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ABSTRACT

Aim: We aimed to enhance our understanding of the distribution of mesopelagic mesozooplankton (MM) using species distribu-
tion models, assess the performance of various modelling techniques, identify key environmental predictors for MM distribution
and compute their habitat suitability indices.

Location: Our study focused on the mesopelagic zone globally, with data analysed from different oceans.

Taxon: Our focus was primarily on mesopelagic mesozooplankton, gathering data on 861 different species from the Mesopelagic
Mesozooplankton and Micronekton (MMM) Database.

Methods: We used an ensemble of species distribution models, applying 10 different modelling algorithms and three multi-
model ensemble approaches. We explored two important factors that can affect model performance: subsampling and the choice
of background points. We also estimated the relative importance of various environmental conditions such as mixed layer depth,
temperature, salinity, net primary productivity, euphotic zone depth and dissolved nitrate concentration on the distribution of
these species.

Results: Euphotic zone depth, salinity and dissolved nitrate concentration were identified as the most important variables for
explaining the distribution of mesopelagic mesozooplankton. The ensemble modelling results were robust in areas with abun-
dant observational records, but high uncertainty was observed in data-limited regions. We found a patchy habitat suitability map
for zooplankton when modelled within their native range, largely due to uneven sampling. Unrestricted range models yielded
smoother patterns but could inaccurately project species in areas where they do not occur.

Main Conclusions: Our study highlights the need for increased sampling effort in data-limited regions to improve the accuracy
of mesopelagic species distribution models. Despite some inaccuracies, unrestricted range models, assuming ecological equiva-
lence (where different species occupying a similar ecological niche in different geographical regions or different ecosystems ex-
hibit similar adaptations and behaviours), provide a reasonable comparison for habitat suitability maps and model performance.
It also confirms the significant impact of certain environmental conditions on mesozooplankton distribution.

1 | Introduction and sustainability (Fleming et al. 2019). The mesopelagic zone

encompasses 20% of the global ocean volume and extends on
Covering over two-thirds of the Earth's surface, the global ocean average 200-1000m below the ocean's surface. Recently, it has
is a vast and complex ecosystem, with a multitude of physical, been shown that depth range varies between ocean basins and
chemical and biological processes that influence its functioning latitudes (Reygondeau et al. 2018). This area is also known as
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a twilight zone, layered between a sunlit epipelagic zone and a
bathypelagic zone, which receives no sunlight. However, light
reaching the mesopelagic region is insufficient for photosynthe-
sis to occur (Boyd et al. 2019).

The mesopelagic food web is complex, connecting deep and sur-
face oceans. Mesozooplankton (organisms in the size range of
0.2-20mm) and micronekton (2-20 cm) communities contribute
to CO, removal from the atmosphere (Guidi et al. 2016) through
a process named the ‘biological pump’. This pump transports or-
ganic carbon from the surface to the depths via sinking matter
(passive transport) and vertical migration of zooplankton and
micronekton (active transport) (Boyd et al. 2019; Koppelmann,
Frost, and Mertens 2008; Tseitlin 1986; Vinogradov 1968).
Although this carbon flux is widely acknowledged, the extent of
the process is still poorly understood due to insufficient sampling
efforts in the mesopelagic realm (Kwong and Pakhomov 2017;
Robinson et al. 2010; Steinberg and Landry 2017).

Quantifying zooplankton vertical distributions, together with
its biogeography, is fundamental in understanding pelagic food
web structure and functioning (McIvor 2011; Robison 2009) and
predicting vertical fluxes of organic matter to the deep ocean
(Stemmann et al. 2008). Despite plankton/micronekton ecolog-
ical significance and considerable biomass, remarkably little is
known about global mesopelagic diversity, composition and dis-
tribution (Béhagle et al. 2015; St. John et al. 2016). Deep ocean
sampling is logistically challenging, labour and cost-intensive
(Berger 2009), with Ocean Biogeographic Information System
records decreasing tenfold at 200m and into the mesopelagic
zone (Webb, Vanden Berghe, and O'Dor 2010) resulting in
inconsistent global data and a lack of understanding the macro-
scale patterns (Proud, Cox, and Brierley 2017). The fundamen-
tal spatial correlation between community composition and its
geographical location is required to fill in the missing gaps in
knowledge of horizontal and vertical mesopelagic mesozoo-
plankton (MM) distributions.

Species distribution models (SDMs) have been widely used to
analyse species occurrence records and environmental data
to project their distributions across space and time (Elith and
Leathwick 2009). These models are used to predict how species
distributions are influenced by the environment to employ them
for ecological forecasting (Elith and Leathwick 2009). These
approaches have been recently adapted for marine epipelagic
species (Benedetti et al. 2021; Reygondeau and Beaugrand 2011;
Righetti et al. 2019; Rombouts et al. 2009). However, limited ef-
forts were made to investigate the global diversity of mesozoo-
plankton in the entire mesopelagic ocean because the majority
studies focused only on the upper mesopelagic zone (Buitenhuis
et al. 2013; Drago et al. 2022).

This study represents a foundational step towards modelling
the diversity and biomass of MM by developing and applying
SDMs to determine habitat suitability indices. Through the con-
struction and calibration of these models using the Mesopelagic
Mesozooplankton and Micronekton (MMM) Database, we aim
to establish a baseline understanding of the environmental
conditions that influence MM distribution. This effort is piv-
otal in identifying the most relevant environmental predictors
and calculating habitat suitability indices, thereby laying the

groundwork for future research to accurately model the diver-
sity and biomass of organisms within the mesopelagic zone.

