'.) Check for updates

Received: 15 August 2024 | Accepted: 27 March 2025

DOI: 10.1111/2041-210X.70040

PRACTICAL TOOLS

CEPHALOPOD, a package to standardize marine
habitat-modelling practices and enhance inter-comparability
across biological observations

Alexandre Schickele!

| Corentin Clerc!

| Fabio Benedetti! | Daniele De Angelis®® |

Urs Hofmann Elizondo® | Matthias Miinnich! | Jean-Olivier Irisson* | Meike Vogt?

1ETH Zirich, Institute of Biogeochemistry
and Pollutant, Zurich, Switzerland

’Department of Biology and
Biotechnology ‘Charles Darwin’, Sapienza
University of Rome, Rome, Italy

3ISPRA, Institute for Environmental
Protection and Research, Rome, Italy

“Laboratoire d'Océanographie de
Villefranche, LOV, CNRS, Sorbonne
Université, Villefranche-sur-Mer, France

Correspondence
Alexandre Schickele
Email: alex.schickele@gmail.com

Funding information

Horizon 2020 Research and Innovation
Programme, Grant/Award Number:
101059915, 101094227 and 862923

Handling Editor: Fernando Gonzalez
Taboada

Abstract

1. As the volume of accessible marine pelagic observations increases exponentially,

incorporating diverse data types such as metagenomics and quantitative imaging,
the need for standardized modelling frameworks becomes critical to predict bio-
geographic patterns in space and time and across the diverse range of emergent
sampling methods. In response, we introduce CEPHALOPOD (Comprehensive
Ensemble Pipeline for Habitat modelling Across Large-scale Ocean Pelagic
Observation Datasets), a standardized, highly automated and flexible framework
designed to integrate and analyse heterogeneous marine data for multi-species

habitat modelling following best practices in the field.

. CEPHALOPOD is built on observational data from federating initiatives such as

AtlantECO, OBIS, GBIF, associated with already existing statistical and machine
learning methods that enable to extract and model information from heteroge-
neous, scarce and biased field observations. It is highly automated and follows
explicit quality checks informing the user of the predictive accuracy and inter-

pretability of the results.

. Here, we document our statistical ensemble modelling approach and then as-

sess its strengths and limitations with a virtual ecologist approach. We show how
our framework performs in reproducing a range of distributions from biased field

samples.

. Our modelling framework serves as a foundation for the consistent generation

of Essential Biodiversity and Ocean Variables (EBVs and EOVs) and carries the
potential to significantly advance our comprehension of biodiversity and marine
ecosystem functioning. Finally, it provides an unprecedented opportunity to fos-
ter collaborations in the field of marine science, sustainable ecological practices,

and ultimately contribute to the preservation of global marine biodiversity.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,

provided the original work is properly cited.
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1 | INTRODUCTION

Pelagic organisms including plankton and fish structure marine food
webs and support ecosystem services such as carbon sequestration,
oxygen production, fisheries and food security (Barbier, 2017). These
organisms are incredibly diverse, and their presence or absence, tax-
onomic or functional composition, abundance and biomass are all
accepted indicators of ocean ecosystem structure, health and resil-
ience to climate change, known as Essential Biodiversity and Ocean
Variables (EBVs and EOVs). However, marine biodiversity is still
critically understudied, with thousands of species whose spatial dis-
tribution remains unknown (e.g., Carradec et al., 2018). Nowadays,
biological data collection has rapidly increased due to the develop-
ment of quantitative imaging (Lombard et al., 2019), genome-based
approaches (Carradec et al., 2018) and online data repositories (e.g.,
Vogt et al., 2023). Nevertheless, their potential to fill knowledge
gaps in marine biodiversity and ecosystem functioning remains ham-
pered by their heterogeneity regarding spatio-temporal coverage
and resolution, accessibility, metadata harmonization and specific
ecological processes associated with each data type (e.g., Dallas &
Hastings, 2018).

