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Summary

The gut microbiota has been typically viewed as an environmental factor for human health. Twins
are well suited for investigating the concordance of their gut microbiomes and decomposing
genetic and environmental influences. However, existing twin studies utilizing metagenomic
shotgun sequencing have included only a few samples. Here, we sequenced fecal samples from
250 adult twins in the TwinsUK registry and constructed a comprehensive gut microbial reference
gene catalog. We demonstrate heritability of many microbial taxa and functional modules in the
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gut microbiome, including those associated with diseases. Moreover, we identified 8 million SNPs
in the gut microbiome and observe a high similarity in microbiome SNPs between twins that
slowly decreases after decades of living apart. The results shed new light on the genetic and
environmental influences on the composition and function of the gut microbiome that could relate
to risk of complex diseases.

Introduction

The gut microbiota is central to host metabolism and immune homeostasis and has been
implicated in diseases from colorectal cancer and diabetes to autism spectrum disorders
(Clemente et al., 2012; Kamada et al., 2013). The gut microbiota has typically been viewed
as an environmental factor, which responds to long-term as well as short-term dietary
changes (Cotillard et al., 2013; David et al., 2014; Sommer and Béackhed, 2013; Wu et al.,
2011). On the other hand, gut microbial taxa and genes have been shown to stably associate
with an individual (Faith et al., 2013; Li et al., 2014; Schloissnig et al., 2013). Human genes
such as FutZinteract with the gut microbiota and play a role in Crohn’s disease (Goto et al.,
2014; Rausch et al., 2011; Wacklin et al., 2011). It remains unclear, however, to what extent
the gut microbiome is determined by human genetics.

Twins, with their high genetic and environmental resemblance, are well suited for
investigating the role of the gut microbiome and decomposing the genetic and environmental
factors. However, existing twin studies were mainly based on 16S rRNA gene amplicon
sequencing or included only a few metagenomic shotgun-sequenced samples (Goodrich et
al., 2014; Reyes et al., 2010; Smith et al., 2013; Turnbaugh et al., 2009), limiting their
interpretation, especially regarding gut microbial species or strains and functional capacity.

A high-quality reference gene catalog is a starting point for metagenomic,
metatranscriptomic, and metaproteomic studies, representing both cultured and uncultured
entities in the microbiome (Li et al., 2014; Nielsen et al., 2014; Qin et al., 2010, 2012;
Sunagawa et al., 2015). The Metagenomics of the Human Intestinal Tract (MetaHIT) project
sequenced 760 samples from Denmark and Spain, but important regions such as the UK
remain uncharted, and the sampling scheme offered little chance to infer host genetic
influences (Li et al., 2014).

SNPs, short insertions or deletions (indels), and copy number variations (CNVs) based on
mapping to reference bacterial genomes have been reported in the gut microbiome
(Greenblum et al., 2015; Hu et al., 2013; Schloissnig et al., 2013). An early study on isolated
strains of the methanogen, Methanobrevibacter smithii, revealed greater sharing of its SNPs
between twins than with their mothers or other individuals (Hansen et al., 2011). In general,
however, it is not known how such microbiome variations are shared or differ between twins.

Here, we sequenced fecal samples from 250 adult twins in the TwinsUK registry (Goodrich
et al., 2014; Moayyeri et al., 2013), leading to a microbial reference gene catalog from 1,517
samples as well as sequenced microbial genomes. We identified SNPs from the gut
microbiome and observed a high degree of microbial SNP sharing between twins, especially
monozygotic twins. We demonstrated moderate to high heritability of many microbial taxa
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and functional modules in the gut microbiome, and identified heritable markers previously
associated with type 2 diabetes (T2D), rheumatoid arthritis, and colorectal cancer.

Results

Gut Microbiome of the TwinsUK Cohort

We collected fecal samples from 35 monozygotic (MZ) and 92 dizygotic (DZ) female twin
pairs from the UK (Goodrich et al., 2014; Moayyeri et al., 2013) and performed
metagenomic shotgun-sequencing on 250 samples (one MZ and three DZ samples failed to
yield an Illumina HiSeq library and thus could not be sequenced, Table S1A). An average of
74 million high-quality non-human reads were obtained per sample, totaling 1.8 terabyte
(TB) sequences (Table S1B). De novo assembly, gene prediction, and annotation (Li et al.,
2014) of these sequences led to a total of 5,901,478 non-redundant genes (Figure S1A). We
then merged this gene set with a high-quality reference catalog of 9,879,896 gut microbial
genes (IGC for Integrated reference Gene Catalog), compiled from 1,267 Danish, Spanish,
Chinese, and American samples and 511 sequenced prokaryotic genomes or draft genomes
present in the cohort (Li et al., 2014) (Figure S1; Table S1C). The updated reference catalog
contained 11,446,577 genes, ensuring a saturated mapping ratio of the sequencing reads to
gene-coding regions (on average 80.21%, Table S1B) (Li et al., 2014).

The previously published reference gene catalog already allowed for mapping of an average
77.96% of the reads (Figure 1; Table S1B), confirming the utility of the reference even for
samples from a country different from the original reference collection (Li et al., 2014).
However, genes from the 250 newly sequenced metagenomes uniquely enabled 1.41%—
13.34% mapping in individual samples (3.47% on average, Figure 1; Table S1B), suggesting
identification of rare microbial genes that might be specific to this cohort (Li et al., 2014).

15.3% of the 11,446,577 genes were uniquely annotated to a genus, and 42.0% of the genes
could be functionally annotated to Kyoto Encyclopedia of Genes and Genomes (KEGG)
orthologous groups (KOs), similar to previous studies (Arumugam et al., 2011; Li et al.,
2014; Qin et al., 2012) (Table S1C).

