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ABSTRACT 

Viruses represent the most abundant biological entities on earth where, they 

are able to interact with all kingdoms of life. Yet their diversity, ecology and 

evolutionary aspects are only beginning to be fully elucidated, mainly due to 

technical limitations. The vast majority of the microbial world remains elusive 

to culture; more than 90% of genome sequenced viral isolates infect only 5 of 

the 54 prokaryotic phyla that are currently recognized. In contrast, viral 

metagenomics bypasses the need for cultures by directly sequencing 

fragmented genetic material of environmental viral communities. This 

dissertation uses viral metagenomics by applying well-tested bioinformatic 

protocols and expanding them to compare and contrast patterns of diversity, 

richness and specialization of large viral metagenomic datasets, in both local 

and global scales. First I demonstrate the utility of a functional-based 

perspective by adopting the protein cluster environment to estimate global 

viral diversity. Then, I use this PC approach to analyze metagenomes from 

two ecologically different environments, which by uncovering local gene 

specialization showcases the adequacy of a gene-centered workflow. Then I 

continue to expand upon this PC framework to study the Tara Oceans Virome 

analyses of these data reveal patters of diversity that support a seed bank 

model. Finally, in search of a more meaningful ecological unit, I move from a 

gene-centered standpoint towards a population-based frame. We adopted a 

novel metagenomic technique that allowed me to uncover the discontinuity in 

the genomic sequence space, thus empirically defining a population. This 

final contribution will allow to sort and count viral communities, the first step to 

applying ecological and evolutionary theory. 
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INTRODUCTION 

1.1 Literature Review 

Microbial communities are central to the biogeochemical cycles that sustain 

life on Earth (Falkowski et al. 2008). Their evolution, community composition, 

and abundances are to a large extent a direct product of their interaction with 

viruses (Weinbauer 2004; Breitbart et al. 2007; Fuhrman 1999; Suttle 2005; 

Suttle 2007).  Among them, viruses that infect bacteria (bacteriophages or 

phages) represent the most abundant biological entities on earth, and 

estimates put them in the order of 1031 particles in the oceans (Suttle 2005). 

Despite their importance and abundance, details about their community 

structure, diversity, mode and tempo of evolution are yet to be fully 

elucidated. 

      Environmental virology is biased towards few groups 

Typical study workflow of viruses consists of isolation, i.e. developing a clonal 

culture, as a starting point for subsequent genomic and genetic 

characterization. Although this approach is useful it is not without the problem 

that most of the microbial world is yet to be cultured (Pace 2009; Rappé & 

Giovannoni 2003). Of the 54 prokaryotic phyla, only 26 (Pace 2009) count 

with cultured representatives (Figure 1), and within them more dramatic is the 

bias towards four phyla: Proteobacteria, Actinobacteria, Firmicutes and 

Bacteroidetes as they represent 90% of the cultured prokaryotes (Rinke et al. 

2014). 

 Since host cultivability is a prerequisite for viral isolation, the effect of culture 

bias is multiplied when trying to study viruses. Further, of 1211 fully 

sequenced viral genomes deposited in public databases as of July 2013, the 

vast majority infect a total of 5 phyla (Figure 1): Proteobacteria with 503 

phages, Firmicutes with 294 and Actinobacteria with 280. Cyanobacteria and 

Bacteroidetes appear as a far 4th and 5th place with 38 and 20 phages 
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isolates. Thus, to date, cultured viral isolates that have been sequenced likely 

represent but a fraction of the genetic diversity in nature.  

 

 

 

 

 

 

 

 

 

 

Figure 1. Culture bias limits our knowledge of the world’s virome. 
Unrooted phylogenetic tree (modified from Rinke et al. 2014) showing 
Bacteria and Achaea; In black phyla with culture representatives in gray phyla 
known only from environmental surveys. Each box represents a viral genome 
that has been fully sequenced, colors correspond to the taxonomic 
assignation. 

     Metagenomics grants access to the vast uncultured majority 

Metagenomics is one way forward. This relatively recent technology, is only 

over a decade old, allows access to uncultured microorganisms in nature by 

directly sequencing their genetic material (Wooley et al. 2010; Kunin et al. 

2008). Application of metagenomics to diverse environmental samples has 

dramatically altered our understanding about the extent of microbial (Delong 

2005; Delong et al. 2006; Rusch et al. 2007; Yooseph et al. 2008; Rondon et 

al. 2000) and viral (Breitbart et al. 2002; Williamson et al. 2012; Williamson et 

al. 2008; Angly et al. 2006; Hurwitz & Sullivan 2013) diversity. 
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Given these successes, large metagenomic projects are becoming routine, 

aiming to map the microbiome associated with humans (Hamady & Knight 

2009; Turnbaugh et al. 2007; Turnbaugh & Gordon 2009), soil (Vogel et al. 

2009; Singh et al. 2009) and water (Karsenti et al. 2011; Rusch et al. 2007) 

and other ecologically relevant environments. Arguably pioneering these 

efforts have been studies in the oceans, where the Global Ocean Survey, 

(GOS) (Rusch et al. 2007) by the sequencing of more than 6 billion basepairs, 

uncovered the genomic variability of microbes and the astonishing sequence 

diversity encoded by them. Following upon the GOS tradition, more global 

oceanographic research expeditions are currently active such as, the Tara 

Oceans (Karsenti et al. 2011), and the Malaspina expedition. 

     The Tara Oceans expedition 

Part of the introduced work was done as part of the Tara Oceans Expedition 

(Karsenti et al. 2011) consortium, the overall goal of Tara is the cross-

kingdom comparison (viruses to small eukaryotes) of the morphological, 

genomic and genetic diversity in the oceans. The never-seen-before 

combination of optical, physico-chemical and genetic methods allow a 

systems biology approach (Karsenti 2012) to one of the largest biomes on 

earth. Morphological analyses include direct imaging of small metazoans, 2D 

and 3D images of protista, picoeukaryotes and viruses. Genomic data 

includes next generation sequencing of fractions that aim to cover viruses 

(<0.2 µ), large cytoplasmatic viruses (0.2 to 1.6 µ), bacteria and 

picoeukaryotes (0.8 to 5 µ), protista (20 to 180 µ), and small metazoans (180 

µ to 2 mm). The data also includes 16S (Prokaryotes) and 18S (Eukaryotes) 

surveys. While they can be analyzed independently, they also serve as 

contextual data for each other. The sample collection occurred from the fall of 

2009 to the spring of 2011. Sampling sites were chosen as they represent a 

wide array of pelagic ocean ecological features and/or of special interest, like 

regions of rapid acidification and accelerated warming.  
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     Viral metagenomics and other novel methodological advances 

Viral metagenomics is now also a common tool, from its initial application 

(Breitbart et al. 2002) it revealed the novelty (Angly et al. 2006) of viral 

communities. Viral metagenomes (or viromes) have surveyed marine 

(Williamson et al. 2008; Williamson et al. 2012; Breitbart et al. 2007; Hurwitz 

& Sullivan 2013; Angly et al. 2006; Culley et al. 2006), soil (Fierer et al. 2007), 

extreme (Diemer & Stedman 2012; Schoenfeld et al. 2008) and multiple 

human associated environments (for example (Pride et al. 2012; De Vlaminck 

et al. 2013)). Along the way viral metagenomics has proven its utility in the 

monitoring of emerging viral diseases and identification of novel viruses 

(Mokili et al. 2012) the discovery of genetic individuality associated to the 

human virome (Reyes et al. 2010) and nearly universal human associated 

bacteriophages (Dutilh et al. 2014). It is then clear that viral metagenomics 

represents a unique opportunity to further our understanding of the 

evolutionary processes shaping viral genomes and genes. 

In contrast to microbial metagenomic studies, accessing the global virome 

(viral metagenomic sequence data) has lagged significantly due to technical 

challenges that bottlenecked the field. Among the recent methodological 

advances that are moving the field forward some are worth mention such as 

the efficient iron chloride concentration (John et al. 2011) and purification 

(Hurwitz, Deng, et al. 2013a) methods that make viromes quantitative with 

reduced and well understood biases (reviewed in (Duhaime & Sullivan 2012)). 

Well developed sequencing (Solonenko et al. 2013) and bioinformatic 

(Hurwitz et al. 2014; Hurwitz & Sullivan 2013; Roux et al. 2011) pipelines that 

allow rapid extension of laboratory and computational methods. These recent 

methodological advances have now produced the first large-scale, viromic 

dataset, the Pacific Ocean Virome (POV (Hurwitz & Sullivan 2013)). Initial 

analysis of the POV dataset revealed the abundance and ubiquity of viruses 

infecting Pelagibacter (Zhao et al. 2013) and the microbial functional 
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reprograming by viruses among microbial communities (Hurwitz, Hallam, et 

al. 2013b). 

     Functional analysis of viral communities 

Genomic variation is the hallmark of naturally occurring populations. The 

potential adaptive role, or their ecological relevance, of this variation remains 

as a central and controversial question in microbial ecology (Cohan 2006; 

Mes 2008). Take, for example, the cases of the microbes Prochlorococcus 

(Coleman et al. 2006) and Pelagibacter (Grote et al. 2012; Wilhelm et al. 

2007). Whole genome comparisons revealed a pan-genome (gene content of 

a population) larger than individual genomes, and metagenomic comparisons 

revealed islands (regions in a genome) of variable genomic content. Similar 

variation has also been observed within viral genomes of ecologically relevant 

(Sullivan et al. 2010; Labrie et al. 2013) and human related (Kwan et al. 2005; 

Kwan et al. 2006; Hatfull et al. 2010; Pedulla et al. 2003) bacteriophages. 

These observations have also been noted in viral metagenomics, as from its 

initial application (Breitbart et al. 2002) it revealed the novelty of the 

sequences found at each study (Angly et al. 2006), now an axiomatic aspect 

these surveys (Williamson et al. 2012; Williamson et al. 2008; Angly et al. 

2006; Rosario & Breitbart 2011; Hurwitz & Sullivan 2013). 

Viral genomes at a minimum have genes encoding proteins involved in DNA 

biosynthesis, envelope and packaging. Since viruses need the use of cellular 

machinery, every gene encoded in their genomes has the potential to affect 

the cellular and molecular processes of their hosts. Among them, Auxiliary 

Metabolic Genes (AMGs (Breitbart et al. 2007)) represent the most dramatic 

example. Those are ‘host’ genes involved in different metabolic pathways and 

that are found in viral genomes. Some well-documented microbial metabolic 

pathways in viral genomes include: Photosynthesis (psbA, psbD, PTOX, 

petE, petF), carbon (talC gnd, zwf) and phosphate metabolism (pstS, phoH, 

phoA) to mention a few (reviewed in (Breitbart 2012)). The presence of these 
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genes in viral genomes and specially their active expression during infection 

(Lindell et al. 2005; Lindell et al. 2007) shows their capacity to alter molecular 

and cellular processes in the global oceans.  These observations validate 

gene-centered approaches as the study of viral communities, in which genes 

that are important to a specific environment are abundant thus reflecting 

particular selective pressures. 

Towards a population-based viral ecology 

While gene-centered approaches showcase the power of eco-genomics, 

there is an active necessity to move towards a population-centered approach, 

as it represents a more meaningful ecological unit. Conventionally, 

environmental viral sequence space as continuous thus excluding the 

possibility to form populations (Mizuno et al. 2013; Hatfull 2012). This 

interpretation has been based on the observed high rates of dispersal 

(Breitbart & Rohwer 2005; Breitbart et al. 2004), mutation (Drake 1991) and 

lateral gene transfer (Hendrix 1999) that are the hallmarks of viral genomes. 

While these observations are easily applied to microbes recent work in 

bacteria (Shapiro & Polz 2014) and archaea (Cadillo-Quiroz et al. 2012) has 

shown that not only genotypic clusters exist but that they also form an 

evolutionary cohesive unit. Can a similar paradigm be constructed for 

viruses? 

1.2 Explanation of dissertation format 

This dissertation examines the relationship between genomic composition of 

uncultured viral communities and the environment. It includes a functional 

characterization of naturally occurring viral communities by adapting and 

expanding upon a previously developed computational approach but moving 

towards a much-needed population-based framework. The present work is 

composed of four manuscripts included here as appendices A-D; these 

manuscripts are either published (A and D), or intended for publication (B-C). 
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These appendices follow the format requirements of the journal where they’ve 

appeared or will be submitted. 

In Appendix A, I use the collection of metagenomes included in the Pacific 

Ocean Virome (POV) to address questions regarding the total viral diversity in 

the pelagic oceans. I take advantage of Protein Clusters (PCs), a 

bioinformatic framework initially developed for microbial genomes and 

metagenomes, which groups protein sequences on the basis of similarity. By 

reanalyzing the POV dataset I propose an update in the estimation of the 

global pelagic viral diversity, which according to my findings could be up to 

three orders of magnitude smaller than initially posited.  

In Appendix B, I expand upon the PCs framework (developed under the POV 

dataset) and apply it to perform a functional comparison of four viromes from 

two ecologically different environments. Here I use these PCs as a handle to 

compare and contrast diversity and richness of the genomic composition of 

these two sites. I found genetic specialization to be a product of environment 

specific pressures particularly of phosphorous acquisition genes. 

Furthermore, by applying common recruitment tools I assign metagenomic 

fragments to reference genomes uncovering a vast abundance of novel viral 

types in these four viromes. 

In Appendix C, I take the PC framework and adapt it to be used in the Tara 

Ocean Virome TOV, a collection of 43 viromes collected around the world’s 

oceans. The TOV represents the largest virus size metagenome to date, both 

in number of samples and individual sampling depth. The adoption of PCs in 

this massive sequencing project allows for the use of PCs as a handle to 

compare and contrast global patterns of diversity. I discovered limited global 

genomic richness as predicted from Appendix A and patterns of diversity 

comparable to those found in a macroecological context. 
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Finally, Appendix D emerges from the necessity to incorporate a population-

based approach in the field of environmental virology. Here, starting from a 

novel methodological development —viral tagging, we simplify a naturally 

occurring viral assembly, which allows me to answer several long-standing 

questions in environmental virology. I uncovered that the genome sequence 

space in T4-like cyanophages is clustered with limited boundaries, which 

moving forward establishes an empirical definition of a population. From this 

point it is possible to apply ecological and evolutionary theory to these, the 

most abundant biological entities on earth. 
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PRESENT STUDY 

The methodological details, results and discussions from the research 

presented here are fully described in the appended manuscripts. The 

following represents a summary of the findings and implications of each. 

The global virome not as big as we thought? 

The Pacific Ocean Virome (POV) represents an unprecedented collection of 

metagenomes. It is comprised of over 6 million reads sampled from surface 

and deep pelagic ocean zones. The quantitative nature of the data allows for 

a direct comparison of the functional composition across different 

environments. Initial evaluation of these data has shed light on the extent of 

metabolic reprograming by viral communities across the pelagic ocean, with 

special emphasis in carbon metabolism. It has also been used to benchmark 

novel bioinformatic tools and to develop a framework for quantitative viral 

ecology—Protein Clusters. Protein clusters (PCs) are groups of open reading 

frames (ORFs) that share sequence similarity, which also indicates functional 

similarity. PCs were first developed for microbial genomes and metagenomes 

and since the initial adoption in the POV they are now becoming routine for 

viromes. In Appendix A my coauthors and I explore the PCs developed as 

part of the POV to address questions regarding the extent of viral diversity in 

the pelagic oceans. 

Novel genes dominate viral genomes and metagenomes. This has led to the 

accepted asseveration that viruses represent the largest reservoir of 

unexplored genetic material on Earth. Literature estimates have suggested 

that two billion phage-encoded ORFs remain to be discovered, consistent 

with a vast source of genetic novelty. Here we examine the functional 

composition, in the form of PCs, of the 32 viral metagenomes part of the 

POV. By applying several estimators I argue that the extent of viral diversity in 

the pelagic oceans can be up to three orders of magnitude smaller than 
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previously posited. This corresponds to a much-needed update in the 

estimation of global marine viral diversity, which takes into account the 

methodological advances made since the initial estimation was presented 

over a decade ago.  

Comparative viral community diversity and taxon-functional 

composition at two Mediterranean Sea stations 

In Appendix B, I expand the PC bioinformatic approach to the study of four 

metagenomes collected from two contrasting ecological sites. These four 

Tara Oceans Mediterranean Sea viral-fraction samples were quantitatively 

prepared and pyrosequenced for comparative analysis of double-stranded 

DNA (dsDNA) viruses. Within the taxonomically identifiable fraction, 

Caudovirales dominated as in other marine viromes. Contig-based analyses 

suggest prevalence and abundance of viruses associated with SAR116, 

SAR11, and cyabobacteria, as well as novel phages likely infecting α-

Proteobacteria Flavobacteria and Verrucomicrobia. Finally, utilization of a 

gene-centered approach reveals genomic signatures of ecological pressures 

as abundant phosphorous acquisition genes are found in the lower 

phosphorous concentration environments. 

Global patterns and ecological drivers of ocean viral communities  

How viral diversity and richness changes across a large ecological landscape 

has been largely unevaluated. Here, the Tara Oceans expedition allows for a 

global scale assessment of the richness and diversity of viral communities 

using gene, morphological and population based approaches. Appendix C 

described the efforts to characterize ecological patterns and their causes of 

globally distributed viral communities. I expanded upon the framework 

developed for the POV and adapted it to a 200 times larger metagenomic 

project. By utilizing this framework I uncovered a small global virome, despite 

the exponential increment in the sequencing effort, which indicates a well- 
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sampled marine viral pelagic virome. These PCs allowed me to compare and 

contrast global patterns of functional diversity, uncovering similarities to 

macro organism such as low diversity at high latitudes. Interestingly, 

important differences were found, like large local diversity and richness when 

compared to a global scale. This indicates higher rates of movement and 

genetic interconnectivity in the world’s marine pelagic virome. These results in 

conjunction with those of my collaborators support a previously posited but 

never tested seed bank model in which local communities are structured from 

passive movement across from a global virome in which environmental filters 

select for local composition. 

Viral tagging reveals discrete populations in Synechococcus viral 

genome sequence space  

Despite the central role of microbes and viruses the understanding of their 

diversity and community structure is only now an attainable enterprise. 

Central to these advances are methodological and computational 

approaches, such the developing of quantitative metagenomics and 

appropriate informatics tools. Appendix D emerges from the necessity to 

develop a population-based standpoint to study environmental virology. Here 

I move from the functional approach used in appendices A to C towards a 

more ecologically meaningful framework. My coauthors and I quantify host-

associated viral diversity using viral-tagged metagenomics, which links 

viruses to specific host cells for high-throughput screening and sequencing. In 

a single experiment, we were able to screen 107 Pacific Ocean viruses 

against a single strain of Synechococcus and found that naturally occurring 

cyanophage genome sequence space is statistically clustered into discrete 

populations. Nucleotide identities of homologous genes mostly varied by less 

than 1% within populations, even in hypervariable genome regions, and by 

42–71% between populations, which provides a benchmark for a genome-

based viral population definition. Together these findings showcase a new 

approach to viral ecology that quantitatively links objectively defined 
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environmental viral populations, and their genomes, to their hosts. This study 

provides the foundation to begin applying ecological and evolutionary theory 

to the most abundant biological entities on earth. 

Limitations and future directions 

Functional annotation of protein clusters. Protein clusters (PCs) emerged as a 

response to our limited capabilities to annotate the viral genome sequence 

space (Hurwitz & Sullivan 2013). The construction of PCs relies on the 

assumption that similar sequences (homologous) perform similar functions. 

These clusters of presumably functional equivalent proteins become an 

organizational unit that in the present work were used to compare and 

contrast diversity and richness across environments. While their use in this 

work revealed selective pressures between two contrasting ecological sites, 

technical limitations hampers further application. The principal limitation is still 

that many PCs are functionally unannotated, so what possibilities exist to 

shed light into the capabilities encoded by these groups of proteins? 

Experimental approaches 

Metaproteomics (Verberkmoes et al. 2009; Hettich et al. 2012) or proteomics 

of environmental protein preparations seems like an obvious candidate. 

Metagenomics when paired with preparations of individual viral particles has 

helped identify virion-associated structural proteins (Holmfeldt et al. 2013; 

Allen et al. 2008; Sullivan et al. 2009) thus helping to annotate the unknown. I 

predict that the pairing of environmental viral concentrates with 

metagenomics will annotate structural and virion-associated proteins from 

abundant viruses in the near future, thus charting the viral dark matter.  

Metatranscriptomics or the random sequencing of community RNA (Moran et 

al. 2012) represents an alternative to further up our understanding of the 

unknown. A descriptor of the environmental conditions on which a particular 

protein is expressed can be easily added to the PC annotation. Additionally, 

groups of genes are usually expressed in operons or at least in groups of 

genes with different degrees of relatedness. This information can be easily 
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added and would add additional annotation to viral proteins in natural or 

experimental settings. 

One of the central challenges in environmental virology is our inability to link 

an environmental viral sequence to a particular host. I predict that the use of 

single-cell amplified genomes will help to reduce this shortcoming. In nature 

large numbers of microbial cells are being actively infected as up to 40% of 

their mortality can be traced to a virus (Fuhrman, 1999). Then, sequencing of 

an infected cell would recover the viral genome or genomes associated to 

that particular microbe. This approach is now starting to prove its utility by 

expanding the databases with sequences from viruses that infect the 

uncultured SUP05 clade (Roux et al. 2014). Future work on similar fronts 

should allow expanding the annotation of the unknown to provide a taxonomy 

descriptor these predicted proteins.  

Computational methods.  

While de novo protein structure prediction remains as one of the most 

complicated problems in bioinformatics, prediction of secondary structure and 

domains is some what more advanced (Pirovano & Heringa 2010). 

Additionally, organization of protein in domains provides a tremendous 

advantage as many of them are well characterized, up to 80% of those in 

public databases (Mulder 2010). Predictions from tools like ProDom (Bru 

2004), SMART (Letunic et al. 2006), CDART (Geer et al. 2002), IterPro 

(Mulder et al. 2007) and PRODOC (Krishnadev et al. 2005) among others 

should be able to provide an initial domain characterization to the proteins 

within PCs presented in this work. This preliminary prediction work should 

serve to subsequent biochemical and biological characterization of some of 

the most abundant and prevalent protein clusters.  

Formalization of a viral species concept 

The astonishing diversity at the genetic and genomic level uncovered with 

metagenomic surveys and genome sequence projects is now acknowledged 

as one of the hallmarks of microbial life. Whether that diversity can be 
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organized into ecological and evolutionary significant units (i.e. species) 

remains as one of the central debates in microbial ecology (Shapiro & Polz 

2014; Cohan 2006) although the balance is now tipping towards the latter. 

