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Abstract

Understanding the biodiversity and biogeography of plankton in the ocean is essential for
predicting responses to environmental changes and informing ocean conservation and
management strategies. Species distribution models (SDMs) are a pivotal tool in this regard.
This study used data from a global marine ecosystem model as a testbed to assess the reliability
of various SDMs, including Generalized Linear Model (GLM), Generalized Additive Model
(GAM), Random Forest (RF), Boosted Regression Trees (BRT) and Artificial Neural Network
(ANN). We used artificial datasets to replicate the sampling patterns of three datasets: a
compiled dataset of global scope, the Tara Ocean dataset, and the Atlantic Meridional Transect
(AMT) project. Our findings indicate that tree-based algorithms, RF and BRT, exhibit better
predictive accuracy and stability compared to GLM, GAM, and ANN, especially when trained
with more spatially resolved datasets. We highlight the significant influence of sampling bias
on model performance, with models trained on more comprehensive global datasets
outperforming those trained on more latitudinally and longitudinally biased data respectively
(Tara and AMT). Furthermore, we demonstrate that broad spatial coverage is a more critical
determinant of predictive skill than sample size alone, as simply increasing sampling density
within a biased region is insufficient to overcome poor spatial representation. Overall, this
research underscores the necessity of careful consideration of sampling strategies and model

selection in plankton species distribution modelling.
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1. Introduction

The diversity of marine plankton is important in sustaining and mediating important ecosystem
functions. A broader spectrum of diversity can bolster the functional resistance of communities
to varying environments (Baert et al., 2016) and control marine biogeochemistry (Le Quéré et
al., 2016; Litchman et al., 2015). Since phytoplankton groups differ in their size, nutrient
stoichiometry and acquisition traits, shifts in community composition and species distributions
can profoundly influence global biogeochemical cycles and marine foodwebs. Therefore,
describing the patterns of plankton biodiversity and biogeography is crucial for understanding
how plankton communities shape ecological dynamics across oceanic regions (Frémont et al.,

2023; Villarino et al., 2015).

Species distribution models (SDMs) are used in ecology and conservation biology to
predict and analyse species' geographic distributions and suitable habitats (Melo-Merino et al.,
2020; Robinson et al., 2017). SDMs rely on ecological niche theory (Elith and Franklin, 2017),
and in particular exploit Hutchinson's definition of the niche as an "n-dimensional
hypervolume" that describes the range of environmental conditions (e.g. temperature, food
availability, competition, predation) in which a particular species (or other group of organisms)
is found (Hutchinson, 1957). SDMs encompass a wide variety of algorithms, ranging from
simpler methods like generalized linear model (GLM) to more complex machine learning
approaches such as random forest (RF) and boosted regression tree (BRT). These algorithms
differ in their assumptions, complexity, and ability to capture non-linear relationships, which

can influence their predictive performance in different ecological contexts.

SDMs have become a vital tool for mapping plankton biogeography, with studies
varying widely in scope and objective. A significant body of research has focused on predicting

global distributions. For instance, studies have used niche modeling to map the worldwide
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habitats of cyanobacteria like Prochlorococcus and Synechococcus (Flombaum et al., 2013;
Flombaum et al., 2020), coccolithophores (O'brien et al., 2013), and diazotrophs (Tang and
Cassar, 2019). Others have used ensemble approaches, which combine multiple SDMs, to
create robust global predictions for diverse plankton assemblages (Benedetti et al., 2021).
Another critical application is projecting distributions into the future ocean to forecast the
impacts of climate change. Studies have used SDMs to predict how the distributions of North
Atlantic phytoplankton (Barton et al., 2016) and zooplankton communities (Villarino et al.,
2015) might shift. Similarly, researchers have forecasted the restructuring of plankton genomic
biogeography (Frémont et al., 2022) and assessed the tipping points of phytoplankton in
response to multiple environmental stressors (Ban et al., 2022). Many studies also use SDMs
to identify the key environmental drivers shaping these distributions. For instance, BRT is used
to identify drivers for Southern Ocean zooplankton (Pinkerton et al., 2010), while RF has

identified drivers for picophytoplankton in the South China Sea (Chen et al., 2020).

A common thread in this body of work is that studies typically select a single preferred
SDM or use an ensemble of multiple models to generate a consensus prediction (Bourel et al.,
2017). However, the use of SDMs is subject to many assumptions and uncertainties, as
reviewed by (Wiens et al., 2009), and a systematic investigation into the fundamental
assumptions and uncertainties inherent in these different algorithmic choices is often missing -
a challenge noted in earlier work that found the predictive skill of SDMs for plankton can be

limited (Brun et al., 2016).

Sampling bias can greatly influence the predictive skills of SDMs (Bardon et al., 2021;
Guillera-Arroita et al., 2015; Hughes et al., 2021). When sampling bias exists in the SDMs,
estimated relationships would largely depend on the environment in the sampled area, making

the models less applicable across broader scales (Hughes et al., 2021). Moreover, environments
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that are not sampled may remain unrepresented in the estimated niche space, which can lead to
inaccurate predictions when models are applied to novel environments or extrapolated beyond
the range of sampled conditions. This highlights the inherent limitations of extrapolation in

SDMs (Hernandez et al., 2006).

Given the wide choice of SDM algorithms available, it is also meaningful for us to test
whether SDMs vary in their ability to represent planktonic biogeography, both in the present
day and in response to future change. For instance, GLMs assume linear relationships between
predictors and the response variable, offering straightforward interpretation but limited
flexibility for complex ecological patterns. In contrast, GAMs extend GLMs by allowing for
non-linear relationships through smooth functions, making them better suited for data
exhibiting non-linear relationships. Tree-based ensembles include RF, which build multiple
independent trees on random subsets of the data and average their predictions to reduce
variance and prevent overfitting. BRT also use an ensemble of trees but build them sequentially,
with each new tree iteratively refining predictions by focusing on harder-to-predict cases.
Finally, Artificial Neural Networks (ANN), a multilayer perceptron, can capture highly
complex, high-dimensional relationships, but their intricate structure can make it more

challenging to interpret than the other models.

The established approach of evaluating SDMs is constrained by significant
uncertainties, including the risk of overfitting specific datasets and limited applicability across
broader spatiotemporal scales. To address these limitations, we apply an alternative approach,
using output from a global ecosystem model output as a ‘virtual world’ testbed for evaluating
SDM performance. Subsampling model output in place of real-world observations allows for
an internally consistent comparison of SDM performance. This approach enables us to test
SDM performance using various realistic sampling strategies against a perfect 'ground truth'

(the full model output) that offers global coverage, lacks experimental errors, and is available
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for both present and future climate scenarios._Using this approach, Bardon et al. (2021)
demonstrated that GAMs, a commonly used type of SDM, face considerable challenges in
accurately predicting the future biomass distribution of phytoplankton when evaluated using a

future climate change simulation.

