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Abstract

1. Species Distribution Models (SDMs) assume stable relationships between species and
their environment from which predictions are made. These relationships are likely to
vary with changing environments, and predictions might depend more on modelling
choices than on empirical data. Reliability assessments of predictions are necessary to
support policy-making.

2. We identified environmental extrapolations among potential predictions of cetaceans’
distribution from 2005 to 2020 in the North-East Atlantic and calculated the percentages
of calibration data with similar environments (nearby data), supporting these
predictions. Thus, the assessment of reliability is generic, as evaluated before model
fitting.

3. Predictions on continental shelves were extensively supported by the calibration data
and were more reliable throughout the year than predictions on continental slopes and
abyssal plains, which were more supported in summer. Predictions off Portugal were
particularly uncertain due to the lack of surveys in this region of deep, warmer waters
with seamounts.

4. The high effort between May and July led to a southern winter shift of nearby data,
following the decrease in temperatures. A large part of the predictions between
December and April was extrapolated due to the low coverage of the winter primary
productivity drops, spring peaks and cold waters. They were based on data collected
during other seasons and regions, and given the large spatial extent of the area, and the
seasonality and regionality of the cetacean distributions, reliable winter predictions
might be restricted to geographic areas where winter surveys took place. These

predictions are more uncertain and warrant caution.



5. Synthesis and applications: extrapolations and nearby data highlighted environmental
gaps to predict cetacean distributions in the North-East Atlantic, which could be covered
by future surveys. This informs model users of regions and periods when predictions
reliability becomes uncertain. SDMs are invaluable tools for supporting conservation
applications and, despite the warnings that have been issued, the degree of information
available for predicting distribution is still rarely reported. We recommend adding this

assessment as routine information on the reliability of predictions.

Keywords:
climate change, decision-making, environmental similarity, extrapolation, nearby data,

robustness, transferability



1. Introduction

By relating species attributes such as presence or abundance to environmental covariates,
Species Distribution Models (SDMs) are used to estimate species distributions, delimit
protected areas or predict climate change impacts (Elith and Leathwick, 2009; Guisan et al.,
2013; Redfern et al., 2006; Zurell et al., 2020). The reliance of SDMs on calibration data and
modelling choices implies uncertainties and potential errors in predictions (e.g. quality and bias
of calibration data, choice and source of environmental variables, modelling procedure; see
Rocchini et al., 2011). Among these, the reliability of predictions from SDM decreases in
environments different from those of the calibration dataset, as the fitted species-environment
relationships are uncertain and may no longer be valid (Dormann, 2011; Elith and Leathwick,
2009; Fitzpatrick and Hargrove, 2009; Owens et al., 2013; Qiao et al., 2019). Although
acknowledged, assessments of the environmental similarity between predictions and calibration
dataset are still rarely reported along with predictions (Rousseau and Betts, 2022; Taheri et al.,
2021; Yates et al., 2018). Spatially explicit maps of uncertainty are useful, in this regard, to
depict the reliability of SDMs (e.g. as ignorance maps, see Tessarolo et al., 2021; Rocchini et

al., 2011).

1.1. Assessing the SDM reliability in new environments

The environmental similarity provides an indication of the amount of data available to predict
a species’ distribution a priori (ahead of model fitting; Bouchet et al., 2020; King and Zeng,
2007; Mesgaran et al., 2014). If the environmental similarity between the calibration data and
a prediction is low, the prediction depends more on modelling choices than on empirical data,
and may not be reliable. Environmental extrapolations and nearby data have emerged as

practical metrics to assess this environmental similarity and map the uncertainties (Bouchet et



al., 2019; Garcia-Barén et al., 2019; Mannocci et al., 2018; Virgili et al., 2017, 2019; Zurell et
al., 2020).

