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A B S T R A C T

Knowledge on the distribution of Vulnerable Marine Ecosystems (VMEs) is critical to support their effective 
management. However, major knowledge gaps still exist, particularly in Areas Beyond National Jurisdiction 
(ABNJ). Species Distribution Models (SDMs) can help to fill these gaps, especially in historically under-sampled 
regions. The Walvis Ridge in the South-East Atlantic, for example, consists of extensive seamount complexes and 
hosts deep-sea fauna that constitute VMEs, but is among the most data-poor globally.

Presence/background models predicting the occurrence of the cold-water coral Enallopsammia rostrata, the 
most frequently encountered VME indicator species in the area to date, were developed for Valdivia Bank and 
Ewing seamount (NE Walvis Ridge). We found that incorporating high-resolution hydrodynamic variables and 
applying modifications to compensate for class imbalance in presence/background models strengthened models 
and reduced uncertainty. Random Forest models generally outperformed MaxEnt models, but an ensemble model 
had the best overall performance. The ensemble model predicted that 4.45% (10 519.90 km2) of the study area 
has suitable habitat for E. rostrata, driven by depth, slope, kinetic energy dissipation and downwelling intensity.

We demonstrate that even when developed on smaller occurrence record datasets, SDMs can deliver useful 
predictions, given appropriate statistical compensations and the addition of high-resolution hydrodynamic 
variables. The maps produced represent a valuable addition to ongoing spatial planning in this ABNJ, and can 
guide future survey effort aiming to validate, strengthen and broaden SDMs to improve our understanding of the 
distribution of VMEs in the under-studied SE Atlantic.

1. Introduction

Sustainable management of ecologically important deep-sea habitats 
in Areas Beyond National Jurisdiction (ABNJ) is of increasing global 
importance, but the biodiversity in these habitats is among the most 
poorly studied (Bell et al., 2025; Glover et al., 2018). The recently 
ratified Biodiversity Beyond National Jurisdiction (BBNJ) Agreement 

emphasises the use of Area-Based Management Tools (ABMTs), such as 
Marine Protected Areas (MPAs), as important conservation measures to 
sustainably manage seabed use in the high seas (United Nations, 2023). 
However, large knowledge gaps on the spatial distribution of deep-sea 
biodiversity substantially limits the ability to implement meaningful 
ABMTs.

Among the existing mechanisms that aim to safeguard important 

* Corresponding author. Marine Science, National Oceanography Centre, United Kingdom.
E-mail address: lisa.skein@noc.ac.uk (L. Skein). 

Contents lists available at ScienceDirect

Deep-Sea Research Part I

journal homepage: www.elsevier.com/locate/dsri

https://doi.org/10.1016/j.dsr.2026.104758
Received 20 February 2026; Received in revised form 16 September 2026; Accepted 17 September 2026  

Deep–Sea Research I 232 (2026) 104758 

Available online 18 September 2026 
0967-0637/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

mailto:lisa.skein@noc.ac.uk
www.sciencedirect.com/science/journal/09670637
https://www.elsevier.com/locate/dsri
https://doi.org/10.1016/j.dsr.2026.104758
https://doi.org/10.1016/j.dsr.2026.104758
http://creativecommons.org/licenses/by/4.0/


deep-sea habitats are those outlined by the Food and Agriculture Or
ganization (FAO) for fisheries that operate in ABNJ, most of which are 
managed by relevant Regional Fisheries Management Organisations or 
Arrangements (RFMO/As). The FAO guidance came in response to 
Resolution 61/105 of the United Nations General Assembly (UNGA, 
2006), where member states and RFMO/As are called upon to protect 
and prevent any significant adverse impacts to Vulnerable Marine Eco
systems (VMEs); ecosystems that are highly vulnerable to destructive 
seabed activities such as bottom fishing. The FAO guidance lists several 
criteria to designate VMEs, along with a non-exhaustive list of example 
species, communities and habitat features that can support VMEs (FAO, 
2009).

Framework-forming cold-water corals (CWC) and the summits and 
flanks of seamounts, guyots, banks, knolls and hills are among indicative 
VME taxa and habitat types, respectively, described in the FAO guide
lines as in need of protection from bottom fishing practices (FAO, 2009). 
Highly heterogenous terrain in combination with dynamic water 
movement at such areas can create ideal environments for 
suspension-feeding fauna like CWC (Morato et al., 2021; Mortensen 
et al., 2008; Tracey et al., 2011). CWC frameworks are highly fragile, 
which in combination with slow growth rates (Lartaud et al., 2017), 
extreme longevity (Etnoyer et al., 2018; Hitt et al., 2020), and slow or 
limited recruitment (Strömberg and Larsson, 2025) render them highly 

vulnerable to destructive activities like bottom trawling (Hinz, 2017). 
Studies investigating CWC habitats degraded by bottom trawling esti
mate that recovery can take anything from decades to centuries (Baco 
et al., 2019; Bett et al., 2025; Clark et al., 2016, 2019), if at all. 
Biogenic frameworks formed by CWCs increase physical habitat 
complexity (Cordes et al., 2008) and create environmental niches for 
many other taxa that utilise them for attachment, feeding, shelter, 
reproduction and predator avoidance (Buhl-Mortensen et al., 2010; 
Costello et al., 2005; Rogers et al., 2007; Stevenson et al., 2015). This 
enhances biomass and diversity (Demopoulos et al., 2014; Van Oevelen 
et al., 2009), and many taxa have been shown to be either fully 
dependent on or strongly associated with deep-sea CWCs (Corbera et al., 
2019; Henry and Roberts, 2007; Jonsson et al., 2004; Price et al., 2019). 
This also applies to species of commercial interest. In a recent review, 
Selgrath et al. (2026) revealed that approximately 30% of the 
commercially landed species in California were associated with 
framework-forming CWC, emphasizing their role as essential fish habi
tats. For these reasons the destruction of CWC habitats translates into 
significant decreases in the diversity, richness and abundance of asso
ciated benthic communities (Althaus et al., 2009; Koslow et al., 2001), 
alongside the loss of the vital ecosystem services they provide (La Bianca 
et al., 2023).

To date, limited knowledge on the distribution of VMEs in ABNJ has 

Fig. 1. (A) The north-eastern portion of the Walvis Ridge with ABNJ focus areas for this study (Valdivia Bank and Ewing seamount), as well as SEAFO bottom fishing 
and SEAFO closed areas. Note this does not show the entire SEAFO-CA and all fished/closed areas. Underlying bathymetry is GEBCO (GEBCO Bathymetric 
Compilation Group, 2020).(B) Predictive models were trained on occurrence records of Enallopsammia rostrata on Valdivia Bank, and transferred onto Ewing 
Seamount, generating predictions across both areas. Hydrodynamic variables were extracted at 500m resolution at topographically complex areas (Child grids), and 
at 1500 m resolution across broader areas (Parent grids). (C) Model development extent on Valdivia Bank showing Enallopsammia rostrata presence and 
pseudo-absence points.
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made implementation of the required protection measures challenging 
(Du Preez et al., 2020). Whilst ABNJ are generally data-poor, this is even 
more pronounced at regions like the South-East Atlantic (Menegotto and 
Rangel, 2018; Bridges et al. 2023a, 2023b). In this region, a feature of 
particular interest and relevance to VMEs is the Walvis Ridge that ex
tends from the Namibian shelf south-westward towards the Mid-Atlantic 
Ridge, the majority of which falls within ABNJ (Fig. 1). This system 
consists of seamounts, guyots, canyons and embayments (Contreras 
et al., 2022) and represents a barrier between North Atlantic Deep 
Water and Antarctic Bottom Water (Pérez-Díaz and Eagles, 2017). The 
Walvis Ridge is recognised as an Ecologically and Biologically Signifi
cant Area (EBSA) by the Convention on Biological Diversity (Secretariat 
of the Convention on Biological Diversity, 2020), meaning it is regarded 
as critically important for the functioning of marine ecosystems.

With its complex morphology and high productivity, the Walvis 
Ridge is home to diverse suspension- and filter-feeding benthic com
munities that likely constitute VMEs (Baco et al., 2023). The first reports 
of VME indicator taxa from this area, specifically scleractinian CWCs, 
originated from research cruises that took place in 1982 – 1984, 
although the survey methodology at the time has since been described as 
inadequate for the sampling of these taxa (Zibrowius and Gili, 1990). 
More recent efforts focused on benthic communities include 
Spanish-Namibian expeditions from 2008 to 2010 (López Abellán and 
Holtzhausen, 2011; Muñoz et al., 2012) and one other led by the 
Ecosystem Approach to Fisheries (EAF)-Nansen Programme in 2015 
(FAO, 2016). In light of the findings from these latter efforts, the 
South-East Atlantic Fisheries Organisation (SEAFO), the relevant 
RFMO/A in this area, applied a precautionary approach by imple
menting bottom fishing closures for 11 areas and a partial closure in one 
area that still allows pots and bottom longlines (located on the southern 
edge of Valdivia Bank) where VMEs may be present, as detailed in 
SEAFO Conservation Measure (CM) 30/15 (www.seafo.org). In the 
absence of more detailed information, the closures implemented 
through CM 30/15 were underpinned by coarsely identified 

geomorphological features that may support VMEs. At the same time, all 
fishing activity in the SEAFO Convention Area remains concentrated on 
seamounts (Fig. 1). Most of the current closures are at depths below 
1000 m, although the partial closure at Valdivia Bank South, which falls 
inside the area focused on in this study, spans a depth range of 414 – 
996 m according to the latest high-resolution bathymetry for this area.

