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Integrated multi-omics analyses of microbial
communities: a review of the current state
and future directions

Muzaffer Arıkan *ab and Thilo Muth*c

Integrated multi-omics analyses of microbiomes have become increasingly common in recent years as

the emerging omics technologies provide an unprecedented opportunity to better understand the

structural and functional properties of microbial communities. Consequently, there is a growing need for

and interest in the concepts, approaches, considerations, and available tools for investigating diverse

environmental and host-associated microbial communities in an integrative manner. In this review, we

first provide a general overview of each omics analysis type, including a brief history, typical workflow,

primary applications, strengths, and limitations. Then, we inform on both experimental design and

bioinformatics analysis considerations in integrated multi-omics analyses, elaborate on the current

approaches and commonly used tools, and highlight the current challenges. Finally, we discuss the

expected key advances, emerging trends, potential implications on various fields from human health to

biotechnology, and future directions.

Introduction

Microbiomes, characteristic microbial communities inhabiting
a specific environment with physio-chemical properties,1 are
essential players of natural and managed ecosystems. Research
efforts to understand microbiomes have been limited to cultur-
ing and microscopy for many decades, which have notable
disadvantages, such as a lack of cultivation methods for most
microorganisms and difficulties in evaluating community
dynamics.2 To tackle these obstacles, molecular microbiology

a Regenerative and Restorative Medicine Research Center (REMER), Research

Institute for Health Sciences and Technologies (SABITA), Istanbul Medipol

University, Istanbul, Turkey. E-mail: muzafferarikan@gmail.com
b Department of Medical Biology, Faculty of Medicine, Istanbul Medipol University,

Istanbul, Turkey
c Section eScience (S.3), Federal Institute for Materials Research and Testing (BAM),

Berlin, Germany. E-mail: thilo.muth@bam.de

Muzaffer Arıkan

Muzaffer Arıkan holds a PhD
degree in Molecular Biology and
Genetics and works as an assis-
tant professor in the Department
of Medical Biology, School of
Medicine at Istanbul Medipol
University. His research focuses
on understanding structure and
function of microbial commu-
nities from various ecosystems
through omics analyses.

Thilo Muth

Thilo Muth works as group leader
of the eScience Section in the
Department of Quality Infra-
structure at the Federal Institute
for Materials Research and Testing
(BAM) in Berlin/Germany. One of
his primary current research
interests focuses on bioinformatic
method development for multi-
omics-based microbiome analysis.
Besides providing data science-
driven applications in materials
science, his group develops
advanced methods for analyzing

and processing mass spectrometry-based data – especially with
applications in metaproteomics and virus diagnostics.

Received 28th April 2023,
Accepted 3rd July 2023

DOI: 10.1039/d3mo00089c

rsc.li/molomics

Molecular
Omics

REVIEW

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

3 
Ju

ly
 2

02
3.

 D
ow

nl
oa

de
d 

on
 6

/1
0/

20
26

 4
:4

4:
44

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
View Journal  | View Issue

https://orcid.org/0000-0001-5162-2000
http://crossmark.crossref.org/dialog/?doi=10.1039/d3mo00089c&domain=pdf&date_stamp=2023-07-06
https://rsc.li/molomics
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d3mo00089c
https://pubs.rsc.org/en/journals/journal/MO
https://pubs.rsc.org/en/journals/journal/MO?issueid=MO019008


608 |  Mol. Omics, 2023, 19, 607–623 This journal is © The Royal Society of Chemistry 2023

methods have been developed and applied to an ever-growing
extent.

High-throughput omics technologies have greatly accelerated
the advances in microbiome research.3 Although individual
omics-based studies (e.g., amplicon sequencing, metagenomics,
metatranscriptomics, metaproteomics, ‘meta-metabolomics’,4

hereafter referred to as metabolomics) provide valuable
insights into the structural and functional characteristics, the
combination of multiple omics data brings the advantage of
revealing biological mechanisms and exploiting translational
aspect of microbiomes.5–7 Specifically, integrating individual
omics data enables a more comprehensive view of the flow of
information -starting from DNA that is transcribed into RNA
and finally translated into proteins that catalytically inter-
convert metabolites- in complex living systems.

In the last decade, there has been a massive accumulation
in all omics data types due to the development of novel
techniques, increasing availability of analysis platforms, and
decreased experimental costs.8,9 At the same time, the increas-
ing amount of microbiome data has unsurprisingly brought
considerable challenges in replicability, robustness, reproducibility,
and generalizability.10 Thus, there has been a considerable
increase in the number of approaches and tools to overcome
these challenges. Moreover, considering the differences and
similarities of different omics data types, a variety of integrated
analysis approaches and tools have been developed and applied
in microbiome studies.

Recently, several reviews and perspectives on the multi-omics
sciences have been published. For example, Zhang et al. (2023)
focused their review on the application of multi-omics
approaches, specifically in tumour microbiome research.11

Another review by Subramanian et al. (2020) provided a com-
prehensive overview of data repositories, tools/methods, and
visualization platforms used in the analysis of multi-omics
data, with a primary focus on bioinformatics aspects, and use
cases in cancer diagnosis, prognosis, and treatment.12 Mallick
et al. (2017) provided a thorough discussion on the experimental
considerations for omics-based microbiome studies, listed bio-
informatics analysis tools tailored explicitly for two mainstream
omics types (metagenomics and metatranscriptomics), and briefly
mentioned the challenges associated with integrated multi-omic
analyses.13 In their perspective article, Nyholm et al. (2020) sum-
marized the application of the holo-omics approach in biological
research, specifically highlighting recent holo-omics use cases
in host-microbiota interaction studies while prioritizing the
exploration of applications across various fields over engaging
in a debate about available tools and methods.14 In another
review, Zhang et al. (2019) summarized and discussed the
application of the meta-omics approaches in translational
microbiome research by focusing on the recent multi-omics
use cases in the microbiome field rather than debating the
available tools and methods.9 On the other hand, Graw et al.
(2021) focused on study design considerations and provided
a summary of omics analysis types, while their discussion,
although briefly mentioning integrative analysis tools, did not
mainly elaborate on a microbiome-focused discussion.15

While the mentioned review articles addressed various
aspects of the multi-omics analysis of microbiomes, they lack
comprehensive coverage of certain crucial areas. In particular,
there is a pressing need for a holistic overview that not only
encompasses available mainstream omics analysis methods,
their typical experimental and bioinformatic workflows, and
main applications in the microbiome field but also addresses
the integrated multi-omics analyses of microbial communities
by delving into experimental considerations such as study
design, sample collection, sample processing steps, and bioin-
formatics considerations. Furthermore, there is a distinct lack
of microbiome-focused review articles thoroughly discussing
the current integrated multi-omics analysis tools and the
challenges associated with the integrative analysis of microbial
communities. Lastly, there is a strong demand for an up-to-
date, microbiome field-specific debate on the future perspec-
tives of integrative multi-omics science to advance further
investigations.

