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SUMMARY

Latitudinal diversity gradients (LDGs), which typically decline from the equator to the poles, are a pervasive
macroecological pattern. However, their generality and drivers in the ocean microbiome remain widely unre-
solved. We integrated global-scale metagenomic data with habitat modeling to study marine microbial LDGs
across seasons and depths. Surface mixed-layer microbiomes exhibit diversity peaks at (sub)tropical lati-
tudes and a poleward decline, whereas mesopelagic communities (200-1,000 m) show no latitudinal diversity
structuring. Taxonomic resolution reveals that the mixed-layer LDG is underpinned by Alphaproteobacteria
and Cyanobacteriia, while other taxa exhibit distinct or contrasting LDGs. Diversity structuring also varies by
seasons and regions and is governed by temperature and nutrient availability. Together, these findings high-
light that, within the ocean microbiome, LDGs are not universal but reflect lineage-specific ecological strate-
gies and responses to environmental gradients. Our study provides fundamental insights into the structuring
of ocean microbiome diversity and lays the foundation for predicting responses to environmental change.

INTRODUCTION

Latitudinal diversity gradients (LDGs) have been recognized
since the early 19" century, when Alexander von Humboldt
documented a decline in diversity from the equator to the poles.
Since then, LDGs have been observed across a wide range of
terrestrial and aquatic ecosystems and organismal groups,”™®
reflecting the combined influence of ecological and evolutionary
processes across environmental gradients. Understanding how
and why diversity is structured along latitudinal and environ-
mental gradients is thus critical, as it provides insights into the
mechanisms shaping diversity and informs predictions of how
ecosystems may respond to global change.

In marine planktonic communities, LDGs have been observed
for both eukaryotes and prokaryotes, but their generality and un-
derlying drivers remain unresolved. Early molecular surveys of
marine bacteria, based on 16S rRNA gene fingerprinting and
clone library sequencing approaches, reported a decline in rich-
ness (the number of unique taxa observed in a sample) toward

higher latitudes, consistent with the traditional LDG concept.®’
However, the expansion of global ocean sampling, together
with advances in sequencing technologies, has challenged
these findings and revealed a more complex and inconsistent
picture. For instance, a study using high-throughput 16S rRNA
gene amplicon sequencing in the South Pacific Ocean reported
a bimodal LDG for prokaryotes, with peaks at mid-latitudes.®
Mid-latitudinal peaks were further supported by metagenomic
sequencing of globally distributed samples,® while proposed al-
ternatives include a diversity plateau within tropical and subtrop-
ical regions,'”® and even an absence of LDGs altogether.'’
Together, these contrasting observations highlight the uncer-
tainty surrounding LDG patterns in marine prokaryotes, which
likely reflects both methodological differences and variation in
the spatial and temporal coverage of datasets.

Statistical models represent a powerful framework for over-
coming some of the limitations of inferring general patterns
based on observational datasets, which are often sparse and un-
evenly distributed across spatial and temporal scales.'® Such
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models provide a means to explore large-scale distributions of
microbial plankton species. They assume that species are not
dispersal limited in the open ocean, a trait consistent with the
generally wide geographic ranges of prokaryotes,'® and that
their global distributions are primarily controlled by rapid re-
sponses to abiotic environmental factors.' Ladau et al.'®
applied such an approach to ribosomal DNA to investigate the
seasonal variation of near-surface ocean LDGs. They found
that during winter months, global prokaryotic richness peaks at
high latitudes, which would represent an inversion of the clas-
sical LDG pattern. Although this study provided strong indica-
tions of seasonal fluctuation in diversity, it was constrained by
a relatively small dataset and methodological heterogeneity.

With the growing availability of databases containing uniformly
processed metagenomic data (e.g., Ocean Microbiomics Data-
base [OMDB]: https://omdb.microbiomics.io; searchable, plan-
etary-scale microbiome resource [SPIRE]'®), we can now strive
to assemble datasets with extensive spatiotemporal coverage
to yield global models with higher resolution. Metagenomic
sequencing provides a broad genomic context, enabling consis-
tent species-resolution taxonomic profiling from multiple marker
genes (e.g., metagenomic operational taxonomic units [mO-
TUs]'"), which is independent of primer-based amplification.
This makes it particularly well suited for meta-analyses inte-
grating data from multiple sources, as it minimizes the technical
variability that hampers the integration of amplicon-based data-
sets generated with different primers, sequencing regions, or
clustering thresholds.

Here, we combined a systematically processed metagenomic
dataset with extensive spatial and temporal coverage with
habitat models (comprehensive ensemble pipeline for habitat
modeling across large-scale ocean pelagic observation datasets
[CEPHALOPOD]'?) to study LDGs of marine prokaryotes across
depths, seasons, and taxonomic ranks. Our analyses revealed
pronounced LDGs for both Bacteria and Archaea in the surface
mixed layer (SML), which were absent in the mesopelagic zone
(MZ). Furthermore, we observed a spatial decoupling of bacterial
and archaeal richness in the SML of (sub)tropical regions, sea-
sonal modulation of diversity without inversion of the general
LDG pattern, and variation in LDGs across taxonomic ranks.
By linking global diversity patterns to environmental drivers, we
found that marine prokaryotic lineages occupy structured
ecological niches. Furthermore, we developed a framework for
characterizing diversity hotspots for different taxonomic groups.

RESULTS

Global dataset and study design

To characterize global patterns in oceanic prokaryotic diversity,
we assembled a metagenomic dataset based on the OMDB:
https://omdb.microbiomics.io. For our analyses, we considered
samples obtained within the SML, the surface layer of the sur-
face ocean that is well mixed, and samples from the MZ (200-
1,000 m depth; STAR Methods). In total, 2,342 samples from
the SML and 281 MZ samples matched our selection criteria
(data and code availability). Spatially, the dataset provides
comprehensive coverage across all major ocean basins
(Figure 1). The majority of samples from the SML were collected
from the Pacific Ocean (~49%), followed by the Atlantic Ocean
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(~28%) and Indian Ocean (19%), with additional coverage ex-
tending into polar regions (~4%). Temporally, the dataset repre-
sents sampling efforts spanning all seasons and a latitudinal
range from —65° to 85°.

From these data, we generated taxonomic profiles, resolving
species-level mOTUs. To account for unequal sampling efforts,
we standardized the taxonomic profiles to a fixed number of spe-
cies observations. Using a rarefaction cutoff of 5,000 species
observations, we retained 1,595 samples from the SML and
238 MZ samples. From the rarefied taxonomic profiles, we
computed the species richness (number of unique species
observed per sample), as well as the Shannon'® (which accounts
for both richness and evenness) and Chao1'® (which estimates
unobserved species) diversity indices. These indices were
computed across all prokaryotes and at taxonomic ranks (from
domain to genus) (Figure 1; STAR Methods). We subsequently
used the resulting species richness after rarefaction to 5,000
species observations as our primary metric for diversity. We
first analyzed the diversity pattern emerging from the samples
alone and then expanded our scope using a habitat-modeling
approach (STAR Methods).

To assess the influence of uneven sampling across ocean ba-
sins on the modeling of prokaryotic richness in the SML, we con-
ducted a basin-stratified subsampling (STAR Methods). Sam-
pling bias mainly increased model uncertainty in estimates of
prokaryotic richness in sparsely sampled polar regions, while
global diversity patterns remained robust (Figure S1A). Model
performance was most robust for open-ocean environments
and lower in dynamic coastal regions (Figure S1B). This study
therefore focused on the prokaryotic diversity of the open ocean.

LDGs are depth dependent

As a first step in assessing the global distribution of marine pro-
karyotic diversity, we used within-sample species richness to
examine LDGs of Bacteria and Archaea in the SML and MZ.

In the SML, species richness followed a clear LDG, with an ~3-
fold change (FC) increase in richness for both Bacteria and
Archaea in (sub)tropical regions (0°-40° absolute latitude)
compared with high latitudes (Bacteria: FC = 3.1; Archaea:
FC = 2.8; both p < 0.001, Wilcoxon test; Figure 2). Chao1-esti-
mated richness was likewise elevated at (sub)tropical latitudes
compared with high latitudes (Bacteria: FC = 2.9, p < 0.001;
Archaea: FC = 2.9, p < 0.001), and the Shannon diversity index
followed the same trend, albeit with smaller FCs (Bacteria:
FC = 1.4, p < 0.001; Archaea: FC = 1.6, p < 0.001). Prokaryotic
richness in the SML was highly correlated with bacterial richness
(Pearson’s r = 0.998, p < 0.001; Figure 2A), consistent with the
dominance of Bacteria in overall prokaryotic richness (97 % of to-
tal richness; Figure S2A). Although archaeal richness showed
FCs between low and high latitudes that were similar to those
of Bacteria, it was only moderately correlated with prokaryotic
richness (r=0.41, p < 0.001; Figure 2B), suggesting domain-spe-
cific biogeographic structuring.

In contrast to the SML, species richness did not differ signifi-
cantly between low and high latitudes in the MZ for either Bacteria
or Archaea (Bacteria: FC = 1.0"°; Archaea: FC = 1.0"%; ns: p > 0.05,
Wilcoxon test; Figure 2). This absence of a latitudinal gradient was
consistent across Chao1 and Shannon indices (FC = 0.9-1.0™ for
both domains; Figure 2). To account for differences in sampling
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Global map showing the distribution of metagenomic samples from the surface mixed layer (SML) and the mesopelagic zone (MZ; 200-1,000 m). Sample lo-
cations and percentage contributions are indicated for the Indian Ocean (10), Southern Ocean (SO), North Pacific Ocean (NPO), South Pacific Ocean (SPO), North
Atlantic Ocean (NAO), South Atlantic Ocean (SAO), and Arctic Ocean (AO). Marginal scatterplots illustrate sample depth distribution across the SML (n = 1,595)
and MZ (n = 238). Sample counts are also shown across 5° latitude bins and seasons (left). Seasons were defined as follows: Northern Hemisphere: winter,
December-February; spring, March-May; summer, June-August; autumn, September-November; Southern Hemisphere: reversed. Species-resolved taxo-
nomic profiles were generated and used to calculate within-sample diversity (observed richness, Chao1, and Shannon index) across all prokaryotic species, as
well as by taxonomic rank (from domain to genus). For each sample, 200 independent rarefactions were performed, and diversity metrics were calculated as the
mean across repetitions. Within-sample diversity metrics were then extrapolated across the SML using habitat modeling.

effort, we randomly downsampled SML samples to match the
number of MZ samples. The lower richness of Bacteria and
Archaea at high versus low latitudes in the SML remained robust
even after accounting for sampling differences (Figure S3). Thus,
our results suggest that MZ diversity does not conform to an
LDG characterized by declining richness toward the poles.

The SML and MZ exhibited distinct microbial diversity struc-
tures. For Archaea, species richness was higher in the MZ
(46 = 18, mean + SD) than in the SML (29 + 19) (Figures S2A
and S2B). Archaeal richness in the SML was largely dominated
by members of the class Poseidoniia (27 + 17), whereas MZ rich-
ness was more evenly distributed across classes Nitrososphae-
ria (24 = 10) and Poseidoniia (19 = 11). In contrast, bacterial spe-
cies richness was higher in the SML (815 + 250) than in the MZ
(421 £ 155). In the SML, species richness was heavily skewed to-
ward classes Alphaproteobacteria (444 + 172; predominantly
belonging to the genus Pelagibacter: 226 + 102) and Cyanobac-
teriia (111 = 69; predominantly belonging to the genus Prochlor-
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ococcus_A: 101 + 70). Together, these two classes accounted
for 66% of the mean prokaryotic species richness in the SML (Al-
phaproteobacteria: 52% and Cyanobacteriia: 14%; Figure S4A).

Frequently used taxonomic definitions, such as 97%
sequence-identity clustering of the 16S rRNA gene sequence,
resultin broader taxonomic granularities than species-level def-
initions.?® To test the sensitivity of marine prokaryotic diversity
structure to taxonomic granularity, we calculated genus rich-
ness in addition to species richness. Genus richness in the
SML was less strongly dominated by Alphaproteobacteria and
Cyanobacteriia, which contributed only 31% of the mean pro-
karyotic richness (Alphaproteobacteria: 29% and Cyanobacter-
iia: 2%; Figure S4B). In agreement with the dominance of Pela-
gibacter and Prochlorococcus_A, this confirmed that a limited
number of genera contributed to the high species richness of Al-
phaproteobacteria and Cyanobacteriia in the SML. In contrast
to species resolution, genus richness was higher in the MZ
than in the SML (MZ: 229 + 52, SML: 179 + 51; Figure S4B),
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Figure 2. Latitudinal patterns of within-sample richness in Bacteria and Archaea across ocean depths

Observed within-sample richness for (A) Bacteria and (B) Archaea in the SML (top) and the MZ (bottom), shown across 5° latitude bins. Statistical comparisons
(blue) indicate fold change (FC) and p values (Wilcoxon test) between (sub)tropical and high-latitude regions (0°—40° vs. 41°-90° absolute latitude). The top-right
plots show correlations between prokaryotic richness and bacterial or archaeal richness. Tables summarize FCs between 0°-40° and 41°-90° absolute latitude
for Shannon index and Chao1 diversity metrics in (A) Bacteria and (B) Archaea (Wilcoxon test; ns, p > 0.05 and ***, p < 0.001).

See also Figures S2-S5.

consistent with previous reports utilizing taxonomic granular-
ities broader than species units.”?'2° Notably, genus richness
also showed no significant difference in the MZ between low-
and high-latitude regions (FC = 1.0"%; Figure S4B). Although
these results were not affected by incomplete taxonomic anno-
tation (>99.99% of mean prokaryotic richness had GTDB anno-
tations at least to the class rank; Figure S2), differences in base-
line richness across depth layers may partly reflect the higher
fraction of unassigned taxa in the MZ (median 28.3%-43.1%)
compared with the SML (20.5%-27.3%; Figure S5A). Indepen-
dent of taxonomic assignment, rarefaction analyses indicated
that richness estimates were largely robust to sampling depth.
Rarefaction curves rarefied to 5,000 species-resolved mOTUs
approached saturation across ocean regimes, with median
slope values ranging from 0.016 to 0.046 in the MZ and high-lati-
tude SML, and slightly higher slopes in low- to mid-latitude SML
samples (0.066-0.08; Figure S5B). Together, the comparison of
species and genus richness underscores the importance of
taxonomic granularity when interpreting microbial diversity pat-
terns across ocean layers.

