Ten metagenome-assembled genomes show
region-robust associations with dissolved nutrients
across the global surface ocean: a compositional,
false-discovery-controlled, and leave-one-region-out
analysis of Tara Oceans

Analysis of Tara Oceans metagenome-assembled genomes (Figshare 10.6084/m9.figshare.4902938.v3),
PANGAEA nutrient measurements (10.1594/PANGAEA.875575) and the Tara sample registry
(10.1594/PANGAEA. 875582).
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Figure 1: Graphical abstract. Three publicly archived Tara Oceans resources—a matrix of mean coverage
for 957 non-redundant metagenome-assembled genomes (MAGs) across 93 surface-ocean metagenomes,
dissolved-nutrient measurements, and the sample registry—are joined, audited, and analysed through a
reproducible pipeline. Rare MAGs are removed, abundances are centred-log-ratio (CLR) transformed, and
region-aware robust linear mixed models with Benjamini—-Hochberg false-discovery-rate (FDR) control identify
nutrient associations that are then required to hold under leave-one-region-out (LORO) cross-validation. Ten
globally stable MAGs emerge, each tied to phosphate, nitrate+nitrite, or the N:Si ratio, and a 2 x 2 nitrate x
phosphate microcosm with a per-MAG qPCR / metatranscriptomic readout is designed to test the inferred
dependencies.

Abstract



Dissolved inorganic nutrients structure the biogeography of marine prokaryotes, but linking
specific, genome-resolved populations to nutrient regimes across ocean basins is complicated
by compositional sequencing data, uneven regional sampling, and the ease with which spatial
co-variation can be mistaken for ecological dependence. Here we reanalyse publicly archived
Tara Oceans surface-ocean data—mean coverage for 957 non-redundant metagenome-assembled
genomes (MAGs) across 93 metagenomes, harmonised with PANGAEA nutrient measurements
and the Tara sample registry—to identify MAGs whose distributions are robustly associated with
nitrate+nitrite, phosphate, silicate, or nutrient stoichiometry. After a full sample-join audit (63
stations; 93 stationxdepth-layer combinations; 100% join resolution), we removed low-abundance
MAGs (957—925), applied a centred-log-ratio transform, and fitted 5,550 region-aware linear
mixed models (one per MAG x predictor) with temperature, salinity and depth as covariates
and ocean region as a random intercept. Benjamini—-Hochberg FDR control (¢ < 0.05) yielded
314 significant MAG-nutrient associations, dominated by phosphate (125) and nitrate+nitrite
(124). Requiring each association to remain directionally and statistically significant across all
twelve leave-one-region-out folds collapsed these to 168 doubly stable associations, from which we
ranked the ten most robust. The ten MAGs span Proteobacteria, Verrucomicrobia, Bacteroidetes,
Candidatus Marinimicrobia and Euryarchaeota; seven are negatively associated with a nutrient
(consistent with oligotroph niches and high-affinity scavenging), and three track nitrate positively.
Because the predictors are strongly collinear (nitrate, phosphate and log N:Si co-vary at p > 0.8),
a single-nutrient coefficient cannot by itself isolate the causal nutrient from field data; and
because none of the ten fall within the supplement’s gene-level functional tables, metabolic
interpretation is explicitly lineage-based and correlational. We enumerate physical-transport,
niche-covariation and biotic-interaction explanations that stability alone cannot exclude. Finally,
we specify a 2 x 2 nitrate x phosphate microcosm experiment (four treatments, n = 4, six
timepoints over 96 h) with MAG-specific qPCR, / metatranscriptomic readouts of pstS, phoX,
glnA, nasA and amtB that converts each observational association into a falsifiable, directional
hypothesis. The result is a ranked, auditable, and experimentally testable set of candidate
nutrient-responsive ocean genomes.

Keywords: marine microbiome; metagenome-assembled genomes; Tara Oceans; nutrient limitation;
compositional data analysis; false discovery rate; cross-validation; microcosm experiment; qPCR

1 Introduction

The surface ocean is a vast, dilute chemostat in which the availability of nitrogen, phosphorus,
iron and silicon sets the ceiling on primary production and shapes the composition of microbial
communities that mediate roughly half of global carbon fixation. Decades of biogeochemical work
have established that low-latitude subtropical gyres are broadly nitrogen- or nitrogen—iron-co-limited,
whereas high-macronutrient upwelling and polar regions are frequently iron-limited, with phosphorus
limitation intensifying in stratified basins such as the subtropical North Atlantic [1-3]. The elemental
stoichiometry of marine plankton, far from the fixed Redfield ratio, varies systematically with latitude
and nutrient supply, reaching C:N:P ratios far above 106:16:1 in warm oligotrophic gyres [4, 5].
These macro-scale patterns imply that individual microbial populations should partition along
nutrient gradients according to their uptake affinities, storage capacities and reliance on regenerated
versus new nutrients—yet connecting a specific, genome-resolved population to a specific nutrient
axis at global scale remains difficult.

