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  2.1 Introduction 

 The rise of next- generation sequencing (NGS) technologies and their application to describe microbial 
communities have reshaped our understanding of biology. Metagenomics allowed the uncovering of a 
microscopic universe that is not only part of our environment but also a key player in ecosystem inter-
actions that were until recently elusive. Microbes are involved in processes ranging from worldwide 
geochemical carbon cycling to changing human physiology and behavior. Metagenomic analysis of envi-
ronments such as deep- sea or extreme ecosystems has signi� cantly expanded and restructured the tree of 
life, rewriting our current knowledge about the evolution of life on Earth ( Parks et al. 2019 ). Though it is 
a powerful technology, it is not free of pitfalls and limitations that arise both from the technical process-
ing of samples and the computational analysis of the large amount of data it generates. 

 Traditionally, metagenomics comprises a group of analytical and microbiological techniques that 
allow the identi� cation of the microorganisms present in an environment and their relative abundance 
( Fosso et al. 2018 ). Although functional screening of environmental DNA libraries has also been consid-
ered as a metagenomic approach, currently the term is preferentially applied to the analysis of datasets 
obtained from next- generation sequencing platforms. There are two major technological approaches 
to obtaining metagenomic data: amplicon- based sequencing (or metabarcoding) and whole- genome 
shotgun (WGS) sequencing. In the former, the DNA extracted from the biological sample is used as a 
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template for the ampli� cation of marker genes. The amplicons are then sequenced by NGS technology, 
allowing, for example, identi� cation of the individual members of a microbial community by phylogeny- 
based approaches. Shotgun metagenomics, on the contrary, relies on the untargeted sequencing of all 
available genome fragments after DNA extraction from the biological sample. A pivotal procedure in 
understanding the type of data generated by both technologies is sequence annotation. In the � eld of 
‘omics’ bioinformatics, annotation is the process of � nding biologically relevant features to genomic 
elements, and it consists of gene prediction and taxonomy or function assignment. 

 Other steps, such as sequence quality control and assembly, usually precede the annotation of genes in 
genomes and metagenomes. Analyzing microbial community datasets follows the same general principles 
of genome analysis. For instance, sequence assembly (often described with the analogy of putting together 
the pieces of a puzzle) is a general process of concatenation of overlapping fragmented sequences. For 
some time, it was intuitive to think that taxonomic and functional assignment pro� ted from having the full 
gene or even several contiguous genes (as in contigs) rather than just short reads. However, most current 
methods are assembly indifferent and instead rely on the direct annotation of raw reads. 

 In this chapter, we intend to cover recent advances in the annotation of metagenomic sequencing data. 
The aim is not to present an exhaustive description of all available tools, as this is a very dynamic � eld. 
We also do not intend to make tool recommendations, as the best tool to use probably depends on the 
sample and data characteristics. Instead, this chapter aims to review some of the general strategies and 
methods used for metagenome taxonomic and functional annotation and their strengths and limitations 
and refer our readers to recently published benchmarking studies for the selection of tools that are appro-
priate for their research purpose.  

  2.2 General Methods for Taxonomic Annotation of Sequencing Data 

 Taxonomic annotation methods essentially aim to solve a classi� cation problem in which the raw or 
processed sequencing data must be categorized using a reference taxonomy. This generally implies that 
the elements of the query set (sample data) must be matched to labeled elements on a reference database. 
Although it might seem simple, it becomes a cumbersome task because the reference databases are 
generally incomplete and contain sparse or even skewed data ( Balvočiute and Huson 2017 ). Another 
particularity of this classi� cation problem is that the biological taxonomy system follows a hierarchi-
cal structure by which the organisms are grouped into different ranks or taxa. Hence, the classi� cation 
can be performed at different depths on the hierarchy, and in doing so, the classi� cation will be more 
accurate for high- ranking taxa (e.g., kingdom or phylum) than for low- ranking ones (e.g., genus or spe-
cies). To further complicate the scenario, the discovery of new microorganisms and the generation of 
new phylogenomic data impose changes in the reference taxonomy. This often leads to specimens being 
renamed to accommodate the new taxonomic system. The available databases should be updated every 
time this renaming occurs, but in practice, this is generally not the case. Therefore, achieving a highly 
con� dent annotation depends on the target taxonomy rank and relies on the matching algorithm and the 
reference database quality. 

  Figure 2.1  shows the common annotation pipelines that are followed for amplicon- based and shotgun 
sequencing data from metagenomic samples. The raw metagenomic data consist of many relatively short 
DNA fragment sequences, called reads. Whether these reads come from a metabarcoding or a WGS 
experiment, the annotation can be performed on the raw sequence reads or assembled contigs. The 
assembly step is often resource intensive, especially in terms of memory usage, though modern assem-
blers have somewhat reduced this limitation. Assembly tools use various algorithms and heuristics that 
may produce different results and thus directly affect taxonomy annotation. Probably due to these issues, 
assembly is not always performed, and alternatively, the taxonomic annotation is obtained directly from 
the raw reads, especially if the aim is to characterize the taxonomic composition of the microbiota 
( Tamames, Cobo- Simón, and Puente- Sánchez 2019 ). For some other purposes, such as functional anno-
tation or genome reconstruction, assembly could be a required step.         

 Another common stage in data processing is the clustering of elements of the same apparent genomic 
origin. In the case of amplicon- based sequencing, the goal is to identify either the reads derived from the 
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   FIGURE 2.1  General work� ows of metagenome taxonomic annotation of amplicon- based sequencing and WGS 
metagenomics. 
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same amplicon or from different amplicons. This identi� cation is hampered by sequencing errors, which 
can be misinterpreted as biological variation. To overcome this sequencing platform limitation, assem-
bled contigs are clustered if they have up to 3% sequence divergence (calculated for 16S rRNA variable 
region fragments), aiming to cancel the effect of errors ( Edgar 2018b). These clusters of sequences are 
known as operational taxonomic units (OTUs) and are represented by only one sequence in the ensuing 
annotation and post- processing steps. The ‘operational’ part in the term emphasizes the notion that these 
clusters are not an accurate representation of the biological variation in the sample. Current evidence 
coming from assembled genomes has shown that the initial 97% threshold does not adequately capture 
species variation, as this must be above the 99% identity threshold for the entire 16S rRNA gene to 
achieve accurate species classi� cation ( Edgar 2018b). More recent methods (e.g., DADA2,  Callahan 
et al. 2016 ; Deblur,  Amir et al. 2017 ) take into consideration the lower error rates in current sequencing 
platforms and perform a clustering (sometimes referred to as denoising) that aims to differentiate tech-
nical variation from biological variation. The clusters generated by these methods, known as amplicon 
sequence variants (ASVs), tend to have less sequence divergence than OTUs. 

 The equivalent clustering step for WGS data is known as binning, that is, separating reads or contigs 
into bins that should ideally contain all the elements derived from a single genome. Instead, in practice, 
the bins usually contain sequences from closely related strains or species within a community. Binning 
might serve various purposes, such as genome reconstruction, functional classi� cation of microbial enti-
ties, and microbial abundance estimation. Binning methods are divided into the ones that are taxonomy 
independent, that is, that use alignment and compositional metrics to gather all elements with shared 
characteristics, and taxonomy dependent, which � rst perform read taxonomy assignment and then cluster 
sequences based on taxonomic proximity or identity ( Breitwieser, Lu, and Salzberg 2018 ). 

