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SUMMARY

Within each bacterial species, different strains may
vary in the set of genes they encode or in the copy
number of these genes. Yet, taxonomic character-
ization of the human microbiota is often limited to
the species level or to previously sequenced strains,
and accordingly, the prevalence of intra-species
variation, its functional role, and its relation to host
health remain unclear. Here, we present a compre-
hensive large-scale analysis of intra-species copy-
number variation in the gut microbiome, introducing
a rigorous computational pipeline for detecting such
variation directly from shotgun metagenomic data.
We uncover a large set of variable genes in numerous
species and demonstrate that this variation has
significant functional and clinically relevant impli-
cations. We additionally infer intra-species com-
positional profiles, identifying population structure
shifts and the presence of yet uncharacterized vari-
ants. Our results highlight the complex relationship
between microbiome composition and functional
capacity, linking metagenome-level compositional
shifts to strain-level variation.

INTRODUCTION

The human gut microbiome plays an important role in host meta-

bolism, immunity, and drug response and has a tremendous

impact on our health (Iida et al., 2013; Kinross et al., 2011; Vi-

jay-Kumar et al., 2010). Numerous comparative studies aiming

to characterize the contribution of the microbiome to human

health have already demonstrated marked shifts in the relative

abundance of various species, genera, or phyla in various dis-

ease states (Frank et al., 2007; Hoffman et al., 2014; Larsen

et al., 2010; Turnbaugh et al., 2009). Clearly, however, each

microbial species represents many different strains that may

encode considerably different sets of genes and a different

number of copies of each gene (reflecting, for example, gene de-

letions and duplication events). Such intra-species variation en-

dows each strain with potentially distinct functional capacities.

Studies of individual isolates of cultured species have indicated,

for example, that strains often differ in virulence (Gill et al., 2005;
Salama et al., 2000; Solheim et al., 2009), motility (Zunino et al.,

1994), nutrient utilization (Siezen et al., 2010), and drug resis-

tance (Gill et al., 2005). Accordingly, the true functional potential

of a microbiome cannot be inferred from species composition

alone, and species-level comparative analyses may fail to cap-

ture important functional differences across samples. Recent ef-

forts to catalog the relative abundance of known strains in human

microbiome samples (Kraal et al., 2014) may recover some of

these differences but are limited to sequenced reference ge-

nomes and are not able to identify novel, yet-to-be-sequenced

variation. Gene-centric shotgun metagenomic studies, on the

other hand, may identify genes or pathways that are differentially

abundant across samples but cannot necessarily attribute these

shifts to specific species or strains. Specifically, it is often un-

clear how much of the observed variation in gene composition

is due to variation in the abundances of species and how much

is contributed by intra-species variation. Indeed, conflicting re-

sults have been reported, with trends identified among species

profiles that are often poorly translated to gene profiles and

vice versa (Muegge et al., 2011; Turnbaugh et al., 2009). It is

therefore not yet clear how prevalent gene-level intra-species

variation is in the human gut, whether such variation is adaptive

and affects specific functions, and how much of this variation

has already been captured by reference genomes.

Some evidence already suggests that variation among strains

is common in the human gut. Several studies have focused

specifically on nucleotide-level variation, assessing, for example,

the prevalence and stability of single-nucleotide polymorphisms

across numerous metagenomes (Schloissnig et al., 2013) or

the level of sequence diversity across multiple near-complete

genomes from two bacterial species variants obtained by

single-cell sequencing (Fitzsimons et al., 2013). Other studies

have taken steps to associate sequence variationwith gene-level

differences, identifying, for example, areas of variable coverage

and the coordinated loss of genes from specific gene families

within the Streptococcus mitis B6 genome (Human Microbiome

Project Consortium, 2012) or a diverse array of strain-specific

adhesion-like protein genes across cultured strains of Meth-

anobrevibacter smithii (Hansen et al., 2011). Additional studies

have used extensive manual genomic reconstruction to track

strain-resolved shifts over time in Actinomycetaceae in the

relatively low-complexity premature infant gut microbiome

(Brown et al., 2013); to detect differences related to antibiotic

resistance, transport, and biofilm formation among three strains

of Staphylococcus epidermis (Sharon et al., 2013); or to identify
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the variable presence of genes involved in transport, motility,

carbohydrate metabolism, and virulence in two distinct strains

of Citrobacter (Morowitz et al., 2011). These gene-level studies,

however,mostly report small-scale or anecdotal results, focusing

on one or a small number of species and often on specific gene

families. A high-throughput, comprehensive analysis of gene-

level variation across a large array of species in the human gut

is therefore needed to more fully appreciate the extent and func-

tional implications of strain variation in this complex microbiome.

