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SUMMARY

Plate subduction creates unique topographic features in hadal trenches, yet their influence on microbial eco-
systems and the global ocean remains unclear. Here, we conducted a topography-targeted investigation
across 6-11 km of water depth within the Mariana Trench, integrating metagenomic, metaproteomic, and
geochemical analyses. Coupled with high-resolution topographic mapping, our analyses reveal topography
as an overlooked determinant of hadal geochemical and microbial heterogeneity. Convex areas exhibit clas-
sical sediment-depth-decay patterns with sparse, cooperative microbial communities. Conversely, concave
features maintain higher biomass and activity as well as dense microbial interactions. Critically, slope
concave sites incubate previously unrecognized microbial hotspots and may serve as interchange hubs,
potentially facilitating genetic exchange and upward dispersal of microorganisms from Earth’s deepest re-
gions to the broader ocean. Our findings demonstrate that topographic features, rather than water depth,
significantly correlate with organic carbon influx and its microbial turnover rates, enabling predictive

modeling of hadal carbon cycling with global implications.

INTRODUCTION

Hadal zones, representing ocean regions with water depth
exceeding 6 km below sea level (b.s.l.), constitute the deepest
places of Earth’s solid surface.' Despite covering less than
1% of the global ocean area, hadal zones encompass 45% of
the ocean’s total depth range and consist primarily of 37 hadal
trenches located at convergent tectonic plate boundaries, ex-
tending down to 11 km b.s.l. at the Challenger Deep in the Ma-
riana Trench.~ These trenches were formed through plate sub-
duction, where the older, colder, and denser oceanic plates
descend into the mantle while the lighter landward plates rise up-
ward.? This subduction process creates complex multi-scale
topographic complexity through oceanic plate bending and
disruption by normal faults.*”” The resulting geological land-
scapes of faulting zones form horst and graben structures ex-
tending up to 120 km seaward off trench axes, with dip angles
ranging from 10° to 40° that offset the seafloor by up to
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1.2 km.® This topographic complexity distinguishes hadal
trenches from other marine environments.

Hadal trenches serve as major organic matter depocenters in
the ocean systems, where microbially mediated processes
dominate biogeochemical turnover.®'® The long and narrow
V-shaped morphology of trenches creates natural “funnels”
that focus particulate organic matter from surrounding regions
toward trench bottoms.'' Seismic activities in trench regions
trigger frequent earthquakes and mass-wasting events,'®'®
enhancing lateral transport and episodic organic matter delivery,
thus amplifying the “funneling effect” of hadal trenches. This
focusing of organic matter increases food availability for both
hadal fauna and microorganisms, accelerating organic carbon
degradation in hadal trenches.” Previous studies, using oxygen
consumption rates as indicators, have shown that benthic micro-
bial activity is generally 2-5 times higher along trench bottoms
than in nearby abyssal settings with water depths shallower
than 6 km b.s.l.">'*"® The interplay between intensified organic
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carbon deposition and enhanced microbial utilization in hadal
trenches plays a crucial role in regulating the deep-sea carbon
cycle.'o""

Most hadal microbiological studies have focused on water
depth as the primary controlling factor, since water depth repre-
sents the most characteristic environmental feature of hadal
trenches, driving investigations toward broad-scale compari-
sons between trench bottoms (>10 km b.s.l.) and slopes
(7-9 km b.s.1.)'®"” or between hadal (>6 km b.s.l.) and non-hadal
(<6 km b.s.l.) environments.’®'® Some microbial indices have
been suggested to correlate with water depth'™ #1719 howev-
er, recent hadal investigations have found substantial heteroge-
neity in microbial communities among nearby locations at similar
water depths.2° Similarly, microbial activities vary by 2- to 3-fold
along trench bottom samples within the same trench system.'°
These observations indicate that water depth alone cannot fully
explain the spatial patterns of hadal microbial ecosystems. This
unexplained heterogeneity points to the need for alternative
environmental proxies beyond water depth.

Beyond water depth, we hypothesize that topographic fea-
tures represent an overlooked determinant of hadal microbial
community assemblages, their activities, and their mediated
biogeochemical processes, creating spatial mosaics that cannot
be predicted from water depth alone. Topographic features such
as ridges and valleys directly influence local sedimentation
patterns, organic matter accumulation, redox conditions, and
hydrodynamic disturbances exposure.'®?' As an integrative
proxy for these multiple environmental factors, topography of-
fers a scalable approach to understanding benthic microbial
ecosystem variation.

However, testing this hypothesis requires investigating fine-
scale topographic effects on hadal microbial ecosystems
through high-precision sampling coupled with detailed topo-
graphic characterization, which is technically challenging under
the extreme conditions of great depths and high pressures
(60-115 MPa).?? Conventional hadal sampling methods, such
as gravity cores, multicore samplers, and free-fall landers, lack
sufficient positioning precision.?> While human-occupied vehi-
cles (HOVs) provide precise positioning and sampling capabil-
ities, topographic-targeted investigations in hadal environments
have remained unexplored. Collectively, despite recognition of
hadal topographic complexity, the lack of fine-scale investiga-
tions has left significant knowledge gaps regarding topographic
effects on hadal microbial ecosystems, biogeochemical cycling,
and global ocean processes.

Here, we conducted a comprehensive topography-targeted
investigation to address these knowledge gaps. Normal faults
are the most representative topographic features in the interior
of hadal trench systems, creating complex three-dimensional
seafloor topography such as fault scarps, sediment basins,
ridges, valleys, and terraces.>® Using HOV with centimeter-level
precision, we designed targeted dives to four representative
normal fault zones that span distinct depth ranges—from the
southern abyssal rim (~6 km b.s.l.), through the subduction
slope (9-10 km b.s.l.), to the bottom of the Challenger Deep
(~11 km b.s.l.). These fault-generated landscapes allowed us
to investigate both large-scale topography (trench bottom vs.
slope and abyss) and fine-scale variations (concave vs. convex
areas) at similar water depths, revealing systematic topographic
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effects on hadal microbial ecosystems. We integrated multi-
omics analysis (metagenomic and metaproteomic) with exten-
sive microbial biomass quantification and geochemical profiling
(Figures 1A and 1B), which enabled accurate coupling of fine-
scale topographic features with microbial ecosystems in the
hadal environment. To achieve comprehensive spatial coverage
across diverse topographic settings, we also incorporated meta-
genomic data from 86 sediment cores at 55 locations throughout
the Mariana Trench, providing sufficient statistical power to iden-
tify systematic patterns of topographic effects on hadal microbi-
al communities. Using these comprehensive data, we con-
structed an integrated topography-geochemistry-microbiology
model, estimating hadal carbon cycling rates and providing
insight into how topography shapes microbial ecosystems in
Earth’s deepest environments and their connections to the
broader ocean.

RESULTS

Topography-targeted sampling captures microbial
biomass and activity gradients across the Mariana
Trench

During the cruise TS21-2 onboard research vessel (R/V) “Tan
Suo Yi Hao,” we used multibeam sonar to obtain the high-reso-
lution bathymetric maps (resolution 110 m) of normal faults from
the trench bottom to the southern rim along the subduction slope
of the Mariana Trench (Figure 1A). These faults extended parallel
to the trench axis (primarily east-west oriented), with horizontal
lengths of 10-80 km and widths of several kilometers, creating
both large-scale and fine-scale concave-convex topographic
variations, especially on the southern slope (Figures 1B and 1C).

To investigate topographic influences on hadal microbial eco-
systems, we conducted four topography-targeted dives using
HOV Fendouzhe to sample representative fault zones across a
depth gradient: the trench bottom of the Challenger Deep
(FDZ070, 10,792-10,890 m b.s.l), the subduction slope
(FDZ069, 8,894-9,071 m b.s.l.; FDZ072, 9,218-9,580 m b.s.l.),
and the southern abyssal rim (FDZ074, 5,882-5,922 m b.s.l.)
(Figures 1A=1C). The HOV’s 6-h benthic operating time and
centimeter-level sampling precision enabled systematic collec-
tion of sediments from diverse topographic features within and
across neighboring fault zones (Figures 1B and 1C). From 11 sta-
tions across these four dives, we obtained sediment geochem-
ical profiles and metagenomic data, with four representative sta-
tions additionally yielding 16S rRNA gene quantification and
metaproteomic data, enabling integrated multi-omics matching
with fine-scale topographic parameters. In total, we collected
86 sediment cores from 55 distinct locations for subsequent an-
alyses, including 25 cores from 11 locations during these topog-
raphy-targeted dives, complemented by 61 additional cores
from 44 locations across the Challenger Deep in the Mariana
Trench (Figure 1A; Table S1).

At the four representative stations (FDZ070A, FDZ072A,
FDZ072E, and FDZ074A), gPCR-based quantification of
archaeal and bacterial 16S rRNA gene copy numbers revealed
distinct biomass distribution patterns across depth zones
(Figures 1D-1G) (STAR Methods). Slope and abyssal sites ex-
hibited depth-dependent along sediment cores, declining from
107-108 copies/g at the surface (0-5 cm) to 10°~10° copies/g
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Figure 1. Geography, topography, and microbial biomass of representative normal faults in the Mariana Trench

(A) Bathymetric map of the sampling locations. White points indicate the locations of 86 sediment cores recovered from the Challenger Deep, Mariana Trench.
Points with black strokes indicate samples recovered from the four topography-focused dives.