This review provides an overview of the most used omics
analysis methods by presenting a brief historical context,
a typical experimental and bioinformatic workflow, main appli-
cations, strengths, and limitations. Then, we focus on the
integrated multi-omics analyses of microbial communities by
covering both experimental considerations, such as study
design, sample collection, and sample processing steps as well
as bioinformatics considerations, such as handling different
data types, assessing the computational requirements and
selection of the integration approach and analysis tool. Next,
we summarize the current challenges of the integrated multi-
omics analyses, namely data heterogeneity, interpretability
of the models, missing value imputation, compositionality,
performance and scalability issues, and data availability and
reproducibility. Finally, we address expected advances and
potential solutions, the importance of international collaborations,
and provide a foresight for the integrated multi-omics field.

We structure our review around a balance of both experi-
mental and bioinformatics aspects, which would help the
researchers comprehend the commonly used omics applica-
tions and gain insight into the opportunities and challenges
posed by multi-omics methods particularly within the frame-
work of the microbiome field.

Omics analysis types
Amplicon sequencing

The discussion about using molecular methods to study micro-
bial diversity started more than 50 years ago and accelerated
after rapid DNA sequencing methods were introduced.16 Sub-
sequently, the small subunit ribosomal RNA gene was proposed
as a marker gene that can be used to identify phylogenetic
relationships among microorganisms.17 This approach has
been accepted by the microbiology community and has become
widespread over the years. However, especially in the second
half of the 2000s, with the emergence of next-generation
sequencing (NGS) technologies, microbial genomics approaches
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have gained increasing momentum18 and amplicon sequencing,
widely used today, is carried out mainly using NGS platforms.19

Nowadays, amplicon sequencing has found broad use in micro-
biome studies in the last two decades, mainly centring on
taxonomic profiling of microbial communities and investigation
of changes in the composition (Fig. 1).

As with all other omics-based microbiome studies, amplicon
sequencing-based microbiome studies, should start with a
clearly framed study design and description of the setting that
would facilitate later steps. Sample collection which itself
can already introduce biases,2 is the first step of amplicon
sequencing-based analysis. Thus, essential factors such as
sample characteristics, amount, location, and collection
method should be evaluated before the sampling. The second
step is the storage of the samples (immediate freezing after
collection or using alternative preservative methods if freezers
are unavailable20) as it is generally not possible to process the
samples directly at the sampling site. Storage conditions may
also affect the microbiome profiles.21,22 Next, DNA is extracted
from the collected samples. DNA extraction can be performed
using a variety of commercial kits or in-house protocols
depending on the sample types, which are also known to affect
the quality, quantity and profile of the extracted DNA, thus,
downstream processes.23 The procedures continue with the
library preparation for sequencing, which typically involves a
two-step PCR approach (Fig. 2).24 First, specific gene regions
of marker genes selected based on the target microbial group
(e.g., 16S rRNA gene for bacteria and archaea, ITS regions for
fungi) are amplified using universal primers. Then, amplified
fragments from each sample are indexed with unique barcode

combinations and added sequencing adapters for sequencing.
Pooling and normalizations are the final steps before sequen-
cing. It should be noted that samples should be sequenced
along with extraction negative and no-template PCR controls to
avoid spurious findings due to contamination. After NGS,
sequence information from target marker gene regions is used
for investigating the microbial community. Bioinformatic ana-
lyses of amplicon sequencing studies usually include diversity
estimation and comparisons, differential abundance analysis,
calculations of correlations between environmental parameters
and community changes, network constructions and classifica-
tion analyses. Details of each of these steps have been reviewed
elsewhere.2,19

Although it undoubtedly alleviated many culturing problems,
amplicon sequencing has its specific advantages and disadvan-
tages. Wet laboratory advantages include applicability to low-
biomass or heavily host DNA-contaminated samples, while PCR
and primers biases can be listed as disadvantages.19 For the
bioinformatics part, amplicon sequencing (particularly 16S rRNA
gene amplicon sequencing) is a well-established method with
comprehensive well-curated reference databases25 and an exhaus-
tive list of analysis tools.26 On the other hand, as targeting only
specific regions of marker genes does not provide information
about the functional properties of the community, 16S rRNA gene
amplicon sequencing studies are limited to taxonomic investiga-
tions -resolved down to the genus level- although some bioinfor-
matics efforts on functional potential predictions were introduced
in the last years.27,28 Lastly, the cost-effectiveness and scalability of
this method still make it a preferred approach by many research
groups, especially with limited budgets.

Fig. 1 A brief historical timeline of the mainstream omics methods mentioned in this review. Line colours indicate omics analysis type: yellow for
amplicon sequencing, blue for metagenomics, green for metatranscriptomics, purple for metaproteomics and red for metabolomics. Key developments
in omics fields are highlighted by coloured circles.
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Metagenomics

The term metagenome was coined by Handelsman et al. (1998)
to describe the collective genome of the microbial community
in an environmental sample,29 while ‘‘metagenomics’’ refers to
the analysis of this collective genetic material. Although the
first studies in the field of sequencing-based metagenomic
analysis (shotgun metagenomics) were based on the Sanger
sequencing method, NGS technologies paved the way for sig-
nificant advances. Two important studies published in 2004
presented the potential of shotgun metagenomics as a valuable
method to better understand the structure and functional
dynamics of microbial communities through analysis of whole
genome information.30,31 The release of new sequencing plat-
forms at the end of the 2000s has accelerated the progress of
metagenomics applications.32 Recently, in addition to the

decreasing sequencing costs, the introduction of new data
analysis approaches such as metagenomic classification and
profiling, microbial genome reconstructions from metagenomes
and integration of metagenomic and metabolomic data to predict
functional profile contributed to broadening use of this method.33

At present, shotgun metagenomics has an increasing use in the
microbiome field for microbial community profiling, identifi-
cation of microbial biomarkers, assessment of the functional
potential of microbial community members and microbiome-
based classifications of sample groups.