2 | Materials and Methods
2.1 | Biotic Data

The MMM Database was compiled from a wide range of both
published and unpublished sources to offer valuable insights
into the distribution, abundance and quantitative biomass mea-
surements of mesopelagic species (Egorova et al. in rev). We
used records from the MMM Database to obtain a list of mesozo-
oplankton and micronekton taxa occurring in the mesopelagic
zone (list of species names and their Aphia ID can be found in
Supporting Information). All statistical analyses, data manipu-
lations and visualisations were performed using the R Statistical
Software (R Core Team 2022).

For the analysis, we obtained a total of 1591 species from the
MMM Database and reconciled the species names with their
accepted taxonomic resolution using the World Register of
Marine Species (WoRMS; WoRMS Editorial Board 2022). This
reconciliation step was necessary as some species names in the
MMM Database may not be consistent with WoRMS. We used
the worms package to match the species names to their ac-
cepted WoRMS name (Holstein 2018). After the reconciliation
process, we identified 1499 unique accepted species names (with
AphialD) and four species from the MMM Database that did not
have a corresponding record in WoRMS: Conchoecia belgicae,
Conchoecia hettacra, Conchoecia acuticosta and Bylgides pelag-
ica. These four species were excluded from further analysis.

To increase the number of available observations and to account
for the dynamic nature of the taxonomic classification, a list of
synonyms was compiled for each species through the WoRMS
database. However, to avoid having the same synonym for dif-
ferent species, only unique synonyms were kept. Additionally,
various traits of species habitat were collected from FishBase
(www.fishbase.org; Froese and Pauly 2022) and SeaLifeBase
(www.sealifebase.org; Palomares and Pauly 2022) using the
rfishbase (Boettiger, Lang, and Wainwright 2012) package.
Since the available MMM Database did not contain a compre-
hensive representation of mesopelagic fishes (only 221 species
were found in the database), we focused only on the mesozoo-
plankton community (1278 species).

For most mesozooplankton species, SeaLifeBase did not con-
tain reliable information on depth range (53% of zooplankton
species lack information on their depth range) and their asso-
ciation to epipelagic or mesopelagic habitat (34% missing hab-
itat classifications). More details on missing data can be found
in Figure S1. In addition, many planktonic species caught in
the mesopelagic zone were classified as benthic. For some or-
ganisms, it can be explained by different habitats occupied
by different life stages (i.e., juveniles are planktonic while
their adult form transforms into a benthic organism). Since
SeaLifeBase predominantly provided information on adult
species, we applied an empiric classification to determine the
habitat of the zooplankton species. First, we updated the spe-
cies' minimum and maximum depth range based on the depth
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range found in the MMM Database. Second, we classified each
species based on whether they could be found in the mesope-
lagic zone. In many studies, the mesopelagic zone is defined
as an ocean area between 200 and 1000m depths. However,
Reygondeau et al. (2018) revealed that the vertical division of
the zone is not constant over the global ocean but varies be-
tween ocean basins and latitude. Thus, we used the dynamic
depth range of mesopelagic provinces from Reygondeau
et al. (2018) for each location to update the information on
the species’ habitat. Species were classified into four groups:
EPI, MESO, BOTH and NEITHER. Species were classified
as epipelagic (‘EPI’; n=96) if they were found in the epipe-
lagic depth range only. Species were classified as mesopelagic
(‘MESO’; n=314) if species' occurrences were found only in
the mesopelagic zone using variable mesopelagic depth from
Reygondeau et al. (2018) and species were classified as both
(‘BOTH’; n=681) if they occurred in both epi- and mesope-
lagic zones. Species whose occurrences were only found below
the mesopelagic zone were classified as ‘NEITHER’ (n=187).
We focused on species that were part of the mesopelagic com-
munity, so species that were classified as NEITHER and EPI
were excluded from the analysis.

2.2 | Occurrence Records

Species distribution records were collected from the Ocean
Biogeographic Information System (https://iobis.org, ac-
cessed June 2022) using the robis (Provoost and Bosch 2021)
package. Occurrence records for each accepted species name
were combined with occurrence records from their synonym
names. Additional occurrence data were added from the MMM
Database. Occurrences records with a coordinate of ‘0°, 0°’
generally indicated missing information. Also, records found
on land were considered as error. These records were excluded
from the analysis. To eliminate duplicated records from differ-
ent data sources and limit the number of records from repeated
sampling events in the same area, occurrence data were gridded
on Map of Life (https://mol.org/) equal-area grid with a per cell
area of 3091 km?. Based on the occurrence data, the native range
of each species was identified using the mesopelagic province
developed by Sutton et al. (2017). If a province contained more
than 1% of all the records, they were classified as part of the spe-
cies native range.

