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Abstract: The gut microbiome is a microbial ecosystem which expresses 100 times more genes than
the human host and plays an essential role in human health and disease pathogenesis. Since most
intestinal microbial species are difficult to culture, next generation sequencing technologies have been
widely applied to study the gut microbiome, including 16S rRNA, 18S rRNA, internal transcribed
spacer (ITS) sequencing, shotgun metagenomic sequencing, metatranscriptomic sequencing and
viromic sequencing. Various software tools were developed to analyze different sequencing data.
In this review, we summarize commonly used computational tools for gut microbiome data analysis,

which extended our understanding of the gut microbiome in health and diseases.

Keywords: gut microbiota; fungi; virus

1. Introduction

The gut microbiome is a complex ecosystem with great impacts on the overall health of the
host [1-3]. These microorganisms living in the gastrointestinal tract have various functionalities,
such as absorption of nutrients and minerals, fermentation of fibers to short-chain fatty acids,
synthesis of vitamins, breakdown of toxic components, and regulation of the immune system.
The gut microbiome changes over time depending on host’s age and dietary habits [4]. Its status
is in close correlation to many diseases such as liver diseases [5-7], diabetes [8], inflammatory
bowel disease [9,10], autoimmune diseases [11,12], colorectal cancer [13] and diseases of the
central nervous system [14].

Widely used high-throughput sequencing methods in microbiome research include
PCR amplicon-based sequencing, e.g., 165 rRNA, 185 rRNA, internal transcribed spacer
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(ITS) sequencing, DNA-based shotgun metagenomic sequencing, RNA-based metatran-
scriptomic sequencing, and viromic sequencing (Figure 1). The first decade of gut mi-
crobiome research has mainly focused on DNA-based 16S rRNA gene sequencing and
shotgun metagenomic sequencing, which elucidate the microbial composition and gene
content. Recently, more attention has been drawn on RNA-based approach, metatranscrip-
tomic sequencing, as well as on fungi and viruses, instead of solely focusing on bacteria.
Various computational techniques have been developed to analyze different types of high-
throughput sequencing data. The best practice for performing a microbiome study has
been reviewed by Knight et al., including experiment design, choice of molecular analysis
technology, etc. [15]. In this review, we will summarize commonly used computational
tools used for the analysis of different types of sequencing data in the gut microbiome
studies, which help to extend our knowledge in the role gut microbiome plays in human
health and disease pathogenesis.

Shotgun-based functional profiling

16S rRNA Bacteria
sequencing \ r

Archaea
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Figure 1. Commonly used sequencing techniques for the gut microbiome study.

2. 16S rRNA Sequencing

16S ribosomal RNA subunit gene contains both regions that are conserved throughout
bacterial species and hypervariable regions that are unique for specific genera. 165 rRNA
sequencing has been widely used to characterize the bacterial community, which utilizes
PCR to target and amplify portions of the hypervariable regions (V1-V9) of the bacterial
16S ribosomal RNA subunit gene. Various bioinformatics tools have been developed in
the last decade to analyze the 165 rRNA sequencing data, with most of them containing
three core steps, including data preprocessing and quality control, taxonomic assignment,
and community characterization (Figure 2). Quality control is the first step in the analysis
pipeline, which includes quality checking, adapter removal, filtering and trimming to
remove artifacts, low-quality and contaminant sequencing reads resulting from sample
impurities or inadequate samples preparation steps [16]. Many quality control software
packages use PHRED algorithm score to assess the base quality [17].
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Figure 2. 165 rRNA sequencing data analysis pipeline.

The taxonomic assignment is a key step in the 16S rRNA sequencing data analysis
pipeline. Currently, there are two different strategies to perform this analysis: opera-
tional taxonomic unit (OTU)-based analysis and amplicon sequence variant (ASV)-based
analysis. OTUs are determined by the sequence similarity. Reads are considered as the
same OTU when their sequence similarity reaches a predefined similarity threshold, most
commonly 97% [18]. Generally, an OTU-based analysis first clusters sequences into differ-
ent OTUs and then performs taxonomic assignment. Many OTU-based methods have been
developed, such as UCLUST [19], UPARSE [20], CD-HIT [21], hc-OTU [22], ESPRIT [23],
ESPRIT-TREE [24]. On the other hand, an ASV-based analysis does not resolve sequence
variants by an arbitrary dissimilarity threshold as used in the OTU-based analysis. Instead,
ASV-based methods utilize a denoising approach to infer the biological sequences in the
sample before the introduction of amplification and sequencing errors, which allows to
resolve sequences differing by as little as a single nucleotide [25]. Therefore, an ASV-based
analysis is able to provide a higher-resolution taxonomic result. Several ASV-based meth-
ods have been developed, including DADA2 [26], UNOISE 2 [27], and Deblur [28]. In the
following part, we will introduce three representative tools that have been successfully and
widely applied in 16S analysis starting from raw sequencing data, including Quantitative
Insights Into Microbial Ecology (QIIME) [29,30], Mothur [31], and DADA2 [26].

QIIME 1 [29] and its next-generation, QIIME 2 [30], are open-source bioinformatics
platforms for microbial community analysis and visualizations. A typical 165 analyzing
workflow in QIIME 1 is:

(1) Demultiplexing and quality filter, which assigns the multiplexed reads to each sample
and filters sequences that cannot meet defined quality thresholds;

(2) Chimera detection and filter, which applies ChimeraSlayer or USEARCH 6.1 to
remove chimeric sequences;

(3) OTU picking and taxonomy assignment, in which sequences will be clustered into
OTUs based on their sequence similarity, and taxonomy will be assigned to each
representative sequence of OTUs;

(4) Community analysis, in which the community composition, phylogenetic tree, alpha-
and beta-diversity can be computed or analyzed based on OTU tables.

QIIME 2 allows third parties to contribute functionality, and many latest-generation
tools are embedded into the system as QIIME 2 plugins, such as DADA2 denoising and
filtering. Moreover, in addition to the command-line interface like QIIME 1, QIIME 2
provides the QIIME 2 Studio graphical user interface, which is much friendlier for end-user
biologists. Comparing with most of the software, both QIIME 1 and QIIME 2 provide many
interactive visualization tools that allow users to generate principal coordinate analysis
(PCoA) plots, alpha rarefaction plots and taxonomic composition bar plots.

Mothur is another well-known package [31]. Mothur website provides examples for
data acquired from different sequencing platforms, including Illumina, Pyrosequencing,
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and Sanger sequencing. For Illumina 16S data, a typical analyzing workflow includes
the following steps: quality control, sequence alignment, chimera removal, assignment of
sequences to OTUs, analysis of community characters including taxonomy composition
and diversities. Mothur is originally designed for OTU-based analysis, but the current
version of Mothur also supports ASV-based analysis, in which cleaned sequences can be
assigned to ASVs and taxonomy information can be analyzed based on the ASV table. The
performance of Mothur and QIIME system in 16S data analysis has been compared by
many previous studies in different contexts [32-34]. Although several differences were
found between these two tools, both Mothur and QIIME can provide reliable bacterial
community information and generate comparable results in general [32,33].

DADA2 is an ASV-based analysis package that utilizes DADA?2 algorithm [26], a
model-based approach for correcting amplicon errors without constructing OTUs. The
basic analyzing workflow in DADAZ2 includes the following steps: quality control which
filters and trims low-quality reads; sample inference and ASV table construction in which
sequence variants are inferred by DADA?2 algorithm and ASVs are summarized; removal
of chimeric ASVs; taxonomic assignment to generate taxonomy tables. DADA2 can resolve
fine-scale variation and thus provide a more accurate analysis than other OTU-based
methods. DADA2 can perform species-level analysis by matching ASVs to sequenced
reference strains, while traditional OTU-based methods only can provide genus or above
level taxonomic information.

Although both OTU- and ASV-based methods provide the phylogenetic information,
basic 165 analysis methods generally cannot provide the functional gene composition
of a bacterial community. However, phylogeny is strongly correlated with biomolecular
function which thus makes it is possible to predict metagenome functional content from
16S data. Several software tools have been developed to predict the functional composition
of a microbial community’s metagenome from 165 data, such as phylogenetic investigation
of communities by reconstruction of unobserved states (PICRUSt) [35,36] and Tax4Fun [37].

The PICRUSt algorithm composes two steps [35]. The first is called “gene content
inference”, which predicts gene content for organisms in the Greengenes phylogenetic
tree by using existing annotations of gene content and 16S copy number from sequenced
bacterial and archaeal genomes in the IMG database. This step is pre-calculated and thus
users are not required to do it in data analysis. The second step is “metagenome inference”,
in which the functional gene family counts as well as the abundance of functional pathways
for each sample will be predicted and summarized based on the input OTU table. The
input OTU table could be generated by other 165 analyzing software, such as QIIME and
Mothur. PICRUSt2 [36] is the optimized version of PICRUSt. In addition to the updated
and larger database of gene families and reference genomes, PICRUSt2 is compatible with
ASV-based 165 analysis. Its input file could either be an OTU table or an ASV table, while
PICRUSt input is restricted to OTU tables. Now, PICRUSt2 is embedded in QIIME 2 system
as a QIIME 2 plugin [30].

The R package, Tax4Fun [37], also predicts the functional capabilities of microbial
communities based on 16S data but adopts a different strategy than PICRUSt. Tax4Fun
predicts the metagenome functional content by the nearest neighbor identification based
on a minimum 16S rRNA sequence similarity, while PICRUSt performs this by analyz-
ing the topology of the Greengenes phylogenetic tree as described above. The input of
Tax4Fun could be the OTU table obtained through QIIME analysis (against the SILVA
database) or from the analysis in SILVAngs web server. The functional capabilities of the
inputted microbial community are predicted using the precomputed reference profiles
of the KEGG organisms. A recent study has indicated that the application of PICRUSt,
PICRUSt2, and Tax4Fun on non-human and environmental samples is limited by their
default databases [38]. Tax4Fun2 [39] is the updated version of Tax4Fun. Compared with
the old version, Tax4Fun2 allows users to build their own reference data sets, which may
enhance the accuracy and robustness of predicted functional profiles by utilizing user-
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defined, habitat-specific metagenome databases. Moreover, Tax4Fun2 also can be used to
calculate functional gene redundancies based on 165 data.

There are some other tools that have been developed for estimating the functional
capacity of a microbial community based on 16S sequencing data, such as Piphillin [40] and
Vikodak [41], and each of them has some distinct features. Whole metagenome sequencing
is more expensive than 16S amplicon sequencing. Therefore, functional prediction of micro-
bial community based on 16S data will be used more frequently, in part due to substantial
improvement of the accuracy of these bioinformatics tools. In addition to the tools for one
or a few specific utilizations in 16S data analysis, some platforms embed various different
individual tools, such as the Galaxy server (The Huttenhower Lab; https:/ /huttenhower.
sph.harvard.edu/galaxy/), MicrobiomeAnalyst (https:/ /www.microbiomeanalyst.ca/),
as well as QIIME 2 (https:/ /qiime2.org/). These platforms allow users to perform a more
comprehensive 165 analysis using a single platform.

The gut microbiome data sets are compositional, sparse and high-dimensional, which
makes identifying differentially abundant microbial taxa between communities challenging.
Widely used software tools optimized for statistical analysis of the microbiome data analy-
sis includes LEfSe, MaAsLin2, etc. LEfSe discover biomarker by way of class comparison,
biological consistency tests and estimation of effect size [42]. MaAsLin2 relies on general
linear models to accommodate and determine multivariable association between microbial
data and phenotypes, which offers a variety of methods for data normalization and transfor-
mation [43]. SparCC [44], SPEIC-EASI [45] address the compositional problem by assuming
that few species are correlated, and BANOCC [46] makes no assumptions about the microbial
data. IIr (isometric log ratio transform) is another approach controlling for false positives by
testing for changes in log ratios between abundances, which does not assume few species are
correlated [15]. Machine learning approaches, such as random forest, have also been applied to
gut microbiome data to separate samples based on their categories, which requires a relatively
larger sample size to train the model.

3. 185 rRNA Amplicon Sequencing and Internal Transcribed Spacer (ITS) Sequencing

Previously, researchers have mainly focused on studying the bacterial community in
the gut microbiome because bacteria constitute a majority part of the gut microbiome [1,47],
but recently more studies are analyzing the fungal community. The human mycobiome
diversity is relatively low compared with bacterial communities and is dominated by
yeast such as Candida, Saccharomyces and Malassezia [48]. Dysbiosis of intestinal fungi has
been observed in various diseases, such as alcohol-associated liver disease [5,49], hepatitis
B [6], inflammatory bowel disease [9,50-52], colorectal cancer [13,53], autism spectrum
disorders [54], Parkinson’s disease [55].