Only three published studies thus far describe some aspects of 
benthic communities on Walvis Ridge (Bergstad et al., 2019a; Gil and 
Ramil, 2021; Zibrowius and Gili, 1990), the most comprehensive of 
which, at the time of this publication, is that by Bergstad et al. (2019a). 
It described the observed dominance of scleractinian CWCs, particularly 
of Enallopsammia rostrata (Pourtalès, 1878) (Fig. 2), followed by 
Gorgonian and Antipatharian corals, as well as commercially important 
fish and invertebrates. E. rostrata, as part of the family Dendrophylliidae, 
can create large dendroid colonies up to 1 m wide and ~0.5 m tall and is 
regarded as one of the most significant habitat-forming CWC taxa 
globally (Freiwald et al., 2004). Like other deep-sea scleractinian corals, 
E. rostrata exhibits extreme longevity, with some live specimens esti
mated to be over 100 years old in one study (Adkins et al., 2004), and 
between 209 and 605 years old in another study (Houlbrèque et al., 
2010). Its growth rates have been estimated at 0.012 – 0.072 mm/y 
which is slower than that of other frequently studied scleractinian spe
cies like Desmophyllum pertusum or Madrepora oculata (Houlbrèque et al., 
2010; Montero-Serrano et al., 2013).

Species Distribution Modelling (SDM), or habitat suitability model
ling, is a key tool that is being used to generate predictions of spatial 
distribution patterns of VME indicator taxa in understudied deep-sea 
regions (Ardron et al., 2014). Predictive SDM maps covering large 
portions of un-surveyed areas are especially useful in supporting spatial 
management planning (Georgian et al., 2019; Rowden et al., 2017) and 
to guide targeted field surveys in under-explored areas (Georgian et al., 
2014). To date, no local-scale models have been developed at high 
resolution for VME indicator taxa, like E. rostrata, for the Walvis Ridge. 
Existing SDMs for E. rostrata developed elsewhere suggest that the 

Fig. 2. Examples of Enallopsammia rostrata records identified from video transects performed in 2015 (FAO, 2016). Images from Dive 13 (A, B), Dive 10 (C), and Dive 
16 (D) on Valdivia Bank.
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distribution of this species tends to be patchy and concentrated to the 
steep slopes of ridge-like features and seamount chains (Georgian et al., 
2019; Rowden et al., 2017; Tracey et al., 2011; Vinha et al., 2024). 
Water column properties such as bottom salinity have also been sug
gested to be an important environmental driver of its distribution 
(Anderson et al., 2016; Tong et al., 2023; Vinha et al., 2024), potentially 
linked to the influence of distinct water masses on CWC distribution 
(Puerta et al., 2020). For example, modelling outputs produced in Vinha 
et al. (2024) suggested that depths with elevated salinity values that 
E. rostrata appeared to favour corresponded to the distribution of North 
Atlantic Deep Water in Cabo Verde, between 1200 and 1700 m. Ideal 
depth ranges for this species in the South Pacific, on the other hand, are 
predicted to be between 500 and 1500 m (New Zealand; Tracey et al., 
2011). Global-scale models for E. rostrata suggest a broad depth distri
bution, from surface waters to beyond 1000 m (Davies and Guinotte, 
2011; Tong et al., 2023), although on Walvis Ridge Bergstad et al. 
(2019a) suggest that it likely inhabits a narrower range, between 350 
and 800 m.

In the absence of local-scale or sub-regional scale SDMs, global-scale 
models are useful and especially so in areas with no existing survey data. 
However, global-scale models tend to be developed at comparatively 
coarser resolutions and often with environmental variables lacking local 
validation. Mismatches between the resolutions at which global models 
are developed and resolutions relevant for management, combined with 
an overprediction tendency (Tong et al., 2023) and a lack of local data to 
underpin model development, can all together result in limited stake
holder uptake and limited effectiveness of such maps in supporting local 
spatial plans (Winship et al., 2020). Coarse resolution environmental 
variables limit the ability of such models to capture the fine-scale 
environmental heterogeneity that can influence the occurrence of 
VME indicator taxa like CWCs (Lecours et al., 2015; Rengstorf et al., 
2013; Yánez-Suárez et al., 2024).

Environmental variables that describe the transport and delivery of 
organic matter to CWC, as food, are important in models developed for 
suspension-feeding taxa (Mohn et al., 2014; Pearman et al., 2020). 
Hydrodynamic variables that describe these processes can strengthen 
model performance and improve prediction accuracy (Pearman et al., 
2020; Rengstorf et al., 2014). However, these variables are seldom 
available at high resolution, and so other proxies derived from ba
thymetry are often used. In a study where an original model for the 
sponge Pheronema carpenteri was validated using newly collected data, 
the authors suggested that among the likely reasons for the poor per
formance of the model was indeed the omission of hydrodynamic vari
ables related to food supply (Howell et al., 2022). Mohn et al. (2025)
recently developed a high-resolution hydrodynamic model for the NE 
portion of the Walvis Ridge (specifically covering Valdivia Bank and 
Ewing seamount) that describes near-bottom currents and physical 
processes. By integrating the available high-resolution bathymetry 
across the more topographically complex sections of Valdivia Bank and 
Ewing Seamount, the study refined variations in near-bottom currents at 
these areas. The study also explored potential causal links between some 
of the modelled hydrodynamic properties and the distribution of CWC 
and sponge taxa that were recorded during the 2008 – 2010 RAP-SUR 
expeditions (López Abellán and Holtzhausen, 2011). Areas with inten
sified kinetic energy dissipation and internal wave dynamics corre
sponded with greater occurrences of CWCs and sponges (Mohn et al., 
2025), highlighting the potential value of such variables in predictive 
SDMs for these taxa.

With this set of valuable environmental variables, it is now possible 
to develop the first high-resolution predictive model for a deep-sea VME 
indicator species, i.e. E. rostrata, for this portion of the Walvis Ridge. 
Although E. rostrata is currently the VME indicator species with most 
occurrence records in the area (and the only such species that currently 
has a sufficient number of local records to enable model development), 
the limited historical survey effort in the area means that the number of 
records is still relatively low. However, as the field of SDM and 

specifically its application to data-limited regions has progressed, so too 
has the ability to statistically compensate for algorithm-specific limita
tions associated with smaller datasets. Deep sea SDMs rarely have ac
curate information on true absences, so presence/pseudo-absence or 
presence/background modelling approaches like Maximum Entropy 
(MaxEnt) (Elith et al., 2011; Phillips et al., 2006) are often used (Ashford 
et al., 2014; Shantharam et al., 2025; Wiltshire et al., 2018). However, 
MaxEnt can tend to overpredict and handles correlated variables 
comparatively worse than tree-based classification approaches (Zhao 
et al., 2022) such as Random Forest (RF) (Breiman, 2001). Whilst 
there are other advantages to using RF, it is not explicitly designed for 
presence/background modelling, and it can have poor performance 
when presences are substantially outnumbered by background or 
pseudo-absence points (Barbet-Massin et al., 2012; Liu et al., 2019; 
Valavi et al., 2022), such as in a scenario with few presence records. 
Modifications in which the RF algorithm uses environmental informa
tion at presence and background locations have been put forward by 
Valavi et al. (2021), and were used in this study. Finally, in cases where 
the choice between individual algorithms may not be clear, and/or to 
mitigate variability the predictions delivered by different algorithms, 
ensemble models can be used (Robert et al., 2016).

The aims of this study were therefore to (i) develop the first high- 
resolution SDM for the VME indicator species, E. rostrata on Walvis 
Ridge, (ii) compare performance of presence/background algorithms 
and the effect of integrating high-resolution hydrodynamic variables, 
(iii) explore effects of resampling modifications on the performance of 
RF models when developed in a presence/background mode, and (iv) 
investigate the relationship of environmental variables and E. rostrata 
occurrence on Walvis Ridge.

2. Methods

2.1. Study area

The Walvis Ridge system in the South-East Atlantic is an aseismic 
volcanic chain with diverse geomorphological features including banks, 
seamounts, guyots and canyons. The north-eastern origin of the ridge is 
on the Namibian continental margin from where it extends into the 
ABNJ in a south-western direction to near the Mid-Atlantic Ridge at the 
Tristan da Cunha and Gough islands. This study focused on the north- 
eastern ABNJ portion of Walvis Ridge, specifically Valdivia Bank and 
Ewing seamount (Fig. 1). Valdivia Bank is a large plateau with a depth 
range of 220 m to > 4000 m into the surrounding abyssal plains 
(Bergstad et al., 2019b; Contreras et al., 2022). The majority of Valdivia 
Bank has gentle slopes (<1◦), but this increases at several mounds with 
steep sides (>15◦), as calculated from the latest high-resolution (150 m) 
merged bathymetry grid of this area (Contreras et al., 2022). These 
mounds vary between 220 and 440 m in height, with mound summits at 
depths between 500 and 1330 m. Steeper slopes (10 – 30◦) are observed 
at small knolls that cap some of these mounds (Contreras et al., 2022). 
To the northeast of Valdivia Bank lies Ewing Seamount (23◦14.7′S, 
08◦16.0′E); an irregularly shaped, isolated seamount with a summit 
depth of 780 m and a summit plateau with depths between 850 and 
1000 m (Fig. 1). From its south-eastern summit in a north-west direction 
runs a wide, elongated plateau that drops off drastically in the 
north-west at about 950 m (Bergstad et al., 2019b).

2.2. Data collection

2.2.1. Environmental variables
Shipboard multibeam echosounder (MBES) data collected during the 

2008 – 2010 RAP-SUR and 2015 EAF-Nansen expeditions covered the 
more topographically complex areas in the study area and importantly 
the confirmed presence locations of E. rostrata. Acoustic data were 
cleaned via Caris (Hips & Sips) software and a merged bathymetry grid 
was produced at an initial 50 m resolution, with data gaps filled by the 
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mean value of neighbouring pixels. This grid was subsequently merged 
with the GEBCO_2020 global bathymetry layer (GEBCO, 2020) to create 
a uniform bathymetry layer at a 250 m resolution. The GEBCO_2020 grid 
represents a non-blended compilation of bathymetry from GEBCO's 
global terrain model and sparse bathymetry datasets supplied by inter
national and national data repositories. From the merged MBES ba
thymetry and GEBCO_2020 grid, bathymetry-derived terrain variables 
were calculated using the ‘terra’ R package (Hijmans et al., 2026).

