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Metagenomic Hi-C (metaHi-C) can identify contig-to-contig relationships with
respect to their proximity within the same physical cell. Shotgun libraries in
metaHi-C experiments can be constructed by next-generation sequencing

(short-read metaHi-C) or more recent third-generation sequencing (long-read
metaHi-C). However, all existing metaHi-C analysis methods are developed
and benchmarked on short-read metaHi-C datasets and there exists much
room for improvement in terms of more scalable and stable analyses, espe-
cially for long-read metaHi-C data. Here we report MetaCC, an efficient and
integrative framework for analyzing both short-read and long-read metaHi-C
datasets. MetaCC outperforms existing methods on normalization and bin-
ning. In particular, the MetaCC normalization module, named NormCC, is

more than 3000 times faster than the current state-of-the-art method HiCzin
on a complex wastewater dataset. When applied to one sheep gut long-read
metaHi-C dataset, MetaCC binning module can retrieve 709 high-quality
genomes with the largest species diversity using one single sample, including
an expansion of five uncultured members from the order Erysipelotrichales,
and is the only binner that can recover the genome of one important species
Bacteroides vulgatus. Further plasmid analyses reveal that MetaCC binning is
able to capture multi-copy plasmids.

Metagenomics aims to study the complex community structures and
reveal metabolic potentials in microbial ecosystems without the iso-
lation or cultivation of microbes in the environment'™. The recent
introduction of high-throughput chromosome conformation capture
technique (Hi-C) into metagenomics provides new insights into spe-
cies diversity and interactions between microorganisms within a single
microbial sample®™°,

Metagenomic Hi-C technique (metaHi-C) combines the rapidly
developed proximity ligation approach with the metagenomic shot-
gun sequencing. Specifically, shotgun experiments directly extract
genomic fragments from a single microbial sample. In parallel, Hi-C
experiments on the same microbial sample create DNA-DNA proxi-
mity ligations between loci within the same physical cell, generating
millions of paired-end Hi-C short reads. Fragmented shotgun reads are

assembled into contiguous sequences, termed contigs, to which
paired-end Hi-C reads are subsequently aligned. Therefore, metage-
nomic Hi-C contacts, defined as the numbers of Hi-C read pairs linking
any pair of assembled contigs, reflect the contig-to-contig relation-
ships with respect to their proximity. Since raw metagenomic Hi-C
contacts are substantially affected by systematic biases, normalization
is necessary after processing raw metaHi-C data" ™. We previously
disclosed three systematic biases including the number of enzymatic
restriction sites on contigs, contig length, and contig coverage and put
forward a state-of-the-art normalization method HiCzin that can cor-
rect all three biases™. After the normalization, fragmented contigs can
be grouped into metagenome-assembled genomes (MAGs)" using Hi-
C contacts. This process, termed Hi-C-based binning, enables the
construction of large compendia of metagenomic assembled
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microbial genomes. Several Hi-C-based binning methods have been
designed, such as MetaTOR, bin3C", and HiCBin'®.

Despite recent advances of these computational tools designed
for metagenomic Hi-C data, there still exists much room for
improvement for more scalable and stable analyses. For instance, the
Knight-Ruiz algorithm® utilized by bin3C” may fail to generate a bis-
tochastic matrix when the raw Hi-C contact matrix is highly sparse?*?.,
MetaTOR employs the classical Newman-Girvan modularity
function in its binning procedure, which cannot identify small gen-
omes due to the resolution limit* in complex Hi-C contact networks',
HiCzin"* and HiCBin'® require a large amount of computing resources
on estimating contig abundances and generating contig annotations,
which refers to assigning nucleotide sequences to various taxonomic
levels. Specifically, HiCzin and HiCBin utilize TAXAassign** to label
contigs at the species level by running BLAST” against a curated
nucleotide reference database. Moreover, since shotgun libraries in
the original metagenomic Hi-C experiments are constructed using
next-generation sequencing (short-read metaHi-C)"°™*, all existing
computational methods are designed and merely benchmarked on
short-read metaHi-C datasets'"®. With the rapid development of third-
generation sequencing, multiple recent metaHi-C experiments also
leveraged Nanopore or PacBio sequencing to generate long-read
shotgun libraries (long-read metaHi-C)***. However, the current
computational tools that have achieved state-of-the-art results on
short-read metaHi-C datasets encounter difficulties in adapting to
long-read metaHi-C datasets. In our experiments for this study, we
observe that the performances of HiCBin, which demonstrated the
superior binning performance on short-read metaHi-C datasets
according to recent benchmarking studies®’, are markedly deterio-
rated on long-read metaHi-C datasets. One essential factor contribut-
ing to this decline is the large degradation of HiCBin as well as its
adopted normalization method HiCzin when only a small fraction of
assembled contigs can be successfully labeled at the species level by
TAXAassign (Supplementary Note 1). Additionally, the taxonomic
labeling of contigs assembled from long reads poses a challenge for
TAXAassign (Supplementary Table 1), consequently limiting the
effectiveness of HiCBin and HiCzin on long-read metaHi-C datasets.
Therefore, it is imperative to develop new computational methods to
fill these gaps.

Here we report MetaCC, a scalable and integrative framework for
both long-read and short-read metaHi-C datasets. In the MetaCC fra-
mework, raw metagenomic Hi-C contacts are first efficiently and
effectively normalized by a new normalization method, NormCC. In
comparison to HiCzin, which relies on estimated contig abundances as
input, NormCC employs a negative binomial regression model to
represent contig abundances based on easily obtainable features
including the number of restriction sites on contigs, contig length, and
the number of proximity ligation events within contigs. Consequently,
NormCC does not require the estimation of contig abundances.
Additionally, HiCzin models the Hi-C contacts between contigs of the
same species, necessitating contig annotations. Conversely, NormCC
models the total number of proximity ligation events for each contig
using a second negative binomial regression, eliminating the need for
contig annotation. Using a synthetic yeast dataset”, we validate the
normalization performance of NormCC and show that NormCC out-
performs HiCzin with respect to the spurious contact (i.e., Hi-C con-
tacts linking contigs from different genomes due to experimental
noises) removal, contig clustering, and computational time. Lever-
aging NormCC-normalized Hi-C contacts, the binning module in
MetaCC enables the retrieval of high-quality MAGs. We compare the
retrieval performance of MetaCC binning against all publicly-available
Hi-C-based binning tools MetaTOR, bin3C, and HiCBin as well as one
state-of-the-art shotgun-based binner VAMB® on two real short-read
metaHi-C datasets and two real long-read metaHi-C datasets. Down-
stream annotation studies and plasmid analyses on long-read metaHi-

C datasets demonstrate the superior ability of MetaCC on character-
izing the species diversity, extracting important microbes out of the
microbial ecosystems, and capturing multi-copy plasmid contigs.