Spatial and temporal variations of ocean microbiome
diversity in the SML
To extend our analyses and compare SML archaeal and bacte-
rial LDGs across the global ocean and seasons, we applied a
second, habitat-modeling-based approach. In this framework,
observed diversity was extrapolated in space and time using
an ensemble of models trained on environmental variables
(Figure S6). These environmental variables are monthly averaged
climatologies with a 1° by 1° spatial resolution, thus representing
prevailing environmental conditions (STAR Methods). A compar-
ison with in situ measurements from the Tara Ocean expedition®*
showed high agreement between in situ and gridded environ-
mental data (Pearson’s r > 0.7 for all variables except chloro-
phyll-a, r = 0.26; all p < 0.001; Figure S7). Global-scale modeled
diversity patterns of Bacteria and Archaea were highly consistent
across rarefaction cutoffs (Pearson’s r > 0.98, all p < 0.001;
Figure S8), indicating that overall results were robust to this
methodological choice.

At the domain level, the biogeography of bacterial and
archaeal diversity was similar across diversity metrics
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stippling (coefficient of variation > 20% across model ensemble members). Model predictive power (R?) is shown in red (lower left). White contours highlight
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See also Figures S6-S10 and Table S1.

(Bacteria: richness vs. Shannon, r = 0.98, and Chao1, r = 0.98;
Archaea: richness vs. Shannon index, r = 0.88, and Chao1, r =
0.99; all p < 0.001; Figure 3). Across the global ocean, species
richness patterns between the two domains showed a moderate
correlation (r = 0.56, p < 0.001; Figure S9A). However, within
(sub)tropical regions (0°-40° absolute latitude), a decoupling of
bacterial and archaeal richness was evident (r = —0.14,
p < 0.001; Figure S9B). This low correspondence was consistent
across other diversity metrics (Shannon index: r = —0.04,
p < 0.001; Chaol: r = 0.16, p < 0.001). Together, these results
indicate that (sub)tropical bacterial and archaeal communities
follow distinct diversity-latitude relationships, suggesting diver-
gent ecological drivers.

The decoupling in annual bacterial and archaeal richness in
the SML was also evident in distinct hotspots of diversity,

1564 Cell Host & Microbe 34, 1560-1574, August 12, 2026

defined as regions above the 75" percentile of modeled richness
(Figure 3A). Bacterial hotspots were identified in oligotrophic
gyres (~25° absolute latitude and richness up to 1,031), whereas
archaeal hotspots occurred in nutrient-rich upwelling zones
(e.g., equatorial divergence, ~40° absolute latitude, and rich-
ness up to 55). Archaeal richness was markedly lower in oligotro-
phic regions (richness < 20). Our models showed that LDGs var-
ied not only between but also within ocean basins, e.g., bacterial
richness dipped around the equator in the eastern Pacific,
whereas this dip was absent in the western Pacific (Figures
S10A and S10B). This indicates that sampling transects in
different regions and ocean basins can result in differing LDG
patterns.

Our habitat-modeling approach revealed seasonal fluctua-
tions in ocean microbiome richness (Figure 3B). For Bacteria,
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Figure 4. Modeled seasonal richness compared with time series observations

Comparison of the June-to-December change in prokaryotic richness between the model and stationary time series.

(A) European coastal time series are compared with corresponding modeled latitudes. Boxplots compare the symmetric percent difference in prokaryotic
richness in December relative to June; text labels indicate the median. The left map shows the latitudes corresponding to the European time series studies, and
the coloring indicates the symmetric percent difference in prokaryotic richness of December versus June. The right map shows the locations of the European time

series studies.

(B) The map indicates the sampling location of the HOT ALOHA time series (left). The observed seasonal change in prokaryotic richness in the HOT ALOHA time
series was compared with the modeled richness change at the corresponding latitude. This comparison is summarized in the bar plot (centre), showing the
symmetric percent change in December relative to June, based on the habitat model and the time series observations. The scatterplot with loess fit (right) shows
the month-resolved observed richness in SML samples, with text annotations indicating the median observed richness in June and December.

modeled richness increased in winter: in the Northern Hemi-
sphere, richness increased from summer (June) to winter
(December) by a median of 17%, corresponding to 131 species
(interquartile range, IQR: 41-198), while in the Southern Hemi-
sphere with inverted seasonality, richness declined by 20% or
151 species (IQR: 83-210). Archaea showed similar trends,
with higher winter richness. In the Northern Hemisphere, rich-
ness increased from June to December by a median of 58% or
11 species (IQR: 4-19) and decreased over the same period in
the Southern Hemisphere by 32% or 9 species (IQR: 1-18).
Outside equatorial regions, seasonal differences were significant
for both bacterial and archaeal richness (Bacteria: 93% of 1° lati-
tude bins; Archaea: 89% of latitude bins). Thus, our results indi-
cate an increase in richness of Bacteria and Archaea in winter
compared with summer months, whereas previously reported
global diversity maxima at high latitudes during winter'® are
not supported by our findings.

To compare the modeled seasonal changes to time-
series observations, we analyzed data from seven European
coastal time series stations (Figure 4A). Specifically, we
compared the seasonal difference in prokaryotic richness
(ARichnesspecember-dune) Of the time series with the modeled
richness at corresponding latitudes. All coastal time series
and open-ocean models showed higher richness in December
than in June, with similar median increases (modeled: 58.9%
and time series: 56.9%; Figure 4A). For the open ocean, both
the Hawaii Ocean Time-series at station ALOHA (HOT
ALOHA) at 22.75° latitude (ARichnesspecember-June: 5.9%) and
the modeled December/June richness change at the corre-
sponding latitude (17.7%) suggest that the winter increase
in richness is less pronounced near the equator compared
with higher latitudes (Figure 4B). This suggests that prokaryotic
richness is higher in winter than in summer months and that this
variation is modulated by latitude.
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Figure 5. Latitudinal diversity gradients of different taxonomic ranks and across seasonality

(A) Dendrogram showing similarity in modeled annual latitudinal richness patterns across taxa. Mean richness per 1° latitude bin was correlated (Pearson) across
taxa (hclust and R stats). Four distinct clusters of latitudinal diversity gradients (LDGs) were identified. For each cluster, the LDG of the taxon with the highest mean
annual richness in the SML is shown, plus the archaeal class with the highest mean richness (Poseidoniia): solid lines show mean richness per 1° latitude bin;

shading indicates + SD across ensemble members and longitude.

(B) Left: modeled mean latitudinal richness for June (pink) and December (black). Blue labels mark latitude bins with significant seasonal differences (>50% of
ensemble members, p < 0.001, Wilcoxon test); percentages indicate the fraction of significant bins. Right: percent change in richness between winter (NH,
December; SH, June) and summer (NH, June; SH, December), shown as mean + SD across latitude bins.

See also Figures S11-S14.

LDGs vary across taxonomic groups

To gain deeper insights into the structure of bacterial and
archaeal richness across the global ocean SML, we modeled
species richness at the class and genus levels (Figures S11
and S12). Although divergent LDGs were already evident at the
domain level, this hierarchical approach aimed to assess
whether these LDG patterns are internally consistent at lower
taxonomic ranks or whether they are composed of increasingly
divergent LDG clusters. We further assessed whether similarities
in richness distributions align with phylogenetic relationships
and finally investigated how seasonal variability contributes to
diversity dynamics across taxonomic groups.

At the class level, comparative assessment of annual LDGs re-
vealed four main clusters of diversity gradients (Figure 5A). The
bacterial LDG was highly similar to that of the two richest clas-
ses, Alphaproteobacteria (r = 0.998, p < 0.001) and Cyanobac-
teriia (r = 0.970, p < 0.001) (cluster 2; Figure 5A), highlighting
that the overall prokaryotic and bacterial LDGs are primarily
shaped by species within these two classes. Similarly, grouping
in cluster 4 revealed that the archaeal LDG is highly aligned with
the LDG of class Poseidoniia (r = 0.976, p < 0.001). Despite vari-
ation in gradient shape, most taxonomic groups showed lower
diversity at temperate and polar latitudes compared with (sub)-
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tropical zones. Notable exceptions included cluster 1, with
Archaea of the class Nitrososphaeria and Bacteria of the class
Fibrobacteria both showing increasing diversity toward high lat-
itudes (Nitrososphaeria: r = 0.71, p < 0.001; Fibrobacteria: r =
0.79, p < 0.001). Together, a variety of LDGs exists in the SML,
masked by species-rich taxonomic groups, particularly Alphap-
roteobacteria and Cyanobacteriia.

To evaluate whether additional LDG patterns emerge at higher
taxonomic resolution, we analyzed richness-based LDG pat-
terns of domains and classes together with the LDGs of 272
genera. This analysis revealed seven distinct genus-level LDG
patterns, the majority of which (5 out of 7) contained at least
one of the class-level LDGs (Figure S12A). The additional variety
in LDG patterns resolved at the genus level confirms our findings
that the overall prokaryotic LDG is a function of taxonomic reso-
lution and that the number of different LDG patterns increases
toward higher taxonomic resolution.

The relative abundance of prokaryotes is frequently skewed
toward a few dominant taxa and many less abundant species.
We therefore compared Shannon diversity-based LDGs for all
modeled genera, which account for relative taxon abundance,
with richness-based LDGs and found strong agreement in LDG
patterns (median Spearman’s p = 0.90; 71.4% of genera with
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p > 0.8 and p < 0.001; Figure S12B). This high correlation indi-
cates that LDG variation persists when accounting for differ-
ences in relative abundance of taxa.

Resolving LDGs per genus also revealed that specific genera
within Alphaproteobacteria and Cyanobacteriia shape the over-
all prokaryotic and bacterial LDG. Specifically, the species-rich
genera Pelagibacter and Prochlorococcus_A exhibit pro-
nounced richness peaks at (sub)tropical latitudes. Accordingly,
their richness patterns closely track overall prokaryotic and bac-
terial richness (Pearson’s r = 0.98 for Pelagibacter and r = 0.94 for
Prochlorococcus_A, both p < 0.001; Figure S12C). This further
strengthens the conclusion that a few taxonomic groups dispro-
portionately shape the overall prokaryotic LDG pattern and mask
additional LDG variety.

To investigate the relationship between annual LDGs among
taxonomic groups and their phylogenetic distances, we
compared latitudinal richness distributions to phylogenetic dis-
tances (Figure S13). Some classes belonging to the same
phylum exhibited similar LDG patterns; for instance, the three
Myxococcota classes, UA796, UBA4151, and XYA12-FULL-
59-9, all showed an equatorial richness peak. However, align-
ment of the phylogenetic and LDG dendrograms revealed dis-
parities for several taxonomic groups (entanglement score =
0.33; 0 = complete alignment and 1 = no alignment). For
example, although the classes Alphaproteobacteria and Gam-
maproteobacteria belong to the same phylum, their LDGs
differed considerably (r = 0.71, p < 0.001) and did not cluster
together (Alphaproteobacteria: cluster 2, Gammaproteobacte-
ria: cluster 4; Figure 5A). This suggests that observed (dis)simi-
larities in the patterns of latitudinal richness distributions do
not merely reflect phylogenetic distance. Even within some clas-
ses, we found that different genera can exhibit distinct LDG pat-
terns (Figure S14). For example, within Gammaproteobacteria,
genus BACL 14 exhibited the highest richness in (sub)polar re-
gions. The LDG pattern of BACL14 contrasted the diversity
peaks of other gammaproteobacterial genera in intermediate lat-
itudes and was anticorrelated with the LDG of the most species-
rich genus, SAR86A (r = —0.91, p < 0.001). Resolving LDGs for
genera within classes further supports the finding that a great va-
riety of LDGs exist across taxonomic ranks.

The LDG patterns further exhibited significant seasonal changes
in richness across the global ocean, with more than half of all 1° lat-
itudinal bins showing significant monthly variation (Figure 5B).
Here, the seasonal change was calculated as the ratio of mean
winter-month richness (December in the Northern Hemisphere,
June in the Southern Hemisphere) to mean summer richness
(June in the Northern Hemisphere, December in the Southern
Hemisphere), averaged across all latitude bins. Seasonal changes
in richness consistently increased during winter months compared
with summer months, across taxonomic groups. The magnitude of
seasonal change inrichness varied among representative classes,
ranging from 57 + 49% in Poseidoniia to 11 + 74% in UBA796
(mean = SD). Notably, the LDG of class UBA796, which showed
the highest richness around the equator, where seasonality is
limited, exhibited minimal seasonal change. These results indicate
that higher richness in winter is a widespread trend across bacte-
rial and archaeal taxonomic groups. However, the magnitude of
seasonal change varied among classes and across latitudes, as
indicated by high standard deviations.
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Environmental drivers and global diversity hotspots
across taxonomic groups

Having identified four main clusters of annual LDGs across taxo-
nomic classes in the SML (Figure 5), we sought to characterize
their key environmental drivers and contextualize their diversity
hotspots (Figure 6). To disentangle the environmental drivers of
prokaryotic diversity, we first assessed correlations among
climatological features, which grouped into environmental con-
ditions representing temperature, oxygen, macronutrients, and
carbon dynamics (Figure S15). Given the strong covariation
among variables in the surface ocean, predictor importance re-
flects dominant environmental regimes rather than individual
variables.