(B) Detailed 3D topography at the four focusing study areas, with letters indicating specific sampling locations.

(C) Schematic diagram illustrating the rugged terrain of the southern slope and the relative positions of sampling sites, alongside a photograph of a representative
sediment push core. The push cores have a maximum capacity of 35 cm, with actual recovery lengths ranging from 14 to 35 cm depending on in situ sediment
conditions.

(D-G) Sediment depth profiles of microbial biomass in four representative cores (indicated by stars in C): (D) abyssal site FDZ074A, (E) convex slope site
FDZO072E, (F) concave slope site FDZ072A, and (G) trench axis site FDZ070A. The left and middle panels represent archaeal and bacterial 16S rRNA gene copy
numbers, while the right panels indicate metaproteomic-identified unique peptides.

See also Tables S1 and S3.
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Figure 2. Topography as an overlooked determinant of geochemical and microbial heterogeneity

(A) Schematic diagram illustrating concave, flat, and convex positions defined by TPI.

(B) Redundancy analysis (RDA) of geochemical profiles across 11 stations from the four topography-targeted dives (n = 116). Thin arrows represent geochemical
variables fitted into the ordination space; bold arrows indicate the three spatial factors: water depth, sediment depth, and TPI.

(C and D) Comparison of TOC content, its corresponding 8'3C-TOC values, and TOC/TN ratios with the reference range for typical oceanic organic carbon (cyan
rectangle). TPI contour lines are fitted to illustrate the correspondence between topographic position and organic matter characteristics.

(E) Spearman correlation between the three spatial variables and sediment geochemistry. Significant correlations (FDR-adjusted p < 0.01) are highlighted by
colored circles. Numbers at the top indicate the proportion of total geochemical variance explained by each spatial factor (adjusted R? from RDA). Lines con-
necting (E) to (F) and (G) denote significant correlations (permANOVA, p < 0.01) between geochemical variables and metagenomic or metaproteomic community
structure, respectively.

(F) NMDS ordination of metagenome-based prokaryotic community dissimilarity (Bray-Curtis index) for topography-targeted samples (n = 259, from 11 stations).
Arrows represent geochemical variables and spatial factors fitted into the ordination space.

(G) NMDS ordination of metaproteome-based active prokaryotic community dissimilarity from four representative sediment cores (n = 47, from 4 stations,
corresponding to stations shown in Figures 1D-1G). Arrows represent geochemical variables and spatial factors fitted into the ordination space.

(legend continued on next page)
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below 20 cm (Figures 1D-1F), consistent with typical deep-sea
sediment patterns.>® Archaeal abundance declined more
steeply than bacterial abundance (coefficients: —0.11 to —0.15
vs. —0.028 to —0.072). By contrast, the trench bottom station
maintained stable microbial abundance (10°-107 copies/g)
throughout the sediment column (0-22 cm) (Figure 1G), suggest-
ing that trench bottom environments buffer against typical
depth-decay patterns®® and preserve microbial biomass.

Metaproteomic measurement by nanoflow liquid chromatog-
raphy-electrospray ionization tandem mass spectrometry
(NLC-MS/MS) further revealed heterogeneity at the functional
activity level (Figures 1D-1G). Across 50 sediment samples
from the four representative stations, we detected 15,314 unique
peptides with 263,698 total unique peptide-spectrum matches
(PSMs) (STAR Methods). Consistent with gPCR data, the trench
bottom station maintained high protein diversity (median 1,253
unique peptides per sample) throughout the sediment column
(Figure 1G), whereas slope and abyssal sites showed steep func-
tional decay from >1,000 unique peptides per sample at the sur-
face (0-2 cm) to <100 unique peptides below 2 cm (Figures 1D-
1F). Notably, between two neighboring stations from Dive
FDZ072 with similar water depth, site FDZ072A in the fault valley
retained 80-100 unique peptides per sample (Figure 1F),
whereas only 10 detectable unique peptides retained at site
FDZ072E on the adjacent fault scarp (Figures 1B and 1E), sug-
gesting that substantial activity heterogeneity exists even among
sites at comparable depths within a single dive. Together, these
results demonstrate that both microbial biomass and functional
activity vary substantially across hadal topographic settings, es-
tablishing the foundation for integrated geochemical and multi-
omics analyses of topography-related microbial heterogeneity
in subsequent sections.

Topography as an overlooked determinant of
geochemical and microbial heterogeneity

To quantitatively characterize topographic settings, we calcu-
lated the topographic position index (TPI) from high-resolution
seafloor bathymetry (STAR Methods), where negative TPI values
indicate low-lying concave positions and positive values corre-
spond to ridge-like convex positions (Figure 2A). To examine
topography-microbiome relationships, we integrated geochem-
ical profiles, metagenomes, metaproteomes across 11 sampling
positions from the four topography-targeted dives (STAR
Methods).

Geochemical profiling revealed substantial environmental het-
erogeneity at both large and fine scales (Figures 2B-2E and S1).
Redundancy analysis (RDA) showed that water depth was nega-
tively associated with porewater dissolved Oz (DO), NOz", NH4*,
and solid-phase 8'*N-TN, primarily reflecting steep redox gradi-
ents from aerobic to anaerobic conditions at trench bottom loca-
tions, where Oz and NOs~ were depleted below 20 cm sediment
depth (Figures 2B and S1A). Meanwhile, TPl and sediment depth
were positively associated with porewater concentration of NOs-
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and SO.%, but negatively associated with solid-phase total
organic carbon (TOC), total nitrogen (TN), TOC/TN, and §'3C-
TOC, reflecting their roles in governing electron acceptor and
nutrient availability (Figures 2B and S1A).

Notably, although stable isotope mixing models indicated
consistently >90% marine origin for organic matter across all loca-
tions (Figures S1B and S1C) (STAR Methods), sites within the
same dive (at similar water depths) exhibited contrasting organic
content and quality (Figures 2C and 2D). Some locations retained
higher TOC (>0.3%) and TOC/TN (>6.5) with §°C-TOC values
typical of fresh marine organic matter (—19%. to —23%),"" corre-
sponding to negative TPI values indicative of concave locations.
By contrast, neighboring locations showed lower TOC (0.1%-
0.3%) and TOC/TN (2.5-6) with more depleted §3C-TOC
(—26%0 to —23%), indicative of refractory residues after extensive
degradation, and these consistently corresponded to convex po-
sitions (positive TPI). Since all sites share a common marine
organic matter source, these contrasts suggest that fine-scale
topography modulates organic matter retention and preservation.

Compared with water depth and sediment depth—the spatial
variables conventionally associated with hadal microbial varia-
tion—TPI showed overall comparable correlations with both
geochemical variables and microbial community composition
and function. RDA showed that TPI explained the largest fraction
of geochemical variance (adjusted R? = 16%), exceeding water
depth (9%) and sediment depth (3%) (Figure 2E). TPI was signif-
icantly correlated with the greatest number of geochemical pa-
rameters among the three spatial variables, including positive
associations with NOs~, DO, and §'*N-TN, and negative associa-
tions with TOC, TOC/TN, and §'*C-TOC (Spearman correlation,
false discover rate (FDR)-adjusted p < 0.01; Figure 2E), reflecting
the combined effects of oxidized and nutrient-limited conditions
on high-TPI ridge-like convex locations. These TPI-linked
geochemical parameters in turn showed significant correlations
with metagenomic and metaproteomic community structure
(permANOVA, p < 0.01; Figures 2E-2G), suggesting that topog-
raphy shapes microbial communities in part through its influence
on local geochemical conditions.

Consistently, non-metric multidimensional scaling (NMDS)
ordination of metagenomes from the topography-targeted sta-
tions showed that microbial community composition co-varied
with water depth, sediment depth, and TPI along distinct direc-
tions (Figure 2F). When considering the functionally active com-
munity through metaproteomic data, TPl emerged as a promi-
nent vector separating functionally distinct communities
(Figure 2G). At the trench-wide scale, NMDS of metagenomes
from all 55 locations confirmed that TPI, water depth, and sedi-
ment depth each contributed to community structuring
(Figure 2H). Variance partitioning further demonstrated that TPI
independently explained 5% of metagenome variation, compa-
rable to water depth (4%) and sediment depth (6%), with an
additional 6% shared between TPI and water depth (Figure 2I).
These results establish TPl as an overlooked yet important

(H) NMDS ordination of metagenome-based prokaryotic community dissimilarity across all trench-wide samples (n = 773, from 55 locations). Arrows represent
spatial factors only, as geochemical measurements were not available for all sites.
() Variance partitioning of the three spatial factors in explaining trench-wide metagenome-based community composition. The overlap between TPI and other

factors is highlighted.

See also Figure S1 and Table S2 for detailed geochemical measurements, Figure S2 for alpha diversity, and Figure S3 for taxonomic composition.
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Figure 3. Topography-dependent microbial interaction networks and depth-stratified metabolic profiles
The arrow above (A)—(C) indicates increasing TPI from left to right, with the histogram illustrating the trench-wide TPI distribution of all samples, which naturally

partitions into three groups.

(A-C) Co-occurrence networks of prevalent SRGs across the TPI gradient for all trench-wide samples: (A) TPl < —500, (B) —500 < TPI < 0, (C) TPI > 0. Nodes
represent SRGs, colored by phylum affiliation. Red and blue edges indicate positive and negative correlations, respectively.
(D) Network-level centrality metrics for each network. Centr_betw: betweenness centrality; centr_clo: closeness centrality; centr_degree: degree centrality;

centr_eigen: eigenvector centrality; density: network density; neg.ratio: proportion of negative correlations.

