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Abstract18

Marine biodiversity is being rapidly redistributed in response to ocean change, yet19

globally consistent datasets that resolve suitable habitat across both depth and time20

remain scarce. Here, we present a multi-decadal, depth-resolved Area-of-Habitat (AOH)21

dataset for a globally distributed subset of marine species assessed by the IUCN Red22

List. We integrated approximately 45.5 million occurrence records with IUCN expert23

range maps and physical and biogeochemical ocean reanalysis data spanning 1993–24

2025. Species-specific MaxEnt models were successfully fitted for 5,619 species25

primarily fishes (4,815 species), together with reef-forming corals, molluscs, lobsters,26

marine mammals, marine reptiles, mangroves and seagrasses. The fitted models were27
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projected across 50 standard depth layers for 1995, 2000, 2005, 2010, 2015, 2020 and28

2025. Phytoplankton, zooplankton and macroalgae were not included. Model29

predictions were constrained to the original IUCN ranges to generate continuous, range-30

constrained estimates of environmental suitability, operationally defined here as marine31

AOH. The resulting dataset comprises species-level layers and aggregated products32

resolved by depth and year. Internal consistency assessments showed that predicted33

suitability was generally higher at species occurrence locations across the evaluated34

species and depth layers. Independent comparisons with global coral-reef distributions35

and FishGlob scientific survey observations further supported the ecological36

plausibility and spatial realism of the resulting AOH estimates.37

Aggregated analyses revealed pronounced vertical differentiation in marine AOH,38

with shallow and deeper waters exhibiting distinct spatial concentrations and temporal39

trajectories. By integrating geographic space, ocean depth and multi-decadal40

environmental change within a consistent modelling framework, this dataset provides41

a standardized resource for investigating marine habitat redistribution, identifying42

persistent areas of high suitability and potential climate refugia, and evaluating the43

correspondence between suitable habitats and marine protected areas in a changing44

ocean. The dataset is publicly available at https://doi.org/10.5281/zenodo.2193326245

(Yu and Li, 2026).46

1. Introduction47

Marine biodiversity is declining under the combined pressures of climate change,48

overexploitation, pollution and habitat degradation, with broad consequences for49

ecosystem functioning and the benefits that marine ecosystems provide to society50

(IPBES, 2019; Pörtner et al., 2023). In response, the Kunming–Montreal Global51

Biodiversity Framework calls for the effective conservation and management of at least52

30% of coastal and marine areas by 2030 (CBD, 2022). Achieving this target requires53

spatially explicit, repeatable and comparable information on species and their habitats,54

enabling biodiversity patterns, conservation priorities and protected-area coverage to55
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be assessed consistently across space and time. Area of Habitat (AOH) mapping56

provides a standardized framework for delineating environmentally suitable habitat57

within species’ geographic ranges and for aggregating such information across species58

to support biodiversity assessment (Brooks et al., 2019; Lumbierres et al., 2022). When59

generated consistently across multiple time points, AOH maps can further characterize60

changes in the extent and spatial distribution of suitable habitat, thereby supporting61

biodiversity monitoring and conservation planning (Yang et al., 2025; Li et al., 2025).62

Extending this framework to marine systems therefore offers an important basis for63

assessing large-scale patterns of marine habitat suitability and tracking their changes64

through time.65

Substantial progress has been made in developing standardized AOH datasets for66

terrestrial biodiversity, including multispecies products for mammals, birds and67

amphibians at regional to global scales (Rondinini et al., 2011; Ficetola et al., 2015;68

Palacio et al., 2021; Lumbierres et al., 2022). More recent datasets have further69

incorporated historical time series or future scenario projections, enabling dynamic70

assessments of habitat change (Yang et al., 2025; Li et al., 2025). The need for dynamic71

assessment also extends to marine systems, including deeper waters where species72

adapted to long-term environmental stability are nevertheless expected to face73

increasing climate velocities even under ambitious mitigation pathways (Brito-Morales74

et al., 2020; UNEP, 2026). Comparable global marine mapping has advanced primarily75

through habitat-suitability and species-distribution frameworks such as AquaMaps and76

AquaX, which combine occurrence records, geographic constraints and environmental77

information to estimate suitable areas for thousands of marine species (Kaschner et al.,78