Here we extend the work of Bardon et al. (2021) to compare the skill of five SDMs
across a range of complexities, identifying factors influencing their performance, and exploring
methods that might enhance their accuracy. Our study builds on their findings by broadening
the range of SDM types evaluated and systematically exploring the impact of species
distribution model complexity, bias, and variance on predictive skill. Additionally, we address
the challenges of spatiotemporal extrapolation by incorporating more complex sampling
scenarios and analyzing how spatial and temporal resolution of training data affects SDM
performance across various functional groups of plankton. In the following, Section 2 provides
a detailed description of the artificial ecosystem that we use as a testbed, describes how this
model is sampled to replicate real-world observation strategies, and introduces the SDMs under
assessment. Section 3 presents a performance comparison across the SDMs and explores the
sensitivity to spatiotemporal biases in the training data. Section 4 discusses a trade-off between
bias and variance in SDMs of differing complexity and examines the key factors influencing

SDM performance.

2 Materials and Procedures

2.1 Data access

Following Bardon et al. (2021), we generated artificial ecosystem data from a 3 dimensional
global physical-biogeochemical-ecosystem model (Darwin) simulation designed to explore
diversity and community structure changes in a future world (Cael et al., 2021; Henson et al.,

2021). This ecosystem model simulates marine microbes and biogeochemical cycles, within a
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physical ocean environment provided by the Massachusetts Institute of Technology General
Circulation Model (MITgem) (Marshall et al., 1997), coupled to a earth system of intermediate
complexity (Monier et al., 2018) to provide a future change scenario under high emissions

(similar to IPCC’s Representative Concentration Pathway 8.5 (RCP8.5) (Riahi et al., 2011).

The ecosystem model itself represents a complex ecosystem with a detailed plankton
community structure (Dutkiewicz et al., 2021). It explicitly simulates dozens of distinct
phytoplankton types and multiple zooplankton grazers, which are further categorized into
broader plankton functional types (PFTs) based on traits like size and biogeochemical function.
The version used for this study includes 51 plankton, ranging in size from 0.6 to 2.4 mm and
classified into seven PFTs: prokaryotes, picocukaryotes, coccolithophores, diatoms,
dinoflagellates, diazotrophs, and zooplankton (abbreviations in bold). The simulation was first
driven by physical forcing consistent with observed greenhouse gas emission concentrations
from 1860 to 1990 and and subsequently with high emissions from 1990 to 2110 (Riahi et al.,
2011). This setup captures natural variability (e.g. El Nino) consistent with the real world and
projects future changes in ocean conditions. We focus here only on the model output from the
latter component of the simulation (1990-2100) for consistency in the forcing. This virtual
world allowing us to evaluate SDM performance across a wide range of environmental
scenarios, including those induced by climate change. The ocean environment is represented
across a 2° latitude by 2.5° longitude grid, and simulates environmental variables, which serve
as predictors in SDMs, including monthly surface (0-10 m) values of temperature (SST),
salinity (SSS), nitrate (NO3), phosphate (PO4), dissolved iron (dFe), silicate (Sil), and

photosynthetically active radiation (PAR).

To closely replicate real-world ocean sampling and examine the spatial-temporal effects on

SDM performance, we retrieved environmental data and population biomasses from the model
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at the times and locations corresponding to those of three different observational datasets (Fig.

1):

1.

3.

Global: A comprehensive database based on a compilation of global picoplankton
observations (Flombaum et al., 2020). This dataset includes samples from 39 research
cruises covering all major oceanographic environments. It is therefore representative of
the current level of in situ coverage of the global ocean for the picoplankton sub-group.
Tara: Observations from the Tara Ocean project (Sunagawa et al., 2015); The Tara
Ocean project is a global initiative designed to explore plankton diversity and ocean
ecosystems. Sampling was conducted across multiple ocean basins, with a focus on a
wide range of environmental gradients. While polar environments are represented, there
is a bias in sampling density towards lower latitudes.

AMT: 30 transects from the Atlantic Meridional Transect (AMT) project (Rees et al.,
2024). The AMT project focuses on repeated sampling along a latitudinal transect in
the Atlantic Ocean, covering a diverse range of environments from temperate to tropical
and equatorial regions. These transects provide high-resolution, longitudinal data over

a wide range of oceanographic conditions within the Atlantic Ocean.

Observations were taken from the model surface layer, with data in coastal areas (depth

< 200m) excluded. Coastal areas were excluded to focus on open-ocean dynamics and avoid

the confounding influence of localized processes, such as riverine inputs, upwelling, and tidal

mixing (Gattuso et al., 1998; Simpson and Sharples, 2012), which the model with its coarse
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resolutions does not capture. Details, including the number of observations in each dataset, are

given in Table 1.

(a) Global dataset (b) Tara ocean (c) AMT 1-30

Figure 1: The sampling points of the Global dataset (a), the Tara Ocean dataset (b) and AMT

projects dataset (c).

The model data were extracted and split into two sets: the present dataset (1991-2011,
the first 21 years of the ecosystem model run with emission scenario) and the future dataset
(2079-2099). A temporal adjustment was necessary to apply the sampling scheme of the
compiled global dataset (originally collected 1987-2008) to our model's 'present-day’
simulation period (1991-2011). To achieve this, for each data point in the observational dataset,
we retained its original spatial coordinates and calendar month. However, we shifted its year
forward by four years to align with our model's timeline. For instance, a sample originally
collected at a specific location in May 1987 was replicated by extracting data from our model
at the same location in May 1991. This method preserves the spatial and seasonal structure of
the real-world sampling effort while ensuring its compatibility with the temporal bounds of our

virtual ecosystem.

2.2 Species distribution model choice

We selected five species distribution models used in previous studies including a generalized
linear model (GLM) (Mccullagh, 1989) and a generalized additive model (GAM) (Hastie,

1990); two decision-tree-based algorithms - a random forest (RF) (Breiman, 2001) and a
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boosted regression tree (BRT) (Elith et al., 2008); and one deep learning algorithm - an artificial

neural network (ANN) (Hornik et al., 1989).

The varying complexity of the selected SDMs necessitated two distinct training
procedures. The parametric models (GLM and GAM) do not require hyperparameter
optimization and were therefore trained directly on the full training dataset. For the GAM, the
number of permitted splines was set to 20 for each predictor variable, following Bardon et al.

(2021), who demonstrated that model sensitivity to this parameter is negligible.

Conversely, more complex machine learning models (RF, BRT, and ANN) required
hyperparameter tuning to prevent overfitting. We employed a grid search with 8-fold cross-
validation to identify the optimal configurations (Fig. S1; see the Supplementary Material for
justification of fold selection, Fig. S2). We evaluated 81 (3%) hyperparameter combinations for
RF and BRT, and 27 (3%) for the ANN (Table S1). The configuration yielding the RMSE across
the validation folds was selected. Crucially, once these optimal hyperparameters were
determined, the final RF, BRT, and ANN models were retrained on the entire, unsplit training

dataset using these specific configurations.

This ensures that, despite the differing development processes, the final models for all
five algorithms were trained on the exact same dataset. Consequently, the final evaluation was

unbiased: all five fully trained models were assessed on the same, completely global test set.

Additionally, we conducted 100-times bootstrap analyses to evaluate the resilience of
the SDMs to noise or fluctuations in varying datasets, which helps in assessing their robustness
against variation error. In every bootstrap sampling, we randomly selected » data points from
the original dataset (with replacement), where 7 is the total number of samples in the original

dataset.