The environment can be defined as the combination of the covariates (Hutchinson, 1957;
Fitzpatrick and Hargrove, 2009) and the environmental space as the n-dimensional space where
each dimension is an environmental covariate that describes the species’ ecological niche
(Hutchinson, 1957). Mesgaran et al. (2014) delimited the environmental coverage of the
calibration dataset by the smallest hull that contains these environments in the environmental
space (see Fig. 1 with an illustrative dataset and two covariates). Extrapolations were then
defined as predictions with combinations of covariates outside the environmental coverage of
calibration in the environmental space (Mesgaran et al., 2014), including, therefore, predictions
outside the sampled range of one or more of the covariates. By contrast, interpolations were
predictions with combinations of covariates inside the environmental coverage of calibration.
Theoretically, the fitted species-environment relationships are expected to be more uncertain
(and more dependent on modelling choices) outside the environmental coverage, So
extrapolations are, in themselves, more uncertain than interpolations (Fitzpatrick and Hargrove,
2009; Mesgaran et al., 2014; Zurell et al., 2012). On the other hand, the more calibration data
that have environments similar to a prediction (aka nearby data, Fig. 1), the better the prediction
is data-driven, and hence more reliable (regardless of whether it is an interpolation or
extrapolation; Bouchet et al., 2019; King and Zeng, 2007). Otherwise, the prediction depends
more on modelling choices than on empirical evidence and is more uncertain. Both
extrapolations and nearby data identify environmental gaps in the calibration dataset that future

data collection (e.g. dedicated surveys) can fill.
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Figure 1. Representation of the environmental space covered by an illustrative dataset with two
environmental covariates, temperature and bathymetry. Extrapolations (prediction q) are
predictions under environments outside the environmental coverage (red line) in the
environmental space, and interpolations (prediction p) are predictions inside the environmental
coverage. The more nearby data a prediction has in the environmental space, the more this
prediction is based on empirical data and is reliable. This figure results from a simulation using
Gower’s distance in the Whatlf R package (King and Zeng, 2007; version 1.5-8). Unlike
Euclidean distances, the radius around a Gower's distance produces a diamond shape (distances

in each dimension are not squared before being added together; see Methods).

1.2.Practical application: predictive reliability of SDMs for cetaceans in the North-East
Atlantic

As top predators, cetaceans are key indicators of environmental status and can serve as prime

sentinels of multitrophic marine ecosystem changes (Kiszka et al., 2015; Moore, 2008). They

are protected by national and international legislation (e.g., EU Habitats Directive, Convention

on Migratory Species and its regional agreements). In recent decades, large-scale international



and national surveys have collected data on the occurrence of cetaceans in offshore and shelf
waters of the North-East Atlantic (Hammond et al., 2002, 2013, 2021 ; CODA, 2009; Rogan et
al., 2018; Gilles et al., 2016; Laran et al., 2017). Using data collected from surveys conducted
between 2005 and 2020 (all seasons included) and a common set of environmental covariates,
we identified environmental extrapolations among potential SDMs predictions in the North-
East Atlantic from 2005 to 2020 and calculated their percentages of nearby data. Thus, we
investigated the potential of the collected data to build reliable distribution models in the region.
This assessment was performed for the indicator Abundance and distribution of cetaceans of
the 2023 Quality Status Report (Geelhoed et al., 2022) of OSPAR (Convention for the

Protection of the Marine Environment of the North-East Atlantic).

2. Methods
The process of collecting and processing survey data to create the calibration dataset, the
prediction grids within the North-East Atlantic from 2005 to 2020 and the assessment of the

predictive reliability is shown in Fig. 2 and detailed in the following sections.

2.1.Survey data & field methodology

In the North-East Atlantic, large-scale international and national surveys have been conducted
to assess cetacean distributions and abundances over three decades using dedicated aerial and
ship-based surveys. The survey data used in this analysis are those collated for the OSPAR
2023 Quiality Status Report (Geelhoed et al., 2022). Large-scale surveys included SCANS-I1I
(Small Cetaceans in the European Atlantic and North Sea; 2005; Hammond et al., 2013),
SCANS-III (2016; Hammond et al., 2021), CODA (Cetacean Offshore Distribution and
Abundance in the European Atlantic; CODA, 2009) and ObSERVE (Rogan et al., 2018)

surveys. All surveys followed a distance-sampling methodology, i.e., allowing to estimate the



detection probability from the transect line and to estimate absolute abundances (Buckland et
al., 2009). Detailed descriptions of shipboard and aerial survey field methodologies are

provided in previous studies (Gilles et al., 2016; Hammond et al., 2021; Scheidat et al., 2008).
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Figure 2. Flowchart of data preparation steps and analyses. The dashed arrows represent

additional steps in the prediction of abundances. These steps were not taken in the present

investigation.