(E and F) Metaproteomic profiles of microbial metabolic capacities in surface sediments (0-5 cm) at the trench bottom (E) and abyssal site (F), showing shared
foundational functions and location-specific enhanced capabilities (red and blue texts, respectively).
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determinant of both geochemical environments and microbial
community composition across hadal settings.

Topography structures microbial interaction complexity
across the Mariana Trench

Beyond community composition, we examined whether topog-
raphy influences microbial interaction patterns at the trench-
wide scale. We constructed co-occurrence networks of preva-
lent species-level representative metagenome-assembled
genomes (SRGs, present in at least 30% of samples) among
the 86 sediment cores from 55 sampling sites along the TPI
gradient, which naturally partitioned into three topographic
groups: TPl < =500 (n = 215), TPI from —500 to 0 (n = 351),
and TPI > 0 (n = 286) (STAR Methods; Figures 3A-3C). The net-
works revealed a topography-dependent gradient of microbial
interaction complexity with increasing TPI, transitioning from
densely connected and functionally differentiated communities
to fragmented and cooperation-dominated communities, indi-
cating that hadal topography shapes the ecological interaction
architecture of sediment microbiomes beyond compositional
differences.

The most negative TPI values correspond to the most deeply
concave topographic positions, where the inferred microbial
correlations were both the strongest and the most complex.
The network for TPI < —500 displayed the highest network-level
betweenness (0.07), closeness (1.35), and degree centrality
(0.05), as well as the highest density (0.006) among the three
groups (Figures 3A and 3D). This network also exclusively con-
tained negative correlations (~2% of all connections), which,
though rare, served as critical boundaries partitioning the
network into two major modules, suggesting ecological differ-
entiation between distinct microbial consortia at these deeply
concave sites (Figure 3A). One module was primarily composed
of Chloroflexota SRGs—a phylum widely distributed in marine
environments and known to exhibit strong co-occurrence pat-
terns that track local environmental conditions®®—while the
other comprised a mix of SRGs from Planctomycetota, Chloro-
flexota, Nanoarchaeota, Patescibacteria, Pseudomonadota,
and Bacteroidota. Notably, a cluster of Nanoarchaeota and Pa-
tescibacteria SRGs co-varied with each other but remained
distantly connected to other phyla, consistent with their
specialized ecological niches enabled by streamlined
genomes.”*?°

The network for TPl from —500 to O displayed intermediate
complexity, maintaining comparable betweenness centrality
(0.06) to the previous network but lower closeness (1.00), de-
gree centrality (0.03), and density (0.003) (Figures 3B and 3D).
The core modules, especially the Chloroflexota-dominated
module, were notably reduced in scale, with the proportion of
highly connected nodes (degree > 10) in the network
decreasing from 34% to 25%. The mixed-phyla module was
also diminished, while Pseudomonadota SRGs substantially
expanded around it, forming a prominent peripheral cluster
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(Figure 3B). The negative correlations that partitioned the previ-
ous network into distinct modules disappeared entirely, reflect-
ing predominantly cooperative strategies in these hadal sedi-
mentary environments.

Positive TPI values correspond to convex, ridge-like topo-
graphic positions, where inferred microbial interactions were
the weakest and most fragmented. The network with TPl > 0 ex-
hibited substantially reduced connectivity (Figure 3C). Only a
subset of SRGs from Chloroflexota, Pseudomonadota, Bacteroi-
dota, Acidobacteriota, and Thermoproteota formed a relatively
cohesive network core, with Pseudomonadota SRGs largely re-
placing the mixed-phyla module observed in the concave net-
works, while the remaining SRGs were largely organized into
numerous isolated taxon-specific clusters. This network dis-
played the lowest betweenness (0.004), closeness (0.77), and
degree centrality (0.02), as well as the lowest density (0.002),
indicating that most SRGs had few interaction partners and
that the community lacked highly connected taxa capable of
mediating broad ecological linkages (Figure 3D). The exclusively
positive interactions within these fragmented communities sug-
gest reliance on cooperative survival strategies to cope with
limited nutrient supply and refractory organic matter typical of
exposed convex positions, consistent with the geochemical pat-
terns observed at these sites (Figures 2C and 2D). These interac-
tion patterns, together with the geochemical and compositional
evidence presented above, prompted us to further investigate
how topographic settings shape active microbial metabolism
through metaproteomic profiling.

The lowest TPI location at the trench bottom sustains
the highest microbial activities

Among the 11 topography-targeted locations, the lowest TPI
value (—910) occurred at the bottom of the Mariana Trench
(FDZ0O70A, 10,888 m b.s.l.). In-depth metaproteomic analyses
at this station revealed that, functionally, trench bottom micro-
biomes established specialized capabilities throughout the sedi-
ment column (Figures 3E and 3G). Surface layers (0-5 cm)
harbored up to 1,500 SRGs with detected protein expression
(hereafter termed functioning SRGs), exhibiting specialized ca-
pabilities in antioxidation systems (e.g., katG and prX), chap-
erone proteins (e.g., dnaJK, grpE, and cct), chemotaxis (e.g.,
cheDY, motB, and mcp), cell division (ftsAKZH), and biofilm for-
mation (tacC, yeed, bmaC, and lapA), beyond the fundamental
metabolic functions for microbial survival (Figure 3E). Most
remarkably, diversified functioning communities persisted in
deeper sediments (>15 cm), maintaining 745-1,059 functioning
SRGs across 38-52 phyla (Figure 3G). Deep-layer communities
sustained essential activities while developing anaerobic spe-
cializations, including nitrite reduction (nirS, nirB, and nrfH), car-
bon monoxide metabolism (cdhE), and sulfate reduction (sat and
cysH), indicating successful adaptation to oxic-to-anoxic transi-
tions with increasing sediment depth (Figure 3G). While elevated
sedimentation rates at the trench bottom may contribute to this

(G and H) Sediment depth profiles of functioning SRGs along the sediment column at the trench bottom (G) and abyssal site (H). Each flow path represents one
SRG, with width proportional to the total PSMs detected. The most active SRGs are positioned at the rightmost. Flow paths are colored by phylum, illustrating the
maintenance of diverse active communities throughout the sediment column at the trench bottom compared with rapid functional attenuation at the abyssal site.
Metabolic diagrams were created in BioRender. Zhao, W. (2026) https://BioRender.com/3gk8e1k.

See also Table S3.
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pattern, the sustained expression of diverse metabolic genes
across redox transitions suggests active microbial adaptation
rather than passive biomass burial. This sustained metabolic di-
versity represents a fundamental departure from conventional
deep-ocean sediment ecosystems,”®*” confirming that trench
bottom sediments sustain an active microbial ecosystem.'®"*

By contrast, the abyssal stations at the rim of the Mariana
Trench had moderate TPIs toward zero, consistent with the
largely flat topography of the abyssal plain. The stark TPI
contrast between the trench bottom and the abyssal plain mir-
rors the well-documented differences in microbial biomass and
activity between these two depth zones,'®'*"5'8 providing an
opportunity to examine how our metaproteomic data capture
this established pattern. Metaproteomic analyses at the repre-
sentative station (FDZ074A, 5,882 m b.s.l., TPl = —48) showed
that microbial activity declined rapidly with sediment depth,
with functioning SRGs dropping from 949 at the surface to fewer
than 20 in deeper sediments (Figure 3H). Functionally, surface
sediments (0-5 cm) maintained fundamental metabolic activities
in metaproteomes, including aromatic compound utilization
(hcaC), CO oxidation (coxLMS), nitrogen cycling (narH and
nirK), and uptake of compatible solute glycine betaines (proX)
(Figure 3F), essential for hadal survival.”® However, deeper
layers were restricted to basic cellular maintenance, including
only ABC transport systems (ABC-2.A) in a Bacteroidota SRG
and ribosome biosynthesis (era) in a Pseudomonadota SRG,
alongside a few functionally uncharacterized proteins (Figure
3H). This rapid functional impoverishment illustrates the limited
sustainability of microbial communities in abyssal environments,
where flat topography provides neither the organic matter accu-
mulation nor the physical protection afforded by concave hadal
features.

Neighboring concave and convex locations harbor
distinct microbial metabolic strategies on the slope

We next zoomed in on the comparison between two stations on
the subduction slope from Dive FDZ072 that shared similar water
depths but occupied opposing topographic extremes. Site
FDZ072E (9,266 m b.s.l., TPl = 114) represented the highest
TPI and thus the most convex position among all 11 topog-
raphy-targeted stations, while site FDZ072A (9,556 m b.s.l.,
TPl = —383) was the most concave station within the same
dive. Despite within less than 300 m difference in water depth,
these two sites were separated by a TPI contrast of 497, offering
an ideal comparison to illustrate fine-scale topographic effects
on microbial metabolism.