Shotgun metagenomics contains the same experiments
at the study design, sampling, and DNA extraction steps with
amplicon sequencing and thus shares the same pitfalls
described above for these steps. However, the flow of proce-
dures for shotgun metagenomics differentiates from amplicon

Fig. 2 Experimental workflows for mainstream omics analysis types. Arrow colours indicate omics analysis type: yellow for amplicon sequencing, blue
for metagenomics, green for metatranscriptomics, purple for metaproteomics and red for metabolomics. Amplicon sequencing involves a series of steps
including DNA extraction, target DNA region enrichment, library preparation, and sequencing in an NGS instrument. On the other hand, metagenomics
starts with DNA extraction and proceeds with random DNA fragmentation, library preparation, and sequencing in an NGS instrument. Metatranscrip-
tomics, which focuses on RNA analysis, includes RNA extraction, optional target RNA enrichment, library preparation, and sequencing in an NGS
instrument. Metaproteomics starts with protein extraction, followed by purification and digestion steps, and then analysis of the resulting peptides using
mass spectrometry. Lastly, metabolomics involves the extraction of small metabolites, preparation for targeted or untargeted metabolomics analysis, and
analysis using mass spectrometry or nuclear magnetic resonance instruments.
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sequencing after the DNA extraction step (Fig. 2). Instead of a
PCR-based amplification of a specific genome region, shotgun
metagenomics includes random fragmentation of DNA samples
because most NGS systems have input fragment size limitations,
followed by the addition of unique barcode and adapter sequences
and sequencing.34 Then, bioinformatic tools are used to investi-
gate microbiome composition, reconstruct the microbial genomes,
determine functional potential, perform diversity analyses,
and calculate the compositional and functional level associa-
tions between environmental parameters and microbiome
alterations.35 Details of each of these steps have been reviewed
elsewhere.19,36,37

Compared to amplicon sequencing, shotgun metagenomics
is less subject to amplification biases,38 provides information
on the metabolic potential and functional capabilities of micro-
bial communities,39 and allows whole genome recovery and
examinations of microbiome members.40 However, the main
disadvantages of this method are computational requirements,
higher susceptibility to contamination in low biomass samples,
effects of host DNA contamination, data complexity, and ana-
lysis issues.33

Metatranscriptomics

Omics analysis types focusing on DNA as a target biomolecule,
such as amplicon sequencing and metagenomics, have con-
tributed significantly to a better understanding of the micro-
biome’s role in various of ecological scenarios. However, the
remaining fundamental limitation of these genomic methods
is that the obtained results do not indicate the viability of cells
or expression profiles of the detected genes.41,42 Metatranscrip-
tomics has been defined as the characterization of transcrip-
tional profiles in microbiome samples, and it thus affords
insight into the activity of microbial communities. Although
first applied using qPCR43 or hybridization-based approaches
such as microarrays,44 shotgun metatranscriptomics via RNA-
Seq has been established as the mainstream approach after
developing NGS technologies due to the high diversity of
microbiomes and lack of reference isolates.45 Metatranscrip-
tomics is currently used for assessing microbial activity, deter-
mining microbiome-environment interactions through gene
regulation dynamics, the association of gene expression profiles
to phenotypes and phylogenomic analysis of microbiomes.

Metatranscriptomics experiments involve the extraction of
RNA from microbiomes after the study design and sample
collection steps described above. Since RNA is prone to degrada-
tion,46 extraction and storage conditions should be designed
more cautiously. If feasible, sample storage in stabilizer solu-
tions may be preferred to alleviate the degradation problem.47

Also, RNA-degrading enzyme contamination (e.g., by ribo-
nucleases) should be avoided throughout the experiments.48

The second step of metatranscriptomics experiments generally
comprises mRNA enrichment using polyA+ selection and rRNA
depletion for eukaryotes and prokaryotes, respectively.49 Then,
mRNA fragments are randomly fragmented, cDNA is synthe-
sized, unique barcode and adapter sequences are ligated, and the
prepared library is sequenced (Fig. 2). Bioinformatics analysis of

metatranscriptomics data starts with the quality control and
filtering steps as in amplicon sequencing and metagenomics.
In the second step, clean reads can be aligned to reference
sequences to determine transcript abundances. Alternatively, a
de novo assembly approach can be applied by first assemb-
ling reads into contigs and then calculating the transcript
abundances. Taxonomic and functional profiling based on
transcript abundances can be performed to understand micro-
biome composition and activity. Statistical analyses can be
employed to detect changes between different conditions.
Details of experimental and bioinformatics analysis steps of
metatranscriptomics have been reviewed elsewhere.45,49

The persisting challenges in metatranscriptomics studies
include the difficulties in unbiased, high-quality RNA sample
preparation,50 high host RNA contamination in some samples,49

lack of the optimization of data analysis steps,45 biological inter-
pretation issues related to uncharacterized transcripts and
integration with additional omics data such as metaproteomics.

Metaproteomics

Metaproteomics is the study of the entire protein content of
microbiome samples51 and thus provides the opportunity to
investigate the functionality of microbiomes. Although first
commercial LC-MS/MS instrument was introduced in 198952

and there have been extensive studies in the early 2000s,53,54

metaproteomics has become widespread in the microbiome
field since 2012, partly thanks to the advantages provided by
significant technological advances that allowed more feasible
and affordable metaproteomics studies.55 Moreover, the intro-
duction of new metaproteomics data analysis tools56–58 and
optimized workflows59,60 have accelerated metaproteomics-
based microbiome investigations. Presently, metaproteomics
is mainly used to determine microbial community structures
based on protein biomass, the interactions between commu-
nity members, specific substrate uses by community members,
and expressed metabolism and physiology of the community.55

Shotgun metaproteomics, likely the most widely used tech-
nique to identify and quantify proteins in microbiome samples,
typically includes the following main steps: Proteins are extracted
from samples and purified. Purified proteins are digested into
peptides using trypsin and peptides are separated by chromato-
graphy. Mass spectrometric analysis is applied to measure both
intact peptide masses (MS1) and masses of peptide fragments
(MS/MS) (Fig. 2). The MS/MS spectra are then compared against
theoretical spectra calculated from an in silico digested protein
database. Considerations for constructing a protein sequence
database in metaproteomics have been reviewed in detail
recently.61 The identified peptides are used to infer proteins
in the samples. Taxonomic analysis, functional profiling and
differential abundance analysis can be carried out at the
peptide or protein level. Sample preparation methods and
methodological considerations in metaproteomics studies are
reviewed elsewhere.62,63

The main challenges related to metaproteomics applications
are standardization, repeatability and reproducibility of sample
preparation protocols,60,64 insufficient coverage and accuracy
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for detecting proteins from low abundant species in complex
samples,63 unavailability of optimized protein sequence data-
bases due to the lack of optimized database construction
protocols and genomic sequences for many microbial commu-
nity members,61 high computational demand,56 and data inter-
pretation issues.65

