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Abstract Zooplankton play a key role in setting the particulate organic carbon (POC) distribution in the
ocean, but this role remains poorly quantified on large scales due to the complexity of zooplankton ecosystems
and the sparsity and variability of observations. We address this by applying boosted regression trees to a global
in situ zooplankton image database from the Underwater Vision Profiler 5 and an Argo float and satellite‐
derived POC product. We compute taxonomic, morphological, and trophic community metrics, then identify
three metrics—abundance, mean gray level, taxonomic evenness—that explain almost half of the spatial
variability in the vertical concentration gradients of small POC (<100 μm). Partial dependence analysis and the
consistency of the identified relationships with known zooplankton‐mediated particle‐processing pathways
suggest mechanistically interpretable ecological linkages. These results advance quantification of zooplankton
communities' influence on ocean carbon cycling and indicate carbon‐cycle‐relevant zooplankton community
properties for improving ocean biogeochemical models.

Plain Language Summary Zooplankton influence the distribution of organic carbon in the ocean by
consuming particles, fragmenting aggregates, and excreting fecal pellets. Zooplankton communities are diverse,
with different organisms playing distinct biogeochemical and ecological roles. Due to the complexity of
zooplankton ecosystems and the sparse and variable nature of marine ecological and biogeochemical
measurements, how zooplankton affect organic carbon distribution on large scales remains poorly
characterized. This study addresses this gap by applying machine learning to a global data set of particulate
organic carbon (POC) and zooplankton imaging products. We identify key zooplankton community metrics
(community balance, transparency, and abundance) that best explain variability in the vertical concentration
gradients of small POC (<100 μm), thereby quantifying the role of zooplankton communities in setting the POC
distribution, and with potential application to improving ocean biogeochemical models.

1. Introduction
The ocean's biological carbon pump modulates Earth's climate by transporting biologically fixed carbon from the
upper ocean into the ocean interior (Boyd et al., 2019; Siegel et al., 2023; Volk & Hoffert, 1985). Zooplankton
produce fecal pellets, fragment and ingest detrital aggregates and fecal pellets, and graze on phytoplankton and
other zooplankton, thus playing multiple roles in shaping vertical gradients in particulate organic carbon (POC,
[g/m3]) concentration (Briggs et al., 2020; Iversen, 2023; Steinberg & Landry, 2017; Steinberg et al., 2008;
Turner, 2015). Here we investigate the vertical concentration gradient of small POC (<100 μm), which accounts
for most of the mesopelagic POC stock (Baker et al., 2017). The vertical distribution of small POC reflects the
integrated effects of particle fragmentation, consumption, repackaging, and microbial remineralization.
Zooplankton community structure is therefore expected to be especially relevant to the vertical distribution of this
particle class. What is not yet understood, however, is which facets of zooplankton community structure are most
strongly linked to the vertical distribution of small POC at the global scale.

Zooplankton community and POC concentration or flux measurements are challenging and resultingly sparse and
highly variable (Cael et al., 2021; Nocera et al., 2025). This has hampered quantitative assessment of zooplankton
communities' role in shaping POC gradients globally (Henson et al., 2022). To mitigate observational limitations,
POC dynamics are often estimated via ocean biogeochemical models (Burd, 2024). Many large‐scale biogeo-
chemical models necessarily represent zooplankton and particle transformations in highly aggregated ways. This
is particularly consequential for small POC, whose concentration profile integrates fragmentation of larger
particles, particle consumption, fecal‐pellet production and reprocessing, and redistribution among particle size
classes. Recent developments have improved zooplankton and particle‐size representation in ocean BGC models
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(Di Matteo et al., 2025; Luo et al., 2022; Meyjes et al., 2024; Negrete‐Garc'ia et al., 2022; Serra‐Pompei
et al., 2022). A challenge in ocean biogeochemistry is therefore to overcome data limitations to quantify not
only the influence of zooplankton communities on attenuation globally, but also how this influence could be
parameterized in ocean biogeochemical models.