2006; Ready et al., 2010; Reygondeau et al., 2026). However, existing global marine79

products remain limited in two important respects. First, most represent either80

climatological baselines or a small number of widely separated future periods, rather81

than a consistent multi-decadal sequence suitable for examining historical changes in82

marine habitat. Such limited temporal coverage constrains the ability to distinguish83
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persistent redistribution from short-term variability and to identify when suitable84

habitats have expanded, contracted or shifted. Second, existing products generally85

represent marine distributions in two-dimensional geographic space or distinguish only86

broadly between surface and bottom environments. Yet the ocean is strongly vertically87

stratified: temperature, oxygen, salinity, light, productivity and pressure vary88

substantially through the water column, and both species composition and habitat89

suitability can differ markedly among depth layers (Duffy and Chown, 2017; Woolley90

et al., 2016; Woods et al., 2023; Duhamet et al., 2023). Models that associate91

observations collected at depth with surface conditions, or that collapse the water92

column into a small number of broad depth categories, may therefore mischaracterize93

species’ environmental niches and obscure vertically structured habitat redistribution94

(Duffy and Chown, 2017; Robinson et al., 2017; Klaassen et al., 2025). Together,95

limited temporal coverage and coarse vertical representation constrain comprehensive96

assessments of marine habitat change across space, depth and time.97

To address these limitations, we developed a multi-decadal, depth-resolved AOH98

dataset for global marine species. We integrated approximately 45.5 million occurrence99

records from the Global Marine Biodiversity Dataset (Dou, 2024) with physical and100

biogeochemical ocean reanalysis data spanning 1993–2025 from two Copernicus101

Marine Service products (Copernicus Marine Service, 2024a, 2024b). Environmental102

conditions were harmonized across 50 standard depth layers and used to fit species-103

specific MaxEnt models for 5,619 marine species. The fitted models were projected for104

seven target years (1995, 2000, 2005, 2010, 2015, 2020 and 2025), selected at regular105

five-year intervals to provide temporally consistent snapshots and to include 2020 as a106

policy-relevant reference point marking the endpoint of the Aichi Biodiversity Targets107

and the transition to the post-2020 global biodiversity framework. These projections108

generated species-level estimates of range-constrained environmental suitability across109

geographic space, depth and time. We assessed the resulting dataset using110

complementary internal consistency checks at the species and depth-layer levels111
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together with independent comparisons against global coral-reef distributions and112

scientific bottom-trawl observations. By integrating long-term temporal coverage with113

explicit vertical resolution, this dataset provides a standardized resource for114

investigating marine habitat redistribution, examining depth-dependent changes in115

habitat suitability, identifying persistent areas of high suitability and potential climate116

refugia, and evaluating the correspondence between suitable habitats and marine117

protected areas in a changing ocean.118

2. Methods119

2.1 Overall workflow120

We developed an integrated workflow to generate a multi-decadal, depth-resolved121

Area-of-Habitat (AOH) dataset for global marine species (Fig. 1). The workflow122

combined species occurrence records, IUCN expert range maps, and depth-resolved123

physical and biogeochemical ocean variables to estimate species-specific124

environmental suitability across geographic space, depth and time. It consisted of three125

main stages: preparation and harmonization of biological and environmental inputs;126

species-specific distribution modelling and spatiotemporal projection; and construction,127

aggregation and evaluation of the resulting AOH products. First, species occurrence128

records, IUCN range maps and depth-resolved environmental variables were compiled,129

screened and harmonized to a common spatial, temporal and vertical framework.130

Second, independent MaxEnt models were fitted for individual species using131

occurrence records together with depth-specific, sampling-bias-adjusted background132

points, and the fitted models were projected across seven target years and the depth133

layers represented by each species. Third, the continuous suitability predictions were134

constrained to the original IUCN ranges to generate species-level marine AOH layers.135

These layers were subsequently aggregated using area-weighted metrics to characterize136

spatial, vertical and temporal patterns, and their plausibility was assessed through137

internal consistency checks and independent external comparisons.138
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139

140

Fig. 1. Workflow for generating the multi-decadal, depth-resolved marine Area-of-Habitat dataset.141