At surface sediment layers (0-2 cm), both topographic set-
tings shared some fundamental metabolic functions (Figure
4A), reflecting common adaptive responses to the extreme
pressures and oligotrophic conditions imposed by similar
water depths. These included carbon utilization (e.g., aromatic
compounds), ATP synthase (both V/A type and F type), energy
supply (e.g., CO oxidation and nitrate reduction), pressure
adaptation (e.g., antioxidation, chaperone, and compatible sol-
utes), and cell-cycle processes (e.g., DNA replication, tran-
scription, and cell division). However, beyond these funda-
mental functions, each topographic feature exhibited distinct
metabolic signatures and contrasting sediment depth-depen-
dent activity patterns.
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Concave sites: Extended microbial refugia beyond the
trench bottom

Concave microbiomes established extended functional persis-
tence with sustained metabolic capabilities throughout the
sediment column. Surface layers (0-2 cm) showed enhanced
regulatory and adaptive capabilities, including additional two-
component systems for carbon storage (barA), biofilm formation
and sporulation (kinA and retS), nitrogen metabolism regulation
(nreC and fixL), and specialized DNA repair mechanisms (radD
and sbcD) (Figure 4A). These functions indicate significant in-
vestment in environmental sensing, community development,
and genetic integrity maintenance.

Most remarkably, concave sites maintained substantial
metabolic activities throughout sediment depths. This sus-
tained activity is consistent with the higher TOC content and
fresher marine organic matter observed at concave sites
(Figures 2C and 2D), which likely provide a more favorable sub-
strate supply for microbial metabolism across sediment
depths. At 2-4 cm sediment depth, 451 functioning SRGs pre-
served diverse metabolic capacities, including cell-cycle pro-
cesses, stress adaptation, and comprehensive biogeochem-
ical cycling (Figure 4B). Even at 18-20 cm sediment depth,
concave sites demonstrated occasional metabolic activity
blooms with 227 functioning SRGs expressing genes for regu-
latory systems, biofilm formation, nutrient uptake, and diverse
carbon metabolism (Figure 4D). This sustained metabolic diver-
sity represents extended microbial refugia on the slope beyond
the trench bottom.

Convex sites: Stress-adapted but metabolically
constrained

Convex microbiomes exhibited specialized adaptations to envi-
ronmental stress but showed rapid functional decline with sedi-
ment depth. Surface layers (0-2 cm) showed enhanced sulfur
metabolism (sat, soxC, and TST), alternative glycolysis (aor),
heavy metal detoxification of mercury (merA) and arsenic
(arsC), copper exfflux (cueR), reactive oxygen species (ROS)
antioxidation (sodN, SOD1, SOD2, and enzyme E1.11.1.5), and
enhanced motility through flagellar (flgDK, fliCW, and flal) and
pilus (0ilABMQV and cpaCDF) proteins. These functional speci-
ficities reflect the adaptation to toxic stress conditions with
enhanced detoxification and motility capabilities at the convex
site (Figure 4A).

In contrast to the concave site, the convex microbiomes
rapidly transitioned to metabolic constraint with increasing sedi-
ment depth. At 2-4 cm depth, only 92 functioning SRGs re-
mained with severely limited metabolic capabilities, restricted
to fundamental cellular maintenance processes, including basic
regulatory systems, amino acid uptake, and ribosome biosyn-
thesis (Figure 4C). In deeper sediment layers, functional gene
expression was virtually eliminated, with only occasional detec-
tion of maintenance proteins (Figure 4E). This rapid functional
collapse demonstrates that microbial communities at this
convex site quickly shift to survival mode rather than sustaining
active metabolism, reflecting the challenging environmental con-
ditions typical of exposed ridge-like topographic positions.

Collectively, these findings reveal that slope concave sites
function as previously unrecognized hotspots for microbial activ-
ities within hadal trenches, maintaining active biogeochemical
cycling at depths where typical marine sediments become



Cell Host & Microbe

¢? CellPress

OPEN ACCESS

Fine-scale Concave (~ 9km) Convex (~ 9km)
A TPl = -383 TPI =114
, sat Two component
0 % narGH nirk G6P SO.#—» APS systepm
NO; «—NO; —p» NO £
NHe* 4 2 SaiC kinA barA nreC fixL retS
amt _g S,0:% TST, SO flgS phoR uvrY zraR cckA
CO oxidation % N=C- N=-SH
VIA type LMS Pyruvate .
IS H'/Ntay'p co+0, 25 co; E B Chemotaxis
[5) ADP o Glycer- aor motB cheR
& ,g aldehyde_’Glycerate
S F type Aromatic —pp S Acetyl-CoA Flagealllz%ll:lus &
o) H OH [ Transcription )
[$) ADP H  Alcohol T S flgHDK fliCW flal
© PIIABMOQV cpaCDF
g & Acetate o TCA ummmfx: lapE bmaC
03) Ammo acids @ DNA replication Cycle poABC - cueR
po\ar AA »NBChaperone Detoxification ROS antioxidation
Proline Py ([ i Hg* ™% Hg «— Fe(lll)
Glycine Betaine DNA ) = katG prX sodN TC.FEV.OM/2/3
repair - : AsO, AsO. E1.11.1.5 SOD1 SOD2 fepA fiu
L] '4 3
*r e prox Cell Division . ~= —>
o radD sbeD mutS hfick
B G ik Two component C IO COmMBonent
Biofilm NOs <—NO; “» NO system " systepm
g IapE e DNA replication 4, Proline o
~ Pilus ~ S:05" —5 SO Glycine Betaine B'I°f;':_|’“
iIABM s i apl
c; pilABM SO cysN APS s 0.. s Chaperone lgomaﬂc ] )
Q CO oxidation Amino acids ™ o« «——— Amino acids
® Alcohol coLs v @Wou I LaA
‘g & Acetate  CO + 0, —— CO2 | | Fe (III) b
n ATP ioxidati 2 Ribosome
-g Chaperone BOSSntio et 09“13:,?;?3,: A Cell Division biosynthesis(§)
M grokL groEs )
7] ADE Q” S #nrx < hi <L hK ,s
¥ era

e WMNMPM AL

I ; &‘ il E
\ W) 2L Phylum
X Y . p__Thermoproteota
. p__Pseudomonadota

= I »_chiorofiexota
*5_ 10- p__Planctomycetota
8 p__Patescibacteria

= flgA
Ic g Glycer- aor Glycerate Biofilm . p__Nanoarchaeota
[0 ~ aldehyde » lapE 'wo component p__Marinisomatota
E < system X
S 3 Ribosome Alcohol narX kdpD devS p__Gemmatimonadota

biosynthesis(§?) & Acetate Proline .

3 E .GTP Glycine Betaine p_Bacteroidota

qc, #4 — ° prox . p__Acidobacteriota
o e &S5 7 Chaperone¥—— ¢ °©
= @ ot s Fe (1) Other
g [} { TC.FEV.OM/2/3

2]
o
=
2 ) HEI;T_Z repeat
- E3.1.3.4 lomain

R-Tyr: P—»RTyr+P| ] P
Fe
30 Vitamin B12

Plug;TonB_dep_Rec

Figure 4. Fine-scale topography differentiates microbial metabolic strategies between neighboring sites on the trench slope

(A) Metaproteomic profiles of microbial metabolic capacities in surface sediments (0-2 cm) at concave site FDZ072A (TPI

(TPI = 114). Site-specific genes were colored accordingly.

= —383) and convex site FDZ072E

(B and C) Comparison of metabolic capacities in the 2-4 cm sediment layer at the concave (B) and convex (C) site.

(D and E) Sediment depth profiles of functioning SRGs along the sediment column at the concave (D) and convex (E) sites. Each flow path represents one SRG,
with width proportional to the total PSMs detected. The most active SRGs are positioned at the rightmost. Flow paths are colored by phylum.

Metabolic diagrams were created in BioRender. Zhao, W. (2026) https://BioRender.com/3gk8e1k.

See also Table S3.

metabolically restricted. The contrast between metabolically
constrained convex sites and thriving concave refugia demon-
strates that fine-scale topography creates distinct microenviron-
mental niches that fundamentally reshape microbial ecosystem
function in the deepest ocean.

Slope concave features mediate inferred microbial
vertical dispersal

To elucidate the topographic effects driving spatial heteroge-
neity of microbiomes, we analyzed microbial dispersal pat-
terns along the southern slope through mapping species
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Figure 5. Concave locations mediate microbial vertical dispersal between the trench bottom and the abyssal regions

(A) Schematic representation of microbial dispersal potentially driven by hydrodynamic processes. Stochastic and selective mutations accumulate as microbial
species disperse to different locations, generating intra-species microdiversity.

(B) Following metagenomic sequencing and downstream analyses, dispersed genomes carrying varying degrees of microdiversity are dereplicated into the same
SRG within the 95% ANI species radius. The genome located at the center of the ANI cluster is selected as the representative, most likely reflecting the ancestral
genome from which variants originated.

(C-E) Three distinct microbial dispersal patterns along the southern slope of the Mariana Trench, reconstructed based on genome microdiversity signatures.
Arrows indicate the occurrence and direction of detected dispersal events. Dendrograms show pairwise population ANI (popANI) of the same SRG across all
samples. Taxonomic nomenclature for each SRG is displayed from domain to species level.

(A) and (B) were created in BioRender. Zhao, W. (2026) https://BioRender.com/v581247.

distributions and tracking evolutionary microdiversity within  tion patterns primarily reflect passive dispersal through
SRG lineages (STAR Methods). Unlike macrofauna, microor-  oceanographic processes.”*°

ganisms have extremely limited motility, especially in sedi- We developed an approach based on species-level intra-
ments (1.2 x 1075 cm? s71),2% so their kilometer-scale distribu- genomic microdiversity to reconstruct microbial dispersal
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patterns. As a microbial species disperses from its source to
various destinations, it accumulates mutations, generating a se-
ries of similar-but-not-identical genomes within the 95% average
nucleotide identity (ANI) species delineation threshold®'
(Figure 5A). These genomes are dereplicated into the same
SRG, whose representative most likely reflects the ancestral
genome from which all variants originated (Figure 5B). Dispersal
paths were then reconstructed from each SRG’s source sample
to all samples containing it, with directionality inferred using
bootstrapped tests to mitigate stochastic noise (STAR Methods).

