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Abstract 

Background  Metagenome-assembled viral genomes have significantly advanced the discovery and characteriza-
tion of the human gut virome. However, we lack a comparative assessment of assembly tools on the efficacy of viral 
genome identification, particularly across next-generation sequencing (NGS) and third-generation sequencing (TGS) 
data.

Results  We evaluated the efficiency of NGS, TGS, and hybrid assemblers for viral genome discovery using 95 viral-
like particle (VLP)-enriched fecal samples sequenced on both Illumina and PacBio platforms. MEGAHIT, metaFlye, 
and hybridSPAdes emerged as the optimal choices for NGS, TGS, and hybrid datasets, respectively. Notably, these 
assemblers recovered distinct viral genomes, demonstrating a remarkable degree of complementarity. By com-
bining individual assembler results, we expanded the total number of nonredundant high-quality viral genomes 
by 4.83 ~ 21.7-fold compared to individual assemblers. Among them, viral genomes from NGS and TGS data have 
the least overlap, indicating the impact of data type on viral genome recovery. We also evaluated four binning 
methods, finding that CONCOCT incorporated more unrelated contigs into the same bins, while MetaBAT2, AVAMB, 
and vRhyme balanced inclusiveness and taxonomic consistency within bins.

Conclusions  Our findings highlight the challenges in metagenome-driven viral discovery, underscoring tool limita-
tions. We advocate for combined use of multiple assemblers and sequencing technologies when feasible and high-
light the urgent need for specialized tools tailored to gut virome assembly. This study contributes essential insights 
for advancing viral genome research in the context of gut metagenomics.
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Background
The human gut harbors a substantial population of 
viruses, predominantly featuring double-stranded DNA 
(dsDNA) phages [1–4]. These phages exert their influ-
ence on the ecosystem structure of the intestinal micro-
biota [5] by modulating bacterial populations within the 
gut through mechanisms such as predation or lysogeny 
[6]. Furthermore, phages have shown great promise as 
precise antibiotic agents, capable of selectively targeting 
and eliminating their hosts [7]. This holds particular rel-
evance in the context of the alarming surge in antibiotic 
resistance [8].

In recent years, there has been a notable surge in the 
detection of viral genomes through metagenomic assem-
blies, enabling the retrieval of numerous viral genomes 
from human gut metagenome sequencing data, whether 
enriched with viral-like particles (VLP) [3, 9, 10] or not 
[11–13]. Obtaining high-quality assembled genomes is 
an important prerequisite for downstream analyses such 
as viral genome detection, host prediction, community 
composition, or phylogenetic analysis [13].

However, owing to the rapid evolutionary pace of viral 
genomes and the resulting heightened micro-diversity 
in their genomic sequences within a sample [14], the 
development of a dedicated genome assembler for viral 
metagenomes is an urgent requirement yet one that 
remains unaddressed. Consequently, the majority of 
research has resorted to employing assemblers originally 
designed for assembling single genomes [15, 16] or bulk 
metagenome sequencing data [13, 17, 18].

In addition to the next-generation sequencing (NGS 
or short-read) data, third-generation sequencing (TGS 
or long read) has recently been applied to bulk metage-
nome [19–21] and gut virome sequencing derived from 
VLP-enriched samples [10, 22–24]. In response to this 
growing trend, alternative sequencing and informatics 
workflows [25, 26] to improve viral metagenomic assem-
blies designed for second- and third-generation sequenc-
ing have been published and widely adopted. Previous 
results have shown the critical role of assembly software 
in characterizing the human gut virome using NGS mock 
viral communities [27] or NGS in silico simulated viral 
metagenomes [28]. Furthermore, integrating long- and 
short-read sequencing for the human gut virome (using 
three samples) [29] and viral mock communities [30] has 
demonstrated the advantages of long reads in recover-
ing high-quality viral genomes. Despite these findings, a 
comprehensive evaluation of viral identification methods 
across both NGS and TGS platforms using a large num-
ber of samples has been notably lacking, particularly with 
paired data—where the same set of samples is sequenced 
using both NGS and TGS platforms. A particularly 

critical, yet overlooked, aspect is the overlap and com-
plementarity in gut viral genomes obtained by different 
methods and sequencing technologies. Additionally, the 
applicability of binning methods, extensively used in bulk 
metagenomic analysis, remains untested in the context of 
VLP metagenome data.

In this study, based on paired long- and short-read 
sequencing data from 95 VLP-enriched human fecal 
samples, we assessed the quality and detection efficiency 
of viral contigs generated by short-read, long-read, and 
hybrid assemblers. Subsequently, we extensively analyzed 
the distinctions and complementarity of viral genomes 
obtained from different assemblers at various taxonomic 
levels, especially those derived from short- and long-
read sequencing data. Finally, we evaluated four binning 
methods to assess the inclusiveness and taxonomic con-
sistency of binned contigs. Our findings would guide 
researchers in the selection of the most suitable detec-
tion strategy as well as sequencing platforms for their gut 
virome study and help developers to know the limitations 
of the current methods and how their performance is 
affected by the gut virome-specific characteristics.

