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ABSTRACT

A computational workflow for the estimation of environmental viral

diversity in metagenomes

by

Florent E Angly

Claremont Graduate University and San Diego State University: 2009

Viruses and in  particular  phages,  predators of  Bacteria  and Archaea,  are 

numerically abundant in the environment and play important ecological roles. Yet, 

little  is  known  about  their  diversity  and  distribution.  The  introduction  of 

metagenomics has revolutionized the study of viral and microbial communities by 

bypassing the need to culture individual species, thus allowing access to their 

complete diversity. However, unlike for microorganisms, no standard technique 

exists  to  measure viral  diversity from sequence data,  and lab techniques are 

limiting.

In  this  thesis,  computational  methods  were  developed  to  quantify  the 

diversity  of  viruses  from  metagenomic  data.  These methods use  overlapping 

sequences (contigs) assumed to come from the same species. The modeling of 

the contigs characterizes viral  community structure and  α-diversity,  or  sample 

diversity.  Assembling metagenomes pooled together produces contigs between 



sequences from multiple samples (cross-contigs). Such contigs are indicative of 

common viruses and are the basis to estimate β-diversity (change in diversity 

between samples).  Modeling the α-diversity and β-diversity of  uncultured viral 

communities relies on knowing the average length of their genomes, which was 

calculated here from similarities of  metagenomic reads to genomes of known 

length. The different programs necessary to the estimation of viral diversity were 

assembled into a workflow available online in order to offer the metagenomic 

community an easy way to assess metagenomic diversity.

The application of the viral diversity workflow suggests that there may be as 

many as  108 viral  species  on  Earth,  and that  their  distribution  (e.g.  diversity 

patterns) may  be  similar  to  that  of  microorganisms  and  macroorganisms. 

However, some biomes such as the air and deep subsurface remain unexplored. 

As  additional  metagenomes are  produced and sampling  resolution  increases, 

this workflow for estimating diversity will prove invaluable to gain further insights 

into viral biogeography.
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CHAPTER 1:     INTRODUCTION

Viruses, biological entities incapable of reproducing without a host cell, are 

the  most  numerous  biological  entities  on  Earth,  but  their  diversity  is  largely 

uncharacterized.  Phages,  viruses  which  infect  Bacteria  and  Archaea,  are 

especially diverse, with a number of extant phage species higher than that of 

other organisms. This thesis presents novel methods to characterize the diversity 

and distribution of viruses using metagenomic sequence data, a computational 

workflow incorporating these methods, and a case study of viral diversity in the 

world's oceans. The following is an introduction to the thesis and a review of the 

literature on viral metagenomics and diversity estimation.

The ecological importance of viruses

Viruses are ubiquitous and numerous in the environment, and are present in 

high abundances in terrestrial, aquatic and host-associated biomes [1-9], where 

their hosts are numerous. Many viruses also survive in extreme conditions such 

as  high  or  low temperature,  high  pressure  and  salinity  [10-17],  and  there  is 

evidence that suggest their existence in the air column  [18,19]. Observation of 

Virus-Like Particles (VLPs) with electronic and epifluorescence microscopy has 

revealed the presence of ~10 million VLPs per milliliter of seawater [20-23]. In the 

oceans, there are typically ~10 viral particles for each microbial cell  [24]. The 

global number of viral particles was estimated to be ~10³¹ VLPs, based on the 

number of Bacteria and Archaea on Earth [25].
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Not  only  are  viruses  abundant  and  ubiquitous,  but  they  are  also  highly 

morphologically  and  genetically  diverse.  Circoviruses  are  the  smallest  known 

viruses, with an icosahedral capsid approximately 17 nm in diameter containing 

two  genes  on  a  circular  single-stranded  DNA molecule  [26].  In  contrast,  the 
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Mamavirus has a 1.7 Mb double-stranded DNA genome, and its 750 nm large 

capsid is larger than some Bacteria [27].

Viruses, and in particular phages, play an important role in the marine food 

web. Bacteria incorporate Dissolved Organic Carbon (DOC) present in the water 

column for their growth [28,29]. The grazing of protists on Bacteria and of larger 

organisms on protists in turn, drives this carbon to higher levels of the food chain 

[28,29]. Instead of being sequestered in organisms of increasing size, the carbon 

contained in Bacteria can return to the DOC pool in the water column by the lytic 

action of phages  [30,31] (Figure 1.1). This viral shunt directly affects important 

global biogeochemical processes such as the carbon cycle [32,33] and may have 

consequences that have to be integrated in global warming models [34].

Phages also impact microbial population dynamics, and their impact is as 

great as that of other predators of Bacteria, such as protists [35]. Predator-prey 

models such as “Kill  the Winner”  [36,37] have been advanced to  explain  the 

complex dynamics between phages and their hosts. Communities that follow Kill 

the  Winner  dynamics  consist  of  a  few highly  abundant  species  and  a  large 

number of rare species. In Kill the Winner models, the most abundant bacterial 

hosts are more likely to be lysed due to increased contact with phage predators, 

and  as  the  population  size  of  these  dominant  bacteria  is  reduced,  different 

bacterial  species  then  become  dominant  [36,37]. The  constant  reciprocal 

pressure of phages on their hosts and of hosts on their phages [38] leads to co-

evolutionary arms race called “Red Queen Effect” [39-41]. Only the species that 
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continually evolve to escape predation and outcompete other species maintain 

their fitness relative to the system and survive.

Viral metagenomics

Shotgun metagenomics was first  developed to allow for the study of  viral 

diversity  without  the  limitations  of  culture-based  and  marker  gene-directed 

approaches  [42]. Metagenomics  [43] combines  genomics  with  ecology,  and 

involves isolation of nucleic acids directly from environmental samples to obtain 

genomic  sequences  from the  full  cohort  of  organisms in  an  environment,  as 

opposed to the genome of a single species  [44,45]. Metagenomic approaches 

are ideal for studying viruses, since only a small fraction of the microorganisms 

are culturable [46] and phage species generally only have a very narrow number 
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of  possible  microbial  hosts  [47]. Metagenomics  has  been  applied  to  viral 

communities  in  a  variety  of  environments  [1,48-61] and  also  to  microbial 

communities  [19,49,62-79]. In  recent  years,  metagenomic  methods  combined 

with high-throughput sequencing [80-82] has generated unprecedented amounts 

of  sequence  data  that  are  responsible  for  the  exponential  growth  of  public 

sequence databases such as GenBank [83] (Figure 1.2).

 Metagenomic sequence data is used to find new enzymes  [84-87], study 

evolutionary  history  [88], sequence  novel  organisms  [50,62,63,89,90],  and 

characterize the ecology of natural communities, groups of organisms living in 

the sample place at a given time  [91].  In ecological studies, metagenomics is 

used to describe the structure and function of naturally-occurring communities by 

answering three central questions:

• Who is there? What species are present? (taxonomy)

• What are they doing? What genes do their genomes encode? (function)

• How many are there? How many different  species/genes are present? 

(diversity)

To begin answering these questions, metagenomic sequences are usually 

compared  to  databases  of  annotated  sequences  (known species  and  known 

function) using local similarity search tools such as BLAST [92]. Public platforms 

for metagenome analysis such as MG-RAST [93], CAMERA [94] and IMG/M [95], 

or specialized software like  MEGAN  [96] and KARMA [97] extensively employ 
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similarity  searches.  Most  of  them  annotate  sequences  using  only  the  best 

similarity. However, the best similarity may not extend to the entirety of the query 

sequence, may not be from the most closely related organism, and metagenomic 

sequences may be highly similar to more than one sequence in the database 

[98].  Cutoff values for significant similarities are often determined arbitrarily and 

are based on BLAST expect values (E-values), which change depending on the 

size  of  the  database  used  [99].  Additionally,  in  practice,  many metagenomic 

sequences  are  be  from  novel  organisms  and  thus  have  no  similarities  to 

sequences in existing databases. These sequences are categorized as unknown, 

and are often discarded in subsequent bioinformatic analyses [100].

Few methods can make use of all  reads in  a metagenomic dataset.  The 

frequency of the oligomers in metagenomic sequences has been characterized 

previously.  This  similarity-independent  method  has  shown  that  metagenomes 

from different biomes have distinct oligonucleotide signatures [101]. Assembly of 

metagenomic sequences, which plays an important role in this thesis to estimate 

diversity [48,50-53,57,102], also does not rely on the existence of similarities to 

sequences in databases. Sequence assembly is further an efficient method to 

reconstruct the genome sequence of unknown viruses [50,60,61,63].

Quantifying biodiversity

The estimation of diversity is more than an exercise in species enumeration. 

The  loss  of  biodiversity  has  important  socio-economical  impacts  [103,104]. 
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Quantification of biodiversity is thus an important aspect of conservation efforts. 

