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Abstract

For decades, the 16S rRNA gene has been used to taxonomically classify prokaryotic spe-
cies and to taxonomically profile microbial communities. However, the 16S rRNA gene has
been criticized for being too conserved to differentiate between distinct species. We argue
that the inability to differentiate between species is not a unique feature of the 16S rRNA
gene. Rather, we observe the gradual loss of species-level resolution for other nearly-uni-
versal prokaryotic marker genes as the number of gene sequences increases in reference
databases. This trend was strongly correlated with how represented a taxonomic group was
in the database and indicates that, at the gene-level, the boundaries between many species
might be fuzzy. Through our study, we argue that any approach that relies on a single
marker to distinguish bacterial taxa is fraught even if some markers appear to be discrimina-
tive in current databases.

Author summary

The use of reference databases for assigning taxonomic labels to genomic and metage-
nomic sequences is a fundamental bioinformatic task in the characterization of microbial
communities. The increasing accessibility of high throughput sequencing has led to a
rapid increase in the size and number of sequences in databases. This has been beneficial
for improving our understanding of the global microbial genetic diversity. However, there
is evidence that as the microbial diversity is more densely sampled, increasingly longer
genomic segments are needed to differentiate between distinct bacterial species. The sci-
entific community needs to be aware of this issue and needs to develop methods that bet-
ter account for it when assigning taxonomic labels to metagenomic sequences from
microbial communities.
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Introduction

The 16S rRNA gene has been employed for decades to taxonomically characterize the prokary-
otes found in microbial communities. Several databases have been created as a reference for
assigning taxonomic labels to newly sequenced versions of the 16S rRNA gene. For example,
the RDP [1], Green Genes [2], and SILVA [3] database comprise almost 4 million distinct gene
variants. However, although the 16S rRNA gene is universally present in the genomes of pro-
karyotes, and is phylogenetically-informative (i.e., useful for inferring their evolutionary his-
tory), its use to taxonomically-characterize microbial communities has been criticized due to
its limited taxonomic resolution for some taxa [4,5].

With the advent of metagenomics—the culture-independent sequencing and analysis of the
total organismal DNA directly extracted from a sample—a broader range of methods have
been developed to characterize the taxonomy of microbial communities. Like the 16S rRNA,
metagenomic methods use reference databases to assign taxonomic labels to sequences. How-
ever, instead of amplicon sequence variants (ASVs) or operational taxonomic units (OTUS),
in a metagenomic context the database might consist of k-mers, genes, or genomes, and the
sequences being taxonomically classified might be metagenomic reads, contigs, or metagen-
ome-assembled-genomes (MAGs). While, ideally, classification would rely on a holistic inter-
pretation of genomic data, many metagenomic tools that use gene databases still rely on
information from the 16S rRNA gene or sets of universal single-copy genes considered in iso-
lation from each other [6-13]. Gene catalogs, composed of a non-redundant collection of the
genes extracted from the genomes and metagenomes collected from a specific habitat (e.g., the
human gut), have also been widely used to assign taxonomic labels, frequently considering
each gene independently [14-23]. In other words, even in cases when a method may, at first
glance, appear to consider a broader genomic context than any individual gene, the actual clas-
sification frequently still relies on just one gene or small genomic region considered in
isolation.

Here we propose that the limited resolution of the 16S rRNA gene as a taxonomic marker
reflects a more fundamental challenge-the impact of growing reference databases on the accu-
racy of taxonomic classification approaches that rely on a single genomic marker. We hypothe-
size that the sequence diversity of most taxa is highly under-sampled, thereby artificially
inflating the discriminative power of individual genes, but as databases accumulate an increas-
ing number of sequences from diverse species, the likelihood of encountering interspecies
sequence collisions rises.

Interspecies sequence collisions within databases reduce the amount of information for dif-
ferentiating the species in a database and have various well-known consequences for down-
stream analyses. For example, metagenomic reads can multi-map, i.e., align equally well to
multiple sequences in the database, affecting the accuracy of abundance estimation and taxo-
nomic classification [24]. Some tools for metagenomic analysis explicitly handle multi-mapped
reads, e.g., by filtering out alignments based upon coverage statistics or by assigning the taxon-
omy of the lowest common ancestor (LCA) of the mapped database sequences [12,25]. Other
methods try to handle sequence collisions at the level of the database, e.g., by first clustering
the genes within the database as in the case of the construction of gene catalogs. However, pre-
vious work has shown that even after gene clustering, up to 40% of metagenomic reads can
multi-map within a gene catalog. Further, gene clustering can lead to a loss of species represen-
tation in catalogs [24].

