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Introduction

Vulnerable Marine Ecosystems (VMEs) are characterized by species that are at heightened risk of destruction or removal by bottom fishing. In the high seas, Regional Fisheries Management Organizations (RFMOs) are required to implement measures to prevent Significant Adverse Impacts (SAIs) on VMEs. Impact assessments are routinely conducted to inform said measures. The spatial scale at which impact assessments are conducted has a considerable impact on results obtained, and therefore on management actions taken. Bioregions can provide an ecologically relevant scale for impact assessments; therefore, the aim of this study was to develop a VME-specific bioregionalization to inform management of SAIs on VMEs.





Methods

Occurrence records of VME indicator taxa and spatially explicit environmental variables were compiled. Gradient forest models were applied to estimate taxon compositional turnover, and a hierarchical classification approach was used to generate groups. Statistical approaches and visual assessment were used to inform the appropriate number of groups to represent VME bioregions.





Results

A 7-group VME-specific bioregionalization for the western part of the South Pacific Ocean is presented and described in detail including summary statistics and descriptions of the environmental conditions which characterize each bioregion. Two distinct spatial estimates of uncertainty are provided for use in spatial planning. Average bioregion area was 635,428 km2 (range: 6,111 to 1,913,667 km2), with the largest, Bioregion 5, accounting for 43% of the study area.





Discussion

The bioregionalization presented offers an opportunity to conduct impact assessments at an ecologically relevant scale, with specific reference to VMEs. While this approach was developed to help inform management of VMEs in the South Pacific, the approach used could be applied for the spatial management of biodiversity in other areas beyond national jurisdiction.
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1 Introduction

Bioregions are large areas of relatively homogeneous environmental conditions (Woolley et al., 2019), that correspond to large-scale biodiversity patterns (Spalding et al., 2007). Bioregionalisation processes can be used to divide large geographic regions into environmentally and ecologically distinct sub-units referred to as bioregions (Dunstan et al., 2018). Bioregions infer connectivity, where it is assumed that there is greater connectivity within bioregions, than between them (Klanten et al., 2023). In this way, bioregional boundaries denote dispersal barriers (albeit porous). It is for these reasons, that bioregions are often considered ecologically relevant scales for conservation management, and why adequate representation of bioregions is an important consideration for spatial management planning (Stephenson et al., 2023; Klanten et al., 2023). For instance, protecting a sufficient proportion of all bioregions can help manage the uncertainty or lack of information associated with species distributions (Foster et al., 2017) and contribute to the preservation of the overall biodiversity of a given area of interest (Day et al., 2012).

Seafloor ecosystems in the deep sea can be biodiverse, productive, and yet in many cases are poorly understood in terms of ecology and distribution (Gros et al., 2022). Bottom fishing (e.g., bottom trawling and longlining) in the deep sea (typically between c. 200 m and 1,400 m water depths) can remove and deplete vulnerable species that are part of seafloor ecosystems (Clark et al., 2016). As such, the United Nations General Assembly (UNGA) has passed resolutions that require Regional Fishery Management Organizations/agreements (hereafter RFMOs) to prevent Significant Adverse Impacts (SAIs) on Vulnerable Marine Ecosystems (VMEs) (UNGA, 2006, 2009, 2011). VMEs are groups of species, communities, or habitats that are classified as vulnerable to acute or chronic disturbance based on the characteristics that they possess, such as uniqueness or rarity, functional significance, fragility, slow growth rates, late maturity, long-lived, low or unpredictable recruitment and structural complexity (FAO, 2009). SAIs are impacts that compromise VME structure or function, via (i) impairing the ability for affected populations to replace themselves; (ii) degrading long-term productivity; or (iii) causing a significant loss of species richness, habitat, or community types on more than a temporary basis (FAO, 2009). RFMOs have developed a range of VME indicator taxa to identify potential vulnerable marine ecosystems (e.g., Parker et al., 2009). VME indicator taxa are groups of species whose presence, abundance and health can provide valuable information about the conditions of marine ecosystems and the impacts of bottom contact fishing, and which can be readily identified in fishing by-catch (Parker and Bowden, 2010). VME indicator taxa are defined at various taxonomic levels, which differ between RFMOs. Examples include stony corals (Scleractinia), sponges (Porifera), and sea pens (Pennatulacea).

To mitigate the risk of SAIs on VMEs, various strategies have been implemented by RFMOs, including spatial management measures (SPRFMO, 2020). To support the development of spatial management measures, predictive models are often applied to map the distribution and abundance of VME indicator taxa and infer the likely distribution of VMEs (recent examples include Bridges et al., 2023; Stephenson et al., 2024a; Bennion et al., 2024a, 2024; Stephenson et al., 2021). The design of spatial management measures intended to reduce the risk of SAIs on VMEs are often informed by benthic impact assessments (Kaikkonen et al., 2024). The scale at which these assessments are conducted can have a significant impact on their results, and therefore on management options (Hewitt et al., 2024; Falco et al., 2022). For example, impact assessments can be conducted at spatial scales informed by management, ecological, physical, or impact/activity considerations. Any of these scales may be appropriate, depending on feasibility and the needs of policymakers and environmental managers. For example, ecologically-based large spatial scales can be the most appropriate for managing broad, ecosystem-level impacts (for example regional fishery impacts and climate change impacts on VMEs), given they can describe scales relevant for connectivity; i.e., reflecting limits in larval dispersal attributable to the circulation of water masses (Ramiro-Sánchez et al., 2023). Different spatial scales can complement each other in impact assessments, where effective ecosystem-based management necessitates a multi-scale approach to ensure all relevant spatial scale components are considered (Guarinello et al., 2010; Hewitt et al., 2024).

Bioregions provide a framework for assessing impacts on large ecological scales, ensuring that assessments consider the natural boundaries and ecological characteristics of an area (Woolley et al., 2019). By using bioregions, impact assessments can better account for habitat suitability and connectivity, which are crucial for the survival of species with similar life histories and environmental responses (Elith and Leathwick, 2009). Incorporating bioregional information into impact assessments helps in identifying critical habitats and planning conservation efforts more effectively (Stephenson et al., 2023), including the design of effective marine protected areas (MPAs) (Grorud-Colvert et al., 2021). That is, adequate protection of each bioregion to ensure they can sustain their unique resident communities e.g., in terms of physical habitat and larval supply (Klanten et al., 2023). Additionally, for MPA network design, adequate protection of each bioregion across the network is deemed necessary to support representativity across the network (Robinson et al., 2017; Roberts et al., 2018; Brito-Morales et al., 2022).