2.2 Species and environmental data142

We first compiled accepted scientific names and species-specific depth limits for143

marine species. Because the IUCN Red List covers marine species that have undergone144

formal conservation assessment, the resulting species pool represents a taxonomically145

incomplete subset of described marine biodiversity rather than a comprehensive146

inventory of all marine species. In this study, “global marine species” therefore refers147
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to the worldwide spatial coverage of the IUCN-assessed marine taxa included in the148

analysis, subject to the availability of usable depth, occurrence and range information.149

Upper and lower depth limits were available for 16,445 species.150

We then obtained approximately 140 million raw marine species occurrence151

records from the Global Marine Biodiversity Dataset (Dou, 2024), released by the152

Oceanographic Data Center, Chinese Academy of Sciences. This point-based dataset153

integrates occurrence records originally sourced from the Ocean Biodiversity154

Information System (OBIS) and the Global Biodiversity Information Facility (GBIF),155

provides environmental attributes matched to the coordinates, depths and collection156

times of individual records, and includes species names matched to the accepted names157

provided by IUCN. Records were screened for valid scientific names, geographic158

coordinates, depths and collection years. Where an observed depth was unavailable, it159

was assigned using the median of the species’ IUCN depth range; records lacking both160

observed and IUCN-derived depth information were excluded. Following this initial161

screening and matching with the IUCN species list, approximately 45.5 million162

occurrence records representing 15,128 species remained, while 1,317 IUCN species163

without usable occurrence records were excluded. To reduce the risk of unstable models164

under our depth-stratified, density-weighted background-sampling design, we required165

a minimum of 15 valid occurrence records per species for species-level MaxEnt model166

fitting, consistent with the threshold adopted in comparable marine MaxEnt167

applications (La Manna et al., 2024). Applying this criterion retained 5,673 species for168

model training (Section 2.3).169

Pairwise correlations among the 11 candidate predictors were evaluated using the170

harmonized, spatially continuous CMEMS environmental grids (Copernicus Marine171

Service, 2024a, 2024b). These predictors represent environmental variables commonly172

used to characterize marine species distributions, including temperature, salinity, ocean173

currents, oxygen conditions, nutrient availability, acidity and primary productivity174

(Tyberghein et al., 2012; Assis et al., 2018; Pickens et al., 2021). The 11 variables175
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included seawater temperature, salinity, eastward current velocity, northward current176

velocity, chlorophyll-a concentration, nitrate concentration, phosphate concentration,177

silicate concentration, dissolved oxygen concentration, pH and net primary production.178

Pairwise Pearson correlations were calculated to assess collinearity, with |r| > 0.8179

considered indicative of strong correlation. Based on the observed correlation structure180

across representative depth layers, together with ecological relevance, we retained181

seawater temperature, salinity, chlorophyll-a concentration, nitrate concentration and182

dissolved oxygen concentration. Although temperature and dissolved oxygen were183

strongly correlated in some upper-ocean layers, both variables were retained because184

they represent distinct thermal and aerobic constraints on marine species distributions,185

and their correlation varied substantially with depth. Their selection was also supported186

by their established relevance to marine species distributions. Temperature is a major187

environmental driver shaping the distribution and diversity patterns of marine188

organisms (Tittensor et al., 2010), while dissolved oxygen constrains their aerobic189

habitats (Deutsch et al., 2020). Salinity and nitrate reflect hydrographic and resource190

gradients and have been identified as important predictors of marine species191

distributions, although their relative importance varies among taxonomic groups and192

depth zones (Egorova et al., 2025). Chlorophyll-a provides an indicator of193

phytoplankton biomass and associated resource availability and has contributed194

substantially to explaining the spatiotemporal distributions of pelagic fishes (Wang et195

al., 2018).196

The selected predictor layers were obtained from the Copernicus Marine Service197

(CMEMS) for model calibration and spatiotemporal projection (Copernicus Marine198

Service, 2024a, 2024b). Monthly data covering 1993–2025 were aggregated into annual199

means. The physical variables were provided at a native horizontal resolution of200

approximately 0.083° (1/12°), whereas the biogeochemical variables were provided at201

0.25°. To establish a common horizontal grid, the biogeochemical variables were202

resampled to the 0.083° physical grid using nearest-neighbour interpolation. Seawater203
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temperature and salinity were provided across 50 standard depth layers, whereas204

chlorophyll-a concentration, nitrate concentration and dissolved oxygen concentration205

were originally provided across 75 depth layers. The biogeochemical variables were206

also aligned with the 50 physical depth layers using nearest-neighbour interpolation.207