Consistent with reported differences in the gut microbiota between people from different
countries (Li et al., 2014; Human Microbiome Project Consortium, 2012; Tyakht et al.,
2013; Yatsunenko et al., 2012), current location (when divided into four main regions across
the UK) influenced the abundance profile of gut microbial genes in the cohort (p = 0.0369,
Bray-Curtis distance in PERMANOVA, but p = 0.0912 after Benjamini-Hochberg (BH)
correction for multiple testing, Figure 2A; Tables S1A and S2A). The gut microbiome
between people in the same region was more similar than between people from different
regions (p = 1.99e-18, Wilcoxon rank-sum test, Figures 2A-2C). This location effect may
have been confounded by host genetics where twins inhabit a similar region; therefore, to
reduce this effect (and the influence of common environment before separating), we
compared the gut microbiome between twin sisters. Although involving a small number of
twin pairs, the results indicated that pairs living in different regions are more different than
pairs living in the same region (p = 0.0436, one-tailed Wilcoxon rank-sum test, Figures 2B—
2D). There was no major difference between the relative number of MZ and DZ twins living
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in the same or different regions (p > 0.05, Fisher’s exact test), and many combinations of
different regions were covered (Table S1A). While current location appears to be a relevant
environmental factor for the gut microbiome in this cohort, we were unable to determine
whether this effect was further confounded by non-twin genetics and other geographic
differences, for instance, diet, between regions of the UK (Leslie et al., 2015).

Factors including year of birth (p = 0.0348, Bray-Curtis distance in PERMANOVA, p =
0.0912 after BH, Table S2A), age at sampling (p = 0.0429 before and p = 0.0912 after BH),
BMI (p = 0.0020 before and p = 0.0170 after BH), and vegetarian or vegan diet (p = 0.0410
before and p = 0.0912 after BH) also impacted the gut microbiome in our cohort, while
order of birth, menopause, smoking, drinking, and levels of exercise were not significant (p
> 0.05, Bray-Curtis distance in PERMANOVA, Table S2A). None of these factors were
nearly as important as twin pair information (p = 0.0001 with 9,999 permutations in
PERMANOVA, p = 0.0017 after BH, pseudo-R? = 0.5426, Table S2A), and the factor that
explained the second largest proportion of variances was current location (pseudo-R2 =
0.0141, Table S2A).

Concordance of the Twins’ Gut Microbiome

The difference within MZ or DZ twin pairs was significantly smaller than between unrelated
samples, according to gut microbial gene abundance profiles (Figure S2). The MZ twins
were slightly more similar than the DZ twins (Figure S2), consistent with previous results
from 16S rRNA gene amplicon sequencing (Goodrich et al., 2014; Turnbaugh et al., 2009)

We then explored environmental factors that might contribute to the divergence between
twins. The Bray-Curtis distance between twin pairs did not associate with age (p > 0.05 for
Pearson’s, Spearman’s, and Kendall’s correlation, Table S2B). This distance did, however,
negatively correlate with the age the twins started living apart (no longer share a household,
p = 0.0029, 0.0208, 0.0212 for Pearson’s, Spearman’s, and Kendall’s correlation,
respectively), and to a lesser extent positively correlated with years they lived apart (p =
0.0629 and correlation coefficient [cc] = 0.168 for Pearson’s correlation, but p > 0.05 for
Spearman’s and Kendall’s correlation, Table S2B). As most of the twins lived separately
since they were 16-24 years old (Table S1A), the results suggest that adolescence and early
adulthood may be critical periods for establishing or maintaining the similarity between the
twins’ gut microbiome.

Heritability of the Gut Microbiome

To explore genetic contributions to a person’s gut microbiome, we assessed the correlation
between gut microbiota compositions in twin pairs. Of the 14 phyla and 109 genera detected
in at least 50% of the samples, 11 phyla and 64 genera (79% and 59%) displayed an
intraclass correlation coefficient (ICC) higher in MZ than in DZ pairs (Figure 3A; Tables
S3A and S3B); i.e., their abundances were more similar in MZ than in DZ twins.

We then estimated heritability of these gut microbial taxa by variance components analysis
using the ACE model, which partitions the total variance into genetic effects (A), common
environment (C), and unique environment (E) effects (Eaves et al., 1978; Goodrich et al.,
2014; Neale and Maes, 1992). After Box-Cox transformation, correction for sequencing
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amount, age, and age started living apart, and filtering according to ICC (detailed in STAR
Methods), 11 of the genera unequivocally showed heritability, i.e., p < 0.1 between ACE and
CE models (Figure 3A; Table S3B). Genera in the class Clostridia, especially Dorea
displayed a heritability A = 0.422, i.e., 42.2% of its abundance variations could be explained
by host genetic effects (90% confidence interval [CI] = 0.094 ~0.583). In contrast, the C
component (common environmental effect) was zero for these genera. Other notable genera
with host genetic effects included the common Bacteroidetes, Prevotella, and the oxalate-
degrading Proteobacteria, Oxalobacter (Liebman and Al-Wahsh, 2011). The major gut
commensal, Bifidobacterium, showed a modest genetic component but the lower bound of
confidence limits was close to zero (A = 0.309, 90% CI = 0 ~0.486) (Figure 3A; Table S3B).
This was also true for the mucin-degrading bacterium, Akkermansia (A = 0.223, 90% CI =0
~0.394), the inflammatory bowel disease-associated bacterium, Bilophila (A = 0.378, 90%
Cl =0 ~0.531), and the most common archaeaon in the human gut, Methanobrevibacter (A
=0.377,90% CI = 0 ~0.527). The family Christensenellaceae reported to be the most
heritable taxon from a 16S rRNA gene study of the twins (A = 0.39, 95% CI = 0.21 ~0.49)
(Goodrich et al., 2014) was not identified here, because no genome is currently available in
this family for metagenomic annotation. Although the sample size of the current study is
smaller and the lower bound of 90% CI for the heritability estimates is often close to zero, in
general, the heritabilities of the gut microbiome were greater than those previously reported
using 16S profiles, suggesting that greater power can be achieved with the resolution made
possible by the metagenomic analyses. In conclusion, the abundances of a sizable portion of
the human gut microbial taxa are likely to be influenced by host genetics.

