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Abstract
Metagenomics has revolutionized microbiological studies during the past decade and
provided new insights into the diversity, dynamics, and metabolic potential of natural
microbial communities. However, metagenomics still represents a field in development,
and standardized tools and approaches to handle and compare metagenomes have
not been established yet. An important reason accounting for the latter is the contin-
uous changes in the type of sequencing data available, for example, long versus short
sequencing reads. Here, we provide a guide to bioinformatic pipelines developed to
525
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accomplish the following tasks, focusing primarily on those developed by our team:
(i) assemble a metagenomic dataset; (ii) determine the level of sequence coverage
obtained and the amount of sequencing required to obtain complete coverage;
(iii) identify the taxonomic affiliation of a metagenomic read or assembled contig;
and (iv) determine differentially abundant genes, pathways, and species between dif-
ferent datasets. Most of these pipelines do not depend on the type of sequences avail-
able or can be easily adjusted to fit different types of sequences, and are freely available
(for instance, through our lab Web site: http://www.enve-omics.gatech.edu/). The lim-
itations of current approaches, as well as the computational aspects that can be further
improved, will also be briefly discussed. The work presented here provides practical
guidelines on how to perform metagenomic analysis of microbial communities charac-
terized by varied levels of diversity and establishes approaches to handle the resulting
data, independent of the sequencing platform employed.
1. INTRODUCTION

Culture-independent whole-genome shotgun (WGS) DNA sequenc-
ing has revolutionized the study of the diversity and ecology of microbial

communities during the last decade (Handelsman et al., 2007). However,

the tools to analyze metagenomic data are clearly lagging behind develop-

ments in sequencing technologies, and several important bioinformatic chal-

lenges remain (Hugenholtz & Tyson, 2008; Kunin, Copeland, Lapidus,

Mavromatis, & Hugenholtz, 2008). For instance, metagenomic studies of

environmental samples typically recover only short (e.g.,<10 kb long) frag-

ments of the genome, which only rarely contain rRNA genes, the backbone

of bacterial identification and taxonomic classification (Brenner, Staley, &

Krieg, 2001), either because of chance (<0.1% of the genome is represented

by rRNA genes) or the high similarity among rRNA genes from distinct

organisms that prevents their correct assembly from metagenomic data

(Miller, Baker, Thomas, Singer, & Banfield, 2011). Accordingly, identifying

and studying novel taxa based onmetagenomic approaches remain challeng-

ing due to the lack of appropriate non-rRNA-based methods and reference

genomes.

Most metagenomic surveys to date have sampled only a small fraction of

the total diversity within the target community, especially in highly complex

soil/sediment microbial communities (Delmont, Simonet, & Vogel, 2012;

Tyson et al., 2004), and the amount of additional sequencing required to

cover the whole diversity has typically remained speculative. Generally

speaking, this fraction is termed coverage and depends on both the

http://www.enve-omics.gatech.edu/
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sequencing effort and the diversity of the microbial community in the sam-

ple. Incomplete coverage does not prevent researchers from reaching valu-

able conclusions about the communities under study, but it constitutes a

source of uncertainty and limits several downstream analyses such as assessing

the importance of low-abundance (rare) community members. Estimating

the diversity of a sample in terms of the number of species or operational

taxonomic units (OTUs) present is challenging. Current approaches mainly

rely on the construction of rarefaction curves (or similar approaches) based

on the identification of OTUs (e.g., Caporaso et al., 2010; Schloss &

Handelsman, 2005). The application of these techniques in short-read

datasets, however, requires either the use of a reference database (to

assign/recruit reads to reference sequences and then cluster reference

sequences in OTUs) or clustering of assembled sequences (reference-free

approach). The former is biased by the limited number of reference genes

available in the databases, with the probable exception of the 16S rRNA

gene (Cole, Konstantinidis, Farris, & Tiedje, 2010). The latter is biased

by the use of phylogenetic markers that are much more conserved than

the average gene in the genome (in order to be sufficiently similar to allow

clustering/alignments) such as the ribosomal rRNA genes. However,

important levels of genomic and ecological differentiation frequently under-

lie identical 16S rRNA gene sequences (Acinas et al., 2004; Konstantinidis,

Ramette, & Tiedje, 2006).

