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Unveiling the biodiversity of large DNA
viruses in intertidal mudflats via
metagenomics

Mengzhi Ji 1, Yan Li1, Mengqi Wang1, Xia Liu1, Xiaofan Gong 1 &
Qichao Tu 1,2,3

Large DNA viruses (LDVs) are unique members of the Earth’s virosphere,
remarkable for their extra-large genome sizes and broad metabolic potential.
However, our knowledge of this viral group remains very limited, particularly
in complex dynamic habitats. In this study, 237 metagenome-assembled LDV
genomes are comprehensively recovered from intertidal mudflats using mul-
tiple sampling and sequencing strategies totaling 5.3 TB data. A phylogeneti-
cally distinct subgroup within Imitervirales is identified, showing broad
associations with multiple eukaryotic lineages. Certain LDV populations can
persist locally and exhibit significant genomic variations potentially driven by
dynamic intertides. Ecological patterns are observed at both community and
genetic levels, with giant viruses showing steeper community turnover but
weaker nucleotide diversity variations than large phages. Moreover, LDVs
exhibit similar macroecological patterns to their potential hosts, which sub-
stantially shape LDV community assembly. The intertidal LDVs encode diverse
functional genes, most of which remain uncharacterized, with a 27.32%
improvement for unknown phage genes using a protein language model.
Although giant viruses and large phages share comparable functional gene
composition, they exhibit distinct preferences for specific metabolic path-
ways, especially those associated with carbon and nitrogen cycling. This study
broadens our understanding of the biodiversity and ecology of LDVs in the
understudied intertidal ecosystems.

Viruses are ubiquitous in the Earth’s biosphere, representing the most
diverse and abundant biological entities1. In natural ecosystems, viru-
ses are pivotal regulators of foodweb dynamics and nutrient cycling2,3.
With the widespread application of meta-omics approaches in viral
ecology, the diversity and functional potential of viruses have been
actively investigated over the past decade, including their roles in
shaping host community structure and driving various biogeochem-
ical processes4. Despite ongoing technical and bioinformatic chal-
lenges, viromic and metagenomic analyses have emerged as

indispensable methods for exploring viral biodiversity, ecological
patterns, and their biotic and abiotic drivers1,3,5. More recently,
enhanced binning and genome extension tools aimed to improve viral
genome quality have been developed6–8, providing important avenues
for the study of large DNA viruses (LDVs).

LDVs are double-stranded DNA viruses characterized by remark-
ably large genomes. LDVs belonging to the phylum Nucleocytoviricota,
also known as giant viruses (GVs) and having genome sizes up to
2.5Mb, represent a major group infecting eukaryotic hosts9,10.
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According to a unified phylogenomic framework11, known GVs are
classified into six orders, including Asfuvirales, Algalvirales, Chitovir-
ales, Imitervirales, Pandoravirales, and Pimascovirales. Themembers of
Asfuvirales, Chitovirales, and Pimascovirales primarily infect protists
andmetazoan, while those belonging to Algalvirales, Imitervirales, and
Pandoraviralesmainly infect algae and heterotrophic protists12. Recent
progress in recovering and analyzing GVs from shotgunmetagenomes
has substantially enhanced our knowledge of this unique life form
across various habitats13–15. In particular, someGVs have been found to
reprogram host cells by encoding abundant metabolic genes, such as
those involved in the tricarboxylic acid cycle and glycolysis15–17. In
contrast to GVs, another group of LDVs comprises jumbo phages
infecting a broad range of bacterial lineages, typically defined as
members of the phylumUroviricotawith genome sizes over 200 kb18,19.
Jumbo phages have been extensively studied for their complex func-
tional potential, such as the encoding of auxiliary metabolic genes
(AMGs) and sophisticated anti-CRISPR defense systems20,21. Notably,
most of the abovementioned studies have focused on LDVs from soil
and marine environments, while the general characteristics of LDVs in
complex dynamic habitats such as land-ocean interfaces warrant fur-
ther investigation.

The intertidal zones are located at the interface of terrestrial and
marine ecosystems, and represent one of the most ecologically com-
plex habitats on Earth22. These coastal ecotones are shaped by a
combination of geological, hydrological, biological, and physico-
chemical factors, playing vital roles in global biogeochemical cycles22.
Tidal oscillations drive rapid shifts between aerobic and anoxic/sub-
oxic states in intertidal mudflats, imposing substantial stress on
organisms therein and contributing to their unique biodiversity23.
Consequently, intertidal mudflats harbor intricate food webs com-
posed of diverse prokaryotes, microeukaryotes, and multicellular
organisms23,24. Among these, autotrophic protists act as primary pro-
ducers forming the base of foodwebs, while heterotrophic protists act
as key predators by consuming prokaryotes and phytoplankton and
thus transfer energy and nutrients to higher trophic levels25. LDVs are
known to infectmany of these organisms, especially protists, and thus
exert top-down controlling effects on host population dynamics and
regulate ecosystem functioning and biogeochemical cycles9,13,19. Yet,
the biodiversity of LDVs and their interactions with hosts remain
poorly resolved in such complex ecosystems, limiting further
exploration of their ecological roles.

In this study, we strived to recover LDV genomes from mudflat
intertidal sediments via a large-scale data mining effort, aiming to
address the following questions associated with LDV biodiversity,
ecological patterns, and functional potential: (i) How are intertidal
LDVs distributed across different scales and dimensions? (ii) How do
different ecological processes and putative hosts shape intertidal LDV
communities? (iii) How diverse are the metabolic capabilities encoded
by intertidal LDVs? A total of 237 intertidal LDVs are recovered,
encompassing a broad phylogenetic spectrum. The results reveal sig-
nificant biogeographic patterns of LDVs and highlight their diverse
metabolic capabilities involved in various elemental biogeochemical
cycling processes. The findings offer valuable insights into the biodi-
versity, ecological drivers, and functional potential of intertidal LDVs
within an integrated ecological framework.

