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Host genetics and microbiome associations through the
lens of genome wide association studies
Omer Weissbrod1,2, Daphna Rothschild1,2, Elad Barkan1,2 and
Eran Segal1,2
Recent studies indicate that the gut microbiome is partially
heritable, motivating the need to investigate microbiome–host
genome associations via microbial genome-wide association
studies (mGWAS). Existing mGWAS demonstrate that
microbiome–host genotype associations are typically weak
and are spread across multiple variants, similar to associations
often observed in genome-wide association studies (GWAS) of
complex traits. Here we reconsider mGWAS by viewing them
through the lens of GWAS, and demonstrate that there are
striking similarities between the challenges and pitfalls faced by
the two study designs. We further advocate the mGWAS
community to adopt three key lessons learned over the history
of GWAS: firstly, adopting uniform data and reporting formats
to facilitate replication and meta-analysis efforts; secondly,
enforcing stringent statistical criteria to reduce the number of
false positive findings; and thirdly, considering the microbiome
and the host genome as distinct entities, rather than studying
different taxa and single nucleotide polymorphism (SNPs)
separately. Finally, we anticipate that mGWAS sample sizes will
have to increase by orders of magnitude to reproducibly
associate the host genome with the gut microbiome.
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inflammatory, metabolic and neurodegenerative disorders [13–17].
A fundamental question is how strongly the microbiome
is genetically inherited as opposed to being shaped by the
environment. The microbiome evolves during childhood,
and then becomes relatively stable and robust to perturbations [18–20]. This apparent host-adaptation evokes
the classic question of ‘nature versus nurture’: Does the
microbiome adapt to its host due to shared early environmental exposure, or are certain microbiome compositions
inherently more suitable to specific host genomes?
The recent advent of 16S rRNA gene sequencing and
metagenomic sequencing technologies enable carrying
out gut microbiome studies with thousands of individuals
[21]. Recent studies employing these technologies have
uncovered evidence for both environmental and host
genetic association with the microbiome composition
[8,11,20,22–27,28,29,30,31,32,33,34,35,36,
37,38]. However, to date there is no consensus regarding how and to what extent host genetics shape the gut
microbiome, as compared to environmental factors.
In this article, we first review recent studies of environment and host genome associations with the human gut
microbiome. We show that existing evidence suggests
that the gut microbiome is predominantly shaped by
environmental factors, and that host genotype–microbiome associations are weak, spread across multiple sites
across the host genome, and together explain a relatively
small fraction of the microbiome configuration of individuals. We then draw parallels between existing mGWAS
and early GWAS, and use these to demonstrate how some
of the pitfalls encountered in early GWAS, and their
respective solutions, could be applied to mGWAS.

https://doi.org/10.1016/j.mib.2018.05.003
1369-5274/ã 2018 Elsevier Ltd. All rights reserved.

A short history of mGWAS
The microbiome is predominantly shaped by
non-genetic factors

Introduction
In recent years the importance of the gut microbiome in
human metabolism and health is increasingly gaining
recognition [1–7,8,9,10,11,12]. Recent studies have
associated the microbiome with various health parameters
including obesity, diabetes mellitus, cancer, and
www.sciencedirect.com

Recent studies have provided strong evidence that environmental factors play a much greater role than host
genetics in shaping the gut microbiome. It can be difficult
to tease apart environmental from genetic inheritance in
humans, since children typically live with their parents.
However, twin studies can tease these factors apart by
comparing microbiome similarity among monozygotic
(MZ) and dizygotic (DZ) twins, under the assumption
Current Opinion in Microbiology 2018, 44:9–19
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that significant differences in the degree of similarity are
attributed solely to genetic effects. A recent large scale
study of 416 twin pairs demonstrated that while several
bacterial taxa are significantly heritable, the overall
degree of similarity between MZ and DZ twins is only
borderline significant (P = 0.032 under an unweighted
UniFrac dissimilarity, P > 0.05 under Bray-Curtis and
weighted UniFrac dissimilarity) [24]. In contrast, the
same study showed that both MZ and DZ twins have
significantly similar gut microbiomes compared with nontwin pairs (P < 0.009 under all similarity measures) [24].
A subsequent study showed that this similarity decreases
when twins start living apart [33]. These results indicate
that environment overshadows host genetics in shaping
the gut microbiome.
Recent non-twin studies provide additional support for
the dominant role of environment in shaping the gut
microbiome. First, there is an excessive bacterial similarity among individuals sharing a household, but no such
similarity was observed across family members without a
history of household sharing [8,20,22,36]. Second, over
20% of the variability of gut microbiome b-diversity (a
measure of microbiome dissimilarity between pairs of
individuals) can be inferred via several measured environmental factors, such as answers to food frequency and
drug use questionnaires [8,34,35], whereas no statistically significant result was obtained when applying a
similar methodology to genetic variants [8]. Third,
several environmental factors have been robustly associated with both gut microbiome b-diversity and with
individual taxa across multiple studies [34,35]. These
results further demonstrate that the gut microbiome is
predominantly shaped by environmental factors.
Twin studies identify significantly heritable gut
microbiome taxa