Various bioregionalizations have been developed that either include, or are focused on, the seafloor ecosystems of the South Pacific Ocean (Beger et al., 2020). For example, Spalding et al. (2007) produced global ecoregions with provinces such as ‘Temperate Australasia’ and ‘Southern Ocean’. Costello et al. (2017) also produced global bioregions (~7 bioregions cover the western portion of the South Pacific Ocean where this study takes place) using a variety of biodiversity data, while Summers and Watling (2021) on the other hand, produced bioregions for octocorals in the Pacific Ocean. At more regional scales, Dunstan et al. (2018) used species distribution models as well as expert input and environmental characteristics to generate bioregions for the South West Pacific, while Beger et al. (2020) produced national-scale deep-water and reef-associated bioregions for Pacific Island nations using species distribution models. Stephenson et al. (2023) also produced a national- scale seafloor bioregionalization for the New Zealand Territorial Sea and Exclusive Economic Zone (EEZ) using a large dataset on benthic taxa. These bioregionalizations represent a variety of biological and ecological scales depending on the data available, the management applications, and wants and uses of end-users. In the South Pacific high seas, where the South Pacific Regional Fisheries Management Organization (SPRFMO) aims to manage sustainable bottom fisheries, a bioregionalization for VME indicator taxa can provide an appropriate ecological scale for designing and/or assessing spatial management measures to prevent and evaluate SAIs on VMEs. The aforementioned bioregions were deemed unsuitable for the area managed by SPRFMO, not only because they were not created solely with information on VME indicator taxa distribution, but in some cases, study extents did not overlap with the SPRFMO management area, or those that did, were deemed too coarse to be useful for management needs e.g., Costello et al. (2017).

The overall aim of our study was to develop a bioregionalization that could be used to inform the management of VMEs in the SPRFMO Convention Area (Bennion et al., 2024b). Accordingly, the main objectives of our study were to: 1) develop a spatially explicit estimate of VME indicator taxa compositional turnover in the South Pacific Ocean, 2) generate a bioregionalization for VME indicator taxa in this region, and 3) use biological and environmental data to describe the bioregionalization.

There are three main statistical approaches for developing bioregionalizations (Woolley et al., 2019; Ferrier and Guisan, 2006) (noting there are other approaches that use expert opinion, see UNESCO (2009)). These are: 1) approaches that group species data first, then spatially predict, or 2) the reverse, where species data is used to predict distribution and grouped in a second step (Woolley et al., 2019), and 3) approaches that do both steps simultaneously (Hill et al., 2017). For this study, we used an adapted version of approach 2 (‘predict first, then group’) given the flexibility afforded to the grouping stage after modelling i.e., it is possible to produce finer or coarser classifications post-hoc. To achieve our objectives, we used occurrence datasets of VME indicator taxa, environmental datasets, and Gradient Forest modelling (Ellis et al., 2012; Pitcher et al., 2011) to estimate taxon compositional turnover. We followed methods applied to demersal fish (Stephenson et al., 2018), seafloor invertebrate and macroalgae taxa (Stephenson et al., 2022) in New Zealand waters, and subsequent work to develop a hierarchical classification and bioregionalization (Stephenson et al., 2020b, 2023). Ideally, bioregions should be developed with regionally-specific biological information, as argued by Beger et al. (2020), given that spatially dynamic environmental regimes (e.g., in the South Pacific) likely drive biodiversity patterns at smaller scales than that of ocean basins typically recorded by global bioregionalizations. In this study, the use of occurrence information for VME indicator taxa within the study area only, means that classification and bioregionalizations are both regionally- and VME-specific.




2 Methods

To generate a bioregionalization for VME indicator taxa for the South Pacific Ocean, data of VME indicator taxa presence was used alongside environmental data, to model compositional turnover. A clustering approach was then used to generate a VME community classification, which was subsequently reduced to a bioregionalization (workflow shown in Supplementary Materials, Supplementary Figure S1). The approach used here is described in Bennion et al. (2024b) and follows closely the methods described by Stephenson et al. (2022) using Gradient Forest modelling, and Stephenson et al. (2023) for reducing a seafloor community classification to a bioregionalization. The study area used here matches Stephenson et al. (2021) and Bennion et al. (2024a) and includes depths of 200–3000 m in the western portion of the SPRFMO Convention Area (hereafter ‘SPRFMO Evaluated Area’), and the EEZs of various Pacific nations, primarily New Zealand (Figure 1). This area is relevant for SPRFMO management needs (encompassing the current ‘maximum fishable depth’ of 1400 m; SPRFMO, 2023), but also constitutes an area where high-resolution (1 km x 1 km) environmental data were available and the depth range represented the approximate combined bathymetric range of VME indicator taxa (Stephenson et al., 2021).
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Figure 1 | Map of water depth (bathymetry) across the study area (200 m to 3,000 m). Black lines indicate the boundaries between the western portion of the South Pacific Regional Fisheries Management Organisation (SPRFMO) Convention Area (i.e., SPRFMO Evaluated Area, shown via extent indicator) and Exclusive Economic Zones of various South Pacific nations. Labels indicate the broad area where large underwater topographic features are located.



2.1 Biological data

Occurrence (presence-only) data for VME indicator taxa used to train the Gradient Forest (GF) models were available from previous data compilation exercises (Geange et al., 2020) and habitat suitability modelling (Stephenson et al., 2021; Bennion et al., 2024a). These data are from New Zealand and Australian museum/collection records, fisheries research databases, and online biodiversity databases. Records were filtered to depths between 200–3000 m within the SPRFMO Evaluated Area, as per Stephenson et al. (2021) and Bennion et al. (2024a), and shown in Figure 1. The data were refined by checking for positional errors, verifying recorded depths against the most accurate bathymetry estimates for the region (Mackay et al., 2015), eliminating duplicate entries, and removing records outside the study area and 200–3000 m depth range. Presence records were spatially aggregated to a 1 km x 1 km grid resolution, i.e., a taxon was considered present in a given 1 km2 cell if there was any presence record from within that cell.

Unique labels of sampling gear/methods in the dataset were manually assessed. All records collected with gear/methods that were static or highly selective (e.g., grabs and pots) were omitted while methods recorded as mobile gear (trawl, dredge, and towed video) were kept (i.e., those gears that provide a sample commensurate with a 1 km x 1 km grid cell). Taxonomic information was extracted and compared to the World Register of Marine Species (www.marinespecies.org) to check and, where necessary, correct nomenclature (Chamberlain and Vanhoorne, 2023). Although VME indicator taxa recognized by SPRFMO cover several higher taxonomic levels [e.g., Phylum Bryozoa, Class Hydrozoa, and Order Zoantharia (SPRFMO, 2023)] we used finer taxonomic resolution data (i.e., genus level) as this was considered to produce more accurate compositional turnover functions using Gradient Forest models (see Gradient Forest modelling below). Otherwise, environmental gradients could be heavily influenced by taxa that are simply more highly represented in the occurrence dataset. Additionally, aggregating records to genus level provided a greater number of unique locations than when records were aggregated to species level. Where possible, all genus level records for VME indicator taxa were retained, but records with missing or erroneous taxonomic information for the genus level were removed. Following taxonomic filtering, and filtering to remove those instances of <10 unique location occurrences per genus (Stephenson et al., 2022), 182 genera were available for modelling. Following removal of non-modelled taxon presences, an occurrence matrix (presence-absence) with 3,341 unique locations remained (7,205 instances of taxon presence), for 182 genera of VME indicator taxa (Supplementary Figure S2). The number of genera per VME indicator taxon group was variable, with many times more Bryozoa genera (n = 59) included than Zoantharia genera (n = 1), for example (Table 1) noting that this imbalance is accounted for in the GF modelling approach (Ellis et al., 2012).


