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ABSTRACT

The human gut microbiota performs functions that
are essential for the maintenance of the host physi-
ology. However, characterizing the functioning of mi-
crobial communities in relation to the host remains
challenging in reference-based metagenomic anal-
yses. Indeed, as taxonomic and functional analy-
ses are performed independently, the link between
genes and species remains unclear. Although a first
set of species-level bins was built by clustering co-
abundant genes, no reference bin set is established
on the most used gut microbiota catalog, the Inte-
grated Gene Catalog (IGC). With the aim to identify
the best suitable method to group the IGC genes,
we benchmarked nine taxonomy-independent bin-
ners implementing abundance-based, hybrid and in-
tegrative approaches. To this purpose, we designed
a simulated non-redundant gene catalog (SGC) and
computed adapted assessment metrics. Overall, the
best trade-off between the main metrics is reached
by an integrative binner. For each approach, we then
compared the results of the best-performing binner
with our expected community structures and applied
the method to the IGC. The three approaches are dis-
tinguished by specific advantages, and by inherent
or scalability limitations. Hybrid and integrative bin-
ners show promising and potentially complementary
results but require improvements to be used on the
IGC to recover human gut microbial species.

INTRODUCTION

The human gut microbiota represents one of the densest mi-
crobial environments harboring approximately 1013 micro-
bial cells (1) and housing a few hundred microbial species in
a healthy individual (2), including bacteria, phages, archaea
and microeukaryotes. It exerts several functions essential
to the maintenance of host physiology, such as prevention
from colonization by pathogens (3), stimulation of the im-
mune system (4) and metabolic regulation (5). The gut mi-
crobiota and its host maintain a complex symbiotic rela-
tionship known to be strongly associated with host health
states and a disruption in the composition of the microbiota
is observed in many diseases (6). Understanding how these
different microorganisms play a role in human health is thus
of crucial interest. However, characterizing the functioning
of microbial communities in relation to the host remains a
challenge. This is notably due to the small percentage of cul-
tivable microorganisms in the gut microbiota, making the
use of quantitative metagenomics indispensable to further
explore the composition and diversity of microbial commu-
nities by giving access to the genes and genomes of unculti-
vated species (7).

The human gut microbiome has been well-studied within
the context of whole-genome and whole-metagenome shot-
gun (WMS) sequencing projects whose purpose is to build
reference microbial genome sequences and gene catalogs
(2,8–10). Major international projects such as MetaHIT (2)
and HMP (10) have thus permitted to build such gene cat-
alogs to facilitate the analysis and understanding of the gut
microbiota. However, in gene catalogs, a link between mi-
crobial genes and species is not yet established. Indeed, tax-
onomic (genome-based) and functional (gene-based) analy-
ses are performed independently because 40–50% of the hu-
man gut microbial species are not represented by genomes
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from cultured isolates (11,12). To overcome this issue, re-
cent studies have established a collection of genomes based
on large-scale cultivation, or from the recovered individ-
ual genomes of thousands of gut metagenomes (13–18).
Their recovery was achieved by performing de novo assem-
bly of WMS reads and by binning the assembled contigs
into Metagenome-Assembled Genomes (MAGs) for each
sample. As for functional analyses, reference gene catalogs
remain an essential and well-established resource (2). Al-
though the reconstruction of MAGs has become very pop-
ular in the past years, and has even recently resulted in
a protein catalog (18), contig-binning performed sample-
by-sample has also demonstrated drawbacks that can be
addressed by gene-binning of large non-redundant cata-
logs, including (i) the exclusion of short assembled se-
quences, below 1000 bp at most (15–17) which can corre-
spond to genes or partial genes; (ii) biases preventing the
reconstruction of low-abundance organisms (15), notably
due to insufficient genome coverage. Furthermore, gene-
binning allows to identify and accurately quantify the abun-
dance of species-specific marker genes; hence, it provides
a more straightforward approach than MAGs for the es-
timation of species relative abundance. With the aim to
characterize complex microbial communities and to pro-
vide a structured reference for metagenome-wide associ-
ation studies (19), Nielsen et al. (20) proposed Canopy
(MGS-CANOPY), a method to bin co-abundant genes across
metagenomic samples into species-level bins, called metage-
nomic species (MGS), and applied it to an extended ver-
sion of the MetaHIT gene catalog. MGS allow to perform
functional and taxonomic analyses by mapping reads from
metagenomic samples onto the catalog of genes, thereby as-
sociating sample reads to metabolic functions and to one
or several bins representing known or unknown species.
The Integrated Gene Catalog (8) (IGC) later became the
most used publicly available catalog for such analyses. It
is composed of 9.9 million non-redundant genes and was
built from 1267 human gut microbiome samples. However,
even though a recently published binning method (binner)
named MSPMINER (21) has been applied to the IGC, there
is no consensus on an established reference species-level bin
set for this reference catalog.

Several recently published and reviewed taxonomy-
independent binners (also called reference-free binners)
have been proposed, implementing different approaches ei-
ther based on the co-abundance of sequences (abundance-
based), on their abundance and composition (hybrid) or on
the integration of the results from multiple binning meth-
ods (integrative). Binning reviews claim that hybrid bin-
ners (22,23) and integrative methods (24) are more likely
to achieve better results. Published benchmarking results
such as the first Critical Assessment of Metagenome In-
terpretation (CAMI) challenge (25,26) have highlighted
best-performing binners, some of which have been after-
wards used for the reconstruction of MAGs (15–17). How-
ever, they do not include methods based on binning co-
abundant genes and the focus of these benchmarking re-
sults is on the reconstruction of individual genomes from
the assembled contigs of a metagenome. Moreover, apart
from Plaza Oñate et al. (21), MGS-CANOPY and MSPMINER
(both abundance-based) have not been benchmarked to-

gether. To properly recover species-level bins from a refer-
ence non-redundant gene catalog, there are at least three
essential particularities to take into account (i) the lengths
of the sequences to cluster which tend to be short; (ii) the
fact that a microbial gene can be shared by several species;
and (iii) the increasing and relatively large number of genes
and of samples to process.

In this study, we aim to identify the most suitable
approach to cluster a large non-redundant set of genes
into species-level bins, and more specifically the genes of
the IGC. To this purpose, we designed a simulated non-
redundant gene catalog (SGC) composed of genes from
41 microbial species, most of which are associated with
the human gut microbiota. We then selected published
and reviewed taxonomy-independent binners implement-
ing distinctive approaches which are complementary to the
abundance-based approaches that have already been ap-
plied to the IGC. Therefore, the benchmarking on our SGC
comprises nine binners including two abundance-based, six
hybrid and one integrative method. The selected binners of
these last two categories were designed to recover genomes
from contigs, hence they are used in our study in a differ-
ent context than the one they were initially developed for
and hybrid binners expect relatively long sequences (gener-
ally at least 1000 bp). Considering the particularities of the
SGC and the IGC, we adapted the quality assessment tool
AMBER (26) to evaluate binners on a non-redundant set of
genes (i.e. where a gene can be assigned to one or to multi-
ple bins). In addition to the adjustment of standard binning
quality assessment metrics, we computed metrics specific to
covers (i.e. overlapping clusters). In order to further explore
the three binning approaches, we compared the results of
the best-performing binner of each category with our ex-
pected community structures (species and strain levels), tak-
ing into account the characteristics of the genes (e.g. 16S ri-
bosomal RNA–16S rRNA, prophage and plasmid genes)
and corresponding genomes (e.g. GC content, closely re-
lated genomes) included in our SGC. Finally, we evalu-
ated the usability and scalability of the best-performing bin-
ners on the IGC. We believe that our results as well as our
methodology will be of great use to the community to gain
insight into which binner is the most adequate to handle
specific cases, thereby to bin the sequences of a given dataset
such as a non-redundant microbial gene catalog, and on
how to evaluate overlapping binning results.

MATERIALS AND METHODS

Selected taxonomy-independent binners

We benchmarked nine binners classified into three cate-
gories of approaches (Table 1): abundance-based, hybrid
and integrative. Considering the large number of available
binners, in our selection, we have only included binners that
have been published and reviewed at the time of this study.
Given that our aim is to evaluate the suitability and usabil-
ity of the main current approaches to cluster a large non-
redundant set of genes into species-level bins, we selected
binners implementing distinctive and complementary ap-
proaches to the ones already applied to the IGC. We in-
cluded two abundance-based (MGS-CANOPY (20) and MSP-
MINER (21)), six hybrid (SOLIDBIN (27), COCACOLA (28),
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CONCOCT (29), METABAT (30), MAXBIN (31) and MYCC
(32)), and one integrative (DAS TOOL (33)) binner. More in-
formation on our selection criteria is provided in the Sup-
plementary Data.