Despite the strong role of non-genetic factors in shaping
the gut microbiome, recent twin studies identified 33 significantly heritable bacterial taxa (most notably the family
Christensenellaceae [37]). The estimated heritability of
these taxa was typically 10–30%, which is substantially
lower than several well-known human complex traits,
such as height, body mass index (BMI), and even education attainment [39]. A recent re-analysis of the largest
reported twin study to date (2252 twins) found that the
average heritability of gut bacterial taxa likely lies
between 1.9% and 8.1% [8]. Taken together, these
results indicate that while there are several genetically
heritable bacterial taxa, the overall gut microbiome heritability is relatively small.
Limited evidence for gut microbiome–host genotype
associations from non-twins data

A potential shortcoming of twin studies is the difficulty of
assembling large cohorts. Genotyping of unrelated individuals with a relatively common environment facilitates
Current Opinion in Microbiology 2018, 44:9–19

the assembly of much larger cohorts. These cohorts
enable directly associating the gut microbiome with the
host genotype, by searching for a greater co-presence of
bacterial taxa among genetically closer individuals. However, the results from such studies have been inconclusive
and mostly failed to replicate.
One of the first studies to employ the above approach
identified a significant correlation between the top microbiome principal coordinate and top host-genome principal component (PC), based on human DNA residues
extracted from stool samples [27]. An analysis of 127 Hutterites reported several heritable taxa [40], but the statistical significance of these results after multiple testing
correction has not been reported. Additionally, several
recent studies have identified a significant heritability of
bacterial a-diversity (a measure of diversity of a bacterial
community) [28,30,40]. In contrast, a recent analysis
of 1046 Israeli individuals from different ancestral origins
but a relatively shared environment did not replicate any
of the above results, and did not identify statistically
significant host-genomics associations with either the
overall microbiome composition or individual taxa
[8]. Another recent study identified significant co-occurrence of bacterial taxa among 270 family members [28],
and several other studies identified a significantly different microbiome composition between individuals from
different populations [20,32,41]. However, the interpretation of these results is unclear because unlike twin
studies, it is not possible to tease apart the roles of
genetics and environment in such studies [42]. Overall,
these inconclusive results again suggest that the heritable
component of the gut microbiome is small.
Limited power of microbiome genome wide association
studies

Microbiome association studies attempt to not only identify heritable taxa, but also to pinpoint the host genetic
variants that underlie this heritability [11,37,38]. The
first such studies in humans focused on specific genes and
pathways, and have identified several significant microbiome-associated variants [43–47]. However, a potential
shortcoming of the above studies is that they require
previous knowledge of associated genes, and thus cannot
discover new associations. Thus, recent studies have
performed unbiased microbiome-genome wide association studies (mGWAS) spanning 93–1812 individuals
[8,27,28,29,30,31,32].
A substantial difficulty of mGWAS is the large number of
tested hypotheses, which is equal to the number of genetic
variants multiplied by the number of tested taxa, genes and
pathways. This leads to a severe multiple testing correction
and to reduced power (Figure 1). Consequently, most
mGWAS findings are not statistically significant after multiple testing correction. A recent analysis demonstrated that
there is almost no overlap between the loci reported in
www.sciencedirect.com
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Figure 1