2.3 | Environmental Data

Nine environmental variables that are available globally were
used to model species bioclimatic envelopes: water temperature
(Temp), salinity (Sal), Mixed Layer Depth (MLD), dissolved ox-
ygen concentration (O,), nitrate concentration (NO,), phosphate
concentration (PO,), silicate concentration (SiO,), net primary
production (NPP) and euphotic zone depth (Zeu). Apart from
NPP and Zeu, data were obtained from the World Ocean Atlas
2018. Zeu estimates were taken from the NASA MODIS data-
base, and NPP was taken from the GDFL ES2M model (Table 1).
All variables were interpolated to an equal-area grid for further
analysis. Three sets of environmental conditions were calcu-
lated: EPI (mean environmental condition in each cell in the
epipelagic zone following) Reygondeau et al. (2018), MESO

(mean environmental condition in each cell in the mesopelagic
zone) and BOTH (mean environmental condition in each cell for
both epi-and mesopelagic zone). Since the goal of the study was
to project the MM distribution, only environmental conditions
for species found in MESO and BOTH were used for further
analysis (n =3861). The distribution of environmental parameters
is shown in Figures S2 and S3. NPP was removed from Non-
Parametric Probabilistic Ecological Niche (NPPEN) model due
to a problem of covariance in the matrix. To minimise the in-
fluence of coastal environmental dynamics on the open ocean,
we excluded the data from shallow areas (<200m) by using the
Sutton et al. (2017) mesopelagic boundary shapefile to mask
areas that are outside of the shapefile boundary. We identified
collinearity among the environmental parameters (Figure S4)
using Pearson's correlation with | 7 | > 0.7 as a threshold level
for collinearity (Dormann et al. 2013). For both MESO and
BOTH sets of environmental variables, N 0,, Si0, and PO , Were
highly correlated (r=0.78-0.97). PO, was removed due to its
high Variance Inflation Factor. SiO, was also removed because
it was highly correlated with both PO, and NO, and it did not
provide meaningful information for modelling zooplankton
distribution.

2.4 | Species Distribution Models

SDMs were implemented with the R biomod2 package devel-
opment version 4.1 (Thuiller et al. 2022, 2009). We fitted and
compared eight of the statistical algorithms: generalised linear
models (GLM; McCullagh 2019), generalised additive models
(GAM; Hastie 1992), random forests (RF; Breiman 2001), artifi-
cial neural networks (ANN; Venables and Ripley 1999), flexible
discriminant analysis (FDA; Marmion et al. 2009), classification
tree analysis (CTA; Breiman 1984), surface range envelope (SRE
or also known as BIOCLIM; Busby 1991) and maximum entropy
modelling (MAXENT; Phillips, Anderson, and Schapire 2006).
In addition, we added two presence-only models: Non-
Parametric Probabilistic Ecological Niche (NPPEN; Beaugrand
et al. 2011) and AquaMaps (www.aquamaps.org; Kaschner
et al. 2010), to the analysis. NPPEN model was implemented
using nppen package (github.com/jiho/nppen), and AquaMaps
was modelled with the self-written package aquamean (github.
com/yuliaUU/aquamean) and hence hereafter will be referred
to as AQUAMEAN. We only used species that had more than
nine records for the SDM process. Selection criteria were de-
termined based on default settings recommended by Thuiller
et al. (2009), Thuiller et al. (2022), Jones and Cheung (2015).
Tunning parameters for models were chosen in accordance with
Hattab et al. (2014) and can be found in Table S1. The overall
modelling workflow for each species is depicted in Figure 1.

Several models integrated into biomod2 required both presence
and absence data (except MAXENT, which uses background
points or SRE which is a presence-only model). Since absence of
data for most marine species is unreliable due to the low catch-
ability of sampling methods, we generated background points.
The use of background points in presence-absence models can
have a significant effect on the results of the model (Grimmett,
Whitsed, and Horta 2020). The choice of background points
and the method used to generate them can impact the accuracy
and reliability of the model predictions (Jones et al. 2012). For
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TABLE1 | Available databases of the environmental parameters used in this study.

Spatial
Environmental variables Unit Data source Time period resolution
Ocean temperature (Temp) °C World Ocean Atlas 2018 https:// Long-term annual 1°
www.ncei.noaa.gov/access/ mean (1981-2010)
world-ocean-atlas-2018/bin/
woal8.pl?parameter=t
Salinity (Sal) Unitless World Ocean Atlas 2018 https:// Long-term annual 1°
www.ncei.noaa.gov/access/ mean (1981-2010)
world-ocean-atlas-2018/bin/
woal8.pl?parameter=s
Mixed layer depth (MLD) m World Ocean Atlas 2018 https:// Long-term annual 1°
www.ncei.noaa.gov/access/ mean (1981-2010)
world-ocean-atlas-2018/bin/
woal8.pl?parameter=M
Dissolved oxygen pumolekg™! World Ocean Atlas 2018 https:// Annual mean 1°
concentration (O,) www.ncei.noaa.gov/access/
world-ocean-atlas-2018/bin/
woal8oxnu.pl?parameter=o
Nitrate concentration (NO,) pumolekg! World Ocean Atlas 2018 https:// Annual mean 1°
www.ncei.noaa.gov/access/
world-ocean-atlas-2018/bin/
woal8oxnu.pl?parameter=n
Silicate concentration (SiO,) pumolekg™! World Ocean Atlas 2018 https:// Annual mean 1°
www.ncei.noaa.gov/access/
world-ocean-atlas-2018/bin/
woal8oxnu.pl?parameter=we
Phosphate concentration umolekg™! World Ocean Atlas 2018 https:// Annual mean 1°
(PO, www.ncei.noaa.gov/access/
world-ocean-atlas-2018/bin/
woal8oxnu.pl?parameter=p
Net primary production PgCem3ey~! GDFL ESM4 Long-term annual 9km
(NPP) mean (1996-2015)
Euphotic depth (Z, ) m Aqua/MODIS Level-3 Mapped Long-term annual 4km

Euphotic Depth Data Version
2018 https://hermes.acri.fr/
index.php?class=archive

mean (1997-2022)

example, if the background points are not appropriately placed
to reflect the full range of environmental conditions that the
species could potentially inhabit, the model will be biased to-
wards the presence of the species in only the specific type of
habitat where it is known to occur and will miss other potential
habitats for the species. We used a random method to generate
background points to avoid this issue.