Creation of the simulated non-redundant gene catalog

In order to create a simulated human gut microbiota non-
redundant gene catalog (SGC), we designed the workflow
illustrated in Figure 1 based on the IGC construction. The
steps of our workflow are detailed in the sections below. It
should be noted that these steps are not fully automated;
hence, it has required not only individual in-house scripts
but also the manual launching of tools and use of command
lines.

Strain selection. We designed a SGC composed of 47
strains belonging to 41 microbial species, 40 of which are
associated with the human gut microbiota and 26 are part
of the ‘core microbiota’. The latter corresponds to a set of
bacterial taxa shared by a majority of the analyzed human
gut microbiota samples from healthy individuals (2,34,35).
Moreover, the strain selection was performed in order to
be representative of the taxonomic diversity of the micro-
biota (Bacteria, Archaea, Virus and Fungi), as well as of
several ranges of number of genes, gene length, GC content,
codon usage and of elements acquired during genome evo-
lution such as plasmids and prophages (36). Indeed, a bacte-
rial or archaeal strain can acquire mobile elements through
different integration mechanisms such as Horizontal Gene
Transfer (HGT) or bacteriophage infection (37). These el-
ements can confer selective advantages such as antibiotic
resistance (36,38) or metabolic capabilities (37,39). We fo-
cused our interest on plasmid and prophage genes that are
both expected to have a distinct composition from their host
strain (depending on how long they have been incorporated
in the host cell). Closely related genomes (40) were also
added by identifying known strains with a tetranucleotide
frequency correlation (TETRA) above 0.99 and an Aver-
age Nucleotide Identity (ANI) higher than 95–96% with
JSPECIES (41). A description of the 47 strains included in
the SGC and their taxonomy, as well as a representation of
the corresponding taxonomic tree are available in Supple-
mentary Tables S1, S2 and Figure S1.

DNA, RNA sequences and non-redundant gene catalog. For
each genome (contigs or complete sequence), we retrieved
the NCBI ftp links for the genomic, coding and RNA se-
quences using the R package REUTILS (version 0.2.3, Ger-
hard Schöfl 2016) based on the RefSeq or GenBank acces-
sion number and we downloaded the corresponding files.
We then concatenated the 16S rDNA sequences with the
coding sequences (CDS) from all genomes to obtain a sin-
gle FASTA file. The resulting 145 862 genes were grouped
into 128 267 clusters with CD-HIT version 4.6 (42) using a se-
quence identity threshold of 0.95, and an alignment cover-
age for the shorter sequence of 0.90. We included 16S rRNA
genes since they are present in all bacteria and archaea, and
they are known to have a high sequence similarity with each
other.

Reads simulation, pre-processing and mapping. We manu-
ally created theoretical abundance range distributions for
40 samples. Our goal was to represent different microbial
community structures such as several samples from one in-
dividual going from a healthy (balanced composition) to a
dysbiotic state (e.g. decrease in diversity, dominance of one
species), different abundance ranges for identical commu-
nities, or a same abundance range for distinct communi-
ties. The samples differ also in their strain-level presence-
absence profiles and in their diversity. A strain is consid-
ered present in a sample if its abundance value is not zero,
and detectable if it has a minimum abundance of 0.1%, ap-
proximating a 2× coverage. As for the alpha-diversity of
the samples, their richness ranges between 4 and 41 species,
and their Inverse Simpson index from 1.53 to 29.50. The
40 theoretical abundance profiles along with representa-
tions of the taxonomy and diversity of the simulated sam-
ples can be found in Supplementary Table S3 and Figure
S2. Based on these distributions and the downloaded ge-
nomic sequences, we simulated 25 million paired-end reads
per sample (2 × 100 bp, Illumina) using GEMSIM version
1.6 (43) with the ‘ill100v5 p’ error model. In all the samples,
each plasmid of a given strain was simulated in single copy.
The following pre-processing steps were performed on the
generated FASTQ files: removal of N-containing sequences
using VSEARCH version 2.8.0 (44), removal of single reads
(using the python script fastqCombinePairedEnd available
at https://github.com/enormandeau/Scripts), quality trim-
ming and filtering using TRIMMOMATIC version 0.36 (45).
We used MOCAT version 2.0 (46) to map reads with SOA-
PALIGNER2 (47) using the ‘allbest’ mapping mode and to
calculate the gene abundance profiles across samples.

Benchmarking workflow

Input data and parameters setting. Each binner was
benchmarked on the SGC using gene abundance pro-
files and/or composition information but required differ-
ent input types and formats (Table 1 and Supplementary
Figure S3). When necessary, we used the python script
reorder fasta (available at https://github.com/JLSteenwyk/
Molecular sequence analyses scripts) to sort the genes of
the SGC according to the gene abundance profiles and/or
composition information. The binners were launched with
default parameters with the exception of the settings de-
scribed in Table 1. For hybrid binners, we essentially ad-
justed the minimum gene length filter. Indeed, most of these
binners recommend discarding short sequences (generally
below 1000 bp) to avoid skewed tetranucleotide frequencies
(48). Moreover, we only present the output of DAS TOOL
based on the binning results of abundance-based binners
since the results of DAS TOOL were identical when including
the binning results of hybrids binners.

Output data. We converted the obtained binning results
to the Bioboxes format used in CAMI and AMBER for
the benchmarking of binners. We used the python script
convert fasta bins to biobox format proposed by AMBER
v1.0.3 to convert the output bins stored in a FASTA for-
mat, and an in-house R script and bash commands to con-
vert other output formats (e.g. csv or bin-specific files). For
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Figure 1. Construction overview of the simulated gene catalog. Colors correspond to the different steps of the workflow: design of the 40 samples and of
the gene catalog (yellow), creation of the non-redundant gene catalog (green), simulation of WMS reads for all the samples (blue), reads preprocessing
(red) and reads mapping on the gene catalog (purple).

MSPMINER, we included all categories of genes (core, shared
and accessory) without distinction for each bin. The final
set of bins for each binner was used as output with the ex-
ception of MGS-CANOPY for which we kept only bins >700
genes to conform to the definition of an MGS (20). Each
formatted output was then also converted using an in-house
R script to a Cluster Node List (CNL) format in order to
compute metrics comparing covers. Each line corresponds
to a bin and is composed of tab-separated numerical values
representing genes; these values range from one to the total
number of binned genes. We represented each unassigned
gene by a singleton bin to prevent potential biases in the
paired comparison of the binning results due to unsynchro-
nized gene sets (i.e. a gene assigned by one binner and not
by the other).

Application to the integrated gene catalog. We applied
the best-performing binner of each category (MSPMINER,
MAXBIN, DAS TOOL) to the IGC and compared the ob-
tained binning results with the ones obtained on our SGC.
To do so, we downloaded the gene sequences (IGC.fa.gz)
along with the abundance profiles table for 1267 samples
(1267sample.gene.pairNum.table.gz) published by Li et al.
(49). Depending on the binner, we have normalized and
formatted the abundance profiles in the same manner as
for the SGC (as described in the section on input data),
with the exception of MAXBIN for which base counts were
used for the SGC instead of the provided insert counts for
the IGC. Moreover, since DAS TOOL was used on the out-
put of MSPMINER and MGS-CANOPY, we launched MGS-
CANOPY on the IGC. To this end, we rarefied and normal-

ized the counts by gene length for both MAXBIN and MGS-
CANOPY. The rarefaction was not performed on the SGC
given that we simulated the same number of reads per sam-
ple. For MAXBIN, we also had to split the final abundance
profile table into sample-specific files structured with two
tab-separated columns, corresponding to the gene identi-
fier and the gene abundance in a given sample. Considering
the consequent size of the abundance input table, we used
the C++ version of RTK (50) to rarefy the counts by setting
the depth threshold (i.e. maximum number of sequences per
sample) to 11 million reads. This same threshold was used
by Nielsen et al. (20) and allowed to retain most of the sam-
ples (only 122 removed). It should also be noted that we did
not run MSPMINER since the results of this binner on the
IGC were already published (21).

