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INTRODUCTION

Microbes are integral to Earth’s biosphere, playing a crucial role in ecological processes across
various habitats and scales, even within the human body. Despite their fundamental importance
to Earth’s existence and human well-being, there remains much to uncover about the intricacies
of microbial interactions and their relationship with the environment [1]. The term ‘microbiome’
refers to the assembly of microorganisms (including fungi, bacteria, and viruses) present in a
specific setting. In the context of humans, this expression is commonly employed to portray
the microorganisms inhabiting a specific area of the body, such as the skin or gastrointestinal
tract [2]. For example, an individual’s microbiome could impact their vulnerability to infectious
diseases and play a role in chronic gastrointestinal conditions like Crohn’s disease and irritable
bowel syndrome. Certain groups of microorganisms dictate an individual’s response to drug
therapies. Furthermore, the maternal microbiome might influence the well-being of a mother’s
offspring [3].

Comprising an array of prokaryotic and eukaryotic entities such as bacteria, archaea, viruses,
fungi, and protozoans, the microbiome has attracted interest for its combined functional signifi-
cance in regulating host nutrition, metabolism, physiology, and immunology [4]. The significance
of these distinct taxa can vary based on the macroorganism they are linked to. Within animals, the
bacterial microbiome holds greater numerical superiority and wields more influence over the health
and wellness of its host compared to the fungal microbiome [5]. The converse holds true for plants.
Fungi, encompassing those residing in leaves, shoots, and roots like mycorrhizae, are the dominant
symbiotic entities in terms of functionality [6,7].

With the maturation of modern microbiology and the advancement of NGS technologies,
there has been a growing emphasis on investigating intricate microbial communities that
engage with the host and impact health and disease processes [8]. There are several funda-
mental methods available to study the microbiome, primarily driven by massively parallel
high-throughput technologies. These include (i) marker gene analysis, for profiling microbiota
community structure and composition; (ii) shotgun metagenomics, for assembling microbial
genomes from environmental samples and determining the functional potential of microbiota;
(iil) metatranscriptomics, for investigating the functional activity of the microbiota; (iv) metab-
olomics, for profiling small-molecule metabolites of the microbes, hosts, and environment; and
(v) metaproteomics, for determining the proteins and enzymes involved in metabolic pathways
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to describe the functional activities of microbes [9]. These studies have paved the way for the
field of metagenomics, which involves the study of all genetic material directly obtained from
environmental or living samples [10]. The term ‘metagenomics’ refers to the direct genetic
analysis of genomes present within an environmental sample without the need for culturing the
microorganisms [11].

In any metagenomics project, the initial and pivotal stage is sample processing. It is impera-
tive that the extracted DNA accurately represent all the cells in the sample, and it is essential
to procure ample quantities of high-quality nucleic acids to facilitate the creation and sequenc-
ing of libraries in the subsequent steps. The process necessitates distinct protocols tailored to
each sample type, with a range of sturdy DNA extraction techniques at one’s disposal [12-14].
Consequently, bioinformatics software tools play a vital role in analysing these DNA samples,
though this aspect of microbiome research can be challenging for researchers. With established
workflows, targeted metagenomic data from environmental samples can be efficiently retrieved
and comprehensively analysed using user-friendly tools. The resultant assembly of metagenomic
genomes further facilitates the characterisation of microbial clades that were previously uniden-
tified. Various such pipelines have been developed, among which are three popular microbial
community analysis pipelines, viz., quantitative insights into microbial ecology (QIIME) [15],
metagenomics rapid annotation using subsystem technology (MG-RAST) [16,17], and mothur
[18]. These pipelines offer comprehensive suites of tools for analysing metagenomic data and are
discussed in this chapter.

NGS AND METAGENOMICS

The term ‘metagenomics’ was first used in 1998 [19] and refers to an approach that uses genome
sequencing or tests of functional features to analyse complex and diverse (‘meta’) populations of
bacteria without the use of a culture. A metagenomics study aims to directly characterise the com-
position and function of microbial communities in various habitats, including but not limited to
soil, water, plants, fermented food, the human gut, etc. [13,20-22]. In contrast to standard micro-
bial genomic sequencing initiatives, researchers can investigate their complicated relationships and
biochemical activities (Figure 9.1). The rapid development of NGS methodologies [23] has aug-
mented the current metagenomics effort by offering lower-cost experimental instruments free from
the time-consuming and labour-intensive cloning procedure inherent in traditional capillary-based
approaches. Researchers can sequence thousands of species concurrently, thanks to NGS. NGS-
based metagenomic sequencing can detect members of the microbial community that are of very
low abundance and may be missed or are too expensive to identify using other approaches. This
is because the approach can combine several samples in a single sequencing run and produce high
sequence coverage per sample (https:/sapac.illumina.com/areas-of-interest/microbiology/microbial-
sequencing-methods/shotgun-metagenomic-sequencing.html, last accessed on 19 November 2024).
Metagenomics makes it possible to examine every microbial organism, including the vast majority
(more than 99%) that cannot be isolated or are difficult to culture with the available media [24].
Microorganisms naturally reside in communities where they exchange nutrients, metabolites, and
signalling molecules. Although the classical pure-culture paradigm is still crucial for a thorough
characterisation of a species, its historically exclusive use restricts research into the microbiome.
Traditional clonal culture microbiology requires the addition of culture-independent microbiology
that can directly characterise microbes in natural environments and answer key biological questions
about those environments, such as the diversity of microbes in various environments [25], microbial
interactions (including microbe—host interactions), and environmental and evolutionary processes
[26]. Applications for metagenomic projects range widely, from ecology and environmental sci-
ences [27] to the chemical industry [28] and human health (such as the metagenomics of the human
gut microbiome) [29,30].
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FIGURE9.1 Schematic summary of the study design and experimental protocols involved in a typical ampli-
con metagenomics workflow for microbiome studies. The workflow basically involves five steps: (1) metage-
nome extraction; (2) amplicon library preparation; (3) library QC, normalisation and pooling; (4) sequencing
and generation of raw data; and (5) sequence data analysis. This workflow is based on the Illumina MiSeq
platform. The differences while using Nanopore platforms will be in the library preparation, sequencing, and
base calling of raw data into the file ‘fastqg.gz’.

