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SUMMARY

Microorganisms dominate life in the hadal zone, yet extreme sampling difficulty and low biomass have pre

cluded characterization of their in situ activities. Here, we analyze microbiome samples collected from hadal 

seawaters via in situ filtration during 12 human-occupied vehicle dives. DNA-protein co-extraction and meta

genome-guided metaproteomic analysis identify 135,073 non-redundant active proteins, with over 95% be

ing hadal-specific. Metaproteomic quantification distinguishes highly active and less active taxa that differ in 

biogeographic origins and genomic traits. Hadal microorganisms operate a metabolic regime fundamentally 

distinct from the upper ocean, preferentially utilizing refractory organic matter (aromatics, halogenated com

pounds, and D-amino acids) and expanded electron acceptors (thiosulfate and heavy metals), collectively 

shaping hadal element cycling. Active viruses extend beyond ‘‘Piggyback-the-Winner’’ dynamics, enhancing 

host adaptation through auxiliary metabolic genes. These findings provide proteome-level evidence of hadal 

microbial activities and reveal biogeochemical cycling distinct from that of the upper ocean, highlighting the 

underappreciated significance of hadal microbiomes within global ocean ecosystems.

INTRODUCTION

The hadal zone, encompassing oceanic regions from 6 km below 

sea level (b.s.l.) to the ultimate water depth of 11 km at the Chal

lenger Deep in the Mariana Trench (MT), represents one of 

Earth’s most extreme and least explored environments.1–5 These 

hadal environments, characterized by 60–115 MPa ultra-high hy

drostatic pressure, darkness, near-freezing temperatures, and 

nutrient limitations, pose extreme challenges to most life forms 

on Earth.5 Microorganisms predominate in such extreme envi

ronments,1 and both cultivation-dependent and -independent 

studies have shown that hadal microbial communities differ 

markedly from those in the overlying water column.6,7 Compara

tive genomic analyses revealed a higher abundance of metal ion 

transporters in isolates from the MT, suggesting that hadal mi

croorganisms are specifically adapted to the stress of high con

centrations of heavy metals within the trench.8 In addition, 16S 

rRNA gene-based surveys have identified microbial taxa with 

the potential to degrade refractory organic matter (ROM) in hadal 

seawaters.9 More recently, systematic investigations of metage

nomes from hadal sediment samples have observed distinctive 

metabolic potentials in hadal prokaryotes, distinguishing them 

from those in non-hadal ocean regions.1,10,11 The hadal sedi

ment microbiomes were characterized by capacities for aro

matic compound degradation and antioxidant defense against 

reactive oxygen species (ROS), possibly reflecting selective ad

aptations to the hadal extreme conditions.1 However, whether 

these metagenome-predicted metabolic potentials are actively 

expressed in situ remains unverified.

Transcription-based analyses have provided partial insights 

into active hadal prokaryotes. Comparison of 16S rDNA 

and rRNA libraries from the MT revealed significant 
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community-level disparities: rDNA libraries were dominated 

by Thaumarchaeota (ammonia oxidating archaea, now classi

fied as class-level lineage Nitrososphaeria in metagenomic 

taxonomy), Marinimicrobia, and Bacteroidetes, while rRNA li

braries were dominated by Gemmatimonadetes and Chloro

flexi.12 Another study found that although Thaumarchaeota 

dominated both 16S rDNA and rRNA libraries in the benthic 

boundary layer, their RNA/DNA ratio was much lower than in 

shallower waters.13 To date, only two metatranscriptomic an

alyses of MT samples have been reported,14,15 revealing CO₂ 
fixation, nitrification, sulfur oxidation, and arsenate reduction 

were transcripted. However, their limited sediment-core 

coverage leaves hadal prokaryotic activities poorly resolved, 

creating a significant knowledge gap for understanding global 

ocean ecosystems.

Active hadal viruses are even less understood, despite reach

ing up to 105 virus-like particles per mL in hadal seawater.16

Metagenomic studies showed distinct hadal viral communities 

dominated by Caudoviricetes, including Myoviridae, Siphoviri

dae, and Podoviridae.17–19 Viral production estimates and meta

genomes suggested enhanced lysogenic viral production and 

enrichment of integrase genes in hadal seawater,18 whereas 

only ∼5% of MT sediment viruses were predicted to be lyso

genic,19 indicating poorly resolved viral life strategies. Further

more, while viruses are known to reprogram host metabolism 

and facilitate host adaptation through auxiliary metabolic genes 

(AMGs),20,21 direct evidence for their in situ expression in hadal 

environments remains lacking.

Metaproteomics offers a more robust methodology for veri

fying microbiome activities,22–25 including both prokaryotes 

and viruses. However, its application in hadal samples has 

been severely hindered by two key challenges. First, metapro

teomic analysis demands substantial biomass input,26,27 which 

is difficult to obtain from hadal environments, especially for hadal 

seawaters. Conventional seawater sampling using Niskin bottles 

(with capacities of tens of liters) could collect sufficient microbial 

biomass for metaproteomic analysis from surface seawa

ters,26,28,29 but such volumes are highly inadequate for hadal 

seawaters, where cell densities (103–104 cells per mL16) are 

one to two orders of magnitude lower.30,31 Second, accurate 

spectral identification depends on comprehensive, well-curated 

gene databases, which remain scarce for poorly characterized 

hadal ecosystems.27,32,33

To address these challenges, we employed an in situ 

filtration apparatus34 aboard a human-occupied vehicle 

(HOV) for microbial collection in the hadal zone. This system 

is capable of filtering high-volume (>100 L per sample) near- 

benthic seawater during each HOV dive, thus providing suffi

cient microbial biomass for subsequent analyses. Based 

on these samples, we developed a framework integrating 

DNA-protein co-extraction and metagenome-guided meta

proteomic analysis for efficient protein identification. Despite 

the low microbial biomass of hadal seawater, our approach 

identified more expressed microbial proteins than previous 

surface seawater studies,26,28,29,35,36 demonstrating the effec

tiveness of this methodology in obtaining protein expression 

data from low-biomass water samples. By using this frame

work, a total of 135,073 non-redundant expressed proteins 

were identified from 12 in situ filtered hadal seawater samples, 

establishing the Active Protein Dataset of the Mariana Trench 

Environment and Ecology Research Project (MEER-APD). This 

dataset provides systematic proteome-level evidence of 

active microbial processes in Earth’s deepest oceanic re

gions. We further investigated the functional profiles associ

ated with varying microbial expression levels, the biogeo

graphic pattern of the hadal taxa, and active viral dynamics 

and virus-host interactions. These findings indicate that mi

crobial-mediated biogeochemical cycles in the hadal zone 

differ fundamentally from those in the upper ocean, high

lighting their previously underappreciated contribution to 

global ocean processes.

RESULTS

Developing a workflow for analyzing low-biomass hadal 

seawater

To overcome the challenges in studying low-biomass hadal 

seawater samples, we implemented newly developed equip

ment, the in situ microbial filtration and fixation apparatus 

(ISMIFF)37 on a HOV to collect microbial samples from near- 

benthic seawater (1–3 m above the seafloor). Each ∼4-h filtration 

covered 3–5 km HOV traverses, avoiding site-specific heteroge

neity. We obtained 12 in situ filtration samples at water depths of 

∼6–11 km b.s.l., spanning the MT (n = 7), the Yap Trench 

(YT; n = 1), and the west Philippine Basin (PB; n = 4) 

(Figures 1A and 1B; Table S1; STAR Methods).

Each filtration sample concentrated microbiomes from over 

100 L of seawater, providing sufficient microbial biomass for 

the development of the integrated DNA-protein co-extraction 

approach (Figure 1C). DNA-protein co-extraction yielded 

approximately 0.05–0.2 μg protein per L of hadal seawater, 

one to two orders of magnitude lower than that from surface 

seawater (Figures 2A and 2B; Table S1),38 consistent with 

reduced active microbial cell abundance across pelagic depth 

zones.30,31

To optimize protein identification and minimize false 

discoveries associated with oversized databases,39 we estab

lished a metagenome-guided metaproteomic analysis pipeline 

(Figure 1C; STAR Methods). Deep metagenomic sequencing 

(100 Gbp per sample) yielded 17,070,127 contigs and 

44,121,717 predicted protein-coding sequences, including 

both full-length and partial genes (Table S1). Metagenomic 

binning recovered 552 species-level representative metage

nome-assembled genomes (MAGs), accounting for 75.3% of 

mapped reads and containing 1,538,828 predicted genes 

(Table S2; STAR Methods).

Metaproteomic analyses generated 310,825–420,289 mass 

spectra per sample (Table S1). Searching against metage

nome-derived datasets, we identified 629,338 peptides/ 

149,370 proteins using the contig-based dataset and 453,341 

peptides/38,055 proteins using the MAG-based dataset, 

collectively yielding 135,073 non-redundant active proteins, 

14-fold more than UniProt-based searches40 (Table S1). 

Despite the lower biomass in hadal environments, our workflow 

identified more proteins from hadal seawater than previously 

reported from biomass-rich surface seawaters (Figures 2B 

and 2C),31,41 demonstrating its efficacy for low-biomass 

extreme environments.
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High specificity of active microbial functions in hadal 

seawater

We constructed the MEER-APD using all 135,073 non-redun

dant proteins identified from hadal metaproteomes. For compar

ison, we also collected publicly available metaproteomes 

(89,762 proteins, 84,132 non-redundant proteins) from five pre

vious studies of upper-ocean seawaters (0–3,215 m water 

depth)26,28,29,35,36 (Table S1; STAR Methods). Using the 

commonly accepted UniRef100 criterion (100% identity) for pro

tein differentiation,42 clustering analysis revealed that 99.88% 

(134,905 proteins) of MEER-APD were exclusively expressed in 

the hadal seawater, with only ∼0.1% (168 proteins) shared be

tween the hadal zone and the upper ocean (Figure 2D). This 

remarkable specificity was maintained when applying the 

UniRef90 criterion (90% identity) (STAR Methods), with 95.47% 

of MEER-APD proteins (128,957) remaining uniquely expressed 

in the hadal environment.

A

C

B Figure 1. Developing a workflow for 

analyzing low-biomass hadal seawater 

(A) In situ microbial filtration and fixation apparatus 

(ISMIFF) loaded on HOV and sample of filtrated 

membrane. 

(B) Sampling sites in the hadal regions. PB, the 

Philippine Basin; YT, the Yap Trench; MT, 

the Mariana Trench. The map below shows the 

enlarged view of the sampling area within the 

Mariana Trench. Red dots indicate sampling sites. 

Yellow lines indicate submersible dive trajectories. 

(C) Schematic framework of the co-extraction and 

co-analysis of the metagenomes and meta

proteomes. Detailed procedures are in the STAR 

Methods section. 

See also Table S1.

Functional annotation of MEER-APD 

proteins yielded 4,656 Kyoto Encyclo

pedia of Genes and Genomes (KEGG) 

Orthologs (KOs), of which approxi

mately 50% (2,084 KOs) were exclu

sively detected in hadal metaproteomes 

and absent from the upper ocean 

(Figure 2D; Table S3). Enrichment 

analysis of KO functional categories 

revealed distinct functional preferences 

between microorganisms inhabiting 

hadal seawater and the upper ocean 

(Figure 2E). MEER-APD showed signifi

cant enrichment in environmental in

formation processing, particularly two- 

component systems and bacterial 

motility proteins, while upper-ocean 

metaproteomes were enriched in pro

tein synthesis and photosynthesis- 

related pathways (e.g., the Calvin cycle 

and oxidative phosphorylation). Further 

enrichment analysis of the 2,084 

MEER-APD-specific KOs revealed sig

nificant enrichment in KEGG pathways 

related to the secretion system, tRNA 

biogenesis, benzoate degradation, biofilm formation, replica

tion and repair, and peptidoglycan biosynthesis and degrada

tion pathways (Figure 2E). These findings demonstrate that 

active microbial functions in the hadal seawater are markedly 

distinct from those in the upper ocean.

