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Abstract

The human microbiome is a complex ecosystem of microorganisms 
that inhabit the human body and have a crucial role in human health. 
Microbiome composition is shaped by its interaction with many factors, 
including human genetics. Advances in genomic technologies are 
improving the ability to quantify the effect of human genetics on the 
microbiome through improved heritability studies and microbiome 
genome-wide association studies (GWAS). Complementary studies 
using transcriptomic analyses are providing a more comprehensive 
view of the bidirectional relationship between host gene expression and 
the microbiome. The resulting insights into the genetic mechanisms 
driving host–microbiome interactions will ultimately contribute to the 
development of personalized medicine and targeted therapies.
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humans and animals. We focus exclusively on the gut microbiome, 
as the gut has been the primary target of microbiome heritability stud-
ies because of its accessibility, high microbial density and established 
links to human health and disease. We review key findings from twin 
and family-based studies, along with recent large-scale analyses that 
provide insights into the genetic component of microbiome variation. 
These studies collectively reveal the extent to which host genetics 
shapes microbiome composition across different populations and 
environmental contexts.

Microbiome heritability in humans
Early investigations of human microbiome heritability primarily uti-
lized 16S rRNA gene amplicon sequencing in twin-based or family-based 
study designs. These pioneering studies established methodologi-
cal frameworks for quantifying genetic contributions to microbiome 
composition and identified initial taxa showing significant heritability 
patterns. A landmark study that estimated the heritability of several 
gut bacterial taxa in 416 twin pairs from the UK found that the family 
Christensenellaceae was the most highly heritable taxon (h2 = 0.39) but 
also reported significant heritability for other taxa, including Methano-
brevibacter and Blautia15. A follow-up study with an expanded cohort 
of twins found that of 945 shared taxa, 8.8% were significantly herit-
able, with heritability estimates greater than 0.2 (ref. 17). Moreover, 
longitudinal sampling showed a positive correlation between herit-
ability and temporal stability17. A GWAS in the Hutterite population 
identified several bacterial taxa with significant heritability, including 
Akkermansia, a genus related to obesity, and Bifidobacterium, a genus 
with known health-promoting properties18,19. These early investigations 
consistently revealed moderate heritability for various gut microbiome 
features, typically ranging from 0.1 to 0.4 for individual taxa or com-
munity metrics. Notably, heritability estimates varied considerably 
among different bacterial taxa, suggesting that host genetic influences 
are not uniform across the microbiome. Some taxa with potential health 
benefits, such as Christensenellaceae and Methanobrevibacter, consist-
ently showed high heritability, indicating robust host genetic control 
over these microorganisms20,21.

More recent microbiome heritability studies used larger sample 
sizes, diverse population cohorts and extensive metadata to quan-
tify microbiome heritability, which increased their statistical power 
(Fig. 2a). Moreover, use of shotgun metagenomic sequencing enabled 
species-level profiling and functional analysis of the entire microbial 
community. A large-scale GWAS of more than 1,000 Israeli individuals 
from different self-reported ancestries that combined gut microbiome 
data with host genotyping found that the environment had a domi-
nant role in shaping the microbiome, with only about 2% of microbial 
taxa showing significant heritability22. Another GWAS, which used a 
multi-ethnic cohort to explore the interaction between host genetics, 
ancestry and the gut microbiome, identified several ancestry-specific 
microbial associations, highlighting the importance of considering 
population diversity in microbiome research23. Similarly, analysis 
of microbiome and host genetic data in two twin cohorts that were 
integrated as part of the MiBioGen consortium24 found 19 taxa with 
significant heritability values25. Importantly, the heritable taxa were 
enriched among the taxa associated with host genetic variation. 
In another large GWAS, gut microbiome heritability was found to vary 
across ethnicities26. Despite identifying a large number of microbial 
taxa as significantly heritable in the full cohort, only two taxa had 
heritability greater than 0.2: Bacteroides uniformis and Prevotellaceae. 
A study using gut microbiome, genetic, lifestyle and diet data from 

Introduction
The human microbiome is a vast community of microorganisms, includ-
ing bacteria, viruses, archaea and fungi, that inhabit our bodies, par-
ticularly the gut. This complex ecosystem has a crucial role in human 
health and well-being. The microbiome aids in digestion, helps regulate 
our immune system and produces essential vitamins1–3. Importantly, 
alterations in the microbiome are linked to various health issues, includ-
ing obesity, autoimmune disorders and cancer4–8. Thus, understanding 
the factors that shape the composition of the microbiome is a key focus 
of current biomedical research.

Microbiome composition is influenced by a myriad of environ-
mental factors, such as diet, medication use and the host’s social 
context9–12. Another factor that can shape microbiome composition 
is host genetics12. Since the early days of microbiome research, consid-
erable effort has been dedicated to exploring the relationship between 
genetic factors and microbiome composition. Early family-based stud-
ies (Box 1) revealed that there is a relationship between host relatedness 
and the human microbiome. Specifically, studies demonstrated that 
individuals within the same family have more similar microbiomes than 
unrelated individuals, and that similarity in gut microbial communities 
is significantly higher in monozygotic twins than in dizygotic twins13. 
As twin pairs raised together are assumed to share a common environ-
ment, this difference is attributed to the greater genetic similarity 
between monozygotic twins than dizygotic twins. That the microbiome 
is at least partially heritable and is influenced by host genetic variation 
was further supported by quantitative trait locus mapping in mice, 
which identified genetic loci associated with the abundance of specific 
gut bacterial taxa14.

More recently, advances in sequencing approaches and com-
putational tools have improved and expanded the ways in which 
the heritability of the microbiome can be assessed. The reduction in 
sequencing costs and advances in computing power have significantly 
increased the number of samples included in twin studies and micro-
biome genome-wide association studies (GWAS), enabling large-scale 
analyses to be conducted in much shorter time frames. Twin stud-
ies have allowed researchers to estimate heritability by leveraging 
known genetic similarities15 (Box 1). In addition, microbiome GWAS 
have grown in both number and sample size (Fig. 1 and Box 1). These 
studies not only measure heritability but also identify host genetic vari-
ation associated with microbiome composition and other microbiome 
quantitative traits, such as community-level diversity measures, taxa 
abundances, single-nucleotide polymorphisms (SNPs) and structural 
variants (Fig. 1 and Box 2).

Here, we review recent progress in our understanding of how 
human genetics is linked to the microbiome. We first discuss micro
biome heritability studies and microbiome GWAS, synthesizing 
recent results and insights into the biological mechanisms driving 
validated associations. We then discuss microbial regulation of host 
gene expression, reviewing the latest studies in this emerging field 
and the molecular mechanisms underlying host gene–microbiome 
cross-talk. Lastly, we present an overview of current challenges in 
associating host genetics with variation in the microbiome and discuss 
the new genomic technologies and computational approaches that 
will shape future research.

Microbiome heritability
Heritability of complex traits is typically assessed using twin studies, 
GWAS and family-based designs16 (Box 1). In this section, we discuss 
studies that have assessed the heritability of the gut microbiome in 
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thousands of families found that only around 6.6% of gut microbial taxa 
are heritable, and that the most heritable taxon, Proteobacteria, had a 
heritability estimate of 0.3 (ref. 27). More recently, studies have started 
investigating the heritability of traits other than taxa abundance; for 
example, quantification of the heritability of structural variation in 
the gut microbiome showed that dozens of structural variants are 
potentially heritable microbial traits28.

Together, these recent studies show that microbiome heritability 
is overall moderate, and lower than that found in earlier studies with 
smaller sample sizes. Although there is some variability in the taxa 

identified as heritable across studies, the heritability values are mostly 
in the same range (Fig. 2a). Moreover, some taxa show high heritability 
across studies; for example, Christensenellaceae, which was also found 
to be heritable in earlier studies15,17,29, and Bifidobacteria, which was 
found to be heritable across several studies and populations, with a spe-
cific association near the human LCT gene (see ‘The LCT locus, diet and 
gut Bifidobacterium’ section)25,30. In addition, the overall distribution 
of heritability estimates across microbiome traits is relatively similar 
across studies, and comparable with the distribution of heritability 
estimates for hundreds of non-microbiome complex traits in the UK 

Box 1 | Methodological approaches for studying host–microbiome interactions
 

Host–microbiome interactions can be studied through various 
approaches, each with distinct advantages and limitations for 
revealing different aspects of this complex relationship.