Results

Overview of MetaCC

MetaCC is a comprehensive analysis framework designed for both
short-read and long-read metaHi-C datasets (Fig. 1a) and consists of
four main components. (I) We design a scalable and effective nor-
malization method, NormCC, to eliminate systematic biases from the
raw metagenomic Hi-C contact matrix. (II) We discard spurious inter-
species Hi-C contacts linking contigs from different species due to
experimental noises. (Ill) Based on the normalized Hi-C contact graph,
we retrieve high-quality MAGs using Leiden clustering® with all hyper-
parameters automatically tuned. (IV) With several new computational
strategies, we reliably characterize the structure of microbial
ecosystems.

NormCC comprehensively corrected all systematic biases
existing in a synthetic yeast metaHi-C dataset

Leveraging a synthetic yeast metaHi-C dataset" with all assembled
contigs labeled at the species level, we previously revealed that raw
intra-species Hi-C contacts, defined as the number of proximity liga-
tion events linking contigs from the same species, were more enriched
between pairs of contigs with a larger number of restriction sites,
longer contigs, and/or contigs with higher coverages'. We have also
demonstrated that HiCzin, the normalization method employed in
HiCBin, outperformed other metaHi-C-based normalization methods,
including those utilized in bin3C and MetaTOR, in terms of spurious
contact detection and contig clustering using the synthetic yeast
metaHi-C dataset'*"®. Notably, HiCzin incorporates contig annotations
at the species level, obtained through TAXAassign?, to select intra-
species Hi-C contacts utilized in fitting its normalization model. In line
with the previous analyses, we validated the performance of NormCC
normalization on this synthetic sample and compared it to HiCzin
using the same benchmarking criteria. Details of processing raw data
were shown in the Methods section.

The procedures of NormCC normalization and spurious contact
removal can be visualized in Fig. 1b. To quantify the biases existing for
raw intra-species Hi-C contacts, we computed the Pearson correlation
coefficients between all raw intra-species contacts and the product of
the number of restriction sites, the length, and the coverage for cor-
responding contig pairs, which were 0.429, 0.400, and 0.184, respec-
tively, indicating the strong biases of three factors on raw
metagenomic Hi-C contacts. After the NormCC normalization, the
correlation coefficients between the bias-corrected Hi-C contacts and
the product of three factors were decreased to 0.094, 0.090, and
0.004, respectively, demonstrating that NormCC was able to com-
prehensively correct all systematic biases for the metaHi-C datasets.

NormCC outperformed HiCzin on the spurious contact removal,
contig clustering, and computational time

Though the magnitude of the spurious inter-species contacts is sig-
nificantly smaller than that of the intra-species contacts in the
NormCC-normalized Hi-C contact matrix (Supplementary Fig. 1), dis-
carding all Hi-C contacts below a threshold as spurious inevitably
resulted in the loss of a few informative intra-species contacts.
Therefore, the improved capacity for removing spurious contacts
from one single Hi-C contact matrix can be assessed by effectively
eliminating a greater number of spurious contacts while minimizing
the unintended removal of informative intra-species contacts. We then
applied the spurious contact removal strategy (see Methods) based on
the raw, HiCzin-normalized, or NormCC-normalized Hi-C contact
matrices, respectively, and plotted discard-retain (DR) curves where
the proportion of discarded spurious contacts among all spurious
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Fig. 1| Overview of the MetaCC framework for metagenomic Hi-C analyses.

a The input metaHi-C dataset consists of shotgun libraries and Hi-C libraries. Short/
long reads in shotgun libraries are assembled into contigs, to which Hi-C paired-end
reads are subsequently aligned. In this way, raw Hi-C contact matrix displaying the
proximity similarity between contigs within cells can be constructed. The raw Hi-C
contact matrix is normalized by the NormCC normalization module to correct the
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systematic biases and spurious inter-species contacts are subsequently removed.
Assembled contigs are then binned into high-quality MAGs leveraging the nor-
malized Hi-C contact matrix. Finally, downstream analyses are conducted.

b Visualize the procedures of NormCC normalization and spurious contact removal
by plotting heatmaps of the Hi-C contact matrix for contigs belonging to the spe-
cies Kluyveromyces wickerhamii and Ashbya gossypii from a synthetic yeast dataset.
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Fig. 2 | Benchmarking the NormCC normalization module on the synthetic
yeast metaHi-C dataset. a Discard-retain curves for evaluating spurious contact
removal based on the raw, HiCzin-normalized, or NormCC-normalized Hi-C contact
matrices, respectively. NormCC achieved the highest AUDRC (i.e., area under
discard-retain curve). b Performance of contig clustering based on the raw, HiCzin-

The synthetic yeast dataset
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Clustering metrics
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normalized, or NormCC-normalized Hi-C contact matrices as well as NormCC-
normalized Hi-C contact matrix with spurious contact removal, respectively.
NormCC outperformed HiCzin on the contig clustering in terms of F-score, ARI,
and NML.

contacts is plotted against the proportion of retained intra-species
contacts within all intra-species contacts at various thresholds corre-
sponding to various percentiles (Fig. 2a). The area under the discard-
retain curve (AUDRC) can measure the ability of spurious contact
removal. With respect to AUDRC, NormCC outperformed HiCzin.

Moreover, we applied the Leiden clustering strategy (see Meth-
ods) on the raw, HiCzin-normalized, or NormCC-normalized Hi-C
contact matrices, respectively, to cluster contigs. To explore the
impact of spurious contact removal on contig clustering, we also
grouped contigs based on the NormCC-normalized Hi-C contact
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Fig. 3 | Benchmarking the MetaCC binning module on short-read metaHi-C
datasets. MetaCC binning outperformed other binners on both the human gut and
wastewater short-read metaHi-C datasets according to the CheckM criteria (Near-

Moderately complete

complete: completeness > 90% and contamination < 10%; Substantially complete:
70% < completeness < 90% and contamination < 10%; Moderately complete: 50% <
completeness < 70% and contamination < 10%).

matrix after removing spurious contacts. Since the true species iden-
tity of all contigs was available, we employed three comprehensive
metrics (Supplementary Note 2): Fowlkes-Mallows score (F-score),
Adjusted Rand Index (ARI), and normalized mutual information (NMI)
to evaluate the clustering performance. As shown in Fig. 2b, the bias
elimination and the spurious contact removal could improve the
clustering performance while NormCC outperformed HiCzin on the
contig binning in terms of F-score, ARI, and NMIL.

