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Abstract.
Metagenomic sequencing now represents a
common, powerful approach for investigating diversity and
functional relationships in marine ecosystems. Highthroughput datasets generated from random fragments of
environmental DNA can provide a less biased view of
organismal abundance (versus PCR-based amplicon sequencing) and enable novel exploration of microbial genomes by recovering genome assemblies from uncultured
species, identifying ecological functions, and reconstructing
metabolic pathways. This review highlights the current state
of knowledge in marine metagenomics, focusing on biological insights gained from recent environmental studies and
detailing commonly employed methods for data collection
and analysis.

phylogenetically informative marker genes from environmental DNA (typically genes encoding ribosomal RNA
subunits or spacer regions, such as 16S for studies of
Bacteria and Archaea, 18S for eukaryotic assemblages, and
ITS for fungi). Although rRNA studies are sometimes mistakenly referred to as “metagenomic” approaches, their reliance on conserved PCR primer sets often precludes the
capture of the total community diversity in an environmental sample (Logares et al., 2013). One striking example is
the recent discovery of the Nanohaloarchaea from metagenomic data; this group of Archaea is abundant in hypersaline habitats but was previously undescribed because it
fails to amplify with standard 16S environmental primer
sets (Narasingarao et al., 2012). Nonetheless, marker gene
studies have provided an unprecedented view of microbial
communities: deep sequencing has enabled the discovery of
new lineages (Jones et al., 2011), provided insight into taxa
comprising the “rare biosphere” (Sogin et al., 2006), identified temporal and depth-related differentiation across bacterial SAR11 ecotypes (Vergin et al., 2013), revealed previously unknown dominance of microbial eukaryote groups
in marine sediments (Platyhelminthes; Fonseca et al.,
2010), and served as a basis for model-based predictions
about global species distributions in bacteria (Ladau et al.,
2013; Sul et al., 2013). A wealth of investigations focusing
on environmental rRNA amplicons have been published,
and a number of authors have reviewed relevant findings
from marine marker gene studies (Gilbert and Dupont,
2011; Caron et al., 2012; Richards et al., 2012) and detailed
marker gene workflows and analyses (Zaneveld et al., 2011;
Bik et al., 2012b; Lladser and Knight, 2013). This review
focuses solely on shotgun metagenomics and will exclude
discussion of amplicon-based approaches.
There exists a suite of review articles covering various
aspects of metagenomic studies, from sampling to downstream bioinformatics workflows (Meyer et al., 2008; Simon

Introduction
High-throughput sequencing technologies have dramatically and fundamentally altered our ability to characterize
global biodiversity and explore ecosystem function. The
generation of millions of DNA sequences is now becoming
a routine part of biological studies across diverse habitats
(Dinsdale et al., 2008; Fierer et al., 2012; Yatsunenko et al.,
2012; Mason et al., 2014). This phenomenon is particularly
apparent in marine ecosystems, where the use of “shotgun
metagenomics” (sequencing random fragments of environmental DNA, herein referred to solely as “metagenomics”)
was pioneered (Breitbart et al., 2002; Venter et al., 2004;
Angly et al., 2006; DeLong et al., 2006), and where the
application of new sequencing technologies continues to
transform our understanding of oceanic habitats.
Perhaps the most ubiquitous application of high-throughput sequencing has been the amplification of conserved,
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and Daniel, 2011; Sun et al., 2011; Thomas et al., 2012;
Hunter et al., 2014). Gilbert and Dupont (2011) even offer
a review of metagenomic reviews, of which there exists a
substantial list. This review does not cover specific methodological workflows or computational tools in detail, but
instead focuses on the biological insights that have been
gained using metagenomic approaches across different marine ecosystems. In addition, since the field of metagenomics itself has been heavily reviewed in past years, this
review focuses only on the most recent studies, generally
from 2011 onward; for an overview of earlier work, Gilbert
and Dupont (2011) present another comprehensive review
of marine metagenomics, although note that the authors
lump both rRNA amplicon studies and shotgun environmental sequencing under the umbrella term of “metagenomics.”

