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Abstract

Meta-omics [metagenomics, metatranscriptomics, and metaproteomics] are rapidly expanding 
our knowledge of the gut microbiota in health and disease. These technologies are increasingly 
used in inflammatory bowel disease [IBD] research. Yet, meta-omics data analysis, interpretation, 
and among-study comparison remain challenging. In this review we discuss the role these 
techniques are playing in IBD research, highlighting their strengths and limitations. We give 
guidelines on proper sample collection and preparation methods, and on performing the analyses 
and interpreting the results, reporting available user-friendly tools and pipelines.
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1.  Introduction

Even in the initial description of Crohn’s disease [CD], the importance 
of gut-associated bacteria in the aetiology and pathophysiology of 
inflammatory bowel diseases [IBD] was already suggested.1 Intestinal 
dysbiosis is being studied to disentangle the various contributors in 
CD and ulcerative colitis [UC]. Profound analyses of the gut microbial 
community [microbiota] and the mechanistic insights these provide on 
the interaction between the human gut and the hosted microbiota are 
essential to develop new strategies to tackle the rise in IBD prevalence.2

Microbiology has been revolutionised by the development of 
high-throughput technologies that permit study of the microbial 
communities as a whole. Known as meta-omics, they aim at the 
direct analysis of genes, transcripts, or proteins recovered from envi-
ronmental samples, by skipping cultivation and the bias it introduces 
altogether. Metagenomics starts by sequencing the DNA extracted 

from a microbial community, and assessing what microorganisms are 
present in a sample as well as their functional potential. By sequenc-
ing the community RNA, metatranscriptomics allows the monitoring 
of the microbiota’s current gene expression; whereas metaproteom-
ics, based on protein spectrum profiles, provides information about 
the proteins that are synthesised. 16S amplicon sequencing is based 
on the specific amplification of a hypervariable region of the riboso-
mal RNA gene that is universally present in Bacteria and Archaea. 
Although it does not bring the functional insights that shotgun 
metagenomics provides and has lower phylogenetic resolution, it is 
an order of magnitude more cost-effective for getting first insights 
into the phylogenetic composition of a sample. As the different meta-
omics characterise complementary aspects of microbial communities 
[Figure  1], combining multiple meta-omic techniques holds great 
promise for understanding the role of the gut microbial community in 
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IBD. Today, meta-omic technologies are becoming accessible to most 
research laboratories and some hospitals around the world, with the 
associated standard bioinformatics analysis provided as a service.

Clinical practice—from prognosis or diagnosis to treatment—
could benefit from a closer integration with meta-omics. The pur-
pose of this review is to describe how meta-omics can be applied 
to provide better insight into the microbial contributions in IBD. 
Starting with a description of adequate sample collection methods, 
we discuss the potential and specificity of different meta-omic analy-
ses, accompanied with guidelines on how to interpret the results, 
and a selection of user-friendly tools that are available to perform 
data analysis beyond the standard analysis delivered by sequencing 
facilities.

2.  Sample Pre-Processing

2.1.  Sample collection and storage
Bacteria make up to 60% of the dry mass in stool samples, with one 
gram of faeces containing 1011–1012 bacteria.3 The microbial compo-
sition of stool samples is generally considered representative of the 
gut community. Hence, meta-omic analyses of faecal material have 
the potential to reflect composition and metabolism of the colon 
microbiota. However, meta-omic readouts of faeces are sensitive to 
inappropriate sampling logistics that allow bacterial growth and cell 
lysis during transport or storage, affecting both microbial compo-
sition and diversity. Therefore, faecal sample collection and storage 
protocols are of key importance to the success of subsequent analyses.

Several studies have investigated the effect of storage tempera-
ture and/or the use of buffers on microbiota composition.4,5 In gen-
eral, such studies conclude that inter-individual variability remains 
observable in faecal material despite preservation-induced biases. 
However, many disease-associated microbial signatures are more 
subtle than microbiota variation among different individuals. As 
such disease-specific signatures could get distorted, immediate stor-
age of faecal samples at -20°C or -80°C for respective short- [weeks] 
or longer-term conservation is recommended.4 Freeze-thaw cycles 
have a considerable impact on microbial cell integrity, resulting 
in increased proportions of degraded DNA, altered relative abun-
dances of microbial taxa, and a decreased RNA Integrity Number.5 
In order to avoid multiple freeze-thaw cycles, aliquoting fresh stool 
samples before initial freezing to facilitate subsequent analyses is 
recommended.

In IBD research, intestinal biopsy samples are sometimes col-
lected during colonoscopy. Such samples contain ~ 100 times less 

microbial cells than stool samples,6 and thus require even more strict 
protocols for optimal preservation and correct subsequent charac-
terisation of the gut microbial community. For such samples, imme-
diate freezing in liquid nitrogen [snap-freezing] followed by storage 
at -80°C is recommended.7 Alternatively, intestinal biopsies can be 
stored in aqueous solution at -20°C for a few weeks, or at 4°C if 
processed the same day.8 In any case, processing biopsy samples as 
soon as possible is advised in order to minimise lysis of the reduced 
microbial cell fraction.

2.2.  Sample preparation: the extraction protocol
Several protocols have been established for extracting microbial 
DNA, RNA, and proteins from complex samples. Nevertheless, it 
remains challenging to find a protocol to extract cell content without 
taxon-specific biases. For example, whereas harsh lysis methods are 
required to disrupt Gram-positive cells, only subtle swift extraction 
processes allow preservation of DNA or RNA from taxa that are 
more prone to cell lysis. Although any extraction method will create 
a bias towards some taxa, a balanced extraction protocol is essential 
for meta-omic analyses that ultimately provide relative abundances 
of features in a sample. As a case in point, the protocols used by the 
first two major human microbiome sequencing projects—MetaHIT 
[Metagenomics of the Human Intestinal Tract]9 and HMP [Human 
Microbiome Project]10—had an important difference in extrac-
tion efficiency of different bacterial phyla. As a result, the relative 
abundance of the Bacteroidetes phylum was significantly higher in 
samples extracted with the HMP protocol, translated into a distinct 
Firmicutes:Bacteroidetes ratio distribution across MetaHIT and 
HMP subjects.11 To optimise data comparability in future microbi-
ome studies, sample collection standard operating procedures [SOPs] 
are being developed [http://www.microbiome-standards.org/]. 
Overall, an extraction protocol including mechanical disruption of 
cells through bead-beating, essential to extract DNA from Gram-
positive cells with acceptable efficiency,12 can be recommended for 
the analysis of faecal and biopsy samples.

