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ABSTRACT

Aim: Zooplankton often dominate pelagic metazoan biomass, making them a central component of marine ecosys-
tems and biogeochemical cycles. In this study, we aimed to: (1) provide biomass distributions of zooplankton
functional types to support marine ecosystem monitoring and biogeochemical model evaluation; and (2) investigate
regional and seasonal patterns of biomass across marine zooplankton functional types and their relationships with
species diversity.

Location: Global.

Time Period: 1926-2016.

Major Taxa Studied: Marine zooplankton (ten plankton functional types, PFTs).

Methods: We compiled zooplankton biomass measurements from net samples and developed habitat suitability
models to generate monthly global epipelagic (0-200 m) and mesopelagic (200-500 m) biomass climatologies for
ten PFTs. We then linked epipelagic biomass climatologies to recent empirical species richness estimates to assess
biomass-richness relationships at both community and PFT scales.

Results: Global epipelagic zooplankton biomass was estimated at 2.9 Pg C and exhibited strong seasonality, with
summer maxima at high latitudes and persistently elevated biomass in productive regions. Mesopelagic biomass was
lower (0.9 Pg C) and showed winter maxima at high latitudes. Crustaceans dominated global zooplankton biomass
(>50% of total biomass), but gelatinous and calcifying zooplankton contributions were substantial (>10% each). At
the community scale, the biomass-richness relationship was non-monotonic: both species-poor and species-rich en-
vironments had high biomass. At the PFT scale, crustacean biomass decreased with richness, whereas gelatinous
zooplankton biomass increased.

Main conclusion: Our analysis provides the first net-based monthly global biomass climatologies for ten zooplank-
ton functional types across the epipelagic and mesopelagic zones. It shows that a few dominant crustacean groups
capture much of the large-scale biomass structure but that resolving gelatinous taxa and calcifiers remains neces-
sary because they contribute substantially to biomass and biogeochemical function. Together with the contrasting
richness—biomass relationships among PFTs, these results indicate that biomass-based monitoring may be sufficient
to track some crustacean-dominated patterns, whereas groups such as gelatinous zooplankton require metrics that
also resolve diversity within PFTs.

1 | Introduction

Marine zooplankton modulate marine ecosystems by regulating energy transfer from phytoplankton to higher trophic lev-
els and by contributing to carbon sequestration through influencing the efficiency and magnitude of the biological carbon
pump [1]. These heterotrophic plankton also represent a major fraction of living biomass in marine pelagic environments
[2]. Monitoring global zooplankton biomass distributions and constraining them in models are therefore essential for un-
derstanding marine ecosystem functioning, assessing ocean health, and quantifying the impacts of anthropogenic change
on ocean biogeochemistry [3, 4]. This importance is reflected in the recognition of zooplankton biomass and diversity as
Essential Ocean Variables (EOVs) [5], emphasizing their role in sustained ecosystem monitoring and climate-relevant ob-
serving systems [6]. Yet global zooplankton biomass remains difficult to constrain. Observationally, zooplankton biomass
is highly patchy in space and time, sampling remains uneven across regions, depths, seasons, and taxa, and there is no
global standard for measuring zooplankton biomass [7, 8, 9]. In marine biogeochemical models, zooplankton processes
remain a major source of uncertainty, with grazing identified as the largest source of uncertainty in marine carbon-cycling
in CMIP6 models [10]. Information on global zooplankton biomass is therefore required as both a fundamental target for
ocean observation and a key benchmark for evaluating marine ecosystem and biogeochemical models.

A major step toward constraining global zooplankton biomass was the MAREDAT synthesis [7], which provided annual
global epipelagic estimates for mesozooplankton, macrozooplankton, and calcifying zooplankton. MAREDAT also high-
lighted the limitations that still motivate current work: strong spatial heterogeneity driven by the patchy distribution of
plankton and the lack of standardisation in collection procedures, uncertainty ranges often spanning orders of magnitude
relative to mean biomass, limited information for different functional groups, and the absence of seasonal and depth-
resolved data. Subsequent studies have progressively filled parts of this gap by resolving seasonal mesozooplankton and
calcifier biomass [11, 12], depth-resolved mesozooplankton distributions [13, 14], and upper-ocean functional composi-
tion [15, 16]. Together, these products suggest that crustaceans dominate global zooplankton biomass, while gelatinous
and calcifying groups are important contributors to ecosystem and biogeochemical functioning. However, no existing
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product simultaneously resolves seasonality, depth structure, and multiple plankton functional types (PFTs) within a
single global biomass framework.

This lack of detailed information on PFTs is important because zooplankton biomass is controlled by community com-
position. Grouping species into PFTs, an approach already used in MAREDAT and formalized in biogeochemical marine
ecosystem models [17, 7], provides a simple way to represent plankton diversity. This approach leverages differences in
feeding mode, body size, and vertical behavior that can substantially alter zooplankton biomass distributions and their eco-
logical and biogeochemical impacts. For instance, nonselective filter-feeding groups such as salps and appendicularians
may maintain relatively high biomass in oligotrophic environments [18, 19], whereas migration and life-history strategies
such as diel vertical migration or diapause can control seasonal and depth-dependent biomass patterns [20, 12]. How-
ever, the coarse mesozooplankton and macrozooplankton categories used in early syntheses are no longer sufficient to
match the growing interest and increasing need in explicitly representing distinct zooplankton groups in models, includ-
ing salps [19], appendicularians [18], and jellyfish [21]. More detailed PFT-resolved zooplankton biomass products are
therefore needed both to evaluate emerging model structure and to support monitoring frameworks that aim to identify
which zooplankton groups are most informative for ecosystem monitoring.

Even the inclusion of many PFTs in models may not fully resolve zooplankton community structure. For example, dom-
inant groups such as copepods contain multiple sub-PFTs, each with distinct ecological and biogeochemical roles [22].
The degree of diversity in the zooplankton community is a practical issue for both modeling and monitoring zooplankton
biomass. In some communities, most biomass may be concentrated in a few dominant taxa, consistent with the mass-ratio
hypothesis [23, 24], whereas in others it may reflect the contribution of many coexisting taxa through complementarity
[25]. Biomass-richness relationships are informative in this context because they provide an empirical way to distinguish
between these contrasting modes of biomass organization. Because these relationships vary among community types and
phyla [26], different zooplankton communities may differ in how much diversity must be resolved to capture biomass pat-
terns. This is directly relevant to model structure and EOV design because it determines whether zooplankton biomass
can be represented by a few dominant groups or requires more detailed diversity-resolved modeling and monitoring.

Extrapolation of sparse quantitative observations to continuous fields using machine learning is increasingly used across
ocean biogeochemistry and ecology to reconstruct variables such as carbonate-system properties [27] or species abun-
dance distributions [28]. Biomass distribution models (BDMs) extend this logic to biomass data by relating observations to
spatially complete environmental predictors to infer continuous biomass fields [15, 11, 12, 14]. This framework is particu-
larly suited to zooplankton biomass, for which local observations are sparse, heterogeneous, and strongly patchy [7], but
whose large-scale spatial and seasonal structure can still be resolved at climatological scales [12]. For zooplankton, BDMs
have been used to derive global climatologies of mesozooplankton and calcifier biomass [11, 12] to infer mesopelagic
biomass-richness relationships [14] and to map zooplankton functional composition from imaging observations [15].

Here we quantify the global spatial, seasonal, and functional organization of upper-ocean zooplankton biomass by deriv-
ing a monthly climatology of zooplankton carbon biomass for 10 zooplankton functional types in the epipelagic (0-200 m)
and mesopelagic (200-500 m). We use an ensemble of BDMs trained on the AtlantECO-BASE dataset [29] and imple-
mented within a recent predictive modeling framework [30]. We then examine three aspects of zooplankton biomass
organization. First, we quantify the large-scale spatial, seasonal, and vertical structure of total zooplankton biomass across
the upper 500 m. Second, we determine how total biomass is partitioned among functional groups and identify which
PFTs account for most of the standing stock. Last, we assess how biomass, PFT composition, and species richness are re-
lated at the global scale to determine whether biomass is concentrated in a few or many taxa, and whether this differs
among PFTs. These analyses provide an observation-based benchmark for marine ecosystem and biogeochemical models
and quantitative guidance for zooplankton monitoring and EOV development.

2 | Methods

2.1 | Zooplankton functional types observations
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TABLE 1 | Description of the zooplankton PFT dataset built from the AtlantECO-BASE database ([29]). Biomass values are given in mgC m—3.