Expression level quantifies two distinct active statuses 

of prokaryotic taxa

Protein expression displayed strong taxonomic inequality (Gini 

index 0.72–0.93).43 At the metagenomic level, Pseudomona

dales (mean relative abundance 13.2%) and Nitrososphaerales 

(ammonia-oxidizing archaea, AOA; mean relative abundance 

12.8%) dominated the community, followed by Burkholderiales 

(mean relative abundance 6.83%) (Figure S1A). However, meta

proteomic profiles diverged markedly: Pseudomonadales and 

Burkholderiales together accounted for up to 70% of detected 

proteins per sample, whereas Nitrososphaerales contributed 
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only 2.69% on average, revealing a 4-fold disparity between 

genomic presence and protein-level activity (Figure S1B).

To quantify this disparity, we noted that metagenomic ([MG]) 

and metaproteomic ([MP]) relative abundances exhibited a 

robust linear correlation, described by

[MP] = a ⋅ [MG]; (Equation 1) 

where a is the slope, reflecting the expression ratio of a taxon in 

hadal seawater. Saturation analyses confirmed adequate 

capture of the active prokaryotic community (Figure S1E), and 

A D

E

CB

Figure 2. High specificity of active microbial functions in hadal seawater 

(A) Schematic of oceanic depth zones. 

(B) Depth distribution of peptide concentrations in MEER-APD compared with the upper ocean. Green and blue indicate upper ocean and hadal zone samples, 

respectively. Upper ocean data were from Saunders et al.38

(C) Depth distribution of identified protein counts in MEER-APD compared with the upper ocean. Color scheme as in (B). The upper ocean data were obtained 

from the studies conducted by Giljan et al.,26 Brum et al.,28 Hawley et al.,29 McCain et al.,35 and McIlvin and Saito.36

(D) Venn diagrams showing proteins (top) and KOs (bottom) specific to or shared between the upper ocean and MEER-APD. Numbers indicate counts in each 

category. 

(E) Enriched KEGG metabolic pathways in the upper ocean (left) and MEER-APD (middle), and pathways uniquely enriched in MEER-APD (right). Only the top ten 

enriched terms are shown. 

See also Tables S1 and S3.
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A

D

E

C

B

Figure 3. Expression level quantifies two distinct active statuses of prokaryotic taxa 

(A) Linear relationships between the relative abundances in the [MG] and [MP] at the order level. Points represent the summed abundance of all MAGs within each 

order per sample, color-coded by order. Lines show linear regressions, with a dashed baseline ([MP] = [MG]). Line thickness reflects R2. Bracket numbers indicate 

total MAG counts. 

(B) Genomic feature comparisons between lowly active and highly active genomes. Violin plots show value distributions, with embedded boxplots showing 

median and interquartile range. Individual genomes are shown as points. Statistical significance was assessed using two-sided Wilcoxon rank-sum tests (highly 

active, n = 199; lowly active, n = 287). Significance: ****p ≤ 0.0001, ***p ≤ 0.001, **p ≤ 0.01, *p ≤ 0.05. 

(C) Expressed COG counts for lowly active (purple) and highly active (orange) genomes across COG functional categories. Codes for COG categories: D, cell- 

cycle control, cell division, chromosome partitioning; V, defense mechanisms; T, signal transduction mechanisms; M, cell wall/membrane/envelope biogenesis; 

N, cell motility; Z, cytoskeleton; W, extracellular structures; U, intracellular trafficking, secretion, and vesicular transport; O, posttranslational modification, protein 

turnover, chaperones; X, mobilome: prophages, transposons; J, translation, ribosomal structure, and biogenesis; A, RNA processing and modification; K, 

transcription; L, replication, recombination, and repair; B, chromatin structure and dynamics; C, energy production and conversion; G, carbohydrate transport 

(legend continued on next page) 
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only orders (133) and MAGs (527) with non-zero proteomic abun

dance in at least three samples were included (STAR Methods). 

Over 90% of orders (118/133) exhibited robust linear relation

ships (R2 ≥ 0.5, p ≤ 0.01) and were classified as either highly 

active (a > 1; contributing more proteins than expected from 

genomic abundance) or lowly active (a < 1; contributing fewer) 

(Figure 3A; Table S4).

Among the 34 orders exceeding 1% metagenomic abun

dance, a striking archaeal-bacterial divergence emerged. All 

three metagenomically abundant archaeal orders—Nitrosos

phaerales, MGIII, and Poseidoniales—were lowly active (a = 

0.12–0.35), suggesting large populations but low per-cell meta

bolic output. Bacterial taxa displayed broader variability. Among 

the most metagenomically abundant bacterial orders, Pseudo

monadales (a = 1.80) and Burkholderiales (a = 1.85) were highly 

active, whereas others—such as Marinisomatales (a = 0.45), Pe

lagibacterales (a = 0.29), and Nitrospinales (a = 0.94)—were 

lowly active. Furthermore, high activity was observed in taxa 

with low metagenomic abundance. Notably, Rhodobacterales 

exhibited the highest expression level overall (a = 2.82), despite 

its low mean metagenomic abundance (0.54%) (Figure 3A; 

Table S4).

Genomic and functional traits of the highly and lowly 

active taxa

Comparison of genomic features revealed distinct signatures 

between the highly and lowly active groups (Figure 3B; 

Table S2; STAR Methods). Highly active taxa exhibited larger 

genomes (p ≤ 0.05) and encoded significantly more KOs 

(p ≤ 0.0001), indicating expanded genomic repertoires and 

broader metabolic versatility. Conversely, lowly active taxa dis

played higher coding density (p ≤ 0.0001) and longer predicted 

doubling times (p ≤ 0.01), features consistent with genomic 

streamlining (Figure 3B). These patterns partially parallel the ‘‘co

piotroph-oligotroph’’ distinction44,45; however, no significant dif

ferences were observed in codon usage bias, GC content, oxy

gen tolerance, or temperature preference (Figure S2; Table S2), 

indicating that the highly/lowly active classification does not 

strictly correspond to the classical copiotroph-oligotroph dichot

omy.44,45 All the above statistical comparisons used two-sided 

Wilcoxon rank-sum tests.

Functional analyses based on Clusters of Orthologous Genes 

(COG) annotations further distinguished these two groups. High

ly active species expressed more functional genes across all 

COG categories (Table S2), with Fisher’s exact test revealing 

significantly elevated diversity in multiple categories spanning 

cellular processes, information processing, and metabolism 

(Figure 3C). This broad, non-selective enrichment across all 

COG categories contrasts with the category-specific enrichment 

expected under the copiotroph-oligotroph framework,44,45 rein

forcing the interpretation that the a-value reflects realized meta

bolic activity rather than trophic strategy. Moreover, highly active 

MAGs retained 2.3-fold more uniquely expressed KOs than lowly 

active ones (1,254 versus 537), indicating substantially broader 

functional engagement in the hadal environment (Figure 3D).

KEGG-based comparison also highlighted distinct adaptive 

strategies between these two groups (Figures 3E and S3; 

Table S4). Core functional genes related to antioxidation and 

CO oxidation were universally expressed in both groups, reflect

ing shared responses to high pressure and nutrient limitation in 

hadal environments.46–48 Beyond these shared functions, highly 

active taxa exhibited broader and more versatile metabolic pro

files. For example, Pseudomonadales and Burkholderiales ex

pressed abundant proteins involved in heavy metal resistance, 

ROM utilization, chemotaxis, motility, and cell division, while 

Sphingomonadales deployed diverse substrate transport sys

tems facilitating resource acquisition under nutrient limitation. 

Lowly active taxa, by contrast, showed more specialized func

tional profiles (Figure 3E). A notable example is the Nitrosos

phaerales (AOA), which expressed ammonia oxidation genes 

(amoA) but lacked detectable expression of key enzymes in 

the commonly coupled 3HP–4HB carbon fixation pathway,49

suggesting a specialized survival strategy centered on a 

restricted metabolic function in the hadal zone.

Biogeographic origins and divergent traits of hadal taxa

By integrating hadal seawater MAGs with genomes from the 

Ocean Microbiomics Database (OMD, spanning epipelagic to 

abyssal zones)50 and hadal sediment MAGs from the MEER proj

ect,1 active hadal species were classified into four biogeo

graphic patterns: (1) hadal-specific species (n = 486), exclusively 

found in the hadal zone; (2) widespread species, occurring 

across both hadal and non-hadal environments (n = 11); (3) 

‘‘hadal-to-non-hadal’’ species, originating in the hadal zone 

and extending to non-hadal environments (n = 4); and (4) ‘‘non- 

hadal-to-hadal’’ species, derived from non-hadal environments 

and immigrating into the hadal zone (n = 21) (Figures 4A 

and S4; Table S2; STAR Methods).

These four biogeographic patterns exhibited distinct expres

sion levels (a-value) and genomic characteristics (Figure 4B; 

Table S2). Hadal-specific species, representing the dominant 

fraction, spanned the broadest range (a = 0.06–52.08), reflecting 

substantial metabolic heterogeneity within endemic lineages. 

Widespread species showed the highest median activity 

(a = 1.91), followed by hadal-to-non-hadal species (a = 1.25). 

Non-hadal-to-hadal species displayed the lowest activity 

and metabolism; E, amino acid transport and metabolism; F, nucleotide transport and metabolism; H, coenzyme transport and metabolism; I, lipid transport and 

metabolism; P, inorganic ion transport and metabolism; Q, secondary metabolite biosynthesis, transport, and catabolism. COG detection rate differences as

sessed by two-tailed Fisher’s exact test with Benjamini-Hochberg correction. Significance levels as in (B). No significance symbol is shown for functional cat

egories without a significant difference. 

(D) Venn diagrams show the specific and shared KOs between the lowly active and highly active genomes in MEER-APD and the upper ocean. Numbers indicate 

KO counts in each category. 

(E) Expression profiles of active key genes across orders, expression levels, and samples. Genes expressed exclusively in hadal samples are marked in red. 

Upper: metagenome and metaproteome abundances across orders, where circle size reflects the proportion of MAGs encoding the gene and color indicates the 

proportion expressing it. Color scheme is consistent with (A). Lower: total hadal metaproteomic abundance (bar height) and metagenomic abundance (bar color). 

Bracket numbers denote total MAG counts per order. 

See also Figures S1–S3 and Tables S2, S3, S4, and S5.
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A

C

B

Figure 4. Biogeographic origins and divergent traits of hadal taxa 

(A) Representative species for each divergence pattern. Branches are colored by depth layer when all descendant genomes share the same depth, or gray when 

mixed. Hadal seawater MAGs from this study are marked by dashed tip lines and triangles: upward triangles, highly active; downward triangles, lowly active; fill 

color indicates a-value. Open and filled circles denote bootstrap support values. Depth abbreviations: EPI, epipelagic; MES, mesopelagic; BAT, bathypelagic; 

ABY, abyssopelagic; Hadal, hadal zone. 

(B) Genomic feature comparisons across divergence patterns. Dashed gray horizontal lines indicate overall mean values across all groups. Statistical significance 

assessed by two-sided Wilcoxon rank-sum tests. Only significant comparisons are shown. Significance: ****p ≤ 0.0001, ***p ≤ 0.001, **p ≤ 0.01, *p ≤ 0.05. 

Legend numeric labels correspond to divergence patterns in (A): non-hadal to hadal, n = 21; hadal to non-hadal, n = 4; widespread, n = 11; hadal-specific, n = 486. 

(C) Heatmaps showing the prevalence of key metabolic genes in metagenomes (top) and their expression detected in metaproteomes (bottom) across diver

gence pattern groups. Numeric labels in the legend correspond to the divergence patterns defined in (A). 

See also Figure S4 and Tables S2 and S5.
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Figure 5. Active viral community in hadal seawater 

(A) Viral community composition and lifestyle strategies in metagenomes (MG, top) and metaproteomes (MP, bottom). Stacked bar charts show relative 

abundances of viral taxonomic groups (left) and lifestyle categories (center). Samples are ordered by depth, with depths (m) in parentheses. In lifestyle charts, the 

red dashed line marks the 50% temperate virus threshold. The blue solid line tracks temperate virus proportion fluctuations. Violin plots (right) compare relative 

abundances of virulent and temperate viruses (n = 12). Significance assessed by two-sided Wilcoxon rank-sum tests (****p ≤ 0.0001). 