Family-based and twin studies. These study designs leverage known 
genetic relationships to estimate heritability of microbiome traits. 
In twin studies, heritability is typically calculated by comparing 
trait concordance between monozygotic twins (who have 100% 
genetic similarity) and dizygotic twins (50% genetic similarity on 
average), with higher concordance in monozygotic twins indicating 
genetic influence15. Family-based designs examine microbiome 
similarity across related individuals with varying degrees of genetic 
relatedness18. Both approaches help distinguish genetic from 
environmental influences but require careful control of shared 
environmental factors, such as diet and household exposures, 
which can confound the estimation of genetic effects.

Microbiome GWAS. Genome-wide association studies (GWAS) 
identify specific host genetic variants associated with microbiome 
features by testing millions of host genetic variants against microbial 
traits23,42. The microbiome is characterized using either 16S rRNA 
gene amplicon sequencing, providing taxonomic composition 
at a broad level, or shotgun metagenomic sequencing, which 
offers species-level resolution and information on the functional 
potential and genetic variation within microbial genomes. 
Microbial traits in GWAS can be defined in multiple ways: 
as binary traits (presence or absence of taxa), quantitative measures 
(relative abundance), diversity indices or functional pathways 
(Box 2). Statistical approaches must account for the non-normal 
distribution of microbiome data, often employing linear models with 
appropriate transformations, zero-inflated models for sparse data 
or non-parametric tests120,152. In addition to identifying specific loci, 
GWAS data can also be used to estimate heritability by quantifying 
the proportion of phenotypic variance explained by all measured 
genetic variants, providing insights into the overall genetic 
architecture of microbiome traits119. These heritability estimates are 
often lower than those from twin studies, as they typically capture 
only the contribution of common genetic variants and may miss 
rare variants or structural genomic elements that influence the 
microbiome.

Transcriptome-based approaches. These methods investigate 
how the microbiome influences host gene expression and vice 
versa. Bulk RNA sequencing (RNA-seq) measures average gene 

expression across a population of cells within a tissue in association 
with microbiome features, providing a broad view of host 
transcriptional changes75,85. For higher resolution, single-cell RNA 
sequencing (scRNA-seq) reveals host cell type-specific correlations 
to microbiome signals, allowing researchers to understand which 
host cell populations are most affected by microbial presence. Spatial 
transcriptomics takes this further by mapping host gene expression 
changes in specific tissue regions with distinct microbial colonization 
patterns, preserving the spatial context of host–microbiome 
interactions93,114. Additionally, expression quantitative trait locus 
analysis can identify host genetic variants that influence both host 
gene expression and microbiome traits, potentially uncovering 
mechanistic links between host genetics, gene regulation and 
microbial communities153.

Animal models and experimental validation. Animal models 
provide useful systems for both identifying and validating 
host–microbiome interactions. Quantitative trait locus mapping 
in model organisms identifies host genetic loci associated with 
microbial traits by leveraging controlled breeding and greater 
environmental standardization than is possible in human studies14,35. 
These approaches use crosses between inbred lines or diverse 
animal populations to map specific genomic regions that influence 
microbiome composition or function. In addition to genetic mapping, 
animal models enable functional validation of microbiome–host 
interactions to establish causality beyond associations. Gnotobiotic 
animal models with defined microbial communities allow testing 
of specific hypotheses about how microorganisms influence host 
physiology in a controlled setting66. Organoid co-culture systems 
provide an alternative approach using 3D tissue cultures exposed 
to specific microorganisms or communities, enabling the study of 
epithelial responses to microbial signals118. CRISPR-based screens 
offer systematic perturbation of host genes to identify those affecting 
microbiome composition or response to microbial presence.

Multi-omic integration. Combining multiple host genomic and 
microbiome data types can provide a comprehensive view of 
host–microbiome relationships. These approaches integrate 
various omic layers, such as host transcriptomics (including bulk 
RNA-seq or scRNA-seq and spatial transcriptomics), metagenomics, 
metatranscriptomics, metaproteomics and metabolomics, and use 
machine-learning approaches to capture complex patterns across 
high-dimensional and heterogeneous datasets, offering a more 
complete picture of host–microbiome dynamics124.
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Fig. 1 | Overview of microbiome GWAS and their conceptual framework. 
a, Conceptual framework for identifying host–microbiome genomic associations 
in microbiome genome-wide association studies (GWAS). Microbiome GWAS 
aim to identify associations between genetic variations in the host’s genome and 
specific microbial traits (such as taxa, pathways or microbial single-nucleotide 
polymorphisms (SNPs)). b, The number of participants sampled in microbiome 
GWAS, per study (bars) and cumulatively (line). Studies based on 16S rRNA gene 
amplicon sequencing (red circles), studies based on shotgun metagenomic 

sequencing (blue squares) and the study relying on both methodologies (purple) 
are highlighted. The number of sampled participants reflects what was reported 
in the original studies, therefore overlap between participants across different 
studies is possible and is not considered in this representation. The number of 
participants enrolled in microbiome GWAS has grown over time, with several 
studies now including more than 5,000 participants. c, Countries sampled by the 
publicly available human gut microbiome GWAS (left) and their representation in 
relation to the global human population (right).
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Biobank (Fig. 2b). Interestingly, heritable taxa do not share consistent 
phylogenetic or functional characteristics. This pattern suggests that 
heritability may be driven by host genetic factors that influence specific 
microenvironmental conditions in the gut rather than direct selection 
for particular taxonomic groups, potentially explaining why diverse 
and functionally distinct taxa can exhibit similar heritability patterns. 
Lastly, all studies emphasize the substantial role of environmental 
factors in shaping the microbiome, consistent with earlier research.

Microbiome heritability in animals
Microbiome heritability studies also reveal some inconsistencies and 
contradictions, and the magnitude of genetic influence on the micro-
biome has been a notable point of contention22,31. For example, the 
identity of significantly heritable taxa varies across studies (Fig. 2a), 
with most taxa fluctuating in their apparent genetic influence depend-
ing on the population studied. These inconsistencies reflect some of the 
common challenges associated with studying microbiome heritability 
in humans. The microbiome is influenced by environmental factors that 
can sometimes also be associated with genetic variation. For example, 
diet has a strong effect on the microbiome32, but dietary preference is 
itself a heritable trait33. Additionally, it is challenging to accurately and 
comprehensively measure dietary composition in humans. Moreover, 
the microbiome is a dynamic trait, which can change dramatically day to 
day34. Accounting for this through longitudinal sampling is logistically 
challenging in humans, and most microbiome heritability studies have 
a single sample per individual. Similarly, it is challenging to account 
for other effects, such as transmission of microbial strains between 
individuals or the environment.