Niche theory, proposed by G.E. Hutchinson (1957), provided
the foundation for the development of species distribution models
(SDMs) which estimate the potential biogeographic distribution of
a species based on the environmental conditions it is observed in
(Peterson & Soberdn, 2012). Initially developed for species occur-
rence data (Thuiller et al., 2009), SDMs are now also applied—al-
though marginally used—to continuous biomass or abundance data
(Knecht et al., 2023; Waldock et al., 2022) and proportions from
metagenomic reads (Schickele et al., 2024). They benefit from meth-
ods and guidelines transferred from other fields of research, that
enhance data integration, and lead to a more robust assessment of
their predictive capabilities, explicit uncertainties and quality control
guidelines (Descombes et al., 2022; Roberts et al., 2017; Waldock
et al., 2022). However, associating each output with explicit, multi-
metric and community-approved quality control and metadata is still
challenging. For instance, multiple taxonomic backbones are used or
even developed, the associated metadata is highly heterogeneous
and inherent data limitations remain, such as the management of
heterogeneous sampling effort, biases in abundance measurements
and the multivariate nature of omics data. Therefore, there is a need
for a common comprehensive SDM framework that sources, com-
bines and integrates this wealth of marine biological datasets across
biodiversity metrics, data types, spatio-temporal scales and taxa
(Miller et al., 2019), to produce high-quality, near real-time, stan-
dardized and comprehensive EOVs and EBVs, as acknowledged at
the international level (IPBES, 2016; IUCN Standards and Petitions
Subcommittee, 2017).

In this study, we introduce the Comprehensive Ensemble Pipeline
for Habitat modelling Across large-scale Ocean Pelagic Observation
Datasets (CEPHALOPOD), which unifies existing methods for pres-
ence only (Benedetti et al., 2021), continuous (Knecht et al., 2023)
and proportion data (Schickele et al., 2024) within a common SDM
framework tailored for the marine environment. Its novelty lies in
the production of inter-comparable biogeographical estimates,
EOVs and EBVs across multiple data types. To do so, it directly ac-
cesses—but is not limited to—a large and updated collection of fish
and plankton datasets and a new collection of 47 standardized en-
vironmental predictors. CEPHALOPOD extrapolates information
embedded in scarce and biased marine datasets, and it is associated
with comprehensive, harmonized and explicit quality checks.

2 | MATERIALS AND METHODS
2.1 | Overview of the workflow
2.1.1 | Data preparation

Based on R (v4.2) and Python (v3.9) languages, CEPHALOPOD
analyses relationships between presence only, continuous or pro-
portional biological target variables and environmental conditions.
To this end, we need to (i) access both in-situ biological observations
and (i) environmental climatologies, (iii) retrieve and harmonise the
corresponding relevant metadata (i.e., including taxonomy) and (iv)
ensure parsimonious inputs (i.e., discard biological outliers or non-
informative environmental climatologies; see detailed methods in
Section S1).

The pipeline first accesses in-situ observation within—but not
limited to—the Ocean Biodiversity Information System (OBIS;
http://obis.org), Global Biodiversity Information Facility (GBIF;
http://gbif.org), AtlantECO (Vogt et al., 2023) and Marine Atlas
of Tara Ocean Unigenes (MATOU; Carradec et al., 2018) data-
sets (Figure 1, steps 1-3). Metadata requirements correspond
to a parsimonious subset of the Darwin Core format (Wieczorek
et al., 2012), relevant for marine biogeographical data and har-
monized against a reference taxonomy (i.e., World Register of
Marine Species; WoRMS Editorial Board, 2024). After selecting
target taxa, in-situ observations are associated with environmen-
tal variables known to influence plankton biogeography (Figure 1,
step 4; Table S1). These characterize the physical (e.g., sea surface
temperature), chemical (e.g., nutrient concentration, carbonate
chemistry) and biological (e.g., Chlorophyll-a concentration, pri-
mary production) conditions of water masses as well as their cir-
culation and turbulence patterns (e.g., Eddy Kinetic Energy; EKE).
While this collection of environmental features is mainly targeted
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FIGURE 1 Synthetic diagram of the CEPHALOPOD indicating the essential list of modelling choices, quality checks and flags used in the
workflow. The main steps are indicated on the left-hand side. The associated quality checks or modelling choices are displayed in the middle
panels. The corresponding thresholds used for quality flags are indicated on the right-hand side. Those used in the final traffic light quality
flag are indicated in bold. Grey, yellow, green or orange background corresponds to common, presence-only, continuous or proportions
specific steps, respectively.
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towards the epipelagic ocean, other depth layers are accepted by
CEPHALOPOD (see Section S1). To compensate for the lack of true
absences when using presence-only observations, CEPHALOPOD
samples pseudo-absences following by default the nearby density
of presences and in equal number and weight to the presences
(additional options in Supporting Information), to minimize the
prediction variance (Descombes et al., 2022; i.e., D-design theory;
Montgomery, 2017).