Dataset Initial dataset Epipelagic observations (0-200 m) Mesopelagic observations (200-500 m)
PFT #0bs [ % zeros | % species | % genus | Biomass #0bs | % zeros | Biomass #0bs [ % zeros | Biomass
Amphipoda 25002 11% 10% 12% 30.38 (+ 744.56) 11616 8% 5.96 (£ 21.78) 329 4% 2.29 (+ 10.22)
Appendicularia | 27729 5% 5% 92% 0.07 (+ 2.78) 13362 4% 0.03 (+ 0.22) 214 7% 0.00 (+ 0.03)
Chaetognatha 23457 6% 22% 38% 12.25 (+212.72) 8026 7% 6.64 (+ 28.85) 190 0.5% 9.84 (+ 64.10)
Copepoda 569441 19% 66% 89% 3.53 (£ 142.21) 20262 0.2% 49.48 (+ 148.33) 846 0.0% 23.14 (£ 42.33)
Euphausiacea 39667 15% 38% 51% 770.19 (£ 9426.45) 12614 7% 89.50 (+ 446.20) 408 4% 10.61 (+ 28.89)
Foraminifera 268524 91% 95% 95% 0.01 (£ 2.24) 9221 18% 0.07 (£ 0.18) 1162 15% 0.01 (£ 0.04)
Jellyfish 80176 42% 24% 44% 25.06 (+ 362.14) 12650 14% 15.25 (% 55.78) 374 1% 8.57 (+ 33.72)
Ostracoda 25369 9% 1% 4% 1.05 (+ 15.18) 11279 10% 0.32 (£ 1.26) 490 0.0% 0.38 (+0.72)
Pteropoda 75466 60% 44% 69% 593(+128.94) | 11280  11% 1043 (£40.71) | 874 19% 1.85 (+ 4.75)
Thaliacea 34910  43% 6% 2% 7.18 (+ 180.52) 8322  15% 7.13(+3582) | 129 3% 0.47 (+ 0.59)
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FIGURE 1 | Zooplankton observations distribution. Panels a-c: Epipelagic (0-200 m). a) Number of observations per 1° x 1° grid cell. b) Number of
winter (April-September in the Southern Hemisphere; October-March in the Northern Hemisphere) and summer observations per 10° latitudinal band.
¢) Boxplots of biomass for each PFT, ordered by median (lowest to highest). Panels d-f: same as a-c for the mesopelagic (200-500 m).

Zooplankton abundance observations

We used the AtlantECO-BASE dataset (Table 1, [29], Supplementary Text S1) that compiled geo-referenced measure-
ments of in-situ zooplankton abundances from global data archives to derive PFT-resolved monthly fields of zooplankton
biomass (in mg C m~3). The ten PFTs are Chaetognaths, Pteropods, Ostracods, Jellyfish, Thaliaceans, Foraminifers, Cope-
pods, Amphipods, Euphausiids and Appendicularians ( [31]. These PFTs were designed to group taxa that occupy similar
trophic niches, reflecting shared feeding traits, resource use and predator-prey interactions [32, 31]. Small and large
copepods were merged into a single functional type to retain observations recorded as "Copepod”. We acknowledge that
copepods comprise smaller distinct functional types based on traits such as body size and feeding strategies; this has been
studied by [22]. Unfortunately, a fine functional resolution at lower taxonomic levels cannot be achieved consistently
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across all PFTs in the current study. This synthesis of zooplankton abundances gathered 1,169,741 observations (Table 1),
collected at a mean maximum sampling depth of 270+433 (£SD) m from 1926-2016.

Abundance to biomass conversions

A total of 61% of the zooplankton records were identified to the species level and 18% to the genus level (Table 1). We
thus performed taxon-specific conversions from abundances (ind m~2) to biomass concentrations (mg C m~3). We used
mean taxon-specific carbon weights (mg C ind™!) based on group-specific length-mass or mass-mass linear and logistic
regression equations compiled from different sources listed in Table S1. Not all observations had a species-specific carbon
weight in the compilation because they were not identified to the species level (i.e., class-, order-, family- or genus-level
observations). In these cases, we used the median carbon weight of the taxa composing the higher-level taxonomic group
(e.g., the carbon weight assigned to Salpidae corresponded to the median carbon weight of all Salpidae species). All taxon-
specific carbon-weight values used in this study are reported in [ZENODO Folder].

Epi- and mesopelagic zooplankton biomass datasets

For each PFT, zooplankton biomasses from single-net samples were summed when necessary (e.g., when multiple taxa
from the same PFT were sorted within a unique sample) to represent a PFT-level point measurement. Observations with
missing minimum or maximum tow depths were excluded. We divided the dataset into two depth layers: the epipelagic
(0-200 m) and the mesopelagic (200-500 m). We excluded deeper samples because of the very low sampling coverage
below 500 m depth (see Fig. S1). Observations were then filtered to include only samples collected with mesh sizes between
100 and 500 um (85% of the dataset), so that all carbon biomass values could then converted to their 200 um-equivalent
using the conversion factors from [33]. This conversion reduces bias in total zooplankton biomass estimates associated
with mesh size, but it does not account for potential differences in species-specific selectivity among mesh sizes. For each
dataset, biomass observations deviating from the mean by more than two times the standard deviation were discarded
[11]. This led to the exclusion of 0.5% of the dataset, which shows that the data distribution is highly skewed. These could
be artificial outliers (faulty measurement or error in reporting an otherwise correct measurement) or natural outliers (e.g.,
a massive bloom outside the climatological conditions we are trying to capture here).

The resulting epipelagic dataset (Table 1, Fig. 1) contained 118,632 observations of PFT biomass, collected at a mean maxi-
mum sampling depth of 98+63 m from 1938-2015. Sampling coverage was strongly spatially biased, with pronounced data
gaps in the Arctic Ocean and in the oligotrophic open-ocean gyres of both the Pacific and Atlantic basins. Observed PFT
biomasses ranged from 0 to 12,143 mg C m~ (24 + 180 mg C m™3), with 8% zero values. The mesopelagic dataset (Table 1)
contained 5,016 individual observations of PFT biomass, collected at a mean maximum sampling depth of 427490 m
from 1938-2009. Mesopelagic sampling was even more sparse (Fig. 1), with limited coverage in Arctic, Pacific and Indian
oceans. Observed PFT biomasses ranged from 0 to 928 mg C m~3 (6 + 29 mg C m~3), with 8% zero values. These datasets
were used to fit separate BDMs for the epipelagic and mesopelagic zones (Section 2.2).

2.2 | Biomass distribution models
Environmental predictors

We used 27 environmental monthly climatologies (Table S2) selected as potentially relevant for modeling zooplankton
biomass [31, 11, 12, 30]. Where necessary, these environmental predictor fields were averaged and re-gridded to monthly
climatologies at a 1°x1° resolution. To reduce collinearity among predictors, we performed two separate principal compo-
nent analyses (PCAs), one for the epipelagic and one for the mesopelagic zone. Satellite-based predictors were identical
in both PCAs, whereas depth-resolved predictors from the World Ocean Atlas (WOA) were selected to match the consid-
ered depth layer (epipelagic vs. mesopelagic). In both cases, the first four principal components (PC1-PC4) were retained
and used as model inputs, thereby retaining the dominant environmental gradients ( 70% of the variance explained).

For the epipelagic PCA (Table S3, Fig. S4), the variance explained by PC1-PC4 was 38%, 21%, 9%, and 6%, respectively.
PC1 primarily captured temperature and nutrient gradients (e.g., SST: r =0.95; nitrate: r =-0.87), PC2 reflected primary
production conditions (chl-a: r =-0.80), PC3 was associated with oxygen availability (r =0.83), and PC4 represented
hydrodynamical conditions (mixed layer depth: r =0.61, current intensity: r =0.54). For the mesopelagic PCA (Table S4,
Fig. S5), the variance explained by PC1-PC4 was 31%, 22%, 17%, and 6%, respectively. PC1 primarily captured temperature
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(r =0.89), PC2 was associated with oxygen availability (r =0.86), PC3 reflected nutrient gradients (nitrate: r =0.62), and
PC4 represented hydrodynamical conditions (mixed layer depth: r =0.55, current intensity: r =0.65).

The analysis assumes that the selected set of environmental predictors is sufficiently diverse to represent the range of
conditions sampled by the observations. Consequently, we focus in the results section on predictive performance and esti-
mated PFT biomass distributions, and treat the retained PCs primarily as a compact representation of the environmental
space rather than as evidence of causal drivers.

Habitat model pipeline

Biomass distribution models were run using the Comprehensive Ensemble Pipeline for Habitat modeling Across Large-
scale Ocean Pelagic Observation Datasets (CEPHALOPOD; 30), a framework specifically tailored to extrapolate scarce
and biased marine biological observations. We applied the six algorithms implemented in CEPHALOPOD: generalized
additive models (GAM), generalized linear models (GLM), random forests (RF), boosted regression trees (BRT), multi-
layer perceptrons (MLP), and support vector machines (SVM). The full modeling workflow is described in [30]; here we
report only the elements most relevant to the present study.

Model evaluation relied on the three CEPHALOPOD quality criteria relevant to this study. First, environmental predic-
tors had to explain >5% more variance than randomly permuted predictors [QC#1: pre-VIP > 0.05; 30], ensuring that
fitted relationships were more informative than a null expectation. Second, predictive skill was evaluated from spatial
block cross-validation using the coefficient of determination [QC#2: R?; 30]. In this study, we adopted a less conservative
acceptance threshold of R? > 0.1 because PFT-resolved biomass observations are highly patchy and methodologically
heterogeneous, and similar thresholds have been used in previous biomass distribution studies [15, 11]. Last, prediction
uncertainty estimated from bootstrap replicates had to remain moderate [QC#3: normalized standard deviation, NSD
< 0.5; 30]. In addition, to homogenize the distribution of observations across environmental conditions before model fit-
ting, we applied a thinning procedure in the four-dimensional environmental space defined by the first four principal
components (PC1-PC4): each axis was discretized into 15 bins, and observations within each occupied environmental cell
were aggregated by their median biomass. We also computed a Multivariate Environmental Similarity Surfaces (MESS)
[34] to identify geographic areas where the algorithm extrapolates beyond the range of observed environmental conditions,
and thus should be interpreted with caution.

