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1. Purpose 
The purpose of this paper is to update the Scientific Committee on: (i) the development of habitat 
suitability models for previously unmodelled VME indicator taxa; and (ii) the development of 
abundance models for VME indicator taxa. This work will help reduce uncertainties in risk assessments 
for benthic habitats and VMEs and inform SC advice on the ongoing appropriateness of the 
management measures to ensure CMM-03-2022 continues to achieve its objective and the objectives 
of the Convention. 
 

2. Background 
Habitat suitability models are statistical models that predict the distribution of broadly suitable 
environmental ranges for species in relation to available environmental variables (Guisan and 
Zimmermann 2000). Habitat suitability models have become an important part of resource 
management and conservation biology. Such models can provide surrogates for knowledge gaps in 
spatial and temporal distributions and have been used to predict suitable habitat for a wide range of 
species (Elith and Leathwick 2009). Habitat suitability models are particularly useful for predicting 
the distribution of suitable habitat for vulnerable marine ecosystems (VMEs) in the deep sea, where 
field surveys are logistically difficult and expensive and it is not feasible to directly observe the entire 
area of interest (Vierod et al. 2014). For example, the available information on biomass, depth and 
location of VME indicator taxa is too sparse to enable direct mapping of these taxa within the 
SPRFMO Convention Area, so habitat suitability models have been used to predict the niche 
distribution of key taxonomic groups based on the data that are available (SC8-DW07_rev1). 

Under CMM-03-2019 , spatial management areas were established to protect large proportions of 
suitable habitat for VME indicator taxa (while permitting access for fisheries) based on habitat 
suitability models that have been progressively refined for six of the 13 VME indicator taxa defined 
in Annex 5 of CMM-03-2022 (Anderson et al. 2016, Georgian et al. 2019, Stephenson et al. 2021b) 
(Table 2). VME indicator taxa that have not previously been modelled due to insufficient 
observational data include: Actiniaria (anemones), Zoantharia (hexacorals), Hydrozoa, Bryozoa, 
Brisingida (armless seastars)1 and Crinoidea (sea lillies and feather stars)1 (Table 1). The absence of 
habitat suitability models for some VME indicator taxa limits the ability to evaluate the performance 
of spatial management measures (Management Areas and encounter protocol) in protecting those 
taxa. It is therefore useful to intermittently evaluate the sufficiency of presence data for developing 
new habitat suitability models for previously unmodelled VME indicator taxa. This paper updates the 
SC on progress to develop habitat suitability models for the six previously unmodelled VME indicator 
taxa (see red text in Table 1). 

  

 
1 Habitat suitability models were generated for Brisingida and Crinoidea by Anderson et al., 2016 but were not updated for Georgian et al., 
2019 or Stephenson et al., 2021 since these were not considered good VME habitat indicators for use in developing the spatial 
management measures. 
 

https://www.sprfmo.int/assets/Fisheries/Conservation-and-Management-Measures/2022-CMMs/CMM-03-2022-Bottom-Fishing-7Mar22.pdf
https://www.sprfmo.int/assets/2021-SC9/SC9-DW06-rev1-Development-of-Spatial-Management-Scenarios-for-Bottom-Trawling-untracked.pdf
https://www.sprfmo.int/assets/Fisheries/Conservation-and-Management-Measures/2019-CMMs/CMM-03-2019-5Mar2019.pdf
https://www.sprfmo.int/assets/Fisheries/Conservation-and-Management-Measures/2022-CMMs/CMM-03-2022-Bottom-Fishing-7Mar22.pdf
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Table 1. VME indicator taxa identified in CMM-03-2022 and available habitat suitability models  

Phylum Lower taxonomic 
group 

Qualifying taxa Habitat Suitability 
models 

FAO 
Code 

Vulnerable taxa 

Porifera 
(Sponges) 

  
Separate models for 
Demospongiae and 
Hexactinellida 

PFR 

Cnidaria Scleractinia (Stony 
corals) 

All taxa within the following  
genera: Solenosmilia;  
Goniocorella; Oculina;  
Enallopsammia; Madrepora;  
Lophelia 

Separate models for 
Enallopsammia 
rostrata, Madrepora 
oculata, Solenosmilia 
variabilis, Goniocorella 
dumosa 

CSS 

 
Antipatharia (Black 
corals) 

 
Modelled as a single 
group 

AQZ 

 
Alcyonacea (Soft 
corals) 

All taxa excluding Gorgonian 
Alcyonacea 

Modelled as a single 
group 

ALZ 

 
Gorgonian Alcyonacea 
(tree-like forms, sea 
fans, sea whips, 
bottlebrush corals) 

All taxa within the following 
suborders: Holaxonia; Calaxonia; 
Scleraxonia 

Modelled as a single 
group 

GGW 

 
Pennatulacea (Sea 
pens) 

All taxa Modelled as a single 
group 

NTW 

 
Actiniaria (Anemones) All taxa Modelled here ATX 

 
Zoantharia 
(Hexacorals) 

All taxa Modelled here ZOT 

 
Hydrozoa (Hydroids) 

 
Modelled here HQZ 

 
Stylasteridae 
(Hydrocorals) 

All taxa Modelled as a single 
group 

AXT 

Bryozoa 
(Bryozoans) 

  
Modelled here BZN 

Habitat formers 

Echinodermata Brisingida (‘Armless’ 
stars) 

All taxa Modelled here BHZ 

 
Crinoidea (Sea lillies 
and feather stars)  

All taxa Modelled here CWD 

 

Habitat suitability models predict relative habitat suitability of a taxon (i.e., the likely distribution of 
the taxon), rather than the expected abundance of a taxon. As such, the existing habitat suitability 
models provide best estimates of the distributions of modelled VME indicator taxa in an 
environment that remains data-limited in terms of knowledge about both faunal distributions and 
the physical characteristics of their habitats. However, knowledge about spatial variations in taxon 
abundance is also important for informing management of VMEs; for instance, the functional 
significance of the presence of a single stony coral colony at a site will be different to the functional 
significance of a high density of stony coral colonies that provide complex physical structures upon 
which the diversity of other taxa and ecological processes are highly dependent (sensu the definition 
of VMEs in section 5.2 of the FAO International Guidelines for the Management of Deep-sea 
Fisheries in the High Seas FAO 2008).  

Although several studies have assessed whether habitat suitability models can be used as surrogates 
for abundance distributions, the relationship remains uncertain (e.g., SC7-DW21_rev1 and Rullens et 
al., 2021). Recognizing this, SC9 noted in their report that the “estimation of the fraction of VME 

https://www.sprfmo.int/assets/Fisheries/Conservation-and-Management-Measures/2022-CMMs/CMM-03-2022-Bottom-Fishing-7Mar22.pdf
https://www.sprfmo.int/assets/Meetings/Meetings-before-2013/Scientific-Working-Group/SWG-06-2008/SPRFMO6-SWG-INF01-FAO-Deepwater-Guidelines-Final-Sep20.pdf
https://www.sprfmo.int/assets/2019-SC7/Meeting-Docs/SC7-DW21-rev1-Uncertainty-in-model-predictions-and-VME-thresholds-for-CMM-03-2019.pdf
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indicator taxa abundance protected depends [by the spatial management measures] strongly on the 
ability of the available habitat suitability models to infer abundance, noting that abundance models 
using survey presence-absence or abundance data and relevant environmental/benthic data could 
improve this accuracy”.  Consequently, SC9 added the development of abundance models for VME 
indicator taxa to the SC multi-annual workplan with a 2022+ timeline (Annex 4a COMM10-
Doc06_rev2). 

Here, we trial two methods for estimating spatial distribution of the abundance of VME indicator 
taxa: a statistical modelling approach which is underpinned by (the limited) data where abundance 
was recorded using adequate approaches; and a mechanistic approach, i.e., distribution of 
abundance of taxa based on known or perceived relationships informed by experts. We trial these 
methods across a subset of VME indicator taxa and present the preliminary model outputs, which if 
the SC agrees are useful, could be further developed for other VME indicator taxa and used to 
inform other components of the SC work programme (e.g., the ongoing appropriateness of the 
management measures to ensure CMM-03-2022 continues to achieve its objective and the 
objectives of the Convention). 