Across LDG clusters, temperature consistently emerged as
the most important driver of richness (9 out of 15 classes), partic-
ularly for classes within cluster 3 (e.g., Acidimicrobiia: 28%, IQR:
23%-34%, and median and interquartile range) and cluster 4
(e.9., XYA12-FULL-59-9: 38%, IQR: 31%-43%) (Figure 6A). Par-
ticulate organic carbon (POC) levels, correlated with primary
production (r = 0.84, p < 0.001; Figure S15), emerged in 8 out
of 15 classes as a secondary or tertiary driver and even acted
as the strongest predictor in some cases (e.g., cluster 2: POC
for Poseidoniia: 40%, IQR: 35%-45%). Beyond that, phosphate,
covarying with other inorganic macronutrients, was identified as
a secondary or tertiary driver in 6 classes (e.g., in all classes of
cluster 3, ranging from Acidimicrobiia [12%, IQR: 10%-17%)]
to Alphaproteobacteria [18%, IQR: 7%-23%]). These results
highlight that, although temperature exerts a primary influence
on richness, lineage-specific sensitivities to macronutrient and
carbon gradients could be found, pointing to divergent ecolog-
ical strategies and the impact of environmental filtering. In
contrast, variables related to water-mass dynamics, such as
the eddy kinetic energy and the turbulence parameter of the
finite-size Lyapunov exponent, were less important predictors
(Figure S16), indicating a comparatively weaker influence on
richness patterns.

The environmental characteristics and spatial extent of diver-
sity hotspots (area of > 75" percentile modeled richness;
Figures 6B and S11) were complementary to the dominant envi-
ronmental features identified for each LDG cluster (Figure 5A).
Cluster 1 classes (Nitrososphaeria and Fibrobacteria) had rich-
ness hotspots in polar and subpolar waters, representing
nutrient- and carbon-rich regimes, and their richness hotspots
occupied ~36% of the global SML (Figure 6B). Cluster 2 taxa
(classes UBA1144, SAR324, Poseidoniia, Marinisomatia, Gam-
maproteobacteria, Bacteroidia, and the domain Archaea) ex-
hibited the broadest extent of richness hotspots (~52% of the
global SML), concentrated at mid-latitudes outside the oligotro-
phic gyre regions, under elevated nutrient concentrations and
POC levels (Figure 6C). Taxonomic groups belonging to cluster
3 (Acidimicrobiia, Cyanobacteriia, Alphaproteobacteria, and
the domain Bacteria) were richest in oligotrophic (sub)tropical
waters, with the highest temperatures and lowest phosphate
concentrations across all clusters (Figure 6C). Their richness hot-
spots spanned ~43% of the global ocean but were absent from
more nutrient-rich equatorial upwelling zones (Figure 6C).
Finally, cluster 4 (class Chlamydiia and three Myxococcota clas-
ses: UA796, UBA4151, and XYA12-FULL-59-9) was geographi-
cally constrained to richness hotspots around the equator
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Cell Host & Microbe

Global maps of richness

Environmental conditions at

hotpsots richness hotspots
Hotspot coverage: 36% Temperature
AR 4 Lyapunov Exponent
Phosphate Eddy Kinetic Energy
Nitrate Mixed Layer Depth
Silicate AOU
Oxygen Saturation
Total POC Dissolved O,
Chlorophyll-a  Primary Production

Phosphate
Nitrate
Silicate

N

Hotspots present

[ -
1.2 3 4 5 6 7

=== Fibrobacteria

PAR 4

P

Total POC
Chlorophyll-a
=== Bacteroidia
Marinisomatia
UBA1144

=== Nitrososphaeria

Temperature
Lyapunov Exponent

%" Eddy Kinetic Energy
)

AW : Mixed Layer Depth
S AoU
a

W Oxygen Saturation

Dissolved O,
Primary Production

=== Poseidoniia
SAR324
=== Gammaproteobacteria

=== Archaea

Hotspot coverage: 43%

Phosphate
Nitrate

Silicate

PAR

Temperature
Lyapunov Exponent
Eddy Kinetic Energy

Mixed Layer Depth
AOU

N* Oxygen Saturation
Total POC Dissolved O,
Hotspots present Chlorophyll-a  Primary Production
1 ? ?T Acidimicrobiia === Cyanobacteria

=== Alphaproteobacteria === Bacteria

Hotspot coverage: 40%

Phosphate
Nitrate
Silicate

N

Hotspots present
.

1.2 3 4

PAR

Total POC
Chlorophyll-a
Chlamydia
=== UBA796

Temperature
Lyapunov Exponent
)‘7 Eddy Kinetic Energy
st S
4

QG
i d
N
'\: '>\

S

Mixed Layer Depth
AOU

Oxygen Saturation
Dissolved O,
Primary Production

=== UBA4151
XYA12-FULL-58-9

(A) Bubble plots show the top three environmental drivers (color coded) of richness for modeled prokaryotic classes and domains. Bubble size shows median
variance explained; horizontal bars indicate the interquartile range across ensemble members.
(B) Consensus hotspot maps show, for each LDG cluster (Figure 5), the number of classes with richness hotspots per location (>75™ percentile) and the fraction of

ocean area covered.
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See also Figures S15 and S16.
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(~40% of the global SML), characterized by high photosynthet-
ically active radiation (PAR) and a shallow mixed layer depth
(Figure 6C). Taken together, richness hotspots and ultimately
LDGs were shaped by lineage-specific associations with envi-
ronmental gradients, driven primarily by temperature and
secondarily by macronutrient and organic carbon availability.

DISCUSSION

Here, we show that the latitudinal structuring of species-resolved
diversity in the ocean microbiome is depth dependent and
shaped by lineage-specific biogeographic dynamics. Thus, our
findings suggest that the diversity of the surface ocean micro-
biome does not universally conform to the classical LDG
perspective but instead is shaped by the interaction between
distinct ecological strategies and environmental gradients, re-
sulting in taxon-specific diversity patterns.

The depth-dependent nature of LDGs suggests that microbial
diversity is shaped by fundamentally different drivers in the SML
and MZ environments. In the SML, environmental conditions,
such as temperature, light, and nutrient availability, fluctuate
over daily to seasonal timescales® (Figure S6). These variations
create heterogeneous ecological opportunities, driving microbial
responses that underpin the structuring of diversity over space
and time. Accordingly, surface ocean microbiome composition
varies along environmental gradients and seasons, whereas
MZ microbiome composition remains more stable and is instead
influenced by longer-term processes such as water-mass circu-
lation and residence time.?>*® Despite strong temporal vari-
ability in organic matter input, the relatively uniform physical con-
ditions across latitudes in the MZ likely explain the absence of an
LDG. However, limited MZ sampling coverage calls for further
investigation to better understand diversity structuring and the
processes shaping subsurface microbial communities.

The pronounced LDGs in the SML are structured over both
spatial and temporal scales. Our results do not support a sea-
sonal inversion of the bacterial LDG with diversity peaks in (sub)-
polar regions in winter months, as previously hypothesized.'”
Instead, our study suggests that the classical LDG pattern (pole-
ward decrease in diversity) holds in the SML throughout the year,
but its shape is modulated by seasonal dynamics: in agreement
with observations from time series studies,”**”?° our model
projects an increase in bacterial and archaeal diversity in winter
relative to summer months. A major factor that likely contributes
to seasonal variations is the deepening of the SML in winter,
which leads to vertical mixing of previously stratified commu-
nities, thereby increasing species richness and evenness.?®*°
Although warm (sub)tropical regions are more diverse than polar
regions on a global scale, colder winter months often coincide
with higher species richness locally, which likely reflects under-
lying differences in spatial and temporal scales. Specifically,
the elevated richness observed in oligotrophic gyres compared
with polar regions may arise from differences in environmental
stability and niche partitioning, as persistently low but stable re-
sources in oligotrophic waters can promote the coexistence of
many specialized taxa.®® In contrast, polar regions experience
strong seasonal extremes and environmental filtering, which
may constrain long-term species coexistence despite episodic
periods of high productivity.®" By capturing spatiotemporal dy-
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namics, our findings indicate that previously reported deviations
in LDG pattern may be partially explained by seasonal and
spatial variability. Our model can serve as a reference to incorpo-
rate temporal dimensions into the monitoring of global ocean mi-
crobiome diversity.

We identified divergent LDGs at varying taxonomic ranks,
such as domain, class, and genus. On the domain level, we
found a decoupling of richness between Bacteria and Archaea
in the (sub)tropical SML. Although global LDGs have been re-
ported separately for both domains,®'° their spatial decoupling
has not previously been highlighted. This bacterial/archaeal
decoupling was largely underpinned by species-rich Cyanobac-
teriia (dominated by Prochlorococcus_A) and Alphaproteobac-
teria (dominated by Pelagibacter), which dominate the bacterial
diversity signal and exhibit richness hotspots in oligotrophic
gyres (Figure S12C), consistent with their adaptations to
nutrient-scarce, low-productivity environments.*>*® Despite
their streamlined genomes, Pelagibacter and Prochlorococcus
exhibit diverse ecotypes, reflecting fine-scaled adaptations to
stable conditions of light, temperature, and sustained nutrient
scarcity in oligotrophic regions.®**> Such functional versatility
promotes a high degree of niche partitioning®®*° and helps
explain the elevated bacterial richness observed in these re-
gions,®” ultimately driving LDG peaks at intermediate latitudes.
Archaeal richness, meanwhile, is largely structured by Poseido-
niia species, which have been linked to productive waters with
availability of phytoplankton-derived dissolved organic mat-
ter.>8%949 Beyond the domain level, distinct LDG patterns
were also evident at the class level. For example, many Bacter-
oidia species respond to organic matter in upwelling systems,*’
which can explain their LDG pattern that closely follows the
gradient of primary production (Figures S6 and S11). Similarly,
Gammaproteobacteria show richness hotspots outside oligotro-
phic gyres, consistent with their classification as copiotrophs
that preferentially occupy nutrient-rich environments.**** The
archaeal class Nitrososphaeria displayed elevated richness
levels at higher latitudes, in alignment with reports of their prev-
alence in surface waters around Antarctica.*® Their rare abilities
to derive energy from ammonia oxidation and urea degrada-
tion** and to withstand freeze-thaw cycles likely enable their
unusual LDG.

The lack of a universal LDG pattern is further amplified at the
genus level, where the number of distinct LDG clusters increases
to seven (Figure S12A). We found that taxonomic groups with
greater phylogenetic relatedness tend to exhibit similar LDGs,
as observed, e.g., for the Myxococcota classes (UA796,
UBA4151, and XYA12-FULL-59-9; Figure 5) or the genera within
class Alphaproteobacteria (Pelagibacter, Pelagibacter A, and
AG-337-102; Figure S14). This likely reflects the fact that related
taxa often inhabit similar ecological niches, known as niche
conservatism.*® However, this relationship was not consistent
across all taxonomic groups. We observed notable disparities
between phylogenetic relatedness and LDG pattern at both the
class and genus level (Figures S13 and S14). In some cases,
related taxa did not exhibit similar LDGs (e.g., genera within
Gammaproteobacteria, such as BACL14 and SARS86A;
Figure S14), whereas in other cases, phylogenetically distant
taxa exhibited similar LDGs (e.qg., classes Poseidoniia and Bac-
teroidia; Figure 5). These disparities capture valuable information
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on the mechanisms behind global ecological patterns and
potentially reflect similar metabolic functions,*” explaining why
distantly related taxa may converge within the same LDG cluster.
Such ecological signatures are only uncovered when viewing the
prokaryotic LDG as a function of taxonomic resolution, uncover-
ing diversity patterns masked by species-rich taxonomic groups.
Less diverse taxa, although contributing less to overall richness,
may nonetheless fulfill important ecological roles and respond
differently to environmental change. Taken together, our findings
underscore the conclusion that LDGs are not universal features
of marine prokaryotes but arise from taxon-specific ecological
and evolutionary adaptations to distinct environmental regimes.
Despite such taxon-specific differences, several broader pat-
terns emerge, indicating a degree of generality in the structuring
of diversity and its environmental drivers. Most classes share a
characteristic decline in diversity toward (sub)polar regions
(Figure 5), with temperature identified as a first-order driver
(Figure 6), consistent with macroecological principles linking
temperature to biodiversity patterns.”**® Temperature influ-
ences metabolic rates, energy flux, and ecosystem productivity,
constraining diversity across latitudes,*®*® although it also cova-
ries with other environmental properties. Consequently, associ-
ations between temperature and diversity likely reflect both
direct physiological effects and indirect associations with co-
varying oceanographic and biogeochemical conditions. This
temperature-associated pattern aligns with a bimodal struc-
turing of marine diversity, characterized by mid-latitude richness
peaks and an equatorial dip,®°°°" potentially driven by thermal
boundary dynamics and equatorial upwelling acting as ecolog-
ical filters.®*° Beyond temperature, secondary and tertiary
drivers, including the concentration of POC and phosphate,
correlated with other macronutrients, were shared across a ma-
jority of classes (Figure 6). In line with this, nutrient regimes struc-
ture prokaryotic heterotrophs in the surface ocean by latitude,
with oligotrophs adapted to nutrient scarcity dominating at low
latitudes and copiotrophs with high growth rates dominating at
higher-latitude regions.*> Recent biogeographic analyses show
that microbial functional diversity peaks in nutrient transition
zones associated with major circulation fronts, where environ-
mental gradients and resource heterogeneity are strongest.”®
Despite previous reports on the potential influence of mixing
and connectivity leading to increased diversity,>* our environ-
mental driver analysis suggests that environmental filtering plays
a more important role in shaping microbial diversity gradients.”®
However, modeling-derived predictor rankings depend on the
scale at which diversity is examined,”® with predictors related
to global-scale climate indicators such as temperature consis-
tently ranking high in marine plankton studies.*>°” The observed
variations among taxa highlight the limits of universal environ-
mental predictors, showing instead that diversity patterns
emerge from taxon-specific adaptations to distinct combina-
tions of temperature, light, nutrients, and carbon dynamics.
Although our global model projections enabled us to disen-
tangle taxon- and depth-specific LDGs within the ocean micro-
biome and their associated environmental drivers, several limita-
tions remain. A major source of uncertainty stems from the
uneven spatial and temporal sampling coverage across the
global ocean. This is particularly evident at high latitudes and
in the Southern Ocean, where data scarcity restricts our ability
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to fully capture prokaryotic diversity dynamics and highlights
the need for targeted sampling efforts. Furthermore, while we
identified strong associations between environmental variables
and diversity patterns, the high degree of covariation among
environmental features highlights the challenge of disentangling
individual drivers. These relationships should therefore be further
explored through experimental and mechanistic studies to better
understand the causal mechanisms underlying these observed
diversity patterns.