Results and discussion
Metagenomic recovery of LDVs in intertidal mudflats
A total of 199 intertidal sediment metagenomes were recruited to
recover LDVs, encompassing multiple sampling and sequencing stra-
tegies and approximately 5.3 TB of metagenomic data (Fig. 1a and
Supplementary Data 1). By employing a comprehensive viral recovery
pipeline (Fig. 1b), we reconstructed 171 viral metagenome-assembled
genomes (vMAGs) whose genome sizes exceeded 200 kb and 66
vMAGs whose genome sizes ranged from 100 to 200 kb, as judged by

the presence of multiple LDV markers16. Of these, 149 vMAGs were
determined to beNucleocytoviricota, while 88 vMAGswereUroviricota
(Fig. 1b). To minimize contamination, contigs containing substantial
host genes were removed from vMAGs and those with ViralRecall
scores < 0 were excluded from Nucleocytoviricota vMAGs16,26. Never-
theless, the lack of highly conserved markers in phages makes it
challenging to eliminate contaminated contigs, potentially leading to
overestimated genome sizes18. Given such limitations, Uroviricota
vMAGs were considered as large phages, defined as phages with gen-
ome sizes significantly larger than typical phages20.

Of the recovered 237 vMAGs, 15 were complete (circular with
terminal repeats) and 53 were near-complete (>90% completeness)
(Fig. 1b). This is a significant improvement in recovering high-quality
LDV genomes, especially comparing to our previous study encom-
passing 96 shotgun metagenomes, in which only fragments were
generated27. The genome sizes of Nucleocytoviricota vMAGs ranged
from 103 kb to 645 kb with an average size of 234 kb, whereas those of
Uroviricota vMAGs ranged from 200 kb to 452 kb with an average size
of 241 kb (Fig. 1c). For most vMAGs, themore complete genomes were
found with more viral hallmarks and lower host contamina-
tion (Fig. 1c).

At the species level, these 237 LDVs were clustered into 118
representative vMAGs at 95% average nucleotide identity (ANI) (Sup-
plementary Data 2). To gain insights into the genomic diversity of the
recovered Nucleocytoviricota vMAGs (i.e., GVs), their core marker
genes were identified and analyzed11,16. All 71 GVs had at least one
marker gene and exhibited high ViralRecall scores (Figure. S1).
According to a previous criteria16, 51 GVs containing ≥ 4 marker genes
were identified as high-confidence (Supplementary Data 2). The most
well-recognized markers28, including major capsid protein (MCP) and
DNA polymerase family B (PolB), were respectively detected in 49 and
40 GVs (Figure. S1).

Of the 47 Uroviricota vMAGs (i.e., large phages), 16 were of high-
confidenceby comprising 1-5 contigs18. These large phages encoded an
average of 14 tRNA genes, with the highest achieving 64 in a complete
vMAG designated as “ZJ_NB_2021_05_15_bin_21” (Figure. S2). Such high
tRNA gene copies in vMAGs may facilitate the translational efficiency
of large phage genes, potentially reducing their reliance on hosts29.
Strikingly, a complete large phage with a genome size of 228.8 kb was
consistently recovered from all datasets in Qingdao spanning various
time points and depths (Figure. S3a). Both ANI and average amino acid
identity (AAI) analyses showed that the variants of this large phage
from different datasets shared more than 99.9% identity, demon-
strating remarkable genome stability (Figure. S3a, b). The coverage
and single nucleotide variation (SNV) of this large phage exhibited
synchronized fluctuations over time and depth (Figure. S3c, d). Gen-
ome annotation suggested that this large phage harbored multiple
lysis modules and lacked lysogenic elements, with a large number of
genes encoding functions related to DNA metabolism and transcrip-
tion regulation (Figure. S4). Comparative genomic analyses supported
its stability, though exceptions were observed (Figure. S4). For exam-
ple, a potential genomic inversion was identified in samples collected
at a depth of 100 cm (Figure. S4). Overall, these findings revealed both
the genomic conservation and variability of this large phage, reflecting
its potential living strategies in the dynamic intertides.

Phylogenetic diversity of intertidal LDVs
Using a highly conserved set of marker genes11, phylogenetic trees
were constructed for the recovered intertidal GVs and multiple refer-
ence genomes to infer their taxonomic and evolutionary diversity
(Fig. 2 and Figure. S5). In total, 64 intertidal GVs (excluding 7 GVs with
insufficient markers) and 251 reference GVs were clustered into five
clearly distinguished phylogenetic clades affiliated with different
taxonomic orders, including Asfuvirales, Pimascovirales, Pandoravir-
ales, Algavirales, and Imitervirales (Fig. 2 and Supplementary Data 3).
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The majority of intertidal GVs fell within Imitervirales (29 GVs), con-
sistent with observations in marine ecosystems12,13. However, unlike
marine environments where Algavirales dominate, they were relatively
scarce in intertidal mudflats (4 GVs). Pimascovirales, typically abun-
dant in soil ecosystems14, were relatively enriched (15 GVs). These
findings underscored the uniqueness of intertidal habitats. At the
family level, intertidal GVs were clustered into 14 out of 32 subclades
defined in a recently established phylogenomic framework11. Among
these, 22 GVs were assigned to six subclades with recognized family
names, includingMesomimiviridae (IM_01, 9 GVs),Mimiviridae (IM_16,
5 GVs), Asfarviridae (AF_01, 2 GVs), Pithoviridae (PM_07, 2 GVs), Prasi-
noviridae (AG_01, 2 GVs), and Pandoraviridae (PV_04, 2 GVs). The
remaining 29 GVs were clustered into eight subclades represented by
non-redundant identifiers, with the most abundant being PM_01 (10
GVs) and PV_02 (8 GVs).