3. Methods 
3.1 Habitat Suitability prediction for VME indicator taxa not previously modelled  
Statistical methods for predicting habitat suitability for VME indicator taxa not previously modelled 
followed methods detailed in Stephenson et al. (2021b). Predictions were limited to the SPRFMO 
Evaluated Area (as defined in SC8-DW07_rev1, Figure 1). That is, biological records (presence only) 
and environmental predictor variables were used in ensemble habitat suitability models (i.e., 
combined outputs from Boosted Regression Tree (BRT), Random Forest (RF), and Maximum Entropy 
(MaxEnt) models) to generate spatial predictions of habitat suitability. For full methodological 
details see Stephenson et al. (2021b). 

 

https://www.sprfmo.int/assets/2022-Annual-Meeting/04-Meeting-Reports/COMM10-Report/ANNEX-4a-2022-Scientific-Committee-Multi-Annual-Plan.pdf
https://www.sprfmo.int/assets/2022-Annual-Meeting/04-Meeting-Reports/COMM10-Report/ANNEX-4a-2022-Scientific-Committee-Multi-Annual-Plan.pdf
https://www.sprfmo.int/assets/Fisheries/Conservation-and-Management-Measures/2022-CMMs/CMM-03-2022-Bottom-Fishing-7Mar22.pdf
https://www.sprfmo.int/assets/2021-SC9/SC9-DW06-rev1-Development-of-Spatial-Management-Scenarios-for-Bottom-Trawling-untracked.pdf
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Figure 1. The SPRFMO Convention Area (light blue) with the location of the Evaluated Area (red box). Also 
shown as dark blue polygons are the locations of areas open to bottom trawling under SPRFMO CMM-03-
2022. 

Biological data 
Occurrence (presence—only) data used to train the models were compiled for the six VME indicator 
taxa previously not modelled (herein referred to as the newly modelled VME indicator taxa) from 
New Zealand and Australian museum/collection records, fisheries research databases, and online 
biodiversity databases (Table 2). Data were groomed by checking for positional errors, crosschecking 
recorded depths against the best available bathymetry estimates for the region, removing duplicate 
records, and removing records outside of the study area and modelled depth range (i.e., deeper 
than 3000m water depth). Presence records were spatially aggregated to a 1 km grid resolution, i.e., 
a taxon was considered present in given 1 km cell if there was any presence record from within that 
cell.  

The six unmodelled VME indicator taxa are variously defined at the taxonomic levels of phylum (e.g., 
Bryozoa), Class (e.g., Hydrozoa, Crinoidea), and Order (e.g., Zoantharia, Actiniaria, Brisingida). These 
VME indicator taxa groupings may therefore represent many species (i.e. for a comprehensive 
review see SC9-DW11). We therefore assessed the number of presence records at different 
taxonomic levels (i.e., splitting the models by family, genus, or species) to determine if there were 
sufficient records to develop habitat suitability models at higher taxonomic resolutions (e.g., as has 
previously been done for Scleractinia, for which separate models were developed for Enallopsammia 
rostrata, Madrepora oculata, Solenosmilia variabilis and Goniocorella dumosa). Except for Crinoidea, 
there was not sufficient records to develop models at finer taxonomic resolutions without resulting 
in prohibitively low number of records for the modelling. However, there was a sufficient number of 
records to split Crinoidea into two groupings to make additional models for these taxa:  the 
comatulids or unstalked crinoids (feather stars) and the non-comatulids or stalked crinoids (sea 
lilies).  

To estimate habitat suitability, the statistical models require locations of both presences (occurrence 
records) and absences. As for Stephenson et al. (2021b), systematically collected absence records 
were not widely available across the study area or consistently available across sampling methods. 
Instead “target-group background” data (Phillips et al. 2009) were used, i.e., grid cells within which 
any of the taxa not being modelled had been previously recorded as present (including presence 
records used for previously modelled VME indicator taxa described in Stephenson et al., 2021b). The 
distribution of occurrence records for the newly modelled VME indicator taxa and target-group 
background data are available in Annex 1.  

Table 2. Taxonomic groups modelled, sample size (number of presences) in the Evaluated Area (excluding 
EEZs) and available for the model (across the Evaluated Area and EEZs), and target group background data in 
the Evaluated Area, and available for the model. 

FAO  
code 

FNZ 
code 

Taxa Common 
name 

Presences 
Evaluated 
Area  

Records 
for 
model  

Background 
points 
Evaluated Area 

Background 
points for 
model 

ATX ANT Actiniaria Anemones 711 8540 410 2446 
BHZ BRG Brisingida Armless stars 82 931 998 9567 
BZN COZ Bryozoa Bryozoans 35 725 1074 10,173 

https://www.sprfmo.int/assets/Fisheries/Conservation-and-Management-Measures/2022-CMMs/CMM-03-2022-Bottom-Fishing-7Mar22.pdf
https://www.sprfmo.int/assets/Fisheries/Conservation-and-Management-Measures/2022-CMMs/CMM-03-2022-Bottom-Fishing-7Mar22.pdf
https://www.sprfmo.int/assets/2021-SC9/SC9-DW11-Updated-list-of-VME-taxa-incorporating-FAO-criteria.pdf
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HQZ HDR Hydrozoa Hydrozoans 89 1159 1024 9860 
ZOT ZAH Zoantharia Hexacorals 419 1016 682 9600 
CWD CRI Crinoidea Sea lilies and 

feather stars  
80 793 1023 10,102 

 CRN stalked 
Crinoidea 

Sea lillies 
9 160 1063 9139 

 CMT unstalked 
Crinoidea 

Feather stars 
61 501 1030 9415 

 

Environmental predictor variables 
The same environmental variables were used as predictors in the habitat suitability models as those 
previously used for other VME indicator taxa in SPRFMO Evaluated Area (see Georgian et al. 2019 for 
futher details): temperature at depth, Bathymetric Position Index (broad), particulate organic carbon 
export, dissolved oxygen at dept, percent mud, percent gravel, standard deviation of slope, 
ruggedness, seamounts (presence/absence). Calcite saturation at depth was also used for modelling 
Brisingida, Bryozoa and Crinoidea. Percent mud was used for modelling Actiniaria, Hydrozoa, 
Zoantharia and Brisingida. Percent gravel was used for modelling Crinoidea and Bryozoa. 

Habitat suitability modelling 
The BRT, RF and MaxEnt models were bootstrapped 100 times for each VME indicator taxon 
modelled. That is, a random selection of ‘training’ samples was selected with replacement equal to 
the number of presence records, and an equal number of randomly selected target group 
background data records. The bootstrapping process was repeated 100 times, and at each iteration, 
model performances (for each model type) were assessed using the ‘evaluation’ data, i.e., the 
remaining presence data not randomly selected and an equal number of randomly selected target 
group background data records. 

Model performance was assessed using two metrics: area under the receiver operating 
characteristic curve (AUC) and True Skill Statistic (TSS). AUC scores range from 0 to 1, where a score 
of 0.5 indicates a model that performs no better than random chance and AUC > 0.7 indicates 
adequate performance. TSS scales from −1 to 1 and considers both omission and commission errors 
and success as a result of random guessing. Values of 1 are in perfect agreement, values of less than 
or equal to 0 indicate a performance no better than random or a systematically incorrect prediction.  

At each BRT, RF and MaxEnt model iteration, geographic predictions were made using 
environmental predictor variables to a 1 km2 grid for depths between 200 and 3000 m. For each 
taxon, habitat suitability index (HSI) and a spatially explicit measure of uncertainty (measured as the 
standard deviation of the mean (SD)) were calculated for each grid cell using the 100 bootstrapped 
layers. Spatial predictions of HSI represent the predicted relative suitability of the environmental 
envelope for each taxon ranging from 0 to 1, with higher values indicating a more suitable 
environment.  

Ensemble estimates of habitat suitability for each taxon were generated by combining the mean of 
the bootstrap predictions from each model type (BRT, RF and MaxEnt) using a two part-weighting 
which accounted for overall model performance (AUC calculated on the evaluation data) and the 
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spatially explicit uncertainty layer (SD of the mean HSI) associated with each model type. See 
Stephenson et al. (2021b) for further details. 