To improve the models’ predictive accuracy (Barbet-Massin
et al. 2012), we set the prevalence (proportion of occupied lo-
cations relative to the number of pseudo-absence points) to 1:1,
which generates the same number of background points as there
are presence data sent to the training set. Background points
were randomly generated in a predefined geographic area (na-
tive range and unrestricted range) except for the locations with
presence data. For consistency, the same pseudo-absence points

were selected as the background points in MAXENT (Thuiller
et al. 2022), and the same pseudo-absence points were used to
compute the ROC curve for NPPEN and AQUAMEAN models.
We assumed that background points represented ‘true’ absence
locations when we computed the AUC of the model predic-
tions. Thus, predictions could be compared consistently across
presence-only models using ROC curves and AUC scores.

2.5 | Evaluation Measures

Models were calibrated using the area under the curve (AUC)
of the receiver operating characteristic (ROC) and the true
skill statistic (TSS). TSS and AUC were used to evaluate model
performance using the pROC package (Robin et al. 2011).
TSS is defined as the sum of sensitivity (true positive rate) and
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FIGURE1 | The species distribution model workflow depicts the different analytical steps performed for each species. Depending on the sample
size, the train/test split is different. AUC—area under the receiver operating curve; HSI—habitat suitability index; NR—species’ native range;
PA—sets of background points; TSS—true skill statistics; UR—species’ unrestricted range.

specificity (true negative rate) minus one (Allouche, Tsoar, and
Kadmon 2006). The AUC is a threshold-independent measure
representing the relationship between sensitivity and the cor-
responding proportion of false positives (1-specificity). AUC
ranges between 0 and 1, with values above 0.9 indicating excel-
lent prediction and values below 0.5 indicating a projection no
better than random AUC (Hajian-Tilaki 2013).

Two model projections were selected: unrestricted range and
native range models. The former was run using all the species
occurrences, and the model was projected into the entire meso-
pelagic area. The latter used only occurrences from the native
range, and the projection was performed within the native range
habitat.

For every species and algorithm, two replicate runs with dif-
ferent random subsamples (training and testing sets) were per-
formed to evaluate algorithm accuracy. The data was split into
training and validation sets based on the number of gridded
occurrences: 95% training for datasets with <44 occurrences,
80% for datasets with 45-200 occurrences, and 70% for datasets
with > 200 occurrences. To explore the effect of a random choice
of the pseudoabsences on algorithm projection and fit for each
species, 2 pseudo-absence runs were run. For each species, 60
model runs were performed: 10 algorithms X2 pseudo-absence
runs X 3 runs (2 subsamples and 1 full run).

The difference in subsampling and choice of pseudoabsences
was determined by computing the difference in AUC scores
(AAUC) between 2 runs (same pseudo-absence) or between 2
pseudo-absence runs (same subsample), respectively. We con-
sider an AUC of 0.1 to be an acceptable difference between
the runs.

2.6 | Ensemble Modelling

We modelled the species’ climatic envelope to improve the robust-
ness of forecast abilities using an ensemble forecasting approach
(Araujo and New 2007). Eight different modelling algorithms
were combined into an ensemble model using three approaches:
mean, weighted mean and median (note that AQUAMEAN and
NPPEN algorithms were not included in the ensemble because
they are designed for presence-only data). We only present here
the weighted mean approach (probabilities from the selected
algorithms are weighted according to their evaluation scores)
because this method is significantly superior to other meth-
ods in predicting the accuracy of species distribution forecasts
(Marmion et al. 2009). TSS and AUC evaluation statistics were
used as a basis for weighting algorithms (Hao et al. 2019). Only
robust replicate runs (individual algorithms with an AUC score
above 0.6) were included in ensemble models.

The AUC score and 95% confidence interval (CI) were used to
compare model performance to evaluate the best-performing
model for each phylum or class. We report Variable Importance
Plots (VIPs) for all the mesozooplankton groups and disag-
gregated per phylum. VIPs were constructed to explore envi-
ronmental predictor variables' contribution to the ensemble
weighted mean model output.

2.7 | Global Habitat Suitability Projections

Each model was run for every species and used to project the
geographic location of the potential climatic niche. Then cali-
brated models were used to project species distributions using
the set of climatic variables for the global mesopelagic zone
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(MESO set). Here we only present the output of the ensemble
weighted mean model. The model output is a raster layer con-
sisting of equal-area grid cells, spanning the global mesopelagic
zone (for unrestricted range models) or the native range mesope-
lagic provinces (for native range models).

The habitat suitability index (HSI) was computed for each
species using weighted averages, means and median. HSI has
a scale of 0 to 1000 (where 0 refers to low suitability and 1000
to a high suitability area) for all biomod2 algorithms. Hence,
the output of NPPEN and AQUAMEAN were converted to the
same scale. Total HSI for the entire mesopelagic community was
calculated as a sum of individual HSI for each species in each
location. The total HSI score was normalised to a scale from 0
and 1 to be able to compare the unrestricted range and native
range models. To compare the output of unrestricted range and
native range models, we plotted the correlation of HSI between
the models for each ocean basin.

