
Page 1/25

Distribution models of the branched hexactinellid
Sarostegia oculata in Rio Grande Rise (SW Atlantic)
Paulo Corrêa  (  correapvf@gmail.com )

Instituto Oceanográ�co da Universidade de São Paulo https://orcid.org/0000-0001-6474-7355
Paulo Sumida 

Article

Keywords:

Posted Date: June 14th, 2022

DOI: https://doi.org/10.21203/rs.3.rs-1663413/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-1663413/v1
mailto:correapvf@gmail.com
https://orcid.org/0000-0001-6474-7355
https://doi.org/10.21203/rs.3.rs-1663413/v1
https://creativecommons.org/licenses/by/4.0/


Page 2/25

Abstract
The mining of ferromanganese (Fe-Mn) crusts in the deep sea have gained more attention in the last
decade due to increased demand for rare earth elements that are critical for low-carbon technologies,
which makes exploitation of this resource feasible and pro�table. The Rio Grande Rise (RGR) is a distinct
feature located in the South Atlantic and has become a region of great commercial and scienti�c interest
because of its potential for mining Fe-Mn crusts. Extraction of Fe-Mn deposits may cause irreversible
changes by removal of substrate, creation of sediment plumes, among others. Here, we use species
distribution models (SDMs) to predict the occurrence of Sarostegia oculata, a branched hexactinellid that
mimics the 3D skeletal framework of actual corals. It is the dominant organism in areas rich in Fe-Mn
crusts and has relevant ecological importance in RGR. The models had excellent or good performance
statistics and a high discrimination power between presence and absence sites. Our results support the
relationship between S. oculata, the Fe-Mn crusts, and the rift at RGR, and may help to create a
management plan and preserve unique marine habitats and biodiversity from the deep sea.

Introduction
Deep-sea sponges have importance as organisms that can provide multiple ecosystem goods and
services, and thus have increasingly been mentioned in the literature in recent years1. Habitats dominated
by sponges are globally distributed, forming structurally complex and often highly diverse communities,
along with corals2,3. They have key roles in ecosystem functions, including habitat provision for
associated fauna4,5, increasing biodiversity6–9, promoting silicon and organic carbon cycling10–12, and
potentially acting as nursery habitat for many species13.

Vulnerable Marine Ecosystems (VMEs) are characterized as areas with low resilience and slow recovery
from anthropogenic disturbances such as bottom trawling and mining (extraction of fossil fuels, gas, or
minerals)14. Some taxonomic groups, including sponges, are considered indicators of VMEs as a
consequence of having slow growth rates, longevity, late maturity, fragility, as they form three-
dimensional structures associated with diverse communities15. They have been used to assist agencies
responsible for the protection of particular ocean regions, such as slopes, seamounts, and canyons16.
Increasing knowledge of the distribution and biology of species is necessary to create a consistent
network of marine protected areas (MPAs), which can diminish human impacts on the ocean and prevent
loss of biodiversity.

The Rio Grande Rise (RGR) is a major positive feature in the South Atlantic, between the parallels 28°–35°
South and meridians 28°–39° West, located about 1200 km east off the Brazilian coast, and forming a
volcanic plateau that rises from depths of about 5000 m to above 1000 m in some areas17. The western
region of RGR (WRGR) forms an elliptical bulge of 500 km × 300 km that includes seamounts and guyots
towering over or juxtaposing with this massive platform18; it is intersected by a NW-SE trending
submarine rift between 20–40 km wide (also referred to as ‘graben’ or Cruzeiro do Sul Lineament). RGR
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has gained special attention from researchers and the Brazilian government in recent years19,20 due to
prospecting surveys that revealed its potential for the mining of Fe-Mn crusts18,21,22. Impacts created by
mining activities may range from direct destruction of habitats and formation of toxic and particle-rich
sediment plumes23–25 to noise, vibration, and light, which may lead to signi�cant (potentially irreversible)
damage to deep-sea communities and ecosystems and loss of biodiversity on mining sites and
surrounding areas19,26−29.

Sarostegia oculata is a branched hexactinellid that forms an erect, complex surface, similar to the shape
of a stony coral. It has a close association with a zoanthid, likely Thoractis topsenti30, growing on and
within the skeleton in a similar way to coral polyps, thus mimicking the 3D skeletal framework of actual
corals31. It was �rst described at Cape Verde by Topsent32, and further sampled throughout the
Atlantic33,34 and Indian35 oceans. More recently, Hajdu et al.31 recorded extensive sponge gardens in RGR,
being the dominant organism in areas rich in Fe-Mn crusts that play a fundamental role in supporting
communities in the area.

Species distribution models (SDMs; also known as habitat suitability models) are a method to predict the
likelihood of a species to occur in a given location, based on their observed relationship with
environmental conditions. SDM is widely used in ecology and conservation, especially in the deep sea
where data is scarce, and such models are useful for the development of conservation measures and
marine ecosystem management by predicting species distributions beyond surveyed areas36–38.