(legend continued on next page) 
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(median a = 0.67) and differed significantly from all other groups 

in genomic features (Wilcoxon rank-sum test, p ≤ 0.05), pos

sessing smaller genomes (median 1.61 Mb versus 2.58–2.79 

Mb), fewer annotated KOs (918 versus 1,296–1,467), higher cod

ing density (94.64% versus 90.78%–91.32%), and lower GC 

content (41.59% versus 50.96%–57.94%). These features are 

consistent with the genome streamlining strategy observed in 

pelagic strains adapted to oligotrophic conditions,51 suggesting 

that these non-hadal-to-hadal immigrant taxa retain genomic 

signatures of their shallower-water origins and that their stream

lined genomes may limit metabolic output in the hadal environ

ment. By contrast, no significant genomic differences were de

tected among the other three groups, though widespread 

species encoded the most KOs on average (1,444), consistent 

with broad environmental tolerance, and hadal-specific species 

exhibited the highest GC content, possibly reflecting long-term 

adaptation to hadal selective pressures.

Protein expression profiles further delineated the ecological 

role of each biogeographic group (Figure 4C; Table S5). Hadal- 

specific species dominated most active metabolic functions 

and served as the primary contributors to biogeochemical 

cycling in the hadal zone. Widespread species showed a higher 

proportion of genomes expressing genes involved in heavy 

metal resistance, ROS detoxification, aromatic compound 

degradation, and compatible solute biosynthesis, consistent 

with versatile metabolic strategies enabling persistence across 

water-depth gradients. Hadal-to-non-hadal species preferen

tially expressed genes for oxidative stress defense and CO 

oxidation, potentially reflecting retained adaptive traits in the 

hadal zone. Non-hadal-to-hadal species, by contrast, exhibited 

limited expression of specialized pathways and instead priori

tized functions supporting sustainability, suggesting that these 

upper-ocean-derived taxa emphasize physiological mainte

nance rather than metabolic breadth in the hadal zone.

Active viral community in hadal seawater

Beyond prokaryotes, in situ filtration also captured viruses asso

ciated with microorganisms and particles.18 From metagenomic 

contigs, we identified a total of 28,718 species-level viral opera

tional taxonomic units (vOTUs; Table S6; STAR Methods), from 

which 372,955 viral genes (including both full-length genes and 

partial fragments) were predicted. Of these, a total of 773 viral 

proteins from 682 vOTUs were detected in hadal metapro

teomes (Table S6). The length distribution of active vOTUs 

closely mirrored that of the total vOTU dataset, with comparable 

median viral contig lengths, confirming that metaproteomic 

detection was not biased toward specific viral genome sizes 

(Figure S5B). Both metagenomic and metaproteomic analyses 

indicated that the viral community was dominated by Caudovir

icetes (Figure 5A; Table S6). Metaproteomes confirmed the 

expression of a broad functional repertoire in the hadal virome, 

including virion structural proteins (capsid, tail, terminase, and 

connector), DNA/RNA processing enzymes, and lifecycle-asso

ciated genes for both lysogeny (integrases, recombinases, and 

repressors) and lysis (endolysins and release factors), indicating 

that both replication strategies are actively operating in hadal 

seawater (Table S6).

To further dissect the ecological roles of the two viral lifestyles, 

we investigated virus-host dynamics by correlating viral abun

dance with host abundance (Figure 5B). At the metagenomic 

level, both temperate and virulent viruses exhibited positive 

correlations with host abundance (r = 0.492 and 0.442, respec

tively), while their corresponding virus-to-host ratios (VHRs)52

were negatively correlated with host abundance (r = − 0.570 

and − 0.654, respectively). At the metaproteomic level, however, 

a clear divergence emerged: temperate viruses maintained a 

positive correlation with host protein abundance (r = 0.219), 

whereas virulent virus abundance showed a non-significant 

negative trend (r = − 0.126). At both levels, temperate viruses ex

hibited shallower VHR declines than virulent viruses with 

increasing host abundance and preferentially targeted highly 

active hosts (62.28% of linkages; Figure 5C). These patterns 

showed general consistency with ‘‘Piggyback-the-Winner’’ 

(PtW) predictions in which lysogeny is favored at high host 

densities.53

However, several observations for virulent viruses extend 

beyond the PtW framework. First, virulent viruses accounted 

for a significantly higher proportion of both genomic and pro

tein-level abundance than temperate viruses (Wilcoxon rank- 

sum tests, p ≤ 0.0001) (Figure 5A; Table S6), deviating from 

the PtW expectation that lytic viral abundance should be less 

dominant at high host densities.54,55 Second, virulent viruses 

showed no clear preference across host expression levels 

(a-value), infecting both lowly active taxa (e.g., Nitrososphaer

ales and Pelagibacterales), which are infrequently targeted by 

temperate viruses, and highly active taxa (e.g., Pseudomona

dales and Burkholderiales) (Figure 5C; Table S2). This broad, 

non-selective infection pattern, particularly their association 

with highly active hosts, also departs from the PtW prediction 

that lytic infections are disfavored in highly active host popula

tions where lysogeny tends to dominate.54,55

Collectively, these results reveal a dual viral strategy in the 

hadal zone. Temperate viruses conform to PtW predictions by 

preferentially associating with highly active hosts through 

lysogeny. However, virulent viruses diverge from PtW expecta

tions: rather than being marginalized at high host densities, 

they remain numerically dominant and maintain non-selective 

associations across hosts spanning all expression levels. This 

(B) Virus-host dynamics based on MG (top) and MP (bottom) data. Scatterplots show relationships between viral abundance or virus-host ratio (VHR) and host 

abundance for temperate (green) and virulent (orange) lineages. All values were log10-transformed. Shaded areas represent 95% confidence intervals. Each point 

represents a virus-host pair per sample. MG pairs: temperate, n = 4,721; virulent, n = 2,307; all, n = 7,028. MP pairs: temperate, n = 442; virulent, n = 225; all, n = 

667. Significance of Pearson correlation coefficients: ****p ≤ 0.0001, ***p ≤ 0.001, **p ≤ 0.01, *p ≤ 0.05; n.s., p > 0.05. 

(C) Virus-host linkage and infection patterns. Left: phylogenetic tree of all reconstructed prokaryotic MAGs, with background colors denoting order-level tax

onomy. Rings indicate (inner to outer): host expression level, MAG distribution, and infecting virus count. Bar charts below summarize the distribution of virus- 

host linkages classified by host type. Treemaps show proportions of temperate versus virulent linkages. Right: Sankey diagram of active virus-host interactions 

from viral taxonomy and lifestyle to host expression levels and orders. Flow width proportional to linkage count. 

See also Figure S5 and Tables S2 and S6.
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complementary partitioning suggests that the two viral lifestyles 

occupy distinct ecological niches in the hadal ecosystem, jointly 

shaping microbial community structure and function in the deep

est ocean.

Active microbial and viral metabolic profiles in hadal 

seawater

To construct a comprehensive functional profile of the hadal 

zone, we analyzed highly abundant and hadal-specific functional 

genes from the MEER-APD together with expressed viral genes. 

These genes were classified into six major functional categories: 

heavy metal resistance, carbon utilization, nitrogen metabolism, 

sulfur metabolism, sustainable functions, and viral structural and 

lifecycle functions (Figure 6; Tables S3 and S5).

Heavy metal resistance

Heavy metal resistance dominated the most abundant hadal- 

specific KOs (∼20% of unique peptide abundance among the 

top 500; Figure 6A; Table S3). Six of the eight most abundant 

MEER-APD-specific KOs encoded heavy metal efflux systems, 

led by the czcABC efflux system for Co2+/Zn2+/Cd2+ transport,56

followed by cusB for Cu+/Ag+,57,58 golTS for Au+,59 and chrA for 

CrO4
2− .60,61 Beyond the efflux systems, proteins involved in 

heavy metal oxidation and resistance were also prominent 

among the most abundant MEER-APD-specific KOs, including 

copper oxidation (mmcO)62 and resistance (pcoBC and 

cutF)63,64 and manganese (Mn2+) oxidation (moxA).65 Addition

ally, tellurium resistance (terD for TeO3
2− )66 and arsenate detox

ification (arsC for AsO4
3− )67 were exclusively expressed in the 

hadal zone.

We quantified the concentrations of the corresponding metals 

(i.e., Cu, Mn, Zn, As, Hg, and Se) in the hadal seawater samples 

collected during this study and compared them with published up

per-ocean data (0–1,000 m; Table S7; STAR Methods). All 

measured elements except arsenic were significantly elevated in 

hadal waters (Wilcoxon rank-sum test, p ≤ 0.0001, Figure S6A), 

revealing active resistance to a broad spectrum of previously un

recognized heavy metals (e.g., Mn, Au, Te, and Ag) that extends 

far beyond previously assumed.68 Notably, the active expression 

of the arsenic detoxification gene (arsC) indicates that even back

ground arsenic levels in hadal seawater impose persistent selec

tive pressure on the hadal microbiome.69,70

Carbon utilization

MEER-APD revealed ROM as a key carbon source in the hadal 

zone (Figure 6B; Table S3). Hadal-specific expression of aro

matic compound transporters (shiA and benK) and downstream 

degradation enzymes, including pcaF, xylXYZ, and xylC for 

monoaromatics, and phdF, nahAb, and pcpD for polycyclic 

and halogenated aromatics, demonstrated active funneling of 

diverse aromatic substrates through benzoate and catechol in

termediates into the tricarboxylic acid (TCA) cycle.71 Dehaloge

nases (dhaA, dehH, and pceA) and D-amino acid utilization en

zymes (dauA and dsdA) were also exclusively expressed in 

hadal samples (Table S3). These findings support the hypothesis 

that ROMs that are commonly considered biologically recalci

trant14 serve as bioavailable substrates under hadal nutrient lim

itation, consistent with the documented enrichment of aromatic 

compounds, halogenated hydrocarbons, and D-amino acids in 

deep-sea environments.72–74 By contrast, enzymes for other 

carbon degradation, including those for alkanes, lignin, chitin, 

and L-sugars, were barely detectable despite their genomic 

presence.15,68,75,76

Additionally, CO oxidation genes (coxLMS) were expressed 

across all samples and diverse lineages (Figure 3E; Table S4), indi

cating a widespread alternative energy source.47,48 Conversely, for 

carbon fixation, only Rubisco (rbcSL) was detected. Although Ru

bisco is known to be highly abundant in cellular proteomes,77

MaxLFQ-based quantification showed that its intensity in hadal 

samples fell within the general proteome dynamic range rather 

than dominating the signal (Figure S7A), indicating that the 

absence of other carbon fixation pathways (Wood-Ljungdahl, 

reductive tricarboxylic acid (rTCA) cycle, or 3HP-4HB) is unlikely 

a detection artifact. Potential electron donors identified in Ru

bisco-expressing MAGs included CO (SAR324) and organic mat

ter/metal ions (Burkholderiales) (Figure S7B; Table S4), suggesting 

versatile mixotrophic strategies supporting the Calvin-Benson- 

Bassham (CBB) cycle.

Viral AMGs further augmented host carbon metabolism, with 

expressed genes participating in aminobenzoate degradation 

(glnA), CO oxidation (coxS), pyruvate metabolism (pps, ldhA, 

and butA), TCA cycle-associated organic acid assimilation 

(acs, prpE, and Icd), and the glyoxylate shunt (aceA). These viral 

contributions suggest that hadal viruses actively facilitate host 

adaptation to nutrient-limited conditions by enhancing refractory 

carbon utilization and energy acquisition (Table S6).

Nitrogen metabolism

MEER-APD confirmed active internal nitrogen cycling in hadal 

seawaters (Figure 6C; Table S3), consistent with metagenomic 

predictions.76,78–80 Proteins involved in the transport and 

sensing of nitrogen compounds (e.g., nitrate, nitrite, and 

ammonia) were widely detected, confirming the importance of 

nitrogen transformation for hadal microbial communities 

(Figure 6C). Both dissimilatory (napA and narGH) and assimila

tory (nasC) nitrate reductases were detected, indicating nitrate 

as a major terminal electron acceptor. Downstream denitrifica

tion enzymes (nirK, norB, and nosZ) were also identified; how

ever, the higher abundance of nirK relative to norB and nosZ sug

gests limited nitrogen loss via N2O or N2 production (Figure 6C). 

