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Metagenomic compendium of 189,680 DNA
viruses from the human gut microbiome

1224 David Paez-Espino®'?, Lee Call'? Soo Jen Low?, Hila Sberro*®,
12, Amy D. Proalé, Michael A. Fischbach®78°1° Ami S. Bhatt®45,
3 and Nikos C. Kyrpides ®"2

Stephen Nayfach
Natalia N. Ivanova
Philip Hugenholtz

Bacteriophages have important roles in the ecology of the human gut microbiome but are under-represented in reference data-
bases. To address this problem, we assembled the Metagenomic Gut Virus catalogue that comprises 189,680 viral genomes
from 11,810 publicly available human stool metagenomes. Over 75% of genomes represent double-stranded DNA phages that
infect members of the Bacteroidia and Clostridia classes. Based on sequence clustering we identified 54,118 candidate viral spe-
cies, 92% of which were not found in existing databases. The Metagenomic Gut Virus catalogue improves detection of viruses
in stool metagenomes and accounts for nearly 40% of CRISPR spacers found in human gut Bacteria and Archaea. We also pro-
duced a catalogue of 459,375 viral protein clusters to explore the functional potential of the gut virome. This revealed tens of
thousands of diversity-generating retroelements, which use error-prone reverse transcription to mutate target genes and may

be involved in the molecular arms race between phages and their bacterial hosts.

important roles in human health and development’. Although

often overlooked, viruses are estimated to be abundant in the
microbiome>’ and have been associated with human disease’. In
particular, bacteriophages (viruses that infect bacteria) constitute
the majority of viral particles*”* and can impact microbial ecosystem
processes through phage predation’, lysogeny'’ and horizontal gene
transfer''. Despite their ubiquity, our knowledge of viral genomic
diversity in the microbiome is limited, with most viral sequences
failing to match existing genome databases®. A comprehensive data-
base of viral genomes from the microbiome is a prerequisite for
assembly-free quantification of viruses, predicting host-virus inter-
actions'?, comparative genomics and genome mining (for example,
anti-CRISPR genes").

Traditionally, there have been two main approaches for sequenc-
ing viral genomes from the microbiome: viral metagenomic
sequencing and bulk metagenomic sequencing. Viral metagenom-
ics involves using size filtration to select for virus-like particles,
followed by viral DNA extraction, (often) whole-genome amplifica-
tion, shotgun sequencing and metagenomic assembly'*-"”. Although
size filtration is used to enrich extracellular viruses, it will not
remove all cellular organisms'® and can exclude some large viruses".
Whole-genome amplification is often necessary due to low sample
biomass but can skew viral abundances and over-amplify small cir-
cular single-stranded DNA (ssDNA) viruses'*-".

An alternative approach is to generate bulk metagenomes, with-
out size filtration or whole-genome amplification, followed by
computational separation of viral and cellular sequences*>*. This
approach captures sequences of both extracellular and intracel-
lular viruses, including integrated prophages, and is not biased by

| he gut microbiome is a complex microbial ecosystem with

whole-genome amplification. However, with bulk metagenomic
sequencing, it is more challenging to assemble low-abundance
viruses because the majority of reads derive from cellular organ-
isms*. Additionally, DNA-extraction protocols may not be opti-
mized for viruses'® and some viral sequences may originate from
degraded prophages in bacterial chromosomes'**.

To date, numerous studies have used viral metagenomic sequenc-
ing to identify phage genomes from human stool samples across a
wide variety of phenotypes**. To integrate these disparate data sets,
Soto-Perez et al.”® formed the Human Virome Database (HuVirDB)
from 1,831 public samples (including skin, stool, lung and blood)
and Gregory et al.”” formed the Gut Virome Database (GVD) from
2,697 public samples. In contrast to these viral metagenomic stud-
ies, Paez-Espino et al**. formed the IMG/VR database by identifying
viruses from bulk metagenomes, including 490 stool samples from
the Human Microbiome Project®. Since this publication, the num-
ber of publicly available bulk metagenomes has rapidly grown, as
evidenced by recent, large-scale data mining efforts®".

To expand these existing resources and provide a complemen-
tary view of the gut virome, we performed large-scale identification
of viral genomes from 11,810 bulk metagenomes from human stool
samples derived from 61 previously published studies. We used
these data to form the Metagenomic Gut Virus (MGV) catalogue,
which contains 189,680 viral draft genomes estimated to be >50%
complete and representing 54,118 candidate viral species. These
genomes vastly expand the known diversity of DNA viruses from
the gut microbiome and improve knowledge of host-virus con-
nections. We expect the MGV catalogue will be a useful commu-
nity resource for interrogating the role of the gut virome in human
health and disease.
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Brisbane, Queensland, Australia. “Department of Medicine (Hematology), Stanford University, Stanford, CA, USA. *Department of Genetics, Stanford
University, Stanford, CA, USA. ®PolyBio Research Foundation, Kenmore, WA, USA. "Department of Bioengineering, Stanford University, Stanford, CA, USA.
8Department of Microbiology and Immunology, Stanford University, Stanford, CA, USA. °ChEM-H Institute, Stanford University, Stanford, CA, USA.
°Chan Zuckerberg Biohub, San Francisco, CA, USA. ®e-mail: snayfach@lbl.gov; nckyrpides@lbl.gov
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Fig. 1| Thousands of high-quality viral genomes recovered from human gut metagenomes. a, Overview of viral discovery effort and formation of the MGV
catalogue. b, Genomic signatures of predicted viral and non-viral metagenomic contigs longer than 20 kb. Displayed data is for 1,000 randomly selected
contigs from each category. ¢, Distribution of estimated genome completeness and classification of MGVs into quality tiers (complete, n=26,030; >90%
complete, n=53,220; 50-90% complete, n=110,430; <50% complete, n=2,620,162; completeness not determined, n=671,842). d, Metadata and
annotations for 189,680 genomes with >50% completeness. For box plots, the middle line denotes the median, the box denotes the interquartile range and

the whiskers denote 1.5% the interquartile range.

Results
A genomic catalogue of DNA viruses from the gut microbiome.
We developed a viral detection pipeline for the current study using a
combination of well-established methods and signatures, including
VirFinder®, viral protein families from the Earth’s Virome Study?,
and the propensity for viral genes to lie on the same strand™ and
be functionally unannotated® (Fig. 1a,b). Based on in silico bench-
marking, our pipeline was able to sensitively identify genome frag-
ments of diverse human-associated viruses and phages, including
crAss-like phages™ and megaphages™, with high specificity and per-
formed favourably compared with existing methods (Supplementary
Tables 1-2 and Methods). For genome fragments of 1, 10 and 100kb
our pipeline achieved true-positive rates (TPR) of 41%, 74% and
96% at false-positive rates (FPR) of only 0.43%, 0.38% and 0.18%.
We then applied our pipeline to bulk metagenomes from 11,810
distinct human gut samples that were assembled in previous stud-
ies”** to broadly capture lytic and lysogenic DNA viruses (Fig. 1a
and Supplementary Table 3). The analysed data sets span 61 stud-
ies across 24 countries and include individuals with a wide range
of ages, lifestyles and disease states (Supplementary Table 4). This
revealed 3.5 million unique, single-contig viral genomes longer than
1kb. Based on an analysis of metagenomes found in all three stud-
ies, we found that choice of assembler (that is, MEGAHIT versus
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metaSPAdes) had little effect on the quality or identity of recovered
viruses (Extended Data Fig. 1). Viral genomes were largely derived
from individuals in Europe (46%), China (23%) and the USA (13%)
reflecting the amount of metagenomic data from these sources
(45%, 24% and 11% of total assembly length, respectively).

The completeness of metagenome-assembled viruses can vary
widely, ranging from short fragments to complete or near-complete
genomes. To assess genome completeness, we applied CheckV?,
revealing 189,680 genomes that were at least 50% complete (Fig. 1c),
including 26,030 complete genomes identified on the basis of direct
terminal repeats (n=19,704), host-provirus boundaries (n=5,123)
and inverted terminal repeats (n =1,203). To improve genome qual-
ity, we removed flanking host regions from these sequences (Fig.
la); confirming that viral genomes were free of host contamination,
we identified only one full-length 16S rRNA gene (flanking an inte-
grated prophage) among all 189,680 viruses compared with 83,050
16S rRNA genes in the full set of metagenomic contigs used for
viral discovery (Methods). We focused all subsequent analysis on
the 189,680 genomes with >50% completeness to avoid limitations
associated with small genome fragments® and to be consistent with
quality standards applied to microbial genomes®.