(Images of a sample, microcentrifuge tubes, thermal cycler, 96-well plates, barcoding plates, and equip-
ment (TapeStation, Qubit, MiSeq flow cell, and MiSeq platform) were created with BioRender.com.
Images of icons were obtained from Flaticon.com. The images describing the multivariate statistics were
reproduced from GUSTA ME web-based resource website https://sites.google.com/site/mb3gustame/
home/visualisations?authuser=0 [last accessed on 19 November 2024] with permission from the creator
and owner Buttigieg PL [31].)

BIOINFORMATICS TOOLS FOR ANALYSIS OF METAGENOMICS DATA

Currently, a variety of techniques are used to infer varying amounts of microbiome informa-
tion. These techniques include whole-genome shotgun (WGS; metagenome), whole-transcriptome
shotgun (metatranscriptome), and 16S ribosomal RNA (rRNA) analysis. The conservation of the
16S rRNA gene allows for the identification of microorganisms through analysis of 16S rRNA.
In order to evaluate microbial identities down to the level of species or strain, the WGS analy-
sis requires data from all genes. The whole-transcriptome shotgun sequencing (WTSS) analysis
enables the investigation of microbial community functionality and gene expression patterns.
An extensive list of the chemicals present in the study environment is provided by the whole-
metabolite analysis, which also enables the correlation between the abundance of bacteria and
the downstream chemicals. In several population-based microbiome studies, with an emphasis
on the nasal, oral, cutaneous, gastrointestinal, and urogenital regions, microbial communities
that inhabit the human body of healthy individuals are studied. One such study is the Human
Microbiome Project [32]. The goal of the Interactive Human Microbiome Project is to better under-
stand how a microbiome interacts with its human host through long-term research that collects
numerous omics datasets from both microbiome and human [33]. Furthermore, Metagenomics of
the Human Intestinal Tract (MetaHIT) concentrates on comprehending the connection between
human health/disease and intestinal microbiota [34]. MetaHIT also investigates inflammatory
bowel disease (IBD) and obesity. The Earth Microbiome Project (EMP) aims to characterise
the variety, distribution, and structure of microbial ecosystems on Earth and has already col-
lected more than 30,000 samples from various ecosystems, including people, animals, and plants
from terrestrial, marine, and built environments. In one of the first microbiome investigations,
EMP established certain guidelines for other studies. Metagenomics and metatranscriptomics
have been studied more frequently in recent research due to the rising limits in comprehending an
individual microbe’s mechanisms on a global scale and the challenges involved with cultivating
individual microbial species [19,35-37].

The rapid advances in the ease of metagenome data acquisition using massively parallel high-
throughput NGS technology have led to a dramatic increase in research groups trying to analyse
big sequence data. However, the vast amount of data generated by NGS technologies, coupled with
the particularly flexible nature of the metagenomics approach (in terms of choices spanning sample
type, metagenome extraction principles, targeted vs. shotgun sequencing approach), presents sig-
nificant challenges for data analysis, interpretation, and reporting of the results. This is due to the
complexity of the data. Therefore, metagenomics analysis pipelines have been developed to facili-
tate the processing and interpretation of the data. Significant improvement in bioinformatics tools
and computational pipelines, their availability in the public free-to-use domain, and the flexibility
in combining individual data with what is already known from other studies, have offered consider-
able potential to analyse such big data at spatial, temporal, and global scales.
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Targeted amplicon metagenomic sequencing (AMS) of rRNA operon regions is one of the most
popular methods, and a relatively inexpensive one (low-cost per-sample), for microbiome investiga-
tions. Examples include (i) the hypervariable regions (e.g., V3, V4, V3-V4, V4-V5, etc.) of the 16S
rRNA gene in bacteria and (ii) the internal transcribed spacer (ITS) region for fungal and yeast
communities. AMS data analysis involves several steps, including quality control of the sequence
reads, extraction of taxonomic features, taxonomic classification, functional annotation, statistical
analysis, and data visualisation. Here we describe two bioinformatics software applications, viz.,
QIIME 2 and mothur, for metagenomic data analysis. QIIME 2 is a powerful, adaptable, and decen-
tralised microbiome analysis tool with an emphasis on data and analysis openness. Researchers can
now begin an investigation with raw DNA sequence data and end it with publication-quality graph-
ics and images and statistical findings. Some of the important features include an integrated and
autonomous data provenance tracking system, a system of semantics, a plug-in system to increase
the functionality of microbiome analysis, and support for multiple-user interfaces [15]. mothur is
developed by Patrick Schloss at the University of Michigan for the study of microbial ecology data
[18]. It was initially launched in 2009 and has since gained widespread acceptance in the field of
metagenomics. mothur intends to provide a comprehensive set of tools for processing and analysing
microbial community sequencing data. It focuses on raw sequence processing, creating taxonomic
and diversity profiles, and enabling sophisticated statistical analyses of microbial communities [38].