Fortuitously, in recent years imaging techniques have provided an growing volume of zooplankton observations
(Lombard et al., 2019), elucidating global patterns of diversity (Ibarbalz et al., 2019), biomass (Drago
et al., 2022), and community structure (Lombard et al., 2024; Panaïotis et al., 2023). Simultaneously, machine
learning (ML) techniques have provided means to automatically extract additional information, such as functional
or morphological traits (Irisson et al., 2022; Orenstein et al., 2022). These advances are complemented by those in
assimilation of autonomous float, remote sensing, and traditional shipboard measurements to generate robust
estimates of biogeochemical variables of interest, such as POC (Sauzède et al., 2020). The combination of ad-
vances in in situ imaging, ML‐based image processing to extract multi‐faceted zooplankton community metrics
(Acevedo‐Trejos et al., 2022), and data assimilation present an opportunity to overcome historical data limitations
in assessing the role of zooplankton on POC gradients at the global scale. In this manuscript we utilize these recent
advances in ML and observational data products to identify a small set of key zooplankton community metrics
influencing small POC gradients, and show that these metrics explain almost half the spatial variation in these
gradients.

2. Materials and Methods
2.1. Data Sets

2.1.1. POC Concentration Product

For POC, we used a ML‐derived product based on a combination of ARGO floats and satellite data (Sauzède
et al., 2020). This product estimates POC concentration from particulate backscattering at 700 nm (bbp700),
which primarily captures small particles (<100 μm) (Briggs et al., 2020). In the POC data set we use, POC is
predicted using various biogeochemical and physical (e.g., reflectance, photosynthetically active radiation, sea
level anomaly) predictors, with values provided on a 0.25° grid for 36 depth levels between the surface and
1,000 m.

For each pixel, we calculated the vertical POC concentration gradient as the equivalent of Martin's b for POC
concentration (Lam et al., 2011) between the depth of maximum POC concentration (referred to as the “reference
depth” z0 [m]; the median z0 is 45 m and the interquartile range is 30–65 m) and 1,000 m:
POC(z) = POC(z0) (z/ z0)− b, where POC(z) is the POC concentration at depth z, and b quantifies the steepness
of the vertical gradient. Higher b values indicate a steeper decrease of POC with depth, reflecting biological
consumption, fragmentation and remineralization in the mesopelagic. Here we focus on b rather than the surface
POC concentration because we are interested in how zooplankton consume, produce, and repackage POC and
hence affect its vertical distribution. We use a Martin's‐b‐like exponent as a compact measure of the steepness of
the small POC concentration profile over the epipelagic and mesopelagic ocean. Our goal is therefore not to
resolve depth‐specific mechanisms at individual horizons, but rather to explain large‐scale variation in the in-
tegrated attenuation pattern of small POC concentration. The spatial pattern of b is shown in Figure 1.

2.1.2. Zooplankton Imaging Data

For zooplankton community metrics, we used zooplankton imaging data from the global Underwater Vision
Profiler 5 (UVP5) data set (>3,000 profiles) (Nocera et al., 2025). The UVP5 (Picheral et al., 2010) is a vertically
profiling in situ imaging instrument, which captures images of planktonic organisms and marine snow over a
nominal 0.6–50 mm size range. Objects have been homogeneously sorted into 28 taxonomic and/or morpho-
logical groups (Nocera et al., 2025) (observations of detrital material such as Cnidaria tentacles were discarded,
leaving behind only zooplankton). As we focus on POC dynamics between the reference depth and 1,000 m, we
only retain organisms within this depth range and vertically integrate each profile accordingly. We only use
profiles sampling to at least 1,000 m depth. The locations and times of the observations in Nocera et al. (2025) are
shown in Figure 1.
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2.2. Calculating and Selecting Zooplankton Community Metrics

For each UVP5 profile, we computed 16 zooplankton community metrics (summarized in Figure 2), including
taxonomic, morphological, and trophic measures. Total abundance and biovolume of planktonic organisms were
computed as in Drago et al. (2022). Following Nocera et al. (2025, their Section 2.3), we aggregated these finer‐
grained taxa into five broader taxonomic groups based on feeding strategies and their ecology: Crustacea,
Gelatinous, Mollusca, Rhizaria, and Other. “Other” denotes all zooplankton not classified into the other four
groups, which make up a small (<4%) fraction of the total abundance. Taxonomic richness was computed as the
number of groups present in the profile. Taxonomic diversity and evenness were computed according to Brillouin
indices (Laxton, 1978), because these observations arise from finite sampled profiles rather than from an assumed
randomly sampled regional pool.

Morphological community metrics were computed from the images as in Beck et al. (2023). Briefly, a total of 45
image features were extracted from each image, including various gray level statistics such as mean and range,
shape statistics such as circularity and fractal dimension, size statistics such as area and Feret diameter, and
symmetry statistics such as the contrast symmetry and thickness ratio (see Beck et al., 2023, Table S1 for the full
list). These features were used to construct a “morphospace,” which was reduced to four principal components
that explain 69% of the total variance. These four components correlate strongly with size, mean gray level,
elongation, and gray level heterogeneity features respectively (ρ = 0.96/0.95/0.99/0.88), and are labeled as such.