3 | Results

In both unrestricted range and native range models, a total of
108,486 models were executed, covering 861 species, and utiliz-
ing 10 algorithms, 3 ensembles, 2 subsampling runs, 1 full run,
and 2 pseudo-absence set runs. Further analysis and model eval-
uation were done only on the unrestricted range models since
the native range model did not produce a realistic picture for
HSI (see Figure 4b) due to potential sampling biases and lack
of existing knowledge on mesopelagic zooplankton native range
distribution (e.g., absence of range maps).

Out of all unrestricted range models, only 2.1% failed to run
(2247 models), due to having an AUC score of less than or equal
to 0.5, making it impossible to determine the cutoff point. Most
of the failed algorithms were for species with a small number
of occurrence points (interquartile range is 16—-34 observations).
The distribution of TSS and AUC scores is shown in Figure S5,
and sensitivity and specificity are listed in Table S2. On aver-
age, a single species took 31 min to run, but the time varied from
6min to over 2h (Figure S6). The time it took algorithms to run
grew logarithmically with the number of occurrences available.

3.1 | Evaluation of Models

Many individual algorithms showed good performance when
applied to the test dataset (Table S2). Projections from FDA
and RF were the most accurate, with AUC scores of 0.88 +0.16
and 0.94+0.15, respectively. In contrast, predictions from
AQUAMEAN and SRE had the lowest AUC scores 0of0.59 +0.12
and 0.68 +0.13, respectively. Projections from CTA, GAM and
GLM had very similar AUC scores, with values ranging from
0.85 to 0.86. Projections from MAXENT had an AUC score
of 0.83 £0.16, while the presence-only NPPEN algorithm out-
performed it with an AUC score of 0.84 +0.11. Finally, projec-
tions from ANN had an AUC score of 0.80+0.18. AUC scores
of the projections of the algorithm ensemble (0.94 +0.04) were
higher than all individual algorithm projections except for
RF in which their AUC scores were similar. The ranking and

AUC scores were consistent when AUC scores of algorithm
projections by taxonomic groups were compared (Figure 2).

Different methods of generating background points of species
slightly affect the overall mean AUC scores of projections al-
though the sensitivity varies between algorithms and species
(Figure 3a,b). The mean difference in AUC between the two
pseudo-absence runs was 0.07 £0.10. However, the effects of
background points on the projections for 56 to 81 species were
large with a difference in AUC score of >0.25 (Table S3). When
excluding the presence-only algorithms (SRE, AQUAMEAN
and NPPEN), the RF algorithm showed the smallest differ-
ence in performance, with a difference in AUC less than 0.1
for 88% of the species. FDA was the 2nd most accurate with
78% of species having delta AUC<0.1. CTA and GAM algo-
rithms show <0.1 difference in AUC score in 74% of the spe-
cies. MAXENT had a slightly lower performance, with 70%
of the species showing an acceptable difference in pseudo-
absence runs. An acceptable difference between pseudo-
absence runs was observed only in 39% of species in ANN
algorithms. Moreover, ANN had the largest number of species
with at least one failed pseudo-absence run (29% of all spe-
cies). FDA and GAM have 3-5% of species where at least one
of the runs failed, and GLM only had less than 1% of failed
runs. The remaining algorithms did not have any failed runs.
The observed AUC difference between the pseudo-absence
runs was correlated with the number of available presence re-
cords (Figure 3a). The difference between the pseudo-absence
runs decreased exponentially with an increase in the available
number of occurrence points (presence data).

Similar results were observed when comparing the differ-
ence between subsampling runs of the algorithms (Table S4).
Interestingly, all runs in AQUAMEAN and NPPEN had accept-
able AUC differences (AAUC <0.1) between re-sampling runs.
RF also showed consistent results for 83% of species. The dif-
ference between the resampling runs was <0.1 only in 51% of
the species in ANN algorithms. The larger difference in AUC
values was also attributed to species with a low number of pres-
ences (Figure 3c). ANN, FDA, GAM and GLM were the only
algorithms with failed runs (17.3%, 33.6%, 4.8% and 0.9%, respec-
tively; Table S4).

3.2 | Environmental Variables of Importance

The distribution projections for the 861 species were primarily
determined by salinity, dissolved nitrate, euphotic depth, and
dissolved oxygen while NPP and mixed layer depth had the least
effects on the projections (Figure S7). The relative importance
of each environmental variable in determining species’ distri-
bution differed between phyla. For instance, for Annelida (10
species) and Ctenophora (5 species), dissolved nitrate, euphotic
depth, dissolved oxygen and temperature were the most import-
ant variables while dissolved nitrate was the most important
variable for Mollusca (33 species) and Chordata (15 species).
Cnidaria (123 species) salinity and euphotic depth were the most
important variables while it was temperature for Chaetognatha
(31 species). NPP was consistently the least important predictor
for all phyla.
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FIGURE 2 | Distributions of the area under the curve (AUC) scores of projections from individual species distribution algorithms and their

ensemble. Means and 95% confidence intervals are presented for (a) all species combined (n =861) and by phylum: (b) annelida (n =10), (c) arthropoda
(n=644), (d) chaetognatha (n=31), (e) chordata (n=15), (f) cnidaria (n=123), (g) ctenophora (n=5), (h) mollusca (n=33). The dotted vertical line
represents the threshold (AUC score =0.6) above which projections from the algorithms were included in the ensemble model.