Our results demonstrate that global patterns of ocean prokary-
otic diversity are shaped by a few dominant taxonomic groups,
whereas variation in LDG patterns is associated with distinct
environmental gradients. Consequently, future changes in ocean
stratification, nutrient availability, and primary production are ex-
pected to impact microbial diversity and ecosystem functions
unevenly across taxonomic groups. Given the central role of ma-
rine prokaryotes in sustaining biogeochemical cycles, under-
standing their diversity is critical for assessing the resilience of
ocean ecosystems under increasing environmental stress.
These findings highlight the need for taxon-resolved, environ-
mentally explicit models to accurately forecast microbiome dy-
namics and their biogeochemical consequences in a chang-
ing ocean.
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All contextual information for the metagenomic samples, including associated
metadata and calculated diversity metrics for each sample, together with the
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thub: https://github.com/grp-bork/LDG_Eriksson_Schiller_2025. The code
and environmental predictors used to implement the habitat-modeling pipeline
are openly available at Zenodo: https://zenodo.org/records/15168238.

ACKNOWLEDGMENTS

This work was supported by the Swiss National Science Foundation (SNSF),
grant no. 205320_215395. This project has also received funding from the Eu-
ropean Union’s Horizon 2020 Research and Innovation Programme under
grant agreement no. 862923 (AtlantEco) and no. 101059915 (BlOcean5D).
This output reflects only the authors’ view, and the European Union cannot
be held responsible for any use that may be made of the information contained
therein. S.M.-V. acknowledges funding from the Human Frontier Science Pro-
gram (HFSP) through a postdoctoral fellowship (LT0050/2023-L). L.J.U. ac-
knowledges funding from the Peter und Traudl Engelhorn Stiftung zur Férder-
ung der Lebenswissenschaften. We would also like to acknowledge the ETH IT
services and High-Performance Computing (HPC) facilities for granting access
to the EULER high-performance cluster. Furthermore, this work was sup-
ported by the EMBL IT Services HPC resources (Zenodo: 10.5281/zenodo.
12785829). The authors thank Janko Tackmann and Christian von Mering for
helpful discussions on the coastal seasonal European time series analyses.

AUTHOR CONTRIBUTIONS
D.E., J.S,, S.S,, N.G., M.V,, and P.B. were responsible for the conceptualiza-

tion of this study, which was further refined by T.P., L.J.U., AM., and M.K_; su-
pervision was provided by N.G., P.B., S.S., and M.V.; data curation was


mailto:meike.vogt@env.ethz.ch
https://github.com/grp-bork/LDG_Eriksson_Schiller_2025
https://zenodo.org/records/15168238
https://doi.org/10.5281/zenodo.12785829
https://doi.org/10.5281/zenodo.12785829

Cell Host & Microbe

conducted by S.M.-V., H.-J.R., and C.C.; analysis and investigation were led
by J.S. (diversity metrics) and D.E. (spatiotemporal modeling), with contribu-
tions from E.F. and A.M. (European time series and phylogenetic analysis);
funding was acquired by P.B., S.S., M.V., and N.G.; bioinformatic methodolo-
gies were applied or adjusted by D.E., A.S. (CEPHALOPOD model), J.S. (taxo-
nomic resolution), and S.M.-V., who oversaw resources; visualizations were
prepared by D.E. and J.S.; writing was undertaken by D.E., J.S., N.G., S.S.,
and M.V., with feedback from all other authors.

DECLARATION OF INTERESTS
The authors declare no competing interests.

DECLARATION OF GENERATIVE Al AND AI-ASSISTED
TECHNOLOGIES IN THE WRITING PROCESS

During the writing of this work, the authors used ChatGPT (OpenAl) to improve
language and readability. After its use, the authors carefully reviewed and edi-
ted the text and take full responsibility for the content of the manuscript.

STARxMETHODS

Detailed methods are provided in the online version of this paper and include
the following:

® KEY RESOURCES TABLE
o METHOD DETAILS
o Metagenomic sample selection
o Generation of taxonomic profiles
o Diversity indices
o Environmental features
o Habitat modeling framework
o Selection of modeled taxonomic groups
o European time series studies - Seasonality
® QUANTIFICATION AND STATISTICAL ANALYSIS
o Model sensitivity analysis
o Statistical testing of seasonal variation in latitudinal diversity gra-
dients

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.
chom.2026.05.016.

Received: October 28, 2025
Revised: March 18, 2026
Accepted: May 18, 2026
Published: June 10, 2026

REFERENCES

1. Bonpland, A., and Humboldt, A. (1805). Essai sur la Géographie des
Plantes:Accompagné d’Un Tableau Physique des Régions
Equinoxiales, Fondé sur des Mesures Exécutées, Depuis le Dixieme
Degré de Latitude Boréale Jusqu’Au Dixiéme Degré de Latitude
Australe, Pendant les Années 1799, 1800, 1801, 1802 et 1803 /Par Al.
de Humdboldt et A. Bonpland; Rédigée Par Al. de Humboldt (Chez
Levrault, Schoell et compagnie, libraires). https://doi.org/10.5962/bhl.ti-
tle.9309.

2. Economo, E.P., Huang, J.-P., Fischer, G., Sarnat, E.M., Narula, N.,
Janda, M., Guénard, B., Longino, J.T., and Knowles, L.L. (2019).
Evolution of the latitudinal diversity gradient in the hyperdiverse ant
genus Pheidole. Glob. Ecol. Biogeogr. 28, 456-470. https://doi.org/10.
1111/geb.12867.

3. Miller, E.C., and Roman-Palacios, C. (2021). Evolutionary time best ex-

plains the latitudinal diversity gradient of living freshwater fish diversity.
Glob. Ecol. Biogeogr. 30, 749-763. https://doi.org/10.1111/geb.13253.

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

¢? CellPress

OPEN ACCESS

. Righetti, D., Vogt, M., Gruber, N., Psomas, A., and Zimmermann, N.E.

(2019). Global pattern of phytoplankton diversity driven by temperature
and environmental variability. Sci. Adv. 5, eaau6253. https://doi.org/10.
1126/sciadv.aau6253.

. Benedetti, F., Gruber, N., and Vogt, M. (2023). Global gradients in spe-

cies richness of marine plankton functional groups. J. Plankton Res.
45, 832-852. https://doi.org/10.1093/plankt/fbad044.

. Fuhrman, J.A., Steele, J.A., Hewson, |., Schwalbach, M.S., Brown, M.V.,

Green, J.L., and Brown, J.H. (2008). A latitudinal diversity gradient in
planktonic marine bacteria. Proc. Natl. Acad. Sci. USA 105, 7774-
7778. https://doi.org/10.1073/pnas.0803070105.

. Pommier, T., Canback, B., Riemann, L., Bostrétm, K.H., Simu, K.,

Lundberg, P., Tunlid, A., and Hagstrém, A. (2007). Global patterns of di-
versity and community structure in marine bacterioplankton. Mol. Ecol.
16, 867-880. https://doi.org/10.1111/j.1365-294X.2006.03189.x.

. Raes, E.J., Bodrossy, L., Van De Kamp, J., Bissett, A., Ostrowski, M.,

Brown, M.V., Sow, S.L.S., Sloyan, B., and Waite, A.M. (2018).
Oceanographic boundaries constrain microbial diversity gradients in
the South Pacific Ocean. Proc. Natl. Acad. Sci. USA 115. https://doi.
org/10.1073/pnas.1719335115.

. Sunagawa, S., Coelho, L.P., Chaffron, S., Kultima, J.R., Labadie, K.,

Salazar, G., Djahanschiri, B., Zeller, G., Mende, D.R., Alberti, A., et al.
(2015). Structure and function of the global ocean microbiome.
Science 348, 1261359. https://doi.org/10.1126/science.1261359.

Ibarbalz, F.M., Henry, N., Brandéo, M.C., Martini, S., Busseni, G., Byrne,
H., Coelho, L.P., Endo, H., Gasol, J.M., Gregory, A.C., et al. (2019).
Global Trends in Marine Plankton Diversity across Kingdoms of Life.
Cell 179, 1084-1097. https://doi.org/10.1016/j.cell.2019.10.008.

Moss, J.A., Henriksson, N.L., Pakulski, J.D., Snyder, R.A., and Jeffrey,
W.H. (2020). Oceanic Microplankton Do Not Adhere to the Latitudinal
Diversity Gradient. Microb. Ecol. 79, 511-515. https://doi.org/10.1007/
s00248-019-01413-8.

Schickele, A., Clerc, C., Benedetti, F., De Angelis, D., Hofmann Elizondo,
U., Munnich, M., Irisson, J.0O., and Vogt, M. (2025). CEPHALOPOD, a
package to standardize marine habitat-modelling practices and enhance
inter-comparability across biological observations. Methods Ecol. Evol.
16, 1126-1135. https://doi.org/10.1111/2041-210X.70040.

Whittaker, K.A., and Rynearson, T.A. (2017). Evidence for environmental
and ecological selection in a microbe with no geographic limits to gene
flow. Proc. Natl. Acad. Sci. USA 1714, 2651-2656. https://doi.org/10.
1073/pnas.1612346114.

Bunse, C., and Pinhassi, J. (2017). Marine Bacterioplankton Seasonal
Succession Dynamics. Trends Microbiol. 25, 494-505. https://doi.org/
10.1016/j.tim.2016.12.013.

Ladau, J., Sharpton, T.J., Finucane, M.M., Jospin, G., Kembel, S.W.,
O’Dwyer, J., Koeppel, A.F., Green, J.L., and Pollard, K.S. (2013).
Global marine bacterial diversity peaks at high latitudes in winter. ISME
J. 7, 1669-1677. https://doi.org/10.1038/ismej.2013.37.

Schmidt, T.S.B., Fullam, A., Ferretti, P., Orakov, A., Maistrenko, O.M.,
Ruscheweyh, H.-J., Letunic, I., Duan, Y., Van Rossum, T., Sunagawa,
S., et al. (2024). SPIRE: a Searchable, Planetary-scale microbiome
REsource. Nucleic Acids Res. 52, D777-D783. https://doi.org/10.1093/
nar/gkad943.

Ruscheweyh, H.-J., Milanese, A., Paoli, L., Karcher, N., Clayssen, Q.,
Keller, M.l., Wirbel, J., Bork, P., Mende, D.R., Zeller, G., et al. (2022).
Cultivation-independent genomes greatly expand taxonomic-profiling
capabilities of mOTUs across various environments. Microbiome 70,
212. https://doi.org/10.1186/s40168-022-01410-z.

Shannon, C.E. (1948). A mathematical theory of communication. Bell
Syst. Tech. J. 27, 379-423. https://doi.org/10.1002/j.1538-7305.1948.
tb01338.x.

Chao, A. (1984). Nonparametric Estimation of the Number of Classes in a
Population. Scand. J. Stat. 71, 265-270. https://doi.org/10.2307/
4615964.

Cell Host & Microbe 34, 1560-1574, August 12, 2026 1571



https://doi.org/10.1016/j.chom.2026.05.016
https://doi.org/10.1016/j.chom.2026.05.016
https://doi.org/10.5962/bhl.title.9309
https://doi.org/10.5962/bhl.title.9309
https://doi.org/10.1111/geb.12867
https://doi.org/10.1111/geb.12867
https://doi.org/10.1111/geb.13253
https://doi.org/10.1126/sciadv.aau6253
https://doi.org/10.1126/sciadv.aau6253
https://doi.org/10.1093/plankt/fbad044
https://doi.org/10.1073/pnas.0803070105
https://doi.org/10.1111/j.1365-294X.2006.03189.x
https://doi.org/10.1073/pnas.1719335115
https://doi.org/10.1073/pnas.1719335115
https://doi.org/10.1126/science.1261359
https://doi.org/10.1016/j.cell.2019.10.008
https://doi.org/10.1007/s00248-019-01413-8
https://doi.org/10.1007/s00248-019-01413-8
https://doi.org/10.1111/2041-210X.70040
https://doi.org/10.1073/pnas.1612346114
https://doi.org/10.1073/pnas.1612346114
https://doi.org/10.1016/j.tim.2016.12.013
https://doi.org/10.1016/j.tim.2016.12.013
https://doi.org/10.1038/ismej.2013.37
https://doi.org/10.1093/nar/gkad943
https://doi.org/10.1093/nar/gkad943
https://doi.org/10.1186/s40168-022-01410-z
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.2307/4615964
https://doi.org/10.2307/4615964

¢? CellPress

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

OPEN ACCESS

Meier-Kolthoff, J.P., Goker, M., Spréer, C., and Klenk, H.-P. (2013).
When should a DDH experiment be mandatory in microbial taxonomy?
Arch. Microbiol. 195, 413-418. https://doi.org/10.1007/s00203-013-
0888-4.

Reji, L., Tolar, B.B., Chavez, F.P., and Francis, C.A. (2020). Depth-
Differentiation and Seasonality of Planktonic Microbial Assemblages in
the Monterey Bay Upwelling System. Front. Microbiol. 77. https://doi.
org/10.3389/fmicb.2020.01075.

Sanchez, P., Coutinho, F.H., Sebastian, M., Pernice, M.C., Rodriguez-
Martinez, R., Salazar, G., Cornejo-Castillo, F.M., Pesant, S., Lépez-
Alforja, X., Lépez-Garcia, E.M., et al. (2024). Marine picoplankton
metagenomes and MAGs from eleven vertical profiles obtained by the
Malaspina Expedition. Sci. Data 77, 1-12. https://doi.org/10.1038/
s41597-024-02974-1.