What Is Possible From Metagenomics?
Workflows for analyzing metagenomic data are much
less standardized than those for environmental rRNA amplicons. Most environments harbor a complex and diverse
array of microbial species; gaining adequate sequencing
depth to cover all genomes remains a challenge, and the
heterogeneous nature of metagenomes (in terms of population and strain-level genomic variation) complicates the
process of assembling raw sequence reads into longer contigs (Scholz et al., 2012). Nonetheless, metagenomes can
provide an important source of information, particularly for
studies looking to analyze a subset of data for a specific
purpose. For example, metagenomic data can provide an
alternative, PCR-free method (versus amplicon sequencing)
for assessing the taxonomic composition and diversity of
microbial communities. Pipelines developed for this approach typically mine phylogenetically informative marker
genes from shotgun data (rRNA genes or single-copy protein coding genes, usually representing ⬍1% of a metagenomic dataset (Kembel et al., 2011; Darling et al., 2014).
Other studies focus their analyses on specific genes known
to be involved in important biochemical or metabolic processes. For example, in the context of the Deepwater Horizon oil spill, the identification of benzylsuccinate synthase-like genes (bssA) in metagenomic datasets has been
used to assess the microbial community potential for degrading hydrocarbon compounds (alkylbenzenes; Kimes et
al., 2013). However, the value of metagenomic datasets
goes beyond the questions asked in individual studies. Shotgun data deposited in public archives can be downloaded
and analyzed by any researcher, genomes reconstructed
from environmental datasets help to expand the phylogenetic diversity contained in online databases, and metagenomes from diverse habitats can be used for fragment

recruitment approaches that complement genome sequencing projects.
Metagenomes as a community resource
The Sorcerer II Global Ocean Sampling Expedition
dataset (herein abbreviated as GOS (Rusch et al., 2007;
Yooseph et al., 2007) has been credited with kickstarting
the metagenomic revolution. Despite common gripes about
poor experimental design and a lack of accompanying metadata, such early environmental studies have proven their
long-term utility (Gilbert et al., 2011b). Exploratory biodiversity surveys have accelerated our knowledge of marine
microbiology, greatly expanded the field of microbial ecology, and served as a reference dataset for comparative
metagenomics and annotation (Gilbert and Dupont, 2011;
Gilbert et al., 2011b).
This trend of leveraging public metagenomic datasets
continues. Eloe et al. (2011) used comparative analyses to
identify enrichments of transporter protein classes in deepsea metagenomes, suggesting that this distinction from shallow-water habitats is driven by a cellular need to cope with
increasing hydrostatic pressure. In the same study, metagenomes from the Puerto Rico Trench showed significant
enrichment of transporter proteins related to heavy metal
efflux compared to shallow-water samples. This raises the
possibility that deep-sea organisms must maintain the capacity for heavy metal resistance, potentially due to the
rapid depletion of organic matter in sinking marine snow.
Published shotgun data can also provide an important
source of evidence for assessing the diversity and distribution of uncultured lineages across marine habitats. Lloyd
et al. (2013) used published metagenome data from marine
sediments to search for homologs of Archaeal peptidases
identified through single-cell genome sequencing. This investigation found such peptidases to be widespread, thus
hinting that Archaea have a previously unknown role in
remineralizing proteins in anoxic marine sediments. Finally,
public metagenome datasets can be repeatedly re-analyzed
to ask different questions and assess different fractions of
the community. Ma et al. (2012) focused on plasmid recovery from published pelagic metagenomic datasets (including
GOS data), identifying different levels of complexity in
plasmid assemblages recovered between samples. The authors identified a higher diversity of plasmids in GOS metagenomes, suggesting greater host (microbial) diversity in
these samples. In addition, another marine dataset appeared
to contain a high level of small, cryptic plasmids—such
plasmids do not present an obvious evolutionary advantage
but may lead to increased viral resistance for hosts. In both
cases, analysis of the plasmid fraction within metagenomes
proved useful for making inferences about microbial communities and hypotheses regarding potential evolutionary
dynamics in marine environments.