 As initially discussed, taxonomic assignment or classi� cation requires two general steps: 1) a match-
ing step that implies that the reads, contigs, k- mers, or any other structure generated from these must be 
matched to elements on a reference database and 2) the label assignment method based on the match-
ing results. For some methods, discerning between the two processes might be challenging, sometimes 
because of the complexity of the methods or because both processes are not delineated in the method 
description provided by the authors. In any case, classifying methods according to their internal logic 
or functioning does not aim to generate super� uous classes but instead help us determine if a group of 
methods is the best performer or suffers from a speci� c type of errors/characteristics (e.g., high false 
positive rate, low recall, high resource consumption). 

 Although different classi� cations are used in the literature ( Escobar- Zepeda et al. 2018 ;  Breitwieser, 
Lu, and Salzberg 2018 ;  Ye et  al. 2019 ;  Hleap et  al. 2020 ), here we consider that the matching algo-
rithms are based on three different strategies: sequence alignment, pseudoalignment, and composition. 
 Figure 2.2  shows the programs that use each of these strategies during matching. 

   FIGURE 2.2  Types of sequence- matching algorithms used by different tools for metagenome taxonomy assignment.  
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 Alignment- based matching algorithms perform local or global alignment of reads to a reference data-
base. The alignment can be performed using nucleotide sequences against nucleotide databases or trans-
lated sequences against protein databases. BLAST is among the best performers in terms of accuracy 
and is the best- known alignment- based algorithm. The major drawback of these methods is that the 
alignment is resource intensive, so all the tools that rely on them are burdened with high memory and 
time consumption. 

 Once the alignment is performed, taxonomy assignment occurs by several methods. In the case of 
BLAST (or MegaBLAST, the most- used version in metagenomics), assignment is achieved by the best 
scoring hit of the sequence search. Other methods like MEGAN, which also uses BLAST, perform the 
assignment by a method called lowest common ancestor (LCA) ( Huson et al. 2011 ). The LCA taxonomy 
assignment method is currently used by several tools, independent of what matching algorithm they use. 
The idea behind this method is to assign the most con� dent label based on annotations placed on distinct 
levels of the taxonomical hierarchy. In the case of MEGAN, the alignment of sequences is performed 
against various databases, and the taxonomic label is that of the lower- ranked taxa that unambiguously 
accommodates the annotations obtained from all databases ( Huson et al. 2011 ). A third algorithm (or 
metric) to assign taxonomic labels is the average nucleotide identity (ANI), a measure of overall genome 
relatedness that is inspired in the DNA- to- DNA hybridization technique. As ANI is more related to 
complete genomes, its application is focused on the taxonomic annotation of metagenome- assembled 
genomes (MAGs) or metagenomic bins. A recent implementation of this algorithm is the tool OrthoANI, 
in which the ANI is calculated from the BLAST alignment of orthologous gene sequences from different 
genomes ( Lee et al. 2016 ). The currently accepted boundary that delineates species is around 95–96% 
ANI. This method performs well for species classi� cation where closely related species are available in 
the database, whereas it underperforms when comparing genomes from different genera ( Lee et al. 2016 ; 
 Yoon et al. 2017 ;  Jain et al. 2018 ). 

 The pseudo- alignment term was used by the authors of kallisto to describe their method of match-
ing reads to genomes based on k- mers represented in de Bruijn graphs ( Yi et al. 2018 ;  Bray et al. 2016 ). 
Here we chose the same term in a different context to include all the methods that perform taxonomic 
classi� cation based on an alignment conducted in a space other than the sequence space of the original 
reads or their direct translation into peptides. In this group of methods, the reads or contigs are gener-
ally transformed into a different space using some form of convolution process, achieving a new way 
to represent the sequences. These methods aim to take advantage of the properties of the new space to 
optimize the matching step by one parameter (e.g., speed, RAM requirement, database storage, etc.). 
The most- used method for sequence transformation is the Burrow- Wheelers transform (BWT), a com-
pression system that speeds up the matching to a reference database and at the same time reduces the 
database storage space. Some tools that use BWT in their algorithm are Kaiju ( Menzel, Ng, and Krogh 
2016 ) and Centrifuge (D.  Kim et al. 2016 ). 

 Sequence composition methods are generally based on k- mer composition, although some methods 
might use k- mers to perform alignment or pseudoalignment as a primary matching algorithm, such 
as in the case of kallisto. In k- mer composition algorithms, the reads or contigs are split into small 
fragments of de� ned length (called k- mers) that are mapped by alignment to a reference database. 
The matching is performed by assessing the k- mer composition of the query sequence against the 
de� ned k- mer composition in the database. In some tools, this matching is not performed explicitly, 
as the taxonomy assignment occurs by using this composition information instead. For example, tools 
like the RDP classi� er use probabilistic methods (in this case, naïve Bayes classi� er) to determine the 
probability that a query sequence belongs to a set of known sequences within a genus ( Wang et al. 
2007 ;  Bacci et al. 2015 ). 

 The current database growth due to metagenome- derived genomes, particularly in the case of RefSeq, 
has led to an expansion in species and genera that has reshaped taxonomical structures ( Nasko et al. 
2018 ). One direct repercussion of this growth is the reduction in the species classi� cation accuracy of 
k- mer based methods, especially when several closely related genomes are found in the database ( Nasko 
et al. 2018 ). Another confounding factor for species classi� cation is the poorly de� ned species boundar-
ies in taxa where high horizontal gene transfers occur ( Nasko et al. 2018 ). This implies that, in the fore-
seeable future, k- mer–based methods will be increasingly prone to false positives for the classi� cation of 
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lower- ranked taxa (e.g., species or strain), so other alternative methods (even if more resource intensive) 
should be adopted.  

  2.3 Benchmarking Studies of Metagenomic Annotation Software 

 The pursuit of optimal methods for metagenomic analysis has resulted in an explosion of tools, all ori-
ented to accomplish the same set of tasks but pledging to outperform their predecessors by some metric 
( Marx 2020 ). New tools are generally evaluated within a speci� c context or with a particular data type 
or application in mind. Assessing whether these tools can be applied broadly and how they compare to 
alternative software is generally carried out in so- called benchmarking studies. When conducted by 
relatively neutral authors (e.g., they are not involved in the development of tools evaluated in the study) 
and using appropriate test data and metrics, these studies are of vital importance to guide software users 
in the selection of the most accurate and/or fast tools for a speci� c task. 

 Referring to benchmarking studies for pipeline selection should be a common practice for software 
users and bioinformaticians, and we highly encourage it. A detailed discussion of the many reasons used 
by researchers to select bioinformatic tools can be found in ( Gardner et al. 2017 ). Among these reasons, 
we can � nd the notions that: 

    1.  Recently published software should be better or have improvements over older software. 

   2.  Highly cited tools are widely accepted by the community (including potential reviewers of your 
work) and therefore more desirable. 