A related challenge for metagenomics is how to identify differentially

present genes, pathways, and species between datasets. The issue is compli-

cated not only by the low coverage achieved in typical metagenomic datasets

but also by the difficulty in defining microbial species (hence, OTUs are typ-

ically preferred instead; reviewed in Caro-Quintero &Konstantinidis, 2012;

Gevers et al., 2005; Rossello-Mora & Amann, 2001) and the short-read

length of current next-generation sequencing (NGS) technologies, which

limits identification and quantification of target phylogenetic markers. For

instance, short-read (i.e., 50–200 bp) NGS technologies have become

increasingly popular due to their high throughput and low cost per

sequenced base, but it remains unclear whether these technologies can be

used to routinely and robustly assemble complete gene and/or individual

genome sequences from complex communities. The low coverage typically

achieved inmetagenomic studies also represents a major challenge for assem-

bly, in addition to short-read length (Delmont, Prestat, et al., 2012). NGS

technologies are also changing continuously and, thus, their sequencing

errors and artifacts need to be examined, and the associated bioinformatic
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pipelines to be updated, on a regular basis (e.g., Luo, Tsementzi, Kyrpides,

Read, & Konstantinidis, 2012).

Here, we describe the bioinformatic approaches others and we have

developed to achieve several of the tasks mentioned earlier, focusing pri-

marily on “how to” accomplish the tasks and the limits of each approach,

depending on the coverage obtained, type of sequencing technology

employed, and objective of the study. A fundamental concept underlying

our own approaches is the sequence-discrete populations. Our recent

review and synthesis of the major metagenomic studies performed to date

on various populations and habitats revealed that natural microbial com-

munities are predominantly composed of discrete populations, with the

intrapopulation sequence diversity typically ranging between �95% and

�100% genome-aggregate average nucleotide identity, or gANI, depending

on the population considered (Caro-Quintero & Konstantinidis, 2012;

Konstantinidis & DeLong, 2008). The 95% gANI level corresponds tightly

to 70% DNA–DNA hybridization, which is commonly used to demarcate

bacterial species (Goris et al., 2007). Whether or not these populations

should be equated to species remains unclear (Caro-Quintero &

Konstantinidis, 2012), but the 95% gANI level appears to represent robust

means to define populations, and hence, OTUs. Accordingly, we employed

95% gANI as needed during our analyses, and our pipelines employ genomic

relatedness measures such as gANI, which offers important advantages com-

pared to traditional approaches based on rRNA genes for the same purposes.

2. HOW TO ASSEMBLE A METAGENOMIC DATASET

Due to the large difference between the desired sequence length for
analysis (e.g., the average bacterial gene length is 950 bp and a typical

Escherichia coli genome is around 4.5 Mbp) and the sequencing read length

provided by NGS (e.g., frequently <200 bp long), assembling WGS reads

is usually the first step of metagenomic studies and represents the foundation

for various downstream analyses. It is a critical yet challenging step, largely

due to short read length and the fact that metagenomes represent mixtures of

different genotypes, some closely related to each other. The objective is to

obtain assemblies with long average contig length (typically measured by

N50, which is defined as the longest length for which the collection of

all contigs of that length or longer contains at least half of the total of the

lengths of the contigs) and high quality (e.g., low frequencies of chimeras

and base call errors).
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Depending on the number of taxa present in the target community lac-

king sequenced representatives, the assembly process may be reference

guided or de novo, or a mixture of both. When appropriate representatives

are available (we recommend >90% gANI between reference genome and

target population), reference-guided assembly is usually optimal. For

instance, more than 3000 reference genomes are currently, or will be soon,

available as part of the HumanMicrobiome Project (HMP; www.hmpdacc.

org). Therefore, to reconstruct bacterial genotypes from human micro-

biome datasets, it is common to first prepare a nonredundant set of reference

genome sequences at a given clustering threshold (e.g., 95% gANI) and then

map the metagenomic reads to these references using mapping tools such as

BLAST (Altschul et al., 1997), BLAT (Kent, 2002), MAQ (Li, Ruan, &

Durbin, 2008), or Burrows–Wheeler transformation-based algorithms,

which are suitable for fast short-read mapping (e.g., Illumina or ABI SOLiD

platforms), including BWA (Li & Durbin, 2009) and Bowtie (Langmead &

Salzberg, 2012). Reads mapped to a reference can then be binned together

for population assembly (see below), substantially reducing complexity and

hence, improving assembly quality. A second round of assembly can be sub-

sequently applied, as necessary, in which the resulting contigs are assembled

together with all reads in an attempt to recover genomic islands present in

the target population but absent from the reference genome (and thus,

missed during the reference-guided assembly).

