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Abstract

This editorial piece co-authored by the Senior Editors at Microbiome aims to highlight current challenges in the field
of environmental and host-associated microbiome research. We also take the opportunity to clarify our expectations
for the articles submitted to the journal. At Microbiome, we are seeking studies that provide either new mechanistic
insights into the role of microbiomes in health and environmental systems or substantial conceptual or technical
advances. Manuscripts need to meet high standards of language accuracy, quality of microbiome analyses, and data

and protocol availability, including detailed reporting of wet-lab and in silico protocols, all of which can critically
enhance transparency and reproducibility. We think that such efforts are essential to push the boundaries of our
knowledge on microbiomes in a concerted, international effort.

On the importance of accurate terminology

The misuse of terms such as microbiome, microbiota,
abundance, 16S ribosomal RNA (rRNA) gene, and
metagenomics, among others, has contributed to the
misunderstanding of many studies by the scientific com-
munity and the lay public [1-3]. The microbiota includes
the communities of microorganisms (bacteria, archaea,
fungi, viruses, and protists, including micro-algae) that
inhabit an ecosystem, although most studies investigate
only the bacterial component of the microbiota [3]. The
term “microbiota” should be differentiated from the term
“microbiome’, the latter encompassing the entire micro-
bial ecosystem, namely the community of microorgan-
isms together with their theater of activity (including
structural elements (gene, expressed gene and proteins),
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metabolites/signal molecules, and their surrounding
environmental conditions) [3]. The term “microflora’,
often wrongly used as a synonym for “microbiota’, refers
to “microscopic plants or the plants or flora of a micro-
habitat” [2]. An additional emerging semantic issue is
the use of the term “pseudo-germfree mice” when refer-
ring to antibiotic-treated mice. This term is impossible
to define, biologically implausible and misleading and
should therefore not be used.

Confusion also exists around the denomination of
methodologies used to assess the composition and func-
tion of microbiota. The sequencing of PCR amplicons of
hypervariable regions of the gene encoding for 16S or 18S
rRNA should be described as “16S rRNA gene amplicon
sequencing’, or “18S rRNA gene amplicon sequencing”;
the use of truncated versions of this term (e.g. 18S or 16S
sequencing) or referring to rDNA is inaccurate. Whilst
this technique provides information on the diversity and
taxonomic composition of prokaryotic members of the
microbiota, it cannot be described as “metagenomics”.
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Metagenomics refers to the random sequencing of all
DNA within a given sample [2] and provides information
on the functional potential of the microbial communities
under study.

Another important semantic problem leading to tech-
nical misconception is the widespread use of the term
“abundance” when reporting proportional results of
amplicon sequencing or metagenomic studies [1]. It is
misleading to refer to “abundance” and the term “rela-
tive abundance” must be used. General terms such as
“occurrence” or “presence” may be used whenever appro-
priate if they improve the clarity of the text, keeping in
mind that sequencing approaches are usually restricted
to dominant populations and do not enable the detec-
tion of all members in a complex microbial community.
Quantitative microbiome analysis approaches exist, such
as cultivation or sequencing profiles corrected by quan-
titative measurement of bacterial load by flow cytometry
or quantitative PCR [4—6]. In such cases, the data are in
“absolute abundances’, but these approaches are more
complex to implement and always need to be bench-
marked using complex mock communities.

Misleading language can also include the way
microbes are associated with supposed beneficial or
negative effects on their host or environment. For exam-
ple, host-associated lactobacilli and bifidobacteria are
often wrongly referred to as probiotics [1]. Exogenous
microbes that are administered to a host and hold poten-
tial health benefits can be referred to as probiotic can-
didates; in contrast, endogenous members of microbial
communities are commensals, not probiotics. In general,
care should be taken not to label entire microbial taxa,
especially families or genera, as probiotic, beneficial,
pathogenic, detrimental, or pathobionts, because the
observed effects can be highly species- or even strain-
specific [7, 8].