2.3 | Experimental design and analyses
CEPHALOPOD experiments

For each PFT, CEPHALOPOD was applied separately to the epipelagic and mesopelagic datasets. Quality checks were
evaluated independently for each group, and algorithms were retained if they satisfied all selected criteria or, to preserve
a complete PFT representation in the integrated analyses, if one QC metric fell within 30% of the limit defined for each
metric. Final PFT climatologies were computed as the ensemble mean of the retained algorithms and produced at 1° X 1°
spatial resolution with a 12-month temporal coverage.

Richness-biomass relationship

To compare our PFT-specific zooplankton biomass estimates to PFT-specific species-richness estimates, we used the global
species richness maps of [31], derived from compilations of plankton species occurrences and an ensemble species distri-
bution modeling framework [35]. Richness patterns were available for all PFTs considered here except Ostracoda, yielding
9 PFT-specific diversity-biomass analyses.

To describe the global (all-PFT) non-linear association between total richness R and total biomass B, we fitted a GLM
with a Gamma error distribution and a log link to biomass data: log E[B] = 8, + 8;R + ,R%. We compared the quadratic
model to a linear alternative using Akaike’s Information Criterion (AIC), and retained the quadratic form with the lower
AIC value (AAIC = 1266.53). We computed the turning point, R, = —3,/(2f3,), to partition observations into low- and
high-richness subsets (R < R, and R > R;). To focus on high-biomass conditions and allow for distinct regimes, we
defined high-biomass grid cells as those exceeding the top 20% of log, ,(B) and classified them according to whether they
fell on the low- or high-richness side of R,. We additionally examined the spatial structure of these regimes using the
biomass-to-richness ratio B/R.
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To analyse PFT-specific richness-biomass relationships, we fitted GLMs with a Gamma error distribution and log link
(biomass ~ richness + PFT + richness:PFT), allowing slopes to vary among PFTs via the richnessxPFT interac-
tion. Note that we used a linear richness effect within each PFT so that the effect direction and magnitude are directly
comparable across functional types as a constant per-unit change. Effect sizes were therefore expressed as the PFT-specific
percent change in expected biomass per +1 richness unit (100[exp(8g prr)—1], Where Sy, prr denotes the fitted PFT-specific
richness coefficient on the log scale).

3 | Results

3.1 | Model evaluation

TABLE 2 | Quality criteria (QC) values for the ten PFTS. Detailed QC from each algorithm are given in table S4. R? : Univariate coefficient of determination [QC R? > 0.1]. NSD
: Normalised standard deviation (NSD) [QC: NSD < 0.5]. Pre-VIP difference in proportion of variance explained by the pre-selected environmental predictors with the proportion of variance explained by
a set of randomly permuted (NULL) predictors [QC: preVIP > 0.05].

Epipelagic (0-200 m) Mesopelagic (200-500 m)
PFT R? NSD preVIP models R’ NSD preVIP models
Amphipods 0.18 0.19 0.14 MLP+GAM+SVM+RF 0.16  0.25 0.16 GLM+MLP+GAM+SVM+RF
Appendicularians 0.13  0.23 0.11 RF
Chaetognaths 021 023 0.14 MLP+SVM+RF
Copepods 0.18 0.40 0.05 MLP+SVM+RF 0.23 0.35 0.19 GLM+MLP+GAM+SVM+RF
Euphausiids 0.14 0.39 0.08 BRT+SVM+RF 0.21 0.38 0.14 GLM+MLP+SVM+RF
Foraminifers 0.34 0.19 0.23 GLM+MLP+GAM+SVM+RF 0.15 0.36 0.08 SVM+RF
Jellyfishes 0.15 0.48 0.08 MLP+SVM+RF 0.40 0.35 0.27 SVM+RF
Ostracods 0.14 0.20 0.09 RF 0.25 0.32 0.24 GLM+MLP+GAM+SVM+RF
Pteropods 0.15 0.31 0.03 SVM+RF 0.25 0.31 0.22 GLM+MLP+SVM+RF
Thaliaceans 0.15 0.30 0.15 MLP+SVM+RF 0.28 0.42 0.26 GLM+MLP+BRT+GAM+SVM+RF

Overall, 42% of the BDMs and 53% of the BDMs passed all quality criteria for the epipelagic and mesopelagic layers, re-
spectively (Table S5). Most of the BDMs (i.e., two of three) that did not pass these criteria did so because of insufficient
predictive performance. When multiple algorithms passed, they generally produced similar spatial patterns (Fig. S10). For
epipelagic Pteropoda, one algorithm narrowly missed the pre-VIP threshold (0.03) and was retained, so that all epipelagic
PFTs and 8 of 10 mesopelagic PFTs had at least one selected algorithm (Table 2). In contrast, mesopelagic Chaetognatha
and Appendicularia models showed low predictive skill across algorithms (R? < 0.01), indicating that the selected predic-
tors explain little of the observed variance for these groups. Because observed medians for these groups were two orders
of magnitude lower than total mesopelagic zooplankton (Table 1, Fig. 1), excluding them is unlikely to influence the total
mesopelagic biomass patterns presented in the next section.

The epipelagic MESS analysis indicated that environmental conditions across >95% of the mapped area fell within the
multidimensional envelope defined by the training observations, suggesting limited extrapolation (Fig. 2a). In contrast,
the mesopelagic MESS identified extrapolation over 30% of the mapped area, primarily in the Arctic and in oligotrophic
gyres, which coincide with regions lacking biomass observations (Fig. 2d). The environmental predictors for each PFT
model of biomass distribution varied in their relative importance (Fig. S6,57,S8 and S9).

3.2 | Global zooplankton biomass distribution

The global annual mean epipelagic zooplankton biomass was estimated at 2.9 +0.6 PgC (Table 3). The spatial distribution
of epipelagic zooplankton biomass followed productivity gradients (Fig. 2(a)), with the highest biomass (>70 mg C m™3)
found at high latitudes, in coastal areas, and in low latitude upwelling systems. Lowest biomass (< 20 mg C m~*) was
found in oligotrophic gyres. Biomass patterns showed small (< 20%) seasonal variations within tropical bands (+40°)
(Fig. 2(a)). However, a clear seasonal cycle emerged poleward of 40° latitude, with biomass reaching up to twice as high
in summer as in winter (Fig. 2(b)). The Arctic Ocean exhibited the strongest seasonal variability in biomass, although this
result should be interpreted with caution due to limited model coverage in regions where sea-ice conditions resulted in
missing predictors.
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FIGURE 2 | Zooplankton biomass distribution and composition. Panels a-c: Epipelagic (0-200 m). a) Zooplankton biomass distribution obtained
by summing the distribution of plankton functional types simulated by biomass distribution models. Hatching indicates areas where model predictions
fall outside the training conditions (MESS < 0) for at least one PFT in at least three months. b) Winter (June-August in the Southern Hemisphere;
December-February in the Northern Hemisphere) and summer zonal profile of total zooplankton biomass distribution. Uncertainty corresponds to the
standard deviation of the ten boostraps produced by CEPHALOPOD c) Zonal profile of the relative contributions of each PFT to the total zooplankton
biomass. Panels d-f: same as a-c for the mesopelagic (200-500 m).

Mesopelagic zooplankton biomass was lower (0.9 + 0.2 PgC, Table 3) than epipelagic biomass. The mesopelagic zooplank-
ton biomass distribution showed a clear latitudinal pattern (Fig. 2(d)): within tropical bands (+40°), mean biomass varied
between 10 and 20 mg C m~3, with the minimum located in oligotrophic gyres. However, biomass increased sharply
around 50° N and 50° S to values above 40 mg C m~3. This latitudinal structure persisted across seasons, but high-latitude
mesopelagic biomass was enhanced in winter, where winter biomass was =~ 2X the summer biomass poleward of 40° in
both hemispheres (Fig. 2(e), S3).