Initial developments towards a formalization of such concept included surveys 

of 16S sequences from a complex bacterial community, which revealed that 

such coexisting genotypes could be clustered into discrete units (Acinas et al. 

2004), but the question of weather these clusters had any ecological 

significance remained elusive. Posterior work found that such clustering was 

repeatable across multiple genes and not only to the 16S operon, furthermore 

a remarkable correspondence between ecological and genetic organization 

was found (Hunt et al. 2008). Recently, whole genome sequencing of 

ecologically differentiated but closely related Vibrio found that recombination 

(or genetic flow) was greater within genetic clusters than between clusters 

(Shapiro et al. 2012), thus making a step towards the formalization of the 

microbial species concept. Similar results, greater genetic exchange within 

groups than between groups, were also found in archaea (Cadillo-Quiroz et 

al. 2012), can this be the case in viruses?. My work evokes similarities to the 

results found in those other systems, my coauthors I showed that clusters of 

genetic relatedness exist in nature for at least T4-like viral genomes (Deng et 

al. 2014). Further work should investigate the patterns of gene flow within and 

between these clusters to formalize a viral species concept that will provide a 

framework to extensively apply ecological and evolutionary theory to viral 

entities. 

!
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The global virome: not as big as we thought?
J Cesar Ignacio-Espinoza1, Sergei A Solonenko2 and Matthew B Sullivan1,2

Viruses likely infect all organisms, serving to unknown extent as

genetic vectors in complex networks of organisms.

Environmental virologists have revealed that these abundant

nanoscale entities are global players with critical roles in every

ecosystem investigated. Curiously, novel genes dominate viral

genomes and metagenomes, which has led to the suggestion

that viruses represent the largest reservoir of unexplored

genetic material on Earth with literature estimates,

extrapolating from 14 mycobacteriophage genomes,

suggesting that two billion phage-encoded ORFs remain to be

discovered. Here we examine (meta)genomic data available in

the decade since this provocative assertion, and use ‘protein

clusters’ to evaluate whether sampling technologies have

advanced to the point that we may be able to sample ‘all’ of viral

diversity in nature.
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Viral abundances and the Virus–Host Ratio: Viral-like
particles from stain-based counts are routinely !10-fold
more abundant than microbes which suggests there are
about 1031 viruses on Earth [1]. These particles are of
great importance ecologically as they impact microbes,
which fuel planet Earth [2], through mortality, horizontal
gene transfer and modulating global biogeochemical
cycles [3]. Evolutionarily, intriguing hypotheses now
exist suggesting that some RNA viral groups may predate
eukaryotic supergroups [4], while others may represent a
fourth domain of life [5] and still others have contributed
to the evolutionary trajectory of global photosystems [6].
Pragmatically, viruses in nature are incredibly hard to
study with even basic, stain-based counts first, including
‘fake viral particles’ [7] and missing some viral types [8]
that may be a substantive fraction of those in nature
[9,10], and second, not linking viruses to their hosts
(but see emerging methods [11–13]).

In spite of these ‘count’ challenges, host range assays and
emerging theory also support the conclusion that multiple
viruses infect any given bacterium [14], and genomics is
beginning to delineate how different viruses infecting a
particular bacterium might be. For example, one study
[15""] showed that at least 12 viral genera infect Cellulo-
phaga baltica strains and re-evaluates available genomes to
show that this is also the case for non-marine hetero-
trophic hosts (Escherichia coli, Pseudomonas aeruginosa,
Staphylococcus aureus, Mycobacterium tuberculosis), but not
for marine cyanobacteria where only three cyanophage
genera infect marine Prochlorococcus and Synechococcus. If
more than one virus infecting a bacterium is constant
throughout the microbial realm, and if there is not sig-
nificant overlap of viruses from one host to another (an
open question), then it is easy to suggest that viral genetic
diversity should be high — perhaps balanced by smaller
genome sizes to be on par with that of their bacterial
hosts.

Again, problematically, estimating viral diversity is com-
plicated due to the lack of a universal genetic marker.
Estimates from metagenomes using assembly-based
methods suggest that there are between 532 (Arctic
Ocean) to 129 000 (British Columbia) viral types in 10–
150 L of seawater [16]. These highly variable estimates
makes global extrapolations challenging, but the under-
lying data also have issues (reviewed in Ref. [17]) that
could drastically impact an estimate of viral richness that
relates back to a single time point and sample.

Regardless, viruses are clearly abundant and their high
rates of mutation (though little data for environmentally
relevant viruses exist) leave us expecting that new geno-
mic technologies will reveal extensive sequence diversity
as the global virome is sampled. Such metagenomic data
should greatly impact the ever-widening scope of viral
evolutionary studies. As a discovery tool, metagenome-
derived sequences can be phylogenetically analyzed
using core gene sets, analogous to 16S analysis, to docu-
ment novel clades in well-studied lineages [18]. Addition-
ally, metagenomics can recover novel, full virus genome
sequences [19–21] which provide opportunities to test
spatio-temporal evolutionary theories by sampling natu-
rally occurring communities over space and time [22].

Rampant mosaicism and the homogeneity of viral genomes:
To counter this expectation of extensive sequence
diversity, horizontal gene transfer (HGT) may hom-
ogenize viral diversity. In fact, Caudovirales evolutionary
theory suggests that rampant mosaicism blurs taxonomic
boundaries, a hypothesis predominantly derived from
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observations in siphovirus genomes [23]. Broadly, phage
genomes are thought to evolve through accumulations of
HGT events involving transcriptionally autonomous
genetic units (called ‘morons’) that introduce variation
and only remain if offering a fitness advantage. Beyond
‘morons’ other mobile elements impact phage genomes
ranging from promoter stem loops (PeSLs, transcription-
ally autonomous with consensus-flanking sequences [24])
to more traditionally characterized elements such as
homing endonucleases [25], introns [26], and transposons
[27], and there are likely more to be discovered. Addition-
ally, identical phage gene sequences occur globally and
phage infection can cross biomes; this has led to the
hypothesis that phages have high dispersal rates and
access to a global gene pool [28].

With so many mechanisms seeking to homogenize gen-
omes, it is hard to imagine that any vertical evolutionary
signal remains in phage genomes. However, HGT has not
blurred all evolutionary phage lineages. Again, among
Caudovirales, T4-like phage genomes [29,30] and meta-
genomic contigs [31!] are predominantly syntenic with
much variation captured in niche-defining hypervariable
islands similar to those observed in microbes [32,33].
Further, phylogenomic approaches show that most
("80%) T4-like phage core genes are vertically inherited
[34!], suggesting that at least some genes resist HGT.
Outside T4-like phages, though not as formally tested,
similar vertically inherited core gene sets are emerging for
T7-like cyanophages [35], and seem probable for the
nearly invariant, small ssDNA [19] and RNA [20] viral
genomes assembled from metagenomes.

Finally, since delineating an ecologically and evolutio-
narily meaningful unit to ‘count’ is fundamental for
studies in nature, virology could learn from parallel
research efforts in microbes. Specifically, there has been
significant interest in the role of HGT and whether it
blurs microbial species boundaries. The current view is
that ecological and genetic species can be defined
(reviewed in Ref. [36!!]) and arise when new alleles
(mutations) or genes (HGT) sweep through a population
in conjunction with ecological differentiation, where
subsequent HGT events would help to maintain cohe-
sion rather than disperse it [37]. Notably, there are many
parallel and competing microbial species concepts, but
such careful and meticulous empirical and theoretical
work on microbes in nature is constrained predominantly
to study of an r-selected, copiotroph (Vibrio sp.). Thus
application of these evolutionary principles may not be
straightforward for other microbes featuring different
lifestyles. Similarly, variable lifestyles were recently
observed in marine phages [12!!], with evolutionary
implications for rates of HGT being more important
when comparing across viruses that span temperate
and lytic lifestyles (due to increased accessibility of
prophage genomic DNA).

The protein cluster as an organizational tool
to explore viral sequence space
Viral metagenomes are dominated by the ‘unknown’, so a
critical advance has been to organize unknown viral
sequence space into protein clusters (PCs, [38!!,39,40]),
again taking the nod from our microbiology colleagues
[41]. The PCs approach is valuable as a universal metric
for comparing diversity of viral assemblages, and as a
community resource will provide each first, a ‘handle’ to
apply OTU-based ecological theory, independent of
known function, using new and expanding community
tools (e.g., QIIME, http://qiime.org/), and second, an
informatics structure to allow propagation of functional
data to novel ‘unknown’ proteins. Finally, PCs serve as a
metric to estimate how well viral sequence space has
been sampled given the genomic and metagenomic data
that have been accumulated in the decade since
Rohwer’s estimate of two billion viral-encoded proteins
[42!].

An alternative organization scheme to PCs is Phage
Orthologous Groups [43]. POGs are grounded in the
evolutionary concept of the conservation of ortholog
function (as opposed to the relative evolutionary freedom
of duplicated paralogs), and leverage phylogeny and
heuristics to define sets of genes thought to share function
across different organisms. These heuristics (e.g., reci-
procal best blast hit) are required for scaling analyses to
modern datasets and are relatively accurate compared to
more sophisticated phylogenetic approaches [43]. How-
ever, the assumption that orthologs are more likely to
share function than paralogs should be considered for
each new research question [44].

Pragmatically, PCs and POGs are complementary
approaches, with PCs perhaps most valuable for monitor-
ing the expansion of sequence space and POGs best
utilized to document phage-specific functional space
expansions [45] that might be used to test ‘phageness’
of metagenomes — thus providing a new dimension in
viral metagenomic analyses. Looking forward, as compu-
tational approaches scale, protein structure is a valuable
trait in viral evolution and taxonomy [46] that will enable
detection of functional similarity across evolutionarily
distant lineages using information beyond the primary
sequence used by PCs and POGs.

Using phage genomes to estimate global viral
sequence diversity
Given that the most abundant hosts available in nature
are bacteria, it is thought that the most abundant viruses
infect bacteria-termed phages. Deeply genome-
sequenced phage groups include the cyanophages (T4-
likes [29], T7-likes [35], siphoviruses [47]), the mycobac-
teriophages (siphoviruses and myoviruses [48]), phages
that infect Staphylococcus [49], Pseudomonas [50] and
Lactococcus [51]. Here, by sequentially evaluating each

The global virome: not as big as we thought? Cesar Ignacio-Espinoza, Solonenko and Sullivan 567

www.sciencedirect.com Current Opinion in Virology 2013, 3:566–571

32



new gene in a genome against the genes already observed,
we calculate ‘collectors curves’ or ‘rarefaction curves’ of
PCs to document how well sampled the ‘flexible’ or ‘pan’
genome is in each phage group.

These analyses revealed a pan genome estimate that
ranged from a few hundred to a few thousand PCs per
phage–host system examined (Figure 1). While highly
controversial, the number of microbial species is
thought to be !6 million globally [52], and we calculate
here that the viral pan genome associated with any
particular group of bacteria is a few hundred to a few
thousand PCs. Assuming that viruses do not infect or
share genes across host species, then the global virome
should be on the order of 0.6–6 billion protein clus-
ters — very similar to Rohwer’s decade-old estimate of
two billion proteins [42"]. A violation in either of those
assumptions of host range and shared genes would
reduce this total.

Using metagenomes to estimate global viral
sequence diversity
Metagenomics is often used to survey nature beyond that
can be observed through culture-based observations. The
Pacific Ocean Virome (POV) dataset represents the lar-
gest viral metagenomic survey to date and is prepared in a
quantitative manner using a highly efficient iron-chloride
concentration method [53], as well as purification steps
[40] and linker amplified library construction [54] that
have well understood biases. The POV dataset is com-
prised 32 metagenomes obtained from four regions in the
Pacific Ocean that represent a relatively wide range of
ecological characteristics from the coastal-to-open and
surface-to-deep oceans [38""]. Its value for ecological
study is already apparent having helped enumerate the
most abundant ocean viruses observed to date (pelagi-
phages [55]).

Notably, the initial description of the POV dataset
(Figures 3 and 4 in [38""]) shows a non-linear relationship
between sampling effort and PC accumulation, which
suggests that sampling is approaching saturation in the
Pacific Ocean pelagic viral sequence space (Figure 2). In
fact, !422 K PCs were observed in the POV dataset
[38""], with extrapolation suggesting a total of 516 K to
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(Figure 1 Legend) Viral pan-genomes seem an endless source of novel
genes. Genomic comparisons of A.T4-like Myoviruses (26 genomes), B.
T7-like cyanopodoviruses (14 genomes), C. Pseudomonas phages (14
genomes), D. Staphylococcus phages (27 genomes), E. Mycobacterium
phages (60 genomes) and F, Lactococcus phages (61 genomes). Each
dot corresponds to the number of protein clusters when k members are
sampled (from k = 2 to n). Only 1000 randomizations of the process are
shown. Trend lines correspond to the average of 10 000 repetitions.
Chao-1 is calculated as: observed + [(Singletons)2]/(2 # Doubles).
Microbial % in each panel corresponds to the 16S gene divergence of
the host strains used for isolating the phages. The multiple trajectories in
panel D reflect the fact that multiple phage groups are pooled in these
analyses.
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1.3 M PCs depending upon the model used for fitting the
accumulation curve (Table 1). This suggests that be-
tween 32 and 82% of the possible pelagic Pacific Ocean
virus proteins have been sampled. Further, the oceans are
thought to harbor about 33% of the total microbial species
on Earth [52]. Assuming the same is true for viruses then
this suggests that there are likely to be no more than
3.9 M PCs (the 1.3 M maximum ! 3-fold more species) in
the global virome — or nearly three orders of magnitude
less than the two billion previously estimated [42"].

Conclusions
There undoubtedly remains much diversity to be dis-
covered in the world of viruses. However, the large
discrepancy between genome-derived and metagen-
ome-observed PC diversity requires consideration of its
underlying causes. First, ascertainment bias is high as
only a fraction of the phage–host systems and environ-
ments that occur in nature are sequenced. Even in the
relatively well-sampled oceans, pelagic Pacific Ocean
waters do not represent the diversity of possible ocean
environments. As well, recent studies show that firstly,

cultures do not represent the dominant morphotypes in
the ocean [9], and secondly, roughly half of the viruses in
the oceans (RNA viruses, [10]) and the larger-genome
giant viruses [56] would not be captured using the
methods that generated the POV dataset. Notably,
RNA viruses are abundant, but their genomes appear
small and of low diversity; in contrast, giant viruses are
much less abundant, but their genomes are large and
quite diverse. With so little data on these viral groups
their contribution to the global virome is a big unknown.
Second, the Chao1 non-parametric richness estimator is
flawed when the shape of the ‘rare tail’ in the rank
abundance curve is not well described — so much so that
it is not reliable for comparisons across samples [57]. This
is likely a significant problem for the genomic data, but
less so for the metagenomic data examined here. Third,
metagenomic PC observations are reliant upon open
reading frame predictions, which are not very good in
viruses (smaller ORFs, overlapping ORFs, smaller gen-
ome sizes limit algorithm ‘training’) and could lead to
underestimations. These are unlikely to be order of
magnitude underestimations but may be a factor. Fourth,
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Table 1

Richness estimation from metagenomics. Four functions [58] were used to fit the accumulation curve observed in Figure 2

Function POV metagenome

Asymptote (95% CI) R-Squared

Michaelis–Menten Y = (a ! x)/(1 + (b ! x)) 1 313 853 (963 153–3 232 913) 0.8181
Negative exponential Y = a ! (1 # exp((#b) ! x) 516 600 (508 400–524 700) 0.999
Rational Y = (a ! (b ! x))/(1 + (c ! x)) 691 957 (678 691–710 620) 0.9981
Hyperbolic Y = (a ! x)/(b + x) 737 200 (680 400–793 900) 0.9894

Figure 2
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viral genomic content and host ranges may be more
commonly shared across hosts than is currently recog-
nized. This would decrease global virome estimates by an
unknown factor, and new methods should enable culture-
independent [11,13] and higher-throughput [12!!] lin-
kages to be made between viruses and hosts. Obtaining
a better estimate of the global virome will clearly require
filling knowledge gaps across all of these factors. How-
ever, it seems likely that viral sequence space, while
large, is unlikely to approach the two billion genes esti-
mated from 14 genomes a decade ago.
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Summary 11 

Viruses are the most abundant biological entities on earth where their interactions 12 

with bacteria have global effects. Yet, naturally occurring viral communities remain 13 

relatively poorly understood, mainly due to technical hurdles. Here four Tara Oceans 14 

Mediterranean Sea viral-fraction samples were collected, quantitatively prepared, and 15 

pyrosequenced for comparative viral metagenomic (viromic) analysis of double-16 

stranded DNA (dsDNA) viruses. Within the taxonomically identifiable fraction (21-17 

27% of reads), Caudovirales dominated as in other marine viromes. Contig-based 18 

analyses recruited 42-46% of the reads and suggested a prevalence and abundance of 19 

known viruses infecting dominant microbes such as Candidatus Puniceispirillum 20 

(SAR116), Candidatus Pelagibacter (SAR11), and the marine cyanobacteria 21 

Prochlorococcus and Synechococcus, as well as novel viruses likely infecting 22 

underexplored bacterial groups such as α-Proteobacteria, Flavobacteria and 23 

Verrucomicrobia. Protein cluster (PC) organization allowed examination of even 24 

more data (60-71% of the reads) and revealed (i) patterns of richness and diversity 25 

akin to those observed in micro-organisms, and (ii) enrichment for high affinity 26 

inorganic phosphate ABC-transporter genes (pstSCAB) in low phosphate waters that 27 

are thought to be viral-encoded. Together these findings present a roadmap for 28 

comparative viromics that advances beyond some database limitations and helps 29 
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reveal diversity patterns and ecological pressures shaping four marine viral 30 

communities. 31 

Introduction 32 

Viruses are abundant in the oceans with approximately 107 particles per milliliter of 33 

seawater, with the vast majority predicted to infect bacteria, known as bacteriophages 34 

or phages (Fuhrman, 1999; Wommack and Colwell, 2000; Weinbauer, 2004). 35 

Bacteria support much of life on earth by modulating nutrient cycling and energy flow 36 

in environmental (Falkowski et al., 2008), human (Consortium, 2012) and artificial 37 

ecosystems (Martín et al., 2006). Phages can alter bacterial communities and their 38 

metabolic output through mortality, horizontal gene tranfer and metabolic 39 

reprogramming (Fuhrman, 1999; Wommack and Colwell, 2000; Weinbauer, 2004; 40 

Suttle, 2007; Breitbart et al., 2007; Hurwitz, Hallam, et al., 2013; Hurwitz, Brum, and 41 

Sullivan, 2014a; Sullivan et al., 2006). Despite the abundance and importance of 42 

viruses, their diversity, community structure and eco-evolutionary aspects in nature 43 

remain largely uncharacterized due to technical limitations.  44 

These limitations start with the fact that most microbes and their hosts resist 45 

cultivation (Rappé and Giovannoni, 2003; Edwards and Rohwer, 2005; Falkowski et 46 

al., 2008), leading to 90% of currently available bacteriophage isolate genomes being 47 

derived from only 4 of the 54 known bacterial phyla – the Proteobacteria, 48 

Actinobacteria, Firmucutes and Bacteroidetes. Given millions of viruses in a 49 

community and hundreds of viral types associated to a specific host (Angly et al., 50 

2006), low-throughput culture-based methods, even though capturing abundant viral 51 

types (e.g., (Sullivan et al., 2010; Kang et al., 2013; Zhao et al., 2013; Labrie et al., 52 

2013)), insufficiently describe viral community dynamics in natural settings (Martín 53 

et al., 2006; Deng et al., 2014, Dang and Sullivan, 2014). For these reasons, culture-54 

independent methods have been largely adopted to evaluate natural viral 55 

communities. First, gene marker analyses, undoubtedly transformative for microbial 56 

ecology (Pace, 1997), have also led to better understanding of how viruses change 57 

spatially and temporally in natural communities (Pagarete et al., 2013; Needham et 58 

al., 2013). However, these methods can only target particular viral groups as viruses 59 

lack a universal marker gene (Edwards and Rohwer, 2005). Further, where family-60 

specific gene marker methods are available, they often suffer from PCR-based 61 
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artifacts that compromise quantitative inference (Sullivan et al., 2008; Duhaime and 62 

Sullivan, 2012, Sullivan, 2015). A second means by which researchers are recently 63 

exploring viral genomic sequence space has been through mining microbial genomic 64 

datasets. This is rapidly expanding our understanding of host-linked viral diversity in 65 

the virosphere with >12,000 new virus sequences revealed in a single study (Roux et 66 

al., in revision), which can be used to study the ecological and evolutionary processes 67 

driving variation of particular viral types (e.g., SUP05 viruses, Roux et al., 2014). 68 

Finally, metagenomics, or the direct sequencing of community genomic DNA is now 69 

commonly applied to study the functional and taxonomic diversity of marine viral 70 

communities (Rosario and Breitbart, 2011; Mokili et al., 2012; Hurwitz and Sullivan, 71 

2013; Willner and Hugenholtz, 2013, Brum et al., In revision).  72 

Viromics, since its initial application revealed the novelty (Breitbart et al., 2002),  73 

specificity and richness (Angly et al. 2006) of viral communities. It was then rapidly 74 

adopted to survey human environments (Breitbart et al., 2003) and subsequently 75 

widely applied to study marine (Williamson et al. 2008; Williamson et al. 2012; 76 

Breitbart et al. 2007; Hurwitz & Sullivan 2013; Angly et al. 2006; Culley et al. 2006), 77 

soil (Fierer et al. 2007), extreme (Diemer & Stedman 2012; Schoenfeld et al. 2008) 78 

and multiple human-associated environments (e.g., Pride et al. 2012; De Vlaminck et 79 

al. 2013). Beyond basic characterization of these environments (references above), 80 

viral metagenomics has been proven valuable in monitoring emerging viral diseases 81 

and identifying novel viruses (Mokili et al. 2012), discovering that viruses underpin 82 

genetic individuality in humans (Reyes et al. 2010) and identifying the phages that are 83 

nearly universal in humans (Dutilh et al. 2014).  84 

While early studies were hampered by limited predictive power due to technical 85 

limitations, a quantitative sample-to-sequence viromic pipeline now exists, at least for 86 

dsDNA viruses (as reviewed by Duhaime et al., 2012). This pipeline has been 87 

empirically evaluated using a replicated metagenomic experimental design to assess 88 

impacts of viral particle concentration and purification, library preparation and 89 

sequencing platform choices (John et al., 2011; Duhaime et al., 2012; Duhaime and 90 