When it comes to molecular identification of fungi, amplicon sequencing based on
18S rRNA and ITS are the most widely used methods, both of which use PCR to amplify
the DNA with a specific primer, and after sequence processing, sequence analyzing, and
comparing the resulting ITS sequence with the known database, the species of fungi can be
identified [56,57]. 185 rRNA is a basic component of fungal cells comprising both conserved
and hypervariable regions. Similar to 165 rRNA, 185 rRNA gene has nine hypervariable
regions. Another commonly used barcoding marker in eukaryotic phylogenetic studies
is ITS region, a 500-700 base pair (bp) nuclear ribosomal DNA sequence [56,58]. The ITS
region is further separated into two regions: ITS1 (between 185 and 5.85) and ITS2 (between
5.8S and 28S), where ITS2 is less taxonomically biased than ITS1 [56,59].

Comparing with ITS sequencing, one advantage of 185 rRNA sequencing is that it
allows alignment across taxa above species level. ITS sequencing is not able to do so
because of its lack of reference sequences. However, this is also a drawback for 185 rRNA
sequencing because for some species, 185 rRNA sequencing can only provide information
regarding taxonomic levels above species. Whereas ITS sequencing can provide lower-level
information at species and subspecies levels because there is more variation in the ITS1
and ITS2 regions than 185 rRNA regions. 185 rRNA sequencing has a relatively large set of
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references, however, various lengths of 185 rRNA hinders the alignment of all the different
regions across taxa [60-63]. ITS has a high PCR success rate and a better probability
of successful fungi identification with a broader range than all other DNA regions [58].
In terms of application, ITS sequencing focuses more on studying the intraspecific genetic
diversity of fungi because ITS is more variable, and 18S rRNA emphasis is more on
fungi’s phylogenetic classification studies [56]. One way to provide more comprehensive
classification of fungi is the combination of 185 rDNA and ITS sequencing, such as 5.85-
ITS2 [64].

The ITS and 185 rRNA amplicon sequencing analysis pipeline is similar to the 165
rRNA sequencing pipeline. Some software packages can be used for both bacterial and fun-
gal amplicon sequencing data, such as QIIME, SSU-ALIGN [65], Lotu$S 2 [66], MICCA [67],
and PEMA [68]. In addition, some software packages are designed only for ITS data, such
as ITScan [69], ITSx [70], ITSxpress [71] and Mycofier [72]. Commonly used databases for
fungi analysis include UNITE [73], ITSoneDB [74] and EukRef [75].

4. Shotgun Metagenomic and Metatranscriptomic Sequencing

While amplicon-based sequencing methods oftentimes only target a single gene,
shotgun metagenomic sequencing is capable of random sequencing the sample’s entire
metagenome without a specific primer, which alleviates biases from primer choices. Com-
pared with marker gene-based community profiling, shotgun metagenomic sequencing
adds a detailed layer to the taxonomic characterization of the community by providing
information on the gene composition and the functional capacity of the gut microbiome,
although it is costlier and more time-consuming than marker gene amplification. With the
ability to detect organisms from all domain of life, shotgun metagenomic sequencing still
represents the most effective and comprehensive approach for obtaining both structural and
functional data. The gene composition can also be used to formulate putative functional
pathways. Shotgun metagenomic sequencing has been applied to study the functional
changes of the gut microbiome in various diseases, such as inflammatory bowel disease [76],
irritable bowel syndrome [77], alcohol-associated liver disease [78,79], nonalcoholic fatty
liver disease [80,81], hepatic steatosis [82], Crohn’s disease [83,84], melanoma [85], Parkin-
son’s disease [86], high blood pressure [87], and pulmonary tuberculosis [88].

The process of shotgun metagenomic sequencing can be summarized as following:
sample collection and storage, nucleic acid extraction, metagenomic library preparation,
quality control, and data analysis. Quality control is the first step in the shotgun metage-
nomic analysis pipeline (Figure 3), which involves different tools such as Trimmomatic [89],
Ktrim [90], Cutadapt [91], MultiQC [92]. The resulting high-quality reads can be either
mapped to reference genomes or assembled with assembly tools. Thus, shotgun metage-
nomic sequencing analysis generally can be categorized into two approaches: alignment-
based approach and assembly-based approach. It is often recommended to use both
approaches in combination to get the most accurate results [93,94].
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The alignment-based approach identifies sequencing reads’ taxonomy and functional
profile through mapping the reads to known microbial reference genomes or search-
ing against databases of characterized protein families by different mappers, such as
Bowtie2 [95], DIAMOND [96], BBMap [97], etc. Different marker gene database and pro-
tein encoding gene databases are available for taxonomic and functional annotation, such
as Kyoto Encyclopedia of genes and genomes (KEGG) [98], protein family annotations
(PFAM) [99], gene ontologies (GO) [100], clusters of orthologous groups (COG) [101], evo-
lutionary genealogy of genes: Non-supervised Orthologous Groups (eggNOG) [102] and
UniProt Reference Clusters (UniRef) [103].

The assembly-based approach reconstructs multiple genomes even if some are yet
unknown. This approach depends heavily on genome coverage. Assembly-based approach
assembles short reads into contigs, which allow for multiple sequence alignment of reads
relative to the consensus sequence, and then groups contigs into scaffolds, which list the
order and orientation of the contigs and the size of gaps between contigs. An impor-
tant parameter to assess the quality of genome assemblies is N50, which refers to the
smallest contig size in a set of contigs that represents at least 50% of the assembly [104].
Metagenomic assembler generally use graph-based approaches, such as the overlap-layout-
consensus and de Bruijin graph to assemble longer and shorter reads, respectively. Due to
short sequence reads produced by popular sequencing platforms, de Bruijin graph-based
assemblers are widely used, such as Meta-IDBA [105], IDBA-UD [106], MetaVelvet [107]
and MegaHit [108], etc. The metagenome assemblers are either based on reference genome
for annotation of microorganisms or based on de novo assembly which discover and re-
construct genomes without consulting databases and makes gene prediction more reliable.
Generally, in the de novo assembly, metagenomic sequences are divided into pre-defined
segments of size k (k-mers) which are over-lapped to form a network of overlapping paths
and then form the contigs interactively [109], which is considered as the basis of de Bruijin
graphs for short reads assembly [104].

The quality of assembly can be assessed by tools such as MetaQUAST [110]. The
assembled genomes can be annotated through the gene family identification system in
databases. Metagenomic sequence reads can also be mapped to the assembled genomes
to estimate their abundance. There are some automated pipelines which integrate differ-
ent steps into one convenient package, such as MEtaGenome Analyzer (MEGAN) [111],
Metagenomic Phylogenetic Analysis (MetaPhlAn) [112], the HMP Unified Metabolic Anal-
ysis Network (HUMANN?2) [113], and some online servers such as Metagenomics RAST
server (MG-RAST) [114], Integrated Microbial Genomes and Microbiomes (IMG/M) [115]
and JCVI Metagenomics Reports (METAREP) [116], which provide an end-to-end solution.
Sometimes multiple metagenomic analysis methods may produce variable results even if
the same databases are used. Standardization of data processing and analysis is warranted



Biomolecules 2021, 11, 530

8 of 22

to enable further integration of shotgun metagenomic analysis into the gut microbiome
research to enhance the reproducibility and application of the analysis into clinical practice.

Although metagenomics provides access to microbial gene and genome composi-
tion and pathways, it has limited roles in revealing the gene expression in the microbial
community. Shotgun metagenomic sequencing is performed on genomic DNA isolated
from the biological samples; however, it is hard to distinguish whether this DNA comes
from viable or dead cells or whether the genes are expressed under given conditions.
Instead, metatranscriptomic sequencing allows scientists to identify whether a microbe is
an active member of the microbiome or not, and to identify actively expressed genes in the
microbial community to get a deeper understanding of the activity of the gene of interest.
Metatranscriptomics complement shotgun metagenomics by elucidating what gens are
actively transcribed from a potential repertoire of annotated genes as revealed by shotgun
metagenomic analysis. Metatranscriptomic sequencing analysis has been used to study
microbial RNA-based regulation and expressed biological signatures in several diseases
such as inflammatory bowel disease [117] and rheumatoid arthritis [118]. It provides a
snapshot of the gene expression profile under specific conditions and at a given moment,
instead of its potential as inferred from DNA-based shotgun metagenomic analysis.

The construction of metatranscriptomic library starts with the isolation of total RNA
and removal of host RNA contaminations which can occur to various degrees as well
as removal of mRNA with probes targeting certain rRNA regions, followed by cDNA
synthesis, adapter ligation and end repair. After that similar to the process of constructing
shotgun metagenomic library, cONA ends are repaired and adapters are ligated, followed
by library cleanup, amplification and quantification, and the library is then sequenced
on the sequencing platform. Due to the unstable nature and short half-life time, RNA
isolation becomes the most difficult task, especially from some biological samples such as
feces. The isolation process must be carefully carried out to avoid RNA degradation by
contaminated ribonucleases, and multiple approaches specific to different cell types have
been developed [119-122].

Similar to shotgun metagenomic analysis, comprehensive data analysis suites such as
HUMANN2 and MG-RAST also provide an end-to-end solution for metatranscriptomic
analysis, which are combinations of multiple specialized tools, such as Trimmomatic for
quality control, Bowtie for mapping, CuffDuff [123] for differential gene expression, etc.
As always, quality control is the first step for metatranscriptomic analysis. An essential
process in quality control step is to filter out non-mRNA reads, in addition to trimming of
low-quality reads and host reads. The resulting good quality reads are used for the follow-
ing analysis which are categorized into alignment-based approach and assembly-based
approach. Alignment-based approach maps the sequencing reads to reference database.
With assembly-based approach, the sequenced reads are first assembled into contigs, scaf-
folds, and then mapped to reference genomes. The assembly step is computationally
challenging, which requires deeper sequencing depth and higher quality sequencing reads.
The assembled transcripts are annotated through software such as Blast2GO [124] to align
against protein databases, followed by normalization and calculation of relative gene
expression levels and statistical analysis.

5. Viromic Sequencing

Viruses are key constituents of microbial communities which contribute to their evolution
and homeostasis. Viromic sequencing has been used to study the intestinal viruses in different
diseases, including type 1 diabetes [8], inflammatory bowel disease [10,125], alcohol-associated
liver disease [126], non-alcoholic fatty liver disease [127], colorectal cancer [128,129], human
immunodeficiency virus [130], and autoimmune diseases [11]. Because of the highly diverse
nature of viruses and the lack of universal marker genes, it is difficult to use amplicon-based
approach to amplify them with universal markers. Instead, shotgun metagenomic sequencing
approaches can be used to characterize viruses and identify novel viruses.
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Although in most environment, viruses outnumber microbial cells 10:1, viral DNA
only represents 0.1% of the total DNA in a microbial community. Isolation of viral particles
is the initial step in viromic sequencing, which is necessary to obtain a deep sequence
coverage of viruses in the human gut microbiome, followed by viral particle purification.
Large particles in the fecal samples, such as undigested or partially digested food fragments
and microbial cells, are generally removed by serial filtration steps with osmotic neutral
buffer or by ultracentrifugation with cesium chloride density gradient. The next step is
nucleic acid extraction, during which the nucleic acid of the virus must first be isolated
so that all the non-viral origin fractions are removed. DNAase and RNAase are usually
used to remove the non-encapsulated nucleic acids. Depending on the type of viruses
being studied, the library preparation protocol also varies. For example, bacteriophages
are parasitic, special steps are required when isolating the DNA. For RNA virus, due to its
unstable nature, reverse transcriptase to cDNA is required. In addition, virome contains
active and silent fractions. For studying both the active and silent fraction of the virome,
total nucleic acid isolation is needed [131]. For the active fraction of the virome, it is often
required to use a filter, chemical precipitation or centrifugation to isolate the virus DNA.

The initial analysis of the sequences obtained after DNA sequencing is also quality con-
trol, which includes filtering of bad quality reads, decontamination of 165 rRNA, 185 rRNA
and human sequence reads. Viruses have higher homology to prokaryotic or eukaryotic
genes, therefore filtering of bad quality sequences is a key step in the viromic analysis. The
resulting sequences are analyzed by either alignment-based approach or assembly approach.
With alighment-based approach, different mapping algorithms are used to compare the re-
sulting sequence reads against viral genomes and viral databases. Although the databases
have expanded recently, the number of genomes deposited in the databases is far less than
the sequenced virotypes and most of sequences reads lack similarity to the sequences in the
databases, which are poorly annotated. The lack of sequence identity typically results in
60%—-99% sequences in the viral metagenomes [132]. Due to the highly diverse nature of viruses
and the lack of similarity in current existing databases, de novo assembly approaches are often
used in the viromic analysis [131,133,134]. Different assemblers are used for viral metagenomic
data, such as VICUNA [135]. Popular shotgun metagenome assemblers such as MetaVelvet has
also been applied to viral metagenome assembly. There are some virome-specific computational
pipelines available, such as Metavir [136,137] and the Viral MetaGenome Annotation Pipeline
(VMGAP) [138], which generally include open reading frame (ORF)-finding algorithms to
predict coding sequences, followed by comparison with different protein databases.