Finally, the coverage of the environmental space – an indication of which parts of the environmental 
space contain many sighting records (across all taxa), and therefore where the predicted relationship 
between the environment and taxa is more certain – was updated (from SC8-DW07_rev1) using the 
newly collated presence records (Figure A 8, Annex 1). 

3.2 Modelling spatial estimates of abundance  
To model distribution of abundance, a two-part hurdle model (or Delta model) is commonly used 
(Dedman et al. 2015, Stephenson et al. 2021a). In this procedure, a binomial model is used initially to 
predict the distribution of occurrence, followed by a separate (second) model with a suitable 
distribution (usually a Gaussian distribution following log-transformation) to estimate abundance 
conditional on presence, both of which are multiplied together to produce spatial estimates of 
abundance (number of individuals km-2). The habitat suitability models of VME indicator taxa from 
Stephenson et al. (2021b) are binomial models and were used as the first component of the hurdle 
model. 

Here, we explore two different methods for estimating the second component of a hurdle model 
(abundance estimates conditional on presence). For the first approach, abundance data and spatially 
explicit environmental variables were analysed in a statistical model (i.e., using statistical models as 
for the habitat suitability modelling, e.g., as described in Dedman et al., 2015). Spatial outputs from 
this abundance (conditional on presence) model are then multiplied (hurdled) with the predictions 
of habitat suitability to provide spatial estimates of abundance. Here we refer to this modelling 
approach as a ‘data-driven approach’. Given the high data requirements for this approach, spatial 
abundance models were only possible for a subset of VME indicator taxa. For our second approach 
we explored a novel method for estimating abundance for taxa where few (or no) data exist using a 
principles-based approach (e.g., using terminology developed by (Townsend et al. 2014) to map 
Ecosystem Services in the marine environment) based on adapted methodology described by 
Kaschner et al. (2006) which provided mechanistic estimates of the relationship between abundance 
and the marine environment. We refer to this as a ‘principles-based approach’. Similarly, to the data-
driven approach, abundance estimated using the principles-based approach were multiplied 
(hurdled) with the predictions of habitat suitability from Stephenson et al. (2021b) to provide spatial 
estimates of abundance.  

Data-driven approach to estimating spatial distribution of abundance 

Biological data 

Abundance data for VME indicator taxa was extracted from a database consisting of observations of 
invertebrate fauna from seafloor imagery data collected using NIWA’s Deep Towed Imaging System 
(DTIS) at 516 seafloor sites compiled across 9 surveys: 358 sites from five surveys of Chatham Rise 
(Bowden et al. 2019), 109 sites from Campbell Plateau  (Roberts et al. 2018, Anderson et al. 2020), 
42 sites from the Challenger Plateau (Nodder 2007) and 7 sites from the Louisville Seamount Chain 
(Clark et al. 2015).  There are potentially a greater number of image data available from Lord Howe 
Rise, Louisville Seamount Chain and within the Australian EEZ collected using different camera 
platforms, but we were not able to collate and make these data comparable (i.e., convert to same 

https://www.sprfmo.int/assets/2021-SC9/SC9-DW06-rev1-Development-of-Spatial-Management-Scenarios-for-Bottom-Trawling-untracked.pdf
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unit of abundance) within the timeframes for the analyses presented in this report. Work is currently 
underway to process seafloor imagery from additional DTIS surveys throughout the New Zealand EEZ 
(under DOC-funded projects) but resulting data will not be available for use in modelling until 
sometime in 2023.  

Abundance data ranged from 7 records (stony corals at genus level, Enallopsammia sp. and 
Madrepora sp.) to 272 records (Demospongiae) (Table 3). Models were tested on two taxa based on 
data availability and the number of events that would have triggered encounter events had the 
encounter thresholds in CMM03-2022 been in place since 2008. The modelled taxa were 
Goniocorella dumosa (a stony coral in the order Scleractinia), the VME indicator taxon most 
frequently ‘encountered’ above current bycatch thresholds, and Demospongiae, which represented 
Porifera (sponges), a VME indicator taxon with a relatively high number of ‘encounters’ and the 
highest number of abundance records (Table 3). As for previous studies modelling the distribution of 
abundance, the abundance data were log +1 transformed (Stephenson et al. 2021a) 

Table 3. VME indicator taxa modelled by Stephenson et al., 2021, abundance samples available for modelling 
(i.e., in the Evaluated Area and EEZs, and the number of number of time weight thresholds would have been 
exceeded had the encounter thresholds in CMM03-2022 been in place since 2008. Taxa codes given in this 
table and those below are those used by Fisheries New Zealand to record VME indicator taxa bycatch. 

VME indicator 
taxa 

Taxon modelled FAO  
code 

FNZ 
code 

Common name Abundance 
records  

Number of 
events 

Scleractinia Enallopsammia 
rostrata 

FEY ERO Stony corals 7* 29** 

 Goniocorella 
dumosa 

GDV GDU Stony corals 64 29** 

 Madrepora oculata MVI MOC Stony corals 8* 29** 
 Solenosmilia 

variabilis 
RTZ SVA Stony corals 62 29** 

Porifera Demospongiae DMO DEM Demosponges 272 14 
 Hexactinellida HXY HEX Glass sponges 135  

Antipatharia Antipatharia AQZ COB Black corals 38 9 
Gorgonian 
Alcyonacea 

Gorgonians CGW GOC Tree-like, sea fans, 
sea whips  

107 21 

Hydrozoa Stylasteridae AXT COR Hydrocorals 99 7 
Pennatulacea Pennatulacea NTW PTU Sea pens 184  NA*** 

* abundance records only recorded to Genus level  
** Number of encounter events triggered had current encounter thresholds been in place for the VME indicator taxa Scleractinia  
*** Not associated with a threshold weight and only relevant for biodiversity thresholds 

 

Environmental data 

The same environmental variables were used as predictors in the abundance distribution models as 
those used for the habitat suitability models (see open source publications from Georgian et al., 
2019 and Stephenson et al., 2021b for further details).  

Abundance modelling  

Similarly to the habitat suitability modelling, a bootstrap approach (using BRT and RF models) was 
used to estimate abundance but using a Gaussian error distribution in the models (noting that these 
models are conditional on presence, i.e., absence data are not needed for these models). A Maxent 

https://doi.org/10.1016/j.fishres.2018.11.020
https://doi.org/10.1016/j.fishres.2018.11.020
https://doi.org/10.1093/icesjms/fsab162
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model was not used for these models because Maxent is presence only model (i.e., only binary data 
– presence / absence data – can be used).  

Bootstrap models were fitted and geographical predictions (1km2 grid for depths between 200 and 
3000 m) ensembled using the same approach as described in Stephenson et al. (2021b). Final 
bootstrapped ensemble abundance models were hurdled with (multiplied to) the bootstrapped 
ensemble habitat suitability models to produce spatial estimates of abundance. Here we only discuss 
outputs from the ‘final’ abundance models (i.e., we do not examine nor provide information on the 
intermediate abundance model). The accuracy of the spatial abundance estimates was assessed by 
comparing the predicted values with all the available abundance sample data for VME indicator taxa 
using Pearson’s correlation measure where <0.2 is considered low, 0.2 – 0.4 is considered moderate 
and >0.4 is considered good (based on a subjectively defined thresholds). Finally, for easy visual 
comparison with previous attempts to estimate abundance within SPRFMO (HSI – ROC linear and 
HSI-Power transformed), spatial abundance estimates developed here were normalized (rescaled) 
on a scale 0 – 1; we refer to this a relative abundance (where 0 is low abundance and 1 is the 
maximum predicted abundance for that taxon within the study area). 

Principles-based approach to estimating spatial distribution of abundance 
Relative environmental suitability (RES) modelling is an approach to habitat suitability modelling that 
relies on expert knowledge rather than species observation data (Kaschner et al. 2006). Expert input 
is used to constrain suitable habitat based on known relationships between species presence and a 
suite of environmental variables. This procedure is done using environmental layers and a rescaling 
process (converting environmental variables into relative environmental suitability) using ecological 
niche thresholds e.g., absolute minimum, absolute maximum, preferred minimum, and preferred 
maximum (MinA, MaxA, MinP, and MaxP). The RES process involves rescaling environmental layers 
using ecological knowledge and combining these rescaled layers to produce a final layer of relative 
(0-1) habitat suitability. Here, RES was extended to abundance (relative abundance: 0-1) for four 
stony corals (Goniocorella dumosa, Enallopsammia rostrata, Madrepora oculata, Solenosmilia 
variabilis).  

