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INTRODUCTION: THE MICROBIOME AND ANTIMICROBIAL RESISTANCE

The microbiome is a complex community whose composition varies based on diet, age, 
geographical location, a specific region in the host, as well as exposure to antibiotics and 
infections1-4. More specifically, antibiotic treatment causes reduced species diversity and al-
tered metabolic activity that may lead to the development of antibiotic-resistant strains. The 
pool of antibiotic resistance genes is referred to as the resistome3. Definitions of the terminol-
ogy used in this manuscript are summarized in Table I.

Metagenomic sequencing allows for an in-depth characterisation of the microbiota 
and resistome directly from samples, for example, faecal, food, environmental samples 
and samples that are recalcitrant to culture3,5. Two main culture-independent sequenc-
ing methods are amplicon and shotgun metagenomic sequencing. Amplicon sequencing 
involves sequencing a single marker gene such as the small subunit of bacterial ribo-
somal RNA (16S rRNA) or the fungal internal transcribed spacers (ITS1/ITS2) used for 
taxonomic identification and determination of species diversity (metataxonomics). On 
the other hand, shotgun metagenomic sequencing allows for the identification of all 
the genes present in the sample without the selection of a specific gene3,6. In general, 
processing the samples remains challenging because of the high heterogeneity, variable 
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TABLE 1. DEFINITIONS OF TERMS USED IN THE MANUSCRIPT. 

 Definition 

Assembly  Raw sequencing reads are stitched into larger contiguous sequences known 
as ‘contigs’ and extended contigs called ‘scaffolds’.

Binning  The clustering of contigs or reads based on feature patterns of the sequences 
into individual genome bins which represent microbial genomes by machine 
learning methods.

Contig  A set of overlapping DNA segments that provides a contiguous representation 
of a genomic region. 

Chimeric assembly  Sequences from two or more (sub-)species that are incorrectly joined during 
the assembly. 

Deep sequencing  Sequencing a genomic region multiple times (hundreds or thousands of times) to 
detect rare microbes, genes or mutations as little as 1% of the original sample.

Genome annotation  Demarcation of a gene or protein coding sequences, and other genetic 
features such as tRNA, and rRNA in a raw DNA sequence of genome.

Genome coverage or depth  The number of unique reads that are mapped to a given nucleotide in the 
reconstructed sequence. The number of times a nucleotide is read during 
sequencing.

Hybrid assembly  Raw sequencing reads from second generation (short read), and third gen-
eration (long read) technologies are used to make larger contiguous se-
quences like contigs, and scaffolds is called a hybrid assembly.

Insertion sequence  Insertion sequence is a short DNA sequence flanked by inverted repeats and 
act as a transposable element.

Kitome  Contaminating DNA in DNA extraction kits and other laboratory reagents. 

Long-read sequencing  Also referred to as third generation sequencing. Sequencing of a single molecule 
and generating longer lengths (5000 bp->5 kb). 

Metagenome  All the genetic material of microorganisms presents in a sample, consisting 
of the genomes of the microbial community in the sample.

Metagenome-assembled   A single-taxon assembly based on one or more binned metagenomes that
genomes has been asserted to be a close representation to an actual individual genome.

Metataxonomics  The study and characterization of the entire microbiota (based on 16S rRNA 
gene sequencing) to create a metataxonomic tree, which shows the relationships 
between all sequences. 

Metatranscriptome  The collection of all gene transcripts (RNAs) encoded in a community of 
microorganisms within a sample, which provides a snapshot of the gene 
expression in a sample at a given moment.

Microbiota  The community of microorganisms (such as bacteria, fungi and viruses) present 
in a defined environment (refers to the taxonomy of microorganisms present). 

Microbiome  The community of microorganisms (such as bacteria, fungi and viruses) and 
their genes present in a defined environment (refers to the bacteria and 
their genes).

Mobile genetic element  Segments of DNA that encode enzymes and other proteins that mediate the 
movement of DNA within genomes or between bacterial cells.