3.  Metagenomics

3.1.  Pre-metagenomic gut microbiota studies
Initial studies on the role of the gut microbiota in IBD depended on 
culturing methods only, introducing a clear bias given the fact that 
the vast majority of the gut bacteria cannot [easily] be grown in 
vitro. Notwithstanding their shortcomings, culture-dependent stud-
ies led to breakthroughs in IBD research such as the discovery of the 
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Figure  1.  Information provided by the different meta-omic technologies, regarding taxonomic and functional composition, when analysing a microbiome. 
*Metatranscriptomics and **metaproteomics are often coupled to 16S rRNA gene sequencing or metagenomics to provide the sample’s full taxonomic 
composition, independently of cellular activity levels.
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role of adherent-invasive Escherichia coli [AIEC] in CD.13 However, 
the emergence of culture-independent approaches to microbial pro-
filing was crucial to in-depth assessment of microbiota involvement 
in IBD. Such methods, mostly relying on the prokaryotic universal 
marker gene [16S rRNA], made the characterisation of microbial 
diversity in community samples more tractable. In IBD research, this 
led to the identification of the predominant gut microbiota altera-
tions associated to the pathology.

Pre-metagenomic, culture-independent approaches in IBD 
research employed finger-printing techniques including temperature/
denaturing gradient gel electrophoresis [T/DGGE]14,15 and terminal 
restriction fragment-length polymorphism [T-RFLP],16 direct visuali-
sation using fluorescent in situ hybridization [FISH],17 phylogenetic 
arrays like HITChip,18 and high-throughput cloning.19 The role of 
specific bacteria in IBD pathology was subsequently investigated 
by a combination of culture-independent techniques and targeted 
microbiology. For example, Faecalibacterium prausnitzii was found 
to be associated with ileal CD recurrence and to exhibit anti-inflam-
matory effects.17

3.2.  Marker gene [16S rRNA] sequencing
3.2.1.  16S rRNA gene sequencing and its application to IBD 
research
In the mid 1980s, Lane and colleagues successfully sequenced uni-
versal marker genes [typically the hypervariable regions of the 16S 
rRNA gene] from microbial community samples,20 leading to new 
insights into the phylogenetic diversity of bacterial ecosystems. 16S 
rRNA sequencing provides information about the taxonomic com-
position of a sample, i.e. the microorganisms that are present and 
their relative abundances. As only the 16S rRNA gene is sequenced, 
it fails to inform about the functions that can be performed by 
the community [functional composition], in contrast to shotgun 
metagenomics. In addition, strain-level analysis is more informative 
using the latter [see further]. Still, 16S rRNA sequencing is a cost-
effective technology for taxonomic profiling and it is widely used, 
especially in large cohorts, which can also serve to select a subset of 
samples for meta-omic analysis.

Using 16S gene rRNA sequencing, Bacteroidetes and 
Firmicutes were identified as the most abundant phyla in the 
gut microbiota of healthy subjects [based on analyses of both 
mucosal and faecal samples].21 Technological advances and the 
associated reduction in sequencing costs have made microbiome 
amplicon profiling widely available, permitting fast and exten-
sive phylogenetic analysis of clinical or environmental samples. 
A  growing number of projects in IBD research depend on 16S 
rRNA sequencing, and the technique has revealed alterations in 
the microbiota of IBD patients compared with healthy controls. 
A reduced bacterial diversity in IBD patients has been reported 
by several studies22,23 [see Table  1 for an overview of publica-
tions in IBD based on 16S rRNA gene sequencing and/or meta-
omic technologies up to this date]. However, consistency between 
studies is lacking with regard to the alteration of relative abun-
dances of microbial taxa. In gastrointestinal biopsies from IBD 
patients, Frank et al.24 found lower relative abundances of both 
Bacteroidetes and Firmicutes than in control subjects, whereas 
Walker et  al.19 observed decreased Bacteroidetes but increased 
Firmicutes abundances. Moreover, Morgan et  al.25 reported 
lower Firmicutes in biopsies but higher in faecal samples of IBD 
patients compared with healthy controls. This illustrates again 
the importance of the nature of the samples as well as the sample 
preparation protocol when comparing the outcome of different 

studies: increased Firmicutes abundances in IBD patients were 
consistently reported when extraction protocols included a bead-
beating step, but the opposite was observed when mechanical 
disruption was lacking.

3.2.2.  16S rRNA gene data processing
Nowadays, several well-established tools are available to process 
16S rRNA gene sequencing data [see Table 2 for an overview of the 
tools for IBD meta-omic data processing, analysis, and visualisation]. 
The more user-friendly among them include QIIME,26 Mothur,27 and 
LotuS.28 These tools also provide comprehensive instructions to per-
form the necessary sequential steps to correctly process amplicon 
barcode data. Basic procedures include de-multiplexing [assigning 
sequence reads to each sample that is pooled in sequencing reac-
tions], quality control, and chimera filtering (removing artefactual 
DNA sequences containing fragments from several organisms, pro-
duced during polymerase chain reaction [PCR] amplification), clus-
tering of 16S rRNA gene reads into operational taxonomic units 
[OTUs], and assigning OTU taxonomy through mapping onto 16S 
rRNA gene reference databases [eg Greengenes29]. Such data pre-
processing is usually covered by the sequencing facility, in addi-
tion to a few basic statistics. To explore microbiota composition 
tables, a few user-friendly R packages are available. Alpha diversity 
[within-sample diversity, including richness—number of taxa—and 
evennes—sdistribution of taxa], beta diversity [dissimilarity among 
samples], statistical analysis of between-group differences, ordina-
tion analysis, and visualisation of results can all be performed using 
the R packages vegan30 and phyloseq.31