Information on the nature of the terrain such as seabed roughness, as 
well as the relative positioning of a grid cell in relation to neighbouring 
cells, also provide useful information on the likely suitability of an area 
to support the attachment of a particular species (Dolan et al., 2008; 
Wilson et al., 2007). This included slope (maximum change in elevation 
over the distance between a cell and its neighbouring cells), aspect (i.e. 
orientation of the slope, converted into eastness (sin(aspect)) and 
northness (cos(aspect)), Terrain Ruggedness Index (TRI; local variation 
in the terrain around a central pixel, an estimate of terrain heteroge
neity), Topographic Position Index (TPI; elevation of a cell in relation to 
the average elevation of neighbouring cells) and curvature (profile 
curvature, i.e. curvature of the surface in the steepest down-slope di
rection) (Table 1). Slope, TPI and TRI were calculated using a 3 x 3 cell 
window (Wilson et al., 2007).

Hydrodynamic variables (3-D velocities, 3-D density field) were 

extracted from simulations of the ROMS-AGRIF model (version 3.1) for 
Valdivia Bank and Ewing seamount. Variables were derived at higher 
resolution in more topographically complex areas (child grids, 500 m 
resolution), nested within the wider area where variables were derived 
at coarser resolution (parent grids, 1500 m resolution) (Fig. 1b). The use 
of the 500 m resolution child grids at geomorphologically complex areas 
with existing fine resolution bathymetry resolves greater small-scale 
variability and localised flow features at these areas, whereas the 
1500 m resolution parent grids capture dominant spatial patterns, large- 
scale gradients, and the main kinetic energy dissipation hotspots (Mohn 
et al., 2025). All parent and child grids employ 32 terrain-following 
vertical layers, with increased resolution near the surface and close to 
the seafloor. Near-bottom vertical resolution ranges from < 2 to 39.5 m 
at Valdivia Bank and from 6.5 to 38 m at Ewing seamount. The highest 
vertical resolution can be found in shallower, topographically more 
complex areas. More detail on the development and local validation of 
this model can be found in Mohn et al. (2025). Inverse Distance 
Weighting (IDW) with a 16 - cell search radius was used to interpolate 
and subsequently merge parent and child grids to a 250 m resolution, 
matching that of the bathymetry grid. Bottom temperature, bottom 
salinity, horizontal current speed of the bottommost layer, kinetic en
ergy dissipation of the bottommost layer (as a proxy for vertical mixing 
and encounter rates of particles, indicative of food availability), internal 
wave slope criticality (internal wave propagation direction and in
tensity, related to mixing and distribution of food particles), and vertical 
velocity (indicative of upwelling/downwelling intensity) were extracted 
as daily averages for the year 2009. All environmental layers used in 
modelling were in continuous raster format in a WGS 1984 datum and 
with a cell size of 0.00225◦ equating to approximately 250 m resolution 
(Fig. S1).

2.2.2. Enallopsammia rostrata distribution
Information on the geographic distribution of Enallopsammia rostrata 

was gathered through various sources. Spanish-Namibian research 
cruises between 2008 and 2010 under the RAP-SUR project took place 
aboard the B/O Vizconde de Eza and collected physical samples through 
bottom rock dredge trawls (López Abellán and Holtzhausen, 2011), 
among which E. rostrata was described as a frequently observed and 
dominant species. In total, 14 geo-referenced records were assigned to 
E. rostrata, representing the coral species with the most occurrence re
cords from the area at the time. One more record was retrieved from the 
OBIS database, originating from the first study that mentioned scler
actinian corals on Walvis Ridge (Zibrowius and Gili, 1990).

A 2015 expedition carried out under the EAF-Nansen Programme of 
the FAO aboard the R/V Dr Fridtjof Nansen focused on data collection to 
describe VME habitats as well as commercially valuable species within 
the SEAFO-Convention Area (FAO, 2016). This expedition used a towed 
video rig to conduct visual survey transects across several seamounts in 
the SEAFO-CA. Of specific relevance to this study are transects on Val
divia Bank (n = 20) and Ewing seamount (n = 5) (Table A1, and more 
information can be found in FAO (2016) and Bergstad et al. (2019a)). 
Each transect followed an upslope direction at speeds between 0.5 and 
1.5 kts, and replicate lines covered approximately 0.9 – 1.7 km (0.5 to 
0.9 nm). For this study, the raw video footage from the transects was 
processed to establish potential E. rostrata records, which were subse
quently confirmed by taxonomic experts (Fig. 2). Dive tracks from the 
survey were reconstructed using time-stamped positional information 
recorded by the camera system's software, and the observed occurrences 
of E. rostrata were time-matched with the dive times to provide occur
rence coordinates. A total of 25 additional records were confirmed from 
the video transects (Table A1), 16 of which were added to the modelling 
dataset to ensure that one record per 250 m grid cell was used during 
model development. Results from opportunistic Van Veen grabs 
deployed during the 2015 survey delivered one additional record, 
although this also had to be discarded as an existing visual record was 
already present within the particular grid cell. A final 32 occurrence 

Table 1 
Terrain-, oceanographic- and hydrodynamic variables considered for models. 
*Variables retained in final models. ** Profile curvature was used in terrain 
variable-only models but was excluded from models combining terrain- and 
hydrodynamic variables. Terrain variable only models used all terrain variables 
apart from TRI.

Environmental variable Resolution Unit

Terrain
Depth * 250 m Meters
Slope * Degrees
Eastness * ​
Northness * ​
Profile curvature ** ​
Topographic Position Index 

(TPI) *
​

Terrain Ruggedness Index 
(TRI)

​

Hydrodynamic
Maximum Bottom 

Temperature (2009)
Higher resolution (500 m) small model 
domain (child grid) embedded in lower 
resolution larger model domain 
(parent grid). Interpolated through 
Inverse Distance Weighting to 250 m.

◦C

Mean Bottom Temperature 
(2009)

◦C

Minimum Bottom 
Temperature

◦C

Maximum Bottom Salinity 
(2009)

PSU

Mean Bottom Salinity 
(2009)

PSU

Minimum Bottom Salinity 
(2009) *

PSU

Maximum Horizontal 
Current Speed (2009)

m/s

Mean Horizontal Current 
Speed (2009)

m/s

Minimum Horizontal 
Current Speed (2009)

m/s

Mean Kinetic Energy 
Dissipation – Bottom 
(2009) *

log10 ε 
(W/kg)

Maximum Annual Vertical 
Velocity (2009)

m/s

Mean Annual Vertical 
Velocity (2009)

m/s

Minimum Annual Vertical 
Velocity (2009) *

m/s

Mean Internal Wave Slope 
Criticality (2009)

m/s
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records for E. rostrata, all located on Valdivia Bank, were used for model 
development (Fig. 1b and c).

2.3. Species distribution models

2.3.1. Variable selection
All analyses were performed in RStudio (Posit team, 2026). MaxEnt, 

RF, and ensemble models merging predictions from the best-performing 
iterations of each MaxEnt and RF model were used to generate pre
dictions of E. rostrata occurrence for this section of Walvis Ridge. As all 
available presence records of E. rostrata were from Valdivia Bank, 
models were developed for this area and then transferred onto Ewing 
seamount, for which the same environmental variables were available to 
enable model transfer. Modelling extent was dictated by the extent at 
which hydrodynamic variables were produced (parent and child grids, 
Fig. 1b). The overlapping area between the Valdivia and Ewing parent 
grids was masked from the Ewing raster datasets and used for model 
development focused on the Valdivia Bank area (Fig. 1b and c). Selec
tion of variables to be included in final models was done by removing 
strongly correlated variables (Pearson correlation coefficient > 0.7) and 
those with a variation inflation factor (VIF) > 5. A set of variables with 
VIF scores < 5 can be regarded as having a low level of co-linearity 
(Heiberger and Holland, 2004) and is often used to aid variable selec
tion in SDM studies (Yesson et al., 2017). A preliminary MaxEnt model 
was first run on the full set of variables (Table 1), after which particular 
variables that were part of a strongly correlated pair and contributed the 
least to model AUC were systematically removed (‘SDMTune’ R package 
(Vignali et al., 2020)), and until the VIF scores for the remaining vari
ables were < 5 (Zuur et al., 2009).

2.3.2. Extrapolation analysis
Areas characterised by environmental conditions outside of the 

observed model training data, i.e. areas of model extrapolation, were 
identified to provide additional insight on the degree to which model 
training data represents the environmental conditions of the prediction 
area. This is also useful to identify areas where the reliability of model 
predictions may be limited (i.e. extrapolated/non-analogous areas) and 
where future sampling efforts can be prioritised. This was done using the 
Extrapolation Detection (ExDet) tool (Mesgaran et al., 2014) from 
‘dsmextra’ R package (Bouchet et al., 2020). Cells identified as having 
non-analogous conditions to those in the observational dataset can be so 
assigned as a result of univariate (outside the range of one variable) or 
combinatorial (novel combinations of between variables) extrapolation 
(Mesgaran et al., 2014). Cells with both univariate and combinatorial 
extrapolation are categorised as univariate, in which case the variable 
with the greatest univariate distance is recognised as the most influential 
variable for the cell. The relative percentage of extrapolated area 
attributed to variables responsible for univariate and combinatorial 
extrapolation was also summarised (Table S2). Further visual depiction 
of the ranges of environmental variables across the prediction area and 
those at observed points used for model development is included in the 
supplementary material (Fig. S3).

2.3.3. Role of environmental variables
To investigate the effects of incorporating high-resolution hydrody

namic variables on model outputs, separate MaxEnt and RF models were 
developed on terrain-only and combined terrain-hydrodynamic data
sets. The performance of the respective models (terrain variable-only vs 
terrain-hydrodynamic variables) was compared by contrasting their 
predictions, their respective rankings of environmental variables, model 
evaluation metrics, and in terms of how realistic they captured likely 
species-environment relationships.

Functional response curves depicting the relationship between the 
predicted probability of E. rostrata occurrence and environmental vari
ables used in modelling were constructed through extraction of pre
dicted occurrence probability values across ranges of those 

environmental variables included in the model. Locally estimated scat
terplot smoothing was subsequently applied to generate response curves 
with accompanying 95% confidence intervals.