The Tara Oceans expedition transformed this problem from one of inference-by-proxy into one
of genome-resolved biogeography. The global ocean microbiome reference catalogue revealed that
epipelagic community structure is governed primarily by temperature, with a core microbiome
sharing a broad functional repertoire across basins [6, 7]. Genome-resolved reconstruction then



recovered nearly a thousand non-redundant prokaryotic MAGs from surface metagenomes and,
unexpectedly, showed that non-cyanobacterial heterotrophic bacterial diazotrophs—Proteobacteria
and Planctomycetes carrying nifH—are abundant and biogeographically structured in the sunlit
ocean [8, 9]. Companion resources expanded the catalogue of ocean MAGs to thousands of
draft genomes [10] and demonstrated that community turnover and gene expression respond to
environmental gradients across the global metatranscriptome [11]. A recurring theme of this body
of work is that function and taxonomy are partially decoupled: environmental conditions structure
functional-group abundance more tightly than the taxonomic identity of the organisms performing
those functions [12], and biotic interactions are themselves major, non-random determinants of
community structure [13, 14].

Against this backdrop, three methodological hazards make naive “abundance-versus-nutrient”
correlations untrustworthy. First, metagenomic abundance data are compositional: sequencing yields
relative, not absolute, abundances, so an apparent increase in one taxon mechanically depresses
the apparent abundance of others, generating spurious negative correlations and non-reproducible
associations unless log-ratio transforms are used [15-18]. Second, Tara sampling is spatially clustered
into ocean provinces; a single peculiar region can drive a “global” correlation, and unmodelled
water-mass structure confounds any nutrient signal [19, 20]. Third, and most fundamentally,
an association—however statistically clean—is not a mechanism: currents co-transport cells and
nutrients, unmeasured co-limiting factors (iron, light, dissolved organic matter) covary with measured
nutrients, and biotic partners such as diatoms or phytoplankton hosts can mediate a bacterium’s
distribution without any direct nutrient dependency [20, 21].

Here we confront all three hazards directly. We reanalyse the archived Tara Oceans MAG
coverage matrix together with PANGAEA nutrient and registry tables, and we (i) audit every
sample join before integrating datasets, (ii) filter rare MAGs and apply a centred-log-ratio transform
to respect compositionality, (iii) fit region-aware robust models with false-discovery-rate control, and
(iv) demand that every reported association survive leave-one-region-out cross-validation, a stability
criterion in the spirit of resampling-based variable selection [22]. We connect the resulting robust
hits to the functional annotations available in the resource—being explicit that none of our ten top
MAGs carries gene-level annotation in the supplement, so metabolic interpretation is lineage-based
and hypothesis-generating rather than confirmatory. We then translate the observational findings
into a concrete, falsifiable 2 x 2 nitrate x phosphate microcosm experiment with MAG-tailored
molecular readouts. Our aim is not to claim causation from field data, but to deliver a ranked,
auditable, and directly testable shortlist of nutrient-responsive ocean genomes.

2 Materials and Methods

2.1 Data sources

Three publicly archived resources were used without modification of their primary contents. (1)
MAG distributions were taken from the Tara Oceans non-redundant MAG resource on Figshare
(10.6084/m9.figshare.4902938.v3); the mean-coverage matrix (supplementary Table_S3, sheet
Mean coverage non-redundant data) provides coverage for 957 non-redundant MAGs across 93
surface-ocean metagenomes, with associated genome-quality and taxonomy metadata [8, 23, 24]. (2)
Dissolved nutrient measurements (nitrate, nitrite, nitrate+nitrite, phosphate, silicate) were obtained
from PANGAEA (10.1594/PANGAEA.875575), comprising 34,516 records across 202 stations. (3)
Contextual environmental sensor data and sample provenance were obtained from the Tara registry



collection (10.1594/PANGAEA.875582; TARA_ENV_DEPTH_SENSORS.tab), comprising 34,730 records
across 203 stations [25]. All downloads were checksummed and logged for provenance.

2.2 Sample-join audit

Because the three resources use different identifier schemes, joins were audited before any statistical
integration. Each MAG metagenome label of the form <0S-REGION>_<STATION>_<DEPTH>m (e.g.
ANE_004_05M) was parsed into an ocean region, a Tara station number (mapped to TARA_%03d), and
a depth in metres. Depth was discretised to a layer using the rule “depth < 10m — surface (SRF);
otherwise deep chlorophyll maximum (DCM),” matching the environmental-feature vocabulary used
by PANGAEA. Because the MAG metagenomes derive from the prokaryote-enriched size fraction
while PANGAEA environmental values are repeated across size-fraction rows, the contextual tables
were de-duplicated to unique (station, layer) combinations before joining. The audit confirmed that
the 93 metagenomes span 63 stations and 93 unique (station, layer) combinations (61 SRF, 32 DCM)
across twelve ocean regions, and that all 63 stations and all 93 (station, layer) combinations resolved
to both the nutrient and registry tables (100% join resolution; no missing stations). Residual
limitations—the metres-to-layer approximation and the absence of a shared sample accession—were
recorded in the audit report rather than silently ignored.