USING QUANTITATIVE INSIGHTS INTO MICROBIAL ECOLOGY 2
(QIIME 2) FOR ANALYSING 16S-AMS DATA

QIIME 2 is a freely available, open-sourced, powerful, adaptable, and decentralised microbiome
bioinformatics analysis tool developed with an emphasis on data openness and reproducibility that
expedites comprehensive analysis of microbiome data. Researchers can now begin an investigation
with raw metagenome sequence data (fastq.gz format) and end it with publication-quality graph-
ics and images and statistical findings. Some of the important features include an integrated and
autonomous data provenance tracking system, a system of semantics, a plug-in system to increase
the functionality of microbiome analysis, and support for multiple-user interfaces [15]. There are
various potential approaches for conducting QIIME 2 analyses, influenced by factors such as exper-
imental objectives, data analysis goals, and data collection methodologies. At present, QIIME 2
exists in three usable interfaces: the command-line interface (q2cli), the graphical user interface
(q2galaxy), and the Python 3 application programming interface (Artifact API). Throughout this
tutorial, we will engage with the QIIME 2 command-line interface (q2cli) to specifically process
and assess a subset of samples. QIIME 2 q2cli can be installed and used on a personal computer
(server, desktop computer, or laptop), a cluster computer (an institute’s high-performance computing
or a research computing office), or cloud computing resources where one uses it on an hourly rental
basis while the task of maintaining the hardware is done by the resource provider (e.g., Amazon Web
Services [AWS] Elastic Compute Cloud [EC2]). While we begin with raw sequence files (fastqg.
gz) and adopt a singular analysis pipeline for lucidity, we acknowledge instances where alternative
techniques are viable and elucidate the rationale for their potential utilisation.

This protocol provides step-by-step guidelines on how to install the QIIME 2 q2cli interface on a
personal computer and use it for importing, processing, quality control, and clustering of 16S rRNA
gene raw sequence reads (fastg.gz) and analysing the processed sequence reads for taxonomic
classification, microbial community diversity, community composition, microbiome differences,
and data visualisation for producing publication-ready figures and tables.

BeroRe STARTING: UNDERSTANDING THE CORE CONCEPTS AND FEATURES OF QIIME 2

QIIME 2 is developed upon and driven by certain specific concepts. These so-called ‘core concepts’
must be understood first by the users for a clear understanding of the analysis workflow and
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FIGURE 9.2 Schematic representation of the overview of core concepts of QIIME 2.

protocol (Figure 9.2). The core concepts include four components, viz., (i) QIIME 2-readable ‘data’
for analysis (referred to as either ‘artifact’ or ‘visualisation’), (ii) identifier of type of data (referred
to as ‘Semantic Type’), (iii) QIIME command (referred to as ‘plug-in’, which is a Python 3 pack-
age that provides microbiome data analysis functionality in the form of ‘action’) for performing
a specific bioinformatics task, and (iv) ‘action’ that combines one or more artifacts and multiple
parameters through plug-ins and takes the artifact—parameter combination as input to generate out-
puts of the analysis as artifact(s) or visualisation. The action is of three types: method, visualiser,
and pipeline. The ‘method’ takes one or more artifacts as input(s) and generates one or more arti-
facts as outputs, while the ‘visualiser’ inputs some combination of one or more artifacts and pro-
duces only one visualisation output. A ‘pipeline’ is a combination of two or more other actions to
complete a particular aspect of the microbiome data analysis. QIIME 2 data are a compressed file
that contains data and metadata about the data, enabling its decentralised provenance tracking and
logging through the system while ensuring reproducible bioinformatics analysis. A QIIME 2 data
artifact (file extension ‘.gza’, which stands for QIIME zipped artifact) is used as input to a method
or visualiser and is also generated as output of a method. Methods can generate intermediate out-
puts, which may subsequently serve as inputs to other methods or terminal outputs. In order to use
data in QIIME 2, that data must be imported into the system as an artifact, and this can be done
during any steps of the analysis, though QIIME 2 analysis typically starts by importing the raw data
as an artifact. The data from an artifact can also be exported for further downstream analyses in
different software/tools. QIIME 2 data visualisation (file extension ‘.qzv’, which stands for QIIME
zipped visualisation) is only produced as a terminal output of a visualiser or pipeline in an analysis
and cannot be used as input for another method or visualiser in QIIME 2 or other software. The
artifact and visualisation files are opened and viewed using the online QIIME 2 View (q2view)
(https://view.qiime2.org/, last accessed on 19 November 2024) or through the q2cli interface using
‘Sgiime tools view command. We suggest readers and users of QIIME 2 access its website
(https://qiime2.org/, last accessed on 19 November 2024) to find updates to the latest version of
the microbiome bioinformatics platform (latest version was 2024.10 at the time of the writing of
this chapter) (https://docs.qiime2.org/2024.10/, last accessed on 19 November 2024), including new
plug-ins and pipelines and obsolete and improved functionalities in plug-ins (https:/library.qiime?2.
org/, last accessed on 19 November 2024), and to learn details about QIIME 2 core concepts (https://
docs.qiime2.org/2024.10/concepts/, last accessed on 19 November 2024). While we provide a gen-
eralised standard operating protocol for QIIME 2, we recommend users visit the ‘QIIME 2 Forum’
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(https://forum.qiime2.org, last accessed on 19 November 2024). This platform serves as a hub for
both users and developers, offering support for: (i) technical issues and troubleshooting, (ii) user
queries and discussions, (iii) community plug-in development, (iv) sharing of tutorials and other
resources, and (v) general ideas and suggestions for platform improvement.