Yeh, Y.-C., and Fuhrman, J.A. (2022). Contrasting diversity patterns of
prokaryotes and protists over time and depth at the San-Pedro Ocean
Time series. ISME Commun. 2, 36. https://doi.org/10.1038/s43705-
022-00121-8.

Pesant, S., Not, F., Picheral, M., Kandels-Lewis, S., Le Bescot, N.,
Gorsky, G., ludicone, D., Karsenti, E., Speich, S., Troublé, R., et al.
(2015). Open science resources for the discovery and analysis of Tara
Oceans data. Sci. Data 2, 150023. https://doi.org/10.1038/sdata.
2015.23.

Villarino, E., Watson, J.R., Chust, G., Woodill, A.J., Klempay, B., Jonsson,
B., Gasol, J.M., Logares, R., Massana, R., Giner, C.R., et al. (2022).
Global beta diversity patterns of microbial communities in the surface
and deep ocean. Glob. Ecol. Biogeogr. 31, 2323-2336. https://doi.org/
10.1111/geb.13572.

Wilson, B., Mdller, O., Nordmann, E.-L., Seuthe, L., Bratbak, G., and
@vreds, L. (2017). Changes in Marine Prokaryote Composition with
Season and Depth Over an Arctic Polar Year. Front. Mar. Sci. 4.
https://doi.org/10.3389/fmars.2017.00095.

Garcia, F.C., Alonso-Sédez, L., Moran, X.A.G., and Lépez-Urrutia, A.
(2015). Seasonality in molecular and cytometric diversity of marine
bacterioplankton: the re-shuffling of bacterial taxa by vertical mixing.
Environ. Microbiol. 17, 4133-4142. https://doi.org/10.1111/1462-
2920.12984.

Priest, T., Oldenburg, E., Popa, O., Dede, B., Metfies, K., Von Appen,
W.-J., Torres-Valdés, S., Bienhold, C., Fuchs, B.M., Amann, R., et al.
(2025). Seasonal recurrence and modular assembly of an Arctic pelagic
marine microbiome. Nat. Commun. 76, 1326. https://doi.org/10.1038/
s41467-025-56203-3.

Raes, E.J., Myles, S., MacNeil, L., Wietz, M., Bienhold, C., Tait, K.,
Somerfield, P.J., Bissett, A., Van De Kamp, J., Gasol, J.M., et al.
(2024). Seasonal patterns of microbial diversity across the world oceans.
Limnol. Oceanogr. Letters 9, 512-523. https://doi.org/10.1002/
lol2.10422.

Johnson, Z.I., Zinser, E.R., Coe, A., McNulty, N.P., Woodward, E.M.S.,
and Chisholm, S.W. (2006). Niche Partitioning Among Prochlorococcus
Ecotypes Along Ocean-Scale Environmental Gradients. Science 377,
1737-1740. https://doi.org/10.1126/science.1118052.

Wietz, M., Bienhold, C., Metfies, K., Torres-Valdés, S., Von Appen, W.-J.,
Salter, |., and Boetius, A. (2021). The polar night shift: seasonal dynamics
and drivers of Arctic Ocean microbiomes revealed by autonomous
sampling. ISME Commun. 1, 76. https://doi.org/10.1038/s43705-021-
00074-4.

Ma, S., Zhu, W., Wang, W., Li, X., and Sheng, Z. (2023). Microbial assem-
blies with distinct trophic strategies drive changes in soil microbial car-
bon use efficiency along vegetation primary succession in a glacier
retreat area of the southeastern Tibetan Plateau. Sci. Total Environ.
867, 161587. https://doi.org/10.1016/j.scitotenv.2023.161587.

Caille, C., Duhamel, S., Latifi, A., and Rabouille, S. (2024). Adaptive
Responses of Cyanobacteria to Phosphate Limitation: A Focus on
Marine Diazotrophs. Environ. Microbiol. 26, e70023. https://doi.org/10.
1111/1462-2920.70023.

1572 Cell Host & Microbe 34, 1560-1574, August 12, 2026

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

Cell Host & Microbe

Vergin, K.L., Beszteri, B., Monier, A., Thrash, J.C., Temperton, B.,
Treusch, A.H., Kilpert, F., Worden, A.Z., and Giovannoni, S.J. (2013).
High-resolution SAR11 ecotype dynamics at the Bermuda Atlantic
Time-series Study site by phylogenetic placement of pyrosequences.
ISME J. 7, 1322-1332. https://doi.org/10.1038/isme}.2013.32.

Rocap, G., Larimer, F.W., Lamerdin, J., Malfatti, S., Chain, P., Ahlgren,
N.A., Arellano, A., Coleman, M., Hauser, L., Hess, W.R., et al. (2003).
Genome divergence in two Prochlorococcus ecotypes reflects oceanic
niche differentiation. Nature 424, 1042-1047. https://doi.org/10.1038/
nature01947.

Partensky, F., Hess, W.R., and Vaulot, D. (1999). Prochlorococcus, a
Marine Photosynthetic Prokaryote of Global Significance. Microbiol.
Mol. Biol. Rev. 63, 106-127. https://doi.org/10.1128/mmbr.63.1.106-
127.1999.

Larkin, A.A., and Martiny, A.C. (2017). Microdiversity shapes the traits,
niche space, and biogeography of microbial taxa. Environ. Microbiol.
Rep. 9, 55-70. https://doi.org/10.1111/1758-2229.12523.

Qu, L., Cai, R., Hu, Z., and Wang, H. (2022). Metagenomic assemblage
genomes analyses reveal the polysaccharides hydrolyzing potential of
marine group |l euryarchaea. Environ. Res. 209, 112865. https://doi.
org/10.1016/j.envres.2022.112865.

Santoro, A.E., Richter, R.A., and Dupont, C.L. (2019). Planktonic Marine
Archaea. Annu. Rev. Mar. Sci. 11, 131-158. https://doi.org/10.1146/an-
nurev-marine-121916-063141.

Santoro, A.E., Kellom, M., and Laperriere, S.M. (2019). Contributions of
single-cell genomics to our understanding of planktonic marine archaea.
Philos. Trans. R. Soc. B 374, 20190096. https://doi.org/10.1098/rstb.
2019.0096.

Piontek, J., Hassenriick, C., Zancker, B., and Jirgens, K. (2024).
Environmental control and metabolic strategies of organic-matter-
responsive bacterioplankton in the Weddell Sea (Antarctica). Environ.
Microbiol. 26, e16675. https://doi.org/10.1111/1462-2920.16675.

Ebihara, A., Fukuda, H., Yamada, Y., Yokokawa, T., Miki, T., and Nagata,
T. (2024). Structuring of particle-associated bacterial communities along
the extracellular polymeric substance gradient of sinking and suspended
particles in an oligotrophic, subtropical region of the western North
Pacific Ocean. Front. Mar. Sci. 11, 1462522. https://doi.org/10.3389/
fmars.2024.1462522.

Vargas, L.C., Faria, L.C., Pereira, L.T., and Signori, C.N. (2024).
Water masses drive the spatial and temporal distribution of marine
Archaea in the northern Antarctic Peninsula. An. Acad. Bras. Ciénc. 96,
20240585, https://doi.org/10.1590/0001-3765202420240585.

Alonso-Saez, L., Waller, A.S., Mende, D.R., Bakker, K., Farnelid, H.,
Yager, P.L., Lovejoy, C., Tremblay, J.-E., Potvin, M., Heinrich, F., et al.
(2012). Role for urea in nitrification by polar marine Archaea. Proc. Natl.
Acad. Sci. USA 109, 17989-17994. https://doi.org/10.1073/pnas.
1201914109.

Doytchinov, V.V., and Dimov, S.G. (2022). Microbial Community
Composition of the Antarctic Ecosystems: Review of the Bacteria,
Fungi, and Archaea Identified through an NGS-Based Metagenomics
Approach. Life 12, 916. https://doi.org/10.3390/life12060916.

Wiens, J.J., Ackerly, D.D., Allen, A.P., Anacker, B.L., Buckley, L.B.,
Cornell, H.V., Damschen, E.l., Jonathan Davies, T., Grytnes, J.A.,
Harrison, S.P., et al. (2010). Niche conservatism as an emerging principle
in ecology and conservation biology. Ecol. Lett. 13, 1310-1324. https://
doi.org/10.1111/j.1461-0248.2010.01515.x.

Martiny, J.B.H., Jones, S.E., Lennon, J.T., and Martiny, A.C. (2015).
Microbiomes in light of traits: A phylogenetic perspective. Science 350,
aac9323. https://doi.org/10.1126/science.aac9323.

Danovaro, R. (2024). Understanding marine biodiversity patterns and
drivers: The fall of Icarus. Mar. Ecol. e12814. https://doi.org/10.1111/
maec.12814.

Antdo, L.H., Bates, A.E., Blowes, S.A., Waldock, C., Supp, S.R.,
Magurran, A.E., Dornelas, M., and Schipper, A.M. (2020). Temperature-
related biodiversity change across temperate marine and terrestrial


https://doi.org/10.1007/s00203-013-0888-4
https://doi.org/10.1007/s00203-013-0888-4
https://doi.org/10.3389/fmicb.2020.01075
https://doi.org/10.3389/fmicb.2020.01075
https://doi.org/10.1038/s41597-024-02974-1
https://doi.org/10.1038/s41597-024-02974-1
https://doi.org/10.1038/s43705-022-00121-8
https://doi.org/10.1038/s43705-022-00121-8
https://doi.org/10.1038/sdata.2015.23
https://doi.org/10.1038/sdata.2015.23
https://doi.org/10.1111/geb.13572
https://doi.org/10.1111/geb.13572
https://doi.org/10.3389/fmars.2017.00095
https://doi.org/10.1111/1462-2920.12984
https://doi.org/10.1111/1462-2920.12984
https://doi.org/10.1038/s41467-025-56203-3
https://doi.org/10.1038/s41467-025-56203-3
https://doi.org/10.1002/lol2.10422
https://doi.org/10.1002/lol2.10422
https://doi.org/10.1126/science.1118052
https://doi.org/10.1038/s43705-021-00074-4
https://doi.org/10.1038/s43705-021-00074-4
https://doi.org/10.1016/j.scitotenv.2023.161587
https://doi.org/10.1111/1462-2920.70023
https://doi.org/10.1111/1462-2920.70023
https://doi.org/10.1038/ismej.2013.32
https://doi.org/10.1038/nature01947
https://doi.org/10.1038/nature01947
https://doi.org/10.1128/mmbr.63.1.106-127.1999
https://doi.org/10.1128/mmbr.63.1.106-127.1999
https://doi.org/10.1111/1758-2229.12523
https://doi.org/10.1016/j.envres.2022.112865
https://doi.org/10.1016/j.envres.2022.112865
https://doi.org/10.1146/annurev-marine-121916-063141
https://doi.org/10.1146/annurev-marine-121916-063141
https://doi.org/10.1098/rstb.2019.0096
https://doi.org/10.1098/rstb.2019.0096
https://doi.org/10.1111/1462-2920.16675
https://doi.org/10.3389/fmars.2024.1462522
https://doi.org/10.3389/fmars.2024.1462522
https://doi.org/10.1590/0001-3765202420240585
https://doi.org/10.1073/pnas.1201914109
https://doi.org/10.1073/pnas.1201914109
https://doi.org/10.3390/life12060916
https://doi.org/10.1111/j.1461-0248.2010.01515.x
https://doi.org/10.1111/j.1461-0248.2010.01515.x
https://doi.org/10.1126/science.aac9323
https://doi.org/10.1111/maec.12814
https://doi.org/10.1111/maec.12814

Cell Host & Microbe

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

systems. Nat. Ecol. Evol. 4, 927-933. https://doi.org/10.1038/s41559-
020-1185-7.

Chaudhary, C., Saeedi, H., and Costello, M.J. (2016). Bimodality of
Latitudinal Gradients in Marine Species Richness. Trends Ecol. Evol.
31, 670-676. https://doi.org/10.1016/j.tree.2016.06.001.

Milici, M., Tomasch, J., Wos-Oxley, M.L., Wang, H., Jauregui, R.,
Camarinha-Silva, A., Deng, Z.-L., Plumeier, |., Giebel, H.-A., Wurst, M.,
et al. (2016). Low diversity of planktonic bacteria in the tropical ocean.
Sci. Rep. 6, 19054. https://doi.org/10.1038/srep19054.

Zakem, E.J., McNichol, J., Weissman, J.L., Raut, Y., Xu, L., Halewood,
E.R., Carlson, C.A., Dutkiewicz, S., Fuhrman, J.A., and Levine, N.M.
(2025). Functional biogeography of marine microbial heterotrophs.
Science 388, eado5323. https://doi.org/10.1126/science.ado5323.

Kolody, B.C., Sachdeva, R., Zheng, H., FUssy, Z., Tsang, E., Sonnerup,
R.E., Purkey, S.G., Allen, E.E., Banfield, J.F., and Allen, A.E. (2025).
Overturning circulation structures the microbial functional seascape of
the South Pacific. Science 389, 176-182. https://doi.org/10.1126/sci-
ence.adv6903.

Milke, F., Meyerjlrgens, J., and Simon, M. (2023). Ecological mecha-
nisms and current systems shape the modular structure of the global
oceans’ prokaryotic seascape. Nat. Commun. 714, 6141. https://doi.
org/10.1038/s41467-023-41909-z.

Deutschmann, I.M., Delage, E., Giner, C.R., Sebastian, M., Poulain, J.,
Aristegui, J., Duarte, C.M., Acinas, S.G., Massana, R., Gasol, J.M.,
et al. (2024). Disentangling microbial networks across pelagic zones in
the tropical and subtropical global ocean. Nat. Commun. 15, 126.
https://doi.org/10.1038/s41467-023-44550-y.