Methods
Selection of metagenomic assemblers and binners for gut 
virome analysis
To identify the optimal assemblers and binners within 
the enterovirus group data, we collected three short-read 
assemblers, five long-read assemblers, four hybrid assem-
blers, and four binners into our comprehensive analysis. 
Tools including its associated information are presented 
in Table 1 and Fig. 1 for reference.

Illumina and PacBio sequencing data of human gut virome 
samples
Sequencing data in the Chinese Human Gut Virome 
(CHGV) [10] catalog, containing fecal samples of 95 
healthy Chinese residents submitted to both short- and 
long-read sequencing, were employed for our analysis.

Briefly, human fecal samples (totaling ≈500 g each) 
were obtained from anonymous healthy volunteers 
recruited from Wuhan and Shanghai, China. Viral-like 
particles (VLPs) were obtained by utilizing a virome 
enrichment protocol adapted from ref. [42–45], as out-
lined below. A total of 400–500 g of frozen feces from 
a − 80 °C freezer was added to 5 l of SM buffer (200-mM 
NaCl, 10-mM MgSO₄, 50-mM Tris–HCl, pH 7.5) and 
stirred at 120 rpm at room temperature using an auto-
mated stirrer (A200plus, OuHor, Shanghai, China) until 
fully dispersed. The mixture was then filtered through 
four layers of gauze (21 s × 32 s/28 × 28) and centrifuged 
at 5000 × g for 45 min at 4 °C. The supernatant was 
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transferred and centrifuged again at 8000 × g for 45 min 
at 4 °C. The resulting supernatant was concentrated 
to approximately 300 ml using a 100-kD ultrafiltration 
membrane (Sartorius, Vivaflow 200). NaCl was added 
to a final concentration of 0.5 M, and the samples were 
stored at 4 °C for 1 h. Next, PEG 8000 was added to a 

final concentration of 10% (w/v), and the samples were 
incubated overnight at 4 °C. Phage particles were then 
sedimented the following day by centrifugation at 
13,000 × g for 35 min at 4 °C.

Nucleic acid was then extracted using a HiPure HP 
DNA Maxi Kit (D6322, Magen, Guangzhou, China) 

Table 1  Metagenomic assemblers and binners used in this study

Tool Data type Version Algorithms Last updated Designed for 
metagenomics

IDBA-UD [31] NGS v1.1.3 De Bruijn graph Dec 31, 2016 Yes

MEGAHIT [18] NGS v1.2.9 De Bruijn graph Feb 14, 2023 Yes

metaSPAdes [17] NGS v3.15.4 De Bruijn graph Jul 16, 2022 Yes

Canu [15] TGS v2.2 Overlap-layout consensus Dec 15, 2023 No

FALCON [32] TGS v1.8.1 Overlap-layout consensus Sep 11, 2020 No

Hifiasm-meta [33] TGS v0.3 Graph-dependent algorithms Jun 2, 2023 Yes

metaFlye [34] TGS v2.9.1 Repeat graph Sep 9, 2023 Yes

wtdbg2 [16] TGS v2.5 Fuzzy Bruijn graph Dec 11, 2023 No

IDBA-hyb [31] HYB v1.1.3 De Bruijn graph Dec 31, 2016 Yes

hybridSPAdes [35] HYB v3.15.4 De Bruijn graph Jul 16, 2022 Yes

metaViralSPAdes [36] HYB v3.15.4 De Bruijn graph Jul 16, 2022 Yes

OPERA-MS [37] HYB v0.83 De Bruijn graph Apr 14, 2023 Yes

CONCOCT [38] - v1.1.0 Unsupervised clustering Nov 11, 2019 -

MetaBAT2 [39] - v2.15.2 Label propagation Apr 11, 2023 -

AVAMB [40] - v4.1.3 Variational autoencoders Jun 2, 2023 -

vRhyme [41] - v1.1.0 Supervised machine learning Jul 13, 2022 -

Fig. 1  Overall workflow of this study, including sequencing reads processing, assembly, dereplication, viral genome identification, binning, 
and quality assessment. Vs2, VirSorter2; vf, VirFinder; dvf, DeepVirFinder
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according to the manufacturer’s instructions. Double-
stranded DNAs extracted were subjected to next-gener-
ation sequencing (NGS) using the Illumina HiSeq2000 
sequencer (Novogen, Beijing, China) and third-genera-
tion sequencing (TGS) using the PacBio RS II sequencer 
(Pacific Biosciences, Menlo Park, CA, USA).