Nomenclature rules and taxonomic accuracy also
matter. There are rules dictating how organisms must
be named. For cultured bacteria these are set by The
International Code of Nomenclature for Prokaryotes
(ICNP), maintained by the International Committee on
Systematics of Prokaryotes (ICSP) [9, 10]. In 2021, phy-
lum was added to the ranks covered by the rules of the
Code, which led to the update of widely used names of
numerous phyla, such as Bacillota (formerly Firmicutes)
or Bacteroidota (formerly Bacteroidetes) [11]. The List
of Prokaryotic names with Standing in Nomenclature
(LPSN) is a good reference for authors to check the valid-
ity of bacterial names [12, 13]. Importantly, not all data-
bases agree on the taxonomic placement and naming
of bacteria, and they are not all systematically updated,
highlighting the importance of reporting the name and
version of resources used to name microbes during
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sequencing-based analysis of microbiomes. One of the
most comprehensive databases is the Genome Taxonomy
Database (GTDB) [14]. It provides a phylogenetically
consistent and rank-normalized genome-based tax-
onomy for prokaryotic genomes. However, it does not
strictly follow naming rules according to the ICNP and
also contains names validated under the SeqCode [15].
At Microbiome, we require that validly published bacte-
rial names are written according to the guidelines of the
American Society for Microbiology and the Journal of
Bacteriology [16, 17]. Essentially, validly published Latin
names at any taxonomic level (kingdom, phyla, class,
order, family, genus, species, and subspecies) should be
italicized. In contrast, anglicized versions of Latin bacte-
rial names, such as bifidobacteria, lactobacilli, clostridia,
or enterococci are written without a capital letter and are
not italicized. Strain designations or numbers should also
not be italicized. For taxa belonging to the category ‘Can-
didatus, the word ‘Candidatus’, but not the genus name
and/or the vernacular epithet, should be printed in ital-
ics [18, 19]. For recent valid names of reclassified taxa
or in the case of synonyms, authors may add in brackets
a reference to the previous, or other name to facilitate
understanding by the readers. Similarly, there are inter-
national frameworks for the taxonomy of fungi, protists
and algae. We recommend that researchers working with
these groups become familiar with these conventions
and clearly state the source of names and classification
systems used in publications. For viruses, the Interna-
tional Committee on Taxonomy of Viruses (ICTV) is the
authority for developing, refining, and maintaining a uni-
versal virus taxonomy [20].

Avoiding pitfalls in taxonomic and functional
analyses of microbiomes

Biases, such as the over/underestimation of individual
microbiota members as well as contamination/deple-
tion issues that result in false positive/negative taxon
identification, can be introduced at every step of micro-
biota analysis: sample collection and preservation, DNA
extraction, library construction, sequencing, bioinfor-
matics, biostatistics, and data visualization. The recent
controversy over the existence of the placental or pre-
natal human microbiome, now widely considered to be
the result of contaminations and misinterpretation, is
an example of how reports of microbiomes can have a
lasting impact on scientific discourse [21, 22]. This risk
should be minimized by following general and current
technical recommendations, including controls and ade-
quate replication, as detailed elsewhere [23-25]. Impor-
tantly, manuscripts should always contain a detailed
description of these technical aspects, including all the
experimental details required to reproduce the work.
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Examples of details that are often omitted include (non-
exhaustive list): method of sample collection, duration
and conditions of sample storage, method of lysis during
DNA extraction, primers used and number of cycles (for
amplicon studies), wet-lab and in silico strategies to pre-
vent the analysis of spurious taxa. As the field continues
to evolve, and contamination, experimental challenges,
and technical biases can never be completely avoided,
their detailed, comprehensive, and transparent assess-
ment, characterization and discussion in manuscripts
remains a critical requirement for studies published in
Microbiome.

Appropriate controls

Adequate experimental controls, reagent-negative con-
trols (also called “blanks”) and mock communities should
be included in the entire extraction, sequencing and
analysis process, and their exact nature adapted to the
specific study objectives. Negative controls, introduced
at each step of the process (e.g., DNA stabilization solu-
tions without sample, controls for collection devices,
extraction controls, PCR controls) are essential when
working with low biomass samples, like oral, respiratory,
or environmental microbiota, to better control for the
inclusion of artefacts from reagents, and other sources
of contamination [26, 27]. Data from negative controls
should be released alongside the sample data, and the
results of their analysis should be compared to those of
the samples under study, with an interpretation that will
depend on the project [22, 27]. Similarly, biological mock
communities (i.e., known mixtures of microorganisms or
their DNA that, if possible, reflect the diversity and taxo-
nomic composition of the microbial communities under
investigation) should be included to assess potential bias
in taxonomic analyses. The mock community composi-
tion and sequence results should also be made publicly
available with other data from the study; such composi-
tion should be compared to the theoretical composition
[28, 29]. In addition to generic controls, there is a need to
develop habitat-specific mock communities. For complex
environments, mock communities with higher diversity
(e.g. more than 10 taxa) should be considered. Non-bio-
logical mock communities (i.e., samples that contain lab-
made variable regions that do not exist in nature) are also
relevant to assess cross-sample contamination and tag
switching, and to parametrize bioinformatics pipelines
[30].