Biodiversity in space is characterized in three ways [105,106]. α-diversity defines 

the  diversity  of  a  given  location  (or  sample,  or  ecosystem),  for  example  the 

number of bird species in a given wood. On a larger scale,  γ-diversity captures 

the cumulative diversity of  several  locations,  for  example,  the number of  bird 

species in all the woods of a country. Finally, β-diversity measures the difference 

in diversity between several locations, for example how many species of bird are 

unique to each wood.

There are three components which comprise α-diversity: i) richness, or how 

many species there are (the more species, the more diverse the community), ii) 

evenness,  or  how evenly  species  are  distributed  in  the  community  (if  some 

species are numerically dominant,  the community is considered less diverse), 

and iii) phylogenetic relatedness, or how closely related the species are (more 

phylogenetically  distant  species  reflects  a  higher  diversity)  [107,108]. Many 

metrics  capture  one  or  several  of  these  aspects  of  α-diversity  into  a  single 

number.  Let  M be the number of  species (richness) in a sample,  R the total 

number of individuals in this sample, and  fi the relative abundance of the  i  th 

species, then the following are defined:

• Margalef's richness [109]: A measure of richness normalized by sample 

size. G =
M − 1
ln R

• Shannon-Wiener index [110]: Adapted from information theory, it takes into 
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account species richness and relative abundance (on which evenness 

depends). H ' =−∑
i=1

M

f i ln f i

• Pielou's evenness [111]: P =
H '

H 'max
=

H '
ln M

• Simpson's index [112]: Measured as the probability that two individuals 

drawn at random from a community belong to different species. 

D = 1 −∑
i=1

M

f i
2

• Berger-Parker index [113]: This index is the abundance of the most 

abundant species. B = max
1iM

 f i

The  notion  of  species  is  difficult  to  define  [114,115]. Taxons,  Operational 

Taxonomic Units (OTUs), genotypes, or other taxonomy-related definitions are 

often used but biodiversity can also refer to more than the diversity of species. 

Species perform functions that are essential for the functioning of the ecosystem 

they live in. For example, corals on a reef provide shelter and breeding ground 

for a multitude of fish. In addition, corals are calcifying organisms that alter how 

much carbon dioxide is in the ocean. Functional diversity focuses on what the 

species do, not what they are. In fact, the diversity of functions performed in an 

ecosystem may be more important than the diversity of the species themselves 

for  the  proper  functioning  of  this  ecosystem  [116]. The functional  diversity  of 

viruses and microorganisms can be accessed through their metabolism, i.e. their 
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gene content [64,117,118].

The species diversity of a community is reflected by its community structure, 

a representation of the arrangement of species inside their community (e.g., their 

relative abundance). Determining community structure may provide clues into the 

functioning  and  dynamics  of  its  individuals.  For  example,  the  power  law 

community structure often observed in viral communities  [51,102,119] could be 

the  result  of  a  particular  phage-host  “Kill  the  Winner”  dynamics  [120]. Rank-

abundance curves, or Whittaker plots  [121], provide a visual representation of 

community  structure.  On  these  plots,  the  Y-axis  represents  the  relative 

abundance of species, while on the X-axis, anonymous species are ranked by 

decreasing relative abundance, the species with rank 1 being the most abundant 

(Figure 1.3).

Figure 1.3: A rank-abundance curve depicts community structure as a list of  

anonymous species ranked by abundance.
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Various rank-abundance models have been proposed to model community 

structure. Popular models have the common characteristic of exhibiting a large 

drop-off in the relative abundance of the first few species. In the following model 

equations, M represents the sample richness, fi is the relative abundance of the 

i  th most abundant species, and a and b are parameters of the rank-abundance 

model to be determined:

• Power law: An empirical model that describes many natural phenomenons 

[122,123]. f i = a i−b for 1  i M

• Logarithmic: Another empirical model [123]. f i = a  log i1
−b

for

1  i M

• Exponential: Empirical model [123]. f i = ae−ib
for 1  i M

• Broken-stick: An ecological model based on a partitioning of resources 

between species [124]. f i =
R
M ∑

h=i

M 1
h

for 1 i M , where R is the 

total number of individuals sampled.

• Niche preemption: Also based on resource partitioning [125]. 

f i = R a1−ai−1 and f M = R1−aM−1 for 1  i M−1 .

• Lognormal: A commonly used model with theoretical justifications [126]. 

10



f i =
ek i

∑
h=1

M

ekh

with k h =
M

2
e−l h

2
/2
−e−l h1

2
/2
 , l1 =−∞ ,

l h1 = 2 erf −1  2
M

erf 
l h

2
 and lM1 =∞ for 1 i M where erf 

is the error function and erf-1 its inverse.

• Unified neutral theory: Unlike other ecological models, the unified neutral 

theory assumes that the fitness of different species is the same [127,128]. 

The abundance of species in this model is caused by an equilibrium 

between speciation and extinction and can be solved numerically.

Pr r1,r2, ..., rM∣ ,R  =
R!M

11 22... RR 1 !2 ! ...R !∏
k=1

R

k−1
where 

 = 2R . The symbol  designates the speciation rate, k the 

number of species with k individuals, and ri the number of individuals 

belonging to species i.

Determining  the  rank-abundance  model  that  best  fits  empirical  species 

abundance observations  is  a  non-trivial  task  that  was originally done visually 

[129]. Visual fitting is inappropriate to distinguish between similar models and it is 

complicated by sampling biases that cause rare species to be undersampled, 

resulting in a lack of the tail of rank-abundance curves [130]. Tools were created 

recently to address these limitations [131,132]. Once the community structure is 
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known, it is straightforward to calculate a variety of diversity measures.

Patterns of diversity

Diversity in the environment has been reported to vary according to specific 

patterns potentially caused by global  but poorly understood forces  [133]. The 

latitudinal gradient of diversity has a long history and was first reported by von 

Humboldt [134]. He noted that as latitude increased, the variety of plants species 

decreased,  i.e.  their  richness  was  higher  at  the  equator  than  at  the  poles. 

Nowadays,  it  is  recognized that  species richness reaches a maximum at  low 

latitude, not exactly 0° (Figure 1.4A). A similar pattern exists for elevation, the 

elevational gradient of diversity, in which richness is negatively correlated with 

altitude  [135]. Modern impacts of humans on the environment  [136] provide a 

good ground to study another gradient, the intermediate disturbance gradient, in 

which a disturbance that  gradually increases in frequency or intensity causes 

diversity to progressively increase until it dramatically collapses [137-139]. A last 

pattern is the species-area relationship [140,141]; the number of species found in 

an area was found to correlate with the size of this area according to a power 

function: M = d Ae where M is the species richness, A is the area and d and e 

are constants (Figure 1.4B).
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Figure 1.4: Theoretical data demonstrating different diversity patterns. A) The 

richness as a function of latitude follows a latitudinal gradient. B) The species-

area relationship appears as a straight line on a log-log plot.

The latitudinal gradient of richness is the most well-known of the diversity 

patterns [142]. It is also very general and has been shown to range from aquatic 

to terrestrial  biomes, for various organisms with a mass spanning over height 

orders of magnitude [143]. Despite this, it is unclear what causes it. Explanations 

for  its  existence  have  been  advanced  and  are  arranged  in  three  categories. 

Historical reasons argue that the low species richness of the poles is due to the 

lack  of  time  available  for  species  to  migrate  and  colonize  these  areas  after 

historical events such as glaciations [144]. On the other hand, ecological factors 

have  supporters  that  claim  that  increased  richness  in  the  tropics  is  reached 

because of larger speciation rates caused by stronger biotic interactions such as 
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predation,  competition,  and  mutualism  [145].  Finally,  evolutionary  hypotheses 

stipulate that a higher evolutionary rate in the tropics is responsible for higher 

speciation rates, and hence increased richness [146].

The diversity of  microbial communities has been estimated using molecular 

methods such as the Polymerase Chain Reaction (PCR), Automated method of 

Ribosomal  Intergenic  Spacer  Analysis  (ARISA)  [147], Terminal  Restriction 

Fragment Polymorphism (TRFLP) [148], Pulse Field Gel Electrophoresis (PFGE) 

[149], and Denaturing or Temperature Gradient Gel Electrophoresis (DGGE and 

TGGE)  [150,151]. Evidence from surveys using these techniques indicate that 

microorganisms may follow the same patterns of diversity as macroorganisms. 

For  example,  two  studies  suggest  that  marine  Bacteria  are  subject  to  the 

latitudinal gradient of diversity [152,153].

Many of the tools used to investigate microbial diversity are not applicable to 

viruses because they lack common marker genes [154,155]. PFGE and other lab 

techniques that are used on viruses are often expensive, time-consuming and 

impractical  for  large  scale  studies.  Therefore,  it  remains  to  be  seen  if  viral 

communities  follow  the  same  patterns  of  diversity  as  microorganisms  and 

macroorganisms, i.e. if they respond in the same way to the same global forces.