Quality assessment of bins

Implementation. We created a fork of the GitHub repos-
itory of the quality assessment tool AMBER v1.0.3 to al-
low the evaluation of binners on a non-redundant gene set.
Overall, the following features were added: assignment of
sequences to more than one bin (multi-assignment), compu-
tation of metrics based on the number of sequences instead
of their cumulated length, adjustment of the implementa-
tion of the percentage of assigned sequences and of the
number of high-quality (HQ) bins to take multi-assignment
into account, computation of the Generalized Normalized
Mutual Information (GNMI) (51) to replace the Adjusted
Rand Index (ARI) and generation of interactive heatmaps
to facilitate the comparison of gene assignments with the
expected set of bins (gold standard).
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Gold standard. The non-redundant gene catalog was con-
verted to the Bioboxes format. To do so, we retrieved the
species assignment of each representative gene and of all
the genes of the corresponding cluster and associated these
species with the identifier of the representative gene. This
means that if a gene belonging to the species A is the rep-
resentative gene of a cluster including genes belonging to
the species B and C, it will be assigned to the species A, B
and C. The gold standard file consists of a two-column tab-
separated text-file (gene identifier and species name) com-
posed of as many lines as the number of unique complete
assignments (i.e. if two genes from the same species are clus-
tered together, the representative gene of this cluster will be
assigned only once to this species). Supplementary Table S4
summarizes the number of genes and assignments at each
step of the creation of the gold standard. The gold stan-
dard file was then converted to a CNL file to compute met-
rics comparing covers. This gold standard corresponds to
the expected species-level bin set with which we compared
the predicted bin set obtained with each binner. It should be
noted that we also created a gold standard including only a
single assignment (SA) per gene in order to propose a com-
parison with the gold standard used to evaluate the meth-
ods.

Metrics. Based on the definitions provided by AMBER,
we present below the quality assessment metrics and ap-
proaches used for the benchmarking and how we extended
them to covers. Briefly, the approach of AMBER v1.0.3 con-
sists in identifying for each predicted bin, a ‘best mapping’
expected bin either based on their shared number or frac-
tion of base pairs. Two main metrics are then computed
between each predicted bin and its best mapping expected
bin: the ‘completeness’ (i.e. sensitivity) and the ‘purity’ (i.e.
specificity). Prior to computing these two metrics, we re-
vised the approach to map a predicted bin (benchmarked
binner) to an expected bin (gold standard). With the aim
to assess how well and how many genes of the catalog are
clustered independently of their length, we consider as best
mapping the expected bin sharing the largest proportion of
its genes with the predicted bin. If more than one expected
bin corresponds to this definition, the one with the largest
number of genes is selected. Apart from bin mapping and
considering the number of genes instead of the number of
base pairs, the computation of purity, completeness, aver-
age purity and average completeness remains unchanged as
shown in Table 2. As mentioned in the paper (26), average
completeness is computed on all the predicted bins along
with the unassigned expected bins associated with a com-
pleteness of zero.

Given that a gene can be assigned to more than one bin,
we replaced the ARI by the GNMI as implemented by Lu-
tov et al. (51). While the ARI computes the similarity be-
tween two partitions (predicted bin and best mapping ex-
pected bin), the GNMI corresponds to an extension to cov-
ers of the Normalized Mutual Information (NMI). This
measure is compatible with conventional NMI values and
focuses on the number of common sequences for each pair
of clusters between two covers. We also revised the compu-
tation of the ‘proportion of binned genes’ and of ‘HQ bins’
to avoid a potential bias due to multi-assigned genes. A gene

is considered binned if it is assigned to ‘at least one’ pre-
dicted bin. As for HQ bins, they correspond to the set of pre-
dicted bins with >90% completeness and <5% contamina-
tion (52). However, if several predicted bins are mapped to
the same expected bin (best mapping), the count of the HQ
bins is only incremented by one. This case should be distin-
guished from the ‘number of bins’ also presented in our re-
sults, corresponding to raw values and where two predicted
bins can be mapped to the same expected bin (species).

Moreover, the best mapping of a predicted bin differs
from the species it ‘represents’ (one or several) that we use to
estimate the predicted bin counts per species. Based on the
proportion of a core minimal bacterial gene set composed
of 206 genes (53), on an average bacterial genome size of 5
Mb (54), and an average bacterial gene length of 1000 bp
(55), we considered a predicted bin to be representative of
a species if it shares at least 4% of the genes of the species-
level expected bin. Finally, in order to evaluate the assign-
ment of 16S rRNA, selected plasmid and prophage genes,
we classified them into three groups: (i) incorrectly assigned
(i.e. a gene is not found in any of the representative pre-
dicted bins of the expected species); (ii) partially correctly
assigned (i.e. a gene is found ‘in at least one’ representative
predicted bin of ‘one’ expected species); and (iii) correctly
assigned (i.e. a gene is found in ‘at least one’ representative
predicted bin of ‘each’ expected species). Considering our
initial gene clustering step to create the SGC, it should also
be noted that a 16S rRNA gene can be shared by up to three
strains, whereas except for 1 prophage gene shared among
the strains of Bifidobacterium longum, all selected plasmid
and prophage genes are specific to one strain present in the
SGC. More information on the genes included in this eval-
uation is available in the Supplementary Data.

RESULTS

In order to assess the suitability of different binning meth-
ods to cluster a large non-redundant set of genes such as
the IGC into species-level bins, we selected and applied to
our SGC nine taxonomy-independent binners implement-
ing abundance-based (MGS-CANOPY and MSPMINER), hy-
brid (SOLIDBIN, COCACOLA, CONCOCT, METABAT, MAXBIN
and MYCC) and integrative (DAS TOOL) approaches. We
present the results of our comprehensive evaluation com-
prising on one hand overall benchmarking results using
a gold standard and metrics taking into account the as-
signment of genes to multiple bins, and on the other hand
a deeper exploration of the results of the best-performing
binners based on specific definitions, representations and
points of comparison allowing to exploit the particularities
of our SGC.

Overall benchmarking results on the simulated non-
redundant gene catalog

Percentage of binned genes. The proportion of genes as-
signed to a bin varies from 14% up to 99.3% (Figure 2).
The highest proportion is reached by MSPMINER followed
by MGS-CANOPY and DAS TOOL (97.1 and 85.7%). Most
of the unassigned genes are due to filtering criteria. A
threshold on gene minimum coverage and prevalence, and

D
ow

nloaded from
 https://academ

ic.oup.com
/nargab/article/3/1/lqab009/6155872 by guest on 03 M

arch 2021



NAR Genomics and Bioinformatics, 2021, Vol. 3, No. 1 7

Table 2. Quality assessment metrics. The set of predicted bins and expected bins (gold standard) are, respectively, represented by X and Y. Each predicted
bin x ∈ X is assigned to its best mapping expected bin y ∈ Y before computing purity, contamination and completeness. |x| equals to the number of genes
in the predicted bin x and Yunassigned represents the set of expected bins that do not correspond to the best mapping of any predicted bin and are associated
with a completeness of 0. NMI corresponds to the Mutual Information (MI) normalized by the maximum of the unconditional entropies of the expected
and predicted bins H(Y) and H(X). I(Y : X) represents the definition of MI where the normalized number of shared genes between a given predicted bin
x and an expected bin y is defined as m(y, x); and the normalized number of genes in x and in y are m(x) and m(y).

Metric Formula Reference

Best mapping expected bin bmap (x) = argmax
y∈Y

|x∩y|
|y| (26)

Purity px = |x ∩ bmap(x)|
|x| (26)

Contamination cx = 1 − px (26)
Completeness rx = |x ∩ bmap(x)|

|bmap(x)| (26)
Average purity p̄ = 1

|X|
∑

x∈X
px (26)

Average completeness r̄ = 1
|X|+|Yunassigned |

∑

x∈X
rx (26)

High-Quality (HQ) bins cx < 0.05 & rx > 0.90 (52)
Normalized Mutual Information (NMI) NMI (Y, X) = I(Y:X)

max(H(Y),H(X)) , with

I (Y : X) = ∑

y∈Y

∑

x∈X
m(y, x) log2

m(y,x)
m(y)m(x) , and

H (X) = − ∑

x∈X
m(x) log2m(x)

(51)

Figure 2. Overall results of the quality assessment metrics for each binner and used parameters. Panel (A) shows the computed quality assessment metrics.
Binners are grouped and colored by category: gold standard (GS, gray), integrative (Int., yellow), abundance-based (Ab., blue), hybrid (Hyb., green).
Continuous lines separate the categories and dashed lines divide the hybrid binners according to their value for the gene length filter (500, 1000 and 1500
bp). For each metric, the top three values are highlighted in bold. Zeros are not represented in the table for genes assigned more than once. Columns
representing the number of bins and the number of HQ bins should be read together given that the number of bins does not necessarily represent distinct
species. The GNMI score was computed between each binner and the gold standard. Panels (B and C) show the distribution of the completeness and the
purity per bin. Two shades of the same color were used to represent a same binner with a different gene length threshold (e.g. green for MAXBIN). On panel
(B), unassigned expected species-level bins are represented by a completeness of zero.