Instead, nitrite reduction to ammonium via nirBD was prominent, 

supporting nitrogen retention through dissimilatory nitrite reduc

tion to ammonium (DNRA). The narGH complex, functioning as a 

reversible nitrite oxidoreductase, likely mediates nitrite re-oxida

tion to nitrate. Coupled with widespread ammonia oxidation 

gene (amoABC) expression, this establishes a complete nitrifica

tion capacity and an efficient internal nitrogen recycling loop. No 

bacterial MAGs harboring amo genes were recovered, indicating 

that ammonia-oxidizing archaea (AOA) rather than ammonia- 

oxidizing bacteria (AOB) dominate ammonia oxidation in hadal 

seawaters (Figure S6B). Virally expressed aguB further supple

ments the host nitrogen pool by releasing ammonium from 

N-carbamoylputrescine hydrolysis (Table S6). Overall, nitrogen 

cycling in the hadal zone is characterized by tightly coupled nitri

fication, DNRA, and internal recycling, with limited N2 loss 

through complete denitrification.

Sulfur metabolism

Hadal sulfur metabolism centered on inorganic redox transfor

mations (Figure 6D; Table S3). Transport proteins (cysAPW) 

indicated sulfate and thiosulfate as the primary inorganic sulfur 

sources. Sulfate reduction proceeded via dissimilatory (sat) 
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Figure 6. Active microbial and viral metabolic profiles in hadal seawater 

(A–F) Functional categories: (A) heavy metal resistance, (B) carbon utilization, (C) nitrogen metabolism, (D) sulfur metabolism, (E) sustainable functions, and 

(F) viral structure and lifestyle. All genes were identified by metaproteomic analyses. Genes highlighted in red italics represent highly abundant microbial genes in 

the MEER-APD or genes with specific functional relevance. Genes shown in blue correspond to viral structural proteins or genes involved in viral replication and 

life cycle. Purple genes indicate virus-encoded AMGs that overlap with genes identified in the MEER-APD (only genes discussed in the main text are shown). Gray 

text denotes genes not detected in the MEER-APD but supported by metagenomic annotations or genes that have been frequently reported in hadal zone-related 

studies. Genes expressed exclusively in hadal samples are marked with an asterisk. Red solid lines indicate substance transformation or transport. In (A), upward 

arrows indicate higher metal ion concentrations in hadal versus surface waters. Significance: ****p ≤ 0.0001, ***p ≤ 0.001, **p ≤ 0.01, *p ≤ 0.05; n.s., p > 0.05 (two- 

sided Wilcoxon rank-sum tests). 

Created in BioRender. Zhao, W. (2026) https://BioRender.com/yl87tdf. 

See also Figures S6 and S7 and Tables S3, S6, and S7.
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and assimilatory (cysNC, cysN, and cysI) routes. Thiosulfate 

metabolism was particularly versatile: sulfur oxidation (SOX) sys

tem proteins (soxXD) mediated oxidation to sulfate, thiosulfate 

reductase (phsA) enabled disproportionation to sulfite and sul

fide, and sulfurtransferase (glpE) participated in cyanide detoxi

fication.81 Sulfide:quinone oxidoreductase (sqr) indicated active 

H₂S oxidation coupled to the quinone pool. Most thiosulfate- 

related enzymes were co-expressed in Burkholderiales 

(Figure 3E; Table S4). We also examined organic sulfur cycling, 

which dominates upper ocean sulfur metabolism through remi

neralization of sulfur-containing dissolved organic matter.82 In 

the hadal seawaters, however, dimethylsulfoniopropionate 

(DMSP) cleavage enzyme DddL and downstream enzymes for 

methanethiol transmethylation and DMS oxidation were de

tected only at negligible abundance, and no DMSP biosynthesis 

enzymes were observed.

Other sustainable functions

MEER-APD captured active cellular processing and environmental 

response in hadal microorganisms (Figure 6E; Table S3). Cell divi

sion proteins (ftsAHZ and zipA), environmental sensing, motility 

(flagellar and pili components), and nutrient uptake proteins (phos

phate and iron transporters) demonstrated that hadal microorgan

isms actively forage for limiting resources. Coping with the oxida

tive stress imposed by high hydrostatic pressure46 appeared to be 

a universal requirement: antioxidation enzymes (SOD1/2, sodN, 

katGE, and prx/prx3) were ubiquitous across all metaproteomes, 

supplemented by viral AMGs (GST, WrbA, and UspA) that likely 

augment host ROS defense (Table S6). Additionally, Fe–S cluster 

assembly systems, both constitutive (ISC) and stress-induced 

(SUF), were co-expressed in microbial and viral proteins, further 

highlighting the centrality of redox homeostasis (Tables S4 and 

S6).83,84 For compatible solutes for pressure adaptation, hadal mi

croorganisms showed selective reliance on glycine betaine 

(biosynthesis: betABC; transport: opuC, proP; detected in 11/12 

samples) and ectoine (ectB; all samples), whereas trimethylamine 

N-oxide (TMAO) and DMSP synthesis enzymes were rarely de

tected despite their reported importance in shallower deep-sea re

gions,85–87 suggesting that glycine betaine and ectoine serve as 

the primary piezolytes at hadal depths.

Distinct microbially mediated element cycling in the 

deepest ocean

By integrating the active metabolic profiles described above with 

published upper ocean metaproteomic studies,38,82,88–91 we 

identified pronounced differences in both active microbial meta

bolism and the resultant element cycling between the upper 

ocean (20–4,000 m) and the hadal zone (>6,000 m) (Figure 7). 

In the upper ocean, active microbial metabolism is fueled by 

photosynthetically derived labile substrates and dominated by 

aerobic respiration. However, in the hadal zone, under extreme 

hydrostatic pressure and chronic nutrient limitation, metaproteo

mic evidence reveals a fundamentally different metabolic regime 

characterized by diversified carbon acquisition and expanded 

energy-yielding pathways, which collectively reshape hadal 

biogeochemical cycling.

This regime is most evident in carbon cycling, where hadal mi

croorganisms simultaneously diversify both carbon and energy 

sources to compensate for the scarcity of labile substrates. 

ROM, particularly aromatics, halogenated compounds, and 

D-amino acids, serves as the preferred carbon source for hadal 

microorganisms, replacing the photosynthetically derived 

organics that dominate the upper ocean. By contrast, CO₂ 
fixation remains minimal in the hadal zone with only Rubisco 

(CBB cycle) detectably expressed at the protein level, strikingly 

different from the upper ocean where multiple autotrophic path

ways (CBB, 3HP–4HB, and rTCA) are concurrently active.38,82,89

Together, these patterns redefine the hadal zone as an active 

transformation zone for complex organic carbon rather than a 

site of significant autotrophic production.

For energy acquisition, hadal microorganisms exploit a remark

ably expanded repertoire of electron donors and acceptors: ni

trate and sulfate function as alternative terminal electron accep

tors alongside oxygen, thiosulfate serves as both electron donor 

(via SOX-mediated oxidation) and acceptor (via reductive dispro

portionation), and heavy metal redox transformations (e.g., Fe2⁺, 
Mn2⁺, Cu⁺, and AsO₃2− ) couple detoxification with electron transfer 

and energy conservation.92,93 This diversified energy metabolism, 

in turn, reshapes nitrogen, sulfur, and metal cycling in ways distinct 

from the upper ocean. For nitrogen, the most striking difference is 

the convergence of multiple ammonium-generating pathways in 

the hadal zone, where DNRA channels nitrate back to ammonium 

rather than to N₂, and microbially and virally mediated hydrolysis of 

polyamines and other organic nitrogen compounds provides addi

tional ammonium inputs. This convergence of ammonium sources 

may help explain the sustained ammonia oxidation activity 

observed throughout the energy-starved dark ocean, where 

ammonium concentrations are typically near detection limits yet 

ammonia oxidizers maintain continuous activity.80 Sulfur cycling 

shifts from the DMSP-dominated organic transformations of the 

upper ocean38,89 to inorganic redox processes centered on thio

sulfate, serving dual roles in assimilation and energy generation. 

Metal redox cycling of Cu, Fe, and As, largely absent from upper 

ocean metaproteomes, emerges as a hadal-specific feature 

coupling detoxification with bioenergetics.

Notably, hadal viruses actively participate in these adaptive 

processes. Hadal viral AMGs contribute to ROM degradation 

and CO oxidation, in place of the photosystem augmentation 

characteristic of upper ocean cyanophages.82 Additionally, vi

rus-encoded antioxidant genes and polyamine hydrolases 

directly support host stress defense and ammonium recycling. 

Crucially, this metabolic reprogramming is mediated by both 

temperate and virulent viruses. While temperate viruses prefer

entially associate with highly active hosts—reflecting the PtW 

model—to enable sustained AMG expression via lysogenic inte

gration, virulent viruses also actively contribute to elemental 

cycling, exemplified by the expression of glnA for aromatic com

pound degradation.

DISCUSSION

Here, we established a workflow for resolving active microbial 

processes in low-biomass hadal seawater. By integrating 

large-volume in situ filtration with DNA-protein co-extraction, 

we generated MEER-APD, a systematic catalog of actively ex

pressed proteins in hadal microbiomes. Although hadal biomass 

is one to two orders of magnitude lower than in the upper 

ocean,30,31 this approach identified more proteins than previous 

surface-water studies, thereby providing a high-resolution view 
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of the distinct microbial activities in Earth’s deepest ocean eco

systems. This enhanced performance demonstrates its potential 

for studying other challenging environments where biomass is 

limited and samples are precious.

MEER-APD confirmed many previous hypotheses of hadal 

adaptation at the proteomic level but also challenged some pre

vious assumptions from metagenomes and cultures. For 

example, expression of enzymes for alkane utilization was barely 

detected despite high genetic potential.15,68,75,76 Carbon fixation 

was limited to Rubisco expression, rather than the multiple path

ways predicted by metagenomes.75,94 Nitrogen cycling showed 

lower nitrogen loss potential than previously hypothesized15 due 

to the low expression of nitric oxide reductase (norB) and nitrous 

oxide reductase (nosZ). These findings highlight the value of ac

tivity-level evidence for refining genomic predictions of hadal 

element cycling. Similarly, genes linked to TMAO and DMSP, 

previously proposed as key high-pressure piezolytes,86,95

showed minimal expression, whereas glycine betaine- and ec

toine-related genes were abundantly expressed. These results 

prompt us to reconsider microbial adaptation to hadal high pres

sure, suggesting either different piezolyte preferences among 

hadal microorganisms or alternative mechanisms for biomole

cular stabilization under ultra-high pressure.

The systematic metaproteomic landscape of the hadal zone re

veals a microbial ecosystem shaped by two overarching adaptive 

strategies: diversification of carbon sources and expansion of en

ergy-yielding pathways. These strategies, while enabling survival 

under high hydrostatic pressure and chronic nutrient limitation, 

have profound implications for hadal biogeochemical cycling 

that could not be predicted from metagenomics alone. The 

a-value, which reflects the protein contribution in relation to meta

genomic abundance, distinguished highly active and lowly active 

taxa. The former possess larger genomes and broader metabolic 

repertoires, while the latter exhibit streamlined genomes and 

specialized functional profiles. This pattern is generally consistent 

with the ‘‘streamlined versus versatile’’ framework recently estab

lished for hadal sediment microbiomes through the MEER meta

genomic survey,1 in which environmental selection favors either 

Figure 7. Distinct microbially mediated element cycling in the deepest ocean 

Schematic comparison of major biogeochemical processes in the upper ocean (20–4,000 m) and hadal zone (>6,000 m). Solid arrows indicate metaproteomic- 

supported pathways; red arrows, hadal-predominant pathways; white arrow, non-microbially driven process; gray dashed arrows, pathways lacking meta

proteomic support. Purple boxes highlight substrates actively utilized in the hadal zone. Viral icons denote processes involving viral proteins. The diagram 

summarizes depth-related differences in carbon, nitrogen, sulfur, and metal cycling inferred from protein expression. 

Created in BioRender. Zhao, W. (2026) https://BioRender.com/ycw8bfi. 