Both biological (target) and environmental (features) data un-
dergo a series of common pre-processing and quality checks before
model fitting. To avoid overparameterization, CEPHALOPOD con-
structs a set of non-collinear and informative environmental fea-
tures (Figure 1, step 6) by discarding environmental features that
are unlikely to explain the target distribution, performing a pairwise
correlation of the features at the target location, and a Recursive
Feature Elimination procedure (RFE; Darst et al., 2018). Each pre-
processing step is quality flagged (see Supplementary Information,
section 1.4; Figure 1, step 6). Finally, to identify the regions where
SDM extrapolates under novel conditions, CEPHALOPOD per-
forms a Multivariate Environmental Similarity Surfaces (MESS; Elith
et al., 2010). At this stage, CEPHALOPOD integrated, processed and
quality-checked all input data and parameters necessary to calibrate
an SDM algorithm.

2.1.2 | Predicting the distribution of the
biological target

CEPHALOPOD employs an ensemble modelling approach, mean-
ing it prioritizes spatial distribution estimates constructed from
several algorithms (see detailed methods in Section S2). To ac-
count for spatial autocorrelation and optimize the algorithm train-
ing, CEPHALOPOD first selects the best hyperparameters using a
Spatial Block Cross-Validation (SBCV; Figure 1, steps 7-9) (Roberts
et al., 2017). SBCV offers a good compromise between spatial in-
dependence, balanced data partitioning and sufficient data for
both training and evaluation (Roberts et al., 2017). Proposed al-
ternatives such as leave-one-region-out or environmental block
cross-validation require predefined regions or selected features to
split the dataset, a criterion that can vary across taxa and spatial
scales (Roberts et al., 2017). Therefore, SBCV offers a higher de-
gree of automation and standardization across multiple applications
of CEPHALOPQOD. Each algorithm output is then evaluated on the
same cross-validation splits to estimate its performance in reproduc-
ing observations. Furthermore, we compute the importance of each
feature in explaining these observations (Figure 1, step 10). Both the
model predictive performance and the interpretability of the feature
importance are associated with a quality flag (Figure 1, step 10). To
account for uncertainty in the spatial projections, CEPHALOPOD
performs a bootstrap procedure for all combinations of algorithms
and taxa passing the previous quality controls (Figure 1, step 11).

We perform a final quality control on the projected uncertainty
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associated with each algorithm and across algorithms composing an
ensemble projection (i.e., ensemble agreement; Figure 1, step 11).

CEPHALOPOD provides graphical outputs for each critical step
and structured objects containing all inputs and outputs, enabling
further analyses. The quality checks associated with each set of ob-
servations are represented as a traffic light with recommendations
alongside monthly spatial projections of each taxa passing the above-
mentioned quality checks (Figure 1, step 12). Finally, CEPHALOPOD
can compute partial dependence plots for each feature included in
the SDMs (Figure 1, step 12) and a range of Hill-based diversity indi-
ces to highlight biodiversity hotspots across the global ocean (Qiao
et al., 2024).