A more challenging scenario occurs when few or no available references

exist and thus, de novo assembly is needed, as is often the case for

metagenomes from most natural habitats. In general, de novo assemblers fall

into two categories: overlap-based and graph algorithm-based (Miller,

Koren, & Sutton, 2010). The former perform well with long sequences such

as those generated by Roche 454 and Sanger sequencers (Luo, Tsementzi,

Kyrpides, & Konstantinidis, 2012). Exemplary assemblers of this category

include the widely used Newbler package (Margulies et al., 2005), Celera

assembler (Myers et al., 2000), and Arachne (Batzoglou et al., 2002). Graph

algorithm-based assemblers have recently gained popularity for meta-

genomic studies mainly due to the prevalence of short-read sequencing data.

Early generation assemblers from this category employed greedy algorithms

and include SSAKE (Warren, Sutton, Jones, & Holt, 2007), VCAKE ( Jeck

et al., 2007), and SHARCGS (Dohm, Lottaz, Borodina, & Himmelbauer,

2007). They were later outperformed by de Bruijn graph-based algorithms

such as Velvet (Zerbino & Birney, 2008), Euler (Chaisson, Brinza, &

Pevzner, 2009; Chaisson & Pevzner, 2008), SOAPdenovo (Li et al., 2010),

http://www.hmpdacc.org
http://www.hmpdacc.org
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ABySS (Simpsonet al., 2009), andAllPaths (Butler et al., 2008), eachofwhich

builds its core data structure using different variations of a K-mer graph.

A K-mer graph is composed of nodes, which are short nucleotide sequences

(K-mers), and edges, which connect the nodes. Transitional relationship is a

commonly implemented approach to connect two K-mers; for example,

the 4-mer ATGA can transition to the 4-mer TGAC by removing the

50-end letter A and adding the 30-end letter C.

The latter tools were originally designed for assembly of single genomes, not

metagenomes; and several properties of metagenomes violate basic assumptions

of the corresponding algorithms. For instance, Velvet assumes even coverage

along the target genome—an assumption that does not hold true for

metagenomes, where the relative abundance of each species is almost always dif-

ferent (uneven). Several methods were more recently developed to overcome

these limitations. For example, Meta-IDBA (Peng, Leung, Yiu, & Chin,

2011) and MetaVelvet (Namiki, Hachiya, Tanaka, & Sakakibara, 2012) tackle

the problem by first isolating graphs into components that likely belong to the

same population (or coverage bin) and then performing a variant-tolerating

assembly for each individual component. In our previous study, we developed

a robust hybrid protocol that combines the power of de Bruijn graph algorithms

(Velvet and SOAPdenovo) and overlap-based approaches (Newbler package) to

provide higher-quality assemblies, with larger N50 values (Luo, Tsementzi,

Kyrpides, & Konstantinidis, 2012). In short, this protocol first removes redun-

dancy among preassembled contigs from several independent runs of Velvet

for preferably its metagenomic variant MetaVelvet (Namiki et al., 2012), and

SOAPdenovo using a wide range ofK-mers from 21 to 63 (three runs per algo-

rithm are recommended) and then combines and assembles the remaining con-

tigs into final contigs using Newbler. This hybrid protocol showed a twofold

increase in average contig length and returned about 50%more assembled reads,

while maintaining similar assembled sequence quality when compared with

assemblies solely constructed using Velvet or SOAPdenovo in various

metagenomes, including freshwaterplanktonic (Ohetal., 2011)andoceanbeach

sand samples (Rodriguez-R, Konstantinidis, et al., unpublished).

The ultimate goal in metagenome assembly is to recover whole-genome

sequences. Initially, these efforts were focused on relatively simple commu-

nities, such as the acid mine drainage system (Denef & Banfield, 2012;

Simmons et al., 2008), archaeal symbionts of marine sponges (Hallam

et al., 2006), and the gut microbiome of premature infants (Morowitz

et al., 2011), and combined manual inspection with popular assembly soft-

ware. It is important to note that in all these studies, a mosaic genome
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representing the average genome of the target population, rather than a sin-

gle genotypic variant present in the sample, was recovered.

More recently, successful assembly of genomes from complex commu-

nities using more automated approaches has been reported. For instance,

Iverson and colleagues were able to recover nearly completed genomes of

marine Euryarchaeota, Thaumarchaeota, and Flavobacteria, each representing

4–10% of a surface water metagenome, by using paired-end read informa-

tion of a jumping library (insert size 2–3 kb as opposed to the typical

�300 bp size) to link precontigs (Iverson et al., 2012). Wrighton and col-

leagues recovered 49 incomplete genomes from groundwater metagenomes

(completeness level varied between 41% and 95%) spanning different phyla

by integrating self-organizing, map-based sequence binning methods and

iterative coassembling techniques (Wrighton et al., 2012). As metagenomic

sequencing becomes more and more affordable, related metagenomes along

spatial and temporal (i.e., time-series) gradients will be increasingly com-

mon. Hence, there is a need to develop robust genome assembly methods

suitable for time-series metagenomes.