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Genomes from metagenomes
In recent years, metagenomic sequencing has provided a
novel approach for isolating and reconstructing genome
sequences from uncultured microbial taxa. An increasing
number of researchers are using “binning” techniques to
assemble draft genomes from mixed, metagenomic community samples (Sharon and Banfield, 2013). Reliance on this
approach is partly driven by the fact that single-cell genomics is a difficult process that often results in highly fragmented genomes, and even putatively complete microbial
genomes can remain as non-contiguous sequences in tens to
hundreds of contigs (Rinke et al., 2013). In addition, wholegene amplification steps are often necessary to produce
sufficient material for single-cell library construction (e.g.,
multiple displacement amplification), which can skew sequence data to the point where a significant part of the
genome is underrepresented (Marine et al., 2014). One of
the most commonly employed binning methods is the construction of emergent self-organizing maps (ESOMs; Dick
et al., 2009), a visual map of genome signatures based on
tetranucleotide frequencies of sequence fragments. Due to
the nature of the bioinformatics methods involved, genome
reconstruction is limited by the complexity of the metagenomic sample, and so far has been restricted to lowdiversity environments—acid mine drainage habitats (Tyson et al., 2004); hypersaline lake ecosystems (Podell et al.,
2013)— or samples in which it is comparatively easy to
isolate sequences from the target genome (e.g., bacterial
symbiont genomes from a eukaryotic host, where genome
signatures based on %GC and read coverage are distinct).
A variety of computational techniques can be used to
assess metagenomic datasets, identify targets for genome
reconstruction, and isolate subsets of data for assembling
full or partial genomes. Iverson et al. (2012) constructed
assembly graphs to link contigs putatively representing the
same genome, using information from mate-pair sequencing, read coverage, and nucleotide composition. This resulted in a closed genome from an uncultured representative
of the marine group II Euryarchaeota. Other studies have
been able to recover a large number of putatively complete
viral genomes: 208 phage genomes (Mizuno et al., 2013b);
608 ssDNA viruses (Labonté and Suttle, 2013). Currently, it
is feasible to use such reconstruction approaches only to
recover the small, compact genomes of Bacteria, Archaea,
and viruses; separating larger, more complex eukaryotic
genomes from environmental metagenomes is likely to remain a significant challenge.
In marine ecosystems, genome binning has also been
used to identify and isolate symbiont genomes from host
species. Kwan et al. (2012) utilized shotgun metagenomic
reads from a tunicate species (Lissoclinum patella) to reconstruct the complete genome of an endosymbiotic Alphaproteobacteria. This symbiont, Candidatus Endolissocli-
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num faulkneri, was shown to have undergone a high degree
of genome reduction, but maintained pathways for patellazole biosynthesis (a secondary metabolite that is typically
toxic to eukaryotic cells). In this study, maintenance of the
patellazole pathway suggested that the bacterial compound
may play an important role in host defense. Metagenomic
data have also been used to recover the genome sequences of
chemosynthetic microbial symbionts, most notably from the
gutless oligochaete Olavius algarvensis (Dubilier et al., 2008).
Fragment recruitment: Linking metagenomes with
genomes and single-cell contigs
Fragment recruitment is another important analytical
method in metagenomic studies. In this approach, raw or
assembled sequence reads from metagenomic datasets are
compared to available genome sequences or collections of
contigs and scaffolds (e.g., partially assembled genomes
generated from single-cell sequencing). Regardless of
whether a published genome exists as a complete or draft
sequence, the taxonomic identity or phylogenetic position
of the sequenced organism is known, thus making it possible to link proteins of interest with an organismal ID.