Because there was no separation of viral-like particles prior
to sequencing, we anticipated many viruses were derived from
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Fig. 2 | Viral connections to human gut Bacteria and Archaea. a, Bar plots indicating the number of CRISPR spacers across 286,997 human gut Bacteria

and Archaea, with the number of genomes indicated in parentheses. Each row indicates one host class containing at least 20 genomes and 100 spacers.
The majority of CRISPR spacers are derived from Clostridia and Bacteroidia, reflecting their abundance in the human gut. b, Percentage of CRISPR spacers
matching viral genomes with a maximum of one mismatch. ¢, Host genomes containing a CRISPR-spacer array, and those with a CRISPR-spacer array match
to a viral genome. d, Genomes linked to a virus using a combination of approaches as indicated. e, Distribution of known viral families that are associated
with each host class. Each host class is infected by a distinct repertoire of viral families.

bacterial chromosomes. However, only 24% of viral genomes
had evidence of host integration (Fig. 1d) and only 10% where
the flanking host region was >5kb. Furthermore, the major-
ity of non-integrated viruses were classified as virulent based on
BACPHLIP* (65% of 140,689) which is a computational tool that
predicts bacteriophage lifestyle from conserved protein domains.
Likewise, BACPHLIP classified 58% of the 26,030 complete
genomes as virulent, indicating that this result is not due to incom-
plete genome assembly because integrase genes often occur at the
ends of prophage genomes*. Together, these results demonstrate
that it is not uncommon to recover the genome sequences of lytic
viruses from unfiltered stool metagenomes.

Host prediction and taxonomic annotation. Predicting the cellular
hosts of viruses is important for understanding phage predation and
an essential first step towards utilizing host-virus interactions to
design innovative phage therapies*. Towards this goal, we leveraged
the Unified Human Gastrointestinal Genome (UHGG) database
of 286,997 genomes of Bacteria and Archaea from the gut micro-
biome*, which represents 4,644 prokaryotic species (Fig. 2). First,
we extracted 1,846,441 CRISPR spacers from the UHGG genomes,
and looked for near-exact matches to the 189,680 viral genomes,
resulting in host-virus connections that covered 81% of viruses
(n=153,892). Interestingly, just 21% of viruses were connected to
a host when using spacers extracted from the 4,644 species-level
representatives, indicating considerable CRISPR diversity between
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bacterial strains and active community infection. Although most
viruses were targeted by a spacer, CRISPR arrays were found in only
28% (n="79,734) of UHGG genomes and in <1% of many prevalent
species including Alistipes putredinis, Bacteroides cellulosilyticus and
Bifidobacterium breve, confirming the limited distribution of this
anti-viral defence system*. To expand the host-virus network, we
performed whole-genome alignment between the 189,680 viruses
and 286,997 hosts and identified connections based on near-exact
genomic matches (>96% identity over >1kb), resulting in connec-
tions that covered 96% of host genomes and 90% of viral genomes.
As expected, the majority of viruses were connected to Firmicutes
(predominantly Clostridia) and Bacteroidia, which are the two
dominant phyla of bacteria in the gut microbiome (Fig. 1d). These
results show that host-virus interactions can be systematically elu-
cidated through extensive assembly of both viral and microbial
genomes from the same environment.

Next, we assigned viruses to families from the ICTV data-
base based on alignments to genomes from NCBI GenBank and
crAss-like viruses from recent studies**>* (Fig. 1d). Only 56.6%
of viruses could be annotated at the family level, confirming a
large knowledge gap in the taxonomy of human gut viruses®. To
increase sensitivity, we used taxonomically informative profile
hidden Markov models (HMMs) from the VOG database (http://
vogdb.org), revealing most unannotated viruses to be members of
the Caudovirales order. Among annotated sequences were 9,395
genomes of putative crAss-like viruses (5% of total). Overall, only
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0.51% (n=48) of the putative crAss phages displayed clear evi-
dence of lysogeny (that is flanked by host region and contained an
integrase), which was more than 17X lower than other viruses in
the data set. Consistent with this, 56% of high-quality crAssphage
genomes (n=>5,439) could be circularized compared with 24% of
the other high-quality genomes (n=36,872). crAss-like genomes
contained several other unusual features, including low GC con-
tent (mean =32%), usage of an alternative genetic code and a pre-
dominance of hypothetical proteins. For example, TAG or TGA stop
codons were recoded to amino acids in 27% of crAss-like phages
versus 0.5% of other viruses. Likewise, only 12% of crAssphage pro-
teins had significant hits to Pfam, KEGG or TIGRFAM versus 28%
of proteins from other viruses. This large-scale analysis supports
previous findings that some crAss-like viruses have an obligate lytic
lifestyle’® and reveals several unusual features that further establish
crAssphage as an outlier among human gut viruses”.

Vastly expanded viral genomic diversity. To quantify the diversity
of genomes in the MGV catalogue, we first identified species-level
viral operational taxonomic units (vOTUs) using the MIUViG rec-
ommended criteria of 95% average nucleotide identity (ANI) over
85% of the length of the shorter sequence’. Small adjustments
to these parameters did impact the number of identified vOTUs,
suggesting a continuum of viral diversity beyond the species-level
boundary (Supplementary Table 5). Overall, we identified 54,118
vOTUs, of which 8,086 included members from at least two samples
(Fig. 3a). Thelargest vOT Us were predicted to infect some of the most
prevalent species in the gut microbiome, including Bacteroides uni-
formis, Faecalibacterium prausnitzii and Agathobacter rectalis (for-
merly Eubacterium rectale). To identify higher-ranking viral clades,
we clustered genomes into approximately genus- and family-level
groups on the basis of pairwise average amino acid identity (AAI)
and gene sharing (Methods), revealing 5,800 genus-level vOTUs
and 1,434 family-level vOTUs (Fig. 3a). Accumulation curves of
vOTUs appeared to be approaching an asymptote at the family and
genus ranks but not yet for species (Fig. 3b).

Other recent studies have also compiled databases of DNA
viruses from the gut microbiome’>**”". To identify vOTUs unique
to the MGV catalogue, we clustered the 189,680 genomes from
our study together with medium- and high-quality viral genomes
from three other genome catalogues (Fig. 3a): the HuVirDB (9,626
genomes derived from 1,543 viral metagenomes), GVD v.1.0
(4,494 genomes derived from 471 viral metagenomes and 98 whole
metagenomes) and IMG/VR v.2.0 (6,895 genomes derived from 490
whole metagenomes). Note that during the review of this manu-
script, the IMG/VR and GVD were updated to new versions which
were not analysed here. To enable comparability between all studies,
CheckV was run on all viral data sets and genome fragments with
<50% completeness were excluded.

Strikingly, we found that 50,048 of the 54,118 species-level
vOTUs from the MGV catalogue (92%), comprising 100,398 of the
189,680 genomes (53%), did not cluster with any genome from the
other databases (Fig. 3a). In contrast, the three reference databases
combined represented 10,391 species-level vOTUs, nearly half of
which were also found in the MGV. The MGV and IMG/VR data-
bases, which were both derived from whole metagenomes, shared
the greatest number of vOTUs and contained a relatively high pro-
portion of lysogenic phages from the order Caudovirales, whereas
the HuVirDB and GVD data sets, which were largely derived from
viral metagenomes, were enriched in small circular ssDNA viruses
from the Microviridae, Anelloviridae and CRESS families.

Next, we compared the four genome catalogues based on their
ability to recruit sequencing reads from a geographically diverse set
of whole metagenomes and viral metagenomes (Fig. 3¢). To prevent
self matches we discarded alignments between sequencing reads
and viral genomes derived from the same original study. Overall,
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MGV genomes recruited 8.6% of whole-metagenome reads, which
was 4.0-fold higher than any other database, and 40.1% of virome
reads, which was comparable with the HuVirDB at 42.3%. We also
compared the recruitment of CRISPR spacers to each viral database
as a way of quantifying host-virus connections (Fig. 3c). Overall,
37.5% of the 1.8 M spacers from UHGG genomes matched a genome
from the MGV catalogue, which was 3.25-fold higher than any
other database. The number of matched spacers and metagenomic
reads did not change considerably when using a viral database of
only species-level representatives (Fig. 3c). Together, these results
show that the MGV catalogue has substantially increased known
viral diversity, improved detection of viral reads in whole metage-
nomes and expanded coverage of host-virus connections.

Phylogenomics of intestinal Caudovirales. Caudovirales comprise
an expansive order of tailed double-stranded DNA (dsDNA) phages
found in numerous environments* and were highly represented in
the stool metagenomes we analysed. To explore the evolution of this
group in the gut microbiome, we constructed a species-level phylo-
genetic tree based on a concatenated alignment of 77 protein-coding
marker genes (Fig. 4a)*. After removing genomes with insufficient
data (fewer than three markers or <5% representation in align-
ment), the final tree contained 25,528 species-level viral genomes
derived from the four databases of uncultivated gut viruses (MGV,
IMG/VR, HuVirDB and GVD).