NECESSARY RESOURCES

Refer to the Supplementary Materials for this section.

INSTALLING THE QIIME 2 Q2CLI ENVIRONMENT

A range of multiple standalone packages and dependencies is utilised by QIIME 2 for the microbi-
ome data analysis. While almost the same packages and dependencies are used in various versions
of QIIME 2, certain changes or upgrades in these external packages may create incompatibility
issues in any point of the analysis among different QIIME 2 versions. Therefore, as recommended
by QIIME developers, we encourage users to install and consistently opt for the latest QIIME 2
version for an analysis. It is recommended to install QIIME 2 q2cli natively through Conda, as a
Conda environment (https://docs.qiime2.org/2024.10/install/native/, last accessed on 19 November
2024). However, using a Docker container (https://www.docker.com/, last accessed on 19 November
2024) or the Windows Subsystem for Linux (WSL) (https:/learn.microsoft.com/en-us/windows/
wsl/install, last accessed on 19 November 2024), are good alternatives.

(RE)ACTIVATING AND DEACTIVATING THE QIIME 2 ENVIRONMENT

Refer to the Supplementary Materials for this section.

TutoRIAL DATASET

We validated this protocol by successfully reproducing analyses of a small 16S amplicon
metagenomic sequencing dataset from our laboratory. The dataset consists of ten soil microbi-
ome samples, consisting of five rhizospheric soil samples and five bulk soil samples. The raw
sequence files (fastqg.gz) are obtained by sequencing the V4 region of the 16S rRNA gene
amplified using primer pair 515F-806R of the Earth Microbiome Project (https://fearthmicrobiome.
org/protocols-and-standards/16s/, last accessed on 19 November 2024) and sequencing with
the Illumina MiSeq platform and paired-end 2 x 250 reads using our lab-developed barcoded-
fusion-primer approach.

Refer to the Supplementary Materials for the files (raw sequence data, sample metadata, and
manifest files) and folders used in the protocols.

DAtA ANALysis STeps IN QIIME 2

The core analysis workflow of QIIME 2 is shown in Figure 9.3. Based on this workflow, the protocol
undertakes the following data analysis steps:

Step 1: Make and validate sample metadata file.

Step 2: Importing raw sequence (FASTQ) data into QIIME-readable format (i.e., as artifact,
‘.gza’ file).

Step 3: Demultiplexing sequence data (i.e., mapping the sequence to the sample it came from)
(optional).

Step 4: Quality filtering, denoising, joining reads, chimaera removal, dereplicating similar
sequences into sequence variants called features (known as amplicon sequence variants
(ASVs).



Metagenomic Analysis Pipelines for Microbiome Studies 139
Raw Dsmiitiplax Demultiplexed Denoise /
Sequences P Sequences Cluster
T
. l
|
T SR +
| Feature Table W Representative }
L Sequences
Differential | r-——--l1----4
Abundance | —
Sg.:tlftt.lcs / < Classification Alignment
OHINg Barplots / - v v
Heatmaps | - N
Taxonomy s gllaned
Diversity . L ) equences
Analyses | p v
L Y — Phylogeny |<-  Phylogeny

FIGURE 9.3 Schematic representation of the conceptual overview of analysis workflow of QIIME 2. The
colour legends correspond to the colours of the core concepts of QIIME given in Figure 9.2.

(This figure is reproduced from https://docs.qiime2.org/2024.10/tutorials/overview/ [last accessed on
19 November 2024] with permission from the QIIME 2 developers.)

Step 5: Operational taxonomic units (OTU) clustering: clustering of features/sequence vari-
ants (ASVs) to OTUs at a user-specified percent identity threshold of their sequences.

Step 6: Taxonomic classification and assigning taxonomy.

Step 7: Filtering feature table and representative sequences.

Step 8: Merging all features with the same taxonomic assignment at the specified taxonomic
level into a single feature.

Step 9: Visualising taxonomic composition of the samples with interactive plots (barplot, heatmap).

Step 10: Analysis of microbiome composition (differential abundance analysis).

Step 11: Sequence alignment and phylogenetic tree building.

Step 12: Alpha and beta diversity analyses.

Step 13: Statistical test of microbiome differences between samples.

Refer to the Supplementary Material for the details on each step.

USING mothur FOR ANALYSING 16S-AMS DATA

[Necessary Prerequisites
Refer to the Supplementary Materials for this section.
Data Analysis Steps in mothur]

Step 1: Generation of contigs from input files.

Step 2: User-defined sequence filtering.

Step 3: Creating a FASTA file with unique sequences and creating a table with the corre-
sponding counts for each of these representative sequences.

Step 4: Generation of sequence alignment.