Sequence similarity or protein homology searches are used
to assess whether a sequenced organism (parts of its genome) is represented in metagenomic datasets collected
from diverse environments. Recruitment approaches have
been notable for demonstrating the environmental abundance of particular marine viruses, including SAR11 pelagiphage viruses (Zhao et al., 2013) and the HMO-2011
phage infecting a bacterium in the SAR116 clade (Kang
et al., 2013). In another application, Swan et al. (2013) used
metagenome fragment recruitment to identify correlations
between environmental parameters (seawater temperature
and latitude) and the abundance of specific genomes. Read
recruitment is also critical for interpreting the relevance of
hypothetical proteins, which would otherwise be ignored in
metagenomic datasets due to the lack of functional annotation. In this scenario, fragment recruitment also enables
researchers to determine the source (taxonomic ID) of such
unannotated environmental reads or contigs. For example,
metagenomic fragment recruitment was able to identify a
number of subclade-specific hypothetical proteins corresponding to the SAR11 Ic bathytype, shown to be abundant
in deepwater metagenomes (Thrash et al., 2014). Combining metagenomics and single-cell genome sequencing has
proven to be especially powerful in understudied habitats
such as the deep sea. Due to the paucity of existing genome
sequences for uncultivated taxa from this remote environment, even a handful of contigs from highly fragmented
single-cell genomes can provide valuable information, facilitating deeper exploration of microbial communities and
biogeographic patterns inferred from shotgun metagenomes
(Eloe et al., 2011).
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Metagenomic Studies in Marine Environments
In marine systems, metagenomic data is most commonly
used to compare patterns of diversity across samples (taxonomic, phylogenetic, and functional), and to identify the
presence or absence of specific metabolic pathways that
may help to explain the ecological roles of communities in
a given habitat. Broad-scale diversity assessments and targeted analyses of functional genes are most often carried out
in parallel, since both aspects are important for gaining
knowledge of ecosystem function.
Studies of polluted marine sites provide some of the more
obvious (but nonetheless powerful) insights from metagenomic sequencing. Plewniak et al. (2013) used shotgun
sequencing to compare microbial metabolic potential between two sites on the French Mediterranean coast, one with
heavy arsenic pollution and another with arsenic concentrations well below toxic levels. Genes involved in arsenic
resistance and sulfate reduction were significantly enriched
in the more polluted site, suggesting that the microbial
communities have the capacity to disperse environmental
arsenic and potentially lower its biological toxicity. Other
studies have similarly used metagenomic sequencing to
characterize the functional profiles of microbial communities in polluted habitats, identifying pathways for heavy
metal resistance, stress response, and horizontal gene transfer (Kisand et al., 2012; Thureborn et al., 2013). An increased capacity for horizontal gene transfer appears to be
consistent with harsh environmental conditions; microbial
taxa often show enrichment of genes such as integrases or
transposases that are involved in genetic recombination
events, enabling species to cope with and adapt to extreme
or competitive habitats such as hydrothermal vents (Tang
et al., 2013) and particle-associated microbial communities
(Ganesh et al., 2014).
Sample comparisons obtained through metagenomic sequencing are also helping to define previously unknown
community distinctions and habitat boundaries in marine
environments. Different microbial assemblages were shown
to be abundant in vent water in shallow hydrothermal systems compared to in the overlying surface water, with
further functional differentiation in the pathways for microbial carbon fixation and sulfur metabolism (Tang et al.,
2013). Li et al. (2014) identified an obvious distinction
between host-associated communities and surrounding seawater, identifying symbiotic microbial lineages that were
specific to Lamellomorpha sp. sponge tissues. The methodological scope of a study can also reveal biological partitions in marine ecosystems. In a study by Ganesh et al.
(2014), the filter size used for sampling was strongly correlated with microbial community composition, much more
so than depth of sample collection. In marine environments,
the authors suggest that particle-associated microbial communities (larger filter size fractions) represent an important

microhabitat with a distinct profile of functional genes related to particle adhesion (Ganesh et al., 2014). Other evidence suggests that subsurface deep-sea sediments have a
distinct metagenomic community profile compared to top
sediment layers collected at the interface of water and
sediment (Kimes et al., 2013), and that organic carbon
content of sediments may be important in structuring microbial communities, more so than geography. The functional capacity of marine metagenomic samples has also
been linked to specific environmental parameters such as
oxygen, salinity, and temperature (Thureborn et al., 2013).