In addition to phylogenetic analysis, a machine learning-based
approach (TIGTOG)30 and pairwise AAI comparisonswere employed to
validate the taxonomic assignment of these GVs (Figures. S6 and S7).
TIGTOG also enabled the classification of 7 GVs lacking sufficient
markers, of which six were assigned to Imitervirales and one to
Pimascovirales (Figure. S6). Based on the AAI comparisons, several
high-quality intertidal GVs exhibited strong similarity (e.g., >90%) to

previously isolated complete genomes (Figure. S7). Further synteny
analyses revealed a relatively conserved genomic architecture
between them31, with differences primarily arising from localized gene
gain or loss (Figure. S8). These variable regions were mainly enriched
in genes involved in auxiliary metabolism and host takeover, whereas
those related to replication, transcription, and structure remained
stable. This pattern may reflect the genomic plasticity of metabolic
genes in GVs, potentially driven by environmental conditions and
virus-host interactions9,32.

Within Imitervirales, we identified a well-supported subgroup
comprising 8 intertidal GVs together with a reference singleton gen-
ome (Fig. 2 and Figure. S5), which was evolutionarily adjacent to the
IM_02 and IM_18 subclades, yet clearly distinct from other known
subclades. Pairwise AAI analysis revealed observable sequence diver-
gence between this subgroup and other reference genomes, while
showing high intra-clade AAI values ranging from 42% to 99% (Fig-
ure. S9a, b). These results suggested that this subgroupmay represent
an unrecognized family-level lineage within Imitervirales, broadening
our understanding of intertidal GV diversity and complementing the
current phylogenetic framework11.

Unlike GVs, large phages lack a concatenated set ofmarker genes,
and their evolutionary relationships are typically inferredusingMCPor
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large terminase subunit (TerL) proteins19,33. Here, for LDVs belonging
to Uroviricota, a phylogenetic tree was constructed for 43 intertidal
large phages (excluding 4 lacking terminase) and 167 reference gen-
omes using TerL19 to infer their evolutionary diversity (Fig. 3 and
Supplementary Data 4). A total of five clades were identified across the
reference genomes and intertidal large phages, indicating their close
affinities and shared biological origins (Fig. 3). The majority of large
phages were clustered into the Mahaphage clade (clade V), which

represented the largest group broadly distributed across almost all
examined habitats19. Furthermore, multiple intertidal large phages
were clustered with the reference genomes of Biggiephage, Judaph-
age, Jabbarphage, and Whopperphage, thereby expanding the phylo-
genetic and genomic diversity of these groups. Notably, phylogenetic
signals produced by a single marker gene may be less resolved and
robust than those derived from concatenated alignments34. Thus, the
phylogenetic analysis of large phages is mainly used to identify clades
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with high bootstrap support, rather than to infer their taxonomic
diversity33,35,36. Our results placed the intertidal large phages within
several major clades characterized in prior work19, highlighting their
broad phylogenetic representation.

Macroecological patterns and genetic variations of
intertidal LDVs
Recent studies have shown that marine LDVs are heterogeneously
distributed across diverse sampling sites, time points, and
depths12,13,18,37. Accordingly, the multi-dimensional sampling scheme
employed in this study allowed us to comprehensively explore the
macroecological patterns followed by intertidal LDVs. To begin with,
we investigated the macrodiversity of intertidal LDVs across various
sampling scales. At the national scale, the richness of GVs and large
phages generally peaked at mid-latitude and bottomed at low/high-
latitude, with some exceptions (Figure. S10a). At the local scales,
fluctuations in richness were observed for GVs and large phages,
showing patterned seasonal and depth distributions (Figure. S10a).
Principal coordinate analyses revealed that both GV and large phage
communities were primarily clustered by sampling sites, followed by
time points and depths, as suggested by permutational multivariate
analyses of variance (Fig. 4a). Additionally, LDVs at both national and
local scales were found to obey significant distance-decay relationship
(DDR) (Fig. 4b), a fundamental macroecological pattern describing
decreased community similaritywith increasing geographic distance38.
Comparatively, GVs exhibited steeper DDR patterns than large phages
(Fig. 4b), suggesting stronger spatial turnover in community
composition39. Beyond spatial patterns, GVs and large phages also
exhibited shifts in community similarity along temporal and vertical
distances (Fig. 4c), reflecting their community turnover across time
and depth.

The microdiversity holds the potential to capture the underlying
evolutionary trajectories and ecological mechanisms40,41. Through

comparative analyses of the nucleotide diversity of GVs and large
phages, deep insights into their genetic variations were gained (Sup-
plementary Data 5). Our results demonstrated that large phages
exhibitedhigher nucleotide diversity thanGVs, either at the national or
local scales (Fig. 4d and Figure. S10b). In addition, greater variations in
nucleotide diversity were observed for large phages than for GVs
across all sampling scales (Fig. 4d and Figure. S10b). Although double-
stranded DNA viruses are generally more stable than other viral types,
their mutation rates and genetic diversity can vary with host types and
genome sizes42–44. Eukaryotic hosts typically replicate and reproduce
more slowly and have lower mutation rates than prokaryotes, poten-
tially contributing to the relatively stable nucleotide diversity of
GVs45,46. Notably, the complex genomic features of GVs and large
phages make them less dependent on host machinery for replication
and transcription9,36, suggesting that host mutations and replication
rates may not entirely account for the differences in their nucleotide
diversity. Alternatively, their infection strategies and evolutionary
dynamics may also account for such differences. Unlike phages, GVs
invade their host cells through phagocytosis rather than DNA
injection46, leading to slower replication rates and fewer accumulated
SNVs. Moreover, GVs harbor a set of conserved marker genes that are
absent in large phages26,33,36, indicating stronger evolutionary con-
straints on their genomes. Taken together, multiple factors may
explain the differences in genetic diversity between GVs and large
phages.