Step 5: Reduce sequence redundancy.

Step 6: Detection and removal of chimera.

Step 7: Sequence classification.

Step 8: Remove sequence based on taxon.
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Step 9: Summary of taxonomy.

Step 10: Visualisation of the taxonomic composition.

Step 11: Identification of OTUs and evaluation of community diversity.
Step 12: Generate a file for input into visualisation applications.

Step 13: Estimation of OTU richness.

Step 14: Diversity computation.

Step 15: Comparison between the samples.

Refer to the Supplementary Material for the details on each step.

CHALLENGES IN ANALYSIS OF BIG SEQUENCE DATA

BiAses FROM VARIED METAGENOMIC EXTRACTION PriNcIPLES, PCR, VARIED
TARGET REGIONS, UNIVERSALITY, AND SPECIFICITY OF AMPLICON PRIMERS

The biases that may arise during sequencing due to the selection of metagenomic (DNA/RNA) isola-
tion techniques can impact subsequent analysis. It is crucial to note that the extraction process must
proficiently encompass all varieties of microbes. For instance, extracting DNA from Gram-positive
bacteria proves challenging due to their dense peptidoglycan cell walls [39]. Two primary extrac-
tion techniques exist: (i) mechanical lysis / bead beating and (ii) chemical lysis [40]. When executed
optimally, bead-beating approaches are recognised for yielding superior results. Therefore, when
dealing with intricate bacterial samples, it might be beneficial to incorporate a bead-beating stage
before the regular nucleic acid extraction process. Nonetheless, caution should be exercised against
excessive bead beating, as it has the potential to fragment nucleic acids and impact subsequent
library preparation stages [41]. The variability in polymerase chain reaction (PCR) amplification
efficiency between different sequences depends on factors like sequence composition and second-
ary structure. Uneven amplification of sequences in PCR can occur due to a significant presence of
G or C, leading to a reduction in amplification efficiency [42—-44].

SHORT-READ vs LONG-READ PLATFORMS

While short-read NGS methods are widely used, they have limitations in achieving complete
genome assemblies. Third-generation sequencing platforms, such as Pacific Biosciences RS I/
Sequel and Oxford Nanopore MinlON, offer significant advantages through their extended read
lengths, enabling complete microbial genome assemblies and providing benefits for various genomic
applications [45,46]. Their ability to generate longer reads, combined with the absence of PCR
amplification biases, improves assembly quality and resolving power.

DATA VOLUME AND STORAGE

Researchers are grappling with the considerable volume of data being produced through various
NGS platforms. For instance, a single 30X human whole-genome sample yields a BAM file (a semi-
compressed alignment file) of approximately 90 GB. A modest project involving 100 samples could
therefore amass 9 TB of BAM files. Considering the capacity of a single Illumina HiSeq X instru-
ment to generate over 130 TB of data annually, storage concerns arise rapidly. The Broad Institute
exemplifies this, producing sequencing data at a rate of one 30X genome every 12 minutes—equiva-
lent to almost 4,000 TB of BAM files each year. Although BAM files can be transformed into vari-
ant call format (VCF) files, which document only the differing bases from the reference sequence,
retaining the raw sequence files remains imperative if future data reprocessing is intended. With the
widespread decrease in sequencing costs, resequencing readily available samples can be a practical
alternative. In terms of data analysis, researchers have an abundance of options.
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KNOWLEDGE OF LINUX SYSTEMS AND VARIOUS INTERFACES

The MetAMOS (modular and open source metagenomic assembly and analysis) pipeline can
integrate numerous tools for a thorough examination of metagenomic datasets, encompassing
raw sequencing reads, contigs, and scaffold data. This is similar to how QIIME 2 commands can
be integrated into a complete pipeline, while processes can potentially be automated. However,
MetAMOS’s lack of a user-friendly interface and reliance on Linux command-line operations
adds complexity to utilising its wide array of tools. Installation is handled through a Python script,
‘INSTALL.py’, which streamlines the process by fetching and executing the latest version [47].

REQUIREMENT OF COMPUTE-INTENSIVE SYSTEMS

The analysis of metagenomic data requires substantial computational resources due to its high data
volume and computational demands. The majority of existing metagenomic data analysis software
was originally intended for deployment on individual computers or small clusters, however these
setups have become inadequate for the demands of an ever-growing number of metagenomics proj-
ects. To mitigate this, it is important to devise sophisticated computational techniques and work-
flows for efficient analyses [48].