Proportional importance of variables in each model was informed 
following the approach described in Thuiller et al. (2016), and recently 
applied, for example, in a similar study by Vinha et al. (2024). In this 
approach, (1) predictions are made with the original model training 
data, (2) the order of values of one variable is permuted whilst those of 
the remaining variables are kept as is, (3) a new prediction is made with 
the permuted variable, (4) the correlation between predictive values of 
the original prediction and the predicted values made with the permuted 
variable is assessed. In this case, low correlation scores indicate that the 
permuted variable has a strong effect on the model's prediction, and vice 
versa.

Variables with low importance will produce higher correlation 
scores, whereas those with greater importance will drive lower corre
lation scores. Modelling algorithms often have different measures of 
variable importance; however, this approach allows for a standardised 
evaluation of importance across algorithms, including those used in the 
present study.

2.3.4. Modelling algorithms
MaxEnt is a presence-only algorithm that uses presence and ‘back

ground’ points to characterise environmental conditions across an area. 
The algorithm aims to minimise distance between probability densities 
where species/habitats are present and the environmental variables 
(Elith et al., 2011; Phillips and Dudík, 2008). To account for potential 
effects of sampling bias, background points (n = 1000) were generated 
via Kernel Density Estimation (KDE) with default bandwidth selection 
settings using the ‘MASS’ package (Venables and Ripley, 2002) which 
concentrates background points around presence points. MaxEnt models 
were subsequently developed with terrain variables only as well as a 
combination of terrain and hydrodynamic variables, using default pa
rameters. This was done through the R packages ‘rJava’ (Urbanek, 
2026), ‘raster’ (Hijmans, 2025), and ‘dismo’ (Hijmans et al., 2024) 
and the open-source MaxEnt software (Phillips et al., 2017).

The machine-learning RF algorithm generates decision-trees across 
covariate space, using ensembles from hundreds to thousands of trees to 
produce qualitative (classification) or quantitative (regression) pre
dictions (Breiman, 2001). RF deals reasonably well with correlated 
variables, include interactions in the fitted model, and are flexible in the 
type of data that can be used (Elith, 2019). It can be developed on 
presence/absence or presence/pseudo-absence points; with “pseu
do-absences” often used interchangeably with “background” points. The 
choice of background points for RF model development was informed by 
trawl locations where E. rostrata was not recorded during the 2008-2010 
RAP-SUR expeditions (n = 70). It is recognised that these points do not 
represent true absences across a grid cell, however the use of these 
points was deemed sensible as it similarly aims to account for potential 
effects of sampling bias as done by KDE-generated background points 
used for the MaxEnt models.

In comparison to traditional presence/background models, RF can be 
sensitive to imbalanced classes, for example when the background or 
pseudo-absence points substantially outnumber the presence points 
(Johnson et al., 2012; Robinson et al., 2018; Valavi et al., 2022). In this 
study, we explored the effects of potential solutions to such problems in 
RF presence/background models as suggested in Valavi et al. (2021). 
This included (i) the application of weights to each class, where the cost 
of misclassifying the minority class (i.e. presences) is increased, here 
applied to the Gini index (ii) an equal-sampling approach, where 
different subsampled datasets are generated from the original, each with 
equal classes and thus subsampling the pseudo-absence points, and (iii) 
a down-sampling approach, where the same number of presence and 
pseudo-absence points are used but at the level of each individual tree, 
and sampled by replacement (i.e. bootstrapping) from the full dataset, 
therefore allowing the use of more pseudo-absence points. The 
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advantage of down-sampling as opposed to equal sampling is that 
because of the bootstrapping approach, many more of the 
pseudo-absence points can be used and so a better characterisation of 
background conditions can be informed while at the same time 
compensating for class imbalance. Before doing so, however, the effects 
of hydrodynamic variables on RF models were investigated by 
comparing outputs from RF models run in default mode, with and 
without hydrodynamic variables. After it was revealed that inclusion of 
hydrodynamic variables resulted in predictions much less influenced by 
bathymetry-related noise, with lower uncertainty, and with mostly 
minor differences in evaluation metrics, the decision was made to 
further explore the effect of resampling modifications described above 
on RF models that included hydrodynamic variables. The code used for 
resampling modifications is provided in Valavi et al. (2021).

Optimal model parameters were determined using the tuneRF 
function from the ‘randomForest’ package (Liaw and Wiener, 2002) on 
the 5 x 10 cross-validated training data (see below), whereby the in
fluence of the number of variables used at each split (mtry) on 
out-of-box error rates was investigated. This value was then used to 
determine the number of trees (ntree) that would also result in the 
lowest error rates. Optimal parameters were thus mtry = 2, ntree = 500, 
and models were run in classification mode.

2.3.5. Model evaluation
Models were developed on a 5 x 10 cross-validation approach, where 

data is split into five folds (‘dismo’ package; Hijmans et al., 2024), 
trained on four of the five folds and tested on the remaining fold, with 
this process repeated 10 times, each time with different combinations of 
points assigned to folds. MaxEnt and ensemble models were tested on 
the same testing data than that used in RF models (presence/p
seudo-absence points). Rasters of predicted probabilities produced 
through each modelling approach were averaged across the 5 x 10 
cross-validated replicates, with accompanying uncertainty presented by 
the proportional coefficient of variation surrounding the mean.

Model performance was evaluated through threshold-independent 
and threshold-dependent metrics, visual inspection of the nature of 
the predictions produced, and prediction uncertainty. The threshold- 
independent metric was the Area Under the Curve (AUC) of the 
receiver operating curve, where AUC > 0.7 is reflective of good 
discriminatory ability between presences and absences, and AUC < 0.5 
indicative of a model performing no better than random (Elith and 
Leathwick, 2009). Threshold-dependent metrics included the kappa 
statistic which ranges between − 1 and +1, where values < 0 indicate a 
model performing no better than random and +1 indicate perfect 
agreement with the observed values (Cohen, 1960). Although kappa 
scores have been shown to be affected by prevalence, i.e. the relative 
number of presences (Allouche et al., 2006), they were still calculated 
for potential insights into the effects of various resampling adjustments 
to RF models that affected prevalence. To provide a 
prevalence-controlled, threshold-dependent measure of predictive abil
ity, the True Skill Statistic (TSS (Allouche et al., 2006);) was used. Other 
threshold-dependent metrics included sensitivity (portion of correctly 
predicted presences) and specificity (portion of correctly predicted ab
sences). Thresholds applied to the predicted probabilities of each model 
were defined by the value maximising Sensitivity and Specificity which 
is a robust threshold method for converting continuous suitability out
puts into binary maps (Liu et al., 2005) and commonly used in the 
marine realm (e.g., Morato et al., 2020; Beazley et al., 2021). Thresholds 
and threshold-dependent evaluation metrics were computed using the 
‘optimal.thresholds’ function in the ‘PresenceAbsence’ R package 
(Freeman and Moisen, 2008).

2.3.6. Ensemble model
As several resampling options (in the case of RF models) and variable 

combinations (terrain-only or terrain-hydrodynamic) were explored, the 
decision on which version of the MaxEnt and RF models to include in the 

final ensemble model was collectively guided by AUC values, prediction 
uncertainty, overall ranking of each model's evaluation metrics, and 
visual inspection of their spatial predictions across the study area. Pre
dictions from the best versions of the RF and MaxEnt models were 
subsequently averaged across each model's replicate outputs and 
weighted by each replicate's respective AUC value (n = 50/algorithm) to 
generate an ensemble of the two models' predictions. The degree of 
spatial disagreement between the models (i.e. inter-model variability) 
used in the ensemble model was calculated as the standard deviation 
between the merged rasters' values and transformed into a proportional 
coefficient of variation.

3. Results

3.1. Model performance

Models selected for inclusion in the ensemble model were the Max
Ent model with terrain and hydrodynamic variables, and the RF model 
with resampling via down-sampling and containing terrain and hydro
dynamic variables. This ensemble model demonstrated the best overall 
performance across the range of evaluation metrics considered (Fig. 3). 
Area Under the Curve (AUC) of the receiver operating curve values were 
greatest for the ensemble (0.97 ± 0.04). All versions of RF had AUC 
values in between 0.89 and 0.93, whilst these were lower in MaxEnt 
(0.82 for both versions, Fig. 3a).

True Skill Statistic (TSS) values were high for the ensemble model 
(0.91 ± 0.1) and RF model with down-sampling (0.78 ± 0.06), followed 
by other iterations of RF terrain-hydrodynamic models with TSS values 
between 0.72 and 0.73 (Fig. 3b). MaxEnt had the lowest TSS values, 
particularly that of the MaxEnt terrain variable-only model 
(0.63 ± 0.21).

Models ranked similarly based on kappa, that of the ensemble being 
greatest (0.89 ± 0.12), followed by RF down-sampled (kappa 
0.74 ± 0.06). The remaining iterations of RF terrain-hydrodynamic 
models had similar values for kappa, whilst that of the MaxEnt models 
were lower and associated with the greatest standard deviations 
(Fig. 3c).

Sensitivity (proportion of correctly predicted presences) was similar 
for MaxEnt and the ensemble models (0.96), followed by the RF down- 
sampled model (0.92 ± 0.06). The RF terrain variable-only model 
ranked lowest in terms sensitivity (0.78 ± 0.05) (Fig. 3d). Specificity 
(proportion of correctly predicted absences/pseudo-absences) was 
greatest for the ensemble (0.95 ± 0.07), followed by RF models, and 
lowest for MaxEnt models that had specificity values between 0.68 and 
0.78 (Fig. 3e). Only in the case of the down-sampled RF model were 
sensitivity values greater than specificity values; all other versions of RF 
models performed better in terms of specificity vs sensitivity (Fig. 3d and 
e).

The comparatively better performance of MaxEnt models in terms of 
sensitivity is most likely because it predicted presences over much 
greater and more continuous extents (Table 2, Fig. 7), thereby increasing 
the likelihood that a presence point will fall somewhere within the area 
MaxEnt predicted as having suitable conditions. Equally, models whose 
binary predictions encompassed smaller areas performed better in terms 
of specificity. The terrain-hydrodynamic RF down-sampled and MaxEnt 
models performed worse than their comparators according to specificity 
than sensitivity, yet when they were merged to create the ensemble 
model, the resultant ensemble had the best specificity score, and second- 
best sensitivity score (Fig. 3d and e).