Finally, NormCC and HiCzin were executed on a 2.40 GHz Intel
Xeon Processor E5-2665 with 50,000 MB RAM provided by the
Advanced Research Computing platform at the University of Southern
California. The time recording started at the input of raw Hi-C contact
matrix and ended at the output of normalized Hi-C contact matrix. We
ran both NormCC and HiCzin on the synthetic yeast dataset as well as
four real metaHi-C datasets. The results of running time were shown in
Supplementary Table 2. NormCC is much faster than HiCzin on all
datasets. In particular, NormCC is more than 3000 x faster than HiCzin
on the wastewater short-read metaHi-C dataset'’. Apart from the run-
ning time, HiCzin consumed a large amount of extra computational
resources to prepare the input data, including generating contig
annotations and estimating the contig abundances, compared to
NormCC.

MetaCC binning achieved the best performance of MAG
retrieval on short-read metaHi-C datasets

To validate MetaCC binning on short-read metaHi-C datasets, we
applied it to two datasets from different microbial environments:
human gut® and wastewater'’. Since the actual genomes are unknown
in real samples, we leveraged CheckM* to evaluate the quality of the
recovered bins (see Methods). We compared MetaCC binning to other
three publicly-available Hi-C-based binning tools, i.e., MetaTOR',
bin3C", and HiCBin*. Additionally, we included one state-of-the-art
shotgun-based binning method VAMB®' into comparison. Without
using Hi-C information, the shotgun-based binning depends on the
sequence similarity and abundance features of contigs to retrieve draft
genomic bins. In both datasets, MetaCC binning recovered more near-
complete and high-quality bins than the alternatives considered
(Fig. 3). Specifically, on the human gut dataset, VAMB as well as three
Hi-C-based binning methods, i.e., MetaTOR, bin3C, and HiCBin, could
recover 39, 47, 60, and 67 near-complete MAGs, respectively, while
MetaCC binning increased this number to 79. Moreover, VAMB,
MetaTOR, bin3C, and HiCBin retrieved 11, 82, 44, and 94 near-
complete MAGs, respectively, which was improved to 103 by MetaCC

binning on the wastewater dataset. Notably, in all instances, Hi-C-based
binning pipelines outperformed the shotgun-based method on short-
read metaHi-C datasets, indicating the great potential of Hi-C
information.

Additionally, for the human gut short-read metaHi-C dataset, we
assessed the number of bins corresponding to known bacteria iden-
tified in the human gut environment and the number of bins that might
contain chimeric genomes for different binning methods using UHGG
gut microbial reference database® (see Methods). MetaCC binning
recovered the largest number of known bacteria from the human gut
environment based on the UHGG database. Specifically, VAMB, Meta-
TOR, bin3C, HiCBin, and MetaCC binning retrieved 83,107, 89, 118, and
128 bins, respectively, which were assigned to only one known species.
Furthermore, only one bin was detected as chimeric for MetaCC bin-
ning, while 4, 6, 2, and 11 chimeric bins were identified for VAMB,
MetaTOR, bin3C, and HiCBin, respectively.

MetaCC binning markedly outperformed existing binners on
long-read metaHi-C datasets

Since all previous studies only compared Hi-C-based binning tools on
short-read metaHi-C datasets, we focused on the benchmarking of
MetaCC binning and other existing Hi-C-based binners on long-read
metaHi-C datasets leveraging one cow rumen long-read metaHi-C
dataset® and one sheep gut long-read metaHi-C dataset®. Results were
shown in Fig. 4a. On the cow rumen long-read metaHi-C dataset,
VAMB, MetaTOR, and bin3C created 4, 5, and 5 near-complete MAGs,
respectively, while MetaCC binning increased this number to 8. In
total, MetaCC binning reconstructed 71 high-quality bins, a gain of 38
(115%), 28 (65.1%) and 31 (77.5%) high-quality bins against VAMB,
MetaTOR and bin3C, respectively. HiCBin failed to bin contigs on the
cow rumen dataset due to the nonconvergence of its adopted nor-
malization method HiCzin. As for the sheep gut long-read metaHi-C
dataset, VAMB generated 190 near-complete, 94 substantially com-
plete, and 94 moderately complete bins. MetaTOR created 228 near-
complete, 102 substantially complete, and 105 moderately complete
MAGs. bin3C recovered 268 near-complete, 83 substantially complete,
and 51 moderately complete draft genomic bins. HiCBin reconstructed
99 near-complete, 55 substantially complete, and 54 moderately
complete bins. In contrast, MetaCC binning retrieved 417 near-com-
plete, 162 substantially complete, and 130 moderately complete MAGs,
significantly outperforming VAMB, MetaTOR, bin3C, and HiCBin with
an increase of 227 (119.5%), 189 (82.9%), 149 (55.6%), and 318 (321%)
near-complete bins, respectively. MetaCC binning also improved the
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Fig. 4 | Benchmarking the MetaCC binning module on long-read metaHi-C
datasets. a MetaCC binning outperformed other binners on both the cow rumen
and sheep gut long-read metaHi-C datasets according to the CheckM criteria (Near-
complete: completeness > 90% and contamination < 10%; Substantially complete:
70% < completeness < 90% and contamination < 10%; Moderately complete: 50% <
completeness <70% and contamination < 10%). HiCBin failed to bin contigs on the
cow rumen dataset due to the nonconvergence of its adopted normalization
method HiCzin. b Comparison of near-complete bins identified by MetaCC binning
and other Hi-C-based binners from the long-read metaHi-C datasets. The total

length of each bar shows the total number of near-complete (NC) bins recovered by
each binner. Each bar is then colored according to the number of NC bins that can
be identified by both binners (NC in both), the number of NC bins that are sub-
stantially complete in the other bin set (SC in other), and the number of NC bins
that are moderately complete or missing in the other bin set (MC or miss in other).
¢ Comparison of the number of species recovered by different binners with high
quality. MAGs retrieved by MetaCC binning represent the largest taxonomic
diversity at the species level.

total number of high-quality MAGs by 331 (87.6%), 274 (63.0%), 307
(76.4%), and 501 (240.9%) compared to VAMB, MetaTOR, bin3C, and
HiCBin, respectively. We also tested the efficacy of polishing HiFi
assemblies using short reads on binning and found it did not improve
the binning performance on the sheep gut dataset (Supplementary
Note 3), suggesting that the polishing step might not be necessary and
could be omitted in the future possibly due to the high accuracy of
HiFi reads.