In the present study, we built such models to predict the distribution of S. oculata in two areas with
available high-resolution multibeam data at RGR, surrounding the rift within the bulge of WRGR. The
growing use of mineral resources in our global economy will surely lead to future commercial extraction
of mineral resources in the deep sea, including, but not limited to, Fe-Mn crusts39–41. Such models can be
used to inform spatial management planning for protecting VMEs and environmental impact
assessments that minimize the effects of mining on deep-sea ecosystems42,43. Our study is the �rst to
create a high-resolution species distribution model of a VME indicator species in Rio Grande Rise.
Sarostegia oculata is a dominant organism on substrates rich in Fe-Mn crusts, which play a fundamental
role to support communities and provide key ecosystem functions in RGR. The �ve models built here
predicted a high likelihood of S. oculata along with the rift borders with a low degree of uncertainty, in an
area aimed at exploration of Fe-Mn crust deposits. This reinforces the relationship between S. oculata, the
Fe-Mn crusts, and the rift at RGR, implicating that direct destruction of habitats caused by the mining of
Fe-Mn crusts could lead to a severe impact in the communities sustained by S. oculata, which should be
addressed in the management and MPA network design for RGR. There are still large gaps in the
knowledge of the benthic fauna distribution and ecosystem functions on RGR, but our study provides
expert advice on the occurrence of deep-sea sponges in the area and represents initial steps to guide
future surveys and conservation plans in the region.

Methods
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Data collection
Two surveyed areas near the center of WRGR were used in this study. The �rst area (here named Area 1)
was delimited between latitudes 30º35’S–31°03’S and longitudes 35º36’W–36°16’W (Fig. 1a). This area
is ~ 2,000 km², ranging from 600 m to 1,800 m depth, and encompasses a small segment of the rift and a
plateau on both sides, here named NE and SW plateaus (Fig. 1b). It also contains a terrace in the NE
plateau, which runs almost parallel to the rift border, a slide south of the SW plateau, and a canyon that
splits a section of the SW plateau in two, one next to the rift border and another named the inner SW
plateau. The south and west of the SW plateau are neighbored by a lower plane, which extends beyond
the MBES data. The second area (Area 2) is smaller, located about 30 km northwest of Area 1, delimited
between latitudes 30°19’S–30°25’S and longitudes 35°57’W–36°06’W, is ~ 77 km², ranging from 600 to
1400 m depth. It encompasses a small area of the northeastern plateau and the rift (Fig. 1c).

Area 1 (Figs. 1b and 2) was surveyed with the N/Oc. Alpha Crucis, from January 30 to February 21, 2018,
and RSS Discovery, from October 26 to November 8, 2018, as part of the FAPESP/RCUK funded project
Marine E-Tech. N/Oc. Alpha Crucis used the Reason 7160 multibeam echosounder (MBES) operating at
41 kHz. RSS Discovery was equipped with a ship-mounted Kongsberg EM122, and multibeam was
processed using Caris HIPS and SIPS v9.1.8. The data in both products were gridded at 25 m using
NaviModel Producer 4.3.2, then fused with ArcGIS Pro 2.9, using the Mosaic tool with the “Blend” mosaic
operator. The survey in the RSS Discovery included 13 dives (codes HY31–43) of the Robotic Underwater
Vehicle, RUV HyBIS (Hydraulic Benthic Interactive Sampler). HyBIS was equipped with a Sony Full HD
camera that recorded over 36 hours and 26 km of video footage of the sea�oor and it was connected to
the ship's USBL system to record its position (latitude, longitude, and depth).

Area 2 (Figs. 1c and 3) was surveyed with the submersible Shinkai 6500 and Yokosuka support vessel,
from April 13 to May 5, 2013, as part of the ‘Iata-Piuna’ expedition. Yokosuka was equipped with
multibeam Sea Beam 2112.004, operating at 12 kHz. The data was also gridded at 25 m using
NaviModel Producer. Shinkai 6500 was equipped with two HD video cameras. One of them was �xed at
the bow, which recorded 4.5 hours and 2,282 m of footage from the seabed during the dive 6K1338. The
other video camera was mobile and was ignored in this study so the analysis would be more consistent
with the RUV HyBIS.

The HyBIS and Shinkai videos were annotated and counted for benthic fauna while classifying them to
the lowest possible taxonomic group. The branched hexactinellid Sarostegia oculata was the most
commonly observed habitat-forming VME indicator species in both Area 1 and a 2. The timestamp of the
video was used to obtain the coordinates of the observations from the HyBIS and Shinkai track data. Grid
cells where at least one individual of S. oculata were classi�ed as “presence”, and grid cells with
overlapping track and no observations of S. oculata were classi�ed as “absence”. Each of these grid cells
are hereafter called records or sites, used to train and evaluate the models.
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A set of additional sea�oor variables (Figs. 2 and 3) was derived from the bathymetric data using the
Benthic Terrain Model 3.0 tool44 in ArcGIS. These variables were slope, aspect (measured in terms of
northness and eastness), roughness (11 neighborhood size), curvature, �ne-scale (3/30 radius)
Bathymetric Position Index (BPI), and broad-scale (20/200 radius) BPI. The rift is a major feature in both
areas that may play an important role in the distribution of the species in RGR. As such, we included the
distance from the rift border as another environment variable in our analysis. This was achieved by
creating a contour at value 0 from the broad-scale BPI raster. This will result in two contours outlining the
NE and SW rift borders, which were used as source for the “Euclidean Distance” tool in ArcGIS. Before
data analysis, collinearity between variables was checked using Pearson’s correlation coe�cient and the
Variance In�ation Factors (VIFs)45 using the usdm package46.