Multi-omics  Multiple omics provides an integrated perspective on the genotype-pheno-
type-envirotype relationship by integrating diverse omics data (generated 
from genome, proteome, transcriptome, metabolome and epigenome).

CONTINUED
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composition of the bacterial community, resistome, and PCR inhibitory substances, for 
example, bilirubin, complex polysaccharides, and certain lipid types in faecal samples7. 
In particular, the bacterial loads depend on the sampling site; for example, stool sam-
ples contain higher bacterial loads than samples from the oropharynx. Thus, the results 
of microbiome research depend on several methodological factors, such as the sampling 
method, type of swabs, volume of sample, time of sample collection, sample preser-
vation, whether or not a culturing step is applied, DNA extraction method, the use of 
positive and negative controls, the sequencing method (e.g., 16s rRNA gene amplicon 
sequencing, shotgun metagenomic, metatranscriptomic sequencing), contaminations 
and bioinformatic tools. In this review, we aim to summarise recent methodologies and 
findings regarding metagenomic sequencing and resistome research from sample col-
lection to bioinformatics analysis (Figure 1).

Sample Collection and Pre-Processing

When collecting samples, consistency in the handling of the sampling is essential to mini-
mise technical variations and avoid misinterpretation8. Here, we list the various sampling 
methods for the different microbiota.

GUT MICROBIOTA

Most intestinal microbiota studies collect faecal samples as a proxy for the distal co-
lon microbiome2,9. It is recommended to specify a defined time for collecting stool to 
minimise the shifts in microbial composition during the day9. Following sampling, ho-
mogenisation to minimise intrasample variations and preservation to minimise possible 
confounding variations should be consistent across all study samples10. Bacteria in the 
sample should be inactivated as soon as possible to prevent the overgrowth of certain 
bacterial species or DNA degradation that can lead to taxonomical biases7. Microbial in-
tegrity is best preserved when stool samples are frozen at -80°C or with liquid nitrogen 

TABLE 1 (CONTINUED). DEFINITIONS OF TERMS USED IN THE MANUSCRIPT. 

 Definition 

N50  Parameter to define the quality of the genome assembly by the size and a 
number of contigs or scaffolds produced by the assembler.

Resistome  The collection of all the antibiotic resistance genes (acquired and intrinsic 
resistance genes) and their precursors in pathogenic and nonpathogenic 
bacteria in a given microbial ecosystem.

Short-read sequencing  Also referred to as second generation sequencing. Sequencing of short 
 fragments of DNA (50-500 bp) by synthesis or ligation using a DNA 
 polymerase or ligase enzyme, respectively. 

Shotgun metagenomic The untargeted sequencing of all genomic DNA present in a sample.
sequencing

Splashome Internal or cross-contamination between samples during sample processing.

Targeted metagenomics  Metagenomic approach to target a specific region of a genome (e.g., 16S 
rRNA or resistance genes) in multiple microorganisms and samples.

U50  Metric for measuring the performance of the assembly based on unique, 
non-overlapping, target-specific contigs by using a reference genome as 
baseline. This parameter corrects for the high background noise (i.e., host 
and other non-targets), which contribute to having a skewed, misrepresented 
N50 value.



S. De Koster, J.P. Rodriguez-Ruiz, Y. Glupczynski, H. Goossens, B.B. Xavier

4

as quick as possible upon collection using a proper transportation container or Cary-Blair 
transport medium, which is considered the standard method for storing stool samples9,11. 
Stool samples must be fresh, however, this is usually not possible when remote partici-
pants are sampled, thus, self-made preservation buffers or commercial preservation kits 
can be utilised. Self-made preservation buffers include buffers with preservatives such 
as ethanol12,13, DMSO-EDTA salt solution14, EDTA, citrate trisodium salt dihydrate and am-
monium sulfate15. The commercial kits include DNA/RNA Shield solution (Zymo Research, 
Irvine, CA, USA), RNAlater (Thermo Fisher, Waltham, MA, USA), OMNIgene-Gut (DNA 
Genotek, Kanata, ON, Canada), PrimeStore MTM (Longhorn Vaccines and Diagnostics, 
San Antonia, TX, USA) or Norgen collection kits (Norgen Biotek, Thorold, ON, Canada) 
that can be held/shipped at room temperature9. Of note, PrimeStore MTM (Longhorn 
Vaccines and Diagnostics, San Antonia, TX, USA), the OMNIgene GUT kit (DNA Genotek, 
Kanata, ON, Canada) and the DNA/RNA Shield collection (Zymo Research, Irvine, CA, 
USA) solution were all efficient in conserving faecal samples7,10,15,16. 