DNA extraction

DNA extraction methods have a large effect on the out-
come of microbiome analysis [31]. Nucleic acid extraction
should be optimized to obtain accurate representation of
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the microbial community present in the sample/environ-
mental matrix [32]. For example, including a bead-beat-
ing in the extraction protocol is highly recommended
for fecal and soil samples to avoid losing specific taxa
[33, 34]. However, biases seem to be inherently related
to extraction; there is not a “one size fits all” protocol
that would allow to accurately capture the genomes of
all strains present in a given sample [35]. The detection
of all taxa in complex communities is also hampered by
the nature of current sequencing approaches, which are
de facto limited to dominant populations. DNA extrac-
tion of complex samples such as plant tissues can lead to
contamination with mitochondria and chloroplast rRNA
genes, which represent a significant source of bias [36]. In
these cases, we recommend the use of specific blockers
and/or discriminating PCR primers [37].

Sequencing

Several sequencing-based approaches and techniques
for the analyses of microbiomes exist, with their own
strengths and weaknesses [38]. In general, we advise
the use of unique dual sequencing indices to reduce the
risk of misassigned reads during the demultiplexing step
[39]. Sequencing amplicons of the 16S rRNA gene, 18S
rRNA gene, and the fungal internal transcribed spacer
(ITS) region allow researchers to assess the diversity and
composition of bacterial, eukaryotic, and fungal commu-
nities, in most cases at the family or genus level depend-
ing on the ecosystem and the taxonomic group studied.
The implementation of protocols that enable sequencing
of the entire gene or even ribosomal RNA operon will
improve resolution [40-43]. Amplicon-based approaches
can be supplemented or replaced by shotgun sequenc-
ing for metagenomic analysis. Although more expensive,
computationally demanding, and difficult to perform
using low-biomass samples, metagenomics facilitates
strain-level resolution and gain of insight on functional
potential, pending sufficient sequencing depth [44]. Shal-
low metagenomics has the advantage of avoiding PCR
bias compared to amplicon sequencing but does not
enable the level of taxonomic accuracy and functional-
ity provided by deep shotgun sequencing. Prediction of
functional microbiota profiles based on 18S or 16S rRNA
gene-derived taxonomic information is not reliable,
mainly due to the large fraction of unknown microbes,
microbes without appropriate reference genomes [45, 46]
and substantial gene content differences even between
strains of the same species [47, 48]. We therefore do not
recommend marker gene-based in silico functional pre-
dictions, unless supported by additional analyses or to
generate hypotheses that are then tested experimentally.
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Sequencing data analysis

Preprocessing and downstream analyses of sequencing
data can be done using multiple tools. The goal here is
not to provide recommendations but to clarify important
general aspects.

Firstly, at Microbiome, we strongly encourage the use
of open access tools, which are essential to ensure repro-
ducibility of the analyses and assessment of potential
biases related to this step; this aspect is further developed
below.

Secondly, recent versions of taxonomic databases
should be used to ensure adequate taxonomic analysis.
Such databases are evolving quickly due to the ongoing
effort to characterize unknown taxa in microbial ecosys-
tems [12, 49-51]. As mentioned above, inconsistencies in
the nomenclature across databases exist and databases
can suffer from shortcomings in their annotation. The
authors are thus required to state the version number
or date of accession to ensure that the results reported
are traceable. Metagenomics faces similar challenges
as amplicon sequencing in terms of annotation accu-
racy and maintaining high-quality reference databases.
Improvements in genome-resolved metagenomics have
enabled the creation of comprehensive and ecosystem-
specific catalogs of population genomes or taxonomically
annotated genes [52-57]. These resources, however, are
being generated so quickly that the maintenance and har-
monization across systems are major challenges [58-60]
and de novo generation of sample-specific gene cata-
logues or genomes may be preferable [61].

Thirdly, Microbiome encourages the submission of
thorough and comprehensive studies that aim at bench-
marking new or even established metagenomic software.
Guidelines for appropriate benchmarking are emerg-
ing, supported by the Critical Assessment of Metagen-
ome Interpretation (CAMI) initiative [62, 63]. In future
benchmarking studies, biological mock communities
of higher complexity and specificity to different micro-
bial habitats will play an important role, for example
to assess bioinformatic workflows used to reconstruct
metagenome-assembled genomes (MAGs), as they are
widely used as references to analyze metagenomic data
and to draw conclusions on strain-level differences in
microbiomes.