Based on cumulative branch length, the MGV catalogue cov-
ered 95.7% of the total phylogenetic diversity (PD) and contained
genomes representing all major lineages across the tree (Fig.
4b). Compared with the three other databases combined, MGV
genomes resulted in a 287% increase in PD that was evenly distrib-
uted across viral and host taxonomic groups. Clostridia phages were
by far the most diverse group (41.8% of PD) because of the large
number and broad phylogenetic distribution of these vOTUs. In
contrast, Bacteroidota phages represented only 11.1% of PD with
most vOTUs falling into four primary clusters (Fig. 4a) including
one dominated by crAss-like phages (2.17% of PD). Overall, there
was poor correspondence between the classical viral families based
on tail morphology and genome-based phylogeny (for example,
nearly all lineages contained Siphoviridae annotated genomes)
which further highlights the need for a phylogeny driven taxonomy
of Caudovirales* and other viral groups, analogous to the GTDB
taxonomy developed for Bacteria and Archaea™.

Notably, several lineages contained jumbo phages with genomes
exceeding 200kb (518 genomes from 245 species-level vOTUs). As
with other analyses, we carefully removed flanking host regions
as well as assembly artefacts resulting in the same genome being
repeated multiple times (Methods). The largest genome was a
553,716-bp near-complete linear genome closely related to a
Prevotella phage Lak-Al (ref. *°; 94.5% AAI over 87.1% of genes).
As with crAss-like phages, jumbo phages were rarely integrated
into a host (n=13) although they sometimes contained integrases
(n=121). To characterize the diversity of these viruses in greater
detail, we constructed a separate tree based on the large terminase
subunit (TerL). Compared with a recently published collection of
jumbo phages from diverse environments®’, MGVs resulted in a
large expansion of phylogenetic diversity and coverage of most lin-
eages (Extended Data Fig. 2).

Interestingly, jumbo phages and other Caudovirales appeared
to have little to no preference in biogeographic distribution, as
most clades were found in all continents. We hypothesized that
region-specific phylotypes might be apparent over shorter evolu-
tionary timescales, as observed for human gut bacteria®. Towards
this goal, we used single-nucleotide variants to construct strain-level
phylogenies for 146 prevalent vOTUs with more than 100 members
(Methods). Strikingly, we observed discrete subspecies that were
highly enriched in specific geographic regions for many vOTUs
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Fig. 3 | Genome clustering and comparison with existing databases. The 189,680 genomes from the MGV catalogue were compared with human gut virus
genomes >50% complete from three databases: IMG/VR (n=6,895), HuVirDB (n=9,626) and GVD (h=4,494). a, Viral genomes were clustered into
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mapped to viral genomes from various databases.

(Extended Data Fig. 3). For example, one crAss-like subspecies pre-
dicted to infect Parabacteroides was prevalent among samples from
Asia, but rare or absent from Europe and North America. More
work is needed to understand the evolutionary drivers and genomic
adaptations underlying these phylogenetic patterns.

Functional capacity of the gut virome. Although the functional
potential of human gut bacteria and archaea has been extensively
studied*>***, that of intestinal phages is less well understood. To
explore this, we identified 11,837,198 protein-coding genes with
at least 20 amino acids (98.4% with start and stop codons) across
the 189,680 viral genomes from our study and compared these with
HMM databases, including KEGG™, TIGRFAM™, Pfam*’, VOGDB
(http://vogdb.org/) and the Earth’s Virome database®. Overall, 45%
of viral genes did not have significant matches to any database and
75% were not assigned any biological function (Fig. 5a,b), indicat-
ing that remarkably little is known about the functional potential of
human gut viruses.

To identify the most common functions among intesti-
nal phages, we clustered the 11.8 million viral genes at 30% AAI
using MMseqs2 (ref. **) into 459,375 de novo viral protein clusters
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(Fig. 5¢) including 61% with at least two members (Fig. 5d). An
accumulation curve displayed no plateau, indicating that gut phages
have a large reservoir of functional diversity that is not fully cap-
tured by this study (Fig. 5e¢). Clostridia phages contained the most
functional diversity with 173,187 protein clusters, reflecting the
large phylogenetic diversity of these phages. Several of the largest
protein clusters had no predicted function, including the fourth
largest with 8,319 genes, and are therefore good candidates for
experimental characterization in the future (Fig. 5f). Other large
clusters were annotated with typical viral functions, including cap-
sid formation, packaging, lysis, lysogeny, replication and transcrip-
tional regulation (Fig. 5f).

Although it is outside the scope of this article to enumerate all
viral functions and auxiliary metabolic genes, we explored two par-
ticularly unusual findings. Based on HMM searches against Pfam,
we uncovered 11,496 putative viral beta-lactamases (PF12706),
including the majority of sequences in a single protein clus-
ter with 5,832 members (Fig. 5f). Beta-lactamases are enzymes
that enable resistance to beta-lactam antibiotics such as penicil-
lins, cephalosporins and cephamycins, and pose a major global
health problem®. To validate this result, we performed homology

NATURE MICROBIOLOGY | VOL 6 | JULY 2021 960-970 | www.nature.com/naturemicrobiology


http://vogdb.org/
http://www.nature.com/naturemicrobiology

NATURE MICROBIOLOGY

1. Viral contigs (log,,) 0 10 100 1.000

2. Viral taxonomy
[ crAss-like
B Myoviridae
B Podoviridae
[ Siphoviridae
@ Other

3. Host taxonomy
[ Actinobacteriota
I Proteobacteria
[ Bacteroidota

Firmicutes

[ ---Bacilli
M ---Clostridia
[ ---Negativicutes
@ Other

4. Newly identified
M Yes
O No
5. Lysogeny rate
(Percentage of

W

prophages/OTU)
0 25 >50

6. Genome size 3. Host taxonomy

[ <100 kb 2. Viral taxonomy

[ 100-200 kb 1. Viral contigs from current study

W >200 kb
b i c . Percentage

Percentage of Caudovirales Viral taxonomy of PD

phylogenetic diversity (PD) Siphoviridae [N
Unknown [l

Current Myoviridae [ I
o ) ) Podoviridae [N
study A &) Previous crAssphage [Nl
only studies Other [T

30.6% only

Current study and previous studies

i
\‘\\:\g\l\“‘“

\
n
\
\ :\\\\\\\\\\\“ W

== Newly identified Caudovirales lineage
= Previously known Caudovirales lineage

RESOURCE

iy
\ |

[ ~
L LT T T Ry, )
IR g o )l " ////U’/Q?

<

W
LIRS
T
m’

\
T

-
a
!

[

— |
n

4. Newly identified

5. Lysogeny rate
6. Genome size

Percentage
Total PD Host taxonomy of PD Total PD
[ 161.03% Clostridia (IR 41.79%
47.61% Unknown [N 40.9%
[ 113.88% Bacteroidota [l [] 11.13%
[ 4.22% Bacilli [l [] 10.24%
2.17% Actinobacteriota [E] [] 5.81%
0.31% Proteobacteria _ :l 6.92%
Negativicutes [ [] 5.34%
Other [l [] 4.8%

Fig. 4 | Phylogenomics of intestinal Caudovirales. A phylogenetic tree was constructed from 25,528 species-level genomes derived from the MGV and
other databases (IMG/VR, HuVirDB and GVD). a, Phylogeny of intestinal Caudovirales. Tree was plotted using iToL’* and to improve visualization only
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unique to the MGV catalogue (green). Outer rings display metadata for each vOTU. b, PD was calculated by taking the sum of branch lengths represented
by species-level viral genomes. ¢,d, MGVs from the current study result in a large gain in PD, which is consistent across (¢) viral families and (d) viruses

infecting different host groups.

searches against curated databases of antimicrobial resistance genes
using Resfams®, the NCBI AMRFinder® and the Resistance Gene
Identifier (RGI)®. These tools revealed a combined total of only
88 resistance genes (63 using Resfams, 56 using AMRFinder and
30 using RGI), indicating low similarity between the 11,496 puta-
tive viral beta-lactamases and validated resistance genes (Extended
Data Fig. 4). Although functional metagenomic assays may uncover
bona fide viral beta-lactamases in the gut microbiome, these results
appear to support the conclusion that phages rarely encode antibi-
otic resistance genes®.