3.3 | Community composition

Within each depth layer, modeled and observed PFT biomasses showed the same rank order among PFTs (Tables 1, 3;
Fig. 2¢,f). Community composition was strongly dominated by crustaceans in both layers: euphausiids and copepods
represented ~ 41% and ~ 36% of the epipelagic biomass, respectively, and ~ 33% and ~ 43% of the mesopelagic biomass.
In the epipelagic, secondary contributors included chaetognaths (~ 7%), jellyfish (~ 5%), and pteropods (~ 5%), followed
by amphipods (~ 4%) and thaliaceans (~ 2%), whereas ostracods, foraminifers, and appendicularians each contributed
< 1%. In the mesopelagic, jellyfish (~ 12%) and pteropods (~ 6%) represented the main non-crustacean components,
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FIGURE 3 | PFT-specific epipelagic (0-200 m) biomass distribution simulated by the biomass distribution models. Hatching indicates areas where
model predictions fall outside the training conditions (MESS < 0) for at least three months. Maps are ranked by total biomass.

while amphipods, thaliaceans, ostracods, and foraminifers each accounted for only a few percent or less; the modeled
biomass for chaetognaths and appendicularians were not retained for this layer (Table 3).
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The dominant epipelagic crustacean PFTs exhibited contrasting spatial patterns (Fig. 3). Amphipods and copepods
showed broadly similar distributions, with highest biomasses at high latitudes and in major upwelling systems (am-
phipods > 3 mgC m~3; copepods > 40 mgC m~>) and markedly lower biomasses in oligotrophic subtropical gyres
(amphipods < 10 mgC m~3; copepods ~ 2 mgC m~3). Ostracods also peaked at high latitudes (> 0.2 mgC m~3), but, in
contrast to amphipods and copepods, they displayed local maxima in tropical oligotrophic gyres (> 0.2 mgC m~3). Eu-
phausiids showed a distinct pattern: they dominated the tropical and subtropical community, reaching up to ~ 40% of
total zooplankton biomass, but their relative contribution declined poleward as copepods become dominant. Euphausiid
biomass was minimal in tropical oligotrophic gyres (< 10 mgC m™3).

Non-crustacean epipelagic PFTs also displayed substantial spatial variability (Fig. 3). Gelatinous zooplankton had gradi-

ents broadly opposite to those of copepods, with higher biomass near the equator (jellyfish > 3 mgC m~3; chaetognaths

> 4 mgC m~3; thaliaceans > 1.5 mgC m~?) and lower biomass toward higher latitudes (jellyfish < 2 mgC m™3; chaetog-
naths < 1 mgC m™3; thaliaceans < 1 mgC m™3). Appendicularians showed a stronger decline in oligotrophic gyres (a
decrease of > 80% relative to their maximum values) compared to the other gelatinous PFTs. Calcifying zooplankton exhib-
ited contrasting patterns: pteropods broadly followed the copepod distribution, with elevated biomasses at high latitudes
and in upwelling regions (> 3 mgC m~3) and reduced biomass at low latitudes (< 2 mgC m~3; ~ 2 mgC m~3). Foraminifers
also peaked at high latitudes (> 0.1 mgC m~3) but decreased more uniformly toward the equator (< 0.03 mgC m~3)

without a peak in upwelling areas.

Compared to the epipelagic, spatial patterns for mesopelagic biomass were more similar across PFTs (Fig. 3; Fig. S2).
At high latitudes, mean biomass was high (exceeding the median) for all PFTs. All mesopelagic groups also exhibited a
pronounced biomass minimum in oligotrophic subtropical gyres. These features showed that some groups, particularly
gelatinous PFTs (thaliaceans, jellyfish, and ostracods), had latitudinal gradients that were the reverse of their epipelagic
distributions, and thus resembling the pattern observed for mesopelagic copepods. In contrast, other groups (euphausi-
ids, pteropods, amphipods, and foraminifers) showed elevated biomass both at high latitudes and in upwelling regions.
These depth-dependent differences in spatial patterns were reflected in community composition. In the epipelagic, gelati-
nous zooplankton contributions peaked in the tropics (up to 15%; Fig. 2c), whereas in the mesopelagic they peaked at
high latitudes (up to 20%; Fig. 2f). Conversely, euphausiids exhibited a stronger tropical maximum in the mesopelagic,
strengthening the contrast in community structure between depth layers (Figs. 2¢,f).

3.4 | Zooplankton biomass-richness relationship

At the global scale, the relationship between the biomass of all zooplankton PFTs combined (log, ,(biomass)) and species
richness was U-shaped (Fig. 4b). A quadratic model explained 23% of the variance in log, (biomass) (R? = 0.23) and
yielded a turning point at a richness of x, = 180 (Fig. 4a). To interpret this pattern spatially, we focused on high-biomass
conditions by selecting the upper 20% of biomass values (B > 62 mgC m~3) and then partitioned these grid cells into low-
and high-richness subsets using x, (Fig. 4a). The high-richness/high-biomass subset was concentrated in low latitude
upwelling systems (80% of this subset lies within |lat| < 30°), whereas the low-richness/high-biomass subset was predom-
inantly associated with high latitudes (97% of this subset lies within |lat| > 50°). This indicates the coexistence of at least
two geographically distinct high-biomass regimes. Consistent with this spatial segregation, the biomass-to-richness ratio
was higher in the high-latitude high-biomass regime (> 1.4 mgC m~3 species™) than in the low-latitude high-biomass
regime, indicating that fewer taxa accounted for a comparatively large biomass at high latitudes (Fig. 4a).

Our analysis revealed how PFT composition contributed to the biomass-richness relationship (Fig. 4c). PFTs that con-
tributed most to total biomass also tended to be the most species-rich (opeqrman = 0.7, p = 0.03, computed on the
PFT centroids shown on Fig. 4c). Using a Gamma GLM with a log link, we found that the biomass-richness scaling dif-
fered among PFTs. Biomass-richness relationships were strongly PFT-dependent, as indicated by the significant richness
X PFT interaction terms (all p < 0.001). All crustacean and calcifying PFTs showed negative biomass-richness scaling
(e.g., foraminifers —7% per added species; amphipods —4%; pteropods —4%; euphausiids —2%; copepods —1%, Fig. S11),
whereas gelatinous PFTs exhibited positive scaling (e.g., appendicularians +25% per added species; chaetognaths +9.0%;
thaliaceans +11%; jellyfish +0.5%, Fig. S11).
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FIGURE 4 | Global zooplankton biomass-richness relationship(s). (a) Relationship between log, ,(biomass) and species richness across the
1° global grid, with points coloured by absolute latitude; the black curve shows the fitted quadratic Gamma GLM (log link) for expected biomass and
the dashed vertical line marks the turning point (R,). High-biomass grid cells (above the 80th percentile of log, (biomass); dark red horizontal line) are
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very narrow (median width ~2.0%). (b) Global map of the biomass:richness ratio (biomass per species), with the dark red contour delineating grid cells
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4 | Discussion

To our knowledge, this study provides the first global monthly climatology of zooplankton carbon biomass partitioned
among 10 PFTs and resolved separately for the epipelagic and mesopelagic (Fig. 2). The resulting maps (Fig. 3) show
that global zooplankton biomass is strongly structured by a few dominant functional groups: crustaceans dominate the
standing stock in both layers, with copepods and euphausiids accounting for most of the biomass. These groups capture
much of the large-scale biomass structure and may therefore provide a useful first-order description for monitoring and
model evaluation [3]. However, a fuller representation of ecosystem structure also requires resolving other PFTs, notably
gelatinous taxa and calcifiers, because they contribute importantly to biomass (Table 3) and biogeochemical function
[19, 37].
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TABLE 3 | Comparison of zooplankton biomass estimates (Mt C) in the epipelagic (0-200 m) and mesopelagic (200-500 m) layers between this
study and published global estimates.

PFT / group Layer This study Buitenhuis Knecht Hatton Drago Lombard (%) Hernindez-Leén Egorova Lucas
Appendicularians Epipelagic 0.3 (<0.1%) - - - ~22(~9.6%) - - - -
Mesopelagic - - - - ~14 (~8.1%) - - - -
Foraminifers Epipelagic 4+1(0.1%) 0.9-2 1-3 - ~7(~3.1%) - - - -
Mesopelagic 0.9 +0.1(0.1%) - - - ~12 (~6.9%) - - - -
Ostracods Epipelagic 8(0.3%) - - - ~1.5 (~0.7%) - - - -
Mesopelagic 11 + 2 (1.2%) - - - ~2(~1.2%) - - - -
Thaliaceans Epipelagic 60 +9 (2.1%) - - - - - - - 6.5(0.3-133.5)}
Mesopelagic 10 +3 (1.1%) - - - - - - - -
Amphipods Epipelagic 104 + 15 (3.6%) - - - - - - - -
Mesopelagic 28 +4(3.0%) - - - - - - - -
Jellyfish Epipelagic 148 + 22 (5.1%) - - - - - - - 402.5 (49.9-4228.3)
Mesopelagic 110 + 18 (11.7%) - - - - - - - -
Pteropods Epipelagic 150 + 26 (5.2%) 26-670 45-155 - - - - - -
Mesopelagic 59 +11(6.3%) - - - - - - - -
Chaetognaths Epipelagic 198 + 23 (6.8%) - - - ~6 (~2.6%) ~4%* - - -
Mesopelagic - - - - ~9 (~5.2%) ~49" - - -
Euphausiids Epipelagic 1041 + 258 (35.8%) - - - - - - - -
Mesopelagic 408 + 102 (43.4%) - - - - - - - -
Copepods Epipelagic 1194 + 199 (41.1%) - - - 83(36.2%) ~35%F - - -
Mesopelagic 314 + 55 (33.4%) - - - 61 (35.3%) ~35%F - - -
Crustaceans? Epipelagic 2347 (80.7%) - - - 157 (68.4%) ~50% - - -
Mesopelagic 761 (80.9%) - - - 129 (74.4%) ~50%F - - -
Large crustaceans”  Epipelagic 1145 (39.4%) - - - 58 (25.3%) ~15%F - - -
Mesopelagic 436 (46.3%) - - - 49 (28.3%) ~15%F - - -
Gelatinous taxa® Epipelagic 406 (14.0%) - - - - ~10%F - - 409.0 (50.2-4361.8)%
Mesopelagic 120 (12.8%) - - - - ~10%" - - -
Total zooplankton? Epipelagic 2907 + 552 (100%) 550-2110 - 55-3407 229 (100%) 100%" 480 - -
Mesopelagic 941 + 194 (100%) - - - 173 (100%) 100%" 660 200-910% -