2.2 | Quality assessment and flags

CEPHALOPOD features a multi-metric SDM evaluation integrat-
ing four standardized quality flags. First, the a-priori importance of
the considered environmental features in explaining the biological
target is tested by their average shared Spearman correlation and
mutual information (Kinney & Atwal, 2014), which must exceed that
with a null target by at least 0.05 (Figure 1, step 6) (i.e., adapted
from Knecht et al., 2023). Second, CEPHALOPOD estimates the
predictive performance of each algorithm by quantifying the qual-
ity of the corresponding evaluation split prediction (Figure 1, step
10). To do so, CEPHALOPOD computes (i) a Continuous Boyce Index
(CBI; Hirzel et al., 2006), (ii) a univariate r-squared (R?% Pearson) or
(iii) a multivariate r-squared (Pearson) for presence only, continu-
ous and proportional data, respectively. Metrics range from -1 to
1, with thresholds set at 0.5 for presence only data or 0.25 for con-
tinuous and proportional data to ensure sufficient predictive power
(Figure 1, step 10). Third, CEPHALOPOD extracts the importance of
each feature in explaining the observed patterns in the target (i.e.,
see function specification in the ‘tidymodels’ R library, version 1.1.1).
To better interpret underlying ecological processes, informative fea-
tures should explain a substantial part of the observed variability.
Thus, CEPHALOPOQOD retains only algorithms with a cumulative vari-
able importance above 50% for the top three features (Figure 1, step
10). Algorithms successfully passing the above-mentioned quality
checks are retained to perform habitat suitability projections at the
global scale. Finally, CEPHALOPOD computes the scale independ-
ent Normalized Standard Deviation (NSD), defined as the standard
deviation normalized by the maximum average across bootstrap
runs, for each algorithm, month and grid cell. To quantify the global
projection uncertainty for each algorithm, the pipeline averages the
NSD across the geographical projection domain and associates a
quality check: CEPHALOPQOD retains only algorithms with an NSD
averaged across grid cells under 0.5 (Figure 1, step 11). The pipeline
also computes the NSD between each algorithm considered in the
ensemble projection as a proxy for disagreement among algorithms.
CEPHALOPOD retains only ensembles with an NSD across algo-
rithms under 0.5 (Figure 1, step 11).
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Sequential quality checks are summarized with a traffic light sys-
tem: red, yellow or green light indicates success across 2, 3 or all 4
quality checks, respectively (Figure 1, step 12, Figure Sé), along with

recommendations for interpretation.

3 | VALIDATION
3.1 | Virtual species design

We assessed CEPHALOPOD's skill in reproducing simulated spe-
cies distributions across presence only, continuous and proportional
data through a ‘virtual ecologist approach’ (Zurell et al., 2010). We
simulated 20 virtual niches, (see detailed methods in Section S3), pro-
ducing spatial distributions with prevalences (i.e., the proportion of
occupied geographical cells) ranging from O to 1, to mimic both ubig-
uitous and rare species. These 20 simulated distributions served as
ground truth and the diversity of niche shapes mimic various assem-
blages (e.g., ecosystems of equally abundant or co-existing species;
one dominating species) at each geographical location. To generate
discrete presence records from the continuous habitat suitability

maps (where values are in [0,1]), we performed a binomial trial centred

Evaluate

v" Projection true quality

v" Precision of quality
checks

at 0.5 per sampled cell; if the value of the binomial trial was below
the habitat suitability, the species was considered present in that cell.

We generated samples with three different sampling efforts
(N=50, 200, 1000) and three levels of geographical bias: (i) homog-
enous distribution across the global ocean, (ii) coastal bias and (iii)
North Atlantic bias to replicate common spatial biases (Figure 2). The
lower boundary corresponds to a conservative and commonly ad-
mitted minimum sample number in the field (Benedetti et al., 2021;
Righetti et al., 2023). For continuous and proportional data, we
added background noise to the sampled values (i.e., log-normal bias
with standard deviation of 1 and 2; Figure 2), to simulate variability
from local processes and measurement error. This virtual species de-
sign results in 180 datasets for presence-only and 540 datasets for

continuous or proportional data.

3.2 | Predictive performance

The resulting projections that passed all four quality checks present
a median Pearson correlation with the true distribution of 0.79, 0.82
and 0.58 for presence only, continuous and proportions data, re-
spectively (Figure 3a-c). This means that CEPHALOPOD produces

20 virtual species « TRUE » Habitat suitability
« TRUE » distribution(s)

3 geographical bias Sampling probability
None, Coastal, N. Atlantic 0 _: 1

3 sample size X 3 noise levels
50, 200, 1000 Log-normal distribution

0, 1 and 2 standard deviation

For continuous and proportions data
6 algorithms

(GLM, GAM, RF, MLP, BRT, SVM)

Estimated distribution(s) Estimated Habitat suitability
& associated quality checks 0 1

FIGURE 2 Synthetic diagram of the framework testing on virtual species. The virtual distributions, geographical biases, sample sizes and

noise levels are indicated in lines.
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FIGURE 3 Habitat-modelling performance on 20 virtual species for presence only (a, d), continuous (b, ) and proportion data (c, f). Each
circle corresponds to a combination of prevalence, sample size, background noise, geographical bias and algorithm. For each data type,

the circles are coloured by the factor explaining the most variability. The top panels (a-c) compare the estimated and true distribution. The
bottom panels (d-f) compare the estimated predictive performance (i.e., observed vs. predicted evaluation split) to the true performance
(i.e., estimated vs. true distribution). The 1:1 dashed line indicates a perfect performance estimation. The horizontal black line indicates the
threshold under which an algorithm is discarded. Note that the estimated predictive performance is computed simultaneously across all

targets due to the multivariate nature of proportion data (F).