Metabolomics

Focusing on small molecules with molecular weights less than
2000 Da (commonly substrates and products of enzymes),66

microbiome metabolomics provides a snapshot of the physio-
logical state of a microbial ecosystem. Although it has been
used for over two decades, the high-throughput analysis of total
metabolite pool (metabolome67) derived from microbial sam-
ples has gained significant interest in recent years as it bridges
microbial and genetic composition with phenotypes through
metabolites.68 Metabolomics has found wide applications in
different fields and has become a valuable tool in the micro-
biome field with the increasing number of translational micro-
biome studies. At present, the applications of metabolomics
to the study of microbiomes include determining functions
of unknown genes, characterizing environmental microbial
communities and their functions by the association between
microbes and metabolites, molecular epidemiology studies, the
discovery of novel enzymes, and the identification of potential
metabolite biomarkers.68

A typical metabolomics experiment includes the following
main steps: Metabolites are extracted from microbiome samples
using an extraction method of choice. Then, targeted or untar-
geted metabolomics analysis may be conducted depending on
the study design and goals. Metabolites are routinely detected
and quantified by either nuclear magnetic resonance (NMR)
spectroscopy or mass spectrometry (MS) coupled with liquid
chromatography (LC), gas chromatography (GC), or capillary
electrophoresis (CE). NMR holds the advantage of being a direct
quantification technique; however, it has a relatively low sensi-
tivity and low throughput. In contrast, MS is a much more
sensitive technique but suffers from technical challenges in
quantification and its destructive nature.69 Specifically, a typical
NMR-based metabolomic study usually provides information on
50–200 identified metabolites with concentrations 41 mM, while
a typical LC-MS-based metabolomic study can return informa-
tion on more than 1000 identified metabolites with concentra-
tions of 410 to 100 nM.70 Considering the small overlap in their
spectrums of detectable compounds, these two methods repre-
sent highly complementary metabolomics approaches.71 The
bioinformatic analysis of metabolomics data starts with stan-
dard pre-processing steps, including quality control, noise
reduction, feature identification and quantification. Finally,
metabolites in the microbiome are chemically annotated, asso-
ciated with other microbial features (e.g., abundances, genes,
proteins), and linked to changes in microbial ecosystems.72

Tools, experimental approaches, and computational methods
used in microbiome metabolomics are reviewed elsewhere.72,73

Emerging as a promising technology complementing
sequencing-based approaches, metabolomics poses some

limitations, such as reaching a limited number of metabo-
lites due to sample preparation protocols despite their vast
diversity,74 the predominance of unknown metabolites in untar-
geted metabolomics analysis,75 lack of comprehensive reference
databases and bioinformatics tools,76 difficulties in the integra-
tion of metabolomics data with other omics data types.77

A summary of characteristics of omics analysis types is
provided in Table 1.

Integrated multi-omics analyses of
microbial communities
Experimental considerations

First and foremost, well-thought study design and appropriate
methodology are crucial for the success of an integrated multi-
omics study. Therefore, the study’s scope and limitations
should be clearly defined before any experimental work is
conducted. If possible, it is good practice to work with a
statistician and experts of each omics and integrated multi-
omics as this would help avoiding common pitfalls consider-
ably. The decision of which omics types to be employed in a
multi-omics study should be made on a balance of maximiza-
tion of information gain by each omics type, feasibility, and
additional financial costs due to the extension of the multi-
omics design.78,79 Another important consideration is the
calculation and recruitment of an adequate number of samples
for a multi-omics study. Unfortunately, there are only a few
tools evaluating sample size and conducting power analysis
for multi-omics studies. Tarazona et al. (2020) proposed the
MultiPower method for power analysis and sample size estima-
tions for multi-omics studies.80 Syed et al. (2021) described
MOPower for multi-omics data simulation and power calcu-
lation.81 Hence, there is a strong need for new tools that can be
employed for complex scenarios such as multiple study groups
and considering the characteristics of microbiome multi-omics
datasets. Here, it should also be noted that the same number
of samples does not provide the same power for each omics
analysis type, and targeting the same power for each omics
analysis type results in a different number of samples.82

As these scenarios have different impacts on downstream steps
such as the suitability of multi-omics integration tools, the
advantages and disadvantages should be carefully examined.
Also, as we summarized in previous sections, each omics
analysis type has its limitations. Therefore, when it is impos-
sible to avoid some technical limitations, a careful and detailed
recording of the sample data and experimental procedures
helps adjusting for the confounding effects during data analysis
steps and improves re-usability of the data.

Sample type and amount are also among crucial parameters,
as sample-specific structural features or availability may limit
the application of all omics analysis types.83 Moreover, optimal
sample handling and storage conditions differ between omics
analysis types, as each type of target biomolecules has a
different vulnerability profile. For example, it is known that
RNA is more prone to degradation than DNA. Neglecting these
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profile differences during experimental procedures may introduce
degradation-related sample composition changes and conse-
quently cause the disappearance of true signals or lead to false
associations. As performing sample preparations for each
omics analysis separately may decrease the comparability of
the results due to extraction method differences, simultaneous

extraction protocols84,85 can be employed to reduce the poten-
tial biases. Also, universal references, biological and technical
replicates, mock samples, and negative controls are important
components of a successful multi-omics study with reproducible
and robust results. Finally, performing a pilot study can provide a
preliminary insight into the characteristics of the results expected

Table 1 Characteristics of omics analysis types

Omics Analysis
Target
biomolecule Advantages Disadvantages Main pplications

Amplicon
Sequencing

DNA � Applicable to low-biomass or
heavily host DNA con-
taminated samples

� PCR and primers biases � Taxonomic profiling of
microbiomes

� Well-established method
with comprehensive and
curated reference databases
and a wide list of analysis tools

� No information on functional
properties

� Investigation of changes in the
microbiome composition

� Cost-effective and scalable
Metagenomics DNA � Less subject to amplification

biases
� High computational requirements � Taxonomic microbial

community profiling
� Information on the
metabolic potential and
functional capabilities

� Susceptibility to contamination in
low biomass samples

� Identification of microbial
biomarkers

� Whole genome recovery � Affected of host DNA contamination � Assessment of functional
potential of microbial
community members

� Data complexity and analyses issues � Microbiome-based
classifications� No indication of the viability of cells

or expression profiles of the detected
genes

Metatranscriptomics RNA � Allows analysis of expression
profiles for the detected genes