To better delineate the heritable bacteria or archaea species, we used the metagenomic
Operational Taxonomic Units (mOTU) method that is based on universal single-copy marker
genes (Mende et al., 2013; Sunagawa et al., 2013). Of the 143 mOTUs present in at least
50% of the samples, 91 mOTUs (64%) showed a higher ICC correlation in MZ than in DZ
twins, and 11 mOTUs unequivocally showed heritability (p < 0.1 between ACE and CE
models, Figure 3B; Table S3C). These heritable mOTUs included Bacteroides caccae
involved in celiac disease (Viitasalo et al., 2014), Dorea longicatena that could metabolize
amygdalin, aesculin, inulin, sorbital, etc. (Taras et al., 2002), a butyrate-producing bacterium
from Lachnospiraceae and eight more unnamed species in the classes Clostridia and
Bacteroidia. For their closely related species, results were less clear cut. For example, B.
fragilis and B. xylanisolvenswere more correlated in MZ than in DZ twins (Figure 3B;
Table S3C) and would likely be heritable in a larger cohort.

We next examined genetic contributions to gut microbial functions. Among the 5,118 KOs
present in 50% or more of the samples, 3,479 KOs had a higher ICC in MZ than in DZ twins
(68%), and 443 KOs showed heritability, i.e., p < 0.1 between ACE and CE models (A =0.3
~0.6, Table S4A). We further identified 38 modules and 31 pathways whose abundances
were heritable (Figure S3; Tables S4B and S4C). These included biosynthesis of branched-
chain amino acids as well as proline, tyrosine, histidine and lysine, biosynthesis of the B
vitamins biotin and riboflavin, as well as transporters in fructose and mannose metabolism
(Figures 4 and S3; Tables S4A-S4C). Thus, a number of important functions of the gut
microbiome are clearly heritable.
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Heritability of Disease-Associated Microbes

After demonstrating host genetic impact on gut microbial taxa and functions, we explored
links with the gut microbiota implicated in diseases. We chose to investigate type 2 diabetes
(T2D), for which extensive genetic, epigenetic, metabolomic, and gut microbial studies were
available (Karlsson et al., 2013; Mahajan et al., 2014; Manning et al., 2012; Menni et al.,
2013; Morris et al., 2012; Qin et al., 2012; Scott et al., 2012; Yuan et al., 2014).
Metagenome-wide association study (MWAS) on a Chinese cohort of T2D had identified 47
metagenomic linkage groups (MLGs, >100 genes) (Qin et al., 2012). All the 47 MLGs could
be found in our TwinsUK cohort, although four MLGs were seen in less than 50% of the
samples, and seven MLGs more abundant in the Chinese T2D patients were more abundant
in the non-diabetic TwinsUK samples (Figure 5; Table S5A, ten diabetic versus 212 non-
diabetic, irrelevant for heritability analysis). Thus, the Chinese T2D-associated gut
microbiome was largely corroborated by this UK cohort.

Control-enriched MLGs such as Eubacterium rectale, an unclassified Faecalibacterium sp.,
Roseburia intestinalfs, and R. inulinivorans, and T2D-enriched MLGs such as Clostridium
ramosum, C. boltae, Eggerthella lenta, and Bacteroides sp. 20_3 displayed a higher ICC in
MZ compared to DZ twins (49% of the 43 MLGs); T2D-79 showed significant heritability
(p < 0.1 between ACE and CE models, Figure 5; Table S5A). In contrast, Clostridium sp.
SS3/4, Faecalibacterium prausnitzil, Haemophilus parainfluenzae, etc. were similarly
correlated in these DZ and MZ twins. We conclude that many of the T2D-associated gut
microbiome components may be partly influenced by host genetics.

Functionally, 873 of the reported 1,345 T2D KO markers had a higher correlation in MZ
than in DZ, of which 143 KO markers showed a significant heritability, e.g., the module for
sulfur reduction enriched in T2D (Qin et al., 2012) (Figure S3; Table S3A). Enzymes for the
biosynthesis of branched-chain amino acids including valine and isoleucine were also
heritable (EC 2.2.1.6, EC 1.1.1.86, and EC 2.6.1.66, Figure 4A). High concentrations of
circulating branched-chain amino acids were reported to be associated with insulin
resistance and future diabetes risk and may partially be determined by genetic factors
(Ridaura et al., 2013; Kettunen et al., 2013; Wang et al., 2011). Butyrate production, a major
function depleted in individuals with T2D and a number of other conditions, also showed
heritability in the 4-aminobutyrate pathway, i.e., production of butyryl-CoA from 4-
aminobutyrate (Figure 5B; Table S5B). Other butyryl-CoA production pathways originating
from acetyl-CoA, lysine, and glutarate had higher concordance in MZ than in DZ twins
(Figure 5B; Table S5B). Bacterial bile salt metabolizing genes had been found to decrease in
ulcerative colitis and T2D (Labbé et al., 2014). The bile salt hydrolase (BSH, EC 3.5.1.24),
which functions as the first enzyme for deconjugation of bile acids, was significantly
heritable in our cohort (Table S4A). These data indicate that the abundance of some of T2D-
associated gut microbial functions might have been influenced by host genetics.