For ordination of 16S rRNA gene sequencing data, the compo-
sitional dissimilarity between samples is most commonly calculated 
using Bray-Curtis dissimilarity or Unifrac distance. The former pro-
vides a measure of the differences in abundance of taxa between two 
samples, being bound between 0 and 1, where 0 means the two sam-
ples have exactly the same composition. The Unifrac distance was 
created to incorporate the notion of phylogenetic distance into the 
samples distance metric. That is to give a higher weight to composi-
tional differences between distantly related taxa, for example if one 
sample’s composition is dominated by Ruminococcus [Firmicutes 
phylum] while the other is Bacteroides-dominated [Bacteroidetes 
phylum]. These distances are then often used to graphically repre-
sent sample compositional dissimilarity, most often with a principal 
coordinates analysis [PCoA] or its non-metric alternative, non-met-
ric dimensional scaling [NMDS]. The linear assumption underlying 
PCA [principal component analysis] ordination—the usual default 
method in general statistical programs—makes it unsuitable for 
most ecological data.32 In addition, to show the effect of specific 
factors on community composition, methods such as RDA [redun-
dancy analysis], CAP [canonical analysis of principal coordinates], 
and others can be used. Of particular interest, variation partitioning 
with an RDA allows estimation of the portion of the compositional 
variation that is explained by several factors (eg gender, age, body 
mass index [BMI], IBD) and allows singling out of the impact of one 
variable of interest from other factors influencing microbiota com-
position. For example, in a study including IBD patients and healthy 
subjects, this method could be used to calculate the percentage of 
variation in microbiota variation that is explained by the disease, 
by gender, and by age. Also, tools such as MaAsLin can be used to 
find associations between certain metadata parameters [disease sta-
tus, diet, lifestyle] and microbiota composition, while deconfound-
ing the effect of all other metadata parameters. Network analysis 
can be performed to detect co-occurrence and mutual exclusion 
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relationships between microbial taxa33 and specific tools have been 
developed to this end [eg CoNet34]. All analyses mentioned above 
are most often performed at genus or OTU level. Tools have recently 
emerged to extrapolate lower-level [towards strain-level] variation 
from 16S rRNA sequencing data to reveal potential relevant taxo-
nomic diversity within OTUs [Oligotyping35]. Additionally, tools 
have been developed to predict functional profiles from 16S rRNA 

data [eg PICRUSt36]; however, given the substantial functional vari-
ation across microbial species and strains, such metagenome predic-
tions should be interpreted with great caution.

3.2.3.  Pitfalls and limitations of 16S rRNA gene sequencing
Primer selection is crucial to successful microbiota characterisa-
tion through 16S rRNA gene sequencing. Commonly used primers 

Table 1.  Overview of the outcome of the main studies on the gut microbiota in IBDa based on 16S rRNA gene sequencing and/or meta-omic 
technologies

Technique Material Finding Reference

16S sequencing, FISH Stool samples Reduced complexity of Firmicutes in CD patients Manichanh et al. [2006]94

16S sequencing, qPCR GI biopsies Decreased Bacteroidetes and Firmicutes abundances 
in CD and UC patients

Frank et al. [2007]24

16S sequencing, histopathology, flow 
cytometry

Colon biopsies Altered microbial functions in UC patients 
[increased lipid and amino acid metabolism], but 
not in CD patients

Davenport et al. [2009]95

16S sequencing Colon biopsies Lower transcription levels in UC and CD, 
Firmicutes, and Actinobacteria inactive in CD 
patients

Rehman et al. [2010]75

16S sequencing, qPCR Colon biopsies Higher Firmicutes but lower Bacteroidetes 
abundance in IBD patients

Walker et al. [2011]19

16S sequencing, microarrays for 
host RNA

Colon biopsies Lower diversity and increased Actinobacteria and 
Proteobacteria in UC than their healthy twins. 
Interaction between the transcription profile of the 
mucosa and the microbiota, which is lost in UC

Lepage et al. [2011]96

16S sequencing, metagenomics Stool samples, GI biopsies Higher Firmicutes in stool samples but lower in 
biopsies of IBD patients; higher perturbations in 
microbial functions than in microbiota composition

Morgan et al. [2012]25

16S sequencing Ileum and colon biopsies Lower Bacteroidetes and Firmicutes and higher 
Proteobacteria abundances in CD patients

Ricanek et al. [2012]97

16S sequencing, qPCR Ileum, colon and cecum 
biopsies

Lower microbial diversity in IBD patients, 
decreasing with increased inflammation

Zitomersky et al. [2013]22

16S sequencing, immunoassays Saliva Higher Bacteroidetes and lower Proteobacteria 
abundance in IBD patients

Said et al. [2014]98

16S sequencing Stool samples Increased Escherichia/Shigella and decreased 
Fecalibacterium in newly diagnosed CD patients

Thorkildsen et al. [2013]99

16S sequencing Stool samples No changes in microbial composition or diversity 
between IBD patients in quiescent disease or 
remission state

Wills et al. [2014]100

16S sequencing, metagenomics Stool samples, GI biopsies Increased Fusobacteriaceae and inflammation- 
related pathways, decreased Bacteroidales, 
Clostridiales abundances in CD

Gevers et al. [2014]46

16S sequencing, microarray GI biopsies Lower microbial diversity in CD patients, increasing 
after surgery. Higher saccharolytic bacteria in CD 
patients in remission; higher proteolytic and lactic 
acid-producing bacteria in recurrent disease patients

De Cruz et al. [2014]23

16S sequencing, RNA-Seq Colon biopsies Bacterial community composition differing in 
UC and CD patients vs controls according to 
geographical origin

Rehman et al. [2015]76

Metagenomics Stool samples Gene and network-level topological differences in 
IBD patients, identification of biomarkers for IBD

Greenblum et al. [2012]44

Metagenomics, metaproteomics Stool samples Identification of metabolic pathways that 
differentiate CD patients from controls and of 
possible targets

Erickson et al. [2012]45

Metaproteomics, qPCR GI biopsies Identification of potential bacterial and protein 
biomarkers for CD and UC patients

Presley et al. [2012]82

Metaproteomics, 16S sequencing Stool samples Over-representation of proteins derived from 
Bacteroides species, under-represented proteins 
from Firmicutes and Prevotella in CD patients

Juste et al. [2014]81

IBD, inflammatory bowel disease; CD, Crohn’s disease; UC, ulcerative colitis; GI, gastro-intestinal.
aBased on publications available on PubMed–NCBI [http://www.ncbi.nlm.nih.gov/pubmed] on 31 July, 2015, referring to inflammatory bowel disease and 

meta-omics technologies.
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Table 2. Tools for IBD meta-omic data processing, analysis, and visualisation.