To compute morphological richness, diversity, and evenness, for each profile, we calculated the mean and
standard deviation of the object projections on these morphospace principal components. We then applied k‐
means clustering to the objects' coordinates on the morphospace principal components, grouping them into ∼200
sets of morphologically similar organisms, which we found to be a pragmatic choice providing reasonably fine
morphological partitioning without over‐fragmenting the feature space (our conclusions are not sensitive to this
choice). The morphological characteristics of each morph and their distribution across profiles were then used to

Figure 1. (a) Map of the particulate organic carbon concentration gradient exponent b calculated from Sauzède et al. (2020)
with locations of zooplankton imaging data from Nocera et al. (2025) overlaid in black, after match‐up on a 0.25° grid.
Higher b values indicate steeper vertical gradients. Axes are longitude and latitude in degrees. (b) Cumulative distribution of the
times these profiles were taken.
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compute morphological equivalents of functional community metrics (Beck et al., 2023; Magneville et al., 2022):
morphological richness, diversity, and evenness. Including additional morphological or taxonomic community
metrics (e.g., dispersion, divergence, originality, specialization, mean pairwise distance, and mean nearest‐
neighbor distance) did not affect our conclusions, as these metrics were strongly correlated.

The 28 taxonomic groups in our data set could not be easily assigned to distinct trophic levels. For example, both
Oithona and Euchaeta are classified as copepods, yet one is herbivorous and the other carnivorous. Thus, we
calculated the slope of the size spectrum of each profile as a coarse community‐structure descriptor related to
trophic organization (Lombard et al., 2024), because this slope is determined by the ratio of larger to smaller
zooplankton, organisms tend to eat other organisms smaller than them rather than larger than them, and body‐size
structure may influence particle processing.

Community metrics for each profile were averaged onto a 0.25° grid to match the POC data, yielding 1,076 co‐
located points (Figure 1).

Figure 2. Correlogram of the zooplankton community metrics calculated here. Circle size and color both correspond to
correlation strength; color also corresponds to the correlation sign; */**/*** correspond to significance at the 0.1/0.05/0.01
levels of these correlations. The correlogram shows that the 16 candidate community metrics described in Section 2.2 are
strongly correlated, and hence that the predictor space can and should be substantially reduced, motivating the choice to use
feature permutation to do so in Section 2.3. Bolded predictors are those that dominate predictors' explanatory power in
Section 3.
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2.3. Relating POC Gradients to Zooplankton Community Metrics

To relate zooplankton community metrics to POC concentration gradients, we used Boosted Regression Trees
(BRT), a ML algorithm that combines regression trees (binary splits that relate a response to predictors) with
boosting (iteratively improving by combining many small trees, each working on the residuals of the previous
one). Tree‐based methods offer several advantages, such as flexibility with predictors (e.g., type, missing values,
outliers), the ability to fit complex non‐linear relationships, and natural handling of interactions between pre-
dictors. BRTs have been successfully used to relate plankton biomass (Drago et al., 2022; Liu et al., 2024) and
particles (Denvil‐Sommer et al., 2023; Panaïotis et al., 2025) to environmental predictors.

Model training and validation followed a nested cross‐validation (CV) (Varma & Simon, 2006) procedure to
simultaneously optimize hyperparameters and obtain robust performance estimate. We used 5‐fold nested cross‐
validation (CV), with the outer CV evaluating model performance and the inner CV tuning hyperparameters
(number of trees, learning rate, tree depth, and number of randomly selected predictors). Both inner and outer CV
were stratified on quintiles of b to ensure a representative distribution across folds. To assess the effect of spatial
autocorrelation, we also performed a nested CV using a spatial block CV (Roberts et al., 2017). This approach
makes the prediction task more difficult, as spatially separated folds have more dissimilar distribution of the
response variable, typically resulting in lower performance estimates. Because of our small sample size compared
to what is required by spatial CV, this method did not produce reliable goodness‐of‐fit estimates, with a coef-
ficient of variation≥ 1 in the fraction of b variance explained by zooplankton community metrics (as compared to
< 0.1 for the stratified CV). Therefore we do not discuss results from this training and validation approach in the
next section. However we do note that spatial CV yielded the same ranking order of zooplankton community
metrics and partial dependence relationships between b and these metrics, suggesting our central results are robust
to spatial autocorrelation.

