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Abstract

Motivation: Metagenomic binning methods to reconstruct metagenome-assembled genomes (MAGs) from environmental samples have been
widely used in large-scale metagenomic studies. The recently proposed semi-supervised binning method, SemiBin, achieved state-of-the-art bin-
ning results in several environments. However, this required annotating contigs, a computationally costly and potentially biased process.

Results: \We propose SemiBin2, which uses self-supervised learning to learn feature embeddings from the contigs. In simulated and real data-
sets, we show that self-supervised learning achieves better results than the semi-supervised learning used in SemiBin1 and that SemiBin2 out-
performs other state-of-the-art binners. Compared to SemiBin1, SemiBin2 can reconstruct 8.3-21.5% more high-quality bins and requires only
25% of the running time and 11% of peak memory usage in real short-read sequencing samples. To extend SemiBin2 to long-read data, we also
propose ensemble-based DBSCAN clustering algorithm, resulting in 13.1-26.3% more high-quality genomes than the second best binner for
long-read data.

Availability and implementation: SemiBin2 is available as open source software at https://github.com/BigDataBiology/SemiBin/ and the analy-

sis scripts used in the study can be found at https://github.com/BigDataBiology/SemiBin2_benchmark.

1 Introduction

Microorganisms live in all environments on Earth and play es-
sential roles in human health, agriculture, food, climate
change, and other processes (Cavicchioli et al. 2019).
Considering the difficulty of culturing microorganisms, meta-
genome sequencing is widely used to study microorganisms
(Quince et al. 2017). Due to the low cost of short-read se-
quencing, large compendia of metagenome-assembled
genomes (MAGs) have been built, expanding the known di-
versity of bacteria in human-, animal-associated, and environ-
mental habitats (Tully et al. 2018; Almeida et al. 2019;
Stewart et al. 2019; Coelho et al. 2022; Zeng et al. 2022).
Despite the success of short-read sequencing, it often fails to
reconstruct repeated elements (Koren and Phillippy 20135;
Torresen et al. 2019). Recently, long-read sequencing technol-
ogies, such as PacBio and Oxford Nanopore which address
this limitation, have started to become popular (Bickhart
et al. 2022; Feng et al. 2022; Sereika et al. 2022).

Whether using short- or long-read sequencing, assembling
large contiguous sequences (contigs) from individual reads is
the first step in recovering MAGs. Metagenomic binning is a
clustering problem, namely grouping together contigs inferred
to originate from the same organism to reconstruct MAGs
(Parks et al. 2017). Several binning methods have been pro-
posed. Most existing unsupervised metagenomic binners,
such as Canopy (Nielsen et al. 2014), SolidBin (Wang et al.
2019), MetaBAT2 (Kang et al. 2019), MaxBin2 (Wu et al.
2016), and MetaDecoder (Liu et al. 2022) reconstruct bins us-
ing k-mer frequencies and abundance information. Recently,

deep learning has been applied to this problem. VAMB
(Nissen et al. 2021) uses deep variational autoencoders to en-
code k-mer and abundance features prior to clustering.
SemiBin (henceforth, SemiBin1) implements a semi-supervised
approach to learn an embedding by contrastive learning with
information from reference genomes, and it achieved state-of-
the-art binning results across several habitats, and different
binning modes (Pan et al. 2022).

Nevertheless, semi-supervised learning has two drawbacks:
(i) SemiBin1 requires using a contig annotation tool such as
MMseqs2 (Steinegger and Soding 2017; Mirdita et al. 2021)
to generate cannot-link constraints, which significantly
increases the running time and peak memory usage of the bin-
ning process (Pan et al. 2022); (ii) limitations of the reference
genome databases lead to bias (some genomes cannot be an-
notated and will not be covered in the cannot-link constraints)
(Pan et al. 2022) (see Supplementary Table S2). Binning can
be performed per-sample or using multiple samples at once, a
setting termed multi-sample (Nissen et al. 2021). For single-
sample binning, embedding models can be pretrained from
large collections of samples, which can alleviate the annota-
tion bias problem and, given the fact that models can be
reused, the computational costs are amortized. On the other
hand, for multi-sample binning, models need to be relearned
for each binning task (as they depend on the number of sam-
ples used). So here we focus on improving multi-sample bin-
ning, which was shown to lead to the highest number of
recovered high-quality MAGs (Nissen et al. 2021; Pan et al.
2022). In particular, we propose a self-supervised binning
method that does not require reference genome annotation.
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Another limitation of existing binners is that most of them
are not optimized for long-read sequencing data. Even though
they can be used, assemblies from long-read sequencing are
significantly ~different from short-read sequencing (see
Supplementary Table S1) and results will be sub-optimal.
Thus, SemiBin2 proposes an ensemble-based clustering algo-
rithm to extend to long-read data. We compared it to the
other binners proposed for long-read sequencing data, such as
LRBinner (Wickramarachchi et al. 2020; Wickramarachchi
and Lin 2021) and the recently proposed GraphMB
(Lamurias et al. 2022), and show that it outperforms them.