Another interesting finding was a large number of phage reverse
transcriptases (RTs) (Fig. 5f and Supplementary Table 6). Overall,
the RT domain (PF00078) was the third most common functional
annotation, next to only the helix-turn-helix DNA-binding domain
(PF01381) and phage integrase family (PF00589). RTs are known
to occur in retroviruses®, RNA-targeting CRISPR-Cas systems®
and diversity-generating retroelements (DGRs)®. DGRs utilize
error-prone reverse transcription to generate random mutations
in the transcript of a template region (TR), which is then inserted
back into the genome at a variable region (VR), thereby generat-
ing population-level hyper-variability in a specific gene. Since the
DGR system was first characterized in a Bordetella bacteriophage®,
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it has been found in human microbiomes® and in several human
gut phages®™®.

To determine whether the viral RTs were part of the DGR sys-
tem, we used the tool DGRscan® to identify TR-VR pairs across
79,250 high-quality viral genomes with >90% estimated complete-
ness. Confirming our hypothesis, the great majority of genomes
with an RT also contained a TR-VR (85.7% of 25,620) compared
with a small minority of those without an RT (6.5% of 53,630)
(Fig. 5g). DGRs were remarkably common in certain Caudovirales
families (for example, 84% of 6,616 Myoviridae) and among lysog-
enized viruses (50.1% of 18,187), whereas they were rare or com-
pletely absent from other Caudovirales families, ssDNA viruses
and eukaryotic viruses (Fig. 5h). Although the vast majority of
DGR gene targets were not functionally annotated, we observed
highly significant enrichment within several Pfam domains
(Supplementary Table 7) including an immunoglobulin-like
domain that was 5.9-fold more common among DGR-targeted
genes and is believed to play a role in phage interactions with car-
bohydrates on the cell surface of bacteria’. Together, these results
reveal DGRs to be more common in intestinal phages than pre-
viously thought and may point towards viral proteins involved in
molecular phage-host interactions.
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Fig. 5 | Functional landscape of intestinal phages. a, Protein-coding viral genes were identified across all MGVs and compared with profile HMMs from
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lysogenic, dsDNA viruses from the Myoviridae family.

Discussion

In this study, we performed large-scale data mining of publicly
available metagenomes to identify 189,680 draft-quality viral
genomes representing an estimated 54,118 species-, 5,800 genus-
and 1,434 family-level vOTUs. This large resource contains exten-
sive viral genomic diversity not found in other databases, improves
detection of viral reads in microbiomes and represents numerous
diverse and previously uncharacterized viral groups. Through a
combination of approaches, we were able to predict host-virus link-
ages that cover the majority of viral and prokaryotic diversity in
the gut microbiome. These host-virus linkages may be important
in the future for understanding disease processes, designing phage
therapies or understanding host-virus co-evolutionary dynamics.
Despite large-scale annotation efforts, we were only able to assign
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preliminary biological functions to 25% of viral genes, indicating
that more work and new methods are needed to predict protein
function in viral genomes, such as deep learning” and functional
metagenomic assays’’. Although the current study focused exclu-
sively on DNA viruses, future studies could use metatranscrip-
tomics data to study RNA viruses or gene expression patterns.
While this manuscript was in review, Camarillo-Guerrero
et al.” published the Gut Phage Database (GPD), a collection of
~142,000 non-redundant viral genomes (>10kb) identified from
28,060 human gut metagenomes and 2,898 gut bacterial genomes.
After applying CheckV, we found the GPD represents 79,889 viral
contigs with >50% completeness that form 46,480 species-level
vOTUs, which is 14% less than the 54,118 vOTUs from the MGV
(Extended Data Fig. 5). Differences between viral catalogues are
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due to several factors, including data sets used for metagenome
mining, methods for viral identification and criteria for sequence
inclusion. For example, the MGV had greatly improved coverage of
Microviridae which were excluded from the GPD due to their short
length (mean = 4.9kb). Combined, the MGV and GPD represented
75,187 species-level vOTUs, indicating that the two catalogues con-
tain complementary viral diversity. In the future, these and other
large-scale viral genome catalogues could be integrated to create
a unified and standardized community resource, as recently per-
formed for human gut microbial genome catalogues®.

Methods

Development of viral detection pipeline. We used a combination of four viral
signatures to identify viral metagenomic contigs: (1) the presence of viral protein
families, (2) the absence of microbial protein families, (3) the presence of viral
nucleotide signatures, and (4) multiple adjacent genes on the same strand. For

the presence of viral protein families, we used HMMs for 23,841 viral protein
families from the IMG/VR database” (downloaded 1 June 2019) after excluding
1,440 commonly found in microbial genomes or plasmids. For the absence of
microbial protein families, we used HMMs for 16,260 protein families from the
Pfam-A database® (release 31) after excluding 452 commonly found in viruses.
Proteins from metagenomic contigs were searched against HMMs from IMG/VR
and Pfam-A using hmmsearch within the HMMER package v.3.1b2 (options: —Z
1, e-value: <1 x 107'%)° and were classified as either viral or microbial based on
the database containing the top hit. For the presence of viral nucleotide signatures,
we applied the tool VirFinder v.1.1 (ref. *?) to metagenomic contigs, which scores
sequences using a combination of k-mer frequencies and machine learning. For
multiple adjacent genes on the same strand, we quantified the strand switch rate by
dividing the number of strand switches by the number of genes on each contig.

Benchmarking viral detection pipeline. We evaluated our viral detection
pipeline on mock data sets we created that contained genome fragments from
human-associated viruses and bacteria. Each mock data set contained genome
fragments from six diverse categories of viruses: (1) crAss-like phages from

the human gut®, (2) Lak-phages from human and mammalian microbiomes™,
(3) bacteriophages assembled from human gut viromes™, (4) phages with
CRISPR-spacer matches to gut isolated microbial genomes, (5) isolate dSSDNA
human viruses and (6) isolate ssDNA human viruses. Non-viral genome fragments
were derived from: (1) gut isolated microbial genomes and (2) plasmids genomes.
We generated 2,000 genomic fragments from randomly sampled genomes within
each of the eight categories at each of seven different fragments lengths (1, 2, 5,
10, 20, 50 and 100kb). The TPR (percentage of viral contigs classified as viral)
and FPR (percentage of non-viral contigs classified as viral) were calculated

for over 77,000 combinations of cut-off values for the four viral signatures. We
selected up to five different combinations of cut-offs that resulted in the highest
classification score for each fragment length, where the classification score was
based on a weighted combination of the TPR and FPR (score = TPR — 50 X FPR;
Supplementary Table 3). We assigned a very high negative weight to the FPR to
avoid many false positives in the metagenomes which are expected to contain
mostly non-viral sequences. We compared the performance of our method with
VirSorter v.1.0.5 (ref. **) and to VirFinder v.1.1 (ref. **) using the same benchmark
data set (Supplementary Table 2). VirFinder was run using default options and
we applied p-value thresholds of 0.05, 0.01 and 0.001 for classifying genome
fragments as viral. VirSorter was run with and without the ‘-virome’ option, and
we used VirSorter categories 1 and 2 to classify a fragment as viral (excluding low
confidence predictions and integrated prophages). We also evaluated VirSorter
when including predicted prophages (categories 4 and 5).

Application of pipeline to identify human gut viruses from whole
metagenomes. To perform a comprehensive search for human gut viruses, we
downloaded 18,271 publicly available metagenomic assemblies from human
stool samples totalling 2.25 X1012 bases and corresponding to 11,810 unique
biological samples (Supplementary Table 1). Assemblies were obtained from two
recent studies”*' and the MGnify database (accessed on 16 April 2019)*. We
excluded assemblies from environments other than human gut and those that
could not be assigned to an accession number from the NCBI SRA database.
Metadata were obtained from previous studies and the NCBI BioSample database”
(Supplementary Table 2). We applied our viral detection pipeline method to
identify 4,436,008 contigs longer than 1kb across the 18,271 metagenomic
assemblies (Supplementary Table 1), which were de-replicated to 3,481,684
sequences at 100% ANTI over 100% the length of the shorter sequence.

Gene calling and identifying viruses with alternative genetic codes. Prodigal v.2.6.3
(ref. 7*) was used to identify protein-coding genes in the 3,481,684 viral genomes
using the flag “-p meta’ optimized for metagenomes. Additionally, we ran a custom
pipeline to identify viruses using an alternative genetic code. Specifically, Prodigal was
run using the standard code (11), and three alternative genetic codes: TGA recoded
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(code 4 or 25), TAG recoded (code 15) and TAA recoded (code 90), as previously
described by Ivanova et al.”. To reduce false positives this procedure was only run on
viral contigs longer than 10 kb with GC content <50%. For each viral contig, Prodigal
outputs a GFF file that includes a coding potential score for every predicted gene.