2.2.Environmental covariates

The candidate set of covariates (Table 1) was selected following previous studies on cetacean
distribution modelling (Gilles et al., 2016; Lambert et al., 2017; Rogan et al., 2017). These
covariates are proxies for habitat suitability and prey distributions, probably the main drivers
of cetacean distribution (Palacios et al., 2006, 2013; Redfern et al., 2006). Seven covariates

were selected, at a monthly resolution, to limit the complexity of the model. Increasing the



number of covariates increases the number of new possible combinations of covariates, and

therefore the number of extrapolations (Authier et al., 2017).

2.3.Data preparation

Survey data collected from 2005 to 2020 were compiled, all seasons included, for the indicator
Abundance and distribution of cetaceans in the OSPAR 2023 Quality Status Report (Geelhoed
et al. 2022). The calibration data were the compiled data, clipped to the study area (Fig. 3). The
study area encompassed the OSPAR regions 11, 111, and IV completed by the overlapping MSFD
(EU Marine Strategy Framework Directive) sub-regions of the Celtic Seas, Bay of Biscay,
Iberian Coast, and Greater North Sea, and covers a total surface of 2.46 10° km2. The calibration
data were segmented into 10 km mean length segments in the R software environment (R core
team 2020), conforming with Becker et al. (2020), Gilles et al. (2016) and Virgili et al. (2019).
The monthly covariate means were extracted within a radius of 5 km around their centroid.
Monthly prediction grids were created, composed of 10x10 km cells, from January 2005 to

December 2020. The monthly covariate means were averaged within each cell.



Table 1. Candidate environmental covariates used to model the cetacean distributions. Source
A: EMODnet Bathymetry 2020 Digital Terrain Model (https://www.emodnet-bathymetry.eu/).
Slope and aspect were derived from bathymetry using the Terrain function (Raster R-package).
Source B: Copernicus (https://resources.marine.copernicus.eu): Global Ocean Physics
Reanalysis (B1), Global Ocean Biogeochemistry Hindcast (B2; see Acknowledgements for

DOIs). The SST gradients were calculated from the SST means, using the DetectFronts

function (Grec R package).

Environmental Origi.nal Original Tem_po_ral - >
variable spatial temporal | prediction | Abbreviation | Source | Justification
resolution | resolution | resolution
Proxy for cetacean prey
distribution  (e.g., the
Bathymetry Bathy deep-divers feed on squid
(m) and fish in the deep-water
column).
Associated with currents,
o high  slopes  induce
< Slope (rad) Slope enhanced primary
g 1/16 arc NA VA4 A producti(_)n or  prey
S minute aggregation.
2 Describe currents and
o prominent structures such
as canyons, seamounts or
Aspect mountain chains, used as
(rad) Aspect proxies  for  predator
hotspots and wuseful in
locations where access to
biological data is limited.
Variability over time and
Sea surface horizontal gradients of
temperature SST reveal front
mean (°C) mSST, locations, mixing of water
and gradSST and is associated with
gradient enhanced primary
(°C/m) 0.083° production and  prey
2 (-5500 m B: | aggregations.
g to0m) High EKE relates to the
g Eddy Monthly | Monthly development of eddies,
S Kinetic EKE upwelling of nutrients and
8 Energy enhanced primary
(m/s) production, which induce
prey aggregation.
Netdprimary 0.25° Net primar); produlctic|>(n is
productivity : a proxy of zooplankton
(mg.m?. (:[g5oO?n;n NPPV B2 | distribution, feeding
day™) cetacean prey.
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Figure 3. Study area delimited by OSPAR regions II, 11l and IV and the overlapping MSFD

sub-regions (EU Marine Strategy Framework Directive). Bathymetry source: EMODnet DTM