Besides the T2D-associated gut microbiome, Prevotella coprireported to be elevated in new-
onset rheumatoid arthritis (NORA) patients (Scher et al., 2013; Zhang et al., 2015) also
appeared heritable (A = 0.419, 90% CI = 0.031 ~0.564, Table S3D), consistent with
heritability of the Prevotella genus (Figure 3A; Table S3B). Peptostreptococcus stomatis
found to be more abundant in patients with colorectal cancer (Feng et al., 2015; Yu et al.,
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2015; Zeller et al., 2014) also showed evidence of heritability (A = 0.496, 90% CI = 0.210
~0.639, p = 0.017 between ACE and CE, Table S3D), consistent with previous estimates for
the Peptostreptococcaceae family (Davenport et al., 2015; Goodrich et al., 2016; O’Connor
etal., 2014; Org et al., 2015). Functionally, 31 of the 51 previously reported gut microbial
modules (GMMs) differentially enriched in individuals with a low or high gut microbial
gene richness were more concordant (higher ICC) in MZ compared to DZ twins; six of the
GMMs showed clear heritability (p < 0.1 between ACE and CE models), including high
richness-associated modules such as cysteine biosynthesis/homocysteine degradation and
low richness-associated modules such as N-acetylglucosamine degradation (Table S5C).
These results demonstrate heritability in the abundance of taxa and functions of the gut
microbiome, which have previously been associated with complex diseases.

Concordance in Microbial SNPs

To explore the twins’ gut microbiome at higher resolution, we looked for SNPs in the
microbiome (Figure 6), which could offer further information on the extent to which the gut
microbiome remained concordant between adult twins.

After removing redundancy within species (STAR Methods), 152 bacterial or archaeal
genomes were present in the cohort with a cumulative sequencing depth of at least 10x (the
criterion used in a previous study [Schloissnig et al., 2013]; Table S6). Between one to
dozens of SNPs/kilobase were identified for each genome, increasing with the cumulative
sequencing depth until around 500x (Schloissnig et al., 2013) (Figure 6A). A high
cumulative SNP density was found for bacteria such as Akkermansia muciniphila,
Ruminococcus bromii, Bacteroides uniformis, and Roseburia hominis. These results
demonstrate a high degree of sequence variations in the gut microbiome that could only be
captured by metagenomic shotgun sequencing and would be useful for future analysis of
microbial strains.

To explore the possible link between gut microbiome SNPs and host phenotype, we divided
the subjects into different BMI groups (lean, BMI <5; overweight, <25, BMI <30; obese,
BMI =30), a significant influencing factor on the gut microbiome (Figure 6; Table S2A).
Interestingly, the lean group shared a greater proportion of gut microbiome SNPs as
analyzed by SNP similarity score between individuals (Schloissnig et al., 2013) than the
overweight or the obese groups (p = 7.80e-07 and p = 3.10e-06, Wilcoxon rank-sum test,
Figure 6B). For the normal weight-related bacterium, A. muciniphila (Chevalier et al., 2015;
Everard et al., 2013; Lukovac et al., 2014) showed decreased SNP similarity in the obese
group compared to the overweight group (Figures 6E and 6F). The overweight group had the
largest number of total SNPs in A. muciniphila, with on average more than 300 SNPs per
sample (Figure S4A). Overall, the SNPs were distributed evenly across the A. muciniphila
genome except for the repeat regions (Figure S4B). Besides BMI, samples from the same
geographic region showed greater sharing of SNPs than samples from different regions
(Figures 6D and 6G), possibly reflecting strain-level differences. For the bacterium D.
longicatena (Figure 2; Table S3C), in contrast, a different trend was observed for BMI, while
no difference could be seen for geographic regions (Figures 6H-6J).
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We next compared twin siblings and found that the similarity score for gut microbial SNPs
was significantly higher between twins than between unpaired samples (p = 0.0142 with
MZ, p = 0.0328 with DZ, one-tailed Wilcoxon rank-sum test, Figure 7A) and slightly higher
between MZ than between DZ pairs both before and after downsizing to the same
sequencing amount, and after correcting for age-started living apart or years lived apart (p =
0.1085, 0.3144, 0.2134, 0.1689, one-tailed Wilcoxon rank-sum test, Figures S5A and S5B).
For some microbes like the bile-resistant bacteria Alistipes shahiiand A. putredinis, the
difference was significant between MZ and DZ twins (Figures 7B and 7C). Thus, although
we found variation, overall genetically identical twins have very similar SNPs in their gut
microbiome even as middle-aged or senior adults, suggesting host genetic contributions to
the fine structures of the gut microbiome.

A recent analysis on SNPs in the Human Microbiome Project (HMP) samples suggested
drifting of gut microbial strains in healthy adults (Li et al., 2016). We explored this over a
much longer timescale. While age did not show a significant correlation with SNP similarity
score between twins (consistent with results from gene abundances [Table S2B]), age started
living apart positively correlated with SNP similarity score, and years lived apart negatively
correlated with SNP similarity score (p < 0.05 for Spearman’s and Kendall’s but not for
Pearson’s cc, Table S7). This is also true when we only look at twins that started living apart
between 16 and 24 years old, the range that most of the samples fall into (Tables S1A and
S7). Thus, no longer sharing a household, perhaps in a critical time period, appeared to
contribute more to the divergence of gut microbial strains between twins than chronological
age.