� Difficulties in unbiased, high quality
RNA sample preparation

� Determination of microbial
activity

� Determination of functional
state of the microbial
community

� Affected by host RNA contamination � Analysis of microbiome-
environment interactions
through gene regulation
dynamics

� Detection of rapid microbial
community responses

� Lack of optimization for data analysis
steps

� Association of gene expression
profiles to phenotypes

� Biological interpretation issues
related to uncharacterized transcripts

� Phylogenomic analysis of
microbiomes

� Integration difficulties with other
omics data

Metaproteomics Protein � Provides the opportunity to
investigate both taxonomic
composition and the
functionality of microbiomes

� Standardization, repeatability, and
reproducibility of sample preparation
protocols

� Determining microbial
community structures based on
protein biomass

� Analysis of interactions
between community members

� Insufficient coverages and accuracy
for detecting proteins from low
abundant species in complex samples

� Analysis of interactions
between community members

� Unavailability of optimized protein
sequence databases due to lack of
optimized database construction
protocols and genomic sequences for
many microbial community members

� Investigating specific substrate
uses by community members

� High computational demand � Overview of expressed metabo-
lism and physiology of the
microbial community

� Data interpretation issues � Identification of potential
protein biomarkers

Metabolomics Small
Metabolites

� Provides a snapshot of
the physiological state of a
microbial ecosystem

� Limited number of detected
metabolites

� Determining functions of
unknown genes

� Lack of comprehensive reference
databases and bioinformatics tools

� Characterization of microbial
communities and their functions
by association between microbes
and their metabolites

� Difficulties in the integration of
metabolomics data with other omics
data types

� Molecular epidemiology
analysis
� Identification of potential
metabolite biomarkers
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to be obtained from integrated multi-omics analysis despite a
potentially high variability due to the small sizes of these studies.

Bioinformatics considerations

Bioinformatics considerations should start from the prelimin-
ary phases of the study design, as the selected omics analysis
combination and data characteristics of each employed omics
type determine consequent bioinformatics analysis design.
Firstly, the required/expected quality and quantity of data
should be estimated for each omics type individually by con-
sidering the specific factors influencing the outcome of each
analysis. For example, sequencing depth has a clear impact on
the microbial community resolution obtained by metagenomics
and metatranscriptomics86,87 and data quality profiles are known
to vary according to the sequencing platforms. Here, if present,
previously published datasets on the same sample type can
also be instructive for determining data requirements for a
successful study.

Computational requirements for storing and analysing each
omics data are different and require certain preparations in
advance. For example, the analysis of metagenomics data
requires high computational power and processing time. Thus,
access to high performance computing (HPC) clusters or cloud-
based environments would facilitates the processing of meta-
genomics data.88 There is a continuous introduction of new
technologies and data types expected to be added to the current
omics data types which indicates the growing importance of
HPC and cloud-based services.82

Selecting the most suitable integration, comparison and
statistical analysis approaches is another key element for
answering the research questions of a multi-omics study.
Various integration approaches differ in both the way of
processing the omics data combinations, generated outputs,
and their interpretation of results.12,77,89 Previously published
integrated multi-omics studies and proposed bioinformatics
analysis protocols can provide immense help for familiarizing
with the necessary analysis steps.

Moreover, employing the most appropriate multi-omics
integration tool depends on the omics data types combined
in the study. Although the number of multi-omics integration
tools increases, only some of them are microbiome data-
specific/supporting tools. However, only such specific tools
allow appropriate handling of microbiome multi-omics data
without neglecting its specific limitations.

Finally, the data availability and reproducibility of bioinfor-
matics analysis protocols are of paramount importance for
reducing the waste of time and effort, particularly in research.
It is therefore important to follow international guidelines and
principles to make data findable, accessible, interoperable and
reusable.90,91 Accordingly, the design of bioinformatics analysis
protocols should also include precise planning of data sharing
and documentation.

Integrated multi-omics analysis tools for microbiome studies

This section presents an overview of the available tools for the
integrated multi-omics analysis of microbiomes. However, our

intention is not to offer an exhaustive list of the existing tools;
instead, we aim to provide a starting point and initial guidance
for the researchers interested in including integrated multi-
omics analyses in their future microbiome research. Accordingly,
for each tool listed below, we briefly describe its general features,
discuss advantages and limitations, and give reproducible example
studies from the microbiome field, which made both datasets and
code are publicly available.

MOFA. Multi-omics factor analysis (MOFA) performs a factor
analysis to identify latent factors formed by co-varying features
of different omics data modalities in an unsupervised manner
and reveals the factors that explain the greatest variance in
datasets.92 It supports both numerical (count and continuous)
and binary data as input, handles missing values, and can be
applied to integrate amplicon sequencing, metagenomics,
metatranscriptomics, metaproteomics and metabolomics data-
sets. MOFA can integrate partially overlapping omics datasets
which is a significant advantage considering the different
number of samples for each omics analysis. However, as it
depends on linear models, MOFA suffers from its poor ability
to detect nonlinear correlations between and within omics
datasets. In addition, data normalization and dimensionality
reduction to reduce the differences between data modalities
are critical for the model to work properly. Haak et al. (2021)
employed MOFA to integrate the bacterial, fungal, and viral
microbiota sequencing data from the faecal samples of criti-
cally ill patients with and without sepsis and healthy volunteers
and highlighted transkingdom changes associated with the
disease along with the contributions from each component.93

Recently, Mikaeloff et al. (2023) used MOFA to integrate ampli-
con sequencing, metabolomics, and lipidomics datasets and
revealed the association of the intercorrelated microbiome-
associated metabolites with the clinical parameters in people
living with HIV.94