To address this challenge, here we establish a rigorous and

robust pipeline to estimate the copy number of each gene in a

large set of prevalent gut microbial species in a given sample

directly from metagenomic shotgun data and, furthermore, to

detect copy-number variation across samples. We carefully cali-

brate this pipeline to confirm that it can successfully estimate the

copy number of individual genes in individual species on a large

scale. Applying this pipeline to 109metagenomic samples from a

recent study of the gut microbiomes of healthy, obese, and in-

flammatory bowel disease (IBD)-afflicted individuals, we esti-

mate the copy number of more than 4,000 gene groups across

70 species in each of these samples and demonstrate the pres-

ence of widespread copy-number variation within many genes in

many species. We find that specific functions are especially

prone to copy-number variation, including functions relevant to

a community lifestyle and adaptation to the gut environment,

and further detect associations between strain variation and

host phenotype. Finally, we demonstrate that these copy-num-

ber estimates can be used both to model the composition of

known strains within each sample and to offer insight into com-

plex population structures, suggesting the presence of yet un-

characterized species variants.

RESULTS

A Pipeline for Calculating Genomic Copy-Number
Estimates in Metagenomic Samples
We developed a pipeline to confidently detect variation in gene

content and gene copy number in a large set of prevalent human

gut microbes directly from metagenomic data (Figure 1 and

Experimental Procedures). Briefly, this pipeline works as follows.

Shotgun metagenomic short reads were first aligned to a set of

reference genomes representing dominant and prevalent gut

microbiome strains. To account for the potentially multiple ge-

nomes available for each species in this reference database, ge-

nomes were grouped into clusters using a previously introduced

sequence similarity-based method (Schloissnig et al., 2013).

These clusters represent approximate species-level groups,

though in some cases may not reflect classical taxonomic divi-

sions. We used extensive simulations to carefully select align-

ment parameters and confirmed that, with these parameters,

reads mapped to the correct region and correct genome cluster,

whereas reads from genome clusters not represented in our

reference database remained unmapped (Figure 2A; Figure S1;

Extended Experimental Procedures). In parallel, gene coding re-

gions from all reference genomes were annotated with KEGG

orthology groups (KOs). Reference genomes and KOs with low

confidence mapping were identified and excluded (Figure S2;

Extended Experimental Procedures). For each sample, coverage
584 Cell 160, 583–594, February 12, 2015 ª2015 Elsevier Inc.
across each KO-annotated region in each reference genome

was calculated, and coverage values across regions corre-

sponding to the same KO in the same genome cluster were

summed. We then used the average coverage of 13 single

copymarker genes, carefully selected for their universality, map-

ping accuracy, and coverage consistency (Figure S3; Extended

Experimental Procedures), to convert the calculated coverage of

each KO in each cluster to a copy-number estimate (Experi-

mental Procedures). Overall, this process estimated the copy

number, Vkcs, of each KO k, in each genome cluster c, detected

in each sample s (Figure 1). Notably, copy-number estimates

represent an average across the various genomes associated

with each cluster that are present in the sample and across the

potentially multiple genes associated with each KO. We further

performed an analysis of an extensive synthetic dataset to

confirm that this scheme accurately recovers species abun-

dances and copy-number values (Figures S4A and S4B;

Extended Experimental Procedures).

We applied this pipeline to a dataset of 109previously collected

gut metagenomic samples from a Danish/Spanish cohort (Qin

et al., 2010), mapping in total >2.45 billion 75 bp reads to 235

reference genomes grouped into 96 genome clusters (Table S1;

Extended Experimental Procedures). The average coverage

across the 13 marker genes (a proxy for the abundance of each

cluster in each sample) varied considerably across clusters and

between samples (Figures 2B and 2C). To limit any downstream

analysis tohigh-confidencecopy-numberestimates,we therefore

considered only genome clusters with sufficient coverage in a

sample (which we term ‘‘detectable’’ clusters; Experimental Pro-

cedures). We identified a total of 70 clusters that were detectable

in at least one sample, with an average of 16 detectable clusters in

each sample (TableS2).Overall, this analysis assignedcopynum-

ber values to �1.5 million KO-cluster-sample triplets, estimating

the copy number of thousands of KOs across a large array of

genome clusters in >100 samples (Table S3).

This dataset of copy-number estimates provides a first large-

scale account of gene-level strain variation among organisms

common to the human gut. Below, we mine this dataset to

explore neutral and adaptive variation in this highly complex

ecosystem in a manner that goes beyond species-level com-

parative analysis. Importantly, this dataset and the pipeline

described above can serve as a valuable resource for future

studies of compositional shifts in the human microbiome and

in other environments, linking metagenome-level differences in

gene abundance to genome-level variation.

Identifying Genes with Highly Variable and with
Set-Specific Variable Copy Number
Given the copy-number estimates obtained above, we set out to

identify specific KOs in specific clusters (KO-cluster pairs, or

KCs) whose copy number varied across samples. Notably, to

detect variation, we compared the copy number of each KC

across different samples rather than comparing the estimated

copy number in any given sample to the copy number in a refer-

ence genome, avoiding spurious variation predictions that may

result from annotation errors or bias in the set of reference

genomes. Clearly, many clusters can be detected in only a

few samples. To confidently detect copy-number variation, we



Figure 1. Schematic of Analysis Pipeline
Reads from metagenomic samples were mapped to KEGG-annotated reference genomes, grouped into species-level genome clusters. The total coverage of

each KO (KEGG orthology group), k, in each genome cluster, c, in each sample, s, was normalized by cluster abundance to calculate gene copy number Vkcs. KCs

(specific KOs in specific genome clusters) whose copy number varied significantly across samples were detected, as well as those whose copy number was

associated with host state (obesity, IBD).