To evaluate the genetic codes, we took the sum of coding potential scores per contig.
An alternative genetic code was predicted if it’s total coding potential score was the
greatest and at least 10% greater than the standard genetic code.

Viral reference genomes used for comparison. Viral genomes from the MGV
were compared against four reference databases: IMG/VR v.2.0 (ref. *?), GVD v.1.0
(ref. 77), HuVirDB v.1.0 (ref. *°) and NCBI GenBank. For IMG/VR, we extracted
28,697 viral contigs which were identified from 490 whole metagenomes from
human stool samples using the Earth’s Virome Pipeline”’. For GVD, we used

all 13,203 viral contigs, which were identified from 471 viral metagenomes and

98 whole metagenomes using a combination of tools including VirSorter and
VirFinder and previously clustered into viral populations. An updated version of
the GVD was released while the paper was under review but was not analysed here.
For the HuVirDB, we extracted 929,886 contigs longer than 1kb from 1,543 viral
metagenomes from human stool samples. Because no viral prediction was previously
applied, we ran the viral prediction pipeline developed for the current manuscript.
For NCBI GenBank (downloaded 1 June 2019), we extracted 28,996 complete viral
genomes after removing those labelled as incomplete, contaminated, or chimeric.

Quality control of viral genomes. We applied CheckV v.0.7.0 (database v.0.6)*”

to all viral sequences to identify closed genomes, estimate genome completeness
and remove flanking host regions on assembled proviruses. Putative complete
genomes were predicted based on direct terminal repeats (minimum 20 bp),
inverted terminal repeats (minimum 20 bp) or provirus integration sites (host
region predicted on both ends of viral contig), and were additionally required to
display >90% estimated completeness based on comparison with CheckV reference
genomes. A small number of sequences were removed that contained large repeats
spanning >30% of the contig length. We selected all genomes with >50% estimated
completeness for further analysis, resulting in 189,680 viral contigs from the MGV
catalogue, 6,895 contigs from IMG/VR, 4,494 from GVD, 9,626 from HuVirDB
and 28,996 from GenBank. We estimated the amount of non-viral DNA from
cellular organisms among MGV sequences by searching for 16S and 18S rRNA
genes using Barrnap v.0.9-dev (https://github.com/tseemann/barrnap) with models
for Bacteria, Archaea and Eukaryotes. Alignments were required to cover >70% of
the 16S or 18S rRNA gene and display an e-value <1 x 107°. This same procedure
was applied to the 18,271 metagenomic assemblies used for viral discovery to
estimate the background levels of 16S and 18S rRNA genes.

Taxonomic annotation. Viral genomes were annotated based on amino acid
alignments to a database of proteins derived from complete NCBI GenBank
genomes and crAss-like genomes. Annotations were performed using the
Baltimore classification (DNA, dsDNA, ssDNA, ssDNA-RT, dsRNA, RNA, ssRNA,
ssSRNA-RT) as well the ICTV taxonomy at the order, family and genus ranks.
DIAMOND v.0.9.32 (options: —query-cover 50-subject-cover 50—e-value le-5—
max-target-seqs 1000)*" was used to align viral proteins to the reference database.
The taxonomy of the top database hit was then transferred to each protein at each
taxonomic rank (Baltimore, order, family, genus). In cases where the taxonomy
of the top hit was missing, we used the next hit if its bit-score was within 25%

of the top hit. For each viral genome, we aggregated annotations across proteins
after weighting by bit-scores. Each viral genome was then annotated at the lowest
taxonomic rank having >70% agreement across annotated proteins. At the family
rank, we required genomes to have a minimum of two annotated proteins with
>30% AAI to the database. At the genus rank, we required genomes to have a
minimum of three annotated proteins with >40% average AAI to the database.
As validation, we applied our pipeline to taxonomically annotated genomes from
NCBI GenBank after removing closely related genes from the database. Our
pipeline achieved average TPRs of 90.0%, 98.7%, 92.2% and 73.5% at precision
values of 95.6%, 99.9%, 99.3% and 96.5% for taxonomic ranks of Baltimore, order,
family and genus, respectively.

Host prediction. We used a combination of CRISPR-spacer matches and >1kb
genome sequence matches to associate viral genomes to Bacterial and Archaeal
genomes from the UHGG collection®. The UHGG contains 286,997 genomes,
representing 4,644 species of Bacteria and Archaea from the human gut that are
taxonomically annotated using GTDB-tk v.0.3.1 (GTDB release 89)*'. Many of
the UHGG genomes are metagenome-assembled genomes, which sometimes
contain erroneously binned sequences, including those from viruses. To address
this, we conservatively identified and removed 2,043,531 contigs from UHGG
genomes where the host region comprised <50% of the contig length. We then
compared the remaining UHGG contigs with viral genomes and identified >1kb
genome sequence matches with >96% DNA identity using blastn from the blast+
package v.2.9.0 (ref. *). Next, we identified 1,846,441 spacers from 145,053
CRISPR arrays from 79,735 UHGG genomes using a combination of CRT* and
PILER-CR* with default parameters. Redundant CRISPR arrays predicted by both
tools were merged based on genomic coordinates. Spacers were searched against
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viral genomes using blastn from the blast+ package v.2.9.0 (options: -dust=no
-word-size = 18), allowing a maximum of one mismatch or gap over >95% of

the spacer length. For each viral genome, we then aggregated connections to
UHGG genomes and identified the lowest host taxonomic rank resulting in >70%
agreement across connections.

Clustering viral genomes into vOTUs. All viral genomes with >50% completeness
were clustered into species-level vOTUs on the basis of 95% ANI and 85%
alignment fraction (AF) of the shorter sequence, as recommended by Roux et al.**.
ANI and AF were estimated between all genome pairs using a custom script from
the CheckV repository. The script performs all-versus-all local alignments using
blastn from the blast+ package v.2.9.0 (options: perc_identity =90 max_target_
seqs =10000). ANI is computed as the length-weighted average DNA identity
across local alignments between each genome pair. AF is computed by merging
alignment coordinates between each genome pair and dividing by the length of
each genome. This approach gave consistent results compared to MUMMer4
(ref. *°), while running in a small fraction of the time. Clustering was performed
using a greedy, centroid-based algorithm in which: (1) genomes were sorted by
length, (2) the longest genome was designated as the centroid of a new cluster,
(3) all genomes within 95% ANI and 85% AF were assigned to that cluster, and
steps 2 and 3 were repeated until all genomes had been assigned to a cluster.

To identify genus- and family-level vOTUs, we clustered viral genomes using
a combination of gene sharing and AAI For computational efficiency, only the
longest genome per species-level vOTU was included. Blastp from the DIAMOND
package v.0.9.25.126 was used with options ‘-e-value 1 X 10~°~max-target-seqs
10,000’ to align all viral proteins. For each pair of genomes, we identified shared
genes (e-value <1Xx107°), computed their AAI, and computed the percentage of
genes shared. Edges between genomes were filtered based on their minimum AAI
and gene sharing. Clustering was performed with MCL v.14-137 using different
values for the inflation factor parameter. We then selected the filtering thresholds
and MCL inflation factor that resulted in the highest agreement with genus- and
family-level annotations from NCBI RefSeq, respectively. At the family level, we
filtered connections between genomes with <20% AAI or <10% genes shared and
used an inflation factor of 1.2. At the genus level, we filtered connections between
genomes with <50% AAI or <20% gene sharing and used an inflation factor of
2.0. We benchmarked our approach on taxonomically annotated genomes from
NCBI, showing that viral clusters displayed high taxonomic homogeneity (that is
the percentage of genomes from each cluster assigned to the same taxon; genus
rank=95.1%, family rank =93.7%), though sometimes split known taxa into
multiple clusters (that is percentage of genomes from each taxon assigned to the
same cluster: genus rank =92.6%, family rank =74.5%).

Metagenomic read recruitment. Read mapping was performed to viral genomes
databases to assess their coverage of viruses in microbiomes. First, we downloaded
short reads from human gut viromes analysed by the HuVirDB plus short reads
from three recent gut virome studies'***". Short reads from whole metagenomes
were downloaded for 1,257 stool samples from various countries (representing
up to 50 samples per country). To ensure that viromes were mostly free of
cellular contamination, we ran the viromeQC tool*® and retained viromes with
an enrichment score >10, as recommended by the authors. For computational
efficiency, we only analysed the first 1,000,000 sequencing reads from each data
set. For quality control, we discarded reads that were either too short (<70bp),
contained ambiguous base calls, had low base quality scores (mean quality score
<30) or mapped to the human genome (build hg19).