Sullivan, 2012; Solonenko et al., 2013; Hurwitz, Deng, et al., 2013; Solonenko and 91 

Sullivan, 2013), and is the basis for a large-scale dsDNA viromic dataset from Pacific 92 

Ocean viral communities (the Pacific Oean Viromes, or POV, Hurwitz and Sullivan, 93 
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2013). This is a much-needed dataset as POV analyses have already helped refine 94 

decades-old estimates of the size of global virome (Cesar Ignacio-Espinoza et al., 95 

2013) and revealed pelagiphages as the most abundant ocean viruses (Zhao et al., 96 

2013). Further, the POV dataset has helped advance our understanding of viral 97 

community ecology by showing that virus genomes in Pacific Ocean communities 98 

encode nearly every step in central carbon metabolism (Hurwitz, Hallam, et al., 99 

2013), identifying important environmental gradients from whole community 100 

comparisons (Hurwitz, Westveld, et al., 2014). It has also outlined gene sets that 101 

demarcate how communities niche-differentiate between the surface and deep oceans 102 

(Hurwitz, Brum, and Sullivan, 2014a), and helped reveal that the deep oceans are 103 

influenced by the DNA from vertically vectored surface ocean viral particles 104 

(Hurwitz, Brum, and Sullivan, 2014a). 105 

Even with quantitative viromes, analytical challenges arise and have greatly hindered 106 

viromic studies yet rarely plague microbial metagenomes. Perhaps chief among these 107 

challenges is that viromes are typically comprised of sequences that largely 108 

(commonly 63-93%) lack homologs in public datasets (Mokili et al., 2012; Hurwitz 109 

and Sullivan, 2013). Beyond the efforts to populate databases with relevant reference 110 

genomes (discussed above), protein clusters (PCs, sensu Yooseph et al., 2007) are 111 

used to organize known and unknown sequence space by grouping proteins based on 112 

sequence similarity alone. PCs are now routinely used as a metric for comparing the 113 

diversity and composition of dsDNA viral assemblages (Roux et al., 2012; Hurwitz 114 

and Sullivan, 2013; Cesar Ignacio-Espinoza et al., 2013; Roux et al., 2013; Deng et 115 

al., 2014; Hurwitz, Brum, and Sullivan, 2014a) (Brum, et al., In revision) as they 116 

represent a handle with which we can (i) apply OTU-based ecological metrics 117 

independent of known function and (ii) propagate functional data to novel ‘unknown’ 118 

proteins.  119 

Here, we leveraged these technical and informatic advances to analyze the viromes of 120 

four viral communities from the Tara Oceans Expedition (Karsenti et al., 2011). 121 

These viromes were explored to compare the taxonomic and genetic repertoires of sea 122 

surface and deep chlorophyll maximum (DCM) viral communities at stations 23 (in 123 

the Adriatic Sea, west of Dubrovnik) and 30 (in the Mediterranean Sea, near the 124 

island of Cyprus).  125 
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Results and discussion 126 

Virome characteristics and taxonomic composition  127 

A total of 625 408 sequence reads (340 bp average read length) were obtained by 128 

Roche 454 Titanium technology across the 4 viromes (Table 1). The 16S content was 129 

estimated to be ~2 sequences per 10 000 metagenomic reads, indicating that the 130 

viromes were highly pure (Roux et al., 2013). Virome reads were then compared 131 

against viral sequences in viral refseq (NCBI, v60) using standard metagenomic 132 

approaches (BLASTX search e-value < 0.001). Top-hit, BLAST-based taxonomic 133 

annotation showed that few (range = 21-27%, average = 24.3% average) of the reads 134 

matched anything in these databases. Those reads that did match database sequences 135 

appear derived from tailed phages of the order Caudovirales and from three families – 136 

Myoviridae, Podoviridae, and Siphoviridae (Fig. 1). While this dominance of 137 

Caudovirales is common for marine viromes (reviewed in Brum and Sullivan 2014), 138 

it is not universal to other environments. For example, previous studies for freshwater 139 

lakes (Roux et al., 2012), solar salterns (Rodriguez-Brito et al., 2010), and arctic 140 

environments (López-Bueno et al., 2009) showed the dominance of ssDNA viruses. 141 

Notably, these viromes were all prepared using polymerases biased towards ssDNA 142 

templates (Kim and Bae, 2011), while those from the POV dataset and the 4 presented 143 

here were prepared using linker-amplification methods that bias against ssDNA 144 

templates. Future work will be required to evaluate the relative abundance of ssDNA 145 

and dsDNA viruses in ocean viral communities.  146 

 147 

Abundant and diverse novel lineages in Mediterranean Sea viromes. 148 

To gain further insights into the taxonomic and functional composition of these 149 

viromes, metagenomic reads were compared to the non-redundant protein database in 150 

NCBI. Genomic context from these hits was then leveraged to better identify 151 

abundant viral groups across the viromes using a reciprocal best blast (RBB)-based 152 

taxonomic assignment strategy (Wilhelm et al., 2007; Zhao et al., 2013) (see 153 

Methods). Among the most highly represented viral genotypes (Fig. 2), there were 154 

relatively abundant and well-known phages that infect Candidatus Puniceispirillum of 155 

the clade SAR116 (phage HMO-2011, Kang et al., 2013), Candidatus Pelagibacter of 156 

the SAR11 clade (phages HTVC010P and HTVC008M, Zhao et al., 2013), and the 157 
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marine cyanobacteria Prochlorococcus and Synechococcus (T4-like and T7-like 158 

cyanophages, Chen and Lu, 2002; Mann et al., 2005; Sullivan et al., 2005; Weigele et 159 

al., 2007; Sullivan et al., 2010; Labrie et al., 2013). Additionally, assembled contigs 160 

from single-cell amplified genomes (SAGs, Swan et al., 2013) provided genomic 161 

representation of uncultivated viruses, which were also highly represented in the 162 

viromes (Fig. 2). These SAG-derived viral contigs were all relatively novel as only 163 

~10-14% of their genes (Suppl. File 1) could be identified as viral with conventional 164 

methods (BLASTP, e-value <0.001). Taxonomic identifiers from the original SAG 165 

project data suggested that these contigs are derived from viruses likely to infect α-166 

Proteobacteria (P07, L05), Flavobacteria (P02) and Verrucomicrobia (I21). 167 

Metagenomic recruitment was relatively even along these new reference genome 168 

fragments and had similar abundances across all four viromes (Fig. 2). This suggests 169 

that these novel viruses, or at least closely related phages (we required minimum 170 

BLASTP match of 80% amino acid identity), are present in all four viral 171 

communities. These findings are consistent with the high abundances of α-172 

Proteobacteria, Firmicutes (Flavobacteria) and Verrucomicrobia in 16S surveys of 173 

marine environments (Campbell et al., 2011). The fragmented nature of these SAGs 174 

precludes further identification beyond class and phylum, yet highlights novel virus-175 

host associations. While some of these bacterial phyla (e.g., Verrucomicrobia, α-176 

Proteobacteria) have viruses recently identified through large-insert (40kb) fosmid 177 

sequencing of DNA derived from microbial fraction seawater (Mizuno et al., 2013), 178 

the new viruses presented here share few genes with those found prior (e.g., 179 

Verrucomicrobia phage shares only 1 of 50 genes, the one shared gene is annotated 180 

only as a hypothetical protein). This suggests, not surprisingly, that there is much 181 

more viral diversity to be revealed beyond the single or few viruses now available for 182 

each of these abundant bacterial phyla. Finally, while abundant cultivated and 183 

uncultivated viruses were detected in these contig-based analyses, all viral contigs 184 

(>10kb in size) recruited only 44.8% (between 42.1 and 45.6%) of the virome reads, 185 

leaving more than half of the virome reads taxonomically un-assignable so also 186 

awaiting reference genome database representation.  187 

 188 

Protein cluster based ‘gene ecology’ 189 
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To overcome the common unknown problem, the viromes were next organized using 190 

PCs. Briefly, each virome was assembled, and open reading frames (ORFs) were 191 

predicted on both contigs and unassembled reads. These ORFs were then mapped to 192 

the POV dataset (which includes PCs derived from viral genomes and Global Ocean 193 

Survey data) to assign new ORFs to existing PCs where possible, and only then 194 

unmapped ORFs were self-clustered. This resulted in ~71% of the ORFs mapping to 195 

existing or new PCs, leaving ~39% of ORFs unclustered as singletons. In total, 379 196 

701 PCs were identified across the four viromes (Table 1).  197 

PC-based rarefaction curves constructed from these data did not saturate (Figure 3). 198 

This suggests that these viromes are undersampled in comparison to their total PC 199 

diversity, with the four viromes likely capturing ~25-50% of the total number of PCs 200 

estimated using Chao-1. Given only modest PC sampling of these viral communities, 201 

there were numerous patterns observed across the dataset. First, diversity and richness 202 

were higher near-shore (Station 23) than off-shore (Station 30) and higher at the DCM 203 

than the surface waters (Figure 3). Such patterns have been described for Pacific 204 

ocean viral communities (Hurwitz and Sullivan, 2013) and bacterioplankton 205 

(Fortunato et al., 2012). However, the deep samples in the POV study were from 206 

aphotic ocean waters, whereas those from our current study are from the sunlit, photic 207 

zone DCM waters. Thus these current results suggest that viral community diversity 208 

gradients are even variable within the photic zone and not just between the photic and 209 

aphotic zones of the ocean. Second, there was relatively high evenness across samples 210 

(Pielou’s E range from 0.95 to 0.96) suggesting that no particular PC dominated any 211 

of the communities (i.e. akin to species calculations sensu Jarvis et al., 2008). Similar 212 

low dominance of any specific function has been observed in larger and more deeply 213 

sequenced viromic surveys (Brum et al., In revision) suggesting that our finding is not 214 

the product of relatively sparse sampling of the viral community. Third, although PC 215 

endemism occured both at the level of sample and metagenomic project, there were 216 

varying degrees of overlap of PCs among viromes and a substantive core metagenome 217 

emerges (2,444 of the >379K PCs; Figure 3). This core metagenome included mostly 218 

PCs observed for the first time in these Tara Oceans viromes (i.e., endemic to this 219 

particular project, absent from the POV, GOS and viral genome PC datasets; see the 220 

Tara-specific PCs ranked at the top of the Whittaker-like PC curve in Fig. 4A). This 221 

overlap of genetic content across these communities likely reflects genetic 222 
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interconnectivity thought to occur in marine viral communities due to passive 223 

diffusion on currents and subsequent local selective pressures (Brum et al., In 224 

revision) and conceptualized nearly a decade ago as the seed bank hypothesis 225 

(Breitbart and Rohwer, 2005). Finally, consistent with findings from the POV dataset, 226 

PCs annotated as Caudovirales represented a larger fraction in the core metagenome 227 

(494 or 20%) than in the pan metagenome (22299 or 5.8%),suggesting that 228 

Caudovirales are ubiquitous, but relatively rare members of marine viral communities 229 

(Hurwitz, Brum, and Sullivan, 2014b).  230 

Functional differentiation 231 

Finally, we explored how PC functional composition changed across the viromes 232 

from these two contrasting ecological sites to build hypotheses about proteins that 233 

might drive niche differentiation across these viral communities. Given that there is a 234 

two- to three-fold difference in phosphate concentration between station 23 surface 235 

and DCM waters when compared to those from station 30 (Table 2), we hypothesized 236 

that phosphate would represent a selective pressure on phage genomes to acquire and 237 

selectively maintain phosphate acquisition genes. While inorganic phosphate (Pi) is 238 

heavily utilized in nucleic acids, proteins, lipids, sugars, and high-energy molecules, it 239 

is often limiting in marine environments (Geider and La Roche, 2002). Many marine 240 

microbes utilize the PstSCAB ATP-binding cassette (ABC) superfamily of 241 

transporters (Wu and Mandrand-Berthelot, 1995) to alleviate Pi stress. This molecular 242 

complex contains two PstB subunits that form the ATP-binding domain, two 243 

intermembrane molecules PstA and PstC, and the periplasmic subunit PstS (Torriani, 244 

1990). In marine microbial genomes, the phoU gene often clusters with the pstABCS 245 

genes, and its protein product acts as a negative regulator through an unknown 246 

mechanism (Rice et al., 2009). The levels of mRNA in PstS are highly regulated by 247 

repetitive extragenic palindromes (REP) as their presence within transcripts is 248 

associated with an increase in their half-life by up to seven-fold (Aguena et al., 2009). 249 

Here, we searched for the genes encoding this Pi acquisition complex and found 14 250 

PCs annotated as part of the phosphorous acquisition cassette (Table 2; Suppl. File 2). 251 

While the fragmented nature of the assemblies (N50 ranges from 583-681 bp) 252 

precluded extensive examination of the genomic context of these genes, it is possible 253 

to infer that they are of viral origin. First, only two 16S rRNA-encoding sequences 254 
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were found per 10 000 reads, which corresponds to what is considered as a highly 255 

pure, microbe-free virome (Roux et al., 2013). Second, sequences encoding for 16S 256 

rRNA (n=124) found within the four samples best matched (BLASTP e-value < 257 

0.001) Alteromonas, Pseudoalteromonas and Rhodobacter while the top hits for 258 

PstSCAB were Pelagibacter, Cyanophage Syn30,  Desulfobacterium, Termobrachium 259 

and Psychrobacter. The fact that these phosphorous cycling genes appear to be from a 260 

different source from any possible low-level microbial DNA contamination was 261 

interpreted to suggest that they are not encoded by the contaminant bacteria and most 262 

likely viral (as established in Hurwitz, Hallam, et al., 2013). Assuming all were virus-263 

encoded, we next examined their relative abundances acorss the four samples. The 264 

phoU gene was found in all four samples, regardless of phosphorous concentrations, 265 

while genes encoding for pstSCAB were largely only found in low-phosphorous 266 

samples – though,only the pstS abundances were statistically overrepresented in low 267 

phosphorous environments (Table 2). Notably, pstS has been found previously in 268 

cyanophage genomes (Miller et al., 2003; Mann et al., 2005; Weigele et al., 2007; 269 

Millard et al., 2009; Sullivan et al., 2009; 2010), with distributions apparently linked 270 

to phosphorous status of the waters (Sullivan et al 2010) and thought to be driven by 271 

pstS being the rate-determining step in Pi acquisition, possibly due to the high 272 

turnover of its mRNA (Aguena et al., 2009). In marine cyanobacterium 273 

Prochlorococcus MED4, kinetic assays have shown a positive correlation between the 274 

Vmax of Pi uptake and pstS mRNA levels (Krumhardt et al. 2013; Reistetter et al. 275 

2013). That pstS transcriptional control drives response to phosphate stress, rather 276 

than gene copy number, further suggests that the pstS genes (at a minimum) observed 277 

here are of viral origin since if bacterial then the other genes in this cassette (pstCAB) 278 

would be of similar abundance, which we do not observe. Thus it appears that prior 279 

cyanophage isolate-based genomic observations of pstS presence are confirmed here 280 

by comparative viromic analysis along this phosphorous gradient in the Mediteranean 281 

Sea 282 

 Conclusions  283 

Viruses are important in nature, yet remain challenging to study. Beyond providing 284 

first description for four Tara Oceans Mediterranean Sea viral communities, this 285 

study makes the case for advancing beyond limited viral databases through techniques 286 
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such as population-contig mapping and protein clustering. Such added analyses 287 

helped uncover novel viruses for underexplored bacterial groups and reveal the role of 288 

phosphorous acquisition genes in viral communities from lower-phosphate waters. As 289 

such analytical tools become more readily available through community-available 290 

tools such as VIROME (Wommack et al., 2012), metaVIR (Roux, Tournayre, et al., 291 

2014) and iVirus (http://ivirus.us), future focused analyses of the many gradients 292 

available in the POV (Hurwitz and Sullivan, 2013) and TOV (Brum et al., In revision) 293 

datasets will undoubtedly help more robustly map viral community diversity and 294 

elucidate the niche-defining features driving ocean viral community structure. 295 

Experimental procedures 296 

Detailed protocols for chemical flocculation (John et al., 2011) and linker 297 

amplification (Duhaime et al., 2012) are available at: 298 

http://www.eebweb.arizona.edu/Faculty/mbsulli/protocols.htm. 299 

Source waters and viral DNA isolation 300 

Water samples were collected from the surface (5.5 meters depth) and DCM (55 and 301 

69 meters depth) at Station 23 (42 10.559 N 17 43.534 E; Nov/18/2009) and 30 (33 302 

55.393 32 48.17 E Dec/15/2009) during the Tara Oceans expedition (Karsenti et al., 303 

2011). Twenty liters of seawater were 0.22 µm-filtered, and viruses were concentrated 304 

by FeCl3-precipitation (John et al., 2011) and then purified by DNase+CsCl. DNA 305 

was extracted from concentrated and purified viral filtrates using Wizard PCR DNA 306 

Purification Resin and Minicolumns, as described previously (Henn et al., 2010). 307 

Linker amplification and sequencing. 308 

The extracted DNA samples were randomly sheared and amplified using linker 309 

amplification (Duhaime et al., 2012). Linker-amplified DNA samples were sequenced 310 

using a 454 GS FLX Titanium at French National Sequencing Center (Genoscope, 311 

France). Prior to metagenomic assembly, sequences were subjected to quality control 312 

as described previously (Huse et al., 2007; Hurwitz and Sullivan, 2013). Briefly 313 

sequences were excluded in subsequent steps if they had an ambiguous base call 314 

anywhere in the sequence and if their length and read quality scores were outside two 315 

standard deviations from the overall mean across all reads. 316 
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Metagenomic assembly and ORF prediction 317 

Metagenomes were individually assembled using Newbler (non-default settings –cpu 318 

8 –ml 40 –mi 95) (Margulies et al., 2005). Open reading frames were predicted from 319 

assembled contigs and unassembled reads using Prodigal v.2.0 with default settings 320 

(Hyatt et al., 2010). All ORFs that are longer than 30 amino acids in length were 321 

chosen for further analysis. 322 

Protein Clustering and rarefaction curves 323 

Protein clusters (PCs) were constructed from all predicted ORFs based on their 324 

sequence similarity (Yooseph et al., 2007; 2008; Hurwitz and Sullivan, 2013). ORFs 325 

were self-clustered using cd-hit 4.5 (Niu et al., 2010) with non-default settings (-g l –n 326 

4 –d 0 –T 24 –M 45000 –c 60 –aS 80) using a custom pipeline written in Perl and 327 

bash shell and executed on a high performance computer using GridEngine to 328 

distribute jobs.  329 

Metagenomics reads were used as a query to search against a protein BLAST 330 

database (blastx, non-default settings: -outfmt 6 –evalue 0.001 –num_threads 12) 331 

formed with the predicted ORFs. Each read was then assigned to the top hit and its 332 

associated PC.  Reads where randomly sampled for 1000 at starting point and 5000 at 333 

subsequent points. At each point, only the average of 100 representations is shown. 334 

Calculations of Chao-1, Shannon-Wiener, Simpson and best fits were obtained as 335 

previously done (Deng et al., 2014).  336 

Taxonomic assignation 337 

Each metagenomic read was also used as a query to search against a database of viral 338 

genomes (RefSeq Release 60, September 2013) (blastx, non-default settings: -outfmt 339 

6 –evalue 0.001 –num_threads 12). Then each read was assigned the taxonomic 340 

information of the top hit. 341 

Read normalization.  342 

To calculate the relative abundance A of each peptide the number of hits identified in 343 

the previous step were normalized in the following way (Abundant)SAR11)viruses)in)344 

the)ocean.,)2013): 1)  The number of hits H was divided to the total number of 345 
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sequences N and 2) to the amino acid length of the hit peptide L.  Finally, to avoid 346 

larger number of significant figures, the abundances were rescaled to the mean 347 

abundances across all samples. 348 
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 362 

 363 
 364 
Figure 1. Taxonomic affiliation of the viromes in relationship to known 365 
sequences.  Pie represent the percent of “known” and “unknown” viral metagenomic 366 
sequences that have significant (e-value < 0.001) hits to viral refseq, n = number of 367 
reads per sample. Bar plots represent a break down of the identified sequences to the 368 
three families of the order Caudovirales.  369 
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 371 

 372 
 373 
 374 
Figure 2. Abundant and diverse novel viral groups in four Mediterranean 375 
viromes. (A) Histogram representing normalized abundances of each protein cluster 376 
top hit. The contigs that are being shown as recruitment plots are highlighted in red. 377 
(B-E) Recruitment plots of 4 viral like contigs within the non-redundant sequence 378 
collection of NCBI; within parenthesis the sequence ID for each contig is noted. Each 379 
of the four stacked panels corresponds to a different virome. White boxes are a 380 
cartoon of the genes predicted within a contig. The percent identities shown go from 381 
80 to 100% at the AA level.  382 
 383 
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 384 
Figure 3. Organization of the viromes into protein clusters and its derivated 385 
diversity metrics. Rarefaction curve. Curves show the protein cluster richness (>2 386 
member clusters) as calculated from the data for each viral metagenomic sample, each 387 
line represents the average of 100 repetitions. Venn diagram delineates the total 388 
number of protein clusters per metagenome and suggests a hierarchical organization 389 
of the marine virome and highlights a relatively small number of “core” protein 390 
clusters (2444). The colors in the rarefaction curves match those in the Venn diagram. 391 
Diversity metrics. PCs abundances are used as handle to apply the denoted ecological 392 
metrics.  393 
 394 
 395 
 396 
 397 
  398 
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 399 

 400 
Figure 4. The core metagenome is enriched for novel sequences. Of the 2444 PCs 401 
that were identified as core, 356 are statistically over or underrepresented across 402 
metagenomes (G-test, p<0.05 after Bonferroni). These 356 clusters were ranked on 403 
their total normalized abundances. In blue, the PCs that are novel to this dataset and in 404 
white those that have been previously seen (POV). In red, a cumulative sum of raw 405 
reads from these 356 protein clusters. Protein histogram, marks the number of 406 
proteins that are incorporated into any cluster, the variability along the rank-407 
abundance curve shows that they read frequencies are not biased by the number of 408 
proteins per cluster. 409 
 410 
  411 

52



 
 