Figure 1.  CONTINUED
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The abundance of critical resistant pathogens, such as extended-spectrum beta-lac-
tamase (ESBL) or carbapenemase-producing Enterobacteriaceae, is often below the 
detection threshold of direct sequencing. This is a major limitation when character-
ising the gut resistome17,18. Selective culture-enrichment of stool samples can be used 
to identify low abundance pathogens within the microbiome but hampers the quan-
tification of the resistome because of differential growth rates of bacteria17. Merging 
culture-dependent and- independent techniques could provide more profound res-
olution and help better understand microbial communities, including low abundant 
species6. However, there is currently a lack of validated enrichment methods, and, 
additionally, the combined use of such techniques would significantly increase the 
complexity and costs.

Figure 1. Overview of sample collection, sample processing and metagenomic and metatranscriptomic se-
quencing to investigate antimicrobial resistance in the microbiome. Figure of functional profiling from56. 
Figure of taxonomic profiling from57. Figure of resistome databases from46. Figure of network analysis 
from58. Figure of artificial intelligence adapted from59.
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OTHER MICROBIOTA

In contrast to the rich gut microbiota, studying other human body samples (blood, urine, 
oral, tissue and skin samples) provides obstacles such as low microbial biomass. The sam-
ples are dominated by host DNA (90% of human-genome specific reads), challenging the 
metagenomics analysis6,19.

The eNAT swab (Copan Diagnostics Inc., Murrieta, CA, USA), containing a lysis buffer 
to stabilise microbial DNA and RNA, was shown to keep the microbial composition stable 
for vaginal, skin and saliva samples20. In addition, the eSwabs (Copan Diagnostics Inc., 
Murrieta, CA, USA) yielded high consistency in the population captured from the skin21. 
Samples from skin, tissue, blood, the oral cavity and respiratory tract carrying low bacte-
rial loads might need enrichment. Microbial enrichment can be carried out using human 
DNA depletion by differential lysis of mammalian cells (osmotic or chemical) and treat-
ment with propidium monoazide (PMA) or using commercial kits prior to DNA extraction 
of the microbial cells. The HostZERO Microbial DNA kit (Zymo Research, Irvine, CA, USA) 
appeared most effective for human DNA depletion in vaginal and saliva samples20. In 
contrast, the performance of PMAxxTM (Biotium Inc., CA, USA) for free DNA inactiva-
tion in different biological samples (saliva, faeces, urine, vaginal swab) varied extensively 
and should be further evaluated22. Furthermore, culture enrichment on selective and/or 
non-selective enrichment media reduces the effect of host DNA contamination by allow-
ing the proliferation of microorganisms and improving the detection of promiscuous and 
fastidious organisms in bacterial communities6; however, this will affect the composition 
of species and genes in the sample. 

DNA Extraction for Metagenomics

The DNA extraction method plays a crucial role in detecting complex bacterial commu-
nities and is the process where bias is most likely to occur. The DNA extraction methods 
must be compatible with the sample material and preservation solution7. 

The use of a suspended or pelleted sample depends on the instructions of the DNA ex-
traction kit. Different bacterial disruption methods (chemical disruption, mechanical lysis 
by bead-beating, heat lysis, sonication) exist. Mechanical lysis by bead-beating combined 
with other disruption methods (multistage lysis) ensures the recovery of microbial DNA 
from the most complicated samples, such as Gram-positive bacteria7.

