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Fig. S1 Scatterplot of weighted UniFrac distance from estimation to reference vs. the Bray-
Curtis distance. Each point corresponds to a sample.
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Overview of the most popular metagenomic
tools

The table below summarizes some of the most popular metagenomic tools, as
reviewed in [1-14]. We briefly describe the columns of these tables:

Stand alone

Some of these tools require pre-processing, i.e., they function as a part of a
pipeline with other tools: e.g., Bracken is a profiling tool used with Kraken out-
put, whereas metaBAT, CONCOCT and MaxBin operate with reads already
assembled in contigs. Moreover several tools are not available for download,
but function as web-servers, where the users may download their data for
processing.

Function

Here we refer to the tools that only determine presence of species as classifi-
cation tools, whereas those that determine the abundance profile/prevalence
as profiling tools.

Method

Marker genes and whole genome refers to the tools mapping reads to marker
genes or whole genomes, with the implication that marker genes usually con-
stitute a tool-specific catalogue (even if borrowed from a public database),
whereas whole genome tools are generally capable of working with a user-
specified genome database. For binning tools this entry says contigs, whereas
for Bracken and MEGAN, which function in pipeline with Kraken2 and
DIAMOND respectively, this field is not specified.

The remaining columns designate the year when the first version of tool
was published and cite the relevant publications.
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Table S1

Most popular metagenomic tools (as reviewed in [1-9])

Tool Stand alone Function Method Year  Reference
Kraken yes classification  whole genome 2014 15, 16]
Bracken use with Kraken profiling 2017 17, 18]
mOTUs yes profiling marker genes 2013 [14, 19]
MetaPhlAn yes profiling marker genes 2012 [20-22]
MetaPhlAnd  yes profiling marker genes 2022 23, 24]
BiomScope proprietary software profiling marker genes 2023  this article
MetaPhyler yes profiling marker genes 2011 [25, 26]
TIPP yes profiling marker genes 2014 27, 28]
FOCUS yes profiling whole genome 2014 29]
DIAMOND yes classification ~ whole genome 2015 30]
MEGANG6 use with DIAMOND or BLAST profiling 2007 [31-37]
MetaPalette yes profiling whole genome 2016 38]
GOTTCHA yes profiling marker genes ? 2015 39]
MICROBA proprietary software profiling whole genome 2021 7]
METEOR profiling 2010

QIIME yes profiling marker genes, whole genomes (via plugins) 2010 40, 41]
MOCAT2 yes profiling whole genome 2012 42, 43]
NGLess yes profiling marker genes, whole genome (via plugins) 2019 [44]
Centrifuge yes classification ~ whole genome 2016 45]
CLARK yes classification ~ whole genome 2015 46, 47]
Kaiju yes classification ~ whole genome 2016 48]
NBC++ Web-server classification ~ whole genome 2010 [49, 50]
PhymmBL yes classification ~ whole genome 2009 51, 52]
Ganon yes classification ~ whole genome 2020 53]
DUDes yes classification ~ whole genome 2016 [54]
Metacache yes classification ~ whole genome 2017 [55]
LMAT yes classification ~ whole genome 2013 56-58]
LCA* classifies asembled contigs classification ~ whole genome 2016 59]
MetaWatt bin assembled contigs classification  contigs 2012 60]
taxator-tk use with BLAST or assembled contigs  classification ~ whole genome 2015 61]
CCMetagen yes classification ~ whole genome 2020 62, 63]
specl ‘Web-server classification ~ marker genes 2013 64]
metaBAT bins assembled contigs binning contigs 2015 [65, 66]
CONCOCT bin assembled contigs binning contigs 2014 67]
MaxBin bins assembled contigs binning contigs 2014 [68, 69]
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State-of-the-art benchmarking studies

In Table S2 we provide a short summary of the benchmarking studies involving
metagenomic profilers [1-10, 12-14, 70].