2.3 Preprocessing and compositional transform

Environmental covariates were harmonised to the 93 aligned samples; 92 carried at least one contex-
tual measurement. Missing nutrient and hydrographic values were median-imputed per variable
(missing before imputation: nitrite 8, phosphate 10, nitrate+nitrite 13, silicate 8, temperature
1, salinity 1). Three nutrient-stoichiometry predictors (N:P, N:Si, P:Si) were computed using
nitrate+nitrite as the dissolved inorganic nitrogen proxy; raw zeros were replaced by one-half
the smallest non-zero value of that nutrient (a detection-limit proxy rather than an arbitrary
mathematical epsilon), and ratios were natural-log transformed when their absolute skew exceeded
1.0, which reduced skew from 6.96 — —0.20 (N:P), 4.53 — —1.24 (N:Si) and 5.05 — —1.63 (P:Si).

MAGs were filtered to remove rare populations that cannot support a stable association test: a
MAG was retained only if it was present (non-zero coverage) in > 10% of samples (>10 metagenomes)
and had a mean relative abundance > 10~%. This removed 32 of 957 MAGs (all failing the abundance
threshold; none failed prevalence), leaving 925 MAGs. Retained coverage values were converted to
proportions and centred-log-ratio (CLR) transformed [15, 16]: zeros were replaced by a pseudocount
equal to one-half the global minimum non-zero proportion (= 4.9 x 107!%) and the composition
re-closed prior to the CLR, whose per-sample geometric-mean centring was verified (maximum
absolute row mean < 3 x 10714). The CLR was chosen in preference to library-size rarefaction or
naive relative abundances because it treats the data as intrinsically compositional and is less prone
to the spurious-correlation and false-positive artefacts that afflict count-based differential-abundance
tests [17, 26].

2.4 Nutrient-association modelling with FDR control

For each retained MAG and each of six predictors (nitrate+nitrite, phosphate, silicate, log N:P,
log N:Si, log P:Si) we fitted a linear mixed-effects model of the MAG’s CLR abundance on the
z-scored predictor, adjusting for temperature, salinity and sampling depth as fixed covariates
and including ocean region (twelve levels) as a random intercept to absorb broad biogeographic



and water-mass structure [27, 28]. This yielded 925 x 6 = 5,550 models, all of which were fitted
(0 failures) with an overall convergence rate of 97.7%. Per predictor, p-values for the predictor
coefficient were adjusted for multiple testing using the Benjamini—-Hochberg false-discovery-rate
procedure, and associations with ¢ < 0.05 were called significant [29, 30]. As a sensitivity check
against high-leverage points, the leading associations per predictor were refitted with a Huber robust
(M-estimator) regression using region as fixed-effect dummies [31], and the fraction of estimates
stable within 25% of the mixed-model coefficient was recorded. Analyses used a fixed random seed
(42) for full reproducibility.

2.5 Leave-one-region-out (LORO) stability

Statistical significance in the full model does not guarantee that an association generalises across
ocean basins. We therefore subjected every significant association to leave-one-region-out cross-
validation: each of the twelve regions was held out in turn and the mixed model refitted on the
remaining eleven, generating twelve out-of-province coefficient and g-value estimates per association
(66,600 planned refits; 66,588 completed; 97.1% fold convergence). Two orthogonal stability criteria
were imposed. Directional stability required the sign of the coefficient to match the full-model sign in
all twelve folds. Significance stability required ¢ < 0.05 in all twelve folds. Associations meeting both
criteria (“doubly stable”) were ranked by the absolute value of their median across-fold coefficient,
and the top ten were carried forward. This resampling-based screen follows the logic of stability
selection, in which reproducibility across perturbations of the data guards against data-set-specific
artefacts [22].

2.6 Functional annotation and interpretation

Taxonomy and genome-quality statistics (anvi’o and CheckM completion and redundancy, genome
size, GC content, N50, contig count) for the ten MAGs were drawn from the resource’s non-redundant
metadata sheet [23, 24]. We then queried the supplement’s gene-level functional tables (KEGG-
module / RAST functions and nifH diazotroph tables), which in this resource are populated only
for the heterotrophic-bacterial-diazotroph reference set and a small number of specific MAGs. None
of our ten top MAGs appears in these gene-level tables; consequently, nutrient-metabolism capacity
was inferred from lineage physiology (e.g. high-affinity phosphate transport pstSCAB and alkaline
phosphatases phoX /phoA in oligotrophs; ammonium transport amtB and glutamine synthetase
glnA in regenerated-N specialists; assimilatory nitrate/nitrite reduction nasA/nirA/narB in nitrate
exploiters) and is reported as hypothesis-generating rather than confirmatory [21, 32-36].

2.7 Microcosm experimental design

To convert the observational associations into causal tests, we programmatically designed a 2 x 2
factorial nitrate x phosphate enrichment microcosm. Each of the ten MAGs was assigned to one of
four functional response groups directly from its (predictor, association-sign) pair, and each group
was given a directional expected response across the four treatments and a primary/secondary
target-gene panel. Treatment, sampling, molecular-readout, replication and analysis specifications
follow established nutrient-bioassay and quantitative-PCR reporting standards [1, 6, 8, 37] and are
detailed in Results (Section 3.6).