   3.  The reputation of the authors or the journal is a guarantee of the quality of the tool. 

   4.  Software tools often trade accuracy for speed, and therefore slower software should be more 
accurate.  

 Unfortunately, researchers might select tools only because they are user friendly or extensively docu-
mented. By correlating software accuracy with speed, age (i.e., to test the effect of recency), citation 
number (to test the wide use of the tools), and commonly accepted merit indexes such as journal impact 
or author reputation (H- index),  Gardner et al. (2017 ) demonstrated that these metrics are not reliable 
predictors of accuracy. Basing research decisions on these widely accepted preconceptions could affect 
the reliability of our results and should therefore be avoided. 

 Systematic and standardized guidelines for benchmarking omics tools have recently been proposed 
( Mangul et al. 2019 ). Ensuring a scienti� cally rigorous comparison of different tools requires a gold 
standard dataset that serves as ground truth and a general set of metrics that can score the performance 
of any given method. Thus, as gold standard tools are not yet available for many bioinformatics applica-
tions, resorting to benchmarking studies is highly recommended for the selection of appropriate tools 
that � t our experimental setup and data. 

 Several benchmark studies assess the taxonomic annotation accuracy and recall of bioinformatics 
tools or pipelines ( Bazinet and Cummings 2012 ;  Peabody et al. 2015 ;  Lindgreen, Adair, and Gardner 
2016 ;  Siegwald et al. 2017 ;  McIntyre et al. 2017 ;  Sczyrba et al. 2017 ;  Almeida et al. 2018 ;  Escobar- Zepeda 
et al. 2018 ;  Gardner et al. 2019 ;  Ye et al. 2019 ;  Velsko et al. 2018 ). Some of these also evaluate the effect 
of databases on classi� cation accuracy and recall ( Escobar- Zepeda et al. 2018 ;  Velsko et al. 2018 ). There 
are even benchmarking studies oriented to evaluate tools for speci� c tasks or datatypes, such as in rumen 
microbiome analysis ( López- García et  al. 2018 ) or ancient microbiome samples ( Velsko et  al. 2018 ). 
Some of these studies will be covered further in this chapter.  

  2.4 Tools for Taxonomic Annotation 

 The study of the microbial diversity of different natural environments can be carried out by target-
ing speci� c genes that can inform us about the taxonomic composition of the ecosystem. The 16S 
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ribosomal RNA (rRNA) gene is commonly used for diversity analysis of Bacteria and Archaea com-
munities, as it is present in all members of both domains and contains enough variability (up to nine 
hypervariable regions) to make it a very reliable marker for genus and species identi� cation ( Yang, 
Wang, and Qian 2016 ). For eukaryotes, the internal transcribed spacer (ITS), the 18S rRNA, and 28S 
rRNA genes are used. 

 Although marker- based metagenomic sequencing is still a standard procedure for the taxonomical 
description of microbial communities, various studies have shown that this technique has biases that 
can be alleviated by WGS sequencing ( Khachatryan et al. 2020 ). Although WGS experiments are con-
siderably more expensive and require computationally intensive analyses, higher accuracy in terms of 
identi� ed taxa and abundance estimation is achieved by this methodology ( Khachatryan et al. 2020 ). 
An affordable yet more accurate alternative is to perform experiments with little sequencing effort 
(approximately 0.5 million sequences for gut microbiomes), which are known as shallow sequencing, 
and that have been shown to achieve similar diversity estimation to ultradeep WGS at a price comparable 
to marker- based sequencing experiments ( Hillmann et al. 2018 ). Shallow-  or moderate- depth shotgun 
sequencing may be used by researchers to obtain species- level taxonomic and functional data at approxi-
mately the same cost as amplicon sequencing. 

 With the increasing size of metagenomic projects, biological databases are also growing exponentially 
in size. Under this scenario, the computational cost of sequence alignment needs to be considered. The 
development of faster tools, such as UBLAST and USEARCH ( Edgar 2010 ), LAST ( Kiełbasa et  al. 
2011 ), RAPSearch2 ( Zhao, Tang, and Ye 2012 ), and DIAMOND ( Buch� nk, Xie, and Huson 2015 ), to 
cite a few, represents a new trend in bioinformatics. 

 The USEARCH algorithm is mostly used for high- identity searches. Conversely, UBLAST is used to 
search for more divergent protein or translated nucleotide sequences. LAST improves seed- and- extend 
heuristic methods by using an adaptive seed. RAPSearch (reduced alphabet based protein similarity 
search) uses an optimized suf� x array data structure to accelerate the identi� cation of alignment seeds, 
together with multi- thread modes (available in RAPSearch2 only) to further speed the process. 

 Among these tools, DIAMOND is probably the fastest one. It aligns short reads to the complete 
National Center for Biotechnology Information (NCBI)’s nr protein database. For this alignment, both 
the database and the query sequences are indexed, making the matching process more computationally 
feasible ( Buch� nk, Xie, and Huson 2015 ). Like BLASTX, DIAMOND is an ‘all mapper’ that attempts 
to exhaustively determine all signi� cant alignments for the query ( Buch� nk, Xie, and Huson 2015 ). 
Nevertheless, it outperforms BLASTX by an impressive 20,000 times on short reads while maintaining 
a similar degree of sensitivity. 

 For the alignment of long reads, the most- used method is LAST, which allows a quick and sensitive 
comparison of sequences with an arbitrarily non- uniform composition. The LAST aligner is tolerant to 
single- base insertions and deletions, therefore outperforming non- gapped aligners ( Kiełbasa et al. 2011 ). 

 Kraken uses the k- mer composition and LCA methods to perform taxonomy classi� cation. Initially, 
a reference database is constructed by � nding unique k- mers within genomic sequences and assigning a 
taxid (taxonomy label) based on the lowest common ancestor that shares that k- mer. 

 A meta- analysis of classi� er benchmarking studies revealed that, when performed without strict 
guidelines, these studies can lead to contradictory results ( Gardner et al. 2019 ). Part of the � ndings of 
this meta- analysis are shown in  Figure 2.3 . The � rst issue raised by the authors is that many of the tools 
available for taxonomic classi� cation have not been independently evaluated (see  Figure 2.3a ). The rea-
sons for this are many, but the authors underscore as more likely causes that the unevaluated tools are 
the most recently published, are no longer available/functional, or provide results that are not suited for 
comparison ( Gardner et al. 2019 ). One other cause could be the popularity of the tools, but among the 
unevaluated set are some highly cited tools (e.g., UPARSE, PathSeq, Phylosift), which can be identi� ed 
by the black labels in  Figure 2.3b . In any case, this hidden group may contain promising tools that did 
not make it to the spotlight. 

 A more concerning observation in ( Gardner et  al. 2019 ) was that the number of citations per year 
does not correlate with the tool accuracy estimates, with less accurate tools being highly cited (see 
 Figure 2.3c ). To normalize comparison across different studies, these authors transformed the reported 
F- measures (a measure of accuracy) into a Z- score metric that eliminated the methodological and data 
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differences. According to this metric, less accurate tools score negatively, while a positive score is given 
to those tools that consistently have a higher F- measure. As can be observed in  Figure 2.3c , the classi� ers 
in tools such as QIIME and mothur are highly used but are signi� cantly less accurate than other tools 
such as Kraken, NBC, CLARK, or OneCodex ( Gardner et al. 2019 ). 