Moreover, we used Mash® to identify instances that MetaCC
binning and other Hi-C-based binners (i.e., MetaTOR, bin3C, and HiC-
Bin) retrieved the same near-complete MAGs on both long-read
metaHi-C datasets. As shown in Fig. 4b, most of near-complete MAGs
recovered by MetaTOR, bin3C, and HiCBin could also be retrieved by
MetaCC binning in near-complete quality. MetaCC binning further
reconstructed a large number of near-complete MAGs that were only
recovered in substantially and moderately complete quality (or
absent) by other Hi-C-based binners on both long-read metaHi-C
datasets and the inverse cases were relatively rare, validating the
superior ability of MetaCC binning to retrieve near-complete bins on
long-read metaHi-C datasets.

Finally, we explored the capability of different binners to capture
the species diversity in microbial samples by annotating all high-
quality bins generated by MetaCC and other Hi-C-based binners on
both long-read metaHi-C datasets using GTDB-TK?. As shown in
Fig. 4c, bins derived from MetaCC binning represented a larger taxo-
nomic diversity at the species level on both datasets. Additionally, we

found that one near-complete MAG (BIN 1254; Completeness: 97.94
and Contamination: 0.38) retrieved by MetaCC binning from the sheep
gut samples belonged to one species Bacteroides vulgatus, which is one
of the most important species in gut environments and plays impor-
tant roles in inhibiting atherosclerosis and decreasing the production
of the gut microbial lipopolysaccharide”. However, this important
species could not be recovered by other binners with high quality from
the sheep gut dataset. Therefore, MetaCC binning outperformed other
binners on extracting the species structure out of microbial
ecosystems.

MetaCC binning identified and expanded the order Erysipelo-
trichales from the cow rumen and sheep gut samples

Members of the order Erysipelotrichales, which are found to have very
important functions in animal disease and physiology®, have been
isolated from the human’®, cow*, insect*’, and mouse® gut. Among
high-quality MAG sets recovered by different binners, we found that
only the set of MetaCC binning included the draft genome from the
order Erysipelotrichales on the cow rumen dataset.

Similar to other gut environments, we also observed the pre-
valence of this order from the sheep gut sample, indicating an
increasingly important role of the order Erysipelotrichales in animal
microbiomes. Specifically, according to the annotation results of
GTDB-TK, eight high-quality MAGs retrieved by MetaCC binning
belonged to the order Erysipelotrichales (compared to five, three, and
one recovered by MetaTOR, bin3C, and HiCBin). Three out of these
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eight bins could be annotated at the species level. The other five MAGs
could be annotated to four different genus but failed to be annotated
at the species level, suggesting the potential expansion of species in
the order Erysipelotrichales. Further experiments are required to col-
lect more data on their phenotypic and physical properties before
these uncultured members can be finally determined.

Plasmid analyses among high-quality MAGs retrieved by
MetaCC binning from the sheep gut sample

Taxonomic statistics of 709 high-quality MAGs retrieved by MetaCC
binning from the sheep gut dataset are shown in Supplementary
Table 3. Among contigs contained in these high-quality MAGs, 99
contigs were identified as plasmid contigs with high confidence (see
Methods). The majority of plasmid contigs were included in MAGs
from the orders Oscillospirales and Bacteroidales (Supplementary
Table 4), which were commonly reported in the gut microbiomes*.
Though there were only 8 out of 709 MAGs (1.1%) from the order
Erysipelotrichales, 13 out of 99 plasmid contigs (13.1%) could be found
within these 8 MAGs. We also observed three plasmid contigs in MAGs
from the order Christensenellales, members of which are hydrogen-
producing fibrolytic and have been reported more predominant in the
sheep rumen environment than other rumen environments, such as
the mice and rabbits*.

Plasmids present in multiple copies in genomes are often absent
from MAGs retrieved by shotgun-based binning methods since such
kind of methods rely on the coverage information to bin contigs®.
Therefore, we would like to explore whether MetaCC binning could bin
multi-copy plasmids. To look for the existence of multi-copy plasmid
contigs, we extracted plasmid contigs with coverage >2 x than the
mean average coverage of their respective MAGs, and we observed two
plasmids contig 24425 and contig 61128, whose coverages were
around 3 x and 5 x than the mean average coverage of their respective
MAGs, respectively (Supplementary Table 5). Another plasmid con-
tig 58576 (length: 103,370 bp) had strong BLAST? hits with a total of
101,669 bp alignment length (98.4%) to NCBI plasmid reference gen-
ome NZ_CP080264.1 (Assigned taxon: Escherichia coli). Indeed,
MetaCC binning attributed this plasmid contig to BIN 1239, which was
annotated as Escherichia coli at the species level by GTDB-TK.

Running time of the overall MetaCC pipeline

On a 2.40 GHz Intel Xeon Processor E5-2665 with 50,000-MB memory
allocated, the overall MetaCC pipeline spent 19 min, 56 min, 15 min,
and 109 min on the human gut short-read, wastewater short-read, cow
rumen long-read, and sheep gut long-read metaHi-C datasets,
respectively.

Discussion
In this work, we have developed MetaCC for scalable and integrative
metaHi-C analyses. The MetaCC framework consists of two major
modules, the NormCC normalization module and the binning module.
NormCC models both proximity ligation counts across contigs
and within contigs using negative binomial and enables correcting all
systematic biases. Compared to HiCzin, NormCC showed better per-
formance in terms of the spurious inter-species contact removal and
contig clustering on a synthetic yeast dataset and was much faster on
real metaHi-C datasets. Moreover, HiCzin suffers substantial perfor-
mance deterioration when the species-level annotation by TAXAassign
is achieved for only a limited fraction of assembled contigs (Supple-
mentary Note 1). This vulnerability is particularly noticeable on long-
read metaHi-C datasets (Supplementary Table 1), as further evidenced
by HiCzin’s failure to converge on the cow rumen long-read metaHi-C
dataset (Supplementary Table 2). In contrast, NormCC does not rely on
contig annotations as input and performs normalization solely based
on fundamental features of assembled contigs, including contig length
and the number of restriction sites on contigs. These essential features

can be directly obtained from contigs after assembly regardless of the
sequencing technologies employed. This adaptability enables NormCC
to be easily applied to both short-read and long-read metaHi-C data-
sets, demonstrating its versatility in comparison to HiCzin.