one on the minimum bin size are applied by the first two
methods. As for DAS TOOL, only genes assigned to bins
passing a score threshold computed based on Single-Copy
Marker Genes (SCMG) are selected. Hybrid binners tend
to bin less genes since they discard short sequences to avoid
skewed tetranucleotide frequencies. Except for METABAT
which binned 85.8% of the filtered genes, the proportion of
binned genes matches exactly the number of genes meeting
the gene length threshold (74.5% ≥500 bp, 39.1% ≥1000
bp, 16.4% ≥1500 bp). Moreover, as in our gold standard
with SA, hybrid methods assign a gene to a single bin
only, whereas abundance-based methods assign up to 20.8%
(MSPMINER) of the genes more than once. Compared to our

gold standard (3.9% of genes are assigned to more than one
bin), MSPMINER tends to overestimate the number of genes
shared between bins (20.8%) while MGS-CANOPY underesti-
mates it (0.5%). Nonetheless, the integrative approach DAS
TOOL strictly assigns genes to a single bin and does not
group as many genes (85.7%) as its input binning results
(MGS-CANOPY and MSPMINER).

Purity and completeness per bin. While all binners have an
average purity above 92%, abundance-based and integrative
binners show a higher average completeness (Figure 2). For
hybrid binners, we observe a progressively increasing shift
in the distribution of the completeness per predicted bin
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along with the proportion of binned genes, when varying
the gene length threshold from 1500 to 500 bp. However,
only two of the methods launched with this threshold set to
500 bp have an average completeness value >62% (MAXBIN
and MYCC). As represented in Figure 2, both have only a
few bins with a completeness below 65% whereas when us-
ing the default 1000 bp threshold, most of the bins have
a value below 37%. In contrast with completeness values
and apart from CONCOCT, we observe a slight decrease in
average purity for the methods launched with the 500 bp
gene length threshold. This imbalance reaches its extreme
with METABAT, associated with the highest average purity
value (100%) and also to the lowest average completeness
value (10.9%). A majority of its bins have a completeness of
13% or less due to an insufficient number of binned genes.
Among abundance-based methods, the highest average pu-
rity is achieved by MGS-CANOPY whereas in this category,
MSPMINER has the best distribution and average value for
completeness. As expected, the best trade-off between pu-
rity and completeness results is obtained by DAS TOOL, the
integrative approach, based on the binning results of MGS-
CANOPY and MSPMINER.

Number of bins and HQ bins. Globally, the number of bins
is well determined by all methods except CONCOCT (Fig-
ure 2). It should however be noted that a very good esti-
mation of the number of bins is not sufficient to conclude
that all expected species-level bins are recovered by a bin-
ner. The top three values are obtained with hybrid meth-
ods (39 for MAXBIN and MYCC, 43 for METABAT) imple-
menting different approaches for the bin number estima-
tion. The approach of METABAT stands out the most by us-
ing a graph-based structure (30). Even though MYCC and
MAXBIN are both based on the identification of SCMG,
they use two different sets of markers and different tools.
A similar number of bins is determined by COCACOLA and
SOLIDBIN. They both start by initializing such number us-
ing SCMG and then compute a silhouette coefficient (56)
to select the final number. The gene length threshold af-
fects the final number of bins in different ways depending
on the methods. SOLIDBIN and CONCOCT output more bins
using the 500 bp threshold whereas COCACOLA, MYCC and
MAXBIN output more bins using the 1000 bp threshold. For
MAXBIN, its bin number estimation even results in the exact
expected value (41 expected species-level bins). Relying on a
variational Bayesian approach to determine the number of
bins (29), CONCOCT shows the highest number of bins that
is also the furthest from the expected value; however, it is the
only hybrid method to recover at least one HQ bin. This bin
shares 100% of its genes with the expected bin representing
the species Rotavirus A. Having several genes with a length
below 1000 bp, this expected HQ bin is only recovered when
setting the threshold to 500 bp. Interestingly, none of the
other hybrid binners is able to recover this bin with a high-
quality (>0.90 completeness, <0.05 contamination). SOLID-
BIN mixes the genes of Rotavirus A and of Candida albicans
and splits them between two bins. COCACOLA, MAXBIN and
MYCC output a bin containing all of the Rotavirus A genes
combined with either 88% of the genes of C. albicans or 68%
of the genes of Dorea formicigenerans. Predictably, the three

methods without a gene length filter (abundance-based and
integrative) recover a higher number of HQ bins.

Comparing the abundance-based methods, MGS-
CANOPY recovers more HQ bins than MSPMINER while
generating less bins. This results in a number of bins closer
to the expected value for MGS-CANOPY. Nevertheless, only
bins with >700 genes were kept in the case of MGS-CANOPY,
retaining less than half of the original number of bins. By
selecting only high-score bins and ensuring that genes are
not shared between bins, DAS TOOL manages to recover a
higher number of HQ bins than both of its input binning
results (MSPMINER and MGS-CANOPY), which represents
71% of the total number of expected species-level bins.
As shown by the comparison of the number of HQ bins
between the gold standard and the gold standard SA,
binners proposing only a single assignment cannot reach
the expected number of HQ bins since to reach a full
completeness, several bins are required to share genes.

Similarity of the obtained binning results. We used the
GNMI metric to compare the sets of expected (gold stan-
dard) and predicted bins for each benchmarked method.
The resulting values displayed in Figure 2 can be grouped
in five distinct ranges, ordered by decreasing similarity: (i)
>0.900 for abundance-based methods; (ii) 0.740 for the
integrative approach; (iii) >0.590 and <0.700 for hybrid
methods with a 500 bp gene length threshold; (iv) >0.400
and <0.500 for hybrid methods with a 1000 bp threshold;
(v) 0.336 for the hybrid method with a 1500 bp threshold.
Surprisingly, DAS TOOL is associated with a lower GNMI
value than the two abundance-based methods even though
it reaches the best trade-off between the average complete-
ness and purity per bin.

We also computed the GNMI similarity index for each
pair of binners and performed a hierarchical clustering and
a principal coordinates analysis on these values. The results
of both analyses are displayed in Figure 3. In accordance
with the overall binning results, abundance-based and in-
tegrative binners are closer to our gold standard than hy-
brid methods. Interestingly, MGS-CANOPY and MSPMINER
are closer to each other than to DAS TOOL, representing par-
tial results of both individual methods. As for hybrid bin-
ners, three groups of overlapping points depicting the three
gene length thresholds are distinguished. Considering these
observations, we selected the following methods to further
explore their results in the next sections: DAS TOOL, MSP-
MINER and MAXBIN 500. Each of these binners has reached
the highest GNMI similarity value with the gold standard
in their respective binning category (Figures 2A and 3B).
Moreover, as indicated in the Supplementary Data, these
binners also had reasonable computational requirements on
our SGC.

Comparison with the expected community structure at the
species and strain levels

Global gene assignment profiles. Figure 4 illustrates the
number of shared genes between each of the selected sets
of predicted bins and our set of species-level expected bins
(gold standard) divided by the expected total number of
non-redundant genes in each species. As indicated by the
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Figure 3. Representation of the GNMI similarity metric between each pair of binners using a dendrogram and a principal coordinates analysis. Binners
are represented by different shapes (binning category) and colors. Two shades of the same color were used to represent a given binner with a different gene
length threshold (e.g. green for MAXBIN). Panel (A) is a dendrogram representation of the hierarchical clustering results based on GNMI values between
pair of binners. These values were also used as input of a principal coordinates analysis which results are represented in panel (B).

continuous red diagonal line in Figure 4A representing
the comparison of our set of species-level expected bins
with itself, each expected bin shares 100% of its genes
with only one predicted bin. Considering that we eval-
uate binners on a non-redundant gene set, a small (e.g.
Subdoligranulum variabile and Faecalibacterium prausnitzii)
and a large proportion of genes (e.g. Blautia sp. Marseille-
P3087 and Blautia obeum) are also shared between mul-
tiple bins. Therefore, in contrast with benchmarking re-
sults focusing on the reconstruction of individual genomes
from contigs, the heatmap representation of the gold stan-
dard results also contains scattered light-colored squared
dots and few darker ones not positioned on the diagonal
line.