   FIGURE 2.3  Analysis of software tool benchmarking studies, publication date, and citations as part of a meta- analysis 
of software accuracy conducted by  Gardner et al. (2019 ). The results show (a) many of the available tools have not been 
independently evaluated as part of a benchmark study; (b) the number of citations for each software tool versus the year 
it was published, where tools that have been evaluated are colored and labeled, while highly cited tools that have not been 
independently evaluated are labeled in black, and (c) the number of citations per year does not correlate with the tool accu-
racy estimates, with less accurate tools being highly cited. (Modi� ed from  Gardner et al.[2019 ] with permission).  
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 A recent comprehensive benchmarking of metagenomic sequence classi� ers was conducted to 
assess the species- level classi� cation precision and recall of 20 different tools using a uniform data-
base ( Ye et al. 2019 ). This study considers tools that were not previously evaluated, such as PathSeq, 
MMseqs2, taxMaps, and mOTUs2. The authors of this study make a distinction of methods according to 
the type of sequence they handle during the matching algorithm. Hence, they assess DNA- to- DNA clas-
si� ers such as Kraken, k- SLAM, MegaBLAST, metaOthello, CLARK, GOTTCHA, taxMap, prophyle, 
PathSeq, Centrifuge, and Karp. DIAMOND, Kaiju, and MMseqs2 were evaluated as DNA- to- protein 
classi� ers, and marker- based classi� ers were MetaPhlAn2 and mOTUs2. All the tools were executed 
with default parameters as would be used by the average user of these packages. The precision of the 
abundance estimation of each of the methods was also assessed. Bracken, one of the tested tools, is an 
add- on to Kraken that allows more accurate abundance estimation, which is originally not performed by 
Kraken. According to their results, and in agreement with previous � ndings, the marker- based methods 
signi� cantly underperformed compared to the shotgun- based methods. From the rest of the tested meth-
ods, Centrifuge, MegaBLAST, PathSeq, prophyle, DIAMOND, Kaiju, and MMseqs2 performed poorly 
in one or several metrics compared to Kraken, Kraken2, KrakenUniq, Bracken, CLARK, CLARK- S, 
k- SLAM, and taxMaps. From the latter methods, given that precision, recall, and abundance estimation 
are fairly similar, the selection for the optimal tool relies on the computing performance (i.e., CPU and 
memory requirements, execution time). For this reason, the combination of Kraken2/Bracken seems to 
be the most attractive among the tested classi� ers, with execution time around 1 minute and memory 
consumption of ~36 Gb for Kraken2 and less than 1 Gb for Bracken ( Ye et al. 2019 ). 

 As new tools or improvements on existing tools are likely to emerge in the future and no standardize 
pipeline applicable to most case scenarios can be envisioned, benchmarking studies will remain neces-
sary. The Live Evaluation of Computational Methods for the Metagenome Investigation (LEMMI) tool 
has deployed a platform for the automatic benchmarking of taxonomic classi� cation software ( Seppey, 
Manni, and Zdobnov 2020 ). Results obtained from the assessment of the more popular tools can be 
obtained from the site. But, more importantly, users can set up evaluations of new algorithms with 
general or custom datasets. This platform will streamline future benchmarking studies and serves as an 
initiative to standardize research within the metagenomic � eld.  

  2.5 Databases for Taxonomic Annotation 

 Taxonomic assignment, as discussed earlier, depends on the availability of a reference database contain-
ing sequences labeled with known taxonomic information. As barcoding genes such as the 16S rRNA 
gene and ITS are well established in microbiome pro� ling, several databases collect taxonomic informa-
tion based on these markers. Widely used RNA databases include GreenGenes ( DeSantis et al. 2006  ), 
Ribosomal Database Project/RDP ( Cole et al. 2014 ), SILVA ( Quast et al. 2013 ), UNITE (Kõljalg et al. 
2005), the NCBI Taxonomy database ( Schoch et al. 2020 ), and the Genome Taxonomy Database (GTDB) 
( Parks et al. 2018 ). 

 The GreenGenes database stores only 16S (rRNA small subunit, SSU) sequences recovered from 
different sources (other databases, mainly NCBI). With this information, the taxonomy of Bacteria 
and Archaea was automatically constructed ( DeSantis et al. 2006 ). The database was constructed with 
~90,000 sequences in 2006, and its last release was in August 2013. Of the databases covered here, 
GreenGenes has the smallest number of taxonomic nodes and is the least supported. On the other hand, 
unlike the rest of the databases, all nodes in the GreenGene database phylogeny are assigned to a de� ned 
taxonomic rank (i.e., they have a corresponding domain, phylum, class, order, family, genus or species) 
( Balvočiute and Huson 2017 ). It is also a small database in terms of memory requirements and therefore 
easy to load and query. 

 The RDP database provides 16S (SSU) sequences from Bacteria and Archaea and 28S (rRNA large 
subunit, LSU) from Fungi. Its last documented release (September  30, 2016) contained ~3,356,000 
aligned and annotated 16S rRNA sequences and ~125,000 28S rRNA sequences. The taxonomy assign-
ment in this database is not phylogeny based but instead relies on a naïve Bayes classi� er trained on 
a smaller subset of the database. RDP developed the RDPipeline program, an online complimentary 
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service designed to perform several common processing steps for taxonomy- dependent analysis (using 
the RDP classi� er) and for taxonomy- independent analysis (using hierarchical clustering) of large datas-
ets ( Cole et al. 2005 ;  Bacci et al. 2015 ). 

 SILVA is a comprehensive, up- to- date quality- controlled database of rRNA gene sequences from 
Bacteria, Archaea, and Eukaryota ( Glöckner et  al. 2017 ;  Woloszynek et  al. 2018 ). This database is 
updated in a timely manner. Its last release (version 138, December 16, 2019) contains ~9,500,000 SSU 
sequences, and from these, ~510,000 are represented in the phylogenetic guide tree. Although the tax-
onomy is based on Bergey’s Taxonomic Outlines and the List of Prokaryotic Names with Standing in 
Nomenclature (LPSN), its taxonomy classi� cation process is phylogeny based, as it uses guide trees to 
resolve inconsistencies in nomenclature ( Quast et al. 2013 ;  Yilmaz et al. 2014 ). The taxonomy assign-
ment is manually curated, which is the main difference from the previously mentioned databases. More 
recently, this database adopted the GTDB taxonomy ( Parks et al. 2018 ), which implied a major rear-
rangement of the taxonomy, mainly in Bacteria and Archaea. Like RDP, the SILVA database has a web 
service (SILVAngs) that provides a fully automated analysis of rRNA gene amplicon sequencing data. 

 A comparison searching for inconsistencies in the taxonomies of these three databases estimated that 
the annotation error rate in the RDP database is ~10%, while for GreenGenes and SILVA, this value is 
around 17% (Edgar 2018a). As the author of this study points out, it is striking that the RDP database, 
in which taxonomy is not assigned explicitly from phylogeny, can be more accurate than the phylogeny- 
based and/or manually curated alternatives. This again reinforces the notion that ‘more is not necessarily 
better’ and that selecting any of these databases for a study should be taken under careful consideration. 