MetaCC binning also outperformed all existing Hi-C-based bin-
ners consistently on short-read and long-read metaHi-C datasets.
Downstream annotation studies and plasmid analyses on real long-
read metaHi-C datasets further demonstrated the unique ability of
MetaCC on characterizing the structures of microbial samples. Nota-
bly, on short-read metaHi-C datasets, HiCBin demonstrated substantial
outperformance compared to other competing methods except
MetaCC binning, aligning with previous benchmarking studies®.
MetaCC binning further showed a slight improvement over HiCBin
(Fig. 3). Both methods employ Leiden clustering, with the key dis-
tinction lying in their respective normalization approaches. MetaCC
employs NormCC as its normalization method, whereas HiCBin relies
on HiCzin. Consequently, the improved performance of MetaCC bin-
ning over HiCBin can be primarily attributed to the superior contig
clustering performance facilitated by its normalization method
NormCC, as also supported by Fig. 2b. However, in line with HiCzin,
HiCBin also exhibits notable degradation in performance when
assigning taxonomic labels for contigs at the species level is challen-
ging (Supplementary Note 1), which is particularly evident on long-
read metaHi-C datasets (Supplementary Table 1). This limitation of
HiCBin adversely affects its performance on long-read metaHi-C
datasets, underscoring the notable superiority of MetaCC binning over
other Hi-C-based binners, including HiCBin, specifically in the context
of long-read metaHi-C datasets.

In the spurious contact removal step, it is important to note that
there is no gold standard for determining the threshold value, as the
fraction of spurious inter-species contacts among all Hi-C contacts
varies due to the quality of metaHi-C experiments. Moreover, there
exists a trade-off in selecting this cut-off value. Opting for larger
thresholds can eliminate more spurious contacts but may also result in
the unintended removal of a higher number of informative intra-
species contacts. Therefore, we have taken a conservative approach by
selecting a small yet safe threshold (i.e., the default 5-th percentile) to
mitigate the loss of important Hi-C information. From our experiments
on the synthetic yeast dataset, the default cut-off enabled the removal
0f 19.3% of spurious inter-species contacts while incorrectly discarding
fewer than 0.5% of informative intra-species contacts. Furthermore, we
conducted experiments to evaluate the impact of the spurious contact
removal step using the default threshold on the downstream binning
results of all four real metaHi-C datasets. Our results consistently
demonstrated that the inclusion of this step with the default threshold
led to improved binning outcomes across all datasets (Supplementary
Note 4). In addition to the default conservative thresholds, an
outcome-oriented strategy may be an alternative for selecting cut-offs.
For example, we can try different thresholds and choose one that
yields the best MAG retrieval results in downstream analysis. However,
those outcome-oriented strategies always consume much more com-
puting resources and lack generalizability.

In long-read metaHi-C experiments, it is noteworthy that contigs
assembled from error-prone long reads are typically polished using
accurate short reads obtained from the same sample to improve
sequence accuracy*>”*°. One important reason for adopting polishing
is due to the low alignment quality of accurate Hi-C short reads to
contigs assembled from error-prone long reads. Regarding our
NormCC normalization method, the polishing step can also help to
mitigate the impact of sequencing errors on the identification of
restriction sites on contigs due to the improved accuracy at the
nucleotide level. However, for the contigs assembled from the accu-
rate HiFilong reads, previous studies have indicated that polishing HiFi
assemblies using short reads did not markedly enhance sequence
accuracy”®. Furthermore, we have demonstrated that polishing HiFi
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assembles did not improve the Hi-C-based binning results on the sheep
gut dataset (Supplementary Note 3). Therefore, considering the high
accuracy of HiFi reads, we believe the polishing step may not be
necessary in this case.

For the four real metaHi-C datasets, we employed CheckM to
evaluate the binning performance. Though CheckM is the main soft-
ware used to assess the quality of bins retrieved from real metage-
nomic samples, there is a need for further investigation into how
accurately the validation method based on marker genes can reflect
the actual completeness and contamination of the recovered MAGs.
This is particularly relevant as certain genomic regions may lack mar-
ker genes. Moreover, the focus of CheckM on marker sets suitable for
evaluating bacterial and archaeal genomes may result in eukaryotic
genomes being classified as significantly incomplete®.

There are several directions that MetaCC can be further extended.
For large MAGs with high abundances, it is interesting to combine
NormCC-normalized Hi-C contacts with other information sources,
such as the assembly graph to scaffold the assembled contigs within
the same MAG retrieved by MetaCC binning. Moreover, identifying
interactions between mobile genetic elements and hosts using
NormCC-normalized Hi-C contacts is of great potential. One major
challenge in this topic is to choose a threshold of Hi-C contacts as the
true interactions. As a new and the most systematic framework to date,
we hope MetaCC enables improved analysis of metaHi-C data with the
potential to shed new light on the dark matter of the microbiome.

Methods

Real metaHi-C datasets

In this study, we leveraged several publicly available metagenomic Hi-
C datasets, consisting of two short-read metaHi-C datasets and two
long-read metaHi-C datasets. The specific sizes of raw datasets were
shown in Supplementary Table 6.

Two short-read metaHi-C datasets were generated from different
microbial ecosystems, including human gut (BioProject:
PRINA413092)" and wastewater (BioProject: PRINA506462)°. Each
short-read metaHi-C dataset was composed of shotgun libraries and
Hi-C libraries derived from the same sample source. The restriction
endonucleases Sau3Al and MIuCl were utilized to construct all Hi-C
sequencing libraries. All shotgun libraries and Hi-C libraries were
sequenced by Illumina platforms at 150 bp.

Two long-read metaHi-C datasets were derived from cow rumen
samples (BioProject: PRJINA507739)* and sheep gut samples (BioPro-
ject: PRINA595610)%, respectively. The cow rumen long-read metaHi-C
dataset consisted of PacBio uncorrected long read libraries and Hi-C
libraries. The error-prone PacBio long reads were generated using the
PacBio RSII and PacBio Sequel while Hi-C libraries were created by the
restriction enzymes Sau3Al and MIuCl and subsequently sequenced on
an Illumina HiSeq 2000 at 80 bp. The sheep gut long-read metaHi-C
dataset contained PacBio circular consensus sequencing (CCS) long
read libraries and Hi-C sequencing libraries. PacBio CCS long reads
were highly accurate (average Q scores above 20) and hereafter
referred to as the HiFi reads. Separate Hi-C libraries from the sheep gut
long-read metaHi-C dataset were generated by the restriction endo-
nucleases Sau3Al and MIuCl and sequenced at 150 bp for analysis.

Data processing
In the metagenomic Hi-C experiment, the read cleaning procedure
is necessary before the alignment of Hi-C read pairs, since the
adaptor sequences, low-quality reads, and PCR duplication can
cause significant problems in downstream analyses. Therefore, we
applied a standard cleaning procedure to all Hi-C read libraries
using bbduk from the BBTools suite (v37.25)* (Supplemen-
tary Note 5).