Table 1. General characteristics of the viromes, read and ORF recruitment to 412 
protein clusters. To increment our inference power we constructed protein clusters 413 
from predicted ORFs of reads and assemblies. Clusters were considered bona fide if 414 
they have at least 2 protein members. Of the ORFs that were incorporated into PCs a 415 
large number (~75%) of them recruited to preexisting clusters from the Pacific Ocean 416 
Virome and the Global Ocean Survey.  417 
 418 
Station'ID' Reads' #ORFs' Proteins'in'PCs' Clustered'with'GOS/POV' Self<Clustered' Singletons'

23S' 159770& 168779& 106275& 77314& 28961& 62504&

23D' 259441& 262683& 155818& 116408& 39410& 106865&

30S' 32388& 33744& 20464& 15697& 4767& 13280&

30D' 173809& 163479& 97144& 68177& 28967& 66335&

 419 
Table 2. Low phosphorous concentration environments select for genes in the 420 
phosphorous acquisition cassette. Normalized abundances and counts of protein 421 
clusters that can be identified as pstS, pstC, pstA, pstb and phoU and 16S sequences.  422 
 423 

& & 23S' 23D' 30S' 30D'

& PO4&µmol/l& 0.071& 0.09& 0.124& 0.203&

Gene' #PCs' 23S' 23D' 30S' 30D'

pstS%***% 7& 3& 11& 33& 1&

pstC% 1& 2& 33& 33& 33&

pstA% 2& 2& 33& 33& 1&

pstB% 33& 33& 33& 33& 33&

phoU% 4& 1& 2& 1& 4&

16S&sequences& NA& 1& 20& 11& 48&

*** <0.001 for the G-test goodness of fit statistic used to evaluate whether 424 
abundances are significantly different across samples. 425 
 426 
  427 
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 41 

Abstract:  Viruses influence Earth’s ecosystems by modulating microbial population size, 42 
diversity, metabolic outputs, and gene flow. Here we use quantitative viral-fraction metagenomes 43 
(viromes) and viral morphological datasets from 43 Tara Oceans expedition samples to develop 44 
a global-scale assessment of marine viral community patterns and structure. Protein cluster (PC) 45 
cataloging defined pelagic upper-ocean viral community core and flexible gene sets and 46 
suggested that sequence space is well-sampled. PC, population, and morphological analyses 47 
revealed strong biogeography whereby regional viral communities were structured by local 48 
environmental conditions, followed by passive transportation of viruses on oceanic currents. 49 
Together these global genomic- and community-level investigations support a seed-bank 50 
structure for oceanic viral communities and explain observations of high regional viral genomic 51 
diversity that is on par with global diversity. 52 
      53 
One Sentence Summary: Global patterns emerge from the Tara Oceans Virome dataset, 54 
supporting a seed-bank structure underlying observed biogeography in ocean viral communities. 55 
 56 
Main Text:  Ocean microbes produce half of the oxygen we breathe (1) and drive much of the 57 
substrate and redox transformations that fuel Earth’s ecosystems (2). However, they do so in a 58 
constantly evolving network of chemical, physical and biotic constraints, with viruses emerging 59 
as key players in these interactions (3, 4). Specifically, ocean viruses affect microbial population 60 
abundances and diversity through lysis, metabolic outputs through host metabolic 61 
reprogramming, and gene flow through horizontal gene transfer. Due to technical challenges and 62 
previous lack of standardized sampling strategies (5), a global picture of ocean viral community 63 
patterns and ecological drivers has remained elusive. 64 

The Tara Oceans expedition provided a platform for systematically sampling ocean biota 65 
from viruses to fish larvae with comprehensive environmental context (6). Prior virus-focused 66 
work from this expedition has helped optimize the viromic sample-to-sequence pipeline (7), 67 
evaluate ecological drivers of viral community structure as inferred from morphology (8), and 68 
map ecological patterns in the large dsDNA nucleo-cytoplasmic viruses using marker genes (9). 69 
Here we expand upon these studies to explore global patterns and structure of ocean viral 70 
communities by establishing viral-fraction metagenomes (viromes) and quantitative 71 
morphological datasets from 43 samples at 26 stations in the Tara Oceans expedition (Fig. S1; 72 
Table S1). Viruses lack universal genes for investigation of global community patterns, thus 73 
three levels of viral community organization were examined: (i) protein clusters (PCs, sensu 10) 74 
as a means to organize virome sequence space commonly dominated by unknown sequences 75 
(63–93%, 11), (ii) populations, using recently established metrics for viral contig recruitment 76 

61



(12), and (iii) morphology, via quantitative transmission electron microscopy (qTEM, 8) to 77 
examine whole viral communities (Fig. S2). 78 

The 43 Tara Oceans Viromes (TOV) dataset is comprised of 2.16 billion ~101-bp paired-end 79 
Illumina reads (Table S2), ~200-fold greater than the largest previous oceanic virome dataset – 80 
Pacific Ocean Viromes (POV, 11). Across the 43 viromes, a total of 1,075,763 PCs were 81 
observed, ~2.5-fold more than in POV, with samples beyond the 20th virome only incrementally 82 
adding PCs (Fig. 1A). When combining TOV with 17 previous photic-zone POV viromes, total 83 
PCs increased to 1,323,921, but also approach a plateau (Fig. S3). These data suggest that, while 84 
impossible to sample completely, epipelagic ocean viral sequence space is relatively well 85 
sampled. This contrasts marine microbial metagenomic surveys (10), including from this 86 
expedition (13), but it is consistent with POV-based predictions that the global virome may be 87 
less rich than its cellular counterpart (14). 88 

PCs were next used to establish the core and flexible viromes in TOV (Fig. 1A). Broadly, 89 
there were 220, 710 and 424 PCs shared across all surface and deep chlorophyll maximum 90 
(DCM) viromes, surface viromes only, and DCM viromes only, respectively. This exceeds the 91 
number of PCs observed in POV (11), likely because of increased TOV sequencing and 92 
significant deep-ocean representation in POV (i.e., when the sole deep-ocean TOV sample, 93 
70meso, is included, only 65 PCs are shared by all TOV samples). 94 

PCs also provide a metric for viral community diversity comparisons (Fig. 1B) from which 95 
three trends emerge. First, high-latitude viromes (82dcm, 85dcm) were least diverse (Shannon’s  96 
H' of 8.93 and 9.22 nats), consistent with patterns in macroorganisms (15) and epipelagic 97 
bacteria (16). Second, the remaining viromes were similarly diverse (Shannon’s  H' between 9.47 98 
and 10.55 nats) and highly  even  (Pielou’s  J from 0.85 to 0.91) indicating low dominance of any 99 
particular PCs (17). Third, local diversity was relatively similar to global diversity (local:global 100 
ratios of H' from 0.73 to 0.87, Table S3), suggesting high dispersal (18) across ocean viral 101 
communities. 102 

We next estimated abundances of the 5,476 dominant viral populations in TOV, which 103 
represented up to 13% of reads in a sample and were defined by applying empirically-derived 104 
recruitment cut-offs from naturally-occurring T4-like phages (12) to high-confidence contigs 105 
(Fig. 2, see Methods). Viral populations were rarely endemic to one station (15%), and instead 106 
were commonly observed across >4 stations (47%), and up to 24 of the 26 stations (Fig. 2B). 107 
Exceptional samples include those from the Benguela upwelling region (67surf) and high-108 
latitude samples from the Antarctic Circumpolar and Falklands currents (82dcm, 85dcm), where 109 
populations were shared with the fewest stations. While many populations were broadly 110 
distributed, they were much more abundant at the original location of assembly compared to 111 
alternate stations (Fig. 2C). Thus most populations were relatively widespread, but with highly 112 
variable sample-to-sample abundances. 113 

Not surprisingly, given the dearth of reference viral genomes, only 39 of 5,476 populations 114 
affiliated to cultured viruses. These exclusively include viruses infecting the abundant and 115 
widespread hosts SAR11, SAR116, Roseobacter, Prochlorococcus and Synechococcus (Table 116 
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S4). Remarkably, 47 of the 50 most abundant and widespread viral populations observed in TOV 117 
lack cultured representatives (Fig. S4), which suggests that most upper ocean viruses remain to 118 
be characterized in spite of culture-representation of viruses from known dominant microbial 119 
hosts. 120 

We next leveraged this unprecedented global dataset to evaluate ecological drivers (Tables 121 
S1, S5, S6) of viral community structure using morphology, populations, and PCs. These metrics 122 
revealed increasing resolution, respectively, and showed that viral community structure was 123 
influenced by region and/or environmental conditions (Table 1; Table S7; Figs. S5–S7). 124 
Specifically, oceanic viral communities varied significantly with Longhurst province, biome, 125 
latitude, temperature, oxygen concentration, and microbial concentrations (including bacteria, 126 
Synechococcus, and Prochlorococcus). Viral communities were not structured by depth (surface 127 
vs DCM) except when considering PCs, likely reflecting minimal variation between photic zone 128 
samples compared to that of globally-sourced samples, and higher resolution provided by PCs. 129 
Interestingly, nutrients were generally significant influences on viral community structure when 130 
considering the whole dataset, but were much less explanatory when the few high-nutrient 131 
samples were removed except for the significant influence of phosphate concentration on viral 132 
populations. Thus nutrient concentrations may have stronger influences on viral community 133 
structure, but testing this hypothesis would require a more continuous nutrient gradient. 134 

While global-scale analyses of oceanic macro- (15) and micro-organisms (16) have been 135 
conducted, including a concurrent Tara Oceans study showing that temperature and oxygen 136 
influence microbial community structure (13), equivalent global investigations of viral 137 
communities have been limited. We previously evaluated how environmental conditions affect 138 
global viral community morphological traits alone (8), and the present TOV study is consistent 139 
with these earlier findings in that viral communities are influenced by temperature and oxygen 140 
concentration, but not chlorophyll concentration (Table 1). However this new study, with nearly 141 
twice the samples and addition of viromics, revealed biogeography of viral communities based 142 
on Longhurst province and latitude, consistent with the conclusion that geographic region 143 
influences community structure in Pacific Ocean viruses (19). While only PC analysis showed 144 
depth-based divergence, this likely reflects poor (n=1) deep sample representation. Prior POV 145 
viral investigation and concurrent Tara Oceans microbial analysis, both of which have better 146 
deep-water representation, show stronger depth patterns whereby photic and aphotic zone 147 
communities diverge (13, 19, 20). Thus the current study suggests global biogeography of upper-148 
ocean viral communities is structured by regional environmental conditions. 149 

To investigate mechanistically how ocean viral communities are distributed, we compared 150 
population abundances between neighboring samples to assess the net direction and magnitude 151 
of population exchange (Fig. 3). This revealed that population exchange was largely directed 152 
along major oceanic current systems (21). For example, the Agulhas current and subsequent ring 153 
formation (22) connects viral communities between the Indian and Atlantic Oceans, while 154 
increased connection between the high-latitude stations (82 and 85) reflects their common origin 155 
(i.e., divergence of the Falklands and Antarctic Circumpolar currents). Further, current strength 156 
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(21) was generally related to the magnitude of inter-sample population exchange, as higher and 157 
lower exchange was observed, respectively, in stronger currents (e.g., Agulhas current) and 158 
within the open ocean gyres or between land-restricted basins (e.g., Mediterranean and Red 159 
Seas). Thus, in addition to environmental conditions, the intensity of water mass movement may 160 
explain the degree to which viral populations cluster globally (Fig. 2). Beyond such current-161 
driven biogeographic evidence, vertical viral transport from surface to DCM samples was also 162 
observed, consistent with POV observations wherein deep-sea viromes include surface-ocean 163 
viruses, presumably transported on sinking particles (20). Notable exceptions include areas 164 
where increased mixing and upwelling likely exceed sinking within the upper ocean (e.g., 165 
Arabian Sea upwelling). 166 

Finally, these TOV results enable evaluation of a fundamental hypothesis in environmental 167 
virology. Specifically, gene-marker-based studies targeting subsets of ocean viruses have long 168 
noted high local and low global diversity (23). To explain this, a seed-bank viral community 169 
structure has been invoked whereby high local genetic diversity can exist by drawing variation 170 
from a common and relatively limited global gene pool (23). The global picture presented here is 171 
consistent with this hypothesis, most clearly evidenced in the PC diversity and population 172 
analyses. Ecological driver analyses suggests that such local  ‘seed’  communities  are influenced 173 
by environmental conditions, which likely directly impact their microbial hosts and then 174 
indirectly restructure viral communities. These  seed  communities  then  form  the  ‘bank’  in  175 
neighboring samples, presumably when passively transported by ocean currents as shown here 176 
through the population-level analyses of net viral movement between samples. 177 

In summary, this large-scale dataset provides the most comprehensive picture of global 178 
upper-ocean viral communities available to date, with patterns assessed using multiple 179 
parameters including morphology, populations and PCs. These data provide novel and 180 
complementary views on viral community structure including non-gene-marker-based viral 181 
community diversity estimates and broad application of population-based viral ecology. That a 182 
seed-bank model, proposed nearly a decade ago (23), appears to be supported helps explain how 183 
high local viral diversity can be consistent with limited global diversity (14). Technological 184 
advances are transforming our investigation of viruses in nature (e.g., 5, 12, 20), which, coupled 185 
to global sampling opportunities like Tara Oceans, finally position ecologists to provide the data 186 
needed to predictively model the nano- (viruses) and micro- (microbes) scale entities driving 187 
Earth’s ecosystems. 188 
 189 
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Table 1. Relationships between viral community structure (based on viral morphology, 300 
populations, and PCs) and selected metadata using NMDS analysis of the sample subset (all 301 
samples except for 67surf, 70meso, 82dcm, and 85dcm due to exceptional environmental 302 
conditions at these locations). Refer to Table S7 for full statistical results. 303 
 
 Viral Morphology 

(qTEM) 
Populations 

(contigs) 
Protein Clusters 

(PCs) 
Longhurst Province * *** ** 
Depth Category1 − − ** 
Latitude ** *** ** 
Temperature ** *** ** 
Salinity − − ** 
Oxygen ** *** *** 
Chlorophyll − − − 
Nitrite+Nitrate − − − 
Phosphate − *** − 
***  p<0.001;;  **  0.001<p<0.02;;  *  0.02<p<0.05;;  −  p>0.05 
1surface vs DCM 
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Fig. 1. Viral diversity and richness in TOV based on protein clusters (PCs). A) 304 
Accumulation curves of core and pan-viromes. Vertical axis shows the number of shared (core 305 
virome) and total (pan-virome) PCs when n viromes are compared (n = 1 to 43; from 3 to 41 306 
only 1000 combinations are shown). Lines: i) total number of PCs (1,075,763), ii) core surface 307 
virome (710), iii) core DCM virome (424), iv) core surface and DCM virome (220), v) all 308 
samples (including the deep-ocean sample 70meso; 65). B) Richness, Shannon diversity index 309 
(H'),  and  Pielou’s  evenness  (J) in each virome, calculated from normalized PC abundances per 310 
sample. 311 
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Fig. 2. Distribution and relative abundance of viral populations in TOV. A) Heatmap 312 
displaying the relative abundance of each population (sorted according to its original sample; y-313 
axis) in each sample (x-axis). Relative abundance of one population in a sample is based on 314 
recruitment of reads to the population reference contig, and only considered if more than 75% of 315 
the reference contig is covered. B) Evaluation of phage population distribution showing the 316 
number of stations (y-axis) in which each population (sorted by their original station, x-axis) is 317 
distributed. Populations are grouped by station, merging surface and DCM samples from the 318 
same station. C) Relative abundance of populations at the original stations where the contigs 319 
were assembled compared to their abundance at other stations. For both boxplots, upper and 320 
lower lines correspond to the 25th and 75th percentiles, while outliers are displayed as points. 321 
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Fig. 3. Net movement of viral populations throughout the oceans. Calculations are based on 322 
reciprocal comparison of viral population abundances between neighboring samples (see Fig. 323 
2A). Stations are labeled with station number. 324 
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Materials and Methods: 336 
 337 
Sample Collection 338 

Forty-three samples were collected between November 2, 2009, and May 13, 2011, at 26 339 
locations  throughout  the  world’s  oceans (Fig. S1) through the Tara Oceans Expedition (6). These 340 
included samples from a range of depths (surface, deep chlorophyll maximum, and one 341 
mesopelagic sample) located in 4 different biomes and 11 Longhurst provinces (Table S1). 342 
 343 
Environmental Parameters 344 

Temperature, salinity, and oxygen data were collected from each station using a CTD 345 
(Sea-Bird Electronics, Bellevue, WA, USA; SBE 911plus with Searam recorder) and dissolved 346 
oxygen sensor (Sea-Bird Electronics; SBE 43). Nutrient concentrations were determined using 347 
segmented flow analysis (24) and included nitrite, phosphate, nitrite plus nitrate, and silica. 348 
Nutrient concentrations below the detection limit (0.02 µmol kg-1) are reported as 0.02 µmol kg-349 
1. Chlorophyll concentrations were measured using HPLC (25, 26). These environmental 350 
parameters are deposited in Pangaea (www.pangaea.de) using the accession numbers in Table 351 
S1. 352 
 353 
Microbial Abundances 354 

Flow-cytometry was used to determine the concentration of Synechococcus, 355 
Prochlorococcus, bacteria, low-DNA bacteria, high-DNA bacteria, and the percent of bacteria 356 
with high DNA in each sample (27). 357 
 358 
Morphological Analysis of Viral Communities 359 

Quantitative transmission electron microscopy (qTEM) was used to evaluate the capsid 360 
diameter distributions of viral communities as previously described (8). Briefly, preserved 361 
unfiltered samples (EM-grade glutaraldehyde; Sigma-Aldrich, St. Louis, MO, USA; 2% final 362 
concentration) were flash-frozen and stored at -80ºC until analysis. Viruses were deposited onto 363 
TEM grids using an air-driven ultracentrifuge (Airfuge CLS, Beckman Coulter, Brea, CA, USA), 364 
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followed by positive staining of the deposited material with 2% uranyl acetate (Ted Pella, 365 
Redding, CA, USA). Samples were then examined using a transmission electron microscope 366 
(Philips CM12, FEI, Hilsboro, OR, USA) with 100 kV accelerating voltage. Micrographs of 100 367 
viruses were collected per sample using a Macrofire Monochrome CCD camera (Optronics, 368 
Goleta, CA, USA) and analyzed using ImageJ software (US National Institutes of Health, 369 
Bethesda, MD, USA; 28) to measure the capsid diameter. Twenty-one of the samples had 370 
previously been analyzed in a different study (8). 371 
 372 
Virome Construction 373 
 For each sample, 20 L of seawater were 0.22 µm-filtered and viruses were concentrated 374 
from the filtrate using iron chloride flocculation (29) followed by storage at 4ºC. After 375 
resuspension in ascorbic-ETDA buffer (0.1 M EDTA, 0.2 M Mg, 0.2 M ascorbic acid, pH 6.0), 376 
viral particles were concentrated using Amicon Ultra 100 kDa centrifugal devices (Millipore), 377 
treated with DNase I (100U/mL) followed by the addition of 0.1 M EDTA and 0.1 M EGTA to 378 
halt enzyme activity, and extracted as previously described (30). Briefly, viral particle 379 
suspensions were treated with Wizard PCR Preps DNA Purification Resin (Promega, WI, USA) 380 
at a ratio of 0.5 mL sample to 1 mL resin, and eluted with TE buffer (10 mM Tris, pH 7.5, 1 mM 381 
EDTA) using Wizard Minicolumns. Extracted DNA was Covaris-sheared and size selected to 382 
160–180 bp, followed by amplification and ligation per the standard Illumina protocol. 383 
Sequencing was done on a HiSeq 2000 system at the Genoscope facilities (Paris, France). 384 
 385 
Quality Control of Reads and Assembly  386 

Individual reads  of  43  metagenomes  were  QC’d using a combination of trimming and 387 
filtering as previously described (31). Briefly, bases were trimmed at the  5’  end  if  the  number  of  388 
base calls for any base (A, T, G, C) was out by more than two standard deviations than the 389 
average  across  all  cycles.  Conversely,  bases  were  trimmed  at  the  3’  end  of  reads if the quality 390 
score was <20. Finally, reads that were shorter than 95 bp or reads with a median quality score < 391 
20 were removed from further analyses. Assembly was done using SOAPdenovo (32) where 392 
insert and k-mer size are calculated at run-time and are specific to each metagenome as 393 
implemented in the MoCAT pipeline (33). On average, 34.2% of the reads were included in the 394 
assembled contigs (min: 21.08%, max: 48.52%). Virome reads are deposited in the European 395 
Nucleotide Archive (http://www.ebi.ac.uk/ena/) under accession numbers reported in Table S2. 396 
 397 
Selection of Relevant Contigs 398 

Considering the size of the entire dataset (3,821,756 assembled contigs), we decided to 399 
focus on the most informative contigs originating from bacterial or archaeal viruses. First, we 400 
removed all contigs containing no typical viral genes (major capsid protein, large subunit of the 401 
terminase) and not enriched in either viral genes or uncharacterized genes compared to microbial 402 
genomes (based on a comparison to PFAM through Hmmsearch, (34), as these are most certainly 403 
coming from a slight sample contamination by cellular genome fragments. We also removed all 404 
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contigs seemingly originating from eukaryotic viruses (at least three predicted proteins with best 405 
BLAST hits to a eukaryote virus, and more than half of the affiliated proteins not associated to 406 
bacteriophages or archaeal viruses), as the 0.22  μm  filter  used  will  exclude  many of these viruses 407 
anyway. We selected only the 16,124 contigs (corresponding to an average of 6.41% of the 408 
assembled reads, min: 1.29%, max: 14.52%) with more than 10 predicted genes for the protein 409 
clusters, as the origin of contigs with only a few predicted genes can be spurious. Among these, 410 
the 6,322 contigs longer than 10kb were used in the population study (corresponding to an 411 
average of 4.04% of the assembled reads, min: 0.98%, max: 9.97%). 412 
 413 
Protein Clustering  414 

Open Reading Frames (ORFs) were predicted from all quality-controlled contigs using 415 
Prodigal (35) with default settings. Predicted ORFs were clustered based on sequence similarity 416 
as described previously (10, 11). Briefly, ORFs were initially mapped to existing clusters (POV, 417 
GOS and phage genomes), using cd-hit-2d  (‘-g 1 -n 4 -d 0 -T 24 -M  45000’;;  60%  percent  418 
identity and 80% coverage). Then the remaining, unmapped ORFs were self-clustered, using cd-419 
hit with the same options as above. Only protein clusters (PCs) with more than two ORFs were 420 
considered bona fide and were used for subsequent analyses. To develop counts per PC for 421 
statistical analyses, reads were mapped back to predicted ORFs in the contigs dataset using 422 
Mosaik  with  the  following  settings:  “-a all -m all -hs 15 –minp 0.95 –mmp 0.05 -mhp 100 -act 423 
20”  (version  1.1.0021;;  http://bioinformatics.bc.edu/marthlab/Mosaik). Counts to PCs were 424 
normalized by sequencing depth of each metagenome. Shannon diversity (Hobs) was calculated 425 
from PC read counts in PCs using only PCs with more than two predicted ORFs (see above). 426 
Observed richness is reported as the total number of reads in each PC. Pielou’s  evenness  (J) was 427 
calculated as the ratio of Hobs/Hmax, where Hmax = ln N, and N = number of observed PCs. 428 
 429 
Analysis of Viral Populations 430 