We used feature permutation (Breiman, 2001) to identify the most important predictors and partial dependence
plots (Friedman, 2001) to examine the influence of community metrics on POC gradients. Models were fitted with
the xgboost (Chen & Guestrin, 2016) engine, using the tidymodels framework (Kuhn & Wickham, 2020) in R
4.4.1 (R Core Team, 2024).

3. Results and Discussion
We find that zooplankton community metrics collectively explain 44±4% of variance (mean and standard de-
viation of R2 across stratified CV folds) in small POC gradient strength (coefficient b), with an root mean square
error (RMSE) of 0.0180±0.0003. Variable importance analysis revealed that three metrics dominate this
explanatory power: taxonomic evenness, mean gray level, and abundance (Figure 3a). Including other
zooplankton community metrics does not appreciably improve how much variation in b can be explained (RMSE
decrease of < 0.005 ± 0.002 when using just these predictors rather than the complete predictor set; Figure 3a),
indicating these metrics capture the essential dimensions of zooplankton community influence on POC‐gradient
variation.

Abundance quantifies the total number of zooplankton in the water column, taxonomic evenness measures how
balanced the representation of different taxonomic groups is, and mean gray level reflects an image‐based
opacity/transparency axis of organism appearance. In our data set, higher values tend to correspond to visually
more transparent organisms, but this metric is not correlated with the relative abundance of gelatinous taxa; rather,
higher mean gray levels correspond to communities with more Rhizaria and fewer Crustacea (Figure 2). Figure 4
illustrates quantitative and visual differences between high‐ and low‐evenness and ‐mean‐gray‐level profiles.
Taxonomic evenness is negatively related to b, whereas mean gray level and abundance are positively related
(Figures 3b–3d). Note that higher b values correspond to steeper gradients.

The BRT analysis thus indicates that almost half of the variation in small POC concentration gradients can be
explained by a few key metrics of zooplankton communities. Furthermore, the directions of the partial‐
dependence relationships are consistent with plausible zooplankton‐mediated particle‐processing mechanisms.
Figure 3 shows steeper POC concentration gradients when zooplankton are more taxonomically uneven, have
higher mean gray level, or are more abundant. The negative relationship between b and taxonomic evenness
presents a plausible mechanistic hypothesis: taxonomic unevenness indicates dominance by one or a few taxo-
nomic groups; in these circumstances, increased food demand by the dominant group(s) could lead to these
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groups scavenging for suboptimal food sources, including detrital aggregates and fecal pellets of other
zooplankton. Taxonomic composition can indeed determine the fate of fecal pellets (Turner, 2015). More
generally, evenness likely influences small POC gradients in multiple ways, including particle consumption and
fecal‐pellet production and reprocessing. For communities dominated by a few groups, particle consumption may
be concentrated in fewer feeding modes, depleting some particle classes. For more even communities, a mixture
of feeding, production, and repackaging pathways may redistribute particle processing more heterogeneously,
reducing POC depletion rates as POC sinks and leading to weaker vertical concentration gradients.

The positive relationship between b and abundance also aligns with established understanding: higher
zooplankton abundances result in greater particle encounter rates, and thus higher particle fragmentation and
ingestion rates, leading to stronger POC depletion with depth (Cavan et al., 2017; Dilling & Alldredge, 2000).

The positive relationship between b and mean gray level is less straightforward to interpret mechanistically. Mean
gray level is significantly correlated with the relative abundance of Rhizaria versus Crustacea (Figure 2). This
suggests that zooplankton communities with more Rhizaria or less Crustacea are associated with more strongly
attenuted POC concentration gradients. Because rhizarians can themselves contribute importantly to sinking
particle flux, while crustacean‐dominated pathways often involve fecal‐pellet production and intensive particle
reprocessing, the observed gray‐level relationship may reflect a shift between communities more associated with
direct particle export and communities more associated with zooplankton‐mediated particle transformation
(Durkin et al., 2022; Gutierrez‐Rodriguez et al., 2019). Alternatively, mean gray level may correlate with un-
measured functional traits; further mechanistic investigation is needed to resolve this relationship.

Because many oceanographic variables covary geographically, broad‐scale spatial structure can generate
misleading ecological associations. We therefore show the large‐scale latitudinal structure of b and the leading
zooplankton predictors in Figure 5 for spatial context. The weak latitudinal structure of some of these variables
are suggestive that the observed relationships are not reducible to a simple shared meridional gradient.