Characterizing viral biodiversity

Viruses have been referred  to  as the dark matter  of  the  biosphere  [156] 

because only a small fraction of their diverse species has been inventoried. In 
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this thesis, I show how to take advantage of the power of metagenomics by using 

all metagenomic sequences (including the unknowns) to investigate the diversity 

of uncultured viral communities. First, I detail a novel computational method to 

quantify  the  α-diversity  of  viral  metagenomes  in  Chapter  2.  Building  on  this 

method, Chapter 3 presents the first approach to evaluate metagenomic viral β-

diversity. Then, Chapter  4 introduces an original program to estimate average 

genome length in microbial and viral metagenomes, which improves α and β-

diversity estimations. Finally, I show in Chapter  5 how combining these various 

tools forms a comprehensive workflow for the characterization of viral diversity 

from natural communities.
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CHAPTER 2:     α-DIVERSITY

This  chapter  introduces  PHAge  Communities  from  Contig  Spectrum 

(PHACCS),  the  first  publicly  available  software  designed  to  estimate  viral  α-

diversity (diversity of a single sample). PHACCS uses contigs as the input to 

mathematical models of diversity, circumventing the limitations of similarity-based 

approaches.  I  developed  this  research  tool  and  published  it  in  BMC 

Bioinformatics [102]. The text of this article is attached in Appendix 1.

Hurdles to the estimation of viral α-diversity

α-diversity  characterizes  the  diversity  of  a  single  community.  Studies  on 

microorganisms typically use the sequence of the 16S rDNA gene, which is a 

genetic  marker  shared  by  all  Bacteria  and  Archaea,  to  estimate  microbial 

phylogeny and α-diversity without cultivation [157-162].

There is no such common genetic marker for viruses that could be used to 

assess viral phylogeny and α-diversity [154,155]. Specific proteins of the phage 

capsid, tail or polymerase have been used to phylogenetically classify phages 

from  specific  taxa [163-167].  However,  even though  particular  genes  are 

conserved  across  one  or  several  viral  families,  none  is  universal.  Therefore, 

marker-based approaches are not appropriate to survey the viral communities. 

Lab  methods  such  as  Denaturing  Gradient  Gel  Electrophoresis  (DGGE) 

[150], Temperature Gradient Gel Electrophoresis (TGGE) [151], and Pulsed-Field 
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Gel Electrophoresis (PFGE) [149], provide genetic fingerprints used to compare 

viral community diversity [168]. The number of bands obtained after running viral 

DNA on an electrophoretic gel is a proxy for species richness [169-173]. Though 

they may be useful to characterize and compare natural viral communities, these 

methods are limited in accuracy, reproducibility, and can have biases.

Defining viral species from sequence assembly

A  computational  method  for  the  estimation  of  viral  diversity  from 

metagenomes (shotgun libraries) was originally developed in  [51]. In this study, 

the  investigators  considered  metagenomic  reads  which  assembled  with  each 

other as belonging to the same species. Sequence assembly is typically used in 

a  genomic  context  to  join  overlapping  sequences  into  contigs  for  the 

establishment  of  the  consensus  sequence  of  a  genome  [174,175]. In  the 

metagenomic context, by assuming that only sequences from the same species 

assemble together, the more contigs there are from a given species, the larger 

the relative abundance of that species in the community. This method is marker-

independent and uses all metagenomic sequences for the estimation of diversity. 

Using  mathematical  modeling,  it  allows  for  a  quantitative  assessment  of 

biodiversity, that is based not only on how many species are present, but also on 

how abundant they are.

No assembly software is  specific  for  metagenomes,  and chimeric  contigs 

containing sequences from multiple species can be formed. The assembly-based 
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definition of a viral species is thus dependent on the stringency of the assembly 

parameters used.  In  [51],  the best assembly parameters were determined by 

assembling 500 bp DNA fragments originating from 11 phage genomes using 

Sequencher  [176]. The best parameter values determined heuristically were a 

minimum  of  98%  identity  and  20  bp  overlap  between  two  reads.  These 

parameters assembled only sequences from the same phage or  very closely 

related  phage  species.  Since  there  is  a  discrepancy between  the  assembly-

based  definition  of  a  viral  species  and  the  actual  viral  taxonomy,  the  term 

genotype was introduced as a substitute for species.

The Community Lander-Waterman equations

The  mathematical  models  used  to  estimate  diversity  from  contigs  were 

derived from the original Lander-Waterman equation  [177] which expresses the 

expected  number  of  sequences  cq that  are  part  of  a  contig  of  size  q as: 

cq = N w q where N is the total number of sequences and wq the probability that 

a sequence goes in a q-contig. The Community Lander-Waterman equations are 

generalized for a community of different species  [51]. For a  community with a 

given  structure  (rank-abundance  equation)  and  richness  M,  the  Community 

Lander-Waterman  equation  models  the  expected  occurrence  of  contigs  of 

different  sizes  (contig  spectrum)  (Figure  2.1)  as:  cq =∑
i=1

M

niwqi  where  ni 

indicates the number of reads of the i th species.
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Modeling  viral  community 

structure  and  diversity  is  an 

inverse problem; many community 

structures  are  empirically  tested 

until the best-fitting one is found. In 

[51],  the  fit  of  different  rank-

abundance  forms  to  a  contig 

spectrum obtained from a marine 

viral community was quantified as 

the negative log-likelihood, i.e. the 

sum  of  the  variance-weighted, 

squared  deviations  from  the 

observed  contig  spectrum.  Thus, 

the  smaller  the  negative  log-

likelihood, the better the fit. Power 

law  and  exponential  community 

structures  were  tested  on  two 

marine viral communities, resulting in a better fit of the power law model. The 

same diversity modeling technique was applied to uncultured viruses issued from 

human feces a year later [52], and the power law described the community the 

best.

Later [53], the diversity model was improved by representing the abundance 
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Figure 2.1: Metagenomic sequences are 

assembled into contigs. The number of 

contigs of each size is counted to 

determine the contig spectrum. Taken from 

Angly et al. (2006) PLoS Biol 4(11):e368 

under the terms of the Creative Commons 

Attribution License.



of phage species as a frequency (or relative abundance). Also, an alternative 

model appropriate for very even communities and a Monte-Carlo simulation were 

designed  to  compare  to  the  original  model.  The  application  of  the  two  new 

methods  to  newly  generated  near-shore  and  sediment  viral  metagenomes 

revealed no significant advantage over the original technique.

Modeling viral community structure and α-diversity

I  developed  PHACCS  [102] to  improve  and  extend  the  contig  spectrum 

modeling approach and provide an easy-to-use web interface. In PHACCS, the 

Community Lander-Waterman equation was used and the error (opposite of the 

goodness of fit) between predicted and observed contig spectra was calculated 

as  in  the  original  model.  In  addition  to  the  power  law and exponential  rank-

abundance forms, PHACCS models communities using the logarithmic, broken 

stick, niche preemption and lognormal rank-abundance forms (see Chapter 1). To 

automatically  determine  the  best-fitting  model,  I  implemented  an  optimization 

algorithm that iteratively minimizes the error in PHACCS (Figure 2.2). PHACCS 

results present the community structure in both graphical and mathematical form, 

and the α-diversity estimates, including the richness, evenness, the Shannon-

Wiener  index and the  Berger-Parker index (abundance of  the most  abundant 

genotype).  Scientists  can  execute  the  PHACCS  program  online  at 

http://biome.sdsu.edu/phaccs, or at  http://portal.camera.calit2.net/ as part of the 

α-diversity workflow on CAMERA (see Chapter 5).
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The four viral metagenomes previously sequenced in [51-53] were analyzed 

with  PHACCS  [102] and  compared. The  power  law  was  the  best-fitting 

community  structure  in  all  cases.  The  viral  communities  were  rich  (between 

2,390  and  7,340  genotypes),  and  exhibited  different  community  structures 

(Figure 2.3). Viral and microbial communities have been reported to covary [178]. 
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Figure 2.2: The PHACCS algorithm iteratively minimizes the error in fit of the 

rank-abundance model to the contig spectrum. Taken from Angly et al. (2005) 

BMC Bioinformatics 6:41 under the terms of the Creative Commons Attribution 

License.



The viral diversity reported by PHACCS reflected the diversity of Bacteria in the 

sediments, water, and human digestive tract [179,180].

22

Figure 2.3: Rank-abundance form and α-diversity of four viral communities as 

determined by PHACCS. SP: Scripps Pier seawater, MB: Mission Bay seawater,  

MBSED: Mission Bay sediments, FEC: human feces. Taken from Angly et al.  

(2005) BMC Bioinformatics 6:41 under the terms of the Creative Commons 

Attribution License.



CHAPTER 3:     β-DIVERSITY

This  chapter  reviews  my  study  which  contrasted  the  composition  and 

distribution  of  viruses  from  four  different  oceanic  provinces  around  North 

America.  This  work  was  published  by  PLoS  Biology  [50] and  is  attached  in 

Appendix 2.