Here we demonstrate that the limited resolution of the 16S rRNA gene as a taxonomic
marker reflects a more fundamental limitation of performing taxonomic classification based
on any individual taxonomic maker. As sequence databases increase in size, and as under-
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sampled taxa become better represented in databases, the resolution of taxonomic classifica-
tions necessarily degrades due to an increase in interspecies sequence collisions. This effect has
previously been demonstrated for k-mer databases [26]. Here, we demonstrate the same pat-
tern when analyzing marker gene sequences. The sequences analyzed include the 16S rRNA
gene and single copy marker genes that are phylogenetically informative and nearly universally
present in prokaryotes [4,27], including a set of 40 single copy marker genes [28], and the 120
genes used by the Genome Taxonomy Database (GTDB) [29].

Methods
Sequence data used for analysis

The SILVA 16S rRNA gene database (release 138.1) was downloaded and filtered to remove
sequences with incomplete taxonomic labels and those from mitochondria and plastids
(394,617 sequences remained). We also downloaded the 120 marker genes (35,171,383
sequences) from the Genome Taxonomy Database (GTDB) (release 207). It should be noted
that both databases contain full-length genes that have not been deduplicated, i.e., there can be
identical sequences from the same species.

To create the Listeria gene databases we first downloaded the 5,014 RefSeq genome
sequences available for Listeria (representing 34 distinct species) in the NCBI Assembly data-
base. Most genome sequences from this genus (4,439) belonged to Listeria monocytogenes.
From each Listeria genome sequence we extracted the 165 rRNA gene using Barrnap [30]
(7,625 sequences) and 40 prokaryotic marker genes using fetchMG [31]. The output of
fetchMG was filtered, for each marker gene, by removing sequences that were of very different
length (below half or above twice as long as the average sequence) and, thus, likely to be
artifacts.

To assess the overlap between the 120 marker genes used by the GTDB and the 40 universal
marker genes previously used for taxonomic classification (e.g., by the mOTU tool [13]), we
ran fetchMG on the GTDB gene set. We identified 29 marker genes that were shared between
the two data sets.

Database simulation and clustering

To create the simulated databases for each marker gene in the SILVA and GTDB, we created a
collection of random subsets varying in size from 10,000 to 200,000 sequences in 10,000 gene
increments. For the Listeria marker genes, we randomly subsampled its sequences into subsets
varying in size from 1,000 to 5,000 sequences in 1,000 gene increments. We repeated this pro-
cess 100 times so we could estimate the variability of our results.

Each simulated database was clustered with CD-Hit [32] at several sequence identity cut-
offs (95%, 97%, 99%, 100%), requiring that shorter sequences fully align to longer ones. It is
important to note that we clustered the database sequences rather than the query sequences (as
would normally be done if we constructed ASVs or OTUs from amplicon or metagenomic
data). The clustering thresholds were chosen for several reasons. Firstly, genes sharing high
sequence similarity are likely to contain regions where metagenomic reads cannot be uniquely
aligned, thus, highlighting issues with read-based taxonomic classification. Further, genes
from distinct species that are 100% identical indicate that species-level resolution is simply not
possible for a specific gene. Secondly, these thresholds are often applied in various bioinfor-
matic contexts. For example, microbial gene catalogs are often clustered at 95% identity to pro-
duce species-level gene clusters [24], while 97% and 99% identity have been used as proxy
species-level thresholds in OTU clustering [33].
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Cluster analysis

To assess the level of ambiguity present in a database in a classifier-independent manner, we
clustered the database sequences at different identity cut-offs and computed the number of
clusters that contained sequences from more than one species (multi-species clusters). Multi-
species clusters approximate the likelihood that a classifier would be unable to distinguish
between the distinct species found in the cluster. At the 100% threshold, for example, a multi-
species cluster implies that identical sequences have been assigned divergent taxonomic labels,
thus no sequence feature would be able to distinguish the co-clustered sequences. The other
thresholds we use are frequently used in the bioinformatics community to define boundaries
between taxonomic groups, under the assumption that sequences that have a higher level of
similarity have the same taxonomic label. For example, microbial gene catalogs are often clus-
tered at 95% identity to produce species-level gene clusters [24], while 97% and 99% identity
have been used as species-level thresholds in OTU clustering [33].

The rate at which sequences were clustered with sequences from other species was esti-
mated using the Y = cX™ linear regression model in log-log space, where m is the rate, Y is the
number of sequences in multi-species clusters, and X is the number of genes in the simulated
database.

Results
Analysis of the databases simulated from the SILVA database and GTDB

To explore the extent to which database growth impacts the specificity of taxonomic labels in a
broad context we analyzed random subsamples of the SILVA database and the GTDB (Fig 1).
For each marker gene (the 16S rRNA and the 120 marker genes of the GTDB), the number of
sequences in multi-species clusters increased at a super-linear rate as the database grew (Fig
2A and 2B), with higher rates of growth when clustered at higher similarity thresholds.