Overall, heatmaps of the three selected binners are dis-
tinguished by singular profiles. We observe an almost per-
fect diagonal line for the results of DAS TOOL and MAXBIN
(Figure 4B and C), whereas the heatmap displaying the re-
sults of MSPMINER contains a diagonal line with a fractured
end (Figure 4D). This indicates that several expected bins
share a large proportion of genes with multiple predicted
bins (e.g. Escherichia coli). A secondary line at the bottom
of the heatmap representing the results of MAXBIN (Figure
4C) corresponds to the proportion of unassigned genes per
expected bin. Except for Rotavirus A and C. albicans, this
proportion ranges from 18% (Bacteroides ovatus) up to 36%
(Fusobacterium nucleatum). This relates to the fact that hy-
brid binners with a gene length threshold set to 500 bp are
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Figure 4. Heatmaps representing the proportion of shared genes between the set of bins predicted by each selected binner and the set of expected species-
level bins constituting the gold standard. Each row represents a predicted bin and the last row is dedicated to the genes unassigned by the binner. Each
column represents an expected bin (41 species). Each squared dot is colored according to the following proportion: number of shared genes between a
predicted bin (row) and an expected bin (species, column) divided by the total number of expected genes in the corresponding species. Rows and columns
are sorted by decreasing proportion of shared genes. The panel (A) represents a heatmap of the gold standard results for which the set of expected species-
level bins was compared with itself. The pair of predicted/expected bins identified by the diagonal line are indicative of the best mapping expected bin
for each predicted bin. The heatmaps in panels (B–D) correspond to the results of the three selected best performing binner of each category: DAS TOOL,
MAXBIN and MSPMINER.
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only able to assign 75% of the genes from our SGC (Fig-
ure 2). Additionally, this line shows that the proportion of
unassigned genes is evenly distributed between Archaea and
Bacteria species-level bins whereas it is smaller for the viral
and eukaryote species present in our SGC.

Although their assignment to bins may differ, 94.9% of
the genes are assigned by at least two of the selected meth-
ods (Figure 5A). As shown in Figure 2, hybrid methods bin
less genes from our SGC than abundance-based methods.
Nevertheless, Figure 5A demonstrates that MAXBIN is able
to assign 231 genes (corresponding to 0.18% of the total
number of genes) assigned neither by MSPMINER nor by DAS
TOOL. It should also be noted that this proportion of genes
uniquely assigned by MAXBIN represents 17 793 IGC genes.

Representation of expected species-level bins by predicted
bins. Figure 5B summarizes the number of predicted bins
representative of each expected species-level bins. Among
the three selected binners, MAXBIN is the only one recov-
ering all species whereas MSPMINER fails to represent Ro-
tavirus A. Composed of a small number of genes (11 genes),
this expected bin cannot be recovered either by MSPMINER
or by MGS-CANOPY due to their filter on bin size applied re-
spectively upstream (bin size ≥150 genes) and downstream
(bin size >700 genes) of the final bin generation. Conse-
quently, this species-level bin is also absent from the results
of DAS TOOL, along with the expected bin of Enterobacter
cloacae. As shown in Figure 5B, this latter bin is well recov-
ered by both MSPMINER and MGS-CANOPY (>98% of shared
genes). However, none of their respective bins passes the
DAS TOOL default score threshold of 0.5 due to the identifi-
cation of less than half of the expected set of SCMG, leading
to respective scores of 0.41 and 0.39.

Over-representation of species-level bins. As shown in Fig-
ure 5B, DAS TOOL outputs a maximum of one bin per
species, while the other binners represent each species with
up to two (MAXBIN) and six (MSPMINER) predicted bins.
Considering the six species composed of two strains in our
SGC, all of them were represented with at least three bins by
MSPMINER, of which three were represented with two bins
by MAXBIN. These latter three species (B. obeum, Anaerobu-
tyricum hallii, F. nucleatum) have a low to medium average
GC content, while the ones over-represented by MSPMINER
only (Anaerotruncus colihominis, B. longum, E. coli) have
a medium to high average GC content. Among those and
considering the strains for which we previously had com-
puted ANI and TETRA values, we observe low to medium
ANI and TETRA values for the species with two strains
over-represented by both binners (B. obeum and F. nuclea-
tum, Figure 5B). In contrast, the strains of B. longum share
high ANI and TETRA values and this species is over-
represented by MSPMINER only.

While in most of these cases of over-represented species
both binners output at least one bin per strain, we observe
that two representative bins for a species do not always
represent two strains. Indeed, MSPMINER also outputs bins
containing a mixture of genes specific to both strains (e.g.
msp 17 for A. colihominis). Moreover, a predicted bin is not
necessarily representative of a single species in the results
of both MAXBIN and MSPMINER. This is notably the case

for Blautia sp. KLE 1732 and Ruminococcus sp. SR1/5 (e.g.
msp 29 and maxbin 500.017, Figure 4C and D), two strains
sharing several genes and high ANI and TETRA values.
More details on the species-level bins over-represented by
these methods are available in the Supplementary Data. As
for the integrative binner, it outputs at most a single bin
per species and manages in some cases to resolve the lat-
ter issues. For instance, the genes from S. variabile and F.
prausnitzii are mixed into two bins by MSPMINER (msp 15
and msp 16, Figure 4D) and recovered in separated bins by
DAS TOOL (msp 15 sub and CAG023, Figure 4B). However,
DAS TOOL sometimes essentially recovers only one of the
strains of a species (A. hallii), or selects bins still contain-
ing genes from other species (B. obeum A2–162 and Blautia
sp. Marseille-P3087, Figure 4B). This is mainly due to its
dependency on the quality of its input binning results.

Distribution of the annotated genes between the predicted
bins

We evaluated the distribution of the 16S rRNA, selected
plasmid and prophage genes included in our SGC between
the predicted bins and present an overview of the obtained
results in this section.

Assignment of annotated 16S rRNA genes. A first notable
difference across the selected binners is the number of as-
signed 16S rRNA genes. Although none of the three se-
lected binners is able to assign the whole set of 35 non-
redundant 16S rRNA genes, 34 genes are assigned by MSP-
MINER and MAXBIN, and 31 by DAS TOOL. While MAXBIN
incorrectly assigns ten 16S rRNA genes to a representative
bin of another species more or less distant in the taxonomy
(genus to super-kingdom), there is no incorrectly assigned
16S rRNA genes by MSPMINER based on our definition. In-
deed, this binner outputs a correct assignment compensat-
ing for a partially incorrect assignment of the same gene
(e.g. 16S rRNA gene of Buchnera aphidicola assigned to the
representative bin of B. aphidicola and to two of E. coli).
Moreover, in the case of a gene shared by several strains,
MSPMINER manages to assign it to at least one of the repre-
sentative bins and sometimes to all the representative bins
of the expected species. However, considering the amount of
over-represented species, this sometimes leads to a partially
incorrect assignment due to a gene assigned to a bin repre-
senting multiple species and including unexpected ones (e.g.
16S rRNA gene of F. prausnitzii assigned to two bins, in-
cluding one representative of F. prausnitzii composed of a
majority of genes of S. variabile). As for MAXBIN which is
limited to single assignments, a correct assignment can be
due to a bin representing multiple species (16S rRNA gene
shared between Methanobrevibacter oralis and Methanobre-
vibacter smithii, maxbin 500.024 on Figure 4C). As for DAS
TOOL, although it allows, for instance, to disentangle the
previous situations of the 16S rRNA gene of F. prausnitzii
by selecting only one bin, it also assigns less genes and has
more partially correct assignments than the two other bin-
ners. See the Supplementary Data for more details on the
distribution of 16S rRNA genes between the predicted bins.

Assignment of annotated elements acquired during genome
evolution. Overall, considering plasmid and prophage
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Figure 5. Percentage of binned genes and predicted bin counts per species for the best-performing binner of each category. The comparison of gene
assignments between the three selected binners is represented as an UpSet plot on panel (A). The values correspond either to the number or the proportion
of assigned genes (100% being the 128 267 genes constituting the SGC). Each column represents an intersection and the sets that are part of it are indicated
by a filled circle. The size of the intersections is shown in the top bar chart and the size of the sets in the left bar chart. Panel (B) represents for each
expected species-level bin, the number of representative predicted bins recovered by the three selected binners and by our gold standard (species). A
predicted bin is considered representative of a species if it shares at least 4% of the genes of the species-level expected bin (see ‘Materials and Methods’ for
more information). The characteristics of each expected species are represented on the right, including the following information: number of strains (up
to two strains for a species), average GC content of the genome of each strain, ANI and TETRA values between some selected genomes (belonging to the
same or to a different species). ANI and TETRA values were retrieved prior to the evaluation in order to help selecting closely related genomes. They are
represented by curved lines which color and thickness are indicative of the pair of TETRA and ANI values: thick brown lines indicate that both metrics
reach the values defining closely related genomes (TETRA >0.99 and ANI >95%); thin light brown lines show that at least one of the metrics does not
reach the previous thresholds.