Associations between intertidal LDVs and their potential hosts
To explore the potential associations between GVs and eukaryotes, we
first characterized the eukaryotic communities across intertidal mud-
flats (Figure. S11). In total, 41 eukaryotic lineages belonging to four
major groups were detected, including algae (n = 14), animals (n = 12),
protozoa (n = 9), and fungi (n = 6). Among these, animals (~35.9%) and
fungi (~27.9%) exhibited higher relative abundances, followed by algae
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(~20.2%) and protozoa (~12.5%). Within each group, animals were
mainly represented by Arthropoda, fungi by Ascomycota, algae by
Chlorophyta, and protozoa byDiscoba (Figure. S11). These results align
with recent reports23 and highlight the complex biodiversity of inter-
tidal mudflats, particularly the diverse animals and fungi. Next, we
investigated the distribution of major eukaryotic lineages across var-
ious sampling scales (Figure. S12). The eukaryotic communities
showed clear spatial variation at the national scale, whilemaintaining a
relatively stable composition at the local scale. Although temporal and
vertical fluctuations were observable, they were much less
pronounced.

Given the spatially structured distributions of both GVs and
eukaryotes,we assessed their associations through partial Mantel tests
controlling for geographic distance. As a result, 31 strong associations
(Mantel’s r > 0.53) were identified (Fig. 5a and Supplementary Data 6),

13 of which (~41.9%) had been reported as known symbiotic
relationships9,13,47. Subsequently, co-occurrence network analysis
based on Spearman’s correlations was performed for GV-eukaryotic
species pairs, which revealed 79 strong pairwise linkages (Supple-
mentary Data 7). Based on these linkages, normalized abundances of
intertidal GVs and their potential eukaryotic hosts displayed significant
positive correlations at both the community and lineage levels (Fig. 5b
and Figure. S13). In addition, GVs and their potential hosts exhibited
similar macroecological patterns, although the turnover rate of GVs
was slightly higher (Figure. S14a, b).Within theGV-eukaryotic network,
fungi (26) and protozoa (25) accounted for the largest number of lin-
kages, followed by algae (21) and animals (7) (Fig. 5c). As known hosts
for multiple GV lineages9,35, Amoebozoa and Chlorophyta exhibited the
broadest connectionswithGVs across different families. Several fungal
lineages, including Ascomycota and Mucoromycota, also showed

a
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strong associations with intertidal GVs despite previously not recog-
nized as native hosts9. Strikingly, we found that 7 out of 8GVs within
the IM_subgroup were closely related with Arthropoda, indicating
potential interactions between Imitervirales and animal-associated
lineages15,48.

Large phages usually carry CRISPR spacers and Cas proteins tar-
geting various host taxa (Fig. 3 and Figure. S15), thereby shaping their
evolutionary trajectories with bacterial hosts19,35. Through CRISPR
spacer matching and the integrated iPHoP pipeline, we identified 24
phage-host pairs. The normalized abundances of large phages and
their hosts showed a significant positive association (R = 0.45, P = 1e-
09) (Figure. S16). The recovered intertidal large phageswerepredicted
to infect nine bacterial phyla (Figure. S17). Of these, seven were linked
to Proteobacteria, followed by Bacteroidota (n = 5) and Cyanobacteria
(n = 4). This was generally consistent with findings in other habitats
(Fig. 3), suggesting a close relationship between dominantly dis-
tributed bacterial phyla and large phages. Firmicutes represented an
exception19,35, as most intertidal large phages within the Whopperph-
age clade failed to establish phage-host links with them.

Ecological drivers and community assembly of intertidal LDVs
To uncover the mechanisms that form and maintain LDV diversity, we
further analyzed the ecological drivers and community assembly
processes governing intertidal LDV communities using multiple sta-
tistical approaches27,49. First, we evaluated the associations between
environmental variables and LDV compositional variation through
partial Mantel tests. Factors including mean annual temperature
(MAT), salinity, pH, nitrite nitrogen (NO2

--N), total phosphorus (TP),
total organic carbon (TOC), and moisture, were significantly asso-
ciated with the compositional variations of GVs and large phages
(Fig. 6a). Second, null model analysis was used to quantify the relative
importance of deterministic and stochastic processes in shaping LDV
communities50. Stochastic processes respectively contributed 75% and

81% relative importance in shaping the compositional variations of GVs
and large phages (Fig. 6b). This was also confirmed by the RCbray

metric-based approach51 that the compositions of intertidal LDVs were
predominantly structured by stochastic processes (Fig. 6c). Finally, we
quantified the relative contributions of individual ecological processes
using the phylogenetic-bin-based null model analysis52. At the whole
community level, GVs and large phagesweremainly structured by drift
(59% and 75%), followed by dispersal limitation (19.3% and 10.4%) and
heterogeneous selection (13.2% and 7.8%) (Fig. 6d). For individual
lineages, the relative importance of different ecological processes
varied substantially. Of these, Asfuvirales exhibited a striking pre-
dominance of dispersal limitation (93.8%) in community assembly,
largely driven by its members being restricted to only a few sites.