The majority of predicted dispersal events involved upward
transport from deeper to shallower locations, with only limited
downward dispersal inferred. Three distinct microbial dispersal
patterns were revealed along the southern slope, characterized
by their directional flow and source-sink relationships
(Figure 5). The first pattern showed dispersal of an ammonia-
oxidizing archaeal species, Nitrososphaeria FDZ070-RYBk14-
16.bin.259, from the trench bottom (FDZ070A) to the slope fault-
ing zones at 9-9.5 km b.s.l. (FDZ072C, FDZ069B, and FDZ069E)
(Figure 5C). Genetic variations using population-level ANI (po-
pANI®? showed that slope populations (FDZ072 and FDZ069)
clustered together and maintained popANI > 0.995 with the
trench bottom source (FDZ070), indicating well-preserved ge-
netic similarity along the dispersal path. By contrast, abyssal
populations (<6 km b.s.l., FDZ074) formed a separate clade
with popANI < 0.985, showing greater genetic divergence
outside the trench system.

A second upward pattern originated from slope concave loca-
tions: another Nitrososphaeria species (FDZ072-RBkR2-
4.bin.58) dispersed from concave locations (FDZ072A) to flat
(FDzZ072C, FDZ069E) and convex locations (FDZ072E and
FDZ069B) on the trench slope, extending to abyssal plains
(FDZ074A and B) (Figure 5D). Notably, abyssal populations
maintained popANI > 0.995 with the slope source and were
nearly identical to each other, supporting their sole origin from
the slope faulting zone. Both the first and second upward
dispersal patterns together suggest that through slope-medi-
ated vertical exchange, hadal microorganisms retain the poten-
tial to rejoin in upper oceanic ecosystems.

In contrast to the inferred upward dispersal patterns, downward
dispersal was only observed from a slope flat location (FDZ072C)
to a nearby concave location (FDZ072A) and finally arrived at
trench bottoms (FDZ070A and E), involving a Gemmatimonadetes
species (FDZ072-WuGR12-14.bin.22) (Figure 5E). This pattern
likely represents microorganisms dispersed along lateral sedi-
ment transport toward the trench bottom, known as the “funneling
effect.” Again, we observed that the populations linked by the
dispersal paths share popANI above 0.998, while those residing
in other locations showed higher genetic divergence.

Collectively, these dispersal patterns indicate that fine-scale
topographic features, particularly slope concave zones, function
as microbial interchange hubs facilitating predominantly upward
transport of hadal-adapted microorganisms, contributing to the
vertical connectivity between hadal and broader oceanic zones.

Quantitative topographic modeling unveils the hidden
microbial carbon turnover hotspots

To investigate how the observed variations in microbial ecosys-
tems and their activities could impact hadal biogeochemical

¢? CellPress

OPEN ACCESS

cycling, we applied a one-dimensional reactive-transport
model*® to estimate microbially mediated sedimentary biogeo-
chemical reaction rates within each sediment core. The model
was calibrated against measured geochemical profiles at 11
sites from the four topography-targeted dives (Figure 6A). The
applied boundary conditions and model parameters (see STAR
Methods for details) allowed simulations that matched the
measured profiles of TOC, DO, NOs-, NO27, NH4*, and S0,%-
(Figure 6B for an example at site FDZ072A and Figure S4 for
detailed comparisons). In particular, the simulated rates of ni-
trate reduction (using narG and napA as marker genes), denitri-
fication (norB, nosZ, and nirK), dissimilatory nitrite reduction to
ammonia (DNRA, nrfA, and nirB), ammonia oxidation (@moA),
anammox (hzsA), sulfate reduction (aprA and dsrB), and sulfide
oxidation (sqr and soxB) were calibrated to match the abun-
dance variations of their corresponding marker genes in metage-
nomes across all 11 sites. Although metagenomic gene abun-
dance does not directly represent metabolic activity, the
expression of these marker genes was independently confirmed
in metaproteomes at the four representative stations (Table S3),
and the calibrated models successfully reproduced measured
geochemical profiles across all sites (Figures 6B and S4), sup-
porting the reliability of this approach. To avoid convergence
to random local optima, model calibrations were powered by dif-
ferential evolution optimization methods®* and were performed
ten times from random starting points for each site. Together,
this integrated modeling framework provided robust estimates
of in situ microbially mediated carbon, nitrogen, and sulfur
cycling rates across diverse hadal topographic settings.
Topographic features control organic carbon influxes
Model calibration results revealed that organic carbon influxes
into sediments were primarily correlated with the topographic in-
dex TPl values (linear regression R? = 0.64, p < 0.01; Figure 6C)
over water depth (linear regression R? = 0.09, p < 0.01), modi-
fying the previous assumption that hadal organic matter input fo-
cuses solely on increasing water depth.®® A linear model was
then established as shown in Equation 1. The corresponding
intercept (d) in Equation 1 suggests that the baseline organic car-
bon influx into sediment is around 1.8 x 10* ymol C-m~2.yr~ 1,
and the coefficient (k) indicates that a decrease of one unitin TPI
(becoming more concave) would result in an additional influx of
27.4pmol C-m=2.yr~ 1,

Foc = k-TPI+d, (Equation 1)

wherein k is the slope term, representing the effective coeffi-
cient for TPI on organic carbon influx, and d is the intercept
term, representing the organic carbon deposition background
subject to the Challenger Deep, Mariana Trench.

According to Equation 1 and leveraging high-resolution ba-
thymetry data with calculated TPI values (Figures 6E and 6F),
we predicted the fine-scale spatial distribution of organic car-
bon influx across the Challenger Deep of the Mariana
Trench (Figure 6G). We validated our modeling approach
using a previously studied site (site BC11)*® in the Mariana
Trench to assess the reliability of our predictive results,
finding that our predicted organic carbon influx (1.5 x
10* pmol C-m~2-yr~') was very close to the reported value
(1.3 x 10% pmol C-m~2.yr~') in literature,*® supporting the
accuracy of our extrapolation.
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processes as the microbial carbon utilization (MCU) index to quantify the strength of microbial biogeochemical activities.

(B) Example of reactive-transport model predictions (curves) compared against measured geochemical profiles (dots) at site FDZ070A. Model calibration was

performed ten times.

(C and D) Modeled (C) organic carbon influx into sediments and (D) MCU integrated within the 0-35 cm sediment depth interval at 11 locations as a function of
corresponding water depth and topography. Results from 10 repeated model calibrations are shown. R-squared value represents the fraction of variance ex-

plained by the linear model, while the p-value measures its statistical significance.
(E and F) High-resolution bathymetry data and (F) topographic TPI values calculated from these bathymetric measurements.

(G) Spatial extrapolation of organic carbon influx based on its linear relationship with TPl shown in (C) and the TPI distribution in (F).
(H) Spatial extrapolation of MCU based on its linear relationship with TPI shown in (D) and the TPI distribution in (F).

See also Figures S4 and S5.
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Given that an average of 4.6 x10* pmol C-m~2.yr~! of par-
ticulate organic carbon sinks into the Mariana Trench from sur-
face water,® our estimations reveal that under baseline condi-
tions, 39.1% of this particulate organic carbon accumulates in
hadal sediments. However, fault zone topography on the slope
generates several hotspots where organic carbon influx exceeds
3 x 10* ymol C-m~2-yr~ ", corresponding to 65.2% of sinking
organic carbon (Figure 6G). These results demonstrate that
fine-scale topographic features actively redistribute carbon in-
puts, subsequently shaping the activities and succession pat-
terns of hadal benthic microbiomes.

Concave topography incubates MCU hotspots
Topographic quantification further enabled assessment of mi-
crobial metabolic activities and microbially driven hadal biogeo-
chemical processes. After model calibration for each sediment
core, we defined the integrated flux of TOC utilization pro-
cesses—including aerobic respiration, Mn/Fe reduction, nitrate
reduction, denitrification, DNRA, and sulfate reduction—within
the 0-35 cm sediment depth interval as the microbial carbon uti-
lization (MCU) rate to quantify microbially mediated processes in
hadal sediments.

We also observed that TPI, over water depth, was primarily
related to the MCU rate (linear regression R? = 0.58 vs. 0.09,
p < 0.01 for both cases; Figures 6D and S5). This correlation indi-
cated that microbial activities were intensified in concave loca-
tions with negative TPI values but were restricted in convex loca-
tions with positive TPl values. This linear model (Equation 2)
explained 58% of the variance in MCU. The coefficient (a) sug-
gests that a decrease of one unit in TPI (becoming more concave)
would result in an enhancement of 37.8 pmol C - m2 - yr'" in MCU.
The intercept term (b) was 1.7 x 10* pymol C-m~2.yr~ ', repre-
senting the background sedimentary microbial activity within the
surface 35 cm in the Mariana Trench.

MCU = a-TPIl+b, (Equation 2)

wherein a is the slope term, representing the effective coeffi-
cient for TPl on MCU, and b is the intercept term, representing
the microbial metabolic background subject to the Mariana
Trench.