Preprocessing of VLP sequencing data
For the NGS raw sequencing (short-reads) data, we 
employed Trimmomatic (v0.39) [46] to perform adaptor 
removal and eliminate low-quality bases. The parameters 
used were as follows: LEADING:3, TRAILING:3, SLID-
INGWINDOW:15:30, and MINLEN:50. For the correc-
tion of third-generation sequencing (TGS; long-reads) 
data, we utilized the default settings of pbccs (v4.0.0) 
(https://​github.​com/​nlhep​ler/​pbccs) (Fig. 1).

To identify potential human reads within the trimmed 
short-reads or CCSed long-reads data, we conducted 
alignment against the human reference genome hg38 
(GCA_000001405.15) employing the Bowtie2 (v2.4.2) 
[47] (Fig.  1). Subsequently, any human-associated reads 
were removed from the dataset.

Assembly of VLP sequencing data
The VLP sequencing data were then assembled from the 
reads of each individual sample using the selected assem-
blers. Default parameters were used unless otherwise 
stated. Briefly, for the NGS data, we used IDBA-UD [31], 
MEGAHIT [18], and metaSPAdes [17]. For the TGS data, 
we selected Canu [15], FALCON [32], Hifiasm-meta [33], 
metaFlye [34], and wtdbg2 [16]. For hybrid assembly that 
combines the NGS and TGS data, we used IDBA-hyb, 
hybridSPAdes [35], metaViralSPAdes [36], and OPERA-
MS [37] (Fig. 1).

Mis-assembly was then identified using metaMIC [48] 
with default parameters for the contig generated from 
all assemblers. Mis-assembled contigs were corrected by 
splitting into fragments at the mis-assembled positions 
reported by the metaMIC tool; the fragments were con-
sidered as contigs and also used for subsequent analysis.

Contig dereplication and viral contig identification
Dereplication was performed on contigs obtained by 
each tool on each sample or multi-tools on all samples 
using cd-hit (v4.6.8) [49] with a parameter of -c 0.95 and 
-aS 0.85 according to a MIUViG [50] (Fig. 1).

Viral contigs were then identified using a similar pro-
cedure to human Gut Virome Database (GVD) [9], with 
modifications (Fig. 1). Briefly, the following virus recog-
nition software were firstly used, including VirSorter2 
(v2.2.4) [51], DeepVirFinder (v1.0) [52], VirFinder (v1.1) 
[53], Seeker [54], PPR-Meta (v1.1) [55], and VirRep [56]. 
Their parameters were listed as the following.

1.	 VirSorter score ≥ 0.7
2.	 DeepVirFinder with the default parameter
3.	 VirFinder score > 0.6
4.	 Seeker with the default parameter
5.	 PPR-Meta phage score > 0.7
6.	 VirRep with the default parameter

Secondly, a contig was considered as a virus if it passed 
at least two out of the above six criteria and had sequence 
length > 1.5 kb.

We referred the viral contigs to viral operational 
taxonomic units (vOTUs) at strain level, as previously 
described [10].

Binning of viral contigs
Following the assembly, we performed multi-coverage 
binning (i.e., when clustering contigs of a sample into 
bins, the read coverage of these contigs across all samples 
was also considered) [57] on the identified viral vOTUs 
from each sample. We used CONCOCT [38], MetaBAT2 
[39], AVAMB [40], and vRhyme [41] with default param-
eters to generate bins (Fig. 1).

Evaluation of the quality of vOTUs and bins
To evaluate the quality of the vOTUs, CheckV (v1.0.1) 
[4] was used (Fig.  1) with the parameter “end_to_end,” 
and the vOTUs were assigned into different groups, 
including “complete,” “high quality,” “medium qual-
ity,” “low quality,” and “not determined,” which corre-
spond to completeness scores of 100%, > 90%, 50–90%, 
0–50%, and non-determined, respectively. In this study, 
we referred to the vOTUs with > 90% completeness and 
no “contig > 1.5 × longer than expected genome length” 
and “high kmer _ freq may indicate large duplication” 
warning information as the “the high-quality vOTUs 
(hq-vOTUs).”

Currently, there is no specific use for evaluating viral 
bins, and CheckV can only accept contig as input con-
tent. Here, we adopted a method from [41], which used 
50 consecutive characters Ns (CheckV treats Ns as a gap 
instead of the shortest length of a sequence) to join all 
contigs in a bin into a single sequence, and evaluated its 
quality with CheckV.

Taxonomic annotation and phylogenetic analysis
We employed PhaGCN_newICTV [58] to perform tax-
onomy annotations at the family-level for all hq-vOTUs 
(Fig.  1). To ensure the reliability of our annotations, we 
selected annotations with a PhaGCN_newICTV score 
equal to 1 (ranging from 0 to 1) as the final results.