The relationships between species abundance and environmental variables were elicited using a 
Delphic process where experts were asked to independently: 

1. Identify up to four environmental variables that are thought to be most important for 
influencing the relative abundance of each of the stony coral species; 

2. Choose a shape that best describes the relationship between each environmental variable 
and the abundance of a given taxon; 

3. Estimate threshold values (minimum, maximum, preferred minimum, and preferred 
maximum – depending on the chosen shape) for each environmental variable for each stony 
coral species.  

Detailed instructions for experts, the response form, anonymised tabulated responses, and a list of 
experts contacted are provided in the Annex 2. Expert input for the principles-based approach was 
compiled for the four stony coral taxa assessed. A subset of the experts contacted (five out of 22 
experts) provided input for the approach by the August 8th 2022 (a cut-off date put in place in order 
to produce preliminary models for this report noting that further responses have since been 
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received and more are expected for a full assessment of this approach). To compile input based on 
the completed worksheets obtained from experts, a minimum of two of the same environmental 
variables selected was used as a threshold for each stony coral taxon. Note: for Madrepora oculata, 
two experts selected ‘seamounts’ as a predictor variable. The binary seamount variable was not 
included in the final analysis as the rescaling approach used would exclude all areas not classed as 
seamounts in the data layer for this variable.  

Based on expert opinion, median environmental variables, shapes, and parameters (threshold 
values) were used for the principles-based approach. Two environmental variables were consistently 
selected by all experts for all four stony coral taxa; bathymetric position index (BPI-broad) and 
particulate organic carbon export (POC). For Goniocorella dumosa, aragonite saturation at depth was 
also selected by more than two experts. For Enallopsammia rostrata, Madrepora oculata, and 
Solenosmilia variabilis dissolved oxygen at depth was selected by more than two experts and 
therefore included in the RES model.  

The shape (i.e., response curves) used to rescale each environmental layer was determined based on 
median shape chosen across all four stony coral taxa, for each respective environmental variable. 
Thus, the linear shape was applied to POC and the plateau shape was applied to BPI-broad, 
aragonite saturation, and dissolved oxygen at depth. 

Parameters (MinA, MinP, MaxP, and MaxA) used were also determined using the median. MinP and 
MaxP describe the “preferred” range in terms of taxon abundance, whereas MinA and MaxA describe 
the “absolute” ranges where a species is not expected to occur. Using the environmental variables 
described above (three for each stony coral taxon), an RES model was constructed by rescaling each 
environmental layer using the median shape and parameters selected by experts. Rescaled layers 
were then combined (multiplied) resulting in a single RES model for each stony coral taxon. 

Principles-based approach abundance estimates for the stony coral VME indicator taxa were then 
hurdled (multiplied) with the Stephenson et al. (2021b) habitat suitability models and model fits 
assessed using the same data and process as described for the data-driven approach (Pearson’s 
correlation). For comparison, scatter plots and Pearson’s correlation were assessed using the DTIS 
abundance data (described above) for the principles-based approach and habitat suitability models 
(HSI linear and ROC AUC thresholded) produced for SC8-DW07_rev1. 

 

4. Results 
4.1 Habitat suitability prediction for VME indicator taxa not previously modelled 
As for previous habitat suitability modelling of VME indicator taxa in SPRFMO, models for the newly 
modelled taxa performed well: AUC and TSS model performance measures > 0.82 > 0.51 respectively 
for BRT, RF but were slightly lower for MaxEnt models (AUC > 0.79; TSS > 0.44) (Table 4). 

Table 4. Random Forest (RF), Boosted Regression Tree (BRT), MaxEnt (MX), model performance (mean AUC 
and TSS) using evaluation data (the remaining presence data not randomly selected at each bootstrap and an 
equal number of randomly selected target group background data records). 

  RF BRT MX 

https://www.sprfmo.int/assets/2021-SC9/SC9-DW06-rev1-Development-of-Spatial-Management-Scenarios-for-Bottom-Trawling-untracked.pdf
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FNZ code Taxa AUC TSS AUC TSS AUC TSS 

ANT Actinaria 0.89 0.64 0.86 0.58 0.84 0.56 
BRG Brisingida 0.88 0.61 0.85 0.58 0.82 0.55 
COZ Bryozoa 0.86 0.57 0.83 0.54 0.80 0.48 
        
HDR Hydrozoa 0.85 0.56 0.82 0.51 0.79 0.44 
ZAH Zoantharia 0.89 0.63 0.88 0.62 0.87 0.63 
CRI Crinoidea 0.88 0.63 0.86 0.60 0.83 0.54 
CRN stalked Crinoidea 0.91 0.71 0.89 0.68 0.88 0.63 
CMT unstalked 

Crinoidea 
0.90 0.68 0.88 0.65 0.85 0.59 

 
 
The predicted distributions of habitat suitability for the new modelled VME indicator taxa within the 
SPRFMO Evaluated Area from 200 to 3000 m water depth, and associated spatially explicit 
uncertainty estimates, are provided in Annex 1. Figure 2 provides an illustration of the model output 
for Crinoidea, and shows that this taxon is predicted to have a relatively high HSI over large portions 
of the Evaluated Area. Figure A 14 and Figure A 15 illustrates the contrasting predicted distributions 
for the stalked and unstalked crinoids (respectively), the sub-groups modelled for this class of 
echinoderm. 

 

Figure 2. Mean predicted ensemble model habitat suitability index (HSI) for Crinoidea from ensemble habitat 
suitability models. Inset maps of the high seas in the study area: (a) West Lord Howe Rise; (b) East Lord Howe 
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Rise; (c)West Norfolk Ridge; (d) North Louisville Seamount Chain; (e) West Challenger Plateau; (f) Central 
Louisville Seamount Chain; (g) South Tasman Rise; and (h) South Louisville Seamount Chain. 

4.2 Modelling spatial distribution of abundance 
Data-driven approach  
Predictions derived from the data-driven approach for estimating distribution of abundance for both 
Goniocorella dumosa (representing Scleractinia stony corals), and Demospongiae (representing 
Porifera) had high Pearson’s correlation with the sample data (training data used in the models), 
0.63 and 0.84 respectively, noting that abundance predictions for both taxa were lower than the 
observed abundances (Figure 3). Some locations where Goniocorella dumosa was recorded as 
absent (abundance = 0.0) models predicted moderate – high abundances (Figure 3). This trend was 
also apparent for Demospongiae but far less pronounced (Figure 3). 

  

Figure 3. Predicted density (log) from the hurdled ensemble models (data-driven approach for estimating 
spatial distribution of abundance) compared to the observed (recorded) abundance (log+1) from the DTIS 
sampling for Goniocorella dumosa (A) and Demospongiae (B). 

 

High relative abundances of both Goniocorella dumosa and Demospongiae were predicted across 
relatively small parts of the SPRFMO Evaluated Area, with the majority of the Evaluated Area 
predicted to have low relative abundance (particularly for Goniocorella dumosa, Figure 4).  

Spatial predictions of abundance, at a broad level, reflected spatial patterns of high habitat 
suitability previously developed for the SPRFMO Evaluated Area (i.e., habitat suitability model, 
thresholded habitat suitability model based on the ROC AUC and Power transformed habitat 
suitability model, Figure 5, and Figure A 17 in Annex 1). For Goniocorella dumosa higher relative 
abundance was predicted on the Challenger Plateau and Chatham Rise (the latter within the New 
Zealand EEZ) which were also the areas with high habitat suitability (Figure 5). Abundance 
predictions were positively correlated with predictions of habitat suitability, albeit this relationship 
was variable with high HSI values (i.e., 0.8) ranging from 0.2 – 0.8 relative abundance (Figure A 18). 
There was an even more variable relationship between predicted relative abundance of 
Demospongiae to the habitat suitability index predictions (Figure A 17, Figure A 19); there was no 
relationship between predicted relative abundance of Demospongiae with power transformed 
habitat suitability, with many moderate – high abundance areas predicted to have no to low power 
transformed habitat suitability index (Figure A 19). 
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Figure 4. Predicted relative abundance (0-1) in the SPRFMO Evaluated Area from the hurdled ensemble models 
(data-driven approach) for Goniocorella dumosa (top) and Demospongiae (bottom). Inset maps of the high 
seas in the study area: (a) West Lord Howe Rise; (b) East Lord Howe Rise; (c) West Norfolk Ridge; (d) North 
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Louisville Seamount Chain; (e) West Challenger Plateau; (f) Central Louisville Seamount Chain; (g) South 
Tasman Rise; and (h) South Louisville Seamount Chain. 