Deep-sea metagenomic profiles have so far indicated that
microbial taxa maintain an expanded metabolic repertoire
indicative of an opportunistic lifestyle, and that taxa are
subjected to relaxed purifying selection, in contrast to shallow-water communities (Eloe et al., 2011).
Analysis of the phylogenetic diversity within metagenomic datasets suggests that in the water column, microbial assemblages in shallower depths consist of taxa that are
more closely related than those in deep-sea communities,
which show more phylogenetic breadth and whose species
are more distantly related (Kembel et al., 2011). However,
patterns of phylogenetic diversity are not always straightforward—microbial assemblages appear to vary significantly according to the size fraction sampled, and these
fractions can show contrasting patterns of diversity across
environmental gradients (Allen et al., 2012; Ganesh et al.,
2014).
Metagenomics has challenged our view of community
ecology, suggesting that hypotheses derived from larger,
eukaryotic taxa do not always hold true at the microbial
level. Burke et al. (2011) reported that microbial communities associated with the macroalga Ulva australis were
conserved at the level of functional genes, rather than comprising a specific set of taxa. The authors hypothesize that
microbial colonization events are in fact a lottery, such that
species with the necessary functional capacities who are the
first to claim space on a host are the ones that are ultimately
successful. Metagenomic studies are also shedding light on
functional ecology in marine habitats by describing metabolic pathways and energy utilization by microbial communities, particularly in regard to pathways related to nitrogen
and sulfur cycling (Allen et al., 2012; Ugalde et al., 2013;
Ganesh et al., 2014; Li et al., 2014).

Case study: Deepwater Horizon
The 2010 Deepwater Horizon (DWH) oil spill represents
a unique case study for the application of new sequencing
technologies in marine environments. At the time of the
spill, sampling methods and computational workflows were
robust enough to facilitate widespread use of 454 and Illumina sequencing to investigate post-spill environmental
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impacts in the Gulf of Mexico. Unsurprisingly, highthroughput rRNA marker gene surveys were a common
approach for describing microbial communities as the oil
spill progressed, identifying Colwellia and Oceanospirillales taxa as hydrocarbon-degrading bacterial taxa that became enriched in the deepwater “oil plume” (Hazen et al.,
2010; Baelum et al., 2012). Other rRNA amplicon studies
assessed the potential impact of oil on human gut microbiota (Kim et al., 2012), the effects of COREXIT dispersants
on bacteria (Hamdan and Fulmer, 2011), the bacterial community structure and response in Gulf of Mexico sediments
(Kostka et al., 2011; Liu and Liu, 2013), and shifts in the
microbial eukaryote community between pre-spill and postspill beach sediments (Bik et al., 2012a).
Another group of studies focused on shotgun metagenomic sequencing, either alone or in conjunction with
rRNA amplicons. Kimes et al. (2013) used an approach that
combined metagenomic sequencing, clone library construction to search for functional genes, and metabolite profiling
to assess the impact of the DWH oil spill on deep-sea
sediments in the Gulf of Mexico. Although only three
samples were included in this analysis, the results showed
clear differentiation between samples on the basis of distance from the wellhead. Anaerobic metabolism was identified as a putatively important mechanism for hydrocarbon
degradation in deep-sea sediments, compared to predominantly aerobic processes that governed oil-plume and surface oil degradation. Furthermore, the authors noted parallels between the microbial response in oil-contaminated
sediments and communities observed in natural hydrocarbon seeps, where in both cases Deltaproteobacteria appear
to assume a dominant role in degrading hydrocarbon compounds. Although oil-degrading Oceanospirillales bacteria
appeared to be present in deep-sea sediments, the abundance
of this taxon was quite low (⬍2% of sequences (Kimes
et al., 2013)) in contrast to the overwhelming dominance
observed in the deepwater oil plume (⬎90% of sequences;
Hazen et al., 2010).