distribution estimates whose spatial patterns are consistent with the
corresponding true distribution across all data types and sampling
strategies. To assess CEPHALOPOD's skill further, we performed an
analysis of variance (ANOVA) to identify which factors affect the
model performance in predicting the true distribution. While most
factors show a significant effect on true predictive performance,
we highlight only a major contribution of prevalence (53%) when
using presence only data and geographical bias (45% and 46%) when
using continuous or proportional data (Figure S2). This suggests
CEPHALOPOD may yield lower quality, though consistent, estimates

for ubiquitous species with presence-only data (i.e., prevalences
>0.8; Pearson correlation of 0.56; Figure 3a) or for regionally biased
samples in continuous or proportional data (i.e., North Atlantic bias;
Pearson correlation of 0.73 and 0.26, respectively; Figure 3b,c).

To estimate the accuracy of CEPHALOPOD's quality reporting,
we compare the true predictive performance of each algorithm
against the one estimated by the corresponding quality checks (i.e.,
CBlor R? see Supplementary Information, section 1.4; Figure 1, step
10). The deviation between the true predictive performance and the
one estimated by CEPHALOPOD presents an RMSE of 0.27, 0.31
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and 0.26 (Figure 3d-f). This means that the predictive performance
estimated by CEPHALOPOD is consistent or under-estimated (i.e.,
for continuous data; Figure 3e), compared to the true predictive
performance. To further investigate the robustness of our quality
checks, we performed an ANOVA to identify which sampling strat-
egy affects the false positive rate in the estimated predictive per-
formance. While most factors show a significant effect, we highlight
only a major contribution of prevalence (73%) when using presence
only data and geographical bias (34% and 43%) when using continu-
ous or proportional data (Figure S4). Thus, false positive quality flags
may arise with presence only data for ubiquitous species (Figure 3d)
and continuous or proportional data for regionally biased samples
(i.e., north Atlantic bias; Figure 3e,f).

Overall, our virtual ecologist approach shows that each algo-
rithm considered in CEPHALOPOD performs well across sampling
factors and biases (median Pearson correlation of 0.72; Figure 3),
with a limited risk of false positive quality flags on distribution es-
timates (Figure 3).

4 | DISCUSSION
4.1 | Advantage of CEPHALOPOD

The key strengths of CEPHALOPOD are (i) its ability to harmonize
observed distributions, (ii) its standardized, multi-metric quality flags
and (iii) its capacity to produce inter-comparable projections for vari-
ous biological targets across multiple data types. The virtual ecologist
approach highlights the overall good performance of CEPHALOPOD
across multiple data types and sampling biases common to marine
biogeographical data (Hughes et al., 2021) and its value in identify-
ing cases of poor model performance, which limits the risk of mis-
use or misinterpretation of the estimated distributions. Moreover,
the traffic light recommendations comprehensively report on the
reliability of model outputs and thus match the requirements for
minimum SDM standards (Flombaum & Martiny, 2021). However, its
integration within international platforms such as EMODnet and the
Digital Twin of the Ocean necessitates metadata templates designed
for interoperability, distinct from traditional SDM formats (Zurell
et al., 2020). Furthermore, CEPHALOPQOD is largely automated and
parallelized in its data pre-processing and modelling steps, therefore,
greatly facilitating the estimation of species distribution and diversity
across a large range of taxa. Indeed, while a minimum sample size
of 50 observations is required by CEPHALOPQD, there is no prede-
fined upper limit to the number of occurrences or species other than
available computation resources. Therefore, CEPHALOPOD is well
suited for large-scale (e.g., small pelagic fish, copepods; http://obis.
org) or multi-species applications (e.g., species diversity estimates).
Other SDM frameworks propose similar quality checks (e.g., pre-
dictive performance, uncertainty and extrapolation quantification),
modelling options (e.g., ensemble modelling, hyper-parameter tuning,
pseudo-absence selection) and outputs (e.g., projections, variable im-
portance). However, they are often specifically designed for one type

of data (e.g., occurrences; Thuiller et al., 2009), therefore, limiting the
possibilities of integration and inter-comparison across studies or

outputs from other data types such as omics or quantitative imaging.