2.3 Scenario design

11
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To examine the temporal and spatial effects of the real-world sampling efforts on SDM
prediction performance, we sampled the global ecosystem model several different ways (Table
1). In the first set of scenarios, we sampled the virtual ecosystem model at the times and
locations of observations in the Global dataset (Global dataset, Fig. 1a), Tara Oceans (Tara, Fig.
1b) and Atlantic Meridional Transect (AMT, Fig. 1c) projects (based on monthly average and

2°x2.5° degree ecosystem model resolution).

To specifically investigate the influence of temporal sampling resolution on model
performance, we designed two additional training datasets using the Tara Ocean sampling
scheme as a baseline. The Tara dataset was chosen for these sensitivity tests because it lacks
both inter-annual and intra-annual replication, making it a suitable baseline for evaluating how
increasing temporal resolution in either dimension influences model performance. The two new
training scenarios were constructed as follows: Tara-12months (Intra-annual variability) -
to simulate comprehensive seasonal coverage, we took each spatial location from the original
Tara dataset and sampled our virtual model once for every calendar month within a single,
representative year. This generated a new training dataset with dense seasonal information at
the original Tara locations. Tara-12yrs (Inter-annual variability) - to simulate a long-term
monitoring effort, we took each original Tara sample (location and month) and repeated the
sampling in the same month and location across twelve consecutive years. This created a
training dataset rich in year-to-year information but with the same sparse seasonal coverage as
the original. These two datasets were then used to train the SDMs, allowing us to directly
evaluate whether resolving seasonal dynamics or capturing long-term inter-annual trends is

more beneficial for improving model performance.”

In a further set of scenarios, we assessed the impact of spatial variability to determine
how model performance changes when sampling effort remains constant but spatial bias is

removed. Following a similar approach to Bardon et al. (2021), whereby locations and

12
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sampling months were randomly sampled within the same time period of original global
(Global-random) and Tara datasets (Tara-random) (Fig. S3a and b). In each random dataset,
each data point's location and sampling time were randomly selected. The locations were
selected at random with uniform probability across the global ocean surface, while the
sampling times were randomly chosen within the time span corresponding to the original global

and Tara datasets. Additionally, the number of samples matches that of the original dataset.

To explicitly disentangle the effects of sample size from spatial sampling bias, we
created two new training datasets based on a "densified sampling" approach (Fig. S3c and d).
These new datasets, hereafter referred to as Tara-densified and AMT-densified, were designed
to increase the sample sizes of the Tara and AMT scenarios to be comparable with the Global
dataset while preserving their original spatial biases. The densification was achieved by
expanding the sampling at each original station location. For every data point in the original
Tara and AMT datasets, we sampled not only that grid cell but also adjacent grid cells in the
model output. This process resulted in an increase in the number of samples for each dataset,
bringing their total sample sizes into a range comparable to that of the Global dataset. This
experimental design allows for a direct test of whether increasing sampling density along a

biased transect can overcome the limitations imposed by poor spatial coverage.

Finally, for the test dataset, we evaluated SDM performance by validating the SDMs'
present and future predictions against the known 'ground truth' biomass from the ecosystem

model simulation.

Table 1 Summary of datasets used in SDMs

Purpose No. of grid Time
Dataset Data description cells span
Training
data

13



Global Data were sampled in the same 3,167 1991 —
oba location and time as the records in 2012
dataset
meta-database )
Examine the
Data were sampled in the same SDM 131 2009 —
Tara location and time as the records in accuracy 2013
Tara Ocean projects (Section 3.1
) & 3.2)
Data were sampled in the same 1,224 1995 —
AMT location and time as the records in all 2023
AMT 1-30 transects
Data were sampled in the same 1,512 2002 —
Tara-12 location and months as the records in ) 2013
Aa-12Y1S Tara Ocean projects across twelve Examine the
consecutive years influence of
temporal
Data were sampled repeatedly in every ~ Variation 1,512 2009 —
Tara- month of the sampling year Wlth the (Section 3.2) 2013
12mths  same location as the records in Tara
Ocean projects
Global- Data were sampled randomly and ) 3,167 1991 -
d uniformly with the same sample size Examine the 2012
Fandom ¢ the global dataset influence of
spatial
Data were sampled randomly and variation 131 2009 —
Tara- uniformly with the same sample size (Section 4.3) 2013
ection 4.
random of the Tara Ocean dataset
Examine if 3,304 2009 —
Data were sampled at each original increased 2013
Tara- . o . .
. Tara location and its eight adjacent sample size
densified . . .
grid cells to increase sample density. can overcome
spatial bias.
Examine if 2,935 1995 —
Data were sampled at each original increased 2023
AMT- i o ; .
. AMT location and its eight adjacent sample size
densified . . .
grid cells to increase sample density. can overcome
spatial bias.
Test data
The whole ocean data in first 21 years  pyamine the 1,793,527 1991 —
Present  of virtual ecosystem models (1991 ~ SDM 2011
2011) performance
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3 Assessment

3.1 Performance of the five SDMs

We first present results from training the five different SDMs on the three datasets, assessing
performance against training and test data. Although the SDMs were trained to seven PFTs, we
presented results for picoeukaryotes in this section for simplicity. Results for the remaining
species are provided in the supplementary materials (Fig. S4-S10), and the main conclusions

remain consistent across all PFTs, without affecting the key findings in Sect. 3.1 and Sect. 3.2.

In the following we use Taylor diagrams (Taylor, 2001) to summarise three (inter-related)
aspects of model performance with regard to the training and test data. For each model
evaluation, the normalised standard deviation of the model (relative to the standard deviation
of the artificial data) is indicated as the radial distance from the pole (or origin). Simultaneously,
the correlation between the model and the artificial observations is indicated by the angular
distance from the vertical axis. The RMSD (Root Mean Square Differences) between the model
and artificial data is given as a third (non-independent) metric, as indicated by the radial
distance from a point where the RMSD is zero. This point corresponds to a perfect model (for
which every predicted value is identical to the observations), and is therefore located where the
normalised standard deviation and correlation coefficient are both equal to one (as indicated
by the red dot in each panel of Figure 2). The locations of the points, each representing a single
SDM bootstrap iteration, thus indicate the strength of the correlation, the overall distance from
the observations, and whether the variability in the model is larger (normalised s.d > 1) or

smaller (normalised s.d < 1) than in the artificial observations. A normalized standard deviation

15
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greater than 1 indicates the model overestimates variability, while a value less than 1 indicates

underestimation, which may smooth out fine-scale patterns.

When trained to the Global dataset, the RF and BRT performed the best with regard to the
training data, with very high correlations and only slightly underestimating the variance in the
artificial data (open yellow and orange points in Fig. 2a). The ANN also performed well (open
blue points in Fig. 2a), with only a slightly lower correlation and similar variance (although
isolated bootstraps performed extremely poorly (single point with a correlation of 0.3 in
Fig. 2a). The simpler GAM and GLM models showed lower correlations and underestimated
the variance of the training data (open green and purple points in Fig. 2a). The GLM was

particularly poor in this regard, showing a low correlation and unrealistically low variance.