The processed environmental layers were used to extract environmental values for208

occurrence and background records and to generate the temporal and depth-resolved209

model projections described in Section 2.3. Species range polygons were obtained from210

the IUCN Red List spatial database and used to screen occurrence records and constrain211

the spatial extent of the species-level AOH estimates. We retained polygons with212

presence classified as Extant, Probably Extant, or Possibly Extant and origin classified213

as Native, Reintroduced, or Introduced. Multiple polygons belonging to the same214

species were merged by scientific name. To exclude geographically distant occurrence215

records while retaining observations near mapped range boundaries, each species' range216

was buffered outward by approximately 500 km. Occurrence records were intersected217

with the corresponding buffered ranges, and only records located within these areas218

were retained for model fitting.219

The labels L1–L50 denote the 50 physical-product depth coordinates, from220

approximately 0.5 to 5,727.9 m, rather than 50 equal-thickness depth intervals. This221

retains the native vertical framework of the CMEMS physical reanalysis (Copernicus222

Marine Service, 2024b). For Figures 2–4, eight illustrative levels were used: L1, L2,223

L5, L10, L15, L20, L30 and L40 (0.5, 1.5, 5.1, 13.5, 29.4, 65.8, 380.2 and 1,941.9 m).224

This subset provides a compact view of densely resolved shallow waters and225

progressively deeper levels; it is a visualization subset, not a separate ecological226

zonation or a statistically optimized selection. Modelling retained the full 50-level227

framework, subject to species-level data availability.228

The approximately 500-km range buffer was a pragmatic tolerance for screening229

occurrences near expert-mapped range boundaries, while excluding geographically230

remote records. A 500-km buffering scale has also been used in marine SDMs, for231
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example around occurrence-derived domains in clownfishes (García-Jiménez et al.,232

2025). That application differs from buffering IUCN polygons and provides a233

methodological precedent rather than evidence that 500 km is optimal here. The buffer234

does not represent a common dispersal distance across taxa, and it does not expand the235

final AOH maps, which remain restricted to the original IUCN polygons. Alternative236

buffer distances were not evaluated in this study.237

2.3 Species distribution modelling and temporal projection238

We fitted an independent MaxEnt model for each species using the maxnet239

package in R (Phillips et al., 2017). MaxEnt estimates environmental suitability by240

contrasting the environmental conditions associated with species occurrences against241

those available at a set of background locations, making it suitable for presence-only242

occurrence data for which systematically collected absence records are unavailable243

(Phillips et al., 2006). Model calibration was based on the five environmental predictors244

retained in Section 2.2. Separate models were fitted for individual species so that each245

model characterized the environmental conditions associated with that species rather246

than pooling environmental responses across taxa. Feature classes were selected using247

the default sample-size-dependent settings of maxnet, and models were fitted using the248

default regularization multiplier (regmult = 1) (Phillips, 2021).249

To reduce the influence of spatial sampling bias, we adapted the target-group250

background approach to depth-resolved marine occurrence data. Spatially biased251

occurrence records combined with uniformly sampled background points can cause252

presence–background models to reproduce geographic variation in sampling intensity253

rather than the environmental conditions associated with species occurrences. Drawing254

background points according to the sampling distribution of the broader target group255

can reduce this effect (Phillips et al., 2009; Barber et al., 2022). We therefore pooled256

the occurrence records of all included species and constructed a kernel-density surface257

for each of the 50 standard depth layers using a bandwidth of 50 km and a spatial258

resolution of 0.083°. These depth-specific surfaces represented the spatial distribution259
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of marine sampling within each layer and were used as probability weights for260

background selection. For each species, background points were drawn only from the261

depth layers represented by its occurrence records, and the total number of background262

points was distributed among these layers in proportion to the number of occurrence263

records in each layer. Locations were then sampled using the corresponding kernel-264

density values as weights. A maximum of 20,000 background points was used when265

more than 40,000 valid candidate cells were available; otherwise, half of the valid266

candidate cells were sampled. Candidate points lacking complete values for any of the267

five predictors were excluded.268

The 50-km bandwidth is a fixed smoothing scale for the pooled sampling-effort269

proxy, rather than a species-specific movement or habitat scale. It was used to reduce270

highly localized sampling peaks while retaining broad sampling gradients and was not271

optimized separately for each taxon or depth. The density surfaces were generated on272

the same 0.083° grid used for the harmonized environmental predictors.273

Occurrence and background records were matched to the environmental data274

according to their geographic coordinates, collection year and assigned depth. The275

nearest available annual environmental layer and standard depth layer were identified276

for each record, from which values of the five retained predictors were extracted.277