We have shown that SemiBin2 obtains state-of-the-art bin-
ning results on the short- and long-read sequencing data and
needs much less computational resources (less running time
and peak memory usage) than SemiBin1.

2 Materials and methods
2.1 The SemiBin2 algorithm

We developed SemiBin2, a self-supervised contrastive deep
learning-based contig-level binning tool for short- and long-
read metagenomic data (see Fig. 1). As in SemiBin1, SemiBin2
uses must-link and cannot-link constraints to learn a feature
embedding prior to clustering (Pan et al. 2022). The intuition
is that, compared to the original feature space, in the embed-
ded space, contigs from the same genome will be closer to-
gether while contigs from different genomes will be further
apart. However, SemiBin2 improves on SemiBinl by using
self-supervised learning to obtain cannot-link constraints: ran-
domly sampled pairs of contigs are assumed to contain a
cannot-link between them.

The clustering approach used depends on the type of data.
For short-read data, the same community detection-based
method employed in SemiBin1 is used (Rosvall and Bergstrom
2008). For long-read data, however, a novel ensemble method
is used (see below), based on DBSCAN (Ester et al. 1996).

2.2 Preprocessing

Every contig is represented by its tetramer frequencies and its
estimated abundance (the average number of reads per base
mapping to the contig). The abundance is calculated using
BEDTools (version 2.29.1, genomecov command) (Quinlan
and Hall 2010) after mapping the short reads to the contigs
being binned. Depending on the numbers of samples and se-
quencing technology, SemiBin2 uses different ways to process
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the abundance values. Assuming the original abundance value
is a and the number of samples is N, SemiBin2 processes the
abundance as follows:

log(a) if N < 5 and long — read data
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>idi
(1)

Qmean 18 the average of all abundance values and g; is the abun-
dance value of sample i used in binning. The inputs to the deep
learning model are the k-mer frequencies and preprocessed
abundance values.

2.2.1 Self-supervised contrastive learning

SemiBin2 uses the same approach as SemiBinl to generate
must-link constraints, namely simulating the break up of lon-
ger contigs. For the generation of cannot-link constraints,
SemiBinl used taxonomic annotations which carried large
computational costs (including high memory requirements
which limited the accessibility of the method). SemiBin2 uses
a self-supervised approach, randomly sampling pairs of
contigs and treating them as cannot-link pairs.

To control the training time and the ratio between must-link
and cannot-link constraints, SemiBin2 limits the number of
cannot-link constraints used in training to min(2,4000000),
where 7 is the number of must-link constraints.

Then, SemiBin2 uses a deep siamese neural network
(Chopra et al. 2005) to implement a contrastive learning
method and learns a better embedding from the must-link and
cannot-link constraints. The inputs to the neural network are
the features computed from the contigs, while its outputs are
the fixed dimensional embedding in R'%. The first two layers
of the network are followed by a batch normalization (loffe
and Szegedy 2015) layer, a leaky rectified linear unit (Maas
et al. 2013) layer and a dropout layer (Srivastava et al. 2014):

H(x) = Dropout(Leaky ReLU(BN(Wx + b))), (2)
where H(x) is the output of the neural network, x is the
inputs, W, b is the parameter of the neural network.
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Figure 1. Overview of the SemiBin2 pipeline. (a) Self-supervised learning, including two steps: constraint generation and the siamese neural network.
Generating must-link constraints is done by breaking up longer contigs and cannot-link constraints by random sampling. Then, a deep siamese neural
network is used to learn a better embedding from the inputs. (b) For short-reads, the Infomap algorithm is used to obtain preliminary bins from the sparse
graph generated from the embeddings, followed by weighted k-means to recluster bins whose the mean number of single-copy marker genes is >1. For
long-reads, SemiBin2 runs DBSCAN with different values of the ¢ parameter with embeddings as inputs and integrates the results based on single-copy
marker genes. (c) Output the final binning results larger than a user-definable threshold (default 200 kb).
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SemiBin2 uses a supervised contrastive loss to classify the
must-link (positive label) and cannot-link (negative label) con-
straints. Intuitively, the distance in the embedded space be-
tween elements with a must-link constraint is minimized,
while keeping elements with a cannot-link constraint apart.
This is unlike SemiBin1, which combines this loss with an
unsupervised reconstruction loss. In particular, the contrastive
loss function used is:

