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Supplementary Table 1. Approaches and tools for genome-resolved metagenomics 

a. Approaches and tools for sequencing read assembly  

Approach Pros Cons Tools 

Single-assembly • Less likely to merge reads derived from 
closely related species in different samples 

• Impossible to assemble reads from low-
abundant species due to lack of sufficient reads 
for assembly 

metaSPAdes1 
MEGAHIT2 

Co-assembly • Possible to assemble reads from low-
abundant species by collecting reads from 
multiple samples 

• Requires high computational resources 
• Likely to mix highly closely related strains 
 - It can assemble chimera contigs. 
- Assembler can made fragmented contigs and 

miss the strain-specific details. 
 

b. Approaches for binning 

Approach Pros Cons 

Single-coverage 
binning 

• Possible for parallel binning. 
• Likely to cluster the strain-specific accessory genome, 
which is co-abundant only one sample. 

• Likely to include contamination, which is co-
abundant only one sample. 

Multi-coverage 
binning 

• Possible to obtain a co-abundant core genome shared 
across multiple samples.  
• Reduce contamination, which is co-abundant only one 
sample. 

• Impossible for parallel binning. 

• Likely to miss strain-specific accessory genome. 

 

c. Tools for binning 

Binning tools Features extraction Category of ML Clustering algorithm 
AAMB3 Co-abundance + k-mer frequency (TNF) Unsupervised Deep learning (Autoencoder-AAE) 
SemiBin24 Co-abundance + k-mer frequency (TNF) Self-supervised Deep learning (Siamese neural 

networks) 
MetaBinner5* Co-abundance + k-mer frequency (TNF) + single-

copy marker gene 
Semi-supervised K-means clustering 

Binny6 Co-abundance + k-mer frequency (k=2,3,4) + single-
copy marker gene 

Semi-supervised Density-based clustering 
(HDBSCAN) 

SemiBin7 Co-abundance + k-mer frequency (TNF) + cannot 
link constraints 

Semi-supervised Deep learning (Siamese neural 
networks) 

MetaDecoder8 Co-abundance + k-mer frequency (TNF) + single-
copy marker gene 

Semi-supervised Probabilistic model (DPGMM + 
GMM) 

VAMB9 Co-abundance + k-mer freqeuncy (TNF) Unsupervised Deep learning (Autoencoder-VAE) 
MetaBAT210 Co-abundance + k-mer frequency (TNF) Unsupervised Graph-based clustering (weighted 

graph) 
Maxbin211 Co-abundance + k-mer frequency (TNF) + single-

copy marker gene 
Unsupervised Probabilistic model (EM) 

CONCOCT12 Co-abundance + k-mer frequency (TNF) Unsupervised Probabilistic model (GMM) 
* contains internal bin refinement function 

 

d. Tools for bin refinement 

Tool Ensemble 
approach 

Scoring approach Pros Cons Max. No. 
binning tools 

DAStool13 Aggregation of 
bin sets 
clustered by 
different binning 
tools 

Using 51 bacterial and 
38 archaeal single copy 
marker genes. 

• Fast due to scoring 
algorithm 
• Improves the 
completeness of final 
bin due to aggregation 

• Susceptible to 
contamination due to 
aggregation 
• Quality scoring based 
limited bacterial or 
archaeal marker genes 

No limit 

metaWRAP14 Merging hybrid 
bin sets using 
overlap 

Using lineage-specific 
single copy marker 
genes (checkM) 

• Quality scoring based 
on more diverse 
lineage-specific marker 
• Improves the 
contamination of bin 
because hybrid bins are 

• Slow due to scoring 
algorithm - quality 
assessment by checkM is 
carried out for every 
original and hybrid bin 
• Can loses completeness 

3 



2 

 

made by overlapped 
contig 

due to overlap 

MAGScoT15 Merging hybrid 
bin sets using 
overlap 

Using 120 bacterial 
and 53 archaeal single 
copy marker genes 

• Fast due to scoring 
algorithm 

• Quality scoring based 
limited bacterial or 
archaeal marker genes 

No limit 

 

e. Tools for bin quality assessment 

Tool Completeness Contamination Approach Pros Cons 

checkM16 O O Using lineage-specific 
marker gene set 

• Accurate for 
known lineages 

• Inaccurate for novel lineages 
that lack of marker gene sets and 
small species that lack universal 
marker genes 

checkM21

7 
O O Using every gene + ML • Evaluate novel 

lineages 
• Incorrect assessment of 
taxonomically distant derived 
contamination, such as domain-
level 

GUNC18 X O Using every gene + lineage 
homogeneity of genome 

• Incorrect assessment of 
taxonomically close derived 
contamination 
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