In our experience, it is nearly impossible to obtain assemblies that

resolve the genomes of closely related, co-occurring genotypes (strains)

of the same population for almost any sample or method employed as

the intrapopulation divergence is usually too small for assemblers to differ-

entiate, frequently at the same level as sequencing errors. However, in

some special cases of low-diversity communities or deep-branching

populations (i.e., no close relatives co-occurring in the community), it

has been possible to resolve a small set of target gene sequences at the strain

level with the aid of visualization tools such as Strainer (Eppley, Tyson,

Getz, & Banfield, 2007) or computationally intensive expectation–

maximization (EM) algorithm-based methods such as EMIRGE (Miller

et al., 2011). We have also recently performed a comprehensive in silico

evaluation of the strain level resolution of our hybrid assembly protocol

for different scenarios of intrapopulation genetic structure, and the reader

is directed to the original publication for further details (Luo, Tsementzi,

Kyrpides, & Konstantinidis, 2012).

Metagenomic assemblies should be carefully evaluated before being used

for further analysis. Factors that can affect assembly quality include the

intrinsic characteristics of the target community (e.g., richness and evenness

of species, GþC% content and size of genomes, and abundance of repeated

sequences), the experimental design (e.g., sequencing throughput, library

size, and the choice of sequencing platform), and the parameter settings
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of the assembler. To evaluate the effect of these factors, simulated systems

have been extensively used. For instance, Charuvaka and Rangwala evalu-

ated the relationship between assembly quality (e.g., chimera frequency,

average contig length) and community complexity and choice ofK-mer size

using simulated reads (Charuvaka & Rangwala, 2011). In our previous

study, we spiked-in real Illumina reads of isolate genomes into Illumina

metagenomes, instead of using simulated reads (Luo, Tsementzi,

Kyrpides, & Konstantinidis, 2012), and this approach provides reliable

means to evaluate several parameters of the assembly (Fig. 23.1). The eval-

uation showed that, with about 20� coverage of the target population, its

genome can be recovered at high-draft status (Branscomb & Predki, 2002),

while at lower coverage levels, chimeric contigs increase in frequency and

probably cause, in part, community diversity to be (artificially) over-

estimated. The relationships among population coverage and different types

of sequencing errors and artifacts were examined more thoroughly for

100-bp-long Illumina data, and the reader is referred to the original publi-

cations for further details (Luo, Tsementzi, Kyrpides, & Konstantinidis,

2012; Luo, Tsementzi, Kyrpides, Read, et al., 2012).
“Spiked-in”  
metagenome

Reference genome

Compare

Assembly
pipelines 

Metagenomic assembly Reference assembly

Reference genome

Metagenome

(e.g., E. coli)

Figure 23.1 An approach to assess assembly parameters and output based on in silico-
generated “spiked-in”metagenomes. To assess the impact of assembly parameters (e.g.,
K-mer, consensus cutoff, and minimum coverage), reads of reference genome(s), gen-
erated ideally from the same sequencing platform as the target metagenome, are
spiked into the metagenome to form an in silico dataset. This in silico dataset is sequen-
tially assembled, and the assembled contigs are compared against the reference
genome sequence or the contigs assembled from the reference genome data alone.
Note that a similar approach can be used for other purposes, for instance, to assess tools
for functions other than assembly.
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3. HOW TO DETERMINE THE FRACTION OF THE
COMMUNITY CAPTURED IN A METAGENOME
Almost all metagenomic datasets published today lack completeness,

that is, they do not capture all the DNAmolecules or species within the tar-

get community. Several approaches have been devised to assess the level of

community coverage, depending on the specific aim of the study and the

additional information available about the community.

3.1. Single species analysis
In the simplest case, the objective is to determine the whole-genome cov-

erage of one or a few target species or, more precisely, the coverage breadth,

to differentiate from the average number of times each position is sequenced

(called sequencing depth and sometimes referred to as coverage depth); the

captured fraction of the remaining genomes of the community is not rele-

vant. In 1988, Lander and Waterman (1988) provided a model aiming to

solve this problem. In this model, the coverage breadth of a genome can

be predicted from the sequencing depth. The latter can be easily estimated

as the total size of the dataset multiplied by the abundance of the target spe-

cies and divided by its genome size. For example, if a species constitutes

about 4% of the community, with a genome of 4 Mbp, the expected

sequencing depth in a metagenome of 300 Mbp would be 3�. That is,

each position of the genome is sequenced three times, on average. Next,

the following expression can be applied to predict the coverage breadth:

Covbreadth¼ 1� e�Covdepth

For the given example above, the expected coverage breadth will be

95%. Although the Lander–Waterman model is still widely used, more

refined models have been proposed (e.g., Wendl, 2006; Wendl, Kota,

Weinstock, & Mitreva, 2012; Wendl et al., 2001), but no software

implementations of the latter models are currently available.