D
ow

nloaded from
 https://academ

ic.oup.com
/nargab/article/3/1/lqab009/6155872 by guest on 03 M

arch 2021



NAR Genomics and Bioinformatics, 2021, Vol. 3, No. 1 13

genes, MSPMINER assigns all the 88 and 30 selected
prophage and plasmid genes whereas MAXBIN is able to bin
all the genes >500 bp (57 plasmid and 19 prophage genes).
DAS TOOL shows intermediate results by binning 41 plasmid
and 26 prophage genes, respectively representing 46.6% and
86.7% of all the selected genes for both categories. Among
their assigned genes, MAXBIN, DAS TOOL and MSPMINER
output only correct assignments for plasmid and prophage
genes. However, as further described in the Supplementary
Data, correct assignments are sometimes also associated to
missing or partially incorrect ones due, for example, to sev-
eral representative bins for a species (e.g. the plasmid genes
of E. coli are assigned by MSPMINER to two out of the three
representative bins of the species, and DAS TOOL selects the
msp 04 which does not contain most of them) or to bins
representing multiple species (e.g. the prophage genes of F.
nucleatum are assigned by MSPMINER to the four represen-
tative bins of F. nucleatum, including three also representa-
tive of M. oralis).

Application of the best-performing methods to the IGC

Number of recovered bins. Figure 6A shows a comparison
of the number of bins obtained on the SGC and on the IGC
with MSPMINER, MGS-CANOPY and DAS TOOL. On both cat-
alogs, MSPMINER outputs the most bins (54 bins on the SGC
and 1661 on the IGC), and DAS TOOL outputs the least
(37 bins on the SGC and 930 bins on the IGC). It should
however be noted that rarefied counts were used for MGS-
CANOPY which may have resulted in the loss of low abun-
dance species, hence a slight increase in the number of bins
is to be expected with non-rarefied counts. Globally, we also
observe similar values for the proportions of bins selected
by DAS TOOL from each binner. Indeed, between 19 and
24% of the bins of MGS-CANOPY and of MSPMINER were
selected in integrality (complete bins) by DAS TOOL on the
SGC and on the IGC. As for the proportion of partial bins,
while it remains stable with 16 to 17% of the bins of MSP-
MINER partially selected by DAS TOOL, the value decreases
from 15.6 to 4.5% for the bins of MGS-CANOPY. In terms of
bins recovered by DAS TOOL, we observe a slight increase in
the proportion of bins that have been selected completely or
partially from the binning results of MSPMINER (from 32.4
to 42.4% for complete bins). As described above, this is com-
pensated by a decrease in the proportion of partial bins se-
lected from the binning results of MGS-CANOPY (from 18.9
to 5.6%). In the end, the trends appear to be the same for
both catalogs when comparing the number of bins recov-
ered by the three binners and the number of bins selected
by DAS TOOL. As for the evolution of the computational re-
quirements, as detailed in the Supplementary Data, while
the relative trends are similar for MSPMINER and DAS TOOL
on both gene catalogs, they are opposite for MGS-CANOPY
since it required the least time and memory on the SGC and
the most on the IGC.

Percentage of binned IGC genes. The proportion of genes
assigned by each binner on the SGC and on the IGC are
represented as a Venn diagram in Figure 6B and C. Overall,
the percentage of unassigned genes obtained on the SGC
(0.58%) is not representative of the one resulting from the

binning of the genes of the IGC (64.75%). Indeed, the to-
tal proportion of assigned genes per binner was overesti-
mated on the SGC. For instance, MSPMINER binned 99.3%
of the genes of the SGC but only 33.3% of the genes of
the IGC. Concerning the proportion of binned genes as-
signed to more than one bin, while it remains stable for
MGS-CANOPY between both catalogs (0.5% on the SGC and
on the IGC), it largely decreases for MSPMINER when ap-
plied to the IGC (20.8% on the SGC and 2.1% on the IGC).
However, this latter binner remains the one that binned
the most genes from both catalogs and DAS TOOL is the
one that binned the least (85.7% on the SGC and 20% on
the IGC). Nevertheless, the proportion of genes assigned
only by one binner in the results of DAS TOOL is slightly
higher in relation to the IGC. It goes from 1.41 to 6.16%
at the intersection of MSPMINER with DAS TOOL, and from
0.03 to 0.26% at the intersection of MGS-CANOPY with DAS
TOOL. Although these proportions are relatively small, they
correspond to a total of several hundred thousand IGC
genes (608 244 for MSPMINER and 25 729 for MGS-CANOPY).
Moreover, around 15% of the genes of the IGC (equivalent
to 43% of the binned genes) are assigned by either one or the
two abundance-based binners but not by DAS TOOL. There-
fore, this proportion shows how much room for improve-
ment there is using an integrative approach based on these
two binning results.

DISCUSSION

Evaluation of binners on a non-redundant gene catalog

Standard metrics (26,52) and test datasets (25) have been
proposed to evaluate the recovery of MAGs from the assem-
bled contigs of metagenomes. To our knowledge, there is yet
no established consensus on how to compare species-level
bins built from a non-redundant set of genes. Moreover, al-
though the CAMI challenge has defined a framework to
benchmark metagenomic tools, there are few independent
published benchmarking results and still a considerable het-
erogeneity in the evaluation of binners. Quality assessment
results are generally obtained either with commonly used
tools based on SCMG (57,58) or by comparing the results
to a gold standard using tools like AMBER, which was de-
veloped to compute standard metrics during the CAMI
challenge. Nevertheless, even with defined standard qual-
ity assessment metrics, benchmarking results are not always
comparable. Between the SCMG-based approaches, the im-
plementation of metrics and especially the set of SCMG
vary across the studies. As for approaches based on a gold
standard, each benchmarking result is specific to the used
dataset and in particular to its complexity (e.g. number of
sequences, samples, species and strains) and to the micro-
bial ecosystem it represents.

In this study, we proposed a global benchmarking analy-
sis of the binning results obtained from a non-redundant
gene catalog with a focus on the human gut microbiota.
It should, however, be noted that apart from the design of
the SGC (selected microbial species and abundance pro-
files), our way of comparing the community structure at the
species and strain levels along with the distribution of anno-
tated genes (16S rRNA, prophage and plasmid genes) could
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Figure 6. Number of bins and proportion of binned genes between the SGC and the IGC. Panel (A) shows the results in terms of bins for the three binners
when applied to the SGC and to the IGC. The third column represents the total number of bins recovered by each method and the four columns to its
right describe a fraction of these bins. For instance, on the IGC, 222 bins recovered by DAS TOOL correspond to complete bins selected from the binning
results of MGS-CANOPY. These 222 bins represent 23.9% of the bins of DAS TOOL and 19% of the bins of MGS-CANOPY. Panels (B and C) illustrate as Venn
diagrams the genes binned by each binner on both catalogs (SGC and IGC). The values correspond either to the number or the proportion of assigned
genes (100% being the total number of genes of the SGC or the IGC). The ones not in any circle indicate the unassigned genes.

be applied to non-redundant gene catalogs of other micro-
bial ecosystems. Nevertheless, the design of our SGC is rel-
atively simple and therefore not necessarily representative
of the complexity of conventional gut microbial commu-
nities. However, it could easily be extended to many other
simulated abundance profiles and despite its simplicity, it
reproduces most of the essential characteristics of the gut
microbiota and remains a good evaluation support for our
study. Our SGC could nonetheless be enriched at several
levels, for instance by including 23S rRNA genes that are
also present in all prokaryotic genomes, chimeras, partial
assemblies or also incomplete genes to assess their influ-
ence on the binning results given that only 57.7% of the IGC
genes correspond to complete open reading frames (8). Fur-
thermore, we have adapted the implementation of standard
assessment metrics in AMBER to also consider covers and

have included specific metrics such as the GNMI. We have
also proposed a computation that is independent of the se-
quence length which in our case is necessary given that with
a set of non-redundant genes, the aim is not to correctly
cluster the largest number of base pairs but the largest num-
ber of sequences. As for the extension to covers, while it is
important on a non-redundant catalog to take into account
the information of genes shared between multiple species,
our results remain compatible to partitions if either or both
the expected and the predicted bin sets are partitions.