First, contigs were clustered into populations if they shared more than 80% of their genes 431 
at greater than 95% nucleotide identity; a threshold derived from naturally-occurring T4-like 432 
phages (12). The 6,322 contigs (longer than 10kb, with more than 10 predicted proteins, and not 433 
identified as cellular or eukaryotic viruses) were clustered in 5,477 populations (with as many as 434 
12 contigs in the same population, but an average of 1.15 contigs per population). For each 435 
population, the longest contig was chosen as the ‘seed’ sequence.  436 

The relative abundance of each population was computed by mapping all quality-437 
controlled reads to the set of 5,477 non-redundant sequences (considering only mapping quality 438 
scores greater than 1) with Bowtie 2 (36). For each sample–sequence pair, if more than 75% of 439 
the reference sequence was covered by virome reads, the relative abundance was computed as 440 
the number of base pairs recruited to the contig normalized by the total number of base pairs 441 
available in the virome and the contig length.  442 
 As for the protein clusters, richness estimation based on viral populations was similar 443 
across all samples (Table S3), except for sample 82dcm that displayed lower Shannon's H' and 444 
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Pielou's evenness. Interestingly, the same trend is noticeable with PCs (lowest Shannon's H' and 445 
local:global richness ratio for sample 82dcm). 446 

The sample containing the seed sequence was also considered as the best estimation of 447 
the original sample/station of the population. Indeed, we considered that the longest contig in a 448 
population indicated the sample with the best coverage and likely corresponded to the location 449 
with the greatest virion abundance for this population. Accordingly, the relative abundance 450 
heatmap confirmed that populations are the most abundant in their original samples (Fig. 2). 451 
Even though some individual cases could diverge from this rule, we expect to identify correctly 452 
most of these original locations, hence getting an accurate global signal. 453 

The seed sequence was also used to assess taxonomic affiliation of the population. Cases 454 
where >50% of the genes were affiliated to a specific reference genome from RefSeq (based on a 455 
BLASTp comparison with thresholds of 50 for bit score and 10-05 for e-value) with an identity 456 
percentage of at least 75% (at the protein sequence level) were considered as confident 457 
affiliations to the corresponding reference virus. 458 

Finally, estimations of net viral population movement between samples were made based 459 
on the relative abundance of populations in one sample in its neighbors (Fig. 3). For each pair of 460 
neighbor samples, the average relative abundance of populations originating from sample A in 461 
sample B was compared with the relative abundance of populations from sample B in sample A. 462 
These values were used to estimate the level of transport between two samples (depicted as line 463 
width in Fig. 3) and the difference between these values was used to estimate the directionality 464 
of the transfer (i.e., if sample B contains many populations from sample A, but very few 465 
populations from sample B are detected in sample A, we calculate that the net movement is from 466 
sample A to sample B). 467 
 468 
Statistical Ordination of Samples 469 
 Viral community composition based on capsid diameter distributions (from qTEM; using 470 
7-nm histogram bin sizes), population abundances, and normalized PC read counts (using only 471 
protein clusters with more than 20 representatives) were compared using non-metric 472 
multidimensional  scaling  (NMDS)  performed  using  the  ‘metaMDS’  function  (default  473 
parameters) of the vegan package (37) in R version 2.15.2 (38). The influence of metadata on 474 
sample  ordination  was  evaluated  using  the  functions  ‘envfit’  for  factor  variables  including  depth  475 
category, Longhurst province, and biome, and  ‘ordisurf’  for  all  linear  variables, in the vegan 476 
package (37, 39). Several samples had exceptional environmental conditions (i.e., 67surf, 477 
70meso, 82dcm, and 85dcm), thus all statistical ordination analyses were conducted with and 478 
without  these  samples  (referred  to  as  the  ‘sample  subset’)  to  evaluate  their  influence. 479 
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Supplementary Tables: 480 
 481 
Supplementary Table S1. Location and depth information for each TOV sample. 482 
Station Depth 

Category 
Depth 

(m) 
Date 

Sampled 
Latitude 

(º) 
Longitude 

(º) 
Longhurst 
Province Biome Pangaea 

accession number 
18 surface 5 Nov 2, 2009 35.7577 14.2609 Mediterranean Sea, Black Sea Westerlies TARA_A1000000171 
18 DCM 62 Nov 2, 2009 35.7606 14.2522 Mediterranean Sea, Black Sea Westerlies TARA_A1000000172 
22 surface 5 Nov 16, 2009 39.8359 17.4049 Mediterranean Sea, Black Sea Westerlies TARA_S200002703 
23 DCM 55 Nov 18, 2009 42.1744 17.7194 Mediterranean Sea, Black Sea Westerlies TARA_X000001382 
25 surface 6 Nov 23, 2009 39.3877 19.3910 Mediterranean Sea, Black Sea Westerlies TARA_E500000318 
25 DCM 52 Nov 23, 2009 39.4086 19.3807 Mediterranean Sea, Black Sea Westerlies TARA_E500000305 
30 DCM 69 Dec 15, 2009 33.9253 32.7741 Mediterranean Sea, Black Sea Westerlies TARA_X000001388 
31 surface 5 Jan 9, 2010 27.1550 34.8300 Red Sea, Persian Gulf Coastal TARA_A100001391 
32 surface 5 Jan 11, 2010 23.3600 37.2183 Red Sea, Persian Gulf Coastal TARA_A100001515 
32 DCM 85 Jan 11, 2010 23.3800 37.2917 Red Sea, Persian Gulf Coastal TARA_A100001518 
34 surface 5 Jan 20, 2010 18.3967 39.8767 Red Sea, Persian Gulf Coastal TARA_R100000005 
34 DCM 60 Jan 20, 2010 18.3983 39.8617 Red Sea, Persian Gulf Coastal TARA_R100000008 
36 surface 5 Mar 12, 2010 20.8183 63.5047 NW Arabian Upwelling Coastal TARA_R100000027 
36 DCM 17 Mar 12, 2010 20.8176 63.5121 NW Arabian Upwelling Coastal TARA_R100000030 
38 surface 5 Mar 15, 2010 19.0386 64.4937 NW Arabian Upwelling Coastal TARA_R100000081 
38 DCM 25 Mar 15, 2010 19.0258 64.6227 NW Arabian Upwelling Coastal TARA_R100000084 
39 surface 5 Mar 18, 2010 18.5714 66.5305 Indian Monsoon Gyres Trades TARA_R100000479 
39 DCM 25 Mar 18, 2010 18.5702 66.4861 Indian Monsoon Gyres Trades TARA_R100000482 
41 surface 5 Mar 30, 2010 14.5954 69.9810 Indian Monsoon Gyres Trades TARA_R100000455 
41 DCM 58 Mar 30, 2010 14.5600 70.0117 Indian Monsoon Gyres Trades TARA_R100000458 
42 surface 5 Apr 4, 2010 6.0313 73.8942 Indian Monsoon Gyres Trades TARA_R100000149 
42 DCM 79 Apr 4, 2010 5.9997 73.9015 Indian Monsoon Gyres Trades TARA_R100000152 
46 surface 5 Apr 15, 2010 -0.6625 73.1610 Indian Monsoon Gyres Trades TARA_R100000406 
52 DCM 79 May 17, 2010 -16.9598 54.0134 Indian S. Subtropical Gyre Westerlies TARA_R100000234 
64 surface 5 July 7, 2010 -29.5022 37.9904 Indian S. Subtropical Gyre Westerlies TARA_R100000322 
64 DCM 64 July 8, 2010 -29.5436 37.9356 Indian S. Subtropical Gyre Westerlies TARA_R100000315 
65 surface 6 July 12, 2010 -35.1889 26.2891 E. Africa Coastal Coastal TARA_R100001230 
65 DCM 29 July 12, 2010 -35.2468 26.3096 E. Africa Coastal Coastal TARA_R100001198 
66 surface 5 July 15, 2010 -34.9363 17.9366 E. Africa Coastal Coastal TARA_R100000900 
66 DCM 29 July 15, 2010 -34.8933 18.0730 E. Africa Coastal Coastal TARA_R100000908 
67 surface 5 Sept 7, 2010 -32.2315 17.7083 Benguela Current Coastal Coastal TARA_R100000951 
68 surface 5 Sept 14, 2010 -31.0302 4.6879 S. Atlantic Gyre Westerlies TARA_R100000988 
68 DCM 40 Sept 14, 2010 -31.0302 4.6879 S. Atlantic Gyre Westerlies TARA_R100000995 
70 surface 5 Sept 21, 2010 -20.4368 -3.1859 S. Atlantic Gyre Westerlies TARA_R100001015 
70 mesopelagic 792 Sept 22, 2010 -20.3669 -3.2173 S. Atlantic Gyre Westerlies TARA_R100001039 
72 surface 6 Oct 5, 2010 -8.7764 -17.9127 S. Atlantic Gyre Westerlies TARA_R100001079 
72 DCM 95 Oct 5, 2010 -8.7026 -17.9398 S. Atlantic Gyre Westerlies TARA_R100001082 
76 surface 5 Oct 16, 2010 -20.9406 -35.1960 S. Atlantic Gyre Westerlies TARA_R100001126 
76 DCM 148 Oct 16, 2010 -21.0456 -35.3688 S. Atlantic Gyre Westerlies TARA_R100001129 
82 DCM 42 Dec 6, 2010 -47.2130 -58.0594 SW Atlantic Shelves Coastal TARA_R100000544 
85 DCM 87 Jan 6, 2011 -62.2437 -49.1827 Austral Polar Polar TARA_R100001377 
109 surface 5 May 12, 2011 1.9928 -84.5766 N. Pacific Equatorial 

Countercurrent 
Trades TARA_R100001509 

109 DCM 30 May 13, 2011 2.0767 -84.5203 N. Pacific Equatorial 
Countercurrent 

Trades TARA_R100001510 

DCM = deep chlorophyll maximum 
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Supplementary Table S2. General characteristics of viromes in the TOV dataset.  483 

Sample ENA1 accession 
number Paired reads Individual 

reads 
Aligned 
reads 

Reads in 
PCs 

Reads in 
viral contigs 

Reads in 
viral populations 

Total 
PCs 

Unique 
PCs 

18surf ERS488340 47 508 906 95 017 812 46 106 031 44 220 183 2 847 711 2 179 284 94 270 56 767 
18dcm ERS488354 41 756 356 83 512 712 25 174 800 23 357 071 1 793 334 1 026 291 78 974 49 026 
22surf ERS488448 57 573 241 115 146 482 50 619 261 45 860 623 4 783 830 2 623 367 149 546 78 991 
23dcm ERS478002 41 387 025 82 774 050 30 778 047 28 011 014 2 870 031 1 464 814 120 126 66 984 
25surf ERS488499 52 114 733 104 229 466 46 939 361 41 788 880 3 609 305 2 285 684 134 814 64 259 
25dcm ERS488517 52 556 395 105 112 790 46 691 361 43 479 717 2 180 587 1 382 904 149 410 92 250 
30dcm ERS478045 39 094 357 78 188 714 30 119 573 28 438 464 2 910 948 1 686 322 85 995 51 433 
31surf ERS488557 66 963 246 133 926 492 64 232 168 58 034 883 3 746 026 2 644 581 162 635 100 986 
32surf ERS488588 50 756 575 101 513 150 39 347 181 33 568 647 3 045 755 1 771 453 136 282 74 633 
32dcm ERS488613 64 643 745 129 287 490 45 773 512 44 846 740 588 548 448 429 50 432 15 564 
34surf ERS488673 61 395 078 122 790 156 38 897 904 35 425 635 1 731 130 1 126 594 136 362 90 615 
34dcm ERS488701 40 848 755 81 697 510 27 781 799 25 512 131 2 475 336 1 441 846 91 705 56 060 
36surf ERS488736 37 151 587 74 303 174 26 670 863 23 298 945 1 340 632 795 266 62 808 31 090 
36dcm ERS488757 38 625 900 77 251 800 28 199 576 24 009 195 1 792 668 858 377 80 868 38 517 
38surf ERS488813 57 024 430 114 048 860 34 124 947 31 088 143 1 873 066 890 075 120 496 61 967 
38dcm ERS488836 47 121 439 94 242 878 26 769 138 24 918 425 2 343 749 1 628 668 108 957 50 428 
39surf ERS488892 57 246 863 114 493 726 33 219 196 30 600 300 2 093 000 1 249 016 142 047 68 413 
39dcm ERS488929 45 416 113 90 832 226 21 953 764 20 508 973 1 306 449 655 684 111 796 38 162 
41surf ERS489059 42 658 889 85 317 778 17 983 366 16 842 944 770 079 558 610 90 032 50 819 
41dcm ERS489084 100 024 473 200 048 946 64 282 190 57 894 183 2 755 513 1 169 127 143 206 97 446 
42surf ERS489113 49 556 238 99 112 476 30 237 421 28 833 837 1 428 407 1 146 194 100 198 60 985 
42dcm ERS489148 60 004 302 120 008 604 29 940 507 27 764 917 1 142 362 526 364 128 384 82 624 
46surf ERS489285 38 717 821 77 435 642 25 564 107 23 934 444 1 490 412 923 822 83 427 52 923 
52dcm ERS489603 46 496 880 92 993 760 29 085 216 25 854 768 1 901 209 1 134 072 115 331 74 838 
64surf ERS489943 48 271 080 96 542 160 32 186 492 30 179 459 1 688 065 1 296 512 127 492 69 764 
64dcm ERS490026 42 826 969 85 653 938 20 073 137 18 787 557 757 872 406 380 103 357 60 393 
65surf ERS490053 59 658 652 119 317 304 29 209 774 27 843 929 1 053 629 611 695 143 053 55 796 
65dcm ERS490120 56 703 457 113 406 914 33 968 214 32 009 400 2 161 169 1 441 554 159 111 71 854 
66surf ERS490124 43 948 626 87 897 252 36 667 746 34 827 911 2 914 606 2 054 397 120 444 56 628 
66dcm ERS490180 46 900 600 93 801 200 34 256 927 33 246 333 3 421 381 3 027 385 108 741 44 925 
67surf ERS490204 43 972 034 87 944 068 37 210 358 35 001 146 5 403 501 3 708 818 98 666 70 819 
68surf ERS490285 44 816 720 89 633 440 33 145 982 31 695 053 1 418 283 1 192 673 122 997 75 617 
68dcm ERS490320 40 938 660 81 877 320 22 931 296 21 166 806 1 577 597 879 745 91 497 44 117 
70surf ERS490346 47 220 407 94 440 814 29 984 244 28 300 746 1 597 071 1 019 761 133 412 88 128 
70meso ERS490388 41 257 033 82 514 066 37 673 669 35 685 550 1 165 029 1 044 424 62 992 35 984 
72surf ERS490452 39 987 130 79 974 260 24 649 114 22 486 780 1 480 960 843 843 104 462 59 399 
72dcm ERS490494 48 812 251 97 624 502 32 787 182 29 700 584 2 804 641 1 563 386 98 478 62 170 
76surf ERS490557 50 148 148 100 296 296 41 354 569 38 608 348 2 263 533 1 755 953 121 463 43 741 
76dcm ERS490610 58 870 148 117 740 296 45 747 168 41 445 203 3 091 548 2 180 949 157 970 80 248 
82dcm ERS490953 41 877 228 83 754 456 19 062 414 17 969 483 2 092 234 1 285 126 35 761 24 067 
85dcm ERS491107 44 370 368 88 740 736 25 609 713 23 868 405 1 246 929 690 679 55 412 41 835 
109surf ERS492160 45 818 926 91 637 852 31 556 400 28 756 552 2 186 577 1 338 874 144 438 84 127 
109dcm ERS492198 82 153 717 164 307 434 55 257 622 50 850 295 3 054 367 1 641 370 132 031 71 720 
1 European Nucleotide Archive 
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Supplementary Table S3. Diversity and evenness based on PCs and viral populations for TOV 484 
samples. 485 

 Protein clusters Viral populations 

Sample 
Shannon's H' 
(normalized 
to 5M reads) 

Pielou's Evenness 
(J) 

Shannon's H' for PCs  
in phage contigs  

(normalized to 500,000 reads) 

Local:Global richness 
(normalized to  

5M reads) 

Shannon's H' 
(normalized to 

100k reads) 

Pielou's Evenness 
(J, normalized to 

100k reads) 
18surf 9.83 0.86 7.39 0.12 5.65 0.87 
18dcm 9.8 0.87 7.54 0.1 5.64 0.86 
22surf 10.43 0.88 8.62 0.18 6.47 0.93 
23dcm 10.21 0.87 8.16 0.15 6.23 0.92 
25surf 10.44 0.88 8.21 0.18 6.28 0.91 
25dcm 10.47 0.88 7.89 0.19 6.32 0.91 
30dcm 9.9 0.87 7.84 0.12 5.76 0.90 
31surf 10.29 0.86 8.14 0.19 6.43 0.91 
32surf 10.4 0.88 8.33 0.16 4.24 0.68 
32dcm 9.49 0.88 6.33 0.07 6.27 0.91 
34surf 10.36 0.88 7.66 0.17 5.86 0.90 
34dcm 10.02 0.88 7.93 0.12 6.46 0.92 
36surf 9.7 0.88 7.25 0.09 5.46 0.87 
36dcm 9.97 0.88 7.71 0.11 5.59 0.86 
38surf 10.14 0.87 7.55 0.15 6.29 0.90 
38dcm 10.27 0.89 7.75 0.15 6.38 0.90 
39surf 10.55 0.89 8.09 0.19 6.45 0.93 
39dcm 10.23 0.88 7.4 0.14 6.43 0.91 
41surf 10.41 0.91 6.64 0.12 6.02 0.89 
41dcm 10.26 0.86 7.73 0.18 5.85 0.90 
42surf 9.96 0.86 6.74 0.13 6.15 0.90 
42dcm 10.26 0.87 7.45 0.17 5.49 0.83 
46surf 9.77 0.86 7.26 0.11 5.85 0.90 
52dcm 10.26 0.88 7.86 0.14 6.03 0.91 
64surf 10.16 0.86 7.49 0.16 6.19 0.91 
64dcm 10.18 0.88 6.89 0.13 6.48 0.92 
65surf 10.17 0.86 6.94 0.18 6.87 0.92 
65dcm 10.2 0.85 7.09 0.18 6.61 0.92 
66surf 10.21 0.87 8.06 0.16 6.24 0.91 
66dcm 9.92 0.86 7.57 0.14 6.28 0.92 
67surf 9.83 0.86 8.63 0.11 5.90 0.90 
68surf 10.04 0.86 7.48 0.16 5.83 0.89 
68dcm 9.93 0.87 7.4 0.12 6.21 0.92 
70surf 10.3 0.87 7.55 0.17 4.91 0.83 
70meso 9.47 0.86 6.69 0.09 6.02 0.90 
72surf 10.1 0.87 7.61 0.14 5.68 0.89 
72dcm 9.96 0.87 7.92 0.13 6.05 0.90 
76surf 10.4 0.89 7.69 0.17 6.57 0.91 
76dcm 10.52 0.88 8.11 0.19 5.99 0.89 
82dcm 8.93 0.85 6.88 0.05 1.80 0.33 
85dcm 9.22 0.84 6.93 0.08 4.05 0.84 
109surf 10.27 0.86 8.1 0.16 5.38 0.85 
109dcm 10.26 0.87 7.87 0.15 6.19 0.91 
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Supplementary Table S4. Taxonomic affiliation of the 39 viral populations with confident 486 
affiliation to a reference genome. BLAST-based  affiliations  were  considered  as  “confident”  487 
when less than half of the contig genes were uncharacterized, and all relevant hits (all hits from 488 
the different predicted genes within 75% of the best hit e-value) were to the same reference 489 
genome and displayed average identity percentage greater than 75%. 490 

Contig id 

Percent of contig genes 
with a significant hit  

(bit score >50,  
e-value < 0.001) 

Average percent identity 
for hits to the  

reference genome Reference genome affiliation Reference genome host 
109DCM_31341 95.45% 82.57% Prochlorococcus phage P-SSM7 Prochlorococcus 
36SUR_6616 90.91% 84.45% Prochlorococcus phage P-SSM2 Prochlorococcus 
36DCM_5382 100.00% 81.51% Prochlorococcus phage P-SSM2 Prochlorococcus 
72SUR_1123 57.14% 80.12% Prochlorococcus phage P-SSM2 Prochlorococcus 
23DCM_57317 57.14% 82.15% Cyanophage NATL1A-7 Prochlorococcus 

25DCM_7533 66.67% 85.58% Cyanophage NATL1A-7 Prochlorococcus 
82DCM_3205 63.64% 82.11% Roseobacter phage SIO1 Roseobacter 
76SUR_37556 85.71% 89.92% Pelagibacter phage HTVC008M SAR11 
32SUR_19482 75.00% 76.04% Pelagibacter phage HTVC008M SAR11 
22SUR_9841 80.95% 84.29% Puniceispirillum phage HMO-2011 SAR116 
30DCM_18016 62.50% 77.43% Puniceispirillum phage HMO-2011 SAR116 
22SUR_10323 71.43% 81.09% Puniceispirillum phage HMO-2011 SAR116 
18SUR_6465 76.47% 77.26% Puniceispirillum phage HMO-2011 SAR116 
67SUR_391 63.64% 81.77% Puniceispirillum phage HMO-2011 SAR116 
30DCM_5079 69.23% 75.14% Puniceispirillum phage HMO-2011 SAR116 
36DCM_17048 100.00% 77.09% Synechococcus phage syn9 Synechococcus 
36DCM_6333 80.00% 78.52% Synechococcus phage S-SSM7 Synechococcus 
22SUR_317 75.00% 76.23% Synechococcus phage S-SSM7 Synechococcus 
38SUR_1895 100.00% 97.33% Synechococcus phage S-SSM5 Synechococcus 
36DCM_23551 100.00% 98.56% Synechococcus phage S-SSM5 Synechococcus 
36SUR_14484 100.00% 98.56% Synechococcus phage S-SSM5 Synechococcus 
36SUR_676 100.00% 98.89% Synechococcus phage S-SSM5 Synechococcus 
36DCM_12512 100.00% 98.50% Synechococcus phage S-SSM5 Synechococcus 
72DCM_15771 83.33% 79.08% Synechococcus phage S-SM2 Synechococcus 
38DCM_1572 68.42% 76.06% Synechococcus phage S-SM2 Synechococcus 
68SUR_7156 73.33% 85.91% Synechococcus phage S-SM2 Synechococcus 
22SUR_32478 70.83% 80.96% Synechococcus phage S-SM2 Synechococcus 
67SUR_46265 69.57% 80.63% Synechococcus phage S-SM2 Synechococcus 
25SUR_8406 75.86% 80.61% Synechococcus phage S-SM2 Synechococcus 
32SUR_11712 95.65% 87.76% Synechococcus phage S-SM1 Synechococcus 
31SUR_26981 92.31% 87.72% Synechococcus phage S-SM1 Synechococcus 