See also Figure S3 and Table S3.
therefore only considered the 40 clusters that were detectable in

at least 10 samples.

We first set out to identify KCs that exhibit extreme and

prevalent variation across samples. Specifically, we calculated

the level of inter-sample variation in the copy number of each

KC and defined as highly variable those KCs whose variation

was at least two standard deviations greater than the average
variation of all KCs (Experimental Procedures). We used both

cross-validation analysis and synthetic samples to confirm the

robustness and accuracy of this approach (Extended Experi-

mental Procedures; Figure S4C). In total, this analysis detected

735 highly variable KCs spanning 261 KOs across 38 genome

clusters (Figure 3; Table S4). The number of highly variable

KCs in each cluster varied greatly, reaching up to 47 KCs in
Cell 160, 583–594, February 12, 2015 ª2015 Elsevier Inc. 585
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Figure 2. Genome Cluster Statistics

Themappability, abundance, and prevalence of each genome cluster (representing a species-level group) are shown in three vertically aligned plots. Clusters are

sorted by their prevalence across samples.

(A) Cluster mappability, as determined by a large-scale simulation assay measuring the accuracy of mapping reads extracted from the cluster’s genomes to a

database in which the genome of origin was removed. In this simulation, reads from clusters represented in the reference database by a single genome (marked

with a dot above the column) are expected to remain unmapped.

(B) The distribution of each cluster’s abundance across samples, as determined by the average coverage of 13 single-copy marker genes.

(C) Cluster prevalence (the number of samples in which the cluster was ‘‘detectable’’) within each host group, shown as a stacked bar plot.

See also Figures S1 and S2 and Tables S1 and S2.
the Roseburia intestinalis cluster (representing 4.05% of the KCs

in this cluster), with an average of 1.79% of the KCs in each clus-

ter (Table S5). We found no apparent relationship between the

amount of variation observed in a cluster and the number of

reference genomes in the cluster or the prevalence of the cluster

across samples, but we did observe a tendency toward high

variation in species from the Firmicutes phylum compared to

other species (t test, p < 0.05; see also Figure 3). Although the

majority of highly variable KOs (57.1%) were variable in just

one cluster, certain KOs were variable across many clusters,

with some KOs variable in ten or more different clusters.

The analysis above focused on KCs that exhibit extreme vari-

ation andonKCs that vary greatly acrossmanydifferent samples.
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Variation within other genes, however, may be more subtle and

may reflect, for example, adaptive variation that can be observed

in only a small set of samples.We therefore set out to additionally

identify set-specific variable KCs, wherein the copy number of a

given KC was relatively constant across most samples but devi-

ated significantly in a small subset of the samples (Experimental

Procedures). In this analysis, we further distinguished cases in

which aKCexhibited a consistently high copy number in this sub-

set of samples compared to all other samples (set-specific

increased copy number) from cases in which a KC exhibited a

consistently low copy number in this subset of samples (set-spe-

cific decreased copy number) or in which it exhibited increased

copy number in one subset and decreased in another. As



Figure 3. A Map of Variable KCs

Amatrix map representing the status of variable KOs (x axis) in each genome cluster (y axis). Colored bars represent variable KCs (highly variable KCs vary widely

in copy number across all samples, whereas set-specific variable KCs are increased and/or decreased in copy number in only a small subset of the samples),

while light gray bars indicate KCs with consistent copy number across samples, and KOs not present in a genome cluster are left white. Genome clusters are

ordered by phylogeny, and KOs are ordered by hierarchical clustering. The bar chart to the right of themap represents the fraction of KOs in each cluster identified

as variable. Above the map, certain groups of functionally related KOs are highlighted. The 314 KOs uniquely variable in the E. coli cluster (the majority of which

have only been annotated in E. coli-like genomes) were excluded due to space constraints.

See also Figure S4 and Tables S4–S6.
expected, we found that set-specific variable KCs were much

more common than highly variable KCs. In total, our analysis de-

tected 5,004 set-specific variable KCs covering 1,859 KOs

across the 40 genome clusters examined (Figure 3; Table S4).

In general, we observed more cases of set-specific increased

copy number than of set-specific decreased copy number, but

this ratio shiftedmarkedly across clusters, and in certain clusters

(i.e., Clostridium sp., Streptococcus thermophilus) mostly set-

specific decreased KCs were observed.

Detected Variation Captures Both Known and Novel
Strain Variation
As validation of our pipeline and results, we compared the set of

highly variable KCs obtained for each cluster to known variation

among the cluster’s sequenced reference genomes. Clearly, the

reference genomes in our database do not capture the full extent

of intra-species variation in the gut microbiome. Similarly, our

samples likely do not include much of the variation present in

our reference genomes, as many of these reference genomes

represent strains isolated from clinically distinct individuals,

phenotypically diverse cohorts, or non-gut samples. Accordingly,

a large number of genes that vary in copy number across refer-

ence genomes may still exhibit consistent copy number across

the gut samples analyzed above. Yet, the set of detected highly

variable genes, which aims to include genes that vary frequently

in their copy number across genomes, is likely to capture many

instances of known variation in gene content among available

reference genomes. Indeed, considering the 15multiple-genome

clusters in our database, a striking 81%of the detected highly var-
iable KCs also vary in copy number across reference genomes

(Figure 4). Moreover, in seven of these clusters, all highly variable

KCs also vary in copy number across reference genomes.