 These databases all contain marker- based taxonomic associations, which have been useful in the 
investigation of metagenomes. However, as discussed earlier, using exclusively amplicon sequence and 
OTU- based methods for taxonomic enumeration can substantially underestimate species diversity. To 
overcome this limitation, other taxonomies are constructed on more general sequence information. Such 
are the cases of the Microbial Genome Atlas (MiGA) ( Rodriguez- R et al. 2018 ), the Genome Taxonomy 
Database ( Parks et al. 2018 ,  2020 ), and the National Center for Biotechnology Information Taxonomy 
( Balvočiute and Huson 2017 ). 

 The GTDB database taxonomy was constructed using a phylogenomic alignment of 120 concatenated 
gene markers from more than 150,000 bacterial genomes, followed by the resolution of polyphyletic 
groups and taxonomy rank normalization by relative evolutionary divergence ( Parks et al. 2018 ,  2019 , 
 2020 ). One of its most relevant features is the phylogenetical consistency in the sense that it is highly con-
gruent with the relative evolutionary divergence among species and, at the same time, eliminates phyletic 
con� icts. Also, the taxonomy required the reclassi� cation of ~58% of genomes in the database, as well as 
the de� nition of new phyla ( Parks et al. 2018 ). This database also includes several genomes of uncultured 
species that have been assembled from shotgun metagenomic data and are therefore unnamed. The total 
amount of unnamed species in the database was estimated around 40%, and more recently, the authors 
utilized the ANI and alignment fraction (AF) metrics to determine a species- level cluster of genomes 
that implied a major reordering and renaming at the genus and species rank level ( Parks et al. 2019 ,  2020 ; 
 Rinke et al. 2020 ). In our opinion, the GTDB seems to be the most accurate (i.e., closest to the true evo-
lutionary tree) among the currently available taxonomic structures, but an independent formal evaluation 
of this statement has not been provided so far. 

 Finally, the largest sequence- associated taxonomy structure used for metagenomic annotation is the 
National Center for Biotechnology Information Taxonomy ( Balvočiute and Huson 2017 ). There are larger 
taxonomy structures (e.g., the Open Tree of life Taxonomy;  Hinchliff et al. 2015 ;  Rees and Cranston 
2017 ), but these have no sequence information available and are therefore not relevant for NGS sequence 
analysis. 

 The NCBI database is a collection of resources that contains nucleotides and protein sequence entries 
from different experimental origins, and its manually curated taxonomy covers all the sequences in the 
database ( Wheeler et al. 2008 ;  Schoch et al. 2020 ). The taxonomy assembles taxa naming information 
contained in 23 external resources, and it is updated weekly. The number of taxa in the NCBI taxonomy 
is currently over 460,000, which roughly represents a quarter of the described species so far, although 
it also contains sequence information on about 1.34 million species without formal names that are com-
monly regarded as ‘dark taxa’ ( Schoch et al. 2020 ). 
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 A comparison of the taxonomic structures of GreenGenes, RDP, SILVA, NCBI, and the Open Tree of 
Life Taxonomy (OTT) revealed that the 16S rRNA databases map well onto the larger databases (NCBI 
and OTT), but these do not map well onto the smaller taxonomies ( Balvočiute and Huson 2017 ). This 
indicates that NCBI and OTT taxonomies are more explanatory than the 16S rRNA databases, although 
SILVA, as mentioned earlier, recently adopted the GDBT taxonomy, which could have signi� cantly 
improved the content of this database. These authors also stated that, while larger, the OTT is not sig-
ni� cantly more diverse than the NCBI taxonomy ( Balvočiute and Huson 2017 ). To the best of our knowl-
edge, more recent updates of independent database benchmarking including the latest genome- centered 
databases have not been published.  

  2.6 Microbiome Functional Inference from Community Structure 

 Ecological inferences from marker- based sequencing experiments are needed to fully understand the 
ecological niches of microbial communities in any environment. These inferences rely on veri� ed 
metagenomic and metatranscriptomic pro� les in several habitats. They allow correlating the taxonomic 
community structure with different functions in any ecosystem. The microbiome function is dif� cult to 
interpret when complete microbial pro� ling—bacteria, fungi, algae, protozoa—is obtained. Then robust 
algorithms to predict the ecological functions in nature are needed, and further efforts should be made 
to get bioinformatics tools to generate new insights related to the role of microorganisms in different 
ecosystems. 

 Microbial communities have been routinely studied using different molecular markers to provide pow-
erful taxonomic interpretations. For example, as previously mentioned, 16S and 28S ribosomal RNA 
genes have been extensively used to assess bacterial and fungal biodiversity, respectively. However, these 
molecular markers are not useful in establishing the ecological roles of microbes. In this sense, metabolic 
and ecological functions should be predicted by bioinformatic algorithms using associations between 
the taxonomic pro� les and experimentally demonstrated metabolic capabilities in well- studied species. 
Thus, methods based on ancestral state reconstruction should be developed, but many challenges are fre-
quently related to these methods. For example, these strategies assign functional annotations by extrapo-
lation of marker gene sequences with those known species. In this scenario, a database with a huge 
amount of complete microbial genomes properly annotated is necessary. That is an important bottleneck 
because a few thousand complete microbial genomes are currently available, and the annotation is de� -
cient in many cases. For these reasons, interpretation of the microbial ecological functionality could be 
limited, and experimental validation should be performed to demonstrate that functional predictions are 
accurate and realistic. 

 SINAPS is a method that predicts microbial function from marker gene sequences (Edgar 2017). This 
algorithm was successfully validated to predict functions related to energy metabolism, Gram- positive 
staining, presence of � agella, 16S copy number, and number of V4 primer mismatches from 16S V4 
ribosomal sequences. The validation of this method demonstrated that a large number of functions were 
correctly assigned. 

 Several bioinformatics tools have been developed to infer functional roles of taxa within a com-
munity: PICRUSt ( Langille et al. 2013 ), Tax4Fun ( Aßhauer et al. 2015 ), Piphillin ( Iwai et al. 2016 ), 
Faprotax ( Louca, Parfrey, and Doebeli 2016 ), and PAPRICA ( Bowman and Ducklow 2015 ). Tax4Fun2 
(improving on its predecessor Tax4Fun) is a tool for the prediction of functional pro� les and redun-
dancy of a metagenomic sequencing based on 16S ribosomal markers ( Wemheuer et al. 2020 ). The 
accuracy and robustness of this tool were notably enhanced by the incorporation of habitat- speci� c 
genomic information. 

 These methods can predict functional capabilities from prokaryotic ribosomal sequences but not from 
metagenomic shotgun sequencing. These algorithms have been used to interpret ecological niches of 
microbial communities inhabiting soil, marine seawater, microbial mats, and so on ( Wemheuer et al. 
2020 ). However, the robustness of all these methods is based on the genomes available in public data-
bases, and these only represent a very limited fraction of the functional diversity in nature. Thus, the 
accuracy and reliability of these methods could be unsatisfactory. To solve this inconvenience, new tools 
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for speci� c habitats such as the rumen ( Wilkinson et al. 2018 ) or marine ecosystems ( Louca, Parfrey, and 
Doebeli 2016 ) have been developed. 