BEST PRACTICES FOR METAGENOMIC ANALYSIS PIPELINES
AND REPORTING MICROBIOME

StupYy DEsIGN AND GUIDELINES FOR SAMPLE COLLECTION

When designing a metagenomic study, the context, supporting data, or theory that guided the design
must be explained in detail by the researcher. The hypothesis must be supported by preliminary data,
results from related studies or topics, or a postulated biologically plausible mechanism. When doing
an exploratory study, certain goals must be given. The study should define the population of interest
as well as the environment, dietary habits, lifestyle choices, biological interventions, demograph-
ics, and geography. This is due to the possibility that the aforementioned parameters correspond to
variations in the microbiome. The predetermined qualities used to choose study participants are
called inclusion criteria and exclusion criteria. The exclusion criteria should take into account any
information on recent antibiotic use. The beginning and ending dates for data collection, follow-up,
and recruitment should be specified. Details of how follow-ups were completed should be stated if
individuals were lost to follow-up or unable to complete all assessments in the longitudinal study.
Time-point-specific sample sizes should also be reported [49]. The aforementioned study protocol
requires ethics committee approval, with specific requirements varying by jurisdiction. In most
countries, all participants (patients and healthy volunteers) must provide written informed con-
sent in accordance with local regulations and institutional protocols. This consent usually includes
specific authorisation for the use of samples and personal data for research purposes. To gather
participant information systematically, a standardised data collection tool based on the study objec-
tives must be created. This document, known as a case report form (CRF), is the internationally
recognised format for collecting participant data in clinical research. A special code created by the
researcher de-identifies the CRF and the labels. Two methods of de-identification are available: full
anonymisation, in which the sample and data from the participant cannot be identified because the
key to the code has been irrevocably destroyed; and pseudonymisation, in which the participant is
concealed by a code but is identifiable to anyone with access to the code’s key [50]. The details of
the standard procedure for gathering and processing faecal and environmental samples for metage-
nomic analysis are provided on the websites of the International Human Microbiome Standard
(IHMS) [51] and Earth Microbiome Project (https://earthmicrobiome.org/protocols-and-standards,
last accessed on 19 November 2024).
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CHOICE OF METAGENOME EXTRACTION PRINCIPLES

Metagenomic studies have multiplied dramatically in recent years. The challenge in obtaining
accurate microbiome community profiles is affected by a wide range of factors, including com-
munity complexity and unpredictability. It is now extremely difficult to compare the findings of
various studies due to the numerous solutions that have been presented to address these issues.
A variation in the data gained reflects the major variations in the methods utilised in metage-
nomic research. This is particularly prominent in the case of metagenome extraction principles.
Commonly used extraction methods based on enzymatic, mechanical, and chemical lysis prin-
ciples generate differences in microbial DNA yield and differential recovery of OTUs from the
same sample type [20]. Main factors that dictate the choice of extraction principles are sample
type, composition of the sample matrices, ecological niche from where the sample originates,
and target taxa of the microbiota. This highlights the necessity of standardising the process
to remove confounding variables resulting from DNA isolation, sequencing, and bioinformatics
analysis and to confirm that the variations in microbiome composition are indeed due to biologi-
cal origins. With these confounding factors, one can follow sequential metagenome extraction by
combining different extraction principles [20]. The IHMS project has generated multiple publi-
cations describing best practices for metagenomics studies, however a standardised process for
producing and analysing metagenomic data is still a long way off. As an example, a study by
Szoéstak et al. demonstrated that the homogenisation duration is the primary variable influencing
sample variety and suggested a shorter homogenisation period (ten minutes). The Gram-positive/
Gram-negative ratio of bacteria can be more accurately reflected after ten minutes of homogeni-
sation, and the results are the least heterogeneous in terms of the beta diversity of the samples’
microbial makeup [52].

IMPORTANCE OF Mock CoMMUNITY CONTROL

It is necessary to employ a mock community with known bacterial species and their correspond-
ing abundances as a baseline in order to determine the accuracy of the metagenome extraction,
sequencing library preparation, and sequencing procedures [53]. While this gives us a baseline to
work against, cultivating, mixing, and accurately estimating the abundance of such a community
are challenging tasks. The expected abundance patterns have hitherto been difficult to reconstruct
using metagenomic or 16S rRNA gene amplicon sequencing [54-56]. Gram-positive and Gram-
negative bacteria recovery can be the focus of mock communities, which can serve as a significant
source of diversity between extraction techniques [57-59]. The imitation community must be made
up of bacteria that are often missing from the gut of a healthy host. Before adding the actual sample,
the number of bacteria must first be precisely measured using optical density, cell counting, and
fluorescence-activated cell sorting. It is possible to assess extraction biases in the context of interin-
dividual microbiome variation using the mock spike-in as a baseline.

CONTROLLING CONTAMINATION AND Bias

At every stage of sample collection, nucleic acid extraction, or library preparation, the environ-
ment, reagents, handlers, or equipment can introduce contamination [60—65]. This may give results
that differ greatly between laboratories, reagent kits, or extraction batches [61,66,67]; cause assess-
ments to be falsely positive or negative [68—71]; or give erroneous information about microbiologi-
cal habitats [72-74]. In order to avoid inaccurate results, particularly from low biomass samples,
contamination must be addressed following basic microbiology and molecular biology lab routines
throughout the microbiome study workflow, starting from sample collection through sequencing.
While actions can be taken to minimise contamination, current best practices cannot totally elimi-
nate it or control for it [58,59,63,66,68,69,74-78].
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SeLECTION OF COMMON MARKER GENE AND TARGET