variants, although no two studies reported an association
with the same variant (see ref. [38] and references therein
for a comprehensive review). It has also been observed that
many mGWAS hits are found near host genes associated with
complex diseases [24,27,28,29,31,40,43,49–52], and
that multiple studies have implicated variants residing in
the same genes, though the exact loci differed between
studies [11,37,43].
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Plot of the fraction of variance a tested SNP needs to explain in order
to be identified with 80% power, as a function of the number of tested
hypotheses, for various sample sizes (based on standard derivations
[54]). Increasing the number of hypotheses leads to reduced power to
identify variants with small effect sizes, due to the severe multiple
testing correction. Variants previously implicated in GWAS often
explain less than 0.1% of the trait variance [54]. The fraction of
variance a SNP needs to explain to be identified with 80% power in
the presence of 106 hypotheses is 3.8% for N = 1000, 1.9% for
N = 2000, 0.9% for N = 5000, 0.5% for N = 10 000, and 0.1% for
N = 100,000.

different studies, even when allowing SNPs up to 1 Mb apart
and associations with different bacterial taxa to be considered as overlapping [8]. This lack of consistency could
originate either from differences in the underlying analysis
methods or from lack of reproducibility, necessitating further
investigation of the reported associations. The only genetic
variants consistently shown to be microbiome-associated in
multiple mGWAS are located in close proximity to the LCT
gene, which is associated with lactase persistence
[8,27,30,31,32,48]. However, while important, this
association may be confounded by lactose consumption [48].
Several recent studies alleviated the multiple testing
burden by testing for association with the entire microbiome composition rather than individual taxa, and identified genetic variants located in the vitamin D receptor
gene and in several genes associated with health disorders
[8,29,30,32]. A recent study further argued that a
small number of genetic variants can infer over 10% of the
microbiome b-diversity composition [29]. However, the
results of one study could not be replicated in others, with
the exception of LCT related variants [8].
Other than the LCT variants, the most consistently reported
host–microbiome associations involve immunity-related
www.sciencedirect.com

The above results demonstrate that certain bacterial taxa
are clearly heritable, but that the variants underpinning
this heritability have not been reliably identified. This
contradiction suggests that the heritability of bacterial
taxa arises due to the aggregated effects of multiple
genetic variants, each having an individually weak effect
that cannot be reliably identified with existing sample
sizes. This property has long been recognized as being
common to most complex human traits, and has been
extensively studied in GWAS, as elaborated below.