When the five globally trained SDMs were evaluated against the test data (closed circles in Fig.
2a), the models ranked in the same order as against the training data, in terms of correlation
and RMSD. While the performance of best four models all deteriorated in terms of correlation
and RMSD with the shift from training to test data, the performance of the GLM improved

slightly (although it was still worst among the five models).

When the SDMs were trained to the more spatially restricted AMT (Fig. 2b) and Tara datasets
(Fig. 2c), the ANN was best able to reproduce the training data, closely followed by the BRT,
RF and GAM. All four of these models had very high correlations and closely reproduced the
degree of variance in the artificial data. In contrast the GLM again had a much lower correlation

and underestimated the variance of the training data.

In contrast to the global datasets, the performance of the ANN and GAM, trained by Tara and
AMT datasets (open blue and purple circles in Fig. 2b,c), deteriorated massively when
evaluated against the test data (solid blue and purple circles in Fig. 2b,c). All 100 bootstraps

had lower correlations and higher RMSD compared to the performance against the training
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data, and almost all showed artificially high variance. These results indicate that the ANN and
GAM were significantly overfitting the training data, leading to poorly constrained and highly

variable model predictions.

The GLM (green points in Fig. 2) also performed poorly with regard to the three sets of training
data, but this was associated with a consistently low correlation, with much less variability in
performance. When the AMT-trained model was evaluated against the test data the correlation
was extremely low, but with much lower variance than exhibited by the predictions of the ANN
(blue points) and GAM (purple points). This perhaps suggests that the GLM was underfit,
leading to high bias error with low variance. The GLM had a slightly lower predictive bias

when trained to the Tara data, but the variability in its predictions was higher.

Among the evaluated SDMs, the GLM consistently performed the worst (green points), both
against the training data and test data. Although ANN (blue points) and GAM (purple points)
captured variance well within the training data, their performance was less stable in terms of
the test data, especially in the AMT and Tara cases, where the outcomes were subject to very
high uncertainty in response to random changes in the sampling of the training data. In contrast,
across all three cases, the decision-tree-based methods (RF and BRT) demonstrated more
consistent and stable performance, showing lower variance and better overall reliability,

especially in terms of their performance against the test data.

Overall, RF and BRT are well-suited for our specific cases due to their accurate performance
and lower variance. Although the SDMs were trained on all seven plankton functional groups,
we present the results for picoeukaryotes in this section for simplicity, with the results for the
remaining PFTs provided in the supplementary materials (Fig. S4-S10). While the exact
positions of the points on the Taylor diagrams may differ for other PFTs, the key patterns and

conclusions remain consistent. Specifically, across all functional groups, the GAM and ANN
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models consistently exhibit a highly scattered pattern for the test data, indicating high variance
and instability. Furthermore, the relative performance ranking of the models is preserved across
all PFTs, with RF and BRT consistently showing the most robust performance. Therefore, our

main findings in this section are not altered by the choice of PFT shown.

To provide a more quantitative summary of these results, the RMSD for both training and test
datasets are plotted against each other for all seven PFTs (Figure S11). This figure directly
visualizes the degree of model overfitting, where points lying above the 1:1 line indicate that
the test error is higher than the training error. As expected, all models show some degree of
overfitting, but this is particularly pronounced for the ANN and GAM models, which
consistently fall far above the 1:1 line, especially when trained on the spatially biased Tara and
AMT datasets. In contrast, the RF and BRT models, particularly when trained on the Global
dataset, lie closer to the 1:1 line and closer to the origin, quantitatively confirming their lower
overall error and greater robustness against overfitting. This pattern is consistent across all

plankton functional groups.
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Figure 2: Model performances for 100 bootstrap runs based on the Global dataset (a), Tara
Ocean dataset (b), and AMT dataset (c). Red dots represent the observation points. Empty dots
represent the predictions on training datasets and the solid dots represent the predictions on
test datasets. In this case, the standard deviations have been normalized by dividing them by
the standard deviations of the observations. Please note that the standard deviation axis has

been limited to a range of 0-2 to better visualize the main cluster of results. The full, unzoomed
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version of this figure showing all data points is available in the supplementary material (Fig.

S4).

3.2 Spatial distribution of errors

Although BRT and RF showed similar performance, we selected RF for subsequent in-depth
analysis due to its simpler structure and its prevalence in the ecological modeling literature.
With the RF model offering the best compromise in skill with regard to the picoeukaryote
training and test data, we next investigated the global distribution of errors associated with the
three training datasets for this SDM. This can highlight specific regional strengths and

weaknesses, giving insights to point out the areas requiring further refinement and adjustment.

Mismatches between the RF model and the present and future global test data are shown
in Figure 3. Errors in the present prediction based on the global dataset were predominantly
distributed in areas with highly varying environment conditions, such as underestimation in
high latitude area and overestimation in coastal regions (Fig. 3a). The residuals for future
predictions (Fig. 3d) are significantly larger compared to the present. Areas with high error in
the future predictions also extend to subtropical gyres and the Indian Ocean, where
picoplankton biomass is underestimated. Predictions in polar regions switch from
underestimates to overestimates in the future ocean. The residual maps clearly show that
predictions based on the Tara Oceans dataset (Fig. 3c&f) perform poorly in high-latitude areas
compared to those derived from the Global datasets (Fig. 3a&d), highlighting the importance
of latitudinal ranges in enhancing the accuracy of predictive models. In contrast, the model
trained on AMT data shows weaker performance in the Pacific and Indian oceans Fig. 3b&e).
This suggests that variations observed in the Atlantic Ocean do not adequately explain
conditions in the Pacific and Indian oceans. While the AMT dataset performs relatively well in

representing present-day conditions in the Atlantic Ocean, its predictive skill declines
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significantly when applied to future Atlantic conditions. This highlights the potential
limitations of SDMs trained on current environmental data when extrapolating to future

scenarios, even within the same ocean basin.

These spatial error patterns were examined for all seven plankton functional types
(PFTs), with the complete residual maps provided in the supplementary material (Fig. S12—
S14). While the specific regions of highest error for each PFT were closely linked to their own
distinct biogeographical distributions, a consistent set of overarching patterns emerged across
all functional groups. Models trained on the comprehensive Global dataset consistently
produced the lowest overall prediction error (Fig. S12). In contrast, models trained on the
longitudinally-biased AMT dataset reliably performed best within the Atlantic Ocean but
showed substantial errors across the Pacific and Indian Oceans (Fig. S13). Finally, errors from
the Tara-trained models were consistently concentrated in the under-sampled high-latitude
regions (Fig. S14). This demonstrates that the spatial signature of the sampling bias in the
training data is the primary driver of regional prediction error, a pattern that holds true across

all functional groups.

Global AMT Tara

Present \"

Future

Figure 3: Residual map (uM) of biomass predictions for the RF models trained on Global

datasets, AMT datasets, and Tara datasets in the present (a-c) and future (d-f) ocean. The linear
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color scale represents the residual in biomass (uM) and this range corresponds to the 95%

confidence interval of the residual values.