 

Figure 5. Comparison of the spatial predictions from different methods used to estimate or act as a proxy for 
abundance of Goniocorella dumosa (0 = low abundance; 1 = maximum abundance predicted): (a) data-driven 
approach to estimating spatial distribution of abundance; (b) habitat suitability model; (c) thresholded habitat 
suitability model based on the ROC AUC; (d) Power transformed habitat suitability model. 

Principles-based approach  
Principles-based approach abundance models were developed for four stony coral taxa. 
Performance was assessed using DTIS imagery data (used for the data-driven approach). Model 
performance, as assessed with completely independent evaluation data, ranged from a Pearson’s 
correlation 0.13 to 0.33 (Figure A 24, Figure A 25, Figure A 26 in Annex 1). 

The principles-based approach abundance models performed similarly compared to the habitat 
suitability index models produced by Stephenson et al. (2021b). For example, for Goniocorella 
dumosa Pearson’s correlation for the principles-based approach abundance model was 0.33, 
whereas evaluation of the habitat suitability model (HSI-linear and ROC AUC thresholded) compared 
to the abundance data was 0.35-0.36 respectively (Figure 7). While correlations were low, the broad 
spatial predictions of abundance reflected spatial patterns of abundance determined using the data-
driven approach (comparison of Figure 4 with Figure 6) with higher relative abundance predicted on 
the Challenger Plateau and Chatham Rise (the latter within the New Zealand EEZ). 
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Figure 6. Predicted relative abundance (0-1) in the SPRFMO Evaluated Area from the hurdled principles-based 
approach (expert informed) for Goniocorella dumosa. Inset maps of the high seas in the study area: (a) West 
Lord Howe Rise; (b) East Lord Howe Rise; (c) West Norfolk Ridge; (d) North Louisville Seamount Chain; (e) West 
Challenger Plateau; (f) Central Louisville Seamount Chain; (g) South Tasman Rise; and (h) South Louisville 
Seamount Chain. 

 

Figure 7. Relationships between Goniocorella dumosa abundance (DTIS data) compared to predictions from 
different methods used to estimate (or proxy for) abundance (a) principles-based approach; (b) habitat 
suitability modelling; (c) thresholded habitat suitability model based on the ROC AUC. Pearson’s correlation is 
shown above each scatterplot. 

 

 



SC10-DW05 

17 
 

5. Discussion 
Habitat suitability models, and associated uncertainty estimates, for previously unmodelled VME 
indicator taxa were developed following the same methods presented in the New Zealand and 
Australia BFIA (SPRFMO SC8-Report 2020). Similar to previous modelled VME indicator taxa, model 
estimates for the newly modelled VME indicator taxa (Actinaria, Brisingida, Bryozoa, Hydrozoa, 
Zoantharia, Crinoidea (and sub-groups stalked Crinoidea and unstalked Crinoidea) were assessed as 
having high statistical skill in classifying suitable habitat. In addition, newly collated data for VME 
indicator taxa records was used to provide updated estimates of uncertainty (environmental 
coverage) for all the VME indicator taxa habitat suitability models.  

Pending acceptance of the new habitat suitability models by the SC, a total of 17 VME indicator taxa 
habitat suitability models would be available for the SPRFMO Evaluated Area, covering all VME 
indicator taxa listed in Annex 5 of CMM-03-2022. The completion of habitat suitability models for all 
VME indicator taxa listed in Annex 5 of CMM-03-2022 will help inform SC advice on the ongoing 
appropriateness of the management measures to ensure CMM-03 continues to achieve its objective 
and the objectives of the Convention. 

Despite the advance in a more complete representation of VME indicator taxa in the SPRFMO 
Evaluated Area, these habitat suitability models represent broad taxonomic groups (primarily limited 
by the paucity in species’ records to inform the development of robust models at finer taxonomic 
resolutions). For example, here we demonstrate the broad distribution of Crinoidea which split into 
distinct environmental niches when further divided into stalked and unstalked Crinoidea. Both the 
stalked and unstalked Crinoidea models had higher predictive power (as assessed by AUC and TSS) 
than the broader Crinoidea model. We recommend regularly re-assessing further breakdown of 
models for coarser taxonomic groups (e.g., there were 218 species identified in collated dataset 
used for the Bryozoa habitat suitability modelling presented here), as and when, new data become 
available. Until VME indicator taxa models at finer taxonomic resolutions can be developed, a 
potentially useful assessment of the model’s ability to be a proxy for the many taxa they contain 
would be to explore model accuracy (AUC and TSS) using records identified to finer taxonomic 
resolution. That is, although these data may not be sufficient to produce robust models, they may be 
sufficient to assess, in a quantitative way, whether the habitat suitability models provide high 
statistical skill in classifying suitable habitat for each taxon (noting that a minimum number of 
samples are still required for this assessment). 

Despite the high model fit metrics of previous, and new habitat suitability models for VME indicator 
taxa models, the relationship between habitat suitability models and abundance remains uncertain 
(e.g., Figure 7, B and C). Here, we trialled two methods for estimating spatial distribution of 
abundance of VME indicator taxa: a data-driven approach and a principles-based approach.  

The data-driven approach was trialled for two VME indicator taxa: Goniocorella dumosa 
(representing the order Scleractinia, stony corals) and Demospongiae (representing the phylum 
Porifera, sponges). Both abundance models produced credible predictions of spatial distributions of 
relative abundance with high correlations between modelled predictions and observed abundances 
(noting that these samples were also used to train the models). Despite some evidence of 
overprediction (i.e., no observed abundance where the abundance model predicted moderate 
abundances) this was much less pronounced than for the habitat suitability models and may be 

https://www.sprfmo.int/assets/2020-SC8/Report/SPRFMO-SC8-Report-2020.pdf
https://www.sprfmo.int/assets/Fisheries/Conservation-and-Management-Measures/2022-CMMs/CMM-03-2022-Bottom-Fishing-7Mar22.pdf
https://www.sprfmo.int/assets/Fisheries/Conservation-and-Management-Measures/2022-CMMs/CMM-03-2022-Bottom-Fishing-7Mar22.pdf
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further reduced with a greater number of abundance data. Based on the currently available data 
from DTIS imagery to inform abundance modelling (i.e., the 516 sites where NIWA’s DTIS was 
deployed) models for eight VME indicator taxa may be possible (with several models close to 
minimum number of samples needed for the model to run). In any case, the predictive ability of 
these (two-part) models would need to be carefully assessed. In addition to methods that can pick 
apart the contribution of both models (presence / absence and abundance) to predictive accuracy, 
further model performance diagnostics could be explored - such as an examination of the spatial 
distribution of residuals (e.g., sensu Crase et al. 2012).   

The development of abundance models of all VME indicator taxa would almost certainly benefit 
from additional abundance data. In the future it will be possible to collate additional abundance data 
from other sources, with current work underway to process seafloor imagery from additional DTIS 
surveys (> 150 transects) throughout the New Zealand EEZ (under New Zealand Department of 
Conservation-funded projects) with availability of all these data (already in the correct format) from 
March 2023. Other image data may also be available from Lord Howe Rise, Louisville Seamount 
Chain and within the Australian EEZ; however, these have been collected using different camera 
platforms and considerable effort would be required to process these data to make them 
comparable to the DTIS imagery used to date. The collation of these additional data would also 
provide the added benefit that the abundance models produced here using a data-driven approach 
for Goniocorella dumosa and Demospongiae could be validated (i.e., the predictive accuracy of the 
models could be assessed) using completely independent data.  