3 Results

3.1 Sample joins resolve completely and rare MAGs are removed

The sample-join audit established a clean basis for integration: the 93 Tara surface metagenomes
map to 63 stations and 93 unique (station, layer) combinations, distributed across twelve ocean
regions (ranging from 3 metagenomes in the Southern Ocean to 16 in the South Pacific East),
and every station and every (station, layer) combination resolved to both the PANGAEA nutrient
and registry tables. Prevalence and abundance filtering (Fig. 2) retained 925 of 957 MAGs; the
32 removed genomes all failed the mean-relative-abundance threshold of 10~* while none failed
the 10% prevalence threshold, indicating that the MAG catalogue is dominated by prevalent-but-
sometimes-rare populations rather than by patchily distributed ones. Environmental predictors
were moderately to strongly collinear (Fig. 3): nitrate+nitrite correlated with phosphate (Spearman
p = 0.80) and with log N:Si (p = 0.91), and phosphate with log P:Si (p = 0.75), underscoring why
single-nutrient coefficients must be interpreted with explicit caveats about co-limitation and shared
water-mass structure.
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Figure 2: Rare-MAG filtering diagnostics. Prevalence (percentage of 93 metagenomes with non-zero
coverage) and mean relative abundance distributions for all 957 MAGs, with the retention thresholds (> 10%
prevalence and > 10~* mean relative abundance) marked in red. Bottom left: filtering outcome (925 kept, 32
removed). Bottom right: prevalence-versus-abundance scatter, with removed MAGs (red) clustered at low
mean abundance despite frequently high prevalence.
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Figure 3: Collinearity among environmental predictors and nutrient ratios. Spearman correlation
matrix across the 93 aligned samples. Strong positive coupling among nitrate+nitrite, phosphate and log N:Si
(p > 0.8) means that a MAG associated with one nutrient will often appear associated with correlated
nutrients; the modelling and stability framework, together with the microcosm design, is intended to mitigate
but cannot fully resolve this ambiguity from field data alone.

3.2 The genome-wide association landscape is dominated by phosphate and
nitrate

Across the 5,550 region-aware mixed models, 314 MAG-nutrient associations passed FDR control at
q < 0.05 (Fig. 4, 5). The signal was concentrated on the two macronutrients most directly tied to
microbial growth: phosphate (125 significant MAGs) and nitrate+nitrite (124), followed by log N:Si
(39), silicate (19) and logP:Si (7). No MAG was significantly associated with log N:P after FDR
control, consistent with the near-symmetric, weakly skewed distribution of that ratio and with N
and P covarying so tightly that their ratio carries little independent structure. For the two dominant
nutrients the significant associations were split between positive and negative signs (nitrate: 57
positive / 67 negative; phosphate: 45 positive / 80 negative), whereas the stoichiometric-ratio
associations were predominantly negative. Model convergence was uniformly high across predictors
(> 0.97; Fig. 5, right), and the Huber robust refits reproduced the mixed-model coefficients within
25% for the majority of the strongest hits (e.g. 15/20 for phosphate, 13/20 for nitrate), indicating
that the leading associations are not artefacts of a few high-leverage samples.



Nutrient / stoichiometry associations with MAG CLR abundance (LMM, region random effect)
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Figure 4: Volcano plots of MAG—nutrient associations. Each panel shows, for one predictor, the
standardized mixed-model coefficient (per 1SD of predictor) against —log;,(g) for all 925 MAGs. Red
and blue mark FDR-significant positive and negative associations, respectively (¢ < 0.05); grey marks
non-significant MAGs. Phosphate and nitrate+nitrite carry the largest number of significant hits; the ratio
log N:P yields none.
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Figure 5: Significant associations per predictor and model convergence. Left: number of FDR-
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linear-mixed-model convergence rate per predictor, uniformly > 0.97.



3.3 Ten MAGs are stable under leave-one-region-out cross-validation

Requiring associations to generalise across ocean basins sharply reduced the candidate set. Of the
314 FDR-significant associations, 297 were directionally stable (correct sign in all twelve LORO
folds), 179 were significance-stable (¢ < 0.05 in all twelve folds), and 168 satisfied both criteria. The
ten most robust doubly stable associations, ranked by absolute median across-fold coefficient, are
reported in Table 1 and visualised in Figs. 6-8. Every one of the ten is significant and correctly
signed in all twelve folds (12/12), with tight across-fold coefficient distributions (Fig. 7), and none
depends on any single region for either its significance or its direction (Fig. 8).