Notably, six of these clusters contain at least three genomes,

whereas the majority of the other clusters contain only two, sug-

gesting that more sequenced strains may be needed to fully

capture the variation associated with these clusters (and more

importantly, with clusters for which only a single genome was

available). Importantly, we demonstrated that a similar overlap

can be observed when comparing predicted variation to known

variation among a large collection of genomes not included in

our database, confirming that this overlap is not an artifact of

the specific reference genomes used in our analysis (Figures 4B

and 4C; Extended Experimental Procedures). Comparison of

set-specific variable KCs to known variation across reference ge-

nomes again confirmed that the variation detected greatly over-

lapped with known variation observed across sequenced strains

(Figure S5). Notably, however, set-specific variable KCs also

included many instances of novel variation, suggesting that the

set of reference genomes currently available does not capture

the full extent of copy-number variation in the gut. Comparison

of detected set-specific variation to variation observed across

two manually assembled Citrobacter strains further revealed sig-

nificant overlap (Extended Experimental Procedures).

Functions Associated with Variable Genes
We examined whether the detected copy-number variation was

associated with specific functions in each genome cluster. We

first used enrichment analysis to identify functions that were
Cell 160, 583–594, February 12, 2015 ª2015 Elsevier Inc. 587
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Figure 4. Comparison of Highly Variable KCs to Known Variation among Reference Genomes

(A) In each Venn diagram, the gray circle represents the set of all KCs in a given genome cluster, the pink circle represents the fraction of those KCs exhibiting

copy-number variation across the cluster’s reference genomes, and the red circle represents the set of KCs detected as highly variable. Overlap of the pink and

red circles indicates correspondence between known and detected variation. Each diagram is labeled with the cluster ID, representative species name, and

number of reference genomes.

(B and C) Additional variation in reference genomes that were not used as mapping targets is represented by either an orange circle (additional reference ge-

nomes from IMG) or a yellow circle (additional reference genomes from NCBI), compared to variation in included reference genomes (pink) and detected highly

variable KCs (red).

See also Figure S5.
over-represented among the set of highly variable KCs in each

cluster. We found that transport-related functions were over-

whelmingly prone to high copy-number variation (Table S6). Spe-

cifically, ten of the genome clusters analyzed were enriched for

variation in KCs associated with transport annotations, including

the general BRITE term ‘‘Transporter,’’ as well as more specific

modules related to either sugar or iron complex transport. For

example,within theBacteroides ovatus cluster, seven of the clus-

ter’s 66 transport-associated KCswere highly variable (Figure 5),

including all three KCs (K02013, K02015, K02016) involved in a

specific iron complex transport system module (M00240). Inter-

estingly, significant variation in sugar transport functions was

only found among clusters in the phyla Firmicutes and Actino-

bacteria, whereas Bacteroidetes clusters were uniquely associ-

ated with variation in the iron complex transport system (see

Table S6). Studies of cultured organisms from various environ-

ments and experimental evolution assays have suggested that

loss, amplification, and acquisition of transport functions consti-

tute a primary adaptive mechanism (Gevers et al., 2004; Heikki-

nen et al., 2007; Lee and Marx, 2012; Sonti and Roth, 1989);

here, we show that this flexibility in the copy number of transport

genes likely extends to a considerable proportion of prevalent gut

species and that, within this general class, specific transport

genes may facilitate adaptation to the gut environment.

We additionally found that motility-related KCs were highly

variable in the Eubacterium rectale genome cluster. Specifically,
588 Cell 160, 583–594, February 12, 2015 ª2015 Elsevier Inc.
in this cluster, 7 of the 38 highly variable KCs were bacterial

motility proteins, of which four were structural flagellar compo-

nents, two were involved in chemotaxis, and one was essential

for twitchingmotility (Hanet al., 2008).Motility proteins, andespe-

cially flagellar proteins, are widely associated with virulence and

immunostimulation, and the gain or loss of flagellar components

is believed to be an important adaptivemechanism (Borziak et al.,

2013; Heikkinen et al., 2007; Al Mamun et al., 1997). Moreover,

variation in these seven KCs was highly consistent within sam-

ples; most samples contained either detectable copies of all

sevenKCsor no (or lownumber of) copies of all of theseKCs (Fig-

ure S6). Though we found no variation in the copy number of any

of these genes among the three sequenced reference genomes

included in the Eubacterium rectale cluster in our database, a

recent study of 27 elderly gut metagenomes identified non-uni-

formcoverageof genes involved in the flagellumbiogenesis path-

ways of six Eubacterium and Roseburia species (Neville et al.,

2013), suggesting that the current reference genomes may not

capture the full dynamic range of these species.