Thuiller, W., Pollock, L.J., Gueguen, M., and Minkemdiller, T. (2015).
From species distributions to meta-communities. Ecol. Lett. 718, 1321-
1328. https://doi.org/10.1111/ele.12526.

Irwin, A.J., Nelles, A.M., and Finkel, Z.V. (2012). Phytoplankton niches
estimated from field data. Limnol. Oceanogr. 57, 787-797. https://doi.
org/10.4319/10.2012.57.3.0787.

Matias Rodrigues, J.F., Tackmann, J., Malfertheiner, L., Patsch, D.,
Perez-Molphe-Montoya, E., Napflin, N., Gaio, D., Rot, G., Danaila, M.,
Peluso, M.E., et al. (2026). The MicrobeAtlas database: Global trends
and insights into Earth’s microbial ecosystems. Cell 789, 2092-2107.
https://doi.org/10.1016/j.cell.2026.01.021.

Flanders Marine Institute. (2021). Global Oceans and Seas, [Version 1].
https://doi.org/10.14284/542,

Plate, T., and Heiberger, R. (2003). abind: Combine Multidimensional
Arrays (CRAN). https://doi.org/10.32614/CRAN.package.abind.

Paradis, E., Blomberg, S., Bolker, B., Brown, J., Claramunt, S., Claude,
J., Cuong, H.S., Desper, R., Didier, G., Durand, B., et al. (2002). ape:
Analyses of Phylogenetics and Evolution (CRAN). Version 5.8-1.
https://doi.org/10.32614/CRAN.package.ape.

Wilke, C.O. (2015). cowplot: Streamlined Plot Theme and Plot
Annotations for “ggplot2.” (CRAN). Version 1.2.0. https://doi.org/10.
32614/CRAN.package.cowplot.

Barrett, T., Dowle, M., Srinivasan, A., Gorecki, J., Chirico, M., Hocking,
T., Schwendinger, B., and Krylov, I. (2006). data.table: Extension of ‘da-
ta.frame‘ (CRAN). Version 1.18.2.1. https://doi.org/10.32614/CRAN.
package.data.table.

Galili, T., and Jefferis, G. (2014). dendextend: Extending “dendrogram”
Functionality in R (CRAN). Version 1.19.1. https://doi.org/10.32614/
CRAN.package.dendextend.

Corporation, M., and Weston, S. (2011) doParallel: Foreach Parallel
Adaptor for the “Parallel” Package. https://doi.org/10.32614/CRAN.
package.doParallel.

Wickham, H., Francois, R., Henry, L., Muller, K., and Vaughan, D. (2014).

dplyr: A Grammar of Data Manipulation (CRAN). Version 1.2.0. https://
doi.org/10.32614/CRAN.package.dplyr.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

¢? CellPress

OPEN ACCESS

Langfelder, P., and Zhang, B. (2008). dynamicTreeCut: Methods for
Detection of Clusters in Hierarchical Clustering Dendrograms (CRAN).
Version 1.63-1. https://doi.org/10.32614/CRAN.package.dynamicTreeCut.

Nakazawa, M. (2010). fmsb: Functions for Medical Statistics Book with
some Demographic Data (CRAN). Version 0.7.6. https://doi.org/10.
32614/CRAN.package.fmsb.

Microsoft, and Weston, S. (2009). foreach: Provides Foreach Looping
Construct (CRAN). Version 1.5.2. https://doi.org/10.32614/CRAN.pack-
age.foreach.

Schloerke, B., Cook, D., Larmarange, J., Briatte, F., Marbach, M., Thoen,
E., Elberg, A., and Crowley, J. (2010). GGally: Extension to “ggplot2.”
2.4.0. https://doi.org/10.32614/CRAN.package.GGally.

De Vries, A., and Ripley, B.D. (2013). ggdendro: Create Dendrograms and
Tree Diagrams Using “ggplot2.” (CRAN). Version 0.2.0. https://doi.org/
10.32614/CRAN.package.ggdendro.

Wickham, H., Chang, W., Henry, L., Pedersen, T.L., Takahashi, K., Wilke,
C., Woo, K., Yutani, H., Dunnington, D., and Van Den Brand, T. (2007).
ggplot2: Create Elegant Data Visualisations Using the Grammar of
Graphics (CRAN). https://doi.org/10.32614/CRAN.package.ggplot2.

Aphalo, P.J. (2016). ggpmisc: Miscellaneous Extensions to “ggplot2.”
(CRAN). Version 0.6.3. https://doi.org/10.32614/CRAN.package.ggpmisc.

Bion, R. (2025). ggradar: Create radar charts using ggplot2 (CRAN).
https://github.com/ricardo-bion/ggradar.

Slowikowski, K. (2016). ggrepel: Automatically Position Non-Overlapping
Text Labels with “ggplot2.” (CRAN). Version 0.9.6. https://doi.org/10.
32614/CRAN.package.ggrepel.

Wilke, C.O., and Wiernik, B.M. (2020). ggtext: Improved Text Rendering
Support for “ggplot2.” (CRAN). Version 0.1.2. https://doi.org/10.32614/
CRAN.package.ggtext.

Auguie, B. (2010). gridExtra: Miscellaneous Functions for “Grid”
Graphics (CRAN). Version 2.3. https://doi.org/10.32614/CRAN.pack-
age.gridExtra.

Carr, D., Lewin-Koh, N., Maechler, M., and Sarkar, D. (2008). hexbin:
Hexagonal Binning Routines (CRAN). Version 1.28.5. https://doi.org/
10.32614/CRAN.package.hexbin.

Harrell, F.E., Jr. (2003). Hmisc: Harrell Miscellaneous (CRAN). Version 5.
2-5. https://doi.org/10.32614/CRAN.package.Hmisc.

Vaidyanathan, R., Xie, Y., Allaire, J., Cheng, J., Sievert, C., and Russell, K.
(2014). htmlwidgets: HTML Widgets for R (CRAN). Version 1.6.4. https://
doi.org/10.32614/CRAN.package.htmlwidgets.

Becker, R.A., Wilks, A.R., Brownrigg, R., Minka, T.P., and Deckmyn, A.
(2003). maps: Draw Geographical Maps (CRAN). Version 3.4.3. https://
doi.org/10.32614/CRAN.package.maps.

Wood, S. (2000). mgcv: Mixed GAM Computation Vehicle with Automatic
Smoothness Estimation (CRAN). Version 1.9-4. https://doi.org/10.
32614/CRAN.package.mgcv.

Pierce, D. (2010). ncdf4: Interface to Unidata netCDF (Version 4 or Earlier)
Format Data Files (CRAN). Version 1.24. https://doi.org/10.32614/
CRAN.package.ncdf4.

Allaire, J.J., Gandrud, C., Russell, K., and Yetman, C. (2014). networkD3:
D3 JavaScript Network Graphs from R (CRAN). Version 0.4.1. https://
doi.org/10.32614/CRAN.package.networkD3.

R Core Team (2021). R: Language and Environment for Statistical
Computing (R Foundation for Statistical Computing).

Revell, L.J. (2011). phytools: Phylogenetic Tools for Comparative Biology
(and Other Things) (CRAN). Version 2.5-2. https://doi.org/10.32614/
CRAN.package.phytools.

Wickham, H., and Henry, L. (2015). purrr: Functional Programming Tools
(CRAN). Version 1.2.1. https://doi.org/10.32614/CRAN.package.purrr.

Hijmans, R.J. (2010). raster: Geographic Data Analysis and Modeling
(CRAN). Version 3.6-32. https://doi.org/10.32614/CRAN.package.raster.

Cell Host & Microbe 34, 1560-1574, August 12, 2026 1573



https://doi.org/10.1038/s41559-020-1185-7
https://doi.org/10.1038/s41559-020-1185-7
https://doi.org/10.1016/j.tree.2016.06.001
https://doi.org/10.1038/srep19054
https://doi.org/10.1126/science.ado5323
https://doi.org/10.1126/science.adv6903
https://doi.org/10.1126/science.adv6903
https://doi.org/10.1038/s41467-023-41909-z
https://doi.org/10.1038/s41467-023-41909-z
https://doi.org/10.1038/s41467-023-44550-y
https://doi.org/10.1111/ele.12526
https://doi.org/10.4319/lo.2012.57.3.0787
https://doi.org/10.4319/lo.2012.57.3.0787
https://doi.org/10.1016/j.cell.2026.01.021
https://doi.org/10.14284/542
https://doi.org/10.32614/CRAN.package.abind
https://doi.org/10.32614/CRAN.package.ape
https://doi.org/10.32614/CRAN.package.cowplot
https://doi.org/10.32614/CRAN.package.cowplot
https://doi.org/10.32614/CRAN.package.data.table
https://doi.org/10.32614/CRAN.package.data.table
https://doi.org/10.32614/CRAN.package.dendextend
https://doi.org/10.32614/CRAN.package.dendextend
https://doi.org/10.32614/CRAN.package.doParallel
https://doi.org/10.32614/CRAN.package.doParallel
https://doi.org/10.32614/CRAN.package.dplyr
https://doi.org/10.32614/CRAN.package.dplyr
https://doi.org/10.32614/CRAN.package.dynamicTreeCut
https://doi.org/10.32614/CRAN.package.fmsb
https://doi.org/10.32614/CRAN.package.fmsb
https://doi.org/10.32614/CRAN.package.foreach
https://doi.org/10.32614/CRAN.package.foreach
https://doi.org/10.32614/CRAN.package.GGally
https://doi.org/10.32614/CRAN.package.ggdendro
https://doi.org/10.32614/CRAN.package.ggdendro
https://doi.org/10.32614/CRAN.package.ggplot2
https://doi.org/10.32614/CRAN.package.ggpmisc
https://github.com/ricardo-bion/ggradar
https://doi.org/10.32614/CRAN.package.ggrepel
https://doi.org/10.32614/CRAN.package.ggrepel
https://doi.org/10.32614/CRAN.package.ggtext
https://doi.org/10.32614/CRAN.package.ggtext
https://doi.org/10.32614/CRAN.package.gridExtra
https://doi.org/10.32614/CRAN.package.gridExtra
https://doi.org/10.32614/CRAN.package.hexbin
https://doi.org/10.32614/CRAN.package.hexbin
https://doi.org/10.32614/CRAN.package.Hmisc
https://doi.org/10.32614/CRAN.package.htmlwidgets
https://doi.org/10.32614/CRAN.package.htmlwidgets
https://doi.org/10.32614/CRAN.package.maps
https://doi.org/10.32614/CRAN.package.maps
https://doi.org/10.32614/CRAN.package.mgcv
https://doi.org/10.32614/CRAN.package.mgcv
https://doi.org/10.32614/CRAN.package.ncdf4
https://doi.org/10.32614/CRAN.package.ncdf4
https://doi.org/10.32614/CRAN.package.networkD3
https://doi.org/10.32614/CRAN.package.networkD3
http://refhub.elsevier.com/S1931-3128(26)00209-X/sref95
http://refhub.elsevier.com/S1931-3128(26)00209-X/sref95
https://doi.org/10.32614/CRAN.package.phytools
https://doi.org/10.32614/CRAN.package.phytools
https://doi.org/10.32614/CRAN.package.purrr
https://doi.org/10.32614/CRAN.package.raster

¢? CellPress

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

OPEN ACCESS

Wickham, H. (2010). reshape2: Flexibly Reshape Data: A Reboot of the
Reshape Package (CRAN). Version 1.4.5. https://doi.org/10.32614/
CRAN.package.reshape2.

Massicotte, P., and South, A. (2017). rnaturalearth: World Map Data from
Natural Earth (CRAN). Version 1.2.0. https://doi.org/10.32614/CRAN.
package.rnaturalearth.

South, A., Michael, S., and Massicotte, P. (2017). rnaturalearthdata:
World Vector Map Data from Natural Earth Used in “rnaturalearth.”
(CRAN). Version 1.0.0. https://doi.org/10.32614/CRAN.package.rnatur-
alearthdata.

Wickham, H., Pedersen, T.L., and Seidel, D. (2011). scales: Scale
Functions for Visualization (CRAN). Version 1.4.0. https://doi.org/10.
32614/CRAN.package.scales.

Pebesma, E. (2016). sf: Simple Features for R (CRAN). Version 1.0-24.
https://doi.org/10.32614/CRAN.package.sf.

Pebesma, E., and Bivand, R. (2005). sp: Classes and Methods for Spatial
Data (CRAN). Version 2.2-0. https://doi.org/10.32614/CRAN.pack-
age.sp.

Wickham, H. (2009). stringr: Simple, Consistent Wrappers for Common
String Operations (CRAN). Version 1.6.0. https://doi.org/10.32614/
CRAN.package.stringr.

Wickham, H., Henry, L., Pedersen, T.L., Luciani, T.J., Decorde, M., and
Lise, V. (2015). svglite: An “SVG” Graphics Device (CRAN). Version 2.
2.2. https://doi.org/10.32614/CRAN.package.svglite.

Hijmans, R.J. (2020). terra: Spatial Data Analysis (CRAN). Version 1.8-93.
https://doi.org/10.32614/CRAN.package.terra.

Mdiller, K., and Wickham, H. (2016). tibble: Simple Data Frames (CRAN).
Version 3.3.1. https://doi.org/10.32614/CRAN.package.tibble.
Wickham, H., Vaughan, D., and Girlich, M. (2014). tidyr: Tidy Messy Data
(CRAN). Version 1.3.2. https://doi.org/10.32614/CRAN.package.tidyr.
Hernangdémez, D. (2022). tidyterra: “tidyverse” Methods and “ggplot2”
Helpers for “terra” Objects (CRAN). Version 1.0.0. https://doi.org/10.
32614/CRAN.package.tidyterra.

Tennekes, M. (2010). treemap: Treemap Visualization (CRAN). Version 2.
4-4. https://doi.org/10.32614/CRAN.package.treemap.