The fraction of species that had at least one sequence in a multi-species cluster increased
with database size (Fig 2C); albeit this fraction was lower when clustering with higher similar-
ity thresholds. Similarly, the percentage of species that belonged to multi-species clusters for at
least 50 of the 120 GTDB marker genes increased with database size (S1 Fig), suggesting that
even methods that can effectively integrate data from multiple genes may be affected by data-
base growth. The number of multi-species clusters depended on the density at which a particu-
lar taxonomic group was sampled, with a positive linear correlation between the number of
distinct species within a genus and the number of multi-species clusters formed by sequences
from that genus (Fig 2D). Importantly, amongst the species pairs that most frequently cooc-
curred in multi-species clusters when clustered at 100% identity were pathogens like Bacillus
anthracis and Vibrio cholerae, which clustered with non-pathogenic species from their respec-
tive genera (S1 Table).

Analysis of the Listeria marker gene databases

To explore the extent to which database growth impacts the specificity of taxonomic labels in a
context where the labels have a potential health implication, we focused on a single deeply-
sampled genus, Listeria, which includes the important foodborne pathogen Listeria monocyto-
genes (Fig 3). The NCBI Assembly database contained 5,014 RefSeq genome sequences from
34 distinct species of Listeria. Most of the assemblies (4,439) belonged to Listeria monocyto-
genes. In these assemblies we identified 7,625 16S rRNA gene sequences (ranging from 1 to 9
copies per genome, consistent with the expectation that this gene is often multicopy in Listeria)

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012343  August 5, 2024 4/12


https://doi.org/10.1371/journal.pcbi.1012343

PLOS COMPUTATIONAL BIOLOGY Database size affects the taxonomic resolution of prokaryotic marker genes

P e .

Database Simulation

1 \

E Randomly E

i subsampk(:I\II\I D < E

. sequences (N = !

SILVA 20 o8 | 10,000) to create o000 :
(6sRNA) || (POPANETEne) | ] nitial simulated g :
394,617 sequences 7 | database D :
sequences ! !

1

i Data Analysis ;

1

: (&5, connt Cluster D using CD-HIT |

. ' number of . . o 0 I

Remove sequences with : bt conit | at 95%, 97%, 99%, !
incomplete taxonomic L bt 100% identity :
la}?els and sequences frf)m i species clusters) :
mitochondria and plastids | :

1 v 1

| Add N randomly 4

\ subsampled sequences [,

\\\ to D //I

[ SOy AU AU U g g U U U U g g g g

Fig 1. Workflow diagram of the analysis done for the SILVA database and the GTDB. The SILVA and GTDB were downloaded and sequences with
incomplete taxonomic labels or from mitochondria and plastids were removed. To create the simulated databases for each marker gene, we created a collection
of random subsets varying in size from 10,000 to 200,000 sequences in 10,000 gene increments. Each simulated database was clustered at 95%, 97%, 99%, and
100% identity requiring that shorter sequences fully align to longer ones.

https://doi.org/10.1371/journal.pchi.1012343.9001

and 200,359 marker gene sequences (~40 per genome, consistent with the expectation that
these genes are mostly single copy).

As observed in the previous experiments, even within this single genus, the number of
sequences in multi-species clusters increased with the database size at all clustering thresholds
and for all marker genes, including the 16S rRNA gene (Fig 4). Notably, at 95% identity each
Listeria species had 16S rRNA gene sequences in multi-species clusters when analyzing the full
data set. Further, 25% (100% identity) to 65% (95% identity) of all the L. monocytogenes
sequences occurred in multi-species clusters.

Discussion

Our results support the observation that as sequence databases grow to contain more species
and sequences, they are progressively losing species-level resolution for taxonomic classifica-
tion [26]. This trend was strongly correlated with how well-represented a taxonomic group
was in the database and indicates that, at the gene-level, the boundaries between many species
might be fuzzy. The main difference between marker genes was the rate at which they lost spe-
cies-level resolution, with the 16S rRNA gene sometimes being an outlier (a previously noted
trend [4,5]). Notably, at lower clustering thresholds (corresponding to longer evolutionary dis-
tances), the 16S rRNA gene was less informative than other marker genes, while at the highest
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species clusters as the database grows. Each point represents one of the 120 marker genes in the GTDB. C) The percentage of species with
sequences in multi-species clusters. D) The relationship between the number of multi-species clusters that a species belongs to and the species
richness of its genus (i.e., the total number of species from that genus) in the simulated database. This data was only taken from the final
iteration of the simulated databases. The results were aggregated across all 120 marker genes in the GTDB.

https://doi.org/10.1371/journal.pchi.1012343.9002

5,014 Listeria RefSeq

genomes

threshold of 100% identity the 16S rRNA gene showed higher discrimination, likely due to the
higher level of short-term sequence evolution within hypervariable regions of this gene.