25SUR_1987 64.29% 89.91% Synechococcus phage S-SKS1 Synechococcus 
18DCM_2657 100.00% 96.69% Synechococcus phage metaG-MbCM1 Synechococcus 
36SUR_425 100.00% 96.54% Cyanophage Syn30 Synechococcus 
36SUR_188 100.00% 98.50% Cyanophage Syn30 Synechococcus 
67SUR_27027 92.31% 91.93% Cyanophage S-TIM5 Synechococcus 
67SUR_13365 95.00% 87.36% Cyanophage S-TIM5 Synechococcus 
65DCM_125 68.75% 76.73% Cyanophage KBS-S-2A Synechococcus 
30DCM_1204 75.00% 75.97% Cyanophage KBS-S-2A Synechococcus 
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Supplementary Table S5. Environmental conditions for each TOV sample. 491 
Sample Temperature 

(ºC) 
Salinity 

(psu) 
Oxygen 

(µmol kg-1) 
Chlorophyll 

(mg m-3) 
Nitrite* 

(µmol kg-1) 
Phosphate* 
(µmol kg-1) 

Nitrite+Nitrate* 
(µmol kg-1) 

Silica 
(µmol kg-1) 

18surf 21.4 37.9 208 0.05 0.02 0.03 0.12 0.56 
18dcm 18.4 37.9 238 0.13 0.03 0.02 0.02 0.62 
22surf 17.0 37.8 221 0.18 0.07 0.02 0.21 2.03 
23dcm 15.7 38.4 224 0.24 0.02 0.02 0.05 1.05 
25surf 18.3 38.2 218 0.12 0.02 0.02 0.03 1.05 
25dcm 15.2 38.5 230 0.20 0.07 0.07 0.15 1.82 
30dcm 19.0 39.3 218 0.14 0.02 0.02 0.02 0.67 
31surf 25.1 40.0 189 0.05 0.02 0.02 0.03 0.82 
32surf 25.8 39.7 188 0.00 0.02 0.02 0.02 0.87 
32dcm 26.1 40.2 180 0.22 0.02 0.03 0.02 0.85 
34surf 27.6 38.6 184 0.19 0.02 0.19 0.03 3.91 
34dcm 27.6 38.9 175 0.18 0.27 0.09 0.64 1.35 
36surf 25.6 36.5 211 0.13 0.05 0.37 0.13 1.20 
36dcm 25.4 36.5 212 0.35 0.51 0.51 2.08 1.79 
38surf 26.2 36.6 200 0.16 0.02 0.32 0.06 1.18 
38dcm 25.5 NA 155 0.60 0.70 0.42 1.86 1.63 
39surf 26.8 36.3 193 0.10 0.02 0.23 0.03 1.44 
39dcm 26.8 36.3 193 0.18 0.02 0.26 0.09 1.28 
41surf 29.1 36.0 187 0.02 0.02 0.14 0.09 1.47 
41dcm 27.1 36.5 148 0.48 0.07 0.34 0.49 1.38 
42surf 30.0 34.6 189 0.01 0.02 0.08 0.03 2.21 
42dcm 27.7 35.1 133 0.39 0.15 0.34 1.39 3.20 
46surf 30.1 35.1 186 0.12 0.02 0.10 0.05 1.94 
52dcm 24.9 34.9 193 0.39 0.03 0.18 0.47 3.22 
64surf 22.2 35.3 210 0.16 0.02 0.08 0.02 1.77 
64dcm 22.3 35.3 207 0.21 0.02 0.08 0.02 1.75 
65surf 21.8 35.4 207 0.22 NA NA NA NA 
65dcm 21.8 NA 206 0.27 NA NA NA NA 
66surf 15.0 35.3 239 0.25 0.30 0.34 3.34 2.74 
66dcm 15.0 35.3 240 0.42 0.26 0.37 3.23 2.47 
67surf 12.8 34.8 249 1.55 0.17 1.02 7.09 13.88 
68surf 16.8 35.7 232 0.20 0.25 0.23 1.30 2.60 
68dcm 16.8 35.7 232 0.42 0.29 0.23 1.08 2.44 
70surf 19.8 36.4 216 0.32 0.05 0.36 0.99 1.36 
70meso 4.2 34.4 162 0.00 0.02 2.52 36.73 44.86 
72surf 25.0 36.4 199 0.05 0.02 0.10 0.02 0.87 
72dcm 24.1 36.6 194 0.26 0.02 0.10 0.02 0.96 
76surf 23.3 37.1 206 0.03 0.02 0.06 0.02 0.81 
76dcm 21.6 36.7 204 0.15 0.02 0.04 0.02 0.71 
82dcm 7.0 34.1 306 1.02 0.14 1.42 19.07 3.08 
85dcm -0.8 34.3 325 0.54 0.06 2.31 31.00 81.82 
109surf 27.6 33.4 199 0.28 0.04 0.27 0.89 1.75 
109dcm 26.5 34.3 203 0.74 0.11 0.50 4.64 3.23 
NA = not available 
*Values below detection limit are reported as the detection limit of 0.02 µmol kg-1. 

 
 
 
 
 
 
 
 
 
 
 

79

Julio Cesar Ignacio Espinoza

Julio Cesar Ignacio Espinoza

Julio Cesar Ignacio Espinoza

Julio Cesar Ignacio Espinoza

Julio Cesar Ignacio Espinoza

Julio Cesar Ignacio Espinoza

Julio Cesar Ignacio Espinoza

Julio Cesar Ignacio Espinoza

Julio Cesar Ignacio Espinoza

Julio Cesar Ignacio Espinoza

Julio Cesar Ignacio Espinoza

Julio Cesar Ignacio Espinoza



Supplementary Table S6. Concentration of microorganisms for each TOV sample. 492 

Sample Synechococcus 
(x 104 ml-1) 

Prochlorococcus 
(x 104 ml-1) 

Bacteria 
(x 105 ml-1) 

Low DNA 
Bacteria 

(x 105 ml-1) 

High DNA 
Bacteria 

(x 105 ml-1) 

High DNA Bacteria 
(% of total 
Bacteria) 

18surf 1.79 2.13 6.34 4.32 2.02 31.8 
18dcm NA NA NA NA NA NA 
22surf 6.19 0.64 5.34 3.09 2.25 42.1 
23dcm 1.04 1.94 5.95 3.35 2.60 43.8 
25surf 2.56 0.84 2.64 1.69 0.95 35.9 
25dcm NA NA NA NA NA NA 
30dcm 1.02 3.78 5.99 3.94 2.05 34.2 
31surf 0.63 20.3 6.47 4.22 2.25 34.8 
32surf 0.67 19.4 5.95 3.86 2.09 35.1 
32dcm 0.11 3.08 3.63 1.72 1.91 52.6 
34surf 6.95 3.90 5.87 3.93 1.94 33.0 
34dcm 0.01 1.82 NA NA NA NA 
36surf 18.7 1.91 18.4 12.1 6.26 34.0 
36dcm 13.6 NA 11.7 7.31 4.42 37.7 
38surf 8.87 29.8 10.3 5.39 4.93 47.8 
38dcm 13.7 17.8 16.1 10.0 6.09 37.8 
39surf 14.7 12.5 8.95 4.63 4.32 48.3 
39dcm 7.58 22.4 9.07 5.77 3.30 36.4 
41surf 1.37 24.6 7.09 4.33 2.75 38.9 
41dcm 0.38 11.9 6.05 3.81 2.23 36.9 
42surf 1.37 24.6 7.09 4.33 2.75 38.9 
42dcm NA 3.29 3.22 1.59 1.63 50.7 
46surf 17.8 15.8 8.43 5.82 2.61 31.0 
52dcm 0.58 14.6 5.20 3.29 1.91 36.8 
64surf 5.66 28.8 6.58 4.38 4.38 66.6 
64dcm 3.95 13.6 5.60 3.76 3.71 66.3 
65surf 3.44 2.28 5.79 3.53 4.02 69.5 
65dcm 3.22 2.01 5.88 3.44 4.15 70.6 
66surf 1.35 1.19 7.22 4.18 5.12 71.0 
66dcm 1.54 1.42 7.05 4.53 4.78 67.8 
67surf 10.3 NA 35.1 9.68 25.4 72.4 
68surf 3.54 11.7 4.89 2.86 3.45 70.6 
68dcm 3.75 13.3 5.85 3.07 2.78 47.5 
70surf 1.49 8.42 6.86 3.93 4.89 71.3 
70meso 0.00 0.00 0.51 0.31 0.34 67.3 
72surf 0.26 19.4 7.89 2.67 5.22 66.2 
72dcm 0.07 11.7 4.01 2.49 1.52 38.0 
76surf 0.42 18.6 5.25 2.34 4.07 77.4 
76dcm 0.08 9.42 3.83 2.81 2.42 63.1 
82dcm 0.01 0.35 5.15 2.02 3.12 60.1 
85dcm 0.00 0.00 1.94 0.68 1.26 65.0 
109surf 1.39 NA 10.5 3.91 6.62 62.8 
109dcm 2.50 15.54 8.24 5.06 3.18 38.6 
NA = not available 
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Supplementary Table S7. Relationships between viral community structure (based on viral 493 
morphology, populations, and PCs) and metadata using NMDS analysis. Significant 494 
relationships (p < 0.05) are italicized and in bold.  495 
  Viral Morphology 

(qTEM) 
Populations 

(contigs) 
Protein Clusters 

(PCs) 
Depth Category all samples p = 0.354 (n = 41) p = 0.362 (n = 43) p = 0.033 (n = 43) 
 sample subset p = 0.228 (n = 38) p = 0.105 (n = 39) p = 0.011 (n = 39) 
Province all samples p = 0.098 (n = 41) p < 0.001 (n = 43) p = 0.014 (n = 43) 
 sample subset p = 0.029 (n = 38) p < 0.001 (n = 39) p = 0.008 (n = 39) 
Biome all samples p = 0.099 (n = 41) p < 0.001 (n = 43) p = 0.097 (n = 43) 
 sample subset p = 0.120 (n = 38) p < 0.001 (n = 39) p = 0.543 (n = 39) 
Latitude all samples p = 0.003 (n = 41) p < 0.001 (n = 43) p = 0.002 (n = 43) 
 sample subset p = 0.014 (n = 38) p < 0.001 (n = 39) p = 0.010 (n = 39) 
Temperature all samples p = 0.001 (n = 41) p < 0.001 (n = 43) p < 0.001 (n = 43) 
 sample subset p = 0.001 (n = 38) p < 0.001 (n = 39) p = 0.015 (n = 39) 
Salinity all samples p = 0.118 (n = 39) p = 0.035 (n = 41) p = 0.029 (n = 41) 
 sample subset p = 0.138 (n = 36) p = 0.075 (n = 37) p = 0.001 (n = 37) 
Oxygen all samples p = 0.001 (n = 41) p < 0.001 (n = 43) p < 0.001 (n = 43) 
 sample subset p = 0.005 (n = 38) p < 0.001 (n = 39) p < 0.001 (n = 39) 
Chlorophyll all samples p = 0.711 (n = 41) p < 0.001 (n = 43) p = 0.001 (n = 39) 
 sample subset p = 0.738 (n = 38) p = 0.412 (n = 39) p = 0.059 (n = 39) 
Nitrite all samples p = 0.951 (n = 39) p = 0.648 (n = 41) p = 0.828 (n = 41) 
 sample subset p = 0.851 (n = 36) p = 0.509 (n = 37) p = 0.999 (n = 37) 
Phosphate all samples p = 0.275 (n = 39) p < 0.001 (n = 41) p < 0.001 (n = 41) 
 sample subset p = 0.411 (n = 36) p < 0.001 (n = 37) p = 0.583 (n = 37) 
Nitrite+Nitrate all samples p = 0.046 (n = 39) p < 0.001 (n = 41) p < 0.001 (n = 41) 
 sample subset p = 0.290 (n = 36) p = 0.052 (n = 37) p = 0.643 (n = 37) 
Silica all samples p = 0.008 (n = 39) p = 0.002 (n = 41) p = 0.008 (n = 41) 
 sample subset p = 0.255 (n = 36) p = 0.285 (n = 37) p = 0.191 (n = 37) 
Bacteria all samples p = 0.579 (n = 39) p < 0.001 (n = 40) p = 0.119 (n = 40) 
 sample subset p = 0.329 (n = 36) p = 0.003 (n = 36) p = 0.007 (n = 36) 
Low DNA bacteria all samples p = 0.227 (n = 39) p = 0.090 (n = 40) p = 0.123 (n = 40) 
 sample subset p = 0.468 (n = 36) p = 0.018 (n = 36) p = 0.005 (n = 36) 
High DNA bacteria all samples p = 0.967 (p = 39) p < 0.001 (n = 40) p = 0.273 (n = 40) 
 sample subset p = 0.174 (n = 36) p = 0.027 (n = 36) p = 0.024 (n = 36) 
% high DNA bacteria all samples p = 0.007 (n = 39) p = 0.078 (n = 40) p = 0.009 (n = 40) 
 sample subset p = 0.017 (n = 36) p = 0.059 (n = 36) p < 0.001 (n = 36) 
Synechococcus all samples p = 0.143 (n = 39) p = 0.094 (n = 40) p = 0.041 (n = 40) 
 sample subset p = 0.142 (n = 36) p = 0.023 (n = 36) p = 0.013 (n = 36) 
Prochlorococcus all samples p = 0.118 (n = 39) p = 0.076 (n = 40) p = 0.123 (n = 40) 
 sample subset p = 0.249 (n = 37) p = 0.161 (n = 37) p = 0.140 (n = 37) 
sample subset = all samples except for all samples except for 67surf, 70meso, 82dcm, and 85dcm 
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Supplementary Figures: 496 
 

 
Supplementary Figure S1. Location and depth of all Tara Oceans samples in this study.  497 
Map created in Ocean Data View (Schlitzer R. 2011. Ocean Data View. http://odv.awi.de). 498 
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Supplementary Figure S2. Distribution of viral capsid diameters in each sample (n = 100 499 
viruses per sample). Data are not available for the DCM sample from Station 18 and the 500 
mesopelagic sample from Station 70. 501 
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Supplementary Figure S2. (continued) 502 
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Supplementary Figure S2. (continued) 503 
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Supplementary Figure S3. Core and pan PCs in all TOV and photic zone POV samples 504 
combined. Vertical axis shows the number of shared (core virome) and total (pan-virome) PCs 505 
when n viromes are compared (n = 1 to 57; from 3 to 57 only 1000 combinations are shown). 506 
There was a combined total of 1,323,921 PCs in all viromes. 507 
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Supplementary Figure S4. Relative abundance of the 50 most abundant and widespread 508 
viral populations in TOV. The number of stations in which a population was observed is 509 
indicated on the upper plot. Boxplots display the distribution of relative abundance of 510 
populations across the different samples (populations were ordered by decreasing average 511 
abundance). Upper and lower lines correspond to the 25th and 75th percentiles, while outliers are 512 
displayed as points. 513 
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Supplementary Figure S5. Response surfaces for significant relationships between 514 
metadata and NMDS ordination of viral capsid diameter distributions in each sample. 515 
Panels A and B are the NMDS sample ordination for all samples (stress = 17.4%) and the sample 516 
subset (all samples except for 67surf, 70meso, 82dcm, and 85dcm; stress = 16.6%), respectively. 517 
Symbol shapes correspond to biomes and symbol colors correspond to Longhurst Provinces.  518 
Each sample is labeled with the station number and depth category (s = surface, d = deep 519 
chlorophyll maximum, m = mesopelagic). Panels C–L display response surfaces for metadata 520 
with significant relationships (sample labels have been removed for clarity). Refer to 521 
Supplementary Table S7 for summary of statistical significance for all analyses. 522 
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Supplementary Figure S5. (continued) 523 
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Supplementary Figure S5. (continued) 524 
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Supplementary Figure S6. Response surfaces for significant relationships between 525 
metadata and NMDS ordination of viral population (contig) abundances in each sample. 526 
Panels A and B are the NMDS sample ordination for all samples (stress = 19.1%) and the sample 527 
subset (all samples except for 67surf, 70meso, 82dcm, and 85dcm; stress = 18.8%), respectively. 528 
Symbol shapes correspond to biomes and symbol colors correspond to Longhurst Provinces. 529 
Each sample is labeled with the station number and depth category (s = surface, d = deep 530 
chlorophyll maximum, m = mesopelagic). Panels C–T display response surfaces for metadata 531 
with significant relationships (sample labels have been removed for clarity). Refer to 532 
Supplementary Table S7 for summary of statistical significance for all analyses. 533 
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Supplementary Figure S6. (continued) 534 
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Supplementary Figure S6. (continued) 535 
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Supplementary Figure S6. (continued) 536 
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Supplementary Figure S7. Response surfaces for significant relationships between 537 
metadata and NMDS ordination of PC abundances in each sample. Panels A and B are the 538 
NMDS sample ordination for all samples (stress = 26.4%) and the sample subset (all samples 539 
except for 67surf, 70meso, 82dcm, and 85dcm; stress = 25.8%), respectively. Symbol shapes 540 
correspond to biomes and symbol colors correspond to Longhurst Provinces. Each sample is 541 
labeled with the station number and depth category (s = surface, d = deep chlorophyll maximum, 542 
m = mesopelagic). Panels C–U display response surfaces for metadata with significant 543 
relationships (sample labels have been removed for clarity). Refer to Supplementary Table S7 for 544 
summary of statistical significance for all analyses. 545 
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Supplementary Figure S7. (continued) 546 
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Supplementary Figure S7. (continued) 547 
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Supplementary Figure S7. (continued) 548 
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 ʹͲ�

Summary 

Microbes and their viruses drive myriad processes across ecosystems 

ranging from oceans and soils to bioreactors and humans1-4. Despite this 

importance, microbial diversity is only now being mapped at scales 

relevant to nature5, while viral diversity associated with any particular ʹͷ�
host remains nearly unstudied. Here we quantify the latter using viral-

tagged metagenomics, which links viruses to specific host cells for high-

throughput screening and sequencing. In a single experiment, we 

screened 107 Pacific Ocean viruses against a single strain of 

Synechococcus and found that naturally-occurring cyanophage genome ͵Ͳ�
sequence space is statistically clustered into discrete populations. These 

population-based, host-linked viral ecological data suggest that, for this 

single host and seawater sample alone, there are at least 26 dsDNA viral 

100



�
�

�
�

ʹ

populations with estimated relative abundances ranging from 0.06% to 

18.2%. These populations include previously cultivated cyanophage and ͵ͷ�
new viral types missed by decades of isolate-based studies. Nucleotide 

identities of homologous genes mostly varied <1% within populations, 

even in hypervariable genome regions, and 42-71% between populations, 

which provide benchmarks for viral metagenomics and genome-based 

viral species definitions. Together these findings showcase a new ͶͲ�
approach to viral ecology that quantitatively links objectively defined 

environmental viral populations, and their genomes, to their hosts. 

Main text  

Decades-old microscopic observations revealed viruses typically outnumber 

microbial cells ~10-fold in marine systems
1
, re-casting them from environmentally Ͷͷ�

insignificant to the most abundant biological entities on Earth. Viruses are now 

considered important in microbial mortality, horizontal gene transfer and global 

biogeochemistry
2,3

 with recent recognition of vast cellular metabolic reprogramming
4
 

during infection. However, the enormous microbial and viral diversity in nature 

makes it challenging to clarify and quantify these roles, particularly as viral taxonomy ͷͲ�
remains largely based on morphology and properties of isolates. Although large-scale 

isolate-based sequencing studies are clarifying genomic parameters for viral 

taxonomy, e.g., defining phage ‘genus’ boundaries
6-8

, they remain limited to 

cultivated viral groups that represent only a fraction of viruses in nature. 

Here we explore genetic variation in an environmentally-relevant cyanobacterial ͷͷ�
model system

5, 9,10
 – seawater cyanophages within a Pacific Ocean viral assemblage 

that infect a cultured cyanobacterial host. We do so by adapting viral tagging (VT), a 

high-throughput means of linking viruses to a target host
11

, for use in the field. In this 

method, DNA in environmental viruses is labeled non-specifically with a fluorescent 

dye, viruses are mixed with a ‘bait host’ pre-labelled with isotopically heavy DNA, Ͳ�
and infected cells are collected by fluorescence-activated flow cytometry. Isotopically 

light viral DNA is then separated from heavy host DNA using a density gradient, and 

the infecting viral DNA quantitatively amplified
12

 to produce viral-tagged 

metagenomes. Beyond identification of viral populations interacting with a particular 

host
13

, the data shed light on lineage-specific viral ecology at scales not previously ͷ�
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possible, which allow development of population-based measurements and models of 

viral ecology and evolution.  

To explore Pacific Ocean cyanophage diversity linked to the cyanobacterial host 

Synechococcus WH7803 (SynWH7803), we applied a traditional culture-based 

approach complemented by metagenomic analysis of the dsDNA viral community and Ͳ�
VT community. Of 97 new isolates, 90 were myoviruses as inferred using a marker 

gene (Extended Data Fig. 1), which is consistent with prior isolates on this host (88% 

are myoviruses; Full Methods). Similarly, metagenomic analysis showed that viral 

tagging simplified the total viral community towards one dominated by myoviruses 

(Extended Data Fig. 2; Suppl. File 1). VT an artificial viral assemblage did not enrich ͷ�
for myoviruses (Full Methods), indicating that the SynWH7803-myovirus interactions 

are specific. Further, these viruses are likely to infect, rather than just adsorb, to their 

host given prior and current experiments in which all tested cyanophage-host 

interactions led to infection when positively viral-tagged (5 of 5 isolates tested 

previously11, and 18 of 18 isolates tested here; Extended Data Table 1) .  ͺͲ�
Beyond the expected myoviruses, VT also provided evidence (genomic data) for 

42 new uncultured viruses specific to SynWH7803 (Extended Data Fig. 3 and Suppl. 