Non-human study systems, in which it is possible to quantify and 
account for environmental effects, have been useful in overcoming 
these challenges and improving our understanding of the heritability 
of microbiome traits. For example, inbred mice reared in a controlled 

environment show a high degree of microbiome heritability, with 
host genetics explaining more than 0.5 of the variation in abundance 
of many common taxa35. Although such controlled environments 
limit environmental variance, these experiments show that, under the 
right circumstances, genetic variation can have considerable effects 
on the microbiome. Pigs represent another useful model system to 
study microbiome heritability. A previous study compared the faecal 
and caecal microbiome of full siblings, half-siblings and unrelated 
individuals from two pig populations that were raised under the same 
conditions and fed a similar diet. The analysis identified heritable 
microbial taxa (81 in faeces and 67 in caecum) that had a heritability 
value greater than 0.15, with 31 of these taxa showing consistent herit-
ability in both sample types, suggesting that host genetic effects on 
gut microbiota are relatively stable across different gut locations36. 
Similarly, a study using hybrid mouse lines to estimate the heritability 
of the mucosa-associated microbiome found that 21 taxa show signifi-
cant heritability, with heritability values as high as 0.83 (ref. 37). Lastly, 
research in a wild baboon population shows that intensive sampling 
across multiple time points may help identify heritable variation in 
the face of environmental heterogeneity, such as seasonal changes in 
food availability and fluctuating social dynamics31. More than 95% of 
gut microbial taxa were significantly heritable, but with modest effect 
sizes (median <0.1, maximum slightly greater than 0.2), illustrating 
how the statistical power gained from repeated longitudinal sampling 
enables the detection of subtle genetic effects on the microbiome that 
may otherwise be missed with single time-point studies.

Taken together, human and animal studies highlight several 
important considerations in microbiome heritability analysis: the 
inclusion of longitudinal data can have a substantial impact on herit-
ability estimates, as this allows controlling for day-to-day variation 
in gut microbiome composition; the ability to account for environ-
mental effects, especially diet, is critical in accurately estimating 

Box 2 | Defining microbiome-based traits for heritability and GWAS analysis
 

Similar to any complex trait, such as height or gene expression, 
the heritability of microbiome-based phenotypes can be quantified. 
Similarly, genome-wide association studies (GWAS) can be used 
to characterize the genetic bases of microbiome traits. However, 
defining microbiome phenotypes presents unique challenges 
because of the complex nature of microbial communities; unlike 
many other complex traits studied in humans, the microbiome is not 
a single entity but, rather, a diverse ecosystem of phylogenetically 
linked microorganisms, each with its own genome and functions, 
existing in varying abundances151.

Despite these complexities, researchers have developed several 
strategies to define microbiome traits for heritability analysis. 
One common approach involves using community summaries 
derived from dimensionality reduction techniques. For example, 
scientists often use principal coordinate analysis to identify major 
axes of variation within microbial communities. These axes can 
then be treated as quantitative traits for heritability studies15. 
Another frequently used method focuses on diversity measures, 
particularly alpha diversity. These metrics quantify the complexity 
of a microbial community by considering the number of different 
taxa present. More sophisticated measures also take into account 
the relative abundances of these taxa and their phylogenetic 

relationships (for example, the Shannon diversity index and Faith’s 
phylogenetic diversity154).

Researchers also examine the abundance of individual taxa as 
separate complex traits. This approach allows for a more granular 
analysis of heritability, as each taxon’s relative abundance can be 
treated as a quantitative trait. However, it is crucial to note that 
when working with relative abundance data, compositional data 
analysis techniques may be necessary to account for the inherent 
dependencies in such data155.

In some cases, scientists opt for a simpler binary approach, 
looking at the presence or absence of specific taxa. This method can 
be particularly useful for rare taxa or when dealing with less detailed 
taxonomic classifications. However, caution is advised when applying 
this approach to taxa with very low abundances, as the depth of 
sequencing coverage can significantly influence whether a taxon is 
detected or not, potentially leading to false negatives152.

For more advanced studies, particularly those utilizing shotgun 
sequencing data, researchers can investigate the heritability of 
structural variants in the microbial genome28 or the heritability of 
functional profiles. The latter involves examining the abundance or 
presence of specific genes or entire metabolic pathways within the 
microbiome156.
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microbiome heritability; and the heritability of microbiome traits is 
context-dependent, and can vary considerably between host species, 
populations, seasons and environments.

Microbiome-associated host genetic loci
Studies that identified quantitative trait loci associated with abun-
dances of microbial taxa in the mouse gut demonstrated that 
genome-wide approaches could be used to identify host genetic 
loci associated with microbiome composition14,38,39. The first human 
microbiome GWAS in 2015 used relatively small sample sizes of fewer 
than 100 individuals18,30. Subsequent microbiome GWAS have used 
larger cohorts, increased the diversity of participants beyond those 
of European ancestry and shifted from 16S rRNA gene amplicon to 
shotgun metagenomic sequencing, enabling genetic association test-
ing of species-level taxa and microbial genetic pathway abundances 
(Fig. 1b,c). Although the majority of microbiome GWAS have focused 
on the gut microbiome17,23,25,26,40–51, numerous studies have applied this 
methodology to additional body sites, including skin52, nasal53 and 
milk54 microbiota, providing evidence for host genetic influences across 
the human body. As microbiome GWAS of other body sites tend to be 

small and have not yet been replicated by multiple studies, we focus 
on insights from gut microbiome GWAS with a sample size of at least 
1,000 participants (Table 1 and Supplementary Table 1). Taken together, 
these 14 studies have identified 34 genetic loci that have genome-wide 
significant associations with gut microbiome traits in at least 2 studies 
(P < 5 × 10–8) (Fig. 3a and Supplementary Table 2). Here, we discuss 
potential mechanisms controlling host gene–microorganism inter-
action at two of these loci that are associated with the same microbial 
traits across four studies — the lactase gene (LCT) locus and the ABO 
locus (Fig. 3a).

The LCT locus, diet and gut Bifidobacterium
An association between genetic variants near the LCT locus and 
Bifidobacterium spp. in the gut was first reported in one of the 
original small microbiome GWAS30 and has since been repli-
cated at genome-wide significance in multiple European ancestry 
cohorts17,25,47,48. The genetic variants associated with Bifidobacterium 
abundance include the functional variant (rs4988235) that confers 
lactase persistence (that is, the continued expression of lactase in the 
small intestine into adulthood) and nearby linked variants in European 

Fig. 2 | Overview of microbiome heritability results. a, Heritability estimates 
of bacterial taxa across genome-wide association studies (GWAS), focusing on 
the four largest human GWAS with publicly accessible heritability data23,25–27. 
Taxa are organized by study and coloured according to taxonomic level 
(kingdom, phylum, class, family, genus and species). Despite some variability 
in the specific taxa identified as heritable, most studies report similar ranges of 
heritability values, with estimates typically between 0.1 and 0.4. b, Distribution of 
the heritability estimates of bacterial taxa across microbiome studies compared 

with heritability estimates of non-microbiome traits in the UK Biobank (as of 
April 2019). The overall distribution of heritability values is similar between 
microbiome traits and other complex human traits, suggesting that the genetic 
architecture of microbiome features follows patterns observed in other heritable 
phenotypes. Notably, most microbiome traits show low to moderate heritability, 
with a small number of taxa exhibiting higher heritability values, consistent with 
a complex trait influenced by both genetic and environmental factors.

Table 1 | Summary of microbiome GWAS with more than 1,000 participants

Study Cohort size Method Country Genome-wide significant loci (P < 5 × 10–8) Ref.

