that the 
GG genotype was related to high abundance of Bifidobacterium  
(P = 3.45 × 10−8) (Fig. 3a). Next, we tested whether this haplotype 
and Bifidobacterium abundance were associated with the consump-
tion of dairy products. Quantitative information on dairy intake was 
available for the LifeLines-DEEP and MIBS-CO cohorts. We did not 
observe a significant difference in dairy product consumption among 
individuals with different genotypes at rs4988235, nor was there any 
correlation between dairy product consumption and Bifidobacterium 
abundance (Supplementary Fig. 5). However, we found that the 
abundance of Bifidobacterium was dependent on an interaction 
between genotype and intake of dairy products. In individuals with 
the GG genotype, a relationship between Bifidobacterium abundance 
and milk product consumption was observed in both the LifeLines-
DEEP and MIBS-CO cohorts (Pmeta = 0.0144) (Fig. 3b). In the 500FG 
cohort, a similar trend was observed, although it was not significant  
(Fig. 3b). In summary, we detected the recessive effect of an LCT 
functional variant on the abundance of Bifidobacterium and found 
evidence of interaction between host genetics and diet in regulating 
microbiome composition.

In conclusion, we performed a GWAS of gut microbiome compo-
sition and function, accessed by metagenomic sequencing in a large 
population-based cohort of 1,514 individuals. We identified multiple 
associations of genetic variants with human gut microbiome com-
position and function, which highlight the role of sensor molecules 
in innate immunity, particularly C-type lectins, in gut homeostasis  
and provide evidence for an interaction between host genetics, 
diet and the microbiome. Identifying associations between human  
genetics and the gut microbiome, and exploring their interactions, can 
provide insights into the role of the microbiome in complex diseases 
and drive the development of therapies to modulate the microbiome 
toward better health.

URLs. Human Functional Genomics Project, http://www. 
humanfunctionalgenomics.org/; HUMAnN2, http://huttenhower.
sph.harvard.edu/humann2; MetaCyc metabolic pathway database, 
http://www.metacyc.org/.

Methods
Methods and any associated references are available in the online 
version of the paper.

Accession codes. The LifeLines-DEEP and MIBS metagenomics 
sequencing data are available at the European Genome-phenome  
Archive (EGA); LifeLines-DEEP, EGAS00001001704; MIBS, 
EGAS00001001924. The 500FG data are available at the Sequence 
Read Archive (SRA): PRJNA319574.

Note: Any Supplementary Information and Source Data files are available in the 
online version of the paper.
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ONLINE METHODS
Cohort descriptions. This study uses three independent Dutch popula-
tion cohorts: the LifeLines-DEEP cohort as a discovery cohort and the 500 
Functional Genomics cohort (500FG) and the controls in the Maastricht IBS 
cohort (MIBS-CO) as replication cohorts. The LifeLines-DEEP cohort consists 
of 1,539 individuals from the three northern provinces of the Netherlands 
(636 males and 903 females, age range 18–84 years)1. The replication cohorts 
comprise 534 individuals from the 500FG cohort (from the Human Functional 
Genomics Study; 237 males and 296 females, age range 18–75 years) and 105 
healthy controls from the MIBS cohort (42 males and 63 females, age range 
19–71 years)20. We confined our analysis to the set of individuals with both 
high-quality genotype and high-quality microbiome data: 984 individuals 
from LifeLines-DEEP, 425 individuals from 500FG and 105 controls from 
MIBS (MIBS-CO).

For all three cohorts, extensive phenotype information was available, 
including food intake. For 500FG, this was based on questionnaire data 
for selected food items. LifeLines-DEEP and MIBS used a validated food  
frequency questionnaire67,68.

Informed consent. The LifeLines-DEEP and MIBS-CO studies were approved by 
the institutional ethics review boards of the UMCG and MUMC (ClinicalTrials.
gov NCT00775060). The 500FG study was approved by the Ethical Committee 
of Radboud University Nijmegen (NL42561.091.12, 2012/550). All participants 
signed an informed consent form. This study was approved by the institutional 
ethical review board of the UMCG, M12.113965.