Modeling methods
The distribution of S. oculata was modeled using �ve algorithms widely used in species distribution
models: Random Forest (RF), Boosted Regression Trees (BRT), MaxEnt, Generalized Additive Models
(GAMs), and Arti�cial Neural Networks (ANN). In general, these models differ in the way they determine
the �tted function, and how they handle interactions, model complexity, and over�tting47. Models were
developed using R48 with the framework caret49. The caret package is a set of functions that streamline
the process of creating predictive models and provides a uniform interface for data splitting, variable
selection, and model tuning. It uses other packages internally to create the models. We used default
parameters for each package, except when stated in the text below or Table 1. The function rfe was used
to perform recursive feature elimination in the models, but no advantage was gained in model
performance from removing variables from the models, so we kept all variables in the �nal models.

RF builds multiple classi�cation trees by taking many bootstrap samples from the training data and
making an average prediction over all �tted trees50. RF uses only a randomly smaller set of the predictor
variables (parameter mtry) on each split while growing each tree, which reduces the variance of the �nal
model, with subsequent gains for predictive performance. We set the number of trees to grow (parameter
ntree) as 1000.

BRT builds several regression trees (parameter n.trees) in a forward stagewise fashion. At each step of
model �tting, the algorithm �ts each new tree to the residuals of the previously �tted trees and uses only
a random subset of data 51. This gradually increases emphasis on observations modeled poorly by the
existing collection of trees. The contribution of each tree is controlled by the shrinkage parameter, as the
model-building process usually performs best if it moves slowly down the gradient. Interaction.depth
controls the maximum depth of the individual trees and n.minobsinnode controls the minimum number
of observations in terminal nodes.

Maxent estimates species distribution by minimizing the relative entropy between two probability
densities52,53. Although it was initially developed as a machine-learning algorithm, MaxEnt has known
links to Poisson point process models54 and it can be categorized as a “regression-based” model. MaxEnt



Page 6/25

has the ability to �t complex models, controlled by the use of transformed features of the predictor
covariates (parameter feature types). Regularization multiplier can also be used to smooth and avoid
�tting overly complex models. In this work, we employed real absences derived from the dives instead of
more commonly used pseudo-absences and used the Java implementation to train the MaxEnt models,
version 3.4.4.

GAMs are an extension of General Linear Models (GLMs) but use nonparametric smoothing functions
which allow modeling of non-linear relationships between the response and explanatory functions.
Multiple smoothing parameter estimation methods are available in the package (parameter method)55. It
can also add an extra penalty to each term (parameter select), meaning that the smoothing parameter
estimation can completely remove terms from the model. We used a binomial distribution with the logit
function and thin plate regression splines for the smoothing basis of all terms.

ANNs are a deep learning approach that consist of a large number of nodes and connections, typically
organized in layers56. The input layer contains the environmental data, with each input node representing
one environmental variable. The information from each input node is fed into the hidden layers, which
may contain multiple layers with a variable number of nodes. Data from the last hidden layer is then fed
to the output layer which represents the result of the model. The connections between the nodes from one
layer to the next, also known as weights, are optimized using a back-propagation process. Our model has
a single hidden layer, with 1 to 21 nodes (parameter size). Decay is used as a penalty for these
connections that both help the optimization process and avoid over-�tting. The feed-forward and back-
propagation processes are repeated until the model reaches a pre-de�ned accuracy, or a maximum set
number of runs controlled by the parameter maxit (in our model we set maxit as 500).
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Table 1
Modeling methods, their implementations during tuning, and the tuned parameters used in the �nal

models.
Method R package Parameter Values Tuned

RF randomForest mtry 1–9 1

BRT gbm n.trees from 100 to 3,000 by 50 2600

interaction.depth from 1 to 16 by 3 10

shrinkage 10− 1, 10− 2, 10− 3, 10− 4 10− 3

n.minobsinnode 5, 15 5

Maxent custom¹ feature types l, lq, lqp, lqph, lqh, lqpt, lqt, lqpth² lqpth

regularization
multiplier

from 0.2 to 2 by 0.2, 2.5, 3, 3.5, 4, 4.5,
5

1

GAM mgcv method REML, ML ML

select TRUE, FALSE TRUE

ANN nnet size 1, 3, 5, 7, 9, 11, 13, 21 21

decay 0, 10− 1, 10− 2, 10− 3, 10− 4, 10− 5 0.1

¹ Custom script was used to run the MaxEnt java application and read its output within caret.

² l = linear, q = quadratic, h = hinge, p = product and t = threshold.