L- 1

MG {y d(Hix), He))

(x1,x2)eMUC

(3)
4 (1—y) max{l— d(H(xl), H(xz)),O}z} :

where x1, x, are input features, M denotes all must-link con-
straints, C denotes all cannot-link constraints, d denotes the
Euclidean distance, and y is the label such that 1 denotes x4
and x;, contain a must-link constraint between them while 0
denotes they contain a cannot-link constraint. The loss func-
tion is minimized with Adam optimization algorithm
(Kingma and Ba 2014).

As was the case with SemiBin1, when binning a single sam-
ple (or many samples independently), models can be built
once from either the samples to be binned or an external data-
set and reused many times. For multi-sample binning, how-
ever, models need to be learned for each input. In that case, a
model is learned from the same input contigs that will subse-
quently be clustered.

2.2.2 Clustering of short- and long-read data

After obtaining the contig embeddings from the deep learning
model, a clustering algorithm is used to obtain the final bins.
For short-read data, SemiBin2 uses the same clustering
method used in SemiBin1 (Pan et al. 2022). Briefly, a graph is
built based on the contig embeddings and abundance features
using contigs as nodes, and similarity between contigs as the
weight of each edge. For each node, only the edges with the
highest weights are kept (the number is controlled by the pa-
rameter max_edges). Infomap (Rosvall and Bergstrom 2008)
(an information-theory-based community detection algo-
rithm) is used to generate preliminary bins from the sparse
graph. If there are bins whose mean number of single-copy
marker genes (Wu et al. 2014) is >1, these bins are reclustered
with the weighted k-means method to get the final results.

However, preliminary testing showed that this approach is
not suitable for long-read data as assemblies from long-read
data have different properties compared to assemblies from
short-read data. In particular, long-read contigs are fewer and
much longer (see Supplementary Table S1). This results in
some genomes consisting of a small number of contigs (even a
single contig). The existing tools are mostly optimized for
short-read data and do not work very well when applied to
long-read data.

Therefore, for long-read data, SemiBin2 employs an
ensemble-based DBSCAN algorithm to bin contigs. DBSCAN
(Ester et al. 1996; Schubert et al. 2017) is a clustering method
that identifies regions of space that are densely populated.
Namely, it uses a user-tunable parameter (¢) to define the
maximum distance at which two points are considered to be
connected. The resulting graph is then processed to extract
subgraphs that fulfill a set of connection criteria that attempts
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to capture the notion of a dense region of space. A smaller ¢
value will lead to a sparser connection graph and hence
smaller clusters; while a larger ¢ value will lead to larger clus-
ters. SemiBin2 uses the implementation of DBSCAN in scikit-
learn (Pedregosa et al. 2011) and runs DBSCAN with ¢ value
equals to 0.01, 0.05, 0.1, 0.15, 0.2, 0.25, 0.3, 0.35, 0.4, 0.45,
0.5, and 0.55. Then SemiBin2 integrates the results of these
runs based on the single-copy marker genes that have been
used in other tools (Lamurias et al. 2022; Liu et al. 2022). In
particular, SemiBin2 uses 107 single-copy marker genes (Wu
et al. 2014) to estimate the completeness, contamination, and
Fl1-score of every bin.

Assume we find G instances of N single-copy marker genes
(i.e. G counts the total number of sequences matching any
single-copy gene, while N counts the number of different
single-copy genes found). Then,

let _N
comp eteness = 107
L. G-N
contamination = T . (4)

2 x completeness x (1 — contamination)

F1 — score = ——
completeness + (1 — contamination)

Based on these metrics, SemiBin2 uses a greedy algorithm
to select the final bins: at each step, the best bin is selected and
all its contigs are removed from further consideration until no
more bins can be found that fulfill the minimal quality criteria
(see Algorithm 1).