In another investigation of deep-sea sediments, Mason et
al. (2014) generated an unprecedented amount of metagenomic data, obtaining 1 Tb of sequence data across 14
samples. In sediments that exceeded EPA standards for
polycyclic aromatic hydrocarbon (PAH) toxicity, enrichment analyses found that genomic pathways for metabolism
of hydrocarbon compounds were significantly more abundant in these samples. Metagenomics showed that sediment
communities possessed specific pathways for cyclohexane
degradation, and other general capabilities for degrading
aliphatics and simple aromatics. Genes for PAH degradation were not predominant or enriched for between oiled
and non-oiled samples, supporting previous evidence that
PAHs have been recalcitrant and persistent in marine sediments after the DWH oil spill (Montagna et al., 2013).
Predictive relative metabolomic turnover (PRMT) analysis
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(Larsen et al., 2011) was additionally used to demonstrate
significant shifts in nitrogen cycling pathways resulting
from hydrocarbon contamination. In terms of microbial
community response, Colwellia bacteria appeared to play an
important role in degrading hydrocarbon in sediments, potentially settling onto sediments via marine snow flocs originating from the deepwater oil plume. Joint deposition of
bacteria and hydrocarbons may thus promote breakdown of
some oil compounds in deep-sea sediments.
In an investigation of the deepwater oil plume, a combination of metagenomics, metatranscriptomics, and singlecell sequencing was used to explore the pathways for
hydrocarbon degradation present in Oceanospirillales genomes (Mason et al., 2012). This integrated approach was
successful in reconstructing the near-complete microbial
pathway for cyclohexane oxidation in Oceanospirillales,
shedding light on the rapid response by these taxa during the
initial deepwater dispersion of oil. In addition, metagenomic
data were able to illustrate biases in the metabolism of
various hydrocarbon compounds. Pelagic microbial communities in the deepwater oil plume showed an enrichment
of genes involved in alkane degradation and a much lower
capacity to degrade aromatic compounds, suggesting that
the biodegradation of certain hydrocarbon classes is likely
to be much slower in some marine ecosystems (Mason
et al., 2012).
Taken together, these results provide significant insights
into the biological responses following the 2010 oil spill in
the Gulf of Mexico. Our knowledge of oil spill impacts
continues to expand, with new data on DWH impacts
emerging as new studies are published.
Case study: Viral metagenomics
Metagenomic approaches have transformed our understanding of viruses in marine ecosystems, significantly advancing our knowledge of diversity, abundance, and virushost interactions. Viral metagenomics represents another
prominent case study due to the methodological challenges
involved—viral fractions are difficult to work with because
of low nucleic acid yields, often requiring amplification of
environmental DNA (multiple displacement amplification,
which may preferentially recover single-stranded DNA viruses (Mizuno et al., 2013b; Yoshida et al., 2013). Given
the predicted diversity of viruses and the lack of any common gene families across the taxonomic classification, viral
databases are extremely sparse (even compared to those for
eukaryotes) and known sequences likely represent a very
small fraction of global viral diversity (Hurwitz and Sullivan, 2013). Metagenomic studies routinely turn up putative
viral sequences with no known homologs in public databases (Williamson et al., 2012; Hurwitz and Sullivan,
2013). To circumvent some of these challenges, viral metagenomics often invokes novel methods to narrow the target
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genomes being sequenced (comparing size fractionations
(Williamson et al., 2012); pulse field gel electrophoresis
fractions (Ray et al., 2012); reliance on physical linkage
information to facilitate bioinformatic analyses, via metagenomic sequencing of individually barcoded fosmid libraries (Ghai et al., 2010; Mizuno et al., 2013a, b; Zhao et al.,
2013)). However, current environmental sequencing methods remain biased toward DNA viruses, and the diversity
and role of RNA viruses in marine environments remain
poorly investigated (Lang et al., 2009).