Tool Function Link Availability

16S rRNA gene sequencing
QIIME Data processing and analysis http://qiime.org/ Command-line tool
Mothur Data processing and analysis http://www.mothur.org/ Command-line tool
LotuS Data processing and analysis http://www.raeslab.org/software/lotus.html Command-line tool
phyloseq Data analysis and visualisation http://www.bioconductor.org/packages/release/ 

bioc/html/phyloseq.html
R package

vegan Data analysis and visualisation http://cran.r-project.org/web/packages/vegan/ 
index.html

R package

Oligotyping Taxonomic level profiling at higher resolution http://oligotyping.org Command-line tool
CoNet Detection of microbial co-occurrence patterns http://www.raeslab.org/software/conet.html Command-line tool/ 

Cytoscape plugin
Metagenomics
Trimmomatic Trimming http://www.usadellab.org/ 

cms/?page = trimmomatic
Command-line tool

DeconSeq Decontamination http://deconseq.sourceforge.net/ User interface
MetAMOS Assembly and data analysis http://cbcb.umd.edu/software/metAMOS Command-line tool
MOCAT Assembly, taxonomic and functional profiling http://vm-lux.embl.de/~kultima/MOCAT/ Command-line tool
Ray Meta Assembly, taxonomic and functional profiling http://denovoassembler.sourceforge.net/ Command-line tool
PBcR Error correction and assembly http://www.cbcb.umd.edu/software/PBcR/ Command-line tool
SmashCommunity Annotation and analysis http://www.bork.embl.de/software/smash/ Command-line tool
MetaPhlAn2 Taxonomic profiling http://segatalab.cibio.unitn.it/tools/metaphlan2/ Galaxy module
MEDUSA Taxonomic and functional profiling http://www.metabolicatlas.com/medusa Command-line tool
MLTreeMap Phylogenetic analysis http://mltreemap.org/ Web interface
PhyloSift Phylogenetic analysis https://phylosift.wordpress.com/ Command-line tool
MetaGeneMark Gene prediction http://exon.gatech.edu/meta_gmhmmp.cgi Web interface
MetaProdigal Gene prediction http://prodigal.ornl.gov/ Command-line tool
Glimmer-MG Gene prediction http://www.cbcb.umd.edu/software/ 

glimmer-mg/
Command-line tool

HUMAnN Functional and metabolic analysis http://huttenhower.sph.harvard.edu/humann Command-line tool
FishTaco Linking taxonomic and functional shifts http://elbo.gs.washington.edu/software_ 

fishtaco.html
Command-line tool

MetaNetSam Network analysis http://omics.informatics.indiana.edu/mg/ 
MetaNetSam/

Command-line tool

MaAsLin Multivariate associations https://huttenhower.sph.harvard.edu/maaslin Galaxy module
Metagenomics/metatranscriptomics
MetaVelvet Assembly http://metavelvet.dna.bio.keio.ac.jp/ Command-line tool
EBI metagenomics Phylogenetic and functional profiling http://www.ebi.ac.uk/metagenomics/ Web interface
MG-RAST Phylogenetic and functional profiling http://metagenomics.anl.gov/ Web interface
LEfSe Data analysis and visualisation http://huttenhower.sph.harvard.edu/galaxy/ Web interface
MinPath Metabolic pathway inference http://omics.informatics.indiana.edu/MinPath/ Web interface
Metatranscriptomics
IDBA-MT Assembly http://i.cs.hku.hk/~alse/hkubrg/projects/idba_ 

mt/index.html
Command-line tool

Trinity Assembly http://trinityrnaseq.github.io/ Web interface
SortMeRNA Data processing http://bioinfo.lifl.fr/RNA/sortmerna/ Command-line tool
Metaproteomics
SEQUEST Peptide/protein identification http://fields.scripps.edu/researchtools.php Command-line tool
DTASelect Protein assembly http://www.scripps.edu/cravatt/protomap/ 

dtaselect_instructions.html
Command-line tool

MASCOT Protein annotation http://www.matrixscience.com/ Web interface
MetaSPS De novo protein sequencing [identification] http://proteomics.ucsd.edu/software-tools/ 

metasps/
Web interface

PepNovo+ De novo peptide sequencing [identification] http://proteomics.ucsd.edu/software- 
tools/531–2/

Command-line tool

OpenMS Quantification http://open-ms.sourceforge.net/ Web interface
MetaProteomeAnalyzer Peptide/protein identification and analysis https://code.google.com/p/meta-proteome- 

analyzer/
User interface

Meta-omics integration
ADE4 Data analysis and integration http://pbil.univ-lyon1.fr/ade4/ Web interface
GOmixer Gut-specific data analysis, integration and 

visualisation
http://www.raeslab.org/gomixer/ Web interface

HUMAnN2 Functional profiling, integration http://huttenhower.sph.harvard.edu/humann Command-line tool
MixOmics Data analysis, integration, and visualisation http://mixomics.qfab.org/ Web interface
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target hypervariable regions of the 16S rRNA gene for a compro-
mise between conserved flanking regions [to amplify all microorgan-
isms present] and central variability [to distinguish closely related 
taxa]. Given the lack of truly universal primers, PCR amplifica-
tion—to obtain DNA amplicon concentrations suited for library 
preparation—might introduce a bias towards specific taxonomic 
groups. Furthermore, rRNA operon copy number is known to vary 
according to bacterial growth strategies,37 with fast growers like 
Escherichia coli encoding as many as seven rRNA operon copies 
and Faecalibacterium prausnitzii sp SL3/3 carrying a single one.38 
Genomes with higher 16S rRNA gene copy numbers are inevitably 
favoured in the process of exponential PCR amplification, introduc-
ing biases when estimating final bacterial abundances from ampli-
con sequencing data. A third confounder can be introduced in 16S 
sequencing data during OTU clustering and taxonomic assignment: 
as 16S rRNA gene sequences of abundant taxa are probably best 
represented in reference databases, it can be expected that they will 
be assigned more accurately.

Limitations notwithstanding, several primer sets with high cover-
age rates in microbial datasets are available [including 338f/r, 515f, 
519r, 816r, 907r, 1062r], as well as tools for 16S rRNA gene copy num-
ber correction [CopyRighter39]. Regarding the third confounder, the 
human gut-associated microbiota has been extensively characterised, 
both by culturing and culture-independent methods, and coverage in 
16S rRNA gene databases is estimated to encompass average colon 
microbiota composition. Only analyses of 16S rRNA gene profiles 
obtained from the gut content of model organisms such as the mouse 
remain comparatively harder.40 16S rRNA gene sequencing is nowa-
days a relatively straightforward and affordable approach to obtain 
information on the taxonomic composition of the gut microbiota.