Discussion

We report an updated gut microbial reference gene catalog containing 11.4 million genes
from 1,517 fecal samples and 511 sequenced gut-related bacteria or archaeal genomes, a
comprehensive resource for metagenomic, metatranscriptomic, and metaproteomic studies
on the human or mouse-associated microbiome around the world (Li et al., 2014; Qin et al.,
2010; Thaiss et al., 2014; Wang and Jia, 2016).

Furthermore, we demonstrate a widespread concordance in the composition, SNPs, and
functional capacity of the gut microbiome between twins and specifically an increased
concordance among MZ twins over DZ twins, consistent with host genetic influence. To the
best of our knowledge, this is the only large cohort of twins surveyed by metagenomic
shotgun sequencing to date, providing high-resolution information for taxa and potential
functions. Compared to a previous 16S rRNA gene amplicon sequencing on twins, however,
the sample size is relatively small and no replication cohort is available (Goodrich et al.,
2014). Early work on cross-bred mice (another important and more controlled source of
genetic associations) has identified a number of quantitative trait loci (QTL) associated with
bacteria taxa in the gut (Benson et al., 2010; O’Connor et al., 2014; Org et al., 2015). It is
likely that several microbes reported as non-heritable here will attain significance with a
larger cohort with greater power. For example, a previous study in mice identified a
chromosomal region associated with Roseburia spp. abundance, which overlapped with liver
and adipose eQTLs (expression QTLs) of the /rak4 gene in mice fed a high-fat, high-sucrose
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(HF/HS) diet (Org et al., 2015). The upper limit of 90% CI for three Roseburia species
ranged between 0.2 and 0.5 in our cohort (Table S3D), and a larger cohort is expected to
raise the lower limit of 90% CI further above zero.

As in other studies of the gut microbiome, diet is a confounding factor. Aspects of dietary
preference are heritable (Teucher et al., 2007), and it remains to be explored how much these
are influenced by heritable components of the gut microbiome and vice versa.

Immune traits are also highly heritable and human genetic associations have been found for
all major immune cell types (Roederer et al., 2015). Although the gut microbiota is known to
interact with host metabolism and immune function, only a handful of human genes, most
notably Fut2, NodZ2, and the major histocompatibility complex (MHC) locus, have been
implicated in differences in the gut microbiota (Frank et al., 2011; Goodrich et al., 2014;
Goto et al., 2014; Khachatryan et al., 2008; Lukovac et al., 2014; Maslowski et al., 2009;
McKbnite et al., 2012; Pickard et al., 2014; Rausch et al., 2011; Rehman et al., 2011; Scher et
al., 2013; Trompette et al., 2014; Wacklin et al., 2011). Interestingly, 2 copri was reported to
be more abundant in patients lacking the major susceptibility allele, HLA-DRBI (Scher et
al., 2013), suggesting that its host genetic association may involve non-MHC loci or MHC
alleles analyzed by higher-resolution methods than is commonly employed (Zhou et al.,
2016). Although metagenome-wide association studies (MWAS) currently explore
associations between the relative abundance of microbial genes with diseases (Le Chatelier
et al., 2013; Cotillard et al., 2013; Feng et al., 2015; Karlsson et al., 2013; Qin et al., 2012,
2014; Zhang et al., 2015), high-resolution analyses of the SNPs and structural variations
both in microbial genomes and in the human genome are expected to fully realize the power
of this method. Further studies on the interaction between host genes and the gut
microbiome could help explain the missing heritability in many complex diseases, although
this would involve much larger sample sizes.

With the current cohort, a portion of the disease-associated gut microbiome appear to be
explained by environmental factors and thus in theory may be readily amenable to
microbiome-based therapeutics. Individual-specific features of the gut microbiome are
determined not only by genes, but also by factors such as geographic location (or
geographically associated environmental and lifestyle effects) and the time and duration of
sharing a home environment, which deserve further study in larger and younger cohorts. All
of these are important to consider in studies on human diseases and could be useful in
microbiome-based forensics and disease treatments (Franzosa et al., 2015; Lax et al., 2014;
Ridaura et al., 2013). Our results suggest that heritable components of the gut microbiome
are worth investigating for a number of complex diseases, and controlling for microbiome
factors might facilitate future explorations in disease genetics. Similarly, investigations of
the gut microbiota need to account for genetic influences that are an important component of
the differences between individuals and could influence response to therapies such as
probiotics or non-autologous fecal transplants.
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REAGENT or RESOURCE SOURCE IDENTIFIER
Critical Commercial Assays
BOX,TruSeq PE CLUSTER KIT v3-cBot-HS, Illumina(Hiseq 2000)  PE-401-3001-1
BOX 1 of 2
BOX,TruSeq PE CLUSTER KIT v3-cBot-HS, Illumina(Hiseq 2000)  PE-401-3001-2
BOX2 of 2
FC, PE HiSeq Flow Cell v3 - Grafted Illumina(Hiseq 2000)  PE-401-3001-FC
T;uZSeq SBS KIT-HS v3 (200 CYCLES) BOX 1 Illumina(Hiseq 2000)  FC-401-3001-1
0
T;uZSeq SBS KIT-HS v3 (200 CYCLES) BOX 2 Illumina(Hiseq 2000)  FC-401-3001-2
0
Deposited Data
Shotgun-sequenced reads with human sequences  This paper EBI: ERP010708
removed
Reference catalog of 11.4 million genes and This paper http://dx.doi.org/10.5524/100253
other related data
Reference catalog of 9.9 million genes Lietal., 2014 http://gigadb.org/dataset/100064
Software and Algorithms
Blast NCBI https://blast.ncbi.nim.nih.gov
Soap2 Li et al., 2009 http://soap.genomics.org.cn/
Samtools Li et al., 2009 http://samtools.sourceforge.net/
BWA Li et al., 2009 http://bio-bwa.sourceforge.net/
mOTU Sunagawa et al., 2013 http://www.bork.embl.de/software/mOTU/

Contact for Reagent and Resource Sharing

Further information and requests for reagents may be directed to the Lead Contact Huijue
Jia (jiahuijue@genomics.cn), who holds responsibility for fulfillment of these requests.