The relationship between the environmental layers and the predicted probability of presence was
analyzed using response curves produced using the methodology described by Elith et al.57. All variables
were held constant at their mean except the target variable, which varied at 100 points across its range.
Then, the prediction of each algorithm was computed for each of the 100 values of the target variable
and used to produce the response curves. The advantage of this method is that it can be applied to any
model and be compared against different model techniques, but it does not account for interactions
between variables. The importance of each variable in the �nal output was computed using the
methodology described by Thuiller et al.58. The target variable was shu�ed, while the others were left
untouched. The Pearson's correlation coe�cient between the reference and shu�ed predictions was
calculated and the score 1 - correlation is returned. Scores near one mean the variable has a high
in�uence on the model, and a score of zero assumes no in�uence of the variable on the model. The
process was repeated 100 times for each variable.

An ensemble model is a popular technique for reducing the uncertainty of model predictions59. They may
reduce prediction errors and decrease mean bias due to the choice of method60. This is usually achieved
by computing the weighted or unweighted averages of the different model outputs. Ensemble models
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also permit uncertainty caused by the different predictions to be calculated. In this study, all model
predictions were rescaled between 0 and 1, and their unweighted average was used to build the ensemble
model. Spatial measures of uncertainty were calculated using a bootstrap technique15,61. A random
sample of the presence-absence data, of equal size, was drawn with replacement, and the �ve models
were constructed with the same settings as the originals. Predictions were then made to the study area,
and this process was repeated 200 times. Model uncertainty was represented as the coe�cient of
variation (CV) of the bootstrap output, i.e, the standard deviation divided by the mean.

Model evaluation
The data in this study was divided into train, validation (also referred to as development in the literature),
and test sets. The train set is used to train the model, while the validation set is used to evaluate the
model during tuning. After the best parameters are selected, both train and validation sets are used to
train a �nal model, which is evaluated using the test set. Data obtained from Area 1 with HyBIS was used
as train and validation sets. Such data inherits a high spatial dependency, as records are available next to
each other throughout each dive, and can lead to overestimation of model performance62. To provide a
larger level of spatial independence between the training and the validation data, the �rst or last 20%
records in each dive were selected to be used as a validation set. Consequently, the remaining 80% were
used to train the model. The region of the dive which was cut from training, whether from the beginning
or towards the end, was selected at random for each dive, and this process was repeated 25 times. During
model tuning, the AUCROC metric was used to select the best models. Data obtained from Area 2 with
Shinkai is completely independent from Area 1 and was used exclusively as a test set for the �nal model.
The evaluation was performed 25 times using a random selection of 70% of the test data (subsampling)
in each interaction.

Models were evaluated using �ve metrics to cover different aspects of the modeling performance: (1)
area under the receiver operating characteristic curve (AUCROC), (2) area under the precision-recall gain
curve (AUCPRG), (3) Sensitivity, (4) Speci�city, and (5) True Skill Statistics (TSS). AUCROC and AUCPRG are
threshold-independent measures, while Sensitivity, Speci�city, and TSS need to convert the predicted
likelihood of the model (a value between 0 and 1) into a presence/absence classi�cation using a
threshold. Here we used the threshold which balances sensitivity and speci�city, which minimizes both
commission and omission errors, and is recommended for SDMs model63. Note that thresholds were
selected using the validation data set.

AUCROC assesses the ability of models to discriminate presence from absence sites and is widely used in
species distribution models. The ROC curve is created by calculating the true positive rate (the proportion
of presences correctly predicted, also known as sensitivity or recall) and the false positive rate (the
proportion of absences falsely predicted, also calculated as 1 - speci�city) at various threshold settings.
AUCROC ranges from 0 to 1, where values above 0.9 indicate excellent performance, values between 0.7
and 0.9 indicate good performance, and a value of 0.5 or below indicates no better discrimination than a
random classi�cation.
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The area under the precision-recall curve (AUCPR) measures the ability to capture true presences and does
not include false positives or absences in its calculation. AUCPR is recommended when the user is more
interested in an accurate prediction of the presences or when the number of absences is much larger than
presences64. Like the ROC curve, the precision-recall curve calculates precision (the proportion between
correctly predicted presences and all predicted presences) and recall across multiple thresholds. The
baseline in the AUCPR depends on the prevalence in the testing data 65, making it di�cult to compare
between species or studies. As such, the precision-recall curve is plotted in a new coordinate system,
called the precision-recall gain curve, as described by Flach and Kull66. AUCPRG values from 0 to 1
indicate a performance better than random, where 1 is a perfect discrimination model. Negative values
indicate predictions worse than random.

Speci�city is the proportion of absences correctly predicted. Both sensitivity and speci�city are
considered high with values above 0.863. TSS normalizes the overall accuracy and accounts for both
omission and commission errors67. TSS is calculated as sensitivity plus speci�city minus one and ranges
from − 1 to 1, where + 1 indicates perfect agreement and values of zero or less indicate a performance no
better than random. TSS is also considered less sensitive to prevalence compared to Cohen’s Kappa
statistic.