(https://www.emodnet-bathymetry.eu/).
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2.4.Extrapolations and nearby data
The method followed is that of Bouchet et al. (2019). Nonetheless, dsmextra R package
(Bouchet et al., 2020) could not be run due to an undetermined error related to the grid
irregularity. The extrapolations and percentages of nearby data of the predictions from 2005 to
2020 were therefore estimated with the Whatlf R-package version 1.5-8 (King and Zeng, 2007),
using the aggregated dataset including all seasons. Extrapolations are binary data, defining
whether the prediction environment falls outside or inside the environmental coverage of the
calibration dataset in the environmental space (Fig. 1). Nearby data for a prediction are
calibration data located in the environmental space within one mean geometric Gower’s
distance (mean Gower’s distance between all possible pairs of calibration data). The Gower’s
distance G2 between two points, i and j (here, all possible pairs of calibration data), is defined
as the average absolute distance between the values of these two points in each dimension,
divided by the dimension range. With K environmental dimensions, the Gower’s formula is as
follows:

K

- gy

k=1 k
Here, r« is the difference between the highest and lowest values of the k" covariate in the dataset.
By equalizing the variances of the covariates, they contribute equally to the Gower’s distance.

Nearby data for a prediction are calibration data that have similar environmental conditions.
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3. Results
3.1.Spatio-temporal coverage of calibration
The dataset consisted of 74,430 points, totalling 698,551 km of survey effort between 2005 and

2020. The most surveyed years were 2005, 2012 and 2016, and the best covered months were

May and July (Fig. 4).
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Figure 4. Cumulative monthly and annual survey effort from 2005 to 2020, separated by MSFD

Region.

The surveyed areas were larger in June and July (Fig. 5). Throughout the year, surveys were
more frequent in the shallow waters of the eastern/southern Greater North Sea and along the
coast of the Bay of Biscay. Deep waters were mainly covered in January, June, July and
September, and the coverage was lower than in shallow waters. The Portuguese offshore waters

were not covered by the surveys.
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3.2.Gap analysis in the environmental space
Monthly extrapolations and nearby data for 2019 are presented in the following sections, and
the overall results are available at https://pelabox.univ-Ir.fr/pelagis/Extrapolation/. Similar

spatial and temporal patterns have been found over the years.

3.2.1 Extrapolations

Off the southern Iberian coast, predictions in deep waters were consistently extrapolated (Fig.
6). Predictions in the deep waters of the Bay of Biscay and Celtic Seas were extrapolated
between January and May, although in some winter months (e.g., 2012, 2016, December 2019),
they were partly interpolated. These deep waters were largely interpolated in summer.

The predictions were interpolated over the years in shallow waters of the Bay of Biscay, Iberian
coast, the southern Greater North Sea and the southern Celtic Seas. In the north of the study
area, from October to December-January, the interpolations gradually turned into
extrapolations. These predictions reverted to interpolations from January to April: therefore,
the number of extrapolations per month increased from [6,029: 14,067] in summer to [34,238:
54,929] in winter (minimum and maximum between 2005 and 2020), representing [8.1%:

18.9%] and [46.0%: 73.8%)], respectively.
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Figure 6. Extrapolation maps for 2019 based on survey data collected from 2005 to 2020 and

environmental covariates in Table 1.
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3.2.2. Nearby data

The percentages of nearby data in shallow waters (continental shelves) differed significantly
from continental slopes, seamounts and abyssal plains (Fig. 7): the maximum percentages were
47.6% (35,381) in shallow waters, 2.0% (1,480) in abyssal plains, 1.4% (1,066) in continental
slopes and 1.0% (744) in seamounts off the Iberian coast.

During the year, the nearby data have slowly shifted southward, from summer to winter. The
highest percentages of nearby data decreased by 5% to 9% (3721 to 6699 nearby data) in
January to April in shallow waters. They remained stable in abyssal plains, decreased to a
minimum of 0.6% (447) on continental slopes from September to February, and to 0.7% (521)
on seamounts (without seasonal pattern). The peak of nearby data was reached in summer in
the Greater North Sea and Celtic Seas, and late spring/fall in the Bay of Biscay.