Oksanen, J., Simpson, G.L., Blanchet, F.G., Kindt, R., Legendre, P.,
Minchin, P.R., O’Hara, R.B., Solymos, P., Stevens, M.H.H., Szoecs, E.,
et al. (2001). vegan: Community Ecology Package (CRAN). Version 2.
7-2. https://doi.org/10.32614/CRAN.package.vegan.

Garnier, S. (2015). viridis: Colorblind-Friendly Color Maps for R (CRAN).
Version 0.6.5. https://doi.org/10.32614/CRAN.package.viridis.

Garnier, S. (2015). viridisLite: Colorblind-Friendly Color Maps (Lite
Version) (CRAN). Version 0.4.3. https://doi.org/10.32614/CRAN.pack-
age.viridisLite.

1574 Cell Host & Microbe 34, 1560-1574, August 12, 2026

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

Cell Host & Microbe

Chang, W. (2016). webshot: Take Screenshots of Web Pages (CRAN).
Version 0.5.5. https://doi.org/10.32614/CRAN.package.webshot.

Locarnini, R.A., Mishonov, A.V., and Baranova, O.K. (2019). World Ocean
Atlas 2018. In Temperature. NOAA Atlas NESDIS, p. 81. https://doi.org/
10.25923/E5RN-9711.

Dmitrijeva, M., Ruscheweyh, H.-J., Feer, L., Li, K., Miravet-Verde, S.,
Sintsova, A., Mende, D.R., Zeller, G., and Sunagawa, S. (2025). The
mOTUs online database provides web-accessible genomic context to
taxonomic profiling of microbial communities. Nucleic Acids Res. 53,
D797-D805. https://doi.org/10.1093/nar/gkae1004.

Sunagawa, S., Mende, D.R., Zeller, G., Izquierdo-Carrasco, F., Berger,
S.A., Kultima, J.R., Coelho, L.P., Arumugam, M., Tap, J., Nielsen, H.B.,
et al. (2013). Metagenomic species profiling using universal phylogenetic
marker genes. Nat. Methods 70, 1196-1199. https://doi.org/10.1038/
nmeth.2693.

Ruscheweyh, H.J., Milanese, A., Paoli, L., Sintsova, A., Mende, D.R.,
Zeller, G., and Sunagawa, S. (2021). mOTUs: Profiling Taxonomic
Composition, Transcriptional Activity and Strain Populations of
Microbial Communities. Curr. Protoc. 7, e218. https://doi.org/10.1002/
cpz1.218.

Melin, F. (2018). GIMS - VIIRS Monthly Climatology Sea Surface
Chlorophyll-A Concentration (4km) in mg.m “-3 (European Commission,
Joint Research Centre). http://data.europa.eu/89h/18aa3039-ccae-
403f-8a05-1db3d3662b7b.

Melin, F. (2013). GIMS - SeaWiFS Monthly climatology primary production
(9km) in gC.m "-2.day "-1 (European Commission, Joint Research Centre).
http://data.europa.eu/89h/ff08090c-176b-42aa-ba8a-6ddfad1d4f4d.

SSALTO/DUACS (2021). In User Handbook: Eddy Kinetic Energy (EKE)
Monthly Mean Products (AVISO+/CNES) https://www.aviso.altimetry.fr/
fileadmin/documents/data/tools/monthly_mean_eke_hdbk.pdf.

LOCEAN/CLS/CTOH/CNES (2021). FSLE - Finite-Size Lyapunov
Exponents and Orientations of the associated eigenvectors (AVISO+/
CNES). Version 2021. https://doi.org/10.24400/527896/A01-2022.002.

Garcia, H.E., Weathers, K.W., and Paver, C.R. (2019). In World Ocean
Atlas 2018, Volume 3: Dissolved Oxygen, Apparent Oxygen Utilization,
and Dissolved Oxygen Saturation (NOAA Atlas NESDIS), p. 83. https://
doi.org/10.25923/QSPR-PN52.

Stramski, D., Reynolds, R.A., Babin, M., Kaczmarek, S., Lewis, M.R.,
Réttgers, R., Sciandra, A., Stramska, M., Twardowski, M.S., Franz,
B.A., et al. (2008). Relationships between the surface concentration of
particulate organic carbon and optical properties in the eastern South
Pacific and eastern Atlantic Oceans. Biogeosciences 5, 171-201.
https://doi.org/10.5194/bg-5-171-2008.


https://doi.org/10.32614/CRAN.package.reshape2
https://doi.org/10.32614/CRAN.package.reshape2
https://doi.org/10.32614/CRAN.package.rnaturalearthdata
https://doi.org/10.32614/CRAN.package.rnaturalearthdata
https://doi.org/10.32614/CRAN.package.rnaturalearthdata
https://doi.org/10.32614/CRAN.package.rnaturalearthdata
https://doi.org/10.32614/CRAN.package.scales
https://doi.org/10.32614/CRAN.package.scales
https://doi.org/10.32614/CRAN.package.sf
https://doi.org/10.32614/CRAN.package.sp
https://doi.org/10.32614/CRAN.package.sp
https://doi.org/10.32614/CRAN.package.stringr
https://doi.org/10.32614/CRAN.package.stringr
https://doi.org/10.32614/CRAN.package.svglite
https://doi.org/10.32614/CRAN.package.terra
https://doi.org/10.32614/CRAN.package.tibble
https://doi.org/10.32614/CRAN.package.tidyr
https://doi.org/10.32614/CRAN.package.tidyterra
https://doi.org/10.32614/CRAN.package.tidyterra
https://doi.org/10.32614/CRAN.package.treemap
https://doi.org/10.32614/CRAN.package.vegan
https://doi.org/10.32614/CRAN.package.viridis
https://doi.org/10.32614/CRAN.package.viridisLite
https://doi.org/10.32614/CRAN.package.viridisLite
https://doi.org/10.32614/CRAN.package.webshot
https://doi.org/10.25923/E5RN-9711
https://doi.org/10.25923/E5RN-9711
https://doi.org/10.1093/nar/gkae1004
https://doi.org/10.1038/nmeth.2693
https://doi.org/10.1038/nmeth.2693
https://doi.org/10.1002/cpz1.218
https://doi.org/10.1002/cpz1.218
http://data.europa.eu/89h/18aa3039-ccae-403f-8a05-1db3d3662b7b
http://data.europa.eu/89h/18aa3039-ccae-403f-8a05-1db3d3662b7b
http://data.europa.eu/89h/ff08090c-176b-42aa-ba8a-6ddfa41d4f4d
https://www.aviso.altimetry.fr/fileadmin/documents/data/tools/monthly_mean_eke_hdbk.pdf
https://www.aviso.altimetry.fr/fileadmin/documents/data/tools/monthly_mean_eke_hdbk.pdf
https://doi.org/10.24400/527896/A01-2022.002
https://doi.org/10.25923/QSPR-PN52
https://doi.org/10.25923/QSPR-PN52
https://doi.org/10.5194/bg-5-171-2008

Cell Host & Microbe

¢ CellP’ress

OPEN ACCESS

STARxMETHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Ocean Microbiomics Database N/A https://omdb.microbiomics.io

MicrobeAtlas
Environmental climatologies

Global oceans and seas shapefile

IHO Sea areas shapefile

Rodrigues et al. *®
Environmental Physics Group (ETH Zurich)

Flanders Marine Institute®®

Flanders Marine Institute®

https://microbeatlas.org/landing
https://data.up.ethz.ch/shared/bluecloud/
OBS/CLIMATOLOGIES/
https://www.marineregions.org/sources.
php#goas
https://www.marineregions.org/sources.
php#goas

Software and algorithms

CEPHALOPOD

R package abind 1.4.5

R package ape 5.8.1

R package cowplot 1.1.1

R package data.table 1.15.4

R package dendextend 1.19.1

R package doParallel 1.0.17

R package dplyr 1.1.2

R package dynamicTreeCut 1.63-1

R package fmsb 0.7.3

R package foreach 1.5.2

R package GGally 2.1.2

R package ggdendro 0.2.0

R package ggplot2 3.5.2

R package ggpmisc 0.5.4

R package ggradar 0.2.2
R package ggrepel 0.9.6

R package ggtext 0.1.2

R package gridExtra 2.3

R package hexbin 1.28.3

Schickele et al.'?
Heideberger and Plate®®
Paradis et al.®"
Wilke®?
Barret et al.®®

Tal Galili®*

Coporation and Weston®®
Wickham et al.®®
Langfelder et al.®”
Nakazawa®®
Weston et al.®”
Schloerke et al.”®
de Vries et al.”"
Wickham™®

Aphalo”®

Bion”*

Slowikowski’®
Wilke et al.”®
Auguie’”

Carretal.”®

https://github.com/alexschickele/
CEPHALOPOD

https://cran.r-project.org/web/packages/
abind/index.html

https://cran.r-project.org/web/packages/
ape/index.html

https://cran.r-project.org/web/packages/
cowplot/vignettes/introduction.html

https://cran.r-project.org/web/packages/
data.table/refman/data.table.html

https://cran.r-project.org/web/packages/
dendextend/index.html

https://cran.r-project.org/web/packages/
doParallel/index.html

https://cran.r-project.org/web/packages/
dplyr/index.html

https://cran.r-project.org/web/packages/
dynamicTreeCut/index.html

https://cran.r-project.org/web/packages/
fmsb/index.html

https://cran.r-project.org/web/packages/
foreach/index.html

https://cran.r-project.org/web/packages/
GGally/index.html

https://cran.r-project.org/web/packages/
ggdendro/index.html

https://cran.r-project.org/web/packages/
ggplot2/index.html

https://cran.r-project.org/web/packages/
ggpmisc/index.html

https://github.com/ricardo-bion/ggradar

https://cran.r-project.org/web/packages/
ggrepel/index.html
https://cran.r-project.org/web/packages/
ggtext/index.html
https://cran.r-project.org/web/packages/
gridExtra/index.html
https://cran.r-project.org/web/packages/
hexbin/index.html

(Continued on next page)

Cell Host & Microbe 34, 1560-1574.e1-e5, August 12, 2026

el


https://omdb.microbiomics.io
https://microbeatlas.org/landing
https://data.up.ethz.ch/shared/bluecloud/OBS/CLIMATOLOGIES/
https://data.up.ethz.ch/shared/bluecloud/OBS/CLIMATOLOGIES/
https://www.marineregions.org/sources.php
https://www.marineregions.org/sources.php
https://www.marineregions.org/sources.php
https://www.marineregions.org/sources.php
https://github.com/alexschickele/CEPHALOPOD
https://github.com/alexschickele/CEPHALOPOD
https://cran.r-project.org/web/packages/abind/index.html
https://cran.r-project.org/web/packages/abind/index.html
https://cran.r-project.org/web/packages/ape/index.html
https://cran.r-project.org/web/packages/ape/index.html
https://cran.r-project.org/web/packages/cowplot/vignettes/introduction.html
https://cran.r-project.org/web/packages/cowplot/vignettes/introduction.html
https://cran.r-project.org/web/packages/data.table/refman/data.table.html
https://cran.r-project.org/web/packages/data.table/refman/data.table.html
https://cran.r-project.org/web/packages/dendextend/index.html
https://cran.r-project.org/web/packages/dendextend/index.html
https://cran.r-project.org/web/packages/doParallel/index.html
https://cran.r-project.org/web/packages/doParallel/index.html
https://cran.r-project.org/web/packages/dplyr/index.html
https://cran.r-project.org/web/packages/dplyr/index.html
https://cran.r-project.org/web/packages/dynamicTreeCut/index.html
https://cran.r-project.org/web/packages/dynamicTreeCut/index.html
https://cran.r-project.org/web/packages/fmsb/index.html
https://cran.r-project.org/web/packages/fmsb/index.html
https://cran.r-project.org/web/packages/foreach/index.html
https://cran.r-project.org/web/packages/foreach/index.html
https://cran.r-project.org/web/packages/GGally/index.html
https://cran.r-project.org/web/packages/GGally/index.html
https://cran.r-project.org/web/packages/ggdendro/index.html
https://cran.r-project.org/web/packages/ggdendro/index.html
https://cran.r-project.org/web/packages/ggplot2/index.html
https://cran.r-project.org/web/packages/ggplot2/index.html
https://cran.r-project.org/web/packages/ggpmisc/index.html
https://cran.r-project.org/web/packages/ggpmisc/index.html
https://github.com/ricardo-bion/ggradar
https://cran.r-project.org/web/packages/ggrepel/index.html
https://cran.r-project.org/web/packages/ggrepel/index.html
https://cran.r-project.org/web/packages/ggtext/index.html
https://cran.r-project.org/web/packages/ggtext/index.html
https://cran.r-project.org/web/packages/gridExtra/index.html
https://cran.r-project.org/web/packages/gridExtra/index.html
https://cran.r-project.org/web/packages/hexbin/index.html
https://cran.r-project.org/web/packages/hexbin/index.html

¢ CellPress

OPEN ACCESS

Cell Host & Microbe

Continued
REAGENT or RESOURCE SOURCE IDENTIFIER
R package Hmisc 5.2-5 Harrell”® https://cran.r-project.org/web/packages/

R package htmlwidgets 1.6.4

R package maps 3.4.3

R package mgcv 1.9-4

R package ncdf4 1.6.0

R package networkD3 0.4.1

R package parallel 4.6.0
R package phytools 2.5.2

R package plyr 1.8.8

R package purrr 1.2.1

R package raster 3.6.26

R package reshape 1.4.4

R package rnaturalearth 0.3.9

R package rnaturalearthdata 0.1.0

R package scales 1.2.1

R package sf 1.0.14

R package sp 2.1.4

R package stats 4.5.2
R package stringr 1.5.0

R package svglite 2.2.2

R package terra 1.7.78

R package tibble 3.2.1

R package tidyr 1.3.1

R package tidyterra 0.4.0

R package treemap 2.4.3

R package vegan 2.7-2

R package viridis 0.6.5

R package viridisLite 0.4.2

Vaidyanathan et al.?°

Becker et al.®’
Wood®
Pierce®
|'84

Allaire et a

R Core Team®®
Revell®®

Wickham et al.®®
Wickham et al.®”
Hijmans®®
Wickham®
Massicotte and South®
South”'