Experimental Model and Subject Details

The study included 35 MZ and 92 DZ female twin pairs with a mean age of 61 years (range
36-80 years of age), who were unselected for any phenotypes and are representative of the
participants within the TwinsUK database. None of the women was pregnant or lactating at
the time of sampling. Most of them were postmenopausal. Fecal samples were collected by
the participates and refrigerated at home for no more than 2 days, before they were taken to
King’s College London for storage at —80°C. The samples were transported on dry ice to
Cornell University for DNA extraction using the PowerSoil kit (MoBio), as in (Goodrich et
al., 2014). The DNA samples were then transported on dry ice to BGI-Shenzhen. 1 MZ and
3 DZ samples failed to yield an Illumina library. The study was approved by the institutional
review boards at King’s College London and BGI-Shenzhen. All the remaining feces and
DNA samples have been returned to Prof. Timothy D. Spector at King College London
(tim.spector@kcl.ac.uk).
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Method Details

Metagenomic sequencing and assembly—Paired-end metagenomic sequencing was
performed on the Illumina HiSeq2000 platform with a read length of 100 bp (insert size 350
bp). Low quality or human reads (according to alignment to hg19) were removed, and the
high-quality sequencing reads were then de novo assembled into contigs using SOAPdenovo
v1.06 in the MOCAT pipeline (Kultima et al., 2012; Li et al., 2014). On average, 7.24 Gb of
high-quality non-human sequences were obtained per sample (Table S1B).

Gene catalog construction—GeneMark v2.7d was used to predict genes from the
assembled contigs. Redundant genes were removed using CD-HIT of the MOCAT pipeline
(95% identity, 90% overlap) (Kultima et al., 2012), resulting in a hon-redundant gene
catalog of 5,901,478 non-redundant genes. This gene catalog was further integrated into an
existing gut microbial reference catalog of 9,879,896 genes (IGC) using CD-HIT (Kultima
etal., 2012; Li et al., 2014), resulting in a final catalog of 11,446,577 genes (Figure S1;
Tables S1B and S1C). Relative abundances of the genes were computed by aligning high-
quality sequencing reads to the reference gene catalog as previously described (Qin et al.,
2012).

Taxonomic annotation and abundance calculation—Genes from the existing
reference gene catalog inherited their original taxonomic annotation (Li et al., 2014).
Taxonomic assignment of the newly included genes was performed using the same in-house
pipeline, through BLASTN alignment to 3,449 bacterial or archaeal genomes or draft
genomes from the National Center for Biotechnology Information (NCBI) and the European
Molecular Biology Laboratory (EMBL) (Li et al., 2014; Mende et al., 2013). For each gene,
only the top 10% highest-scoring alignments covering = 80% of gene length and identity >
65% were retained. Each gene was assigned the taxonomy of the alignment(s) with 50% or
higher consensus above the similarity threshold for taxonomic rank (> 65% for phylum, >
85% for genus and > 95% for species). Our phylogenetic annotation pipeline ensures unique
assignment to phylum, genus and species for each gene, and minimizes ambiguity
(Arumugam et al., 2011; Li et al., 2014; Qin et al., 2012). The relative abundance of a taxon
was calculated from the relative abundance of its genes. Taxa containing less than 10 genes
were removed.

mOTU and MLG profiling—High-quality reads in each sample were aligned to the 79268
sequences of mOTU reference with default parameters (Mende et al., 2013; Sunagawa et al.,
2013), and 597 species-level mOTUs were identified.

Similarly, abundance of the 47 MLGs from the Chinese T2D study (Qin et al., 2012) in each
TwinsUK sample was determined by aligning high-quality reads to genes in the MLGs. The
co-occurrence network was constructed according to Spearman’s correlation between the
MLGs in the TwinsUK cohort, and visualized by Cytoscape 3.0.2.

Functional annotation according to KEGG—Genes from IGC inherited their original

KO annotation (Li et al., 2014). KO assignment of the newly included genes was performed
using the same procedure. Putative amino acid sequences were translated from the gene
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catalogs and aligned against the proteins/domains in the KEGG databases (release 59.0, with
animal and plant genes removed) using BLASTP (v2.2.24, default parameter except that
—ele — 5a6 — b50 — FFm8). Each protein was assigned to a KO by the highest scoring
annotated hit(s) containing at least one high-scoring segment pair (HSP) scoring over 60
bits. KO pathways of different heritability were highlighted in iPath (Yamada et al., 2011).

Quantification and Statistical Analysis

PERMANOVA on the influence of phenotypes—We applied permutational
multivariate analysis of variance (PERMANOVA) on the gene abundance profile of the
samples to assess impact from each of the factors listed (Anderson, 2001; Feng et al., 2015)
(Table S2A). We used Bray-Curtis distance and 9999 permutations in R (3.10, vegan
package (Feng et al., 2015; Zapala and Schork, 2006)). Similar results were obtained for
Jensen-Shannon distance.