2.3 Data used for benchmarking

For benchmarking, we used 5 simulated datasets from the
CAMI II challenges, real data from 4 short-read sequencing
projects and from 3 long-read sequencing projects. CAMI 11
datasets comprise 5 human-associated environments: airways
(10 samples), gastrointestinal (10 samples), oral (10 samples),
skin (10 samples), and urogenital (9 samples). Every

Algorithm 1. Integrate all runs of DBSCAN

Input: Results of every run of DBSCAN: Ry, Ry, Rs ... Rp;
A function best_bin(contamination) to return the bin with best
F1-score from the bins with contamination smaller than pre-
defined value (contamination).
If not found, return None.
Output: Reconstructed bins
for cont=0.1,0.2,0.3,0.4, 0.5, 1 do
while not all bins are empty do
bin = best_bin(contamination)
if bin is not None then
output the returned bin;
remove the contigs in the bin from all other bins
else
break (go to next value of cont)
end if
end while
end for
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environment has short-read simulated datasets and PacBio
(long-read) simulated datasets.

We used the same 4 short-read sequencing projects and the
same assemblies previously used to evaluate SemiBinl: human
gut (82 samples) (Wirbel et al. 2019), dog gut (129 samples)
(Coelho et al. 2018), ocean (109 samples) (Sunagawa et al. 2015),
and soil (101 samples) (Olm et al. 2017). For long-read datasets,
we used three projects: PRJCA007414 (human gut, 3 PacBio-
HiFi samples, 3 Nanopore R9.4 samples), PRJNA595610
(sheep gut, 2 PacBio-HiFi samples) (Bickhart et al. 2022), and
PRJEB48021 (activated sludge from an anaerobic digester, 1
PacBio-HiFi sample, 2 NanoPore R9.4.1 samples, and 1
Nanopore R10.4 sample) (Sereika et al. 2022) (see Supplementary
Table S3). Long-reads were assembled with Flye (Kolmogorov
et al. 2020) (version 2.9-b1768, —pacbio-hifi for assembling
PacBio-HiFi reads, —nano-raw for assembling Nanopore reads
from PRJCA007414 and —nano-hg for assembling Nanopore
reads from PRJEB48021). For correction of the assemblies from
Nanopore reads, we used the tools used in the original studies. For
the correction of assemblies from PRJCA007414, we used Pilon
(Walker et al. 2014) (version 1.24) and for assemblies from
Nanopore R9.4.1 from PRJEB48021, we runned Medaka (version
1.7.1, -m ¥941_min_sup_g507) and Racon (Vaser et al. 2017) (ver-
sion 1.5.0, used two times, one round using long-reads and one
round using short-reads). For short-reads, we used Bowtie2
(Langmead and Salzberg 2012) to generate the mapping (BAM)
files and for long reads, we used Minimap2 (Li 2018) (version
2.24-r1122, -x map-hifi for PacBio-HiFi reads and -x map-ont for
Nanopore reads).

The simulated CAMI 1I datasets can be downloaded from
https://data.cami-challenge.org/participate. The short-read
datasets used in the study can be found in SemiBinl
(Sunagawa et al. 2015; Olm et al. 2017; Coelho et al. 2018;
Wirbel et al. 2019; Pan et al. 2022). The long-read datasets
used are publicly available in the NGDC with the study acces-
sion PRJCA007414 and in the ENA with the study accessions
PRJNAS595610 and PRJEB48021.

2.4 Methods used in benchmarking

For short-read datasets with multi-sample binning, we com-
pared to VAMB (version 3.0.7, -m 2000) (Nissen et al. 2021)
and SemiBin1 (version 1.0.0) (Pan et al. 2022), existing bin-
ners supporting for multi-sample binning. For long-read data-
sets, we compared to MetaBAT2 (version 2.15,
—percentldentity 50) (Kang et al. 2019), VAMB (version
3.0.7, -m 2000) (Nissen et al. 2021), SemiBin1 (version 1.0.0,
—environment human_gut for PRJCA007414) (Pan et al.
2022), GraphMB (version 0.1.4) (Lamurias et al. 2022),
MetaDecoder (version 1.0.13) (Liu et al. 2022), LRBinner
(version 2.1) (Wickramarachchi and Lin 2021), CONCOCT
(version 1.1.0) (Alneberg et al. 2014), and MetaBinner (ver-
sion 1.4.4) (Wang et al. 2023).