3.2. Whole community analysis based on single gene markers
Amore complex, but also more common, scenario is to target a specific gene

marker, as opposed to a given taxon, to assess its total diversity and/or new

variants in the sample. Typical examples include the analysis of rRNA genes,

which can also provide taxonomic information, and thus, estimations of the

total number of taxa in the community. All gene-based analyses have a
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common step, that is, to cluster sequences into OTUs. This allows the appli-

cation of a well-known family of indexes derived from the nonparametric

Good’s coverage estimator (Good, 1953). Good’s estimator has been shown

to be statistically efficient (Esty, 1986), and yet it benefits from its simplicity:

eC¼ 1� n1

N

where n1 is the number of clusters (or OTUs) found with only one observa-

tion and N is the total number of clusters or taxa, if clustering was based on

rRNAgene sequences, found. Alternatively, one can estimate the total num-

ber of clusters or taxa (as opposed to coverage) using the Chao1 index (Chao,

1984), which is derived fromGood’s estimator. This is remarkable, because it

means that the number of clusters in the unobserved part of the community

can be estimated from the distribution of the observed clusters.Most practical

applications, however, onlymarginally benefit from capturing extremely rare

variants. In otherwords, the objective is usually to capture near-completeness

as opposed to full completeness. This differencemay seem subtle but, because

of the long-tail distributionof clusterswithinmany communities, it can trans-

late to several orders of magnitude difference in sequencing effort. A more

useful representation for this purpose are collector’s curves (also referred to

as rarefaction curves),which are derived from the capture–recapturemethods

of population ecology and essentially represent plots of the number of clusters

observed as a function of sample size.Mothur (Schloss et al., 2009) is a popular

package to generate collector’s curves from sequencing data, but the same or

similar methods have been implemented in a wide variety of packages and

libraries. Essentially, these curves allowvisual inspection of the level of sample

saturation by sequencing because a more pronounced plateau (if any) indi-

cates more saturated sampling (hence, near-completeness). This concept

was recently generalized as “complexity curves” in the package preseq

(Daley&Smith, 2013), providing amethod to accurately project these curves

to completeness, assuming sampling is unsaturated and the curve is close

enough to saturation for the projection to be reliable.
3.3. Whole community analyses based on whole genomes
A more challenging scenario is to estimate the coverage at the whole-

genome level in shotgun metagenomes, where the genome size and abun-

dance of each member of the community are typically inaccessible and

clustering is not feasible. There are three main solutions to this problem.

The first is to approximate the distribution of abundances and genome sizes.



535A User’s Guide to the Analysis of Metagemones

Author's personal copy
This technique is exemplified by the work of Stanhope (2010), and for the

most part by the work of Hooper et al. (2010), and represents an intuitive

solution but current implementations largely depend on the availability of

optimal assemblies, making it inappropriate for very small datasets and/or

very complex communities. A second solution is to identify gene markers

sufficiently general to allow characterization of the captured portion, and

subsequently apply techniques derived from targeting single gene markers

(discussed earlier). For example, clusters can be formed using rRNA gene

sequences extracted from the shotgun datasets. Alternatively, genomic-

based taxonomic classifications can be used to define clusters. However,

the latter approach depends on a comprehensive database of reference

genomes, which is typically not available for most natural communities, uses

only a small fraction of the datasets, and is subject to large influence of ran-

domness. Nonetheless, in both cases described earlier, coverage and richness

can be predicted and collector’s curves can be constructed and projected.

Finally, intrinsic characteristics of themetagenomes can be used to estimate

the captured fraction, sidestepping the biases introduced by suboptimal assem-

blies or incomplete reference databases. We recently presented Nonpareil

(Rodriguez-R & Konstantinidis, unpublished), a method that examines the

redundancy among all reads of ametagenome to estimate the average coverage

of thegenomes in thecommunity. In addition,Nonpareil allowsprojecting the

average coverage at increased sequencing efforts to predict the coverage that

could be attained at any given size of dataset. This method enables fast calcu-

lation of coverage in entire metagenomic datasets, even those that are several

Gbp (giga base pairs) in size, provides estimations of the amount of sequencing

required to cover the complete or nearly complete diversity of the sample, and

reflects the relative diversity of sampleswhen comparedwith reference datasets

or between samples. Our analyses of both in silico-constructed as well as real

datasets from the HMP suggest that Nonpareil outperforms other tools for

the same purposes and is applicable tomicrobial communities that show awide

range of diversity and complexity. Nonpareil is available for online querying

through http://enve-omics.gatech.edu/ and as a stand-alone binary at

https://www.github.com/lmrodriguezr/nonpareil.