Compared to the ecological drivers of overall viral communities in
intertidal mudflats27, for which deterministic processes played rela-
tively important roles, LDV communities were primarily shaped by
stochastic processes, as revealed by null model and RCbray analyses of
the compositional variations. Although geographic distance and mul-
tiple environmental variables significantly correlated with LDV com-
munities, their contribution to the compositional variations was
relatively limited. The results showed that ecological drift was the
major process shaping the compositional variations of both GVs and
large phages. Due to the large genome size and virion volume, LDVs
typically exhibit smaller burst sizes and slower decay rates than other
viruses44,46, which may result in smaller population sizes and greater
environmental stability. Consequently, the life history of LDVs appears
to follow an ecological strategy analogous to K-selection, rather than
the r-selectioncommonly observed in viruses53. The limitedpopulation
sizes and distinct ecological strategies explain themajor role of drift in
LDV community assembly49. Importantly, the pairwise stochasticity
indices for GVs (Mantel’s r =0.416, P =0.001) and large phages (Man-
tel’s r =0.212, P =0.001) exhibited significant correlations with the
community composition of their potential hosts, indicating that host
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communities substantially modulated LDV community assembly.
Further analysis revealed that the stochasticity of LDV communities
decreased significantly with increasing host abundance (Figure. S18).
These findings are consistent with our earlier inference that higher
host abundance can affect LDV population sizes, thereby reducing the
strength of stochastic processes in LDV community assembly. Toge-
ther with the similar macroecological patterns shared by LDVs and
their hosts, our results underscore the pivotal role of virus-host
interactions in shaping LDV community assembly.

Metabolic potential and evolutionary selection of intertidal
LDV genes
In total, 17,234 protein-coding genes were predicted for GVs, of which
4481 were assigned to known orthologous groups (Supplementary
Data 8 and Figure. S19a). According to the COG annotation, 3000GV
orthologs were functionally known, with the class “replication,
recombination and repair (L)” being the most abundant, potentially

contributing to viral replication (Figure. S19b). For large phages, the
relative proportions of dominant functional classes were generally
similar to GVs (Figure. S19b). However, a higher proportion of large
phage genes (58.09%) were characterized as “function unknown (S)”
than those of GVs (33.05%). We then employed a prokaryotic viral
protein language model54 to improve the functional annotation of
these unknown genes. As a result, 2954 unknown large-phage genes
(27.32%) were assigned to 9 functional categories, expanding the
overall annotated fraction of large phage genes by 21.41% (Fig-
ure. S20a). Of these, 55.48% were related to tail and packaging pro-
teins, followed by those involved in DNA metabolism (18.99%) and
auxiliary metabolism (8.09%).

To further explore the metabolic potential of intertidal LDVs, we
identified 577GV genes and 306 large-phage genes associated with
various metabolic pathways (Supplementary Data 9). The dominant
genes carried by GVs and large phages were involved in purine and
pyrimidine metabolism, followed by those related to amino acid
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metabolism and carbohydrate metabolism (Fig. 7a). Although GVs and
large phages had similar overall functional gene composition, they
exhibited distinct preferences toward specific metabolic pathways. Of
the 50 selected metabolic pathways, 39 were more prevalent in GVs
than in large phages, suggesting broader metabolic versatility of
intertidal GVs (Figure. S20b). For instance, genes involved in O-glycan

biosynthesis (commonly carried by eukaryotes) were detected in over
20% of GVs but were absent in large phages (Fig. 7a and Figure. S20b).
In contrast, we also found that more than 20% of the large phages
carried genes involved in NAD+ synthesis that were absent in GVs
(Fig. 7b and Supplementary Data 9). Of these, five large phages pos-
sessed all genes necessary for the salvage pathway (i.e., NAMPT and
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Fig. 7 | Metabolic potential, phylogenetic relationships, and selection pres-
sures of functional genes encoded by giant viruses (GVs) and large phages.
a The KEGG metabolic classes of functional genes encoded by each GV and large
phage genome are shown. The colored backgrounds represent different GV tax-
onomy and large phage groups. The circle sizes in the bubble plot correspond to
the number of genes encoded by each genome that are involved in specific
metabolic classes. The presence or absence of each metabolic pathway was
determined based on functional assignment against KEGG database. The pathways
found with genes are shown as filled squares, while those without are shown as
blank squares. b Genomic structures of representative large phages encoding key
genes involved in NAD+ synthesis. Cyan arrows indicate genes related to NAD+

metabolism, while gray arrows indicate other functional genes. The protein struc-
tures of these genes were predicted using AlphaFold3. c Distribution of auxiliary
metabolic genes (AMGs) related to energy metabolism in GVs and large phages.
Bubble sizes represent the total numberofAMGsencodedbyGVs and largephages.
d Phylogenetic trees of adenylylsulfate kinase (cysC) and glutamine synthetase

(glnA) encoded by GVs (blue) and large phages (cyan), together with homologues
from bacteria (orange), archaea (yellow), and eukaryotes (purple). e Nucleotide
diversity (π value) and selection pressures of functional genes encoded by GVs and
large phages. The points in boxplot represent the average π values of genes within
each sample. The centered lines of the boxes indicate the median value. The
bounds of the boxes represent the interquartile range, with the lower bound cor-
responding to the first quartile and the upper bound to the third quartile. The
whiskers denote the lowest and highest values within 1.5 times the range of the first
and third quartiles. Only samples (n = 57) in which single nucleotide variations of
functional genes encoded by both GVs and large phages were simultaneously
detected were included for the calculation and comparison. The pie charts on the
left show the proportion of viral genes under positive selection (i.e., pN/pS> 1),
while those on the right indicate the functional classes of positively selected genes.
Detailed annotation for these genes is provided in Supplementary Data 10. Source
data are provided as a Source Data file.
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nadD/M), showing their capability of independent NAD+ synthesis and
thus expanding the known environmental distribution of NAD-large
phages33. The presence of NAD⁺ synthesis systems and rich tRNAs in
these large phages supports their unique life strategies33.