Parameters for model training (number of must-link con-
straints, number of cannot-link constraints) and short-read
clustering (max_edges, used to control the sparsity of the
graph for clustering) are set to defaults, but we previously
showed that results are robust to these parameters (Pan et al.
2022).

To benchmark the value of the embedding specifically, we
performed an ablation study whereby we removed the self-
supervised learning step and performed clustering based on
the original inputs (a setting we called NoSemi).

Pan et al.

2.5 Evaluation metrics

We used two metrics to evaluate a bin, completeness (the frac-
tion of the original genome that is captured by the bin) and
contamination (the fraction of the bin which does not belong
to the original genome).

For simulated datasets, we used gold standard assemblies
for binning provided by the CAMI II challenge. We used
AMBER (version 2.0.2) to evaluate the results of the simu-
lated datasets (completeness and contamination).

For real datasets, as labels are not known, we evaluated the
results using CheckM (version 1.1.9, using lineage_wf work-
flow) (Parks et al. 2015) and GUNC (version 1.0.5). For long-
read datasets, as some tools perform binning based on a set of
single-copy marker genes which overlaps with the genes used
by CheckM for evaluation, this may overestimate the quality
of the outputs. Thus, we used CheckM2 (Chklovski et al.
2022) (version 0.1.3) which is based on machine learning to
estimate the completeness and contamination for long-read
datasets.

For simulated datasets, we defined high-quality bins as
those with completeness >90% and contamination <5%. For
short-read datasets, we defined high-quality bins as those
with completeness >90%, contamination <5%, and passing
the chimeric detection of GUNC. For long-read datasets, we
termed the high-quality bins defined before as near-complete
bins and defined high-quality bins as those with completeness
>90%, contamination <35%, passing the chimeric detection
of GUNC and having at least one 23S, 16S, 5S rRNA genes,
and 18 distinct tRNAs (Bowers et al. 2017). We used Barrnap
(version 0.9, https://github.com/tseemann/barrnap) and
tRNAscan-SE (version 2.0.9) (Chan and Lowe 2019) to detect
these genes. A high-quality bin can make sure that the bin
capture enough biological information with few contamina-
tion from other genomes. We used the number of high-quality
bins to evaluate the performance of the binners which is
widely in other studies (Nissen et al. 2021; Lamurias et al.
2022; Liu et al. 2022; Pan et al. 2022).

3 Results
3.1 Self-supervised learning reduces resource
usage and improves results

When comparing the cannot-link constraints generated from
taxonomic annotation to random sampling on simulated data
(where the ground truth is known), we found that taxonomic
annotation leads to more accurate constraints. On the other
hand, random sampling could cover more genomes (see
Supplementary Table S2). Deep learning can be robust to
noise (Rolnick et al. 2017), and more genomes covered can
provide more information to the model. Thus, it is an empiri-
cal question which approach results in better binning.
Compared to semi-supervised learning (used in SemiBin1),
self-supervised learning could achieve similar or better results
in most of the simulated datasets (see Fig. 2, Supplementary
Fig. S1). As simulated datasets are less complex than real-
world datasets (Pan et al. 2022) and better represented in
databases, cannot-link constraints from contig annotations
can have high accuracy and coverage, and SemiBinl and
SemiBin2 return comparable results. However, in complex
real data, self-supervised learning results in a large improve-
ment in the number of returned high-quality bins (see Fig. 5).
In the SemiBin1l workflow, contig annotation, which uses
MMseqs2, is the most time-consuming and memory intensive
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Figure 2. SemiBin2 outperforms other binners with short- and long-read sequencing CAMI |l datasets. (a) SemiBin2 outperformed VAMB and got similar
results to SemiBin1 in CAMI Il short-read sequencing datasets. Shown is the number of distinct genera, species and strains (see Section 2). (b) SemiBin2
reconstructed many more high-quality bins than other binners in CAMI Il long-read sequencing datasets. Shown are the numbers of reconstructed

genomes with different completeness and contamination <5%.

step. Self-supervised learning avoids this step and makes
SemiBin2 more efficient than SemiBin1 (see Supplementary
Table S4).

To further demonstrate the value of self-supervised con-
strastive learning, we also compared SemiBin2 to the same
pipeline without the deep learning step (termed NoSemi). In
the five environments of CAMI II short-read sequencing data-
sets, SemiBin2 could reconstruct average 21.6% more distinct
high-quality strains, 18.4% more distinct high-quality species,
and 17.1% more distinct high-quality genera compared to
NoSemi (see Fig. 3). For long-read sequencing datasets,
SemiBin2 could reconstruct average 31.5% more high-quality
bins, showing the effectiveness of self-supervised learning.