A data-driven approach provides an objective method for estimating the spatial distribution of 
abundance. Where possible, i.e., where sufficient data exist to develop robust abundance models, a 
data-driven approach will be prioritised for estimating the distribution of VME indicator taxa 
abundances. However, given the data limitations, it is likely that for at least some VME indicator 
taxa, insufficient abundance data will be available to develop robust data-driven models (as assessed 
by various model evaluations methods). Therefore, principles-based approaches may be the only 
means to estimate abundance for these low information taxa. A preliminary trial of the abundance 
modelling using a principles-based approach (having only received input from a subset of experts, 5 
out of 22 experts) provided spatial estimates which visually appeared plausible, but which 
performed no better at predicting abundance than previously developed habitat suitability models 
(Figure 7). However, a full assessment of the usefulness of this method will only be possible with 
responses from a greater number of experts (representing a variety of expertise and knowledge of 
the taxa). Furthermore, we trialled this method using a Delphic approach (i.e., a systematic, 
independent expert elicitation technique) which is particularly useful for avoiding “group think” but 
is only valid if experts have all understood what is required of them and useful if there is a clear 
consensus in expert responses. For complex process where multiple values are requested (i.e., here 
we requested up to 4 values per variable: absolute minimum, absolute maximum, preferred 
minimum, and preferred maximum) it may be necessary to engage in face-to-face meetings or 
structure group elicitation to try and achieve consensus. For example, using best-practice methods 
such as the IDEA protocol (“Investigate”, “Discuss”, “Estimate”, “Aggregate” as described by Hanea 
et al. (2017), which may include so-called calibration questions (questions with known answers used 
to assess and compare experts' performance) to further weight, or remove, expert input 
(Dharmarathne et al. 2022) before aggregating information used in the abundance estimates. 
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6. Recommendations 
It is recommended that the Scientific Committee: 

• Notes 
o Spatial predictions of habitat suitability for six newly modelled VME indicator taxa 

(and two sub-taxa) using statistical methods previously endorsed by the SC have been 
completed. 

o The new VME indicator taxa models have high statistical skill in classifying suitable 
habitat.  

o A data-driven approach for modelling VME indicator taxa abundance has been trialled 
with initial predictions for two VME indicator taxa showing promising results. 

o A preliminary assessment of the principles-based approach for modelling VME 
indicator taxa abundance was undertaken, but further work is required to fully assess 
the appropriateness of this approach.  

o The future availability of further imagery data would help facilitate spatial predictions 
of abundance for a greater number of VME indicator taxa with increased robustness. 

• Recommends 
o That the new habitat suitability models are added to the geodatabase of habitat 

suitability layers for VME indicator taxa held by the Secretariat so they can be 
provided to Members and CNCPs to aid in the evaluation of potential encounters with 
VMEs. 

o The application of the data-driven approach described in this paper to estimate spatial 
predictions of abundance for VME indicator taxa for which sufficient abundance data 
exists. 

o Further exploring the application of the principles-based approach where abundance 
data is insufficient to apply a data-driven approach until sufficient abundance data 
becomes available.  
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9. Annex 1 

 

Figure A 1. Presence/target group background data for Actiniaria (FNZ Code ANT) 

 

Figure A 2. Presence/target group background data for Brisingida (FNZ Code BRG) 



SC10-DW05 

23 
 

 

Figure A 3. Presence/target group background data for Bryozoa (FNZ code COZ) 

 

Figure A 4. Presence/target group background data for Hydrozoa (FNZ code HDR) 
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Figure A 5. Presence/target group background data for stalked Crinoidea (FNZ code CRN). Note that the 
distribution of Crinoidea would include presences from both Figure A 5 and A 6.  

 

Figure A 6. Presence/target group background data for unstalked Crinoidea (FNZ code CMT) Note that the 
distribution of Crinoidea would include presences from both Figure A 5 and A 6 
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Figure A 7. Presence/target group background data for Zoantharia (FNZ Code ZAH) 
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Figure A 8. Environmental coverage (0–1) between 200 and 3000 m depth within the SPRFMO Evaluated Area. 
Low values of environmental coverage (blue) indicate parts of the environmental space that contained few 
samples—meaning greater caution should be placed in the HSI predictions. 
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Figure A 9. Mean predicted ensemble habitat suitability index (HSI, top) and model uncertainty (SD, bottom) 
for Actinaria (FNZ Code ANT). 
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Figure A 10. Mean predicted ensemble habitat suitability index (HSI, top) and model uncertainty (SD, bottom) 
for Brisingida (FNZ Code BRG). 
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Figure A 11. Mean predicted ensemble habitat suitability index (HSI, top) and model uncertainty (SD, bottom) 
for Bryozoa (FNZ code COZ). 
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Figure A 12. Mean predicted ensemble habitat suitability index (HSI, top) and model uncertainty (SD, bottom) 
for Hydrozoa (FNZ code HDR). 
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Figure A 13. Mean predicted ensemble habitat suitability index (HSI, top) and model uncertainty (SD, bottom) 
for Crinoidea (FNZ code CRI). 

 



SC10-DW05 

32 
 

 

Figure A 14. Mean predicted ensemble habitat suitability index (HSI, top) and model uncertainty (SD, bottom) 
for stalked Crinoidea (FNZ code CRN). 
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Figure A 15. Mean predicted ensemble habitat suitability index (HSI, top) and model uncertainty (SD, bottom) 
for unstalked Crinoidea (FNZ code CMT). 
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Figure A 16. Mean predicted ensemble habitat suitability index (HSI, top) and model uncertainty (SD, bottom) 
for Zoantharia (FNZ Code ZAH). 
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Figure A 17. Comparison of the spatial predictions from different methods used to estimate (or proxy for) 
abundance of Demospongiae (0 = low abundance; 1 = maximum abundance predicted): (a) data-driven 
approach to estimating spatial distribution of abundance; (b) habitat suitability modelling; (c) thresholded 
habitat suitability model based on the ROC AUC; (d) Power transformed habitat suitability model. 
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Figure A 18. Relationships between predicted Goniocorella dumosa abundance (data-driven approach to 
estimating spatial distribution of abundance) compared to predictions from different methods previously used 
to estimate (or proxy for) abundance (a) habitat suitability modelling; (b) thresholded habitat suitability model 
based on the ROC AUC; (c) Power transformed habitat suitability model. Samples represent a randomly 
selected subset of 10% of the modelled area due to the high number of points. 

 

Figure A 19. Relationships between predicted Demospongiae abundance (data-driven approach to estimating 
spatial distribution of abundance) compared to predictions from different methods previously used to 
estimate (or proxy for) abundance (a) habitat suitability modelling; (b) thresholded habitat suitability model 
based on the ROC AUC; (c) Power transformed habitat suitability model. Samples represent a randomly 
selected subset of 10% of the modelled area due to the high number of points. 

  



SC10-DW05 

37 
 

  

  

Figure A 20. Uncertainty (standard deviation, SD) in the SPRFMO Evaluated Area from the hurdled ensemble 
models (data-driven approach) for Goniocorella dumosa (top) and Demospongiae (bottom). Inset maps of the 
high seas in the study area: (a) West Lord Howe Rise; (b) East Lord Howe Rise; (c) West Norfolk Ridge; (d) 
North Louisville Seamount Chain; (e)West Challenger Plateau; (f) Central Louisville Seamount Chain; (g) South 
Tasman Rise; and (h) South Louisville Seamount Chain. 
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Figure A 21. Predicted relative abundance (0-1) in the SPRFMO Evaluated Area from the hurdled principles-based approach 
(expert informed) for Solenosmilia variabilis. Inset maps of the high seas in the study area: (a) West Lord Howe Rise; (b) East 
Lord Howe Rise; (c) West Norfolk Ridge; (d) North Louisville Seamount Chain; (e)West Challenger Plateau; (f) Central Louisville 
Seamount Chain; (g) South Tasman Rise; and (h) South Louisville Seamount Chain. 
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Figure A 22. Predicted relative abundance (0-1) in the SPRFMO Evaluated Area from the hurdled principles-based approach 
(expert informed) for Madrepora oculata. Inset maps of the high seas in the study area: (a) West Lord Howe Rise; (b) East Lord 
Howe Rise; (c) West Norfolk Ridge; (d) North Louisville Seamount Chain; (e)West Challenger Plateau; (f) Central Louisville 
Seamount Chain; (g) South Tasman Rise; and (h) South Louisville Seamount Chain. 
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Figure A 23. Predicted relative abundance (0-1) in the SPRFMO Evaluated Area from the hurdled principles-based approach 
(expert informed) for Enallopsammia rostrata. Inset maps of the high seas in the study area: (a) West Lord Howe Rise; (b) East 
Lord Howe Rise; (c) West Norfolk Ridge; (d) North Louisville Seamount Chain; (e) West Challenger Plateau; (f) Central Louisville 
Seamount Chain; (g) South Tasman Rise; and (h) South Louisville Seamount Chain. 
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Figure A 24. Relationships between Solenosmilia variabilis abundance (DTIS data) compared to predictions from different 
methods used to estimate (or proxy for) abundance (a) principles-based approach; (b) habitat suitability modelling; (c) 
thresholded habitat suitability model based on the ROC AUC. Pearson’s correlation is shown above each scatterplot. 