3.2. Role of environmental variables

3.2.1. Variable importance
In MaxEnt models, depth substantially outranked other variables in 

terms of permutational importance. This was most evident in the terrain 
variable-only MaxEnt model where depth had 94.4% permutational 
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importance, and all remaining variables had less than 2.5% (Fig. 4). 
When incorporating hydrodynamic variables in the MaxEnt model, 
depth still far surpassed other variables (78.2%), although the propor
tional importance of other variables was greater, namely for minimum 
vertical velocity (11.4%) and bottom kinetic energy dissipation (4.9%).

In the terrain variable-only RF model, depth was similarly the most 
important variable (41.1%). However, in contrast to its MaxEnt 
comparator where the importance of other variables was substantially 
less, the RF model (run with default resampling settings) afforded 
greater importance to profile curvature (29.8%) and slope (21.2%) 
(Fig. 4). When incorporating hydrodynamic variables into the similarly 
set-up RF default model, the importance of depth decreased to 34.9%, 
followed by slope (22.8%), minimum bottom salinity (16.1%) and bot
tom kinetic energy dissipation (13.9%) (Fig. 4).

Most terrain-hydrodynamic RF models with resampling modifica
tions ranked depth, slope, and bottom kinetic energy dissipation among 
the top three most influential variables. Specifically, in the RF down- 
sampled model which was identified as the top-performing version of 
the RF models, depth had 33.8% importance, slope 22.2%, and bottom 

kinetic energy dissipation 18.8%. The importance of Topographic Po
sition Index, eastness and northness were negligible across all models 
(Fig. 4).

3.2.2. Functional responses
The various models agreed that occurrence probability was highest 

between 500 and 800 m and sharply decreased as depths increased past 

Fig. 3. Threshold-independent (A) and threshold-dependent evaluation metrics (B-E) from RF and MaxEnt models incorporating terrain-only and a combination of 
terrain-hydrodynamic models, using thresholds based on values maximising sensitivity and specificity Bars represent mean (±SD) of 5 x 10 cross-validated models.

Table 2 
Mean thresholds (informed by values that maximise sensitivity and specificity) 
applied to probability predictions generated by the various models, the conse
quent area (km2) likely to be most suitable for Enallopsammia rostrata across the 
study area, and its corresponding proportion of the study area.

Model Threshold Suitable area 
(km2)

Proportion suitable area 
(%)

Ensemble 0.59 10 519.90 4.45
RF Weighted 0.49 10 577.57 4.47
RF Equal sample 0.62 10 652.67 4.51
RF Default 0.49 10 724.47 4.54
RF Down-sample 0.48 10 880.34 4.60
Maxent terrain-only 0.35 10 916.76 4.62
Maxent 0.24 11 571.18 4.89
RF Default, terrain- 

only
0.48 13 169.55 5.57

Fig. 4. Percentage importance of variables in terrain variable-only and terrain- 
hydrodynamic MaxEnt and RF models of Enallopsammia rostrata. Values are 
means (±SD) over 5 x 10 cross-validated models. ε = kinetic energy dissipation 
(log10 ε (W/kg)) of the bottom-most water layer; TPI = Topographic Position 
Index. Salinity and vertical velocity are minimum annual averages for the 
year 2009.
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800 - 1000 m, after which it remained low. MaxEnt disagreed with RF at 
shallower depths, where the highest probabilities were predicted at 
around 222 m in the former, whilst in the latter it was the opposite, with 
probabilities showing a distinct peak between 500 and 600 m (Fig. 5a).

The influence of minimum vertical velocity (m/s) across the ranges 
shown was constant but sharply decreased when values neared 0, i.e. as 
down-welling intensity dissipated (Fig. 5b). Specifically, vertical ve
locities between − 0.003 and − 0.002 m/s, indicative of strong down
welling intensity, were associated with the greatest probabilities of 
occurrence in the ensemble model.

As bottom kinetic energy dissipation increased, so did the probability 
of E. rostrata occurrence. Here too did the RF and MaxEnt models 
demonstrate different patterns past the initial peak: a sharp increase for 
MaxEnt as kinetic energy dissipation increased past − 8 log10ε (W/kg), 
but a decrease for RF past this point. The response depicted by the 
ensemble model instead shows a maintained elevated probability of 
occurrence along with elevated kinetic energy dissipation peaking at 
around − 8 log10 ε (W/kg) (Fig. 5c).

The relationship with slope was more clearly depicted by RF models, 
where flat slopes had near zero probability of occurrence, but this 
increased as slope increased and did not decrease again (Fig. 5d). This 
pattern was also observed in the ensemble model, where probability of 
occurrence increased as slopes started to get steeper around 3◦ after 
which it maintained fairly similar probabilities up to around 50◦

(Fig. 5d).
Topographic Position Index (TPI) values of zero (i.e. areas where the 

cell is at the same elevation than the average of the neighbouring cells) 
had a slightly negative effect on occurrence probability according to RF 
models, which corresponds to the similarly negative effect of flat slopes 
(Fig. 5e). However, in general the influence of TPI on E. rostrata 
occurrence in all models appeared to be minor. The same could be said 
of eastness and northness, whose ranges did not appear to have any 
meaningful effects on occurrence in neither RF nor MaxEnt models 

(Fig. 5h and i). Increasing profile curvature resulted in increased 
occurrence probabilities in the terrain variable-only RF and MaxEnt 
models (the only models where this variable was included), suggesting 
that increasingly convex slopes may be favourable (Fig. 5g). Occurrence 
peaked at salinity levels of around 34.2 PSU and 35 PSU, with a dip in 
probabilities between 34.5 and 34.75 PSU (Fig. 5f).

3.2.3. Extrapolation analysis
The majority of non-analogous conditions (areas of model extrapo

lation) were driven by differences in depth values represented in the 
model training data and the modelled area as a whole, comprising 
72.68% of the prediction grid (Fig. S2, Table S2). Boxplots depicting 
environmental ranges represented in the model training data further 
illustrate that the majority of the prediction area is characterized by 
greater depth values than those in the training data (Fig. S3). Conse
quently, the distribution of areas with analogous conditions was the 
shallower sections (generally < 1800 m) on Valdivia Bank and Ewing 
Seamount. Importantly, the majority of presences were predicted in 
areas with analogous conditions (Fig. S2).

3.3. Predictions

3.3.1. Probability and uncertainty
MaxEnt models (Fig. 6a and b) had localised predictions concen

trated around the shallowest locations, most likely as depth was sub
stantially more important in these models (see section above). MaxEnt 
models predicted that E. rostrata should favour the shallowest depths in 
the bathymetry (Fig. 6a), which is further illustrated in the high likeli
hood of occurrence across seamount and knoll summits shown by the 
models (Fig. 6a, b, Fig. 7a and b). By contrast, the RF and ensemble 
models predicted greatest probabilities of occurrence below summit 
depths where slope was also steeper (Figs. 6 and 7).

Predictions by the RF terrain-only model appeared to be influenced 

Fig. 5. Functional responses of the predicted probability of Enallopsammia rostrata occurrence in relation to environmental variables included in final model. Lines 
are polynomial regressions constructed through locally estimated scatterplot smoothing (grey shading 95% confidence interval). Note the depth range shown (A) 
does not depict the full depth range included in models but is shortened for illustration purposes. Note that a different set of variables were used in the terrain 
variable-only models and the terrain-hydrodynamic models, so not all models will appear at each variable shown here. ε = kinetic energy dissipation.
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by noise-related lines in the bathymetry layer, predicting high proba
bility of occurrence across abyssal depths where E. rostrata should not be 
found (Fig. 6c). This effect remained evident after the occurrence 
threshold was applied to inform binary predictions (Fig. 7c). However, 
inclusion of the hydrodynamic variables in the RF default model 
appeared to eliminate the effect of such noise on predictions (Figs. 6d

and 7d). Of the various models that incorporated both terrain and hy
drodynamic variables, the RF model with equal sampling generated the 
most widespread probability of occurrence (Fig. 6e), although this was 
accompanied by high uncertainty across background conditions 
(Fig. S4). Probability of occurrence predictions appeared similar for the 
RF default (Fig. 6d) and RF down-sampled (Fig. 6g) models, however the 

Fig. 6. Predicted occurrence of Enallopsammia rostrata across Valdivia Bank and Ewing Seamount, based on terrain variable-only models (A, C) and models 
incorporating terrain and hydrodynamic variables (B, D-G), averaged for each 5 x 10 cross-validated model. Predictions are also included for different subsampling 
approaches within the RF terrain-hydrodynamic models (D - G) to demonstrate effects of subsampling adjustments on model predictions. The ensemble model (H) 
combines predictions of the (B) MaxEnt and (G) RF down-sampled models.

Fig. 7. Binary predictions based on model-specific thresholds (maximum sensitivity + specificity) applied to Enallopsammia rostrata occurrence probabilities from 
terrain variable-only (A, C) and terrain-hydrodynamic (B, D-H) models.
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predictions of the latter were associated with much less uncertainty than 
the former (Fig. S4).

Models that produced the most localised predictions included the RF 
model with weighted resampling (Figs. 6f and 7f) and the ensemble 
model (Figs. 6h and 7h). However, the RF weighted resampling model 
had greater and more widespread areas of uncertainty (Fig. S4f) in 
comparison to the ensemble model (Fig. S4h).