Table 1 | Taxon groups modelled and the number of genera included in Gradient Forest (GF) models.
	VME indicator taxon
	Common name (and number of genera modelled for sub taxa)
	Number of genera included in GF model



	Actiniaria
	Sea anemones
	7


	Octocorallia
	Sea pens (8), true soft corals (7), and gorgonians, sea fans (17)
	32


	Antipatharia
	Black corals
	8


	Brisingida
	Brisingid sea-stars
	4


	Bryozoa
	Lace corals
	59


	Crinoidea
	Sea lilies and feather stars
	10


	Porifera
	Sea sponges: Demospongiae (20) Hexactinellida, glass sponges (13)
	33


	Hydrozoa
	Hydroids
	17


	Scleractinia
	Stony corals
	4


	Stylasteridae
	–
	7


	Zoantharia
	Zoanthids
	1


	Total
	 
	182







To estimate compositional turnover, GF models require an occurrence matrix of locations with presence-absence information. Similar to Stephenson et al. (2022), systematically collected absence records were not widely available across the study area or consistently available across sampling methods, an issue that is common in datasets from deep ocean environments (Ramiro-Sánchez et al., 2023). Instead, where a taxon has not been recorded at the same site as another, it is assumed to be absent from that location. This method is similar to the use of “target-group background” data (Phillips et al., 2009) in species distribution modelling where grid cells for which any of the taxa not being modelled are recorded as present, are assumed to represent absences for the target taxon (Stephenson et al., 2021). Previous GF models produced for the New Zealand EEZ generated separate models for ‘catchability’ classes based on sampling gear (Stephenson et al., 2022). This approach was explored here, but there were too few data to develop separate gear class GF models in this manner. Instead, it is assumed that by retaining only data sampled using mobile gears, different catchabilities are managed as best as possible given the data available at present.




2.2 Environmental data

The predictor variables (environmental datasets) used in the GF models here, are the same as those previously used to generate habitat suitability models for VME indicator taxa by Stephenson et al. (2021) and Bennion et al. (2024a), with the addition of depth and salinity from Georgian et al. (2019). However, while previous modelling efforts made use of substrate variables (percent mud and gravel), these were removed from model development in the testing phase due to artifacts noticed in spatial predictions attributable to the considerable interpolation required to build these layers. Although not directly comparable to the final model (due to differing settings and variables used), initial model runs including the substrate variables gravel and mud did not indicate extremely high relative importance (5th and 7th highest relative importance, respectively). The final set of environmental data comprised a combination of variables representing seafloor substrate proxies, water chemistry, and productivity; bathymetric position index-broad (BPI-Broad), standard deviation of slope (slope SD), ruggedness, dissolved oxygen at depth, aragonite saturation state at depth, temperature at depth, particulate organic carbon export to the seafloor (POC), depth, salinity, and silicate concentration (Supplementary Table S1).




2.3 Gradient Forest modelling

GF models (Ellis et al., 2012; Pitcher et al., 2011) make use of species distribution data (presence-absence or abundance) to manage the selection, weighting, and transformation of environmental predictors, aiming to maximize their correlation with changes in taxa composition and identify the points along environmental gradients where significant compositional shifts take place (Ellis et al., 2012). Transformed environmental variables, which represent species compositional turnover, can subsequently be classified to define spatial groups that reflect variations in taxa composition and turnover (Pitcher et al., 2011) either at finer-scale representing communities or broader-scales representing bioregions. For instance, within New Zealand’s EEZ, a combination of GF models have been used with occurrence information for macroalgae, demersal and reef fish, and seafloor invertebrates to generate the New Zealand Seafloor Community Classification or NZSCC (Stephenson et al., 2022). By reducing the level of classification detail of the NZSCC hierarchical classification (75 classes reduced to 9 groups), the Seafloor Bioregionalization for New Zealand was created (Stephenson et al., 2023). GF is an extension of the Random Forest (RF; Breiman, 2001) method, where the tree-split values from the RF models for all taxon models with positive fits (R2f > 0) are combined to generate empirical distributions which represent compositional turnover across environmental gradients (Ellis et al., 2012; Pitcher et al., 2011). The turnover function is quantified in dimensionless R2 units, with taxa that have high predictive power (high R2f values) exerting more influence on the turnover functions than those with lower predictive power (lower R2f). By using dimensionless R2 to measure species compositional turnover, data from multiple taxa can be integrated, even when that data comes from different sampling methods, surveys, or regions (Ellis et al., 2012). The dimensionless R2 used in GF models should not be confused with the commonly used coefficient of determination, also referred to as R2.

GF models were applied using the R package gradientforest (Ellis et al., 2012) and follow closely the methods detailed in Pitcher et al. (2011) and Stephenson et al. (2022). The GF models were trained using 250 trees, with the default correlation threshold of 0.5 applied in the conditional importance calculation of environmental variables. The GF model was bootstrapped (100 times), meaning that transformed environmental variables are a mean value across said bootstraps. An uncertainty estimate was produced at the same time (standard deviation, SD). The bootstrapping process involved generating GF models for the 182 genera 100 times, with randomly sampled sites (with replacement) equal in number to the total number of sites (i.e., 3,341).

The compositional turnover functions for each genus (shapes of the turnover curves) were used to transform the gridded environmental layers (1 km x 1 km grid), creating a “transformed environmental space” representing compositional turnover (Ellis et al., 2012; Pitcher et al., 2011). From the 100 bootstrapped iterations, transformed environmental layers were used to produce mean compositional turnover. Compositional turnover was visualized through Principal Components Analysis (PCA) and mapping, employing the same color scheme in the geographic representation of compositional turnover as used in the PCA plot (Pitcher et al., 2011). Compositional turnover was then used to produce biotic groups via hierarchical clustering (Stephenson et al., 2022; Leathwick et al., 2011). Clustering in a hierarchical manner means that if clustering is carried out for e.g., 50 groups, but bioregions are selected at a <10 group level, the higher-level groups (i.e., VME community groups) are nested within the delineated bioregions. The mean spatial estimate of compositional turnover from the GF model (i.e., the bootstrapped GF model) was classified using a two-stage approach (Stephenson et al., 2020b) using the R package cluster (Maechler, 2019). In the first stage, mean spatial estimates of compositional turnover were clustered to form 50 initial biotic groups using non-hierarchical, k-medoids clustering. For the second stage, a hierarchical clustering approach was employed via a flexible unweighted pair group method with arithmetic mean (UPGMA) using the Manhattan distance metric (Stephenson et al., 2022, 2018). This second classification step was undertaken at various levels of classification detail ranging from 3 to 50-group levels at increments of 1.