Goodrich et al. (2016) 1,126 twin pairs 16S rRNA gene sequencing UK 22 taxa 139

Turpin et al. (2016) 1,561 16S rRNA gene sequencing Canada, USA, 
Israel

55 taxa 40

Bonder et al. (2016) 1,514 Shotgun metagenomic 
sequencing

The Netherlands 9 taxa, 21 pathway, 12 gene ontology 41

Wang et al. (2016) 1,812 16S rRNA gene sequencing Germany 40 taxa, 42 beta diversity 42

Hughes et al. (2020) 2,223 + 950 + 717 16S rRNA gene sequencing Belgium, Germany 13 taxa 23

Xu et al. (2020) 1,475 16S rRNA gene sequencing China 10 taxa, 1 beta diversity 150

Ishida et al. (2020) 1,068 16S rRNA gene sequencing Japan 0 43

Rühlemann et al. (2021) 8,956 16S rRNA gene sequencing Germany 34 taxa, 4 beta diversity 44

Kurilshikov et al. (2021) 18,340 16S rRNA gene sequencing Many 31 taxa 25

Liu et al. (2021) 1,295 (632 + 663 replication) Shotgun metagenomic 
sequencing

China 36 taxa, 8 pathway, 4 beta diversity 45

Liu et al. (2022) 3,432 (1,539 + 1,430 replication) Shotgun metagenomic 
sequencing

China 230 taxa, 312 pathway, 6 taxa and 
pathway

46

Lopera-Maya et al. (2022) 7,738 Shotgun metagenomic 
sequencing

The Netherlands 6 taxa, 14 pathway 47

Qin et al. (2022) 5,959 Shotgun metagenomic 
sequencing

Finland 422 taxa 48

Boulund et al. (2022) 4,117 16S rRNA gene sequencing The Netherlands 51 taxa 26

GWAS, genome-wide association studies.
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populations55. Initial comparisons of individuals with and without 
this persistence-associated genotype (that is, lactase persisters and 
non-persisters, respectively) showed that non-persisters had higher 
levels of Bifidobacterium17,30. In addition, multiple studies have found 
evidence for an interaction between host genotype and dairy con-
sumption in the association with Bifidobacterium: in individuals with 
the non-persister genotype, Bifidobacterium abundance is positively 
correlated with dairy intake, whereas no relationship between diet and 
Bifidobacterium is observed in individuals homozygous for the lactase 
persistence allele41,47,48 (Fig. 3b). These observations suggest that, in 
lactase persisters, dietary lactose is metabolized by lactase in the small 
intestine, thus providing no additional benefit to lactose-utilizing bac-
teria such as Bifidobacteria in the colon48. However, in adults expressing 
little lactase in their small intestine, dietary lactose makes its way to the 
colon, where it can be utilized by Bifidobacterium. This model is sup-
ported by an additional interaction with age, whereby the association 
between the lactase persistence genotype and Bifidobacteria is attenu-
ated in younger individuals25 owing to the age dependence of the lactase 
persistence phenotype56 (Fig. 3b). Although a GWAS of gut microbiome 
composition specifically in infants is lacking, Bifidobacterium spp. are 
the most abundant microorganisms in infants, with breastfed infants 
tending to have higher Bifidobacterium levels than formula-fed infants57 
(Fig. 3b). The association between LCT and Bifidobacterium has not 
been found in cohorts of non-European populations, likely because of 
differences in lactase persistence alleles between populations26,43,45,46.  
A dataset from a cohort that included individuals of Ghanaian and African 
Surinamese ancestry included only one genetic variant associated with 
lactase persistence in sub-Saharan African groups26, limiting the ability 
to test for associations with Bifidobacterium in the LCT region. The lack 
of Bifidobacterium–LCT associations in cohorts of East Asian ancestry is 
also consistent with the observation that the known lactase persistence 
alleles are essentially absent from populations of East Asian ancestry58.

ABO blood group and gut microbiome
Polymorphisms in the ABO gene determine an individual’s ABO blood 
group: that is, their ability to produce A-antigen, which contains a ter-
minal N-acetylgalactosamine (GalNAc); B-antigen which contains a 
terminal galactose; and O-antigen, which lacks the addition of this 
terminal monosaccharide59. Associations between ABO blood group 
and gut microbiome traits were first observed in a candidate gene 
study60. This association was later identified in a microbiome GWAS 
in a German cohort48 and subsequently replicated in European and 
Chinese cohorts44,46–48. Microbiome GWAS generally assume that 
genetic associations at this highly polymorphic locus are tagging the 
linked variants that determine an individuals’ ABO alleles. By inferring 
each participant’s ABO blood group from their genotype at the multiple 

variants known to tag this phenotype, studies then directly test for 
associations between ABO blood group and microbial phenotypes44.

The microbial taxa and pathways associated with the ABO locus 
are more heterogeneous than the Bifidobacterium association at the 
LCT locus, but mounting evidence suggests a common mechanism of 
mucosal antigen utilization among the associated microbial traits. 
Microbial taxa and genetic pathways associated with the ABO locus 
in at least two studies include Collinsella47,48, the lactose and galac-
tose degradation pathway46,47 and Faecalibacterium28,44. Importantly, 
microbiome associations at this locus are dependent on an interaction 
with the individual’s FUT2 secretor genotype (Fig. 3c). FUT2 encodes a 
fucosyltransferase that is required for mucosal secretion of ABO anti-
gens, with non-secretors lacking mucosal ABO antigen59. Associations 
between the gut microbiome and ABO blood group are only observed 
in secretors47,48, suggesting that, when present, mucosal ABO antigens 
promote the growth of different mucosal antigen-utilizing bacteria. 
FUT2 secretor status has also been previously associated with the 
composition of the gut microbiome in candidate gene studies in mice61 
and humans62–65.

Large-scale shotgun metagenomic sequencing enables associa-
tion analyses between host genetic variation and microbial genetic 
variation, an approach that recently shed additional light on the ABO 
association with the gut microbiome. The first GWAS of human host 
genotypes and microbial structural variants, performed in four Dutch 
cohorts, found a higher frequency of structural variants in Faecalibac-
terium prausnitzii (Fig. 3c) in individuals with A or AB blood types, which 
was replicated in a Tanzanian cohort28. The associated F. prausnitzii 
structural variants contain a cluster of genes in the GalNAc utilization 
pathway, the terminal monosaccharide in A-antigen. This study further 
showed that only F. prausnitzii strains with this GalNAc utilization gene 
cluster grew on media with GalNAc as the sole carbon source and that 
the GalNAc utilization pathway is present across other taxa previ-
ously associated with the ABO locus, such as Collinsella aerofaciens47. 
Moreover, the abundance of this microbial gene cluster was found to 
be highly correlated with the individuals’ A-antigen secretor status. 
The study of the gut microbiome in a large mosaic pig population 
discussed above (see ‘Microbiome heritability in animals’ section) 
similarly identified an association between a deletion in the porcine 
N-acetyl-galactosaminyltransferase gene underlying the ABO blood 
group in humans and species of Erysipelotrichaceae66. This study 
showed that pigs with the deletion have a null allele resulting in reduced 
GalNAc in their intestine and lower levels of Erysipelotrichaceae. 
Moreover, this study found that the genome of the associated species 
encodes genetic pathways to utilize GalNAc but are unable to regulate 
their expression in response to GalNAc levels, suggesting that these 
species are at a disadvantage in a low GalNAc environment such as in 

Fig. 3 | Overview of genetic loci identified in gut microbiome GWAS. 
a, Summary of genetic loci with genome-wide significant associations 
(P < 5 × 10–8) in at least two gut microbiome genome-wide association studies 
(GWAS). Summary statistics from gut microbiome GWAS including at least 
1,000 participants were included (Table 1). Loci were defined by clustering 
genetic associations within 100,000 base pairs of each other and are labelled 
with the name of the gene nearest to the variant with the smallest P value, 
except at the ABO and lactase gene (LCT) loci where the causal gene is known 
and labelled. Data for this figure are presented in Supplementary Tables 1 and 2. 
b, Flow chart illustrating gene-by-diet and gene-by-age interactions for the LCT 
association with gut Bifidobacterium. In infancy and early childhood, lactase 

is highly expressed in the small intestine regardless of the lactase persistence 
genotype, and Bifidobacterium spp. are the most abundant gut microorganisms. 
In lactase non-persistent adults, high dairy consumption is associated with 
higher levels of gut Bifidobacterium spp., whereas lower dairy consumption is 
associated with lower levels of Bifidobacterium. In lactase-persistent adults, 
there is no association between dairy consumption and Bifidobacterium levels. 
c, Gene–gene interactions between FUT2 secretor status and ABO blood group 
are associated with several microbial features related to antigen utilization: 
Collinsella abundance, the microbial lactose and galactose degradation 
pathway, and a structural variant in Faecalibacterium prausnitzii that contains 
an N-acetylgalactosamine (GalNAc) degradation gene cluster.
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pigs homozygous for the null allele. Furthermore, the authors present 
evidence that balancing selection has occurred at this gene across por-
cine species, as has previously been shown in primates67. Although the 
associated bacterial species differ between humans and pigs, the evi-
dence supports a similar mechanism across species whereby a common 
polymorphism under balancing selection causes variation in intestinal 
GalNAc levels leading to differential abundances of GalNAc-utilizing 
gut bacteria.