Genotyping. For all three cohorts, genome-wide genotyping was performed 
and the remaining SNPs and HLA alleles were imputed. Genotyping of the 
LifeLines-DEEP samples is described in Tigchelaar et al.18. In short, indi-
viduals were genotyped using both the HumanCytoSNP-12 BeadChip and 
Immunochip, a customized Illumina Infinium array. The data were merged 
and subsequently imputed using the Genome of the Netherlands (GoNL) data 
set69. We removed ancestry outliers and genetically related participants to 
include a total of 1,268 individuals in the final genetic study.

For the 500FG and MIBS cohorts, DNA samples from 516 500FG and 288 
MIBS (cases and controls) individuals were genotyped using the commer-
cially available SNP chip Illumina HumanCoreExome-12 v1.1. Genotype 
calling was performed with Opticall 0.7.0 (ref. 70) using the default settings. 
Samples with a call rate ≤0.99 were excluded from the data set, as were variants  
with a Hardy–Weinberg equilibrium P value ≤0.0001, call rate ≤0.99 or MAF 
≤0.001. Ancestry outliers were identified from multidimensional scaling plots 
of samples merged with 1000 Genomes Project data and were then removed 
from our data set. This filtering step resulted in two high-quality genetic data 
sets of 487 500FG individuals and 287 MIBS individuals. The final data con-
tained genotype information for 518,980 variants in both data sets for further 
imputation. The strands of the variants were aligned, and identifiers were 
updated to a combined reference of 1000 Genomes Project phase 3 v5 (ref. 71)  
and the GoNL data set69 using Genotype Harmonizer72. The data were 
phased using SHAPEIT2 v2.r644 (ref. 73) with the combined reference panel.  
Finally, these data were imputed using IMPUTE2 (ref. 74) with GoNL as the 
reference panel75.

Further, we imputed the HLA region in the three cohorts using the T1DGC 
reference derived from the SNP2HLA v 1.0.2 (ref. 76) reference and developed 
by the Type 1 Diabetes Genetics Consortium (TIDGC)76. We converted the 
SNP2HLA reference to a build 37 IMPUTE2 reference and separately har-
monized and imputed our data sets using IMPUTE2 (ref. 74). In total, this  
study tested associations for 8.1 million SNPs in the genome-wide analysis 
and 8,606 variants in the HLA region.

Metagenomic sequencing. Sequencing and read filtering. Metagenomic 
sequencing was performed for 1,179 LifeLines-DEEP samples, 520 500FG 
samples and 626 MIBS samples (cases and controls) using the Illumina HiSeq 
platform. Within 2 weeks of participants giving a blood sample, they collected 
fecal samples at home and stored them immediately at −20 °C. After transport 
to the research laboratory on dry ice, fecal samples were stored at −80 °C. 
Aliquots were made, and DNA was isolated with the AllPrep DNA/RNA Mini 
kit (Qiagen, 80204) with the addition of mechanical lysis. Reads were quality 

filtered, and adaptor removal was performed using Trimmomatic (v.0.32)77. 
An average of 3.0 Gb of data (around 32.3 million high-quality reads) was 
obtained per sample. Reads belonging to the human genome were removed 
by mapping the data to the human reference genome (version NCBI37) with 
Bowtie2 (v.2.1.0). Finally, 99 samples with fewer reads than our threshold of 
15 million reads were removed (44 samples from LifeLines-DEEP, 10 samples 
from 500FG and 45 samples from MIBS).

Microbial data processing. The profile of microbial composition was deter-
mined using MetaPhlan 2.2 (ref. 78), which uses a set of ~1 million markers 
(average of 184 marker genes for each microbial clade) from >7,500 species. 
MetaPhlan 2.2 reported the abundance of 1,772 microbial taxonomies in our 
data, including 21 phyla, 32 classes, 50 orders, 108 families, 235 genera and 
678 species from four different domains. We further normalized the taxonomy 
data using an arcsin square root transformation and corrected the normalized 
nonzero data for age, sex and read depth.