Following Snelder et al. (2007), Analysis of Similarities (ANOSIM) was used to assess the within- and between-group variation depending on classification detail. ANOSIM was implemented using the vegan package in R (Oksanen et al., 2013). The ANOSIM R value indicates whether the difference between groups (i.e., classes) is larger than within groups. Typically, low ANOSIM R values with fewer groups would be expected, as this means the variability within groups is larger than between them, with ANOSIM R increasing with increasing classification detail. The ‘optimal’ number of classes or groups for a bioregionalization depends on a variety of factors, but ANOSIM can assist with this choice (see Delineating the bioregions below) by providing descriptive support. Occurrence information (the biological training data) was tagged with classification detail, whereby each occurrence record was matched to the corresponding classification group at the given point location (this was repeated for 3 to 50-class group levels at increments of 1). The ANOSIM R-value was then used to assess differences between class groups. To supplement the results obtained from the ANOSIM approach, cluster quality indices (average silhouette width and Calinski–Harabasz) were also calculated using the cluster and fcp packages (Maechler, 2019; Hennig, 2019) in R. In contrast to the ANOSIM approach, these indices were calculated using the compositional turnover (20,000 random samples).




2.4 Environmental coverage

For management applications, it is important to fully acknowledge, and where possible, account for, uncertainty in models (Moilanen et al., 2006). Therefore, alongside the uncertainty estimates of compositional turnover (SD), a second spatially explicit estimate of uncertainty was created, referred to as environmental coverage (Supplementary Figure S1). Environmental coverage has been generated in separate studies in the same area, to inform the use of spatial predictions of VME indicator taxa distributions (Bennion et al., 2024a; Stephenson et al., 2021), and the same methods to estimate environmental coverage have been followed here.

The potential concentration of biological samples (i.e., occurrence records) in each part of the ‘environmental space’ (defined as the multidimensional space where each environmental variable represents a dimension) is expected to lead to high levels of confidence in the predicted results. On the other hand, predictions in areas of environmental space where occurrence sampling is low need to be carefully and cautiously interpreted. To account for the lack of biological data used to predict compositional turnover in some of the modelled areas, a measure of “coverage of environmental space” was calculated (Pinkerton et al., 2010; Smith et al., 2013; Stephenson et al., 2020a). VME indicator taxa occurrence information at the genus level were used to assess variation in sampling density within the environmental space by combining all presence-data locations (unique grid cells with occurrence information) with an equal number of randomly selected sample cells from the environmental space (where no biological samples were present) to represent absence. A boosted regression tree (BRT) model (created using the gbm package in R) (Ridgeway, 2007) was used to model the relationship between these “present” (true) samples and “absent” (unsampled) samples for the 10 environmental variables used in the GF models. The predicted distribution of the coverage of the environmental space yield estimates between 0–1. In areas approaching 0 (which indicates very low sampling), caution should be placed on spatial predictions as they may represent extrapolations given low sampling effort, while estimates approaching 1 indicate a very high level of representation by sampling, and thus more confidence can be held in these spaces.




2.5 Delineating the bioregions

When delineating the appropriate number of bioregions, it is often a balance of ecological relevance (derived from statistical models) and management requirements (Hill et al., 2020). The number of VME-specific bioregions was informed here by: ANOSIM, silhouette width, and Calinski–Harabasz results (where the aim was to have classifications with the lowest number of groups and the highest index value); visual interpretation of dendrograms and maps and assessment of environmental characteristics that describe each bioregion (where experts assessed the similarity of each bioregion to all others and the spatial location of these to determine the importance of each additional bioregional group sequentially); and descriptive statistics of the bioregions (to explore metrics of habitat fragmentation and patchiness with the aim of keeping these as low as possible). For the latter, area statistics and fragmentation metrics were generated using the raster (Hijmans et al., 2015) and landscapemetrics R packages (Hesselbarth et al., 2019). The fragmentation metric used was Euclidean distance (edge to edge). Finally, previous work in the same area was considered where: 1) O. Anderson (unpublished data) delineated five bioregions using the Regions of Common Profiles approach (using the same 10 VME indicator taxa modelled in Stephenson et al. (2021)), but five bioregions were considered too coarse to be useful for management; 2) similarly, the Costello et al. (2017) bioregions have been used previously in bottom fishing impact assessments in the same region (SPRFMO, 2020) but global bioregionalizations were generally considered too coarse to be useful; and finally 3) Stephenson et al. (2023) described nine seafloor bioregions within New Zealand’s EEZ, with which some congruence was desirable, as we would expect the distribution of benthic ecological patterns to be broadly similar regardless of taxa included attributable by broad-scale environmental conditions.

A 7-group bioregionalization was selected; there was descriptive support for the 7–9 group level based on ANOSIM (all the global ANOSIM R values were significant at the 1% level), noting that balancing the fewest number of groups with maximum global R is considered an informative approach (Stephenson et al., 2023) (see further information in Delineating the bioregional boundaries in the Supplementary Materials). When considering the summary statistics of the 7–9 group bioregionalizations (Supplementary Tables S2-S5), alongside the dendrograms (Supplementary Figure S3), the additional regions in the 8- and 9-group bioregionalizations were not deemed to be particularly informative i.e., small, heavily fragmented bioregions were added. While the ANOSIM indicated that there was only a small increase in global R between the 6- and 7-group bioregionalizations (Supplementary Figure S4), six groups was deemed to be too few i.e., too coarse to be informative for management (with reference to previous work in the SPRFMO area), especially considering that the use space for the bioregionalization is the SPRFMO Evaluated Area, and most of the area of bioregions 1–5 are contained within New Zealand’s EEZ. Furthermore, cluster quality indices results confirm that 7-groups is a useful bioregional classification level for use in spatial management (Supplementary Figure S5). Finally, considering the 9-group seafloor bioregionalization for New Zealand (Stephenson et al., 2023), alongside the number and distribution of the bioregions in the 7-group bioregionalization, there was deemed to be congruity between the two (noting that some differences would be expected, given the different biological and environmental data used to develop the bioregionalizations) (Supplementary Figure S6).