See also Tables S3 and S6.
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genomically compact specialists or metabolically diverse general

ists. However, our activity-based classification does not fully align 

with the classical copiotroph-oligotroph dichotomy,44,45 which 

was developed primarily around nutrient availability in well-stud

ied conventional environments. Highly active taxa lacked several 

canonical copiotrophic features45 and preferentially associated 

with temperate rather than lytic viruses, contradicting the ‘‘Kill- 

the-Winner’’ dynamics expected for fast-growing copiotrophs.44

These deviations suggest that the physical extremes of the hadal 

zone, particularly high hydrostatic pressure, may reshape micro

bial nutrient utilization in ways not captured by the copiotroph-oli

gotroph frameworks alone. Indeed, our metaproteomic results 

raise the possibility that extreme pressure expands the metabolic 

accessibility of carbon and energy resources that are otherwise 

unfavorable in shallower marine environments. If so, current 

ocean biogeochemical models, largely parameterized from sur

face and mesopelagic data,96 may underestimate the metabolic 

capacity of hadal microbiomes by overlooking the influence of hy

drostatic pressure on resource accessibility. Beyond individual 

strategies, the co-existence of highly and lowly active taxa may 

also enable syntrophic coupling that sustains hadal ecosystem 

functioning. For example, lowly active Nitrososphaerales domi

nate ammonia oxidation, whereas highly active Pseudomona

dales, Burkholderiales, and Nitrospirales mediate DNRA, collec

tively maintaining bioavailable ammonium in the hadal ecosystem.

These metaproteomic insights can guide the cultivation of 

uncultured hadal microorganisms by delineating their physico

chemical and metabolic niches. Regardless of their a-values, 

only a small fraction of these taxa includes successfully isolated 

strains to date, primarily from Pseudomonadales,97–99 Rhodobac

terales,100,101 and Sphingomonadales.102,103 Other highly active 

taxa, such as Burkholderiales, have never been isolated. This 

recalcitrance likely reflects a mismatch between conventional me

dia and hadal nutrient preferences, especially under high pres

sure. Our data indicate that uncultured highly active groups such 

as Burkholderiales rely on substrates rarely included in enrichment 

media, particularly complex ROMs, heavy metals, and thiosulfate. 

By contrast, lowly active groups such as AOA show hadal-specific 

specialization relative to shallow-water counterparts.104 Although 

their genomes encode pathways for carbon fixation, hadal AOA 

predominantly express genes for ammonia oxidation and ROS 

detoxification, suggesting that they function as obligate ammonia 

oxidizers, which therefore require distinct cultivation strategies. 

Collectively, these metaproteomic results provide guidance for 

designing targeted cultivation strategies for hadal microorgan

isms, especially under high-pressure cultivation conditions. 

Future efforts should consider specific metabolic requirements, 

such as supplying ROMs as carbon sources and diverse energy 

sources beyond oxygen, as well as exploring co-cultivation with 

partner species or phages.

Finally, our results indicate that viruses shape microbial adap

tation in the hadal seawaters. Temperate viruses conform to PtW 

predictions by preferentially associating with highly active hosts, 

where lysogenic integration may sustain AMG expression and 

enhance host metabolic capacity, linking viral persistence to 

hadal elemental cycling. By contrast, virulent viruses remain 

dominant in the active virome despite decreasing VHR with 

increasing host protein abundance and infect hosts across 

broad expression levels. Their active AMG expression suggests 

ecological roles beyond transient lysis, consistent with persis

tent, non-canonical infections that enable co-existence without 

classical lysogeny.105,106 The hadal zone may further favor 

such non-lytic persistence, as co-existence with hosts may be 

a more energy-efficient strategy than extensive viral replication 

in this nutrient-limited environment.107
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Filtered hadal seawater samples Collected from the 

Mariana Trench, the 

Yap Trench and 

the Philippine Basin

MEER

Chemicals, peptides, and recombinant proteins

1 M Tris-HCl, pH 8.0 Thermo Fisher Scientific cat#15568025

10% SDS solution Invitrogen cat#15553027

Chloroform-isoamyl alcohol, 24:1 Sigma-Aldrich cat#25666

DNA Clean Beads Vazyme cat#N411-02

Ethanol Sangon Biotech cat#A500737-0500

Methanol Macklin cat#M813904-4L

Nuclease-free water Invitrogen cat#AM9937

Protease &Phosohatase Inhibitor single- 

Use Cocktail

Thermo Scientific cat#1861280

RNase A TransGen cat#GE101-01

RNase-free Glycogen ZOMANBIO cat#ZP423-2

Tris-saturated phenol, pH 7.7-8.1 Macklin cat#T917981-200ml

Trypsin/Lys-C Promega cat#V5073

Ammonium acetate Macklin cat#A801001-500g

Dithiothreitol (DTT) Aladdin cat#D104859-25g

EDTA-Na2 Solarbio cat#E8030

Hexadecyl trimethyl ammonium bromide (CTAB) Macklin cat#H811117-100g

Polyethylene glycol 6000(PEG6000) Macklin cat#P815609-500g

PVP Macklin cat#P766521-100g

Sucrose Macklin cat#S6212-500g

Sodium chloride (NaCl) Macklin cat#S805275-500g

Sodium phosphate dibasic (Na2HPO4) Macklin cat#S818100-500g

Sodium phosphate monobasic (NaH2PO4) Macklin cat#S817780-500g

Urea Macklin cat#U6209-500g

Iodoacetamide Sigma-Aldrich cat#I1149-5G

Ammonium bicarbonate Macklin cat#A800859-500g

Critical commercial assays

MGIEasy Fast FS DNA Library Prep Set MGI-Tech, China cat#940-000030-00

DNBSEQ-T10 x 4RS (FCL PE150) MGI-Tech, China cat#940-000100-00

Deposited data

Raw data This paper NODE: OEX00025177

Raw data This paper iProX: PXD045060

Source code for metagenome-guided 

metaproteomic analysis

This paper Zenodo: 10.5281/zenodo.20785637

Mariana Trench Environment and 

Ecology Research (MEER) project dataset

Xiao et al.1 https://www.biosino.org/mash/meer/home

Ocean Microbiomics Database Paoli et al.50 https://microbiomics.io/ocean/

GTDB database release 220 Parks et al.108 https://gtdb.ecogenomic.org/

Pfam database Mistry et al.109 http://pfam.xfam.org/clan/browse

KEGG database Kanehisa et al.110 https://www.kegg.jp

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Kaiju database (kaiju_db_nr_euk_2022-03-10) Menzel et al.111 https://bioinformatics-centre.github.io/kaiju/

COG database Galperin et al.112 https://www.ncbi.nlm.nih.gov/research/COG

VOG database Trgovec-Greif et al.113 https://vogdb.org

PHROG database Terzian et al.114 https://phrogs.lmge.uca.fr

Public upper ocean metaproteomic dataset Giljan et al.26 PRIDE: PXD016702

Public upper ocean metaproteomic dataset Brum et al.28 PRIDE: PXD000938

Public upper ocean metaproteomic dataset Hawley et al.29 PRIDE: PXD004433

Public upper ocean metaproteomic dataset McCain et al.35 PRIDE: PXD022995

Public upper ocean metaproteomic dataset McIlvin et al.36 PRIDE: PXD027351

Heavy metal concentrations in the 

upper ocean water (0-1,000 m)

GEOTRACES database Table S7

Heavy metal concentrations in the 

upper ocean water (0-1,000 m)

MBARI database Table S7

Software and algorithms

fastp (v0.23.2) Chen et al.115 https://github.com/opengene/fastp

MEGAHIT (v1.2.9) Li et al.116 https://github.com/voutcn/megahit

bbmap.sh (v39.01) Bushnell117 https://sourceforge.net/projects/bbmap/

MetaBAT2 (v2.15) Kang et al.118 https://bitbucket.org/berkeleylab/metabat

MaxBin2 (v2.2.7) Wu et al.119 https://sourceforge.net/projects/maxbin2/

CONCOCT (v1.1.0) Alneberg et al.120 https://github.com/binpro/concoct

VAMB (v3.0.2) Nissen et al.121 https://github.com/RasmussenLab/vamb

MetaDecoder (v1.0.14) Liu et al.122 https://github.com/liu-congcong/MetaDecoder

UniteM (v1.2.4) Parks123 https://github.com/dparks1134/UniteM

GUNC (v1.0.5) Orakov et al.124 https://github.com/grp-bork/gunc

dRep (v3.4.0) Olm et al.125 https://github.com/MrOlm/drep

GTDB-Tk (v2.4.0) Chaumeil et al.126 https://github.com/Ecogenomics/GTDBTk

GenomeSPOT (v1.0.1) Barnum et al.127 https://github.com/cultivarium/genomespot

gRodon (v2.5.1) Weissman et al.128 https://github.com/jlw-ecoevo/gRodon2

genome package This paper https://github.com/Hocnonsense/genome

pyrodigal-gv (v0.3.1) Larralde129 https://github.com/althonos/pyrodigal-gv

MANTIS (v1.5.5) Queirós et al.130 https://github.com/PedroMTQ/mantis

kaiju (v1.9.2) Menzel et al.111 https://github.com/bioinformatics-centre/kaiju

pyrodigal (v3.3.0) Larralde131 https://github.com/althonos/pyrodigal

pyhmmsearch (v2025.1.23) Espinoza132 https://github.com/jolespin/pyhmmsearch

MetaCerberus (v1.4.0) Figueroa et al.133 https://github.com/raw-lab/metacerberus

Phylophlan (v3.0.60) Asnicar er al.134 https://github.com/biobakery/phylophlan

IQ-TREE (v2.3.0) Minh et al.135 https://github.com/iqtree/iqtree2

FragPipe (v18.0) Yu et al.136 https://github.com/Nesvilab/FragPipe

MSFragger (v3.5) Kong et al.137 https://github.com/Nesvilab/MSFragger

Philosopher (v4.4.0) da Veiga Leprevost et al.138 https://github.com/Nesvilab/philosopher

MSBooster (v1.1.4) Yang et al.139 https://github.com/Nesvilab/MSBooster

Percolator (v3.05) The et al.140 https://github.com/percolator/percolator

ProteinProphet (v4.4.0) Nesvizhskii et al.141 https://proteinprophet.sourceforge.net

IonQuant (v1.8.0) Yu et al.142 https://github.com/Nesvilab/IonQuant

featureCounts (v2.0.6) Liao et al.143 https://subread.sourceforge.net/featureCounts.html

bwa (v0.7.17-r1188) Li et al.144 https://github.com/lh3/bwa

CoverM (v0.6.1) Aroney et al.145 https://github.com/wwood/CoverM

MMseqs (v15.6f452) Steinegger et al.146 https://github.com/soedinglab/MMseqs2

adephylo (v1.1.17) Jombart et al.147 https://github.com/adeverse/adephylo

phytools (v2.5.2) Revell148 https://github.com/liamrevell/phytools

(Continued on next page)
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

No experimental models nor human participants were included in this study. Samples used in this study were directly collected from 

natural oceanic environments using the HOV Fendouzhe and equipment onboard. No culturing of microbe strains, cell lines, nor pri

mary cell cultures has been conducted.

METHOD DETAILS

Sample collection and processing

The ISMIFF was operated according to the manufacturer’s instructions. In general, all tubes were thoroughly washed and prefilled 

with Milli-Q water before the PVDF membrane (142 mm, 0.22 μm, MilliporeSigma Company) was placed into the filtration cassette. 

The ISMIFF was mounted onto the rear of the human-occupied vehicle (HOV), which was approximately 1 m above the sea bed. 

Filtration programs were set to initiate one hour after the submersible was supposed to reach the bottom and terminate one hour 

before the end of bottom operation or if the volume of filtered seawater reached 200 L before the set time. Once the submersible 

was back on the deck, the membrane was removed from the filtration cassette with a sterile tweezer, transferred into a sterile sample 

bag and conserved at -80◦C. In total, 12 in situ filtered samples were collected by the ISMIFF from October to November 2021, 

including seven samples from the Mariana Trench, one from the Yap Trench and four from the West Philippine Basin at the water 

depths ranging from 6-11 km b.s.l. Among the samples from the Mariana Trench, two were collected along the bottom axis of the 

trench (FDZ061 and FDZ077), two were collected on the northern slope (FDZ071 and FDZ076) and the remaining three were collected 

on the southern slope (FDZ062, FDZ072, and FDZ075). The sampling sites and submersible trajectories during ISMIFF operation are 

shown in Table S1.