The strongest and most stable association is a Gammaproteobacterial MAG (TARA_PSE_MAG_00096)

negatively associated with phosphate (standardized coefficient —2.54; ¢ = 1.0 x 1073), followed
by an alphaproteobacterial Rhizobiales MAG (TARA_MED_MAG_00059) negatively associated with
nitrate-nitrite (—1.45; ¢ = 5.6 x 1077, the lowest full-model g-value in the top ten). The ranked set
spans five phyla—Proteobacteria (six MAGs), Verrucomicrobia, Bacteroidetes, Candidatus Marin-
imicrobia (SAR406), and Euryarchaeota (a Marine-Group-II/III archaeon)—and three predictor
types: phosphate (three MAGs, all negative), nitrate-+nitrite (five MAGs, three negative and two
positive), and log N:Si (two MAGs, both negative). Seven of the ten associations are negative,
i.e. the MAG is relatively enriched where the nutrient (or ratio) is low—the expected signature
of oligotroph specialists and high-affinity nutrient scavengers. Genome-quality statistics (Table 1)
confirm that the ranked MAGs are largely credible: CheckM completion ranges from 59-97% with
low redundancy, and genome sizes (0.89-3.25 Mbp) are consistent with the streamlined-to-moderate
genomes typical of open-ocean lineages. The sole exception is the nitrate-positive Marine-Group-
II/III euryarchaeon (TARA_IOS_MAG_00039), whose 32% completion is the lowest in the set; its
coverage-based association remains directionally and significance-stable in all twelve folds, but the
partial genome weakens (without invalidating) that signal, and we flag it as the one hit most in
need of an improved reconstruction before functional follow-up.

Table 1: The ten globally stable Tara Oceans M AGs. Ranked by absolute median leave-one-region-out
(LORO) coefficient. All ten are FDR-significant in the full model and directionally and significance-stable in
all twelve LORO folds (12/12). Coefficients are standardized (per 1SD of predictor) mixed-model estimates;
sign indicates the direction of association. Compl./Red. are CheckM completion and redundancy (%).

Rank MAG Predictor Coef. g-value Sig. folds  Taxonomy (Phylum/Class) Compl
1 TARA_PSE_MAG_00096 Phosphate —2.54 1.0x1073 12/12 Gammaproteobacteria
2 TARA_MED_MAG_00059 Nitrate+Nitrite —1.45 5.6 x 1077 12/12 Alphaproteo. (Rhizobiales)
3 TARA_RED_MAG_00096 Phosphate -1.49 3.2x1074 12/12 Verrucomicrobia (Opitutae)
4 TARA_IO0S_MAG_00039 Nitrate+Nitrite +1.35 9.9 x 10™% 12/12 Euryarchaeota
5 TARA_ANE_MAG_00012 Nitrate+Nitrite —1.38 3.2 x 1073 12/12 Gammaproteo. (Legionellales)
6 TARA_SOC_MAG_00012 Nitrate+Nitrite +1.31 3.1 x 1073 12/12 Bacteroidetes (Flavobacteriia)
7 TARA_ION_MAG_00049 logN:Si —-121 6.3 x107* 12/12 Gammaproteobacteria
8 TARA_MED MAG_00110 Nitrate+Nitrite +1.15 6.0 x 1074 12/12 Gammaproteobacteria
9 TARA_IOS_MAG_00016 logN:Si —1.16 1.7x 1073 12/12 Ca. Marinimicrobia
10  TARA_MED_MAG_00070 Phosphate -1.20 2.7x107%  12/12 Proteobacteria
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B. Genome quality (size = genome Mbp)
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Figure 6: Top-ten stable associations and genome quality. (A) Standardized full-model coefficient for
each of the ten ranked MAGs, coloured by predictor (phosphate, nitrate+nitrite, log N:Si). Negative bars
indicate enrichment where the nutrient/ratio is low. (B) Genome-quality space (anvi’o completion versus
redundancy; symbol size < genome size), coloured by phylum, showing that the ranked MAGs are of credible
quality across five phyla.
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Figure 7: Coefficient stability across leave-one-region-out folds. For each of the ten MAGs, the box
shows the distribution of the standardized coefficient across the twelve LORO folds; the red diamond marks
the full-model coefficient. Distributions are tight and never cross zero, i.e. neither the magnitude nor the
direction of any association depends on the inclusion of a particular ocean region.
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LORO significance of top 10 stable MAGs
color = —logi0 (q); annotations mark g <0.05
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Figure 8: Per-fold significance of the ten stable MAGs. Colour encodes —log;,(q) for each MAG
when each ocean region (columns) is held out; asterisks mark ¢ < 0.05. Every cell is significant, demonstrating
that no association is carried by a single region. TARA_MED_MAG_00059 (nitrate+nitrite) is the most strongly
and uniformly significant.