Certain unique marker/target genes are widely used for amplicon sequencing for bacteria, archaea,
fungus, and mycobacteria. Because the majority of marker genes retain their functional properties
across phylogenetic boundaries, they can also be used as a molecular clock to track evolutionary tran-
sitions and changes. The gold standard in microbial typing and the most often utilised target gene for
bacterial identification is the 16S rRNA gene (or 16S rDNA) [79,80]. In the majority of bacteria and
archaea, the 16S rRNA gene encodes the prokaryotic small 30S subunit of the 70S ribosomal com-
plex. Interestingly, the tiny eukaryotic ribosomal subunit-encoding 18S rRNA gene is separate from
the bacterial 16S rRNA gene (40S). The highly conserved 16S rRNA gene suggests that it is essential
for cellular survival and function, and as such, it serves as the foundation for determining the precise
genomic categorisation of both known and undiscovered microbial taxa. Additionally, the 16S rRNA
gene’s comparatively small size (1542 bp) makes it simpler to sequence, even for extremely large
sample volumes. The gene sequence consists of nine variable regions (V1-V9) and highly conserved
primer binding sites. The majority of 16S rRNA-based genotyping procedures [81,82] identify and
categorise microbial profiles using V5-V6, V3-V4, or V4 hypervariable regions. Alternatively, the
V3 region is a superior option for PCR-denaturing gradient gel electrophoresis community profiling
of archaea. Archaeal species in complex microbial communities have been genotyped using other
variable areas, such as VI-V2 and V3-V4 [83]. Unlike bacteria, it is still difficult to identify the gene
targets in pathologically significant yeast and fungus. Coding and noncoding spacer regions make
up the fungal tDNA [84,85]. Along with many noncoding sections made up primarily of internal
transcribed spacers (ITSs) and intergenic sequences, the coding region is made up of 18S, 5.8S, and
28S units. For fungi, ITS variable sections have been the most popular gene targets. Although ITS
regions are commonly targeted for selective amplification and sequencing, their unequal lengths can
introduce errors and biases, often leading to inaccurate abundance estimates [84].

SELECTING APPROPRIATE SEQUENCING PLATFORMS AND PROTOCOLS

When choosing the best sequencing platform for a metagenomics project for a microbiome study,
there are many considerations [86]:

» Utilisation techniques for NGS: This covers RNA sequencing, whole genome sequencing,
targeted sequencing, and whole exome sequencing.

* Depth of coverage for sequencing: This provides details on the typical number of reads in
a sequenced sample that is needed to cover each base. The confidence in the sequenced
bases increases as coverage increases. The Lander/Waterman equation, C = LN/G, is fre-
quently used to compute coverage. It takes into account C (coverage), L (read length), and
G (haploid genome length).

* Sequencing read length: There are two kinds of read lengths, those used for short-read
sequencing and those for long-read sequencing. The most common technology for high-
throughput sequencing is short-read sequencing. It is inexpensive and offers data that are
highly accurate. Thousands of base pairs between 10 and 100 kbp can be produced using
long-read sequencing, and the nucleic acids remain in their natural condition without the
need for PCR. In contrast with short-read sequencing, long-read sequencing can detect
base modifications, including methylation, deletion, duplication, insertions, inversions,
translocation, and the detection of particular RNA transcript isoforms.

* Sequencing with single or paired ends: The choice of using either single or paired ends
mostly depends on the size of the sequencing library and the sequencing kit used. However,
paired-end read sequencing is often preferred, as it offers read alignments with a high
degree of confidence, helps with relative read position detection, and identifies gene inser-
tions, deletions, repetitive sequences, etc.
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Various companies offer sequencing platforms; for instance, Illumina plays a significant role
in the market for short-length read sequences with its MiSeq, NextSeq and NovaSeq products,
among others. Thermo Fisher Scientific’s Ion Torrent and BGI’s DNBSEQ (formerly MGISEQ)
platform are two other significant players. Single-molecule real-time (SMRT) sequencing from
Pacific Biosciences (PacBio) and Nanopore sequencing from Oxford Nanopore Technologies
(ONT) are leading technologies for lengthy read sequences. Your research programme should
take all relevant criteria into account when choosing the appropriate NGS method and technol-
ogy. Integrating NGS into preclinical research provides opportunities to optimise early-stage
drug development, improving the likelihood of advancing investigational medications success-
fully into clinical trials.

VALIDATING REsuLTS

Metagenome assemblies are often incomplete and error-prone due to the inherent complexity of
assembling the data, regardless of the assembly strategy or sequencing technique used. In order
to inform subsequent studies of the assembled data and to enable researchers to compare various
assembly technologies, methods for assessing the quality and completeness of assemblies are essen-
tial. The two main types of assembly validation techniques are de novo and reference based. An
assembly is validated using reference-based approaches that compare it to a database of previously
assembled genes or genomes [87,88]. Any discrepancies found between the compiled data and the
reference collection are evaluated as errors. Reference-based approaches have limited impact on
real datasets, but they are particularly useful in benchmarking studies that aim to reproduce com-
munities with known composition. For instance, a reference-based technique cannot be used to
verify metagenomic segments coming from a genome for which there is no reference sequence
available. Furthermore, it might be challenging to distinguish between assembled contig changes
that are caused by mistakes and actual variations between the reference sequence and its relative in
the metagenomic mixture.

FUTURE PERSPECTIVES OF MICROBIOME SCIENCE AND DATA ANALYSIS

The field of microbiome science has witnessed remarkable advancements in recent years, pro-
pelled by the confluence of cutting-edge technologies and innovative analytical approaches. The
convergence of these developments will shape the landscape of metagenomic analysis pipelines
and enhance the accuracy, scope, and depth of microbiome studies, enabling a deeper understand-
ing of microbial communities and their impact on health and the environment. The following
points outline a way forward in harnessing these advancements for comprehensive microbiome
studies.