Because we used presence-absence data to train the models, we also produced calibration plots to
evaluate the agreement between predicted probabilities of occurrence and observation of presence and
absence. If the plotted tend is lined up close to the diagonal, we conclude that the model is well-
calibrated. Calibration plots were drawn using the scripts in Phillips and Elith68. Statistical signi�cance of
differences between the models for the �ve statistics were tested using Friedman’s Aligned Rank test (p < 
0.05)69, using the R package scmamp v0.2.5570. We also applied the post hoc test to conduct pairwise
comparisons for each metric, using the Shaffer correction.

Results
From the 1193 records (grid cells) that were observed by HyBIS in Area 1, 231 had the presence of at least
one Sarostegia oculata. In Area 2, 29 out of 255 records were observed with the presence of S. oculata by
Shinkai. The hexactinellid showed a higher abundance near the rift walls in both areas and was found
only on hard substrates, of which the majority had a ferromanganese crust.

The performance of the models was good for each metric calculated, for both validation and test data.
AUCROC (Fig. 4a) values were > 0.9, except for ANN which performed slightly worse. All models had good
AUCPRG scores > 0.8 (Fig. 4b) and the RF, BRT, MaxEnt, GAM, and Ensemble models had nearly perfect
values close to one for the test data, indicating a good discrimination ability to detect presence records.
Similarly, all models showed high values for Sensitivity (Fig. 4c) and Speci�city (Fig. 4d) for the
validation data, suggesting a high proportion of observed presences and absences correctly predicted,
respectively. Models RF, BRT, MaxEnt, and Ensemble had a higher sensitivity for the test data compared to
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the validation data. In contrast, GAM and ANN models had worse performance. Models had high
speci�city for test data as well, although the RF model was slightly worse. For the TSS metric, the ANN
model had the overall worst performance, while models BRT, MaxEnt, and Ensemble had the highest
values for test data (Fig. 4e). Friedman’s Aligned Rank test showed a signi�cant difference between
models for the �ve statistics. The post-hoc test showed that the most signi�cant differences were found
when comparing GAM and ANN with other models (Appendix D). The threshold values used to
discriminate between presence and absence were 0.248, 0.126, 0.304, 0.121, 0.187, and 0.225 for the RF,
BRT, MaxEnt, ANN, GAM, and Ensemble models, respectively.

The calibration plots show that the true probability of presence compared to the predicted presence of the
�ve models are badly calibrated (Fig. 5). The ideal curve (dotted line) is below the lower con�dence
interval of the �tted calibration curve, indicating that the true probability of presence is much larger than
the estimate given by the models. Only models RF (Fig. 5a) and MaxEnt (Fig. 5c) had the ideal curves
above the higher con�dence interval for low probability values. These results indicate models have a high
discrimination power, i.e. the ability of a model to correctly distinguish between occupied and unoccupied
sites, but the model output should not be interpreted as estimates of conditional probability of presence.

Generally, all models predicted a suitable habitat along with the full extent of both NE and SW rift borders
in Area 1, and the NE rift border in Area 2. For Area 1 (Fig. 6), RF model predicted the distribution to be
more extensive, with a relatively higher likelihood on the bottom of the rift compared to the middle of the
plateaus. Other models had a relatively low (< 0.1) likelihood on the bottom of the rift, on top of the
plateaus, on the south canyon, and the lower plane regions at southwest. All models predicted a larger
area with a high likelihood around the north end of the NE rift border. However, only models RF and ANN
extended this area throughout the small terrace at the NE plateau. Models predicted high suitability
nearby the area between the east side of the canyon and the SW plateau. The predicted likelihood
extended to the other side of the canyon for the MaxEnt model, and even further around the inner SW
plateau for models RF and BRT. The south slide of the SW plateau showed high predicted suitability as
well, except for the GAM model. For Area 2 (Fig. 7), models predicted a high likelihood near the slope of
the NE rift border, between 700 and 1000 m. All models, except for RF, showed low (< 0.1) suitability at the
rift bottom and the top to the plateau.

The predicted suitable habitat by the ensemble model re�ected the average of all �ve models accordingly.
This predicted distribution re�ected environmental variables included in the model, namely depth and
slope. The region with bottom depths between 700 and 1000 m that had nearby slopes > 20 degrees
contained a continuous band of high prediction of suitable habitat. The spatial patterns of low-modeled
uncertainty corresponded to the main areas predicted as highly suitable on the rift borders in both Area 1
and Area 2 (Fig. 8), together with the majority of the SW plateau and around the inner SW plateau.
Regions of high uncertainty were obtained for the rift bottom, the canyon, the lower plane regions, and in
some areas on top of the plateaus.
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The importance of the environmental variables varied across the modeling algorithms, but depth, �ne BPI,
and northness usually had a high in�uence across all models (Table 2). For the RF model, the variables
showed a low importance index (< 0.1), indicating that this model uses all variables to predict the
presence of S. oculata, and changing a single variable has little effect on its output. Only depth and �ne
BPI had higher importance relative to other variables. For BRT, MaxEnt, and GAM models, the variables
depth, �ne BPI, northness, and curvature had a high in�uence in the likelihood of S. oculata. However,
depth had a higher in�uence for BRT and GAM compared to MaxEnt, and northness had a higher
in�uence for MaxEnt and GAM compared to BRT models. For the ANN model, most variables showed a
high in�uence in its output, except for broad BPI and eastness.