File 1), including eight podoviruses (T7-like, phiKMV-like) and one siphovirus, as 

well as 33 partial genomes (contigs) that were ambiguous or lacked similarity to any 

known viral or bacterial genes which may represent novel viruses (Full Methods). The ͺͷ�
screening of ~107 virus particles against SynWH7803 likely explains why such an 

unprecedented diversity of specific viruses were recovered for this single host despite 

two decades of isolation studies.  

VT-based screening of the bulk viral community improved assembly (average 

contig size increased from 1.2kb to 5.5kb) to produce three nearly complete genomes ͻͲ�
(CG-01, CG-03 and CG-05; 197kb, 185kb and 108Kb, contigs containing 94-97% of 

65 T4-like core genes; Table 1) and 164 viral contigs (Suppl. File 1) that offer 

genomic context and enable host-specific discoveries. Auxiliary metabolic genes14 

previously observed in viral metagenomes can now be assigned to a discrete viral 

entity with an experimentally defined host. For example, membrane protein ‘T17’, ͻͷ�
antioxidant protein ‘T768’ and glycosyltransferase ‘T1338’ were assigned to T4-like 

cyanophages (Suppl. File 1). Conversely, the deep sampling of Synechococcus 

cyanophages did not identify any photosystem I (PSI) genes reported in putative 

cyanophage metagenomic fragments15 but lacking in cyanophage genomes9,10,16,17, 
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suggesting that viral-encoded PSI genes are restricted to particular locations and/or ͳͲͲ�
hosts. 

Host-linked VT data also addresses a fundamental and persistent challenge in 

microbial ecology and evolution: how to define populations and thus quantify natural 

community diversity. Prior marine work suggests that genomes of co-existing viruses, 

infecting a single host, range from relatively dissimilar (two co-isolated cyanophages9 ͳͲͷ�
shared 4/5th of their genes at ~83% average amino acid identity or AAI) to nearly 

identical (five roseophages18 with ~97% average nucleotide identity or ANI19). 

Genome sequences of hundreds of mycobacteriophages isolated using a single host 

have revealed ‘rampant mosaicism’ such that individual viral genomes are composed 

of assemblages of modules that challenge notions of demarcated populations and ͳͳͲ�
hierarchical, genome-based taxonomy (e.g., refs. 20-23). Nonetheless, the 

mycobacteriophage sequences can be clustered into groups by nucleotide similarity 

where within-group ANIs range from 63-99%6,22. As in the marine case, whether 

these groups denote viral ‘species’ (i.e., discrete ecological and evolutionary units) 

cannot be discerned given such broad ANI ranges and only one or two phages ͳͳͷ�
sampled per site. Isolate-based genomics could be informative if scaled up, but a 

single VT experiment provides the opportunity, now, to explore this question and 

make four key inferences from its first field application.  

First, dsDNA cyanophage genome sequence space is not a genetic continuum in 

nature, at least not for this particular phage type, host and site. Here, genome-wide ͳʹͲ�
genetic relatedness proxies19 from conserved regions of the dominant T4-like 

cyanophages (Extended Data Fig. 4) generated a ‘population genome landscape’, 

revealing statistically-significant discrete clustering of the VT sequences (Fig. 1) that 

are robust to variations in recruitment parameters (Extended Data Fig. 5). Such 

clustering is consistent with globally-sampled mycobacteriophage groups (detailed ͳʹͷ�
above, refs. 6,22), as well as population structure inferred in cyanophages using marker 

genes at single sites24 and globally-sampled genomes25 (Extended Data Fig. 6), and in 

ssDNA phage using genomes assembled from pooled natural samples interrogated by 

feature frequent profile analysis26. Yet, the VT data expands these findings by large-

scale analysis at a single site to reveal discrete dsDNA viral clusters – i.e., non-ͳ͵Ͳ�
overlapping ‘clouds’ of metagenome-derived cyanophage sequence space – herein 

termed ‘populations’. Whether these populations formally represent ‘species’ or not 

will require whole genome information and consideration of neutral and adaptive 
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processes shaping observed variation27.  

Second, such discrete populations enable host-linked, population-based viral ͳ͵ͷ�
ecology. In this single seawater sample and for this host, there are at least 26 viral 

populations (a 27th is added through isolations, see below). These include 15 T4-like 

phage populations (Table 1), three of which include co-isolated genomes (Extended 

Data Fig. 7a), as well as 11 non-T4-like phage populations (Extended Data Fig. 3c). 

This estimate of 15 T4-like phage populations is consistent with maximal coverage ͳͶͲ�
depth in the larger dataset of T4 contigs collected here (Extended Data Fig. 7b). 

Together, these 26 populations represented 0.05–18.2% of the VT metagenome reads 

(Table 1 and Extended Data Fig. 3c) with ~53% of the reads assignable to these 

populations and up to 60% if all small contigs are considered. Here, the remaining 

40% of the VT metagenome reads likely represent reads from the “rare virosphere” ͳͶͷ�
(Full Methods). The per-population, metagenome-derived coverage serves as a proxy 

for abundance, which enables an estimate of the first host-associated wild viral rank-

abundance distribution (Extended Data Fig. 7c) analogous to long-standing ecological 

efforts to characterize species abundances in natural communities28. 

Third, VT allows quantitative examination of cyanophage culture bias. Here, four ͳͷͲ�
Myoviridae isolates from the same waters included the first, ninth, and tenth most 

abundant T4-like phage populations observed in the VT metagenomes on this host 

(Table 1). In addition, all DNA fragments that amplified by T4-like myoviruses 

specific gene primers (gp23) from isolates can be mapped to the VT populations (1st, 

6th, 9th, 10th, 15th in Table 1, and the rest to the small contigs see Full Methods). This ͳͷͷ�
overlap between isolates and VT populations partially validates the VT procedure and 

suggests that, at least for T4-like cyanophages, culture bias might be relatively 

minimal. Notably, however, no isolates showed similarity to the 42 new viruses 

revealed by VT, and the projected variation in sequence space recovered by a single 

VT experiment is larger than that associated with published global isolates (Fig. 1). ͳͲ�
Together, this suggests that culture-based studies may miss major routes of horizontal 

gene transfer and/or ecological interactions. 

Finally, we documented intra-population variation for wild uncultured viruses 

(Fig. 2), which is critical for interpreting metagenomic fragment recruitment analyses 

and establishing a genome-based viral species definition. Here, each population’s ͳͷ�
locus-to-locus, pairwise percent nucleotide identity between the reference sequence 

and its ‘assigned’ VT metagenomic reads ranged from 95-100% ANI (mean 99.53%, 
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e.g., see insets in Fig. 2), with some populations varying more than others (see spread 

of ‘clouds’ in Fig. 1 and box plots in Fig. 2). This is similar to >99% ANI observed 

across eight loci used to group 60 isolates into five clusters in Synechococcus ͳͲ�
cyanophage isolates

24
, and >95% ANI commonly associated with microbial species 

definitions
19

. However, it is more conservative than most of the range (83-97%, 

average 90%) of ANIs observed in ten isolates in the phiKMV species complex
29

. 

Interestingly, intrapopulation ANI from conserved and hypervariable regions are 

statistically indistinguishable (Fig. 2). Pairwise inter-population variation observed in ͳͷ�
the VT metagenomes suggests that nucleotide identities range from 42–71% between 

populations (Extended Data Table 2). The finding of high, intrapopulation ANI from 

hypervariable regions of the captured cyanophage stands in contrast to models of 

rampant phage mosaicism
22

, in which assemblages of modules within viral genomes 

suggest a horizontal, rather than vertical, evolutionary signal. It remains to be ͳͺͲ�
determined if this observation is exceptional or the rule for phage population 

structure. Similar intra- and inter- population sequence divergence levels are 

maintained by differences in relative recombination rates in bacteria and archaea
27

. 

Formal testing of whole genome data in a population genetic framework (e.g., ref. 27) 

is needed to assess the validity of these empirically derived populations as species. ͳͺͷ�
Nonetheless, these VT data already provide a much-needed benchmark for refining 

metagenomic analyses, albeit from a single host and sample, by suggesting an 

empirical cutoff (<95% ANI) for reads that likely derive from different populations.  

In conclusion, VT-enabled experimental linkage of wild cyanophages to their 

host at a single site provides evidence that phage genome sequence space is ͳͻͲ�
structured in nature, just as recently posited for bacteria and archaea

27,30
. Moving 

forward, VT has the potential to enable researchers to broadly map how viruses 

change over space and time. Given that such comparative VT data is genome- and 

host-linked, as well as population-based, these data should better elucidate the 

processes that drive viral population structure in nature.  ͳͻͷ�
 

 

Methods Summary 

VT metagenomes. Surface (10m) water was collected from Station H3 (36°73.5 N, 

237°98.1E) in Monterey Bay, CA, USA, 0.22�µm filtered and stored (4°C, dark). ʹͲͲ�
SynWH7803, labeled with 

15
N, was mixed with fluorescently labelled viral particles

11
, 

then viral-tagged cells (increased fluorescence) were flow-cytometrically sorted, DNA 
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extracted, and 15N-labeled “heavy” host DNA separated from non-labeled “light” viral 
DNA by CsCl density ultracentrifugation. In total, 3 × 108 virions were co-incubated 
with 3× 107 host cells for 60 min then 1.2 ×107 viral-tagged cells were sorted and used ʹͲͷ�
for DNA extraction. Light DNA was linker amplified12 for sequencing.  

Community metagenomes. Viral concentrates were prepared from 20 liters of 0.22 
µm filtrate by chemical flocculation and purified using ultracentrifugation. DNA was 
extracted, linker amplified12 and sequenced. Our metagenomic DNA preparation 
method, however, would strongly select against ssDNA phages, and not at all capture ʹͳͲ�
RNA phages.  

Phage isolation and characterization. Ninety-seven cyanophages able to infect 
SynWH7803 were isolated and purified as previously described16. Ninety of 97 
isolates were assigned to T4-like Myoviruses using specific gene marker (gp20). Four 
isolate genomes were assembled completely: S-MbCM6, S-MbCM7, S-MbCM25 and ʹͳͷ�
S-MbCM100.  

Bioinformatic analyses. Quality control, filtering, assembly, protein clustering, 
annotation, taxonomy analyses, whole genome comparison, statistics, locus-by-locus 
variation and associated bioinformatics analyses were done using a set of custom 
scripts – detailed in the Full Methods and Extended Data Fig.8. Scripts and associated ʹʹͲ�
documentation are available at 
http://www.eebweb.arizona.edu/faculty/mbsulli/informatics.htm. 
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Table 1. Quantification of the relative abundances of the T4-like Myoviruses 
discrete populations identified in the VT experiment and by isolates.  ͵͵ͷ�
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1 CG-05  108  59 2313 18.20 1019.0 22 
 and Isolates and      
 S-MbCM6/25 176 NA     
2 CG-24 43 8 329 2.58 964.4 ND 
3 CG-07 67 40 488 3.84 916.0 ND 
4 CG-03 185 95 1016 7.99 687.6 ND 
5 CG-01 197 94 1038 8.16 658.4 ND 
6 CG-02 180 97 656 5.16 456.6 7.3 
7 CG-09 83 57 201 1.58 304.3 ND 
8 CG-06 117 37 149 1.18 159.1 ND 
9 SMbC100 170 NA 127 1.00 93.4 17.1 
10 CG-11  37  39 133 1.05 72.1 7.3 
 and Isolate and      
 S-MbCM7 189 NA     
11 CG-04 114 36 65 0.51 71.4 ND 
12 CG-19 44 6 25 0.20 69.8 ND 
13 CG-12 33 5 18 0.14 69.6 ND 
14 CG-13 42 6 21 0.17 63.9 ND 
15 CG-10 68 11 29 0.23 53.1 12.2 
16 CG-25 40 25 8 0.06 24.4 ND 
 
 
CG = Candidatus genomes (phylogenetically informative contig larger than 30Kb 

derived from the VT experimental data); % finished = estimated percent of the ͵ͶͲ�

complete genome captured calculated as the fraction of the 65 gene T4-core genome 

observed in the resulting contig; % of VT metagenome = the fraction of the VT 

metagenome reads present in the CG or isolate genomes; Mean coverage = average 

depth of coverage per CG; % of isolates (PCR) = the percentage of 41 isolates for 

which g23 sequences can be mapped to the CGs or isolate genomes (identity > 95%, ͵Ͷͷ�

only 41 of 97 isolates’ g23 products were sequenced); Abbreviation NA= not 

applicable, and ND=not detected. 
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Figure captions:  
 ͵ͷͲ�
Figure 1. Population genome landscape plot showing the genetic relationship 

(amino acid identity - AAI) of cultivated and viral tagged T4-like phages of 

SynWH7803 from a single seawater sample and all available marine cyanophage 

genomes. Principal component projection of population-level variation within 

randomly resampled metagenomic data for each CG recovered from the VT ͵ͷͷ�
metagenome (the colored ‘clouds’); cloud colors are arbitrary to aid in discriminating 

populations. CG = Candidatus genomes (phylogenetically informative contig, larger 

than 30Kb) derived from the VT metagenome; accuracy of read assignation Q = 

0.9926, Z-score = 142.2; Dunn index = 0.26; Z-score = 1829. 

 ͵Ͳ�
Figure 2. The 15 dominant T4-like CGs assembled from the VT metagenome. 

Top, reads that map to the CG-01 (genome size 197Kb) by commonly used fragment 

recruitment metrics (BLASTX e<0.001); dots represent reads assigned to the CGs 

shown at the bottom, the match is indicated by the color. Bottom, alignments of all 

T4-like CGs against the CG-01 are shown. The locus-by-locus nucleotide divergence ͵ͷ�
of each ORF (blue) are plotted underneath each genome (0.09, 0.91, second and third 

quartile and median are shown). The histograms at right show the summed genome-

wide locus-to-locus variation. Note most variation is concentrated in the top 1%.  
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Online-only Full Methods ͵Ͳ�
Experimental methods 

Detailed protocols for chemical flocculation, viral purification, TEM, viral tagging, 

and linker amplification are available at 

http://eebweb.arizona.edu/Faculty/mbsulli/protocols.htm. GenBank accession 

numbers for viral genomes: JN371768, KF156338-40; CAMERA metagenomic data ͵ͷ�
IDs: CAM_P_0001068 and CAM_P_0000915; raw data including Gp23 sequences 

are available at http://datadryad.org/resource/doi:10.5061/dryad.gr3ks. 

Strains and culturing conditions: Synechococcus WH7803 (SynWH7803) was 

grown at 20-22°C under a 14h:10h light-dark cycle at 15-18µE m-2s-1 in ‘SNAX’ 

medium31, made from filtered (100kDa membrane, nominal molecular weight limit) ͵ͺͲ�
and autoclaved water collected from surface Pacific Ocean (10 meters depth, near 

Scripps Pier, San Diego, California, USA; 32°52.0N ,117°15.4W) in April 2009. 

Growth of cultures in liquid medium was followed using in-vivo chlorophyll a 

autofluorescence as a proxy for biomass in arbitrary fluorescence units (AU) using an 

Appliskan plate reader (Thermo Electron, Vantaa, Finland) with excitation ͵ͺͷ�
wavelengths of 485 +/- 20 nm and measured emission wavelengths of 590 +/- 40 nm. 

Source waters for viral tagging and community viral metagenomics: Water 

samples were collected from the surface (10 meters depth) at Station H3 (36°73.5N, 

237°98.1E) in Monterey Bay, CA, USA on October 1, 2009. Samples were 

immediately 0.22�µm filtered (Millipore Express Plus, Millipore, MA, US) and ͵ͻͲ�
stored at 4°C in the dark in acid-washed polycarbonate bottles until further analysis. 

Viral concentrates for community metagenomic sequencing were prepared from 20 L 

of 0.22 µm filtrate by chemical flocculation as described previously32, followed by 

purification using ultracentrifugation as described previously33. 

Phage isolation: Cyanophages able to infect SynWH7803 were isolated using ͵ͻͷ�
plaque assays as previously described34 using the same source water for the VT 

experiments described in the previous section (herein VT water). Individual plaques, 

which appeared after 7 - 35 days, were collected in agarose plugs using sterile glass 

Pasteur pipettes and three more rounds of plating were used to ensure the cyanophage 

isolates were clonal. DNA of clonal isolates was extracted, linker amplified as ͶͲͲ�
described below and sequenced using 454 Roche Titanium chemistry. Genomes were 

assembled as described below for the metagenomic samples. Four genomes were 
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assembled completely: S-MbCM6, S-MbCM7, S-MbCM25 and S-MbCM6100, while 

S-MbCM6 and 25 were nearly identical (>99% nucleotide identity, but ~100-fold 

greater than sequencing error). Isolations were classified and named according to the ͶͲͷ�
2012 release of ICTV: the first letter indicates the initial host strain, where S = 

Synechococcus; the second to forth letter indicates the place from which the sample 

was collected, where MbC = Monterey Bay Coastal site; the last letter indicates 

morphotype, where M = Myoviridae; a number is used to distinguish between 

otherwise similar isolates of the same type. ͶͳͲ�
T4-like Myoviruses specific marker gene (gp23 and gp20) were employed as 

previously described 34, 35. PCRs using gp20 primers were positive for 90 of the 97 

isolates, suggesting that the bulk are T4-like phages (Extended Data Fig.1), similar to 

the taxonomy pattern of previously isolations on the same host (92 of 105, 88%, ref. 
36-45). Using non-optimized PCR conditions, only 41 of the 97 isolates yielded gp23 Ͷͳͷ�
products, and these were further sequenced (Table 1).� 

Transmission Electron Microscopy (TEM): Viral lysates were positively stained 

by 2% uranyl acetate (Ted Pella, Redding, CA, USA) for 30 s followed by three 10 s 

washes in ultra-pure water (Milli-Q, Millipore, Billerica, MA, USA) on formvar 

covered copper support grids. Deposited material was then wicked away by filter ͶʹͲ�
paper. Grids were then dried at ambient conditions overnight and stored in a 

desiccator until analysis. Prepared grids were examined at 65 000 – 100 000 

magnification using a transmission electron microscope (Philips CM12, FEI, 

Hilsboro, OR, USA) with 100 kV accelerating voltage. Micrographs were collected 

using a Macrofire Monochrome CCD camera (Optronics, Goleta, CA, USA).  Ͷʹͷ�
VT experiments were performed between December 2010 to January 2011 as 

previously described46. SYBR Gold commercial stock (with concentration of 10,000 

X) was diluted to 50 X in TE buffer (10 mM Tris, 1 mM EDTA; pH 8.0) for storage at 

-20°C in the dark. The ultracentrifugal devices (10 KDa cut-off; Nanosep, PALL, NY, 

cat# 29300-608) were pretreated by incubating 0.5 ml of 0.02ȝm-filter-sterilized 1% Ͷ͵Ͳ�
BSA (Bioexpress, UT, cat# E531-1.5ML) in phosphate buffered saline (PBS) for 60 

min at room temperature. Filtered water samples (0.22 µm) were stained with SYBR 

Gold (final concentration of 5 X; Invitrogen, cat#S11494) at 80°C for 10 min and 

washed six times by TE buffer in the pretreated ultracentrifugal devices. 50 ȝl TE 

buffer was added back for every 500 ml water samples and sonicated (VWR Signature Ͷ͵ͷ�
Ultrasonic cleaner B1500A-DTH, VWR) for 3 min using the settings of 50W at 42 
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kHz, resulting in a 10-fold concentration of viruses from the original water sample. 

Stained and washed viruses were co-incubated with cells of SynWH7803 in the late 

log phase at concentrations and ratios suitable for flow cytometer analysis, typically 

105 cells per ml and virus-to-bacterium ratio (VBR) of ten. SynWH7803 cells were ͶͶͲ�
acclimatized through five inoculations prior to mixing with viruses. Various co-

incubation times from 10 to 120 min (for rationale see Ref 34) were tested, the 

percentage of viral-tagged cells plateaued at 46% after 60 min, so 60 min was chosen 

for the co-incubation time in the rest of the VT experiment. In total, 3 × 107 cells and 

3 × 108 virus particles were mixed, and 1.2 × 107 viral-tagged cells (fluorescently ͶͶͷ�
labeled cells) were separated from unlabeled cells and were collected together with 

the virus particles tagged to them using maximum purity sorting settings. Hence, at 

least 1.2 × 107 viral particles were screened given the association of at least one virus 

per viral-tagged cell. VT experiments were done with a negative control, which was 

prepared identically to the stained and washed virus samples except without viruses; ͶͷͲ�
this controlled for free dye creating the appearance of false positive ‘viral tagged 

cells’. 

Flow cytometer analyses: Samples were examined using an iCyt Reflection flow 

cytometer (Sony Biotechnology) equipped with a 200 mW 488 nm air-cooled solid-

state laser or a MoFlo™ XDP cytometer (Beckman Coulter). Fluorescence was Ͷͷͷ�
detected using a 520/40 band pass filter with an amplified photomultiplier tube. 

Events were detected using a Forward Scatter trigger, and data collected in 

logarithmic mode then analyzed with WinList 6.0 software (Verity Software House). 

Fluorescent polystyrene FLOW CheckTM microspheres (1ȝm yellow-green beads; 

Polysciences Inc., PA, cat# 23517-10) were used as an internal standard. Samples ͶͲ�
were typically run with a concentration of 105 cells ml-1 and 106 viruses ml-1.  

Isotope labeling of host cell DNA for VT metagenomes: To minimize the 

bacterial DNA in the VT metagenome, axenic SynWH7803 was grown in medium 

amended with 800 ȝM 15N-ammonium chloride (Cambridge Isotope Laboratories, 

MA, cat# NLM-467-1) for 4 weeks, i.e., 4 transfers. Cells were harvested each week Ͷͷ�
by centrifugation at 8,000 g for 15 min at 20°C and re-suspended in the labeled 

medium. After 4 weeks, 72% of the SynWH7803 DNA was isotopically heavy, and so 

ready for use as hosts for the wild VT experiments. The 5th week cells were 

centrifuged, and then washed twice and re-suspended in non-labeled medium. DNA 

was extracted from the flow cytometry sorted viral-tagged cells and 15N-ammonium ͶͲ�
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chloride labeled, isotopically heavy DNA (bacterial) was separated from non-labeled, 

isotopically light DNA (viral with few non-labeled bacterial) by CsCl (density ȡ 1.7) 

in a TV865 vertical rotor (Sorvall) at 45,000 rpm for 45 h at 4°C.  