For all models, the lowest uncertainty coincided with areas of high 
likelihood of E. rostrata occurrence, and at topographically elevated and 
more complex features. Model uncertainty was most pronounced at 
background conditions in MaxEnt models (Fig. S4a and b), and the 
incorporation of hydrodynamic variables to MaxEnt models did not 
seem to have any meaningful effect on reducing this uncertainty. 
However, a comparison of prediction uncertainty between the RF 
terrain-only vs the RF terrain-hydrodynamic models run in default mode 
(Fig. S4c and Fig. S4d, respectively) showed that uncertainty across 
considerable areas was reduced once hydrodynamic information was 
accounted for. Interestingly, whilst the RF equal-sample model appeared 
to overpredict E. rostrata occurrence (Fig. 6e), and the RF weighted 
sample model offered more localised predictions (Fig. 6f), both models 
were associated with substantial uncertainty across the broader back
ground conditions, more so than the RF default model run with no 
resampling modifications (Fig. S4d). The individual model with the 
lowest uncertainty was the RF down-sampled model (Fig. S4g), which is 
among the reasons why this model was selected as the best iteration of 
the RF models to include in the ensemble model. Indeed, when com
bined with the MaxEnt terrain-hydrodynamic model that had high levels 
of uncertainty across background conditions, the resulting ensemble 
model only had few places where uncertainty was high (Fig. S4h).

3.3.2. Binary predictions and suitable extent
The ensemble model applied the most conservative occurrence 

threshold of 0.59 for E. rostrata (Table 2). Application of this threshold to 
ensemble model prediction results in a suitable area of approximately 
10 519.90 km2, or 4.45%, of the study area (Table 2). Unsurprisingly, 
the likely over-predicting RF terrain-only model also suggested the 
greatest suitable extent, namely 13 169.55 km2 or 5.57% of the study 
area.

Whilst the RF equal sample model appeared to overpredict occur
rence in terms of probabilities (Fig. 6e), this model applied a higher 
occurrence threshold (Table 2), resulting in more localised binary pre
dictions (Fig. 7e). MaxEnt models applied the lowest thresholds: 0.35 for 
the terrain variable-only model and 0.24 in the terrain-hydrodynamic 
model (Table 2).

Of the binary predictions generated by the ensemble model, the 
Valdivia Central area (Fig. 8d) had the largest portion of suitable 
E. rostrata habitat. This did not extend to the top of the summit but 
concentrated on areas below the summit and where slopes are also 
steeper (Fig. 8d). In most other areas on Valdivia Bank, suitable habitats 
were located at deeper knoll summits with steep slopes (Fig. 8a–c).

In most cases, predicted suitable habitat for E. rostrata overlapped or 
was near presences (Fig. 8), apart from one area at Valdivia Middle 
where a section of suitable habitat was predicted that was not near 
presence nor pseudo-absence points but is situated on a steep topo
graphic high (Fig. 8b). The same was observed at Valdivia North 
(Fig. 8a) where a small, sharply elevated area in comparison to its sur
roundings was predicted to be suitable.

4. Discussion

This study delivers the first high-resolution spatial predictions of a 
VME indicator species, namely the CWC E. rostrata, for Valdivia Bank 
and Ewing seamount, located on the north-eastern ABNJ portion of the 
Walvis Ridge. We demonstrate that presence/background models that 
(i) include high-resolution hydrodynamic variables related to food 
supply, (ii) make model-specific adjustments compensating for class 

imbalance, and (iii) apply ensemble approaches that compensate for 
limitations of different models, can deliver reasonable predictions even 
when developed on a relatively small occurrence record dataset, as will 
be the case in many historically under-surveyed regions of the deep sea.

4.1. Model performance

Models generally agreed on those areas of highest probable occur
rence of E. rostrata, although the MaxEnt predictions of occurrence 
covered greater and more continuous extents than the RF models which 
delivered more localised, finer resolved predictions. Area Under the 
Curve (AUC) values of all models were reflective of good discriminatory 
abilities between presences and pseudo-absences/background points 
(AUC > 0.7), this being greatest in the ensemble model that combined 
predictive outputs from the RF down-sampled and MaxEnt models, both 
developed on terrain and hydrodynamic variables. Whilst the AUC for 
the RF terrain-only model run in default mode was slightly higher than 
that of other versions of RF models, when viewed alongside its perfor
mance across other metrics, the nature of its predictions and accompa
nied uncertainty, other models performed notably better.

One of the goals of this study was to investigate the effects of ad
justments to models developed on imbalanced datasets, such as in data- 
limited scenarios and in presence/background models. In such datasets, 
issues related to prevalence, i.e. the relative number of presences, can 
have notable effects on some threshold-dependent metrics such as the 
kappa statistic. When prevalence is perceived as low, kappa can be 
negatively affected and might not be reflective of true predictive ability 
(Allouche et al., 2006). Should resampling modifications be made to
ward a more balanced split between presence and background or 
pseudo-absence points, and performance then averaged over 
cross-validated model runs, kappa should resemble 
prevalence-controlled metrics like the True Skill Statistic (Allouche 
et al., 2006). For this reason, it is interesting to note that in terms of 
TSS and kappa, the RF down-sampled model outperformed other ver
sions of RF and MaxEnt model, the latter performing the worst in this 
regard (Fig. 3b and c). The resampling modifications made in the RF 
equal sample model also balance presence and background points; 
however, this is done at the level of the replicate model (the ‘forest’) and 
not at the level of individual classification trees within a replicate model 
(Valavi et al., 2021). It therefore uses less background information, 
likely limiting the models' discriminatory ability between those envi
ronmental conditions that support presences vs the background. This 
likely explains why the RF down-sampled model performed better in this 
regard, as more randomised background points are used in each classi
fication tree within a model replicate. Challenges related to prevalence 
in this dataset may also explain other patterns observed, such as the 
sharp spikes in occurrence likelihood predicted by MaxEnt models at 
depths < 500 m and bottom kinetic energy dissipation rates < − 8 log10 
ε (W/kg). As opposed to RF, many more background points were used in 
the MaxEnt models, and although these were selected by concentrating 
the background points around sampling localities, and using default 
MaxEnt parameters that have been shown to deal well with small 
presence sample sizes (Phillips and Dudík, 2008), there remains the 
possibility that an overall mismatch between the values of some envi
ronmental conditions are not adequately represented at the background 
points across the k-fold replicates used in this study. Different combi
nations of background points were used in each model fold, potentially 
adding more weight to presence point conditions for some variables (e.g. 
depth and kinetic energy dissipation), which may explain the sharp 
spikes observed (Fig. 5a–c).

Whilst the model evaluation metrics proved useful for comparing 
effects of model-specific adjustments, it is important to emphasize that 
metrics initially designed to evaluate the performance of presence/ 
absence models may not be wholly appropriate and therefore should not 
be used as the only way to evaluate presence/background or presence/ 
pseudo-absence models (Grimmett et al., 2020). A presence/background 
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Fig. 8. Binary ensemble model predictions of Enallopsammia rostrata occurrence across several sections of Valdivia Bank, namely (A) Valdivia North, (B) Valdivia 
Middle, (C) Valdivia West and (D) Valdivia Central (names of Valdivia subareas as per Bergstad et al. (2019a). Presences are from trawl and imagery samples and 
pseudo-absences from trawl samples. The SEAFO closed area is presently closed to all gear types apart from bottom longlines and pots.
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approach implies that while presence records are known, absences are 
not, and so metrics that are influenced by the model's ability to correctly 
predict absences (i.e. specificity) and other metrics linked therewith 
should be interpreted with this in mind. It is therefore also recom
mended that prediction uncertainty should be considered as an addi
tional measure of model performance (Grimmett et al., 2020). 
Prediction uncertainty differed notably between algorithms, as well as 
among the different versions of RF model, which contributed to the final 
selection of models to include in the ensemble. Both MaxEnt models 
(terrain-only and terrain-hydrodynamic) exhibited pronounced uncer
tainty across much of the broader background (deeper) areas not 
covered by background points. Levels of prediction uncertainty of RF 
models were generally less, although there were marked differences in 
uncertainty levels among different versions of RF models. The 
down-sampled RF model had the least uncertainty (and thus greatest 
confidence) in its predictions, whereas uncertainty across background 
conditions in particular was higher in other versions of RF models. It was 
therefore deemed reasonable to select this model for inclusion in the 
ensemble.

4.2. Roles of environmental variables

The inclusion of hydrodynamic variables had several notable effects 
on model outputs and performance which were most pronounced in the 
case of the RF models. For example, the predictive maps generated by 
the RF terrain-only versus the RF terrain-hydrodynamic models run with 
default resampling settings (i.e. ‘RF Default Terrain-only’ and ‘RF 
Default’), demonstrated how hydrodynamic variables substantially 
lowered the effects of bathymetry-induced noise on predictions. This is 
clearly shown when considering the nature of the predictions (Fig. 6c 
and d), prediction uncertainty (Fig. S4c and d), and comparisons of 
specificity (Fig. 3e); the lower specificity in the terrain-only model being 
indicative of over-prediction. The appearance of bathymetry-induced 
noise in RF terrain-only model predictions, and the subsequent reduc
tion thereof in terrain-hydrodynamic versions of RF models could be due 
to a few factors. This includes the scale at which terrain derivatives like 
slope were calculated, the original resolution of hydrodynamic vs terrain 
variables, and the accompanied relative importance of some hydrody
namic variables. In this study, slope was calculated with a 3 x 3 cell 
window, a standard size often used due to its ability in capturing small- 
scale changes in elevation, especially in topographically complex areas 
(Wilson et al., 2007). This does however increase its likelihood to be 
affected by fine-scale noise in the bathymetry and/or properties intro
duced through the interpolation process when multiple elevation sur
faces are merged (Albani et al., 2004). Slope was relatively important in 
the terrain-only RF model, which might have further accentuated 
noise-related effects on predictions. As the model resolution in this study 
was already 250 m, this trade-off is accepted, as upscaling the window 
size would risk the loss of meaningful information over genuinely 
complex areas. Moreover, the bathymetry from the more complex areas 
over Valdivia Bank and Ewing seamount originated from 
high-resolution shipboard multibeam echosounder surveys, whereas the 
strongest signals of noise appear in those areas supplemented with 
GEBCO bathymetry. The reduction in noise-related effects in the 
terrain-hydrodynamic RF models may be due to the original grid sizes at 
which hydrodynamic variables were modelled. Still considered as high 
resolution for hydrodynamic variables, these grids had original resolu
tions of 500 m and 1500 m for child and parent grids, respectively 
(Fig. 1b), whereas terrain grids were produced at 250 m. Interpolation to 
250 m inevitably resulted in somewhat smoother grids than probably 
would have been achieved if hydrodynamic modelling would have been 
carried out at 250 m resolution, particularly at the parent grid areas that 
coincide with areas where bathymetry-induced noise appeared. As such, 
when hydrodynamic variables like kinetic energy dissipation ranked 
high in relative importance, this may have resulted in dampened prob
abilities at areas with little variation in this variable, such as over the 

parent grid areas. A limitation of the hydrodynamic data is that the 
original resolutions at which these variables were produced in Mohn 
et al. (2025) were limited by the computational power required to 
produce these variables at 250 m resolution for large areas, in combi
nation with the fact that reliable high-resolution multibeam bathymetry 
is not available for the entire study area. Developing the 500 m reso
lution child grid resolutions over complex areas efficiently resolves 
small-scale variability in hydrodynamic gradients and localised flow 
features in these areas, whereas larger-scale gradients and kinetic energy 
dissipation hotspots are captured in the parent grids (Mohn et al., 2025).