Table 2
Mean index of the importance of each predictor variable
across 100 permutations in the training dataset, for the

Random Forest (RF), Boosted Regression Trees (BRT), MaxEnt,
Generalized Additive Models (GAM), and Arti�cial Neural

Networks (ANN) models.
Variables RF BRT MaxEnt GAM ANN

depth 0.09 0.388 0.113 0.572 0.553

slope 0.035 0.009 0.034 0.051 0.183

broad BPI 0.016 0.002 0.000 0.000 0.066

�ne BPI 0.072 0.296 0.441 0.588 0.44

rift distance 0.049 0.008 0.004 0.000 0.349

northness 0.044 0.112 0.435 0.762 0.338

eastness 0.031 0.003 0.007 0.000 0.081

rugosity 0.036 0.011 0.008 0.000 0.19

curvature 0.037 0.046 0.106 0.094 0.304

In general, models showed similar response patterns across the gradient of each environmental variable.
Depth (Fig. 9a): MaxEnt, GAM, and ANN models showed a low response at higher depths below ~ 1000 m
and shallower waters above ~ 700 m, but showed a peak in the predicted likelihood of S. oculata within ~ 
700–1000 m. For RF and BRT models, the response remained high from deeper sites until ~ 800 m where
it reached a peak, and then the response was low at shallow depths. Slope (Fig. 9b): models had a low
response at �at sites, which increased at steeper slopes. The biggest variation in the response for slope
was found in the ANN model. Broad BPI (Fig. 9c): it had a high response around 70 for RF, BRT, and
MaxEnt models, but GAM and ANN predicted likelihood was higher at lower broad BPI values (< 0), and
lower at broad BPI > 100. Fine BPI (Fig. 9d): RF, BRT, and ANN showed a lower response at �ne BPI < 0,
and a higher response at values > 0, with a larger variation produced by the ANN model. MaxEnt response
was higher with negative �ne BPI, while GAM was unresponsive for this variable, characterized by a �at
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horizontal line in the plot. Rift distance (Fig. 9e): All models except ANN showed a similar pattern for the
rift distance. A peak in response near the rift (< 2000 m) and from 4500 to 7000 m, along with low
response between 2000 and 4500 m and regions more distant than 7000 m. The ANN model was
different, with a high response near the rift, lowering constantly as it moves away until 10,000 m. The
MaxEnt, GAM, and ANN had very low predicted outputs when far away from the rift (> 20,000 m).
Northness (Fig. 9f): peaks in response were produced at sides facing north and south in models RF, BRT,
and MaxEnt. GAM generated a slightly higher response in sites facing north than south. ANN, instead,
generated a higher response in sites facing south than north. Eastness (Fig. 9g): models predicted a
slightly higher response on sites facing either east or west. However, the GAM was unresponsive for this
variable as well. Rugosity (Fig. 9h): models had a low response at sites with low rugosity, that increased
at areas with higher values. Curvature (Fig. 9i): only ANN model had a large variation in response for
curvature, with a peak in sites with curvature close to zero. RF and BRT, instead, showed a smaller
response in these sites. MaxEnt and GAM were unresponsive for this variable.

Discussion
The Rio Grande Rise contains diverse benthic communities which include several VME indicator species
such as sponges, scleractinians, octocorals, and black corals (Corrêa et al., unpublished data). Although
RGR is located in oligotrophic waters, this diversity is likely related to strong currents and complex
geomorphology with multiple habitats19. Our study provides high-resolution distribution maps (DM) for
an important VME indicator species recorded in RGR, the branched hexactinellid Sarostegia oculata. This
sponge was the most abundant species found in the footage near the rift31, closely associated with Fe-
Mn crust substrates. A few fragments of S. oculata sampled by dredges71 revealed 18 species associated
with this sponge, the most notorious being a zoanthid and an annelid, Thoracactis topsenti and
Hermadion fauveli cf. Gravier30 respectively, which also emphasize the importance S. oculata has in this
environment. Our work is the �rst to create a species distribution model of S. oculata, and the �rst to
produce high-resolution DMs at RGR, with potential use for deep-sea conservation and management in
this area.