Functional profiling was performed using HUMAnN2, which maps reads to 
a customized database of functionally annotated pan-genomes. This analysis 
showed the abundance of 5,379,353 gene families from the UniProt Reference 
Clusters that were further mapped to 773 pathways from the MetaCyc meta-
bolic pathway database. We grouped gene families on the basis of GO79,80. 
Using the hierarchy in GO, we isolated a subset of ‘informative’ GO terms, 
which we defined as those associated with >2,000 proteins for which no 
descendant term was associated. This yielded a set of 611 non-redundant 
GO terms for subsequent analysis. Details about the grouping can be found 
in Vatanen et al.81. For the gene counts for MetaCyc pathways and GO2000 
terms, we first quantile normalized the data and then corrected the normalized 
nonzero data for age, sex and read depth.

Relating abundances of microbes, pathways and genes. As we extracted mul-
tiple levels of information on microbial abundance and functional entities 
from the metagenomics data, we also investigated the correlations between 
microbial taxonomies and pathways/GO terms using Spearman’s rank cor-
relation in the R ‘base’ package. Co rPvalues were Bonferroni corrected for 
the number of tests performed in each case (number of microbial taxonomies 
on the specified taxonomic level multiplied by the number of pathways or 
GO terms). All correlations mentioned were significant after correction for 
multiple testing.

Quantitative trait locus association analysis. We confined genetic analysis 
to the taxonomies, MetaCyc pathways and GO2000 terms that were present 
in at least 25% of the samples in our data sets. In total, 236 taxonomies, 636 
MetaCyc pathways and 611 GO2000 terms were included for analysis in the 
LifeLines-DEEP discovery cohort. We were able to perform replication analysis 
for 219 taxonomies, 636 MetaCyc pathways and 611 GO2000 terms in the 
replication cohorts.

To link microbial composition and function to genetic variation, normal-
ized abundance values of taxonomies, GO2000 terms and MetaCyc pathways 
were treated as quantitative traits and we used rank-based Spearman correla-
tion analysis to identify association with the genotype of each SNP. For each 
trait, only individuals with nonzero values were included. These analysis steps 
have been incorporated into our QTL mapping pipeline82, along with various 
quality control steps. For this specific application, microbiome QTL mapping, 
we have included a filter for zero counts, to only incorporate nonzero values 
during the analysis. We chose to do so because zero counts can cause the data 
distribution to depart from normality, thus inducing a bias when correcting 
for the effect of age, sex and sequence depth using a linear model. In such a 
way, the number of samples can differ per taxon or bacterial pathway, thereby 
affecting analysis power. The common taxa or pathways have more nonzero 
values, yielding more power to identify QTLs.

We preformed QTL mapping in three steps. Association was first tested in 
the LifeLines-DEEP cohort. It was then replicated by a meta-analysis in the 
500FG and MIBS cohorts. Finally, we performed a full meta-analysis over all 
three data sets. In this way, we performed genetic analysis at both the genome-
wide level and the targeted gene level (Fig. 1 and Supplementary Table 2).

Genome-wide association. At the genome-wide level, we performed asso-
ciation analysis for all 8.1 million SNPs. Associations with bacteria, pathways  
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and GO2000 terms were first identified at a P-value threshold of 5 × 10−5 in 
the discovery cohort. We then replicated these associations in the replication 
cohorts and selected associations that were replicated at P < 0.01 in the same 
allelic direction as in the discovery cohort. For these associations, we then 
performed a meta-analysis using a weighted z approach to combine associa-
tion signals across the three cohorts. Only associations at P < 5 × 10−8 have 
been reported.

Targeted gene approach. For this analysis, we selected SNPs from four differ-
ent categories: (i) SNPs associated with GWAS hits for immune and metabolic 
phenotypes, (ii) genes involved in innate microbial sensing, (iii) genes involved 
in adaptive microbial sensing (MHC locus) and (iv) genes involved in food 
metabolism and food preferences.