For phylogenetic analysis of selected vOTUs, we first 
annotated their protein coding genes using Prokka 
(v1.14.6) [59], from which we selected gene and protein 

https://github.com/nlhepler/pbccs
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sequences belonging to the large terminases. Subse-
quently, we conducted multiple sequence comparisons 
on the protein sequences using MUSCLE (v3.8.1551) 
[60]. The resulting multiple-sequence alignments were 
analyzed by FastTree (v2.1.11) [61] to construct phy-
logenetic trees using the maximum-likelihood algo-
rithm (Fig. 1). Finally, we employed iTOL (v6.8) [62] and 
Evolview v3 [63] for visualization and annotation of the 
phylogenetic trees.

Results
Identifying the optimal assemblers for vOTU detection 
using short‑, long‑, and hybrid‑sequencing data
To comprehensively evaluate the effect of different 
assembly and binning tools on viral genome discovery, 
we used 95 viral-like particle (VLP)-enriched human 
fecal samples sequenced on both Illumina (next-genera-
tion sequencing, NGS, or short reads) and PacBio (third-
generation sequencing, TGS, or long-reads) platforms 
from our previous study [10] (“ Methods”).

Our evaluation is shown in Fig.  1. First is genome 
assembly. We selected a total of 12 state-of-the-art 
assemblers for (meta)-genome analysis, including 3 
NGS, 5 TGS, and 4 hybrid assemblers (“  Methods” and 
Table 1). Secondly, we performed an in-sample dereplica-
tion of the contigs assembled from all samples for each 
tool. Thirdly, we identified viral contigs using a custom-
ized bioinformatics pipeline and clustered them into 
the nonredundant species-level viral contigs referred 
to as vOTUs (“  Methods”). Fourthly, for the viral con-
tigs generated by each assembler, we used CONCOCT 
[38], MetaBAT2 [39], AVAMB [40], and vRhyme [41] for 
multi-coverage binning [57] (“ Methods”). Then, we con-
ducted a systematic evaluation of the tools at the assem-
bly level and the binning level. The quality metrics of viral 
contigs and bins, taxonomy classification analysis, and 
phylogenetic status were included in the process (Fig. 1).

After assembly and viral genome identification, we 
first compared the numbers of vOTUs obtained from 
the assemblers. We found that MEGAHIT, FALCON, 
and IDBA-hyb generated the highest number of vOTUs 
among the NGS, TGS, and hybrid assembler groups, 
respectively. However, when considering only the high-
quality vOTUs (hq-vOTUs) with > 90% genome com-
pleteness and no “contig > 1.5 × longer than expected 
genome length” and “high kmer _ freq may indicate large 
duplication” warning information according to CheckV 
[4] (“  Methods”), MEGAHIT, metaFlye, and hybridS-
PAdes performed the best within their respective assem-
bler categories (Fig.  2A). Notably, assemblers that were 
not optimized for metagenomic data, such as canu and 
wtdgb2, generated significantly less vOTUs (Fig. 2A).

We observed that > 97% of the vOTUs by all assem-
blers contained < 5% contaminations (Figs. 2B, S1). This is 
because CheckV only counted bacterial genes at the end 
of the assembled contigs as contaminations [4]. We thus 
did not consider the contamination levels as a key meas-
urement of the vOTUs.

Finally, we compared the assembly length metrics of 
the vOTUs, including the lengths of the longest contig, 
total contigs, and N50. For the NGS assemblers, MEGA-
HIT generated contigs with the longest total length and 
the highest N50, while metaSPAdes achieved the longest 
contigs (Fig.  2C). Among the TGS assemblers, Hifiasm-
meta had the largest total length and the largest contig 
length. However, it is noteworthy that metaFlye, despite 
having the highest N50, did not significantly lag behind 
Hifiasm-meta in terms of total length and the largest 
contig length (Fig.  2D). Among the hybrid assemblers, 
hybridSPAdes achieved the largest contig length and was 
comparable to IDBA-hyb and metaViralSPAdes in terms 
of total lengths and N50 values, with only marginal dif-
ferences in these metrics (Fig. 2E).

Overall, our results suggest that MEGAHIT, metaFlye, 
and hybridSPAdes stand out as the best tools in the NGS, 
TGS, and hybrid assembler categories, respectively, fea-
turing the identification of more and longer vOTUs with 
higher quality (Fig. 2F, G, H).