Measures of β-diversity

β-diversity is the difference in diversity between two samples and provides a 

quantification of differences in species composition between samples taken at 

different  locations  or  times.  Estimating  the  α-diversity  of  environmental  viral 

metagenomes with  PHACCS provided an opportunity to characterize the viral 

diversity  patterns  that  exist  in  nature  and  determine  what  large-scale  forces 

shape  the  evolution  and distribution  of  viruses.   However,  α-diversity  fails  to 

reflect how viral communities with the same α-diversity differ from each other. 

This aspect is captured by measuring β- diversity. 

There  are  many  metrics  for  assessing  β-diversity,  both  quantitative  and 

qualitative.  The  simplest  quantification  of  β-diversity  is  the  total  number  of 

species unique to each sample j: β =∑
j

M j−C , 0  β ∑
j

M j , where Mj 

is the richness of the j th sample and C is the number of species common to all 

samples.  A  higher  β-diversity  represents  larger  compositional  differences 

between communities. In addition, indices of β-diversity have been developed 
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based on species presence/absence data and include:

• Whittaker's  measure  [105]:  W = T / M ,  where  T is  the  combined 

richness of all communities, and M is their average richness.

• Sørensen  similarity  index  [181]: S = 2C / M 1M 2 ,  for  two 

communities  with  richness  M1 and  M2.  It  ranges  from  0  (no  common 

species, largest β-diversity)  to 1 (all  species are in common, lowest β-

diversity).

Some β-diversity metrics incorporate the relative abundance of the species in 

the calculation of diversity, including:

• Bray-Curtis  index  [182]: BC =

∑
i
∣r 1i−r 2i∣

∑
i

r 1ir 2i
with  rji the  number  of 

individuals belonging to species i in sample j.

• Morisita-Horn index [183]: This index is robust to variations in sample size 

and diversity. MH =

2 ∑
i

r1i r2i

12 R1 R2

where  j =
∑
i

r ji
2

R j
2  and Rj the total 

number of individuals in sample j.

β-diversity is a fundamental attribute of biodiversity, but it is rarely studied 

across  large  spatial  scales.  A  global  survey  compared  the  β-diversity  of 

amphibians,  birds,  and  mammals  and  showed  that  areas  of  high  β-diversity 

coincide  for  these  animal  taxa,  indicating  that  these  regions  are  highly 
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susceptible to global climate change [184].  In addition to directing conservation 

efforts,  these  findings  suggest  that  there  are  global  processes  which  affect 

multiple taxa and lead to high levels of  differentiation in natural  communities. 

Viral β-diversity has yet to be characterized on a global scale, and it is unclear if 

viruses are under the same environmental pressures as macroorganisms.

Distribution of marine viruses

Genomic studies have found that phages represent the largest unexplored 

reservoir  of  sequence  information  in  the  biosphere  [156,185,186]. In 

metagenomic  surveys  of  viruses,  the  number  of  sequences from unidentified 

species was very high, as was the viral  richness  [48-58,119,185]. These data 

suggest that the composition of distinct marine viral communities is very different, 

i.e. that their β-diversity is large. However, phages are small and non-motile, and 

are passively transported by currents and winds [18,187-190]. Furthermore, the 

widespread presence of phage sequences indicates a possible global distribution 

for some phages [191,192]. Therefore, viruses in the marine environment could 

be cosmopolitan (have low β-diversity).
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By comparing the community composition and β-diversity of four marine viral 

communities,  I determined that phage communities are cosmopolitan,  i.e. they 

exhibit low β-diversity [50]. Four viral metagenomes from distinct marine regions 

(Arctic Ocean, British Columbia Coast, Sargasso Sea and Gulf of Mexico) were 

sequenced,  bioinformatically  analyzed  and  then  compared  and  contrasted  to 

determine  whether  they  contained  mostly  unique  or  mostly  shared  phage 

species. I used the Basic Local Alignment Search Tool (BLAST)  [92] to identify 

phages with similarities to known phage genomes. The presence or absence of 
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Figure 3.1: A) β-diversity contour plot for four marine viral metagenomes, B) 

Method controls. Arctic: Arctic Sea, SAR: Sargasso Sea, BBC: British Columbia 

coast, GOM: Gulf of Mexico. Taken from Angly et al. (2006) PLoS Biol 4(11):e368 

under the terms of the Creative Commons Attribution License.



these  known  phages  was  plotted  on  the  Phage  Proteomic  Tree  [155],  and 

UniFrac  [193] was used  to  determine  whether  or  not  the  communities  were 

statistically  different.  The  communities  were  region-specific  (i.e.  significantly 

different)  despite  sharing  over  a  third  of  the  identified  phage  species.  This 

approach was limited by the large number of phages that are unsequenced and 

that were therefore overlooked in the analysis. To characterize the β-diversity of 

the  four  viral  communities,  I used  a  similarity-independent  method  called 

MAXIPHI (described below). All phage genotypes were shared, with a third of the 

most prevalent genotypes having a different abundance-rank (Figure 3.1A). Low 

β-diversity supports the notion that marine phages are cosmopolitan and that the 

unique nature of the viral communities from these marine regions is due to the 

same phages being present in different abundances.

Assembly of contigs and cross-contigs

The MAXIPHI method was central to the characterization of viral β-diversity 

and the conclusions of this study. I participated in the development of this novel 

tool and its validation using controls (Figure 3.1B). The method builds on the 

contig  spectrum  modeling  approach  detailed  in  Chapter  1.  By  using  cross-

contigs,  contigs  containing  reads  from  multiple  metagenomes  (during  the 

assembly  of  multiple  metagenomes  simultaneously)  (Figure  3.2),  the  method 

extracts  information  about  genotypes  that  are  present  in  several  viral 

communities.
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Figure 3.2: Forming a cross-contig spectrum requires assembling sequences 

from multiple metagenomes and removing contigs that contain sequences from 

only one metagenome. Adapted from Angly et al. (2006) PLoS Biol 4(11):e368 

under the terms of the Creative Commons Attribution License.

To create contig spectra and cross-contig spectra in an automated manner, I 

designed  and  programmed  Control  In  Research  on  CONtig  spectra, 

CIRCONSPECT  (http://sourceforge.net/projects/circonspect).  The 
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CIRCONSPECT software assembles one or several metagenomes using TIGR 

Assembler  [194] and  calculates  their  contig  or  cross-contig  spectrum.  Since 

sequence assembly is a Ο(n2) problem (Figure 3.3) [195], it was more memory-

efficient  to  implement  a  bootstrap  procedure  that  repetitively  assembles  a 

random subset of the metagenomic sequences (e.g. 10,000 sequences) instead 

of all sequences (Figure 3.4). This partially alleviates the problem of large contigs 

broken into several smaller ones because of the assembler's inability to deal with 

the  heterogeneous  sequence  information  from  multiple  genomes. Further, 

provided a sufficiently large number of  repetitions is performed, the bootstrap 

method covers the totality of the sequence data, from predominant genotypes to 

rare  genotypes,  and  generates  an  accurate  mean  contig  spectrum.  When 

comparing different viral communities, using the same number of sequences in 
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Figure 3.3: Effect of the number of sequences to assemble on the resource 

usage of TIGR Assembler.



the random subsets is also useful to compare metagenomes with a very different 

number  of  sequences.  Another  feature  of  CIRCONSPECT  is  the  control  of 

sequence length by trimming long sequences and discarding small ones. With 

this feature, one can force all the sequences to assemble to have the exact same 

length, e.g. 100 bp. This avoids the assumption that a distribution of sequences 

of different lengths is correctly represented by an average value in the average 

sequence  length  parameter  used  in  PHACCS.  Considering  that  distinct 

sequencing technologies used in metagenomics yield sequences of very different 
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Figure 3.4: Flowchart of CIRCONSPECT, a program to automate the creation of  

contig spectra and cross-contig spectra in a controlled fashion.



lengths  (e.g.  ~100  bp  for  GS20  pyrosequencing,  ~700  bp  for  Sanger 

sequencing), normalizing sequence length to the lowest common denominator in 

CIRCONSPECT allows to compare metagenomes without introducing bias.

In Sequencher, a minimum of 98% identity over 20 bp was used to assemble 

contig  spectra  [1,48,51-53,55,56,102].  TIGR  Assembler  implements  a  greedy 

overlap-layout-consensus  algorithm  [194] very  different  from  the  assembly 

algorithm of Sequencher. To accommodate for differences in the functioning the 

two  programs,  Circonspect's  assembly  parameters  for  TIGR Assembler  were 

reevaluated and changed to 35 bp minimum overlap (and 98% minimum identity) 

[50,57,58,196].

Modeling the β-diversity of viral communities

MAXIPHI measures β-diversity in a quantitative way since it considers not 

only  the  species  present  but  also  what  their  abundances  are.  The  method 

considers  two  types  of  differences  in  community  structure  that  discriminate 

between different  viral  communities:  the number of  genotypes common to  all 

communities (percent shared), and the number of the common genotypes with a 

different abundance-rank (percent permuted) (Figure 3.5).
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Figure 3.5: β-diversity in MAXIPHI is modeled using the number of genotypes in 

common and their abundance-rank. The three theoretical cases presented here 

are: two identical communities (same genotypes in the same abundance)(left),  

communities sharing the same genotypes but not in the same abundance 

(middle), and communities with no genotypes in common (right). Adapted from 

Angly et al. (2006) PLoS Biol 4(11):e368 under the terms of the Creative 

Commons Attribution License.