Values from this study are biomass + inter-algorithm SD (when > 1 algorithm passed QC), with percentage contribution to total layer biomass in parentheses; ~ indicates
visual approximation from published figures. Comparison values come from [7, 11, 2, 15, 16, 13, 14, 36]. 0-500 m integrated, not layer-specific. #200-1000 m mesopelagic
definition. § Converted epipelagic comparators not fully matched to our PFT definitions. ¢ Crustacea = copepods + euphausiids + amphipods + ostracods here; copepods
+ large crustaceans in [16]. ® Large crustaceans = amphipods + euphausiids here; closest to Eumalacostraca in [15]. ¢ Gelatinous taxa = thaliaceans + appendicularians +
chaetognaths + jellyfish here; gelatinous filter feeders + chaetognaths + gelatinous carnivores in [16]; Thaliacea + Cnidaria + Ctenophora in [36]. ¢ [7] and [2] totals are
broader mesozooplankton + macrozooplankton aggregates.

4.1 | Global zooplankton biomass and its seasonality

Our epipelagic annual-mean zooplankton biomass estimate of 2.9 + 0.6 PgC falls within the upper range of previous net-
based estimates (0.2-3.4 PgC, Table 3), while the mesopelagic estimate (0.9 + 0.2 PgC) is also within the envelope of recent
observation-based products (0.2-0.9 PgC, Table 3). Direct observation-based estimates are, however, uncertain (Table 3).
Such variability likely reflects both real spatial heterogeneity in zooplankton biomass, driven by small-scale physical
processes (e.g., eddies; 38) and biological processes (e.g., swarm dynamics; 19) [7], and methodological differences among
studies, including sparse data and differing biomass modelling approaches [8]. By using BDMs, we extract a climatological
signal focused on large-scale variation, which is more comparable to the scales typically resolved by global biogeochemical
models [8, 39, 10].

Spatially, mesopelagic biomass broadly mirrors the epipelagic pattern, with high values at high latitudes and in upwelling
systems and low values in oligotrophic gyres, consistent with epipelagic-mesopelagic coupling through vertical migration
and particle export [1]. Seasonality differs, however, between layers: epipelagic biomass peaks during summer at high
latitudes, whereas mesopelagic biomass is elevated during winter. We hypothesize that this reversed seasonal pattern
reflects seasonal vertical migration and winter diapause in high-latitude taxa such as copepods [20, 40, 41], suggesting
that diapause may be an important process to represent in zooplankton-enabled biogeochemical models [42].

4.2 | Zooplankton community composition and PFT-specific patterns

Among the 10 PFTs, crustaceans dominate pelagic zooplankton biomass in both layers, consistent with previous studies
(Table 3). Copepods show high-latitude and upwelling-enhanced epipelagic biomass distribution that matches indepen-
dent observation and model-based estimates [12, 14, 43, 15, 10]. Euphausiids provide a notable contrast: their predicted
contribution peaks in tropical-subtropical regions, particularly in the upwelling systems, consistent with the distribution
reported by [15] and the reported importance of krill in these regions [44, 45, 46]. Their low predicted contribution at
high latitudes, despite well-documented high Southern Ocean krill biomasses [47, 48], most likely reflects sampling bi-
ases in the underlying dataset, which was compiled primarily from observations collected with fine mesh nets that are
generally not towed at speeds optimized to capture large, fast-swimming euphausiids. This limitation primarily affects
Southern Ocean euphausiids and should therefore be interpreted as an underestimate rather than a failure of the biomass
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distribution model. Amphipod biomass is concentrated in high-latitude and upwelling systems, whereas ostracods dis-
play elevated values in oligotrophic gyres. Despite the sparse observations available [49, 50], these climatologies provide
large-scale constraints for two groups that remain essentially absent from other global biomass products.

Beyond crustaceans that dominate zooplankton biomass, our PFT climatologies also provide new large-scale constraints
for gelatinous taxa and calcifiers (Table 3). Gelatinous zooplankton contribute six times less carbon biomass than crus-
taceans, but their high volume-to-dry weight ratios imply a larger contribution to biovolume [51, 16]. Appendicularian
biomass is likely to be underestimated because mucous houses are typically not sampled [52]. Even so, thaliaceans,
jellyfish, and chaetognaths reach relatively high biomass at low latitudes, consistent with previous studies suggesting
a competitive advantage of gelatinous groups in low- to mid-nutrient environments [53, 54, 55]. This improved large-
scale constraint is especially relevant because gelatinous taxa may become increasingly favored under climate change
[56, 57, 58, 52]. Our pteropod and foraminifer estimates lie near the upper end of recent values (Table 3) and provide
valuable constraints for quantifying the carbonate pump [37], a process through which calcifying zooplankton may
strongly influence the future ocean carbon cycle [59]. Together, these PFT-specific climatologies provide useful first-order
benchmarks for monitoring [5] and for mechanistic models that aim to move beyond bulk zooplankton compartments
[10].

4.3 | Richness-biomass relationship(s)

These differences in the zooplankton community structure raises the question of whether zooplankton biomass can be
further refined by diversity metrics, especially given recent evidence that even within dominant groups such as copepods,
substantial functional sub-structure exists, with multiple sub-PFTs playing distinct ecological and biogeochemical roles
[22]. At the global scale, epipelagic zooplankton biomass exhibits a U-shaped relationship with richness, reflecting two
geographically distinct high-biomass regimes (Fig. 4). At high latitudes, high biomass-to-richness ratios suggest that com-
munity biomass is driven by a few dominant taxa, consistent with the mass-ratio hypothesis [23] (e.g., 24). In contrast, the
low-latitude high-biomass regime is associated with comparatively lower biomass per species, consistent with niche com-
plementarity in diverse communities [25]. We note, however, that this pattern may also be partly idiosyncratic: biomass
hotspots may primarily reflect high resource availability [60], whereas richness may be structured by temperature [61],
such that their covariance generates a U-shape without a direct causal effect of richness on biomass.

From a monitoring perspective, this total-community pattern suggests that high-latitude environments may be compara-
tively easier to characterize because a large fraction of biomass is associated with relatively few dominant taxa (Fig. 4). This
is especially relevant for the dominant crustacean groups, copepods and euphausiids, which represent most of zooplank-
ton biomass and species richness at the global scale and show negative biomass-richness relationships in our analysis
(Fig. 4). Consequently, observations targeting these groups may provide a particularly efficient description of high-latitude
zooplankton communities. However, this simplification does not hold uniformly across functional types and regions.
Within our analysis, biomass-richness relationships differ among PFTs: we detect negative relationships at the global
scale for crustacean PFTs (consistent with [24]), but positive relationships for gelatinous zooplankton PFTs (Fig. 4). By
contrast, the positive biomass-richness relationships reported by [26] for copepods in mid-latitude coastal systems suggest
that these relationships may also vary across regions. For monitoring and EOV development, this implies that priority
groups and metrics should be defined by both PFT and region, rather than assuming that biomass provides a universal
proxy for diversity.

4.4 | Limitations and perspectives

Although biomass is harder to model than occurrence because it also reflects trophic and aggregation processes [28],
model selection, cross-validation, and uncertainty analyses within CEPHALOPOD [30] show that the main PFTs respond
to predictors consistently enough to recover coherent large-scale spatial and seasonal patterns. However, there are sev-
eral sources of uncertainty. First, most observations provide net-based abundance rather than in situ carbon biomass, so
biomass must be inferred indirectly [8]. Second, net samples are not an unbiased measure of the in situ community: mesh-
size effects can lead to extrusion of small individuals, avoidance by larger individuals can reduce the sampled abundance
of larger taxa, and samples are often skewed toward larger, frequently adult, stages, all of which affect abundance-to-
biomass conversions [8]. We addressed part of this problem by applying a first-order correction for mesh-size effects
and, when direct biomass measurements were unavailable, converting abundance to carbon biomass with taxon-specific
factors rather than generic bulk relationships. However, these conversions are often based on relatively few samples in
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particular areas [62]. Applying these steps are the most robust way for estimating zooplankton biomass [53], but they do
not remove all sampling biases. Third, abundance of gelatinous taxa such as jellyfish, appendicularians, thaliaceans, and
chaetognaths are underestimated in net samples [54, 52]. Last, the epipelagic and mesopelagic climatologies should be in-
terpreted as time-averaged layer occupancy rather than strictly distinct communities, because diel and seasonal migrants
can contribute to both layers over the annual cycle [20].