Complementarity of different assemblers in recovering 
high‑quality viral genomes
We next examined the overlaps and differences in the 
detected vOTUs across assemblers. We focused on the 
hq-vOTUs with CheckV completeness > 90% and no 
“contig > 1.5 × longer than expected genome length” and 
“high kmer _ freq may indicate large duplication” warn-
ing information to avoid misevaluation due to genome 
incompleteness. Combining all such vOTUs from all 
assemblers and dereplicated at a 95% threshold using cd-
hit (“ Methods”), we obtained a combined set of 17,931 
nonredundant hq-vOTUs (Table  S1). Surprisingly, we 
found that more than half (54.5%, 9771) of them were 
assembler specific (Fig. S2). We also examined the over-
laps among the three assembler groups (NGS, TGS, HYB) 
and found that few hq-vOTUs were recovered by all three 
groups (n = 1478, 8.24% out of 17,931) or by two groups 
(i.e., n = 442 between TGS and NGS, n = 843 between 
TGS and HYB). We did find a significant overlap between 
the NGS and HYB groups (4297), likely because the pre-
assembly step of these hybrid assemblers is using NGS 
reads during the assembly [35, 37]. Additionally, the TGS 
group derived the highest number of unique hq-vOTUs 
(n = 4725, 26.4%), followed by the hybrid (n = 3191, 
17.8%) and NGS (n = 2955, 16.5%) (Fig. 3A). These results 
suggest that in addition to the choice of tools, the type 
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of sequencing data, i.e., short vs long reads, also signifi-
cantly influences the vOTU identification results, high-
lighting the necessity of using both the long and short 
reads for a complete gut virome characterization.

When compared with individual assemblers, we found 
that the combined set significantly expanded the num-
bers of the hq-vOTUs compared with individual assem-
blers, from 4.83-fold increase for MEGAHIT to 21.7-fold 
increase for metaSPAdes (Fig. 3B). These results indicate 
significant complementarity of different assemblers in 
recovering high-quality viral genomes.

Assembler-specific metagenome-assembled genomes 
can be error-prone, and we thus adopted a phyloge-
netic approach to further validate the quality of these 

hq-vOTUs from different assemblers. We annotated 
the large terminase genes in hq-vOTUs and used 
the protein sequences for phylogenetic analysis. The 
dsDNA virus terminal enzyme gene, often employed 
as a marker gene for phylogenetic analysis, encodes 
a crucial enzyme involved in DNA replication and 
repair processes [64]. About 16% of the hq-vOTUs 
encoded the large terminase (Fig. S3). We built multiple 
sequence alignments using the large terminase proteins 
and constructed a maximum-likelihood tree (“  Meth-
ods”). As shown in Fig.  3C, we observed a significant 
concordance between the tree clades and the phage 
families annotated by PhaGCN_newICTV ( [58]; see 
also the “  Methods”). Specifically, genomes belonging 

Fig. 2  Evaluation of the identification and quality of vOTU across assemblers. A Stacked barplots showing numbers of vOTUs derived 
from the assembly tools, color-coded according to the CheckV quality scores. The tools are stratified by the sequencing data types they could 
handle such as NGS (for short reads), TGS (for long reads), and hybrid (for both reads types; HYB). Upper panel, all vOTUs; lower panel, high-quality 
vOTUs (hq-vOTUs) with > 90% completeness and no “contig > 1.5 × longer than expected genome length” and “high kmer _ freq may indicate 
large duplication” warning information. B Density plots showing the distribution of vOTU contaminations according to CheckV, with the vertical 
dashed lines indicating the median contamination of each tool. C, D, E Radar plots showing the strength and weakness of the assemblers in length 
metrics including total contig length, N50 length, and maximum vOTU length of the vOTUs derived from the NGS (C), TGS (D), and HYB assemblers 
(E). F, J, H Similar to C, D, and E but with different evaluation metrics such as vOTU N50 length, the proportion of vOTUs with 0 contamination, 
and the number of hq-vOTUs
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to different phage families formed discrete clades on 
the phylogenetic tree, each with well-defined bounda-
ries (Fig.  3C; outer ring). Notably, within each clade 
(family), we often found nonredundant vOTUs derived 
from multiple assemblers (Fig.  3C). For example, the 
Autographiviridae family contained 4 hq-vOTUs from 
the NGS assembler MEGAHIT (Fig.  3D), while other 
assemblers contributed 37 more hq-vOTUs to this fam-
ily (Fig. 3E). More importantly, the terminase proteins 
from these genomes showed significant sequence diver-
gence (Fig. S4), which was also evident from the long 
branch lengths on the phylogenetic tree (Fig. 3E). These 
results together indicate that our multi-assembler 
approach could indeed expand the gut virome identi-
fication by contributing assembler-specific and high-
quality viral genomes.