The LCT and ABO examples illustrate two mechanisms by which 
host genetic variation may shape microbial fitness and, subsequently, 
the frequency of specific microbial taxa. As larger and more diverse 
cohorts with host and microbial genomic sequence data become 
available, more powerful studies with additional types of microbial 
genetic variation (for example, single-nucleotide variants) will 
become possible.

Mendelian randomization and the microbiome
Observational associations have been reported between gut microbiota 
and a wide range of health outcomes, but whether these associations 
are causal has been difficult to determine. Mendelian randomization is a 
statistical approach to test for putative causal relationships between an 
exposure and an outcome by testing whether genetic variants associ-
ated with the exposure also correlate with the outcome of interest68–70. 
Mendelian randomization has recently been widely applied to test for 
relationships between abundances of gut microbial taxa or genetic 
pathways (exposures) and health outcomes, by utilizing the output 
of microbiome GWAS.

Several studies have implemented Mendelian randomization to 
identify potential causal effects of microbial abundances and validated 
their results in independent cohorts. Mendelian randomization analy-
sis of the LifeLines DEEP cohort of 952 individuals from The Nether-
lands, which includes host genotype data, gut shotgun metagenomic 
sequencing data and faecal short-chain fatty acid (SCFA) profiles, 
identified putative causal relationships between microorganisms, 
SCFAs and insulin secretion. In particular, the study found evidence 
that the microbial GABA degradation pathway was causally associated 
with insulin secretion during an oral glucose challenge test, with higher 
pathway abundance associated with improved insulin response71. The 
GABA degradation pathway produces butyrate, an SCFA with potential 
anti-diabetic effects72. Another study used two Chinese cohorts to 
perform Mendelian randomization testing for causal impacts of micro-
biome traits on blood metabolites measured in the same cohorts46. 
The authors identified 58 putative causal relationships in their pri-
mary cohort and were able to replicate 43 of these associations in 
their second cohort. The strongest signal represented an increase 
in Oscillibacter linked to decreased blood triglycerides and alanine, 
as well as lower body mass index and waist to hip ratio. Both of these 
studies applied bidirectional Mendelian randomization, testing for the 
effect of the microbiome trait on the health outcome and vice versa, to 
elucidate the direction of effect. These studies highlight the potential 
for Mendelian randomization to link microorganisms with health.

The examples above represent one-sample Mendelian randomi-
zation studies, in which genotypes, exposure and outcome have been 
measured in a single study. The wide availability of GWAS summary 
statistics from microbiome and other trait GWAS has enabled an explo-
sion in two-sample Mendelian randomization studies, which test for 
potential causal relationships between gut microbiota and health 
outcomes by comparing summary statistics from separate microbi-
ome and outcome GWAS. In any Mendelian randomization analysis, 

genetic associations with the exposure (that is, the microbiome trait) 
should ideally be strongly and replicably associated with microorgan-
ism abundance and modify the outcome only through microorganism 
abundance and not through a parallel pathway involving an intermedi-
ate trait associated with the genetic variant. However, the relatively 
small sample size and limited number of microbiome GWAS means 
that there is a paucity of high-confidence genetic associations with 
microbial traits to utilize in the Mendelian randomization framework, 
making it challenging to address microbiome traits with this method73,74 
and leading many existing studies to use a lenient statistical thresh-
old for inclusion of microbiome-associated genetic variants. Moving 
forward, larger sample sizes should enable future studies to employ 
standard thresholds and additional evidence to support Mendelian 
randomization results with microbiome traits.

Host gene regulation and the microbiome
In addition to identifying associations between host genetics and the 
microbiome, studies have also explored the relationship between 
host gene expression and the microbiome. To understand host 
transcription–microbiome associations, researchers have used a 
range of techniques, including bulk RNA sequencing (RNA-seq), 
single-cell RNA sequencing (scRNA-seq) and spatial transcriptomics, 
to profile host gene expression, and jointly analysed these data with 
microbiome features to uncover key insights into host–microbiota 
interactions (Fig. 4 and Box 1). These studies have revealed associations 
between microbiome composition and host gene expression, includ-
ing host genes whose expression levels correlate with the presence, 
absence or changes in abundance of specific bacterial taxa or taxo-
nomic groups. Whereas microbiome GWAS suggest that host genet-
ics, likely through host gene regulation, shape the composition of the 
microbiome, studies linking host gene expression to the microbiome 
highlight a bidirectional cross-talk, in which microbial communities 
both influence and respond to host transcriptional activity through 
diverse biological pathways. Complementary to microbiome GWAS, 
host gene expression–microbiome interaction data capture dynamic 
tissue-specific and condition-specific responses, providing insights 
into active biological processes and functional mechanisms linking 
microorganisms to host biology.

Host transcript–microbiome interactions
To determine  functional interactions between the microbiome 
and host genome, recent studies have characterized associations 
between host gene expression and the microbiome across body sites 
and diseases (Fig. 5 and Supplementary Table 3). Studies investigat-
ing these relationships in the gastrointestinal tract have uncovered 
connections between the gut microbiome and host transcripts that 
potentially contribute to the pathogenesis of human gastrointestinal 
disorders75–82. An early study that examined how host gene expres-
sion and the mucosal microbiome interact in patients who underwent 
ileal pouch–anal anastomosis for ulcerative colitis found that host 
transcripts that were most strongly associated with microbial abun-
dances were enriched for genes related to the complement cascade 
and IL-12 pathways75. These host pathways were inversely correlated 
with the abundance of beneficial microorganisms such as Sutterella, 
Akkermansia and Bifidobacterium, and positively correlated with the 
abundance of Escherichia, a frequently over-represented bacteria in 
inflammatory bowel disease (IBD)83. A longitudinal analysis of gut 
microbiome dynamics in individuals with IBD found that the expres-
sion of mucosal chemokine genes with antimicrobial properties, such 
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Fig. 4 | Conceptual framework for characterizing associations between 
host gene expression and microbiome. Host tissues are characterized using 
various techniques to profile host transcriptional activity at different levels. 
Total RNA is extracted from host tissues and subjected to bulk RNA sequencing 
(RNA-seq) to obtain host bulk gene expression data; host tissues are dissociated 
into individual cells and subjected to single-cell RNA sequencing (scRNA-seq) to 
generate host single-cell gene expression profiles; or spatial barcoding is applied 

to host tissue sections, followed by spatial transcriptomics, to generate host 
spatial transcriptomic data. On the microbiome side, 16S rRNA gene amplicon 
or metagenomic sequencing is performed to generate microbiome abundance 
data. Integrative approaches are used to jointly analyse the microbiome and host 
transcriptional datasets to identify associations between host gene expression 
and the microbiome. CCA, canonical correlation analysis; PCA, principal 
component analysis.
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as CXCL6 and CCL20, were negatively correlated with the abundance of 
Streptococcus79. Similarly, the expression levels of DUOX2 (which pro-
duces reactive oxygen species) and its maturation factor DUOXA2 were 
negatively associated with the abundance of Ruminococcaceae UCG 005 
(ref. 79). A study that used a Mendelian randomization approach for 
causal inference identified oxidative stress-related genes, including 
MUC1 and PRKAB1, as putative candidates for Crohn’s disease84. The 
expression of MUC1 was associated with Bacillus aciditolerans, a species 
capable of degrading myo-inositol, a process that contributes to SCFA 
production and may modulate mucosal immunity and inflammation 
in Crohn’s disease84. By contrast, PRKAB1 expression was associated 
with the opportunistic pathogen Escherichia coli84. Furthermore, stud-
ies on host transcript–microbiome associations in colorectal cancer 
have identified links between pathogenic mucosal bacteria and the 
expression of host genes involved in gastrointestinal inflammation 
and tumorigenesis77,80.