Next, we considered the collection of set-specific variable

KCs and examined their functional annotations. Interestingly, hi-

erarchical clustering of set-specific variable KOs based solely on

their variation profile across the 40 clusters revealed dis-

tinct groups of functionally related genes that vary in a given

genome cluster or within multiple clusters (Figure 3). For

example, a large set of genes related to cell growth and
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Figure 5. Copy Number of Highly Variable Transport KCs in Bacteroides ovatus

The size and color of each square represent the copy number of each highly variable KCwithin each sample. Samples are grouped by host state (I, IBD; h, healthy;

o, obese). The copy numbers of the 13 marker KCs in this genome cluster are illustrated for comparison. See also Figure S6.
sporulation were all identified as set-specific variable KCs in the

two genome clusters associated with Clostridium sp. Similarly, a

set of sugar metabolism genes were all identified as set-specific

variable KCs in Roseburia intestinalis, and a number of antibiotic

resistance genes were identified as variable in multiple genome

clusters, primarily those in the Firmicutes phylum. An enrichment

analysis of functions associated with set-specific variable KCs in

each cluster additionally revealed a number of important func-

tions that were prone to copy-number variation (Table S6). For

example, genes in the lipopolysaccharide biosynthesis pathway

inDialister invisus andClostridium sp.were often observedwith a

higher copy number in a small set of samples. Interestingly, vari-

ation within functions related to sugar metabolism (i.e., KEGG

pathways galactose metabolism, starch and sucrose meta-

bolism, fructose and mannose metabolism, polyketide sugar

unit biosynthesis) was observed primarily within Bacteroidetes

clusters, whereas set-specific transport-related variation was

almost absent from these clusters. Other functions enriched for

set-specific variable KCs suggest transitions between virulent

states, such as motility in butyrate-producing bacteria (NCBI

accession FP929062), Eubacterium rectale, and Clostridium

sp.; streptomycin biosynthesis in Acidaminococcus sp.; lyso-

syme production in Bacteroides ovatus; the EHEC/EPEC patho-

genicity signature in Escherichia coli; and secretion systems

in butyrate-producing bacteria (NCBI accession FP929062),

Clostridium sp., and Escherichia coli. Within Escherichia coli,

type II secretion system genes were identified as set-specific

decreased copy-number KCs, whereas type III secretion system

genes were identified as set-specific increased copy-number

KCs. Overall, much of the observed variation appeared to be

associated with the way a species responds to and interacts

with its surroundings, highlighting the strong adaptive potential

of gut-associated bacteria.

Clearly, different cohorts could harbor different sets of strains

owing to an assortment of ecological or host-specific factors,

and accordingly different genes may vary in copy number in
different datasets. Notably, however, analysis of a second data-

set of 73 gut samples from a Chinese cohort (Qin et al., 2012)

yielded a marked overlap with our original Danish/Spanish

cohort in both the set of KCs identified as variable and

the set of functions enriched for copy-number variation

(Extended Experimental Procedures). These findings suggest

that, although variationmay be personal, certain genes and func-

tions (e.g., those related to environmental adaptation) may be

universally prone to variation.

Host State-Associated Variation
Although much of the variation across strains may reflect neutral

processes or transitory dynamics, some variation may repre-

sent adaptation to a specific host phenotype. To detect such

potentially adaptive variation, we identified variable KCs in which

the copy number in samples from obese or IBD subjects was

significantly different than in samples from healthy subjects

(Experimental Procedures). In total, we found 24 KCs whose

copy number was significantly associated with IBD and three

KCs whose copy number was significantly associated with

obesity (FDR < 0.05; Table S7).

Interestingly, a number of these KCs have been previously

implicated in adverse host health states. For example, in our

analysis, obesity was associated with a higher copy number of

thioredoxin 1 (K03671) in Clostridium sp. (Figure 6A), and indeed

thioredoxin reductase was recently shown to be enriched in the

cecal metaproteome of mice fed a high-fat diet (Daniel et al.,

2014). Such results are consistent with thioredoxin’s regulatory

role in maintaining redox equilibrium and the demonstrated

links between a high-fat diet and oxidative stress in mammals

(Furukawa et al., 2004). Additionally, in our analysis, the loss of

a ubiquinone-reducing gene (K00349; nqrD) from Bacteroides

plebeius was associated with obesity. A recent study in mice

showed that supplemental ubiquinone reduced inflammation

and metabolic stress accompanying a high-fat high-fructose

diet by reducing the expression of certain genes associated
Cell 160, 583–594, February 12, 2015 ª2015 Elsevier Inc. 589
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Figure 6. Copy-Number Variation of Host State-Associated KCs

Two KCs whose copy number was significantly increased in samples from a specific host state are shown. The size and color of each square represent the copy

number of the KC within each sample.

(A) The copy number of thioredoxin 1 (K03671) in Clostridium sp. is significantly increased in samples from obese subjects.

(B) The copy number of an MFS transporter gene (K08217) in the Roseburia inulinivorans genome cluster is significantly increased in samples from IBD subjects.