The  β-diversity,  or  percent  of  species  shared  and  percent  of  species 

permuted, was evaluated by performing Monte-Carlo simulations on the cross-
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contig  spectrum. Over  the  parameter  space (s,p)  representing the  percent  of 

shared species,  s, and percent of species with a permuted abundance rank,  p, 

many Monte-Carlo repetitions were performed in order to calculate a mean cq  

and  variance

q

2
of  the  predicted  cross-contig  spectrum.  A quasi-  likelihood 

L(s,p) of matching the observed cross-contig spectrum cq
'

, used to generate a 

contour  map  of  L,  was  obtained  by ln L  s , p =−∑
q

 cq
'
− cq

2

2 q
2

.  The  overall 

procedure is summarized as a flowchart (Figure 3.6).

The novel method to estimate the β-diversity of viruses from metagenomic 

data described above was essential to determine that the β-diversity of viruses in 

the  oceans  is  low.  The  ability  to  estimate  β-diversity  of  viral  communities 

complements the α-diversity estimates to provide a more comprehensive view of 

the distribution of viral species in the environment.
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Figure 3.6: Overview of the Monte-Carlo procedure used in MAXIPHI. Adapted 

from Angly et al. (2006) PLoS Biol 4(11):e368 under the terms of the Creative 

Commons Attribution License.



CHAPTER 4:     AVERAGE GENOME LENGTH

This  chapter  describes  Genome  relative  Abundance  and  Average  Size 

(GAAS), a novel metagenomic tool I developed to accurately estimate species 

relative  abundance  and  average  genome  length  for  viral  and  microbial 

communities.  This  work  was  provisionally  accepted  for  publication  in  PLoS 

Computational Biology in August 2009 and is attached as Appendix 3.

Influence of the average genome length on diversity estimates

Genome  size  refers  to  the  amount  of  nucleic  material  in  a  genome, 

expressed as a weight or a number of base pairs. The models implemented in 
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Figure 4.1: Effect of varying the average genome length on the richness 

estimates of PHACCS for the Sargasso Sea virome.



PHACCS to obtain diversity estimates use the average length of the genomes in 

a viral community as an input parameter. I tested varying the average genome 

length from 10 to 100 kb in the PHACCS analysis of the Sargasso Sea virome. 

Average  genome  length  had  a  strong  influence  on  the  richness  estimates. 

Different rank-abundance models responded differently to changes in average 

genome length, and the richness was changed by as much as ~40X in the case 

of  the logarithmic model  (Figure 4.1).  An accurate average genome length is 

needed to maintain precision in the α-diversity computation.

Methods for estimating average genome length

The genome length of viruses spans three orders of magnitude (Figure 4.2), 

from the 1.7 kb circular single-stranded DNA genome of a Circovirus  [197] to 

over 1.7 Mbp for the Mamavirus [27]. Pulsed Field Gel Electrophoresis (PFGE) 

has been used previously to characterize the genome size of viruses in natural 

communities.  In  various  environments  (e.g.  rumen,  freshwater,  feces),  PFGE 

determined the presence of phages with a genome length ranging from 10 kb to 

850 kb [52,198-202]. In the oceans, viruses from 8 to 533 kb were detected using 

this method and the relative intensity of the bands on the PFGE gel allowed the 

estimation of  an average of  50 kb  [172,173,178,203,204].  Not  having precise 

estimates of viral average genome length for more than the marine environment 

adds uncertainty to the exploration of viral α-diversity in new environments using 

PHACCS. In addition, PFGE's precision is dependent on the experimenter and is 
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time-consuming  [205],  making  it  impractical  for  large-scale  studies.  These 

limitations illustrate the need for a software solution to estimate average genome 

length in individual metagenomes.
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Figure 4.2: Upper and lower limits for the genome size of macroorganisms,  

microorganisms and viruses. I compiled the data on this graph from various 

sources: the NCBI RefSeq database, the ICTVdb, the Microbe Wiki, the Fungal  

Genome Size Database, the Plant DNA C-values Database and the Animal 

Genome Size Database.



A computational  method,  Effective  Genome  Size  (EGS),  was  previously 

developed to  calculate  the average genome length in  environmental  samples 

using metagenomic data  [206]. The EGS method relies on identifying selected 

marker genes that occur only once per genome, regardless of genome length, so 

that the total number of marker genes is inversely correlated with the average 

length of the genomes in the sample. From the density D of these genes in an 

environmental dataset, average genome length is calculated using the equation

EGS =
x y K− z

D
, with K the read length (bp), and x, y and z parameters that 

were calibrated using genomes of known size in public databases. The method 

performed well  for  the calculation  of  bacterial  and archaeal  average genome 

length. However, no set of markers is present in all viruses [154,155], and hence, 

the EGS method is not adapted to the study of phages communities.

Biological implications of average genome length 

Average genome length is more than a parameter for the determination of 

viral  diversity.  For  microorganisms,  larger  genome  are  characteristic  of  the 

copiotroph lifestyle  [207] and is strongly correlated with a larger array of genes 

[208], used to process more resources [209]. The downside of a larger genome 

is  a  higher  energetic  maintenance  cost  and  more  complex  regulation 

mechanisms  [210].  Therefore  bacterial  species  with  larger  genomes  may  be 

more adapted to environments with scarce but diverse resources, such as soil 

38



[211]. In concordance with this hypothesis, the EGS method demonstrated that 

the average genome length of microorganisms was higher in soil samples than in 

other samples (Sargasso Sea, whale falls, acid mine drainage)  [206]. Average 

genome length was also shown to be correlated with environmental complexity. It 

is not known whether the average genome length of viruses correlates with that 

of microorganisms and whether it is an indicator of environmental complexity.

Average genome length from sequence similarities

I  designed  the  GAAS  program  (http://sourceforge.net/projects/gaas)  to 

calculate  the  average  genome  length  of  uncultured  viral  and  microbial 

communities,  and  also  to  provide  more  accurate  estimates  of  community 

composition. I used GAAS to estimate average genome size and composition for 

metagenomes from diverse biomes and conducted a meta-analysis to determine 

if viral average genome length covaries with microbial average genome length. 

Complete details  are  given in  Appendix 3.  Briefly,  GAAS is  a  novel  tool  that 

performs BLAST local similarity searches [92] between the metagenomic reads 

and a database of  complete genomes to  calculate  average genome length.  I 

assumed that the length of the genome from which a metagenomic sequence 

comes from is the same as that  of  the genome that it  is  similar  to,  because 

genome length tends to remain constant within taxa  [212].  GAAS implements 

several  methods  described  below  that  improve  local  similarity  searches  and 

correct for sampling biases (Figure 4.3).
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E-values,  or  “expect  values”  [99],  characterize  how  strong  the  similarity 

between two sequences is. Typical metagenomic studies that use BLAST simply 

use  a  cutoff  E-value,  that  does  not  have  an  intuitive  meaning,  and  that 

corresponds to a different threshold when using different databases. In GAAS, I 

used two criteria to select strong similarities likely to reflect sequence homology, 

a minimum alignment similarity and relative length (or hit coverage  [213]). The 
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Figure 4.3: Flowchart illustrating how GAAS calculates community composition 

and average genome length.



alignment  relative  length,  or  ratio  of  the  alignment  length  over  the  query 

sequence length, is a way to remove short similarities, that are often similarities 

to protein domains present in a large number of unrelated taxa.

After the initial  filtering, only the top similarity (the one with the lowest E-

value) is usually kept for each metagenomic sequence. Instead, in GAAS, I kept 

all  similarities  that  passed the filter  and gave multiple  similarities  for  a  given 

metagenomic read different  weights.  Sequence similarity networks have used 

weighted E-values before [214] but the weights were calculated differently here, 

as  inversely  proportional  to  a  per-genome  expect  value,  i.e.  an  E-value 

normalized to the length of the target genome instead of to the length of the 

BLAST database used: W uv = gv
s '

Euv t v '
where  s' is the “effective length” [215] 

of  the  database  (in  number  of  residues),  Euv is  the  E-value  between  a 

metagenomic sequence u and a target genome v, tv' is the effective length of the 

target genome v, and gv is a constant such that ∑
u

W uv = 1 .

Another  correction  originates  from  the  observation  that  random  shotgun 

libraries (e.g. metagenomes) are biased toward large genomes; the number of 

sequences  from  a  given  species  is  proportional  not  only  to  its  relative 

abundance, but also to its genome length. While this is a well-known bias in 

proteomics  [216-218], metagenomic  studies  typically  ignore  this  effect.  My 

correction consisted in normalizing the weights by the length of the genome to 
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obtain accurate genome relative abundance f: f v = o
W uv

t v
where o is a constant 

such that ∑
j

f j = 1 , and tv is the length of the target genome v (in bp).