Occurrence locations were designated as presences and the density-weighted sampled278

locations as background records, forming a separate calibration dataset for each species.279

Records with incomplete predictor values were removed before model fitting. Of the280

5,673 species meeting the minimum occurrence threshold, independent MaxEnt models281

were fitted successfully for 5,619 species; species for which model fitting failed were282

excluded from subsequent processing. Predictions were generated using the cloglog283

output format implemented in maxnet, producing continuous suitability values ranging284

from 0 to 1 (Phillips et al., 2017). These values represent relative environmental285

suitability under the fitted model and should not be interpreted directly as occurrence286

probability or observed occupancy.287
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Each fitted model was projected onto environmental conditions for seven target288

years: 1995, 2000, 2005, 2010, 2015, 2020 and 2025. Predictions were generated289

separately for each standard depth layer represented by the species, thereby preserving290

variation in environmental suitability across both time and depth. Predictor values291

outside the ranges encountered during model calibration were clamped to the292

corresponding calibration ranges using the default prediction settings of maxnet,293

thereby reducing unsupported extrapolation into environmental conditions not294

represented by the training data (Stohlgren et al., 2011). For each species, the295

environmental grids and resulting suitability estimates were spatially constrained using296

the original, unbuffered IUCN range polygons; predictions outside the mapped range297

were excluded. The resulting continuous suitability estimates were stored separately for298

each species, target year and depth layer and were subsequently used to construct the299

marine AOH dataset described in Section 2.4.300

2.4 Construction and aggregation of the marine AOH dataset301

Conventional terrestrial AOH mapping commonly refines a species’ range using302

habitat and elevation associations. Because the present analysis did not apply a separate303

marine habitat-type layer, we operationally defined marine AOH as the304

environmentally suitable portion of the original IUCN range. The resulting values305

should therefore be interpreted as range-constrained environmental suitability rather306

than as direct estimates produced by conventional terrestrial habitat and depth filtering.307

Here, Sₛ,ᵢ,ₗ,ₜ is the predicted suitability of species s in grid cell i, depth layer l and308

year t, and Rₛ,ᵢ is the species-specific IUCN range mask, taking a value of 1 inside the309

original IUCN range and 0 outside it. Applying this mask retained the continuous310

suitability estimates within the species’ range and excluded predictions outside it.311

Buffered ranges were used only to screen occurrence records and define the modelling312

domain; the final suitability estimates were constrained using the original IUCN313

polygons.314
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Species-level AOH layers were stored separately for each target year and depth315

layer. To summarize the joint distribution of modelled species, continuous AOH values316

were summed cell by cell:317

(2)

where is the summed suitability in grid cell , depth layer l and year , and318

is the set of modelled species represented in that layer. Continuous values were319

retained during aggregation to avoid introducing an arbitrary binary suitability320

threshold (Calabrese et al., 2014; Grenié et al., 2020). Accordingly, summed suitability321

represents the cumulative modelled suitability of the included species and should not322

be interpreted as directly observed species richness.323

Because grid-cell area varies with latitude, layer-level totals were calculated using324

cell-area weights:325

where is the area-weighted summed suitability for depth layer l and year ,326

is the area of grid cell i, and is the set of cells with valid values in that layer and327

year. We subsequently summarized spatial and temporal variation using the percentage328

change relative to 2020, the proportion of the layer-level total occurring in tropical329

waters, the contribution of the highest-valued cells occupying 5% of valid area, the total330

valid area and the maximum cell value. The temporal trajectories in Fig. 4 use area-331

weighted means over valid cells, expressed relative to 2020.332

Temporal change was evaluated across the seven target years. For each depth layer,333

an ordinary least-squares regression was fitted to the area-weighted totals. Cell-level334