For the two short-read metaHi-C datasets, shotgun reads were
assembled into contigs by MEGAHIT (v1.2.9)* with parameters ‘-k-

min 21 -k-max 141 -k-step 12 -merge-level 20,0.95 -min-contig-len
1000°. The assembled contigs of both PacBio uncorrected long
reads and HiFi long reads from the two long-read metaHi-C datasets
were provided by the original authors and thus were directly
downloaded for analyses. Bickhart et al.”® assembled PacBio raw
reads from the cow rumen long-read metaHi-C dataset by Canu
v1.6+101 changes (r8513)*¢, and subsequently polished the assembly
twice with Illumina data using Pilon*. The final assembly was
deposited at https://figshare.com/articles/usda_pacbio_second_
pilon_indelsonly_fa_gz/8323154. An updated version of the assem-
bly of PacBio HiFi long reads from the long-read sheep gut metaHi-C
dataset was provided by authors of the original paper utilizing
metaFlye (v2.9)*® with default parameters and was deposited at
https://doi.org/10.5281/zen0do.5228989 under the file ‘flye.v29.-
sheep_gut.hifi.250g.fasta.gz’. The assembly statistics of contigs
from all datasets are shown in Supplementary Table 7.

Finally, we aligned processed paired-end Hi-C reads to assem-
bled contigs by BWA-MEM (v0.7.17)*. We switched off the read
pairing mode and regarded the alignment with lowest read coor-
dinate as primary alignments with parameter -5SP’ for the BWA-
MEM mapping. After the alignment, we successively removed
unmapped reads, secondary alignments, supplementary alignments
and alignments with low quality (nucleotide match length <30 or
mapping score <30). Raw contig-to-contig contacts were aggre-
gated by counting the number of Hi-C read pairs aligned to two
contigs separately as across-contig Hi-C contacts, which reflected
the proximity extents between contigs. We also defined the number
of Hi-C read pairs mapped to the same contig as within-contig Hi-C
contacts. Since shorter contigs with fewer Hi-C signals and occur-
rences of restriction sites tended to have much higher variance,
weakening the stability in the downstream analyses"'®, restrictions
on minimum contig length (default, 1000 bp), minimum number of
restriction sites (default, one), and minimum Hi-C contacts (default,
two across-contig Hi-C contacts and one within-contig Hi-C contact)
were imposed to filter problematic contigs. Raw Hi-C contact matrix
was then generated from the alignment of Hi-C paired-end reads
where the diagonal and non-diagonal entries represented within-
contig and across-contig Hi-C contacts, respectively. Notably,
because metaHi-C experiments were designed to explore contig-to-
contig relationships, across-contig Hi-C contacts were much more
important than within-contig Hi-C contacts and unless otherwise
specified, Hi-C contacts always referred to across-contig Hi-C con-
tacts in this paper.

NormCC normalization module in MetaCC

NormCC is a scalable and effective normalization module to eliminate
the biases of the number of restriction sites, contig length and cov-
erage on the raw metagenomic Hi-C contacts. Let H denote the raw Hi-
C contact matrix. We define the Hi-C signal M; of contig i as the total
number of proximity ligation events between contig i and other con-
tigs, i.e.,

M;=>" Hy. )

k#i

We model the M; using the negative binomial (NB) distribution,
i.e.,

M; ~NB(y;,0), ()

where 6 is the negative binomial dispersion parameter and the mean y;
depends on the three factors of systematic biases for raw metage-
nomic Hi-C contacts, i.e., the number of restriction sites on contigs,
contig length and coverage'. Logarithmic link functions in negative
binomial regression models™ are used to model the dependence of
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parameter y; on the three factors of biases, i.e.,

log(p;) =By + Bs - log(s)) + B, - log(ly) + B, - log(c)), 3)

where s;, [;, and c; represent the number of restriction sites, the length,
and the coverage of the contig i, respectively.

To solve the regression equation (3), we need to obtain the specific
values of independent variables, i.e., the three factors of explicit biases
for all contigs. Though the number of restriction sites and contig length
can be directly obtained, the true contig abundances are always
unknown in real datasets. One solution is to estimate the contig cov-
erages by aligning short reads or long reads used in assembly back to
contigs. However, the alignment procedure usually consumes a huge
amount of computing time and memory resources, especially for long
reads”. To tackle this problem, we design a statistical model to repre-
sent the unknown coverage using known elements. Specifically, let N;
denote the number of proximity ligation events within the contig i, i.e.,

N;=Hj. C)]

We assume that N; also follows the negative binomial distribution,
i.e.,

N; ~NB(v;,0), 5)

where ¢ is the negative binomial dispersion parameter and the mean v;
is linked to three factors of biases using logarithmic link functions, i.e.,

log(v;) =yo + s - log(s) +y, - log(lp) +y. - log(c,). (6)

Based on formulas (5) and (6), we develop the first negative
binomial regression model, denoted by NBR;, where we consider the
factors of systematic biases and the within-contig Hi-C contacts N; as
the predictor variables and the response variable, respectively. The
residual of NBR; for contig i can be written as

Ni/v;. (7)

We further assume that no factors other than the number of
restriction sites, the length, and the coverage have a major impact on
the number of proximity ligation events between fragments within the
same contig (i.e., within-contig Hi-C contacts). By taking residuals, the
effects of all factors with substantial impacts on the within-contig Hi-C
contacts are eliminated. As a result, the residuals described in (7) are
primarily composed of non-essential factors, which are assumed to be
the same for all contigs, i.e.,

N,/ exp{yo +Vs - log(s) +y, - logly) + v, - log(c,)}
N
eVo SVs 1}’1 Vc (8)

=C,

where Cis a constant. Notably, in addition to factors such as the number
of restriction sites, the length, and the coverage of contigs, the extent of
spatial proximity across different contigs also plays a major role in
determining the number of proximity ligation events between them.
Therefore, the assumption mentioned earlier regarding the within-
contig Hi-C contacts is not applicable to the across-contig Hi-C contacts.

From formula (8), we can obtain an approximate expression of the

contig coverage as
Ve
(=~ N;
Ci= <Cw> ’ )

where C=C!

Therefore, the unknown independent variable c; can be approxi-
mately represented using three observable variables N;, s; and [.
Though the parameters C, y,, y;, and . are unsolved, we will then show
that we don't need to estimate these parameters in our
NormCC model.