6. Conclusions

In this review, we have discussed different sequencing-based approaches, which
provide useful information toward a better understanding of the role of gut microbiome in
health and diseases. When studying the gut microbiome in human populations, such as
healthy subjects and patients with diseases, confounding factors which could influence the
gut microbiome need to be taken into consideration when analyzing the data, such as diet,
medication, sex, age, life-style, etc. For example, the composition of the gut microbiome is
different in infants, adults or elderly and certain discrete age range should be considered
when analyzing the gut microbiota. Stool samples are often used when assessing the
gut microbiome as a non-invasive approach. It is noteworthy that fecal microbiome and
mucosal-associated microbiome clustered differently [139].

A list of examples of widely used tools are summarized in Table 1. For amplicon-
based sequencing approaches, including the 165 rRNA sequencing, 185 rRNA sequencing,
ITS sequencing, selection of target region and design of PCR primers must be performed
carefully due to the primer biases. Currently, there is no agreement as to the optimal regions
to be amplified, and most of the time, it is a balance between amplifying a determinative
region and characterizing bacteria or fungi more broadly. For shotgun metagenomic
sequencing and metatranscriptomic approaches, the turn-around time and costs need to
be reduced to be introduced into clinical practice. The integration of various sequencing
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approaches each contribute a single piece towards a complex and large puzzle of the gut
microbiome and the value of an integrative approach is greater than the sum of each part. In
addition to sequencing based approaches, other -omics approaches such as metaproteomics
and metabolomics complement the sequencing data, contributing to the understanding of
the function and complex pathways in the gut microbial community. The global integrated
approach is of great value to enable better understanding of the function of gut microbiome
and move from a descriptive study to causal contributions, however, the budget and
sample availability need to be taken into consideration for the integrative approach to be
introduced into clinical practice.

Table 1. Examples of widely used tools to perform next generation sequencing data analysis for the gut microbiome studies.

Software

Short Description Ref.

16S rRNA, 18S rRNA and ITS sequencing data analysis

UCLUST/
UPARSE

UCLUST is an OTU-based clustering method. It employs
USEARCH, and UPARSE is a subroutine of USEARCH
which constructs OTUs de novo from next-generation
reads. The general pipeline procedure of UPARSE is reads
filtering, trimming, and then clustering and chimera
filtering simultaneously.

Pros: Able to perform de novo, closed-reference, and
open-reference clustering.

Cons: May filter out too many reads and result in
inaccuracy of estimating the least abundant species.

[19,20]

CD-HIT

CD-HIT is one of the most used OTU-based clustering tool
to decrease redundancy of sequence and improve the
performance of other analysis.

Pros: Uses novel parallelization strategy to achieve fast
runtime; can handle extremely large databases.

Cons: Diminished clustering accuracy.

Hc-OTU

Hc-OTU is an OTU-based clustering method for 165
rRNA sequence, employs homopolymer compaction and
k-mer profiling.

Pros: High accuracy. 7,000 times faster than MOTHUR
and about six times faster than ESPRIT-TREE, while
remaining the same accuracy level as MOTHUR. Supports
user-specified k-mer distance threshold parameter value.
Cons: Its worst-case computational complexity run time is
O(n?), while UCLUST and CD-HIT are faster than hc-OTU
with run time of O(n!-2).

[22]

ESPRIT

ESPRIT is an OTU-based hierarchical clustering method
consisting of quality filtering, computing pairwise
distance, hierarchical clustering and estimate with
statistical interference. There are two version of ESPRIT,
one for personal computer (small/medium size data) and
one for computer clusters (large size data).

Pros: Able to perform analysis on various size of data.
Cons: Slow time O(n?) and space complexity.

(23]

ESPRIT-Tree

ESPRIT-Tree is an OTU-based online-learning-based
hierarchical clustering method. ESPRIT-TREE improves
on previous ESPRIT algorithm and uses a
pseudometric-based partition tree.

Pros: Improved runtime from ESPRIT: om!1y; relatively
high accuracy.

Cons: In terms of computational efficiency, UCLUST
performs better than ESPRIT-Tree.
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Table 1. Cont.

Software

Short Description Ref.

DADA2

DADAZ2 is an ASV-based analysis pipeline for modeling
and error-correcting Illumina sequence reads.

Pros: High accuracy: able to resolve single nucleotide
biological differences. Can perform species-level analysis.
Runtime scales linearly as sample number increase, and
reasonable memory requirements.

Cons: Comparably slow denoising algorithm

than UPARSE.

[26]

UNOISE2

UNOISE 2 is an ASV-based tool for denoising

(error-correcting) Illumina sequence reads. It is improved

from UNOISE and clusters unique reads in the sequence. [27]
Pros: Higher accuracy and speed than DADA2.

Cons: Does not use quality scores.

Deblur

Deblur is an ASV-based denoising tool, which uses error
profiles to obtain putative error-free sequences. It operates
independently on each sample.

Pros: Able to obtain single-nucleotide resolution, faster
than DADA?2, better memory efficiency than DADA?2 and
UNOISE 2. Better sensitivity and specificity.

Cons: Slower than UNOISE 2, limited by read length and
sample sequences’ diversity.

QIIME/
QIIME2

QIIME and QIIME?2 are bioinformatics platforms for

microbial community analysis and visualizations. QIIME

2 is engineered based on QIIME and replaced QIIME.

QIIME2 use existing bioinformatics tools as subroutines,

such as DADA?2, deblur, etc. [29,30]
Pros: Have multiple interfaces, continues to grow and

adapt to novel strategies.

Cons: A large number of dependent programs need to

be installed.

Mothur

Mothur is a software analyzing raw sequences and

generating visualization tools to describe oc and 3

diversity. It is a combination of multiple analytic tools for

describing and comparing microbial communities. It

provides examples for data acquired from different [31]
sequencing platforms.

Pros: Able to perform both ASV-based and

OTU-based analysis.

Cons: Relatively slow runtime and space complexity.

PICRUSt/
PICRUSt2

PICRUSt is a software for predicting functional
composition based solely on marker gene sequence
profiles. PICRUSt2 is the improved version of PICRUSt by
having a larger reference database, enhanced prediction
ability and more accurate de novo amplicon tree-building.
PICRUSt2:

Pros: Able to identify novel discoveries. Can process 18S [35,36]
and ITS rRNA sequence while the original version only
supports 16s rRNA sequence analysis.

Cons: Can only differentiate taxa the same level as the
amplified marker gene sequence. Can be problematic if
the interested microbial community’s majority phyla are
not yet well-characterized.
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Table 1. Cont.

Software

Short Description

Ref.

Tax4Fun/
Tax4Fun2

Tax4Fun is an R package for predicting functional profiles
for 16S rRNA data on the basis of SILVA-labeled OUT
abundances. Tax4Fun 2 is an improved version of Tax4Fun
with more accurate and enhanced prediction power.
Tax4Fun 2:

Pros: Easy-to-use, platform-independent and highly
memory-efficient. Tax4Fun2 has higher accuracies than
PICRUSt and Tax4Fun.

Cons: Availability of suitable reference genomes may limit
Tax4Fun 2’s performance. Only supports prediction from
16S rRNA gene.

[37,39]

Piphillin

Piphillin is a web application that produces metagenome
predictions based on the nearest-neighbor mappings of
16S rRNA sequences to genome.

Pros: No local computational power requirements. High
correlation with corresponding metagenomic data. Higher
accuracy than PICRUSt2

Cons: Have high requirements on reference database.
Only supports 165 rRNA gene prediction.

[40]

Vikodak/
iVikodak

Vikodak is a web service that provides functional
prediction on 16S rRNA data. It contains 3 modules:
Global Mapper, Inter Sample Feature Analyzer, and Local
Mapper. With these 3 modules, it is able to perform
functional prediction both globally and in detail and
perform pair-wise comparative statistical analysis.
iVikodak is an improved version of Vikodak.

Pros: No local computational power requirements. No
coding skill required. Allows for single pathway probing
and gene quorum assumption.

Cons: Only supports prediction from 165 rRNA gene.

[41]

SSU-ALIGN

SSU-ALIGN is designed primarily to align 16S and 18S
small subunit ribosomal RNA, but can also be used for
large subunit ribosomal RNA alignment.

Pros: High sensitivity and specificity.

Cons: Not capable of inferring phylogenetic trees.
Computationally expensive.

LotuS2

LotuS2 is a software pipeline for 165/18S/ITS rRNA
analysis. It is able to calculate denoised, chimera-checked
OTUs and construct OTU phylogenetic tree.

Pros: Fast and user friendly. Able to handle a wide variety
of data sizes on a personal computer.

Cons: Mapping speed limited by BLAST+.

MICCA

MICCS is a command-line software for the processing of
16S rRNA gene and ITS amplicon sequencing data, from
raw sequences to OTU tables, taxonomic classification and
phylogenetic tree inference.

Pros: Can be used effectively on sample with a large
portion of uncharacterized species. Low requirements for
reference database. Memory efficient.

Cons: Less estimated OTUs obtained as a comprise for
high consistency.

PEMA

PEMA is a software pipeline for metabarcoding analysis
based on third-party tools. Its function includes read
pre-processing, OTU clustering, ASV inference, taxonomy
assignment, and COI marker gene analysis.

Pros: Allows partial re-execution. Fast execution time.
Cons: Heavyweight computation.

[68]
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Table 1. Cont.

Software

Short Description

ITScan

ITScan is an online pipeline for fungal diversity analysis
and identification based on ITS sequences.

Pros: Does not require coding skills. User friendly.
Cons: Requires FASTA-formatted input file.

ITSx

ITSx is a software for detection and extraction of the ITS1
and ITS2 subregions from ITS sequences for fungi and
other eukaryotes. It relies on HMMER for profile hidden
Markov model analysis.

Pros: Has a very high proportion of true-positive
extractions and a low proportion of

false-positive extractions.

Cons: Requires FASTA-formatted input file.

ITSxpress

ITSxpress is a software for ITS1, ITS2 or the entire ITS
region trimming. It implements HMMER and BBMerge. It
is designed to support the calling of exact sequence
variants rather than OTUs.

Pros: Fast runtime. Processes FASTQ-formatted input file.

[71]

Mycofier

Mycofier is a machine-learning-based fungal ITS1
sequence classifier at the genus level. The final model was
based on ITS1 sequences from 510 fungal genera using a
Naive Bayes algorithm.

Pros: Doesn’t require pairwise sequence alignment.
Cons: Only analyze fungal ITS1 sequences. BLAST
approach provides higher classification accuracy.

[72]

Shotgun metagenomic and metatranscriptomic sequencing data analysis

Trimmomatic

Trimmomatic is a sequence trimmer for Illumina sequence
data. It has multiple processing steps including detection
and removal of adapter and other illumine-specific
sequences, and quality filtering.

Pros: Processes both paired end and single end data.
Cons: Slower than Ktrim.

Ktrim

Ktrim provides both adapter- and quality-trimming of the
sequencing data.

Pros: Faster than Trimmomatic.

Cons: Higher over-trimming rates than Trimmomatic.

Cutadapt

Cutadapt is a sequence trimmer which removes adapter
sequences, primers and other types of unwanted sequence
from high-throughput sequencing reads.

Pros: Supports 454, Illumina and SOLIiD (color space) data.

Cons: Slow runtime.

MultiQC

MultiQC creates a summary report visualizing output
from different tools across multiple samples, facilitating
the identification of global trends and biases.

Pros: Provides a global view instead of

per-sample analysis.

Bowtie2

Bowtie2 is a software for sequence alignment to reference
genome. It supports gapped, local, and paired-end
alignments. The software implements full-text minute
index and SIMD dynamic programming.

Pros: Memory efficient. High speed, sensitivity

and accuracy.

Cons: Alignment with short reads remains an active
challenge (<50 bp).
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Table 1. Cont.

Software

Short Description

Ref.

DIAMOND

DIAMOND is a sequence aligner for protein and
translated DNA searches. It aims to determine all
significant alignments for a given input. DIAMOND uses
double indexing and spaced seeds.

Pros: Significantly higher speed with similar sensitivity
to BLASTX.