Correlation between numerical phenotypes and microbial distance between
twins—Bray-Curtis distance between the gut microbial gene abundance profile of paired
twins was assessed for correlation with the difference between twins in the phenotypes listed
(Table S2B). Both linear and non-linear correlations were considered using Pearson’s,
Spearman’s and Kendall’s correlation coefficients.

Heritability analysis—Heritability of traits including genera, MLGs, KOs, KO pathways
or modules was estimated as previously described (Goodrich et al., 2014). Traits present in
less than 50% of the individuals were not analyzed because they mostly could not fulfil the
requirement for normal distribution even after Box-Cox transformation. Abundances of the
remaining traits were scaled to make sure the minimum nonzero is 1 and then subjected to
one-parameter Box-Cox transformation for normal distribution, and multiple linear
regression to eliminate influence from the number of sequencing reads per sample, age, and
age started living apart by using the powerTransform command from the R package “car’
and offset of 1. The traits were further filtered according to their ICCs using two criteria: 1)
r(Mz) > r(DZz); 2) r(MZ) > 0 and p < 0.01, i.e., r(MZ) is significantly greater than 0. These
steps were expected to satisfy the model-assumed conditions and increase the proportion of
heritable traits in the pool. All ICC calculations were generated with the ‘icc’ command
from the R package ‘irr’.

Heritability is calculated by using the R package ‘OpenMx’. The twin-based ACE model
and its submodels were used to estimate heritability of each trait, which were weighted to
correct for the unequal number of MZ and DZ pairs. The equation of the objective function
is:

0. = Tz T ndzo Tz Tz

T= " Mzt o
mz dz

o

DZ

n__,n, :number of MZ and DZ samples .
mz " dz
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O .0 , :objective function of MZ and DZ samples .
mz "~ dz

The p value of the A component was regarded as the difference between the ACE and the
CE models, i.e., inclusion of the genetic component better explains the data than using the
common and unique environmental components only. Although heritability studies
traditionally only report heritability and confidence intervals, here we controlled for multiple
testing on the p values of the ICC-filtered traits (977 total) according to Storey’s FDR
method (Storey, 2002) as a stringent measure. For a p value of 0.1 between ACE and CE, the
g-value is 0.05 (Tables S4, S5, and S6).

Phylogenetic tree for gut microbial genera—The phylogenetic relationship according
to the NCBI database (http://www.ncbi.nlm.nih.gov/Taxonomy/Selector/taxse.cgi) for the
120 genera detected in at least 50% of the samples was uploaded to the Interactive Tree of
Life server (http://itol.embl.de) to plot a phylogenetic tree.

SNP identification and similarity score—Sequencing reads from the 250 TwinsUK
samples were aligned to 983 reference genomes or draft genomes of gut bacteria or archaea
(previously identified as human gut microbes from all 3449 bacteria or archaea genomes or
draft genomes available from NCBI (Li et al., 2014)) using SOAP2 with identity = 90% (Li
et al., 2009). To eliminate redundancy, the genomes were clustered according to their MUMi
distances (Deloger et al., 2009) into 343 species-level clusters (MUMi > 0.5). Representative
genomes from each cluster were identified according to three criteria: i) The genome
recruited the highest number of reads in its cluster; ii) The genome had a cumulative depth
of at least 10-fold from all samples; iii) At least 40% of the genome was covered by reads
from a single sample (Schloissnig et al., 2013). A total of 152 genomes fulfilled these
criteria and were used as references for SNP calling.

An in-house script was used to call SNPs using SAMtools (Li, 2011). Single nucleotide
variants were considered as SNPs if they had a frequency of at least 1% and were supported
by at least 4 reads. Shared allele similarity score were calculated as previously described
(Schloissnig et al., 2013).

Data and Software Availability
The accession number for metagenomic shotgun sequencing data for all 250 samples after
removal of human sequences reported in this paper is European Bioinformatic Institute
(EBI): ERP010708. Other relevant data have been deposited to the GigaScience Database
(GigaDB) (http://dx.doi.org/10.5524/100253).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights
. Metagenomic data from the UK confirm saturation of the gut microbiome
gene content
. Sharing of household and geographic region influences the similarity of gut
microbiome
. Much of gut microbial composition and functions is heritable
. Microbial SNPs are often shared between twins and slowly diverge after
living apart
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Figure 1. Representation of TwinsUK Samples by the Gene Catalogs
High-quality non-human metagenomic reads uniquely (green, red) or commonly (blue)

aligned to genes from the 250 twins gene catalog and the IGC (Table S1B). The average
alignment ratio to each part is shown in the middle. The updated TwinsUK reference gene
catalog (1,517 samples + 511 genomes, Table S1C) allows on average 80.21% mapping of
the reads (unigue + common). This is close to saturation because the percentage of gene-
coding regions in all prokaryotic genomes is ~87%, and an estimated 7.25% of sequencing
reads with an average length of 77 bp could not be mapped reliably as they only partially
overlapped with genes (Li et al., 2014). Age and location of the samples are shown for
reference.
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Figure 2. Effect of Current Location on the Gut Microbiome
(A) Distribution of the subjects among geographic locations (Table S1A). The longitude and

latitude of each location were hierarchically clustered to yield four regions (geo-clusters),
represented by different colors, except for one sample from Ireland (not shown in B and C).
The size of each circle scales with the number of subjects (samples) from that county.