INTEGRATION OF ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING

As the wealth of microbiome data continues to expand, it becomes imperative to harness the power
of advanced big data analytics to uncover meaningful insights. Artificial intelligence (AI) and
machine learning (ML) have the potential to revolutionise how we analyse and interpret micro-
biome data. The abundance of publicly available metagenomic datasets presents a unique oppor-
tunity for metanalysis, where multiple studies are combined to derive more robust conclusions.
The deployment of AI/ML techniques for standardisation of data processing, metadata annotation,
and statistical methods can facilitate integration of microbiome data from multiple sources, thus
enabling identification of patterns, relationships, and trends within large-scale and complex micro-
bial metadatasets. Tools such as Large Language Models (LLMs) could serve as a bridge between
researchers and advanced data analysis, enabling more accessible and insightful exploration and
discovery of previously unnoticed associations within the microbiome data.
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HARNESSING THE POWER OF NEw SEQUENCING TecHNOLOGY

The emergence of new sequencing technologies, such as long-read sequencing and single-cell
sequencing, offers unparalleled resolution in characterising microbial genomes and their func-
tions. These technologies can enable a more comprehensive understanding of complex microbial
communities, including the identification of rare species and intrapopulation structure, the elu-
cidation of functional pathways, and dissecting genome and functional heterogeneity within the
same species. Integrating these technologies into metagenomic analysis pipelines will enhance
accuracy and provide a finer-grained perspective on microbiome composition and dynamics.

INTEGRATION OF PAN-GENOME ANALYSIS IN METAGENOME (META-PANGENOME)

The concept of the pan-genome (encompassing all genes present across a species) extends to the
microbial world, offering insights into the genetic diversity and functional potential of microbial
communities. Integrating pan-genome analysis into metagenomic pipelines can allow the identifica-
tion of shared and unique genes within microbial populations. Meta-pangenome analysis involves
the comparison of the totality of genes of a species and their distribution and abundance across
multiple metagenomic samples in the environment. These approaches shed light on the adaptive
strategies, metabolic pathways, and potential interactions that shape microbiome dynamics across
various environments. Characterising the core metagenome (the set of genes consistently present
across samples) provides insight into the fundamental functions that underpin the stability and
functionality of a microbial ecosystem. It helps identify key players responsible for core metabolic
processes, allowing researchers to target interventions that maintain ecosystem health and resil-
ience. However, the intricate challenge of characterising genes within a community persists due to
the constrained coverage of metagenomes and genomes in environmental communities, as well as
the inherent complexity of assembly algorithms.

ScALING Upr BioINFORMATICS CAPACITY

The growth of microbiome data presents both opportunities and challenges. Computationally,
working with metagenomic data is a resource intensive task. While the volume of data generated
is vast and more complex, the scalability of bioinformatics pipelines and tools must be prioritised.
This entails developing efficient and versatile analysis pipelines capable of handling diverse datas-
ets, extracting meaningful information, and accommodating the nuances of different experimental
designs and platforms. Cloud-based platforms and high-performance computing infrastructure can
empower researchers to process, analyse, and visualise massive datasets efficiently.

COLLABORATIVE INITIATIVES AND STANDARDISATION

As the integration of these advanced analysis methods becomes central to metagenomics research,
collaborative initiatives are essential. Establishing standardised protocols, benchmark datasets, and
quality control measures ensures reproducibility and comparability across studies. Collaborative
efforts among microbiologists, data scientists, bioinformaticians, computer scientists, and domain
experts are crucial for developing user-friendly pipelines. The development of user-friendly soft-
ware tools for metanalysis, pan-genome analysis, meta-pangenome analysis, and core metagenome
characterisation will empower researchers coming from diverse backgrounds to leverage these tech-
niques effectively to unlock deeper insights into microbial community dynamics and functions.
The future of metagenomics analysis pipelines for microbiome studies will be exciting and trans-
formative. Leveraging recent advances in big data analytics, AI/ML capabilities, new sequenc-
ing methods, multi-omics integration, and bioinformatics scalability will undoubtedly drive
groundbreaking discoveries in microbiome science. Embracing collaborations between experts in



146 Next-Generation Sequencing

microbiome science, bioinformatics, and AI/ML will be required to fully realise the potential of
these innovative approaches. As the understanding of microbiomes becomes increasingly nuanced,
these pipelines will play a pivotal role in translating knowledge from metagenomics studies into
actionable insights that benefit human health, ecosystems, and industries.

CONCLUSIONS

This chapter describes two popular microbial community analysis applications, QIIME 2 and mothur,
which offer comprehensive suites of tools for analysing metagenomics data. The chapter provides the
step-by-step protocol to use the software suites for quality control, taxonomic classification, func-
tional annotation, microbial community statistical analysis, and data visualisation for microbiome
data analysis. In addition to the standard operating procedures, the chapter also discusses the chal-
lenges involved in analysing big sequence data, provides best practices to optimise the performance of
metagenomic analysis pipelines, including guidelines for sample collection, optimising metagenome
extraction and library preparation, the importance of mock community controls, selecting appropriate
sequencing platforms and protocols, controlling for contamination and bias, and validating results.
The protocols and best practices described in this chapter are relevant for researchers and analysts
working with metagenomic data and will promote research consistency and contribute to the stan-
dardisation and reproducibility of metagenomic studies. Though significant progress has been made
in NGS data analysis, challenges remain. Advances in Al and ML are likely to play a critical role in
overcoming these challenges and further advancing our understanding of microbial communities.
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