Variations in nearby data along the Iberian coast should be noted, with higher values from
December to April than from July to September. Furthermore, some rare predictions totalled
zero nearby data on the slope of the Portuguese coast from June to December. Some predictions
also had zero nearby data in other areas: Portuguese offshore waters from December to April,
the northern continental slope, and the entrance to Skagerrak (numbers increasing from

November to February and decreasing until June).
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4. Discussion
4.1.Practical application: predictive reliability for cetacean abundances in the North-East
Atlantic

This study highlights differences in the potential of the calibration data to build reliable
distribution models over the study area, due to environmental gaps related to bathymetry,
seabed slope, temperature, and primary productivity in the calibration dataset. Predictions in
shallow waters without slope were particularly well supported by the calibration dataset. From
May to November in the Bay of Biscay, the Celtic Seas, the English Channel and the North
Sea, the regular and extensive survey coverage over months and years of the continental shelf
has allowed to capture the annual variability of environments. These predictions are especially
more data-driven and robust to modelling choices. Surveys were conducted less frequently and
less extensively in winter and predictions during this season are based largely on data collected
in northern regions during warmer months. Winter predictions of cetacean distribution are
generally less reported due to uncertainties related to the potential differences between seasonal
and regional species-environment relationships (Geelhoed et al., 2022; Gilles et al., 2016;
Virgili et al., 2019). The nearby data show that predictions can be supported by a substantial
part of the calibration dataset if the data can effectively be transferred between regions and
seasons.

Environmental gaps in the calibration dataset were revealed in primary productivity drops and
peaks, which were not fully captured by the surveys. This is the case in the northern study area,
where surveys were only conducted in the summer and did not cover the cold and low
productive waters from December to February, as well as the peaks of primary productivity in
cold temperatures from April to May. This has led to a decrease in nearby data percentages in
northern areas during this period and an increase in the number of extrapolations. High primary

productivities in warm waters, found along the Iberian coast in summer, were also not given
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much support by this calibration dataset. These predictions were better supported in winter,
when the primary productivity and temperature (but also the eddy kinetic energy) are lower.
These environments are probably similar to those in which effort is greatest, i.e. shallow,
temperate and less productive waters. The ecological rationale for transferring data from
northern areas in warmer months to the Iberian coast should also be verified before predicting
winter cetacean distribution in this area. Furthermore, the continental slope along the Iberian
Peninsula limits the support of the calibration dataset to these predictions, as slopes represent a
small area compared to continental shelves and abyssal plains in the North-East Atlantic and,
apart from on the Iberian coast, are offshore and difficult to access. The temperature, primary
productivity and slope, associated with the annual variability of the environment, led to some
predictions having zero nearby data on the Portuguese coast, although surveys were conducted
in July 2005, July 2016 and September 2019 in this area. This region is particularly important
given its species richness and diversity (Correia et al., 2021; Garcia-Baron et al., 2019) and
would benefit from more surveys.

Overall, a large environmental gap was found on slopes in the calibration dataset, although the
Bay of Biscay continental slope was, for example, regularly covered over the years and for
several seasons (Authier et al., 2018; Garcia-Baron et al., 2019; Hammond et al., 2013; 2021;
Laran et al., 2017). In this area, many predictions were nonetheless interpolated throughout the
year. However, the number of extrapolations on the northern slopes of the Celtic Seas and the
North Sea increased sharply between summer and winter with the transition to cold and less
productive environments.

Deep waters were also a source of significant environmental gaps, as percentages of nearby
data were low, due to logistic constraints that limit the survey coverage of offshore areas. Large-
scale, internationally coordinated surveys such as SCANS (1994, 2005, 2016 ; Hammond et al.,

2002, 2013, 2021), CODA (CODA, 2009) and ObSERVE (Rogan et al., 2018) were
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substantially attributed to this coverage of deep waters and slopes. The effort was particularly
higher in summer due to weather conditions. This is reflected in the large number of
interpolations found in deep waters during the warm months. Nonetheless, the winter coverage
effort (e.g. Laranetal., 2017; Rogan et al., 2018) has resulted in the interpolation of predictions
in the covered areas and months. The large number of extrapolations in the Bay of Biscay
abyssal plain during spring shows, however, that the surveys did not capture the cold,
productive waters found in this area from February to May. Furthermore, the lack of surveys
off Portugal has left a large environmental gap in this area during most of the year. Species-
environment relationships in deep waters off Portugal may differ from those in the Bay of
Biscay due to the presence of prominent topographical structures, such as seamounts (Cascéo
et al., 2020; Rovere et al., 2016). Predictions on seamount sides were the least supported by the
calibration dataset due to the combination of slope, deep waters and the lack of surveys off
Portugal where these environments occur. Their nearby data were data collected on continental
slopes of the northern Iberian coast, Bay of Biscay, and Celtic seas. These predictions should
be handled with caution and any management based on these predictions should caveat
accordingly.