Our observations have broad implications given that genes are routinely employed for vari-
ous bioinformatic tasks, such as the taxonomic classification of genomic and metagenomic
reads and assemblies, the curation of gene and metagenome-assembled-genome (MAG) cata-
logs, phylogeny estimation, and abundance profiling [3,24,29,34,35]. The progressive loss of
species-level resolution for taxonomic classification calls into question highly specific taxo-
nomic classifications (e.g., species, strain) for individual metagenomic reads and genes that are
simplistically assigned based upon sequence similarity to database sequences. While, at some
level, the community understands that accurate classification requires the use of whole-
genome data [29,36,37], many computational tools for metagenomic analysis initially classify
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https://doi.org/10.1371/journal.pcbi.1012343.9g004

individual k-mers, reads, and genes, even if they later aggregate the results [1,6-13,35,38,39].
Our results indicate that such methods might provide overly specific taxonomic assignments
for taxa that are underrepresented in the reference database used for analysis. Further, our
results reemphasize the issues associated with the methods used to create microbial gene cata-
logs, which typically cluster taxonomically unlabeled genes into a set of representative
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sequences, which are then assigned taxonomic labels. Such workflows have been shown to cre-
ate multi-species clusters, irrespective of the sequence identity threshold used for clustering,
thereby effectively erasing entire species from the catalogs [24].

We suggest that taxonomic classifiers account for how densely a particular taxonomic
group is represented in a database when assigning taxonomic labels. Future work should con-
tinue to explore what fraction of a genome is required to accurately identify a particular species
within metagenomic data, and to quantify the taxonomic information content of different
genomic regions. Instructively, a recent study using a complete set of universally present pro-
karyotic marker genes (unlike this study’s focus on individual genes, but including the sets we
used) found that 97.7% of species could be differentiated, but only 8.8% of strains [40]. Fur-
ther, even when comparing the average nucleotide identity (ANT) of the entire shared gene or
genomic content of genomes, the commonly used threshold of 95% ANI is inconsistent as a
proxy for species. For example, there are species within genera like Brucella or Mycobacterium
that can only be differentiated above 99.5% ANI [37,41]. And in alignment with our findings,
highly sampled species (defined in the study as species with over 100 sequenced genomes)
were more likely to comprise strains that diverged by more than the 95% cutoff [42].

Another database issue that was not explored in our analysis but that is worth mentioning
is the issue of mislabeled sequences in databases. Studies have demonstrated that taxonomic
classification tools such as the RDP classifier can be sensitive to noise and that including even
one mislabeled sequence during training can lead to a cascade of misclassifications [1,43]. This
observation combined with the findings of this current study highlights the importance of
careful data curation to diminish analytic errors.

At the broadest level, our work reiterates the long-noted issues with using discrete and
definitive taxonomic labels for DNA sequences that are continually evolving [44,45]. Recombi-
nation alone can render a genome a mosaic of lineages, with some horizontally transferred
sequences potentially unrelated to any specific lineage. And the implications extend beyond
taxonomic analysis to analyses that rely on taxonomy as a proxy for other properties of organ-
isms, such as the functional profile of microbial communities [46]. A better approach would
combine the information from taxonomic and functional markers in an application-specific
manner. For example, our analysis has shown that single-gene analyses are unable to discrimi-
nate important human pathogens from their near, non-pathogenic neighbors. This supports
that the classification of pathogens is not a strict function of taxonomy (e.g., some strains of E.
coli are beneficial gut microbes while others cause food poisoning) and suggests that pathogen
classification should include genomic markers functionally associated with pathogenesis and
virulence.

Altogether, it is important that future work continue exploring the relationship between
molecular evolution, taxonomy, function, the composition of sequence databases, and the
fidelity of annotations when using reference databases as substrates for metagenomic analysis.

Supporting information

S1 Fig. The percentage of species that belong to multi-species clusters for at least 50 of the
120 GTDB marker genes. The percentage of species in multi-species clusters is also plotted
for the 16S rRNA gene (denoted by a star in all subplots). The simulated databases were cre-
ated by randomly sampling sequences from the 16S rRNA SILVA database and from the 120
genes used by the Genome Taxonomy Database (GTDB). Each simulated database was clus-
tered with CD-Hit at several sequence identity cut-offs (95%, 97%, 99%, 100%), requiring that
shorter sequences fully align to longer ones.
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S1 Table. A table showing the number of times species-pairs occur in multi-species clus-
ters. From the analysis of the SILVA database and the GTDB.
(XLSX)

Author Contributions

Conceptualization: Seth Commichaux, Tu Luan, Harihara Subrahmaniam Muralidharan,
Mihai Pop.

Data curation: Seth Commichaux, Tu Luan, Harihara Subrahmaniam Muralidharan, Mihai
Pop.

Formal analysis: Seth Commichaux, Tu Luan, Harihara Subrahmaniam Muralidharan, Mihai
Pop.

Funding acquisition: Mihai Pop.

Investigation: Seth Commichaux, Tu Luan, Harihara Subrahmaniam Muralidharan, Mihai
Pop.

Methodology: Seth Commichaux, Tu Luan, Harihara Subrahmaniam Muralidharan, Mihai
Pop.

Project administration: Seth Commichaux, Tu Luan, Harihara Subrahmaniam Muralid-
haran, Mihai Pop.