3.4 Lineage-based functional interpretation—explicitly correlational

Because none of the ten MAGs carries gene-level annotation in the resource’s functional tables
(0/10 in the KEGG/RAST and nifH tables), we interpret each association through the physiology
of its lineage, treating the interpretation as a hypothesis to be tested rather than a demonstrated
mechanism. The three phosphate-negative MAGs (TARA_PSE_MAG_00096, TARA_RED_MAG_00096,
TARA_MED_MAG_00070) are enriched in P-depleted waters, a pattern consistent with the possession
of high-affinity phosphate transport (pstSCAB), organic-phosphorus scavenging via alkaline phos-
phatases (phoX/phoA) or C-P lyase, hallmarks of oligotrophic P-stress adaptation documented
in streamlined marine heterotrophs and Prochlorococcus [32—-34]. The three nitrate-positive MAGs
(a Marine-Group-II/III euryarchaeon, a Flavobacterium, and a Gammaproteobacterium) track
oxidised-N-rich waters, compatible with assimilatory nitrate/nitrite reduction (nasA/nirA/narB)—
although for the photoheterotrophic archaeon and the polysaccharide-degrading Flavobacterium,
a niche/co-occurrence explanation (tracking upwelling or phytoplankton-derived organic matter)
is at least as plausible as direct uptake [21, 35]. The two nitrate-negative MAGs (a Rhizobiales
alphaproteobacterium and a Legionellales gammaproteobacterium) favour low-nitrate, stratified sur-
face waters, as expected of populations relying on regenerated nitrogen (ammonium via amtB/ginA)
or, potentially, on Ny fixation. The two log N:Si-negative MAGs—a Gammaproteobacterium and a
Candidatus Marinimicrobia (SAR406) genome—are associated with a stoichiometric ratio rather than
a single nutrient, most likely reflecting community context (e.g. diatom-driven silicate drawdown
shifting N:Si, or a nutricline niche) rather than a direct single-nutrient transporter dependency
[36, 38].
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3.5 Alternative, non-causal explanations that stability cannot exclude

Leave-one-region-out stability establishes that our associations are spatially reproducible and not
artefacts of a single ocean province, but it does not establish causation or a direct metabolic
dependency. We consider three classes of alternative explanation explicitly. First, physical transport
and advection: ocean currents co-transport cells and dissolved nutrients within water masses, so
passive tracers can appear “associated” without any metabolic link. Our region random intercept and
the temperature/salinity /depth covariates absorb broad water-mass identity, and LORO removes
signals driven by a single advective province, but sub-regional mesoscale covariation is not fully
removed. Second, niche overlap and unmeasured covariation: iron, light, mixed-layer depth and
dissolved organic matter co-vary with nutrients and are absent from the model; because these are
strong open-ocean niche axes, and because linear models cannot capture unimodal niche optima, a
measured-nutrient coefficient may be a proxy for an unmeasured driver. This risk is highest for the
two ratio-based (log N:Si) associations. Third, biotic interactions: heterotrophic bacteria frequently
depend on phytoplankton-derived organic matter, and Bacteroidetes and many Proteobacteria bloom
with algal hosts, so a nutrient association may be mediated by a biological partner rather than by
direct nutrient metabolism [13, 20, 21, 35]. We did not model prokaryote—eukaryote co-occurrence,
so this explanation remains open, particularly for the silicate/N:Si associations, which can act as
proxies for diatom abundance [38]. These caveats motivate the manipulative experiment below,
which is the only way to separate direct nutrient dependence from correlated confounders.

3.6 A nitrate x phosphate microcosm to test the associations

To move from stable correlation toward causal inference, we designed a 2 x 2 factorial nitrate x
phosphate enrichment microcosm (Fig. 9). Oligotrophic surface (or DCM) water in which the target
MAGs are confirmed abundant—candidate sources include Mediterranean, South Pacific gyre, Indian
Ocean and Red Sea stations that supplied the ranked MAGs—is collected by Niskin rosette, gently
pre-screened through 200 pm mesh, and dispensed into acid-washed 2.4 L. polycarbonate bottles.
Four treatments are established: an unamended control, +nitrate (NaNOs, +10 uM), +phosphate
(KH2POy4, +1uM), and +nitrate+phosphate, each in n = 4 independent bottles, incubated at
in-situ temperature under a 12h:12h light cycle (~30% surface PAR) for 96 h with gentle daily
mixing. Sampling at six timepoints (0, 12, 24, 48, 72, 96 h) captures chemical (DIN, soluble reactive
phosphorus, silicate), biological (flow- cytometric cell counts, chlorophyll) and molecular (DNA
and RNA on 0.2 um Sterivex filters) responses, with RNA prioritised at early timepoints when
regulatory signals are strongest.

Each MAG is assigned to one of four functional response groups directly from its (predictor,
sign) pair, and each group is given a directional prediction and a tailored marker-gene panel
(Table 2). The three phosphate-negative MAGs (group P-negative) are predicted to decline, with
repression of pstS/phoX/phoA, under phosphate addition; the three nitrate-positive MAGs (N-
positive) are predicted to increase, with induction of glnA/nasA, under nitrate addition; the two
nitrate-negative MAGs (N-negative) are predicted to decline, with repression of the ammonium
transporter amtB, under nitrate addition; and the two log N:Si-negative MAGs (N:Si-negative),
which behave like low-N-favouring taxa on the manipulated nitrogen axis, are predicted to decline
under nitrate addition, with silicate/diatom coupling monitored but not manipulated. Readouts
follow MIQE reporting standards [37]: MAG-specific qPCR/RT-qPCR primers are designed against
each target-gene allele in the MAG assembly, verified for uniqueness against the other nine genomes
and a metagenomic background, and normalised to total 16S rRNA gene/transcript copies and
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a single-copy marker (recA/rpoB); where per-MAG primers are infeasible, shotgun metagenomic
read recruitment (coverage/RPKM) and metatranscriptomic TPM provide the relative-abundance
and expression readouts. Responses are analysed per MAG and per gene with a two-way ANOVA
/ mixed model (response ~ N x P with time), testing the nitrogen main effect, phosphorus main
effect and their interaction, with Benjamini—-Hochberg FDR, correction across the ten MAG X gene
tests and effect sizes (n%/w? with 95% CI) reported alongside p-values [29, 39]. With four cells
and n = 4 (residual df =12) the design has >80% power to detect large main/interaction effects
(Cohen f > 0.7) typical of enrichment-driven shifts.