2.6 Describing the bioregions

Biological and environmental descriptions of the VME bioregions were developed based on outputs from previously produced Habitat Suitability Index (HSI) models for VME indicator taxa (Bennion et al., 2024a; Stephenson et al., 2021) and spatial patterns for the environmental predictor variables used in the GF models (Supplementary Figure S1). HSI models were transformed using a threshold based on the Receiver Operating Characteristic (ROC) curve (hereafter referred to ROC-linear transformed suitable habitat) to avoid reporting on low or marginally suitable habitats (SPRFMO, 2020; Anderson et al., 2022). The bioregions were used to intersect both the ROC-linear transformed suitable habitat estimates across the study area and in the SPRFMO Evaluated Area only, for 17 VME indicator taxa and the 10 environmental variables. Summary statistics were then generated based on the intersect data. For the VME indicator taxa, the proportion of ROC-linear transformed suitable habitat within each bioregion was calculated and used to create stacked bar plots. The distribution of intersected environmental data was used to calculate the median and inter-quartile range (IQR) for the upper and lower quartiles for each of the 10 environmental predictor variables.

Text descriptions of the bioregions were created, informed by the summary statistics of environmental variable distribution within each bioregion. The text descriptions were purposefully succinct, and focus on broad characterizations of the depth, seafloor topography, and water chemistry characteristics that distinguish the bioregions from each other. Finally, taxon contributions to within-group similarities and between-group differences were assessed using similarity percentages (SIMPER), implemented using PRIMER v7 (Clarke and Gorley, 2006). SIMPER was used only for taxa with >20 unique locations to reduce the influence of genera with very few presences on interpretation of results. That is, rare or simply poorly sampled genera could disproportionately contribute to dissimilarity (e.g., if all the presences for one genus were present in one bioregion this one genus would contribute significantly to between group dissimilarity when in fact it may be poorly represented in the dataset). The matrix used for the SIMPER analysis only included taxa with >20 unique locations (n = 108 genera, at 3,273 unique locations) and a threshold of 60% contribution was used for the analyses). Similarly, reporting of within group similarity was restricted to genera that contributed ≥7% to similarity, whereas pairwise comparisons are only provided for the 7-group bioregionalization and only the top 4 contributors to dissimilarity are shown. The reporting thresholds applied are arbitrary and serve to reduce the amount of information for the sake of parsimony. Analyses were undertaken in RStudio (PositTeam, 2023), using the raster (Hijmans et al., 2015) and tidyverse (Wickham et al., 2019) packages for data grooming, manipulation, and visualization. Maps were produced using ArcGIS Pro v3.3 (Esri, 2024).





3 Results



3.1 Gradient Forest model predictions and estimates of uncertainty

Across 100 bootstraps, models were successfully generated for all 182 genera. The proportion of out-of-bag variance explained was generally high for the genera included in the GF models (mean R2f = 0.80, SD = 0.01), with a minimum R2f of 0.77 for Schizosmittina (Bryozoa) and a maximum R2f of 0.83 for Cryptolaria (Hydrozoa). Conditional importance of environmental variables (R2 weighted importance) indicates the influence of each of the 10 environmental variables on the compositional turnover functions which ranged from 0.003 for seafloor ruggedness to 0.005 for salinity (Supplementary Figure S7). Mean predicted compositional turnover in geographic and PCA space indicated that taxa turnover on slopes and edges of plateaus was driven by temperature and productivity (POC), while turnover in the deepest parts of the study area was related to changes in silicate and salinity (Figure 2). Mean compositional turnover functions were broadly predicted to be linear along many of the environmental variables, although a number showed a levelling off in compositional turnover at higher values, for example, at standard deviation of slope (slope SD) values >10 and ruggedness values ~0.05 (Supplementary Figure S8). Standard deviation of predicted compositional turnover highlighted certain parts of the study area where compositional turnover estimates were variable in the model (Supplementary Figure S9). For example, higher model variability was associated with plateaus (e.g., Chatham Rise and Campbell Plateau) and on elevated seafloor topographic features (e.g., Louisville Seamount Chain and West Norfolk Ridge).

[image: Map showing oceanographic and geographical features in a region with color gradients indicating various data points. Insets A and B zoom in on specific areas, highlighting detailed features. Chart C plots environmental variables such as depth, salinity, and temperature with arrows indicating their directions. Black and white areas indicate land and SPRFMO regions, respectively.]
Figure 2 | Mean predicted species compositional turnover (over 100 bootstraps) in geographic (top) and Principal Components Analysis (PCA) space (C), derived from Gradient Forest modelling. Colors are based on the first three axes of a PCA analysis so that similarities or differences in color correspond broadly to similarities or differences in mean predicted compositional turnover. (A) Challenger Plateau, (B) Louisville Seamount Chain. Vectors in the PCA space (C) indicate correlations for the environmental predictor variables (Supplementary Table S1) included in the Gradient Forest models. Dissox: dissolved oxygen at depth, Temp: temperature at depth, POC: particulate organic carbon export to the seafloor.

Environmental coverage was high in shallower areas, for example on the Chatham Rise and Campbell Plateau in the New Zealand EEZ and on the Norfolk Ridge, Challenger Plateau (Figure 3A), and on seamounts along the Louisville Seamount Chain (Figure 3B) in the SPRFMO Evaluated Area. In contrast, environmental coverage was lower primarily in deeper areas (deeper than fishable depths, 1,400 m; as per Stephenson et al. (2021); Bennion et al. (2024a), and Bennion et al. (2024c)). For instance, low coverage of the environmental space was estimated in the Bounty Trough (within the New Zealand EEZ) and in the deeper areas across the Louisville Seamount Chain, Challenger Plateau, and South Tasman Rise (within the SPRFMO Evaluated Area) (Figure 3). Unsurprisingly, most training data were in areas with environmental coverage estimates >0.6 (70%). Areas with environmental coverage values <0.2 contained relatively few samples (5% of training data available), model predictions in these spaces should be treated with greater caution and identify spaces which would benefit from sampling effort to reduce uncertainty. Areas of high environmental coverage often overlapped with areas of moderate-high variability in mean compositional turnover (high SD; Stephenson et al., 2022), this reflects the variability in turnover attributable to relative environmental heterogeneity in shallow waters, and in some part, is also likely attributable to comparatively higher sampling effort in areas <2,000 m (Stephenson et al., 2018, 2022).

[image: A map showing environmental coverage in the South Pacific region, with a color gradient from blue (low coverage) to yellow (high coverage). Dark areas represent land, while bold outlines indicate the SPRFMO area. Two inset maps labeled A and B detail specific regions, demonstrating environmental coverage variations.]
Figure 3 | Estimates of environmental coverage between 200 m and 3000 m depth in the study area. Low values of environmental coverage (dark blue approaching 0) indicate parts of the environmental space that contained few samples, meaning greater caution should be placed on the predictions in these areas. Nearly to 70% (>2,300) of model training data was in areas with estimates >0.6, 25% between 0.2-0.6, and 5% in spaces with estimates <0.2. Black lines indicate the boundaries between the SPRFMO Evaluated Area and the multiple Exclusive Economic Zones. The Challenger Plateau (A) and a portion of the Louisville Seamount Chain (B) are shown with insets.