See also Table S7.
with stress-response (Sohet et al., 2009), while mice not

receiving the supplement gainedmore weight than their counter-

parts. Importantly, however, ubiquinol, the reduced form of

ubiquinone, has recently been shown to be the more readily ab-

sorbed and more active form of the compound (Langsjoen and

Langsjoen, 2014), raising the possibility that loss of microbial

ubiquinone-reducing capabilities from certain species may hind-

er the effectiveness and protective capacity of ubiquinone in the

host. Other findings shed new light on the role of individual spe-

cies in disease, with evidence of variation associated with com-

mon disease hallmarks, such as pathogenicity-related secretion

and antibiotic resistance. In Roseburia inulinivorans (Figure 6B),

increased copy number of a gene (K08217) coding for a major

drug efflux protein known to play a role in antibiotic resistance

was highly associated with IBD-afflicted individuals. Similarly,

HlyD (K01993), an essential component of RTX hemolytic toxin

secretion (Pimenta et al., 2005), exhibited increased copy num-

ber in IBD samples in Bacteroides uniformis. See Table S7 for

a full list of disease-associated KCs. Interestingly, none of the

obesity-associated KCs and only 3 of the 24 IBD-associated

KCs were found to vary significantly in the Chinese cohort

described above, among whom only one individual was obese

and none were reported as having IBD.
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Strain-Level Deconvolution of Microbiome Composition
and Intra-Species Population Structure
Clearly, the microbiomes of different individuals can house

multiple strains of the same species with potentially different

relative abundances. Our copy-number estimates for each clus-

ter accordingly represent average copy numbers across the

different strains in the sample. Next, we therefore examined

whether these estimates can be used to obtain insights into

strain-level population structure, going beyond species-level

composition assays and focusing specifically on the composi-

tion of strains within each genome cluster rather than on the

abundance of the cluster itself.

First, we explored howwell the copy-number profiles obtained

for each genome cluster in each sample can be explained by

known reference strains, using a regression analysis to decon-

volve these copy-number profiles into a linear combination of

the strains included in our database (Experimental Procedures).

Obviously, these strains may not encompass the full set of

strains present in the samples analyzed, yet such an analysis

may be useful in examining what portion of the observed varia-

tion can be accounted for by known strains and what portion

represents potentially novel variation. Indeed, we found that, in

well-characterized clusters with many sequenced genomes,



A B

Figure 7. Predicted Strain-Level Population Structure within Clostridium sp

(A) A linear regression analysis was used to model the copy-number profile obtained for cluster 110 (Streptococcus thermophilus) in each sample as a com-

bination of known reference genomes, with prediction weights shown as stacked colored bars. Prediction accuracy (R2) is indicated above each bar. Samples

with low or negative R2 values potentially contain variation that cannot be explained by any combination of known reference genomes.

(B) A principal coordinate analysis depicting the differences between the copy-number profiles obtained for this genome cluster in the various samples (open

circles), as well as the copy-number profiles of reference genomes (filled circles).

See also Figure S7.
the copy-number profiles of most samples could be well ex-

plained by a linear combination of known strains. For example,

in the Escherichia coli cluster that comprised 63 sequenced

genomes in our database, 76% of the variation in copy number

could be explained on average by these genomes (R2 = 0.76 ±

0.12). In this cluster, the inferred representation of each strain

differed widely across samples, with some strains (i.e., Escheri-

chia coli O111:H- str. 11128) highly represented across multiple

samples and others found in just one sample. However, for less

well-characterized clusters with only a few known strains in our

database, in some cases just a subset of the observed copy-

number variation could be explained. For example, the four

known strains of Streptococcus thermophilus could be used to

explain a majority of the variation observed in some of the sam-

ples (R2 > 0.5) yet failed to explain the variation observed in four

of the samples (R2 < 0), suggesting the existence of potentially

novel, yet-to-be-sequenced variation (Figure 7A).

To further compare copy-number variation profiles across

samples and to examine variation that may not be captured by

known strains (including notably, in clusters comprising only

one known strain), we used a principal coordinate analysis.

This analysis revealed a complex population structure within

each cluster, with marked differences among samples indi-

cating the prevalence of personalized variation. For a number

of genome clusters, however, samples appear to group into

distinct sets, potentially reflecting individuals with similar

intra-species population structures (Figure 7B). Moreover, by

including the reference genomes in this principal coordinate

analysis, we were able to distinguish previously captured
variation versus novel variation observed across samples. For

example, the principal coordinate plot for the Streptococcus

thermophilus genome cluster (Figure 7B) clearly demonstrates

that, although the copy-number profiles of most samples clus-

tered tightly with several known reference genomes, the four

poorly explained samples mentioned above clustered together

and contained variation that was distinct from any reference

genome. Such a pattern may indicate the presence of novel

shared strains, providing a promising basis for targeted seq-

uencing. Similar patterns were also observed in other clusters,

in which a distinct, tightly clustered subset of samples or individ-

ual samples exhibit markedly different copy-number profile from

that of any sequenced genome (Figures S7A and S7B). Overall

though, each genome cluster exhibited a unique population

structure across individuals, highlighting the complex suite of

forces governing taxonomic composition in the gut (Levy and

Borenstein, 2013).