4. HOW TO IDENTIFY THE TAXONOMIC IDENTITY
OF A METAGENOMIC SEQUENCE
Identifying the taxonomic affiliation of a sequence recovered in a

metagenome remains challenging, primarily for the following reasons. First,

http://enve-omics.gatech.edu/
https://www.github.com/lmrodriguezr/nonpareil
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the current collection of genome sequences is far from comprehensive and,

thus, does not represent well the organisms in most natural environments

(Cole et al., 2010). Second, no universally accepted definition of bacterial

species exists, and hence, it is difficult to decide the degree of novelty of

a new taxon (Konstantinidis & Tiedje, 2007). Finally, horizontal gene trans-

fer, which is pronounced in the microbial world (Gogarten & Townsend,

2005), creates inconsistencies between sequence and organismal phylogeny,

further complicating the issue. To tackle this issue, various algorithms have

been developed, which can be classified into two categories: composition

based and alignment based (Mande, Mohammed, & Ghosh, 2012). The for-

mer utilize sequence statistics with robust taxonomic signal; the latter are

based on homology searches between query sequences and a database and

employ sequence similarity as a proxy for taxonomic relatedness. Each

approach has its own advantages and disadvantages, and the choice of which

tool to implement often depends on the specific objective of the study.
4.1. Composition-based methods
Themost important advantage of composition-basedmethods is that they are

almost reference independent (most of them still need reference genomes to

train the underlying algorithms) and, therefore, can assign taxonomy to

sequences thatdonotmatchany reference sequences (unlike alignment-based

methods). Also, they are, in general, faster and require less computational

resources. Popular composition-based algorithms include, but are not limited

to, PhyloPythia (McHardy, Martin, Tsirigos, Hugenholtz, & Rigoutsos,

2007; Patil et al., 2011), NBC (Rosen, Reichenberger, & Rosenfeld,

2011), Phymm (Brady & Salzberg, 2009), RAIPhy (Nalbantoglu, Way,

Hinrichs, & Sayood, 2011), and TACOA (Diaz, Krause, Goesmann,

Niehaus, & Nattkemper, 2009). However, these methods do not usually

perform well on short sequences (e.g., <500 bp long), largely due to the

insufficient information provided by such sequences.
4.2. Alignment-based methods
These methods classify query sequences according to their relatedness to

available reference sequences, based on the corresponding alignments. The

primary alignment engines are BLAST (Altschul, Gish, Miller, Myers, &

Lipman, 1990); BLAST-like tools such as BLAT (Kent, 2002); hidden Mar-

kov model-based tools such as HMMer (Finn, Clements, & Eddy, 2011); or

Burrows–Wheeler transform-based methods such as MAQ (Li et al., 2008),
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BWA (Li & Durbin, 2009), and Bowtie (Langmead & Salzberg, 2012).

Alignment-based methods are computationally more expensive. However,

they are probably indispensible for every metagenomic study as their results

are used for additional downstream analyses such as gene annotation and

community profiling. Further, theywould assign an increasingly larger num-

ber of query sequences as the available reference genome sequences from iso-

lation or single-cell efforts (Stepanauskas, 2012) increase. Alignment-based

classifiers include MG-RAST (Meyer et al., 2008), MEGAN (Huson,

Auch, Qi, & Schuster, 2007), MARTA (Horton, Bodenhausen, &

Bergelson, 2010), CARMA (Krause et al., 2008), AMPHORA (Wu &

Eisen, 2008), TreePhyler (Schreiber, Gumrich, Daniel, & Meinicke,

2010), and others. We have recently presented MeTaxa, an algorithm that

employs unique design elements to classify at least 5% more sequences than

any existing alignment-based tool (Luo, Rodriguez-R & Konstantinidis,

unpublished; and also available through http://enve-omics.gatech.edu/).

MeTaxa is briefly described in the following section.