3.2 Describing the VME bioregions

Bioregion 1 was mostly in shallower areas; for example, on the Challenger Plateau and West Norfolk Ridge (Figure 4A); bioregion 2 was also shallow, occurring primarily within New Zealand’s EEZ on the top of plateaus; bioregion 3 followed continental shelf boundaries; bioregions 4 and 5 occurred throughout deeper waters of the study area, while bioregions 6 and 7 were associated with elevated topography, including seamounts (Figure 4B; Supplementary Figures S10-S11). Bioregion 5 was the largest in area, while bioregion 7 was the smallest. While 58% and 67% of the area of bioregions 6 and 7 are contained within the SPRFMO Evaluated Area, <10% of bioregions 1 and 2 were contained within it (Supplementary Table S2). The highest values for POC export to the seafloor, salinity, aragonite saturation, and temperature at depth occurred in bioregion 1 (attributable to its location in relatively shallow areas, Table 2). The highest ruggedness and slope SD was contained within bioregion 6, and the highest values for BPI-broad, and dissolved oxygen were contained within bioregion 7, while the deepest bioregion was bioregion 5 (with the highest silicate concentration also). Text descriptions for the 7-group bioregionalization summarize the environmental characteristics present within each bioregion (Table 3).
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Figure 4 | Geographic distribution of the 7-group bioregionalisation derived from the bootstrapped Gradient Forest model fitted with genus-level VME indicator taxa occurrence information. Black lines indicate the boundaries between the SPRFMO Evaluated Area and the multiple Exclusive Economic Zones. The Challenger Plateau (A) and a portion of the Louisville Seamount Chain (B) are shown with insets.


Table 2 | Bioregion number (colour matched to Figure 4), descriptions, and median and interquartile range, IQR (25th–75th percentile) of environmental conditions for the 7-group bioregionalisation.
	Bioregion
	Aragonite saturation state at depth
	BPI-broad
	Depth
	Dissolved oxygen at depth
	POC export to the seafloor



	1
	1.8 (1.7, 2)
	1005 (223, 1249)
	-515 (-750, -493)
	4.5 (4.4, 4.6)
	23.4 (19.8, 25.2)


	2
	1.5 (1.4, 1.6)
	287 (217, 440)
	-648 (-714, -586)
	4.4 (4.4, 4.6)
	22.9 (21.6, 24.2)


	3
	1.1 (1.1, 1.2)
	437 (305, 620)
	-1015 (-1109, -941)
	4.2 (4.1, 4.3)
	18.1 (16.8, 19)


	4
	0.9 (0.9, 1)
	325 (147, 536)
	-1440 (-1613, -1270)
	3.8 (3.6, 4)
	12.7 (11.4, 14.4)


	5
	0.8 (0.7, 0.8)
	162 (-117, 536)
	-2594 (-2834, -2246)
	3.9 (3.5, 4.6)
	5.5 (3.2, 7.2)


	6
	0.8 (0.7, 0.9)
	3451.5 (3202, 3735)
	-1586.5 (-2001.8, -1297)
	3.6 (3.5, 3.9)
	4.1 (1.8, 6.9)


	7
	1.4 (1.3, 1.5)
	3759 (3485, 3996)
	-778 (-927, -627)
	5.2 (5, 5.5)
	9.5 (1.5, 17.5)


	Bioregion
	Ruggedness
	Salinity
	Silicate concentration
	Slope SD
	Temperature at depth


	1
	0.00001 (0.0000002, 0.0003)
	34.9 (34.8, 35.1)
	9 (6.6, 9.7)
	0.4 (0.1, 1.6)
	10.5 (10.2, 12.1)


	2
	0.0000004 (0.0000001, 0.000002)
	34.7 (34.6, 34.7)
	14.3 (12.3, 16.4)
	0.1 (0, 0.2)
	8.8 (8.3, 9.3)


	3
	0.000002 (0.00000042, 0.00001)
	34.5 (34.5, 34.5)
	38 (30.7, 44.9)
	0.1 (0.1, 0.3)
	5.4 (4.9, 6.1)


	4
	0.000004 (0.0000007, 0.00003)
	34.5 (34.5, 34.6)
	75.9 (64.2, 85.3)
	0.2 (0.1, 0.5)
	3.4 (2.9, 4)


	5
	0.000032 (0.000006, 0.0002)
	34.7 (34.7, 34.7)
	112.5 (104.2, 121.2)
	0.5 (0.2, 1.2)
	1.9 (1.4, 2.2)


	6
	0.008 (0.004, 0.018)
	34.6 (34.5, 34.7)
	106.1 (84, 117.8)
	6.6 (5.2, 8)
	2.4 (2.1, 2.9)


	7
	0.0007 (0.0001, 0.0032)
	34.4 (34.4, 34.4)
	14.3 (10.8, 20.2)
	2.7 (1.1, 5.3)
	6.8 (6.2, 7.3)





Cell colors highlight the highest (orange) and lowest (green) median values for each environmental condition.




Table 3 | Description of bioregions for the 7-group bioregionalisation (bioregion color matched to Figure 4).
	Bioregion
	Text description of the environmental conditions within bioregions



	1
	Upper bathyal water depths, characterized by relatively high salinity, temperature, dissolved oxygen, aragonite, and organic matter flux to the seafloor.


	2
	Upper bathyal water depths, characterized by relatively high salinity, temperature, dissolved oxygen, and organic matter flux to a relatively flat seafloor.


	3
	Lower bathyal water depths, characterized by relatively intermediate salinity and temperature, and relatively high organic matter flux to a relatively flat seafloor.


	4
	Lower bathyal water depths, characterized by relatively intermediate salinity and low temperature, and intermediate organic matter flux to a relatively flat seafloor.


	5
	Lower bathyal water depths, characterized by relatively intermediate salinity and very low temperature, low aragonite and high silicate, and relatively low organic matter flux to the seafloor.


	6
	Lower bathyal water depths, characterized by relatively intermediate salinity and low temperature, low oxygen, and relatively low organic matter flux to a relatively rugged seafloor with highly variable slope.


	7
	Upper bathyal water depths, characterized by relatively low salinity and intermediate temperature, high dissolved oxygen, and intermediate organic matter flux to a relatively rugged seafloor.





Text developed using the environmental predictor variable summary statistics in Table 2 (Bennion et al., 2024b), while considering which variables contributed more to the Gradient Forest models (Supplementary Figure S6). Upper bathyal water depths: 300–800 m, lower bathyal water depths: 800–3500 m.