  

Figure A 25. Relationships between Madrepora sp. abundance (DTIS data) compared to predictions from different methods used 
to estimate (or proxy for) abundance (a) principles-based approach; (b) habitat suitability modelling; (c) thresholded habitat 
suitability model based on the ROC AUC. Pearson’s correlation is shown above each scatterplot. 

  

Figure A 26. Relationships between Enallopsammia sp. abundance (DTIS data) compared to predictions from different methods 
used to estimate (or proxy for) abundance (a) principles-based approach; (b) habitat suitability modelling; (c) thresholded habitat 
suitability model based on the ROC AUC. Pearson’s correlation is shown above each scatterplot. 
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10. Annex 2 – Relative environmental suitability model – instructions for experts 
 

Relative environmental suitability (RES) modelling is an 
approach to habitat suitability modelling that relies on 
expert knowledge rather than species observation data. 
Expert input is used to constrain suitable habitat based 
on known relationships between species presence and 
a suite of environmental variables. This is done using 
environmental layers and a rescaling process 
(converting environmental variables into relative 
environmental suitability) using ecological niche 
thresholds e.g., minimum, maximum, preferred 
minimum and preferred maximum.  

The RES process involves rescaling environmental layers 
using ecological knowledge and combining these 
rescaled layers to produce a final layer of relative (0-1) 
habitat suitability. Here, we propose extending this 
process to abundance (relative abundance: 0-1). For 
four stony corals (Goniocorella dumosa, Enallopsammia 
rostrata, Madrepora oculata, Solenosmilia variabilis), 
habitat suitability models have previously been created 
(Stephenson et al., 2021) using empirical species 
occurrence data. We propose using these models, and 
an RES abundance model based on expert knowledge, 
to create a hurdle model (combination of these models) 
for taxon relative abundance in the seas around New 
Zealand (SW Pacific). See Kaschner et al. (2006) for more 
information on the RES approach. 

For this process, we would like to ask you, as an identified expert, to:  

1) identify up to four environmental variables that you think are most important for 
influencing the relative abundance of each of the stony coral species, 

2) choose a shape that best describes the relationship between each environmental 
variable and the abundance of a given taxon, 

3) depending on the shape chosen, estimate threshold values (minimum, maximum, 
preferred minimum, and preferred maximum) for each environmental variable for each 
stony coral species. You can assign the same parameterisation to more than one taxon, if 

 h k h    
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Step 1: Choosing the environmental variables  
Please choose the environmental variables from the list in the table below (Table 1), that you consider the 
most important (maximum of 4) for the relative abundance of each stony coral taxon. Simplicity is key for the 
RES approach, we ask for a maximum of four environmental variables but if you believe less than four capture 
the relationship with abundance, this is preferrable. In the table, we have included percentage contribution 
(importance) of each variable for the habitat suitability models produced by Stephenson et al. (2021), but these 
may not necessarily reflect the variables that you consider are most important for influencing abundance. 
Please choose variables from the table below and indicate your choice on the separate expert input sheet. 

 

Table 1. Environmental variable importance in habitat suitability models. Importance here is mean percentage (%) 
contribution to the ensemble (Boosted regression trees, random forests, & MaxEnt) model. 

 
Environmental variable 

Goniocorella 
dumosa 

Enallopsammia 
rostrata 

Madrepora 
oculata 

Solenosmilia 
variabilis 

Aragonite saturation state at depth 15.88 12.14 6.90 15.32 
Dissolved oxygen at depth 10.40 12.75 15.08 7.48 
BPI-broad* 13.15 10.92 10.55 13.11 
Standard deviation of Slope  7.79 7.20 7.30 6.93 
Ruggedness 7.01 8.25 9.52 9.60 
Percent gravel 8.89 10.67 16.00 9.42 
Percent mud 9.77 9.48 10.84 6.45 
Particulate organic carbon export 11.23 17.05 14.12 12.07 
Seamounts (presence/absence) 0.68 0.79 0.56 0.88 
Temperature at depth 15.22 10.74 9.13 18.73 

*BPI-Broad: Bathymetric Position Index (BPI) is a measure of where a referenced location is, relative to the locations surrounding 
it. See example below (Figure 1). 

 

Figure 1. Bathymetric Position Index (BPI) example. Values close to zero are ‘flat’ whereas slopes can be positive or negative. 
Crests, hills, and ridges are highly positive. Very low negative values indicate depressions/valleys in the seafloor.
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Step 2: Choosing the shape that describes the relationship between each environmental 
variable and stony coral taxon abundance 
For each stony coral taxon, please select the shape that best describes the relationship between a chosen 
environmental variable and the abundance of the taxon. Three possible shapes are illustrated below: 
trapezoid, plateau, and linear (Figure 2). For the trapezoid shape, minimum, maximum, minimum preferred 
and maximum preferred threshold values are required. For plateau, there is no preferred maximum i.e., only 
minimum, and preferred minimum values. For linear, there is a linear relationship with the environmental 
variable and thus no maximum value (a minimum value could be selected). Again, simplicity is key for the RES 
approach, we therefore encourage you to choose from the shapes shown below. However, if you strongly 
believe that none of the shown shapes describes the relationship, we invite you to draw the shape you believe 
best represents the relationship. Please indicate your shape choice, or draw another shape, in the separate 
expert input sheet.  

 

 

Figure 2. The shapes that could be chosen to describe the relationship between environmental variables and stony coral 
taxon abundance. Note: ‘Trapezoid’ describes a relationship that is linear from a minimum to a preferred minimum, 
then linear decaying from preferred maximum to an absolute maximum threshold.



[Type here] 
 

Step 3: Choosing the thresholds that define the relationship between taxon 
abundance and a given environmental variable 
Please choose the threshold values that best describe the relationship between taxon abundance 
and a given environmental variable. For instance, for the trapezoid shape, absolute minimum and 
absolute maximum threshold values are required (levels above or below which the taxon is not 
expected to be found). Then, preferred limits are used to define the range with the highest possible 
abundance for that taxa. That is, between the preferred limits for a given environmental variable, 
the conditions lend themselves to the highest possible taxon abundance (relative abundance close 
to 1). The relationships either side of these preferred limits (to the absolute limits) are then linear 
(between 0 and 1) for the trapezoid shape. Table 2 indicates the minimum and maximum values for 
the environmental variables in the entire study area used to produce the habitat suitability models 
by Stephenson et al. (2021) for the stony coral taxa. Please use values within these ranges to populate 
the tables for each stony coral taxon in the separate expert input sheet. 

 

Table 2. Environmental variable maximum and minimum values in the entire study area. 