Diversity of profilers and versions

Table S1 presents only part of the tools analyzed in the cited benchmarking
studies. The number of tools compared in a given study varies from two (partic-
ularly where it mainly concerns introducing a new tool [14]) to several dozens
[2, 71]. Various versions of Kraken (and Bracken), mOTUs and MetaPhlAn
appear in most studies and can be viewed as the most popular representatives
of the most recognized algorithms. However, the published studies, although
recent, consider older versions of these tools: mOTUs2 and MetaPhlAn3 or
even lower. This is less of a problem for Kraken, which remains unchanged
since the emergence of Kraken2 and Bracken.

Correspondence between feature spaces

Establishing correspondence between the feature space in which simulation
is performed and the native feature spaces of the studied profilers is crucial
for using most of the traditional performance metrics. Indeed, even simple
metrics such as the species richness, is highly dependent on the catalogue
used (i.e. the same number of genomes can be grouped into different number
of species or be grouped differently; see Fig. 9b in the main text). To our
knowledge the influence of the feature space used for comparison had not been
previously studied. Previous state-of-the-art studies focused exclusively on the
tools using the NCBI tazonomy, or performed taxonomic comparison at higher
taxonomic levels - family or genus (where the discrepancy is less visible, and
the performance is consequently better than when focusing at the species level,
see, e.g., [14]). This noticeably put at disadvantage mOTUs, using its own
original taronomy [2, 4], and, to a lesser extent MetaPhlAn, mostly based on
the NCBI tazonomy. (This shortcoming is alleviated only partially by using
UniFrac distance, and almost never alongside the related, but phylogenetically
insensitive, Bray-Curtis distance.)

The tmpact of the reference databases

A Recent study [7] used the GTDB database as a standardized feature cata-
logue for all tools that were compared [7]. However, although this permitted the
comparison between the classification/profiling algorithms, it deprived some of
them from any advantage that they might have had using their own unique
catalogues. The influence of the database choice has been recently the focus of
interest in [11, 13]. However, these studies were limited to varying the size of
the Kraken2 database, and always focused on the same feature space (GTDB
or NCBI).
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Simulated samples and mock communities

CAMI and CAMI2 [8, 9, 71, 72] are the two benchmarking datasets that were
explicitly designed for comparing metagenomic pipelines and used in numerous
studies [2, 5, 8, 11, 13, 14]. Other studies have used their own simulations
[1, 7, 10] or sometimes combination of own simulations and CAMI datasets
[5, 11, 14]. Finally, there are studies that used the data obtained from synthetic
communities [3, 6, 12]. The number of samples in these studies could vary
from a few samples, e.g., [4, 10] to several hundreds [2, 7, 8]. The number of
species in simulated samples was typically a few hundred, whereas in synthetic
samples only a few dozen or less.

In terms of the effort made to make simulated samples to represent the
real-world data, those based on CAMISIM simulator are probably the most
advanced. However, no specific study until now had used CAMISIM for gener-
ating its own samples (with the obvious exceptions of the studies carried within
the context of CAMI challenges [2, 8]). Finally, the studies vary greatly in
terms of the type of the microbiome addressed: ocean, plant, human gut, mouse
gut or simply generic microbiome based on the reference genome database.
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Table S2 Previous benchmarking studies
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Ranking tools

We ranked the performance of the tools according to different metrics by per-
forming pairwise one-sided Wilcoxon sign tests. The results are presented in
the tables S3-59.

Table S3 Ranking of the tools according to the error in estimating species richness.

Simulation ~ Common space ‘ Best 2nd best 3rd best 4th best Last
refKrak GTDB mOTUs3 MPA4 BiomS Krak/Brac MPA3
refKrak 1GC2 mOTUs3 BiomS Krak/Brac MPA4 MPA3
refBioms GTDB BiomS mOTUs3 MPA4 MPA3 Krak/Brac
refBioms 1GC2 Biom$S mOTUs3 MPA4 MPA3 Krak/Brac
refMet4 GTDB mOTUs3 BiomS MPA4 MPA3 Krak/Brac
refMet4 1GC2 mOTUs3 BiomS MPA4 MPA3 Krak/Brac

Table S4 Ranking of the tools according to the error in estimating Shannon diversity.