mixOmics. mixOmics is a toolkit containing supervised
and unsupervised multivariate analysis methodologies for
the exploration, integration and visualization of multi-omics
datasets.95 Particularly, DIABLO, a specific framework imple-
mented in mixOmics, performs supervised integration of multi-
omics assays to identify a subset of features discriminating
phenotypes across datasets.96 DIABLO accepts multiple omics
data types and has been successfully applied in several multi-
omics studies. The main limitations of this tool are that it
accepts only continuous data, requires omics datasets with
completely overlapping samples and assumes a linear relation-
ship between the features, which limits its performance in
nonlinear associations. Liu et al. (2020) integrated transcrip-
tomics, amplicon sequencing, and metabolomics data using
DIABLO which showed the links between the changes in
specific omics features in gut microbiota and the effects of
intermittent fasting on diabetes-induced cognitive impair-
ment.97 In another study, DIABLO was employed to perform
an integrative analysis of the mutational profile, the metabo-
lome, and the microbiota (amplicon sequencing) data to iden-
tify discriminatory latent variables between different dietary
regimens.98
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IMP. The integrated meta-omic pipeline (IMP) provides a
microbiome analysis workflow that allows the integrated ana-
lysis of metagenomics and metatranscriptomics data.99 Instead
of accepting the matrix generated from each omics dataset
individually as inputs, IMP includes both pre-processing of raw
metagenomics and metatranscriptomics datasets and integra-
tive analysis. The integrated approach of IMP is mainly based
on the calculation of average metatranscriptomics to metage-
nomics depth of coverage ratios, relying on sequence identity.
Hence, it provides a user-friendly, standardized workflow for
investigating links between the composition and expression
profiles of microbiomes. However, allowing integrated analysis
of only these two omics types currently limits an even broader
use of this pipeline. Herold et al. (2020) performed metage-
nomics, metatranscriptomics, metaproteomics, and metabolo-
mics in a longitudinal study to examine the response of
microbial communities in a biological wastewater treatment
plant to disturbance.100 IMP was used in a combined analysis of
metagenomics and metatranscriptomics datasets in this study
while other methods were employed for the integrative analysis.
More recently, de Nies et al. (2023) applied metagenomics and
metatranscriptomics to the stool samples collected from
COVID-19 patients and healthy controls and then conducted an
integrative analysis with IMP to reveal the effect of the infection
on the gut microbiome community and functions.101

gNOMO. gNOMO is a bioinformatics pipeline specifically
designed to process and analyse metagenomics, metatranscrip-
tomics and metaproteomics data in an integrative manner.102

This pipeline accepts raw sequencing and spectra data as
inputs and executes all analysis steps from pre-processing to
integrative analysis and visualization. gNOMO integrates meta-
genomics and metatranscriptomics datasets based on assign-
ments to the same functional categories, uses metagenomics
and metatranscriptomics data to create a custom database for
metaproteomics analysis and finally applies a pathway integra-
tion to track microbiome alterations in different levels. gNOMO
pipeline also processes host organism data along with micro-
biome data which provides an essential advantage in host-
microbiome investigations. The main limitations of this pipe-
line are that it does not support amplicon sequencing and
metabolomics data, which would enable analysis of more
multi-omics combinations. gNOMO was employed in an inte-
grative multi-omics analysis of hindgut samples of Blattella
germanica, a non-model the German cockroach species by using
metagenomics, metatranscriptomics and metaproteomics
datasets.102 Moreover, human gut microbiota samples were
processed with this pipeline by combining metagenomics and
metaproteomics data.102

mmvec. Microbe–metabolite vectors (mmvec) uses a machine
learning neural network to estimate the conditional probabilities
of metabolites in the presence of a specific microorganism.103

Metabolite and microbe (amplicon sequencing or metagenomics)
abundance tables are required as input tables for this tool. The
main limitations of mmvec include the lack of a calculation
method for statistical significance and confidence intervals for
the strength of microbe–metabolite interactions, handling only

count data and not allowing for adjustment of covariates.
Allaband et al. (2021) used mmvec to combine amplicon
sequencing and metabolomics data and predicted microbe–
metabolite interactions contributing to the increased risk for
heart disease seen in patients with obstructive sleep apnea.104

mCIA. Multiple co-inertia analysis (mCIA) is an unsuper-
vised analysis method to identify the relationships in multiple
omics datasets.105 mCIA depends on the transformation of
different omics datasets into comparable lower dimensional
spaces through an ordination method and extraction of most
variable omics features sharing similar trends across the
datasets.106 A sparsity employing mCIA method (smCIA) has
been recently introduced to improve the feature selection and
interpretability of the mCIA models.105 mCIA method was used
by Heintz-Buschart et al. (2016) for the integrative analysis of
three omics datasets (metagenomics, metatranscriptomics and
metaproteomics) to explore their relationships in the context of
a case study of familial type 1 diabetes.107

MiBiOmics. MiBiOmics offers both a web-based and stan-
dalone tool for the simultaneous analysis of up to three omics
datasets.108 It includes correlation analysis using weighted
gene correlation network analysis (WGCNA), dimensionality
reduction for each omics dataset using mCIA and Procrustes,
detection of significant associations between omics layers
through a network-based approach, and extraction of the features
associated with phenotypes. MiBiOmics is a user-friendly tool and
allows for data transformation/normalizations to account for the
compositionality aware. However, this tool has certain limitations,
such as its use of univariate analysis which may lead to erroneous
associations when dealing with highly collinear features, and
the requirement for a complete overlap between different omics
datasets.

COMBI. Compositional omics model-based integration
(COMBI) combines latent variable modelling and log-ratio link
functions with mean-variance modelling to generate a new
model for the integration of multi-omics datasets.109 COMBI
accepts omics (amplicon sequencing, metagenomics, meta-
transcriptomics, metaproteomics and metabolomics) feature
abundance tables as inputs and generates a model model-
based joint visualization to highlight sample clusters and
feature relationships. The advantages of this methods include
accounting for the compositionality in omics data and hand-
ling covariates. Yet, the interpretating the relationships
between features from different compositional datasets can
be quite challenging in this method.

PALM. The pipeline for the analysis of longitudinal multi-
omics data (PALM) applies temporal normalization using con-
tinuous curve alignment and uses dynamic Bayesian networks
(DBNs) to reconstruct a unified model. Then, the interactions
between the features from different omics datasets are predicted
to infer microbiome changes in the microbiomes over time.110

PALM provides information on host-microbiome interactions
via the integration of metagenomics, metatranscriptomics,
metabolomics, and host transcriptomics. PALM is designed to
process longitudinal microbiome multi-omics data and thus
answers a particular need in microbiome field. However, the
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lack of comprehensive databases of interactions between the
features of different omics layers and detailed documentation
limit the broad use of this tool.

The main steps of the bioinformatics workflow for each
omics type, along with the characteristics of the integrated
multi-omics tools discussed earlier, are summarized in Fig. 3.