Supervision: Mihai Pop.
Validation: Seth Commichaux, Tu Luan, Harjhara Subrahmaniam Muralidharan, Mihai Pop.

Visualization: Seth Commichaux, Tu Luan, Harihara Subrahmaniam Muralidharan, Mihai
Pop.

Writing - original draft: Seth Commichaux, Tu Luan, Harihara Subrahmaniam Muralid-
haran, Mihai Pop.

Writing - review & editing: Seth Commichaux, Tu Luan, Harihara Subrahmaniam Muralid-
haran, Mihai Pop.

References

1.  Wang Q, Garrity GM, Tiedje JM, Cole JR. Naive Bayesian Classifier for Rapid Assignment of rRNA
Sequences into the New Bacterial Taxonomy. Appl Environ Microbiol. 2007; 73(16):5261-7.

2. McDonald D, Price MN, Goodrich J, Nawrocki EP, DeSantis TZ, Probst A, et al. An improved Green-
genes taxonomy with explicit ranks for ecological and evolutionary analyses of bacteria and archaea.
ISME J. 2012; 6(3):610-8. https://doi.org/10.1038/ismej.2011.139 PMID: 22134646

3. QuastC, Pruesse E, Yilmaz P, Gerken J, Schweer T, Yarza P, et al. The SILVA ribosomal RNA gene
database project: improved data processing and web-based tools. Nucleic Acids Res. 2013; 41(Data-
base issue):D590-6. https://doi.org/10.1093/nar/gks1219 PMID: 23193283

4. LanY, Rosen G, Hershberg R. Marker genes that are less conserved in their sequences are useful for
predicting genome-wide similarity levels between closely related prokaryotic strains. Microbiome. 2016;
4(1):18. https://doi.org/10.1186/s40168-016-0162-5 PMID: 27138046

5. OIm MR, Crits-Christoph A, Diamond S, Lavy A, Matheus Carnevali PB, Banfield JF. Consistent Meta-
genome-Derived Metrics Verify and Delineate Bacterial Species Boundaries. mSystems. 2020; 5(1).
https://doi.org/10.1128/mSystems.00731-19 PMID: 31937678

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012343  August 5, 2024 10/12


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012343.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012343.s003
https://doi.org/10.1038/ismej.2011.139
http://www.ncbi.nlm.nih.gov/pubmed/22134646
https://doi.org/10.1093/nar/gks1219
http://www.ncbi.nlm.nih.gov/pubmed/23193283
https://doi.org/10.1186/s40168-016-0162-5
http://www.ncbi.nlm.nih.gov/pubmed/27138046
https://doi.org/10.1128/mSystems.00731-19
http://www.ncbi.nlm.nih.gov/pubmed/31937678
https://doi.org/10.1371/journal.pcbi.1012343

PLOS COMPUTATIONAL BIOLOGY Database size affects the taxonomic resolution of prokaryotic marker genes

6. Shah N, Molloy EK, Pop M, Warnow T. TIPP2: metagenomic taxonomic profiling using phylogenetic
markers. Bioinformatics. 2021; 37(13):1839—45. https://doi.org/10.1093/bioinformatics/btab023 PMID:
33471121

7. LiuB, Gibbons T, Ghodsi M, Treangen T, Pop M. Accurate and fast estimation of taxonomic profiles
from metagenomic shotgun sequences. BMC Genomics. 2011; 12 Suppl 2(Suppl 2):S4. https://doi.org/
10.1186/1471-2164-12-S2-S4 PMID: 21989143

8. Salazar G, Ruscheweyh H-J, Hildebrand F, Acinas SG, Sunagawa S. mTAGs: taxonomic profiling
using degenerate consensus reference sequences of ribosomal RNA genes. Bioinformatics. 2022; 38
(1):270-2.

9. Darling AE, Jospin G, Lowe E, Matsen Iv FA, Bik HM, Eisen JA. PhyloSift: phylogenetic analysis of
genomes and metagenomes. Peerd. 2014; 2:243. https://doi.org/10.7717/peer|.243 PMID: 24482762

10. Lind AL, Pollard KS. Accurate and sensitive detection of microbial eukaryotes from whole metagenome
shotgun sequencing. Microbiome. 2021; 9:1-18.