Cons: Heavy memory consuming,.

BBMap

BBMap is a sequence aligner that can align DNA and
RNA sequencing reads from multiple platforms, including
Ilumina, 454, Sanger, Ion Torrent, Pac Bio, and Nanopore.
BBMap needs to index a reference before mapping to it.
Pros: Fast and accurate, particularly for reads with long
indels or highly mutated genomes. Has no upper limit to
number of contigs or genome size.

Cons: The indexing phase requires FASTA format only.

Meta-IDBA

Meta-IDBA is a de novo metagenomic assembler. It first
constructs de Bruijn graph and then divides graph into
connected components.

Pros: Provides a multiple alignment of similar contigs
from different subspecies in the same species.

Cons: Unable to reconstruct the contigs of each

single subspecies.

[105]

IDBA-UD

IDBA-UD is a de novo single-cell and metagenomic
assembler, which can assemble sequences with highly
uneven depth. It is based on de Bruijn graph approach.
Pros: Implements local assembly.

Cons: Sequence of species with high abundance is more
likely to be misidentified as repeats.

[106]

MetaVelvet

MetaVelvet is a de novo short sequence metagenome
assembler. It is extended upon the Velvet assembler
(single-genome and de Bruijn-graph based) to overcome
the limitations of single-genome assembler.

Pros: Able to reconstruct scaffold sequences including
low-abundance species.

Cons: Has slightly higher percentages of

chimeric scaffolds.

[107]

MegaHit

MegaHit is a de novo assembler for assembling
metagenomics data. It implements succinct de
Bruijn graphs.

Pros: Fast and memory efficient. Available in both
CPU-only and GPU-accelerated versions.

Cons: Relatively biased towards the assembly of low
abundant genome fragments.

[108]

MetaQUAST

MetaQUAST evaluates and compares the quality of
metagenome assemblies. It is improved based on QUAST.
Its metagenome specific features includes: unlimited
number of reference genome, species content detection,
chimeric detection, and visualizations.

Pros: Can be fed with multiple assemblies.

Cons: Reduced precision in order to get higher
time/memory efficiency.

[110]

MEGAN

MEGAN is a BLAST-based automated pipeline for
taxonomic and functional analysis of metagenomic and
metatranscriptomic datasets.

Pros: Allows laptop analysis of large metagenomic
data sets.

[111]
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Table 1. Cont.

Software

Short Description

Ref.

MetaPhlAn/
MetaPhlAn2

MetaPhlAn is an automated pipeline that profiles the
microbial composition from shotgun metagenomic data at
the species-level. The microbial community it can profile
includes bacteria, archaea, eukaryotes and viruses. It
accomplishes profiling with unique clade-specific marker
genes. MetaPhlAn 2 is extended beyond the first version
with enhanced metagenomic taxonomic profiling ability.
Pros: Able to work with large-scale metagenome data.

[112]

HUMARNN2

HUMANN?2 is an automated pipeline designed for
functional analysis of metagenomic and
metatranscriptomic data at the species-level. The general
process of HUMANN? pipeline is identification of known
species, alignment of reads to pangenomes, translated
search on unclassified reads, and quantification of gene
families and pathways. HUMANN?2 utilizes other
pipelines such as MetaPhlAn2 to perform identification of
known species.

Pros: High accuracy, sensitivity, speed.

Cons: A large proportion of sequencing reads remain
unmapped and unintegrated.

MG-RAST

MG-RAST is a web-based fully automated system for
metagenomic analysis. It provides phylogenic and
functional analysis.

Pros: Require only 75 bp or longer for gene prediction or
similarity analysis that provides taxonomic binning and
functional classification. Able to handle both assembled
and unassembled data.

Cons: MG-RAST has been optimized for use with the
Firefox browser. There are some browser-to-browser
issues with visualization of certain diagrams.

[114]

IMG/M

IGM/M is a web-based pipeline that provides
comparative analysis for metagenome. It provides
structural and functional annotation. Prefer

assembled contigs.

Pros: Integrates all datasets into a single protein level
abstraction. In contrast to MG-RAST, IMG/M includes
more computationally expensive tools such as hidden
Markov model and BLASTX.

Cons: Statistical analysis tool is only available as an
on-demand computation to the registered IMG users of
the Expert Review IMG site.

[115]

METAREP

METARERP is a suite of web-based tools to view and
compare metagenomic annotated data including both
functional and taxonomical assignments.

Pros: Able to handle extremely large datasets. Able to
perform comparison on up to 20+ datasets simultaneously.
Cons: No inbuilt annotation workflow. Users need to
upload existing annotations.

[116]

CuffDiff

Culfflinks is a suite of programs that assembles
transcriptomes, estimates abundance, and performs gene
expression differentiations. It implements a
parsimony-based algorithm.

Pros: High efficiency, sensitivity and precision. Cons: Not
optimized for metatranscriptomics analysis.

[123]
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Software

Short Description Ref.

Blast2GO

Blast2Go is a Blast-based software that provides automatic
functional annotation on DNA /protein sequences. It has
multiple annotation styles that can be used for

various conditions.

Pros: Combines multiple annotation strategies. Strong
visualization tools.

Con: Not optimized for large datasets with large number
of genes.

[124]

Viromic sequencing data analysis

VICUNA

VICUNA is a de novo assembler targeting viral
populations, which have high mutation rates. Its
algorithm uses an overlap-layout-consensus based
approach. The general process of VICUNA is trimming
reads, constructing/clustering contigs, validating contigs,
and then extending and merging contigs.

Pros: Able to efficiently process ultra-deep sequence data.
High accuracy and continuity.

Cons: Limited accessibility due to its requirement of local
computing power.

[135]

Metavir/
Metavir2

Metavir is a web-based pipeline specifically for viral
metagenome analysis. Metavir 2 is developed based on
Metavir with additional features such as new tools for
assembled virome sequence analysis and new dataset
comparison strategies.Pros: User-friendly interface. Able
to perform analysis on both raw reads and assembled
virome sequencesCons: Focuses on the compositional
analysis. Functional annotation is lacking.

[136,137]

VMGAP

VMGAP is an automated pipeline for functional

annotation of viral shotgun metagenomic data. It first

performs a database searches and then

functional assignments. [138]
Pros: Uses specialized databases.

Cons: Requires local installation of several open-source

packages, programs and public databases.

Author Contributions: Writing—original draft preparation, B.G., L.C., Y.Z,, X.S., PT.; writing—
review and editing, J.Y., N.G., B.L., W.S,, B.S.; supervision, B.S.; funding acquisition, B.S. All authors
have read and agreed to the published version of the manuscript.

Funding: This study was supported in part by NIH grants R01 AA24726, R01 AA020703, U01
AA026939, by Award Number BX004594 from the Biomedical Laboratory Research & Development
Service of the VA Office of Research and Development, a Biocodex Microbiota Foundation Grant (to
B.S.) and services provided by NIH centers P30 DK120515 and P50 AA011999.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: Not applicable.

Conflicts of Interest: B.S. has been consulting for Ferring Research Institute, HOST Therabiomics,
Intercept Pharmaceuticals, Mabwell Therapeutics, Patara Pharmaceuticals and Takeda. B.S.’s in-
stitution UC San Diego has received grant support from Axial Biotherapeutics, BiomX, CymaBay
Therapeutics, NGM Biopharmaceuticals, Prodigy Biotech and Synlogic Operating Company.



Biomolecules 2021, 11, 530 17 of 22

References

1.  Gorkiewicz, G.; Moschen, A. Gut microbiome: A new player in gastrointestinal disease. Virchows Arch. 2018, 472, 159-172.
[CrossRef] [PubMed]

2. Heintz-Buschart, A.; Wilmes, P. Human Gut Microbiome: Function Matters. Trends Microbiol. 2018, 26, 563-574. [CrossRef]
[PubMed]

3.  Cresci, G.A.; Bawden, E. Gut Microbiome. Nutr. Clin. Prat. 2015, 30, 734-746. [CrossRef] [PubMed]

4. Faith, ].J.; Guruge, J.L.; Charbonneau, M.; Subramanian, S.; Seedorf, H.; Goodman, A.L.; Clemente, ].C.; Knight, R.; Heath, A.C,;
Leibel, R.L.; et al. The Long-Term Stability of the Human Gut Microbiota. Science 2013, 341, 1237439. [CrossRef] [PubMed]

5. Lang, S, Duan, Y;; Liu, J.; Torralba, M.G.; Kuelbs, C.; Ventura-Cots, M.; Abraldes, ].G.; Bosques-Padilla, F.; Verna, E.C.; Robert, S.B.,
Jr.; et al. Intestinal Fungal Dysbiosis and Systemic Immune Response to Fungi in Patients With Alcoholic Hepatitis. Hepatology
2020, 71, 522-538. [CrossRef]

6.  Chen, Y,;; Chen, Z,; Guo, R.; Chen, N.; Lu, H.; Huang, S.; Wang, J.; Li, L. Correlation between gastrointestinal fungi and varying
degrees of chronic hepatitis B virus infection. Diagn. Microbiol. Infect. Dis. 2011, 70, 492-498. [CrossRef] [PubMed]

7. Michail, S,; Lin, M.; Frey, M.R.; Fanter, R.; Paliy, O.; Hilbush, B.; Reo, N.V. Altered gut microbial energy and metabolism in
children with non-alcoholic fatty liver disease. FEMS Microbiol. Ecol. 2014, 91, 1-9. [CrossRef] [PubMed]

8.  Kim, KW.,; Allen, D.W,; Briese, T.; Couper, ].J.; Barry, S.C.; Colman, P.G.; Cotterill, A.M.; Davis, E.A.; Giles, L.C.; Harrison,
L.C,; et al. Distinct Gut Virome Profile of Pregnant Women with Type 1 Diabetes in the ENDIA Study. Open Forum Infect. Dis.
2019, 6. [CrossRef]

9. Malham, M.; Lilje, B.; Houen, G.; Winther, K.; Andersen, P.S.; Jakobsen, C. The microbiome reflects diagnosis and predicts disease
severity in paediatric onset inflammatory bowel disease. Scand. J. Gastroenterol. 2019, 54, 969-975. [CrossRef]

10. Norman, ].M.; Handley, S.A.; Baldridge, M.T.; Droit, L.; Liu, C.Y.; Keller, B.C.; Kambal, A.; Monaco, C.L.; Zhao, G.; Fleshner, P;
et al. Disease-Specific Alterations in the Enteric Virome in Inflammatory Bowel Disease. Cell 2015, 160, 447-460. [CrossRef]

11. Zhao, G.; Vatanen, T.; Droit, L.; Park, A.; Kostic, A.D.; Poon, TW.; Vlamakis, H.; Siljander, H.; Harkonen, T.; Himaldinen, A.-M.;
et al. Intestinal virome changes precede autoimmunity in type I diabetes-susceptible children. Proc. Natl. Acad. Sci. USA
2017, 114, E6166-E6175. [CrossRef] [PubMed]

12. Wen, C.; Zheng, Z; Shao, T.; Liu, L.; Xie, Z.; Le Chatelier, E.; He, Z.; Zhong, W.; Fan, Y.; Zhang, L.; et al. Quantitative metagenomics
reveals unique gut microbiome biomarkers in ankylosing spondylitis. Genome Biol. 2017, 18, 142. [CrossRef]

13. Coker, O.0.; Nakatsu, G.; Dai, R.Z.; Wu, WK.K,; Wong, S.H.; Ng, S.C.; Chan, EK.L.; Sung, ].].Y.; Yu, J. Enteric fungal microbiota
dysbiosis and ecological alterations in colorectal cancer. Gut 2018, 68, 654-662. [CrossRef] [PubMed]

14. Malan-Muller, S.; Valles-Colomer, M.; Raes, J.; Lowry, C.A.; Seedat, S.; Hemmings, S.M. The Gut Microbiome and Mental Health:
Implications for Anxiety- and Trauma-Related Disorders. OMICS ]. Integr. Biol. 2018, 22, 90-107. [CrossRef] [PubMed]

15. Knight, R.; Vrbanac, A.; Taylor, B.C.; Aksenov, A.; Callewaert, C.; Debelius, J.; Gonzalez, A.; Kosciolek, T.; McCall, L.-I;
McDonald, D.; et al. Best practices for analysing microbiomes. Nat. Rev. Genet. 2018, 16, 410-422. [CrossRef] [PubMed]

16. Zhou, Q.; Su, X,; Ning, K. Assessment of quality control approaches for metagenomic data analysis. Sci. Rep. 2014, 4, 6957.
[CrossRef]

17.  Ewing, B.; Green, P. Base-Calling of Automated Sequencer Traces Using Phred. II. Error Probabilities. Genome Res 1998, 8, 186-194.
[CrossRef]