Kazantseva et al7 (2021) assessed the DNA extraction of two commercial DNA extraction 
kits: PureLinkTM Microbiome DNA purification kit (Thermo Fisher, Waltham, MA, USA) and 
the ZymoBIOMICSTM DNA Miniprep Kit (Zymo Research, Irvine, CA, USA). The ZymoBIO-
MICS kit exhibited better quality characteristics of isolated DNAs (higher OD 260/230 ra-
tio) and was compatible with the DNA/RNA ShieldTM solution (Zymo Research, Irvine, CA, 
USA)7. For resistome assessment, the addition of plasmid extraction to the standard DNA 
extraction could increase the detection of plasmid-mediated resistance genes17,23; howev-
er, it can introduce bias since the efficiencies of extraction are related to the plasmid size, 
i.e., smaller plasmids are extracted more efficiently than large plasmids17.

Library Preparation for Metagenomic Sequencing

The performance of different library preparation approaches depends on the sample type, 
microbial diversity and amount of input DNA24. Each sequencing platform (Illumina (San 
Diego, CA, USA), Ion Torrent (Thermo Fisher, Waltham, MA, USA), PacBio (Menlo Park, 
CA, USA), Oxford Nanopore (Oxford, UK) has specific metagenomics technical guidance 
available, which describes the sequencing systems, the library preparation methods and 
downstream analysis pipelines25-27. The Illumina Nextera XT and DNA Flex kits (Illumina, 
San Diego, CA, USA) are commonly used in metagenomic library preparations. They cover 
various genomes, from small DNA viruses, microbial genomes and amplicons to complex 
genomes in eukaryotic and human systems24. 
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Sequencing Methodologies for the Detection of Antimicrobial Resistance Genes

While 16S rRNA amplicon sequencing generates information on the microbial diversity in 
the sample, shotgun metagenomic sequencing generates information on the total DNA 
content of the sample, making it suitable for the study of antimicrobial resistance (AMR) 
and for identifying the species specific marker gene for taxonomically complex organisms, 
for instance rplF gene for Neisseria species. Determining all AMR genes in the sample, 
referred to as the resistome, will help understand the complex interactions between or-
ganisms, genes and their environment. However, for effective AMR surveillance, the focus 
should be on clinically relevant yet low abundant AMR genes (such as ESBLs and carbap-
enemases) and horizontal gene transfer events, which are generally rare28. In this case, 
direct metagenomic shotgun sequencing might suffer from low sensitivity in detecting 
minority populations harbouring resistance genes and/or low specificity in identifying al-
lelic variants18,29. All resistance sequences account for less than 1% of the total sequenced 
DNA, indicating that the proportion of these genes is relatively low, and even deep se-
quencing may not be able to capture these elements in the total gene pool present in the 
samples4,28,30. 

Targeted metagenomics using a capture library specific for resistance genes and genes 
involved in DNA mobilisation can increase sensitivity and improve the identification of 
resistance genes within a complex metagenome background4,18. Target capture is a meth-
od to quantify low abundant AMR genes and/or detect allelic variants that alter the sus-
ceptibility phenotypes. Target capture enriches resistance genes directly from standard 
metagenomic DNA extractions and increases the proportion of sequenced reads mapping 
to resistance genes. A targeted sequence capture platform for resistome analysis, such as 
ResCap or AMR-cap, significantly improves the detection of resistance genes and plasmids 
compared to direct metagenomic shotgun sequencing4,18,30-32. However, an enrichment 
bias can occur due to differential capture affinity and amplification rates. In addition 
to low efficiencies in the probe-hybridisation step, signal overloads, or inhibition of the 
enzyme-based steps (e.g. amplification during library preparation) may affect the out-
come31. Noyes et al28 (2017) were able to increase the detection of resistome sequences, 
including antimicrobial resistance genes of public health importance, such as ESBLs, using 
target enrichment while molecular indices were employed to count DNA molecules and 
correct for enrichment bias28.