To generate empirical  confidence limits for  length and relative abundance 

estimates,  a  bootstrapping  procedure  was  implemented  in  GAAS.  Empirical 

confidence intervals for genome relative abundance and average genome length 

were  calculated  by  repeating  the  computation  many  times  using  a  random 

subsample  of  the  metagenome at  each  repetition.  Confidence  intervals  were 

taken as the weighted percentiles of the observed estimates, e.g. 5th and 95th 

percentiles for a 90% confidence interval.

Method validation with simulated metagenomes

I  validated the GAAS method using an extensive set of benchmarks (see 

Appendix  3  for  details).  The  benchmarks  consisted  of  ~10,000  simulated 

metagenomes, which were made with Grinder, a program I created and made 

available at  http://sourceforge.net/projects/biogrinder. Grinder produces random 

shotgun libraries from complete genomes in a controlled fashion. The community 

structure of the genomes is a parameter (e.g. power law rank-abundance curve), 

and library parameters  such as  read length,  coverage,  sequencing error  rate 

allow to produce realistic metagenomes. By creating simulated metagenomes of 

known composition,  Grinder  will  help  ground truth  and improve metagenomic 

techniques. Running GAAS on simulated viral  metagenomes showed that the 

42

http://sourceforge.net/projects/biogrinder


accuracy  of  GAAS  estimates  is  higher  than  that  obtained  when  using  the 

standard BLAST parsing method (keeping the top similarity only, not normalizing 

by  genome  length).  The  benchmarks  also  demonstrated  the  applicability  of 

GAAS to microbial metagenomes and to sequences ranging from 50 to 800 bp.

Average genome length in four biomes

To characterize average genome length in aquatic, terrestrial, sediment and 

host-associated biomes, I conducted a meta-analysis with GAAS using a large 

set  of  175 viral  and microbial  metagenomes (Figure  4.4),  presented in  more 

details  in  Appendix  3.  The  average  genome  length  changed  significantly  in 

different  environments.  However,  the  average  genome  length  of  different 

samples within a biome showed significant variations, suggesting that average 

genome lengths are not representative at the biome level.  The comparison of 

average genome length of viruses and microorganisms sampled from the same 

environment  at  the  same  time  showed  that  they  were  independent,  likely 

reflecting how these organisms respond differently to  environmental  stresses. 

Also, this suggests that, as opposed to microorganisms, average viral genome 

length is not correlated with environmental complexity.
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Figure 4.4: The average genome length of viruses, Archaea and Bacteria, and 

protists in different biomes as estimated by GAAS. Biomes were compared using 

non-parametric Wilcoxon tests (except for the sediments due to the small number 

of data points).



CHAPTER 5:     A COMPUTATIONAL WORKFLOW FOR 

ESTIMATING VIRAL DIVERSITY

In  the  previous  chapters,  novel  computational  methods  to  estimate  α-

diversity, β-diversity and average genome length from viral metagenomes were 

discussed.  The  present  chapter  describes  the  synthesis  of  these  different 

methodologies  into  a  workflow  that  allows  the  automated  estimation  of  viral 

diversity in metagenomes.

Biology and workflows

Biology has entered the age of information and relies heavily on computer 

programs for  mining data and solving problems  [219,220].  The computational 

aspect  of  biological  research  is  referred  to  as  bioinformatics,  which  largely 

consists of developing algorithms and performing in silico experiments. With the 

wealth of computational tools currently available, bioinformaticians can perform 

increasingly complex experiments which can be used to formulate new research 

hypotheses.

Bioinformatic  experiments  often  represent  a  scientific  workflow,  a  set  of 

independent programs used in combination to perform advanced processing of 

data.  A scientific  workflow can be as  simple  as  entering  data  into  a  website 

providing a specialized algorithm, copying the output and pasting it into another 

web-based program. With programming skills, one can use a more automated 
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approach,  installing  the  software  locally  and  writing  a  script  that  runs  the 

programs and passes data between them. Dedicated programs such as Taverna 

[221] or Kepler [222] make it easier to compose scientific workflows to automate 

data analysis without programming knowledge.

Diversity workflow overview

 The different independent computational elements necessary to estimate α- 

and  β-diversity,  CIRCONSPECT,  GAAS,  PHACCS  and  MAXIPHI  can  be 

integrated  in  a  computational  workflow  to  calculate  the  diversity  of  viral 

communities.  To  calculate  α-diversity,  average  genome  length  must  first  be 

estimated  using  GAAS,  which  eliminates  the need  to  rely  on  a  hypothetical 

average to input into PHACCS. CIRCONSPECT is used to create contig spectra 

in an automated fashion from metagenomic sequences. Average genome length 

and contig spectra are then input to PHACCS, which finally estimates α-diversity 

(Figure 5.1).
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Figure 5.1: Conceptual overview of the α-diversity workflow



In  the  β-diversity  workflow,  the  α-diversity  of  several  metagenomes  is 

computed.  In  addition,  their  cross-contig  spectrum  is  determined  by 

CIRCONSPECT.  The  community  structure  of  all  metagenomes  predicted  by 

PHACCS and their cross-contig spectrum are used in MAXIPHI to determine β-

diversity (Figure 5.2).

Implementation of the α-diversity workflow

CAMERA, the Community Cyberinfrastructure for Advanced Marine Microbial 

Ecology  Research  and  Analysis  [94] is  a  platform  that  allows  access  to 

metagenomes and tools for their analysis through a web interface. This platform 

is supported by a 512-CPU cluster, 200 TB of storage, and is able to run BLAST 

analyses  and  generate  recruitment  plots.  In  version  2.0  (currently  in  public 
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Figure 5.2: Conceptual overview of the β-diversity workflow



preview phase at  https://portal.camera.calit2.net/), the CAMERA software stack 

was  reorganized  around  a  Service  Oriented  Architecture  [223,224]. This 

improvement makes CAMERA more flexible since the computing capacities are 

dissociated from the hosted software and data. Metagenomics means something 

different to different investigators and the new design of CAMERA better serves 

the  various  needs of  the  metagenomic  community  with  its  implementation  of 

user-designed workflows.

In collaboration with the CAMERA staff, I composed the α-diversity workflow 

in Kepler (Figure 5.3), with the individual programs (GAAS, CIRCONSPECT and 

PHACCS)  wrapped as Representational  State  Transfer  (REST) web  services 

48

Figure 5.3: The α-diversity workflow implemented using REST web services in 

Kepler

https://portal.camera.calit2.net/


[225] hosted on the CAMERA servers. Integration of the α-diversity workflow in 

CAMERA now allows  investigators  to  easily  estimate  the  α-diversity  of  their 

metagenomes using a web interface (Figure 5.4).
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Figure 5.4: The web interface to the α-diversity workflow on CAMERA 

(https://portal.camera.calit2.net/) 

https://portal.camera.calit2.net/


The  β-diversity  workflow  has  not  been  composed  yet  since MAXIPHI's 

Monte-Carlo computer intensive methodology must be modified before it can be 

publicly released and executed on a large scale.

Revisiting previous diversity estimates

Using  the  diversity  workflow,  I  re-estimated  the  α-diversity  of  eight  viral 

metagenomes  previously  analyzed  in  Angly  et  al.  2005  and  2006  [50,102]: 

Scripps Pier (SP), Mission Bay (MB), Mission Bay Sediments (MBSED), Human 

Feces  (FEC),  Arctic  Ocean  (Arctic),  British  Columbia  (BBC),  Sargasso  Sea 

(SAR),  and  Gulf  of  Mexico  (GOM). My  aim  was  to  take  advantage  of  the 

improvements made to the estimation of viral diversity since 2002 [51] to identify 

how the diversity estimates changed since their original publication.

These  metagenomes  had  very  different  characteristics  (Table  5.1),  with 

metagenomes containing from 500 to over 700,000 sequences, and an average 

sequence length ranging from 100 to 700 base pairs. Due to these differences, 

computation parameters were selected to minimize bias as described below.
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Table 5.1: Comparison of the characteristics of the eight viral metagenomes,  

sequenced by synthetic chain terminator chemistry (Sanger) or Roche 454 GS20 

pyrosequencing (Pyro).