A short history of GWAS
It is beneficial to reflect on the current state of mGWAS by
drawing parallels with the history of GWAS [53,54,55].
The key idea behind GWAS is to associate genetic variants
with traits of interest using large cohorts of unrelated
individuals. Since 2005, over 3,200 GWAS with unique
PubMed IDs have been reported in the GWAS Catalog
[56], compared with seven published mGWAS
[8,27,28,29,30,31,32]. The initial motivation for
GWAS arose due to the observation that common traits,
such as height or BMI, are associated with a large number of
genetic variants with small effect sizes, thus requiring large
cohorts to be identified reliably [53]. The small effect sizes
reported in existing mGWAS suggests that the same pattern holds for host genome–microbiome associations.
The very first GWAS, which became possible thanks to
the advent of low cost genotyping arrays, were met with
high hopes. However, it soon became apparent that most
reported associations failed to replicate [57]. The GWAS
community consequently took actions to encourage
reproducibility [58], chief among which was the adoption
of stringent requirements for reporting associations. The
same process seems to occur in current mGWAS, which
also became possible due to the declining costs of the
required technologies, and whose reported associations
typically fail to replicate. Unfortunately, the number of
hypotheses tested in a typical mGWAS is orders of
magnitude larger than in a typical GWAS, suggesting
that even more stringent statistical criteria need to be
enforced.
A second important development in the history of GWAS
was the adoption of common data formats, data processing
techniques, analysis workflows and reporting guidelines
[59]. These developments helped streamline, reduce the
technical burden, and facilitate replication efforts in
Current Opinion in Microbiology 2018, 44:9–19
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In response to the perceived complexity of common traits,
GWAS gradually became larger and larger. While typical
GWAS in 2007 spanned 3,000 individuals, many GWAS
today are two orders of magnitude larger (Figure 2), with
the recently released UK Biobank spanning approximately
500 000 individuals [64], and with plans underway to genotype 1,000,00 individuals for the Million Veteran Program
[65]. These developments suggest that mGWAS sample
sizes will similarly have to increase by at least two orders of
magnitude to uncover the underlying biology behind gut
microbiome and host genome interactions. In recent years
many GWAS began releasing publicly available summary
statistics of variant-trait associations, which enable combining results across multiple studies without the logistic
and legal complications required to access private genetic
data [66].
One class of GWAS that bears similarities to mGWAS are
quantitative trait loci (QTL) studies. Such studies investigate the genetic determinants of molecular phenotypes
such as gene expression [67] and DNA methylation [68].
QTL studies face several challenges similar to those of
mGWAS: they investigate tens or hundreds of thousands of
phenotypes, are relatively small compared to standard
GWAS, and are often confounded by technical artifacts
[69,70]. However, QTL studies often circumvent power
limitations by only testing variants in close proximity to the
molecular phenotype (cis associations) rather than across
Current Opinion in Microbiology 2018, 44:9–19
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As more and more GWASs were being published, several
common threads began to emerge. First, it became apparent that virtually all common traits are extremely polygenic, to the degree that most studied traits have to date
been associated with dozens or hundreds of genetic
variants with small effect sizes [56]. Second, most associated loci do not reside within coding regions, and there is
often an excellent correlation between the number of
associations on a chromosome and the chromosome
length [61], suggesting that associated variants are spread
uniformly throughout the genome. Third, pleiotropy was
found to be extremely common, as a great number of loci
were independently implicated with multiple traits.
These observations suggested that the genetic architecture of common traits was far more complicated than
initially thought, with some researchers hypothesizing
that almost all genetic variants are associated with every
trait [62]. As the gut microbiome can be seen as a highly
complex organism [63], we believe that it is quite likely
for the same patterns to emerge in mGWAS.

Figure 2

Max sample size

GWAS. Notably, the adoption of the common plink
format [60] helped method developers to release software
that could be used across different research groups in a
unified manner. Future mGWAS would greatly benefit
from such a standardization effort, as existing mGWAS
were carried out using vastly different statistical methods,
which hinders replication efforts.
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A bar chart depicting the largest GWAS performed up to every year
between 2005–2017, as reported in the GWAS catalog [56]. GWAS
sizes increased by almost 500-fold over 12 years.

the entire genome (trans associations). To date, only a few
trans-QTL studies have been published [71–78], and there
was little overlap between the results reported in different
studies [76]. Unfortunately, the strategy of testing only for
cis associations cannot be carried over to mGWAS, because
there is no analogue for ‘cis’ and ‘trans’ in host geneticsmicrobiome associations.

Applying the lessons of GWAS to mGWAS
As discussed above, two important developments in the
history of GWAS were the enforcement of stringent
statistical criteria for reporting associations, and the adoption of common data formats and analysis workflows. We
strongly advocate that the mGWAS community adopt
these practices to facilitate replication efforts.
Several approaches to increase power could also be carried from GWAS to mGWAS. First, publicly available
summary association statistics will facilitate the aggregation of results across studies [66]. Second, power may be
increased by oversampling of individuals with extreme
microbiome-associated phenotypes, such as obesity
[79,80]. Third, restricting the analysis to significantly
heritable taxa can substantially increase power by
decreasing the number of hypotheses. Finally, explicit
www.sciencedirect.com
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modeling of gene–environment interactions can increase
power if environmental factors and variants have a nonadditive effect on the abundance of bacterial taxa [81–85].
Approaches to increase power in trans-QTL studies are
also likely to be beneficial to mGWAS, because the two
study designs face similar challenges. Several recent
papers proposed increasing power in trans-QTL studies
by finding a small set of latent variables that can approximately represent all the molecular phenotypes in the
data, and then testing for association with these latent
variables [86–88]. This reduced representation can help
reduce the number of tested hypotheses and to account
for hidden confounding factors. A recent paper proposed
increasing power by searching for variants associated with
multiple molecular phenotypes [89]. A similar strategy
can also be employed in mGWAS, by finding variants
associated with microbiome dissimilarity instead of individual taxa, as discussed below.
Despite their similarities, there are some aspects of
mGWAS with no analogue in standard GWAS. These
include the multiple taxonomic levels that can be investigated, the possibility to investigate the functional composition of the microbiome (i.e. bacterial genes) rather
than its taxonomic composition, and statistical modeling
of zero-inflation. Previous mGWAS handled these aspects
in different ways [8,27,28,29,30,31,32], but a
systematic comparison of the various approaches is still
lacking.