Using Equation 2, we extrapolated the estimation of MCU
across the Challenger Deep of the Mariana Trench based on
measured TPI (Figure 6H). Our extrapolated MCU values showed
good agreement with in situ measurements. For example, our es-
timations of MCU were 5.0 x 10* pmol C-m~2.yr~'at a bottom
siteand 2.3 x10* pmol C-m~2.yr— ' at an abyssal site, which are
quite comparable to the previous measurements at the same sites
by using in situ O, consumption as a proxy for microbial activity.

Remarkably, our topography-based modeling approach un-
covered numerous previously unrecognized microbial activity
hotspots scattered throughout the trench system. The largest
MCU value in concave locations on the slope was 5.9 x
10% pmol C-m~2.yr~1, much higher than the average value of
1.8 x10* ymol C-m~2 . yr~ ' inthe studied trench area. These in-
ferences demonstrate that fine-scale topographic features incu-
bated previously invisible hotspots for microbially mediated
biogeochemical processes distributed along the trench slope
beyond trench bottoms (Figure 6H), which had been systemati-
cally overlooked before.
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DISCUSSION

In this study, we conducted topographic-targeted HOV dives
and centimeter-level sampling to examine topographic effects
on microbial ecosystems and their activities at 6-11 km water
depth along the subduction zone in the Mariana Trench. By inte-
grating comprehensive multi-omics (metagenomics and meta-
proteomics) approaches and biomass quantifications with
detailed geophysical mapping and geochemical analyses, we
demonstrated that hadal trench microbial ecosystems are
shaped by complex fine-scale topographical structures, extend-
ing beyond the traditional conceptualization of hadal trenches as
simple “smooth V-shaped funnels.”"""*° These fine-scale topo-
graphic variations create distinct microenvironments with signif-
icantly different organic carbon influxes, substrate bioavail-
ability, and redox conditions. Such topographically associated
environmental heterogeneity promotes remarkable microbial
variability in both composition and activity even among neigh-
boring locations at similar water depths, indicating that water
depth alone is insufficient to account for microbial distribution
and activity in hadal environments.'”*>*” These findings extend
microbial biogeography principles beyond water depth to
Earth’s deepest accessible ecosystems.

Departing from the conventional sediment-depth-dependent
decay pattern in marine sediments,?>*° our results demonstrate
sustained microbial biomass, diversity, and functional activity at
concave locations throughout the sediment column. We attri-
bute this primarily to the depositional nature of concave topog-
raphy, which preferentially traps settling particles, retains labile
organic matter, and provides physical shielding from currents
and slope instabilities.® The resulting elevated substrate avail-
ability drives rapid electron acceptor consumption, establishing
steep redox gradients that support stratified metabolic niches
from aerobic at the surface to anaerobic processes at depth.
Convex locations, by contrast, are prone to sediment erosion
and limited organic matter retention due to their exposed geom-
etry,®?" imposing nutrient scarcity that selects for stress-tolerant
but metabolically constrained communities. A natural question is
whether these contrasts simply reflect differences in sediment
accumulation history between topographic positions.**™*° For
instance, convex sites with slow deposition may expose sedi-
ments with long burial histories where microbial activity has
naturally declined, while concave sites with rapid accumulation
may simply contain younger sediments where microbes have
not yet exhausted available substrates. However, our metapro-
teomic data indicate that sedimentation history is not the sole
explanation: distinct metabolic signatures were already evident
at the sediment surface (0-2 cm) between neighboring stations
FDZ072A and FDZ072E, where burial age should be negligible
at both sites. This indicates that contemporary topography-
associated geochemical differentiation already influences active
microbial metabolism beyond the contribution of differential
sedimentation rates.

In addition to the influence on local microbial communities, our
dispersal inference revealed that the Mariana Trench is not as
isolated as conventionally assumed but actively exchanges mi-
croorganisms with shallower oceanic environments. While previ-
ous research has shown that fine-scale topography modulates
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the downward transport of organic matter along trench slopes—
with concave features trapping and convex features deflecting
settling particles®’ —our results reveal that topography may
also shape an unexpected upward-dominant microbial dispersal
toward the southern rim. This upward transport likely results
from the combined effects of bioturbation,*' current fluctuation,®
sediment resuspension,*” and seismic activities* in the hadal
environment, supported by geophysical observations of tidal-
induced turbulent mixing along the Mariana Trench flanks.** Mi-
croorganisms engaged in this inferred dispersal pattern exhibit
genetic similarities between hadal and non-hadal subpopula-
tions, suggesting potential interchange between these depth
zones. These observations suggest that hadal trenches may
participate in deep-ocean microbial biogeography more actively
than previously assumed.

Topographic indices such as TPI could serve as integrative
proxies that encapsulate multiple underlying processes—
including geological activity, fluid dynamics, current variations,
and sedimentation rates."*®° Our analyses further reveal exten-
sive correlations between TPl and geochemical parameters, mi-
crobial biomass, community activities, and biogeochemical
rates. While these individual environmental and microbial factors
are difficult to measure comprehensively in hadal environments,
TPI provides readily accessible surrogates for characterizing
microbial functional activity and biogeochemical outcomes,
particularly where large-scale acquisition of multi-omics and
geochemical measurements remains prohibitively chal-
lenging.>"'"**? Building on this rationale, we established the
modeling framework linking MCU to topography (Equation 2,
MCU = a-TPI + b). Whether this relationship reflects a general
property of seafloor ecosystems or is specific to the Mariana
Trench remains an open question. Future systematic compari-
sons across different trench systems and broader seafloor envi-
ronments will be essential to test the generalizability of this
framework, ultimately contributing to a more comprehensive un-
derstanding of benthic microbial contributions to global
elemental cycling.

RESOURCE AVAILABILITY

Lead contact
Requests for further information and resources should be directed to and will
be fulfilled by the lead contact, Xiang Xiao (zjxiao2018@sjtu.edu.cn).

Materials availability
This study did not generate any new, unique reagents.

Data and code availability

® Metagenomic data can be viewed in NODE (http://www.biosino.org/
node) by pasting the accession OEP004067 into the text search box
or through the URL: https://www.biosino.org/node/project/detail/
OEP004067.

® The mass spectrometry proteomics data have been deposited in the
ProteomeXchange Consortium (http://proteomecentral.proteomex
change.org) via the iProX partner repository (https://www.iprox.cn/)
with the dataset identifier PXD065548.

o Data and code to reproduce the results in this work were deposited in
the SCIDATA of Shanghai Jiao Tong University (https://scidata.sjtu.
edu.cn/records/tgazd-was05) and are also available through the Com-
mon Science and Technology Resource (CSTR) identification (https://
cstr.cn/32010.11.sjtu.scidata.00000061).
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® R package ProPopMove was hosted on GitHub (https://github.com/
zhenjiaofenjie/ProPopMove). The exact version used in this study was
deposited in Zenodo (https://doi.org/10.5281/zenodo.15877169).

® Any additional information required to reanalyze the data reported in this
paper is available from the lead contact upon request.
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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

Geochemical measurements and analyses

Dissolved oxygen concentrations were measured on deck using a high-performance oxygen microsensor (Unisense, Denmark). The
remaining geochemical measurements were conducted at the Instrumental Analysis Centre of Shanghai Jiao Tong University,
Shanghai, China. The organic carbon concentration and the corresponding isotopic values were determined by an elemental
analyzer (Vario EL lll, Elementar, Germany) coupled with an isotope ratio mass spectrometer (Isoprime, Elementar, Germany). The
isotopic values were reported relative to the Vienna-Pee Dee Belemnite (V-PDB) standard. Porewater was extracted by centrifuging
at 10 000 x g at 4 °C for 30 min. The supernatants were then filtered through a 0.22 pm membrane. The concentrations of nitrate,
nitrite, ammonium, and sulfate in the porewater were analyzed by ion chromatography ICS-5000+/900 (Thermo Scientific Dionex™,
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United States of America). To avoid interference between porewater extraction and solid-phase analyses, porewater geochemistry
and solid-phase geochemistry were measured on separate replicate sediment cores from the same station, and the results were
merged by matching corresponding sediment depth intervals.

Samples with >40% missing geochemical parameters were excluded. Parameters with missing values in >35% of the remaining
samples were also removed; this filtering step excluded §'3C-DIC and DIC. The retained geochemical data were used for direct visu-
alization and input into biogeochemical reactive-transport modeling. A stable isotope mixing model from the R package simmr
(v0.5.1.212)*" was used to estimate the source of organic carbon in sediment samples. For correlation analyses between geochem-
ical parameters and multi-omics data, remaining missing values were imputed using the R package missForest (v1.6.1),%° and all
parameters were standardized (zero-mean, unit-variance) to remove scale effects. Redundancy analysis (RDA) was then performed
using R package vegan (v2.6.4)*° on the standardized geochemical dataset to assess the relative contributions of water depth, sedi-
ment depth, and TPI to geochemical variation.

Topographic data analysis and modeling

The bathymetric map was obtained from multibeam sonar measurements. The resolution of the map was 110 m. Data analysis and
modeling were performed using the R package raster (v3.6.23).°° The 3D bathymetric plots were constructed by the R package ray-
shader (v0.35.7).°" The TPl value for each cell on the map was calculated by comparing the water depth of that cell to the mean value
of its neighboring cells in a 100 x 100-cell “moving window”. We tested several neighborhood sizes for the “moving window” sur-
rounding each cell and determined that a size of 100 x 100 cells was the most appropriate for quantifying the topographic features in
this study.