11. Bengtsson-Palme J, Hartmann M, Eriksson KM, Pal C, Thorell K, Larsson DGJ, et al. METAXA2:
improved identification and taxonomic classification of small and large subunit rRNA in metagenomic
data. Molecular ecology resources. 2015; 15(6):1403—-14. https://doi.org/10.1111/1755-0998.12399
PMID: 25732605

12. Bagci C, Patz S, Huson DH. DIAMOND+ MEGAN: fast and easy taxonomic and functional analysis of
short and long microbiome sequences. Current protocols. 2021; 1(3):e59. https://doi.org/10.1002/cpz1.
59 PMID: 33656283

13. Sunagawa S, Mende DR, Zeller G, Izquierdo-Carrasco F, Berger SA, Kultima JR, et al. Metagenomic
species profiling using universal phylogenetic marker genes. Nat Methods. 2013; 10(12):1196-9.
https://doi.org/10.1038/nmeth.2693 PMID: 24141494

14. LiJ, JiaH, Cai X, Zhong H, Feng Q, Sunagawa S, et al. An integrated catalog of reference genes in the
human gut microbiome. Nat Biotechnol. 2014; 32(8):834—41. https://doi.org/10.1038/nbt.2942 PMID:
24997786

15. DaiW, WangH, Zhou Q, Li D, Feng X, Yang Z, et al. An integrated respiratory microbial gene catalogue
to better understand the microbial aetiology of Mycoplasma pneumoniae pneumonia. GigaScience.
2019; 8(8). https://doi.org/10.1093/gigascience/giz093 PMID: 31367746

16. Dhakan DB, Maji A, Sharma AK, Saxena R, Pulikkan J, Grace T, et al. The unique composition of Indian
gut microbiome, gene catalogue, and associated fecal metabolome deciphered using multi-omics
approaches. Gigascience. 2019; 8(3). https://doi.org/10.1093/gigascience/giz004 PMID: 30698687

17. Lesker TR, Durairaj AC, Galvez EJC, Lagkouvardos |, Baines JF, Clavel T, et al. An Integrated Meta-
genome Catalog Reveals New Insights into the Murine Gut Microbiome. Cell Reports. 2020; 30
(9):2909-22.€6. https://doi.org/10.1016/j.celrep.2020.02.036 PMID: 32130896

18. LiJ, Zhong H, Ramayo-Caldas Y, Terrapon N, Lombard V, Potocki-Veronese G, et al. A catalog of
microbial genes from the bovine rumen unveils a specialized and diverse biomass-degrading environ-
ment. GigaScience. 2020; 9(6). https://doi.org/10.1093/gigascience/giaa057 PMID: 32473013

19. LiX, Liang S, Xia Z, Qu J, Liu H, Liu C, et al. Establishment of a Macaca fascicularis gut microbiome
gene catalog and comparison with the human, pig, and mouse gut microbiomes. Gigascience. 2018; 7
(9). https://doi.org/10.1093/gigascience/giy100 PMID: 30137359

20. MaB, France MT, Crabtree J, Holm JB, Humphrys MS, Brotman RM, et al. A comprehensive non-
redundant gene catalog reveals extensive within-community intraspecies diversity in the human vagina.
Nature Communications. 2020; 11(1):940. https://doi.org/10.1038/s41467-020-14677-3 PMID:
32103005

21. Mittal P, Saxena R, Gupta A, Mahajan S, Sharma VK. The Gene Catalog and Comparative Analysis of
Gut Microbiome of Big Cats Provide New Insights on Panthera Species. Frontiers in Microbiology.
2020; 11:1012. https://doi.org/10.3389/fmicb.2020.01012 PMID: 32582053

22. PanH,GuoR,ZhuJ,WangQ, JuY, Xie Y, et al. A gene catalogue of the Sprague-Dawley rat gut meta-
genome. Gigascience. 2018; 7(5). https://doi.org/10.1093/gigascience/giy055 PMID: 29762673

23. Xiaol, Estellé J, Kiilerich P, Ramayo-Caldas Y, Xia Z, Feng Q, et al. A reference gene catalogue of the
pig gut microbiome. Nature Microbiology. 2016; 1(12):16161. https://doi.org/10.1038/nmicrobiol.2016.
161 PMID: 27643971

24. Commichaux S, Shah N, Ghurye J, Stoppel A, Goodheart JA, Luque GG, et al. A critical assessment of
gene catalogs for metagenomic analysis. Bioinformatics. 2021; 37(18):2848-57. https://doi.org/10.
1093/bioinformatics/btab216 PMID: 33792639

25. Clausen PTLC, Aarestrup FM, Lund O. Rapid and precise alignment of raw reads against redundant
databases with KMA. BMC bioinformatics. 2018; 19:1-8.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012343  August 5, 2024 11/12