3.3.  Metagenomic sequencing
3.3.1.  Metagenomic sequencing and its application to IBD 
research
Using metagenomics, randomly sequenced DNA obtained from the 
complete content of an environmental or clinical sample is analysed. 
Metagenomics allows characterisation not only of the taxonomic 
composition, but also of the full functional metabolic potential as 
represented by the combined gene pool of a microbiota sample, 
including for example antibiotic resistance profiles or virulence 
factors. Although sequencing costs and run times of metagenomic 
analyses are substantially higher and longer when compared with 
16S sequencing, the benefits of information unlocked far outweigh 
the additional investment in resources.

Several large-scale metagenomic studies have provided insights 
into the complexity and diversity of the gut microbiota9,10 and paved 
the way for targeted analyses in a clinical context. The MetaHIT 
project characterised the gut microbiota of almost 300 individuals 
[including 25 IBD patients].9 It revealed discrete or continuous strat-
ification patterns within individual microbiota configurations [ente-
rotypes], independent of age, sex, or nationality.41 The derived gene 
catalogue allowed not only definition of a core metagenome9, but 
also identification of correlations between low microbial functional 
richness and markers of metabolic syndrome and inflammation.42 
The HMP10 studied 18 microbial habitats associated to the human 
body in 242 individuals, performing metagenomic sequencing on 
over 1200 samples. Importantly, around 800 human-associated iso-
lates were fully sequenced in the framework of this project. These 
microbial reference genomes aid annotation of metagenomic reads 
from faecal samples by sequence homology. Recently, an updated 
catalogue of the genes found in the human gut microbiome has been 

defined and released using data obtained in all major large-scale 
metagenomic projects, containing ~ 10M genes.43 These pioneering 
efforts have generated a solid framework for future metagenomic 
studies.

In the context of IBD, in-depth analysis of the MetaHIT data set 
extended with 18 additional samples led to identification of genes 
and processes that are depleted or enriched in the disease,44 most 
of which were related to interaction between the microbiota and 
the gut environment. Of the enriched processes, ~ 21% were PTS 
[phosphotransferase system] transporters and FrvX, a fructose-spe-
cific PTS protein which had already been identified as biomarker 
for IBD. Another 18% of the pathways enriched in IBD belonged 
to the nitrate reductase pathway, in line with high nitric oxide 
levels [the product of nitrate reductase] that have been associated 
with IBD. As the enzymes that were associated with IBD are only 
found in a relatively small subset of microbial genomes, the authors 
suggested that a few species might be responsible for the disease. 
Another study analysed the microbiota of 12 CD patients and found 
Faecalibacterium to be significantly depleted in ileum samples in 
their metagenomic analyses.45 In addition, in CD subjects a lower 
proportion of the reads could not be assigned at phylum, family, 
or genus level compared with in controls, possibly reflecting the 
reduced bacterial diversity in CD.45 Gevers et al.46 performed shot-
gun sequencing on 33 CD patients and 10 controls, and found that 
the taxa enriched in CD—e.g. Fusobacteriaceae—were associated 
to pathways related to inflammation [lipopolysaccharide and glyc-
erophospholipid metabolisms], whereas the depleted taxa—includ-
ing Bacteroidales and Clostridiales—contributed amino acid and 
bile acid synthesis pathways. Again, reduced species richness of the 
mucosal microbiota was observed in CD patients.46

3.3.2.  Metagenomic data sequencing
Random shotgun analysis of the whole community DNA is performed 
using next-generation platforms, mostly Illumina or 454 pyrosequenc-
ing [Roche]. Currently, Illumina platforms [MiSeq, HiSeq] can provide 
25 million paired reads/run of up to 300 bp, whereas Roche GS FLX 
sequencers provide considerably longer reads [up to 1000 bp] but at 
a lower throughput of 1M reads/run. Although the protocols used 
are considerably different, they yield comparable assemblies and gene 
abundances.47 Still, Illumina platforms have lower error rates [especially 
for low-complexity genome regions] and generate more accurate and 
longer contigs—sets of overlapping DNA segments—despite the shorter 
read length.47 Alternatively, Ion Torrent PGM [Life Technologies], 
using a semiconductor-based technology, provides fast sequencing  
[2-6-h runs], and can yield 5M reads/run of up to 400bp. However, simi-
lar to 454 pyrosequencing, it has low accuracy for homopolymers and it 
generates more frameshift errors than Illumina platforms.48 The so-called 
next-next-generation sequencing [single molecule sequencing] platforms 
perform sequencing reactions skipping any amplification step, avoiding 
PCR-induced biases. PacBio [Pacific Biosciences] produces ultra-long 
reads [15 kbp] and yields 70.000 reads in 30 min at the moment, at a ~ 
95% accuracy. MinIon [Oxford Nanopore Technologies] is a pocket-size 
device—still in test phase—that also produces reads of tens of kbp and 
could potentially become faster and cheaper than the current sequenc-
ing platforms, but has an error rate of ~ 38%.49 Illumina remain the 
most popular sequencing platforms nowadays, owning about 66% of 
the sequencing instruments that are currently in use.50

3.3.3.  Metagenomic data processing
Several tools have been developed over the years to facilitate the 
processing of shotgun metagenomic data. The short reads generated 
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by Illumina and 454 platforms are usually trimmed from adapter 
sequences and low quality ends with Trimmomatic,51 decontaminated 
from host sequences [human DNA] by, for example, DeconSeq52and 
assembled into larger contigs using tools such as Ray Meta.53 The 
longer reads produced by PacBio and MinIon could be error-cor-
rected by PBcR54 and then assembled by Ray Meta or the same PBcR. 
Shotgun metagenomics reaches species-level resolution, but estimat-
ing species abundances from metagenomic datasets is not as straight-
forward as it might appear. As sequencing probability correlates to 
genome size, species abundances cannot be correctly calculated as 
the total number of reads matching microbial reference genomes. 
To circumvent this problem, tools have been developed to estimate 
community composition from single copy marker genes, such as 
MLTreeMap55 and MetaPhlAn.56 Of note, the extension of the latter, 
MetaPhlAn2,57 reaches strain-level resolution. Adding another level 
of refinement, metagenomic operational taxonomic units [mOTUs]58 
are reconstructed as groups of co-varying single-copy marker genes, 
allowing classification and quantification of known and unknown 
microorganisms at species level.58,59 Additionally, species growth 
rates can be extrapolated from differential sequencing coverage by 
mapping reads on reference genomes, revealing the rates at which 
bacteria are duplicating in each sample, which could provide insights 
into pathology.60