Recent studies extended heritability estimation to investigate the polygenic contribution to heritability originating from different functional annotations, such as coding
or conserved variants [93–97]. Such studies can provide
valuable insights into the genetic architecture of diseases
and traits. For example, a recent study demonstrated that
variants expressed in the central nervous system contribute disproportionately to the heritability of smoking
behavior, thus providing evidence that nicotine processing is a heritable trait [93].
Another extension of heritability is genetic correlation,
which quantifies genetic similarity between pairs of traits
[98–100]. A large genetic correlation indicates a shared
biological mechanism for two traits. Recent genetic correlation studies have uncovered surprising biological
similarities between seemingly unrelated diseases, such
as a positive genetic correlation between anorexia nervosa
and schizophrenia [98].
Finally, another global GWAS approach is construction of
polygenic risk scores (PRS) [101–103]. PRS enable ranking individuals according to their predisposition to a
certain disease, which can be used for early screening
of individuals at high risk. In recent years PRS have also
been used for finding unexpected genetic correlations.
For example, a recent study demonstrated that PRS of
schizophrenia and of bipolar disorder can predict creativity [104].
Global approaches in mGWAS

Global versus local approaches
A common strategy often employed in GWAS to address
power limitations is phrasing of new research questions,
which treat the genome in a global manner rather than a
local one. Instead of trying to find genetic associations
with tiny effects, many recent studies investigate the
genetic architecture of common traits as a distinct entity.
Such global approaches have arguably provided more
insights into the underlying biology of common traits
than direct genetic associations. Below, we provide a brief
overview of global approaches in GWAS, and then explain
how such approaches can be carried over to mGWAS.
Global approaches in GWAS

Global approaches in GWAS typically use polygenic
models, which assume that all genetic variants exert a
causal effect on the phenotype [90,91]. This line of
research arguably began with the seminal heritability
estimation study of Yang et al., which quantified the
overall association between all genotyped genetic variants
and height in a cohort of 3,925 individuals [92]. The
underlying idea is that individuals who are more genetically similar are likely to have more similar phenotypes.
Heritability estimation provided the first principled demonstration that virtually all complex traits are highly
polygenic.
www.sciencedirect.com

We encourage mGWAS to adopt global approaches,
which treat the microbiome and the host genome as
distinct entities, rather than local approaches which consider them as a collection of taxa and of variants (Figure 3
and Table 1). As discussed above, global approaches
arguably led to a greater understanding of genetic diseases and traits than analysis of individual variants, and
we expect that similar trends can hold for mGWAS.
Global approaches are arguably more suitable for microbiome analysis because they can capture complex dynamics involving several taxa, in line with the view of the
microbiome as a complex organism. In addition, global
approaches can be more powerful because they involve
fewer tested hypotheses, leading to a less severe multiple
testing correction, and because they aggregate multiple
effects that may individually be too weak to be noticed.
Finally, global approaches can jointly investigate the
dynamics of the microbiome, the host genome, and
additional factors, such as dietary habits.
To date, global association tests have been employed in
mGWAS in a limited manner. One study tested if genetically similar individuals have similar abundances of an
investigated taxon [40]. Several studies tested if individuals with similar microbiomes share similar alleles at one
or several investigated variants, or if they share similar top
Current Opinion in Microbiology 2018, 44:9–19
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A demonstration of various types of mGWAS association tests. The top row shows matrices of genotypes (left) and of taxa abundances (right) for
six individuals. The middle row shows the corresponding matrices of genetic similarity (left) and microbiome similarity (right). The bottom row
shows a phenotype. The arrows represent types of tests; the text above each arrow states whether the test is global with respect to host genetics
(first word) and to the microbiome (second word). Local genetic tests examine if a specific variant (a column of the genotypes matrix) is
associated with some other factor, whereas global genetic tests examine if individuals who are genetically similar share some other property.
Similarly, local microbiome tests examine if a specific taxon (a column of the microbiome matrix) is associated with some other factor, whereas
global microbiome tests examine if individuals with similar microbiomes share some other property. There are two types of global–global tests:
The first (top global–global arrow) tests if individuals who are genetically similar have similar micorbiomes; the second (bottom global–global arrow)
tests if individuals with similar genomes and/or similar microbiomes are likely to share similar phenotypes. The genotypes matrix includes only
three colors, corresponding to the number of SNP minor alleles that can be carried by an individual.