Let us plug the approximate expression of contig coverage ¢; in
formula (9) into equation (3), i.e.,

_ N
log(p;) =By + B - log(s) + B; - log(ly) — By, - log (C . Sys;}ﬁ)

= (ﬁo - ﬁcyc ! IOg(C)) + (ﬂs +ﬂcycys) : IOg(Si) (10)
+(B+Beyeyy) - logdy) — Bey. - log(N))
=Bo+B; -log(s;) + B - 1og(l;) + By - 10g(Ny),
where

Bo=Bo — Bey. - log(C),
lis :ﬁs +ﬁcycys' a1
,BI :ﬂ[ +ﬁCVCV1’
By=— ﬁcyC'

Based on formulas (2) and (10), we develop the second
negative binomial regression model NBR;. In NBR;, the Hi-C signal
M; serves as the response variable, while s; [;, and N; are con-
sidered as predictor variables that contribute to the mean of the
distribution g; for a given contig i. Since all variables in NBR; are
observable, we can directly estimate /30, BS, ﬁ,, and BN using the
maximum likelihood. Let ﬂo, ,BS, ,B,, and BN denote the corre-
sponding maximum likelihood estimations. Once the parameters
of the model are determined, the estimated mean f; can be
obtained as

=efoshs (PiNPy. (12)

Notably, from formula (2), fi; represents the estimated mean of
the number of proximity ligation events between contig i and other
contigs, while this estimate takes into account only the number of
restriction sites, the length, and the coverage of contigs. In other
words, g; reflects the capability of contig i to produce proximity liga-
tions with other contigs, considering the influence of three bias fac-
tors. To address the variations in contig abilities in generating Hi-C
interactions due to these bias factors, we normalize the raw Hi-C
contacts between contig i and contigj (where i #j) by dividing them by
the square root of fi; - i, i.e.,

H, .
Yy . C,

where C=maxk;Ik is a rescaling constant. In formula (13), the
rescaling constant C is used to adjust and scale the values of
normalized Hi-C contacts in case they are too small. The square
root of f; - fi; can be regarded as a scaled geometric mean of the
expected number of proximity ligation events across contigs,
predicted only based on three bias factors. Our intuition is that
the deviation between the actual across-contig Hi-C contacts and
the expected number of proximity ligation events considering
only the three bias factors can primarily be attributed to the
spatial proximity and thus can reflect the unbiased proximity
across contigs.

13
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Discarding spurious inter-species contacts based on NormCC-
normalized Hi-C contacts

Spurious inter-species Hi-C contacts refer to the occurrences of
proximity ligation events between contigs from different genomes due
to experimental noises and confound the interpretability of the Hi-C
data’®. Based on the expectation that proximity ligations between
genomic segments in the same species occur orders of magnitude
more frequently than interactions between different species*, we
discard the lowest p percent (default, five) of NormCC-normalized Hi-C
contacts as spurious.

Genome binning in MetaCC

After correcting systematic biases by NormCC and removing spurious
Hi-C contacts, the processed Hi-C contact matrix is successively
transformed to a weighted graph G without self-loops where vertices
represent all contigs and edge weights are values of NormCC-
normalized Hi-C contacts between contigs. Then, we applied the Lei-
den graph clustering algorithm®? on the Hi-C contact graph G to cluster
contigs into draft genomic bins. The Leiden algorithm is a modularity-
based community detection algorithm and takes greedy strategies to
optimize the modularity function. Instead of the classical Newman-
Girvan modularity” which suffers resolution limits and may fail to
identify small bins*, we leverage a flexible modularity function based
on the Reichardt and Bornholdt’s Potts model** as

Z € — T )
(i,/'Ay-l)< 2n

where ¢; is the edge weight (i.e., NormCC-normalized Hi-C contacts)
between contigs i and j; d; and d; denote the degree of contig i and
contig/ in the graph g, respectively; n is the total number of edges in
the graph; r represents a resolution parameter; A; is an indicator
function and is equal to one if contigs i and j belong to the same
community. Notably, the resolution parameter r can be regarded as the
relative importance between the configuration null part and links
within the communities and controls the number of communities, and
the larger r tends to generate more communities®. Therefore,
determining this hyper-parameter affects the results of contig
clustering.

Similar to®, we detect single-copy marker genes in assembled
contigs using FragGeneScan®* and HMMER (v3.3.2)* to estimate the
number of genomes in the metagenomic data, denoted by k (Supple-
mentary Note 6). We also set the minimal bin size to the default value
of 150 kbp, slightly smaller than the minimum length of known bac-
terial genomes®, and consider only contig bins above this size as
resolved MAGs. Then, our objective is to select a suitable value of r for
which the number of resolved MAGs aligns with the estimated number
of genomes in the sample. To achieve this, we sequentially try a list of
increasing values for r. For each candidate value of the resolution
parameter r, we record the number of resolved MAGs, denoted as k.
Considering the potential underestimation of the number of genomes,
which can occur due to factors such as the possibility of marker genes
failing to be detected in certain species, the resolution parameter is
determined as the first value for which the number of resolved MAGs
surpasses the estimated number of genomes, mathematically, i.e.,

(14)

min r (1)
st. k,>k;re{1,20,40,60,80,- ).

After selecting the resolution parameter, we can cluster the assembled
contigs into MAGs, making up the initial bin set of MetaCC binning.

Evaluating the quality of recovered MAGs
We applied CheckM (v1.1.3, module: lineage wf)** to evaluate retrieved
MAGs. Following the CheckM criteria for completeness and

contamination®”, we referred to the resolved MAGs with CheckM
completeness greater than or equal to 50% and contamination less
than or equal to 10% as high-quality MAGs. We further attributed high-
quality draft genomes to three ranks according to the CheckM com-
pleteness, i.e., near-complete (completeness > 90% and contamination
< 10%), substantially complete (70% < completeness < 90% and con-
tamination < 10%), and moderately complete (50% < completeness <
70% and contamination < 10%).

Cleaning partially contaminated bins in MetaCC

Apart from high-quality MAGs, there also existed partially con-
taminated bins with completeness higher than 50% and contamination
higher than 10% in the initial bin set of MetaCC binning. Similar to
other binners, such as MetaTOR'® and HiCBin'®, we selected out and
cleaned all partially contaminated bins by partitioning contigs within
each contaminated bin using the Leiden algorithm. The resolution
parameter was kept to be 1 in re-clustering procedures since the
number of groups within each partially contaminated bin was expec-
ted to be small. As a result, groups of relatively smaller bins, denoted
by sub-bins, could be generated and those sub-bins with bin size larger
than the minimal requirement (default, 150 kbp) were retained and
merged back into the initial bin set to obtain the final bin set of MetaCC
binning.

Assessing the performance of normalization and spurious
contact removal on a synthetic yeast metaHi-C dataset

We assessed the normalization performance of NormCC and the fol-
lowing spurious contact removal on an additional synthetic yeast
sample (BioProject: PRINA245328)", consisting of 13 yeast species. The
synthetic yeast metaHi-C dataset contained shotgun libraries and Hi-C
libraries created using restriction enzymes Ncol and Hindlll. The raw
shotgun and Hi-C libraries contained 85.7 million read pairs at 101 bp
and 81 million read pairs at 100 bp, respectively. The read cleaning,
contig assembly, and Hi-C read alignment procedures were consistent
with those applied to the real short-read metaHi-C datasets. The contig
assembly statistics were shown in Supplementary Table 7. Since all
species within the synthetic yeast sample were known, the species
identity of the assembled contigs could be identified (Supplementary
Note 7). Thereafter, the ground truth of intra-species Hi-C contacts
(i.e., Hi-C contacts linking contigs from the same species) and spurious
inter-species Hi-C (i.e., Hi-C contacts linking contigs from different
species) contacts can be generated for benchmarking analyses.