Metagenomic analyses

Sample collection, DNA extraction, and metagenomic sequencing were described in the previous MEER study.?° In brief, sediment
samples were collected using HOV Fendouzhe via push cores and sliced at ~2 cm intervals. Microbial DNA was extracted from 0.5 g
sediment samples using MGIEasy Environmental Microbiome DNA Extraction Kits (MGI-Tech, China), with multiple extractions com-
bined for low-yield samples. Sequencing libraries were prepared using MGIEasy Fast FS DNA Library Prep Sets and sequenced on
DNBSEQ-T series machines to generate 150 bp paired-end reads. Clean reads were assembled into contigs using MEGAHIT
(v1.2.9).5% Samples were randomly grouped into sets of ~100 samples each. In each sample set, clean reads from all samples
were individually mapped against the contigs of each sample using BWA-MEM (v0.7.17-r1188),°° generating within- and be-
tween-sample coverage matrices for each contig. Contigs were binned sample-by-sample using MetaBAT2 (v2.12.1)>* based on
these coverage matrices. Metagenome-assembled genomes (MAGs) with >50% completeness and <10% contamination were der-
eplicated using dRep (v3.4.0),%" at 95% ANI thresholds to obtain 7,564 species-resolved genomes (SRGs). SRG relative abundances
were calculated using coverM (v0.7.0) with the relative abundance and RPKM methods,”® and taxonomic annotation was performed
against the GTDB database release 220."° Genes in SRGs were predicted with Prodigal (v2.6.3)°° and annotated using Mantis
(v1.5.5)°” to obtain KEGG ortholog information.

Community diversity analyses

We applied a minimum mapping threshold of 30% coverage per sample to ensure accurate representation of microbial diversity us-
ing SRG abundances. Among topography-targeted trench bottom and abyssal samples, 7,346 SRGs were detected with an average
mapping rate of 74.4%. When expanded to include all trench bottom and abyssal samples, 7,458 SRGs were detected with an
average mapping rate of 72.0%. At the trench slope, 6,692 SRGs were detected with an average mapping rate of 69.3% in fault
zone samples, while 7,403 SRGs were detected with an average mapping rate of 68.0% across all slope samples, indicating robust
genome recovery across topographically diverse sites.

Alpha diversity (community member diversity within each sample) and beta diversity (community composition dissimilarity
between samples) were calculated based on the abundance distribution of SRGs using the R package vegan (v2.6.4).*° Data manip-
ulation and visualization were then completed using the tidyverse (v1.3.1) and ggplot2 (v3.3.5) R packages.’®*° Beta diversity indices
were partitioned into species loss and species replacement components by using the R package betapart (v1.6.0).%°

Co-occurrence networks were constructed for prevalent SRGs (detected in at least 30% of samples within each topographic
group) using FastSpar (v1.0.0).%"? Correlation thresholds were determined based on the topological structure of the networks using
Random Matrix Theory (RMT).”>’® Briefly, for a range of candidate thresholds (0.5-0.9, step = 0.1), the correlation matrix was filtered
at each threshold, eigenvalues of the resulting adjacency matrix were computed, and the nearest-neighbor spacing distribution
(NNSD) of the unfolded eigenvalues was compared to the theoretical Gaussian Orthogonal Ensemble (GOE, Wigner-Dyson distribu-
tion) and Poisson distributions using chi-square statistics. The optimal threshold was identified at the transition point where the chi-
square statistic for the GOE distribution began to increase while the Poisson chi-square remained stable, indicating the shift from
non-random to random network structure. This procedure yielded a correlation threshold of 0.7 across all three topographic groups.
Networks were visualized in Gephi (v0.10.1)°° using the ForceAtlas2 layout algorithm,”” with edge weights defined as 1.2 + correla-
tion. Network-level centrality metrics (betweenness, closeness, degree, and eigenvector centrality) and density were calculated us-
ing the R package igraph (v1.5.0.1).5
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Microbial biomass quantification based on 16S rRNA gene copy numbers

Real-time gPCR experiments were performed on an Applied Biosystems QuantStudio 3 Real-Time PCR System (Applied Bio-
systems, MA, USA). Bacterial 16S rRNA genes were quantified using primer set bac341f (5-CCTACGGGWGGCWGCA-3') and
519r (5'-TTACCGCGGCKGCTG-3').”® Archaeal 16S rRNA genes were quantified using primer set Uni519f (5-CAGCMGCCGCGG
TAA-3') and Arc908R (5'-CCCGCCAATTCCTTTAAGTT-3').”® For bacterial 16S rRNA gene quantification, the 20 L reaction mixture
contained: 10 pL PowerUp SYBR Green Master Mix (Applied Biosystems, MA, USA), 1.3 uL each of 10 pM forward and reverse
primers (Sangon Biotech, Shanghai, China), 2 pL template DNA, and autoclaved double-distilled water to 20 pL final volume. The
thermal cycling program consisted of initial denaturation at 95°C for 15 min, followed by 40 cycles of 95°C for 30 s, 56°C for 30 s,
72°C for 30 s, and 79°C for 15 s. For archaeal 16S rRNA gene quantification, the 20 pL reaction mixture contained identical compo-
nents with the following thermal cycling program: initial denaturation at 95°C for 15 min, followed by 40 cycles of 95°C for 30 s, 60°C
for30's, 72°C for 30 s, and 80°C for 15 s. Standard curves were generated for each gene target, with all reactions achieving R? > 0.99
and amplification efficiencies between 90-110%.

Protein extraction

In general, 2g of thoroughly mixed sediment sample was used for coextraction of DNA and protein. 2g of sediment sample, a gram
quartz sand (~1 mm diameter), 1 mL sodium dodecyl sulfate (SDS) buffer (1% SDS, 240 mM sodium phosphate buffer (pH 8.0),
20 mM sodium EDTA, 40 mM dithiothreitol (DTT), 60% sucrose), 2 mL phenol (Tris saturated phenol, pH 7.7-8.1, containing 0.1%
8-hydroxyquinoline), and 30 pL protease inhibitor (HaltTM Protease and Phosphatase Inhibitor Single-Use Cocktail, Thermo Scien-
tific) were added into 15 mL sterile polypropylene centrifuge tubes. Then, the samples were homogenized (4 m/s, 20 s) three times
(8 min intervals) with a homogenizer (FastPrep-24, MP Biomedical). After grinding, the tubes were centrifuged (10,000 xg, 5 min) at
4°C.

The upper organic phase was transferred to a new 15 mL centrifuge tube, mixed by inversion with five times the volume of meth-
anol-ammonium acetate (0.1 M ammonium acetate dissolved in methanol), and centrifuged (10,000 xg, 10 min) after 16 hours of
incubation at -20 °C. And the supernatant was removed carefully to avoid the protein loss. The pellet of protein was washed with
pre-cooled anhydrous ethanol. After suspension in 1 mL anhydrous ethanol, the precipitate was transferred to a 1.5 mL centrifuge
tube and centrifuged (14,000 xg, 5 min) at 4°C. The protein precipitate was air-dried and finally dissolved in 40 pL of 8 M urea (8 M
urea dissolved in 0.1 M Tris-HCI, pH 8.0). The extracted protein solution was used immediately for digestion and purification or stored
at -70 °C for subsequent experiments.

Enzymatic cleavage of proteins and purification of peptides

In general, 1-10 pg of protein was diluted to 50 pL with 8 M urea. The protein solution was mixed with 2 pL of 0.5 M DTT (0.5 M DTT
dissolved in 8 M urea) and incubated at 37 °C for 30 min. Then, the sample was mixed with 5 pL of 0.5 M IAA (0.5 M IAA dissolved in
8 M urea) and incubated for 30 min at room temperature while being protected from light, followed by mixing with 2 pL of 0.5 M DTT.
The alkylated protein was combined with 413 L of 50 mM ammonium bicarbonate buffer (50 mM ammonium bicarbonate dissolved
in water), mixed at a ratio 1:25 (by protein mass) with trypsin/lysine endonuclease (Trypsin/Lys-C Mix, mass spectrometry grade,
Promega), and incubated for 16 hours at 37 °C. The digested sample was filtered using a 0.5 mL 10 kDa ultrafiltration filter (Micro-
con-10 kDa, Millipore) by centrifugation (12,000 xg, 40 min), and the filtrate was collected. Then the filtrate was gently dried in a cen-
trifugal concentrator and peptides could be analyzed immediately using nLC-ESI-MS/MS for shotgun proteomics or stored at -70 °C.

Mass spectrometry data acquisition

Based on the concentrations determined by Nanodrop, 8 pL of peptide solution was used per injection in the 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 column (25 cm x 75 pm 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 (0TOF control v6.0.0.12). The ion mobility window was set to 1/k0 start = 0.6 Vs/cm? to 1/k0 end = 1.6 Vs/cm?, with a ramp
time of 100 ms with a locked duty cycle and a mass range of 100-1,700 m/z. 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.