Next, we used Bowtie v.2.3.2 (ref. *) to construct genome indexes for read
mapping. Five indexes were created using all genomes from each of the four gut
human virus databases (MGV, IMG/VR, HuVirDB, GVD), plus NCBI GenBank.
Five additional indexes were created using only a single genome per species-level
vOTU. Next, we used Bowtie 2 (options ‘~very-sensitive -k 20’) to align sequencing
reads to each of the 10 genome indexes. Alignments between sequencing reads
and viral genomes derived from the same SRA study were discarded to prevent
overestimation of mapping rates. Additionally, alignments with mapping identity
<95% (for example, edit distance >5 for 100-bp read) were discarded. After these
filtering steps we quantified the percentage of high-quality, non-human reads that
mapped to each database.

Phylogenetic analyses. We constructed a phylogeny of Caudovirales genomes
using the method described by Low et al.””. First, we identified the set of 77
Caudovirales markers in the representative genomes of 60,439 species-level vOTUs.
HMNMs for the 77 markers were searched against the protein sequences and the top
hits individually aligned to the profile HMMs using HMMER v.3.1b2. Individual
marker alignments were then trimmed to retain positions with less than 50% gaps
using trimAl v.1.4 (ref. *°) and concatenated, filling in gaps for missing markers
where necessary. Only genomes containing at least three markers and having data
at >5% of alignment columns were retained. This resulted in a multiple sequence
alignment of 28,780 genomes with 22,711 alignment columns. We then inferred

a concatenated protein phylogeny from the multiple sequence alignment using
FastTree v.2.1.9 (ref. °') under the WAG + G model with the additional flags ‘-mlacc
2’ and ‘-slownni. The tree was then midpoint-rooted and visualized using iToL".

In addition, we constructed core-genome single-nucleotide polymorphism
(SNP) phylogenies of individual species-level vOTUs with at least 100 genomes.
SNPs were identified by aligning all genomes to the longest genome in the cluster
using nucmer from the MUMmer4 package v.4.0.0beta2 (ref. ) with default
options. SNPs were identified at genomic positions covered by >50% of genomes
and we retained all genomes with data at >50% of positions. FastTree v.2.1.9 was
used to construct phylogenetic trees using default options.

Functional annotation and protein clustering. Some 11,837,198 protein-coding
genes were identified from the 189,680 MGV's using Prodigal and genes were
annotated based on HMM searches against protein family databases: KEGG™,
TIGRFAM™, Pfam-A*’, VOGDB (http://vogdb.org) and the Earth’s Virome viral
protein families database”. All searches were performed using the hmmsearch
utility in the HMMER package v.3.1b2 (ref. ) with default parameters. Each gene
was annotated by each database according to its top scoring alignment with a
bit-score >50, except for Pfam and TIGRFAM where trusted cut-offs were used.
Antibiotic resistance genes were identified using three tools: (1) the Resistance
Gene Identifier v.5.1.0 (ref. ©?) using option ‘~low_quality’ with gene-specific
bit-score thresholds, (2) the NCBI AMRFinder tool v.3.8.4 (ref. °') using default
options and (3) the Resfams database® using hmmsearch with HMM-specific
bit-score thresholds. DGRs were identified using the tool DGRscan®” with default
options. All proteins were clustered at 30% AAI and 70% alignment coverage using
MDMseqs2 v.10.6d92¢*.

Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability

Access to the full catalogue of viral genomes, protein clusters, diversity-generating
retroelements and CRISPR spacers is provided without restrictions at https://
portal.nersc.gov/MGV. Any requests for further data should be directed to the
corresponding authors.

Code availability
Supporting code, including our viral detection pipeline, is provided at https://
github.com/snayfach/MGV.

Received: 9 March 2021; Accepted: 25 May 2021;
Published online: 24 June 2021

References

1. Lynch, S. V. & Pedersen, O. The human intestinal microbiome in health and
disease. N. Engl. J. Med. 375, 2369-2379 (2016).

2. Ogilvie, L. A. et al. Genome signature-based dissection of human gut
metagenomes to extract subliminal viral sequences. Nat. Commun. 4,

2420 (2013).

3. Reyes, A. et al. Viruses in the faecal microbiota of monozygotic twins and
their mothers. Nature 466, 334-338 (2010).

4. Gogokhia, L. et al. Expansion of bacteriophages is linked to aggravated
intestinal inflammation and colitis. Cell Host Microbe 25, 285-299 (2019).

5. Clooney, A. G. et al. Whole-virome analysis sheds light on viral dark matter
in inflammatory bowel disease. Cell Host Microbe 26, 764-778 (2019).

6. Ma, Y. et al. A human gut phage catalog correlates the gut phageome with
type 2 diabetes. Microbiome 6, 24 (2018).

7. Minot, S. et al. The human gut virome: inter-individual variation and
dynamic response to diet. Genome Res. 21, 1616-1625 (2011).

8. Breitbart, M. et al. Metagenomic analyses of an uncultured viral community
from human feces. J. Bacteriol. 185, 6220-6223 (2003).

9. Rodriguez-Valera, F. et al. Explaining microbial population genomics through
phage predation. Nat. Rev. Microbiol. 7, 828-836 (2009).

10. Canchaya, C. et al. Prophage genomics. Microbiol. Mol. Biol. Rev. 67,
238-276 (2003).

11. Touchon, M., Moura de Souza, J. A. & Rocha, E. P. C. Embracing the enemy:
the diversification of microbial gene repertoires by phage-mediated horizontal
gene transfer. Curr. Opin. Microbiol. 38, 66-73 (2017).

12. Edwards, R. A. et al. Computational approaches to predict bacteriophage-
host relationships. FEMS Microbiol. Rev. 40, 258-272 (2016).

13. Yi, H. et al. AcrFinder: genome mining anti-CRISPR operons in prokaryotes
and their viruses. Nucleic Acids Res. 48, W358-W365 (2020).

14. Shkoporov, A. N. et al. Reproducible protocols for metagenomic analysis of
human faecal phageomes. Microbiome 6, 68 (2018).

15. Conceicao-Neto, N. et al. Modular approach to customise sample preparation
procedures for viral metagenomics: a reproducible protocol for virome
analysis. Sci. Rep. 5, 16532 (2015).

16. Milani, C. et al. Tracing mother-infant transmission of bacteriophages by
means of a novel analytical tool for shotgun metagenomic datasets:
METAnnotatorX. Microbiome 6, 145 (2018).

968 NATURE MICROBIOLOGY | VOL 6 | JULY 2021 960-970 | www.nature.com/naturemicrobiology


http://vogdb.org
https://portal.nersc.gov/MGV
https://portal.nersc.gov/MGV
https://github.com/snayfach/MGV
https://github.com/snayfach/MGV
http://www.nature.com/naturemicrobiology

NATURE MICROBIOLOGY

17.

18.

19.

20.

2

—

22.

23.

24.

25.

26.

27.

28.

29.

30.

3

—

32.
33,

34.

35.
36.
37.
38.

39.

40.

41.

42.

43.
44.
45.

46.

47.

48.

49.

NATURE MICROBIOLOGY | VOL 6 | JULY 2021 960-970 | www.nature.com/naturemicrobiology

Trubl, G. et al. Towards optimized viral metagenomes for double-stranded and
single-stranded DNA viruses from challenging soils. Peer] 7, €7265 (2019).
Roux, S. et al. Assessment of viral community functional potential from viral
metagenomes may be hampered by contamination with cellular sequences.
Open Biol. 3, 130160 (2013).

Parras-Molto, M. et al. Evaluation of bias induced by viral enrichment and
random amplification protocols in metagenomic surveys of saliva DNA
viruses. Microbiome 6, 119 (2018).

Kim, K. H. & Bae, J. W. Amplification methods bias metagenomic libraries of
uncultured single-stranded and double-stranded DNA viruses. Appl. Environ.
Microbiol. 77, 7663-7668 (2011).

. Szekely, A. J. & Breitbart, M. Single-stranded DNA phages: from early

molecular biology tools to recent revolutions in environmental microbiology.
FEMS Microbiol. Lett. 363, faw027 (2016).

Paez-Espino, D. et al. IMG/VR v.2.0: an integrated data management and
analysis system for cultivated and environmental viral genomes. Nucleic Acids
Res. 47, D678-D686 (2019).

Paez-Espino, D. et al. Uncovering Earth’s virome. Nature 536, 425-430 (2016).
Arumugam, M. et al. Enterotypes of the human gut microbiome. Nature 473,
174-180 (2011).

Bobay, L. M., Touchon, M. & Rocha, E. P. Pervasive domestication of defective
prophages by bacteria. Proc. Natl Acad. Sci. USA 111, 12127-12132 (2014).
Soto-Perez, P. et al. CRISPR-Cas system of a prevalent human gut bacterium
reveals hyper-targeting against phages in a human virome catalog. Cell Host
Microbe 26, 325-335 (2019).