Taken together, our products should therefore be interpreted as an observation-constrained description of large-scale zoo-
plankton biomass organization rather than as a precise estimate of absolute biomass for every region and taxon. Even
so, by identifying where biomass is concentrated, which PFTs dominate, and how biomass-richness relationships differ
among PFTs, it helps define which components of the zooplankton community are most informative for ecosystem mod-
eling and monitoring. In terms of modeling the data products not only provides a basis for model evaluation, but also
for model development that can help transform sparse observations into consistent zooplankton monitoring products.
Future progress will depend on several key developments: improved observations of fragile taxa (e.g., appendicularians
and jellyfish); and better sampling of poorly targetted groups (e.g., amphipods and ostracods); systematic comparison
across complementary observing systems, including nets, imaging, omics, and acoustics [9]; and encouragement of field
observationalists to deposit standardized, well-documented datasets in open-access repositories [3].
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where model predictions fall outside the training conditions (MESS < 0) for at least one PFT in at least three months.

Gelatinous Calcyfiers Crustaceans
80 80 80
<
- /7 " §
60 4 - 60 4 60 4 4
4 ~ \
\/ N SS \|
1 ] 1 S
40 ~<<ll 40 40 \y’ 1
| Tees ] i V¢
20 4 —— Thaliacea 20 20 % —— Amphipoda
- Appendicularia ~—— Pteropoda-v2 Y Euphausiacea
04 04 oA ]
Jellyfish - Foraminifera-v2 ': \ ~—— Copepoda-v2
—— Chaetognatha A Ostracoda
~20 A . -20 -20 4 e
/” \
-
—40 1 -7 —40 4 —401 Y
40 \\ 40 40 pe 7 IS
N / S <A
~ - < <
—60 N -60 . N -60 ~
-80 ™ T T T T T -80 T T T T T T -80 T T T T T T
-200 -150 -100 =50 0 50 100 150 200 -200 -150 -100 =50 0 50 100 150 200 -200 -150 -100 =50 0 50 100 150 200

FIGURE S3 | Change in biomass from summer to winter (in %). Dotted lines indicates mesopelagic zonal profiles. Plain lines indicates epipelagic
zonal profiles. Profiles are smoothed by applying a 5° running mean across latitudes.

30f17



45%
40%
3%
30%
25%
20%
15%
10%

5%

0%

I‘II'II
12 3 456 7

Explained variance per principal component (PC1-
PC24) forthe Epipelagic PCA

| BB B S -
8 9 1011121314151617 181920212223 24

FIGURE S4 | Epipelagic PCA : Explained variance per principal component (PC1-PC24).

30%

25%

20%

10%

5%

0%

1

Explained variance per principal component (PC1-
PC24) forthe Mesopelagic PCA

|‘||I|
2 3 456 7

LI B B R T T
8 9 101112131415161718192021222324

FIGURE S5 | Mesopelagic PCA : Explained variance per principal component (PC1-PC24).

40f17



Amphipoda Appendicularia Chaetognatha

50
60
50 40
a 8 8
a0 a4 30
o o o
] g g
T 30 K] K
g g g
8
=20 = =
10
10
0 0
~ ~ m < - ~ m <
1< 1< 1< 1 IS IS 1< 1%
g g g g g g g
Predictors Predictors Predictors
Copepoda-v2 Euphausiacea Foraminifera-v2
50 4
40 60
35
40 50
~ ~ 30 ~
a a a
30 43 e
g g ]
® T 20 © 30
g g g
c 20 c c
1] 315 3
= = = 20
10
10
10
5
0 0
~ ~ m < ~ ~ m < “ ~ m <
8] 3] 8 S 8] 3] 3 S 8] 13 14 S
-4 -4 -4 g -4 g -4 g g -4
Predictors Predictors Predictors
Jellyfish Ostracoda Pteropoda-v2
35 30
25
30
25
325 a2
@ @
ul H 20
20
5 ER E
T ] T 15
2 2 g
£ § 5
10
o 3 3
10
= 10 = =
5
5 5
0 0
~ ~ m < - ~ m < o ~ m <
8] 3] S S 18] 8] 1Y S 8] 8] 3 S
-4 g -4 -4 g g g -4 g g -4 -4
Predictors Predictors Predictors
Thaliacea
40 4
a
9 30
ﬂ
v
S
s
z 20
5
1]
=
10
0

— ~ o <

O O O o

-4 -4 a
Predictors

FIGURE S6 | Environmental predictors selected by the algorithms for the epipelagic distribution.

50f17



Amphipoda Copepoda-v2 Euphausiacea

50
40
40
40 3
8 0 g
H3 ul ul
o o [ 25
El 2 2
B 50 S 20
< 20 c c
3 3 315
= = =
10
10 10
5
0 0
~ ~ m < ~ ~ m < - ~ m <
9] o S N 9] o ¥ N o o o N
& -4 -4 -4 -4 -4 g g -4 -4
Predictors Predictors Predictors
Foraminifera-v2 Jellyfish Ostracoda
40
35
» 40
30 30
B 2 3
H > H25 530
320 3 20 E
B g g
20
S 15 515 &
b 3 3
= = =
10 10
10
5 5
0 0
~ ~ m < ~ ~ m < - ~ m <
1< 1< 1% 1% 1< 1< 1< 1 IS IS 1< o
g -4 -4 -4 g g g g g g
Predictors Predictors Predictors
Pteropoda-v2 Thaliacea
60
50
a a
@ @
4 # 40
o v
E] E]
® T 30
g 2
5 H
o 320
= =
10
0
~ ~ m < =l ~ m <
1< O O o 1< 1< 1< o
-4 -4 -4 -4 -4 -4
Predictors Predictors

FIGURE S7 | Environmental predictors selected by the algorithms for the mesopelagic distribution.

60f17



(PC3) (Pc2) (PC1) (PC2) (PC3) (PC1)
& A K & & s 81 g 8 g 8]
g T g ~q g g 2 8 2 g 2
E - o E -+ £ - 3 € 3
g E £ e 1 g ] e 1
2 o4 2 o Z o 2 8 B 2 8
-10 -6 -2 2 4 -30 -20 -10 ] -10 -5 ] 5 -30 -20 -10 0 -10 -6 -2 2 4 -10 -5 0 5
value value value value value value
e
2 o 2 4
g 2 8
¢ 1 ; I A . .
g 2 g1
e -1 Amphipods A N Appendicularians
§ E
4 - = S 4
° T 2 T T T T T
2 0 2 4 6 -2 0 2 4 6
value value
PARTIAL DEPENDENCE PARTIAL DEPENDENCE PARTIAL DEPENDENCE PARTIAL DEPENDENCE PARTIAL DEPENDENCE
(pc2) (pc3) (PC1) (PC2) (PC3)
g o 5 o ‘ s o e s I s
§ ] /0 § ] § ] é o % é <o
2 L] : . 2 L] g 2 : g g g
o] a1 7 |
E N4 £~ | E / N Vi £ e« Z
5 5 A s ] e 5 S 5 e
2 o4 2 o z o o z o Z o -
-10 -5 0 5 -30 -20 -10 0 -10 -6 -2 2 4 -10 -5 0 5 -30 -20 -10 0 -10 -6 -2 2 4
value i value value value value value
(pca) (PCa)
g © N
2. Chaetognaths E <]
] g g s C d
§ Tl i opepoas
£~ g
z o - =3
2 0 2 4 6 8
value value
s s
2 g2 81 g g g 2| e g2 2
2 2 |2\ 2 S0m 2 3 o g 5 R i
4 e g e e 4 g b= 8 SN
et - fsum ] (X = e
€ E 2 £ € 4 3 P \Voym £ i = fis
H H H 2 g s w208
T T T T T T D‘\ T T ° T T T T 171 D=2 e s e e . o T T T T T T
-25 -15 -5 0 -10 -5 ] 5 -10 -6 -2 2 -30 -20 -10 05 -2 0 2 4 6 8
value value value value value i value
Euphausiid -~ Foraminif
s I - uphausiids s I oraminiters
g 4N g el
A N g s
£ o km £ <:/ = 1"
s 7 S o
s g |
< B N | S T
2 0 2 4 6 -0 -6 -2 2
value value
s s R o o
E g« ] g« g c] g <]
g o g o / 2 o 2 o g o 2 o
2 2 ; 2 .y g 2] 3 2] § 2]
e o M 2 o d Ny e o d ] £ s S s
£ £ =7 £ E B € B 13 B
g ] g~ ] e o] £ £ E
2 2 4 = S 4 1z S 4 Z S 4
I = o T T T e o T I T T T T P=T s e e S LI B .
30 -20 -10 0 5 10 5 0 5 2 0 2 4 & 30 -20 -10 0 5 -0 -6 -2 24 2 0 2 4 &
value value value value value value
(PC3) - (Pc3)
g
§ g Ost d
3 oo iR o
P IIAA Jellyfishes el stracods
£ 4 E B
s \ 2 3
s oA M s T T T T T T
-8 -4 02 4 -0 -6 -2 2
value i value
PARTIAL DEPENDENCE PARTIAL DEPENDENCE PARTIAL DEPENDENCE PARTIAL DEPENDENCE PARTIAL DEPENDENCE PARTIAL DEPENDENCE
(pct) (Pc2) (PCa) (PC1) - (pc2) (Pc3)
H g g 4 G g g £
5 8 8 «WHF e e - e . 10
H € £~ £ T € T € 7
3 S 1 S 1 S S S
2 Z 2 Zz < z <
s e T T R e = o S LI B = S s s e e S LI B S
10 -5 0 5 30 -20 -10 0 20 2 4 6 8 -0 -6 -2 24 -3 -20 -10 0 5 -8 -4 02
value value value value value value
PARTIAL DEPENDENCE PARTIAL DEPENDENCE
(PC3) (Pca)
3 3
H 5 H
H Pteropods 5 Thaliaceans
: £
: £
i
I H
-8 -4 02
Environmental value i value