4.3. The MeTaxa algorithm
MeTaxa differs from other alignment-based methods in that it takes into

account all genes encoded on a query sequence, weighting each gene based

on its (predetermined) classifying power. The weights reflect: (i) how well

the gene resolves the classification at a given taxonomic level based on its

degree of sequence conservation (e.g., 16S rRNA resolves poorly the species

level in contrast to the genus level or higher) and (ii) how consistent the gene

phylogeny is with species phylogeny, the latter being approximated by the

genome-aggregate average amino acid identity (gAAI). Parameterized

weights and alignment-based matches against a reference database are sub-

sequently integrated via a maximum likelihood algorithm. MeTaxa reports

the probability for each possible taxonomic classification of the query

sequence as well as the degree of novelty for sequences representing novel

taxa (e.g., novel species, genus, or phylum) based on previously determined

gAAI standards that correspond well to taxonomic ranks (Konstantinidis &

Tiedje, 2005). The standardized approach to assess novelty represents

another important improvement provided by MeTaxa compared to previ-

ous approaches. The gene weights are precalculated “offline” based on the

publicly available completed and draft genomes and are included in the

MeTaxa package. Users need only to provide, as input toMeTaxa, a BLAST

tabular-like output from the search of each query sequence against their pre-

ferred reference database, for example, NR, KEGG, Swissprot, etc. MeTaxa

http://enve-omics.gatech.edu/
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can return high-precision predictions for thousands of input query

sequences in a matter of a few minutes on a personal laptop computer.

4.4. Combination and optimization
As the two categories of methods have their own advantages and disadvan-

tages, hybrid protocols have been more recently reported. For instance,

PhymmBL combines BLAST output (alignment-based) and Phymm algo-

rithm (composition-based) to achieve higher performance (Brady &

Salzberg, 2009). In general, alignment-based methods are usually more

accurate, while for query sequences without significant matches to the ref-

erence database, composition-based methods are probably the only options

available. Among the composition-based methods, we have obtained good

results with NBC, although the best method of choice would depend on the

specific objective of the study and the type of data available.

5. HOW TO DETERMINE DIFFERENTIALLY ABUNDANT
GENES, PATHWAYS, AND SPECIES
Any standardized annotation of metagenomic sequences, whether it

involves genes, pathways, species, or any other functional or taxonomic cat-

egorization, can essentially be the subject of comparison across samples. To

detect annotations that are differentially abundant between datasets with

confidence, a statistical approach is necessary to account for under sampling

of community diversity and the stochastic nature of WGS metagenomes.

This task, generally referred to as profile comparison, can be divided into

three main steps. First, metagenomic sequences must be annotated.

Although annotation is feasible for short metagenomic reads, a more reliable

annotation is often achieved based on assembled contigs. For example, entire

contigs can be assigned a taxonomic affiliation, and predicted genes encoded

on the contigs a putative function. Next, the abundance of annotations

(features) is determined by mapping the original reads onto the features,

generating a table of read counts. Finally, the statistical significance of the

differences is evaluated. Several tools have been specifically designed to carry

out statistical tests for metagenomic datasets such as the Statistical Analysis of

Metagenomic Profiles, or STAMPS, package (Parks & Beiko, 2010).

STAMPS can analyze any set of features across sets of metagenomes, in

any of three modes: comparison of two samples, comparison of several sam-

ples in two groups (e.g., treatment vs. control), and comparison of multiple

samples. It should also be noted that there is rich literature on the
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comparison of differentially abundant features from other types of studies,

for example, transcriptomics (RNA-seq and CHiP-Seq), mostly varying

on the assumptions about the underlying distribution of counts (e.g., bino-

mial, Poisson, overdispersed Poisson, negative binomial). A guide and an

evaluation of several methods were recently presented (Fang, Martin, &

Wang, 2012; Schreiber et al., 2010). The type of data and most assumptions

used in these fields are essentially the same as in metagenomics; hence, the

methods are applicable to the problem discussed earlier.

We have developed a simple and robust statistical method to identify dif-

ferentially abundant genes, pathways, or organisms between well-replicated

control versus treatment metagenomes. In brief, the method combines

resampling techniques ( Jackknife), the DESeq package (Anders & Huber,

2010), and binomial hypothesis testing. Suppose we have m treatment

and n control samples, a Jackknife method is used to generate all possible

combinations of bm/2c treatment and bn/2c control samples (bxc denotes

the floor function of a real number, x, which maps it to the largest previous

integer). For each combination, a normalized count table (see below for

normalization) is generated by mapping sequences (e.g., reads) to different

features (e.g., genes, pathways, population genomes); each row in the table

represents a feature and each column represents a sample. DESeq is then

applied to detect the difference between treatment and control samples

for each feature. For a specific feature (row in the table), the log2 fold

changes determined by the DESeq analysis of all combinations of samples

follow a distribution; the mean represents the best estimate of fold change

and the variance reflects the uncertainty of the estimate. A binomial test

is then carried out to test the significance of the log2 fold change (1 for

significantly different log2 fold change; 0 otherwise), and the P-value is

adjusted for false discovery rate using the Benjamini–Hochberg method

(Benjamini & Hochberg, 1995).