3.3 | Comparing HSI in Unrestricted and Native
Range Models

We utilised the habitat suitability index (HSI) values from the
unrestricted range model to investigate species diversity pat-
terns. The native range models do not perform well because the
sampling within some mesopelagic provinces, which have been
classified as native ranges for certain species, is insufficient
(Figure 4b, Figure S8c).

For the unrestricted range model, areas with high HSI include
the North Atlantic Ocean, coastal cells near the Mediterranean
and Arabian Seas, and the Caribbean region (Figure 4a). Low
HSI values were found in ocean basins, particularly in the
Pacific Ocean. The Arctic Ocean generally has a medium HSI

value, while the pattern of HSI in the Southern Ocean is more
complex with lower values at the Circumglobal Subtropical
Front and the sub-Antarctic waters.

For the native range model, only the North Atlantic basin was
identified as an area with high HSI (Figure 4b). Such observa-
tion can be partially explained by high sampling bias with most
of the observations found in the North Atlantic. Very low HSI
values were observed in California Current, Equatorial Pacific,
Guinea Basin and East Equatorial Atlantic, Peru Upwelling/
Humboldt Current, Benguela Upwelling, Sea of Japan, South
China Sea and Coral Sea mesopelagic provinces.

By comparing unrestricted and native range models, we can
gain insights into the sufficiency of sampling. If the unrestricted
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FIGURE 3 | Left column showing the difference in area under the curve scores (AAUC) as a function of number of occurrence points between

two pseudoabsences runs (a) and between two subsampling runs (c). Right column showing the difference in AAUC disaggregated by the modelling
algorithm for two pseudoabsences runs (b) and between two subsampling runs (d). Box plots showing the estimated median (horizontal black lines),
25th-75th percentiles (boxes) and the 1.5 interquartile range (whiskers) of AUC, points are outliers. Solid lines in panels (a) and (c) were fitted with
exponential functions: (a) AAUC = 0.19¢~%9V, R? = 0.24; (c) AAUC = 0.23¢ %N R? = 0.19.

range model consistently outperforms the native range model
in projecting species distributions, it suggests that the sampling
may not be sufficient. This is because the unrestricted range
model considers occurrences outside the native range, indicat-
ing that the species may have a broader distribution than ini-
tially believed. In contrast, if the native range model performs
equally well or even better than the unrestricted range model, it
implies that the sampling is likely sufficient, and the species’ dis-
tribution is adequately captured within its native range. When
comparing the HSI index between unrestricted range and native
range models, it becomes apparent that only certain mesopelagic
provinces have sufficient sampling (Figure S8). Thus, Central
North Atlantic has more than sufficient sampling effort, like the
Northern Central Pacific, and Eastern Tropical Pacific and part
of the Antarctic/Southern Ocean mesopelagic zones. The rest of
the mesopelagic provinces showed severe under-sampling in the
mesopelagic realm.

4 | Discussion
4.1 | Model Evaluation

The ensemble approach is considered the optimal way to
model mesozooplankton distribution patterns (Figure 2).
However, the process is very time-consuming (Figure S6). To
make the process faster, RF algorithms can be used as they
have shown almost similar predictive performance (Figure 2)
to the ensemble models, but computationally are substan-
tially faster. In addition, RF algorithms show quite consistent

results with different choices of background points or subsa-
mpling ratios (Figure 3b,d). However, there are several ad-
vantages to using the ensemble technique: ensemble methods
offer a robust, flexible, and often more accurate alternative to
relying solely on the best-performing single algorithm. They
achieve this by combining the strengths of multiple learn-
ers, which can lead to improved performance (Geurts, Ernst,
and Wehenkel 2006), better generalisation to new data, and
enhanced robustness against overfitting (Polikar 2006) and
noise (Sluban and Lavrac 2015).

We explored two important factors that can affect the model
performance: subsampling and the choice of background
points (Figure 3). Subsampling involves selecting a repre-
sentative subset of data from a larger dataset for model train-
ing, which can significantly affect model performance. The
design and strategy of subsampling are crucial for achieving
reliable and robust model performance (Alhussein et al. 2019;
Descombes et al. 2022; Phillips et al. 2009). Overfitting oc-
curs when a model learns the noise in the training data to the
extent that it negatively impacts the model's performance on
new data. In the context of SDMs, using an excessive num-
ber of background points or poorly chosen background points
might lead the model to overfit by learning patterns that do
not genuinely represent the species' absence but rather the
specific characteristics of the background points. Conversely,
using too few background points or background points that
are not representative may lead to underfitting, where the
model fails to capture the underlying distribution patterns of
the species. Phillips et al. (2009) highlight that the method of
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global equal area projection.

selecting background points can influence the model's ability
to accurately project species distributions, indirectly suggest-
ing that inappropriate selection (which could be related to the
number or distribution of background points) might contrib-
ute to overfitting or underfitting. Chefaoui and Lobo (2008)
emphasise that the strategy for selecting background points
significantly affects model outcomes, including how well the
model generalises beyond the training data. This again points
to the importance of carefully considering the number and
selection strategy of background points to avoid overfitting
(Chefaoui and Lobo 2008).

Furthermore, characteristics of the species can typically guide
the random sampling process and fine-tune the selection. In this
study, we employed various data subsets to train the model and
found that the difference in AUC scores was generally less than
0.2 across most of the algorithms (Figure 3d). However, when

the number of occurrences was limited (Figure 3c), all algo-
rithms displayed AUC value differences exceeding 0.2. Notably,
we utilised different splitting ratios based on occurrence num-
bers, thus the mean AUC differences can vary for each split.
Very similar results were observed when different locations of
background points were chosen. For all models, most consistent
results are obtained for species with higher occurrence records
(> 500 observations; Figure 3a). In this case, the change in AUC
is usually less than 0.1 for different background points and sub-
sampling runs (Tables S3 and S4).