https://doi.org/10.1093/bioinformatics/btab023
http://www.ncbi.nlm.nih.gov/pubmed/33471121
https://doi.org/10.1186/1471-2164-12-S2-S4
https://doi.org/10.1186/1471-2164-12-S2-S4
http://www.ncbi.nlm.nih.gov/pubmed/21989143
https://doi.org/10.7717/peerj.243
http://www.ncbi.nlm.nih.gov/pubmed/24482762
https://doi.org/10.1111/1755-0998.12399
http://www.ncbi.nlm.nih.gov/pubmed/25732605
https://doi.org/10.1002/cpz1.59
https://doi.org/10.1002/cpz1.59
http://www.ncbi.nlm.nih.gov/pubmed/33656283
https://doi.org/10.1038/nmeth.2693
http://www.ncbi.nlm.nih.gov/pubmed/24141494
https://doi.org/10.1038/nbt.2942
http://www.ncbi.nlm.nih.gov/pubmed/24997786
https://doi.org/10.1093/gigascience/giz093
http://www.ncbi.nlm.nih.gov/pubmed/31367746
https://doi.org/10.1093/gigascience/giz004
http://www.ncbi.nlm.nih.gov/pubmed/30698687
https://doi.org/10.1016/j.celrep.2020.02.036
http://www.ncbi.nlm.nih.gov/pubmed/32130896
https://doi.org/10.1093/gigascience/giaa057
http://www.ncbi.nlm.nih.gov/pubmed/32473013
https://doi.org/10.1093/gigascience/giy100
http://www.ncbi.nlm.nih.gov/pubmed/30137359
https://doi.org/10.1038/s41467-020-14677-3
http://www.ncbi.nlm.nih.gov/pubmed/32103005
https://doi.org/10.3389/fmicb.2020.01012
http://www.ncbi.nlm.nih.gov/pubmed/32582053
https://doi.org/10.1093/gigascience/giy055
http://www.ncbi.nlm.nih.gov/pubmed/29762673
https://doi.org/10.1038/nmicrobiol.2016.161
https://doi.org/10.1038/nmicrobiol.2016.161
http://www.ncbi.nlm.nih.gov/pubmed/27643971
https://doi.org/10.1093/bioinformatics/btab216
https://doi.org/10.1093/bioinformatics/btab216
http://www.ncbi.nlm.nih.gov/pubmed/33792639
https://doi.org/10.1371/journal.pcbi.1012343

PLOS COMPUTATIONAL BIOLOGY Database size affects the taxonomic resolution of prokaryotic marker genes

26. Nasko DJ, Koren S, Phillippy AM, Treangen TJ. RefSeq database growth influences the accuracy of k-
mer-based lowest common ancestor species identification. Genome Biology. 2018; 19(1):165. https://
doi.org/10.1186/s13059-018-1554-6 PMID: 30373669

27. Konstantinidis KT, Tiedje JM. Towards a Genome-Based Taxonomy for Prokaryotes. Journal of Bacte-
riology. 2005; 187(18):6258-64. https://doi.org/10.1128/JB.187.18.6258-6264.2005 PMID: 16159757

28. Mende DR, Sunagawa S, Zeller G, Bork P. Accurate and universal delineation of prokaryotic species.
Nat Methods. 2013; 10(9):881—4. https://doi.org/10.1038/nmeth.2575 PMID: 23892899

29. Chaumeil P-A, Mussig AJ, Hugenholtz P, Parks DH. GTDB-Tk v2: memory friendly classification with
the genome taxonomy database. Bioinformatics. 2022; 38(23):5315-6. https://doi.org/10.1093/
bioinformatics/btac672 PMID: 36218463

30. Seemann T. barrnap: Bacterial ribosomal RNA predictor.

31. Kultima JR, Sunagawa S, Li J, Chen W, Chen H, Mende DR, et al. MOCAT: a metagenomics assembly
and gene prediction toolkit. 2012.

32. LiW, Godzik A. Cd-hit: a fast program for clustering and comparing large sets of protein or nucleotide
sequences. Bioinformatics. 2006; 22(13):1658-9. https://doi.org/10.1093/bioinformatics/btl158 PMID:
16731699

33. Edgar RC. Updating the 97% identity threshold for 16S ribosomal RNA OTUs. Bioinformatics. 2018; 34
(14):2371-5. https://doi.org/10.1093/bioinformatics/bty113 PMID: 29506021

34. Truong DT, Tett A, Pasolli E, Huttenhower C, Segata N. Microbial strain-level population structure and
genetic diversity from metagenomes. Genome Res. 2017; 27(4):626—38. https://doi.org/10.1101/gr.
216242.116 PMID: 28167665

35. Lid,JiaH, CaiX, Zhong H, Feng Q, Sunagawa S, et al. An integrated catalog of reference genes in the
human gut microbiome. Nature biotechnology. 2014; 32(8):834. https://doi.org/10.1038/nbt.2942
PMID: 24997786

36. Davis S, Pettengill JB, Luo Y, Payne J, Shpuntoff A, Rand H, et al. CFSAN SNP Pipeline: an automated
method for constructing SNP matrices from next-generation sequence data. PeerJ Computer Science.
2015; 1:e20.