5.1. Modifications for other scenarios
Our method was originally developed to compare well-replicated (6 repli-

cates per treatment at minimum; 10 replicates or more recommended) com-

plex soil metagenomes generated by the Illumina HiSeq platform. To extend

it to other types of sequence data or samples characterized by different com-

plexities, modifications might be required, most often at the normalization

and sparse counts (i.e., features with zero counts in certain samples) steps,

and some limitations could emerge. Count table normalization is necessary

in order to compare samples with different sequencing depths; the most
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popular approach is to present the number of sequences as a fraction of the

total sequences of the corresponding sample. However, the latter approach

undermines the statistical power derived from count data and thus is not rec-

ommended. Instead, we suggest normalizing counts using quantile-based

methods, like the ones described previously (Bullard, Purdom, Hansen, &

Dudoit, 2010; Fang et al., 2012). The DESeq algorithm in our above-

mentioned approach normalizes samples based on similar methods. Addi-

tional normalization steps may be required in some cases, however. For

instance, when samples differ substantially in sequencing quality (e.g., differ-

ent percentage of reads passing quality trimming) or when the sample

datasets are too large to determine the number of reads for every feature,

a resampling technique should be used to subsample the datasets at random

to the same size. For features with low relative abundance, the sparse counts

among samples will frequently lead to inaccurate testing results. A pragmatic

way to account for this is to set a cutoff on the number of sequences mapped

to a feature, and the features with lower counts are discarded from further

analysis. To determine an appropriate cutoff, a Fisher’s exact test-based

method is proposed to simulate the impact of different cutoffs on the accu-

racy (White, Nagarajan, & Pop, 2009), while an alternative is to modify the

hypothesis testing as discussed in Tusher, Tibshirani, and Chu (2001). The

smaller the number of metagenomes compared (e.g., n¼2), the more

important is to account for the sparse count issue.

6. LIMITATIONS AND PERSPECTIVES FOR THE FUTURE

We presented here a practical guide to the analysis and interpretation
of metagenomic data that should be useful in future studies across different

habitats and microbial groups. It is important to realize, however, that the

field of metagenomics is currently undergoing a major expansion, and

new tools and approaches are being developed, including pipelines that inte-

grate various tools to offer a comprehensive analysis of metagenomic datasets

such as the Kbase project (http://kbase.science.energy.gov/) and MetA-

MOS (Treangen et al., 2013). It was not possible to mention all recent

developments as part of the present document nor was that our intention.

Our goal was instead to provide practical recommendations based on current

knowledge and types of sequence data available, and a reference point for

future developments (Fig. 23.2).We anticipate that several of the approaches

and tools described earlier will require modification in the not-so-distant

future, mostly due to new types of sequence data that will become available.

http://kbase.science.energy.gov/
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For instance, it is foreseeable that metagenome assembly will become less

challenging when single molecule sequencing, which can provide long

sequence fragments on the order of tens of kilobases (Eid et al., 2009;

Stoddart, Heron, Mikhailova, Maglia, & Bayley, 2009), becomes more rou-

tine. Related to the latter, single-cell technologies, which can provide the

draft genome sequence of individual cells in a sample, are becoming increas-

ingly more throughput, reliable (e.g., no DNA contamination), and afford-

able (Stepanauskas, 2012), and can greatly assist metagenomic studies by

providing reference points in the analysis. Integrated approaches that com-

bine multiple omics techniques, including transcriptomics and proteomics,

have clear advantages, depending also on the specific objective(s) of the

study. For instance, combining shotgun metagenomics with single-cell
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genomics is advantageous for population genetic studies but probably does

not offer as much when the goal is to compare the gene content of different

communities or the same community after a perturbation.

Even with the availability of longer sequences or single-cell genomes,

however, a major computational challenge remains in how to handle and

analyze the increasing volume of data that is produced by such approaches.

Clearly, the tools and algorithms available do not scale up with the amount

of data produced by new sequencers and single-cell technologies. Innovat-

ing solutions in terms of hardware implementations, algorithm optimiza-

tions (e.g., Pell et al., 2012), and (redundant) data reduction are highly

needed to cope with the data available. Until then, obtaining the complete

picture of complex microbial communities that are composed of hundreds

to thousands of distinct species will remain somewhat a utopia.
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