18. Stackebrandt, E.; Goebel, B.M. Taxonomic Note: A Place for DNA-DNA Reassociation and 165 rRNA Sequence Analysis in the
Present Species Definition in Bacteriology. Int. J. Syst. Evol. Microbiol. 1994, 44, 846-849. [CrossRef]

19. Edgar, R.C. Search and clustering orders of magnitude faster than BLAST. Bioinformatics 2010, 26, 2460-2461. [CrossRef]

20. Edgar, R.C. UPARSE: Highly accurate OTU sequences from microbial amplicon reads. Nat. Methods 2013, 10, 996-998. [CrossRef]
[PubMed]

21. Li, W,; Godzik, A. Cd-hit: A fast program for clustering and comparing large sets of protein or nucleotide sequences. Bioinformatics
2006, 22, 1658-1659. [CrossRef]

22. Park, S.; Choi, H.-S.; Lee, B.; Chun, J.; Won, J.-H.; Yoon, S. hc-OTU: A Fast and Accurate Method for Clustering Operational
Taxonomic Units Based on Homopolymer Compaction. IEEE/ACM Trans. Comput. Biol. Bioinform. 2016, 15, 441-451. [CrossRef]
[PubMed]

23. Sun, Y; Cai, Y;; Liu, L.; Yu, E; Farrell, M.L.; Mckendree, W.; Farmerie, W. ESPRIT: Estimating species richness using large
collections of 16S rRNA pyrosequences. Nucleic Acids Res. 2009, 37, €76. [CrossRef] [PubMed]

24. Cai, Y;; Sun, Y. ESPRIT-Tree: Hierarchical clustering analysis of millions of 165 rRNA pyrosequences in quasilinear computational
time. Nucleic Acids Res. 2011, 39, €95. [CrossRef] [PubMed]

25. Callahan, B.J.; McMurdie, P.J.; Holmes, S.P. Exact sequence variants should replace operational taxonomic units in marker-gene
data analysis. ISME J. 2017, 11, 2639-2643. [CrossRef]

26. Callahan, B.J.; Mcmurdie, PJ.; Rosen, M.].; Han, A.W.; Johnson, A.]J.A.; Holmes, S.P. DADA?2: High-resolution sample inference
from Illumina amplicon data. Nat. Methods 2016, 13, 581-583. [CrossRef]

27. Edgar, R.C. UNOISE2: Improved error-correction for Illumina 16S and ITS amplicon sequencing. bioRxiv 2016, 081257. [CrossRef]

28. Amir, A.; McDonald, D.; Navas-Molina, J.A.; Kopylova, E.; Morton, ].T.; Xu, Z.Z.; Kightley, E.P.; Thompson, L.R.; Hyde, E.R.;

Gonzalez, A.; et al. Deblur Rapidly Resolves Single-Nucleotide Community Sequence Patterns. mSystems 2017, 2, e00191-16.
[CrossRef]


http://doi.org/10.1007/s00428-017-2277-x
http://www.ncbi.nlm.nih.gov/pubmed/29243124
http://doi.org/10.1016/j.tim.2017.11.002
http://www.ncbi.nlm.nih.gov/pubmed/29173869
http://doi.org/10.1177/0884533615609899
http://www.ncbi.nlm.nih.gov/pubmed/26449893
http://doi.org/10.1126/science.1237439
http://www.ncbi.nlm.nih.gov/pubmed/23828941
http://doi.org/10.1002/hep.30832
http://doi.org/10.1016/j.diagmicrobio.2010.04.005
http://www.ncbi.nlm.nih.gov/pubmed/20846815
http://doi.org/10.1093/femsec/fiu002
http://www.ncbi.nlm.nih.gov/pubmed/25764541
http://doi.org/10.1093/ofid/ofz025
http://doi.org/10.1080/00365521.2019.1644368
http://doi.org/10.1016/j.cell.2015.01.002
http://doi.org/10.1073/pnas.1706359114
http://www.ncbi.nlm.nih.gov/pubmed/28696303
http://doi.org/10.1186/s13059-017-1271-6
http://doi.org/10.1136/gutjnl-2018-317178
http://www.ncbi.nlm.nih.gov/pubmed/30472682
http://doi.org/10.1089/omi.2017.0077
http://www.ncbi.nlm.nih.gov/pubmed/28767318
http://doi.org/10.1038/s41579-018-0029-9
http://www.ncbi.nlm.nih.gov/pubmed/29795328
http://doi.org/10.1038/srep06957
http://doi.org/10.1101/gr.8.3.186
http://doi.org/10.1099/00207713-44-4-846
http://doi.org/10.1093/bioinformatics/btq461
http://doi.org/10.1038/nmeth.2604
http://www.ncbi.nlm.nih.gov/pubmed/23955772
http://doi.org/10.1093/bioinformatics/btl158
http://doi.org/10.1109/TCBB.2016.2535326
http://www.ncbi.nlm.nih.gov/pubmed/26930691
http://doi.org/10.1093/nar/gkp285
http://www.ncbi.nlm.nih.gov/pubmed/19417062
http://doi.org/10.1093/nar/gkr349
http://www.ncbi.nlm.nih.gov/pubmed/21596775
http://doi.org/10.1038/ismej.2017.119
http://doi.org/10.1038/nmeth.3869
http://doi.org/10.1101/081257
http://doi.org/10.1128/mSystems.00191-16

Biomolecules 2021, 11, 530 18 of 22

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Caporaso, ].G.; Kuczynski, J.; Stombaugh, J.; Bittinger, K.; Bushman, ED.; Costello, E.K; Fierer, N.; Pefia, A.G.; Goodrich, ] K.;
Gordon, J.I; et al. QIIME Allows Analysis of High-Throughput Community Sequencing data. Nat. Methods 2010, 7, 335-336.
[CrossRef]

Bolyen, E.; Rideout, ].R.; Dillon, M.R.; Bokulich, N.A.; Abnet, C.C.; Al-Ghalith, G.A.; Alexander, H.; Alm, E.J.; Arumugam, M.;
Asnicar, F; et al. Reproducible, interactive, scalable and extensible microbiome data science using QIIME 2. Nat. Biotechnol.
2019, 37, 852-857. [CrossRef]

Schloss, P.D.; Westcott, S.L.; Ryabin, T.; Hall, ].R.; Hartmann, M.; Hollister, E.B.; Lesniewski, R.A.; Oakley, B.B.; Parks, D.H.;
Robinson, C.J.; et al. Introducing mothur: Open-Source, Platform-Independent, Community-Supported Software for Describing
and Comparing Microbial Communities. Appl. Environ. Microbiol. 2009, 75, 7537-7541. [CrossRef] [PubMed]

Plummer, E.; Twin, J.; Bulach, D.M.; Garland, S.M.; Tabrizi, S.N. A Comparison of Three Bioinformatics Pipelines for the Analysis
of Preterm Gut Microbiota using 165 rRNA Gene Sequencing Data. J. Proteom. Bioinform. 2015, 8. [CrossRef]

Lopez-Garcia, A.; Pineda-Quiroga, C.; Atxaerandio, R.; Pérez, A.; Herndndez, I.; Garcia-Rodriguez, A.; Gonzalez-Recio, O.
Comparison of Mothur and QIIME for the Analysis of Rumen Microbiota Composition Based on 165 rRNA Amplicon Sequences.
Front. Microbiol. 2018, 9, 3010. [CrossRef] [PubMed]

Prodan, A.; Tremaroli, V.; Brolin, H.; Zwinderman, A.H.; Nieuwdorp, M.; Levin, E. Comparing bioinformatic pipelines for
microbial 165 rRNA amplicon sequencing. PLoS ONE 2020, 15, e0227434. [CrossRef] [PubMed]

Langille, M.G.I;; Zaneveld, J.; Caporaso, ].G.; McDonald, D.; Knights, D.; Reyes, J.A.; Clemente, J.C.; Burkepile, D.E.;
Thurber, R L.V.; Knight, R.; et al. Predictive functional profiling of microbial communities using 16S rRNA marker gene
sequences. Nat. Biotechnol. 2013, 31, 814-821. [CrossRef]

Douglas, G.M.; Maffei, V.J.; Zaneveld, J.; Yurgel, S.N.; Brown, J.R.; Taylor, C.M.; Huttenhower, C.; Langille, M.G. PIC-RUSt2: An
improved and customizable approach for metagenome inference. bioRxiv 2020, 672295. [CrossRef]

Aflhauer, K.P; Wembheuer, B.; Daniel, R.; Meinicke, P. Tax4Fun: Predicting functional profiles from metagenomic 16S rRNA data:
Figure 1. Bioinformatics 2015, 31, 2882-2884. [CrossRef]

Sun, S.; Jones, R.B.; Fodor, A.A. Inference-based accuracy of metagenome prediction tools varies across sample types and
functional categories. Microbiome 2020, 8, 1-9. [CrossRef] [PubMed]

Wembheuer, E; Taylor, ].A.; Daniel, R.; Johnston, E.; Meinicke, P.; Thomas, T.; Wemheuer, B. Tax4Fun2: Prediction of habitat-specific
functional profiles and functional redundancy based on 16S rRNA gene sequences. Environ. Microbiome 2020, 15, 1-12. [CrossRef]
Iwai, S.; Weinmaier, T.; Schmidt, B.L.; Albertson, D.G.; Poloso, N.J.; Dabbagh, K.; DeSantis, T.Z. Piphillin: Improved Prediction of
Metagenomic Content by Direct Inference from Human Microbiomes. PLOS ONE 2016, 11, e0166104. [CrossRef] [PubMed]
Nagpal, S.; Haque, M.M.; Mande, S.S. Vikodak—A Modular Framework for Inferring Functional Potential of Microbial Commu-
nities from 165 Metagenomic Datasets. PLoS ONE 2016, 11, €0148347. [CrossRef]

Segata, N.; Izard, J.; Waldron, L.; Gevers, D.; Miropolsky, L.; Garrett, W.S.; Huttenhower, C. Metagenomic biomarker discovery
and explanation. Genome Biol. 2011, 12, R60. [CrossRef] [PubMed]

Mallick, H.; Rahnavard, A.; Mclver, L.J.; Ma, S.; Zhang, Y.; Nguyen, L.H.; Tickle, T.L.; Weingart, G.; Ren, B.; Schwager, E.H.; et al.
Multivariable Association Discovery in Population-Scale Meta-Omics Studies. bioRxiv 2021. [CrossRef]

Friedman, J.; Alm, EJ. Inferring Correlation Networks from Genomic Survey Data. PLoS Comput. Biol. 2012, 8, €1002687.
[CrossRef] [PubMed]

Kurtz, Z.D.; Mueller, C.L.; Miraldi, E.R.; Littman, D.R.; Blaser, M.].; Bonneau, R.A. Sparse and Compositionally Robust Inference
of Microbial Ecological Networks. PLoS Comput. Biol. 2015, 11, e1004226. [CrossRef]

Schwager, E.; Mallick, H.; Ventz, S.; Huttenhower, C. A Bayesian method for detecting pairwise associations in compositional
data. PLoS Comput. Biol. 2017, 13, €1005852. [CrossRef]

Qin, J; Li, R.; Raes, J.; Arumugam, M.; Burgdorf, K.S.; Manichanh, C.; Nielsen, T.; Pons, N.; Levenez, F.; Yamada, T.; et al. A
human gut microbial gene catalogue established by metagenomic sequencing. Nature 2010, 464, 59-65. [CrossRef] [PubMed]
Nash, A.K,; Auchtung, T.A.; Wong, M.C.; Smith, D.P,; Gesell, ].R.; Ross, M.C.; Stewart, C.]J.; Metcalf, G.A.; Muzny, D.M.; Gibbs,
R.A.; et al. The gut mycobiome of the Human Microbiome Project healthy cohort. Microbiome 2017, 5, 153. [CrossRef] [PubMed]
Yang, A.-M.; Inamine, T.; Hochrath, K.; Chen, P.; Wang, L.; Llorente, C.; Bluemel, S.; Hartmann, P; Xu, J.; Koyama, Y,; et al.
Intestinal fungi contribute to development of alcoholic liver disease. J. Clin. Investig. 2017, 127, 2829-2841. [CrossRef]
Mukhopadhya, I.; Hansen, R.; Meharg, C.; Thomson, ].M.; Russell, R.K.; Berry, S.H.; El-Omar, EM.; Hold, G.L. The fungal
microbiota of de-novo paediatric inflammatory bowel disease. Microbes Infect. 2015, 17, 304-310. [CrossRef]