For GWAS-associated SNPs, we extracted immune response– and metabolism- 
related SNPs from the GWAS catalog and from recent Immunochip and 
Metabochip studies listed in Bonder et al.83. The selection of GWAS SNPs 
and their associated diseases is presented in Supplementary Table 7. For genes 
involved in innate microbial sensing, we included all 26 pathogen receptor 
and adaptor molecules described in Casals et al.56. We also added MUC2 and 
NLRP6 (their roles in bacterial sensing were recently described in Caballeor 
et al.58). We also included C-type lectin molecules for their role in patho-
gen recognition84 and three viral recognition receptors, MDA5 (encoded by 
IFIH1), RIG1 (encoded by RARRES3) and MAVS85. For adaptive immunity, 
we included all the genes from the MHC locus. We performed imputation of 
amino acids and allelic variants of the MHC molecules, as described above. 
For food tolerance and food preferences, we included loci on the basis of their 
association in GWAS and other literature studies (Supplementary Table 8).

For candidate genes in innate and adaptive immunity and food-related 
genes, we defined a region of 250 kb around the genes and tested all SNPs in 
this region. We selected a total of 76,444 SNPs for the targeted gene approach, 
in which we adopted the same methods as for the GWAS analysis, but with a 
less stringent cutoff. Associations with bacteria, pathways and GO2000 terms 
were first identified at a P-value threshold of 5 × 10−4 in the discovery cohort. 
We then replicated these associations in the replication cohorts and selected 
associations that were replicated at P < 0.01 in the same allelic direction as in 
the discovery cohort. For these associations, we further performed a meta-
analysis using a weighted z approach to combine association signals across the 
three cohorts. Only associations at P < 5 × 10−6 have been reported.

Statistical significance. In our analysis, we use a conservative three-stage 
approach to identify associations between the gut microbiome and host genet-
ics. For genome-wide analysis, we assumed that 109 unrelated pairwise tests 
were performed between 1 million unrelated SNPs and approximately 1,000 
unrelated microbial traits. In the first stage, we selected all associations at  
P < 5 × 10−5 in the discovery data set. Therefore, we expect 50,000 false posi-
tives (5 × 10−5 × 109 tests performed). In the second stage we used a replication 
threshold of 0.01. After the second stage, we expect to have 500 false positive 
results. In the third stage, we performed a meta-analysis using the weighted 
z-score approach86 over both the discovery and replication cohorts, here using 
a more stringent threshold of P < 5 × 10−8.

Multiple P-value combinations, in the first and second stages, can reach 
the final desired meta P-value threshold (Supplementary Table 4a,b). For 
example, if the P value in the first stage is 5 × 10−5, the P value in the second 
stage needs to be lower than 3 × 10−5 to meet the meta P-value threshold of 
5 × 10−8. In the case of the aforementioned P-value thresholds, the expected 
number of false positive results would be 1.5. The maximum number of false 
positive results in our three-stage approach is 5, depending on the combination 
of first- and second-stage P values (Supplementary Table 4b). As we found 
42 associations, we expect an FDR of 12%.

For the targeted analysis, we report all associations that passed the meta 
P-value threshold of P < 5 × 10−6. Given our setup, explained above, and 
application of the chosen thresholds (P < 5 × 10−4 in the initial discovery,  
P < 0.05 in the first replication and the final P < 5 × 10−6), our sample sizes, 
the 85,405 targeted SNPs and the roughly 1,000 unrelated microbial traits, 
the chance of the association being sporadic is very minor (Supplementary  
Table 4c,d). Given that we found 32 independent loci at this level of signifi-
cance, we expect our FDR to be <1%.

Analysis of the LCT locus. The genetic variant rs4988235 at the LCT locus is 
known to have a recessive effect on lactose intolerance. The homozygous GG 
genotype will result in lactase deficiency, and individuals with a GG genotype 
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‘metap’ v.0.6-2.
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R package ‘psych’ v.1.5.8.

For the LCT associations described above, we selected only participants for 
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Functional annotation of SNPs. For the associated SNPs, we further charac-
terized their functions by looking into their association with complex traits 
and effect on gene expression using multiple eQTL data sets. Multitissue eQTL 
results from the GTEx Consortium87 were used in the annotation, including 
sigmoid colon, transverse colon, small intestine, esophagus, gastroesophageal 
junction, mucosa and muscularis from the esophagus, and from the eQTL data 
set in a large number of blood samples derived from Zhernakova et al.88.
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