Biases of different assemblers in recovering vOTUs 
at higher taxonomic levels
Next, we examined the overlaps in the identified viral 
contigs at higher taxonomic levels among all the assem-
blers. We annotated the hq-vOTUs into known viral 
families using PhaGCN_newICTV [58], resulting in 
8 ~ 43% of annotation rates across the assemblers, with 
an average of ~ 16% (Fig. S5). A total of 19 viral families 
were annotated. All NGS assemblers were able to detect 
members of all families and so were all the hybrid assem-
blers except the metaViralSPAdes, which did not detect 
any members of the Rountreeviridae family (Fig. 4). Con-
versely, we observed significant performance variations 
among the TGS assemblers. Specifically, metaFlye and 
Hifiasm-meta could recover all families except the Roun-
treeviridae, while falcon additionally did not recover the 

Fig. 3  Assembler-specific vOTUs accounted most of the total vOTUs and were of high quality. A Upset plot showing the number of hq-vOTUs 
derived from the three assembler groups. B Stacked barplots showing the number of high-quality vOTUs (hq-vOTUs) assembled by individual 
assemblers (dark blue and lower number) compared to those expanded by other assemblers (light gray and upper number). C Phylogenetic 
tree of the 1026 hq-vOTUs encoding the large terminase gene. The annotation ring next to the leaf labels consists of three circles, with the inner, 
mid, and outer circles color-coded according to the assembly tools, the data types, and family-level taxonomical annotations, respectively. D 
A phylogenetic tree constructed from selected hq-vOTUs derived from the megahit tool on NGS data, with leaves forming a sub-branch belonging 
to the Autographiviridae family highlighted by blue. E A phylogenetic tree constructed from all hq-vOTUs belonging to the Autographiviridae 
in the nonredundant combined set. Branch leaves highlighted with blue background are the megahit-derived hq-vOTUs. The three columns 
of the heatmap on the left indicate phylum annotation according to the PhagCN_newICTV tool, data type (i.e., NGS, TGS, and hybrid), and assembly 
tool (from left to right)
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Zobellviridae. Furthermore, wtdbg2 and canu missed 
majority of the families and recovered fewer family mem-
bers when they did. Interestingly, all the TGS assemblers 
did not recover any members of the Rountreeviridae fam-
ily; further study should be implemented to determine 
whether it is because of the fewer members presented in 
the human gut or its unique sequence and/or abundance 
characteristics.

Within each assembler category, we observed lit-
tle difference in the performance of the three NGS 

assemblers in recovering viral families (Fig.  4).  Hifi-
asm-meta and metaFlye, as TGS assemblers, assem-
bled a broader range of viral families and increase the 
N50  values of several families.  HybridSPAdes ena-
bled the assembly of all families as well as being the 
most numerous in terms of contigs within the hybrid 
assemblers.

Together, our results indicate biases of different assem-
blers in recovering viral contigs at higher taxonomic lev-
els, especially those of the TGS assemblers.

Fig. 4  Evaluation of taxonomic annotation of vOTUs assembled by different assemblers. The performance of each assembler in assembling 
nonredundant contigs of each virus family, the size of the dots represents the N50 of nonredundant contigs of that family of viruses assembled 
by that type of tool, the color of the dots represents the classification of the assembler, and a bar in the above representation represents 
the number of the contigs of each virus family assembled by that tool
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Different binners exhibit markedly distinct behaviors 
in the binning of vOTUs
We also evaluated the performance of four binning tools 
on vOTUs, namely CONCOCT [38], MetaBAT2 [39], 
AVAMB [40], and vRhyme [41]. AVAMB consistently 
produced a greatest number of bins on all assemblers 
(Fig.  5A). Consequently, we found that bins created by 
CONCOCT contained a significantly high number of 
contigs (median 154) than those by other binners (Meta-
BAT2: median 8, AVAMB: median 1, vRhyme: median 2; 
p < 0.0001, Wilcoxon test; Fig. 5B and Fig. S6).

Subsequently, we applied the CheckV tool to assess 
the completeness and quality of the bins derived from 
the 12 assemblers and the 4 binners (“  Methods”). Of 
note, CONCOCT produced 95 oversized bins compris-
ing thousands of contigs, which exceeded the capacity of 
CheckV for completeness evaluation. We thus excluded 
these oversized bins from further analysis.

Overall, we observed that all binning methods sig-
nificantly improved the completeness of viral genomes 
when we compared the completeness of the bins to the 
member contigs with the highest completeness values 
(Fig.  5C; p < 0.01 in CONCOCT and < 0.0001 in others, 
Wilcoxon rank-sum test). AVAMB achieved the great-
est improvement in completeness among all the binning 
tools (the average increased completeness per bin for 
AVAMB, CONCOCT, MetaBAT2, and vRhyme was 17.6, 
3.04, 10.7, and 17.3 respectively, Table S2). We observed 
the same trends across almost all assemblers (Figs. S7, S8, 
S9, S10). Additionally, AVAMB consistently generated a 
greater number of HQ bins (i.e., those having > 90% com-
pleteness and no “contig > 1.5 × longer than expected 
genome length” and “high kmer _ freq may indicate large 
duplication” warning information) compared to other 
binners (Fig. 5D).