ReprogramminghostmetabolismbyAMGshasbeen reported as a
widespread strategy in bothGVs and largephages14,15,20. Here, we found
a variety of AMGswithin intertidal GVs (30 AMGs) and large phages (19
AMGs), potentially contributing to different biogeochemical cycles
(Fig. 7c). Of these, AMGs involved in sulfur and nitrogen metabolism
were commonly detected in GVs and large phages, especially those
encoding adenylylsulfate kinase (cysC) and glutamine synthetase
(glnA). Phylogenetic analyses revealed that cysC and glnA fromGVs and
large phages clustered with eukaryotic and prokaryotic homologues,
respectively (Fig. 7d). Similar to previous studies16, AMGs involved in
carbon fixation, glycolysis, and gluconeogenesis were detected in GVs
affiliated with diverse lineages, though in relatively low abundance
(Fig. 7a, c). However, AMGs involved in light-driven proton pump (e.g.,
rhodopsins)15,48, which are frequently found in GVs in aquatic envir-
onments, were not detected in this study. Such results suggested that
some functional traits encoded by GVs might be habitat specific,
consistent with recent observations in soil studies14.

Through detecting the density of SNVs, we also assessed the
nucleotide diversity (π value) and selection pressure (pN/pS) of GV and
large-phage genes (Fig. 7e). Similar to genome-level analysis, large-
phage genes exhibited greater nucleotide diversity than GV genes
across intertidal samples (paired Student’s t test, df = 56, t = 4.04,
P =0.0002, 95% CI = [0.00015, 0.00044]). In addition, we found that
182GV (1.1% of total 17,234) and 331 large-phage genes (2.4% of total
13,791) were under positive selection (i.e., pN/pS > 1) (Supplementary
Data 10). Of these, 86GV and 123 large-phage genes were functionally
annotated, with the majority (62% for GVs and 52% for large phages)
associated with DNA replication, virion structure, and metabolism.
Among the positively selected metabolic genes in both GVs and large
phages, many encode glycosyl hydrolases and transferases (Supple-
mentary Data 10), which are likely involved in host recognition and the
reprogramming of host carbohydrate metabolism4,48,55. Several posi-
tively selected genes related to transcription and translation were also
identified (Fig. 7e), including GV genes encoding RNA polymerase and
large-phage genes encoding tRNA synthetase. Together, these findings
reflect the strong selection pressure acting on LDV genes during their
interactions with hosts.

In conclusion, the LDVs recovered in this study remarkably
expand their taxonomic and phylogenetic diversity in mudflat inter-
tidal zones. The distribution of LDV communities exhibits high spatial
heterogeneity and shows strong fluctuations over time and across
depth, with generally consistent patterns also observed for their
potential hosts. Ecological drift is identified as the dominant process
shaping LDV community compositions, and its strength is closely
associated with host abundance. Furthermore, LDVs encode diverse
metabolic capabilities that potentially reduce their dependence on
hosts or enhance host metabolism. Comparative analyses of GVs and
large phages revealed distinct characteristics between them. Our work
extends the current knowledge of the diversity, potential hosts, aux-
iliary metabolism, and ecologcial mechanisms of LDVs in complex
intertidal mudflats.

Methods
Intertidal sample collection and metagenomic sequencing
In this study, intertidalmudflats were sampled in four field experiment
schemes (Fig. 1a): (i) National sampling: a total of 96 sediment samples
(0–15 cm, eight replicates for each site) were collected from twelve
coastal sites across China betweenApril 2021 and June 2021; (ii) Nested
local sampling: 25 sediment samples (0–15 cm) were collected from
Qingdao (36.46° N, 120.75° E) in June 2020; (iii) Bimonthly time-series
sampling: 36 sediments (0–15 cm, six replicates for each time point)

were collected in Qingdao between August 2020 and June 2021; (iv)
Vertical sampling: 50 sediments (0–100 cm, 20 cm as a column, ten
replicates for each depth) were collected from Qingdao in July 2023.

For each sample, five intertidal sediment cores were collected
within a 1m2 area and homogenized. The mixed samples were stored
on ice and immediately transported to the laboratory. Total DNA of
each sample was then extracted from 0.5 g of freeze-dried sediment
using the FastDNA SPIN Kit for Soil (MP Biochemicals, USA). The
quality of extracted DNA was assessed by measuring the 260/280 and
260/230 ratios with a Nanodrop ONE spectrophotometer (Thermo
Fisher Scientific, MA, USA). The DNA samples meeting the required
quality standards were sequenced by the Illumina NovaSeq platform
with a PE150 strategy, conducted by NovoGene Co., Ltd. (Tianjin,
China). Two types of sequencing depth were employed, including the
regular 20GB per sample and an ultra-deep 200GB per sample. As a
result, 199 shotgunmetagenomes comprising approximately 5.3 TB of
data were generated, including 194 with sequencing depths exceeding
20GB and five with ultra-deep sequencing depths exceeding 200GB.
Among these, 124 metagenomes were derived from NCBI projects
PRJNA957716 and PRJNA1029225, whichwere analyzed in our previous
studies focusing on bulk viromes (primarily phages) at the contig
level5,27,41. The remaining metagenomes were generated and analyzed
for the first time in this study, and have been deposited under project
numbers PRJNA1099403, PRJNA1100757, and PRJNA1099773. Detailed
informationofmetagenomicdata is provided in SupplementaryData 1.