Figure 3. (a) Permutation variable importance, showing the increase in root mean square error when a predictor is removed,
compared to the full model (gray vertical line). Bolded predictors are those that dominate predictors' explanatory power in
Section 3. (b–d) Partial dependence plots for the top three predictors, showing mean (line) and standard deviation (ribbon) of
predicted b, calculated across centered Ceteris paribus profiles. Tax. evenness = taxonomic evenness; Abund. = abundance.
Note that abundance is log10‐transformed in this representation.
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The present study is observational and identifies statistical associations that present testable hypotheses for
process‐resolving analyses or targeted experiments. We note four primary limitations, each related to the data
currently available for analyses such as the one presented here. First, the POC product analyzed here captures
primarily small particles (<100 μm) due to the removal of optical spikes during processing (Sauzède et al., 2020).
While small POC represents ∼90% of the standing stocks (Baker et al., 2017), it contributes less to instantaneous
vertical flux than fast‐sinking aggregates. Our results therefore concern the vertical distribution of small POC
rather than large‐particle export flux. The relationship between small POC concentration gradients and POC flux
attenuation depends on what relationship one assumes (or ideally measures) between particle size, sinking speed,
and depth (Cael & Bisson, 2018). Second, the UVP5 observations and POC product cannot explicitly resolve diel
vertical migration effects. Migrating taxa can alter both particle consumption and pellet production across depth
and time of day, potentially modulating small‐POC gradients in ways that cannot be resolved without sub‐daily
zooplankton and POC profile changes. Future work with such observations could test how strongly the

Figure 4. (a) Relative zooplankton abundances in 10 ocean pixels with high taxonomic evenness and 10 ocean pixels with low
taxonomic evenness. Color legend for taxonomic groups is intentionally omitted to emphasize that evenness is independent
of taxa identity. (b) Probability density distributions of objects' gray levels in 10 ocean pixels with high mean gray level and
10 ocean pixels with low mean gray level. (c, d) Mosaics of zooplankton images sampled from the same ocean pixels as in
(b): (c) low mean gray level and high taxonomic evenness; (d) high mean gray level and low taxonomic evenness. Note that
this figure is not intended to be representative of the full data set nor to illustrate differences in abundance.
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relationships reported here depend on migratory behavior. Third, the POC
product yields only a latitudinally and longitudinally resolved map of time‐
mean POC attenuation, whereas UVP5 data are instantaneous snapshots.
This mismatch neglects both seasonal and interannual variability in POC
attenuation, meaning our estimate for how much of the variability in POC
attenuation are explained by zooplankton community metrics is a lower
bound; future work using a temporally resolved POC product could investi-
gate how much of the ∼56% of unexplained variability in b is due to
covariation of bwith the zooplankton community seasonally or interannually.
Fourth, while the UVP5 product here is the largest and most globally repre-
sentative available data set of imaging‐based zooplankton community
structure, its taxonomic and trophic resolution is somewhat coarse; other data
sets such as ZooSCAN data collected aboard the Tara could provide finer
taxonomic and trophic resolution, which might sharpen interpretation of
which functional groups underlie the relationships identified here, but would
likely come with reduced spatiotemporal coverage and thus less global
representativeness than the data used in the present study.

Altogether these results indicate that three key zooplankton community
metrics—namely taxonomic evenness, mean gray level, and
abundance—explain almost half of the variation in small POC concentration
gradients in the mesopelagic ocean. These three metrics appear to be key
mediators of the influence of zooplankton on the marine carbon cycle, sug-
gesting potential avenues for improving the representation of zooplankton
communities in ocean biogeochemical models (Ratnarajah et al., 2023).
Specifically, models could benefit from resolving or parameterizing taxo-
nomic evenness, abundance, and image‐derived morphology axes related to
organism opacity/transparency, along with their effects on small‐POC gra-

dients. Our results motivate testable observational hypotheses—for example, whether steeper vertical gradients in
small POC are produced by more uneven, more opaque‐versus‐transparent, or more abundant zooplankton
communities due to how such communities consume, produce, and repackage particulate matter. By applying ML
to new publicly available data products, this study expands the scope of such studies to the global ocean, thereby
presenting novel quantitative evidence that zooplankton community structure—not just biomass—plays an
important role in mesopelagic carbon processing.
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