We proceeded to compare the consistency of taxonomy 
annotation results for contigs within bins. Strikingly, 
among the 2515 multi-contig bins generated by CON-
COCT and were taxonomically annotated, more than 
half (52.7%, 1326) contained vOTUs that were annotated 
to different viral families (Fig. 5E). In contrast, 97.8% of 
the multi-vOTU bins by MetaBAT2 showed consist-
ent annotations results within the same family (Fig. 5F). 

Notably, only 6.1% of AVAMB-generated bins contained 
more than one vOTUs. However, within these multi-bins, 
a high level of taxonomic annotation consistency was 
observed, with 94.0% (3025 multi-bins) displaying con-
sistent taxonomic classifications (Fig.  5G). Conversely, 
all bins generated by vRhyme contained multiple vOTUs 
and exhibited high consistency (350 bins, 96.7%) in tax-
onomy annotations (Fig. 5H). These findings indicate that 
MetaBAT2, AVAMB, and vRhyme exhibits superior tax-
onomy annotations consistency than CONCOCT, while 
the latter tended to be more inclusive and cluster vOTUs 
from varying taxonomic levels.

Discussion
The human gut virome is an essential component of 
the human microbiome due to its significant impact on 
modulation of gut microbial structure and function [5, 
65]. Metagenomic approaches are crucial for compre-
hensively studying the diverse and complex human gut 
virome, enabling the identification of novel viruses and 
understanding their functional roles [3, 9–11, 13]. Studies 
using both short-read and long-read assemblies of viral 
genomes have found that Illumina is preferable when 
using a single data type to recovering complete genomes 
[30]. However, the addition of long reads can improve the 
assembly of higher-quality genomes [29]. There are simi-
lar benchmarks for approaches to recovering the human 
gut viral genomes, but they used either only short-reads 
assemblers [27, 28] or only mock [27, 30] or in silico 
simulated [28] communities. Additionally, the number 
of real samples used in the benchmarking has been very 
small (e.g., n = 3 in ref [29]). Therefore, we lack a compar-
ative evaluation of assembly tools on the efficacy of viral 
genome identification, especially for both next-genera-
tion sequencing (NGS) and third-generation sequencing 
(TGS) data from large number of samples. Here, we sys-
tematically evaluated the performance of 12 assemblers 
and 2 binners on a paired long- and short-read sequenc-
ing dataset consisting of 95 human fecal viral-like parti-
cle-enriched samples.

We first evaluated the number of contigs, complete-
ness, contamination, and long-read metrics at the assem-
bly level. We determined the MEGAHIT, metaFlye, and 

(See figure on next page.)
Fig. 5  Evaluation of binning results generated by binners selected. A Boxplots showing the number of bins generated by four binning approaches 
using vOTUs recovered from the assemblers. Each dot represents an assembler. B Density plot showing the distribution of bin size (i.e., number 
of vOTUs in each bin) by four binning approaches. C Boxplot showing completeness improvement by the four binners. (The vOTU with the highest 
completeness in each bin is compared to the completeness of the entire bin). Pairwise Wilcoxon rank-sum test; ***p < 0.001, ****p < 0.0001. D 
Heatmaps showing the numbers of high-quality bins (i.e., CheckV completeness > 90% and no “contig > 1.5 × longer than expected genome length” 
and “high kmer _ freq may indicate large duplication” warning information) obtained from the assembler groups by the two binners, * indicates 
the number of bins after removal of oversized bins (i.e., concatenated length > 30 million base pairs) that cannot be analyzed by CheckV. E, F, G, H 
Pie charts showing the proportion of multi-vOTU bins obtained by four binners in which all member vOTUs are annotated to the same virus family
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Fig. 5  (See legend on previous page.)
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hybridSPAdes as the best metagenomic assemblers for 
short-read, long-read, and hybrid assemblies. We also 
found that third-generation sequencing (TGS) assem-
blers could enhance the N50 of Straboviridae, Peduo-
viridae, Kyanoviridae, and Herelleviridae viral family 
genomes, but they were not able to recover the genomes 
of some viral families, in particular canu and wtdbg2, 
which may due to the fact that they are not specifically 
designed to be applied to metagenomic data. In addition, 
the number of virus families depends on the type of virus 
family itself rather than the choice of tool.

We then found that contigs assembled using short-read 
and long-read data have little overlap, while the assembly 
results for short-read and hybrid data have considerable 
overlap, suggesting that the assembly of viral genomes is 
heavily influenced by the type of sequencing approaches. 
It is worth noting that the results from different tools are 
highly complementary to each other. Regardless of the 
categories of tools (i.e., NGS, TGS, or hybrid assemblers), 
the viral genomes identified by multiple assemblers sig-
nificantly expand those of the individual tools. And we 
confirm that it is not mis-assembly that causes the dif-
ference between nonredundant contigs. Therefore, we 
suggest that when assembling metagenomic data from 
human gut virome, it is best to use multiple tools and 
merge the nonredundant results after making mis-assem-
bly corrections. We also advocate the development of 
new tools and software suitable for the assembly of viral 
metagenomic data.