37. Jain C, Rodriguez-R LM, Phillippy AM, Konstantinidis KT, Aluru S. High throughput ANI analysis of 90K
prokaryotic genomes reveals clear species boundaries. Nature Communications. 2018; 9(1):5114.
https://doi.org/10.1038/s41467-018-07641-9 PMID: 30504855

38. Wood DE, Salzberg SL. Kraken: ultrafast metagenomic sequence classification using exact alignments.
Genome Biology. 2014; 15(3):R46. https://doi.org/10.1186/gb-2014-15-3-r46 PMID: 24580807

39. Segata N, Waldron L, Ballarini A, Narasimhan V, Jousson O, Huttenhower C. Metagenomic microbial
community profiling using unique clade-specific marker genes. Nat Methods. 2012; 9(8):811—4. https:/
doi.org/10.1038/nmeth.2066 PMID: 22688413

40. Wang S, Ventolero M, Hu H, Li X. A revisit to universal single-copy genes in bacterial genomes. Scien-
tific Reports. 2022; 12(1):14550. https://doi.org/10.1038/s41598-022-18762-z PMID: 36008577

41. Parks DH, Chuvochina M, Chaumeil P-A, Rinke C, Mussig AJ, Hugenholtz P. A complete domain-to-
species taxonomy for Bacteria and Archaea. Nat Biotechnol. 2020; 38(9):1079-86. https://doi.org/10.
1038/s41587-020-0501-8 PMID: 32341564

42. Murray CS, Gao Y, Wu M. Re-evaluating the evidence for a universal genetic boundary among micro-
bial species. Nat Commun 12: 4059. 2021. https://doi.org/10.1038/s41467-021-24128-2 PMID:
34234129

43. Muralidharan HS, Fox NY, Pop M. The impact of transitive annotation on the training of taxonomic clas-
sifiers. Frontiers in Microbiology. 2024; 14:1240957. https://doi.org/10.3389/fmicb.2023.1240957
PMID: 38235435

44. Som A. Causes, consequences and solutions of phylogenetic incongruence. Briefings in Bioinformatics.
2015; 16(3):536—48. https://doi.org/10.1093/bib/bbu015 PMID: 24872401

45. Gonzalez JM, Puerta-Fernandez E, Santana MM, Rekadwad B. On a non-discrete concept of prokary-
otic species. Microorganisms. 2020; 8(11):1723. https://doi.org/10.3390/microorganisms8111723
PMID: 33158054

46. Douglas GM, Maffei VJ, Zaneveld JR, Yurgel SN, Brown JR, Taylor CM, et al. PICRUSt2 for prediction
of metagenome functions. Nature biotechnology. 2020; 38(6):685-8. https://doi.org/10.1038/s41587-
020-0548-6 PMID: 32483366

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012343  August 5, 2024 12/12


https://doi.org/10.1186/s13059-018-1554-6
https://doi.org/10.1186/s13059-018-1554-6
http://www.ncbi.nlm.nih.gov/pubmed/30373669
https://doi.org/10.1128/JB.187.18.6258-6264.2005
http://www.ncbi.nlm.nih.gov/pubmed/16159757
https://doi.org/10.1038/nmeth.2575
http://www.ncbi.nlm.nih.gov/pubmed/23892899
https://doi.org/10.1093/bioinformatics/btac672
https://doi.org/10.1093/bioinformatics/btac672
http://www.ncbi.nlm.nih.gov/pubmed/36218463
https://doi.org/10.1093/bioinformatics/btl158
http://www.ncbi.nlm.nih.gov/pubmed/16731699
https://doi.org/10.1093/bioinformatics/bty113
http://www.ncbi.nlm.nih.gov/pubmed/29506021
https://doi.org/10.1101/gr.216242.116
https://doi.org/10.1101/gr.216242.116
http://www.ncbi.nlm.nih.gov/pubmed/28167665
https://doi.org/10.1038/nbt.2942
http://www.ncbi.nlm.nih.gov/pubmed/24997786
https://doi.org/10.1038/s41467-018-07641-9
http://www.ncbi.nlm.nih.gov/pubmed/30504855
https://doi.org/10.1186/gb-2014-15-3-r46
http://www.ncbi.nlm.nih.gov/pubmed/24580807
https://doi.org/10.1038/nmeth.2066
https://doi.org/10.1038/nmeth.2066
http://www.ncbi.nlm.nih.gov/pubmed/22688413
https://doi.org/10.1038/s41598-022-18762-z
http://www.ncbi.nlm.nih.gov/pubmed/36008577
https://doi.org/10.1038/s41587-020-0501-8
https://doi.org/10.1038/s41587-020-0501-8
http://www.ncbi.nlm.nih.gov/pubmed/32341564
https://doi.org/10.1038/s41467-021-24128-2
http://www.ncbi.nlm.nih.gov/pubmed/34234129
https://doi.org/10.3389/fmicb.2023.1240957
http://www.ncbi.nlm.nih.gov/pubmed/38235435
https://doi.org/10.1093/bib/bbu015
http://www.ncbi.nlm.nih.gov/pubmed/24872401
https://doi.org/10.3390/microorganisms8111723
http://www.ncbi.nlm.nih.gov/pubmed/33158054
https://doi.org/10.1038/s41587-020-0548-6
https://doi.org/10.1038/s41587-020-0548-6
http://www.ncbi.nlm.nih.gov/pubmed/32483366
https://doi.org/10.1371/journal.pcbi.1012343