Complementarity and similarity of the methodological ap-
proaches

Although each binner implements a different methodologi-
cal approach, they are all related within their category either
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through their required input, part of their main algorithm
(e.g. bin number estimation, computed distance and clus-
tering method) or their dependencies. Indeed, all of the se-
lected hybrid binners use kmer frequencies and the majority
estimates the number of bins by starting with the identifi-
cation of SCMG (MAXBIN, MYCC, COCACOLA, SOLIDBIN).
Nevertheless, while almost all binners achieve a relatively
good estimation, they do not always use the same marker
set and neither does DAS TOOL that implements an integra-
tive approach using SCMG to compute its scoring function.
As for hybrid binners with a methodology independent of
SCMG, even though they do not reach high completeness
results on our SGC, they have shown good results on other
datasets (25,26). Moreover, by considering only 16.4% of
the genes of the SGC, METABAT outputs a very good bin
estimation (43 bins) and most of its bins represent a sin-
gle species. As for the two abundance-based binners, they
rely on the computation of a correlation coefficient on gene
abundance profiles across samples, and thereby require a
large number of samples.

These methodological resemblances thus lead to similar
limitations within the three categories, notably in terms of
the used filters. Abundance-based binners essentially apply
filters on gene prevalence, gene minimum counts and bin
size. Hence, they assign fewer low-abundant genes and only
recover relatively large bins. Consequently, they recover less
well the species having a small genome (e.g. Rotavirus A,
MSPMINER and MGS-CANOPY). As for hybrid binners, while
they are able to recover small bins, they systematically filter
genes based on their length, generally removing genes with
a length below 1000 bp by default to avoid skewed tetranu-
cleotide frequencies. In our case, this filter leads to the loss
of 60.9% of the SGC genes, making it difficult to compare
the results of hybrid binners with the output of abundance-
based binners. This has led us to try to lower the gene length
filter for hybrid binners when it was possible. Nevertheless,
we would like to point out that apart from this parame-
ter and the setting of the kmer size for MYCC that was ad-
vised by the authors, we did not try to optimize the other
parameters of each binner. Although it could certainly im-
prove their results, we believe the ones we obtained along
with our comprehensive evaluation are enough to make an
informed decision on which binners are more adequate to
handle specific cases and therefore more suitable to be ap-
plied to a given dataset. Besides, our evaluation aims to be
representative of the common usage, using either default pa-
rameters or setting the main parameters essentially follow-
ing the recommendations of the authors. Concerning the
gene length filter, apart for the main shift, similar relative
differences in the distribution of the completeness per bin
are observed between hybrid binners when decreasing their
gene length filter. Therefore, while taking into consideration
the recommendations of the authors, it appears that after
properly testing them, some hybrid binners could be used
with a lower threshold.

Furthermore, the combination of their results with the
output of abundance-based binners, which are not directly
influenced by gene length, could help refining the binning
results and reducing the impact of potential biases relative
to kmer frequencies. In our case, DAS TOOL reaches good

overall results, but only selects bins passing a defined score
threshold. Since the bins obtained by hybrid binners on our
SGC are not complete enough to be selected, we were not
able to evaluate how DAS TOOL could potentially improve
the binning results when considering the output of hybrid
binners. It should also be noted that, in the IGC, the propor-
tion of genes below the gene length filter (76% <1000 bp) is
even higher than on the SGC, and that we also encountered
a scalability issue using the best-performing hybrid binner
(MAXBIN). Moreover, since it is based on a set of SCMG
from Bacteria and Archaea, DAS TOOL is expected to be
limited to the recovery of prokaryotic species, even though
we encountered an exception (C. albicans). Other integra-
tive binners are available but, to our knowledge, they are
also based on the computation of completeness and purity
using SCMG (59) or essentially aim at refining bins (60). In
the end, hybrid and abundance-based approaches have in-
herent limitations that could be compensated by the use of
an integrative binner. This latter approach is very promising
but is not yet able to fully exploit the complexity of our set
of non-redundant genes.

Counting the genes assigned by at least one of the
abundance-based binners, the total proportion of assigned
IGC genes reaches 35.25%. This also represents the cur-
rent maximum potential of DAS TOOL on the obtained bin-
ning results on the IGC, if we were to fully customize
its parameters. We believe better results could be reached
on the IGC by combining the complementary results ob-
tained by both abundance-based and hybrid binners. This
could be achieved either by including the results of a scal-
able hybrid method capable to bin short sequences or by
an integrative method able to consider bins with a low
completeness.

Different levels of comparison exploiting the characteristics
of the SGC

While on our SGC the best trade-off between the com-
pleteness and purity per bin was achieved by DAS TOOL,
its GNMI score with the gold standard was lower than the
score of the two abundance-based binners. This suggests
that standard quality metrics are not enough to fully char-
acterize and therefore understand the results of the bench-
marked binners. Although these computed metrics allow to
obtain easily comparable assessment results, they offer only
a high-level comparison of binners. For instance, even by
adjusting the computation of HQ bins (by counting each
expected species once), the number of species represented
by each binner remains unclear. This is why we decided to
explore in a deeper way the results of the best-performing
binner of each category, thereby exploiting the characteris-
tics of our SGC.

To do so, we proposed interactive heatmaps or sum-
mary representations (predicted bin counts per species) of
the binning results. Based on these representations, we ob-
served that the number of unassigned genes was relatively
evenly distributed between species by the hybrid binners
(MAXBIN), that a predicted bin can be representative of mul-
tiple species (e.g. M. oralis and M. smithii, MAXBIN), that a
species can be represented by multiple predicted bins (e.g.
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E. coli, MSPMINER) and that species composed of a small
number of genes are not always recovered (e.g. Rotavirus A,
MSPMINER). Finally, considering on one side the large num-
ber of binners and their applications, and on the other side,
the increasing size and complexity of the gene catalogs, we
believe it is critical to characterize as much as possible the
obtained results. Therefore, we tried to provide insight into
the following questions by analyzing our results at a lower
granularity: (i) does a bin represent a species or a strain; (ii)
are there expected biases due to composition or taxonomy
closeness; (iii) how well are the genes with particular anno-
tations assigned given that, for instance, plasmid genes can
have a major impact on health due to the antibiotic resis-
tances they can confer (36,38).

The design of our SGC was intended to include key
features that might influence the binning results such as
closeness in genome composition (GC content, ANI and
TETRA values, shared genes); taxonomy proximity; within-
species diversity (one or two strains per species); and gene
annotation (16S rRNA, prophage and plasmid genes). To
this purpose, we selected various strains in order to repre-
sent all these characteristics and adopted a straightforward
approach consisting in downloading CDS and 16S rDNA
sequences to avoid introducing assembly or gene predic-
tion biases. With the aim to deeply explore the content of
the predicted bins, we analyzed the obtained results at the
species, strain and gene levels. For the first two levels, we
evaluated species representation with each binner, by con-
sidering that a predicted bin is representative of a species if
it shares at least 4% of the genes of the species. Our first ob-
servation was that MSPMINER over-represented 16 species
(accounting for 39% of the total number of species) with up
to six bins. MAXBIN also over-represented four of them with
two bins but was the only selected binner able to represent
all species with at least one bin. Indeed, two species were
unrecovered by at least one of the other selected binners,
which can be explained by a bin size filter (Rotavirus A, MSP-
MINER) and the lack of identified SCMG (E. cloacae, MSP-
MINER). Finally, while we also observed over-represented
species in the gold standard according to our definition, the
cause of the over-represented species was not always clear
and needed further investigations.