Of the four binners, we found that AVAMB outper-
formed others in terms of the number of high-quality 
bins and MetaBAT2 demonstrated the highest taxonomic 
consistency within bins. However, vRhyme exhibited 
well-balanced performance across all evaluated metrics. 
In conclusion, our findings suggest that future research-
ers can select different binning tools based on their spe-
cific requirements.

Despite our efforts, some genome fragment reassembly 
(assembly improving) tools (Phables [66], COBRA [67]) 
were ultimately not included in our study, because they 
only improve the length of 1 ~ 2% of the contigs assem-
bled from randomly selected samples through reassem-
bly (Table  S3). The potential reasons for this outcome 
are the low quality of viral assemblies (with only about 
10% of contigs being high quality) (Table S1) and the low 
viral abundance. Recently, studies [29, 66, 67] have shown 
that Phables and COBRA outperform binning tools in 
terms of genome completeness, contamination, and con-
tiguity. This suggests that these tools may be more suit-
able for reassembling viral vOTUs in low-quality viral 
bins. PHAMB was not included in our evaluation as it 
is designed for selecting viral bins from metagenomic 
bins, which is not applicable to our VLP data. Moreover, 

our workflow already incorporates viral sequence iden-
tification. Additionally, the impact of trying different 
parameters during assembly was not tested due to the 
widespread use of default parameters in existing stud-
ies [9, 12] and vast time consumption. However, it is 
essential to adjust assembler parameters to accommo-
date specific data or situations. In future research, such 
attempts may help identify the most suitable parameters 
for optimal performance of different assemblers on vari-
ous datasets.

In summary, our analysis pipeline, including both the 
dataset and performance evaluation matrices, could be 
easily adapted to test any new tools.

Conclusions
Based on a dataset comprising 95 paired long-read and 
short-read sequenced human fecal enriched virus-
like  particles, we conducted a comprehensive array of 
analyses encompassing raw data quality control, assem-
bly, binning, viral sequence identification, and taxonomic 
annotation.  In our examination of 12 assemblers and 
4 binners, we observed that MEGAHIT, metaFlye, and 
hybridSPAdes exhibited superior performance within 
their respective categories grouped by data type. The 
various binners exhibited substantial differences in per-
formance across multiple aspects. Furthermore, our find-
ings indicate that vOTUs (viral operational taxonomic 
units) generated from diverse assemblers and data types 
demonstrated high complementarity and differentiation. 
This underscores the imperative of employing a multi-
tool approach and encompassing multiple data types for 
the proficient recovery of viral genomes from virome 
data.
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the results of a sequence-by-sequence comparison of large terminase 
proteins from hq-vOTUs annotated as the Autographivirid family, with 
color shades indicating sequence similarity. The identity between 0 and 
95 is represented in blue, while that above 95 is shown in red. Figure S5. 
Barplot of the number and proportion of hq-vOTUs generated from each 
assembler that can be annotated by PhagCN to family level or not. Figure 
S6. Boxplots showing the size of bins (number of vOTUs contained in 
the bin) generated by CONCOCT and MetaBAT2 using vOTUs recovered 
from the assemblers. Wilcoxon test; ****: p < 0.0001. Figure S7. Boxplot 
showing completeness improvement of each assembler by CONCOCT. 
(The vOTU with the highest completeness in each bin is compared to the 
completeness of the entire bin). Pairwise Wilcoxon Rank Sum test; *: p < 
0.05, **: p < 0.01, ****: p < 0.0001. Figure S8. Boxplot showing complete-
ness improvement of each assembler by MetaBAT2. (The vOTU with the 
highest completeness in each bin is compared to the completeness of the 
entire bin). Pairwise Wilcoxon Rank Sum test; *: p < 0.05, **: p < 0.01, ****: p 
< 0.0001. Figure S9. Boxplot showing completeness improvement of each 
assembler by AVAMB. (The vOTU with the highest completeness in each 
bin is compared to the completeness of the entire bin). Pairwise Wilcoxon 
Rank Sum test; *: p < 0.05, ****: p < 0.0001. Figure S10. Boxplot showing 
completeness improvement of each assembler by vRhyme. (The vOTU 
with the highest completeness in each bin is compared to the complete-
ness of the entire bin). Pairwise Wilcoxon Rank Sum test; *: p < 0.05, ****: 
p < 0.0001. Table S1. A list of basic information about all vOTUs, hq-vOTUs, 
non-redundant hq-vOTUs and hq-vOTUs with phagCN taxonomic annota-
tions. Table S2. A list of completeness of all bins formed by binner selected 
and the vOTUs with the highest completeness in each bin. Table S3. A list 
of the original number of contigs input for the two assembly improve-
ment tools and the number of contigs that showed improved assembly 
results.
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