Viral 
metagenome

Biome Sequencing 
method

Number of 
sequences

Mean 
sequence 
length (bp)

Total 
metagenome 

size (bp)

SP Aquatic Sanger 1,064 616.7 656,168

MB Aquatic Sanger 873 706.0 616,304

MBSED Sediments Sanger 1,156 635.4 734,497

FEC Host-
associated

Sanger 532 710.2 377,851

Arctic Aquatic Pyro 688,590 100.2 68,969,258

BBC Aquatic Pyro 416,456 103.2 42,976,291

SAR Aquatic Pyro 399,343 105.4 42,090,100

GOM Aquatic Pyro 263,908 102.6 27,086,439

The average genome length of the viromes was calculated with GAAS using 

tBLASTx against the NCBI RefSeq complete viral database with a minimum E-

value of 10-3. E-value based weights assigned to all significant similarities and 

genome  length  normalization  were  used  to  further  refine  BLAST  results  for 

average genome length calculation. The minimum relative alignment length was 

set to 40% and the alignment similarity to 40%, which allowed the recovery of a 

minimum of approximately 100 similarities for every metagenome. The estimated 

average genome length differed from the 50 kb originally assumed and ranged 

from  13.8  kb  for  the  viruses  in  the  Sargasso  Sea  to  71.8  kb  for  the  viral 

communities  of  Scripps  Pier  (Table  5.2).  These  results  are  consistent  with 
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previous reports  of  a  large  abundance of  viruses with  small  genomes in  the 

Sargasso Sea [50] and the significant fraction of Myoviridae with large genomes 

(>170 kb) detected in the Scripps Pier sample [51].

Table 5.2: Estimation of the average genome length of the viruses in the eight 

communities using GAAS.

Viral 
metagenome

Number of 
similarities

Number of similarities 
per sequence

Estimated average 
genome length (bp)

SP 300 0.282 71,786.2

MB 208 0.239 61,374.7

MBSED 652 0.564 58,863.4

FEC 91 0.171 28,875.7

Arctic 44,955 0.0653 67,035.0

BBC 35,741 0.0858 35,917.2

SAR 72,021 0.180 13,881.0

GOM 19,786 0.0750 51,994.6

Contig spectra were generated for all metagenomes using CIRCONSPECT. 

A sample  size  of  500  random  sequences  was  chosen  to  accommodate  the 

smallest  metagenome  analyzed  (the  fecal  sample).  Based  on  their  length, 

sequences were either discarded or trimmed at a random position so that only 

sequences of 100 bp were assembled, a length slightly smaller than the average 

sequence  length  in  the  metagenomes  with  the  shortest  sequences.  The 

assembly parameters for TIGR Assembler were a minimum overlap of 35 bp and 

minimum  similarity  of  98%,  as  in  [50,57,58,196]. Random  sampling  was 

performed repeatedly until a coverage of 30x of the largest metagenomic library 
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was achieved, i.e. over 22,000 repetitions. The resulting average contig spectra 

are  reported  in  Table  5.3.  The  contig  spectrum  obtained  from  the  sediment 

sample had the smallest contig degree, i.e. the largest number of sequences in a 

contig was 2, as in [53]. Similarly to [50], the Gulf of Mexico sample had a contig 

degree much larger than the other samples, 49 sequences.

Table 5.3: Average contig spectra of the eight viromes calculated using 

CIRCONSPECT. All contig spectra were made from 500 sequences of 100 bp.

Viral metagenome Average contig spectrum

SP 490.2277  4.7137  0.1008  0.0090  0.0013

MB 497.2539  1.3316  0.0269  0.0005

MBSED 499.8509  0.0746

FEC 493.3252  3.2448  0.0609  0.0006

Arctic 496.8570  1.5514  0.0131  0.0002

BBC 493.1876  2.3319  0.4799  0.1213  0.0307  0.0084  0.0022
    0.0004  0.0001

SAR 487.9026  4.9393  0.5991  0.0888  0.0113  0.0013  0.0002

GOM 451.9391  4.0380  1.5288  0.9714  0.7159  0.5491  0.4218 
    0.3292  0.2553  0.2010  0.1566  0.1318  0.1057  0.0850
    0.0720  0.0603  0.0521  0.0419  0.0356  0.0315  0.0261
    0.0210  0.0189  0.0153  0.0125  0.0100  0.0104  0.0067
    0.0064  0.0048  0.0046  0.0026  0.0028  0.0021  0.0019
    0.0012  0.0010  0.0007  0.0007  0.0004  0.0004  0.0003
    0.0004  0.0003  0.0001  0.0001  0.0002  0.0001  0.0001 

The average genome lengths, average contig spectra and minimum contig 

overlap lengths were used in PHACCS to determine the α-diversity of the eight 

viral  communities.  All  six  rank-abundance models available  in  PHACCS were 

tested: power law, exponential, logarithmic, broken stick, niche preemption and 

53



lognormal. The three best overall rank-abundance forms (with the smaller overall 

error) were, in order, the logarithmic, power law, and lognormal forms. The new 

estimates  of  richness,  evenness  and  Shannon-Wiener  index  using  the 

logarithmic model are presented in Table 5.4.

Table 5.4: Comparison of the α-diversity estimates of the eight viromes obtained 

using the original method, and the updated computational workflow. The 

estimates are derived from the logarithmic rank-abundance form, that fitted the 

different contig spectra overall the best. N/A: PHACCS could not estimate the 

diversity of these samples.

Original estimates New estimates

Viral 
metagenome

Richness Evenness Shannon-
Wiener index

Richness Evenness Shannon-
Wiener index

SP 3,350 0.932 7.57 113 0.931 4.40

MB 7,180 0.900 7.99 994 0.943 6.51

MBSED 7,340 1.00 8.90 3,700 1.000 8.22

FEC 2,390 0.873 6.80 278 0.972 5.47

Arctic 532 0.964 6.05 257 0.971 5.39

BBC 129,000 0.918 10.8 >500,000 N/A N/A

SAR 5,140 0.905 7.74 4,280 0.922 7.71

GOM 15,400 0.851 8.21 <1 N/A N/A

The  richest  community  (British  Columbia)  remained  the  richest  after 

reanalysis, with several hundred thousands of genotypes. The previously least 

diverse community,  from the feces sample, became the second least diverse, 

replaced by the Scripps Pier community (113 genotypes, 4.40 nats), for which an 
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order of magnitude richness change occurred during reanalysis. The reanalysis 

of another low diversity community, from the Arctic sample, did not change its 

status as a low-diversity samples, with an estimated 257 genotypes and 5.49 

nats. As in the original analysis the diversity of viruses in sediments (MBSED) 

was found to be higher that in the water column above (MB).

In Figure 4.1, the logarithmic rank-abundance form was found to be the most 

sensitive to the average genome length parameter of PHACCS and increased 

average  genome  size  in  the  logarithmic  model  produced  increased  richness 

estimates.  The  changes  in  diversity  due  to  the  reanalysis  with  the  improved 

diversity  workflow (Table  5.4)  do  not  seem to  be  directly  correlated  with  the 

changes  in  the  estimated  average  genome  size.  Therefore,  it  is  likely  that 

changes in diversity estimates were driven by a combination of  providing the 

average genome size estimated by GAAS, and of using the same random subset 

size  and  sequence  length  for  all  metagenomes  in  CIRCONSPECT.  The 

community structure and α-diversity of  two metagenomes,  from the Sargasso 

Sea  and  Gulf  of  Mexico,  could  not  be  precisely  determined,  for  reasons 

discussed below.

Improving the α-diversity workflow accuracy

Since the original contig spectrum modeling study [51], many methodological 

advances  described  in  this  thesis  have  been  added  to  the  viral  diversity 

estimation methodology so that it is possible to compare metagenomes of a very 
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different nature. The impossibility of  finding a precise community structure for 

some metagenomes (Table 5.4) suggests that there are still limitations. Possible 

ways  to  address  these  issues  and  improve  the  accuracy  of  viral  diversity 

estimates are described below.

In the reanalysis of the Gulf of Mexico sample, no rank-abundance model 

could be determined. The contigs assembled from the Gulf of Mexico were larger 

than  in  the  other  samples,  and  further,  the  sequence  dinucleotide  entropy 

suggests that the Gulf of Mexico sequences had a different composition from the 

sequences in the other samples (Figure 5.5). I hypothesize that some contigs 

were  formed  between  sequences  containing  a  low  nucleotide  complexity, 

invalidating  the  assumption  that  only  sequences  from  the  same  genotype 

assemble  together  (non-chimeric  contigs).  This  issue  could  be  resolved  in 
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Figure 5.5: Entropy of the sequence dinucleotide frequencies for the four marine 

viromes.



CIRCONSPECT by filtering out sequences of low complexity either based on 

their dinucleotide entropy or as calculated by the DUST algorithm [226].

The accurate assembly of metagenomic sequences is critical for obtaining 

proper  contig  spectra.  All  assemblers  work  differently  and  no  assembler  has 

been specifically designed for metagenomic sequences. The features required 

for the inclusion of an assembler in CIRCONSPECT are the ability to take a user-

specified  minimum  overlap  length  and  minimum  similarity  percent.  Recent 

investigations of TIGR Assembler show that it does not strictly respect the values 

entered  by  the  user  for  these  assembly  parameters.  Recently  developed 

assemblers such as SR-ASM [195] and Minimus [227] are good candidates for 

the replacement of TIGR Assembler and inclusion in the diversity workflow.