We would like to highlight the significance of carefully selecting
the appropriate number of background points for SDM model-
ling. Although Barbet-Massin et al. (2012) recommended using
10,000 pseudo-absence for modelling with GLM and GAM al-
gorithms, we find such recommendations not applicable to MM
species. We did not find this approach feasible as the amount of
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presence data for many plankton species is generally <500, and
in the absence of the expert range maps generally limited con-
fidence in the location of background points such as in Barbet-
Massin et al. (2012). Selecting too many pseudo-absence points
in random locations appeared to introduce additional errors in
estimating species occurrences, by placing, for example, spe-
cies absence in a location optimal for its occurrence. Therefore,
we used the same number of background points as presences,
following a recommended ratio for CTA, BRT, RF algorithms
suggested by Barbet-Massin et al. (2012), and applied them to
all algorithms.

4.2 | Environmental Variables of Importance

According to the study results, the distribution of 861 species
of marine organisms was primarily driven by salinity, dissolved
nitrate, euphotic depth and dissolved oxygen, while NPP and
mixed layer depth had the least impact (Figure S7). This pat-
tern was particularly evident in the phylum Arthropoda, which
made up 75% of the total species studied.

Salinity is important for mesopelagic zooplankton as it in-
fluences their distribution, physiology and ecological inter-
actions. These marine organisms must maintain a stable
internal environment to survive, regulating their internal ion
concentrations and water content in response to changes in
salinity (osmoregulation) (Aguilar, Diaz, and Buckle 1998;
McNamara, Moreira, and Moreira 1983). Variations in salin-
ity create physical or chemical barriers that affect zooplank-
ton movement and distribution, with different species having
specific salinity preferences (Ojeda et al. 2022). Indirectly,
salinity influences mesopelagic zooplankton by affecting the
distribution and productivity of phytoplankton, their primary
prey, through changes in nutrient availability and water col-
umn stratification. Lastly, changes in salinity can alter the
distribution and abundance of predators and competitors, af-
fecting zooplankton survival and community dynamics (Yuan
et al. 2020).

Changes in nitrate concentrations can indirectly impact zoo-
plankton distribution, abundance and overall community struc-
ture. Upwelling delivers nutrient-rich waters to the surface,
promoting phytoplankton blooms that enhance ecosystem pro-
ductivity. However, these waters are usually low in dissolved
oxygen, and the decay of phytoplankton by bacterial respiration
of sinking detritus can further deplete oxygen concentrations at
depth (Bakun et al. 2010), which can negatively affect mesope-
lagic organisms. In these zones, the concentration of dissolved
oxygen is low, which can limit the survival and growth of many
species, particularly those that require high levels of oxygen
(Bakun 2022; Wishner et al. 2018).

Dissolved oxygen is essential for the respiration and metabolism
of zooplankton, and variations in dissolved oxygen concentra-
tions can impact their survival, growth and reproduction. High
oxygen concentrations generally support a diverse and abundant
zooplankton community, while low oxygen concentrations can
create hypoxic or anoxic conditions, limiting the distribution of
many zooplankton species and leading to reduced biodiversity
(Soviadan et al. 2022). Some species have adapted to tolerate

low-oxygen environments (Vaquer-Sunyer and Duarte 2008),
but many are unable to survive under such conditions.
Additionally, dissolved oxygen levels can influence the vertical
distribution of zooplankton, as they often occupy specific depth
ranges with suitable oxygen concentrations to meet their met-
abolic needs (Wishner et al. 2018). Furthermore, variations in
oxygen concentrations can affect the distribution and behaviour
of zooplankton predators and prey, ultimately shaping the struc-
ture and dynamics of mesopelagic food webs (Bakun 2022).

Euphotic depth, the depth at which sufficient light is available
for photosynthesis, can indirectly influence zooplankton dis-
tribution by enhancing the search efficiency of visual preda-
tors in clearer waters, such as those found in the subtropical
gyres. This improved visibility allows predators to locate and
capture prey more effectively (Irigoien et al. 2014). Water tem-
perature, although only found important for a couple of taxa
(Figure S7) can affect the metabolic rates of zooplankton, with
higher temperatures generally leading to increased metabolic
activity, growth and reproduction rates (Rohde, 1992). As a
result, it plays a significant role in determining the distribu-
tion, richness and abundance of different zooplankton species
(Dipper 2022; Fenton et al. 2016), with each species occupying
specific thermal niches in the water column. However, in the
mesopelagic, the temperature gradient is smaller, and as a re-
sult temperature was not found to be an important factor in
this study.

Across all phyla, NPP was not found to be the most import-
ant predictor, which is consistent with findings by Gagné
et al. (2020). NPP was an important variable in many studies
restricted generally to the epipelagic layer (Hernandez-Le6n
et al. 2020; Rombouts et al. 2009; Vallina et al. 2014).