Heavy metal concentration measurements

All seawater samples were diluted 15-fold with 2% nitric acid prior to analysis. Concentrations of arsenic (As), selenium (Se), copper 

(Cu), manganese (Mn), and zinc (Zn) were determined using inductively coupled plasma mass spectrometry (ICP-MS; NexION2000G, 

PerkinElmer, CA, USA), applying the standard addition method with rhodium (Rh) as an internal standard for matrix correction. Total 

mercury (Hg) concentrations were measured using an atomic fluorescence spectrometry speciation analyzer (AFS; SA-10, Beijing 

Ji-Tian Instrument Co., Ltd., Beijing, China). Samples were introduced into the reaction system using 2% (v/v) HNO₃ as the carrier 

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

geNomad (v1.8.0) Camargo et al.149 https://github.com/apcamargo/genomad

CheckV (v1.0.1) Nayfach et al.150 https://bitbucket.org/berkeleylab/checkv/src/master/

BLAST+ (v2.16.0) Camacho et al.151 https://blast.ncbi.nlm.nih.gov/Blast.cgi

igraph (v0.11.8) Csardi et al.152 https://igraph.org

Custom viral clustering pipeline Camargo153 https://github.com/apcamargo/bioinformatics- 

snakemake-pipelines/tree/main/contig-ani- 

leiden-clustering-pipeline

hmmsearch (v3.4) Eddy154 http://hmmer.org

VIBRANT (v1.2.1) Kieft et al.155 https://github.com/AnantharamanLab/VIBRANT

PhaTYP Shang et al.156 https://github.com/KennthShang/PhaBOX

PhaBOX2 (v2.1.9) Shang et al.157 https://github.com/KennthShang/PhaBOX

ProkBERT PhaStyle (v0.1) Ligeti et al.158 https://github.com/nbrg-ppcu/PhaStyle

iPHoP (v1.3.3) Roux et al.159 https://bitbucket.org/srouxjgi/iphop/src/main/

tRNAscan-SE (v2.0.12) Chan et al.160 https://github.com/UCSC-LoweLab/tRNAscan-SE

CHERRY Shang et al.161 https://github.com/KennthShang/PhaBOX

PHAROKKA (v1.9.0) Bouras et al.162 https://github.com/gbouras13/pharokka

CheckAMG Kosmopoulos et al.163 https://github.com/AnantharamanLab/CheckAMG

R (v4.4) R Core Team164 https://www.r-project.org

stats (v 4.4.3) R Core Team164 https://www.r-project.org

clusterProfiler (v 4.14.6) Yu et al.165 https://github.com/YuLab-SMU/clusterProfiler

ggplot2 (v 4.0.1) Wickham166 https://ggplot2.tidyverse.org

ggpubr (v0.6.2) Kassambara167 https://rpkgs.datanovia.com/ggpubr/

vegan (v2.7.2) Oksanen et al.168 https://vegandevs.github.io/vegan/

ineq (v0.2.13) Zeileis et al.169 https://CRAN.R-project.org/package=ineq
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solution. Mercury was reduced to elemental vapor (Hg⁰) using a freshly prepared reducing solution (10 g/L KBH₄ + 5 g/L KOH) prior to 

detection. The generated Hg⁰ vapor was transported by argon gas (99.999%) into the fluorescence cell, where mercury atoms were 

excited by a hollow cathode lamp (λ = 254 nm). The emitted fluorescence was detected using a photomultiplier, and signal intensity 

was quantified against external calibration standards. Upper ocean reference data were obtained from publicly available databases 

covering the 0–1,000 m water column. Specifically, Cu, Mn, and Zn concentrations were retrieved from the GEOTRACES database 

(https://www.geotraces.org/), while As, Hg, and Se data were obtained from the MBARI database (https://www.mbari.org/).

Coextraction of DNA and protein

The filter membrane with retained microorganisms was put into a ceramic mortar, liquid nitrogen was added, and the membrane was 

ground to powder. 1/2 of the filter membrane powder, 1 g quartz sand (∼1 mm diameter), 1 mL sodium dodecyl sulfate (SDS) buffer 

(1% SDS, 240 mM sodium phosphate buffer (pH 8.0), 20 mM ethylenediaminetetraacetic acid (EDTA), 40mM dithiothreitol (DTT), 

60% sucrose), 3 mL phenol (Tris saturated phenol, pH 7.7-8.1, containing 0.1% 8-hydroxyquinoline), 0.06g dithiothreitol (DTT), 

and 30 μL protease inhibitor (Halt™ Protease and Phosphatase Inhibitor Single-Use Cocktail, Thermo Scientific) were added into 

15 mL sterile polypropylene centrifuge tubes. Then, the samples were homogenized (4 m/s, 20 s) three times (3 min intervals) with 

a homogenizer (FastPrep-24, MP Biomedical). After grinding, the tubes were centrifuged (10,000 ×g, 5 min, 4 ◦C).

The upper organic phase was transferred to a 15 mL centrifuge tube, mixed by inversion with five times the volume of methanol- 

ammonium acetate (0.1 M ammonium acetate dissolved in methanol), and centrifuged (10,000 ×g, 10 min) after 16 hours of incuba

tion at -20 ◦C. After suspension in 1 mL anhydrous ethanol, the precipitate was transferred to a 1.5 mL centrifuge tube and centrifuged 

(14,000 ×g, 5 min). Then, the precipitate was rinsed with anhydrous ethanol again. The protein precipitate was air-dried and finally 

dissolved in 50μL of 8 M urea (8 M urea dissolved in 0.1 M Tris-HCl, pH 8.0). Bradford reagent was used to determine the protein 

concentration. The extracted protein solution was used immediately for digestion and purification or stored at -70 ◦C for subsequent 

experiments.

After the phenol organic phase was removed, 1 mL of hexadecyl trimethyl ammonium bromide (CTAB) buffer (2% CTAB, 1.4 M 

NaCl, 240 mM sodium phosphate buffer (pH 8.0), 20 mM EDTA, 2% polyvinylpyrrolidone (average mol wt 40000)), were added to 

the residual system followed by brief vortexing and incubation at 55◦C for 15∼20 min with occasional gentle inversion.

The centrifuge tubes were kept at room temperature for approximately 3 min, followed by the addition of an equal volume of 

chloroform–isoamyl alcohol (24:1). After thorough vortexing, samples were centrifuged at 10,000 × g for 10 min at 4 ◦C.

The upper aqueous phase was then divided into 2 mL centrifuge tubes (no more than 900 μL of sample per tube), mixed with an 

equal volume of the sample volume of polyethylene glycol (PEG) solution (30% PEG 6000 dissolved in 1.6 M NaCl) and 1μL of 

glycogen (RNase free), incubated for 2 hours at 4 ◦C, and centrifuged (14,000 ×g, 15 min). The supernatant was carefully aspirated 

to avoid precipitate loss, and the precipitate was rinsed with 1 mL of cold 75% ethanol, followed by centrifugation (14,000 ×g, 3 min). 

Then, the supernatant was carefully aspirated and air dried. The nucleic acid precipitate was dissolved in TE buffer (Zymo Research). 

The nucleic acid solution was mixed with 1μL of RNase A (TransGen) and incubated at 37 ◦C for 30 min, and the DNA was purified 

using the DNA clean beads(vazyme) according to the manufacturer’s instructions. The purified DNA was stored at -70 ◦C until library 

preparation and sequencing.

Enzymatic cleavage of proteins and purification of peptides

According to the concentrations determined by the Bradford method, 1-10 μg of protein in 8M urea into a 1.5mL centrifuge tube and 

the final volume was adjusted to 100 μL with 8 M urea. The protein solution was mixed with 1μL of 1M DTT (1 M DTT dissolved in 8 M 

urea) and incubated at 37 ◦C for 60 min. Then, the sample was mixed with 4μL of 1M IAA (1M IAA dissolved in 25 mM ammonium 

bicarbonate) and incubated for 30 min at room temperature while being protected from light.

Alkylated proteins were precipitated the a by adding five volumes of acetone/acetic acid (100:0.1, v/v), mixed thoroughly and incu

bated overnight at 4 ◦C. The samples were then centrifuged at 13,000 rpm for 60 min at 4 ◦C. Carefully remove the supernatant, the 

resulting pellet was washed with 1 mL of 90% acetone, followed by centrifugation at 13,000 rpm for 30 min at 4 ◦C. After removal of 

the supernatant, the pellet was air-dried at room temperature for approximately 30 min. The dried protein pellet was resuspended in 

100 μL of trypsin/Lys-C dissolved in 25mM ammonium bicarbonate, with an enzyme-to-protein ratio of 1:10–1:20 (w/w) and incubate 

at 37◦C for 16 hours.

Following digestion, the samples were centrifuged at 13,000 rpm for 20 min and the supernatant was carefully collected. The pH of 

the peptide solution was adjusted to approximately 2.0 by the addition of 100% formic acid. Peptides were desalted using a micro 

desalting column (Empore Products) and eluted with 15 μL of 0.1% formic acid. After vortexing for 5–10 seconds and centrifugation at 

12,000 rpm for 1 min, 13 μL of the eluate was transferred to a sample vial for subsequent mass spectrometry analysis.

Mass spectrometry data acquisition

Based on the concentrations determined by Nanodrop, 8 μL of peptide solution was used per injection in the nanoscale liquid chro

matographic tandem mass spectrometry (nLC‒MS/MS) system comprised of a nanoElute® liquid chromatography instrument 

(Bruker) and timsTOF Pro mass spectrometry instrument (Bruker). Peptides were separated on a reversed-phase C18 analytical col

umn (25 cm × 75 μm ID, APT) with an overall gradient from 2% to 95% acetonitrile at a flow rate of 300 nL/min over 90 min at 60 ◦C. 

Data-dependent acquisition (DDA) was performed in PASEF mode (oTOF control v6.0.0.12). The ion mobility window was set to 1/k0 

start = 0.6 Vs/cm2 to 1/k0 end = 1.6 Vs/cm2, with a ramp time of 100 ms with a locked duty cycle and a mass range of 100-1,700 m/z. 
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MS/MS spectra were acquired with an accumulation time of 2 ms and a cycle time of 100 ms. The target intensity was set at 6,000, 

and the threshold intensity was set at 200.

Sequencing data processing, metagenomics assembly, and binning

Approximately 10 ng of metagenomic DNA was fragmented to ∼500 bp for preparation of the DNA libraries. Then, the library DNA 

samples were constructed by the FAST PCR-free Kit (MGI, BGI, China) and sequenced on the DNBSEQ-T series machines to obtain 

150 bp of read-length raw reads. Two libraries were constructed for each sample (Table S1).

Raw reads from each library were filtered using fastp (v0.23.2) with the parameter settings (params) ‘‘–length_required 100 -w 16 

–cut_front –cut_right –cut_window_size 4 –cut_mean_quality 20’’ 115. For assembly, overlapping paired reads were merged with 

fastp with params ‘‘-m –merged_out’’ and those described above and assembled using MEGAHIT (v1.2.9) with params ‘‘–presets 

meta-sensitive -r’’116. Raw reads were filtered again without merging to generate clean reads for recall and mapped to contigs 

with lengths ≥1,000 bp to calculate contig coverage using bbmap.sh (v39.01) with params ‘‘nodisk k=13 minid=0.95 keepnames=t 

minaveragequality=5 trimreaddescriptions=t pairlen=350 rescuedist=650’’117. Contigs of at least 2,500 bp were used in binning. 