 A major question in environmental microbiology re� ects the need to know if microbial communities 
contain redundant functional members. This is an urgent question, and its answer could probably allow 
understanding of how microbial communities provide functional stability to ecosystems. For example, 
this has importance in polluted habitats where environmental changes could produce ecological succes-
sions in microbial communities with unknown impacts on biodegradative functionalities. To address 
this need, Tax4Fun2 now offers a robust algorithm based on a functional redundancy index that re� ects 
the proportion of species with the capabilities to perform a particular metabolic function and their phy-
logenetic relationship with others ( Wemheuer et al. 2020 ). Although the authors stated that this tool is 
also available for fungi, to date, it is only validated for 16S rRNA gene data. Thus, further research is 
needed to generate new and robust tools useful to predict functions from eukaryotic gene data (18S or 
28S rRNA). 

 PICRUSt2 is another predictive tool to provide functional inferences based on marker gene sequenc-
ing ( Douglas et al. 2019 ). This method allows the analysis of eukaryotic communities and is compatible 
with any OTU- based algorithm. This method was successfully used to identify functional signatures in 
bacterial communities from humans with in� ammatory diseases ( Douglas et al. 2019 ). 

 Although there is some progress in the development of diverse tools to generate functional microbial 
inferences, there are important challenges associated with predicting metabolic networks from marker- 
based sequencing. This aids in designing robust methodologies with a positive impact on bioremediation, 
for example ( Faust 2019 ). The generation of functional networks could allow optimizing the � tness of 
microbial consortia to enhance the biodegradation of certain pollutants, such as atrazine ( Xu et al. 2019 ).  

  2.7 Functional Annotation of Shotgun Metagenome Data 

 The tools used to annotate metagenomic data often consist of new developments over previously existing 
tools designed to annotate isolated genomes. In both cases, the � rst step in the functional annotation is 
gene prediction. Once the candidate open reading frames (ORFs) are found, they can be linked to bio-
logical information based on current knowledge. This means that the functional annotation of the same 
dataset can be improved over time as our knowledge of biological systems increases. 

 Accurate gene prediction is a fundamental step in most metagenomics pipelines. Methods for gene pre-
diction are classi� ed as extrinsic (e.g., homology search) or intrinsic (e.g., sequence composition analysis). 

 Probably the most reliable way to predict a gene is to � nd a close homolog from another organism, and 
this is precisely what homology- based methods do: They perform pairwise alignments between metage-
nomic reads and a given database of known proteins. However, the main drawback of methods based 
exclusively on homology evidence is that they can only annotate previously known genes. 

 So, it soon became clear that computational methods that score the coding region using intrinsic 
sequence features are required for those genes lacking a signi� cant homology to known genes. Intrinsic 
features can include signal sensors such as start/stop codons and promoters, as well as content sensors, 
such as patterns of codon usage, k- mer frequency pro� les, or any other statistically inferable feature. 
These  ab initio  approaches increase the possibility of detecting novel genes, as they use linguistic or 
pattern recognition algorithms to detect speci� c sequence motifs or global statistical patterns that can 
consistently help in the process of gene � nding. However, these methods are suitable for annotating 
assembled contigs rather than short reads, as they require a large number of genes for model training. 

 Methods based on intrinsic evidence include MetaGeneMark ( Zhu, Lomsadze, and Borodovsky 2010 ), 
FragGeneScan ( Rho, Tang, and Ye 2010 ), Glimmer- MG ( Kelley et al. 2012 ), and MetaProdigal ( Hyatt 
et al. 2012 ). MetaGeneMark, for instance, is a gene- prediction tool based on GeneMark- HMM. It uses 
a heuristic method to compute the parameters as functions of intrinsic features of individual sequences, 
which makes it ef� cient in predicting genes in metagenomic datasets, as such features (e.g., G+C content, 
codons, and oligomer frequencies) will probably vary widely among reads. 

 FragGeneScan is designed to � nd complete and fragmented genes in short reads ( Rho, Tang, and Ye 
2010 ). It combines codon usage information, sequencing error models, and start/stop codon patterns in a 
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hidden Markov model (HMM) to � nd the most likely path of hidden states from a given input sequence. 
It accepts as inputs both short reads or assembled contigs, and it represents a suitable tool for gene predic-
tion in incomplete metagenome assemblies. 

 Other popular tools are Glimmer- MG ( Kelley et  al. 2012 ;  Salzberg et  al. 1998 ) and MetaProdigal 
( Hyatt et  al. 2012 ). The former incorporates classi� cation and clustering of sequences prior to gene 
prediction using the Glimmer framework and uses a probabilistic model for prediction of gene length 
and start/stop codon presence in the case of truncated genes that are typical of shotgun metagenome 
sequencing. The latter is a metagenomic version of the gene prediction program Prodigal ( Hyatt et al. 
2010 ), which provides enhanced translation initiation site identi� cation, the ability to identify sequences 
that use alternate genetic codes, and con� dence values for each gene prediction. 

 Some pipelines use a combination of evidence- based (extrinsic) and  ab initio  (intrinsic) methods. 
This is the case of an in- house pipeline developed by researchers from the Max Planck Institute for 
Marine Microbiology, named meta- ORF- � nder or mORFind (unpublished), which uses a combination 
of Orpheus ( Frishman et al. 1998 ), CRITICA ( Badger and Olsen 1999 ), and the previously mentioned 
Glimmer framework. Both CRITICA and Orpheus are BLAST- based tools that aim to identify coding 
regions in genomes invoking comparative analysis. CRITICA � rst considers the observed amino acid 
identity for the translated aligned sequences once their percentage nucleotide identity is known; if it is 
higher than expected, this is taken as evidence for coding. Next, it incorporates information of the rela-
tive hexanucleotide frequencies in coding frames versus other contexts, and this feature makes it less 
dependent on the accuracy of sequence annotation in databases and thus well suited for the analysis of 
novel genomes. Orpheus uses a very similar approach, in which the similarity- derived seed ORFs have 
their coding potential parameters calculated and scored. Those features, combined with those included 
in Glimmer, make mORFind a versatile tool suitable for metagenome gene prediction. 

 Identifying eukaryotic protein- coding genes in metagenomes is more challenging than identifying pro-
karyotic ones due to the exon- intron architecture of eukaryotic genes. A tool specially designed to meet 
this challenge is MetaEuk ( Levy Karin, Mirdita, and Söding 2020 ). This toolkit allows high- throughput 
reference- based discovery and annotation of protein- coding genes in eukaryotic metagenomic contigs. 
Instead of doing a spliced alignment, which would be computationally costly, it takes as input a set of 
assembled contigs and scans each contig in all six reading frames to extract putative protein fragments 
between stop codons in each frame. Then it uses a sensitive and ef� cient method called MMseqs2 to 
perform an iterative search through any target database. 

 GeneMark- ES is an  ab initio  algorithm iterative unsupervised training to identify protein- coding 
genes in eukaryotic genomes. Augustus is one of the most accurate tools for eukaryotic gene predic-
tion and is based on a generalized hidden Markov model ( Stanke and Waack 2003 ). A web interface 
(WebAugustus) allows users to train their own gene structures or upload a training gene structure � le or 
genome � le and then perform eukaryotic gene predictions ( Hoff and Stanke 2013 ). 

 Predicting protein function is the next step in metagenome functional annotation. It can be based on 
different sources of information, such as sequence similarity (mapping to databases), phylogenetic pro-
� les, protein–protein interactions, and protein complexes. 