Since the distribution of cetaceans is strongly influenced by physiographic and oceanographic
characteristics, related to the aggregation of prey and cetacean ecological restrictions (Cafadas
et al., 2002; Kiszka et al., 2007; MacLeod et al., 2005; Virgili et al., 2019), environmental gaps
related to temperature, primary productivity, bathymetry and seabed slope are highlighted,
limiting the reliability of the predictions. Future surveys in geographical areas and periods
representing these environments, especially offshore areas and in the winter and spring seasons,
will contribute to fill these gaps and decrease the uncertainties. Surveys regularly conducted
over the years have enabled to better capture the annual variability of environments and avoid

extrapolations in years with unusual environmental conditions. These coverages are necessary
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to better understand cetacean distribution, in particular seasonally and in offshore areas, and
allow effective monitoring of populations in the face of global change and ubiquitous human
activities (Avila et al., 2018; Halpern et al., 2008, 2015). Variations in nearby data and
extrapolations highlighted, in this analysis, the differences in seasonal survey coverage rather

than monthly coverage, with cold seasons significantly less covered than warm seasons.

4.2.Considerations for SDMs predictive reliability

Our study did not reveal a significant influence of the eddy kinetic energy, gradient of
temperature and aspect on the predictive reliability and robustness, although this does not mean
that they have no influence. However, their variability at small rather than large scales, in
contrast to bathymetry, primary productivity and temperature, as well as their lower seasonal
variations could explain the consistency of the coverage over their range of values in different
environments. Variations in reliability and robustness may occur due to these covariates but on
a smaller scale and, therefore, not highlighted here. The nearby data (Fig. 7) show that the
Gower’s distance assigned a predominant weight in the calculation of nearby data to bathymetry
due to its wide range, which attenuated differences in other covariates, such as temperature and
primary productivity. The presence of high and uncommon primary productivity values in the
dataset has further attenuated the differences between seasons and regions for this covariate,
and preliminary data analysis may be required to rescale differences within the range of a
covariate and between covariates.

Some choices may also influence this so-called gap analysis. Increasing the number of
covariates, in the same way as using dynamic covariates (Mannocci et al., 2018), or a finer
spatial or temporal resolution (Randin et al., 2009; Yates et al., 2018), increases the number of
possible combinations of covariates, therefore increasing the degree of extrapolations (Authier

et al., 2017). Model-users could also save the time required to compute extrapolations, nearby
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data and predictions by limiting the number of covariates and the spatio-temporal resolution a
priori, depending on the modelling aims. The covariates making large contributions to
extrapolations can be identified through existing tools (Bouchet et al., 2020) and removed
during covariate selection prior to model fitting. Modifying the calibration dataset or the
covariate set, however, will significantly change these results by increasing the percentages of
nearby data and the number of interpolations when covariates are removed or calibration data
added (Authier et al., 2017; Mannocci et al., 2018). Furthermore, the Gower’s distance is
relative to the ranges of covariates in the calibration set. Therefore, the percentages of nearby
data might be low even in the case of small spatio-temporal extent, where environments are
similar.

The ability to assess predictive reliability from the environmental similarity between the
calibration data and the predictions is also expected to decrease with significant climate change,
since the latter can lead to geographical shifts in environmental space (i.e. new range or average
values for covariates in a given geographical area), open up future environments that are
currently unsuitable for species or may result in species-environment relationship changes
(Elith and Leathwick, 2009; Fitzpatrick and Hargrove, 2009; Veloz et al., 2012). Furthermore,
species distribution may be determined by non-environmental factors, such as life cycles and
residency patterns (Nathan et al., 2008). Hence, models often include covariates related to the
geographical space, and modeller may consider including them as additional dimensions in the
environmental space for the calculation of extrapolations and nearby data. This approach allows
both geographical and environmental distances to be taken into account when analysing gaps
in the calibration dataset used to fit distribution models. Ignorance maps, which consider
temporal decay and geographical distance between calibration data and predictions (Rocchini

et al., 2011; Tessarolo et al., 2021), may also provide valuable and relevant assessments in the
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aforementioned cases, although additional knowledge/assumptions are needed (e.g. decay

range).