Viral metagenomic studies have investigated a variety of
habitats. A significant number of studies have characterized
viral assemblages in ocean surface waters and throughout
the water column (Breitbart, 2012; Williamson et al., 2012;
Hingamp et al., 2013; Hurwitz and Sullivan, 2013; Labonté
and Suttle, 2013; Mizuno et al., 2013b), while others have
focused sequencing efforts on benthic sediments (Yoshida
et al., 2013), hydrothermal vent plumes (Ray et al., 2012),
and metazoan hosts (Dunlap et al., 2013). Viruses in the
water column appear to exhibit a high level of local diversity, with community structure potentially driven by smallscale selective pressures; evidence, however, suggests the
existence of a shared, global gene pool for marine viruses
that seems to constrain overall diversity (Breitbart, 2012).
Breitbart (2012) provides a comprehensive review on the
current state of knowledge for marine phages in the pelagic
environments (spatial patterns of abundance and diversity),
including a discussion of emerging work related to the role
of adaptive microbial immune systems (CRISPRs and Casassociated genes) that govern virus-host interactions (see
also Kang et al., 2013). As a result of lower sampling
efforts, much less is known about viral assemblages in
marine sediments, although benthic communities appear to
be distinct from pelagic viromes (Yoshida et al., 2013). In
addition to the differentiation seen in viral assemblages
across habitat types, size fractionation and serial filtration of
samples has revealed significant differences in taxonomy
and metabolic pathways between viral communities recovered across different filter sizes (Williamson et al., 2012).
Such differentiation between size fractions likely reflects
the partitioning of hosts during sampling, with larger fractions containing a high proportion of viruses infecting eukaryotic taxa such as phytoplankton and protists. Viruses
infecting eukaryotic hosts remain less well characterized,
although recent metagenomic efforts have begun to elucidate the distribution of nucleo-cytoplasmic large DNA viruses (NCLDVs) and Mimivirus gene homologs in pelagic
samples as part of the Tara Oceans project (Hingamp et al.,
2013).
Integrating “– omic” Approaches
The use of multiple “– omic” datasets is being increasingly adopted by researchers looking to deeply characterize

marine ecosystems, as high-throughput sequencing fields
move more toward “systems ecology.” Metagenomic datasets are useful for assessing the functional potential of a
community, as determined by the presence or absence of
genes encoding specific biochemical pathways. However,
shotgun sequencing of environmental DNA does not relay
information about the active members of the community,
nor does it always produce a comprehensive list of the taxa
within a sample (particularly for eukaryote-focused studies
or diverse environmental communities in which metagenomic sequencing depth per genome is low). Generating
parallel, complementary datasets from environmental samples is an effective approach for overcoming the inherent
limitations of any given data type. For example, marker
gene amplicons (typically rRNA) provide a thorough assessment of biodiversity, especially in regard to “rare biosphere” taxa (Sogin et al., 2006) that may not be recovered
from shotgun metagenomic sequencing. Metatranscriptomics, environmental sequencing of mRNA gene transcripts,
returns a snapshot of gene expression and enables the characterization of active species and their metabolic processes
(e.g., Marchetti et al., 2012; Sanders et al., 2013). In addition, expressed transcripts can be used as a databaseindependent method for annotating and validating genes
present in accompanying metagenomic datasets (Moran,
2009). Furthermore, the relative abundance of sequence
reads can vary between metagenomic and metatranscriptomic datasets and provide a way to assess variance in
transcriptional activity across taxa, particularly for dominant species in the microbial community (Shi et al., 2011).
Gilbert et al. (2010) were the first authors to obtain
multiple data types to describe microbial community assemblages, utilizing a time series of pelagic samples collected
from the western English Channel. The integration of 16S
rRNA amplicons, shotgun metagenomics, and metatranscriptomics facilitated a deep exploration of temporal and
seasonal patterns in this marine system. Metagenomic data
and 16S amplicons were most useful for assessing seasonal
shifts in microbial assemblages, while metatranscriptome
data appeared to better reflect diurnal rhythms seen across
functional gene categories. Notably, higher diversity in amplicon datasets was also supported by higher diversity of
gene transcripts in metatranscriptomes. Mason et al. (2012)
used a similar integrated – omic approach to investigate the
bacterial response to the deepwater oil plume following the
Deepwater Horizon oil spill, as detailed previously.