FIGURE S8 | Partial dependence plots (PDP) for the environmental predictors (PC1, PC2, PC3 and PC4) in the epipelagic zooplankton PFT models.
The curves indicate the relations learned by the different algorithms.
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FIGURE

S9 | Partial dependence plots (PDP) for the environmental predictors (PC1, PC

models. The curves indicate the relations learned by the different algorithms.

2, PC3 and PC4) in the mesopelagic zooplankton PFT
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Generalized Linear Model, GAM = Generalized Additive Model.
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FIGURE S11 | Ranked PFT-specific percent change in biomass per +1 richness (derived from the GLM richnessxPFT interaction), with bootstrap
95% confidence intervals computed after coarsening fields to 10°x10° and using 100 bootstrap replicates. Axes are log-scaled in the left panel. Uncertainty
was quantified using a non-parametric spatial block bootstrap: richness and biomass fields were coarsened to 10° x 10° (block means), coarsened grid
cells were resampled with replacement, and the same Gamma GLM was refitted for each replicate; 95% confidence intervals were obtained from the
2.5th-97.5th percentiles.
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TABLES

TABLE S1 | References used to derive abundance-to-carbon biomass conversion factors for each pelagic functional type (PFT). Conversion factors
for thaliaceans were taken from [1] and references therein, and those for foraminifera and pteropods from [2] and references therein. Conversion factors
for the remaining eight PFTs are reported in this study and are based on a compilation originally assembled for AtlantECO-MAPS [3]. The underlying
references used for these eight PFTs were [4], COPEPEDIA (https://www.st.nmfs.noaa.gov/copepedia/taxa/T4000000/html/biometricframe.html), [5],
and [6], with [7] additionally used for euphausiids.

PFT Conversion factor reported in ~ Underlying reference(s) Notes

Thaliaceans [1] [1] and references therein Published synthesis
Foraminifera [2] [2] and references therein Published synthesis
Pteropods [2] [2] and references therein Published synthesis
Copepods This study [8]; COPEPEDIA; [5]; [6]

Euphausiids This study [71; [5]; [6] —

Amphipods This study [5]; [6] —

Ostracods This study [5]; [6] —

Chaetognaths This study [5]; [6] —

Cnidarians This study [5]; [6] —

Ctenophores This study [5]; [6] —
Appendicularians  This study [5]; [6] —
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TABLE S2 | Collection of observation-based, monthly-resolved environmental features at the global scale derived from WOA18 [9], Ocean Soda [10], GMIS, CMEMS [11] and AVISO. A full
description of these files is available at https://data.up.ethz.ch/doku.php?id=biocean:readme.

File Name Unit Short Name Resolution Source Sensor (if relevant) Ref obs_time_extent
climatology_A_0_50.nc umol kg1 Apparent  Oxygen  Utilization 360x180x12 WOA18 - [9] 1900-2017
(0-50m)
climatology_A_200_300.nc umol kg! Apparent Oxygen Utilization (200- 360x180x12 WOA18 - [9] 1900-2017
300 m)
climatology_dic_SODA.nc umol kg_1 Dissolved inorganic carbon 360x180x12 OceanSodaETHZ2023 [10] 1982-2022
climatology_A_CHLA_regridded.nc mg Chl m~3 Chlorophyll-a 360x180x12 GMIS MODIS-AQUA a 2002-2017
climatology_fsle_aviso_2001_2020.nc d-! FSLE based on maximum eigen- 360x180x12 AVISO - b 2000-2021
value
climatology_i_0_50.nc umol kg~! Silicate concentration (0-50 m) 360x180x12 WOA18 - [9] 1900-2017
climatology_i_200_300.nc umol kg™! Silicate concentration (200-300m)  360x180x12 WOA18 - [9] 1900-2017
climatology_M_0_0.nc m Ocean mixed layer thickness (0 m) 360x180x12 WOA18 - [9] 1981-2010
climatology_n_0_50.nc umol kg™! Nitrate concentration (0-50 m) 360x180x12 WOA18 - [9] 1900-2017
climatology_n_200_300.nc umol kg~! Nitrate concentration (200-300 m) 360x180x12 WOA18 - [9] 1900-2017
climatology_o_0_50.nc umol kg™! Dissolved oxygen concentration (0- 360x180x12 WOA18 - [9] 1900-2017
50m)
climatology_O_0_50.nc % Oxygen saturation (0-50 m) 360x180x12 WOA18 - [9] 1900-2017
climatology_o_200_300.nc umol kg_1 Dissolved oxygen concentration 360x180x12 WOA18 - [9] 1900-2017
(200-300 m)
climatology_O_200_300.nc % Oxygen saturation (200-300 m) 360x180x12 WOA18 - [9] 1900-2017
climatology_p_0_50.nc umol kg™! Phosphate concentration (0-50 m) 360x180x12 WOA18 - [9] 1900-2017
climatology_p_200_300.nc umol kg’1 Phosphate concentration 360x180x12 WOA18 - [9] 1900-2017
(200-300 m)
climatology_P_SST_regridded.nc °C Temperature 360x180x12 GMIS PATHFINDER a 1981-2009
climatology_ph_total SODA.nc -log([H*]) pH total 360x180x12 OceanSodaETHZ2023 [10] 1982-2022
climatology_S_PP_regridded.nc mg C m~2d~!  Primary production 360x180x12 GMIS SEAWIFS a 1997-2010
climatology_t_0_50.nc °C Sea water temperature (0-50 m) 360x180x12 WOA18 - [9] 1955-2017
climatology_t_200_300.nc °C Sea water temperature (200-300m)  360x180x12 WOA18 - [9] 1955-2017
climatology_CHL_1998_2020_CMEMS.nc mg Chl m™3 Chlorophyll-a 360x180x12 CMEMS MODISA, VIIRSN, OL- [12,13,11] 1998-2010
ClIa, VIIRSJ1, OLCIb
climatology_TOT_POC_CMEMS.nc mgCm™3 Total POC climatology 360x180x12 CMEMS MOD, VIR [14] 1998-2010
climatology_total_currents.nc ms™! Geostrophic currents velocity 360x180x12 Giacomo Poli - b 1993-2019
climatology_S_CHLA_regridded.nc mg Chl m~3 Chlorophyll-a 360x180x12 GMIS SEAWIFS a 2002-2017
climatology_V_CHLA_regridded.nc mg Chl m™3 Chlorophyll-a 360x180x12 GMIS VIIRS a 2002-2017
climatology_T_SST_regridded.nc °C Temperature 360x180x12 GMIS MODIS-TERRA a 1981-2009
climatology_mld_soda.nc m Mixed layer depth 360x180x12 Giacomo Poli - [15] -

2 GMIS product information: https://data.jrc.ec.europa.eu/collection/gmis#description; see also https://joint-research-centre.ec.europa.eu/scientific-tools-and-databases/global-marine-information-system-gmis_en.
b AVISO product information: https://www.aviso.altimetry.fr.


https://data.up.ethz.ch/doku.php?id=biocean:readme
https://data.jrc.ec.europa.eu/collection/gmis#%23description
https://joint-research-centre.ec.europa.eu/scientific-tools-and-databases/global-marine-information-system-gmis_en
https://www.aviso.altimetry.fr

TABLE S3 | PCA for modeling the epipelagic layer. Correlations between environmental predictors and retained principal components (PCs) Pear-
son correlation coefficients (r) between each environmental predictor (rows) and each retained principal component (columns). Cell colours indicate

the sign and magnitude of r, ranging from blue (r=-1) to red (r=1). Predictor definitions and data sources are provided in Table S2.