3.2 SemiBin2 outperformed other binners in CAMI |l
simulated datasets

We compared SemiBin2 to widely used and recently proposed
binners on the five environments with short- and long-read data-
sets from CAMI II. For short-read sequencing datasets, because
of the low cost of this technology, there are enough samples to
allow us to run binning in multi-sample binning mode, which
has been shown to reconstruct the most high-quality bins
(Nissen et al. 2021; Pan et al. 2022). We compared SemiBin2
with SemiBin1 (Pan et al. 2022) and VAMB (Nissen et al.
2021), which are the only two existing binners supporting multi-
sample binning. For the long-read datasets, we compared to
MetaBAT2 (Kang et al. 2019), MetaDecoder (Liu et al. 2022),
VAMB (Nissen et al. 2021), SemiBinl (Pan et al. 2022),
CONCOCT (Alneberg et al. 2014), and MetaBinner (Wang
et al. 2023). We did not include GraphMB (Lamurias et al.
2022) and LRBinner (Wickramarachchi and Lin 2021) in this
comparison because we used gold standard assemblies for bin-
ning in simulated datasets, and we could not obtain the assem-
bly graph, which GraphMB requires as input and LRBinner
cannot be run with co-assembly binning (we compared
SemiBin2 to GraphMB and LRBinner in another simulated data-
set, see Supplementary Fig. S5).

In the short-read datasets, SemiBin2 reconstructed on aver-
age 44.8% more distinct high-quality genera (range
14.3-73.7%), 42.5% more distinct high-quality species
(range 26.1-59.1%), and 47.1% more distinct high-quality
strains (range 31.6-60.2%) compared to VAMB (see Fig. 2).
When compared to SemiBin1, SemiBin2 performed similarly
or better, showing the effectiveness of self-supervised contras-
tive learning and avoiding the time and memory usage re-
quired for contig annotations.

For long-read datasets, we proposed an ensemble-based
DBSCAN clustering algorithm (see Section 2) instead of the
community detection approach used for short-read datasets.
The ensemble-based DBSCAN clustering algorithm runs
DBSCAN with different ¢ values and integrates them using
single-copy marker genes (see Section 2). To show that the en-
semble step could improve binning results, we compared
SemiBin2 (ensemble-based DBSCAN algorithm) to binning
with running DBSCAN with a single ¢ value (see Fig. 4). In
the airways, gastrointestinal, oral, skin and urogenital envi-
ronments, SemiBin2 could reconstruct 78.6%, 37.8%,
51.7%, 66.4%, and 25.4% more high-quality bins compared
to the best result of single DBSCAN running, indicating the
ensemble learning could effectively integrate different runs
and improve binning results. Using HDBSCAN (Campello
et al. 2013), another density-based clustering method, did not
improve results compared to DBSCAN (see Supplementary
Fig. S4).

Then, we compared SemiBin2 to other binners (see Fig. 2).
SemiBin2 outperformed other tools in all environments and
reconstructed 27.1%, 21.5%, 52.7%, 47.5%, and 14.4%
more high-quality bins than the second-best binner in these
five environments.

3.3 SemiBin2 outperformed other binners in

short- and long-read real datasets

We compared SemiBin2 to VAMB (Nissen et al. 2021) and
SemiBinl (Pan et al. 2022) with multi-sample binning in
short-read sequencing datasets and to MetaBAT2 (Kang et al.
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Figure 3. Self-supervised learning improveds binning results in CAMI |l datasets. To evaluate the impact of self-supervised learning, we compare the
same pipeline with (SemiBin2) or without (NoSemi) the deep learning step on the simulated CAMI |l datasets. (a) SemiBin2 reconstructed more distinct
high-quality genera, species and strains in the five environments from CAMI Il compared to the NoSemi version. Shown are the number of distinct
genera, species and strains (see Section 2). (b) SemiBin2 reconstructed more high-quality bins than the NoSemi version. Shown are the numbers of
reconstructed genomes with different completeness and contamination <5%.