3.3 Functional groups

We can also investigate the performance of the RF model across all seven functional groups
for the present and future oceans. Figure 4 presents three panels of Taylor diagrams comparing
the RF model predictions against present and future test data. The Global dataset (Fig. 4a)
exhibits the highest predictive skill across all PFTs, with predictions closely clustered around
high correlation values and normalized standard deviations near 1. In contrast, the AMT and
Tara datasets show more variable predictions, indicating reduced model accuracy. Specifically,
in the AMT dataset, both diazotrophs and zooplankton exhibit the poorest performance, with
low correlation coefficients and higher variance, especially in the future scenario (Fig. 4c).
Similarly, the Tara dataset shows a significant decline in the predictive accuracy for diatoms
(Fig. 4b). The overall performance suggests that the Global dataset provides more reliable
predictions, while the AMT and Tara datasets, characterized by narrower spatiotemporal ranges,
result in less reliable predictions, particularly for endemic PFTs such as diazotrophs and

diatoms.

Across all three datasets, the future predictions (end of the arrows) tend to show lower accuracy
compared to present predictions (start of the arrows), particularly for the AMT and Tara datasets
(Fig. 4). This indicates increasing uncertainty or difficulty in modelling future scenarios with
spatiotemporally incomplete datasets. However, an exception to this trend is seen with diatoms

in the Tara dataset, where the future predictions are better than the present predictions.
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Figure 4: Performance of RF predictions based on observations of Global datasets (a), Tara
datasets (b) and AMT datasets (c). Grey dots represent observation points. The starts of arrows
represent the present predictions and the ends of arrows represent the future predictions. In this
case, the standard deviations have been normalized by dividing them by the standard deviations

of the observed biomass of different phytoplankton functional types.
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3.4 Intra- and inter-annual coverage

Two further experiments were designed to investigate how monthly and yearly repeated
sampling in Tara Ocean projects might improve predictions (Tara-12months, Tara-12yrs, Table
1). Our finding indicates that, within our specific experimental design, increasing the
representation of intra-annual (monthly) variations in the training data was more effective at
improving model performance than adding sparse inter-annual (yearly) data for most PFTs (Fig.

3).

This conclusion is specific to the nature of our experimental data: Our Tara-12yrs
experiment tested the effect of adding many years of sparse (once-a-year) data. A different type
of dataset, for example, one containing many years of dense, fully-resolved seasonal data,
might allow an SDM to perform much better at identifying long-term trends. Nevertheless, our
results clearly demonstrate that for a sampling scheme with a spatial bias like Tara, investing
effort in resolving the full seasonal cycle provides a greater immediate performance benefit
than repeated, sparse sampling across many years. A notable exception to this was zooplankton,
where incorporating the limited inter-annual data proved more useful, perhaps reflecting their

longer lifecycles and different trophic position.
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Figure 5: Performance of RF predictions for seven PFTs (a-g) based on observations of Tara
Ocean (blue), Tara-12yrs (red) and Tara-12months (yellow). Grey points represent the
observation points. The starts of arrows represent the original datasets and the ends of arrows
represent the experimental datasets. In this case, the standard deviations have been normalized
by dividing them by the standard deviations of the observed biomass of different phytoplankton

functional types.
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3.5 Spatial coverage

In this section, we randomized the sampling locations of the Global and Tara datasets, ensuring
that the new randomized locations occupied the same number of grid cells as in the original
datasets but could occur anywhere in the global ocean. This procedure simulates an idealized
sampling scenario, in which the global ocean is sampled more evenly. Compared to the original
datasets, the randomized Global dataset showed a slight improvement in predictive
performance across all functional types (yellow arrows in Fig. 6), suggesting that more uniform
sampling can help mitigate spatial biases inherent in the original data. In contrast, the
randomized Tara dataset yielded mixed responses (blue arrows in Fig. 6), with reduced
performance for diazotrophs but enhanced performance for diatoms. These contrasting results
imply that the spatial distribution and ecological niches of different functional types

may respond differently to changes in sampling strategy.
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Figure 6. Taylor diagrams showing the performance of Random Forest (RF) predictions for
seven plankton functional types (PFTs; a—g). Arrows start from results based on the original
sampling scheme and end at those based on the idealized sampling scheme. Dark colors
represent present-day predictions, while light colors indicate future projections. Blue arrows
correspond to Tara datasets and yellow arrows to Global datasets. Red dots denote the
reference (observations), and grey markers indicate the observation points. The standard

deviations have been normalized by the standard deviations of the observed biomass of each

PFT.
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3.6 Sample size

To investigate whether the lower performance of the Tara and AMT-trained models was

primarily due to their smaller sample sizes or their inherent spatial biases, we analyzed the

results from training datasets with increased sampling density around each existing data point

(Tara-densified, AMT-densified, Table 1). Our findings strongly indicate that comprehensive

spatial coverage is a more critical determinant of model skill than sample size alone.

As shown in the Taylor diagram (Fig. 7), even with a nine-fold increase in sample size,

the predictive skill of models trained on the AMT-densified and Tara-densified datasets still

lagged considerably behind the model trained on the original Global dataset. For nearly all

Plankton Functional Types (PFTs), both present and future predictions from the densified

datasets exhibited lower correlation coefficients and higher RMSD compared to the Global

dataset predictions.
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Figure 7: Taylor diagram comparing the performance of RF predictions for all PFTs. The

models were trained on the original Global dataset (a), the Tara-densified dataset (b), and the

AMT-densified dataset (c). The start of each arrow represents the present prediction, and the

end represents the future prediction. The grey dot represents the observation point.
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This conclusion is further supported by the spatial distribution of prediction errors (Fig.
S15 and S16). The residual map for the AMT-densified model (Fig. S15) shows that the
inherent longitudinal bias persists; prediction skill remains highest within the Atlantic Ocean,
with substantial errors persisting across the Pacific and Indian Oceans. Similarly, the Tara-
densified model (Fig. S16) still produces large errors in regions poorly covered by the original
cruise track, particularly in the high latitudes and the eastern Pacific Ocean. These results
demonstrate that simply increasing the density of samples along a spatially biased transect is
insufficient to compensate for the lack of data from entire ocean basins or across critical

environmental gradients.

4 Discussion

Understanding the global distribution of plankton is vital for studying biodiversity and
biogeochemical cycles in the ocean, given the significant feedbacks between plankton and their
environment. By focusing on realized niches of plankton, SDMs can map the abstract
environmental space, defined by multiple factors, into geographic regions. However, the
performance of SDMs may be influenced by various factors, leading to different levels of
uncertainty in predictions. It is important to note that this study uses virtual ecosystem data,

where the ‘truth’ is already known. This allows for a controlled assessment of SDM

performance, isolating key factors contributing to uncertainty while avoiding complications
arising from observational uncertainties. Our findings demonstrate that these factors include
the complexity of the SDM, the temporal and spatial coverage of the data, and the relative
importance of sample size versus spatial representation in overcoming sampling biases. In the

following we explore these different factors with respect to the results presented above.

4.1 Model complexity and a Bias-Variance trade-off
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A bias-variance trade-off is a fundamental concept in machine learning and statistics
that describes the balance between two sources of error when building a model (Briscoe and
Feldman, 2011). Bias error describes the error introduced when a model is too simple to capture
the underlying patterns in the data. Variance error refers to the error associated with a model's
sensitivity to small fluctuations in the training data. A more complex model may be able to

capture more variability in the data, but this variability may include noise in the training data.