Epipelagic PCA PC1 PC2 PC3 PC4
climatology_t_0_50 -0.17 -0.12 0.07
climatology_P_SST_regridded -0.19 -0.13 0.07
climatology T_SST_regridded -0.19 -0.14 0.05
climatology_O_0_50 0.39 -0.04 -0.15
climatology_total_currents 0.17 -0.12 -0.20
climatology_sla 0.15 -0.01 0.02 -0.29
climatology_fsle_aviso_2000_2020 0.01 0.07 -0.38
climatology_S_PP_regridded -0.23 -0.09 0.10
climatology_TOT_POC_CMEMS -0.38 0.02 0.10
climatology_V_CHLA regridded -0.40 0.01 0.01
climatology M_CHLA regridded -0.42 0.02 0.01
climatology_S_CHLA regridded -0.43 -0.01 0.01
climatology M_0_0 -0.43 0.32 0.18
climatology A CHLA regridded -0.44 0.00 0.01
climatology A 0_50 -0.46 0.06 0.06
climatology_mld_soda -0.48 0.43 0.00
climatology_ph_total_ SODA -0.50 -0.10 -0.16
climatology_ CHL_1998_2020_CMEMS -0.51 0.02 0.01
climatology_i_0_50 0.21 -0.33 -0.27
climatology_dic_SODA 0.32 0.15 -0.02
climatology_n_0_50 0.29 -0.14 0.00
climatology_p_0_50 0.25 -0.18 -0.01
climatology_o_0_50 0.16 0.24 -0.14
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TABLE S4 | PCA for modeling the mesopelagic layer. Correlations between environmental predictors and retained principal components (PCs)
Pearson correlation coefficients (r) between each environmental predictor (rows) and each retained principal component (columns). Cell colours indicate
the sign and magnitude of r, ranging from blue (r=-1) to red (r=1). Predictor definitions and data sources are provided in Table S2.

Mesopelagic PCA PC1 PC2 PC3 PC4
climatology_T_SST_regridded -0.30 -0.28 0.05
climatology P_SST_regridded -0.30 -0.28 0.06
climatology t_200_300 0.01 -0.42 0.05
climatology_sla 0.14 -0.06 -0.02 -0.28
climatology_total_currents 0.13 -0.27 0.00
climatology_fsle_aviso_2000_2020 0.07 -0.22 0.33 -0.56
climatology_A_200_300 0.07 0.48 0.02
climatology_O_200_300 -0.20 -0.41 -0.06
climatology_S_PP_regridded -0.38 -0.54 -0.49 0.11
climatology_ M_0_0 -0.39 0.46 0.13
climatology_mld_soda -0.39 0.43 0.32 0.45
climatology_p_200_300 -0.43 0.08
climatology_o_200_300 -0.47 -0.25 -0.05
climatology_n_200_300 -0.50 -0.53 0.09
climatology_ph_total_SODA -0.54 0.41 -0.30 -0.26
climatology_TOT_POC_CMEMS -0.54 -0.41 -0.50 0.09
climatology V_CHLA regridded -0.55 -0.36 -0.46 -0.02
climatology_i_200_300
climatology_S_CHLA regridded
climatology A CHLA regridded
climatology_ M_CHLA regridded
climatology_CHL_1998_2020_CMEMS
climatology_dic_SODA

14 of 17



TABLE S5 | Quality check values for the different algorithms and different zooplankton PFT modeled, in the mesopelagic (up) and epipelagic
(down) layers. Only r?> and NSD are presented as pre-VIP does not differ across algorithms and is provided in Table 2 of the manuscript. Green dots
indicate algorithms that passed the QC, orange dot algorithms that had QC with values up to 30 % lower than the passing threshold, and red dots none

passing algorithms.

MESOPELAGIC MODELS

PFT GLM MLP BRT GAM SVM RF
Amphipod's [©] 0.24|O 0.34|0 0.99]0 0.31]0 0.16]© 0.18
Appendicularians |©@  0.41|C 0.61]0 1.72]0 0.51|0 0.30[0@  0.40
Chaetognaths [©] 0.24|O 0.71|® 0.44]0 0.24|0 0.19]© 0.22
Copepods [©] 0.17]C 0.67|O 1.19]O 0.31]0 0.32]0 0.29

NSD | Euphausiids @ 0.21]0 0.45|0 0.97|0 3.16[ 0.56|0 0.28
Foraminifers [] 0.27]0 0.72|0 0.88|0 0.42|0 0.40|0 0.32
Jellyfishes Q 3.16|0O 0.78|0 3.16|0O 3.29|0 0.38|0 0.32
Ostracods [] 0.18] 0.65]0 0.90[O 0.31]0 0.23]0 0.23
Pteropod's [©] 0.31]© 0.33]0 1.69|0 1.93|O 0.34]0 0.26
Thaliaceans [©] 0.35]C 0.58]C 0.60[ 0.57]© 0.14]O 0.25
PFT GLM MLP BRT GAM SVM RF
Amphipod's [©] 0.15[® 0.17|® 0.16]O 0.15|© 0.14]O 0.22
Appendicularians |O 0.02|O 0.04]C 0.09|0 0.03[0 0.00[O 0.02
Chaetognaths [@] 0.00[O 0.02|0 0.02|O 0.00[O 0.01|O 0.03
Copepods [©] 0.14]O 0.22|O 0.25|0 0.15|O 0.26|0 0.36

R2 Euphausiids [] 0.22]© 0.22|© 0.17|O 0.22|O 0.20[O 0.23
Foraminifers Q 0.07]© 0.15]@ 0.10[0 0.09]O 0.18]0 0.17
Jellyfishes [] 0.34]0 0.38]@ 0.41]0 0.36|0 0.44|0 0.47
Ostracods [©] 0.19|© 0.22|O 0.29]0 0.18|O 0.26]0 0.34
Pteropod's [©] 0.25|O 0.24|O 0.21]0 0.25|0 0.23]0 0.30
Thaliaceans [©] 0.24|© 0.27|® 0.30]O 0.27]O 0.29]0 0.29

EPIPELAGIC MODELS
PFT GLM MLP BRT GAM SVM RF
Amphipods Q 4810 0.28]0 1.70|© 0.10]© 0.17|© 0.20
Appendicularians @  0.07]O 0410  0.80[®  0.10[0 0.06]0  0.23
Chaetognaths [©] 0.11[O® 0.26|0 0.74]0 3.16|0 0.21]0 0.23
Copepods 0 1.81[C 0.53[O 1.18]0 3.16|0 0.34]® 034

NSD | Euphausiids [] 0.10]© 0.33]C 0.68|0 0.08|0 0.22|0 0.26
Foraminifers [] 0.10]© 0.39|0 0.78|0 0.11|O 0.14|O 0.23
Jellyfishes [©] 0.07]O 0.49|0 3.24|0 0.10[0 0.65|0 0.30
Ostracods [] 0.05]@ 0.26] 0.58|0 0.08]0 0.11|O 0.20
Pteropod's Q 3.16|0 1.61|0 3.18|O 1.02|© 0.34]0 0.29
Thaliaceans [] 0.08]@ 0.40[0 2.72|O 0.10]© 0.22|O 0.27
PFT GLM MLP BRT GAM SVM RF
Amphipod's C 0.08|® 0.17|® 0.17]O 0.10]© 0.21]0 0.25
Appendicularians |@  0.04|C 0.10(C 0.09[0  0.07]0 0.07[®  0.13
Chaetognaths 0.10]© 0.18|0 0.23|0 0.12|O 0.21|O 0.29
Copepods @] 0.02]O 0.12|O 0.17|O 0.04|O 0.15|O 0.29

R2 Euphausiids (@] 0.02] 0.10[© 0.12|O 0.03]O 0.11]O 0.19
Foraminifers [] 0.21]0 0.37]© 0.34|0 0.26|0 0.39|0 0.46
Jellyfishes Q 0.02]© 0.13]© 0.13]O 0.03]O 0.12]O 0.23
Ostracods Q 0.01[O 0.06|O 0.06]0 0.02[0 0.07]O 0.14
Pteropod's O  0.01]C 0.09[0 0110  0.02]0 0.13[@  0.20
Thaliaceans - 0.08|® 0.14|O 0.12[0 0.09]© 0.14]O 0.18
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SUPPLEMENTARY TEXT S1

To compile the AtlantECO-BASE dataset, six main data sources (i.e., previously published data compilations and more
recent scientific cruises) were retrieved: NOAA’s Coastal and Oceanic Plankton Ecology, Production, and Observation
Database (COPEPOD; O’Brien, 2014); the Jellyfish Database Initiative (JeDI; Lucas et al., 2014); KRILLBASE (Atkinson
etal., 2017), the MARine Ecosystem DATa initiative (MAREDAT; Buitenhuis et al., 2013), the British Oceanographic Data
Centre (BODC), and Tara Oceans (Brandao et al., 2021). This compilation synthesized planetary-scale plankton concen-
tration measurements collected through a broad variety of sampling devices over the last 100 years (1926-2017). Since the
precision of the taxonomic identification was variable and not always up to date, we curated and harmonized the scien-
tific names and the taxonomic classification of each plankton observation based on the classification and accepted list of
species names of the World Register of Marine Species (WoRMS; WoRMS Editorial Board, 2023), using the “worms” R
package version 0.2.2 (Holstein, 2018). All datasets provided concentrations in individuals per cubic meter (ind m=3), ex-
cept for KRILLBASE, which provided densities in ind m?, which we converted to ind m3 based on the maximum sampling
depth of the corresponding net tows.

The AtlantECO database is freely available at the following link : link.
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