Deep-sea sponges have a high conservation and management signi�cance because of their low
resilience43. These species and their associated fauna are particularly vulnerable to anthropogenic
impacts such as �shing and deep-sea mining due to their slow growth rates and low or unpredictable
recruitment72, proving to have a very slow or nonexistent recovery5. For being suspension �lters, they will
likely suffer from sediment loads caused by deep-sea mining29. The water canal system of such sponges
are at risk of becoming clogged73 by high loads of suspended particulate matter. These mining plumes
can be of low or no nutritional value, further threatening the maintenance of these animals. Hence, S.
oculata not only will be primarily affected by crust removal, but also in the area surrounding mining
operations
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High-resolution distribution models of benthic species, using sea�oor camera imagery and bathymetric
data obtained from multibeam surveys, have proven useful in the last two decades. Similar models for
VME indicator taxa have been developed for conservation and management of areas of interest in the
deep sea15,43,74−80. Such models are able to provide expert advice on the occurrence of VME indicator
taxa in efforts to limit anthropogenic threats from future marine resource exploitation

Species distribution model
The �ve models trained in this study predicted a high likelihood of S. oculata along with all extent of both
rift borders in the multibeam survey. These �ndings reinforce the idea that S. oculata distribution is highly
related to the NE-SW rift border that runs throughout RGR, as suggested by Hajdu et al.31 found in our
study. This area is known to be an optimal place for Fe-Mn crusts formation19, highly supported by the
�rst claims by CPRM to ISA, which consists of 150 blocks of 20 km2 each, the maximum allowed by
Regulations on Prospecting and Exploration for Fe-Mn crusts20. The majority of the blocks are situated
along the plateaus of WRGR, on both sides of the rift19, where CPRM likely prospected areas of high Fe-
Mn deposits before submitting the claim. In addition, S. oculata is somehow more closely associated with
Fe-Mn crusts pavements in the plateaus near the rift and along the rift walls compared to other
substrates31. Our study reinforces this relationship between S. oculata, Fe-Mn crusts, and the rift at RGR.
A second notable suitable area was predicted between the southwestern of the SW plateau and on the
top northeastern canyon side. However, we have no footage of this area that can con�rm or not the
presence of S. oculata there.

Sampled Fe-Mn crusts near the rift suggest that they were eroded by the strong currents that impacted
the RGR plateau21, and bottom currents of more than 0.2 m/s may be capable of eroding Fe-Mn crust
surfaces81. These currents may provide a high food supply for the development of S. oculata, and can be
an important key factor in the development of this organism. Unfortunately, we do not have a
hydrodynamic model in the study area that could provide currents velocity and direction, which could be
used as predictors in the distribution models. Future studies should focus on obtaining and applying
such variables in the models, as they likely play an important role in the distribution of species in RGR.
The complex outlines of the rift walls may generate vortices31 and areas of slope may facilitate the
propagation of internal tidal waves1,82, which can cause resuspensions favoring greater development of
sponges. This may explain why the response for rift distance and �ne BPI had such importance to
explain the distribution of Sarostegia. Steeper slopes also predicted higher response in the models,
although this variable did not output great importance in the bootstrapped correlation test. The aspect of
the seabed, in terms of northness, predicted the highest likelihood on the northern and southern slopes,
which may correspond with the direction of currents in RGR as well.

Another variable considered important in our results was depth. The prediction of S. oculata was
restricted between ~ 700–1000 m, which corresponds to the plateaus and upper rift walls. Depth is
usually an important variable that predicts the occurrence of VME indicator species and can act as a
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surrogate for other important variables such as temperature, salinity, oxygen, nutrients, water masses,
exported surface production, and aragonite saturation15,83,84. S. oculata was collected/observed at 598–
1311 m depth in Cape Verde32, at 745 m in east of Miami Terrace, south-west of Bimini33, at 900–790 m
in the Vitória Trindade seamounts chain34, at 738‒1040 m in RGR by Hajdu el al.31, and in our study,
from 681 to 1203 m. The similarity in depth ranges in the Atlantic between these records suggests that
this sponge occurs in bathymetrically constrained bands. However, it is important to note that this
bathymetric range alone is not su�cient to predict the distribution, as the inner SW plateau is within this
range, but the models had a low likelihood in this region.

There are a few global distribution models of VME indicator taxa, namely scleractinians, octocorals, and
black corals, that predicted their occurrence on RGR19,85−87. Similar models were built using data
exclusively from the Brazilian continental margin by Barbosa et al.88, who addressed the distribution of
scleractinians and octocorals in RGR. Overall, they predicted a high suitability of VME indicator taxa on
the plateau of RGR, especially in regions near the rift, somewhat similar to the predicted output of our
models. However, these models use coarse resolution data ( > = 0.0083°, ~ 1 km) as environmental
predictors, and none had access to biological records from RGR to train or evaluate the model. High-
resolution bathymetric data can better represent seabed physiographic features and improve regional and
local suitability models89.

Implications for Spatial Management and Conservation
There is a growing number of examples in the literature that demonstrate the potential of using species
distribution models to predict the occurrence of deep-sea sponges for their conservation and
management from impacts caused by anthropogenic activities such as bottom trawling and mining1,15.
They provide fundamental ecosystem functions, and even in low densities, hexactinellid sponges may
create a suitable substrate for colonization and development of several invertebrate taxa, serving as
island habitats on the deep-sea �oor90. Thus, increasing knowledge of their distribution and
environmental conditions responsible for their formation and persistence are key factors to ensure the
protection of the marine environment, especially from harmful effects resulting from human activities.