The trade-off between bias and variance generally occurs across a spectrum of model
complexity, influenced by both model structure and the number of adjustable parameters
(Friedman et al., 2001). Although we cannot quantify the exact complexity of each model, it is
clear that the linear and additive models have significantly lower complexity compared to the
machine learning models (RF, BRT, ANN). In Section 3.1, we examined the performance of
five models, ranging from a very simple generalized linear model to a much more complex

artificial neural network.

As one of the simplest SDMs evaluated, the GLM exhibits the least flexibility in
capturing the complex relationships within the data, leading to the highest bias, particularly
when predicting the training datasets. This rigid structure limits its effectiveness in dynamic
marine environments. GAMs are considered to offer a middle ground, with moderate
complexity and high interpretability, making them a popular choice for biogeographic
predictions of plankton (Bardon et al., 2021; Righetti et al., 2019). However, in our specific
case, the predictive performance of the GAM was extremely poor, especially when trained to
the AMT and Tara datasets. This was likely due to its sensitivity to the spatiotemporal gaps in
these datasets. Previous studies have shown that GAM can perform significantly better when
applied to randomized datasets that are evenly distributed in space (Bardon et al., 2021), but
our findings suggest that it struggles with the inherent biases present in real-world global

datasets.
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At the other end of the complexity scale, the ANN showed excellent performance when
predicting the training dataset, but its significant error rates on the test data highlight high
variance and overfitting issues. This suggests that although ANN may initially appear to be the
best model based on its low bias error with respect to the training data, its inability to generalize

well to new data brings in a very high variance error that makes it less suitable for prediction.

Finally, the two tree-based algorithms, RF and BRT, demonstrate a reliable balance
between bias and variance, while both models lack the ANNSs ability to precisely fit the training
data. Their performance with regard to unseen test data was subject to much less variability,
and thus gave more accurate predictions. The predictive skill and resilience to spatiotemporal
variability of the tree-based models make them the most stable and robust choice for modelling
plankton distributions in our study. Their ability to handle imbalanced datasets and avoid
overfitting through ensemble methods (Breiman, 2001) further supports their utility in

oceanographic modelling, where data coverage is often uneven and incomplete.

In general, our findings underscore the importance of choosing SDMs that can
effectively handle spatiotemporal biases, because real-world marine datasets are rarely perfect.
Tree-based models, particularly RF, provide a more reliable approach for marine SDM

modelling, where the balance between skill, stability, and generality is critical.

4.2 Significance of sampling strategy on predictive SDMs

Sampling efforts can greatly influence SDM performance because predictions are sensitive to
the biases present in the sampling data (Bardon et al., 2021; Inman et al., 2021; Liu et al., 2021).
The AMT cruises, while spanning a wide range of latitudes, exhibit a longitudinal bias, as the
transects are confined to in the Atlantic Ocean (Rees et al., 2024). In contrast, the Tara dataset

samples all ocean basins, but has limited coverage at the poles, leading to a latitudinal bias
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(Sunagawa et al., 2015). These biases are reflected in the error distribution of our SDM

predictions (Fig 3).

We also explored the SDMs' sensitivity to changing the degree of inter- and intra-annual
variability in the training data. While intra-annual variability is associated with seasonal
dynamics, inter-annual variability may be driven by longer-term trends and climatic influences.
While capturing inter-annual variability was not associated with the same increases in
predictive skill, this could occur if our data source, the Darwin model, included less inter-
annual variability than the real ocean, thereby making inter-annual variability less important in
our experiments than it may be in the real world. However, it is likely that our insights that
accounting for intra-annual variability leads to far greater improvement in SDM predictions of
plankton than inter-annual variability still broadly holds. In contrast, previous studies have
demonstrated that long-term variability, particularly climate-related changes, can significantly
enhance niche predictions by capturing ecological responses to climatic drivers (Perez-Navarro
et al., 2021). Studies on other marine species, such as swordfish, have shown that low-
frequency, long-term variability is more effective in improving predictability compared to sub-
annual variability (Brodie et al., 2021). This difference may stem from the fact that plankton
communities are often more influenced by intense seasonal (intra-annual) changes due to their
short lifespans and rapid turnover rates (Delong, 2012), whereas larger, longer-lived species

like swordfish are more sensitive to long-term climatic fluctuations.

Our results present a more nuanced view than the suggestion that sample size alone is
the most critical factor for SDM performance (e.g., Gaul et al., 2020). While the substantial
difference in sample size between the original Global and Tara datasets is a significant
confounding variable, our "densified sampling" experiment was designed to disentangle these
effects. In that experiment, we showed that the SDMs trained on the Tara-densified and AMT-

densified datasets still performed significantly worse than when trained on the Global dataset,
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even though they contained a similar number of samples. This demonstrates that merely
increasing the density of samples along a spatially biased transect is insufficient to overcome
the limitations imposed by poor spatial coverage. Therefore, we conclude that sampling
strategy, achieving broad spatial and environmental coverage, is a more critical determinant of

SDM performance than sample size alone.

4.3 Different SDM performance on functional types in SDMs

Understanding the predictive capabilities for different PFTs is crucial for evaluating the
feasibility and reliability of SDMs in real-world applications. By examining the impacts of
sampling biases on PFTs with distinct habitat preferences, we can better assess whether SDMs

can accurately capture species distributions under varying environmental and data conditions.

In our study, sampling bias had less influence on the prediction of cosmopolitan species
like prokaryotes and pico-eukaryotes, as demonstrated by the comparable results across the
three datasets (Fig. 3). The case is different for diazotrophs and diatom with endemic biomass

distributions.

The Tara Ocean dataset has a latitudinal sampling bias, while the AMT dataset is
longitudinally biased. This difference in sampling bias affects species differently, depending
on their spatial distribution patterns. Diazotrophs, which exhibit a more longitudinal
distribution pattern, are more concentrated at low latitudes with higher densities in the western
Pacific and Atlantic Oceans and lower densities in eastern regions, likely influenced by the
availability of iron and phosphate (Shao et al., 2023). In contrast, diatoms follow a latitudinal
distribution pattern; they are most abundant in nutrient-rich areas at high latitudes, and accurate
predictions for diatoms require sampling that spans a wide latitudinal range with varying

nutrient levels (Malviya et al., 2016).
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Our results from the randomized datasets clearly illustrate these contrasting patterns.
For diatoms, which thrive in nutrient-rich high latitudes, the original Tara dataset performed
poorly due to its under-sampling of polar regions (latitudinal bias). Consequently, when we
applied the randomized Tara sampling scheme, which uniformly covers all latitudes, diatom
predictions improved significantly (Fig. 6e). In contrast, the randomized-Tara sampling shows
no improvements in prediction accuracy for diazotrophs. Since diazotrophs are primarily
restricted to low-latitude warm waters, the original Tara dataset's concentration in these regions
captured their core habitat well. These findings underscore that the impact of sampling bias is
not uniform, it depends critically on whether the bias matches or misses the species' ecological

niche.