genetic PCs [8,27,29,30,32]. Finally, several studies
asked if genetically similar individuals have a similar
microbiome diversity [8,28,30,32,40] or similar
microbiomes [8]. However, existing mGWAS are still
likely underpowered for such approaches due to limited
sample sizes.
We expect global mGWAS analyses to be useful mainly
for improved understanding of biological mechanisms
involving both host genetics and the microbiome, such
as fasting glucose levels, rather than identification of
specific variant-taxa associations. This is in line with
global GWAS analyses, which provide insights about
Current Opinion in Microbiology 2018, 44:9–19

the genetic architecture of traits rather than pinpointing
specific associations. One example of a global analysis in
mGWAS is the recently proposed microbiome-association
index, which quantifies the association of a host phenotype with the entire genomes of the microbiome and of
the host in a single analysis [8]. We anticipate that this
approach could be extended and applied in different
study designs, such as microbiome–metabolome association studies [105].
Despite their appeal, global approaches are no panacea.
The main limitation of global association tests is reduced
interpretability and actionability, compared to local
www.sciencedirect.com
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Table 1
Overview of global and local analyses. Shown are common types of local and global analyses of the microbiome and of the host genome.
Also shown is the approximate number of tests required for every type of analysis, under the assumption that there are one million host
genetic variants and several hundred taxa
Microbiome

Host genome

Local

Global

Local

Global

SNP-taxon association test:
Associating a specific host SNP with a specific
bacterial taxon.
Requires hundreds of millions of tests
Taxon heritability test: Estimating the fraction of
variance of the abundance of a specific taxon
inferred by the host genome Requires hundreds
of tests

SNP-microbiome association tests: Associating a specific host
SNP with microbiome b-diversity.
Requires one million tests

associations. Specifically, it may be difficult to gain biological insights from an association that involves the
entire microbiome. The clinical utility of such an association may also be limited. However, these limitations may
be an inherent biological property rather than a statistical
limitation. Since the microbiome consists of multiple cointeracting taxa, there may simply not exist an individual
taxon that can be acted upon for clinical applications. As
an analogue, associations identified in disease GWAS are
typically not directly actionable due to the complex
genetic architecture of complex diseases. Despite these
shortcomings, we believe that global microbiome associations are valuable for two reasons: such associations can
shed light on the genetic architecture of microbiomegenetic associations; and the microbiome composition can
be manipulated, which allows acting upon a global association by replacing the entire microbiome composition of
an individual, without having to implicate individual taxa.
Global approaches in statistical genetics are often carried
out using linear mixed models [92,106–108], whereas in
statistical ecology they are typically performed via ordination methods [109], Mantel tests [109] or multivariate
analysis of variance [110]. To date, relatively little work
has been done on combining these two frameworks
together. Notable examples include MiRKAT [111]
and microbiome-association index estimation [8]. Both
methods test for microbiome association with a phenotype via a linear mixed model, whose covariance matrix is
induced from a b-diversity dissimilarity measure. We
believe that this emerging field is a fertile ground for
future developments.

by the GWAS community over the last several years. We
specifically advocate adopting stringent statistical criteria,
standard data formats, and a holistic approach towards
studying microbiome and host genome interactions. Such
approaches will require the development of new statistical methods, that will likely combine state of the art
techniques from statistical genetics and statistical ecology. We anticipate that the combination of such
approaches, along with larger sample sizes and with the
integration of an increasing number of lifestyle and diet
related factors, will lead to exciting new discoveries.
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