For functional analyses, contigs are used for gene prediction [eg 
Glimmer-MG61], annotation, and quantification. Predicted genes 
are functionally annotated by sequence homology using functional 
databases such as COG,62 KEGG,63 or eggNOG.64 Alternatively, 
assembly and gene calling can be skipped and reads are then directly 
used to generate functional profiles using EBI metagenomics65 or by 
mapping them to the most recent version of the catalogue of genes 
in the human gut microbiome.43 Typically, functional profiles are 
compared at the gene level, but they can also be used for metabolic 
pathway reconstruction [eg with MinPath66]. The latter allows com-
parison of the metabolic potential of the microbiota in different 

samples, using tools such as HUMAnN67 or GOmixer [www.rae-
slab.org/gomixer/]—see Darzi et  al.68 for an example application. 
Data analysis and visualisation can be performed with MaAsLin, 
MG-RAST,69 or GOmixer [Table 2]. FishTaco70 can be used to link 
observed differences in taxonomic and functional composition, so 
as to identify the taxonomic groups that drive the functional shifts 
observed between patients and controls. The most informative—but 
computationally intensive—analytical strategy for metagenomic 
datasets involves clustering of all genes identified by abundance co-
variation across all public gut metagenomic samples into co-abun-
dance gene groups [CAGs]. This allows performance of functional 
profiling within boundaries, potentially corresponding to either 
genomes [taxonomic boundary] or co-varying genomes [eg genomes 
and plasmids, syntrophy partners]. In addition, when genome cov-
erage tends to be optimal, this strategy permits assembling genomes 
de novo. After posterior assembly—using standard metagenome 
assembly tools—181 full genomes of previously unsequenced spe-
cies were obtained.71 Figure  2 provides an overview of a typical 
metagenomic workflow.

3.3.4.  Pitfalls and limitations of metagenomics
Metagenomic data processing and data analysis remain computa-
tionally intensive and require advanced bioinformatics skills. Data 
pre-processing requires access to computer clusters able to handle 
big data. Both cost and expertise thus limit the generalised appli-
cation of metagenomics in clinical research, and 16S rRNA gene 
sequencing is often used as an exploratory step before investing in 
metagenomic sequencing. Future advances in length of sequencing 
reads are expected to reduce assembly and gene prediction complex-
ity. However, sequencing developments also imply readapting all 
tools to the changing configurations of datasets generated. It is there-
fore recommended to computational non-experts to use sequencing 
technologies for which the bioinformatics pipelines are already fully 
developed.

Sample
collection

!  Storage conditions

!  Extraction protocol

!  Sequencing depth

!  Bioinformatics processing

!  Taxonomic levels of
interpretation

DNA extraction

Shotgun
sequencing

Sequence processing:
Quality �ltering-

- -
--

-
-

Assembly

Gene content Taxonomic composition

Functional composition Relative abundances
Diversity (richness, evenness)Metabolic pathway reconstruction

Gene prediction, annotation, quanti�cation

Figure 2.  A typical metagenomic workflow and the main factors to be taken into account when comparing results of multiple gut microbiota studies.
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Since they are not affected by gene copy number variation bias, 
metagenomic species abundance estimations based on single-copy 
marker genes are more accurate than their 16S rRNA gene-based 
counterparts. However, other biases, including differential DNA 
extraction efficiency between Gram-positive and Gram-negative 
bacteria or potential GC-content bias in sequencing efficiency, still 
remain. Furthermore, DNA extraction is performed from a certain 
weight and volume of faecal material with unknown [and variable 
across individuals / time points] microbial load. In addition, sequenc-
ing library preparation requires dilution of the DNA extracted to 
optimal process concentrations and equimolar pooling of DNA 
extracted from multiple samples. A  similar number of sequencing 
reads is obtained from samples with high and low microbial density, 
leading to variation in sequencing depths. Consequently, metagen-
omics [but also 16S rRNA gene sequencing] inherently provides 
relative abundance estimations. Caution is thus needed when inter-
preting sample differences: the lower relative abundance of mem-
bers of the Firmicutes phylum in CD samples reported by Erickson 
et al.,45 based on metagenomic analyses, does not necessarily mean 
that these taxa are all depleted in CD patients, as differences could 
also result from the blooming of other taxa. Taking this into account, 
metagenomics can help disentangle the taxa and metabolic processes 
that are associated with IBD pathology.

4.  Metatranscriptomics

4.1.  Metatranscriptomic sequencing and its 
application to IBD research
Metatranscriptomics analyses the RNA transcript pool expressed by 
a community. As the mere presence of a gene in a metagenome does 
not guarantee its expression, and hence does not provide informa-
tion about its expression pattern, metatranscriptomics provides valu-
able information that metagenomics overlooks. It allows monitoring 
regulation of and changes in microbial gene expression over time, 
which is particularly interesting when studying changes in the micro-
biota in response to perturbations. Whereas metagenomics reflects 
functional potential, metatranscriptomics provides information con-
cerning the microbial processes that are active at a given time point. 
Formerly, community messenger RNA [mRNA] was studied using 
microarrays72 or cDNA-AFLP [amplified fragment length polymor-
phism],73 but recently, high-throughput sequencing technologies 
have been successfully applied to cDNA sequencing [RNA-seq].74 
However, its application to study the human microbiota in health 
and disease is still rather limited.

Gosalbes et  al.74 analysed the metatranscriptomes of faecal 
material from healthy individuals and compared them with their 
metagenomes. Most transcripts belonged to the metabolic pro-
cesses of carbohydrate metabolism, energy production, and synthe-
sis of cellular components, and amino acid and lipid metabolisms 
were under-represented in the metatranscriptome compared with 
the metagenome. They further found that the Bacteroidetes and 
the Firmicutes were the most active phyla. However, whereas the 
families Bacteroidaceae, Porphyromonadaceae, Clostridiaceae, and 
Bifidobacteriaceae had a higher relative abundance at the RNA level 
than at the DNA level, Lachnospiraceae were substantially lower 
at the RNA level—i.e. less active. They also reported the presence 
of small RNAs that play an important regulatory role in prokary-
otic physiology and pathogenicity.74 In IBD, following a similar 
strategy to 16S rRNA gene sequencing, Rehman et  al. extracted 
microbial RNA from colon biopsies from IBD patients and, after 
reverse transcription to cDNA, amplified the 16S rRNA gene.75,76 

The Bacteroidetes were identified as the most active phylum both 
in CD patients and in healthy controls, whereas Actinobacteria 
and Firmicutes were comparatively less active in patients.75 Using 
the same technique, colon biopsies of IBD patients were found to 
harbour a lower bacterial diversity at the RNA level as compared 
with DNA abundances, but more associations between microbiota 
and disease could be identified.76 This highlights the importance of 
studying the active component of the microbiota in an IBD context.