Linker amplification and Sequencing: DNA from VT community was extracted 

immediately after sorting. DNA extracted from both VT and community viral Ͷͷ�
concentrates was linker amplified in March 2011, as previously described47 for 

metagenomic sequencing. Please note that our linker ligation step of the library prep 

strongly selects against ssDNA and further, RNA viruses would not be sequenced in a 

DNA metagenome48. DNA extracted from community viral concentrates was 

sequenced using Roche 454 Titanium chemistry at the University of Arizona Genetics ͶͺͲ�
Core (http://uagc.arl.arizona.edu/), to yield 254,642 sequence reads (herein termed 

“454 reads”). DNA extracted from VT viral concentrates was sequenced initially by 

454 in parallel with the community sample (132,052 reads), and additionally by the 

Department of Energy Joint Genomes Institute using Illumina HiSeq 2000 chemistry 

(herein Illumina reads) to obtain deeper coverage (22,589,436 bp).   Ͷͺͷ�
Phage infectivity: Phage isolates (12 infecting Prochlorococcus: six myo-, four 

podo- and two siphoviruses; 11 infecting Synechococcus: ten myo- and one 

podoviruses; and three phages49 of Cellulophaga baltica (phylum Bacteroidetes); 

Extended Data Table 1) were screened for their infectivity on the SynWH7803 using 

the above plaque assays. Each interaction between a phage and SynWH7803 was ͶͻͲ�
performed in duplicate on at least two different occasions.   

VT signals of all phages correspond to plaque assays. Among 23 cyanophages, 

two co-isolated myoviruses (S-SSM1 and S-SSM2), where one can infect 

SynWH7803 (S-SSM2) and the other cannot (S-SSM1), revealed corresponding 

positive and negative VT signals. All cyanophages-host mixture resulted in only 45% Ͷͻͷ�
of host cells being viral-tagged (Extended Data Table 1, T=20 min, VBR=10) as 

previously reported, except for three which were lower (P-SSM4, 5.72±0.71%; P-

SSM6, 3.54±0.52%; P-RSM2, 4.40±0.75%; n=4). These low percentages of viral-

tagged cells are likely due to low efficiencies of infection. In particular, two phages 

(P-SSM4 and P-SSM6) were previously characterized non-infective on the given host ͷͲͲ�
by plaque assays. However, we found here that at higher viral concentration (~109) 

and VBR (10), these phages did indeed lyse the host. Phage P-RSM2 lysed its host in 

a previous43 and the present study; while viral concentration and VBR employed 
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previously was not available in the decade-old experiments, we assume that high viral 

titers were used. ͷͲͷ�

VT adsorption preference validation: In order to check whether the VT conditions 

favor certain morphology of phages, we performed VT experiments using phages of 

Myoviridae (P-MM105), Podoviridae (P-MP121) and Siphoviridae (P-MS209), 

together with their host strain Pseudomonas putida IsoF which is also the strain they 

were originally isolated on. Host cells were acclimatized through three inoculations ͷͳͲ�
prior mixing with phages. Viral-tagged percentage of cells were 100% for all three 

phages using the same VT condition described earlier, a VBR of ten, and co-

incubation time of 60 min of phages and host cells. Then, we mixed three phages at 

1:1:1 ratio (VBR=30), co-incubated with host cells at the same condition (60 min), 

and 100% of cells were viral-tagged. We collected those viral-tagged cells in two ͷͳͷ�
replicating experiments, and performed TEM as described earlier to determine the 

morphologies of tagged. The recovered ratio of myo-, podo- and siphoviruses (52±3: 

48±5: 56±3; n=4) was statistically indistinguishable (Replicated G-test; p = 0.336) 

from the original 1:1:1 input ratio, which indicates that VT did not introduce a 

preferential selection for viral morphotype. ͷʹͲ�

Bioinformatic analyses 

Quality control, filtering, assembly and bioinformatics analyses were done using a set 

of custom scripts. Scripts (referenced below by name) and associated documentation 

are available at http://www.eebweb.arizona.edu/faculty/mbsulli/informatics.htm. 

Informatic pipelines, assemblies, data for figures and raw data are available at ͷʹͷ�
http://datadryad.org/resource/doi:10.5061/dryad.gr3ks. 

Filtering, assembly, protein clustering, contig annotation, recruitment analyses 

and taxonomy analyses: For the current project two kinds of data were used: 454 data 

that came from the DNA prepared from both the community and VT metagenomes, 

and Illumina data for the VT metagenome. ͷ͵Ͳ�
Quality Control: Quality control (QC) for 454 data was done as previously 

described33. Illumina data quality-control consisted of trimming ends with a quality 

score lower than 25 as well as sequences containing ambiguous bases; only reads 

longer than 100 bp were kept. Additionally, because the Illumina sequencing, derived 

from linker-amplified DNA, was mixed 1:1 with phiX174 DNA to minimize base-ͷ͵ͷ�
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calling issues in Illumina software, full-length reads matching (>98% identity) to the 

phiX174 genome were removed. From the remaining reads, the linkers were removed 

and run through the quality control process described above. 

Assembly: Contigs were assembled from post-QC reads using Velvet (Version 

1.2.01) with a conservative k-mer size of 57 and the -cov_cutoff option set to 10 as ͷͶͲ�
done previously

50
. Iterative assembly was used whereby reads incorporated into the 

largest contigs were removed to compensate for highly variable coverage (30-500X) 

found across the genomes in these natural samples. After 15 rounds of assembly, 26 

large contigs were obtained (> 30 kb that were ‘representative’ regions of the genome, 

see below) and referred as ‘Candidatus Genomes’ (GCs) in the manuscript. These 26 ͷͶͷ�
CGs constitute a total of ~40% of the available reads; the remaining 60% of the data 

presumably belong to rare members of this coastal phage community. The community 

metagenome was assembled using Newbler
51

, as only 454 data were available, 

requiring >40 base pairs of overlap at >95% identity.  

Protein clustering: Open reading frames (ORFs) were predicted using Prodigal
52

 ͷͷͲ�
from all contigs >1.5 Kb, including the CGs, as well as on all 454 reads that were not 

used in assembly. ORFs were clustered using cd-hit
53

 with a cutoff of 75% identity. 

Clusters with 2 or more members were considered bona fide, which is notably 

permissive (as compared to ref 
54

 ‘high confidence clusters’) to maximize the data 

mappable to protein clusters. Individual reads then were mapped to protein clusters ͷͷͷ�
using BLASTx with an e-value cutoff of 0.001, only top hits were used. Rarefaction 

curves were calculated using a custom perl script (Rarefaction.pl). The Chao-1 index 

was calculated from the protein cluster data as described in Chao and Lee
55

. The 

Simpson diversity index
56 

(D) was calculated as D= �n(n-1) / N(N-1) and Shannon-

Wiener diversity index (H’) was calculated as  H’ = -�p ln p, where p = n/N;  n = ͷͲ�
number of reads in each protein cluster and N represents the total number of reads 

assigned to protein clusters. 

Contig annotation: Assembled contigs >1.5 Kb were annotated as follows: ORFs 

were predicted using Prodigal (above) and functionally annotated using manually 

curated data resulting from BLASTp analyses against the non-redundant protein ͷͷ�
database of Genbank, and custom databases of T4 phage gene clusters (T4-GCs

35
) and 

Microbial Metabolic Genes
57

. We were able to assign gene function and taxonomy to 

the majority of the contigs (87%); the lack of identities in a small fraction of the VT 

contigs (18 or 13%) raised the possibility that they were of bacterial origin. While 
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sequence-similarity dependent methods for identifying contigs in viral metagenomes ͷͲ�
is a well-known problem, it is much less of a problem for microbes as those reference 

databases are relatively well populated. The identification of phage genes within 

bacterial genomes represents an equivalent problem; they rely on the search for 

certain characteristics that may suggest a region as of viral origin. Strand bias, gene 

density and sequence homology are among the most widely used characteristics but ͷͷ�
usually require at least 10 Kb58. The size of contigs in our experiment was not 

sufficient (1.5- 2.5 Kb) for applying similar methods, instead we developed the 

following approach to test for identification of microbial genes in similarly sized 

bacterial contigs: We obtained the latest release of Refseq (60; N =197,527 contigs) 

and artificially generated 10,000 contig fragments of similar size (1.5, 2.0 and 2.5 ͷͺͲ�
Kbs). This was done by randomly selecting a contig from the RefSeq database and 

then randomly extracting a 1.5 to 2.5kb fragment from the contig. These 10,000 

contig fragments for each size (total = 30,000 contigs) were used as queries for a 

BLASTp (using translated ORFs already predicted in the genomes) against the 

complete Refseq database (v60). Self matches were ignored, i.e., we counted the ͷͺͷ�
number of times each contig had only proteins that only hit themselves in databases. 

We found self-hits only in 16 (1.5 Kb contigs), 5 (2.0 Kb contigs) and 2 (2.5 Kb 

contigs) of the 30000 contigs. These results suggest that for 1.5-2.5kb contig sizes that 

are derived from microbes, we would have a >99% success rate at identifying them. 

Thus, we speculate that with >99% certainty the 33 ambiguous contigs represent non-ͷͻͲ�
microbial taxa. 

Gp23 sequences matches: 41 of 97 isolates yielded product using a primer set 

specific for g2334, all g23 fragments were sequenced and can be mapped to the VT 

contigs (Identity > 95%). In total, 66% of the isolates can be mapped to CGs, listed in 

Table 1, the rest can be mapped to small contigs (17% to Contig00058 and 17% to ͷͻͷ�
Contig 00161).  

Taxonomy analyses: To estimate the relative proportion of reads associated with 

particular viral types, we used a BLASTx search against the phage genomes available 

in NCBI (n = 1218, October 2013), and assigned taxonomy to metagenomic reads by 

the taxon lineage associated with their top hit (requiring e-value < 1e-3), we used ͲͲ�
read2family.pl available with the rest of the scripts.  

Whole Genome Comparisons: To estimate the relatedness of the new whole 

genomes and CGs generated in this study, we adopted commonly used metrics for 
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microbial genome comparisons – average nucleotide/amino acid identity 

(ANI/AAI59). For the broader comparisons, we used AAI rather than ANI due to the Ͳͷ�
low nucleotide conservation across viral genomes.  

First, we performed in silico ‘sizing’ and ‘positioning’ evaluations to empirically 

determine how to interpret fragmented genomes resulting from VT metagenomic 

assemblies using a custom perl script (SizeAndLocation.pl). Specifically, fragments 

(20, 25, 30, 35, 40, 45, 50 and 55 Kb) were generated from each complete genome on ͳͲ�
a sliding window of 5 kb. We then calculated the ANI between the fragment and our 

database of 21 full genomes (17 available cyanophage genomes + 4 isolates genomes 

in this study). A custom script (Pearsons.pl) was used to compare the resulting vector 

(similarity profile) of ANI values (fragment vs genomes) to that of the originating 

complete genome (genome vs genomes). The result was converted to a correlation-ͳͷ�
based distance (= 1 - r, where r corresponds to Pearson’s correlation coefficient; only 

positive values of r where obtained) to assess how well any given fragment represents 

a full genome. We found that fragments as short as 30Kb could be assigned to their 

original source, so long as they originated from areas of the genome with high 

Pearson’s r values (Extended Data Fig. 4). Then, fragments assembled from the ʹͲ�
metagenome fulfilling the previous characteristics were used in the downstream 

analysis and are referred to as candidatus genomes (CGs).  

The genetic relatedness of all T4-like 15 CGs from the VT metagenome was 

compared using AAI, against a fixed database of 21 genomes (17 available 

cyanophage genomes + 4 isolate genomes identified in this study). AAI was ʹͷ�
calculated only from conventionally defined pairs of homologous genes 35,60. 

Homology was defined as sequence similarity over 40% covering at least 60% of the 

length of the shortest gene. 

To estimate the variability within a population from the available metagenomic 

data, random CGs were generated as follows using a series of custom perl scripts. ͵Ͳ�
First (Extended Data Fig. 8), we recruited reads to each CG requiring at least 95% 

identity and a coverage of 95% of the entire length of the read (Recruit2CloudV1.pl). 

Each read was non-redundantly assigned and aligned to a CG using default 

parameters in MUSCLE61. For each CG population, we generated 100 random CG 

sequences using the metagenomic data that were recruited to consensus sequences, ͵ͷ�
with each base having a probability of being assigned from its relative abundance in 

the underlying metagenomic sequence data (sequences deposited in 
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http://datadryad.org/resource/doi:10.5061/dryad.gr3ks).  The matrix of pairwise AAI 

genome comparisons (size: 1500 × 21) was used in principal component analysis. The 

first three components account for 75% of the variation. The Euclidean distances of ͶͲ�
the reference genomes in this three-dimensional coordinate system are a good proxy 

for their phylogenetic relationships (Extended Data Fig. 6). 

 Statistical evaluation: We evaluated the clusterdness of the VT data using the 

following approaches: First, we defined the accuracy of the assignation, Q. We 

calculated the distances between each random sequence generated from the GCs and Ͷͷ�
each of its consensus sequences. Each randomly generated sequence is assigned to the 

consensus that is closest to it, independent of its origin. Only the first three 

coordinates were used as these 3 PCs account for 75 % of the variation and serve as a 

good proxy for phylogenetic distances (see above). We compiled this information in 

an assignation matrix A, where rows are the actual consensus sequence sources and ͷͲ�
the columns are the assigned (closest) sequences. If the random sequences are highly 

similar to the source, then the assignment matrix should be nearly diagonal. The 

accuracy of the assignation is defined as Q = Tr(A) / N, where N total number of 

randomizations and Tr(A) denotes the trace of the matrix A.  Alternatively, Q is 

equivalent to the fraction of true positive assignations (i.e., the number of times in ͷͷ�
which a genome was correctly assigned to its true source divided by the total number 

of generated genomes). To statistically evaluate the significance of the observed value 

of Q we used a randomization scheme as follows (Acc.m and AccRdm.m): Labels 

were randomly assigned to fragments, then Q was calculated as above, this was done 

1,000,000 times, in no case did we obtain a higher value of Q in a randomization trial Ͳ�
than in the observed data. We measured the effect size in terms of a Z-score, Z = (Qe – 

Qr)/ı, where Qe = 0.9906 is the observed Q value, Qr = 0.0665 is the average value of 

our randomization scheme and ı is the standard deviation of Q values in the 

randomization scheme, ı = 0.0065, Z = 142.17. This Z score implies that the observed 

Q is very far from any observed value obtained by random chance. ͷ�
Since a value of Q close to 1 can result from loose clusters that are well separated 

in space we also wanted to quantify the compactness of the cluster. To do this, we 

used the Dunn index62 (dunns.m and DunnRdm.m). Briefly, this index corresponds to 

the ratio of the smallest distance between all pairs of clusters divided by the maximum 

distance within a cluster. We ran a similar randomization scheme as stated above; out Ͳ�
of 1,000,000 repetitions the measured Dunn index of the CGs data was larger than 
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that observed in any of the randomization trials. The Z-score for the Dunn index was 

1829, again suggesting the observed clustering is highly unlikely to have occurred by 

chance. 

Locus-by-Locus variation: To get beyond genome-wide averaged genetic ͷ�
diversity metrics, we examined the underlying sequence data for each population to 

estimate variation at the level of a predicted ORF. Those reads mapped to reference 

genomes (95% identity over 95% read length) were further examined to determine the 

locus-by-locus genetic diversity (average pairwise percent nucleotide identity per 

ORF) using a custom perl script (LocusbyLocus.pl). While most loci in these ͺͲ�
populations are nearly 100% identical, box plots (0.09, 0.91, second and third quartile 

and median) show the range of variability in the identity of reads assigned to each 

locus (Fig.2, Extended Data Fig.3). A lower stringency recruitment (90% identity at 

90% coverage of read length as well as 80% identity at 90% coverage of read length) 

resulted in nearly identical results (Extended Data Fig. 5) indicating that the genetic ͺͷ�
diversity shown in the population genome landscape reflects biology rather than 

bioinformatic artifact. Fragment recruitment plots were generated using a custom 

script (read2genome.pl, modified from ref 63) that plots the BLASTx results of 

metagenomic reads against a reference genome, where alignment location information 

is only considered for hits >20% identity and longer than 45 amino acids. ͻͲ�
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Extended Data Tables ͷ�
 
Extended Data Table 1. Phage isolates of Prochlorococcus (P as the 1st letter of 

phage name and the original isolation host strains), Synechococcus (S as the 1st 

letter of phage name and the original isolation host strains), and Bacteriodetes (ĭ 

as the 1st letter of phage name) used in the study of phage infectivity (Full ͺͲ�
Methods) indicating by VT and plaque assay. Phages were grouped according to 

their isolation locations. TEM Morphology designations as follows: “P” = 

Podoviridae, “M” = Myoviridae, “S” = Siphoviridae. “ż” indicates negative infection 

and “Ɣ” indicates positive infection by plaque assay on SynWH7803 either previously 

published or from this study. ͺͷ�

Extended Data Table 2. Pairwise nucleotide and amino acid identity calculated 

between all shared genes for each pair of CGs. The absence of values indicates that 

no overlap in gene content (see figure 2) was observed between the two CGs. *Only 

two genes shared. 

ͻͲ�
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Extended Data Figure Captions 

Extended Data Figure 1. Agarose gel of PCR products used for screening the 97 

cyanophage isolates derived from this study. Primers used have a well-understood 

and strong history in the literature and amplify a ~400 bp region of the portal protein 

(gp20) of T4-like phages. Abbreviation ĭC = a shortened form for Phage S-MbC.  ͻͷ�

Extended Data Figure 2. The VT metagenome is less complex than the whole 

viral community metagenome. a, Diversity of the VT metagenome shows a 5 to 10-

fold reduction when compared to the community metagenome by different metrics 

applied to protein clusters with only 17.5% (1361 of 7762) of the VT protein clusters 

occurring in the community metagenome (Venn diagram). b, The viral taxonomic ͺͲͲ�
profiles from each metagenome assigned by BLASTx search (e value < 0.001) against 

all phage genomes present in NCBI (1218 genomes, December, 2013), and compared 

against the designations from cultured isolates (n indicates number of reads on top of 

metagenome bars and number of phage isolates on top of isolates bars; percentage of 

metagenome bars represent the percentage of reads used). ͺͲͷ�

Extended Data Figure 3.  Candidatus genomes (CGs) assembled from the 

dominant VT metagenome populations that were not T4-like myoviruses. a, 

Black boxes represent the predicted ORFs, blue box-plots reflect the intrapopulation 

locus-to-locus variation as described in Fig. 2. A cumulative distribution plot of the 

genome-wide locus-by-locus % nucleotide identity is represented to the right of each ͺͳͲ�
genome. Colors denote the taxonomic assignment for each gene, based on blastp best 

hits to nr, for detailed annotation refer to Suppl. File 1. b, Normalized (corrected for 

contig length) coverage of all CGs including the rare non T4-like ones (in dark gray). 

c, Quantification of the relative abundances of the non-T4-like CGs.  

Extended Data Figure 4.  Genome sizing and location in silico experiments. a, ͺͳͷ�
Variation along the genome was investigated by in silico breaking the genome into 

30kb fragments using a 5kb sliding window to compare the similarity profile (ANI of 

the genome or fragment vs the reference genomes) of the fragment to that derived 

from the whole genome, just a subset shown. Where Pearson’s r is high (>0.95, the 

right side of the genomes in blue) the fragment profile parallels that of a genome wide ͺʹͲ�
profile. b, These similarity profiles were converted to a correlation distance (1 – 

Pearson’s r) and then clustered using hierarchical clustering (linkage= ‘complete’ or 

1360
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furthest distance). Comparison of the clustering patterns showed that 30 kb fragments 

from within the “blue” region of the genome are more closely related to those derived 

from their own genomes than other genomes, except for the co-isolated phages P-ͺʹͷ�
HM1 and P-HM2 which were the most similar genomes in the dataset.  

Extended Data Figure 5. Sensitivity analyses for recruitment parameters. 

Recruitment, as described in the main text, required 95% nucleotide identity over 95% 

of the length of the reads, whereas here we examine lower stringency recruitment 

including 90% nucleotide identity over 90% of the length of the read, and 80% ͺ͵Ͳ�
nucleotide identity over 90% of the length of the read. These results were consistent 

with those described in the main text (Fig.2) – i.e., most of the recruited reads are in 

the top 2% (see histogram on the right). Only four representative CGs are shown here. 

Extended Data Figure 6. Comparison of neighbor-joining trees derived from VT 

and phylogenomic analyses. The left panel represents euclidean distances of the ͺ͵ͷ�
three dimensional space reconstructed with the first three PCs in Fig.1. The right 

panel represents the currently accepted cyano- T4 phage core phylogeny derived from 

analysis of 57 concatenated proteins totaling 20,638 amino acids. 

Extended Data Figure 7. Exploring VT metagenomic population sequence space. 

a, Whole genome comparisons of isolates S-MbCM25, S-MbCM6 are part of the ͺͶͲ�
same population as CG-05 , while isolate S-MbCM7 appears part of the CG-11 

population (lines connecting reciprocal blast hits > 95% ID). Note in Fig. 1 how the 

variation (‘cloud’) associated to CG-05 and CG-11 overlap with their representative 

isolates. b, Alignment, based on homologs sequences within each contig, of all 

assembled T4-like VT contigs (>1.5 kb) against the CG-01 as a reference genome. At ͺͶͷ�
the deepest point (around the 205 Kb mark, orange bar) there are a total of 14 to 17 

overlapping contigs. c, Rank abundance curve for the 26 most abundant CGs in the 

VT source waters. Values derived from mean contig coverage values. The blue line 

quantifies the cumulative use of reads as more genomes are added.  

Extended Data Figure 8. Flow diagram describing the bioinformatics processing ͺͷͲ�
steps. a, We recruited reads to each CG requiring at least 95% identity and a coverage 

of 95% of the entire length of the read. Each read was non-redundantly assigned and 

aligned to a CG using default parameters in MUSCLE. b, For each CG population, we 

125



�
�

�
�

ʹ

generated 100 random CG sequences by probabilistically resampling (using the 

observed occurrences) the metagenomic data that went into generating their consensus ͺͷͷ�
sequences.   
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