Wickham”

Pebesma and Bivand™

Pebesma and Bivand™

R Core Team®®
Wickham®®

Wickham et al.”®
Robert and Hijmans®”
Miller and Wickham®
Wickham et al.®®
Hernangomez '
Tennekes'”'

Oksanen et al.'*

Garnier et al.%®

Garnier et al.'*

e2  Cell Host & Microbe 34, 1560-1574.e1-e5, August 12, 2026

Hmisc/index.html

https://cran.r-project.org/web/packages/
htmlwidgets/index.html

https://cran.r-project.org/web/packages/
maps/index.html

https://cran.r-project.org/web/packages/
mgcv/index.html

https://cran.r-project.org/web/packages/
ncdf4/index.html

https://cran.r-project.org/web/packages/
networkD3/index.html

https://www.r-project.org/

https://cran.r-project.org/web/packages/
phytools/index.html

https://cran.r-project.org/web/packages/
plyr/index.html

https://cran.r-project.org/web/packages/
purrr/index.html

https://cran.r-project.org/web/packages/
raster/index.html

https://cran.r-project.org/web/packages/
reshape2/index.html

https://cran.r-project.org/web/packages/
rnaturalearth/index.html

https://cran.r-project.org/web/packages/
rnaturalearthdata/index.html

https://cran.r-project.org/web/packages/
scales/index.html

https://cran.r-project.org/web/packages/
sf/index.html

https://cran.r-project.org/web/packages/
sp/index.html

https://www.r-project.org/

https://cran.r-project.org/web/packages/
stringr/index.html

https://cran.r-project.org/web/packages/
svglite/index.html

https://cran.r-project.org/web/packages/
terra/index.html

https://cran.r-project.org/web/packages/
tibble/index.html

https://cran.r-project.org/web/packages/
tidyr/index.html

https://cran.r-project.org/web/packages/
tidyterra/index.html

https://cran.r-project.org/web/packages/
treemap/index.html

https://cran.r-project.org/web/packages/
vegan/index.html

https://cran.r-project.org/web/packages/
viridis/index.html

https://cran.r-project.org/web/packages/
viridisLite/index.html

(Continued on next page)



Cell Host & Microbe ¢ CelPress

OPEN ACCESS

Continued
REAGENT or RESOURCE SOURCE IDENTIFIER
R package webshot 0.5.5 Chang'®® https://cran.r-project.org/web/packages/

webshot/index.html

METHOD DETAILS

Metagenomic sample selection

Metagenomic data were obtained from the Ocean Microbiomics Database (OMDB; https://omdb.microbiomics.io), which compiles
marine metagenomic datasets from publicly available studies and BioProjects registered in the European Nucleotide Archive (ENA).
Only metagenomic data used in published studies or shared via personal communication were included. For the diversity analysis of
marine microbial communities, we excluded samples from coastal environments (within 20 km of the shoreline) to minimize the con-
founding effects of eutrophic and dynamic coastal processes and further excluded samples from the enclosed basins, the Baltic and
Mediterranean Seas. Additionally, samples collected in response to specific events (e.g., algal blooms, pollution events) and those
with a minimum filter size > 0.8 pm were removed to discard samples that exclude the free-living prokaryotic community, retaining
samples with lower filter size thresholds of 0.2-0.8 um. For SML analyses, we retained samples from within the mixed layer depth at
each location, with mixed layer depth information derived from the World Ocean Atlas 2018 (WOA18).'%° Samples collected from
depths between 200 and 1,000 m, and located below the SML, were classified as mesopelagic.

Generation of taxonomic profiles

For the selected samples, taxonomic profiles were generated using the mOTUs4 profiler with default parameters.'”'%” The profiler
uses the mOTUs marker gene database as reference, which comprises species-level units defined by ten universal single-copy
phylogenetic marker genes'%® derived from isolate reference genomes, single-cell amplified and metagenome-assembled genomes,
and environmental assemblies.'®” Metagenomic reads are directly aligned to these markers, and relative species abundances are
estimated from marker gene coverage, approximating the relative copy number of genomes per species present in each sample.
Marker genes that cannot be assigned to any species-level unit are used to quantify the fraction of uncharacterized genomes (“unas-
signed”), allowing consistent relative abundance estimates across samples.'®°

Diversity indices

Species diversity was calculated after accounting for inter-sample differences in sampling effort and sequencing depth, by rarefying
mOTUs counts to equal counts per sample (rrarefy function, vegan R package). Rarefaction was conducted with two different sample
sizes (1,000 and 5,000 mOTU counts), considering only samples with mOTU counts above the respective threshold. Rarefaction was
repeated 200 times per sample. At each rarefaction repetition, the rarefied mOTUs table was subsetted to species belonging to the
same taxonomic rank (domain, phylum, class, order, family, genus), and diversity metrics (richness, Shannon index, Chao1) were
calculated (diversity function, vegan R package). Final diversity values per sample and taxonomic group represent the mean of
the 200 repetitions. Genus diversity (Figure S4) was calculated similarly, except that counts of species belonging to the same genus
were first aggregated prior to rarefaction.

Environmental features

Environmental parameters used to model prokaryotic diversity indices capture physical, chemical, and biological characteristics of
the marine environment, serving as key environmental features of prokaryotic diversity.®*° Biological variables include chlorophyll-a
concentration (mg m3), a proxy for phytoplankton biomass, and primary production (mg C m™ day™), both sourced from GIMS cli-
matologies.''®""" Physical parameters encompass sea surface temperature (°C) from the World Ocean Atlas 2018"°° and photosyn-
thetically active radiation (Ein m day™) from the Global Marine Information System''" as well as oceanographic dynamics metrics
such as Eddy Kinetic Energy (cm? s)"'? and the Finite-Size Lyapunov Exponent (days™; obtained from AVISO)."'® Chemical envi-
ronmental features include nitrate, phosphate, and silicate concentrations (umol kg™') from the World Ocean Atlas 2018, along with
derived stoichiometric indices such as N* ([nitrate] - 16*[Phosphate]) and Si-Star ([silicate] - [nitrate]) to assess nutrient limitation pat-
terns. Oxygen-related variables, including concentration (umol kg™"), fractional saturation (%), and apparent oxygen utilization (umol
kg™"), are also sourced from the World Ocean Atlas 2018."'* Additionally, particulate organic carbon concentrations (mg C m™) were
derived from Stramski et al.’'® All climatologies have a monthly spatial resolution of 1° by 1° longitude and latitude, and annual means
alongside seasonal latitudinal variations are visualized in Figure S6. Although this monthly resolution does not capture finer temporal
dynamics of marine microbial communities, it has proved effective to represent major seasonal trends’'""''? and allows the use of
robust climatology datasets that enhance the signal-to-noise ratio in downstream analyses. We further evaluated the correlation be-
tween in situ environmental variables measured during the Tara Ocean expedition® and the climatological parameters used in our
study (Figure S7). Because our models are trained exclusively on open-ocean samples within the SML, we excluded samples from
marginal seas, including the Mediterranean Sea, Red Sea, Baltic Sea, Black Sea, Persian Gulf, and Gulf of Aden. Seven environ-
mental parameters were available for comparison, including physical variables (temperature (°C), photosynthetically active radiation
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(Ein m™2 day™"), and mixed layer depth (m)), nutrient concentrations (nitrate (1mol L"), phosphate (umol L), and silicate (umol L™),
and the biological variable, chlorophyll-a (mg m™).

Habitat modeling framework

To model microbial diversity patterns, we employed CEPHALOPOD (Comprehensive Ensemble Pipeline for Habitat modelling Across
Large-scale Ocean Pelagic Observation Datasets), ? a state-of-the-art, standardized, and highly automated habitat modeling frame-
work designed to produce intercomparable outputs across scarce observation datasets, and observation types, such as metage-
nomics. CEPHALOPOD follows an ensemble modeling approach, including regression and machine learning algorithms, evaluated
by an explicit traffic-light quality check system that ensures robust predictions of the biological target(s), which in this study were the
diversity metrics richness, Shannon index, and Chao1. Here, we briefly recall the main steps of CEPHALOPOD and refer to Schickele
et al.'? for detailed methods and quality check benchmarks.

First, CEPHALOPOD matches metagenomic observations to the resolution of the environmental features to ensure spatial and
temporal consistency between the biological target(s) and the environmental conditions in which they were observed. If several ob-
servations fall into the same monthly grid cell (1° by 1° spatial resolution), an average across the observations is computed and used
for modeling. Second, features showing negligible association with the target variables are discarded. Then, CEPHALOPQOD only re-
tains the most informative environmental features among groups of intercorrelated ones. Finally, CEPHALOPOD performs a recursive
feature elimination procedure, only retaining the minimal, non-redundant set of environmental features best explaining the variance in
the target. At this stage, we retain a robust, non-collinear, non-redundant, and parsimonious set of environmental features, to best
model diversity metrics.

The selected features were then used in a standardized ensemble habitat modeling approach, balanced across regression (GLM;
GAM), tree-based (RF, XGBoost), and machine learning algorithms (SVM, MLP). To mitigate the effects of spatial autocorrelation,
which can bias algorithm performance evaluation, and to optimize both algorithm training and hyperparameter tuning,
CEPHALOPOD implements a spatial block cross-validation procedure. This provides an effective balance between spatial indepen-
dence and sufficient sample size for algorithm calibration and evaluation. Algorithm performance is then assessed by comparing pre-
dicted and observed target values across the evaluation folds, while the variance explained by each feature is quantified to assess
model interpretability. Both performance and feature importance are associated with quality checks (i.e., R > 0.25 and top 3
features > 50% variance explained). To propagate uncertainty to the projections, CEPHALOPOD generates bootstrap replicates
across all algorithms, passing the above-mentioned quality checks. Finally, the variability in the projections, across bootstraps
and algorithms, is associated with a final quality check (i.e., normalized standard deviation < 0.5). This ensures that only robust
and interpretable algorithm outputs are considered in subsequent analyses.

Selection of modeled taxonomic groups

Annual and seasonal diversity distribution in the ocean SML was modeled across taxonomic ranks. We restricted this to taxonomic
groups that successfully passed the four sequential CEPHALOPOD quality criteria for continuous target variables, including a priori
predictor testing, predictive performance (R2 > 0.25), cumulative variable importance and projection uncer‘tainty.12 If the class-level
annual LDG was highly correlated with that of its corresponding phylum (Pearson’s r > 0.9), we only showed the lower taxonomic rank
(class level) to avoid redundancy (Figure 5). For each modeled phylum with R% > 0.25 (n = 11 phyla), the annual LDG of at least one
corresponding class was highly correlated with the annual LDG of its corresponding phylum.

European time series studies - Seasonality

All data used for the seasonal analysis of European time series were obtained from the MicrobeAtlas®® download section (Table S1).
Richness was calculated from operational taxonomic unit (OTU) read counts (97 % sequence identity) using the rrarefy function of the
R vegan package. For each sample, the OTU read counts were rarefied to 3,000 observations with 20 repetitions. Final richness
values were obtained by calculating the median richness of the 20 rarefaction iterations. Within each study, we summarized richness
by sampling month (median) and then calculated the relative change between December and June (Figure 4).

QUANTIFICATION AND STATISTICAL ANALYSIS

Model sensitivity analysis

In order to quantify the influence of coastal sample inclusion on the modeling of prokaryotic diversity, we iteratively excluded samples
based on their distance from the coast to assess model stability (from 5 km to 1,400 km). To assess the sensitivity of the inferred
diversity patterns to uneven geographic sampling, we implemented a basin-stratified subsampling analysis. Samples from each ma-
jor ocean basin were randomly downsampled using basin-specific sample-size thresholds before model fitting (ranging from 350 to
10 samples per basin). For each threshold T, basins with more than T observations were randomly reduced to T observations (without
replacement), whereas basins with T or fewer observations were retained unchanged. This procedure was repeated 100 times per
threshold to generate balanced realizations of the dataset. Each subsampled dataset was propagated through the full modeling pipe-
line,' allowing us to quantify uncertainty arising from unequal sample representation. The coefficient of variation (CV) across the
model outputs with varying thresholds is summarized to visualize geographic regions that are mostly influenced by uneven sampling
distribution.
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Statistical testing of seasonal variation in latitudinal diversity gradients

To assess seasonal variations in marine prokaryote diversity along latitudinal gradients, richness data for December (winter in the
Northern Hemisphere; summer in the Southern Hemisphere) and June (winter in the Southern Hemisphere; summer in the Northern
Hemisphere) were extracted from ensemble mean outputs of diversity models. These data were grouped into 1° latitude bins, and
mean richness values were calculated for each bin and month. Variability around the mean was quantified as + 1 standard deviation
(SD). Statistical differences in richness between December and June across latitude bins were evaluated using the Wilcoxon test,
implemented via the wilcox.test function from the stats package in R. Latitude bins with significant differences (p < 0.001)
across > 50% of model ensemble members were identified, and their significance was visually distinguished by horizontal blue la-
bels. In detail, we evaluated seasonal differences in richness across individual ensemble members, defined by unique combinations
of bootstrap resampling and algorithm choices. Instead of relying solely on the ensemble mean, Wilcoxon tests were performed
separately for each ensemble member within 1° latitude bins, allowing a more comprehensive assessment of variability. The propor-
tion of ensemble members displaying significant seasonal differences (o < 0.001) was then calculated to quantify the robustness of
observed patterns across models. This approach ensures that conclusions about seasonal richness shifts are not overly influenced
by any single modeling choice but instead reflect consistent patterns across a diverse set of predictive algorithms and resampling
strategies. Visualization of results included both 1° latitudinal mean richness estimates and variability across ensemble members,
with shaded confidence regions representing the range of model outputs. The resulting modeled latitudinal diversity gradients
were visualized using the R ggplot2 package, where solid lines represented mean richness values, and shaded ribbons depicted vari-
ability (+ SD).
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