 A common approach is to perform a translated BLAST search to determine the annotation that will 
be assigned to a read based on its alignment scores, and this criterion can vary according to the protocol. 
For instance, the � nal annotation can consider only optimal alignments, including suboptimal align-
ments, or even use the average of multiple high- scoring hits. However, it is important to consider that 
the ef� ciency of the alignment methods is in� uenced by sequencing errors, read length, the phylogenetic 
coverage of the reference database, and the differences in annotation accuracy across the clades. 

 Also, the alignment of large datasets can be a computationally intensive and limiting step in the analy-
sis of metagenomes. Thus, some tools were developed to achieve faster and accurate functional annota-
tion. One example is Woods, an orthology- based functional classi� er that uses a combination of machine 
learning (random forest) and similarity- based classi� cation (RAPsearch2). 

 Methods based on protein interactions include interolog mapping. Interologs are interacting pairs of 
proteins that have homologs with conserved interaction in another organism. In interolog mapping, a 
known interolog in an organism is extended to a second organism assuming that the homologous proteins 
in different organisms maintain their interaction properties. A  tool that uses the interolog concept is 
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STRING. It uses hierarchically arranged orthologous group relations, as de� ned in eggNOG, to transfer 
associations between organisms (prokaryotes and eukaryotes) where applicable. 

 Function prediction based on multilayer protein networks (FP- MPN) is a method that integrates 
protein–protein interaction (PPI) networks, protein domain content, and protein complex subunit infor-
mation to predict protein function. This method assumes that diverse types of connections between 
groups of proteins re� ect distinct roles and importance.  

  2.8 Main Databases Used for Functional Annotation 

 The main resources for functional annotation are currently the National Center for Biotechnology 
Information databases. The nr database is a protein database that contains non- identical sequences from 
GenBank CDS translations, Protein Data Bank (PDB), Swiss- Prot, Protein Information Resource (PIR), 
and Protein Research Foundation (PRF). RefSeq is an open- access, curated, and non- redundant database 
of publicly available genomes, transcripts, and protein products. 

 The UniProt database is a large collection of protein sequences and annotations from all domains 
of life. It contains more than 120 million protein sequences, of which the majority are derived from 
the translated genome and MAG sequence information deposited in ENA/GenBank/DDBJ databases 
( Bateman 2019 ). Over one- half of those proteins have annotations obtained from the literature by expert 
curators, while the remaining entries are automatically annotated using information from several data-
bases, mainly InterPro. 

 The KEGG database allows estimating metabolic pathways in a metagenome. KEGG integrates 
information from 15 other databases by a computational database construction algorithm ( Kanehisa 
and Goto 2000 ). The genomic information category, which is based on the KO (KEGG Orthologues) 
database, contains genomes and genes derived from different databases (RefSeq, Genbank, and NCBI 
Taxonomy), giving them original KEGG annotations. KEGG mapping can be performed with the KEGG 
Mapper tool, together with the KOALA tools (BlastKOALA and GhostKOALA), which allow for an 
automatic assignment of KO (KEGG orthology) identi� ers used in the mapping ( Kanehisa and Goto 
2000 ;  Kanehisa et al. 2016 ;  Kanehisa and Sato 2020 ). PFAM is a collection of curated protein families, 
each represented by multiple sequence alignments generated using hidden Markov models ( Finn et al. 
2014 ). eggNOG (Evolutionary Genealogy of Genes: Non- supervised Orthologous Groups) is a database 
that provides orthologous gene mappings for Bacteria, Archaea, and Eukaryotes ( Powell et  al. 2012 ; 
 Huerta- Cepas et al. 2016 ). Specialized databases include dbCAN for the carbohydrate- active enzyme 
(CAZYmes) ( Yin et al. 2012 ); MEROPS for proteolytic enzymes ( Rawlings, Barrett, and Finn 2016 ), 
their substrates, and inhibitors; and the Lipase Engineering Database ( Fischer and Pleiss 2003 ).  

  2.9 Visualization of Metagenomic Data Annotation 

 A challenging task that researchers usually face when analyzing big data such as NGS sequencing results 
is representing the data to appropriately communicate the � ndings of the studies. Ideally, the representa-
tions should be as simple as possible, they should not represent individual entities or behaviors of the data 
but rather aggregated groups or tendencies and colors of different entities, all the details of the � gure 
should be clearly distinguishable, and the resulting � gures should � t in the printing area of most paper 
formats. The most common representations used in the � eld can be observed in  Figure 2.4 .         

 In metagenome analysis, stacked bar plots are the most used and abused representation of taxonomic 
annotation and abundance. This representation can be obtained from almost all analysis pipelines and is 
very useful to see major sample differences in abundance or composition. However, stacked bar plots are 
inadequate to see differences in minor taxa, can be hard to read (especially for color- blind people), and 
are not suited to represent diversity in complex communities. Several other diagrams have been used to 
represent diversity and abundance, each with its pros and cons. 

 Stack bar plots and other representations for visualizing metagenomic data omit or distort quantitative 
hierarchical relationships and cannot display secondary variables. Krona, Centrifuge, and other tools 



35Metagenomic Tools for Annotation

enable the interactive visualization of complex metagenomic data using multi- layer pie charts, which 
depict the abundance of the most commons microbes of a sample. Krona distinguishes itself among 
others, as it has a lightweight implementation and is easily integrated into existing portals such as MG- 
RAST, METAREP, and Galaxy ( Ondov, Bergman, and Phillippy 2011 ). The major disadvantages of this 
representation are that it can only accommodate information from one sample or experimental group 
(i.e., it is not suited to compare different samples), and the information that is interactively displayed 
(embedded in the graph) is lost when printed. 

 Sankey � ow diagrams are equivalent to pie charts in terms of displayed information and interpretation 
but are more visually appealing. This representation also considers quantitative taxonomic hierarchy 
information, with taxonomic levels distributed in the horizontal axis. Pavian ( Breitwieser and Salzberg 
2020 ) and BioSankey ( Platzer et al. 2018 ) are among the tools that can produce this type of diagram and, 
similarly, can embed information on the graph to allow the interactive representation of additional data 
such as sample comparisons. This representation has the same disadvantages as pie charts. 

   FIGURE 2.4  Graphs and types of visualizations produced by different metagenome analysis tools aiming to represent 
taxonomical information. Visualizations can accommodate metagenome diversity, abundance, or other relevant experi-
mental information. Diversity can be explicitly represented as cladograms or trees in which each branch is an OTU or ASV 
or can be formally analyzed using rarefaction curves. Other visualizations such as stacked bar plots, pie charts, or Sankey 
diagrams can also incorporate abundance information. Other representations can depict the presence, co- occurrence, or 
differential abundance of taxa in several samples. See the main text for a detailed explanation. 
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 Taxonomical information has traditionally been represented using cladograms and phylogenetic trees. 
This simple representation is suited to display all the taxonomic entities in a sample or group at a given 
rank. Annotated trees and cladograms are widely used in the metagenomic � eld, as they can display 
diversity information more precisely than the previously mentioned representations. Tunable tools that 
allow annotation of phylogenetic trees include iTOL ( Letunic and Bork 2007 ,  2019 ), EvolView ( Zhang 
et al. 2012 ;  Subramanian et al. 2019 ), and Iroki ( Moore et al. 2020 ), among others. Most of them are not 
specially designed to handle the output of metagenome annotation tools. However, iTOL recently incor-
porated an option to read the tree � les output by QIIME ( Letunic and Bork 2019 ), while Iroki can deal 
with trees from QIIME, SILVAngs classi� er, and other tools ( Moore et al. 2020 ). 