Most studies examining host transcript–microbiome associations 
analyse interactions between a subset of host genes and gut micro-
organisms (for example, differentially expressed genes and/or dif-
ferentially abundant microorganisms), and typically focus on a single 
disease at a time. This targeted approach can limit the ability to charac-
terize association patterns across multiple diseases. To address these 
limitations, a study developed a machine learning-based multi-omic 
integration framework to characterize associations between the gut 
microbiome and host transcriptome across gastrointestinal disorders, 
including IBD, colorectal cancer and irritable bowel syndrome85. This 
approach revealed several disease-specific and shared associations. For 
example, the study found that a common set of host genes and path-
ways that regulate energy metabolism and intestinal mucosal repair (for 
example, the RAC1 pathway) are associated with disease-specific gut 
microorganisms in colorectal cancer (Streptococcus), IBD (Clostridium 
sensu stricto 1) and irritable bowel syndrome (Odoribacter). This finding 
suggests that distinct gut microorganisms can sometimes modulate 
commonly dysregulated host genes and pathways across different 
gut pathologies.

In addition to the gut, host transcript–microbiome associa-
tions have been characterized in other body sites, including the oral 
cavity, lungs/airways, skin, cervicovaginal region and breast milk86–92 
(Fig. 5). A few recent studies have explored the associations between 
the oral microbiota and host gene expression in individuals with oral 
squamous cell carcinoma93,94. One study found that tumour-enriched 
bacteria, such as Catonella morbi and Treponema medium, exhibit 
significant associations with the expression of host genes involved in 
oncogenic pathways94. For example, C. morbi is negatively associated 
with the tumour suppressor genes PRKN and CBX7, whereas T. medium 
shows a negative association with COLGALT2, which is implicated in 
cancer suppression. Another study investigated interactions between 
intratumoural bacteria and host transcription at spatial and single-cell 
resolution in oral squamous cell carcinoma93. It found that Fusobacte-
rium and Treponema spp. are associated with significant upregulation 
of genes enriched for the interferon response and JAK–STAT signalling 

pathways, including increased expression of chemokines such as 
CXCL10 and CXCL11 and metalloproteinases such as MMP9 and MMP3. 
Studies exploring airway host–microbiome interactions in chronic 
obstructive pulmonary disease found that specific microorganisms 
and microbial pathways are associated with host immune response and 
inflammatory pathways88,89. One study found Haemophilus to be linked 
to host interleukin-1 receptor-associated kinase 1 (IRAK1) and T cell 
differentiation pathways, whereas Moraxella was predominantly asso-
ciated with interferon signalling pathways during chronic obstructive 
pulmonary disease exacerbations88. Another study identified tyrosine 
degradation and glycerophospholipid metabolism as key microbial 
pathways linked to distinct chronic obstructive pulmonary disease 
inflammatory phenotypes, including neutrophilic and eosinophilic 
inflammation, respectively89. When investigating host–microorganism 
interplay in the skin, it was observed that, in atopic dermatitis, coloni-
zation by Staphylococcus aureus triggers the upregulation of antimi-
crobial genes, such as DEFB4 and S100A9, and tryptophan metabolism 
genes, including KYNU and TDO2, leading to inflammation and skin 
barrier disruption86. Published87 and preprint92 studies examining 
host gene expression–microbiome interactions in the cervicovaginal 
region have identified bacteria linked to bacterial vaginosis (includ-
ing Gardnerella, Atopobium, Sneathia and certain Prevotella spp.) as 
being associated with host arachidonic and linoleic acid metabolism 
pathways. These microorganisms are also positively correlated with 
the expression of host genes enriched for stress responses and IL-1β 
production87. By contrast, most Lactobacillus spp. exhibit a protec-
tive role in the cervicovaginal region, showing negative associations 
with stress response and cytokine production, thus contributing to 
epithelial barrier stability and lower inflammation87,92. In a recent study, 
data from exclusively breastfeeding mother–infant pairs was used to 
examine how maternal genetics and milk gene expression influence 
the infant gut microbiome90. It was observed that the expression of 
genes involved in fatty acid metabolism in milk is positively corre-
lated with the abundance of Bifidobacterium spp. in the infant gut at 
1 month postpartum. By contrast, expression levels of lysosome genes 
in milk are negatively associated with microbial amino acid degrada-
tion pathways in the infant gut at 6 months postpartum. Furthermore, 
the abundance and growth of Bifidobacterium infantis in the infant gut 
are negatively correlated with the expression in milk of genes in the 
JAK–STAT pathway and are also linked to milk IL-6 and glucose levels. 
Together, these observations suggest that milk gene expression shapes 
the infant gut microbiome90.

Overall, the findings of these studies show that the interplay 
between host gene expression and the microbiome varies by body 
site and disease state, and suggest that niche-specific microbiota could 
potentially influence, and be influenced by, host gene expression via 
various biological pathways.

Mechanisms of host transcript–microbiome cross-talk
Most studies on host transcript–microbiome association discussed so 
far are based on correlational analysis, where it is difficult to infer the 

Fig. 5 | Overview of associations between the microbiome and host gene 
expression and pathways in humans. Known associations between gut 
microorganisms and microbial pathways with host gene expression and 
pathways across various body sites — including the oral cavity, lungs and 
airways, skin, gut, cervicovaginal region and breast milk — and in different health 
conditions. These associations vary by body site and disease state, suggesting 

that niche-specific microorganisms may both influence and respond to host gene 
expression through diverse biological pathways. The section ‘Breast milk and 
infant gut’ refers to associations between gene expression in milk and microbial 
abundance in the infant gut. An overview of the body sites and diseases studied in 
the studies whose findings were used to generate this network figure85–90,92–94,151 is 
provided in Supplementary Table 3. TH1 cell, T helper 1 cell.
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causal role and directionality of the associations. Given the challenges 
associated with disentangling causal mechanisms in human studies, 
researchers have used model organisms (such as mice and zebrafish) and 
in vitro human cell culture experiments to investigate the mechanisms 
underlying host gene expression–microbiome cross-talk95–104.

One study found that gut microbiota in zebrafish and mice can 
suppress the activity of the transcription factor HNF4α, which is crucial 
for activating genes involved in lipid metabolism and inflammatory 
responses in the intestinal epithelium98. The conservation of this effect 
across species suggests that microbiome-mediated suppression of 
HNF4α may disrupt gene expression related to intestinal homeosta-
sis, potentially contributing to the development of IBD in humans98. 
Another study in mice revealed that skin microbiota modulate immune 
responses and epidermal differentiation via regulation of key tran-
scription factors such as KLF4, AP-1 and SP-1, which are critical for 
epidermal barrier function, and are implicated in conditions such as 
atopic dermatitis and psoriasis in humans105.

Microbiota can also modulate epigenetic modifications, 
including DNA methylation, chromatin accessibility and histone 
acetylation, which can substantially alter host gene expression 
programmes97,99,106–110. Commensal bacteria have been shown to induce 
TET2/3-mediated DNA demethylation of regulatory elements in mouse 
intestinal epithelial cells, leading to alterations in gene expression 
programmes associated with colitis and colon cancer106. Another cell 
line-based approach used human intestinal epithelial cells treated with 
live microbial communities to assess host gene regulatory responses99. 
This study showed that the gut microbiota both broadly and specifi-
cally alters host gene expression, affecting more than 5,000 genes, 
including many linked to complex traits such as obesity, colorectal 
cancer and lipid metabolism, and identified specific microorganisms 
(such as Collinsella) that modulate host gene expression through 
changes in chromatin accessibility99. This approach was used to meas-
ure the effect of live microbial communities from different primate 
species on host gene regulation, identifying conserved transcriptional 
programmes as well as species-specific responses of host pathways111. 
A study investigating the influence of an obesogenic diet on gut micro-
biome and host gene expression in a mouse model found that the 
obesity-associated gut microbiome reprogrammes the intestinal 
epigenome by altering histone modifications at enhancer regions, 
leading to changes in gene expression linked to metabolic and cancer 
pathways112.