DISCUSSION

By and large, closely related organisms tend to encode similar

sets of genes. This consistency is in fact often used to infer func-

tional capacity from taxonomy (Langille et al., 2013; Zaneveld

et al., 2010). Clearly, however, this relationship between phylog-

eny and gene content is imperfect, and each species represents

a large collection of strains that differ in the set of genes they

encode, the copy number of these genes, and ultimately, their

functional capacity. Above, we have focused on identifying in-

stances in which this relationship between microbial species
Cell 160, 583–594, February 12, 2015 ª2015 Elsevier Inc. 591



and genes breaks, presenting a large-scale analysis of copy-

number variation in a diverse array of gut species. Our analysis

has demonstrated that copy-number variation is prevalent in

the gut environment, with some species exhibiting significant

copy-number variation in >20% of their genes. Such variation

may induce significant microbiome-wide shifts andmay account

for at least some of the observed discrepancies between trends

observed at the species levels versus trends measured at the

gene level. Moreover, intra-species variation was shown to be

especially prevalent in genes involved in specific functions,

most notably functions that impact the way an organism inter-

acts with its environment such as transport and signaling pro-

cesses. This may suggest an adaptive dynamic by which certain

species respond to changes in community composition or in the

gut niche and a potentially crucial role of the gut environment

in shaping bacterial evolution (Levy and Borenstein, 2013;

Shapiro et al., 2012). Other highly variable functions, such as

lipopolysaccharide biosynthesis, cell motility, and secretion sys-

tems, may represent changes in virulence as organisms respond

to host immune responses. Interestingly, many of these same

functions were highlighted in a previous study as more difficult

to accurately correlate with 16s data (Langille et al., 2013). Our

analysis further identified variable functions that may correlate

with host states, exhibiting differential copy number in specific

genomes. It remains unclear, however, whether such host

state-associated variation is a cause or an effect. Our framework

additionally facilitated the inference of intra-species population

profiles for each individual, suggesting that most individuals har-

bor multiple strains of each species.

Though still far from an exhaustive catalog of strains that may

be present across all human gut microbiomes, the framework

presented above represents the most comprehensive account

of copy-number variation in the human gut microbiome to

date. It is our hope that this framework and the results presented

here will inform future studies of strain-level microbiome compo-

sition, demonstrating the extent of functional information that is

lost by limiting characterization to the level of species and

prompting further investigation and sequencing of strain-level

features. Yet, there are clearly a number of caveats that should

be considered in designing such future efforts. First, our analysis

is limited to the detection of variation in gut species for which at

least one fully sequenced genome is available, and future studies

may benefit from additional genomes. Notably though, we did

not detect significantly more variation in clusters for which

more reference genomes were available. In addition, our pipe-

line was designed to detect gene losses or amplifications but

cannot identify gain of genes that are not present in any of the

reference genomes included in the genome cluster. Such gain

or transfer eventsmay represent an additional substantial source

of intra-species variation (Smillie et al., 2011). Our framework

could, however, further facilitate future efforts to study sequence

divergence among duplicated genes, informing our view of neo-

functionalization and conservation processes in themicrobiome.

Notably, in our analysis, we focused on detecting high-confi-

dence instances of variation, applying conservative parameters

for read alignment and for variability calling. Specifically, we limit

our analysis to ‘‘detectable’’ genome clusters, defined as those

with >13 coverage in the sample. Our analysis of a synthetic da-
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taset confirmed that, in such clusters, copy-number estimates

can be inferred with 96% accuracy but that prediction accuracy

dropped significantly in genome clusters with lower coverage

(Figure S4B and Extended Experimental Procedures). With 13

million reads per sample (the lowest sequencing depth in the

cohort analyzed), species that comprise >0.4% of the sample

are likely to be considered detectable by our pipeline (while a

higher sequencing depth of a sample will clearly allow analysis

of even rarer species). Future studies may relax some of these

parameters or incorporate additional information (e.g., gene

conservation) to detect more subtle variation. Finally, as with

most studies relating microbiome composition to function, our

analysis relies on the availability of functional gene databases,

which may contain incomplete or erroneous annotations. By

considering variation across samples rather than variation from

reference genomes, our analysis is largely robust to such anno-

tation inaccuracies. Interestingly, however, variable KCs identi-

fied by our analysis were much more likely to lack a functional

annotation than non-variable KCs, suggesting that much of the

detected variation in gene content has as yet uncharacterized

consequences. Combined, these results highlight both the

need for additional genome sequences and the importance of

continued efforts for characterizing gene function.

Ultimately, analysis of intra-species variation inmicrobial com-

munities is crucial for understanding the complex relationship

between species composition and community-level functional

capacity. Our analysis, quantifiably characterizing such variation

in the gut microbiome, is an important first step in this direction,

and the resulting dataset provides an essential resource for

future predictive studies.

EXPERIMENTAL PROCEDURES

Metagenomic Samples and Reference Genomes

Gut metagenomic data for 109 Danish and Spanish individuals, including indi-

viduals afflicted with obesity or IBD, was obtained from (Qin et al., 2010). A list

of 261 dominant and prevalent human gut microbial strains, grouped into 101

genome clusters (Table S1) based on sequence similarity of 40 marker genes,

was obtained from (Schloissnig et al., 2013). Nucleotide contig sequences,

gene calls, and amino acid protein sequences were downloaded for each

genome, and protein sequences were annotated with KEGG orthologous

groups (KOs). See Extended Experimental Procedures for more details.