The models performance were excellent or good in most cases, correctly identifying 85.4% of sites for
validation and 88.8% for testing. Our study uses a completely different dataset to test the models (Area
2), independent from the data used to train and validate the model (Area 1). This method was intended to
simulate how models would perform in case they were used to predict the distribution of S. oculata in a
neighboring, unexplored region compared to the original area where models were built. The high
performance models had in the test dataset suggests they could be used to predict the distribution of S.
oculata in unsurveyed areas, at least to some extent. In addition, our study suggests an overlap in the
potential distribution of Fe-Mn crusts and S. oculata, which should be addressed in the management of
mining to minimize impacts in this community and diminish the loss of biodiversity in RGR.
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There are a few limitations that should be considered during the modeling approach. Species occurrence
in different areas can be di�cult to model, as SDMs can fail to account for biotic processes, such as
competition and predator-prey interactions, and due to shortfalls in the available data, such as sampling
bias and lack of key drivers of habitat suitability91. The absolute uncertainty of the model prediction is
unknown, but the bootstrap procedures provided a measure of internal consistency across the models61.
Uncertainty maps are a key resource when applying predictions of distribution models to management
measures. The uncertainty of the ensemble model was the lowest near the rift border on both sides, and
higher below 1,000 m depth or in some areas on top of the plateaus. Predictions in the rift border had
more con�dence, which could be explained by a higher sampling effort in this region. Thus, it is advised
to use our models carefully to predict areas away from the rift. Increase in model performance and
reduction in uncertainty may be achieved with (a) a regularly spaced sampling regime that covers the
entirety of the environmental conditions observed in the region of interest92, (b) inclusion of key
environmental drivers for sponges, such as sediment type, current regimes, and nutrients76,77, (c) and
broader high-resolution surveys, that are still scarce for the area71.

Rio Grange Rise had been treated as an area beyond national jurisdictions (ABNJ) and under regulations
of the International Seabed Authority (ISA). In December 2018, Brazil presented a partial revised
submission to the Commission on Limits of The Continental Shelf (CLCS), which includes RGR as part of
its continental margin20. If approved, RGR will become a region under the jurisdiction and sovereign rights
of Brazil, along with its mineral resources. This creates unforeseen implications for the management of
RGR, as the regulations that will govern this area are still uncertain. Nevertheless, this issue should not
undermine research that produces data and results which could be used to inform management and
conservation planning in the area.
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Figure 1

(a) Rio Grande Rise, showing the locations of panels (b) and (c). (b) MBES of Area 1, used for model
training and validation. (c) MBES of Area 2, used for model testing. Red lines represent dives from (a)
HyBIS and (c) Shinkai. Maps (b) and (c) are in the same scale.

Figure 2

The bathymetry-derived variables in Area 1, which were used as explanatory variables in the models for
training and validation. (a) Depth. (b) Slope. (c) Broad-scale Bathymetric Position Index (BPI). (d) Fine-
scale BPI. (e) Euclidian distance from the border of the rift. (f) Northness. (g) Eastness. (h) Rugosity. (i)
Curvature.

Figure 3
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The bathymetry-derived variables in Area 2, which were used as explanatory variables in the models for
testing. (a) Depth. (b) Slope. (c) Broad-scale Bathymetric Position Index (BPI). (d) Fine-scale BPI. (e)
Euclidian distance from the border of the rift. (f) Northness. (g) Eastness. (h) Rugosity. (i) Curvature.

Figure 4

Mean and standard error of model performance statistics for both validation (orange) and test (blue)
data across replicates. (a) AUCROC, (b) AUCPRG, (c) Sensitivity, (d) Speci�city and (e) TSS.

Figure 5

Presence-absence calibration plots for each model �tted with natural splines. (a) Random Forest, (b)
Boosted Regression Trees, (c) MaxEnt, (d) Generalized Additive Models, and (e) Arti�cial Neural Networks.
The calibration curve is in blue and a con�dence interval of ± 2 SD is in orange. The rug plots show
model predictions at presences (orange) and absences (blue). The dotted line indicates a 1:1 relationship
representing ‘perfect’ calibration.

Figure 6

Prediction maps of Sarostegia oculata in Area 1, using (a) Random Forest, (b) Boosted Regression Trees,
(c) MaxEnt, (d) Generalized Additive Models, (e) Arti�cial Neural Networks, and (f) Ensemble models.

Figure 7

Prediction maps of Sarostegia oculata in Area 2, using (a) Random Forest, (b) Boosted Regression Trees,
(c) MaxEnt, (d) Generalized Additive Models, (e) Arti�cial Neural Networks, and (f) Ensemble models.

Figure 8

Uncertainty (CV) for the ensemble distribution model of (a) Area 1 and (b) Area 2.

Figure 9
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Response curves of the likelihood of presence of Sarostegia oculata for each predictor variable for the
Random Forest (RF), Boosted Regression Trees (BRT), MaxEnt, Generalized Additive Models (GAM), and
Arti�cial Neural Networks (ANN) models. Rug plot inside bottom of panels show distribution of sites
across that variable, in percentiles.