In contrast, Stege et al4 (2022) observed 32 resistance genes that went undetected by 
ResCap but were detected using metagenomic shotgun sequencing. A number of genes 
were not included in the probe library; however, 14 genes included in the ResCap library 
were also not detected using ResCap. This emphasizes the challenge of continuously up-
dating the probe libraries to include all known resistance genes and shows that genes 
might be missed using ResCap4. Resistance genes that are not present in the reference da-
tabase when the probe libraries are designed might not be captured and might be missed. 
However, AMR-cap was able to capture novel antibiotic resistance genes from the CARD 
database that were unknown when the capture probes were designed32. 

SEQUENCING TECHNOLOGY 

Short-read sequencing platforms [represented by Illumina (San Diego, CA, USA) and 
Ion Torrent (Thermo Fisher, Waltham, MA, USA)] and long-read sequencing platforms 
[represented by PacBio (Menlo Park, CA, USA) and Oxford Nanopore (Oxford, UK)] are 
available for metagenome sequencing. Short-read sequencing made assembly driven 
metagenomics possible, allowing the assembly of composite genomes called metage-
nome-assembled genomes (MAGs). However, short-read sequencing platforms produce 
read lengths of 50-300 bp, making high-quality metagenomic assembly more difficult 
due to intra-and inter-species repeats that confuse short-read assembly algorithms33. 
This results in low recovery of high microdiversity microbes, low recovery of flexible ge-
nomes and uncertainty due to potential chimaera generation34. MAGs of abundant taxa 
in the dataset have been prone to chimeric assemblies and have limitations in resolving 
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mobile elements, information which is of increasing relevance in medical research on 
antibiotic resistance, toxin encoding genes and bacterial pathogenicity islands encoding 
virulence factors35. 

In contrast to short-read sequencing, PacBio long-read sequencing can cover repet-
itive regions and recover complete MAGs (circularised and without gaps) directly from 
assembled human gut metagenomes36. PacBio sequencing can be performed using highly 
accurate long reads (10 kb HiFi reads or circular consensus sequencing, CCS) and continu-
ous long reads (CLR). PacBio long-read sequencing can provide complete gene profiling; 
however, CLR has a higher error rate (10-15%). Moreover, dependence on bioinformatics 
designed for short-read assembly makes gene discovery and assembly for low-abundance 
organisms difficult. When using long-read sequencing, high coverage is needed to obtain 
reliable sequence with low error rates, which can be obtained by using CCS, DNA sub-
reads that are sequenced multiple times by the same DNA polymerase before generating 
a consensus sequence. This increases the accuracy to comparable levels to Sanger and 
Illumina sequencing (more than 99%)5,34,37. Also, the Oxford Nanopore Technologies is a 
long-read sequencing technique (reads up to 2 Mb) that can be used to obtain in-depth 
annotations for taxonomical and functional profiles of the metagenome with 97% raw 
read accuracies27,38,39.

To improve sequencing coverage, investigating low-abundance species can be done 
by combining third-generation long-read sequencing with ultra-deep second-generation 
sequencing36. Hybrid assembly, using short and long reads, improves the quality of the as-
sembly (increasing average contig length, contig N50, U50, size and number of large con-
tigs), generates a higher percentage of complete genes and increases the completeness 
of the genome reconstruction compared to using only short-read or long-read sequenc-
ing5,36. The quality of assemblies and microbiome profiles can be influenced by sequencing 
depth9, the complexity of the community, the sequencing technology and/or the propor-
tions of host DNA contamination6.

SEQUENCING DEPTH, COMPLEXITY OF THE COMMUNITY AND 
HOST DNA CONTAMINATION 

Identifying new microbial taxa improves with more significant sequencing depths and 
with lower proportions of host DNA. This is particularly important for detecting very low 
abundant species19. Increasing sequencing depth also increases the number of identified 
AMR determinants. Similarly, rare antibiotic resistance genes were detected more fre-
quently at higher sequencing depths and were often absent in datasets generated with 
lower sequencing depths40. However, a balance between cost and required sequencing 
depth needs to be established, and therefore, it is crucial to select the appropriate se-
quencing method, read length and sequencing analysis tools. 