Regardless of the assembler used, the proper assembly of sequences from 

single  species  into  contigs  depends  on  the  stringency  of  the  assembly 

parameters. Originally, a manual test on 11 phage genomes determined that a 

minimum of  98% similarity  over  at  least  20  bp  was  sufficient  to  prevent  the 

formation of most chimeric contigs  [51] with Sequencher. Today, there are over 

2,000  reference  viral  genomes  available  from  the  NCBI  [228]. It  would  be 

valuable to perform a more systematic analysis of assembly parameters and how 

changing  them  affects  the  number  of  rightful  and  chimeric  contigs  formed. 

Grinder and CIRCONSPECT implement code that would help in that task. The 

optimal parameters to produce contig spectra would be the minimum overlap and 

identity  values  that  minimize  the  number  of  chimeric  contigs  while  forming a 
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sufficiently large number of contigs.

Another limitation of the current implementation of the diversity workflow is 

that the Community Lander-Waterman model cannot account for contig length. 

For example, a contig with high coverage (a large number of sequences in a 

short contig) indicates a genotype with large relative abundance. However, using 

only a  contig  spectrum,  a  high coverage contig  is  not  distinguishable from a 

longer contig with an identical number of sequences. Improvements in diversity 

estimation should consider modeling contig coverage  [229] and length  [230] to 

complement the contig spectrum model.

The modifications suggested above could improve the accuracy of diversity 

estimates. Quantifying the gains could be done by assuming viral communities of 

given  community  structure  and  genome  sequence  (from  NCBI  RefSeq),  and 

simulating random shotgun libraries (metagenomes). Grinder, the tool I created 

to benchmark the GAAS method, could be used to groundtruth the α-diversity 

methodology.  Similarly,  simulated  metagenomes  with  a  varying  number  of 

sequences  in  common  could  be  produced  to  quantify  how  accurate  the  β-

diversity estimates are.
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Chapter 6:     CONCLUSIONS

Many methods  to  analyze  metagenomes are  limited  by their  reliance  on 

similarities  to  existing  sequences.  In  this  thesis,  similarity-independent 

techniques  based  on  metagenomic  read  assembly  were  developed  to 

characterize the α and β-diversity of uncultured viral communities.

Innovative methods for characterizing viral diversity

PHACCS is the first  software that uses the Community Lander-Waterman 

equation to model the expected abundance of contigs (contig spectra) based on 

metagenomic data. PHACCS characterizes the rank-abundance distribution and 

α-diversity  (richness,  evenness,  Shannon-Wiener  index)  of  uncultured 

environmental  viral  communities.  In  order  to  process  the  data  easily,  it  was 

necessary  to  automate  the  creation  of  contig  spectra,  a  process  which  was 

implemented  in  CIRCONSPECT.  CIRCONSPECT was  expanded  and  further 

developed to  produce cross-contig  spectra,  contigs  made of  sequences from 

different metagenomes and used in MAXIPHI. The MAXIPHI method addressed 

β-diversity, a generally unexplored area of viral metagenomics. β-diversity was 

characterized by modeling the percentage of shared species and species shifted 

in  abundance  between  viral  communities,  as  estimated  by  Monte-Carlo 

simulations. Finally, to avoid assumptions about average genome length used in 

the modeling of community structure, I created GAAS, which provides estimates 

of genome length spectrum and average, based on finding local similarities. The 
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robustness of the GAAS estimates relies on the accurate determination of the 

relative  abundance  of  genomes  by  normalizing  for  statistical  biases  such  as 

genome length. By creating a workflow for the calculation of viral diversity on the 

CAMERA community platform, investigators without bioinformatic expertise can 

obtain diversity estimates.

Viral diversity modeling started when Sanger sequencing was the standard 

sequencing  technology.  High-throughput  sequencing appeared in  the  last  few 

years, bringing larger datasets with different characteristics such as shorter reads 

and  different  types  of  sequencing  errors.  The  computational  methodologies 

developed  in  this  thesis  have  been  updated  through  several  generations  of 

sequencing  platforms  and  viral  diversity  was  calculated  from  very  different 

metagenomes while avoiding the introduction of potential biases.

Insights into the ecology of viruses

The  methods  discussed  in  this  thesis  have  been  applied  to  numerous 

environmental metagenomes to gain insights into viral diversity and ecology. This 

work corroborates previous evidence that viruses are the most diverse biological 

entities on Earth; a richness from 10² to 10  viral genotypes was reported in the⁵  

marine habitat  [49,50,102]. The  β-diversity analysis of marine viruses suggests 

that oceanic viruses are cosmopolitan, even though they form location-specific 

assemblages [50]. The calculation of average genome length in different biomes 

supports  these  results,  by  demonstrating  large  variability  in  the  community 
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structure of viruses from different marine locations (Appendix 3). This variability 

between sites may be shaped in part by the existence of a latitudinal gradient of 

richness for marine viruses [50], suggesting that viruses obey some of the large 

scale laws that apply to microorganisms and macroorganisms. The soil  is  an 

environment reported to harbor a large diversity of micro-organisms [231]. Viral 

communities  in  the  soil  were  even  richer  than in  any other  biome analyzed, 

ranging from 10³ to 10  species  ⁷ [48]. From these numbers, the projected world 

diversity of viruses could be as high as 10  species. Insights were obtained into⁸  

the evolution of viral genomes; the independence between the average length of 

viral  and  microbial  genomes  indicates  that  identical  environmental  pressures 

have  different  consequences  on  the  evolution  and  genome  length  of  these 

organisms (Appendix 3).

Future computational and biological prospects

Estimates of diversity are sensitive to the average genome length parameter. 

PFGE and GAAS results indicate that the distribution of genome length in a viral 

community is  broad and multimodal.  Using an average length to  represent  a 

distribution of genome lengths may lead to a loss of precision or cases where the 

best community structure cannot be estimated. Future efforts to redesign contig 

spectrum modeling might avoid assuming an average genome length by using a 

Markov Chain Monte Carlo (MCMC) approach that allows every viral genome to 

have its own length. Such an MCMC approach is feasible  [232],  and while it 
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would be more computationally intensive, it  would likely produce more robust 

estimates of community structure and diversity. Tests of the diversity workflow on 

microbial metagenomes have been inconclusive so far. This is perhaps because 

microbial genomes are composed of several replicons, e.g. their main genome 

and the different plasmids they carry. These microbial replicons differ in length by 

orders  of  magnitude  and  their  sequences  assemble  independently.  A MCMC 

modeling approach that uses a dynamic length for the genome or replicon length 

may predict the diversity of microorganisms in metagenomes in the same way as 

for viruses.  Taking this MCMC approach further, it would be possible to rescind 

the assumption that viral communities follow an empirical rank-abundance form 

and let each replicon take an arbitrary relative abundance. This would resolve the 

controversial issue of determining what rank-abundance model is best to model 

environmental phage communities.

The α and β-diversity methods only characterize taxonomic diversity,  or  the 

diversity  of  species.  Recently,  tools  to  detect  open  reading  frames  in  short 

metagenomic sequences were introduced  [233-235]. These tools could extract 

metagenomic  sequences that  code for  genes and,  used as  the  input  for  the 

diversity workflow, these sequences could thus allow calculating the functional 

diversity, or diversity of genes in metagenomes. Studies suggest that ecosystem 

stability is correlated more directly with functional diversity than with taxonomic 

diversity  [116,236-238],  and  the  simultaneous  estimation  of  taxonomic  and 

functional diversity will allow to test if it applies to viruses and microorganisms in 

62



addition to macroorganisms. Potentially, metagenomic taxonomic and functional 

diversity  could  also  help  determining  the  “health”  of  a  particular  ecosystem 

[239,240].

The  application  of  diversity  measures  to  environmental  viral  samples 

supports the existence of patterns of diversity for viruses. The richness of viruses 

in the oceans seems to obey a latitudinal gradient [50] and preliminary estimates 

of  viral  diversity  in  the  Line  Islands  (not  shown)  are  in  agreement  with  the 

intermediate disturbance theory. Metagenomics has been growing fast and the 

number  of  locations  from  which  a  viral  metagenome  is  available  is  steadily 

increasing (Figure 6.1). This provides the opportunity for applying the workflow of 

diversity to a larger number of metagenomes and add statistical confidence to 

our observations of diversity patterns. While many viral metagenomes are from 

the marine environments, other biomes have been characterized, including host-

associated  and  terrestrial  systems.  Viral  communities  from  subterranean 

environments  and  ambient  air  have  yet  to  be  studied  using  metagenomics. 

Sampling  these  two  remaining  major  biomes,  should  be  a  priority  to  get  an 

accurate picture of the diversity of viruses on Earth and calculate their global 

richness.
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Figure 6.1: Google Maps plot of the location of the viral metagenomes collected 

so far.
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Appendix 1:    PHACCS

PHACCS, an online tool for estimating the structure and diversity of uncultured 

viral communities using metagenomic information.
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Appendix 2:    MAXIPHI

The Marine Viromes of Four Oceanic Regions.
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Appendix 3:    GAAS

The GAAS Metagenomic Tool and its Estimations of Viral and Microbial Average 

Genome Size in Four Major Biomes.
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