Estimating the coverages of assembled contigs

Short/long reads used in the assembly were mapped back to assem-
bled contigs to estimate the contigs’ abundances. We employed
BBMap from the BBTools suite (v37.25)* and minimap2 (v2.24)” to
align short reads and long reads back to contigs, respectively.
SAMtools*® was used to transform the alignment files into bam files,
serving as the input for the script ‘jgi_summarize_bam_contig depths’
provided by to calculate the contigs’ coverages.

MAG analyses on the human gut short-read metaHi-C dataset

Since many bacteria in the human gut have been identified in previous
studies®**%¢!, we evaluated the bins retrieved from the human gut
short-read metaHi-C dataset using the repository of known human gut
bacteria. Specifically, we downloaded the Unified Human Gastro-
intestinal Genome (UHGG) database (v1.0)*, which is one of the largest
species-level public gut microbial reference databases. To estimate the
number of bins corresponding to known bacteria and the number of
bins that might contain chimeric genomes for different binning
methods, we utilized Mash (v2.2)* with 10,000 sketches per genome
to calculate the Mash distance between the UHGG species-level
representative and the bins derived from the human gut dataset.
Mash distance serves as a reliable proxy for one minus the average
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nucleotide identity (ANI)*, with the Mash species-level threshold of
0.05 equivalent to the widely accepted 95% ANI used to define species
boundaries®”. Therefore, we assigned one bin to one species if the
Mash distance between the bin and the representative reference gen-
ome of that species was less than 0.05. We also identified a bin as
chimeric if it was assigned to multiple species.

MAG analyses on two long-read metaHi-C datasets

To identify which near-complete bins overlapped each other from
MetaCC binning and other Hi-C-based binners, we employed Mash
(v2.2)* with 10,000 sketches per bin to calculate the Mash distance
between near-complete bins from different bin sets. Two bins with
mash distance smaller than 0.01 were identified as MAGs from the
same genome®**>, Moreover, to evaluate ability of different binners to
capture the species diversity, we annotated all high-quality bins using
GTDB-TK (v2.1.0, Release: R207 v2)*® with the function ‘classify wf to
obtain the taxonomic information of high-quality MAGs recovered by
different binners.

Plasmid analyses on the sheep gut long-read metaHi-C dataset
A total of 6,320 contigs in 709 high-quality MAGs retrieved by MetaCC
binning were first filtered by PPR-Meta (v1.1)** with cut-off 0.5 to
identify potential plasmid contigs. In this way, we identified 111 (1.7%)
potential plasmid contigs. These pre-filtering 111 contigs were further
screened using Platon (v1.6)*® with mode ‘Sensitivity’ to exclude
potential chromosomal contigs. As a result, 99 contigs were finally
identified as plasmids with high confidence. We queried these 99
plasmid contigs by BLAST (v2.12.0)* with at least 95% identity match of
at least 1000 bp to the reference plasmid genomes from NCBI RefSeq
database (Release: November, 2022).

Quality control of all metaHi-C datasets

The quality of Hi-C libraries from different metaHi-C datasets was
assessed using qc3C (v0.5)*® in k-mer mode with default parameters.
Results of qc3C for all datasets were shown in Supplementary Data 1.

Other algorithms used in benchmarking

The normalization method HiCzin (v0.1.0)" was run with default
parameters. All binners used for comparison, i.e., VAMB (v3.0.3)*,
MetaTOR (v1.1.4)', bin3C (v0.1.1)", and HiCBin (v1.1.0)" were executed
with default parameters on all real metaHi-C datasets.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All the datasets used in this study are publicly available from the NCBI
Sequence Read Archive database (http://www.ncbi.nlm.nih.gov/sra).
The human gut dataset used in this study is available under accession
codes: shotgun library SRR6131123, Hi-C libraries SRR6131122 and
SRR6131124. The wastewater dataset is available under accession codes:
shotgun library SRR8239393 and Hi-C library SRR8239392. The cow
rumen dataset used in this study is available under accession codes:
BioProject PRINA507739. The sheep gut dataset is available under the
accession numbers: HiFi reads SRX10647529 and SRX7628648, Hi-C
reads SRX10704191, and WGS short reads SRX7649993. The synthetic
yeast sample used in this study is available under the accession codes:
shotgun library SRR1263009 and Hi-C library SRR1262938. The final
assembly from the cow rumen dataset is available at https:/figshare.
comy/articles/usda_pacbio_second_pilon_indelsonly fa_gz/8323154. The
assembly of PacBio HiFi long reads from the sheep gut dataset is
available at https://doi.org/10.5281/zen0odo.5228989 under the file
‘flye.v29.sheep_gut.hifi.250g.fasta.gz. The curated nucleotide reference
database of TAXAassign is available at http://userweb.eng.gla.ac.uk/

umer.ijaz/bioinformatics/db.sqlite.gz. The GTDB-TK reference database
is available at https://data.gtdb.ecogenomic.org/releases/release207/
207.0/auxillary files/gtdbtk r207 v2 _data.tar.gz. The UHGG catalogs
are available from the MGnify FTP site http://ftp.ebi.ac.uk/pub/
databases/metagenomics/mgnify_genomes/human-gut/v1.0/uhgg_
catalogue. The NCBI RefSeq database is available at https://ftp.ncbi.nlm.
nih.gov/refseq/release. The complete sequence of NCBI plasmid refer-
ence genome NZ_CP080264.1 is available at https://www.ncbi.nlm.nih.
gov/nuccore/NZ_CP080264.1. The MAGs generated by MetaCC binning
from real metagenomes in the benchmarking can be obtained from
Zenodo: https://doi.org/10.5281/zenodo0.8057996%. The remaining data
are available within the Article, Supplementary Information, or Source
data. There is no restriction on data availability. Source data are pro-
vided with this paper.

Code availability

The MetaCC software is freely available at https://github.com/dyxstat/
MetaCC under the GNU General Public License version v3. The MetaCC
code used in this work is also archived on Zenodo under https://doi.
0rg/10.5281/zenodo.8054563%, Scripts used in this study to process
the intermediate data and plot figures are available at https://github.
com/dyxstat/Reproduce_MetaCC.
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