To cover key aspects, strengths, and limitations of the
different approaches thoroughly, we further discuss the step-
by-step process of multi-omics data analysis through an ima-
ginary dataset containing samples collected at different stages
of the fermentation process of artisanal cheese production,
thus specifically focusing on the role of microbial communities
involved in the fermentation process. As previously mentioned,

firstly, the choice of omics combination should align with the
study’s specific goals. For example, to comprehensively under-
stand the role of certain members of a microbial community
and their products, researchers can employ a combination
of metagenomics, metatranscriptomics, and metaproteomics.
This integrated approach enables the analysis of taxonomic
abundance, gene expression, and protein profiles, thereby
providing a holistic view of the alterations in the microbial
community throughout the fermentation process. Fig. 3 illus-
trates a typical workflow for this type of study, depicting the
sequential steps involved. The raw omics data acquired from
these analyses can be directly inputted into either the gNOMO
or IMP pipelines, depending on the specific types of omics data

Fig. 3 Main bioinformatics workflow steps for mainstream omics analysis types and integrated multi-omics analysis tools. (a) The main steps of the
bioinformatics workflow are displayed, accompanied by two integrated multi-omics analysis tools that accept raw omics data as input. Arrow colours
indicate omics analysis type: yellow for amplicon sequencing, blue for metagenomics, green for metatranscriptomics, purple for metaproteomics and
red for metabolomics. The tool that can perform each step is indicated by coloured squares next to arrows: gNOMO is represented by yellow, while IMP
is represented by blue. (b) Integrated multi-omics analysis tools that accept feature abundance tables as input. For each tool, the accepted and non-
accepted omics data types are indicated by coloured squares. Green squares indicate that the tool accepts the corresponding data type, while red
squares indicate that it does not.
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being processed. The gNOMO pipeline can handle metage-
nomics, metatranscriptomics, and metaproteomics data, while
the IMP pipeline specifically accepts metagenomics and meta-
transcriptomics data. Both pipelines effectively process the raw
omics data and perform pre-processing, normalization, inte-
gration, and visualization steps. They generate comparisons of
abundance for matched features across different omics layers,
thereby facilitating the identification of taxonomic and func-
tional changes within the microbial community. By employing
visualization methods such as KronaPlot or Pathview, research-
ers can also explore abundance changes in various taxa, tran-
scripts, and proteins between different phenotypes. This would
not only reveal potential compositional changes in the micro-
bial community but also shed light on changes in gene expres-
sion and protein profiles, providing valuable information about
the fermentation process.

Moreover, the list of integrated multi-omics analysis tools
that accept feature abundance tables as input is provided in
Fig. 3. Each tool is designed to support different combinations
of omics data, providing researchers with a range of options
based on their specific requirements. By performing initial data
analysis steps (i.e., pre-processing and generation of feature
abundance table) separately for each omics type, researchers
can leverage the capabilities of various tools to gain deeper
insights into their data. For identifying the most variable
feature groups across omics layers and exploring their potential
relationship with certain phenotypes, tools like MOFA, mixOmics,
MiBiOmics, mmvec and mCIA can be employed. These tools offer
advanced analytical techniques that enable researchers to uncover

patterns and associations within multi-omics datasets. For
instance, if the researchers are interested in studying metabolites
influencing flavour development and their relationship with
specific microbial community members, they can apply amplicon
sequencing and metabolomics, perform initial data analysis steps
separately for each data type and obtain feature abundance tables
and then use mmvec to identify the top co-occurring microbes
and metabolites, providing valuable information about microbe–
metabolite interactions. In longitudinal designs, PALM emerges
as a valuable tool facilitating the study of temporal changes and
providing researchers with a comprehensive understanding of the
alterations over time. Furthermore, COMBI is a tool that allows for
the investigation of different omics features through joint visua-
lization. By integrating data from multiple omics types, COMBI
facilitates the determination of associations between different
omics features and phenotypes. Overall, by allowing the analysis
of multi-omics data, these tools could help improve cheese
quality, understand the factors influencing flavour development,
and guide the selection of starter cultures or fermentation
conditions.

Table 2 provides a summary of the strengths and limitations
of each tool, accompanied by links to tutorials and code
resources for further insights into the data processing and
output visualization techniques.

Challenges of the integrated multi-omics analyses

Multi-omics analyses have become increasingly common in the
microbiome field, yet they present some important challenges
that need to be addressed in the future. The main challenges

Table 2 Characteristics of integrated multi-omics analysis tools described in this review

Tool Strengths Limitations Link Ref.

MOFA � Ability to integrate partially
overlapping omics datasets

� Poor ability of detecting nonlinear
correlations

https://github.com/bioFAM/MOFA 92

mixOmics � Customizable, well-implemented
tool with extensive documentation

� Poor ability of detecting nonlinear
correlations

https://mixomics.org 95

� Low computational demand � Accepts only continuous data
� Requires complete overlap between omics
datasets

IMP � Standardized workflow including
all data analysis steps

� Does not support amplicon sequencing,
metaproteomics and metabolomics data

https://r3lab.uni.lu/web/imp 99

� High computational demand
gNOMO � Standardized workflow including

all data analysis steps
� Does not support amplicon sequencing
and metabolomics data

https://gitlab.com/gaspilleura/
gnomo

102

� Allows simultaneous analysis host
data

� High computational demand

mmvec � Accounts for the compositionality � Does not calculate statistical significance
and confidence intervals

https://github.com/biocore/mmvec 103

� Handles only count data
� Does not adjust for covariates

mCIA � Does not require common set of
features for all omics datasets

� Poor ability of handling sparse data https://bioconductor.org/packages/
release/bioc/html/omicade4.html

105
� Does not support amplicon sequencing
and metabolomics data

MiBiOmics � Easy to use (web-based and
standalone versions available)

� Calculates univariate correlation https://gitlab.univ-nantes.fr/
combi-ls2n/mibiomics

108

� Compositionality-aware � Requires complete overlap between omics
datasets

COMBI � Accounts for the compositionality � Difficulty of interpretation of the relation-
ships between features from different datasets

https://www.bioconductor.org/packa
ges/release/bioc/html/combi.html

109

PALM � Works with longitudinal
multi-omics datasets

� Incomplete databases of interactions between
omics layers

https://github.com/DaniRuizPerez/
PALM-Public-Respository

110

� No detailed documentation
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include heterogeneity of multi-omics data, compositionality,
missing value problem, difficulties in biological interpretations,
performance and scalability of the analysis tools, data availability,
and reproducibility issues.

Multi-omics data is generated using different analysis plat-
forms which bring resolution differences and technique-inherent
biases as sources of data heterogeneity. The heterogeneity of
multi-omics datasets causes different statistical power for each
omics analysis type, eventually affecting the integration and
interpretation efforts.80 Therefore, power and sample number
estimation is not an easy task for multi-omics studies. There are
two main approaches to alleviate the effects of data heterogeneity
in omics analyses. The first approach ensures the same number of
samples across all analyses, which inevitably results in different
statistical power and false negative results. The second approach
maintains consistent statistical power for each omics type despite
varying sample sizes, which imposes the necessity of using
specific integrative analysis tools (such as MOFA) that can handle
partially overlapping datasets. Other approaches to handle
heterogeneity across multi-omics datasets include employing
pre-processing steps, including sample eliminations before inte-
gration or applying power enhancement approaches for the same
features across datasets during integrative analysis.111 However,
these approaches only partially solve the heterogeneity-related
issues and bring new complications.