A critical factor for a robust analysis of shotgun sequencing data is the number of 
sequenced reads. In a study by Durazzi et al41 (2021), shotgun metagenomes with a low 
number of reads (<500,000 reads) were characterised as low-quality samples, which show 
high skewness of the relative species abundance distribution41. For large-scale microbiome 
studies, shallow whole-metagenome shotgun sequencing with a sequencing depth of 1 
Gbp can provide more accurate data at the genus and species level compared to 16S rRNA 
gene amplicon sequencing42. However, it will usually not provide data on low-abundance 
microbial genomes. The sequencing depth of 5-10 Gbp per sample is not enough to captu-
re all the microbes with low abundance. Small sequencing data sizes of 5 Gbp per sample 
provide limited genome coverage (5 Mbp) for a species of 0.1% of relative abundance in 
a human gut microbiome. Ultra-deep metagenomic sequencing showed that the size of 
assembled genomes and N50 continued to increase with the sequencing depth until 40 
Gbp36. To detect ARGs, increasing sequencing depths were associated with an increasing 
number of AMR determinants identified. A sequencing depth associated with ≥50 million 
reads was sufficient for detecting the resistome in bovine faecal samples40. Sequencing 
depth issues might be solved with the introduction of novel techniques such as reduced 
metagenome sequencing43, droplet microfluidics35 or novel functional metagenomics44.
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TOOLS FOR ANALYSIS OF METAGENOMIC DATASETS

A comprehensive review of computational tools for metagenomic sequencing data analy-
sis was recently published by Yang et al33 (2021). An analysis overview for gut microbiome 
studies is provided by Gao et al45 (2021). We refer to these reviews to describe the tools 
for sequencing quality control, metagenomic assembly, binning, gene prediction, gene 
annotation, taxonomic classification, and MAG abundance profiling33,45. In addition, we 
list novel bioinformatics tools for the analysis of 16S rRNA, metagenomics and metatran-
scriptomics data in Table II.

Detection of Resistance Genes in Metagenomic Datasets

Metagenomics enables the analysis of antimicrobial resistance in bacterial communities. 
Regularly updated and comprehensive resistome databases are crucial for the quality 
of information obtained. Several reviews describe and compare antimicrobial resistance 
gene databases. Recently, de Abreu et al29 (2021) published a minireview to describe the 
analysis of antibiotic resistance using metagenomic approaches. The review describes the 
functional annotation of the metagenome to study the resistome and the reference data-
bases available. In brief, the most used ARG databases that allow metagenomic data input 
are ResFinder, Comprehensive Antibiotic Resistance Database, MEGARes, ARG-database 
and Resfams29. Papp and Solymosi46 compared well-known antibiotic resistance gene da-
tabases based on structure and content. The CARD database has been shown to be the 
most comprehensive database for acquired antibiotic resistance genes and mutations46. 
Peng et al47 (2021) published a minireview on the bioinformatic tools for resistome analy-
sis of environmental samples. They showed that applying two or more bioinformatic tools 
and databases could provide a comprehensive knowledge of ARG profiles in diverse envi-
ronmental samples47. However, the differences in antibiotic classification of the databases 
show the need for expert knowledge to interpret results. Results should be interpreted 
with care as not all resistance genes are sufficient to cause resistance alone and might 
not confer resistance in all bacteria. For example, Margolis et al48 (2021) reported that 
the abundance of the tetX genes was strongly associated with the relative abundance of 
Bacteroidetes. However, an increase in tetX in this context does not suggest an increase 
in resistance to tetracycline antibiotics. TetX, a flavin-dependent monooxygenase inacti-
vates and confers resistance to tetracyclines only in aerobic bacteria and not in the anae-
robic Bacteroidetes48. 