Calculation of Copy-Number Estimates

Shotgun metagenomic reads were aligned to the set of reference genomes

with BWA, using parameters and filters carefully validated by extensive simu-

lation analyses (Figures S1 and S2; Extended Experimental Procedures). In

total, 2,469,102,286 reads were mapped. Average coverage over each gene

region was determined using samtools (Li et al., 2009), and the coverage of

each KC (KO-cluster pair) was obtained by summing over all genes annotated

with the sameKOand genome cluster. KC coveragewas normalized by cluster

abundance, defined as the average coverage over a set of 13 universal marker

KOs (Figure S3B; Extended Experimental Procedures), to obtain the estimated

copy number Vkcs of each KO k, in each cluster c, and in each sample s.

‘‘Detectable KCs’’ in a sample were defined as thosewith Vkcs > = 0.5. ‘‘Detect-

able clusters’’ within each sample were defined as those with at least 12

detectable marker KCs and average marker coverage R1. KCs that were

not detectable in any sample were removed from the analysis.

Detection of Highly Variable and Set-Specific Variable KCs

For each of the 40,088 KCs present in clusters detectable in at least ten sam-

ples, the median copy number (baseline) across samples and the MAD



(median absolute deviation) from this baseline were calculated. KCs with a

MAD more than 2 SDs from the MAD distribution mean (MAD > 0.6346)

were considered highly variable. KCs in which at least 10% of samples had

a copy number that exceeded the baseline by this threshold were considered

set-specific increased variable KCs.Set-specific decreased KCswere similarly

defined as KCs in which at least 10% of samples had a copy number that fell

below the baseline by this threshold.

Detection of Host State-Associated KCs

A KC was defined as obesity associated if the copy numbers in samples from

obese individuals were significantly higher or significantly lower than the copy

numbers in samples from non-obese individuals, according to a two-sample

t test (FDR-corrected p < 0.05). IBD-associated KCs were similarly defined.

Samples that were labeled as both obese and IBD were omitted from this

analysis.

Copy-Number Profile Deconvolution and Principal Coordinate

Analysis

For each sample, a non-negative least-squares linear regression analysis was

performed to obtain the linear combination of reference genomes in each

multi-genome cluster, optimally explaining the copy-number estimates of

variable KCs. The regression was constrained such that the sum of genome

weights for each sample and cluster equaled one. Prediction error was defined

as the R2 value for each sample. A principal coordinate analysis was also per-

formed for every genome cluster, operating on the pairwise Euclidian distance

matrix of set-specific variable KC copy numbers in each sample and each

sequenced reference genome.
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tana, L., Henrissat, B., Knight, R., and Gordon, J.I. (2011). Diet drives conver-

gence in gut microbiome functions across mammalian phylogeny and within

humans. Science 332, 970–974.

Neville, B.A., Sheridan, P.O., Harris, H.M.B., Coughlan, S., Flint, H.J., Duncan,

S.H., Jeffery, I.B., Claesson, M.J., Ross, R.P., Scott, K.P., and O’Toole, P.W.

(2013). Pro-inflammatory flagellin proteins of prevalent motile commensal bac-

teria are variably abundant in the intestinal microbiome of elderly humans.

PLoS ONE 8, e68919.

Pimenta, A.L., Racher, K., Jamieson, L., Blight, M.A., and Holland, I.B. (2005).

Mutations in HlyD, part of the type 1 translocator for hemolysin secretion,

affect the folding of the secreted toxin. J. Bacteriol. 187, 7471–7480.

Qin, J., Li, R., Raes, J., Arumugam, M., Burgdorf, K.S., Manichanh, C., Nielsen,

T., Pons, N., Levenez, F., Yamada, T., et al.; MetaHIT Consortium (2010). A hu-

man gut microbial gene catalogue established by metagenomic sequencing.

Nature 464, 59–65.

Qin, J., Li, Y., Cai, Z., Li, S., Zhu, J., Zhang, F., Liang, S., Zhang, W., Guan, Y.,

Shen, D., et al. (2012). A metagenome-wide association study of gut micro-

biota in type 2 diabetes. Nature 490, 55–60.

Salama, N., Guillemin, K., McDaniel, T.K., Sherlock, G., Tompkins, L., and Fal-

kow, S. (2000). A whole-genome microarray reveals genetic diversity among

Helicobacter pylori strains. Proc. Natl. Acad. Sci. USA 97, 14668–14673.

Schloissnig, S., Arumugam, M., Sunagawa, S., Mitreva, M., Tap, J., Zhu, A.,

Waller, A., Mende, D.R., Kultima, J.R., Martin, J., et al. (2013). Genomic varia-

tion landscape of the human gut microbiome. Nature 493, 45–50.

Shapiro, B.J., Friedman, J., Cordero, O.X., Preheim, S.P., Timberlake, S.C.,
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