Step 6 - Microcosm experimental design to validate nutrient associations of the top-10 stable Tara Oceans MAGs

A 2x2 factorial design (Nitrate x Phosphate) B Sampling timeline (0-96 h)
High N
(+NaNO3 10 uM) T2 +Nitrate T4 +N +P
s To et T2 T3 T4 T5
©
&
o o——© L L o
]
; Oh 12h 24h 48h 72h 96h
Low N J T1 Control T3 +Phosphate
(ambient)
At each timepoint:
Chemical: DIN, SRP (+ silicate)
Biological: flow-cytometry cell counts, chlorophyll-a
Molecular: DNA (per-MAG gPCR / metagenomics)

RNA (target-gene RT-qPCR / metatranscriptomics)

Low P High P
(ambient) (+KH2PO4 1 uM)
Phosphate factor
n = 4 replicate 2.4 L polycarbonate bottles per treatment

C Expected relative response of the top-10 stable MAGs across treatments

elevated

TARA_ION_MAG_00049 (up)
Gammaproteobacteria | log_N_to_Si (neg) | amtB.

TARA_I0S_MAG_00016
Candidatus_Marinimicrobia | log_N_to_Si (neg) | amt8

TARA_MED_MAG_00059
Alphaproteobacteria | Nitrate_and_Nitrite (neg) | amt8

TARA_ANE_MAG_00012
Gammaproteobacteria | Nitrate_and_Nitrite (neg) | amt8

TARA_IOS_MAG_00039

Euryarchaeota | Nitrate_and_Nitrite (pos) | ginA
baseline

TARA_SOC_MAG_00012
Flavobacterila | Nitrate_and_Nitrite (pos) | ginA

TARA_MED_MAG_00110
Gammaproteobacteria | Nitrate_and_Nitrite (pos) | ginA

TARA_PSE_MAG_00096
Gammaproteobacteria | Phosphate (neg) | pstS

TARA_RED_MAG_00096
Opitutae | Phosphate (neg) | psts

TARA_MED_MAG_00070
Proteobacteria | Phosphate (neg) | psts reduced
(DN)

Control +Nitrate +Phosphate +Nitrate+Phosphate

Figure 9: Microcosm experimental design. (A) 2 x 2 factorial layout crossing nitrate (NaNOs, +10 uM)
and phosphate (KH2POy, +1 uM), n = 4 bottles per treatment. (B) Sampling timeline over 96h (T0-T5)
with chemical, biological and molecular measurements at each point. (C) Expected relative response of each
of the ten stable MAGs across the four treatments (green: enriched above baseline; red: reduced below
baseline), derived directly from each MAG’s field association and functional group. The design converts each
observational association into a falsifiable directional hypothesis.
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Table 2: Functional response groups and molecular readouts for the microcosm. Groups
are assigned from each MAG’s field (predictor, sign) pair. Expected response under the four treatments
(Ctrl/+N/4+P/+NP) codes the predicted direction relative to baseline in each treatment (4 enriched above
baseline, — reduced below baseline). Target genes are lineage-inferred and must be confirmed by direct
re-annotation of each MAG genome before primer design.

Group MAGs (n) Axis Ctrl/+N/+P/+NP Primary / secondary Prediction
genes
P-negative 3 Phosphate +/+/-/- pstS | pstCAB, phoX, Decline and P-uptake-
phoA, phnJ gene repression under
+P
N-positive 3 Nitrate -/ +/-/+ glnA |/ nasA, nirA, Increase
narB, nrtA assimilation induction
under +N
N-negative 2 Nitrate +/—-/+/- amtB | ginA, glnK, Decline and amtB re-
ureC pression under +N
N:Si-negative 2 Nitrate (via N:Si) +/ =/ + /- amtB / nasA, ginA Decline under +N; sili-

cate context monitored

only

4 Discussion

Starting from three independently archived Tara Oceans resources, we identified ten metagenome-
assembled genomes whose surface-ocean distributions are associated with dissolved nutrients in
a way that survives compositional correction, false-discovery control, robust re-estimation, and—
most importantly—leave-one-region-out cross-validation across twelve ocean basins. The central
methodological claim of this study is that stability, not mere significance, is the appropriate bar for
a global association: of 314 FDR-significant MAG-nutrient links, only about half (168) were both
directionally and statistically stable across all twelve regional hold-outs, and the ten we prioritise are
significant and correctly signed in every fold. This is a deliberately conservative screen. It discards
associations that, while real in the full dataset, are carried by one or two peculiar provinces, and
it therefore yields a shortlist that is far more likely to reflect a genuinely pan-oceanic ecological
relationship than a single-basin artefact.