For most VME indicator taxa, the majority of ROC-linear transformed suitable habitat was contained within bioregion 5 (the largest bioregion), however, for the stony coral taxa, the proportion of suitable habitat was more variable across other bioregions (Figure 5). For instance, 100% of ROC-linear transformed suitable habitat for Goniocorella dumosa was contained within bioregion 7, almost 50% of ROC-linear transformed suitable habitat for Solenosmilia variabilis was contained within bioregions 6 and 7, while >70% of ROC-linear transformed suitable habitat for Enallopsammia rostrata contained within bioregion 3 (Figure 5A). When ROC-linear transformed suitable habitat for all VME indicator taxa were summed within bioregions, Hydrozoa and Bryozoa contributed ~10% of ROC-linear transformed suitable habitat to most of the bioregions, while other VME indicator taxa, such as Stylasteridae contributed ~10% ROC-linear transformed suitable habitat to the sum value in bioregions 6 and 7 (Figure 5B). Actiniaria contributed little ROC-linear transformed suitable habitat to the sum value of transformed habitat suitability in bioregions (Figure 5B). Following interrogation of the datasets this result was found to be attributed to the ROC-linear transformation of the raw habitat suitability values, where most of the suitable habitat in the SPRFMO Evaluated Area fell below the ROC cut-off and was therefore zero value (i.e., HSI = 0). Note: although these results apply to the SPRFMO Evaluated Area only (Figure 5), the same analyses for the full study area showed similar patterns (Supplementary Figure S12).
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Figure 5 | Stacked bar charts show the percentage (%) of ROC-linear transformed suitable habitat (habitat suitability index, HSI) for VME indicator taxa in bioregions for the 7-group bioregionalisation. (A) Shows the percentage of ROC-linear transformed suitable habitat for each VME indicator taxon contained within each bioregion (each bar represents 100% ROC-linear transformed suitable habitat for each VME indicator taxon). Colors are matched to Figure 4. (B) shows the percentage (%) contribution of each VME indicator taxon to the sum of ROC-linear transformed suitable habitat within each bioregion (each bar represents 100% of the summed ROC-linear transformed suitable habitat for all VME indicator taxa). Note: values in these charts were calculated for the SPRFMO Evaluated Area only.

Within bioregion similarity percentages were relatively low (<10%, for all bioregions 1–7) (Supplementary Table S6), which was expected given the high-level of classification (i.e., low level of classification detail). Higher within bioregion similarities (%) would be expected as the classification detail increases, because within group homogeneity would also be expected to increase. For bioregionalizations, which are typically high-level, the SIMPER analysis was therefore more useful for providing an insight into the fauna that contribute to within group similarity. For example, for bioregion 2, Hyalascus (Hexactinellida) contributed 66% to the observed within bioregion similarity, whereas for bioregion 6 Solenosmilia (Scleractinia) contributed 83% to observed within bioregion similarity (Supplementary Table S6). For other bioregions, taxa representing multiple genera contributed to the majority of the within bioregion similarity. Average dissimilarity was highest between bioregions 1 and 6, and lowest between bioregions 4 and 6 (Supplementary Table S7). No single taxon contributed more than 13% to between bioregion dissimilarity. For example, Solenosmilia (Scleractinia) and Conopora (Stylasteridae) contributed the most to the between bioregion dissimilarity for bioregions 1 and 6 (11% and 4% respectively, Supplementary Table S7). While Hyalascus (Hexactinellida) and Goniocorella (Scleractinia) contributed the most to between bioregion dissimilarity for bioregions 1 and 2, at 10% and 6% respectively (Supplementary Table S7).





4 Discussion

A VME-specific bioregionalization with seven environmentally and biologically distinct regions was produced for the western part of the South Pacific Ocean. Bioregionalizations can be useful for identifying biologically relevant geographic boundaries for management units, allowing for targets of representation of different features to be achieved within these units, as well across the full area of interest. For example, representativeness can be evaluated as the percentage of each known habitat type/species’ distribution in each bioregion within an MPA or MPA network. Similarly, consideration of impact, for example from bottom trawling, on species’ distributions can be assessed within bioregional scales since these represent large regions that are biologically and environmentally relatively homogeneous (stable over space and time, Hill et al., 2020) and therefore may also proxy for biological connectivity of species’ populations (Lausche et al., 2021). The decision to use biological data for VME indicator taxa only (as opposed to broader taxonomic groups including other invertebrates and fish, for example) departs from previously produced bioregionalizations for the same area (Dunstan et al., 2018; Stephenson et al., 2023) but is not an entirely novel approach (Ramiro-Sánchez et al., 2023). Individual VME indicator taxon bioregionalizations have been produced in some places; with the concept that they represent distinct VME indicator taxa populations (Summers and Watling, 2021; Watling and Lapointe, 2022). While a seven group bioregionalization for VMEs is described in this study, a 50-class nested community classification has also been produced. Exploration of the ecological relevance of different disaggregation levels could prove useful for informing the use of nested classes for management i.e., within multi-scale approaches (Rowden et al., 2024).

The rationale for producing a combined VME indicator taxa bioregionalization was to generate bioregional boundaries that specifically align to management targets. In SPRFMO, SAIs on VMEs are managed via a series of management areas within which bottom fishing can occur. The bioregions of this “South Pacific VME Bioregionalization” therefore, offer a spatial scale at which future impact assessments can be conducted to determine the effectiveness of the spatial management measures in preventing SAIs. For example, the bioregions can be used to investigate the proportion of suitable habitat or abundance of VME indicator taxa within each bioregion that are afforded protection from bottom fishing (i.e., within areas closed to trawling within management areas). While other bioregionalizations (i.e., Costello et al., 2017) have previously been used for bottom fishing impact assessments in the SPRFMO Evaluated Area (SPRFMO, 2020), the bioregionalization produced here is specific to VME indicator taxa, contains similar, or the same, data to the VME indicator taxa models that were used to design the current trawling closures (i.e., regionally specific), and provides sufficient classification detail within the study area. In addition to any future impact assessments, the South Pacific VME Bioregionalization could potentially be used to inform the refinement of the boundaries of the current bottom trawling management areas to achieve protection targets (e.g., SPRFMO CMM03–2024 mandates a minimum of 70% protection of suitable habitat for each modelled VME indicator taxa), and the boundaries of fisheries management areas in which they sit (e.g., to better align the current fishery management areas with ecological spatial scales, in addition to those that relate to the target fish species). Furthermore, for impact assessments that directly assess SAIs, such as the measure of relative benthic status that is used by SPRFMO (Pitcher et al., 2017; SPRFMO, 2020), these assessments could now be made at the bioregion scale as well as the smaller spatial scales that are currently used, as part of a multi-spatial scale assessment.