Another critical challenge in multi-omics analyses arises
from the compositionality of the sequencing and mass spectro-
metry data, which means these measurements do not provide
absolute abundances; instead, the relative abundances of target
biomolecules, which are not independent, are presented with
an arbitrary sum constraint.103,112,113 Hence, this composi-
tional nature of multi-omics microbiome data can confound
downstream statistical analyses and cause spurious inferences
of interaction.114 Although the number of the tools considering
compositionality has been increasing, particularly in genomics,
there is a strong need for compositional data analysis tools for
facilitating integrated multi-omics analysis.

Omics technology applications in the microbiome field
inevitably suffer from the missing value problem with different
underlying causes.82 As missing data hampers a reliable and
efficient integrated multi-omics analysis, appropriate missing
value handling/imputation processes are necessary.92,115 There
are already some multi-omics analysis tools and pre-processing
protocols before integrative analysis addressing this issue.
However, comprehensive studies systematically evaluating
the effects of these approaches on the results are needed to
correctly examine the consequences of these applications on
the results obtained from the integrated multi-omics analysis.

Drawing biological interpretations from integrated multi-
omics analyses can be challenging, mainly due to the complex
nature of microbial ecosystems and the need for comprehensive
reference databases and knowledge of analysed biomolecules.
In addition, some omics analyses, such as metabolomics, suffer
from a high percentage of unknown biomolecules detected in
samples which substantially limits the translational success in
microbiome studies.72 The broader use of omics technologies and

collaborative efforts would be valuable to circumvent these
limitations.

Development of easy-to-access, secure, and efficient data
storage and management strategies and high-performance,
scalable analysis tools are critical to keeping pace with the
exponential growth of microbiome multi-omics data. In addi-
tion, availability of the data from conducted multi-omics stu-
dies, standardization of experimental and bioinformatics
protocols and increasing reproducibility of the analyses are
vital topics that demand attention in the future.

Future perspectives

As in all other biological and medical fields, the microbiome
field has benefited from the rapid progress of multi-omics
applications in the last decade. However, thus far, primarily
large research groups with a previous experience of omics
technologies have been applying these analyses while wider
microbiology community has yet to start using them due to a
lack of know-how and current high costs. Therefore, projecting
the developments in the multi-omics sciences into the future
based on the experience with amplicon sequencing in the
microbiome field, which has become a routine application
now, we expect a broadening use will essentially depend on
both the development of standardized sample preparation
protocols with extensive documentations and the improvement
of the novel cost-effective analysis techniques. At this point, we
emphasize that user feedback would be critically important for
the enhanced usability of protocols and tools. In addition,
developing and spreading the novel analysis techniques
proposed to address the current challenges (such as long-read
sequencing for DNA/RNA targeting approaches,116–118 and DIA
for metaproteomics119,120) would contribute to the advances in
the field. Furthermore, increasing comparability between dif-
ferent studies via standardizing wet lab and bioinformatics
protocols would boost the discovery and applications. Finally,
developing new integration strategies considering the limita-
tions of each omics data type and allowing further integration
with other data types, such as clinical tests, are promising
research topics of the multi-omics sciences. We summarize
several example studies applying integrated multi-omics ana-
lyses of microbiomes in Table 3.

Insufficient sample sizes are among the main problems for
microbiome studies, which result in inconsistent findings
between different studies.127 Thus, international collaborations
would promote employing large cohorts and increase the
robustness of the results in the multi-omics studies in the
microbiome field. There have already been large projects on
multi-omic studies of the human microbiome, such as the
Integrative Human Microbiome Project3 and The National
Microbiome Data Collaborative,128 and international initiatives
for comprehensive assessments and best practice identifica-
tions for single omics protocols through multi-laboratory
comparisons.60,129,130 New international collaborations focus-
ing on the integrated multi-omics analysis of both human and
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environmental microbial communities are needed in the future
to provide best practices and propose solutions for the current
limitations.

Another critical aspect of multi-omics analyses of micro-
biomes is cost, as this determines the financial feasibility of
their use in microbiome studies. Although we have been
witnessing a continuous decrease in the costs of omics applica-
tions, these applications are still not cost-effective for many
research groups around the world. There has been a sharp
decrease in the costs of DNA/RNA sequencing technologies
which tends to stabilize unless new cost-effective technologies
create a new wave. We expect a similar decrease for meta-
proteomics and metabolomics applications in the coming years
as the scientific community has started to employ these tech-
niques more in the last few years.

Multi-omics analyses of microbial communities necessitate
interactions between different disciplines which would be
among the driving forces for these studies. Also, using auto-
mated systems for experimental procedures and employing
innovative computational methodologies such as machine
learning and artificial intelligence in multi-omics studies
would help interpret the results of multi-omics studies and
disentangle complex interactions in microbial ecosystems.

Conclusions

Despite their current limitations, integrated multi-omics ana-
lyses are finding increasing use in the microbiome field, as they
provide deeper insight into dynamics and interactions of
microbial ecosystems when compared with single omics ana-
lyses. Future advances and potential solutions to the current
challenges are expected to accelerate the impact of multi-omics
on the microbiome field and facilitate its clinical translation
such as in better disease diagnosis, personalized medicine,
preventative and therapeutic interventions, and biotechnological

applications such as bioremediation, sustainable agriculture, and
farming.

In this review, we summarized experimental and bioinfor-
matics aspects of both individual omics types and integrated
multi-omics analyses. In addition, we presented various avail-
able multi-omics integration tools in microbiome research with
example studies. Moreover, we discussed the main current
challenges, future perspectives, and potential implications.
Overall, our review highlights current concepts, opportunities and
challenges posed by multi-omics methods in the microbiome field.
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59 R. Heyer, K. Schallert, A. Büdel, R. Zoun, S. Dorl, A. Behne,
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119 S. Pietilä, T. Suomi and L. L. Elo, ISME Commun., 2022, 2, 51.
120 L. C. Gillet, P. Navarro, S. Tate, H. Röst, N. Selevsek,
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F. Maechler, F. Mesny, S. Radutoiu, P. Schulze-Lefert,
N. Smit, T. Strowig, A. Bremges, A. Sczyrba and
A. C. McHardy, Nat. Methods, 2022, 19, 429–440.

130 A. Sczyrba, P. Hofmann, P. Belmann, D. Koslicki, S.
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