Biostatistical analyses

A key aspect of biostatistical analyses is the use of meth-
ods that consider the compositional nature of microbial
datasets generated by sequencing, are suited for the study
design, and include false discovery rate (FDR) correction
[64—67]. Rarefaction techniques are recommended to be
used for specific analyses that are known to be sensitive
to sequencing depth. Microbiome sequencing datasets
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are typically sparse, meaning that they frequently con-
tain zero-counts (0), due to the taxon or gene not being
detectable or present. The use of null values in statisti-
cal analysis and data presentation has been a matter of
debate, as a null value can only indicate that the given
taxon was not detected, possibly because it is part of sub-
dominant communities [68]. The choice of whether to
include null values ultimately depends on the goal of the
study. One solution is to compare the occurrence of taxa
only in those samples that contain them and assess pres-
ence/absence separately by prevalence testing. The choice
of the method used also impacts the results. Regarding
the identification of differentially abundant microbes,
methods such as ALDEx2 and ANCOM-II produce the
most consistent results across studies and agree best with
the intersect of results from different approaches [64]. In
line with this study, we propose the use of a consensus
approach based on multiple differential abundance meth-
ods to help ensure robust biological interpretations. All
these aspects of the analysis should always be carefully
considered and clearly reported.

Data interpretation

As mentioned above, the abundance of taxa or genes,
expressed either at relative or absolute levels, can lead to
different interpretations [4, 69]. Considering the poten-
tial bias that can arise from comparing the taxonomic
composition of microbial communities that differ in their
microbial load, we also recommend (when possible) to
complement compositional analyses with absolute quan-
tification of microbial taxa of interest for the study [1,
70-72]. A known example of misconception arising from
differences in relative abundances is the so-called Fir-
micutes to Bacteroidetes ratio (Bacillota to Bacteroidota
ratio as per the current nomenclature). The original stud-
ies proposing this ratio were underpowered and phyla
encompass a broad variety of bacterial strains, hence
with no functional insight provided by such ratio [35].
Therefore, studies submitted to Microbiome are discour-
aged to draw conclusions based on this ratio without pro-
viding thorough information on why doing so and further
demonstrating the validity of the findings.

Another main challenge in microbiome studies is the
interpretation of alpha-diversity measures. Diversity
is a general term often used (and sometimes misused)
in microbiome studies and it became of major inter-
est due to “low diversity” gut microbiomes proposed to
be associated with multiple diseases. As diversity analy-
sis in microbial ecology has many facets and different
opinions exist, we only report here our own view on a
limited number of elements. Alpha-diversity describes
the bacterial diversity within a given sample, with met-
rics focusing on the richness, reflecting the observed
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number of different taxa in a sample, or the evenness,
evaluating the uniformity of distribution of these taxa,
or both parameters at once [73, 74]. In general, when
reporting alpha-diversity, we recommend working with
data that have undergone rarefaction to account for dif-
ferences in sequencing depth [75]. Importantly, many of
the approaches used to assess ecosystem diversity were
developed for landscape-based diversity estimation and
their applicability to microbiome data should be ques-
tioned before use. For instance, the Chaol and ACE esti-
mators are commonly used, but their calculation is based
on the occurrence of singletons in a dataset. Given that
microbiome data are sparse, that the occurrence of sin-
gletons varies with sequencing depth, and that bioinfor-
matic data processing frequently involves the removal
of singletons, the Chaol and ACE indices should not
be used in most cases, especially in amplicon sequence
variant (ASV)-based analysis approaches [76]. The Shan-
non index is also commonly used, but just as diameter is
an index of the volume of a sphere, the Shannon index
is only one parameter associated with diversity. There is
no direct proportionality between the index and diver-
sity (a doubling of the Shannon index does not mean a
doubling of diversity), and the meaning of “statistically
significant” changes in Shannon diversity for an eco-
system is difficult to comprehend and can be mislead-
ing. An alternative is to calculate the effective number
of species based on the Shannon index, which provides
an easily interpretable number of species that integrates
their relative proportion within the sample [77]. Lastly,
alpha-diversity metrics from different studies cannot be
directly compared due to the normalization and filtering
steps that are inherently different between studies. New
concepts, such as effective microbial richness [28], are
emerging to address this issue and their evaluation and
use is encouraged.

Data visualization

We recommend the usage of box plots or violin plots
instead of stacked bar plots for several reasons. Firstly,
stacked bar plots do not allow the visualization of data
distributions and their standard deviations. Secondly,
low abundance taxa, which can be numerous, are not vis-
ible when included in stacked bar plots. Thirdly, plotting
many taxa prevents straightforward visual recognition, as
too many similar colors are required. If it is unavoidable
for the study to include stacked bar plots to represent
marked change, they must show the taxonomic compo-
sition in individual samples (presenting biological repli-
cates individually). In addition, strategies for presenting
low abundance taxa, such as relative abundance or preva-
lence filters, should be used to enhance visualization.
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We also recommend the use of color vision deficiency
(CVD)-friendly color palettes [78].