Associating the potential bacterial hosts with ARGs is challenging. However, the poten-
tial bacterial hosts and ARGs are closely associated within the microbiome. Several analysis 
methods like network analysis as well as machine learning techniques have been applied to 
identify any connections between these two entities that could be relevant for future stu-
dies on infection transmission network49. A novel sequencing approach combining shotgun 
metagenomic with chromosome conformation capture (Hi-C) can link bacteria to ARGs, 
plasmids and phages using Hi-C-based networks. Using this technique, increased details 
on bacterial gene content and mobile genetic elements can be obtained50. 

Identification of Bias and Contamination: the Use of Controls and
in Silico Contaminant Removal

Bias can arise at every step of the microbiome workflow, particularly in the DNA ex-
traction and PCR amplification steps9,51. The use of positive controls will help to identify 
bias introduced by PCR amplification during library preparation or by various sequencing 
technologies. A positive mock control should be a valid representation for the investiga-
ted environment8. The DNA extraction of the positive control should be validated with 
the DNA extraction kit to ensure the extraction of the correct proportions of DNA from 
the positive control. Secondly, a positive control for sequencing (pre-extracted DNA mix) 
should be used to ensure that no errors were introduced during sequencing8. 
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TABLE 2. NEW BIOINFORMATIC TOOLS TO ANALYZE METAGENOMICS DATA. 

 Name Functionality  Available at Ref. 

Agamemnon Metagenomics and metatranscriptomics https://github.com/ 60
 quantification analysis suite providing ivlachos/agamemnon 
 abundances at genus, species and strain  
 resolution and exploratory data visualisation.  

Animalcules Interactive microbiome analytic toolkit in R for  https://github.com/ 61
 16S rRNA sequencing data, shotgun DNA  compbiomed/animalcules 
 metagenomics data and RNA-based  
 metatranscriptomics profiling data. The toolkit 
 combined analytics, vizualization methods and 
 machine learning models.    

Binnacle Cluster scaffolds into comprehensive bins and  https://github.com/ 62
 integrate existing binning methods to improve marbl/binnacle 
 the contiguity and quality of metagenomic bins.  

Biobakery 3 Integrate methods for taxonomic, strain-level, https://github.com/ 63
 functional and phylogenetic profiling of biobakery/ 
 metagenomes to help multi-omics profiling for  biobakery/wiki 
 microbial community studies. It includes   
 sequence-level quality control and contaminant   
 depletion guidelines (KneadData), MatPhlAn 3 for  
 taxonomic profiling, HUMAnN 3 for functional   
 profiling, StrainPhlAn 3 and PanPhlAn 3 for  
 nucleotide-and gene-variant-based strain profiling,  
 and PhyloPhlAn 3 for phylogenetic placement and  
 putative taxonomic assignment of new assemblies.  

EukDetect Identify microbial eukaryotes in shotgun  https:// github.com/ 64
 metagenomic sequencing data. allind/EukDetect 

HOME-BIO Pipeline for metagenomic shotgun data analysis https://github.com/ 65
 including a quality control step, assembly of carlferr/HOME-BIO 
 sequences in contigs and taxonomic profiling.  

KAUST Comprehensive exploration of shotgun  https: 66
Metagenomic  metagenomic data. Annotation of contigs or  //www.cbrc.kaust.edu.sa/ 
Analysis  genes (including ARGs) and sample-to-sample or aamg/kmap.start
Platform gene catalog-based comparison.  

LueVari  Reference-free SNP caller based on read-colored https://github.com/ 67
 de Bruijn graphs for identification of SNPS in  baharpan/cosmo/ 
 AMR genes and chromosomal DNA from shotgun tree/LueVari. 
 metagenomics data.    

MaxBin 2.0 Recovering individual genomes from metagenomes https: 68
  in a de novo manner. //sourceforge.net/ 
  projects/maxbin/  

Meta-Apo Reliable, high-resolution view of microbiome https://github.com/ 69
 function from 16S amplicon sequencing. qibebt-bioinfo/ meta-apo  

METAnnotatorX2 Integrated analysis of deep and shallow  http: 70
 metagenomic data. Extracting taxonomic and  //probiogenomics.unipr.it/ 
 function information from metagenomic short cmu/
 sequence reads, assembly of short, long and 
 hybrid read-based metagenomic data sets and 
 species-specific genome reconstruction with gene 
 prediction and associated functional annotation.   