Sovran, B.; Planchais, J.; Jegou, S.; Straube, M.; Lamas, B.; Natividad, ] M.; Agus, A.; Dupraz, L.; Glodt, J.; Da Costa, G.; et al.
Enterobacteriaceae are essential for the modulation of colitis severity by fungi. Microbiome 2018, 6, 152. [CrossRef] [PubMed]
Chehoud, C.; Albenberg, L.G.; Judge, C.; Hoffmann, C.; Grunberg, S.; Bittinger, K.; Baldassano, R.N.; Lewis, J.D.; Bushman, ED.;
Wu, G.D. Fungal Signature in the Gut Microbiota of Pediatric Patients with Inflammatory Bowel Disease. Inflamm. Bowel Dis.
2015, 21, 1948-1956. [CrossRef]

Luan, C; Xie, L.; Yang, X.; Miao, H.; Lv, N.; Zhang, R.; Xiao, X.; Hu, Y; Liu, Y.; Wu, N.; et al. Dysbiosis of Fungal Microbiota in the
Intestinal Mucosa of Patients with Colorectal Adenomas. Sci. Rep. 2015, 5, 7980. [CrossRef] [PubMed]

Strati, F.; Cavalieri, D.; Albanese, D.; De Felice, C.; Donati, C.; Hayek, J.; Jousson, O.; Leoncini, S.; Renzi, D.; Calabro, A.; et al.
New evidences on the altered gut microbiota in autism spectrum disorders. Microbiome 2017, 5, 1-11. [CrossRef] [PubMed]


http://doi.org/10.1038/nmeth.f.303
http://doi.org/10.1038/s41587-019-0209-9
http://doi.org/10.1128/AEM.01541-09
http://www.ncbi.nlm.nih.gov/pubmed/19801464
http://doi.org/10.4172/jpb.1000381
http://doi.org/10.3389/fmicb.2018.03010
http://www.ncbi.nlm.nih.gov/pubmed/30619117
http://doi.org/10.1371/journal.pone.0227434
http://www.ncbi.nlm.nih.gov/pubmed/31945086
http://doi.org/10.1038/nbt.2676
http://doi.org/10.1101/672295
http://doi.org/10.1093/bioinformatics/btv287
http://doi.org/10.1186/s40168-020-00815-y
http://www.ncbi.nlm.nih.gov/pubmed/32241293
http://doi.org/10.1186/s40793-020-00358-7
http://doi.org/10.1371/journal.pone.0166104
http://www.ncbi.nlm.nih.gov/pubmed/27820856
http://doi.org/10.1371/journal.pone.0148347
http://doi.org/10.1186/gb-2011-12-6-r60
http://www.ncbi.nlm.nih.gov/pubmed/21702898
http://doi.org/10.1101/2021.01.20.427420
http://doi.org/10.1371/journal.pcbi.1002687
http://www.ncbi.nlm.nih.gov/pubmed/23028285
http://doi.org/10.1371/journal.pcbi.1004226
http://doi.org/10.1371/journal.pcbi.1005852
http://doi.org/10.1038/nature08821
http://www.ncbi.nlm.nih.gov/pubmed/20203603
http://doi.org/10.1186/s40168-017-0373-4
http://www.ncbi.nlm.nih.gov/pubmed/29178920
http://doi.org/10.1172/JCI90562
http://doi.org/10.1016/j.micinf.2014.12.001
http://doi.org/10.1186/s40168-018-0538-9
http://www.ncbi.nlm.nih.gov/pubmed/30172257
http://doi.org/10.1097/MIB.0000000000000454
http://doi.org/10.1038/srep07980
http://www.ncbi.nlm.nih.gov/pubmed/25613490
http://doi.org/10.1186/s40168-017-0242-1
http://www.ncbi.nlm.nih.gov/pubmed/28222761

Biomolecules 2021, 11, 530 19 of 22

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

Heintz-Buschart, A.; Pandey, U.; Wicke, T.; Sixel-Doring, F.; Janzen, A.; Sittig-Wiegand, E.; Trenkwalder, C.; Oertel, W.H.;
Mollenhauer, B.; Wilmes, P. The nasal and gut microbiome in Parkinson’s disease and idiopathic rapid eye movement sleep
behavior disorder. Mov. Disord. 2018, 33, 88-98. [CrossRef]

Nilsson, R.H.; Anslan, S.; Bahram, M.; Wurzbacher, C.; Baldrian, P.; Tedersoo, L. Mycobiome diversity: High-throughput
sequencing and identification of fungi. Nat. Rev. Genet. 2019, 17, 95-109. [CrossRef]

Woo, PC.Y,; Leung, S.-Y.; To, KK.W.,; Chan, ].EW.; Ngan, A.H.Y.; Cheng, V.C.C.; Lau, S.K.P; Yuen, K.-Y. Internal Transcribed
Spacer Region Sequence Heterogeneity inRhizopus microsporus: Implications for Molecular Diagnosis in Clinical Microbiology
Laboratories. J. Clin. Microbiol. 2009, 48, 208-214. [CrossRef]

Schoch, C.L.; Seifert, K.A.; Huhndorf, S.; Robert, V.; Spouge, J.L.; Levesque, C.A.; Chen, W.; Fungal Barcoding Consortium.
Nuclear ribosomal internal transcribed spacer (ITS) region as a universal DNA barcode marker for Fungi. Proc. Natl. Acad. Sci.
USA 2012, 109, 6241-6246. [CrossRef]

Ritland, C.E; Ritland, K.; Straus, N.A. Variation in the ribosomal internal transcribed spacers (ITS1 and ITS2) among eight taxa of
the Mimulus guttatus species complex. Mol. Biol. Evol. 1993, 10, 1273-1288. [CrossRef]

Popovic, A.; Parkinson, J. Characterization of Eukaryotic Microbiome Using 185 Amplicon Sequencing. Adv. Struct. Saf. Stud.
2018, 1849, 29-48. [CrossRef]

Tanabe, A.S.; Nagai, S.; Hida, K.; Yasuike, M.; Fujiwara, A.; Nakamura, Y.; Takano, Y.; Katakura, S. Comparative study of the
validity of three regions of the 185-rRNA gene for massively parallel sequencing-based monitoring of the planktonic eukaryote
community. Mol. Ecol. Resour. 2015, 16, 402—414. [CrossRef]

Xie, Q.; Lin, J.; Qin, Y.; Zhou, J.; Bu, W. Structural diversity of eukaryotic 185 rRNA and its impact on alignment and phylogenetic
reconstruction. Protein Cell 2011, 2, 161-170. [CrossRef] [PubMed]

Meyer, A.; Todt, C.; Mikkelsen, N.T.; Lieb, B. Fast evolving 185 rRNA sequences from Solenogastres (Mollusca) resist standard
PCR amplification and give new insights into mollusk substitution rate heterogeneity. BMC Evol. Biol. 2010, 10, 70. [CrossRef]
[PubMed]

Heeger, F.; Wurzbacher, C.; Bourne, E.C.; Mazzoni, C.J.; Monaghan, M.T. Combining the 5.85 and ITS2 to Improve Classification
of Fungi. Methods Ecol. Evol. 2019, 10, 1702-1711. [CrossRef]

Nawrocki, E. Structural RNA Homology Search and Alignment Using Covariance Models. Ph.D. Thesis, Washington University
in Saint Louis, School of Medicine, St. Louis, MO, USA, 2009.

Hildebrand, F.; Tadeo, R.; Voigt, A.Y.; Bork, P.,; Raes, J. LotuS: An efficient and user-friendly OTU processing pipeline. Microbiome
2014, 2, 30. [CrossRef]

Albanese, D.; Fontana, P.; De Filippo, C.; Cavalieri, D.; Donati, C. MICCA: A complete and accurate software for taxonomic
profiling of metagenomic data. Sci. Rep. 2015, 5, 9743. [CrossRef] [PubMed]

Zafeiropoulos, H.; Viet, H.Q.; Vasileiadou, K.; Potirakis, A.; Arvanitidis, C.; Topalis, P.; Pavloudi, C.; Pafilis, E. PEMA: A flexible
Pipeline for Environmental DNA Metabarcoding Analysis of the 165/18S ribosomal RNA, ITS, and COI marker genes. GigaScience
2020, 9. [CrossRef]

Ferro, M.; Antonio, E.A.; Souza, W.; Bacci, M. ITScan: A web-based analysis tool for Internal Transcribed Spacer (ITS) sequences.
BMC Res. Notes 2014, 7, 857. [CrossRef]

Bengtsson-Palme, J.; Ryberg, M.; Hartmann, M.; Branco, S.; Wang, Z.; Godhe, A.; De Wit, PJ.G.M.; Sanchez-Garcia, M.; Ebersberger,
L; De Sousa, E,; et al. Improved software detection and extraction of ITS1 and ITS2 from ribosomal ITS sequences of fungi and
other eukaryotes for analysis of environmental sequencing data. Methods Ecol. Evol. 2013, 4, 914-919. [CrossRef]

Rivers, A.R.; Weber, K.C.; Gardner, T.G.; Liu, S.; Armstrong, S.D. ITSxpress: Software to rapidly trim internally transcribed spacer
sequences with quality scores for marker gene analysis. F1000Research 2018, 7, 1418. [CrossRef]

Delgado-Serrano, L.; Restrepo, S.; Bustos, ].R.; Zambrano, M.M.; Anzola, ].M. Mycofier: A new machine learning-based classifier
for fungal ITS sequences. BMC Res. Notes 2016, 9, 402. [CrossRef] [PubMed]

Nilsson, R.H.; Larsson, K.-H.; Taylor, A.ES.; Bengtsson-Palme, J.; Jeppesen, T.S.; Schigel, D.; Kennedy, P.; Picard, K.; Glockner,
F.O.; Tedersoo, L.; et al. The UNITE database for molecular identification of fungi: Handling dark taxa and parallel taxonomic
classifications. Nucleic Acids Res. 2019, 47, D259-D264. [CrossRef] [PubMed]

Santamaria, M.; Fosso, B.; Licciulli, F; Balech, B.; Larini, I.; Grillo, G.; De Caro, G.; Liuni, S.; Pesole, G. ITSoneDB: A comprehensive
collection of eukaryotic ribosomal RNA Internal Transcribed Spacer 1 (ITS1) sequences. Nucleic Acids Res. 2017, 46, D127-D132.
[CrossRef] [PubMed]

Del Campo, J.; Kolisko, M.; Boscaro, V.; Santoferrara, L.F.; Nenarokov, S.; Massana, R.; Guillou, L.; Simpson, A.; Berney, C.;
De Vargas, C.; et al. EukRef: Phylogenetic curation of ribosomal RNA to enhance understanding of eukaryotic diversity and
distribution. PLoS Biol. 2018, 16, €2005849. [CrossRef]

Franzosa, E.A.; Sirota-Madi, A.; Avila-Pacheco, J.; Fornelos, N.; Haiser, H.J.; Reinker, S.; Vatanen, T.; Hall, A.B.; Mallick,
H.; Mclver, LJ.; et al. Gut microbiome structure and metabolic activity in inflammatory bowel disease. Nat. Microbiol.
2019, 4, 293-305. [CrossRef] [PubMed]

Vila, A.V.; Imhann, E; Collij, V.; Jankipersadsing, S.A.; Gurry, T.; Mujagic, Z.; Kurilshikov, A.; Bonder, M.].; Jiang, X.; Tigchelaar, E.F.;
et al. Gut microbiota composition and functional changes in inflammatory bowel disease and irritable bowel syndrome.
Sci. Transl. Med. 2018, 10, eaap8914. [CrossRef]


http://doi.org/10.1002/mds.27105
http://doi.org/10.1038/s41579-018-0116-y
http://doi.org/10.1128/JCM.01750-09
http://doi.org/10.1073/pnas.1117018109
http://doi.org/10.1093/oxfordjournals.molbev.a040067
http://doi.org/10.1007/978-1-4939-8728-3_3
http://doi.org/10.1111/1755-0998.12459
http://doi.org/10.1007/s13238-011-1017-2
http://www.ncbi.nlm.nih.gov/pubmed/21400046
http://doi.org/10.1186/1471-2148-10-70
http://www.ncbi.nlm.nih.gov/pubmed/20214780
http://doi.org/10.1111/2041-210X.13266
http://doi.org/10.1186/2049-2618-2-30
http://doi.org/10.1038/srep09743
http://www.ncbi.nlm.nih.gov/pubmed/25988396
http://doi.org/10.1093/gigascience/giaa022
http://doi.org/10.1186/1756-0500-7-857
http://doi.org/10.1111/2041-210X.12073
http://doi.org/10.12688/f1000research.15704.1
http://doi.org/10.1186/s13104-016-2203-3
http://www.ncbi.nlm.nih.gov/pubmed/27516337
http://doi.org/10.1093/nar/gky1022
http://www.ncbi.nlm.nih.gov/pubmed/30371820
http://doi.org/10.1093/nar/gkx855
http://www.ncbi.nlm.nih.gov/pubmed/29036529
http://doi.org/10.1371/journal.pbio.2005849
http://doi.org/10.1038/s41564-018-0306-4
http://www.ncbi.nlm.nih.gov/pubmed/30531976
http://doi.org/10.1126/scitranslmed.aap8914

Biomolecules 2021, 11, 530 20 of 22

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.
92.