4.2.  Metatranscriptomic sample and data 
processing
Several techniques for RNA isolation are available nowadays. 
mRNA constitutes only a small fraction of the total sample RNA 
pool; therefore, to avoid sequencing mostly rRNA, effective proto-
cols and commercial kits have been developed for mRNA enrich-
ment. These protocols are based either on rRNA removal or on 
mRNA amplification, often using oligo-dT primers after introducing 
a polyA tail. After enrichment, the RNA is reverse-transcribed to 
cDNA and RNA-seq is performed using high-throughput sequencing 
platforms. Quality assessment and host sequences decontamination 
is performed using the same tools as metagenomics. Notwithstanding 
mRNA enrichment, it remains important to filter rRNA from mRNA 
to obtain meaningful results. This can be done using SortMeRNA.77 
For assembly, IDBA-MT78—which also performs chimera removal—
is commonly used. The metatranscriptomic assembler Trinity79 could 
increase the rate of assembled contigs at the risk of increased chi-
mera. However, for the generation of gene expression profiles, map-
ping of the transcripts to the gene catalogue43 is a faster and more 
accurate approach. At this point, the analysis and visualisation tools 
used in metagenomics could be applied for the downstream analy-
sis after adapting the thresholds, as metatranscriptomic sequencing 
coverage is inherently lower due to the shorter half-life of mRNA 
compared with DNA.

4.3.  Pitfalls and limitations of metatranscriptomics
Isolation of prokaryotic mRNA is hindered by the lack of the polyA 
tail that eases separation of mRNA from rRNA in eukaryotes. The 
low stability of mRNA makes RNA preparation tricky and, as 
gene expression profiles can change rapidly, the mRNA pool that 
is recovered could reflect the expression patterns of the microbiota 
in response to sampling-induced stress conditions rather than the 
metatranscriptome in the sampled individual. This also points to 
the main pitfall of metatranscriptomics: given the rapid change in 
mRNA pool, it is uncertain how well a faecal metatranscriptome 
represents the processes that were active in the ileum or colon hours 
to days before. Furthermore, as transcript abundance is a function 
of both the expression level of the gene as well as the abundance 
of the host organism, the interpretation of such data is challenging. 
Bioinformatic skills remain necessary for metatranscriptomic data 
processing and analysis at the moment, but several tools start includ-
ing user-friendly web interfaces [Table 2].

5.  Metaproteomics

5.1.  Metaproteomics and their application to IBD 
research
Metaproteomics encompasses the large-scale study of the whole pro-
tein complement of environmental samples. It is a promising tool to 
gain knowledge on the functional diversity of the gut microbiota. 
Metaproteomics reveals what metabolic processes are ongoing and 
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how they are affected by changes in the environment such as disease 
conditions. Compared with metatranscriptomics, metaproteomics pro-
vides more direct information on metabolic processes that are carried 
out by the microbiota, as study of RNA expression does not account 
for post-transcriptional regulation. In addition, the metaproteome is 
more stable than the metatranscriptome, which is an advantage when 
analysing stool samples as it is more likely to reflect the actual micro-
bial ecosystem and not sampling-induced alterations. A  metaprot-
eomics study of a healthy monozygotic twin pair revealed that the 
gut microbiota produces considerably more proteins for translation, 
energy production, and carbohydrate metabolism than was expected 
from metagenomic data80—similar to what was found using metatran-
scriptomics.74 The same study identified host antimicrobial peptides,80 
providing information about the host response to the microbiota. 
Recently, Juste et al.81 identified another 12 bacterial signals for CD 
using metaproteomics based on stool samples, which potentially cor-
respond to functions of opportunistic pathogens, including mucosal 
layer colonisation, host barrier crossing, and mucosal invasion. They 
also found proteins from Bacteroides to be over-represented, and 
those from Firmicutes and Prevotella to be under-represented in CD 
patients. Using gastrointestinal biopsies, Presley et al.82 identified bio-
markers for IBD patients in the mucosal-luminal interface, mostly cor-
responding to functions related to microbe-host interactions [Table 1].

5.2.  Metaproteomic sample and data processing
In metaproteomics, experimental protein spectrum profiles are nor-
mally obtained by liquid chromatography and tandem mass spec-
trometry [LC-MS/MS], or nuclear magnetic resonance [NMR]. 
Quality assessment and subsequent quality filtering are performed to 
remove the low quality spectra, so that only the potentially informa-
tive spectra are used as input for the time-consuming peptide iden-
tification tools. This is particularly necessary in metaproteomics due 
to the amount of information that is produced. To determine spec-
trum quality, most quality assessment algorithms use the number 
of peaks in the spectrum, total peak intensity, and the number of 
ions observed in the high-intensity peaks.83 Then, experimental pro-
tein spectra profiles are matched to in silico-generated profiles for 
peptide identification and quantification. In silico-generated profiles 
are produced by translating a gene database [using the six coding 
frames] to protein sequences and simulating their cleavage by trypsin 
or other proteases. The identified peptides are then assembled in pro-
teins using dedicated databases and are quantified during the pro-
cess84; commonly used tools include SEQUEST85 and MASCOT.86 
These databases need to contain the metagenome of the sample that 
is being analysed. Rooijers et  al.70 developed and implemented an 
iterative workflow that relies on the catalogue of reference genes in 
the human gut microbiome43 to increase matching of protein spec-
tra when the corresponding metagenome is not available. MetaSPS87 
permits identification of proteins with unknown sequence [de novo 
sequencing]. Tools such as QVALITY88 are then used to assess the 
confidence of the identifications and to detect incorrect spectrum 
identifications. The inferred proteins are assigned taxonomically; 
however, this is challenging and generates ambiguities as proteins 
can be shared by multiple bacterial taxa. Finally, functional and 
metabolic pathway analyses are performed, in a similar manner as 
in metagenomics.

Recently, the first pipeline for metaproteomic analysis, 
MetaProteomeAnalyzer,89 became available. The pipeline performs 
peptide and protein identification and annotation of protein taxon-
omy and function, decreases data redundancy by grouping protein 
hits in ‘meta-proteins’, and then further annotates them.