CONTINUED
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Commercial positive controls with defined synthetic communities are available42. Re-
cently, mock communities for the human gut microbiome were developed and are avai-
lable from the NITE Biological Resource Center at the National Institute of Technology 
and Evaluation (NITE, Tokyo, Japan)52. However, artificial microbiomes with defined ta-
xonomic information and similar complexity to a real microbial sample are still scarce42. If 
the available controls are found unsuitable for the study, custom positive controls compa-
rable to the investigated microbiome should be designed8. 

Negative controls (reagent-only or blank sampling) should be applied during the sam-
pling and processing of the samples to identify major contaminations from different pos-
sible sources: external contamination of sampling equipment, DNA kit contaminations or 
‘kitome’7,53-55, internal or cross-contamination between samples during sample processing 
or ‘splashome’55 and index hopping53. In silico decontamination can complement the la-
boratory approaches to distinguish contaminant microbial DNA from accurate microbial 
sequences. The open-source R package decontam (https://github.com/benjjneb/decon-
tam) can be used to identify and remove contaminant sequences in a marker gene and 
metagenomic data53. Additionally, the use of bacteriophage PhiX174 DNA as a quality and 
calibration control in Illumina sequencing may lead to contamination of the sequenced 
genomes. Therefore, filtering of bacteriophage sequences by mapping demultiplexed re-
ads against the PhiX174 genome is needed prior to the analysis40. 

CONCLUSIONS AND FUTURE PERSPECTIVES

In conclusion, studies have shown that the composition of gut bacteria is important for hu-
man health. However, recent advances in sequencing technology and metagenomics are still 
limited because of the lack of standardised protocols to analyse samples, making it difficult 
to understand the impact of the microbe on individuals or populations. A multidisciplinary 
approach, such as the multi-omics strategy, will allow scientists to get a more accurate picture 
of how the microbiome and its host interact. This multi-omics strategy can also be used to 

TABLE 2 (CONTINUED). NEW BIOINFORMATIC TOOLS TO ANALYZE METAGENOMICS DATA. 

 Name Functionality  Available at Ref. 

metaXplor Interactive viral and microbial web-interfaced  https://github.com/ 71
 data manager for managing, sharing and  SouthGreenPlatf orm/ 
 exploring metagenomic data. metaXplor  

MetGEMs Predicting functional composition of  https://github.com/ 72
toolbox metagenomic samples, annotating putative yumyai/MetGEMs 
 enzyme functions and metabolic routes r elated  
 in human disease using 16S rRNA sequences.   

MiDSystem Online system for de novo assembly and  https://github.com/ 73
 analysis of metagenomic data. Results from  NTU-CGM/miDSystem/ 
 embedded tools are visualised in an online  
 summary report.  

mixtureS Identify strains, their numbers and abundance http: 74
 from shotgun reads. //www.cs.ucf.edu/ 
  ~xiaoman/mixtureS/ 

nf-core/mag Pipeline for metagenome hybrid assembly and https://github.com/ 75
 binning. nf-core/mag 

OGRE:Overlap Reduce the size of metagenomic datasets by https://github.com/ 76
Graph-based clustering reads into species-specific groups Marleen1/OGRE
metagenomic  based on their overlaps and facilitate assembly 
Read clustEring  and downstream analyses.  
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discover new therapeutic targets for treating microbiome-related illnesses. While the use of 
multi-omics data is still in its early stages, it holds great promise for improving our under-
standing of the microbiome and its role in human health. Additionally, this approach can 
help to identify potential biomarkers for disease. Furthermore, there is a need to develop 
better-standardised methods or algorithms for identifying and characterising microbial ge-
nes and proteins. Finally, more extensive and longitudinal studies are required to understand 
how the microbiota changes over time. Microbiome research is a rapidly growing field with 
great potential despite these limitations. Ultimately, this research field will provide insights 
into the role of microbiota in human health and pave the way for new treatments for various 
diseases.
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