The biology of the shortlist is coherent with decades of marine biogeochemistry. Seven of the ten
MAGs are negatively associated with a nutrient or nutrient ratio, meaning they are relatively more
abundant where that nutrient is scarce—the expected signature of oligotroph specialists that win in
dilute waters through high-affinity uptake and scavenging rather than through fast growth on pulses
[32, 33]. The three phosphate-negative populations echo the phosphorus-acquisition adaptations
that structure Prochlorococcus and SAR11 populations along basin-scale P gradients [33, 34], while
the nitrate-negative Rhizobiales and Legionellales MAGs are consistent with populations that thrive
on regenerated nitrogen in stratified, low-nitrate surface waters. The positive nitrate associations of
a Marine-Group-II/III euryarchaeon, a Flavobacterium and a Gammaproteobacterium are more
ambiguous: for the photoheterotrophic archaeon and the polysaccharide-degrading Flavobacterium
in particular, tracking oxidised-N-rich upwelling or phytoplankton-derived organic matter is at least
as plausible as direct nitrate uptake [14, 21, 35]. This ambiguity is not a flaw in the analysis but a
fundamental property of observational ocean data, and it is precisely why we frame the functional
interpretation as lineage-based and hypothesis-generating.

14



Two limitations deserve emphasis. First, none of the ten MAGs carries gene-level functional
annotation in the resource’s supplement; the KEGG/RAST and nifH tables were curated for the
heterotrophic-diazotroph subset, not for these general populations. Our marker-gene interpretations
(pstS, phoX, nasA, amtB, ginA) are therefore inferred from lineage physiology and must be confirmed
by direct re-annotation of each genome (e.g. with Prokka, DRAM, or KOfam) before they can
be treated as established metabolic capacities. Second, and more deeply, the entire field analysis
is correlational. The strong collinearity among nitrate, phosphate and logN:Si (Fig. 3) means
that a single-nutrient coefficient cannot, on its own, identify the causal driver, and the alternative
explanations we enumerate—advective co-transport, unmeasured co-limiting factors such as iron
and light, and biotic mediation by eukaryotic partners—remain live for every one of the ten hits.
Function—taxonomy decoupling in the ocean microbiome [12] further cautions against reading a
taxon’s identity as a guarantee of its metabolism.

These limitations define the value of the microcosm experiment. By crossing nitrate and
phosphate in a factorial design and reading out both abundance and target-gene expression per
MAG, the experiment converts each stable association into a directional, falsifiable prediction:
phosphate-negative MAGs should decline and repress pstS/phoX under added phosphate; nitrate-
positive MAGs should increase and induce ginA/nasA under added nitrate; nitrate- and N:Si-negative
MAGs should decline under added nitrate. Crucially, the factorial structure also tests for NxP
interactions and, because the manipulation is direct, breaks the field collinearity that no amount of
statistical adjustment can fully resolve. The design’s own limitations are acknowledged: bottle and
containment effects over 96 h, the fact that silicate/diatom coupling is monitored but not manipulated
(so the N:Si associations are only partially addressed), possible micronutrient co-limitation, and the
risk that enrichment selects for fast responders so that slow-growing oligotrophs—most obviously
the archaeal MAG—may respond weakly within four days. A full test of the N:Si associations would
require a three-factor design that also manipulates silicate.

Several extensions follow naturally. Re-annotating the ten genomes would convert lineage-based
marker predictions into genome-verified capacities and sharpen primer design. Fitting a jointly
regularised model (e.g. Elastic Net) across the correlated nutrients could help attribute each MAG
to its primary driver, and adding iron, light and dissolved-organic-matter proxies as covariates would
shrink the unmeasured-confounder space. Building prokaryote—eukaryote co-occurrence networks
[13, 20] would directly test biotic-partner mediation, especially for the silicate and N:Si associations.
More broadly, the workflow demonstrated here—audit joins, respect compositionality, control the
false-discovery rate, and demand cross-regional stability before believing a global association—is
transferable to any large environmental-omics survey in which spatial clustering and compositional
data threaten to manufacture reproducible-looking but non-generalisable correlations.

In conclusion, we deliver a ranked, auditable and directly testable set of ten ocean genomes
whose distributions are robustly tied to phosphate, nitrate or nutrient stoichiometry across the global
surface ocean, together with an explicit accounting of what the associations can and cannot mean
and a concrete experiment to resolve the difference. Treating association as a starting hypothesis
rather than a conclusion, this study turns a global biogeographic pattern into a program of falsifiable,
genome-resolved ecophysiology.

Data and code availability

All primary data are publicly archived: Tara Oceans non-redundant MAG distributions (Figshare
10.6084/m9.figshare.4902938.v3), PANGAEA nutrient measurements (10.1594/PANGAEA . 875575)
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and the Tara sample registry (10.1594/PANGAEA.875582). The analysis pipeline (data acquisition
and sample-join audit, preprocessing and CLR transform, association modelling with FDR control,
LORO stability analysis, functional interpretation, and microcosm design) was executed with a
fixed random seed (42); intermediate tables (sample-join audit, transformed abundances, associa-
tion results, LORO stability summaries, the annotated top-ten table, and the machine-readable
microcosm design) accompany this manuscript.
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