Gregory, A. C. et al. The gut virome database reveals age-dependent patterns
of virome diversity in the human gut. Cell Host Microbe 28, 724-740 (2020).
The Human Microbiome Project Consortium. A framework for human
microbiome research. Nature 486, 215-221 (2012)..

Pasolli, E. et al. Extensive unexplored human microbiome diversity revealed
by over 150,000 genomes from metagenomes spanning age, geography, and
lifestyle. Cell 176, 649-662 (2019).

Almeida, A. et al. A new genomic blueprint of the human gut microbiota.
Nature 568, 499-504 (2019).

. Nayfach, S. et al. New insights from uncultivated genomes of the global

human gut microbiome. Nature 568, 505-510 (2019).

Ren, J. et al. VirFinder: a novel k-mer based tool for identifying viral
sequences from assembled metagenomic data. Microbiome 5, 69 (2017).
Roux, S. et al. VirSorter: mining viral signal from microbial genomic data.
Peer] 3, €985 (2015).

Dutilh, B. E. et al. A highly abundant bacteriophage discovered in the
unknown sequences of human faecal metagenomes. Nat. Commun. 5,

4498 (2014).

Devoto, A. E. et al. Megaphages infect Prevotella and variants are widespread
in gut microbiomes. Nat. Microbiol 4, 693-700 (2019).

Mitchell, A. L. et al. MGnify: the microbiome analysis resource in 2020.
Nucleic Acids Res. 48, D570-D578 (2020).

Nayfach, S. et al. CheckV assesses the quality and completeness of
metagenome-assembled viral genomes. Nat. Biotechnol. 39, 578-585 (2021).
Roux, S. et al. Minimum information about an uncultivated virus genome
(MIUViG). Nat. Biotechnol. 37, 29-37 (2019).

Bowers, R. M. et al. Minimum information about a single amplified genome
(MISAG) and a metagenome-assembled genome (MIMAG) of bacteria and
archaea. Nat. Biotechnol. 35, 725-731 (2017).

Hockenberry, A. J. & Wilke, C. O. BACPHLIP: predicting bacteriophage
lifestyle from conserved protein domains. Peer] 9, 11396 (2021).

Kang, H. S. et al. Prophage genomics reveals patterns in phage genome
organization and replication. Preprint at bioRxiv https://doi.
org/10.1101/114819 (2017).

Lin, D. M., Koskella, B. & Lin, H. C. Phage therapy: an alternative to
antibiotics in the age of multi-drug resistance. World J. Gastrointest. Pharm.
Ther. 8, 162-173 (2017).

Almeida, A. et al. A unified catalog of 204,938 reference genomes from the
human gut microbiome. Nat. Biotechnol. 39, 105-114 (2020).

Burstein, D. et al. Major bacterial lineages are essentially devoid of
CRISPR-Cas viral defence systems. Nat. Commun. 7, 10613 (2016).

Guerin, E. et al. Biology and taxonomy of crAss-like bacteriophages, the most
abundant virus in the human gut. Cell Host Microbe 24, 653-664 (2018).
Shkoporov, A. N. et al. PhiCrAss001 represents the most abundant
bacteriophage family in the human gut and infects Bacteroides intestinalis.
Nat. Commun. 9, 4781 (2018).

Yutin, N. et al. Analysis of metagenome-assembled viral genomes from the
human gut reveals diverse putative CrAss-like phages with unique genomic
features. Nat. Commun. 12, 1044 (2021).

Ackermann, H. W. Tailed bacteriophages: the order Caudovirales. Adv. Virus
Res. 51, 135-201 (1998).

Low, S. J. et al. Evaluation of a concatenated protein phylogeny for
classification of tailed double-stranded DNA viruses belonging to the order
Caudovirales. Nat. Microbiol. 4, 1306-1315 (2019).

50.

5

—

52.

54.

5

wu

56.

57.

58.

59.

60.

6

—

62.

63.

64.

65.

66.

67.

68.

69.

70.

7

—

72.

73.

74.

75.

76.

77.

78.

79.

80.

o
—

82.

83.

RESOURCE

Parks, D. H. et al. A standardized bacterial taxonomy based on genome
phylogeny substantially revises the tree of life. Nat. Biotechnol. 36,
996-1004 (2018).

. Al-Shayeb, B. et al. Clades of huge phages from across Earth’s ecosystems.

Nature 578, 425-431 (2020).

Karcher, N. et al. Analysis of 1321 Eubacterium rectale genomes from
metagenomes uncovers complex phylogeographic population structure and
subspecies functional adaptations. Genome Biol. 21, 138 (2020).

. Qin, J. et al. A human gut microbial gene catalogue established by

metagenomic sequencing. Nature 464, 59-65 (2010).
Li, J. et al. An integrated catalog of reference genes in the human gut
microbiome. Nat. Biotechnol. 32, 834-841 (2014).

. Kanehisa, M. & Goto, S. KEGG: Kyoto Encyclopedia of Genes and Genomes.

Nucleic Acids Res. 28, 27-30 (2000).

Haft, D. H. The TIGRFAMs database of protein families. Nucleic Acids Res.
31, 371-373 (2003).

El-Gebali, S. et al. The Pfam protein families database in 2019. Nucleic Acids
Res. 47, D427-D432 (2019).

Hauser, M., Steinegger, M. & Soding, ]. MMseqs software suite for fast and
deep clustering and searching of large protein sequence sets. Bioinformatics
32, 1323-1330 (2016).

Shaikh, S. et al. Antibiotic resistance and extended spectrum beta-lactamases:
types, epidemiology and treatment. Saudi J. Biol. Sci. 22, 90-101 (2015).
Gibson, M. K., Forsberg, K. J. & Dantas, G. Improved annotation of antibiotic
resistance determinants reveals microbial resistomes cluster by ecology. ISME
.9, 207-216 (2015).

. Feldgarden, M. et al. Validating the AMRFinder Tool and Resistance Gene

Database by Using Antimicrobial Resistance Genotype-Phenotype
Correlations in a Collection of Isolates. Antimicrob. Agents Chemother. 63,
€00483-19 (2019).

Alcock, B. P. et al. CARD 2020: antibiotic resistome surveillance with the
comprehensive antibiotic resistance database. Nucleic Acids Res. 48,
D517-D525 (2019).

Enault, F et al. Phages rarely encode antibiotic resistance genes: a cautionary
tale for virome analyses. ISME J. 11, 237-247 (2017).

Telesnitsky, A. & Goff, G. P. in Retroviruses (eds Coffin, J. M. et al.)

121-160 (Cold Spring Harbor Laboratory Press, 1997).

Silas, S. et al. Direct CRISPR spacer acquisition from RNA by a natural
reverse transcriptase-Casl fusion protein. Science 351, aad4234 (2016).

Liu, M. et al. Reverse transcriptase-mediated tropism switching in Bordetella
bacteriophage. Science 295, 2091-2094 (2002).

Ye, Y. Identification of diversity-generating retroelements in human
microbiomes. Int. J. Mol. Sci. 15, 14234-14246 (2014).

Benler, S. et al. A diversity-generating retroelement encoded by a globally
ubiquitous Bacteroides phage. Microbiome 6, 191 (2018).

Cornuault, J. K. et al. Phages infecting Faecalibacterium prausnitzii belong
to novel viral genera that help to decipher intestinal viromes. Microbiome 6,
65 (2018).

Fraser, J. S. et al. Ig-like domains on bacteriophages: a tale of promiscuity and
deceit. J. Mol. Biol. 359, 496-507 (2006).

. Kulmanov, M. & Hoehndorf, R. DeepGOPlus: improved protein function

prediction from sequence. Bioinformatics 36, 422-429 (2020).

Schmitz, J. E., Schuch, R. & Fischetti, V. A. Identifying active phage lysins
through functional viral metagenomics. Appl. Environ. Microbiol. 76,
7181-7187 (2010).

Camarillo-Guerrero, L. F. et al. Massive expansion of human gut
bacteriophage diversity. Cell 184, 1098-1109 (2021).

Letunic, I. & Bork, P. Interactive Tree Of Life (iTOL) v4: recent updates and
new developments. Nucleic Acids Res. 47, W256-W259 (2019).

Eddy, S. R. Accelerated profile HMM searches. PLoS Comput. Biol. 7,
€1002195 (2011).

Minot, S. et al. Rapid evolution of the human gut virome. Proc. Natl Acad.
Sci. USA 110, 12450-12455 (2013).