5. Conclusions

SDMs are invaluable tools for supporting decision-making for species conservation. Predictive
uncertainties and errors due to dependence on modelling choices must therefore be
appropriately communicated to improve their confidence in management, especially in the face
of global change where new environments open up and restrain predictive reliability. We
assessed the uncertainties of predictions from 2005 and 2020 for the first time in the combined
regions of the Bay of Biscay, the North Sea, the Iberian Coast and the Celtic Seas for the
common indicator Abundance and distribution of cetaceans of the OSPAR 2023 Quality Status
Report (Geelhoed et al., 2022). Stakeholders can easily identify the predictions less informed
by data and more by assumptions embedded in modelling choices with the extrapolations and
nearby data (e.g., Figs. 6-7). These environmental gaps can be filled by future surveys
conducted in the region and periods concerned, which would reduce the uncertainties in
predicting cetacean distributions.

These metrics are useful tools for presenting caveating maps to end-users: they provide a
descriptive summary of data available for SDM predictions, regardless of the modelling
procedure. We recommend routinely reporting these metrics as additional information on
predictive reliability before model-fitting (Bouchet et al., 2019), in complement to measures of
predictive precision (e.g. coefficient of variations or standard error) that are available after

model fitting.
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Figures and tables

Table 1. Candidate environmental covariates used to model the cetacean distributions. Source
A: EMODnet Bathymetry 2020 Digital Terrain Model (https://www.emodnet-bathymetry.eu/).
Slope and aspect were derived from bathymetry using the Terrain function (Raster R-package).
Source B: Copernicus (https://resources.marine.copernicus.eu): Global Ocean Physics
Reanalysis (B1), Global Ocean Biogeochemistry Hindcast (B2; see Acknowledgements for

DOIs). The SST gradients were calculated from the SST means, using the DetectFronts

function (Grec R package).
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Figure 8. Representation of the environmental space covered by an illustrative dataset with two
environmental covariates, temperature and bathymetry. Extrapolations (prediction q) are
predictions under environments outside the environmental coverage (red line) in the
environmental space, and interpolations (prediction p) are predictions inside the environmental
coverage. The more nearby data a prediction has in the environmental space, the more this
prediction is based on empirical data and is reliable. This figure results from a simulation using
Gower’s distance in the Whatlf R package (King and Zeng, 2007; version 1.5-8). Unlike
Euclidean distances, the radius around a Gower's distance produces a diamond shape (distances

in each dimension are not squared before being added together; see Methods).

Figure 9. Flowchart of data preparation steps and analyses. The dashed arrows represent

additional steps in the prediction of abundances.

Figure 10. Study area delimited by OSPAR regions Il, 11l and 1V and the overlapping MSFD
sub-regions (EU Marine Strategy Framework Directive). Bathymetry source: EMODnet DTM

(https://www.emodnet-bathymetry.eu/).

Figure 11. Cumulative monthly and annual survey effort from 2005 to 2020, separated by

MSFD Region.

Figure 12. Geographic coverage of the surveys. Cumulative monthly effort per 10x10 km grid

cell from 2005 to 2020.

Figure 13. Extrapolation maps for 2019 based on survey data collected from 2005 to 2020 and

environmental covariates in Table 1.
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Figure 14. Percentages of nearby data of predictions for 2019 in the environmental space, based

on survey data collected from 2005 to 2020 and environmental covariates in Table 1.
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Highlights

- 2005-2020 cetacean survey data collected in the North-East Atlantic were aggregated
- We study environments where predictions depend on model assumptions

- The data support was large in shallow waters but decreased sharply in deeper waters
- Variations in temperature, primary productivity and slope influenced the data support
- This deepens our understanding of the potential to build reliable distribution models
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