Beyond the generation of parallel – omic datasets, modeling approaches can also be applied to predict patterns in
the absence of data. Software tools such as PICRUST allow
users to predict the functional potential of a microbial
community solely on the basis of 16S rRNA amplicon data,
via simulated metagenomic analysis based on known microbial genome sequences (Langille et al., 2013). Another
modeling method that has been applied in the western

113

MARINE METAGENOMICS REVIEW

English Channel is PRMT (Larsen et al., 2011), which uses
metagenomic data to generate putative metabolite profiles
of microbial communities, helping to generate biologically
testable hypotheses and identify correlations between metabolite turnover and measured environmental parameters.
Artificial neural networks have additionally been used to
predict microbial communities and species interactions
from environmental parameters (Larsen et al., 2012b).
Since data generation and analysis can be a slow process,
some authors have even argued for the large-scale development of computational statistical methods (general ecosystem models, Purves et al., 2013) for use in generating and
testing predictions about vast, undescribed ecosystems such
as the deep-sea. Predictive ecosystem modeling is an emerging research area, which will no doubt benefit by the continuing expansion of environmental sequencing, an increased emphasis on detailed metadata collection, and
experimental characterization of microbial metabolism
(Larsen et al., 2012a).
Integrating “– omic” datasets remains a relatively new
concept, and thus many challenges remain. For both metatranscriptomic studies and metagenomic studies, it can be
difficult to obtain sufficient sequencing depth and read
coverage for diverse environmental community assemblages (needed for characterizing rare taxa and raising statistical confidence in unique, low-coverage reads), and the
ubiquitous occurrence of “hypothetical protein” annotations
makes it difficult to infer the function of genes with potentially important ecological relevance (Shi et al., 2011).
Some authors have argued for an even wider expansion of
integrated – omics, advocating the systematic analysis of
proteomes, metabolomes, and other measurements of phenotypic traits alongside nucleotide sequence data (Muller
et al., 2013).
Challenges and Future Outlook
Although metagenomic approaches are being increasingly applied to marine ecosystems, a number of challenges
remain. First, the interpretation of shotgun data is still
limited by public sequence databases (sequenced genomes
and their corresponding annotation), and the identification
and interpretation of eukaryotic data from metagenomes
remains especially difficult (Gilbert and Dupont, 2011). For
microbial eukaryotes in particular, the lack of consistency in
taxonomic ranks and nomenclature schemes has further
hampered the use of automated classification pipelines for
environmental sequence data (Yilmaz et al., 2013). To
increase our capacity to conduct meaningful analyses, Gilbert et al. (2011a) make a plea for infrastructure investment
in database resources and the expansion and annotation of
these resources by the scientific community. Secondly, carrying out integrated, broad-scale taxonomic analyses of
metagenomes currently requires disparate workflows; anal-

yses of Bacteria, Archaea, Eukaryotes, and Viruses must be
conducted in separate pipelines, despite the need to concurrently assess patterns across all taxa (Scholz et al., 2012). In
addition, automated pipelines themselves come with many
limitations: software workflows can offer a brief overview
of functional differences across samples, but manual steps
and deeper analysis are almost certainly required to tease
out more subtle biological patterns from metagenomic datasets (Plewniak et al., 2013). Finally, future environmental
sequencing studies must emphasize better experimental design and more comprehensive metadata collection (Knight
et al., 2012). This goal is already being realized in some
projects, although replication and measurement of environmental parameters is likely to remain challenging for some
inaccessible and remote marine habitats. As the price of
sequencing (per base) continues to drop, future metagenomic studies will likely see the cost of bioinformatic
analyses outstrip that of data generation. Nonetheless, the
field of metagenomics continues to advance rapidly, and
this rate of progress is steadily reflected in our deepening
knowledge of marine ecosystems.
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