Recovery and refinement of LDV genomes
To reconstruct LDV genomes, raw reads of each shotgunmetagenome
were first trimmed and filteredwith aminimumquality score of 20 and
a minimum read length of 3656,57. Then, clean reads were input into
MEGAHIT v1.2.957 to perform metagenomic assembly. VIBRANT
v1.2.158, VirSorter v2.2.359, and geNomad v1.7.460 were used to identify
viral fragments from assembled contigs with lengths ≥ 3 kb. Subse-
quently, viral contigs were screened on the basis of the following cri-
teria: (i) identified by VirSorter2 and geNomad with scores ≥0.7 and
containing viral hallmark genes; (ii) identified by VirSorter2, geNomad,
or VIBRANT using default parameters and filtered by CheckV v1.0.161,
with contigs marked as “not-determined” being excluded. VirSorter2,
geNomad, and CheckVwere also employed to filter out proviruses and
complete genomes before genome extension and binning. Further-
more, viral contigs exhibiting significant host contamination (i.e.,
proviral extraction was unavailable) were excluded. The retained viral
contigs were utilized as inputs for COBRA v1.2.36 to extend their
lengths. MetaBAT v2.12.162, vRhyme v1.1.07, and PHAMB v1.0.18 were
used to generate vMAGs with multi-coverage binning strategies for
each assembly dataset (viral contig length ≥ 5 kb)63.

Taxonomic assignment for LDVs was performed using geNomad
to classify vMAGs as eitherNucleocytoviricotaorUroviricota. To reduce
cellular contamination, vMAGs classified within the phylum Nucleocy-
toviricotawere searched againstGVOGdatabase in ViralRecall v2.1, and
contigs with ViralRecall scores < 0 were removed16,26. Subsequently,
Nucleocytoviricota vMAGswerealso analyzedwithTIGTOGv1.030 using
a probability threshold of 0.5 to assign taxonomy at the order and
family levels. Finally, all recovered LDV genomes were clustered and
de-replicated at 95% ANI using dRep v3.4.064. Representative genomes
were manually selected based on their completeness and contamina-
tion as assessed by CheckV.

Phylogenetic analyses of GVs and large phages
For GVs, the core genes were detected using ncldv_markersearch v1.1,
including DEAD/SNF2-like helicase (SFII), DNA-directed RNA poly-
merase beta subunit (RNAPS), DNA-directed RNA polymerase alpha
subunit (RNAPL), DNA topoisomerase II (TopoII), MCP, Packaging
ATPase (A32), PolB, Poxvirus Late Transcription Factor VLTF3 (VLTF3),
and Transcription initiation factor IIB (TFIIB)16. To infer the phylogeny
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of intertidal GVs, 1372 reference genomes were retrieved from a
recently established phylogenomic framework11,16. Seven highly con-
served marker genes in these GVs, including SFII, RNAPL, PolB, A32,
VLTF3, TFIIB, and TopoII, were identified and concatenated with
ncldv_markersearch11,16, aligned with Muscle v5.165, and trimmed with
trimAl v1.4 using a gap threshold of 0.566. GVs lacking sufficient mar-
kers were excluded owing to their incomplete genomes. A preliminary
tree of 64 intertidal GVs and 1372 reference GVswas constructed using
FastTree v2.1.1167 to assess their phylogenetic placement. Subse-
quently, 251 reference GVs were selected to represent all major clades,
with priority given to those closely related to intertidal GVs. A final
phylogenetic tree including these references and intertidal GVs was
inferred using IQ-TREE v2.2.5, applying the “LG+ I + F +G4“model and
1000 bootstrap replicates11,68.

For large phages, reference genomes were retrieved from IMG/VR
v469 and recent studies19. TerL proteins from both intertidal and
reference large phages were identified based on the geNomad and
eggNOG-mapper annotations60,70. To reduce redundancy, TerL pro-
teins from reference genomeswere clustered at 95% identity using CD-
HIT v4.8.171. These de-replicated reference proteins were then run
against TerL proteins from intertidal large phages using DIAMOND
v2.0.14 with an e-value threshold of 1e-5, and only the hits were
retained72. All TerL protein sequenceswere alignedwithMAFFT v7.490
(parameters: --maxiterate 1000 --localpair)73 and trimmed with trimAl
v1.4 using a gap threshold of 0.166,74. Finally, IQ-TREE v2.2.568 was used
to infer their phylogenetic relationships with the best-fit model
(Q.pfam+ F + I + R8) and 1000 bootstrap replicates.

Abundance profiling
Toquantify the relative abundanceof LDVs, clean reads of each sample
were first mapped to 118 representative vMAGs using BWA-MEM
v0.7.1775. Then, the coverage of each LDV genome was calculated by
CoverM v0.7.0 with “trimmed_mean”mode (parameters: --trim-min 10
--trim-max 90 --min-read-percent-identity 95 --min-read-align-percent
90)27. Among these, the LDV genomesmust have reads covering ≥ 20%
of their length (parameters: --min-covered-fraction 20), and the cov-
eragewas reported as zero if this conditionwas notmet12,18. Finally, the
coverage of LDVs was normalized based on the read number of each
sample27. To minimize the potential bias introduced by samples with
substantially different sequencing depth, which could not be fully
corrected by normalization, five ultra-deep metagenomes were
excluded from downstream analyses.

Correlation analyses between GVs and eukaryotic lineages
EukRep v0.6.676 and Tiara v1.0.377 were initially employed to identify
eukaryotic fragments from assembled contigs with lengths ≥ 5 kb.
Subsequently, all eukaryotic contigs were de-replicated at 95% identity
using CD-HIT. MMseqs2 v14.7e28478 was used to classify eukaryotic
contigs and only the contigs assigned to eukaryotic species were
retained. The coverage for each eukaryotic contigwas calculated using
CoverM with the same parameters as for LDVs. For each eukaryotic
species, abundance was calculated as the average coverage across all
contigs, weighting each contig by its length in base pairs, and nor-
malized according to the read number of each sample55.