4.2 | Caveats and limitations

The virtual species approach suggests CEPHALOPOD may overes-
timate the distribution quality when using presence-only to model
ubiquitous species, or for geographically biased samples. The former
is a known long-standing issue in species distribution modelling, as
model evaluationis particularly difficult when the environmental con-
ditions of a species' presence overlap with those of the background
data (Tsoar et al., 2007). Geographically biased sampling effort is
also known to bias distribution estimates when the environmental
conditions of observations are not representative of the fundamen-
tal niche of a taxa, commonly known as niche truncation (Peterson
& Soberdn, 2012). While niche truncation and overestimation issues
are inherent limitations of SDMs, CEPHALOPOD includes a range of
automated quality checks and pre-processing strategies designed to
alleviate their effect on projected distributions (e.g., biological outlier
filtering, spatial discontinuity or extrapolation detection). However,
CEPHALOPOD is designed to complement, not substitute, expert-
driven ecological validation (Schickele et al., 2020). To further miti-
gate niche truncation, we recommend expert curation of occurrence
records that can help identify whether observed distributions reflect
true limits or sampling artefacts (Schickele et al., 2020). We also rec-
ommend avoiding basin-specific environmental variables such as
salinity when regions of higher salinity such as the North Atlantic
Ocean are disproportionally sampled (Benedetti et al., 2021). For
overestimation in projections, we recommend the use of the expert
target group approach (Righetti et al., 2023) and range restrictions
(Waldock et al., 2022) further constrain extrapolation. Moreover,
the collection of available environmental features is non-exhaustive
and primarily optimized for epipelagic species to date. To address
this, we allow expert input of environmental features, constructed
outside the CEPHALOPOD framework, provided they follow the
required format (e.g., bottom or demersal layers derived from the
WOA). CEPHALOPOD offers the possibility to define fixed depth
levels for each modelling run. However, depth layers are treated
independently. Therefore, CEPHALOPOD should be considered
flexible in matching environmental layers with the depth of the stud-
ied taxa, but not as a 3-dimensional depth-structured model (e.g.,
Owens & Rahbek, 2023). Although this version of CEPHALOPOD
is not yet adapted to integrate depth-structured algorithms that are
standardized across data types, this functionality remains a potential
avenue for future development, alongside the integration of CMIP6
climate projections or diel vertical migration dynamics. Additionally,
the quantitative observations retrieved from traditional biomass or
omics-based data are not always comparable among sampling pro-
tocols, due to differing capturability or completeness of the sample
across net types, mesh sizes, sequencing depth or divergent taxo-
nomic nomenclatures (Lombard et al., 2019). To face these inherent
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limitations, CEPHALOPOD incorporates best available practices and
provides explicit insights into its performance and biases along with
guidance towards informed decision-making in diverse ecological

contexts.

5 | CONCLUSION

CEPHALOPOD advances traditional habitat-modelling tools by
incorporating multidimensional and diverse data types to study
marine ecosystems in an inter-operable and comparable format.
As a highly automated algorithm, it is particularly suited for inte-
gration with international data repositories (e.g., OBIS; GBIF; Vogt
et al., 2023) within the Digital Twin of the Ocean framework. The
flexible and standardized formatting of in-situ observations data-
sets in CEPHALOPOD supports new observation types and has
the potential to address evolving demands of multidimensional
ecological research (Ashcroft et al., 2017). Its ability to generate
inter-comparable EOVs and EBVs enhances our capacity to moni-
tor, understand and predict marine ecosystem dynamics. As such,
CEPHALOPOD provides a robust, scalable and operational tool of
interest for a broad audience across ecological researchers, envi-
ronmental managers, conservation practitioners and policymakers
engaged in biodiversity assessment and ocean monitoring.
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Figure S4. Analysis of variance of the factors influencing the false
positive rate in performance estimation by the habitat-modelling
framework for binary (A), continuous (B) and proportions (C) data.

Figure S5. Habitat-modelling performance on 20 virtual species for
presence only (A, D), continuous (B, E, G) and proportion data (F, H).
Figure S6. Combinations of quality flags and recommendations
provided in the output of CEPHALOPOD as a traffic light system.
Each circle represents one quality flag, that is coloured if successful.
Table S1. Collection of observation-based, monthly-resolved and

global-scale environmental features.
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