5.3.  Pitfalls and limitations of metaproteomics
The high complexity and heterogeneity of metaproteomic samples 
hinder metaproteomic data analysis and interpretation. Peptide iden-
tification and quantification, protein inference from peptides, and 
taxonomic assignment of proteins that potentially belong to hun-
dreds of species are challenging. However, first results are promising, 
and the increasing availability of metagenomic data and improve-
ments in mass spectrometry are all expected to ease metaprotemic 
research. Moreover, tools like MetaProteomeAnalyzer further sim-
plify the analysis of metaproteomic data by non-bioinformatics 
experts.

6.  Meta-Omics Integration

6.1.  Meta-omics integration and its application to 
IBD research
The integration of results of multiple meta-omic technologies can 
help understand the functioning of microbial communities beyond 
the possibilities of single meta-omic approaches. Using metaprot-
eomics, the microbiota was found to produce more proteins than 
predicted from metagenomic studies80 for some processes includ-
ing energy production, carbohydrate metabolism, and translation. 
Furthermore, the integration of metagenomic and metatranscrip-
tomic data showed that the relative abundance of taxonomic 
groups often differs between DNA and cDNA libraries.90 In IBD, 
Erickson et  al.45 integrated metagenomic and metaproteomic data 
from healthy and CD twin pairs and found that only a subset of the 
genes differentially detected in the microbiome of CD patients with 
metagenomics were expressed and corresponded to identified pro-
teins in the metaproteome. Also, pathway expression differed more 
between healthy and CD individuals at the metaproteomic level than 
at the metagenomic level, and species-specific analysis showed that 
a lowering of transcripts encoding for butyrate production could be 
attributed to both a reduction in the number of carrying organisms 
[F. prausnitzii] and the specific down-regulation of the enzymes by 
this organism.45

Likewise, integrating other ‘microbial’ omes [from intesti-
nal eukaryotes and viruses] also holds great promise to provide 
new insights in IBD. Bacteria account for a very large fraction of 
the microbiome, but the viral and fungal components should not 
be overlooked. Analyses of the virome and mycobiome are in their 
infancy, and specific experimental protocols and bioinformatic pipe-
lines and databases are still being developed. Nevertheless, a pio-
neer study found that the enteric virome is altered in CD and UC 
patients compared with healthy individuals, with increased diversity 
and richness of bacteriophages—opposite to what has been consist-
ently observed for the bacterial microbiome, which suggests that 
the virome could be an important player in IBD.91 The mycobiome 
has also been reported to be altered in CD, and similarly, increased 
diversity was observed at the inflamed mucosa compared with the 
non-inflamed mucosa.92

Integrating multiple layers of information—also including meta-
data such as clinical history—is definitely a promising approach to 
obtain a more complete picture of the gastrointestinal ecosystem, 
which is especially interesting for a multifactorial disease like IBD.

6.2.  Meta-omic data integration
Several tools that were initially developed for single organism meta-
omics could be applied to explore, integrate, and visualise meta-omic 
datasets. For instance, mixOmics [http://mixomics.org/] and ADE493 
detect associations between sets of variables [eg proteins and species] 
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on matched samples [ie different measurements on the same sam-
ple], and provide graphical representation. Both are available as R 
packages; mixOmics is also available via a web interface. GOmixer 
[http://www.raeslab.org/gomixer/] is a user-friendly web application 
for functional analysis [with a gut-specific metabolic module frame-
work], integration, and visualisation of gut meta-omic data. The 
next generation of HUManN [HUManN2] also supports integration 
of metatranscriptomic and metagenomic data.

6.3.  Pitfalls and limitations of meta-omics 
integration
Integration of meta-omics remains challenging, and only a few studies 
have done this until now. Sample size, sequencing depth, and annotation 
rate are all potential limiting factors for integration of meta-omic data-
sets, and thus need to be taken into consideration in the design of such 
studies. Also, the interpretation of data at multiple levels can remain a 
challenge given the fact that all datasets will be inherently under-sam-
pled and not perfectly overlapping due to technical biases. Cost is an 
important limitation for multiple meta-omics studies, but the constant 
drop in sequencing cost enables sequencing a greater number of samples 
and at a higher sequencing depth. In addition, the release of the 10 mil-
lion gut microbial gene catalogue43 has improved gene annotation in 
metagenomics/metatranscriptomics and spectral matching in metaprot-
eomics, decreasing the proportion of unassigned reads and spectra.

7.  Conclusions

Research in IBD benefits considerably from advances in meta-omic 
technologies, as the steep increase in IBD publications that use meta-
omics and their findings demonstrate. Sample preparation protocols 
are critical as they can affect microbiota composition, already start-
ing from storage of samples, and hamper comparison of different 
studies. 16S rRNA gene sequencing is now widely available and user-
friendly bioinformatics tools and pipelines have been developed to 
analyse these data. Metagenomic sequencing can complement 16S 
by providing information on the functional capacity of the microbi-
ota and allows species and strain-level analysis. Metatranscriptomics 
and metaproteomics reveal the functional dynamics of the micro-
biota. These technologies are still at an early stage, and the fact that 
some of the results obtained in different studies contradict each 
other highlights the need for further standardisation and bench-
marking. Furthermore, although multi-omic data integration tools 
such as GOmixer, HUMAnN2, and FishTaco are becoming avail-
able, the bioinformatics of multi-readout experiments remains chal-
lenging. Combinatory, multi-omic approaches have the potential to 
help understand a complex, multifactorial disease like IBD.

Glossary

Contigs
DNA sequence recreated by assembling partially overlapping contiguous 
DNA fragments.

Functional diversity
Number of genes or functions encoded by any member of the community.

Gene annotation
Assignment of functional information to genes by sequence similarity [func-
tional domains, function].

Metagenomics
Study of the collective genomic content of a microbial community.

Metaproteomics
Study of protein production by a microbial community.

Metatranscriptomics
Study of genes expressed by a microbial community.
OTUs: operational taxonomic units, clusters of sequences with reciprocal 
similarity above a certain threshold [usually 97%].

Phylogenetic trees
Representation of evolutionary relationships between species, reconstructed 
from comparative sequence analysis.

Reference genome
Fully sequenced and assembled genome representative for a species 
or strain.

Taxonomic assignment
Assignment of microbial lineage information to genes by sequence similarity.

Taxonomic diversity
Number and relative abundances of taxa in a community.
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