Fourteen parallel-binned results for each sample were generated (9 with MetaBAT2 (v2.15),118 2 with MaxBin2 (v2.2.7),119 and 1 

each with CONCOCT (v1.1.0),120 VAMB (v3.0.2),121 and MetaDecoder (v1.0.14)122), ensembled using UniteM (v1.2.4)123 with params 

‘‘greedy’’ and filtered with completeness – 5 × contamination ≥ 50 and the GUNC (v1.0.5).124 Filtered bins were collected and clus

tered using dRep (v3.4.0)125 at 95% ANI, and the representative genome of each cluster was collected as the MAG set used in this 

study. Taxonomic classification of MAGs was performed using the GTDB-Tk pipeline (v2.4.0)126 based on the Genome Taxonomy 

Database (GTDB, release 220).108 The growth conditions of all representative MAGs were predicted using GenomeSPOT 

(v1.0.1).127 Maximal growth rates were estimated with gRodon (v2.5.1),128 using ribosomal proteins listed in KEGG BRITE 

ko03010 as the set of highly expressed genes. Coding density, codon usage bias, the average number of nitrogen atoms in amino 

acid side chains, the average number of sulfur atoms in amino acid side chains, and average protein weight were calculated using in- 

house scripts (https://github.com/Hocnonsense/genome), with codon usage bias estimated following previously described 

method.170

Gene annotation and metaproteomic database construction

Coding sequences were predicted from contigs by pyrodigal-gv (v0.3.1),129,131,149,171 and those encoding proteins with length < 33 

amino acids were removed. Functional annotation including Pfam109,172 and KEGG110 was performed by MANTIS (v1.5.5),130 and the 

taxonomy of the contig genes was annotated by kaiju (v1.9.2)111 with a public database (kaiju_db_nr_euk_2022-03-10, downloaded 

from kaiju.binf.ku.dk). To build the contig protein dataset for metaproteomic searching, sequences with length < 50 amino acids were 

removed for better performance. Genes from MAGs were predicted by pyrodigal (v3.3.0),131,171 filtered for at least 33 amino acids, 

and annotated with MANTIS. For COG annotation, pyhmmsearch (v2025.1.23)132,154,173 was used to search against the COG HMM 

profiles provided by MetaCerberus (v1.4.0),112,133 with an E-value cutoff of < 1e− 5. Both MAG and contig genes were used for pep

tide searching, and 83.1% MAG-based peptides (383,134 of 453,341 peptides) were consistent with contig-based peptides (629,338 

peptides), showing a high consistency.

Phylophlan (v3.0.60),134 with the phylophlan database (downloaded automatically by the tool) with params ‘‘–diversity high –fast 

–min_num_markers 1’’, was then used to create a phylogeny alignment of the MAG set. The phylogenetic tree was reconstructed 

using IQ-TREE (v2.3.0) with params ‘‘-m MFP -B 1000 –bnni -redo’’135.

Metaproteomic searching, peptide validation, protein inference and quantification

Raw DDA files from three replicate injections of peptides acquired on a timsTOF Pro mass spectrometer (Bruker) were used. The 

FragPipe platform (v18.0)136 with MSFragger (v3.5)137 and Philosopher (v4.4.0)138 were used to perform decoy generation, searching, 

peptide validation, and protein inference. Reversed protein sequences were appended to the original databases as decoys for 

MSFragger. The common repository of adventitious proteins (cRAP, https://www.thegpm.org/crap/) was used as the contaminant 

proteins. For the two-step database search, the initial search was performed with both precursor and fragment mass tolerances 

set to 40 ppm. Tryptic cleavage specificity was applied, and up to two missed trypsin cleavages were allowed. Isotope error was 

set to 0/1/2. Peptides with 750 amino acids and 500-5,000 Da were considered for identification. The search included variable methi

onine oxidation, variable protein N-terminal acetylation, and fixed carbamidomethyl cysteine modifications. The maximum number of 

variable modifications per peptide was set to 3. The peptide-spectrum matches (PSMs) were further rescored using deep learning 

prediction by the MSBooster (v1.1.4)139 module, and discrimination between correct and decoy spectra was performed by Perco

lator (v3.05).140 The validated peptides were assigned either as unique peptides to a particular protein or as razor peptides to a single 

protein that had the most peptide evidence by ProteinProphet (v4.4.0).141 The results of the first step, including peptides and pro

teins, were filtered with a 25% false discovery rate (FDR). For the second step of the search, the inferred proteins generated from 

the first search were used as the database and then subjected to the same parameters, except they were filtered with a 1% FDR. 

The MaxLFQ intensity, including unique and razor peptides, was calculated using IonQuant (v1.8.0)142 with a 1% match between 

run ion FDR and one MaxLFQ min ion. Proteins that had at least one unique peptide count were retained.

ll
OPEN ACCESS Article 

e5 Cell Host & Microbe 34, 1540–1559.e1–e10, August 12, 2026 

https://github.com/Hocnonsense/genome
https://www.thegpm.org/crap/


Metagenomic and metaproteomic relative abundance of contig genes/proteins

In this study, peptide abundance was defined as the sum of all unique peptide-spectrum matches (PSMs) corresponding to that pep

tide across all three injections, while protein abundance was defined as the total number of unique PSMs associated with all peptides 

belonging to a given protein. The metaproteomic relative abundance of contig proteins (subgroups) is presented in relative units 

across this dataset of unique PSM counts per sample,174 which was calculated with the following equation:

[MP]protein =
[unique PSM count]protein

[total unique PSM count]
⋅ 100%; (Equation 2) 

where [MP]protein refers to the metaproteomic relative abundance of a given protein (subgroup), and [total unique PSM count] refers to 

the sum of [unique PSM count] in one sample from all three injects.

The metaproteomic relative abundance of key functions was calculated with the following equation:

[MP]KO =

∑
[unique PSM count]proteinσprotein;KO

[total unique PSM count]
⋅ 100%; (Equation 3) 

where [MP]KO refers to the metaproteomic relative abundance of a given KO, and σprotein;KO = 1 if this protein was annotated as the 

key function else 0. The functional annotation of the protein subgroup was calculated as the lowest common taxonomy annotation of 

all related proteins.

The metagenomic relative abundance of individual genes on contigs was calculated as the GPM value by featureCounts (v2.0.6)143

with params ‘‘-M—fraction’’ and formula

GPM = 106 ×
total reads mapped to gene=gene length in bp

∑
(total reads mapped to gene=gene length in bp)

; (Equation 4) 

and the metagenomic abundance of KO function [MG]KOwas calculated as the total GPM of all related genes.175

Metagenomic and metaproteomic relative abundance of MAGs

Clean reads from two libraries of each sample were concatenated and mapped to those representative MAGs with bwa (v0.7.17- 

r1188)144 for CoverM (v0.6.1)145 to calculate the metagenomic relative abundance ([MG]MAG, or [MG]) of MAGs with params ‘‘-m rel

ative_abundance’’. For metaproteomic-level abundance estimation, all MAG-derived proteins were compiled to construct a MAG 

protein database. A few protein clusters contained genes from two or more MAGs and were ignored in the analysis. Among the 

552 representative MAGs, 527 were used for quantitative analysis. These MAGs were supported by at least three unique proteins 

in at least one sample and exhibited non-zero proteomic abundance in at least three samples. Notably, ∼60% were detected in 

at least 11 of the 12 samples, indicating consistent population-level activity in the environment. The metaproteomic abundance of 

MAGs was presented considering both unique PSM counts and genomic content with the following equation, i.e., PPGM:

[MP]MAG =

∑
[unique PSM count]proteinσprotein;MAG

∑
σprotein;MAG[total MP]

⋅ 100%; (Equation 5) 

where [MP]MAG (or simpler, [MP]) refers to the metaproteomic abundance of MAGs, σprotein;MAG = 1 if this protein was only anno

tated from the MAG else 0, 
∑

σprotein;MAG refers to the number of genes predicted from the MAG, and [total MP] was the sum of all 

[MP]MAG in a sample. The relative abundance of higher taxa was calculated as the sum of the abundance of related MAGs. We next 

defined the expression level a as the ratio of metaproteomic relative abundance and metagenomic relative abundance with the 

following equation:

a =
[MP]

[MG]:
(Equation 6) 

For a higher taxon u consisting of n MAGs, the expression level au was defined with the following equation:

au =
∑n

i = 1

ai ⋅ ci; (Equation 7) 

where ci was defined as the weighting factor of MAG i proportional to [MG]i. Then we have

au =
∑n

i = 1

ai ⋅

⎛

⎜
⎜
⎜
⎝

[MG]i
∑n

j = 1

[MG]j

⎞

⎟
⎟
⎟
⎠
;

=
∑n

i = 1

ai ⋅ [MG]i
[MG]u

;
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=

∑n

i = 1

ai ⋅ [MG]i

[MG]u
;

=

∑n

i = 1

[MP]i
[MG]i

⋅ [MG]i

[MG]u
;

=

∑n

i = 1

[MP]i

[MG]u
;

=
[MP]u
[MG]u

; (Equation 8) 

where [MP]u and [MG]u refer to the relative abundance of MAG set u, and for the entire community, we have

atotal =
[MP]total

[MG]total

= 1: (Equation 9) 

Correlations between metagenomic abundance and metaproteomic expression

The gene expression profile of a MAG measured by the metaproteomic method may be correlated to metaproteomic abundance 

[MG], and we transformed the protein results inferred from the metaproteome to several quantitative indexes for each MAG. Any pro

tein subgroup potentially referring to two or more MAGs was ignored as described above. Three important items from ‘‘combined_

protein.tsv’’ provided by FragPipe were used, i.e., ‘‘[experiment] spectral peptide count’’, ‘‘[experiment] unique spectral count’’, and 

‘‘[experiment] MaxLFQ intensity’’, which were obtained from the protein summary generated from FragPipe according to these 

formulas:

[SampleSpectralCount]protein =
∑

Injection

[[experiment] spectral peptide count]; (Equation 10) 

[SampleUniqueCount]protein =
∑

Injection

[[experiment] unique PSM count]; (Equation 11) 

[SampleIntensityFreq]protein =
∑

Injection

([[experiment] unique PSM count] > 0); (Equation 12) 

[MaxLFQ]protein =

⎧
⎪⎪⎨

⎪⎪⎩

0 if [SampleIntensityFreq]< 2;

∑

Injection

[[experiment] MaxLFQ intensity]

[SampleIntensityFreq]
otherwise:

(Equation 13) 

We used these indexes to describe the protein expression of each MAG in one sample:

[SpectralCount]MAG =
∑

[SampleSpectralCount]proteinσprotein;MAG; (Equation 14) 

[SpectralMean]MAG =
[SpectralCount]MAG∑(

[SampleSpectralCount]proteinσprotein;MAG > 0
) ; (Equation 15) 

[UniqueCount]MAG =
∑

[SampleUniqueCount]proteinσprotein;MAG; (Equation 16) 

[UniqueMean]MAG =
[UniqueCount]MAG∑(

[SampleUniqueCount]proteinσprotein;MAG > 0
) ; (Equation 17) 

[ProteinCount]MAG =
∑(

[SampleUniqueCount]proteinσprotein;MAG > 0
)
; (Equation 18) 

[QuantProteinCount]MAG =
∑(

[MaxLFQ]protein > 0
)
σprotein;MAG; (Equation 19) 
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[QuantSum]MAG =
∑

[MaxLFQ]proteinσprotein;MAG; (Equation 20) 

[QuantMean]MAG =
[QuantSum]MAG∑(

[MaxLFQ]proteinσprotein;MAG > 0
) ; (Equation 21) 

[QuantMedian]MAG = Q
(
[MaxLFQ]proteinσprotein;MAG;50%

)
; (Equation 22) 

[QuantSumTop3]MAG =
∑

MAX 3
(
[MaxLFQ]proteinσprotein;MAG

)
; (Equation 23) 

[QuantTop1 4]MAG = Q
(
[MaxLFQ]proteinσprotein;MAG;25%

)
; (Equation 24) 

We also adjusted protein expression according to MAG gene content:

[PerSpectral]MAG =
[SpectralCount]MAG∑

σprotein;MAG

; (Equation 25) 

[PerUnique]MAG =
[UniqueCount]MAG∑

σprotein;MAG

; (Equation 26) 

[PerProtein]MAG =
[ProteinCount]MAG∑

σprotein;MAG

; (Equation 27) 

[PerQuantSum]MAG =
[QuantSum]MAG∑

σprotein;MAG

; (Equation 28) 

where Q(x;50%) refers to the median of number set x ∈ R+ and MAX 3(x) refers to the highest three numbers of x (or all numbers if 
∑

(x > 0)< 3).