Simulation ~ Common space ‘ Best 2nd best 3rd best 4th best Last

refKrak GTDB mOTUs3 BiomS Krak/Brac MPA4 MPA3
refKrak 1GC2 BiomS mOTUs3 Krak/Brac MPA4 MPA3
refBioms GTDB mOTUs3 BiomS MPA4 Krak/Brac MPA3
refBioms 1GC2 BiomS mOTUs3 MPA4 Krak/Brac MPA3
refMet4 GTDB Biom$S mOTUs3 MPA4 Krak/Brac MPA3
refMet4 1GC2 BiomS mOTUs3 MPA4 Krak/Brac MPA3

Table S5 Ranking of the tools according to the Bray-Curtis distance from the ground
truth.

Simulation ~ Common space ‘ Best 2nd best  3rd best 4th best Last

refKrak GTDB MPA4  BiomS Krak/Brac mOTUs3 MPA3
refKrak 1GC2 BiomS MPA4 Krak/Brac mOTUs3 MPA3
refBioms GTDB BiomS MPA4 mOTUs3 Krak/Brac MPA3
refBioms 1GC2 BiomS MPA4 mOTUs3 Krak/Brac MPA3
refMet4 GTDB MPA4  BiomS mOTUs3 Krak/Brac MPA3

refMet4 1GC2 BiomS MPA4 mOTUs3 Krak/Brac MPA3
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Table S6 Ranking of the tools according to the weighted UniFrac distance from the

ground truth.

Simulation = Common space ‘ Best 2nd best 3rd best 4th best Last
refKrak GTDB MPA4  BiomS mOTUs3 Krak/Brac MPA3
refKrak IGC2 BiomS mOTUs3 MPA4 Krak/Brac MPA3
refBioms GTDB MPA4  BiomS mOTUs3 Krak/Brac MPA3
refBioms IGC2 BiomS MPA4 mOTUs3 Krak/Brac MPA3
refMet4 GTDB MPA4  BiomS mOTUs3 Krak/Brac MPA3
refMet4 1GC2 BiomS MPA4 mOTUs3 Krak/Brac MPA3
Table S7 Ranking of the tools according to their sensitivity.
Simulation ~ Common space ‘ Best 2nd best 3rd best 4th best Last
refKrak GTDB Krak/Brac mOTUs3 MPA4 BiomS MPA3
refKrak 1GC2 Krak/Brac  BiomS mOTUs3 MPA4 MPA3
refBioms GTDB Krak/Brac  BiomS MPA4 mOTUs3 MPA3
refBioms 1GC2 BiomS Krak/Brac mOTUs3 MPA4 MPA3
refMet4 GTDB Krak/Brac  BiomS MPA4 mOTUs3 MPA3
refMet4 1GC2 Krak/Brac  BiomS mOTUs3 MPA4 MPA3
Table S8 Ranking of the tools according to their precision.
Simulation ~ Common space ‘ Best 2nd best  3rd best  4th best Last
refKrak GTDB MPA4  BiomS MPA3 mOTUs3 Krak/Brac
refKrak 1GC2 BiomS MPA4 MPA3 mOTUs3 Krak/Brac
refBioms GTDB MPA4  BiomS MPA3 mOTUs3 Krak/Brac
refBioms 1GC2 BiomS MPA4 MPA3 mOTUs3 Krak/Brac
refMet4 GTDB MPA4  BiomS MPA3 mOTUs3 Krak/Brac
refMet4 1GC2 BiomS MPA4 MPA3 mOTUs3 Krak/Brac

Table S9 Ranking of the tools according to the false positive relative abundance.

Simulation ~ Common space ‘ Best 2nd best  3rd best  4th best Last
refKrak GTDB MPA4  MPA3 BiomS Krak/Brac mOTUs3
refKrak 1GC2 BiomS MPA4 MPA3 mOTUs3 Krak/Brac
refBioms GTDB MPA4  MPA3 BiomS mOTUs3 Krak/Brac
refBioms 1GC2 BiomS MPA4 MPA3 mOTUs3 Krak/Brac
refMet4 GTDB MPA4  BiomS MPA3 mOTUs3 Krak/Brac
refMet4 1GC2 BiomS MPA4 MPA3 mOTUs3 Krak/Brac
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