Barrett, T. et al. BioProject and BioSample databases at NCBI:

facilitating capture and organization of metadata. Nucleic Acids Res. 40,
D57-D63 (2012).

Hyatt, D. et al. Gene and translation initiation site prediction in metagenomic
sequences. Bioinformatics 28, 2223-2230 (2012).

Ivanova, N. N. et al. Stop codon reassignments in the wild. Science 344,
909-913 (2014).

Buchfink, B., Xie, C. & Huson, D. H. Fast and sensitive protein alignment
using DIAMOND. Nat. Methods 12, 59-60 (2015).

. Chaumeil, P. A. et al. GTDB-Tk: a toolkit to classify genomes with the

Genome Taxonomy Database. Bioinformatics 36, 1925-1927 (2019).
Camacho, C. et al. BLAST+: architecture and applications. BMC Bioinform.
10, 421 (2009).

Bland, C. et al. CRISPR recognition tool (CRT): a tool for automatic
detection of clustered regularly interspaced palindromic repeats. BMC
Bioinform. 8, 209 (2007).

969


https://doi.org/10.1101/114819
https://doi.org/10.1101/114819
http://www.nature.com/naturemicrobiology

RESOURCE

NATURE MICROBIOLOGY

84. Edgar, R. C. PILER-CR: fast and accurate identification of CRISPR repeats.
BMC Bioinform. 8, 18 (2007).

85. Marcais, G. et al. MUMmer4: a fast and versatile genome alignment system.
PLoS Comput. Biol. 14, 1005944 (2018).

86. Fernandes, M. A. et al. Enteric virome and bacterial microbiota in children
with ulcerative colitis and Crohn disease. J. Pediatr. Gastroenterol. Nutr. 68,
30-36 (2019).

87. Shkoporov, A. N. et al. The human gut virome is highly diverse, stable, and
individual specific. Cell Host Microbe 26, 527-541 (2019).

88. Zolfo, M. et al. Detecting contamination in viromes using ViromeQC.

Nat. Biotechnol. 37, 1408-1412 (2019).

89. Pongor, L. S., Vera, R. & Ligeti, B. Fast and sensitive alignment of microbial
whole genome sequencing reads to large sequence datasets on a desktop PC:
application to metagenomic datasets and pathogen identification. PLoS ONE
9, e103441 (2014).

90. Capella-Gutierrez, S., Silla-Martinez, J. M. & Gabaldon, T. trimAl: a tool for
automated alignment trimming in large-scale phylogenetic analyses.
Bioinformatics 25, 1972-1973 (2009).

91. Price, M. N,, Dehal, P. S. & Arkin, A. P. A. FastTree 2 — approximately
maximum-likelihood trees for large alignments. PLoS ONE 5, €9490 (2010).
Acknowledgements

We thank S. Roux for analysis of jumbo phages. The work was conducted in the
Environmental Genomics and Systems Biology Division at the E.O. Lawrence Berkeley
National Laboratory. Funding was provided by the Chan Zuckerberg Biohub, the
Autoimmunity Research Foundation (FP00010476), the Australian Research Council
Laureate Fellowship (FL150100038) and the National Insititutes of Health (R01AI148623
and P30 CA124435).

Author contributions
S.N., D.P-E. and N.C.K. conceived of the project. S.N. performed experiments, analysed
data and wrote the manuscript. S.J.L. constructed the Caudovirales phylogeny. D.P.-E.,

H.S. and L.C. contributed to analysis of protein families. N.N.L. identified phages using
alternative genetic codes. A.D.P. and M.A.F contributed funding. N.C.K. supervised the
project. All authors reviewed and approved the manuscript.

Competing interests

PH. is a co-founder of Microba Life Sciences, which is a microbial genomics company
developing microbiome-based diagnostics and therapeutics and offers metagenomic gut
microbiome reports. All other authors declare no competing interests.

Additional information
Extended data is available for this paper at https://doi.org/10.1038/s41564-021-00928-6.

Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/s41564-021-00928-6.

Correspondence and requests for materials should be addressed to S.N. or N.C.K.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons

2 Attribution 4.0 International License, which permits use, sharing, adap-

tation, distribution and reproduction in any medium or format, as long

as you give appropriate credit to the original author(s) and the source, provide a link to
the Creative Commons license, and indicate if changes were made. The images or other
third party material in this article are included in the article’s Creative Commons license,
unless indicated otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons license and your intended use is not permitted by statu-
tory regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.
© The Author(s) 2021

970 NATURE MICROBIOLOGY | VOL 6 | JULY 2021 960-970 | www.nature.com/naturemicrobiology


https://doi.org/10.1038/s41564-021-00928-6
https://doi.org/10.1038/s41564-021-00928-6
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/naturemicrobiology

NATURE MICROBIOLOGY RESOURCE
— F 3
a 2 1250 N
5 1000 1
>
*
o 750 4
N
@ ™
g 5004 » e
3 > © q,
g P Q A
250 X
= 0
. MGnify ° ® °
s ceio L o ° o
. Jal o ° ° [
1500 1000 500 0
Number of vOTUs
b Dataset Citation Complete  High-quality Medium-quality Low-quality
MGnify Mitchell et al. 2019 363 616 1,778 63,192
CIBIO Pasolli et al. 2019 389 592 1,755 62,198
JGI Nayfach et al. 2019 497 676 1,651 60,885

Extended Data Fig. 1| Impact of assembly methods on viral recovery from gut metagenomes. The MGV catalogue was formed using metagenomic viral
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Extended Data Fig. 4 | Antibiotic resistance genes identified from 11.8 million viral proteins. a-b, Viral genes with putative beta-lactamase domains
identified based on hits to the Pfam and KEGG databases, respectively. c-e, Resistance genes (including beta-lactamases) identified using Resfinder,
AMRfinder, or the Resistance Gene Identifier (RGI), respectively. f, Overlap of resistance genes identified by Resfinder, AMRfinder, and RGI. Most viral
proteins identified with putative beta-lactamase domains are not confirmed as antibiotic resistance genes.
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Extended Data Fig. 5 | Comparison of viral contigs from the MGV and GPD catalogues. a, The number of viral contigs with at least 50% completeness
from the MGV and GPD catalogues. The GPD catalogue contains 142,809 viral contigs when including those with <50% completeness. Contigs from
each catalogue where clustered at 95% ANI over 85% the length of the shorter sequence to form species-level vOTUs. b, MGV and GPD catalogues

were clustered together using the longest contig from each vOTU. ¢, The histograms show the similarity between contigs from the MGV (n=54,118) and
GPD (n=46,480) catalogues. d, Similarity to the GPD catalogue for MGV contigs from different viral families: Siphoviridae (n=22,513), Podoviridae
(n=5,075), Myoviridae (n=2,560), crAss-like (n=948), Caudovirales other (n=19,633), Microviridae (n=2,133), CRESS DNA (n=115), other (n=1,141).

NATURE MICROBIOLOGY | www.nature.com/naturemicrobiology


http://www.nature.com/naturemicrobiology

I I au]_r‘ researc | I Corresponding author(s):  Stephen Nayfach and Nikos Kyrpides

Last updated by author(s): April 15, 2021

Reporting Summary

Nature Research wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Research policies, see Authors & Referees and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed

>
~
Q
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A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection Prodigal v2.6.3, HMMER v3.1b2, VirFinder v1.1, DIAMOND v0.9.25.126, Barrnap v0.9-dev, blast+v.2.9.0, Bowtie v2.3.2, MCL v14-137,
FAMSA v1.2.5, trimAL v1.4, FastTree v2.1.9, iTOL, MUMmer4 v4.0.0beta2, CRT, PILER-CR, AMRFinder v3.8.4, Resistance Gene Identifier
v.5.1.0, MMseqs2 v10.6d92c, PSI-BLAST, CheckV v0.7.0, viromeQC, DGRscan

Data analysis See software listed above

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers.
We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data

Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:
- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability

Access to the full dataset of viral genomes, protein clusters, diversity generating retroelements, and CRISPR spacers is provided without restrictions at https://
portal.nersc.gov/MGV. Any requests for further data should be directed to the corresponding authors.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size We used 18,271 assembled human gut metagenomes for 11,810 samples. These represent all available datasets from the gut microbiome
with SRA accession codes at the time we started our project.
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Data exclusions  We excluded datasets that were not from a human stool sample or where SRA accession codes could not be determined.

Replication Not applicable to our study. All the datasets analyzed were publicly available, and therefore we did not generate any additional data for
replication.

Randomization  Not applicable to our study. Any conditions of the samples (e.g. geographic location or disease state) were already determined before our
study began since the datasets were publicly available.

Blinding Not applicable to our study for the same reason given above.
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