93.

94.

95.
96.
97.

98.
99.

100.

101.

102.

103.

Gao, B.; Emami, A.; Zhou, R.; Lang, S.; Duan, Y.; Wang, Y.; Jiang, L.; Loomba, R.; Brenner, D.A.; Starkel, P.; et al. Functional
Microbial Responses to Alcohol Abstinence in Patients With Alcohol Use Disorder. Front. Physiol. 2020, 11, 370. [CrossRef]
Gao, B.; Duan, Y.; Lang, S.; Barupal, D.; Wu, T.; Valdiviez, L.; Roberts, B.; Choy, Y.Y.; Shen, T.; Byram, G.; et al. Func-
tional Microbiomics Reveals Alterations of the Gut Microbiome and Host Co-Metabolism in Patients With Alcoholic Hepatitis.
Hepatol. Commun. 2020, 4, 1168-1182. [CrossRef]

Loomba, R.; Seguritan, V.; Li, W.; Long, T; Klitgord, N.; Bhatt, A.; Dulai, P.S.; Caussy, C.; Bettencourt, R.; Highlander, S.K,; et al.
Gut Microbiome-Based Metagenomic Signature for Non-invasive Detection of Advanced Fibrosis in Human Nonalcoholic Fatty
Liver Disease. Cell Metab. 2017, 25, 1054-1062.e5. [CrossRef]

Schwimmer, ].B.; Johnson, ].S.; Angeles, J.E.; Behling, C.; Belt, P.H.; Borecki, I.; Bross, C.; Durelle, J.; Goyal, N.P.; Hamilton, G.;
et al. Microbiome Signatures Associated With Steatohepatitis and Moderate to Severe Fibrosis in Children With Nonalcoholic
Fatty Liver Disease. Gastroenterology 2019, 157, 1109-1122. [CrossRef]

Hoyles, L.; Fernandez-Real, ].-M.; Federici, M.; Serino, M.; Abbott, J.; Charpentier, J.; Heymes, C.; Luque, J.L.; Anthony, E,;
Barton, R.H.; et al. Molecular phenomics and metagenomics of hepatic steatosis in non-diabetic obese women. Nat. Med.
2018, 24, 1070-1080. [CrossRef] [PubMed]

Nj, J.; Shen, T.-C.D.; Chen, E.Z; Bittinger, K.; Bailey, A.; Roggiani, M.; Sirota-Madi, A.; Friedman, E.S.; Chau, L.; Lin, A.; etal. A
role for bacterial urease in gut dysbiosis and Crohn’s disease. Sci. Transl. Med. 2017, 9, eaah6888. [CrossRef]

Lewis, ].D.; Chen, E.Z.; Baldassano, R.N.; Otley, A.R.; Griffiths, A.M.; Lee, D.; Bittinger, K.; Bailey, A.; Friedman, E.S.; Hoffmann, C.;
et al. Inflammation, Antibiotics, and Diet as Environmental Stressors of the Gut Microbiome in Pediatric Crohn’s Disease.
Cell Host Microbe 2015, 18, 489-500. [CrossRef] [PubMed]

Frankel, A.E.; Coughlin, L.A.; Kim, ]J.; Froehlich, TW.; Xie, Y.; Frenkel, E.P.; Koh, A.Y. Metagenomic Shotgun Sequencing and
Unbiased Metabolomic Profiling Identify Specific Human Gut Microbiota and Metabolites Associated with Immune Checkpoint
Therapy Efficacy in Melanoma Patients. Neoplasia 2017, 19, 848-855. [CrossRef] [PubMed]

Bedarf, ].R.; Hildebrand, F.; Coelho, L.P.; Sunagawa, S.; Bahram, M.; Goeser, E,; Bork, P.; Wiillner, U. Functional implications
of microbial and viral gut metagenome changes in early stage L-DOPA-naive Parkinson’s disease patients. Genome Med.
2017, 9, 1-13. [CrossRef]

Kim, S.; Goel, R.; Kumar, A.; Qi, Y,; Lobaton, G.; Hosaka, K.; Mohammed, M.; Handberg, E.M.; Richards, E.M.; Pepine, C.J.;
et al. Imbalance of gut microbiome and intestinal epithelial barrier dysfunction in patients with high blood pressure. Clin. Sci.
2018, 132, 701-718. [CrossRef]

Hu, Y,; Feng, Y.; Wu, J.; Liu, E; Zhang, Z.; Hao, Y.; Liang, S.; Li, B.; Li, J.; Lv, N.; et al. The Gut Microbiome Signatures Discriminate
Healthy From Pulmonary Tuberculosis Patients. Front. Cell. Infect. Microbiol. 2019, 9, 90. [CrossRef]

Bolger, A.M.; Lohse, M.; Usadel, B. Trimmomatic: A flexible trimmer for Illumina sequence data. Bioinformatics 2014, 30, 2114-2120.
[CrossRef]

Sun, K. Ktrim: An extra-fast and accurate adapter- and quality-trimmer for sequencing data. Bioinformatics 2020, 36, 3561-3562.
[CrossRef]

Martin, M. Cutadapt removes adapter sequences from high-throughput sequencing reads. EMBnet J. 2011, 17, 10-12. [CrossRef]
Ewels, P.; Magnusson, M.; Lundin, S.; Kaller, M. MultiQC: Summarize analysis results for multiple tools and samples in a single
report. Bioinformatics 2016, 32, 3047-3048. [CrossRef]

Jinemann, S.; Kleinbolting, N.; Jaenicke, S.; Henke, C.; Hassa, J.; Nelkner, J.; Stolze, Y.; Albaum, S.P; Schliiter, A.; Goesmann,
A.; et al. Bioinformatics for NGS-based metagenomics and the application to biogas research. J. Biotechnol. 2017, 261, 10-23.
[CrossRef] [PubMed]

Quince, C.; Walker, A.W.; Simpson, ].T.; Loman, N.J.; Segata, N. Shotgun metagenomics, from sampling to analysis. Nat. Biotechnol.
2017, 35, 833-844. [CrossRef] [PubMed]

Langmead, B.; Salzberg, S.L. Fast gapped-read alignment with Bowtie 2. Nat. Methods 2012, 9, 357-359. [CrossRef] [PubMed]
Buchfink, B.; Xie, C.; Huson, D.H. Fast and sensitive protein alignment using DIAMOND. Nat. Methods 2015, 12, 59-60. [CrossRef]
Bushnell, B. BBMap: A Fast, Accurate, Splice-Aware Aligner. LBNL Report LBNL-7065E, Lawrence Berkeley National Laboratory.
2014. Available online: https://escholarship.org/uc/item/1h3515gn (accessed on 28 March 2021).

Kanehisa, M.; Goto, S. KEGG: Kyoto Encyclopedia of Genes and Genomes. Nucleic Acids Res. 2000, 28, 27-30. [CrossRef]
Mistry, J.; Chuguransky, S.; Williams, L.; Qureshi, M.; Salazar, G.A.; Sonnhammer, E.L.L.; Tosatto, S.C.E.; Paladin, L.; Raj, S.;
Richardson, L.J.; et al. Pfam: The protein families database in 2021. Nucleic Acids Res. 2021, 49, D412-D419. [CrossRef]

Mi, H.; Muruganujan, A.; Ebert, D.; Huang, X.; Thomas, PD. PANTHER version 14: More genomes, a new PANTHER GO-slim
and improvements in enrichment analysis tools. Nucleic Acids Res. 2019, 47, D419-D426. [CrossRef]

Galperin, M.Y.; Wolf, Y.I.; Makarova, K.S.; Alvarez, R.V.; Landsman, D.; Koonin, E.V. COG database update: Focus on microbial
diversity, model organisms, and widespread pathogens. Nucleic Acids Res. 2021, 49, D274-D281. [CrossRef]

Huerta-Cepas, J.; Szklarczyk, D.; Heller, D.; Herndndez-Plaza, A.; Forslund, S.K.; Cook, H.; Mende, D.R.; Letunic, I; Rattei, T.;
Jensen, L.J.; et al. eggNOG 5.0: A hierarchical, functionally and phylogenetically annotated orthology resource based on 5090
organisms and 2502 viruses. Nucleic Acids Res. 2019, 47, D309-D314. [CrossRef]

Suzek, B.E.; Wang, Y.; Huang, H.; McGarvey, P.B.; Wu, C.H. The UniProt Consortium UniRef clusters: A comprehensive and
scalable alternative for improving sequence similarity searches. Bioinformatics 2015, 31, 926-932. [CrossRef] [PubMed]


http://doi.org/10.3389/fphys.2020.00370
http://doi.org/10.1002/hep4.1537
http://doi.org/10.1016/j.cmet.2017.04.001
http://doi.org/10.1053/j.gastro.2019.06.028
http://doi.org/10.1038/s41591-018-0061-3
http://www.ncbi.nlm.nih.gov/pubmed/29942096
http://doi.org/10.1126/scitranslmed.aah6888
http://doi.org/10.1016/j.chom.2015.09.008
http://www.ncbi.nlm.nih.gov/pubmed/26468751
http://doi.org/10.1016/j.neo.2017.08.004
http://www.ncbi.nlm.nih.gov/pubmed/28923537
http://doi.org/10.1186/s13073-017-0428-y
http://doi.org/10.1042/CS20180087
http://doi.org/10.3389/fcimb.2019.00090
http://doi.org/10.1093/bioinformatics/btu170
http://doi.org/10.1093/bioinformatics/btaa171
http://doi.org/10.14806/ej.17.1.200
http://doi.org/10.1093/bioinformatics/btw354
http://doi.org/10.1016/j.jbiotec.2017.08.012
http://www.ncbi.nlm.nih.gov/pubmed/28823476
http://doi.org/10.1038/nbt.3935
http://www.ncbi.nlm.nih.gov/pubmed/28898207
http://doi.org/10.1038/nmeth.1923
http://www.ncbi.nlm.nih.gov/pubmed/22388286
http://doi.org/10.1038/nmeth.3176
https://escholarship.org/uc/item/1h3515gn
http://doi.org/10.1093/nar/28.1.27
http://doi.org/10.1093/nar/gkaa913
http://doi.org/10.1093/nar/gky1038
http://doi.org/10.1093/nar/gkaa1018
http://doi.org/10.1093/nar/gky1085
http://doi.org/10.1093/bioinformatics/btu739
http://www.ncbi.nlm.nih.gov/pubmed/25398609

Biomolecules 2021, 11, 530 21 of 22

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

Miller, J.R.; Koren, S.; Sutton, G. Assembly algorithms for next-generation sequencing data. Genomics 2010, 95, 315-327. [CrossRef]
[PubMed]

Peng, Y.; Leung, H.C.M.; Yiu, S.M.; Chin, EY.L. Meta-IDBA: A de Novo assembler for metagenomic data. Bioinformatics
2011, 27,1i94-i101. [CrossRef]

Peng, Y.; Leung, H.C.M,; Yiu, S.M.; Chin, EY.L. IDBA-UD: A de novo assembler for single-cell and metagenomic sequencing data
with highly uneven depth. Bioinformatics 2012, 28, 1420-1428. [CrossRef] [PubMed]

Namiki, T.; Hachiya, T.; Tanaka, H.; Sakakibara, Y. MetaVelvet: An extension of Velvet assembler to de novo metagenome
assembly from short sequence reads. Nucleic Acids Res. 2012, 40, €155. [CrossRef]

Li, D,; Liu, C.-M,; Luo, R.; Sadakane, K.; Lam, T.-W. MEGAHIT: An ultra-fast single-node solution for large and complex
metagenomics assembly via succinct de Bruijn graph. Bioinformatics 2015, 31, 1674-1676. [CrossRef]

Van Der Walt, A.].; Van Goethem, M.W.; Ramond, J.-B.; Makhalanyane, T.P.; Reva, O.; Cowan, D.A. Assembling metagenomes,
one community at a time. BMC Genom. 2017, 18, 1-13. [CrossRef]

Mikheenko, A.; Saveliev, V.; Gurevich, A. MetaQUAST: Evaluation of metagenome assemblies. Bioinformatics 2016, 32, 1088-1090.
[CrossRef] [PubMed]