Environmental variable Minimum Maximum Units 
Aragonite saturation state at depth 0.47 3.2 - 
Temperature at depth 0.15 24 ˚C 
BPI-broada -1730 4752 - 
Particulate organic carbon export 0.44 56.8 mg C m−2 d−1 
Dissolved oxygen at depth 3.3 7.08 ml l−1 
Percent mud 0 100 % 
Percent gravel 0 100 % 
Slope SD 0 16.54 - 
Ruggedness 0 0.27 - 
Seamountsb 0 1 - 

a See Figure 1 and legend for explanation of the meaning of the BPI-broad values. 
b ‘Seamounts’ is a categorical variable 0: seamount absent, 1: seamount present. 
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Relative environmental suitability model – Expert response form 

Expert input form: name here 
 

Please tick the boxes that apply to your knowledge: 

Deep-sea corals  

Field observation of corals 

Ecology 

Modelling of coral or habitat distribution 

SW Pacific  

Please enter your expert input into the tables below. For instance, the chosen environmental variables 
should be entered into the first column, then the shape that best describes the relationship between 
a given taxon and abundance for the respective environmental variable. For each environmental 
variable chosen, space has been provided to enter corresponding threshold values.  

An example of a populated table is provided below. If you believe another shape describes the 
relationship between an environmental variable and taxon abundance better, we invite you to draw 
a shape in one of the numbered boxes provided below and refer to it in the table under ‘shape’. You 
can repeat your choices for more than one taxon if you think that appropriate. Please refer to the 
environmental variables (Table 1), the shapes (Figure 2) and the environmental variable ranges 
(Table 2) in the separate instruction document to aid your population of these tables. After you have 
entered your expert input, please return this document to matt.bennion@niwa.co.nz. Thank you. 

 

Example of a completed table for this exercise.  
Note: ‘seamounts’ is a categorical variable. 

 
Environmental variable 

 
Shape 

Absolute 
minimum 
(MinA) 

Preferred 
minimum 
(MinP) 

Preferred 
maximum 
(MaxP) 

Absolute 
maximum 
(MaxA) 

Seamounts Linear 0 1 - - 
Temperature at depth Trapezoid 2 6 16 20 
BPI broad Trapezoid 0 1000 2000 3000 
Aragonite saturation at depth Plateau 0.47 2 - - 

 

 

  

mailto:matt.bennion@niwa.co.nz
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Goniocorella dumosa 

 

Enallopsammia rostrata 
 
Environmental variable 

 
Shape 

Absolute 
minimum 
(MinA) 

Preferred 
minimum 
(MinP) 

Preferred 
maximum 
(MaxP) 

Absolute 
maximum 
(MaxA) 

      
      
      
      

 

Madrepora oculata 

 
Environmental variable 

 
Shape 

Absolute 
minimum 
(MinA) 

Preferred 
minimum 
(MinP) 

Preferred 
maximum 
(MaxP) 

Absolute 
maximum 
(MaxA) 

      
      
      
      

Solenosmilia variabilis 
 
Environmental variable 

 
Shape 

Absolute 
minimum 
(MinA) 

Preferred 
minimum 
(MinP) 

Preferred 
maximum 
(MaxP) 

Absolute 
maximum 
(MaxA) 

      
      
      
      

 

  

 
Environmental variable 

 
Shape 

Absolute 
minimum 
(MinA) 

Preferred 
minimum 
(MinP) 

Preferred 
maximum 
(MaxP) 

Absolute 
maximum 
(MaxA) 
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If you consider that neither plateau, trapezoid nor linear shapes are applicable, please use the spaces 
below to draw a shape that you think best represents the relationship between an environmental 
variable and the abundance of a stony coral taxon. In the tables above, please then refer to the drawn 
shape by box number (i.e., 1, 2, or 3) under ‘shape’. For a drawn shape, the highest point (y-axis max) 
should be max relative abundance (on a scale from 0 to 1) and the x-axis should read from min to max 
environmental variable value (see Table 2 of the instruction document).  

1. Comments 

2. Comments 

3. Comments 

  



[Type here] 
 

Table A 1. Anonymised expert input for the principles-based approach. Experts are numbered (1-5). POC: 
particulate organic carbon export. GDU: Goniocorella dumosa; SVA: Solenosmilia variabilis; MOC: Madrepora 
oculata; ERO: Enallopsammia rostrata. 

Taxa Expert Environmental variable Shape 
Absolute 
minimum 

Preferred 
minimum 

Preferred 
maximum 

Absolute 
maximum 

GDU 1 POC Linear 0 5   
 1 BPI-broad Plateau 0 200 1000  
 3 BPI-broad Trapezoid 0 500 2000 3000 

 3 POC  Plateau 5 20   
 3 Gravel  Plateau 5 20   
 4 Aragonite saturation Plateau 0.8 1.5   
 4 Dissolved oxygen at depth  Plateau 3.5 4.5   
 4 BPI-broad Plateau -500 500   
 4 POC  Linear 2 5   
 5 BPI-broad Plateau 0 500   
 5 Temperature Trapezoid 3 5 10 14 

 5 POC Plateau 2 4   
  5 Dissolved oxygen at depth  Plateau 3 4     
SVA 1 POC Linear 0 5   

 1 BPI-broad Plateau 0 1000 4000  
 3 Seamount  Linear 0 1   
 3 BPI-broad Trapezoid  1000 2500 4000 4500 

 3 Aragonite saturation Plateau 0.47 1   
 4 Aragonite saturation Plateau 0.7 0.9   
 4 Dissolved oxygen at depth  Plateau 3.5 4.5   
 4 BPI-broad Plateau -500 400   
 4 POC Linear 2 5   
 5 BPI-broad Trapezoid 0 500 3500 3500 

 5 POC Plateau 2 4   
 5 Temperature Trapezoid 5 5 10 10 

  5 Aragonite saturation Plateau 1 1     
MOC 1 POC Linear 0 5   

 1 BPI-broad Plateau 0 1000 4000  
 2 BPI-broad Plateau 0 2000 4500  
 2 Seamounts Linear 0 1   
 3 Seamounts Linear 0 1   
 3 BPI-broad Trapezoid 1000 2500 4000 4500 

 3 Aragonite saturation Plateau 0.47 1   
 4 Aragonite saturation Plateau 0.8 1   
 4 Dissolved oxygen at depth  Plateau 3.5 4.5   
 4 BPI-broad Plateau -500 300   
 4 POC Linear 2 5   
 5 Gravel  Plateau 5 10   
 5 POC Plateau 2 4   
 5 Temperature Trapezoid 5 5 10 14 

  5 Aragonite saturation Plateau 1 1     
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ERO 1 POC Linear 0 5   
 1 BPI-broad Plateau 0 500 2000  
 3 BPI-broad Trapezoid 500 1000  4000 4500 

 3 POC  Plateau 5 10   
 4 Aragonite saturation Plateau 0.8 0.9   
 4 Dissolved oxygen at depth  Plateau 3.5 4.5   
 4 BPI-broad Plateau -1000 900   
 4 POC  Linear 2 5   
 2 BPI-broad Plateau 0 2000 4500  
 2 Seamounts Linear 0 1   
 5 BPI-broad Trapezoid 0 500 3500 3500 

 5 POC Plateau 2 4   
 5 Temperature Trapezoid 5 5 10 10 

  5 Aragonite saturation Plateau 1 1     
 



[Type here] 
 

Table A 2. List of experts contacted for the principles-based approach. Experts’ name and affiliated institution 
shown, as well as, whether expert has provided input, has yet to provide input, or has declined to provide 
input. Note: some experts may not have provided input or declined to provide input due to the timeline given 
for feedback.  

Name Institution Input provided Awaiting input Used in test 
Di Tracey NIWA  Y  

Owen Anderson NIWA Y  Y 
Dave Bowden NIWA  Y  

Ashley Rowden NIWA Y  Y 
Malcolm Clark NIWA Y  Y 

Jenny Beaumont NIWA Y  Y 
Kareen Schnabel  NIWA  Declined  

Sonia Rowley  UH  Y  

Santiago Herrera  LU  Y  

Vonda Wareham  FOC  Y  

Vreni Haussermann  SSU  Declined  

Chris Yesson ZSL Y  Y 
Franzis Althaus CSIRO   Y  

Thomas Schlacher USC  Y  

Pal Mortensen IMR  Y  

Les Watling UH  Y  

Rhian Waller UM  Y  

Anna Metaxas DU  Y  

Kerry Howell PU  Y  

Chris Rooper DFO Y   

Andrew Davies URI  Y  

Lyndsey Holland DOC   Declined  
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