Reporting and sharing microbiome studies
Detailed reporting of microbiome studies is of utmost
importance for reproducibility of the research, which has
always been a priority at Microbiome [79]. We are endors-
ing the Strengthening The Organization and Report-
ing of Microbiome Studies (STORMS) guidelines, which
describe reporting elements for laboratory, bioinformatic,
and statistical analyses tailored to human microbiome
studies [80]. The Standards for Technical Reporting in
Environmental and host-Associated Microbiome Stud-
ies (STREAMS) Guidelines are being written based on
the STORMS reporting checklist, which would allow to
expand these guidelines to environmental, non-human
host-associated, and synthetic microbiome studies [81].
In line with the importance of reproducibility, Micro-
biome follows a strict data release policy and expects
datasets to comply with the Findability, Accessibility,
Interoperability, and Reusability (FAIR) principles [82].
The FAIR Principles put specific emphasis on enhancing
the ability of machines to automatically find and use the
data, in addition to supporting its reuse by individuals.
The principles apply not only to ‘data’ sensu stricto, but
also to the metadata, algorithms, tools, and workflows
that led to the presented findings. In line with these prin-
ciples, we require that all datasets used in articles to gen-
erate findings and draw conclusions are available to the
reviewers at the time of submission and publicly avail-
able at the time of publication, with raw data deposited in
public repositories [83]. In addition to the metadata pro-
vided in international sequence repositories, metadata
that are used in any analysis within a submitted manu-
script need to be made available in its entirety in a recog-
nized repository or as supporting files to the manuscript.
We also suggest inclusion of supplementary table(s) that
link(s) samples, sources, sequences and metadata. Meta-
data should be formatted according to the MIxS (Mini-
mum Information about any (x) Sequence) standards
developed by the Genomic Standards Consortium (GSC)
[84]. The version of software used needs to be reported
to facilitate reproducibility, with adequate citation to
support the work of researchers that are making most
of these tools freely accessible. We are also requesting
that authors make the code/scripts used for their analy-
sis available through public sources, with the associated
license. This cultural change to make microbiology data
Open and FAIR is promoted by initiatives and consortia
like NFDI4MICROBIOTA [85] and NMDC [86]. These
efforts are designed to promote transparency and com-
plete reproducibility of microbiome analyses on a long-
term basis.
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Moving the microbiome field

towards a mechanistic understanding

At Microbiome, we are looking for manuscripts of gen-
eral interest, which provide significant new insights into
the mechanistic role of microbiomes for health and the
environment, or that lead to substantial conceptual or
technical advances in the field. Microbiome is espe-
cially interested in studies that go beyond descriptive
omics surveys and include experimental or theoreti-
cal approaches that mechanistically support proposed
microbiome functions, and establish, if possible, cause-
and-effect relationships. Associative studies, while
valuable for generating hypotheses, often lead to over-
statements and misconceptions about causal relation-
ships, resulting in public skepticism and hesitation from
the scientific community to embrace the importance of
microbiomes, and should therefore be self-critically and
conservatively interpreted. This position is also moti-
vated by the risk of spurious correlations existing in large
multivariate datasets [87-89]. These bioinformatically
inferred associations are useful for reducing the number
of potential hypotheses to be tested, but do not preclude
the ultimate necessity for experimental validation [88].
For microbiome research to foster meaningful advance-
ments, it is essential to prioritize studies that go beyond
correlations and provide robust mechanistic insights.

Methods for establishing causality in the field of micro-
biomes have been widely discussed [1, 90, 91]. The most
reliable way of generating mechanistic insight is to have
a carefully constructed hypothesis, a sampling or experi-
mental design that robustly interrogates the hypothesis
(i.e., including all necessary controls and measuring all
relevant variables), and appropriate validated method-
ologies to generate data that allow researchers to cor-
roborate or reject the hypothesis. Useful field-advancing
hypotheses must address an important knowledge gap
that is well-supported by literature review and outlined,
with supporting citations, in the introduction of the man-
uscript. Exceptions always exist since useful mechanistic
insight can be generated without an explicit hypothesis
(e.g., using techniques like metabolic labeling or click
chemistry approaches [92, 93]), and there are habitats
and ecosystems for which so little knowledge exists that
useful hypotheses cannot be constructed de novo.

This editorial was informed by papers submitted to
Microbiome and discussions between the current Sen-
ior Editors at Microbiome. Microbiome will continue to
strive toward high-quality mechanistic research in this
ever-expanding field as we are convinced that following
this path is essential to collectively push the boundaries
of our knowledge on microbiomes.
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