However, the importance of each environmental variable
changed when the species were disaggregated by phyla. For
instance, in Annelida and Ctenophora, salinity was one of
the least important factors, along with mixed layer depth and
NPP, while dissolved nitrate, euphotic depth, dissolved oxygen
and temperature appeared as the most influential variables.
Nevertheless, dissolved nitrate was the important predictor for
Mollusca and Chordata, while for Cnidaria and Chaetognatha
salinity/euphotic depth and temperature were prime factors,
respectively. These results highlight the importance of con-
sidering the specific ecological requirements of different taxa
when projecting their distributions. However, we presented
an average importance of each environmental variable aggre-
gated by phylum. It is important to note that results may differ
when considering species-level distributions (Bosch et al. 2018),
as different species within the same phylum may indeed have
different ecological requirements due to specific evolutionary
adaptations. Furthermore, while the results suggest that some
environmental variables, that is, salinity, dissolved nitrate, eu-
photic zone depth and dissolved oxygen, have a major impact on
the distribution of marine species, it is plausible that other fac-
tors, such as biotic interactions, dispersal ability and historical
events, may also play a role in determining species distributions.
Therefore, it is crucial to consider the results of this study as the
first attempt to model species distributions and acknowledge the
potential influence of additional factors on projections of the in-
dividual species distributions.
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4.3 | Comparing HSI in Unrestricted and Native
Range Models

In various SDM models, it is a widespread practice to use spe-
cies range maps to help establish their geographical occurrence
boundaries and avoid projecting their appearances in areas
where species cannot be found. It also helps with the selection
of background points, as they can be taken outside the species
range. However, range maps are not widely available for zoo-
plankton groups, except for a few species of plankton for whom
the printed range maps are published (Siccha and Kucera 2017;
van der Spoel and Heyman 1983) but hardly numerically adapted.
In this work, we have demonstrated that if we only model zoo-
plankton into the native range area (which is determined by
available species occurrence points), the produced HSI map is
very patchy (Figure 4b), with apparent areas of the mesopelagic
realm where almost no zooplankton species are projected (since
few to no sampling available in the area). Hence, the patchiness
we see in the native range HSI can be explained by an uneven
sampling effort (Figure S9). The Pacific Ocean, South Atlantic
and basin of Indian Oceans are severely undersampled, while
the polar regions are characterised by comprehensive coverage
and moderate number of observed species (Figure S9). As a re-
sult, many provinces lack consistent sampling or only have a few
species sampled within them, and the environmental envelope
that represents those areas is not adequately represented in SDM.

However, if mesozooplankton species can occur in any part
of the ocean as long as environmental conditions are opti-
mal, the HSI map produces more consistent, smooth patterns
of their distribution (Figure 4a). The discrepancy between
the two approaches comes from the severe undersampling in
many mesopelagic provinces (Figure S8). For example, meso-
pelagic provinces in Arctic, South Atlantic and Pacific Ocean
lack consistent sampling, especially their central ocean ba-
sins. One of the disadvantages of unrestricted range approach
is that species can be projected in the areas where they do not
occur. It was observed that 637 of the modelled species have oc-
currence records in both hemispheres at latitudes greater than
40°, thus the majority of species (74%) are already projected in
both hemispheres. However, 26% of modelled species are pro-
jected into the hemisphere where they were not observed. For
instance, species that can only be found in the Pacific Ocean,
can be projected in Atlantic Ocean where they may or may not
been recorded, or species that only found in the Northern hemi-
sphere can be projected into the Southern Hemisphere. Thus,
projections of unrestricted range models are less accurate than
native range models since the majority of species are not found
across the global ocean. However, it is plausible to assume that
similar, ecologically equal, species (e.g., Calanus finmarchicus
and Calanus pacificus) that have comparable niches could po-
tentially be found in every basin with similar environmental
settings. Therefore, the use of unrestricted range models to com-
pare habitat suitability maps and explore model performance
can be reasonably justified.

We acknowledge that the produced habitat suitability map is a
simplified version of reality assuming that every species can be
everywhere all at once. However, we rest on the plankton par-
adox (Hutchinson 1961) to provide a close to reality picture of
what the mesozooplankton diversity gradient should look like

when relying on knowledge of the relationship between avail-
able occurrence and mesopelagic environment.

4.4 | Limitations

This work provides the first attempt at modelling the species
distribution of the mesopelagic mesozooplankton. More work
is indeed required to determine optimal tuning parameters for
each species and broader taxonomic groups. Additional research
should be done to explore the effect of subsampling ratio for spe-
cies with low occurrences and a choice of the pseudo-absence
numbers as well as effects of different evaluation metrics (AUC
vs. TSS). The SDMs are machine learning algorithms that can
project certain species into the area where they are not occur-
ring even though the area has an optimal environmental niche.
To avoid it, expert knowledge has to be applied in the post-
processing step to create zooplankton species range maps (simi-
lar to the ones available for many fish species).

Another big limitation of this study is the lack of biological infor-
mation on the habitat and depth range of many mesopelagic spe-
cies. We acknowledge that our own classification of the organism
into meso- or epipelagic groups is quite coarse and is limited by
the amount of available data in the MMM Database. For instance,
if ssmpling were only done in the upper layer of the water column,
the species would be classified as epipelagic even though it may
be present at mesopelagic depths too. In addition, the boundary of
the mesopelagic zone is dynamic and can change on seasonal and
yearly timescales (Reygondeau et al. 2018). Moreover, the spatial
extent of each mesopelagic zone can vary with time. This study
used a static position of the mesopelagic provinces that can both
affect the classification of the organism into meso/epipelagic spe-
cies but also affect the distribution of the organisms, especially
when modelling the native range distributions.
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