These studies highlight diverse mechanisms through which micro-
biota can influence host gene expression, from modulating transcrip-
tion factor activity to inducing epigenetic changes, offering insights 
into how these interactions can drive both homeostasis and disease 
across various tissues. Although host gene expression and the micro-
biome potentially engage in a bidirectional interaction, mechanistic 
evidence demonstrating that host gene expression can shape the 
microbiome remains limited, highlighting the need for more targeted 
experimental studies to establish causal mechanisms in this direction.

Emerging approaches for host–microbiome analysis
Although studies in humans and model organisms have revealed key 
insights into host gene expression–microbiome cross-talk, there remain 
many areas that need to be explored to obtain a more comprehensive 
understanding of host–microbiome interactions. Most existing studies 
associate bacterial abundances with host gene expression to identify 
specific taxonomic shifts, but this approach does not fully capture 
the functional potential of the microbiome. Although 16S rRNA gene 

amplicon and shotgun metagenomic data provide valuable insights, 
integrating microbial metatranscriptomic, metabolomic and metapro-
teomic data with host transcriptomic data could provide deeper insight 
into how microbial functions influence host gene expression. A few 
studies have taken important steps towards integrating multi-omic 
layers across the host and microbiome79,81,89, but such efforts remain rare 
owing to the experimental and computational challenges of obtaining 
and aligning complex, heterogeneous datasets.

Microorganisms affect host gene regulation in a cell type-specific 
manner, and studies have used new techniques, such as scRNA-seq and 
spatial transcriptomics approaches, to identify the spatial, cellular 
and molecular interactions between microorganisms and host cells 
in mice, zebrafish and the human tumour microenvironment93,113–116. 
One study used 10× Visium spatial transcriptomics, GeoMx digital 
spatial profiling and the INVADEseq scRNA-seq method to map the 
spatial distribution, cellular interactions and transcriptional effects 
of intratumoural microbiota93. The study discovered that bacteria 
localize within specific intratumoural microniches characterized by 
the upregulation of immunosuppressive pathways, and that specific 
microorganisms, including Fusobacterium and Treponema, are pre-
dominantly associated with epithelial and macrophage cell types, 
driving transcriptional changes linked to metastasis and inflamma-
tion. Another study introduced spatial host–microbiome sequencing, 
a novel technique that combines spatial transcriptomics and 16S rRNA 
gene amplicon sequencing to simultaneously profile host gene expres-
sion and microbial composition in tissues with spatial resolution114. 
Using spatial host–microbiome sequencing, the authors identified 
distinct spatial niches in the mouse gut, where bacterial genera such 
as Pseudobutyrivibrio and Oscillibacter influenced expression of host 
genes such as Muc2 and Ceacam20, which are involved in mechanisms 
critical for maintaining gut barrier integrity and immune signalling.

In the future, scRNA-seq of both the microbiome and host tissue 
could help reveal how the microbiome interacts with different cell 
types and influences cell-specific host gene expression. In addition, 
organoid systems co-cultured with microorganisms can be used as 
near-physiological in vitro models to study host–microorganism inter-
actions, enabling researchers to conduct high-resolution studies of 
epithelial–microorganism dynamics117,118. Finally, novel computational 
models will be needed to integrate complex, high-dimensional and 
heterogeneous microbiome and host genomics datasets to character-
ize complex associations between the gut microbiome and host gene 
expression.

Challenges and future directions
Although initial microbiome GWAS and heritability studies have suc-
cessfully identified associations at loci such as LCT and ABO, the field 
faces both biological and technical barriers to establishing additional 
robust and replicated genetic associations. These include limited power 
due to relatively small sample sizes, confounding factors such as diet, 
limited genetic ancestry diversity and a lack of standardized approaches 
for sample processing, sequencing and data analysis. Furthermore, 
the scalability of host–microbiome genomics analysis remains a chal-
lenge. Despite these limitations, microbiome heritability studies and 
GWAS have enriched our understanding of host–microbiome interac-
tions, and novel technologies and analytical approaches — such as the 
integration of microbiome structural variation, host transcriptomics, 
single-cell data, functional genomics techniques, novel in vitro and 
ex vivo experimental models, and deeper longitudinal sampling — are 
being used to address these gaps and advance the field.
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Limited sample size
The limited sample size of current microbiome GWAS and heritability 
studies represents one of the most pressing limitations in the field. The 
number of individuals included in microbiome GWAS has increased 
substantially in the past decade, from an average of 208 individuals in 
2015 to 9,022 in 2022 (Table 1 and Fig. 1b). However, a detailed power 
analysis revealed for common taxa (prevalence of 50–90%) that a sam-
ple size between 25,000 and 50,000 is needed to detect associations 
with an effect of 0.4% variance explained, which represents approxi-
mately half of the effect of variants in the LCT locus on Bifidobacteria119. 
Larger sample sizes would be required to detect smaller effect sizes 
and/or less prevalent taxa: for example, an effect of 0.1% variance 
explained would require between 50,000 and 100,000 samples, and 
the same effect (0.1%) would require more than 100,000 samples to be 
detected for taxa with low prevalence (10–50%)119. Such large cohorts 
are challenging to assemble for single research groups, even consid-
ering the relatively low cost of 16S rRNA gene amplicon sequencing. 
Meta-analyses that combine publicly available cohorts could poten-
tially reach the lower boundary of an estimated 30,000 individuals 
if data and metadata are harmonized, highlighting the importance 
of making both data and metadata of microbiome heritability and 
GWAS available to the research community. To date, microbiome 
GWAS have only explored interactions between bacteria and the host 
genome, but these considerations also apply to microbiome GWAS that 
focus on other components of the microbiome, such as fungi, archaea 
and viruses.

Multiple test correction and statistical analysis
The complex nature of microbiome data complicates the statistical 
analysis and reproducibility of microbiome GWAS and heritability 
studies. Unlike traditional GWAS, microbiome data include many pos-
sible readouts, including beta diversity, presence of specific taxa, rela-
tive abundances, metabolic pathways and microbial genetic variants. 
As each host genetic variant must be tested against each microbial 
trait, the number of hypotheses being tested is substantially larger than 
for standard GWAS, ranging from dozens or hundreds when examin-
ing bacterial genera to millions when studying microbial genetic vari-
ants. This extensive multiple testing reduces statistical power, leaving 
few significant associations after multiple test correction, ultimately 
affecting the reproducibility of results. Several statistical methods have 
been proposed to deal with the complexity of gut microbiome data, 
including parametric and non-parametric models, and zero-inflated 
models120,121. In addition, approaches that analyse the microbiome 
globally (that is, consider all taxa jointly) can help reduce the multiple 
testing burden and provide information on the genetic architecture of 
subtle combined effects122. However, these approaches provide limited 
insight into specific microbial traits that could be targets for clini-
cal applications. Another strategy is to select contextually relevant 
microbial traits — for example, studying specific bacteria known to be 
important in IBD123. Methods based on machine-learning approaches 
have been especially promising124; for example, Lasso linear regression 
has been used for identifying associations between host genetic vari-
ation and microbiome composition125. Similar approaches have also 
been successful in identifying associations between the microbiome 
and multi-omic data81,85,90,126. Moving forward, the field could benefit 
from the development and application of techniques borrowed from 
linear algebra, graph theory and machine learning to help manage 
the complex nature of microbiome data while maintaining statistical 
power to detect meaningful associations.