To establish the relationship between GV and eukaryotic lineages,
a partial Mantel test with 999 permutations was carried out to assess
their correlations while controlling for the potential effects of geo-
graphic distance13. The community dissimilarity for GV and eukaryotic
lineages was calculated using Bray-Curtis metric. Geographic distance
among various sampling sites was measured using Euclidean metric.
Mantel’s r > 0.53 was used to indicate significant symbiotic relation-
ships between GV and eukaryotic lineages13. Among these, Asfuvirales
was excluded from the tests owing to the insufficient samples available
for generating reliable community matrices. Subsequently, Spear-
man’s correlation was used to evaluate the relationship of individual

pairwise combinations of GVs and eukaryotes, with a cutoff of P <0.05
(adjusted by applying a Bonferroni correction). GVs and eukaryotic
species that were present in ≤10% of samples were excluded. Corre-
lation coefficients of ρ > 0.6 and eukaryotic lineages consistent with
partial Mantel test were included in co-occurrence network analyses,
while a higher threshold (ρ >0.8) was applied for previously unre-
ported symbiotic relationships9,13,79.

Bacterial host prediction of large phages
To assign host information for large phages, bacterial MAGs were
binned using metaWRAP v1.3.2 with ‘binning’ and ‘bin_refinement’
modules from each assembly dataset80. The CRISPR spacers within
large phages were identified using CRISPRCasFinder v4.3.281. After-
wards, the extracted spacer sequences were searched against bacterial
MAGswith an identity ≥ 95%and amismatch≤ 1 to establish the phage-
host interactions. Furthermore, iPHoP v1.3.282 was employed topredict
the hosts of large phages, utilizing an expanded database comprising
6734 bacterial MAGs recovered from this study and 86,709 reference
bacterial MAGs. For each computational method, only the best hits
were retained.

Functional gene identification and annotation
The proteins of LDVs were predicted using prodigal-gv83. These LDV
proteins were subsequently categorized into different COG functional
classes through eggNOG-mapper v2.1.12, employing an e-value
threshold of 1e-5 and a bit score of 5070. Metabolic classes and path-
ways of LDV proteins were further annotated based on their assigned
KEGG_ko numbers. For large phages, a protein language model was
additionally applied to improve the annotation of their unknown
proteins54. The Cas proteins in large phages were identified using
CRISPRcasIdentifier v1.1.084, and their functional domains were
manually verified by searching against UniProt and InterPro
databases85,86. The tRNAs in large phages were identified using
tRNAscan-SE v2.0.1287. The protein structures of metabolic genes were
predicted using AlphaFold388. To examine the phylogenetic relation-
ships, protein sequences of cysC and glnA from GVs and large phages
were queried against UniProt database to recruit homologous
sequences, employing an e-value threshold of 1e-5. Multiple-sequence
alignments were built using Muscle, and automatically trimmed using
trimAl. Phylogenetic trees were constructed using IQ-TREE with the
best-fit models (“LG + I +G4” for cysC and “LG + I + R4” for glnA) and
1000 bootstrap replicates.

Diversity index calculation and ecological analyses
The alpha diversity (richness) and beta diversity (Bray-Curtis dissim-
ilarity) indices were computed using the “vegdist” function of vegan
package89. Principal coordinate analysis was performed based on Bray-
Curtis dissimilarity, and the significance was tested using permuta-
tional multivariate analysis of variance with 999 permutations. The
“geoXY’ function of SoDA package was used to calculate the geo-
graphic distance between various sampling sites27. The partial Mantel
test with 999 permutations was used to assess the correlation between
community distance and environmental factors while controlling for
the potential effects of geographic distance. SNV detection and
population nucleotide diversity calculation of LDV genomes were
conducted using inStrain v1.9.090. For subsequently microdiversity
analysis, only LDV genomeswith detectable abundance in each sample
(i.e., ≥20% genomic breadth of coverage) were included. TheMetaPop
v1.0 was used to calculate the gene-level microdiversity, including the
nucleotide diversity and selection pressure (pN/pS)91.

The taxonomic stochastic ratios and RCbray metric for GVs and
large phages were calculated using the NST package with 1000 null
models generated by Bray–Curtis dissimilarity50. Subsequently, com-
munity assembly mechanisms of GVs and large phages were further
inferred by the iCAMP package52. Within this framework, the relative
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contributions of five ecological processes were quantified, including
homogeneous selection (HoS), heterogeneous selection (HeS), dis-
persal limitation (DL), homogenizing dispersal (HD), and drift (DR).
The normalized abundances of GVs and large phages across different
samples and their phylogenetic trees were used as inputs, with a set of
parameters: ds = 0.2, rand.time = 1000, sig.index = SES.RC,
phylo.metric = βMPD.

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

Data availability
Themetagenomic data generated in this study have been deposited in
NCBI Sequence Read Archive database under project numbers
PRJNA957716, PRJNA1029225, PRJNA1099403, PRJNA1100757, and
PRJNA1099773. Among these, PRJNA957716 and PRJNA1029225 were
derived from our previous studies, while the remaining projects were
newly generated in this study. The representative sequences of LDVs
recovered from this work have been deposited in the ENA Sequence
Read Archive database under project number PRJEB108004, and are
also available in the Zenodo database [https://zenodo.org/records/
18154325]. Source data are provided with this paper.

Code availability
R code used for generating figures and performing data statistics in
this study is provided with this paper and publicly available on GitHub
[https://github.com/MengzhiJ/Unveiling-the-biodiversity-of-large-
DNA-viruses-in-intertidal-mudflats-via-metagenomics].
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