4.4 Present and future prediction

Comparing accuracy of SDMs for present day and future predictions is crucial for
understanding the robustness of SDMs under changing environmental conditions. In our study,
the future prediction of plankton biomass is generally worse than the present prediction of
plankton biomass except for diatoms (Fig. 3). This result can be attributed to two possible
reasons. On one hand, while using SDMs to predict the biogeography of plankton in the future
ocean, the correlations come from the trained model based on historical data, implicitly
assuming these ecological relationships remain identical in the future (Wiens et al., 2009). This
can be particularly problematic if the identified predictor variables are only correlates of the
plankton distributions, and not the true drivers (Bardon et al., 2021). Large errors can be
introduced if these correlations change through time, especially when the future test data,

compared to the present test data, diverges more significantly from the training data.

On the other hand, ocean dispersal processes, ranging from small-scale physical
phenomena to large-scale ocean circulation, play a significant role in driving phytoplankton

distributions (Clayton et al., 2013; Mousing et al., 2016; Yan et al., 2023). As a result, the
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realized niche of plankton can expand to areas where environmental conditions or biotic
interactions may not be ecologically and physiologically suitable for their growth. The
dispersal effects can indeed result in the realized niche lying partially outside, rather than
exclusively within the fundamental niche. However, the environmental variables we used for
correlation are all attributes of the fundamental niche, so predicting environmental distributions

outside the fundamental niche may be challenging for SDMs.

Consequently, variations in phytoplankton biomass cannot be fully explained by SDMs,
which primarily focus on the relationships between biomass and abiotic environmental factors.
Further studies are needed to explore how correlations change with climate and dispersal

effects.

4.5 Limitations and future prospects

A primary consideration in interpreting our results is that we assessed SDMs using a "perfect
world" model framework, where we used output from a virtual ecosystem model as a testbed
rather than real-world observational data. The relationships between environmental drivers and
plankton biomass within the deterministic ecosystem model are inherently cleaner and more
defined than those in the complex and often noisy real ocean for which observations have
myriad confounding experimental errors and uncertainties. Consequently, the absolute
performance metrics (e.g., correlation coefficients, RMSD) reported here are likely optimistic
and represent an upper bound on the skill that could be expected when applying these SDMs
to sparse field observations. If SDMs perform poorly when assessed using model output, they

are likely to perform even more poorly when applied to real-world data.

However, this approach was a deliberate and necessary choice. By using a model where
the "ground truth" is perfectly known globally for present day and into the future, we were able

to isolate and rigorously quantify the specific impacts of sampling bias and algorithm choice
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on SDM performance. This type of controlled assessment would be impossible with limited in
situ observational data, where the observations for validation are sparse and observational
errors would confound the analysis. This is particularly the case for the ocean ecosystem
analysis, where measurement techniques and uncertainties differ for different components of
the ecosystem. Thus, our study provides a unique and clean evaluation of these key sources of

uncertainty that are fundamental to all SDM applications.

While the relative performance ranking of the SDM algorithms and the identified
impacts of sampling bias are likely robust findings, future work is needed to apply these
insights to real-world plankton datasets. Such studies will need to carefully account for the
types of spatial and temporal sampling biases that we have highlighted, and ideally
experimental uncertainties as well. A crucial next step will be to use the lessons learned from
this controlled experiment to better constrain and interpret SDMs applied to the challenge of
predicting real-world plankton biogeography, thereby bridging the gap between theoretical

model performance and practical applications.

5 Comments and recommendations

This study compared the potential of several SDMs to predict plankton biogeography and found
that tree-based algorithms are the best choices for reliable performance against both test and
training data from virtual ecosystem where the truth was already known. A ‘bias-variance’
trade-off in model selection became apparent with more spatially incomplete training data. We
tested three different spatially and temporally biased datasets and highlighted the significant
impact of these biases on model performance. Models trained with less spatially-biased datasets
yielded more accurate predictions than those trained with more biased datasets. Our analysis
also underscored the importance of including higher temporal resolved observations also

significantly improved model robustness. We showed how the choice of sampling locations
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influences model performance, especially for widely distributed vs endemic PFTs. Overall, our
findings underscore that it is necessary to consider sampling strategies and model choice in
predicting plankton biogeography. Further research could be done to test how the uncertainty
and assumptions of SDMs, including dispersal limitations and extrapolation in future

prediction, will influence their predictive skills.
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(MITgem), accessible at http://mitgcm.org. The generic ecosystem code is available

at https://gitlab.com/jahn/gud, and detailed equations and documentation can be found

at https://darwin3.readthedocs.io/en/latest/phys pkes/darwin.html. The Darwin model data

can be downloaded at https://doi.org/10.7910/DVN/RPL6PT and

https://doi.org/10.7910/DVN/LOQHI9PX. The SDMs model script can be accessed in GitHub

https://github.com/ZhiboShao/uncertainty-and-predicitability-of-plankton-SDM-. The data

can be found in Zenodo https://doi.org/10.5281/zenodo.14219377 .
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Supplementary

Methods

In this study, a variety of statistical and machine learning methods were employed to model species
distributions. Specifically, for Species Distribution Models (SDMs), Generalized Linear Models (GLMs),
Random Forest (RF), and Boosted Regression Trees (BRT), the scikit-learn (sklearn) package in Python was
utilized due to its robust and efficient implementation of these algorithms (Pedregosa et al., 2011). For
Generalized Additive Models (GAMs), the pyGAM package was chosen, offering a flexible framework for
modeling complex, non-linear relationships. Additionally, for constructing Artificial Neural Networks
(ANNSs), PyTorch was used.

The GLM assumes linear relationships between predictors and outcomes, providing straightforward
interpretation but limited flexibility for complex patterns. While the GAM allows for nonlinear relationships,
making it better suited for ecological data with curved trends. The RF is a decision-tree ensemble that builds
multiple trees using randomly selected subsets of data and predictors, and then averages their predictions.
This approach improves accuracy and provides insights into feature importance while reducing overfitting.
The BRT is also a decision tree ensemble that refines predictions iteratively, enhancing model performance
and interpretability by focusing on harder-to-predict cases. The ANN used here is a multilayer perceptron
(MLP), which can capture complex, high-dimensional relationships in the data, making it suitable for
intricate ecological patterns. However, due to its layered structure, MLPs can be more challenging to
interpret compared to other models.

For species distribution models, RF, BRT, ANN, in which hyperparameters (Table S1) had to be optimised,
we performed a N-fold cross-validation procedure to determine the best combinations (Fig S1). In this
process, the training data were equally divided into N subsets, or folds. At each iteration, one fold served as
a validation set, while the remaining folds served as the training set. In each cross-validation, only one model
type was trained. N of these models were trained, where N is the number of folds.

Sampling data Parameter grid

Train dataset 1 Train dataset 2 |[EEETTIIN Train dataset n

Every combination of parameters

cross-validation [— Grid

search

Test data

Error 1 Error2 [ Errorn

| Final model |

Best .
Mean error I samplmg data I

Figure S1: Flow chart of cross-validation in model training.