While bioregions have practical applications, bioregional boundaries can also be useful for exploring biodiversity patterns and ecological theory e.g., biodiversity organization within bioregions (Bernardo-Madrid et al., 2025). For example, bioregions can be used to test connectivity hypotheses, and turnover functions can be used to explore how turnover is modulated by certain environmental conditions. In this way, steep slopes in turnover functions can be used to infer compositional tipping points along environmental gradients where species turnover is rapid in response to a certain environmental condition (Ellis et al., 2012; Stephenson et al., 2022).

The selection of seven bioregions for the South Pacific Ocean that characterize distinct VME assemblages, and the environmental conditions that support them, was supported by a variety of statistical and descriptive analyses. Ultimately, the selection of the ‘appropriate’ number of bioregions is somewhat subjective and does not necessarily have to be supported statistically; appropriateness for spatial planning should be used to guide the choice also (Beger et al., 2020). This choice does not influence the ecological relevance of the bioregional boundaries given the data and underlying model used to create them, instead the resolution (i.e., number of groups or classes) denotes ecological relevance at different scales (Spalding et al., 2007). For example, a fine classification (higher number of classes or groups) corresponds to the community level (Stephenson et al., 2022), while an even finer classification may represent populations/precise habitats (Koen-Alonso et al., 2019). In the North Atlantic Ocean (including the Northwest Atlantic Fisheries Organization (NAFO) RFMO area), work on VME-specific bioregionalizations produced three separate scales: 1) bioregions, 2) ecosystem production units (EPUs), and 3) ecoregions (Koen-Alonso et al., 2019). Bioregions are considered to represent “major marine communities/food web systems”, while EPUs are subunits distinguished by distinct productivity, and an ecoregion is finer still, corresponding to a “broadly defined seascape and/or major habitat type” (Koen-Alonso et al., 2019). In this way, applying separate scales depending on the management objective is possible. For instance, it may be more appropriate to consider productivity at a local level to manage certain activities/impacts, while the bioregional scale may be applicable for multiple impacts that accumulate over large spatial scales (Whitehead et al., 2017). Nevertheless, the FAO (2009) guidelines on the management of deep-sea fisheries in the high seas provides various criteria to identify VMEs, including ‘functional significance of the habitat’. Productivity and functionality go hand in hand, therefore scales that correspond directly to productivity may be informative for some assessments. Effective marine spatial planning can be flexible, and the use of decision-support tools to conduct impact assessments and inform management measures provides one avenue to consider multiple spatial scales with ease (Lagabrielle et al., 2018; Stephenson et al., 2024b). The seven group bioregionalization was deemed appropriate for the study area, based on the data used to train the models, yet the hierarchical approach used means that nested classes are available (up to 50 classes) to support multi-scale assessments. This classification could allow for the production of additional spatial scales that correspond to the bioregions e.g., ecological production units and ecoregions (Koen-Alonso et al., 2019). Moreover, the methods used are reproducible and should further data become available, the classification and subsequent bioregionalization could be validated (Stephenson et al., 2024c) and updated (Stephenson, 2023).

Spatial predictive models are subject to the limitations and biases of the data used to train them (Robinson et al., 2011). While some of these issues can be managed, some cannot, and all should be carefully considered when using the outputs to inform spatial management e.g., assessing the areas within and outside the environmental ranges of observed data (Stephenson et al., 2021; Vinha et al., 2024); referred to herein as ‘environmental coverage’. The GF model used here was trained with presence-only information. Ideally, the model would be trained with information of true presence-absence or abundance-absence data (Vinha et al., 2024), but these data are rarely available for deep-sea ecosystems at the scale required to generate robust models (Bridges et al., 2023). The presence-only information used here comes with limitations (e.g., catchability and biases towards fished areas) and while high-quality seafloor imagery data does exist for the study area, and has been used to generate abundance models for VME indicator taxa (Bennion et al., 2024c), the presence-only information provides a more extensive number of records for VME indicators than imagery data alone (>3,000 unique locations compared to <900). Furthermore, the taxonomic resolution of the imagery data (typically at levels coarser than genera) potentially limits their usefulness to produce a more robust bioregionalization than the one produced here, given that bioregionalizations should ideally be based on data at the species or genera level. Nonetheless, despite the coarser taxonomic resolution of imagery data, it would be useful in the first instance to explore an independent validation of the South Pacific VME Bioregionalization in a manner like that described by Stephenson et al. (2024c); analogous to the evaluations carried out on habitat suitability models for VME indicator taxa in the same region (Bennion et al., 2024a; Bowden et al., 2021).

Environmental characteristics are the foundation of bioregionalizations, including the one presented here. While the environmental variable datasets used here represent best available data at the scale of the study area, several important variables are missing (Bennion et al., 2024c). Substrate type is the determinant variable for many benthic habitat-forming species, a trait shared by many VME indicator taxa; an absence of high-quality substrate type data for the deep sea (beyond highly local scales i.e., individual seamounts) increases uncertainty in predictive model outputs (Bowden et al., 2021). Several variables included in the model, however, are provided as substrate type proxies (slope SD, ruggedness, and BPI-broad) but it is likely that fine-resolution substrate type information would have a considerable impact on the model’s predictive power. The availability and use of other environmental datasets (e.g., variation in sea surface temperature as a proxy for the location of oceanic fronts) would also likely improve the model. Updating the South Pacific VME Bioregionalization should therefore be considered if: 1) improved environmental datasets become available; and 2) substantially more (or higher taxonomic resolution) biological data become available (especially within the SPRFMO Evaluated Area).

Despite the exclusion of information for non-VME indicator taxa, the bioregionalization generated here is broadly similar to the Seafloor Bioregionalization for New Zealand (Stephenson et al., 2023), which includes many of the same areas in the New Zealand EEZ. This visual assessment provides some confidence in the bioregions produced here because despite differences in the biological and environmental datasets used, we would expect the bioregionalizations to share similarities. That is, the environmental conditions that disaggregate seafloor communities (seafloor topography, water masses) will be broadly similar, whether taxa constitute VME indicators or not. Therefore, we believe that until a validation and/or an update is possible, the South Pacific VME Bioregionalization could be used cautiously (supported by spatial estimates of confidence to account for model uncertainty (standard deviation of compositional turnover) and data gaps (environmental coverage)) as an alternative spatial scale at which to evaluate the effectiveness of SPRFMO’s spatial management measures.

It is has recently been noted that there is poor coordination across RFMOs with respect to their efforts to align approaches for assessing SAIs on VMEs (Kaikkonen et al., 2024). The VME bioregionalization approach presented here could be replicated in other parts of the globe, enabling a form of alignment across RFMOs, while allowing impact assessments to better consider representativeness of groups of VME species and communities, and thereby facilitate better management outcomes.
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