All indexes described here were compared with [MG], and we found that [PerUnique]MAG obtained the highest correlation 

(Spearman correlation = 0.65), followed by [PerSpectral]MAG. We next scaled [PerUnique]MAG to 100% in each sample to represent 

the intensity of genomic activity, which is referred to as [MP] in other parts of this article. For indexes using MaxLFQ intensity, we 

found that [QuantSumTop3]MAG obtained high correlation with both [QuantSum]MAG and [QuantMean]MAG, indicating that the highest 

intensity of the protein predominated over all other protein expression information.

The correlation between metagenomic relative abundance and metaproteomic relative abundance was also determined at 

different taxa levels, and both [PerSpectral]order and [PerUnique]order performed better than all other methods. While 

[PerSpectral]order was superior to [PerUnique]order for most taxonomic levels, we still chose [PerUnique]order because the results 

were better defined. In summary, [PerSpectral]and [PerUnique] performed well in calculating (unique) PSMs per gene per MAG at 

different taxonomic levels and built a bridge between the metagenome and metaproteome. We also found that when the metage

nomic abundance was below 0.03%, the corresponding order might only be detected with a few proteins. We believe this abundance 

data may have considerable errors, so we excluded these points during fitting.

Comparing the metaproteome from hadal seawater with other metaproteomic datasets

To compare MEER-APD with other environmental metaproteomic studies, public metaproteomic studies were retrieved from the 

ProteomeXchange (https://www.proteomexchange.org/)176 database using the keyword filter (species=environmental). Data from 

five studies on environmental marine samples, which publicly released both their mass spectrometry data and the corresponding 

expressed protein amino acid sequences, were downloaded.26,28,29,35,36 The functional annotation of these publicly available protein 

sequences was performed using MANTIS, as described above. For the dataset from Hawley et al.,29 only protein sequences sup

ported by unique peptides were retained to avoid redundancy in the metagenomic database. All retained protein sequences from 

these studies, together with those detected in the contig-based and MAG-based dataset in this study, were clustered using MMseqs 

(v15.6f452)146 following UniRef standard.177 Briefly, protein sequences were clustered successively with params ‘‘-c 1.0 –cov-mode 

1 –min-seq-id 1.0 –exact-kmer-matching 1’’, ‘‘–cov-mode 0 -c 0.8 –min-seq-id 0.9’’, and ‘‘–cov-mode 0 -c 0.8 –min-seq-id 0.5’’.

Phylogenetic inference of evolutionary dynamics and biogeographic patterns

To investigate the evolutionary dynamics of microbial lineages between hadal and non-hadal environments, we integrated represen

tative genomes from three datasets: genomes from the Ocean Microbiomics Database (OMD),50 hadal sediment genomes from the 

MEER project,1 and hadal seawater genomes generated in this study. This combined dataset was dereplicated into species-level clus

ters at a 95% ANI threshold using dRep. We first inferred the environmental provenance of the hadal seawater MAGs based on their co- 

clustering patterns. Specifically, a hadal seawater MAG was designated as co-occurring in the upper ocean if it clustered with repre

sentative genomes from the OMD, whereas it was defined as present in hadal sediments if it co-clustered with genomes from the 
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MEER dataset. Subsequently, each species cluster could be placed into a single genus, and phylogenetic trees of all non-redundant 

genomes were built at the genus level for higher resolution. For each species cluster containing genomes from both hadal (> 6,000 m) 

and non-hadal environments, we inferred evolutionary directionality using two complementary approaches: (1) phylogenetic proximity 

analysis, where pairwise distances were calculated using adephylo (v1.1.17)147 and the relative positions of hadal versus non-hadal 

genomes to the cluster root were compared using Wilcoxon rank-sum tests (Benjamini-Hochberg adjusted); and (2) ancestral state 

reconstruction via stochastic character mapping (phytools (v2.5.2),148 SYM model, 100 replicates) to estimate the posterior probability 

of a hadal root state and transition frequencies. Species clusters were assigned to evolutionary pattern groups based on the following 

hierarchical criteria: (1) ‘‘hadal to non-hadal’’: clusters where the root was inferred to be hadal (p_hadal_root > 0.9) or hadal genomes 

were significantly closer to the root position (Wilcoxon rank-sum tests, adjusted p < 0.05); (2) ‘‘widespread’’: clusters with frequent 

depth-layer transitions (>1 transition per branch on average); (3) ‘‘non-hadal to hadal’’: remaining clusters showing gradual coloniza

tion of hadal environments. Clusters with insufficient sampling (only one genome in either environment) or ambiguous rooting (midpoint 

rooting due to the absence of sister species within the genus) were assigned as ‘‘unknown’’ and excluded from downstream analyses. 

All other species clusters found exclusively in the hadal zone were assigned as ‘‘hadal-specific’’.

Viral sequence identification, clustering, taxonomic assignment, and lifestyle prediction

Viral sequences were identified from assembled contigs ( ≥ 5,000 bp) across 12 samples using geNomad (v1.8.0).149 Quality assess

ment and trimming of non-viral regions were performed with CheckV (v1.0.1),150 and only sequences ≥ 5,000 bp after trimming were 

retained for downstream analysis. Viral sequences were clustered into species-level vOTUs following the MIUViG criteria (95% ANI 

and ≥85% alignment fraction).178 Pairwise similarities were calculated using all-versus-all BLAST+ (v2.16.0, -task megablast -evalue 

1e-5 -max_target_seqs 25000)151 and clusters were defined using the Leiden algorithm179 (igraph v0.11.8,152 resolution = 1.0) with 

scripts adapted from a publicly available pipeline (https://github.com/apcamargo/bioinformatics-snakemake-pipelines/tree/main/ 

contig-ani-leiden-clustering-pipeline).153 Representative vOTUs were re-evaluated with CheckV, and taxonomic assignment was 

performed using the annotate function in geNomad. Viral lifestyle was predicted using multiple complementary approaches. 

Temperate viruses were identified based on: (i) prophage signals detected by geNomad or CheckV; (ii) presence of lysogeny-related 

genes (e.g., integrase, recombinase, transposase, repressor, ParA/ParB) identified using Pfam HMMs with hmmsearch (v3.4, 

–cut_ga)180,181 (iii) prediction by VIBRANT (v1.2.1)155; (iv) concordant temperate prediction by PhaTYP (score > 0.75, included in 

the PhaBOX2 software, v2.1.9)156,157 and ProkBERT PhaStyle (v0.1, PhaStyle-mini model)158; or (v) detection of lysogeny-associated 

VOGs in MetaCerberus annotations.113 vOTUs lacking evidence for lysogeny were classified as putatively virulent. A full list of 

lysogeny-related marker genes is provided in the Zenodo repository described in the Data and code availability section.

Prediction of virus–host linkage

All reconstructed MAGs were used as the host reference database. Virus-host linkages were predicted based on four different 

in silico strategies: CRISPR spacer matching, nucleotide homology, k-mer composition, and tRNA matching. Host prediction was 

first conducted using iPHoP (v1.3.3)159 with default parameters. Shared tRNAs between viruses and hosts were identified by anno

tating tRNAs with tRNAscan-SE (v2.0.12)160 (‘‘-B’’ for bacterial MAGs, ‘‘-A’’ for archaeal MAGs, and ‘‘-G’’ for vOTUs). Viral and host 

tRNAs were compared using BLASTn with stringent criteria (‘‘-perc_identity 100 -qcov_hsp_perc 100’’), requiring 100% identity over 

100% coverage. Host prediction was further performed using CHERRY161 implemented in PhaBOX2. Virus–host associations sup

ported by at least one method were retained as putative linkages.

vOTU abundance calculation

Relative abundance was used to quantify vOTUs at both the metagenomic and metaproteomic levels. Metaproteomic abundance 

was calculated using the previously defined PPGM metric. For metagenomic data, reads were first mapped to vOTUs using bwa. 

Subsequently, vOTU relative abundance was estimated using the contig mode in CoverM, applying thresholds of 95% sequence 

identity and 90% aligned fraction. Contigs with less than 70% of their length covered by mapped reads in a given sample were as

signed zero coverage. Average contig coverage was calculated using the trimmed_mean method in CoverM, which excludes the 

highest and lowest 10% of coverage values. Normalization was performed by dividing the average coverage of each contig by 

the number of trimmed reads in the corresponding sample and then scaling by the mean read count across all samples.

Viral gene annotation

Coding sequences were predicted from representative vOTUs using the annotate function in geNomad. To improve gene identifica

tion and functional annotation, multiple complementary databases and tools were applied. Annotations from geNomad were re

tained, while additional annotations were generated using PHAROKKA (v1.9.0, pharokka_proteins.py function with default set

tings)162 against the PHROG database,114 pyhmmsearch against the COG HMM profiles provided by MetaCerberus 

(E-value < 1e-05), and MANTIS for Pfam and KEGG assignments. Viral hallmark genes were identified if any of the following criteria 

were met: (i) geNomad_virus_hallmark = 1; (ii) PHROG annotations belonging to the categories ‘head and packaging’, ‘connector’, 

‘tail’, ‘integration and excision’, or ‘lysis’; (iii) COG annotations assigned to category X (Mobilome: prophages, transposons); or (iv) 

KEGG classification corresponding to Viral protein families. In addition, a supplementary list of potential hallmark genes based on 

annotations from the KEGG, Pfam, and PHROG databases was compiled following the CheckAMG framework (https://github. 

com/AnantharamanLab/CheckAMG),163 with the list provided in the Zenodo repository described in the Data and code availability 
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section. Viral core genes, defined as genes closely associated with viral replication and structural functions, included hallmark genes, 

genes matching a curated list of lysogeny-related markers, and genes whose annotations contained specific keywords (also see Data 

and code availability section). Auxiliary metabolic genes (AMGs) were identified when located between two viral core genes on a viral 

contig or when at least one hallmark gene was present on the same contig. Candidate AMGs were further manually inspected, and 

functional assignments were prioritized in the order KEGG > COG > Pfam > PHROG.

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analyses were performed in R (v 4.4, https://www.r-project.org/).164 KEGG functional enrichment analysis was per

formed using the clusterProfiler package.165 Metaproteomic and metagenomic relative abundances were modeled using a linear 

regression forced through the origin (Equation 1) with stats::lm() (v 4.4.3),164 and model significance was assessed via F-test using 

stats::pf(). Orders with non-zero proteomic abundance in at least three samples were included, with those below 0.03% metage

nomic abundance excluded from the analysis. Taxa with adjusted R2 < 0.5 or p > 0.01 were designated as "unfitted"; remaining 

taxa were classified as "highly active" (a > 1) or "lowly active" (a < 1). For virus–host regression analyses, linear regression and 

Pearson correlation coefficients were computed using ggplot2::geom_smooth(method = "lm") (v 4.0.1)166 and stats::cor.test(), 

respectively. Where applicable, differences between two groups were assessed using two-tailed Wilcoxon rank-sum tests via 

ggpubr::stat_compare_means() (v 0.6.2),167 with p ≤ 0.05 considered statistically significant. Data distributions are displayed as 

violin plots with embedded boxplots, with the center line indicating the median and box bounds indicating the interquartile range. 

For COG functional category enrichment analysis, a 2×2 contingency table was constructed for each functional category in highly 

active and lowly active groups independently, comparing the number of COGs with detected proteins in the metaproteome versus 

total COGs annotated in the metagenome. Two-tailed Fisher’s exact test was applied using stats::fisher.test(), and resulting p-values 

were corrected using the Benjamini–Hochberg (BH) method. Community dissimilarity between samples was assessed using non- 

metric multidimensional scaling (NMDS) based on Bray–Curtis dissimilarity at the order level using vegan::metaMDS() (v 2.7.2).168

Permutational multivariate analysis of variance (PERMANOVA) was conducted using vegan::adonis2() with location as the grouping 

variable (Bray–Curtis dissimilarity, 999 permutations) to test for significant differences among groups. The number of observations 

(n) for each statistical analysis is reported in the corresponding figure legends. Gini index was calculated using the R package ineq 

(v0.2.13).169
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