The performance results from all validation sets are then averaged to produce the final model's performance.
Based on these averaged performance metrics, we select the optimal hyperparameters for the model. We
tried five experiments for the number of CV folds (N =3, 5, 8, 10, 12) in RF, BRT and ANN. The sensitivity
test demonstrates that the variance and mean error generated in the validation set did not result in significant
differences in BRT and RF (Fig S2). When folds number reaches 8, error of different folds in ANN prediction
stabilises. Therefore, we chose 8 as the number of CV folds in cross-validation for RF, BRT and ANN.
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Figure S2: Sensitivity test of folds number in cross-validation of RF (a, d, g), BRT (b, e, h), ANN (c, f, i)
trained by three types of datasets, the Global datasets (a-c), the Tara dataset (d-f) and the AMT dataset (g-

i).
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Figure S3. Sampling locations for the experimental datasets used in this study. (a) Global random dataset,
(b) Tara random dataset, (c) AMT densified dataset, and (d) Tara densified dataset. These spatial
distributions represent the sampling schemes used for different experimental configurations.
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974  Figure S4: Model performances of SDMs for picoeukaryotes in 100 bootstrap runs based on global datasets
975 (a), AMT datasets (b), and Tara Ocean datasets (c). Dots represent the predictions on training datasets and
976  the crosses represent the testing datasets. In this case, the standard deviations have been normalized by

977  dividing them by the standard deviations of the observations.
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980  Figure S5: Model performances of SDMs for prokaryotes in 100 bootstrap runs based on global datasets
981 (a), AMT datasets (b), and Tara Ocean datasets (c). Dots represent the predictions on training datasets and
982  the crosses represent the testing datasets. In this case, the standard deviations have been normalized by
983  dividing them by the standard deviations of the observations.
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985  Figure S6: Model performances of SDMs for coccolithophores in 100 bootstrap runs based on global
986  datasets (a), AMT datasets (b), and Tara Ocean datasets (c). Dots represent the predictions on training
987  datasets and the crosses represent the testing datasets. In this case, the standard deviations have been
988  normalized by dividing them by the standard deviations of the observations.
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989
990  Figure S7: Model performances of SDMs for diatoms in 100 bootstrap runs based on global datasets (a),
991  AMT datasets (b), and Tara Ocean datasets (c). Dots represent the predictions on training datasets and the
992 crosses represent the testing datasets. In this case, the standard deviations have been normalized by dividing
993 them by the standard deviations of the observations.
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995  Figure S8: Model performances of SDMs for diazotrophs in 100 bootstrap runs based on global datasets (a),
996  AMT datasets (b), and Tara Ocean datasets (c). Dots represent the predictions on training datasets and the
997  crosses represent the testing datasets. In this case, the standard deviations have been normalized by dividing

998  them by the standard deviations of the observations.
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1001  Figure S9: Model performances of SDMs for dinoflagellates in 100 bootstrap runs based on global datasets
1002 (a), AMT datasets (b), and Tara Ocean datasets (c). Dots represent the predictions on training datasets and
1003 the crosses represent the testing datasets. In this case, the standard deviations have been normalized by
1004  dividing them by the standard deviations of the observations.
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1009  Figure S10: Model performances of SDMs for zooplankton in 100 bootstrap runs based on global datasets
1010  (a), AMT datasets (b), and Tara Ocean datasets (c). Dots represent the predictions on training datasets and
1011 the crosses represent the testing datasets. In this case, the standard deviations have been normalized by
1012 dividing them by the standard deviations of the observations.
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1014  Figure S11. Train—test RMSD for seven plankton functional groups: (a) pico, (b) prok, (c) cocco, (d) dino,
1015 (e) diat, (f) diazo, and (g) zoop. Points show the mean RMSD from 100 bootstrap resamples; dashed
1016  crossbars indicate =1 SD (horizontal = train, vertical = test). Marker color denotes model and
1017  marker shape denotes dataset (global, tara, amt). Thin lines connect the paired train—test means for each
1018 model—dataset, translucent patches outline the model-wise convex hull across datasets, and the 1:1 line
1019  indicates equal train—test performance.
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1021  Figure S12. Residual map for RF models in the present (a-g) and future (h-n) ocean based on the Global
1022  dataset.

Tara (present) Tara (future)

1023

1024  Figure S13. Residual map for RF models in the present (a-g) and future (h-n) ocean based on Tara datasets.
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1027  Figure S14. Residual map for RF models in the present (a-g) and future (h-n) ocean based on AMT datasets.
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1028

1029  Figure S15. Residual map for RF models in the present (a-g) and future (h-n) ocean based on AMT-densified
1030  datasets.
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1033 Figure S16. Residual map for RF models in the present (a-g) and future (h-n) ocean based on Tara-densified
1034 datasets.
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Table S1 Summary of hyperparameter options in SDMs

RF BRT ANN
parameter options parameter options parameter options
. a . hidden_layer (100, 100), (100,
n_estimator 100,200,300  n_estimator 100, 200, 300 _Sizesf 50), (50, 25)
max_depth® None, 10, 20 max_depth 3,4,5 learning_rate® 0'001 6860101’
min_samples_s 2,5,10 min_samples 2,5,10 num_epochs” 200, 500, 1000
plit _split —
max_feature®  1,'sqrt!, 'log2' learning rate®  0.05,0.1,0.2

a: Specifies the number of trees in the forest, affecting model accuracy and stability

b: Limits the maximum depth of each tree to control complexity and prevent overfitting.

c: Sets the minimum number of samples required to split an internal node, helping to regulate model granularity

d: Number of features considered for each split, influencing diversity among trees.

e: Shrinkage factor applied to each tree's contribution to reduce overfitting.

f: Number and size of layers in the neural network, controlling model capacity and complexity.

g: Rate at which weights are updated during training, impacting convergence speed.

h: Number of times the training data is passed through the network, influencing training thoroughness.

Table S2 Summary of weights used in weighted SDM

Number of
Cluster Region Train datasets Fraction of ocean area ~ sampling Weights
points
North Pacific
1 subtropic gyre 0.16 124 0.0013
and 40S
th
2 Southern 0.12 9 0.0137
Ocean
Indian ocean,
tropical Pacific
3 and South 0.44 166 0.0027
subtropical
Atlantic AMT
4 Arctic Ocean 0.02 NA? NA?
subpolar
5 Pacific and 0.12 96 0.0012
Atlantic
Tropical and
North
6 . 0.13 829 0.0002
subtropical
Atlantic
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North Pacific
subtropic gyre
and 40S

Southern
Ocean

Indian ocean,
tropical Pacific
and South
subtropical
Atlantic

Arctic Ocean

subpolar
Pacific and
Atlantic

Tropical and
North
subtropical
Atlantic

Tara

0.16

0.12

0.44

0.02

0.12

0.13

66

15

18

20

0.0200

0.0309

0.0067

0.0016

0.0065

0.0067

North Pacific
subtropic gyre
and 40S

Southern
Ocean

Indian ocean,
tropical Pacific
and South
subtropical
Atlantic

Arctic Ocean

subpolar
Pacific and
Atlantic

Tropical and
North
subtropical
Atlantic

Global dataset

0.16

0.12

0.44

0.02

0.12

0.13

369

84

1479

346

881

0.0004

0.0015

0.0003

0.0030

0.0003

0.0002

a: no data available
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