2019), MetaDecoder (Liu et al. 2022), VAMB (Nissen et al.
2021), SemiBin1 (Pan et al. 2022), GraphMB (Lamurias et al.
2022), and LRBinner (Wickramarachchi and Lin 2021) in
long-read sequencing datasets. For short-read sequencing, we
used datasets from four environments: human gut (Wirbel
et al. 2019), dog gut (Coelho et al. 2018), ocean (Sunagawa
et al. 2015), and soil (Olm et al. 2017). For long-read se-
quencing, we chose three long-read sequencing studies: hu-
man gut (3 PacBio-HiFi samples, 3 Nanopore R9.4 samples),
sheep gut (2 PacBio-HiFi samples) (Bickhart et al. 2022), and
activated sludge (1 PacBio-HiFi sample, 2 Nanopore R9.4.1
samples and 1 Nanopore R10.4 sample) (Sereika et al. 2022).
These studies cover different technologies for long-read se-
quencing that can be used to evaluate SemiBin2 in different
situations.

In real data, the true labels of the contigs (e.g. which
genomes each contig belongs to) are unknown. Thus, we used
automated tools [CheckM (Parks et al. 2015; Chklovski et al.
2022) and GUNC (Orakov et al. 2021)] to evaluate the out-
puts (see Section 2).

SemiBin2 could reconstruct the largest number of high-
quality bins for short-read datasets with multi-sample bin-
ning. In the four environments, SemiBin2 reconstructed 1678,
3776, 631, and 254 high-quality bins (see Fig. 5). Compared
to VAMB, SemiBin2 generated 27.3% (360), 21.5% (669),
44.7% (195), and 229.9% (177) more high-quality bins.
Compared to SemiBin1, SemiBin2 reconstructed 8.3% (129),
9.5% (328), 10.7% (61), and 21.5% (45) more high-quality
bins. On a sample-by-sample basis, SemiBin2 significantly
outperformed VAMB [P=9.7-10""* (n=82), P=4.7-10">*

(n=129), P=2.110"'° (#=109), and P=1.310"12
(n=101)] and  SemiBinl [P=1.510"" (2=82),
P=4110""" (n=129), P=8.7100" (#=109), and

P=5.810"" (2=101), P-values were computed using
Wilcoxon signed rank test, two-sided null hypothesis] (see
Fig. 5).

When applying them to short-read datasets, the only differ-
ence between SemiBinl and SemiBin2 is the use of semi-
supervised vs. self-supervised learning. The results showed
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Figure 4. Ensemble-based DBSCAN algorithm improves binning results
for long-read data. We compared SemiBin2 (ensemble-based DBSCAN
algorithm) to the results of a single DBSCAN run with different ¢ values in
CAMI Il long-read datasets. Shown is the number of high-quality bins and
SemiBin2 denotes the result of the ensemble-based DBSCAN algorithm.

that self-supervised learning could learn a better embedding
in complex real environments possibly because randomly gen-
erated cannot-link constraints cover more genomes (see
Supplementary Table S2) and provide more information to
the model.

One limitation of SemiBinl is that it needs to run taxo-
nomic annotation (MMseqs2 by default) to generate the
cannot-link constraints. This step requires a lot of computa-
tional resources (running time and memory usage). SemiBin2
with self-supervised learning both improves the binning
results and addresses this limitation. Taking advantage of
self-supervised learning, SemiBin2 needs only circa 25% run-
ning time on a GPU (the gain when using a CPU is smaller,
but still close to 50%; see Supplementary Table S4). More im-
portantly, using either a CPU or a GPU, SemiBin2 requires
only 11% of the peak memory usage of the SemiBinl (see
Supplementary Table S4). Therefore, applying SemiBin2 with
multi-sample binning to large-scale metagenomic analysis will
be much more efficient.

For long-read datasets, SemiBin2 also reconstructed the
most near-complete bins (see Section 2). In the human gut,
sheep gut, and activated sludge projects with samples from
different long-read sequencing technologies, SemiBin2 gener-
ated 13.2%, 28.1%, and 14.8% more near-complete bins
compared to the second-best binner (see Fig. 6,
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bins than VAMB and SemiBin1 in the four real datasets with multi-sample binning (left) and reconstructed more high-quality bins in most of the samples
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Supplementary Fig. S2). We also benchmarked these binners
by evaluating the high-quality bins with 23S, 16S, 5S rRNA
genes, and tRNAs (see Section 2). When considering high-
quality bins, SemiBin2 still performed the best and could re-
construct 15.6%, 26.3%, and 13.1% more high-quality bins.
Overall, SemiBin2 could outperform other binners in all situa-
tions for long-read datasets.