The effect of hydrodynamic variables was less pronounced in MaxEnt 
models. These variables did not have a noticeable effect on evaluation 
metrics, the nature of predictions, prediction uncertainty, and were not 
revealed as substantially relevant in terms of permutation importance. 
Yet, the significance of kinetic energy dissipation in particular on model 
predictions persisted into the ensemble model, likely due to its impor
tance in the RF down-sampled model (Fig. 4). This corresponds well 
with the suggested importance of this variable for suspension-feeding 
taxa in this area (Mohn et al., 2025), where it was explicitly shown 
that areas just below and around the summit of Valdivia Central were 
characterised by local maxima in kinetic energy dissipation (between 
− 8.13 and − 7.93 log10 ε (W/kg)), greater than across most of the study 
area which corresponded to high occurrence likelihood as predicted by 
the ensemble model (Fig. 6d–h). This effect is also strongly reflected in 
the functional response of E. rostrata occurrence to increasing kinetic 
energy dissipation rates (Fig. 5c). These predictions further align with 
Bergstad et al. (2019a) who described E. rostrata not to be associated 
with the flatter seamount and knoll summits, but rather with 
steeper-sloped areas below such summits and, as revealed in our study, 
where these slopes are met with enhanced kinetic energy dissipation.

The interplay between various hydrodynamic forces collectively in
fluences the distribution of organic matter to CWCs. Effects of vertical 
velocity tend to be more pronounced at elevated and geo
morphologically complex features like ridges and summit areas, pro
moting the transport of surface organic matter to the seafloor (Davies 
et al., 2009; Van Der Kaaden et al., 2021; White et al., 2008). 
Enhanced bottom kinetic energy dissipation, along with other processes 
like bottom currents and internal waves can then resuspend and redis
tribute the accumulated matter to CWCs, together acting to increase the 
rates at which they may encounter food particles (Mohn et al., 2025; 
Maier et al., 2023). Indeed, our results also highlight the importance of 
downwelling intensity, i.e. minimum vertical velocity, in models. The 
functional response toward this variable (Fig. 5b) indicates that strong 
downwelling intensity (− 0.003 to − 0.002 m/s) has a positive effect on 
E. rostrata occurrence. Whilst the deep sea is generally characterised as a 
food-limited environment, a review by Maier et al. (2023) demonstrated 
that where CWCs occur, delivery of organic matter to the seafloor is not 
always limited but may undergo temporal boosts, driven by processes 
like enhanced downwelling, strong currents, processes that increase 
turbulence, and/or vertically migrating zooplankton. Better studied 
CWC species like Desmophyllum pertusum have been shown capable of 
dealing well with such fluctuating resource availability, evidenced by its 
dietary flexibility, tissue reserves and temporally variable energy allo
cation and growth rates (Maier et al., 2019, 2020). Elsewhere in the 
Atlantic, on the Brazilian continental margin, predictive modelling of 
CWCs including E. rostrata suggested that current velocity was among 
the important variables driving its distribution (Barbosa et al., 2020). In 
this study, we excluded current velocity and instead used minimum 
vertical velocity and bottom kinetic energy dissipation. This was due to 
current velocity being strongly correlated with other variables selected, 
and in this case vertical velocity and kinetic energy dissipation rates 
were deemed more meaningful indicators of food supply processes (see 
Mohn et al., 2025). This does not disregard the potential value of current 
velocity in other studies, but it is useful to note that areas with low 
current velocities can still have high rates of kinetic energy conversion 
and dissipation, as kinetic energy dissipation can be enhanced by 
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processes not directly linked to current velocity, such as critical and 
super-critical reflection of internal tides (e.g. Van Der Kaaden et al., 
2024).

In our study, depth was the most important driver, with ranges be
tween 500 and 800 m most likely to support E. rostrata. It is worth 
nothing that the depth range predicted as optimal for E. rostrata in this 
study is narrower and shallower in comparison to its distribution across 
seamounts in other regions. For example, in New Zealand it has been 
observed up to 2147 m and has been predicted to favour 500 – 1500 m 
(Tracey et al., 2011), 1200 – 1700 m in Cabo Verde (Vinha et al., 2024), 
and 1400 – 1700 m on the New England and Corner Rise seamounts 
(Lapointe et al., 2020). Potential factors that may contribute to dis
crepancies among predictions from different regions include the variety, 
range and resolution of environmental variables used. The optimal 
depth range for E. rostrata on Walvis Ridge may capture other envi
ronmental conditions that promote overall suitability of the habitat, like 
the concentration of suspended organic material as driven by interacting 
terrain and hydrodynamic processes. Models developed for E. rostrata in 
New Zealand indeed excluded depth as variables such as dissolved 
organic carbon concentration, particulate organic matter and salinity 
offer greater explanatory power (Anderson et al., 2016; Tracey et al., 
2011; Georgian et al., 2019). In other settings, interacting hydrody
namic processes and complex topography have been illustrated to result 
in the creation of a nepheloid layer (concentrated organic matter) within 
a certain depth band (Wilson et al., 2015). This has been suggested as a 
potential explanation behind areas associated with high predicted CWC 
occurrence, abundance and species richness in the Whittard Canyon, for 
example (Pearman et al., 2020). Similarly, in a study focusing on other 
scleractinian CWCs in the North Atlantic, aragonite saturation and depth 
were strongly correlated, so the former was retained as a more insightful 
ecological metric (Morato et al., 2020). It is therefore possible that a 
relationship between depth and unmeasured covariates such as nutrient 
concentrations may be contributing to the predictions made here, rep
resenting an avenue for future environmental sampling to quantify as 
such information was not available for inclusion in the present model
ling dataset.

Another factor that may contribute to regional differences in fore
casted suitable environmental niches may be the spatial distribution and 
quantity of observational data, well-known to affect model performance 
(Howell et al., 2022; Wisz et al., 2008). In the case of Walvis Ridge, the 
area is not only greatly under-sampled but previous surveys have been 
confined either to less-complex terrain (e.g. in the case of trawl sampling 
(López Abellán and Holtzhausen, 2011)) or to specific depth ranges (e. g. 
FAO (2016)). This also means that the ranges of other environmental 
variables where the species may occur may not be represented in the 
current dataset. For example, the functional response of E. rostrata to 
salinity showed a decrease in occurrence probability at a narrow range 
values, between 34.5 and 34.75 PSU (Fig. 5f). It is ecologically unlikely 
that E. rostrata will find habitats at 34.2 PSU and 35 PSU favourable, but 
that in between as unfavourable purely based on salinity, or that salinity 
alone is driving this pattern. It may well be that E. rostrata can be found 
at such salinities in the study area but is yet to be sampled there, or that 
other factors related to water mass characteristics correlated with 
salinity may be at play but have not yet been elucidated. The results of 
the extrapolation analysis reveal that a large area in the prediction grid 
is characterised by environmental conditions not observed in the 
training data (Table S2, Fig. S2). More survey effort is needed to address 
the current bias in sampling so that more presences and well as true 
absences across a broader range of environmental conditions can be 
used to improve future iterations of the model. The pseudo-absences 
used in RF modelling are not the same as true absences, as these are 
from sampling gear with unquantified catchability (i.e. trawl surveys), 
meaning that the target species may have been present in a grid cell but 
was not detected with the sampling gear. In cases where true absences 
are not known, like here, models developed on presence/background or 
presence/pseudo-absence data are likely better suited at predicting 

presences rather than presences and absences (Bowden et al., 2021), 
which may have important implications if used to support spatial 
planning and should be clearly communicated (Stephenson et al., 2021).

4.3. Area most likely to host Enallopsammia rostrata on walvis ridge

An area of approximately 10 519.90 km2, translating to 4.45% of the 
study area across Valdivia Bank and Ewing seamount was predicted as 
suitable for E. rostrata by the ensemble model, after applying this 
models’ occurrence threshold to the predicted probabilities. It is likely 
that the area currently predicted as favourable for E. rostrata might in 
fact be larger than that estimated by the current predictions, as the 
models presented here are underpinned by a relatively small set of 
occurrence records owing to limited historical sampling. Future model 
iterations will benefit from wider and stratified sampling, for example 
across varying depths, slopes, and hydrodynamic energy levels. This will 
provide valuable validation data that can be used to test and improve the 
current model. A strengthened model can also be used to generate pre
dictions in yet unexplored areas (e.g. Bridges et al., 2023b). It will also 
be useful for future survey planning to include components that ensure 
alignment with initiatives working toward standardised sampling ap
proaches. This will promote data interoperability and maximise the 
contributions that such data can deliver to advance global understand
ing on the distribution patterns of deep-sea biodiversity (e.g. Howell 
et al., 2020).