Technical factors and other confounders
The choice of sequencing and analysis methods can also hinder the 
reproducibility of microbiome GWAS and heritability analyses122. 
For example, 16S rRNA gene amplicon sequencing provides lower 
sensitivity and taxonomic resolution than shotgun metagenomic 
sequencing127, which with sufficient sequencing depth can provide 
reliable strain-level taxonomic classification, even for taxa present at 
low abundances128. Shotgun metagenomic sequencing can also provide 
information on bacterial SNPs that are potentially relevant for cancer 
susceptibility, inflammation and host DNA damage129,130. In addition, 
different taxonomic profiling tools might provide different taxonomic 
classification131. This variation can result from differences in detection 
and classification methods or the reference databases used. In 16S 
rRNA gene amplicon sequencing studies, the choice of the targeted 
hypervariable region, DNA lysis and extraction methods, and 16S primer 
selection can also affect observed microbial composition132–134. In addi-
tion, microbial composition can be affected by factors such as the sam-
pling time135 and microbial load136. The choice of profiling tool can also 
affect the taxonomic classification of the non-bacterial components 
of the microbiome (viruses, fungi and archaea).

Among the many confounding factors in microbiome GWAS, diet 
is of particular interest. A prominent example of a gene-by-diet associa-
tion with the microbiome is the LCT gene (see ‘The LCT locus, diet and 
gut Bifidobacterium’ section). As diet has an important role in shaping 
and modulating gut microbiome composition and function12, accurate 
dietary information is critical for analysing and interpreting micro-
biome GWAS and heritability results. In addition, dietary preference 
itself is a heritable trait137,138, further complicating the interpretability 
of microbiome GWAS and emphasizing the need to account for dietary 
composition in these analyses. The dietary information associated 
with current microbiome GWAS is based on the use of high-level ques-
tionnaires, which might be affected by personal biases and usually do 
not provide fine-grained information on the intake of key molecules 
that can shape gut microbiome composition and functionality, such 
as lactose, butyrate and inulins139,140. The ongoing development of 
methods to infer precise and quantitative dietary metadata from stool 
shotgun metagenomic data may help overcome this limitation141–143.

Future microbiome GWAS and heritability meta-analyses aiming 
to identify associations with microbial taxa should ideally reanalyse the 
raw microbiome data consistently to address differences introduced 
by various taxonomic profiling tools. In addition, researchers should 
favour shotgun metagenomics over 16S rRNA gene amplicon-based 
sequencing, as it provides richer data on microbial pathways, gene 
content and genetic variation, improving the usability of the data in 
future meta-analyses. Detailed metadata such as the sampling time, 
Bristol stool scale, host diet and medication history will allow more 
biologically meaningful stratification of the data and, potentially, more 
robust associations. Finally, functional validation studies are needed 
to advance the field from correlation to causation studies.

Low population heterogeneity
An additional important limitation is the low diversity in the genetic 
ancestry of current microbiome GWAS. To date, 51% of the participants 
included in microbiome GWAS were recruited either in Germany or in 
The Netherlands (Fig. 1c), whereas only a few studies have included 
individuals from non-westernized countries26,43,45, mimicking a less 
pronounced but similar trend found in microbiome studies144. Although 
individuals from 13 countries have been included in microbiome GWAS 
so far, these countries represent less than 30% of the world population 
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(Fig. 1c). For example, although Germany is home to less than 2% of the 
world population, it has contributed 28.5% of the samples collected so 
far in microbiome GWAS (Fig. 1c). Limited population heterogeneity can 
introduce false positive or false negative associations119 when consid-
ering the relationship between population heterogeneity and dietary 
and environmental factors, both known to significantly shape the gut 
microbiome composition. Moreover, microbiome GWAS results from 
one population may not translate to another, as is the case for GWAS 
of other traits145. Populations from non-urbanized contexts have also 
been under-represented in current studies. Thus, the lack of global 
representation in microbiome heritability studies and GWAS limits 
the applicability and global relevance of results from these studies.

Lessons from GWAS
With fewer than 20 studies conducted in the past decade, the field of 
microbiome GWAS is still in its infancy. Many of the challenges and 
limitations described above were also encountered in the early stages of 

traditional GWAS. Similarly to current microbiome GWAS, early GWAS 
of non-microbiome traits were hindered by small sample sizes, repro-
ducibility issues and limited statistical power. The lessons learned from 
those studies can, at least partially, be used to improve microbiome 
GWAS and develop standards for future studies146. For example, the 
adoption of more stringent statistical requirements for testing and 
reporting associations, common data analysis workflows, consistent 
guidelines for reporting metadata and reproducibility requirements 
will substantially improve the status quo.

In addition, when using data from cohorts that include individu-
als from different ancestries, it is important to account for population 
substructure in the analysis. Such population substructure in microbi-
ome GWAS can lead to spurious associations when genetic differences 
between populations are confounded with differences in the composi-
tion of the microbiome. This issue can be partially addressed through 
methods such as principal component analysis to control for ancestry147 
and mixed linear models incorporating genetic relatedness matrices148.

Lastly, traditional GWAS clearly showed that the genetic architec-
ture of common traits is more polygenic than initially thought, with 
many traits associated with hundreds or thousands of genetic variants 
with small effect sizes149. Given the relatively low heritability estimates 
and small GWAS effect sizes, it is reasonable to assume that a similar 
genetic architecture underlies microbiome traits, which further high-
lights the need for larger sample sizes and more robust and consistent 
data analysis approaches.

Conclusions
The past decade has seen remarkable progress in our understanding of 
the relationship between host genetics and the microbiome. Numerous 
studies have quantified the heritability of the microbiome, identified host 
genetic variants associated with the microbiome composition and shed 
light on the interaction between the microbiome and host gene regula-
tion. The field is also making progress by developing and applying novel 
genomic and computational approaches that allow interactions between 
host genes and the microbiota to be profiled across study systems and 
health conditions. Although current research focuses primarily on bacte-
ria, expanding microbiome heritability and GWAS to include non-bacterial 
components such as fungi and viruses represents an important future 
direction. Several challenges reviewed here, including low replicability 
across studies, will likely require the concerted effort of consortia that 
will enable leveraging larger study cohorts, collection of detailed meta-
data and development of standards for data generation and processing. 
Lastly, functional validation of host gene–microorganism associations, 
as well as experimental assessment of their impact on host health, are 
critical next steps. Understanding the interactions between human 
genetics and the microbiome will be crucial for developing targeted 
therapeutic approaches and advancing precision health interventions,  
highlighting the immense potential of this rapidly evolving field.
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Glossary

16S rRNA gene amplicon 
sequencing
A targeted sequencing approach that 
amplifies and sequences regions of 
the 16S ribosomal RNA gene, which is 
present in the genomes of all bacteria. 
This method enables taxonomic 
profiling of microbial communities 
without sequencing entire genomes, 
allowing for a cost-effective way 
to characterize the taxonomic 
composition of microbiome samples.

Alpha diversity
A measure of microbial community 
complexity within a single sample, 
quantifying the number of different 
species and their relative abundances. 
Alpha-diversity metrics can be used 
to assess how factors such as genetics, 
diet and disease affect the ecological 
structure of microbial communities.

Beta diversity
A measure of the difference in microbial 
community composition between two 
or more samples. Beta-diversity metrics 
quantify how samples differ from each 
other in terms of which microorganisms 
are present and their relative abundances, 
allowing the quantification of microbiome 
variation across conditions, environments 
and host factors.

Heritability
The proportion of phenotypic variation 
in a population that can be attributed 

to genetic differences; heritability 
is expressed as a value between 
0 and 1, where 0 indicates that none of 
the observed variation is due to genetic 
factors and 1 indicates that all variation 
is genetic.

Quantitative trait locus
A specific region of DNA that 
contributes to variation in a measurable 
characteristic or quantitative trait, 
such as height, blood pressure or 
disease susceptibility. In microbiome 
research, quantitative trait locus 
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that influence microbial community 
features, revealing how host genetic 
variation shapes microbiome 
composition.

Shotgun metagenomic 
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A comprehensive sequencing 
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but also the functional potential, gene 
composition and genetic variation 
within microbial communities.
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