 Phylogeny trees and cladograms can also be represented by many specialized metagenomic pipelines. 
That is the case of tools like MetaPhlAn ( Segata et al. 2012 ;  Truong et al. 2015 ), Anvi’o ( Eren et al. 2015 ), 
and MetacodeR ( Foster, Sharpton, and Grünwald 2017 ). MetaPhAn produces cladograms that can be 
annotated by shading the branches; modifying the size and color of nodes; and separating the different 
ranks of the taxonomy to achieve a more comprehensive understanding of diversity, abundance, and even 
sample differences ( Segata et al. 2012 ;  Truong et al. 2015 ). MetacodeR performs similar tree representa-
tions but also allows producing layouts of various trees to compare groups of samples and other segmenta-
tions of the study design ( Foster, Sharpton, and Grünwald 2017 ). Anvi’o produces densely annotated and 
interactive trees to assist researchers in the human- guided binning of metagenomes ( Eren et al. 2015 ). 
These trees can be exported in publication- ready format and might serve to display several metadata types 
associated with samples and experimental groups, but a high number of annotations can interfere with the 
readability of the � nal diagram and obstruct the diversity representation as the tree is shrunk. 

 For sample comparison, sample rarefaction analysis can help determine a sequencing depth at which 
all samples have the same amount of ‘sequencing effort.’ This is a widespread normalization strategy to 
avoid sequencing depth bias when estimating abundances. Rarefaction curves are also informative about 
the amount of ecosystem diversity that was effectively captured by the sequencing experiment and there-
fore are very useful during the experiment design stage. Although many tools can produce rarefaction 
analyses, a recently published tool called RTK ( Saary et al. 2017 ) seems to be among the best current 
solutions to ef� ciently calculate rarefaction curves and normalize a high number of samples. 

 STAMP (STatistical Analysis of Metagenomic Pro� les) is a graphical tool focused on sample compar-
ison with a relevant and rigorous statistical treatment of biological effects ( Parks and Beiko 2010 ;  Parks 
et al. 2014 ). This tool provides pairwise or multiple comparisons of annotated metagenomic pro� les with 
the added feature of reporting effect size and con� dence intervals associated with an annotation feature 
(gene, pathway, gene ontology, or enzyme class). Effect size statistics calculated using STAMP can be 
complementary and sometimes pivotal in assessing the biological relevance of  p - values in hypothesis 
testing during sample comparison. 

 Species co- occurrence networks can give information that is complementary to differential abundance 
analysis. In this case, the nodes of the network represent identi� ed OTUs or taxa (generally species), and the 
connections represent a correlation coef� cient that is obtained from the matrix of sample species abundance. 
This co- occurrence network can be obtained from several pipelines, including MEGAN ( Huson et al. 2016 ; 
 Bağcı et al. 2019 ). The direct implication of this analysis is identifying hub species that can shape or in� u-
ence community structure. As discussed earlier, this could represent a valuable tool to design intervention 
strategies to in� uence soil communities, gut microbiota, water treatment biodigester microbes, and so on. 

 Deciding on the most appropriate graphical representation for a dataset or result is pivotal for ef� cient 
communication of experimental � ndings. Several pipelines can produce the same types of representation 
with different aesthetics and varying levels of dif� culty. It is a task that should be considered with the 
same caution as the decision on tools for scienti� c computation.  

  2.10 Challenges and Future Perspectives 

 From its beginnings in the early 2000s, metagenomics has become a popular approach to evaluate the 
taxonomic and functional composition of microbiomes. The reduction in sequencing costs, increased 
computational power, and the surge of bioinformatics tools have enabled many laboratories to study 
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microbial communities in diverse environments. As noted throughout the chapter, there are still several 
challenges that researchers in the � eld are facing. 

 The most pressing of subjects is arriving at a consensus on annotation pipelines. Without a uni� ed 
way of processing and reporting data, much of the � ndings will not be reusable for validation by peers or 
under future hypotheses, making it harder to achieve knowledge integration. There should be a culture 
among bioinformaticians and biologists working with computational resources to ensure that their use of 
tools is guided by truly scienti� c reasons and not by trends or ease of use. In most cases, the highly cited 
tools are already evaluated independently by a benchmarking study, which should provide enough sup-
port for deciding on a pipeline. If that is not the case, several platforms (some discussed in this chapter) 
are available to guide researchers through performing a benchmarking study. The time spent on this task 
would not be fruitless, as it will re� ect on the reliability of the results obtained from our methodology. 

 There is also a global demand from the scienti� c community to improve on how researchers produce, 
interpret, and publish data to ensure that the information complies with four criteria: It should be � nd-
able, accessible, interoperable, and reusable ( Wilkinson et  al. 2016  ). The FAIR guidelines (common 
jargon) aim to provide a framework for researchers, mainly those working on big data, to produce data 
with enough value to be used by others and enough structure to be handled by machines. 

 For scientists working on metagenomics, this implies that, as a general recommendation, the raw data 
of every experiment should be available along with the processed results. Moreover, these data should 
be accompanied by structured and detailed metadata that describes the experimental conditions, treat-
ments, subject details, locations, sample processing, and any other relevant information that could be 
in� uencing the results. 

 Given the heterogeneity of methods, each with its own set of de� ciencies, the used pipeline should 
also be available and preferably the used code be deposited in a reputable DOI- issuing repository so that 
others can access and cite it ( Wilson et al. 2017 ). This becomes increasingly easy as researchers working 
in scienti� c computing adopt good practices when performing computational experiments. A detailed 
compendium of good practices for scienti� c computing can be found in ( Wilson et al. 2017 ), and these 
should be considered as important as good pipetting practices for wet- lab experiments. 

 Another challenge in the � eld is homogenizing the nomenclature of techniques, processes, data types, 
and computational tasks. In the case of bioinformatics data and tasks, which are somehow less ambigu-
ous, there is a set of ontologies (EDAM ontologies) to describe the more relevant and used operations, 
formats, and types ( Ison et al. 2013 ). The proper use of these terms, although technically complex, is 
more normalized than the use of terms directly related to biological experiments. For example, terms 
such as metagenome, microbiome, metapro� ling, and metabarcoding are used interchangeably in litera-
ture to refer to the same technique. An effort to generate a common vocabulary was initially published 
by  Marchesi and Ravel (2015 ). Unfortunately, some of the terms and de� nitions used in that text, such 
as metataxonomics, have not achieved widespread acceptance in the � eld. In the case of metataxonom-
ics, in our opinion, the term does not properly justify its intended uses (e.g., marker- based and WGS 
sequencing for the sole purpose of taxonomical description of communities). On the other hand, their 
de� nition of the microbiome (i.e., covering both biotic and abiotic factors of an environment) rules out 
the most widespread uses of this term, which by force of habit only refer to the biotic component of an 
ecosystem. We encourage our readers to review the cited resources on nomenclature and actively commit 
to incorporating proper language in the description of scienti� c results. Adopting these or other future 
nomenclatures is a challenge that the community should face responsibly, as normalizing language will 
improve brevity, clarity, precision, and ultimately communication among specialists.  
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