Most predicted presences for E. rostrata in the current study are 
located on Valdivia Bank, and a small portion on Ewing seamount, all of 
which are currently open to fishing in the SEAFO-CA, apart from a small 
area on Valdivia Bank that is currently closed to all gears apart from pots 
and bottom longlines (Fig. 8). This partial closure on Valdivia Bank is the 
only one that falls within the model prediction area, and contains 33.4% 
of the predicted presences, meaning most predicted presences (66.6%) 
are not captured within this closure. To date, the closures by SEAFO 
have been informed to some degree by a precautionary approach 
whereby geomorphological features expected to host VMEs were 
considered for inclusion in closed areas, but these closures are based 
coarse environmental data. Predictions from the most recent global- 
scale model for E. rostrata, developed at a 500 m resolution, indicate 
similar areas of a high likelihood of occurrence on Walvis Ridge (Tong 
et al., 2023). However, when viewed alongside the predictions gener
ated in our study, it is clear that the coarser global-scale model likely 
overpredicts the extent of favourable habitat (Fig. S5). Finer resolution 
maps of predicted VME occurrence, like that produced for E. rostrata in 
this study, can support finer resolution spatial management planning.

Importantly, it should be noted that our study focuses on a single 
VME indicator species, as at the time of this publication the number of 
records for other indicator taxa was still insufficient for model devel
opment. Whilst E. rostrata is known to co-occur with some other 
framework-forming corals (Freiwald et al., 2004), other VME indicator 
species such as sponges and sea-pens have different habitat re
quirements, and these are yet to be mapped in this region. For example, 
Georgian et al. (2019) generated predictive distributions of ten VME 
indicator species in the South Pacific on which spatial management 
measures were based. The study also illustrated differences in the 
importance of model variables in explaining the distributions of the 
species included.

Work still needs to be done toward a comprehensive overview of 
VME habitat distribution across Walvis Ridge and the SEAFO-CA as a 
whole, and requires a substantial increase in the number of occurrence 
records, abundance information, and reliable information on true ab
sences. As more data becomes available, future high-resolution model
ling studies focusing on more VME indicator species with different 
environmental niches (e.g. sponges, sea-pens, and other scleractinian 
CWCs) can be developed and collectively be used to support spatial 
management plans inclusive of the various habitat types that support 
such taxa.
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Such maps can provide useful context for ABMTs in several ways, for 
example through an evaluation of the effectiveness of current spatial 
management measures and to refine future fishery closure areas (e.g. 
Georgian et al., 2019), support refinement of the EBSA designation for 
this area, and support other spatial plans to manage and regulate 
multi-sector uses in ABNJ. Indeed, ABMTs are described in the recently 
ratified BBNJ Agreement as a method through which to manage 
multi-sectoral activities “with the aim of achieving particular conser
vation and sustainable use objectives” (United Nations, 2023). With 
intensifying anthropogenic impacts on ABNJ including that exerted 
through climate change (Franco et al., 2020), future potential deep-sea 
mining, and other forms of resource extraction such as oil and gas 
(Zhang et al., 2019), knowledge on the spatial distribution of deep-sea 
biodiversity and particularly VMEs will gain even more importance 
(McQuaid et al., 2020, 2023; Wright et al., 2021).

5. Conclusion

In conclusion, in this study we. 

1) suggest that on this section of Walvis Ridge, the distribution of the 
VME indicator species E. rostrata is most strongly driven by depth, 
slope, and kinetic energy dissipation,

2) demonstrate that high resolution hydrodynamic variables are 
important explanatory variables and can strengthen SDMs, reduce 
uncertainty, and provide more locally resolved predictions,

3) demonstrate that steps taken to compensate for class balance in 
presence/background RF models, here via down-sampling, can 
notably improve model performance and particularly so through 
reducing prediction uncertainty,

4) advocate for an urgent ramping up in survey efforts in this area of the 
South-East Atlantic to validate and strengthen the present model, 
and to enable the development of predictive models for more 
vulnerable deep-sea species that can support present and future 
management and conservation efforts in this ABNJ.
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Montero-Serrano, J.C., Frank, N., Tisnérat-Laborde, N., Colin, C., Wu, C.C., Lin, K., 
Shen, C.C., Copard, K., Orejas, C., Gori, A., De Mol, L., Van Rooij, D., Reverdin, G., 
Douville, E., 2013. Decadal changes in the mid-depth water mass dynamics of the 
northeastern Atlantic margin (Bay of Biscay). Earth Planet Sci. Lett. 364, 134–144. 
https://doi.org/10.1016/j.epsl.2013.01.012.
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Pérez-Díaz, L., Eagles, G., 2017. South Atlantic paleobathymetry since early Cretaceous. 
Sci. Rep. 7, 1–16. https://doi.org/10.1038/s41598-017-11959-7.

Phillips, S.B., Aneja, V.P., Kang, D., Arya, S.P., 2006. Maximum entropy modeling of 
species geographic distributions. Ecol. Model. 190, 231–259. https://doi.org/ 
10.1016/j.ecolmodel.2005.03.026.

Phillips, S.J., Anderson, R.P., Dudík, M., Schapire, R.E., Blair, M.E., 2017. Opening the 
black box: an open-source release of maxent. Ecography 40 (7), 887–893. https:// 
doi.org/10.1111/ecog.03049.

Phillips, S.J., Dudík, M., 2008. Modeling of species distributions with maxent: new 
extensions and a comprehensive evaluation. Ecography 31, 161–175. https://doi. 
org/10.1111/j.0906-7590.2008.5203.x.

Posit team, 2026. Rstudio: Integrated Development Environment for R. Posit Software. 
PBC, Boston, MA. URL. http://www.posit.co/. 

L. Skein et al.                                                                                                                                                                                                                                    Deep-Sea Research Part I 232 (2026) 104758 

17 

https://doi.org/10.5852/EJT.2021.758.1425
https://doi.org/10.5852/EJT.2021.758.1425
https://doi.org/10.7554/elife.41319
https://doi.org/10.1016/j.ecolmodel.2020.109194
https://doi.org/10.1016/j.ecolmodel.2020.109194
https://doi.org/10.1007/978-1-4757-4284-8
https://doi.org/10.1016/j.dsr.2007.01.005
https://doi.org/10.32614/CRAN.package.raster
https://github.com/rspatial/terra
https://doi.org/10.32614/CRAN.package.dismo
https://doi.org/10.32614/CRAN.package.dismo
https://doi.org/10.1007/978-3-319-21012-4_37/figures/2
https://doi.org/10.1007/978-3-319-21012-4_37/figures/2
https://doi.org/10.1016/j.dsr.2020.103298
https://doi.org/10.1016/j.gca.2009.10.022
https://doi.org/10.1016/j.gca.2009.10.022
https://doi.org/10.3354/meps14098
https://doi.org/10.3389/fmars.2020.584861
https://doi.org/10.1109/CIDU.2012.6382186
https://doi.org/10.1109/CIDU.2012.6382186
https://doi.org/10.3354/meps284163
https://doi.org/10.3354/meps284163
https://doi.org/10.3354/meps213111
https://doi.org/10.3354/meps213111
https://doi.org/10.3389/fmars.2023.1176230/full
https://doi.org/10.3389/fmars.2023.1176230/full
https://doi.org/10.1016/j.dsr.2020.103366
https://doi.org/10.1016/j.dsr.2020.103366
https://doi.org/10.1016/j.dsr.2017.01.004
https://doi.org/10.3354/meps11378
https://doi.org/10.3354/meps11378
http://refhub.elsevier.com/S0967-0637(26)00111-1/sref66
http://refhub.elsevier.com/S0967-0637(26)00111-1/sref66
https://doi.org/10.1111/j.0906-7590.2005.03957.x
https://doi.org/10.1111/ecog.03188
http://refhub.elsevier.com/S0967-0637(26)00111-1/sref69
http://refhub.elsevier.com/S0967-0637(26)00111-1/sref69
https://doi.org/10.1007/s00338-019-01886-6
https://doi.org/10.1111/brv.12976
https://doi.org/10.1111/brv.12976
https://doi.org/10.1002/lno.11142
https://doi.org/10.1016/j.pocean.2023.103042
https://doi.org/10.3389/fmars.2020.558860
https://doi.org/10.1038/s41467-018-07217-7
https://doi.org/10.1038/s41467-018-07217-7
https://doi.org/10.1111/ddi.12209
https://doi.org/10.1111/ddi.12209
https://doi.org/10.1016/j.pocean.2013.12.003
https://doi.org/10.1029/2024JC021667
https://doi.org/10.1029/2024JC021667
https://doi.org/10.1016/j.epsl.2013.01.012
https://doi.org/10.1002/ece3.8319
https://doi.org/10.1111/gcb.14996
https://doi.org/10.1016/j.dsr2.2007.09.018
https://doi.org/10.1016/j.dsr2.2007.09.018
https://doi.org/10.1016/j.marpol.2011.09.005
https://doi.org/10.1016/j.marpol.2011.09.005
https://doi.org/10.1016/j.pocean.2020.102338
https://doi.org/10.1016/j.pocean.2020.102338
https://doi.org/10.1038/s41598-017-11959-7
https://doi.org/10.1016/j.ecolmodel.2005.03.026
https://doi.org/10.1016/j.ecolmodel.2005.03.026
https://doi.org/10.1111/ecog.03049
https://doi.org/10.1111/ecog.03049
https://doi.org/10.1111/j.0906-7590.2008.5203.x
https://doi.org/10.1111/j.0906-7590.2008.5203.x
http://www.posit.co/


Pourtalès, L.F., 1878. Corals. In: reports on the dredging operations of the U.S. Coast 
survey steamer "Blake". Bulletin of the Museum of Comparative Zoology at Harvard 
College, in Cambridge 5, 197–212 pl. 1. 

Price, D.M., Robert, K., Callaway, A., Lo Iacono, C., Hall, R.A., Huvenne, V.A.I., 2019. 
Using 3D photogrammetry from ROV video to quantify cold-water coral reef 
structural complexity and investigate its influence on biodiversity and community 
assemblage. Coral Reefs 38, 1007–1021. https://doi.org/10.1007/s00338-019- 
01827-3.

Puerta, P., Johnson, C., Carreiro-Silva, M., Henry, L.A., Kenchington, E., Morato, T., 
Kazanidis, G., Rueda, J.L., Urra, J., Ross, S., Wei, C.L., González-Irusta, J.M., Arnaud- 
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