(B) Venn diagram for the number of the twin pairs in the same geo-cluster and in two
different geo-clusters.

(C) Bray-Curtis distance of the gut microbial gene profile between any two samples in the
same region (intra-clusters), or in different regions (inter-clusters). Plotted are interquartile
ranges (IQRs; boxes), medians (dark lines in the boxes), the lowest and highest values within
1.5 times IQR from the first and third quartiles (whiskers above and below the boxes), and
outliers beyond the whiskers (circles). p = 1.99e-18, Wilcoxon rank-sum test.

(D) Bray-Curtis distance of the gut microbial gene profile between paired twins in the same
or different geo-clusters. p = 0.0363, one-tailed Wilcoxon rank-sum test. As the volunteer in
Ireland has a twin sister in geo-cluster 2 (Table S1A), this pair is included in this panel.
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(A) A phylogenetic tree was drawn for the 90 genera seen in at least 50% of the samples.
The heritability (A component in the ACE model) was plotted as a bar for each genus. Outer
circle, green, ICC MZ < DZ; pink, ICC MZ > DZ; red, ICC MZ > DZ and p < 0.1 between
ACE and CE models. Middle circle, colored according to phyla; inner circle, light to dark
blue according to mean relative abundance of each genus. Genera that contained less than
ten genes in 97% of the samples were not plotted. More detailed data are available in Table

S3B for genera and Table S3A for phyla.
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(B) Heritability of mOTUs. The rank of relative abundance difference between each MZ or
DZ twin pair, normalized to be between zero and 1, was shown as boxplots for Bacteroides,
Bifidobacterium, Dorea, butyrate-producing bacterium, and unnamed mOTUs. Class
information for all the plotted mOTUs was shown as colored bar on the left. Heritability of
these mOTUs according to the ACE model were plotted to the right and color coded: pink,
ICC MZ >D2Z; red, ICC MZ > DZ and p < 0.1 between ACE and CE models. Detailed
results for all mOTUs with more than 50% occurrence are available in Table S3C.
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Figure 4. Heritability of Select Functions
(A-D) Heritability of KOs in the biosynthesis of branched chain amino acids (A), arginine

and proline metabolism (B), phenylalanine, tyrosine, tryptophan, and histidine biosynthesis
(C), and riboflavin metabolism (D). Pink, filtered KOs and ICC MZ > ICC DZ; red, ICC MZ
> |CC DZ and p < 0.1 between ACE and CE models. EC1.4.1.9, EC2.6.1.42, EC4.2.1.10,
EC1.1.1.282, EC1.1.1.25, EC5.4.99.5, EC4.2.1.51, EC2.6.1.1, EC2.6.1.57, and EC4.1.1.48
are bidirectional enzymes. EC4.2.1.9, EC4.3.1.19, EC4.2.1.19, EC3.1.3.15, and EC3.5.4.25
are mapped by two or more KOs for multiple metabolic reactions. The primary pathways for
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L-proline (EC2.7.2.11, EC1.2.1.41, and EC1.5.1.2) and L-arginine (EC6.3.4.5 and
EC3.5.3.6) biosynthesis are significantly heritable (B). More detailed data are available in
Table S4A for individual KOs.
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Figure 5. Heritability of T2D MLGs and Butyrate Biosynthesis Pathways
(A) MLGs (>100 genes) from Qin et al. (2012) were profiled in the TwinsUK cohort. Blue

nodes, present in less than 50% of the samples; green nodes, ICC MZ < DZ; pink nodes,
ICC MZ > DZ; red nodes, ICC MZ > DZ and p < 0.1 between ACE and CE models (Table
S5A). Light to dark-blue edges, Spearman’s correlation >0.4; light to dark-red edges,
Spearman’s correlation < -0.4.

(B) Pathways for butyrate biosynthesis were drawn according to Vital et al. (2014). Green
arrows, ICC MZ < DZ; pink arrows, ICC MZ > DZ; red arrows, ICC MZ > DZ and p< 0.1
between ACE and CE models (Table S5B). The black line from crotonoyl-CoA to butyryl-
CoA was not analyzed, because it was shared by all four pathways leading to Butyryl-CoA.
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(B, E, and H) SNP similarity score within lean, overweight, and obese groups, calculated
Cell Syst. Author manuscript; available in PMC 2018 December 28.

from all 152 reference genomes (B), for A. muciniphila (E) or D. longicatena only (H). p

was also plotted, with the maximum coverage among samples highlighted in beige.
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values from Wilcoxon rank-sum tests. 130 subjects in the lean group have a normal BMI
(18.50-24.99) except for four underweight subjects (<18.5).

(C, F, and I) SNP similarity score between the different BMI groups, calculated from all 152
reference genomes (C), for A. muciniphila (F) or D. longicatena only (1). p values from
Wilcoxon rank-sum tests.

(D, G, and J) SNP similarity score within and between geographic regions (Figure 2)
calculated from all 152 reference genomes (D), for A. muciniphila (G) or D. longicatena
only (J). p values from Wilcoxon rank-sum tests.
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Figure 7. Greater Sharing of Gut Microbiome SNPs between Twins
(A) SNP similarity score between twins compared to unrelated samples, calculated from all

152 reference genomes. p = 0.0142 between MZ and unpaired samples, p = 0.1805 between
MZ and DZ, p = 0.0328 between DZ and unpaired, one-tailed Wilcoxon rank-sum test.

(B and C) SNP similarity score between MZ twins compared to DZ twins for A. shahii (B)

and A. putredinis (C). p = 0.0408 and 0.01144, respectively, one-tailed Wilcoxon rank-sum

test.
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