Huson, D.H.; Auch, A.E; Qj, J.; Schuster, S.C. MEGAN analysis of metagenomic data. Genome Res. 2007, 17, 377-386. [CrossRef]
Beghini, F; Mclver, L.J.; Blanco-Miguez, A.; Dubois, L.; Asnicar, F.; Maharjan, S.; Mailyan, A.; Thomas, A.M.; Manghi, P.;
Valles-Colomer, M.; et al. Integrating Taxonomic, Functional, and Strain-Level Profiling of Diverse Microbial Communities with
Bi-oBakery 3. bioRxiv 2020. [CrossRef]

Franzosa, E.A.; Mclver, L].; Rahnavard, G.; Thompson, L.R.; Schirmer, M.; Weingart, G.; Lipson, K.S.; Knight, R.; Caporaso, ].G.;
Segata, N.; et al. Species-level functional profiling of metagenomes and metatranscriptomes. Nat. Methods 2018, 15, 962-968.
[CrossRef]

Glass, E.M.; Wilkening, J.; Wilke, A.; Antonopoulos, D.; Meyer, E. Using the Metagenomics RAST Server (MG-RAST) for Analyzing
Shotgun Metagenomes. Cold Spring Harb. Protoc. 2010, 2010, 5368. [CrossRef]

Chen, I.-M.A; Markowitz, V.M.; Chu, K; Palaniappan, K.; Szeto, E.; Pillay, M.; Ratner, A.; Huang, J.; Andersen, E.; Huntemann,
M.; et al. IMG/M.: Integrated genome and metagenome comparative data analysis system. Nucleic Acids Res. 2017, 45, D507-D516.
[CrossRef] [PubMed]

Goll, J.; Rusch, D.B.; Tanenbaum, D.M.; Thiagarajan, M.; Li, K.; Methé, B.A.; Yooseph, S. METAREP: JCVI metagenomics
reports—An open source tool for high-performance comparative metagenomics. Bioinformatics 2010, 26, 2631-2632. [CrossRef]
[PubMed]

Schirmer, M.; Franzosa, E.A.; Lloyd-Price, J.; Mclver, L.J.; Schwager, R.; Poon, TW.; Ananthakrishnan, A.N.; Andrews, E.;
Barron, G.; Lake, K; et al. Dynamics of metatranscription in the inflammatory bowel disease gut microbiome. Nat. Microbiol.
2018, 3, 337-346. [CrossRef] [PubMed]

Bornigen, D.; Morgan, X.C.; Franzosa, E.A.; Ren, B.; Xavier, RJ.; Garrett, W.S.; Huttenhower, C. Functional profiling of the gut
microbiome in disease-associated inflammation. Genome Med. 2013, 5, 1-13. [CrossRef] [PubMed]

Wang, W.-L.; Xu, S.-Y.; Ren, Z.-G.; Tao, L,; Jiang, J.-W.; Zheng, S.-S. Application of metagenomics in the human gut microbiome.
World ]. Gastroenterol. 2015, 21, 803-814. [CrossRef]

Bashiardes, S.; Zilberman-Schapira, G.; Elinav, E. Use of Metatranscriptomics in Microbiome Research. Bioinform. Biol. Insights
2016, 10, BBI-S34610. [CrossRef] [PubMed]

Shakya, M.; Lo, C.-C.; Chain, P.S.G. Advances and Challenges in Metatranscriptomic Analysis. Front. Genet. 2019, 10, 904.
[CrossRef]

Anwar, M.Z,; Lanzen, A.; Bang-Andreasen, T.; Jacobsen, C.S. To assemble or not to resemble—A validated Comparative
Metatranscriptomics Workflow (CoMW). GigaScience 2019, 8, 8. [CrossRef]

Trapnell, C.; Hendrickson, D.G.; Sauvageau, M.; Goff, L.A.; Rinn, J.L.; Pachter, L. Differential analysis of gene regulation at
transcript resolution with RNA-seq. Nat. Biotechnol. 2013, 31, 46-53. [CrossRef]

Conesa, A.; Gotz, S.; Garcia-Gomez, ].M.; Terol, J.; Talon, M.; Robles, M. Blast2GO: A universal tool for annotation, visualization
and analysis in functional genomics research. Bioinformatics 2005, 21, 3674-3676. [CrossRef] [PubMed]

Ungaro, F; Massimino, L.; Furfaro, F; Rimoldi, V,; Peyrin-Biroulet, L.; D’Alessio, S.; Danese, S. Metagenomic analysis of intestinal
mucosa revealed a specific eukaryotic gut virome signature in early-diagnosed inflammatory bowel disease. Gut Microbes
2019, 10, 149-158. [CrossRef] [PubMed]

Jiang, L.; Lang, S.; Duan, Y.; Zhang, X.; Gao, B.; Chopyk, J.; Schwanemann, L. K.; Ventura-Cots, M.; Bataller, R.; Bosques-Padilla, E;
et al. Intestinal Virome in Patients With Alcoholic Hepatitis. Hepatology 2020, 72, 2182-2196. [CrossRef]

Lang, S.; Demir, M.; Martin, A.; Jiang, L.; Zhang, X.; Duan, Y.; Gao, B.; Wisplinghoff, H.; Kasper, P.; Roderburg, C.; et al. Intestinal
Virome Signature Associated With Severity of Nonalcoholic Fatty Liver Disease. Gastroenterology 2020, 159, 1839-1852. [CrossRef]
Nakatsu, G.; Zhou, H.; Wu, WK.K,; Wong, S.H.; Coker, O.O.; Dai, Z.; Li, X.; Szeto, C.-H.; Sugimura, N.; Lam, T.Y.-T,; et al.
Alterations in Enteric Virome Are Associated with Colorectal Cancer and Survival Outcomes. Gastroenterology 2018, 155, 529-541.
[CrossRef] [PubMed]

Hannigan, G.D.; Duhaime, M.B.; Ruffin, M.T.; Koumpouras, C.C.; Schloss, P.D. Diagnostic Potential and Interactive Dynamics of
the Colorectal Cancer Virome. mBio 2018, 9, €02248-18. [CrossRef]


http://doi.org/10.1016/j.ygeno.2010.03.001
http://www.ncbi.nlm.nih.gov/pubmed/20211242
http://doi.org/10.1093/bioinformatics/btr216
http://doi.org/10.1093/bioinformatics/bts174
http://www.ncbi.nlm.nih.gov/pubmed/22495754
http://doi.org/10.1093/nar/gks678
http://doi.org/10.1093/bioinformatics/btv033
http://doi.org/10.1186/s12864-017-3918-9
http://doi.org/10.1093/bioinformatics/btv697
http://www.ncbi.nlm.nih.gov/pubmed/26614127
http://doi.org/10.1101/gr.5969107
http://doi.org/10.1101/2020.11.19.388223
http://doi.org/10.1038/s41592-018-0176-y
http://doi.org/10.1101/pdb.prot5368
http://doi.org/10.1093/nar/gkw929
http://www.ncbi.nlm.nih.gov/pubmed/27738135
http://doi.org/10.1093/bioinformatics/btq455
http://www.ncbi.nlm.nih.gov/pubmed/20798169
http://doi.org/10.1038/s41564-017-0089-z
http://www.ncbi.nlm.nih.gov/pubmed/29311644
http://doi.org/10.1186/gm469
http://www.ncbi.nlm.nih.gov/pubmed/23906180
http://doi.org/10.3748/wjg.v21.i3.803
http://doi.org/10.4137/BBI.S34610
http://www.ncbi.nlm.nih.gov/pubmed/27127406
http://doi.org/10.3389/fgene.2019.00904
http://doi.org/10.1093/gigascience/giz096
http://doi.org/10.1038/nbt.2450
http://doi.org/10.1093/bioinformatics/bti610
http://www.ncbi.nlm.nih.gov/pubmed/16081474
http://doi.org/10.1080/19490976.2018.1511664
http://www.ncbi.nlm.nih.gov/pubmed/30252582
http://doi.org/10.1002/hep.31459
http://doi.org/10.1053/j.gastro.2020.07.005
http://doi.org/10.1053/j.gastro.2018.04.018
http://www.ncbi.nlm.nih.gov/pubmed/29689266
http://doi.org/10.1128/mBio.02248-18

Biomolecules 2021, 11, 530 22 of 22

130.

131.

132.

133.

134.

135.

136.

137.

138.

139.

Monaco, C.L.; Gootenberg, D.B.; Zhao, G.; Handley, S.A.; Ghebremichael, M.S.; Lim, E.S.; Lankowski, A.; Baldridge, M.T,;
Wilen, C.B.; Flagg, M.; et al. Altered Virome and Bacterial Microbiome in Human Immunodeficiency Virus-Associated Acquired
Immunodeficiency Syndrome. Cell Host Microbe 2016, 19, 311-322. [CrossRef]

Garmaeva, S,; Sinha, T.; Kurilshikov, A ; Fu, J.; Wijmenga, C.; Zhernakova, A. Studying the gut virome in the metagenomic era:
Challenges and perspectives. BMIC Biol. 2019, 17, 1-14. [CrossRef] [PubMed]

Bikel, S.; Valdez-Lara, A.; Cornejo-Granados, F.; Rico, K.; Canizales-Quinteros, S.; Soberén, X.; Del Pozo-Yauner, L.; Ochoa-Leyva,
A. Combining metagenomics, metatranscriptomics and viromics to explore novel microbial interactions: Towards a systems-level
understanding of human microbiome. Comput. Struct. Biotechnol. ]. 2015, 13, 390—401. [CrossRef]

Zarate, S.; Taboada, B.; Yocupicio-Monroy, M.; Arias, C.F. Human Virome. Arch. Med. Res. 2017, 48, 701-716. [CrossRef] [PubMed]
Carding, S.R.; Davis, N.; Hoyles, L. Review article: The human intestinal virome in health and disease. Aliment. Pharmacol. Ther.
2017, 46, 800-815. [CrossRef]

Yang, X.; Charlebois, P.; Gnerre, S.; Coole, M.G.; Lennon, N.J.; Levin, ].Z.; Qu, J.; Ryan, E.M.; Zody, M.C.; Henn, M.R. De novo
assembly of highly diverse viral populations. BMC Genom. 2012, 13, 475. [CrossRef]

Roux, S.; Faubladier, M.; Mahul, A.; Paulhe, N.; Bernard, A.; Debroas, D.; Enault, F. Metavir: A web server dedicated to virome
analysis. Bioinformatics 2011, 27, 3074-3075. [CrossRef] [PubMed]

Roux, S.; Tournayre, J.; Mahul, A.; Debroas, D.; Enault, E. Metavir 2: New tools for viral metagenome comparison and assembled
virome analysis. BMC Bioinform. 2014, 15, 76. [CrossRef] [PubMed]

Lorenzi, H.A.; Hoover, J.; Inman, J.; Safford, T.; Murphy, S.; Kagan, L.; Williamson, S.J. TheViral MetaGenome Annotation Pipeline
(VMGAP):an automated tool for the functional annotation of viral Metagenomic shotgun sequencing data. Stand. Genom. Sci.
2011, 4, 418-429. [CrossRef] [PubMed]

Carstens, A.; Roos, A.; Andreasson, A.; Magnuson, A.; Agréus, L.; Halfvarson, ].; Engstrand, L. Differential clustering of fecal and
mucosa-associated microbiota in ‘healthy’ individuals. J. Dig. Dis. 2018, 19, 745-752. [CrossRef]


http://doi.org/10.1016/j.chom.2016.02.011
http://doi.org/10.1186/s12915-019-0704-y
http://www.ncbi.nlm.nih.gov/pubmed/31660953
http://doi.org/10.1016/j.csbj.2015.06.001
http://doi.org/10.1016/j.arcmed.2018.01.005
http://www.ncbi.nlm.nih.gov/pubmed/29398104
http://doi.org/10.1111/apt.14280
http://doi.org/10.1186/1471-2164-13-475
http://doi.org/10.1093/bioinformatics/btr519
http://www.ncbi.nlm.nih.gov/pubmed/21911332
http://doi.org/10.1186/1471-2105-15-76
http://www.ncbi.nlm.nih.gov/pubmed/24646187
http://doi.org/10.4056/sigs.1694706
http://www.ncbi.nlm.nih.gov/pubmed/21886867
http://doi.org/10.1111/1751-2980.12688

	Introduction 
	16S rRNA Sequencing 
	18S rRNA Amplicon Sequencing and Internal Transcribed Spacer (ITS) Sequencing 
	Shotgun Metagenomic and Metatranscriptomic Sequencing 
	Viromic Sequencing 
	Conclusions 
	References