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)°° with MSFragger (v3.5)°>°° and Philosopher (v4.4.0)°” were used to perform decoy generation, searching,
peptide validation, and protein inference. Predicted genes from all SRGs were used as reference database for protein inference, mini-
mizing the false positive rates compared to using public non-hadal databases. 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 7-50 amino acids and 500-5,000 Da were considered for identification. The
search included variable methionine oxidation, variable protein N-terminal acetylation, and fixed carbamidomethyl cysteine modifi-
cations. The maximum number of variable modifications per peptide was set to 3. The peptide-spectrum matches (PSMs) were
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further rescored using deep learning prediction by the MSBooster (v1.1.4)°® module, and discrimination between correct and decoy
spectra was performed by Percolator (v3.0.5).%° The validated peptides were assigned either as unique peptides to a particular pro-
tein or as razor peptides to a single protein that had the most peptide evidence by ProteinProphet (v4.4.0).70 The results of the first
step, including peptides and proteins, 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 lonQuant
(v1.8.0)"" with a 1% match between run ion FDR and one MaxLFQ min ion. Proteins that had at least three unique peptide count
were retained. Activities of SRGs were determined as the total peptide counts of proteins belong to each SRG in each sample. San-
key pump plots showing the SRG activity along with sediment depths were produced using R package ggsankey (v0.0.99999).”

Estimations of microbial population dispersal

An R package ProPopMove (https://github.com/zhenjiaofenjie/ProPopMove) was developed to estimate the net microbial popula-
tion movement between samples. The estimation of microbial dispersal dynamics was built upon two principles: defining the move-
ment of microorganisms, and inferring the directional movement between microbial communities. Unlike previous source tracking
methods that rely on identical 16S rRNA gene amplicons or single nucleotide variants (SNVs) shared between artificially designated
sources and sinks,’ %" this approach here reconstructs microbial dispersal patterns and their directionality by analyzing species-
level microdiversities based on metagenome assembled genomes. As a species moves from its source to various destinations, it
undergoes both random and environmental selective mutations (Figure 5A). Consequently, upon sequencing, assembling, and
binning these microbial communities separately, we obtain a series of similar-but-not-identical genomes corresponding to the
same microbial species within a circle of 95% ANI. The genome that maintains high similarity with all other genomes is then picked
as the SRG, which is most likely to represent the initial genome from which all mutants originated. Therefore, potential movement
paths are reconstructed from the SRG’s source sample to all other sink samples that contain this species (Figures 5A and 5B). Move-
ment between microbial communities was then inferred based on all the species-level movements between them (Equation 1), which
helps mitigate the influence of random noise that may affect the observed movement of a single species. The net flux of microbial
movement between samples A and B was defined as:

n m
Z HABJ Z RBAJ
i I

p - (Equation 3)

where n is the number of SRGs originating from sample A, Rag; is the relative abundance of the i-th SRG (originating from A) in
sample B, m is the number of SRGs originating from sample B, and Rga; is the relative abundance of the j-th SRG (originating
from B) in sample A. The magnitude of dispersal is represented by the absolute value of F4g, while its sign indicates movement di-
rection (positive values indicate movement from A to B, negative values indicate the opposite). Sample pair order was adjusted to
ensure F remained positive, such that:

F = forwars — Freverse (Equation 4)

Sample pairs with F values approaching zero could indicate either isolation (e.g., distant sediment samples) or balanced bidirec-
tional exchange (e.g., adjacent samples). These scenarios were distinguished by further examining firwarg @nd freverse Values.

Rather than applying arbitrary cutoffs on fluxes, we employed a bootstrapping approach (n = 9999) on SRG-sample assignments to
generate null distributions of F, fioryarg, @nd freverse Values. The proportional ranking (scaled 0-1) of observed values compared to
these null distributions was calculated and adjusted for multiple comparisons using the FDR method. Sample pairs were classified
as: A) “Isolated” when the adjusted proportional ranking of finaq Was below 0.1; B) “Transmit” when the adjusted proportional
ranking of F exceeded 0.9 and pairs were not “Isolated”; C) “Mixed” when the adjusted proportional ranking of feyerse €XCeeded
0.9 and pairs were not “Transmit.” Remaining pairs indistinguishable from bootstrapping results were classified as “Others.”

Biogeochemical modeling
A 1-D reactive-transport model was used to simulate biogeochemical processes in the sediments

deC) d (ch dC) _ d(9C)

81,82.

dt  dx

= S ax o + Rt (Equation 5)

where

C: the compound concentration

¢: the sediment porosity

Dg: the diffusion coefficient of the compound
9: the velocity

Rnet: the combined net flux of all microbially-mediated reactions related to this compound.
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In the model, all geochemical compounds were assumed to be at a steady state, i.e., the combined effects of sedimentation, diffu-
sion, and microbial activities kept their concentrations constant®'-42;

d(¢C)

- 0 (Equation 6)
Therefore, the net rates of microbially-mediated reactions could be estimated based on the measured geochemical profiles:
B d dC\ d(¢8C) )
Rret = — o (@Dsa) M (Equation 7)

The individual reaction rates comprising the same net flux were further estimated based on Michaelis-Menten kinetic kinetics. The
benthic microbial reaction activities were summarized as 11 primary and three secondary reactions in the model based on reportsina
published study81 (Figure BA; Table S4). The primary reactions included aerobic respiration, nitrite oxidation, aerobic Mn oxidation,
sulfide oxidation, dissimilatory Mn reduction, nitrate reduction to nitrite, denitrification from nitrite, dissimilatory nitrate reduction to
ammonium (DNRA) from nitrite, anaerobic ammonium oxidation (anammox), nitrification, sulfate reduction. Secondary reactions rep-
resented the carbon fixation processes that related to anammox, nitrification, and nitrite oxidation. The carbon fixation efficiencies
were adopted from references®*®* (Table S4). We did not consider the carbon fixation contributions of Mn and sulfide oxidation
because the carbon fixation efficiencies of these two reactions are largely unknown. To make the reaction rates comparable to
each other, we rescaled the reaction stoichiometries to transfer four electrons per reaction, equal to the redox equivalent required
to oxidize one atom of organic carbon or fix one atom of inorganic carbon (Table S4).

Model parameters are shown in Tables S5 and S6. A 3-G method was used to define the TOC pool, wherein TOC1, TOC2, and
TOC3 represent the labile, semi-labile, and refractory organic matter.2:#5:%¢ The fractions of TOC contents were calibrated during
modeling. The C/N ratio of the whole OM pool was assumed to follow the Redfield ratio.?”-*® The distribution of bioturbation intensity
with depth was described using a Gaussian-type function.®® Sediment porosity was assumed to follow an exponentially decreasing
trend. The surface porosity (0.83) was obtained from literature, ' then decreased to 0.6 at infinite depth with an attenuation of 0.1.%'
The diffusion coefficients of solutes were calculated by the “diffcoeff” function in marelac (v2.1.11)"® considering in-situ temperature
and pressure and then corrected for tortuosity.”® The boundary conditions were established in two ways: 1) Dissolved compounds
were set to have constant concentrations at the seawater-sediment boundary; 2) Solid TOC and MnO, were set to have constant
sedimentary influx. The R packages ReacTran (v1.4.3.1) were utilized to solve the model.”*

Then, the model parameters were calibrated to fit the measured TOC, sulfate, ammonium, nitrate, nitrite, and dissolved oxygen
concentrations using the differential evolution optimization method from the R package DEoptim (v2.2.6).>* The deviation between
model-predicted and measured profiles were evaluated by normalized root mean squared error (NRMSE):

1 ~
-1 (G — Ci)?

NRMSE = max(C) — min(C)

(Equation 8)

where C; is the measured compound concentration in sediment layer i and 5,- is the model-predicted compound concentration in
sediment layer i.

For the reactions with generally recognized marker genes (Table S4), we further evaluated the agreement between predicted
biogeochemical reaction rates and observed gene abundances in metagenomic data by calculating the normalized root mean square
error (NRMSE) between standardized values. Both the predicted reaction rates (r) and observed gene abundances (g) were first stan-
dardized using z-score normalization:

(Equation 9)

Oscaled = (Equation 10)

where 7 and g represent the means, and s, and sy represent the standard deviations of predicted reaction rates and observed gene
abundances, respectively. The NRMSE was then calculated as:

1
\/E 27:1 (rscaled_i - gscaled_i)2
NRMSE = -
max(rscaled) - mln(rscaled)

(Equation 11)

where n is the number of data points, and max(rscaed) — MiN(rscaed) represents the range of the scaled reaction rates. This
approach quantifies how well the relative patterns of predicted biogeochemical activity match the relative patterns of functional
gene abundance, normalized by the range of predicted rates to provide a scale-independent assessment of model-data agreement.
The model parameters (Tables S5 and S6) were tuned to minimize the sum of NRMSEs by the differential evolution optimization
approach.®* After 1,000 iterations, the optimized parameters were used to produce the model estimates. We repeated the calibration
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workflow 10 times at each site to evaluate the robustness of this strategy. To indicate the sediment microbial activities, we calculated
the MCU values by summing the microbial reaction rates that were associated with organic carbon degradation in the 0-35 cm range
of each sediment core, including aerobic respiration, dissimilatory Fe/Mn reduction, nitrate reduction to nitrite, denitrification from
nitrite, dissimilatory nitrate reduction to ammonium (DNRA) from nitrite, and sulfate reduction (Figure 6A).

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analyses and quantification in this work were performed in base R (v4.5.2)46 and R package vegan (v2.6.4).49 Non-para-
metric tests were used throughout the manuscript, unless noted otherwise, i.e. Spearman’s rank correlation test and permANOVA
test. For multiple comparisons, p-values were adjusted using the “FDR” method.®’ Relations between geochemical model predic-
tions and topography were assessed using linear models. Statistical details, including statistical tests used, exact value of n (number
of samples), and p-values can be found in corresponding figure legends and result context.
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