Impact of the community structure and of genome closeness
on the binning of SGC genes

Even though a relation between the taxonomy and the com-
position of genomes has long been identified and well-
characterized with metrics such as the ANI and TETRA,
we observed different behaviors between binners. This in-
dicates that between two genomes, composition closeness
can be higher or lower than expected by their taxonomy
proximity (e.g. within a species, ANI >95% and TETRA
>0.99). Based on the results obtained on our SGC, the
genome composition appears to strongly impact MAXBIN.
Although its influence is mostly positive (e.g. only a few
over-represented species), the composition closeness is not
always fully consistent with the expected taxonomy, leading
to some cases of bins that each represent multiple species.
Moreover, species with high GC content are overall less

over-represented, in particular the ones composed of two
strains, as compared with the results of MSPMINER. Indeed,
in our results, this method over-represented the six species
composed of two strains whereas MAXBIN was able to as-
sign to a single bin the three pairs of strains which have a
medium to high average GC content, and for one pair at
least, high ANI and TETRA values. As for DAS TOOL, it
generated at most one bin per species and allowed to re-
solve some cases of over-represented species. Nevertheless,
for these binners, while some bins represent both strains of a
species, others only contain genes from one strain, or a mix-
ture of genes from different species more or less distant in
the taxonomy. Besides, for a same species, MSPMINER some-
times outputs bins representing both strains of a species and
also other bins specific to a strain. This is essentially caused
by its ability to assign a gene to more than one bin (multi-
assignment).

By analyzing the results at the gene level, the impact of
multi-assignments, of taxonomy and of shared genes can be
better appreciated. For this part, we focused on three types
of annotated genes from the SGC: 16S rRNA, prophage
and plasmid genes. From our perspective, these genes are
of particular interest either due to their function, to the
way they were integrated into the genome of the strain,
or to their independent mode of replication. Therefore,
within each type of annotation, they either have a high se-
quence similarity between each other or can be found in
several copies in one strain. Nevertheless, we did not ad-
dress this latter aspect in the case of plasmids considering
that they were simulated in single copy in our SGC. While
the main goal was to evaluate if 16S rRNA, prophage and
plasmid genes would be correctly assigned with their ex-
pected species by each binner, these different types of gene
annotation offer complementary ways to measure the im-
pact of the key features previously defined. Indeed, 31%
of the non-redundant 16S rRNA genes are shared by up
to three strains whilst most of the selected plasmid and
prophage genes are not shared with another strain of the
SGC. Thus, the former genes can help emphasize the impact
of multi-assignments as compared with single assignments,
and the latter the impact of taxonomy without shared
genes.

Overall, multi-assignments not only allow to correctly
assign the annotated genes shared intra- and inter-species
(MSPMINER), representing therefore a considerable advan-
tage, but can also lead to an over-representation of species,
and consequently to a large proportion of unassigned genes
by DAS TOOL, depending on the bin it selects. We observed
also several unassigned, partially correct and incorrect as-
signments with MAXBIN either due to the gene length filter,
to single assignments or to taxonomy proximity. However,
in our SGC, this latter cause seems to essentially influence
the assignment of 16S rRNA genes and not of prophage
or plasmid genes. Furthermore, it should be noted that
we made these observations based on the assumption of
a proper assembly of 16S rRNA, prophage and plasmid
genes. This is not always the case in the current MAG re-
constructions (61) but can be expected in the IGC given that
16S rRNA gene sequences from HMP were included during
the construction of this catalog (8).
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Essential consideration for the binning of large non-
redundant gene catalogs

In addition to the presented benchmarking results, we have
identified the following criteria that are also crucial to con-
sider given the size and applications of the most used (IGC)
and of the recently available human gut microbiota non-
redundant gene catalogs (Global Microbial Gene Catalog -
http://gmgc.embl.de): (i) usability; (ii) scalability in terms of
time and memory resources; (iii) reproducibility; (iv) main-
tenance and comparability of the obtained bins when in-
creasing the size of the reference gene catalog. We believe
that these points should be taken into account when se-
lecting or developing a method to bin a large gene catalog
whether it is the one of the human gut microbiota or of an-
other microbial ecosystem. It should be noted that we do
not provide an exhaustive analysis of all these points but
aim instead to highlight their significance using some of the
special cases encountered during this evaluation.

We measured the importance of the first three crite-
ria either already on the SGC or when applying the best-
performing binners on the IGC. First, we included sev-
eral aspects under the term usability. The ease of use var-
ied widely between binners, notably in relation to the in-
put format or the limited command-line interface. For in-
stance, some binners do not include the main processing
steps such as applying the gene length filter and comput-
ing the kmer frequencies (SOLIDBIN, COCACOLA), requiring
therefore to perform them manually. Besides, binners were
not always as easy-to-use on the IGC as we had observed on
the SGC. This was especially the case for MAXBIN that re-
quires sample-specific gene abundance files as input which
took a considerable amount of time to create and of disk
storage on the IGC. Furthermore, as previously discussed,
the lower boundary on the gene length filter is also a main
usability issue, particularly for METABAT for which it is set
to a value higher than the average prokaryotic gene length.
Secondly, time or memory scalability issues were encoun-
tered either on the SGC (MYCC and SOLIDBIN, see Supple-
mentary Data) or when applying the best-performing bin-
ners on the IGC (MAXBIN and MGS-CANOPY). We noticed
that MAXBIN fixed a hardcoded limit on the number of sam-
ples to 1023 that remains acceptable on the IGC but will
be a real limitation on larger catalogs. Moreover, we did
not obtain any binning results after a week of computation.
As for the abundance-based binners, MSPMINER finishes in
a few hours whereas MGS-CANOPY allows to obtain inter-
mediate results by sending an interruption signal. Thirdly,
we believe it is important that binners guarantee the repro-
ducibility of their results either by allowing to set a seed for
pseudo random number generation (METABAT) or by not
requiring a manual interruption. Regarding this latter ob-
servation, MGS-CANOPY also provides an early stopping pa-
rameter which can be set instead.

Finally, the last pair of criteria, maintainability and com-
parability, is all the more relevant considering the poten-
tial applications of the results of the evaluated binners in
reference-based metagenomic analyses, such as characteriz-
ing microbiome samples in the context of research or of clin-
ical studies. As previously mentioned, a first set of species-
level bins was established on the MetaHIT catalog, leading

us to evaluate the suitability of the available binners to clus-
ter the genes of the IGC. However, the sequences of a larger
catalog composed of 52 million non-redundant gut micro-
bial genes have recently become available. Consequently, a
different gene catalog, but also species-level bin set were and
will certainly be used across the studies and the years. Thus,
we believe it is important not only to build a reference set of
species-level bins on the most used and on the largest gene
catalogs, but also to ensure their continuity. This could be
achieved by studies or methods aiming to complement or
refine bins recovered from a previous catalog, to improve
and make connections with the former taxonomic annota-
tion of a bin (e.g. similar to what is proposed for MAGs in
the MGnify website (18,62)), and to follow the evolution of
the assignment of each gene. Independently of the selected
binner for the initial gene binning, one possibility among
others could be to use an integrative approach between the
binning results of a previous and of a newer catalog. This
could allow to perform a complementary update of the ref-
erence set of bins instead of replacing it with a new indepen-
dent set. Moreover, as recently pointed out for MAGs (63)
and although their role is different in metagenomic analy-
ses, the obtained set of bins should be well-characterized,
curated and validated.

CONCLUSION

In conclusion, we have conducted a comprehensive evalua-
tion of nine binning methods at different levels of granular-
ity, taking into account the particularities of the most used
gut microbiota non-redundant gene catalog and of its in-
creasing size. To this purpose, we have specifically designed
a SGC, created a gold standard composed of genes assigned
to more than one bin and adapted the quality assessment
tool AMBER. This allowed us to compare the suitability and
usability of binners to recover species-level bins from a non-
redundant set of genes. Globally, the three main binning ap-
proaches are distinguished not only by specific advantages,
but also by inherent limitations. However, among the three
selected best-performing binners, only abundance-based or
integrative binners were able to cluster the IGC genes. This
is mainly because hybrid binners filter sequences based on
their length or have scalability issues. Considering the over-
all low proportion of assigned IGC genes, we believe that
MSPMINER still provides the best available binning results
on the IGC, in terms of the proportion of genes assigned by
this binner, its scalability and its ability to assign a gene to
more than one bin. Nevertheless, although this latter abil-
ity is essential, the potential biases it may introduce should
be taken into consideration when interpreting the obtained
results. Moreover, the benchmarked hybrid and integrative
binners show very promising and potentially complemen-
tary results but require further improvements in order to
make them usable on and scalable to a large non-redundant
gene catalog. Throughout our analysis, we further identi-
fied important criteria to consider in the selection or de-
velopment of binners to handle the size and complexity of
large non-redundant gene catalogs, which in turn are essen-
tial for the characterization and the understanding of the
functioning of microbial communities, such as the human
gut microbiome. In particular, to ensure the comparability
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between reference-based metagenomics analyses, we believe
it is important to further characterize and to provide a con-
tinuity between the binning results obtained on the different
versions of the human gut microbiota gene catalogs.
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