4 Discussion and conclusions

During the development of SemiBin1 (Pan et al. 2022), we
found that contig annotations with GTDB taxonomy using
MMSeqs2 performed better than annotations with the NCBI
taxonomy using CAT (von Meijenfeldt et al. 2019). Initially,
our expectation was that continued improvement to reference
genome databases and taxonomic prediction tools would lead
to better binning results. However, there will always be novel
species or strains in the environment (Coelho et al. 2022), and
taxonomic prediction remains challenging and requires long
running times. Thus, we attempted using random sampling to
generate cannot-link constraints. Although using in these
randomly-sampled links results in more noise compared to
those from contig annotation (see Supplementary Table S2),
deep learning can be robust to noise (Rolnick et al. 2017),
and the observed error rates were low. Empirically, cannot-
link constraints generated by random sampling cover more
genomes in the environment (including novel strains that the
annotation algorithms cannot accurately identify), which
leads to SemiBin2 getting better results than SemiBin1.

A similar idea to generate negative inputs has been used in
CoCoNet (Arisdakessian et al. 2021) for viral metagenome
binning, which also showed that the proportion of misla-
beled contigs from the same genome is negligible. CoCoNet
splits the contigs into fragments of size 1024 bp to generate
the cannot-link constraints, which is too short for metage-
nomic bacterial binning (contigs with this length are removed
by most binning tools). SemiBin2 uses the whole contig for
cannot-link constraints to learn a better embedding for
clustering.

To a first approximation, the chance that a randomly sam-
pled pair of contigs is actually derived from the same genome
decreases with the inverse of the number of genomes present
in a sample. While we expect that most samples will contain
enough genomes that this rate will be low, it is possible that
for very low complexity samples, particularly those from
mock or otherwise constructed communities, this error will
be too large. In these situations, one can fall back to using a
pretrained model as proposed in SemiBin1 (Pan et al. 2022).
Models pretrained from short-read samples can be used for
long-read datasets (see Supplementary Fig. S3).

In recent long-read sequencing studies, MetaBAT2 (Kang
et al. 2019), MaxBin2 (Wu et al. 2016), and VAMB (Nissen
et al. 2021) have been used (Sereika et al. 2022). However, these
tools are optimized for short-read datasets. For this question,
SemiBin2 uses an ensemble-based DBSCAN clustering algorithm
for long-read datasets. SemiBin1 performed poorly in long-read
datasets, as its community detection algorithm was not designed
for long-read sequencing data.
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Figure 6. SemiBin2 outperformed other binners in long-read sequencing
real datasets. SemiBin2 reconstructed more high-quality and near-
complete genomes than other binners in three long-read sequencing
projects. Near-complete bins: completeness >90% , contamination <56%
and passing the chimeric detection of GUNC; high-quality bins:
completeness >90%), contamination <5%, passing the chimeric
detection of GUNC and having at least one 23S, 16S, 5S rRNA genes, and
18 distinct tRNAs.

This study proposes SemiBin2, a metagenomic binning
method based on self-supervised learning. SemiBin2 outper-
forms other binners in both short- and long-read datasets
(simulated and real). Compared to SemiBin1, by taking ad-
vantage of self-supervised learning, SemiBin2 requires much
less running time and peak memory usage. Looking forward,
there are other sources of information, such as the assembly
graph (as used by GraphMB) and information from metaHiC
related to physically linked contigs that can be considered to
further improve binning results.

In addition to the algorithmic improvements discussed above,
since the release of SemiBin1, we have also improved the tool in
other ways. For example, SemiBin2 supports CRAM (Hsi-
Yang Fritz et al. 2011) files, has more options for ORF finding,
produces more statistics on its outputs, enables the user to bet-
ter control output formats (e.g. filenames, and compression
options) and—at the request of users—added support for re-
using contig abundance estimates from MetaBAT2. In order to
make it easier to run the tool as part of a pipeline, modules for
nf-core (Ewels et al. 2020), Galaxy (Galaxy Community 2022)
(available at the European Galaxy server, UseGalaxy.eu), and
NGLess (Coelho et al. 2019) are now available. We have also
fixed issues reported by users and improved error handling and
reporting. Overall, SemiBin2 is more robust, easier to use and
more flexible than SemiBin1, while returning better results at
lower computational cost.
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