trends were estimated only for grid cells with complete values across all target years,335

and the area-weighted proportion of cells with positive slopes was calculated for each336

depth layer. The outcomes of these analyses and the assessments of dataset plausibility337

are reported in the Results section. For interactive exploration, the aggregated layers338
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can be visualized by target year and depth layer through the Marine AOH Viewer339

provided in the Data availability section.340

2.5 Internal consistency and external validation341

Because globally consistent independent observations are scarce for a dynamic,342

depth-resolved marine AOH dataset, we assessed the plausibility of the 2020343

predictions through two complementary internal consistency checks and two344

comparisons with independent external datasets. The internal checks followed the345

point-prevalence-versus-model-prevalence framework proposed by Dahal et al. (2022),346

which evaluates whether predicted suitable conditions are more strongly concentrated347

at species occurrence locations than across the corresponding AOH rasters. Because the348

occurrence records used in these assessments were also used during model calibration,349

these analyses were interpreted as internal consistency checks rather than independent350

tests of predictive performance.351

Framework A was conducted at the species level. For each species, occurrence352

points were pooled across all represented depth layers, and the corresponding cloglog353

suitability values were extracted from the 2020 predictions. To characterize suitability354

across the modelled range, we randomly sampled up to 1,000 valid AOH pixels from355

each represented depth layer of the species' IUCN-range-masked rasters. Framework B356

was conducted at the depth-layer level. For each of the 50 standard depth layers,357

suitability values were pooled across the occurrence points of all species represented in358

that layer, together with up to 10,000 valid AOH pixels sampled from each contributing359

species' raster. In both frameworks, AOH pixels were restricted to non-missing cells360

within the original IUCN range of the corresponding species.361

We evaluated five fixed suitability thresholds, τ, ranging from 0.1 to 0.5 at362

intervals of 0.1. At each threshold, point prevalence was calculated as363
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where n (occurrence points, Ŝ ≥ τ) is the number of occurrence points with364

predicted suitability Ŝ at or above threshold τ, and n(occurrence points) is the total365

number of occurrence points evaluated. Model prevalence was calculated as366

where n (AOH pixels, Ŝ ≥ τ) is the number of sampled valid AOH pixels with367

predicted suitability at or above the threshold, and n (AOH pixels) is the total number368

of sampled valid AOH pixels evaluated within the species' original IUCN range. A369

species or depth layer was considered to pass the threshold-based assessment when370

P_point(τ) > P_model(τ), indicating that occurrence locations exceeded the threshold371

more frequently than expected from the corresponding proportion of the modelled AOH.372

We additionally compared mean suitability at occurrence points with mean suitability373

across sampled AOH pixels to evaluate the same relationship without converting the374

continuous predictions into binary suitable and unsuitable areas. Extracted values were375

retained so that all thresholds and continuous summaries could be calculated from the376

same occurrence-point and AOH-pixel samples.377

The two external datasets were selected to evaluate complementary aspects of378

model plausibility. FishGlob provides species-level, station-based scientific bottom-379

trawl observations with associated year and depth information (Maureaud et al., 2024),380

enabling comparison of predicted suitability between detections and non-detections. In381

contrast, the UNEP-WCMC global coral-reef dataset provides an independently382

mapped distribution of reef habitat (UNEP-WCMC et al., 2021), allowing broad-scale383

spatial correspondence of shallow-water predictions to be assessed.384

The first external comparison evaluated whether predicted suitability for reef-385

building corals corresponded with independently mapped coral reef locations. Of 372386

species identified from the IUCN REEF_FORMING_CORALS group, 272 had 2020387

predictions for all five shallow layers (L1–L5; representative depths 0.5, 1.5, 2.6, 3.8388

and 5.1 m). Continuous predictions were summed across these species within each layer389
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and then averaged equally across the five layers, without applying a species-level binary390

suitability threshold. The common analysis domain retained ocean cells with consistent391

valid-prediction support across layers for each species; cells outside all species'392

prediction support retained the original aggregate-zero background convention. Grid393

cells intersecting UNEP-WCMC reef polygons (UNEP-WCMC et al., 2021) were394

classified as reef cells. Reef and non-reef values were compared using a one-sided395

Mann–Whitney U test, sampling at most 200,000 cells per group (seed 42); descriptive396

metrics used all eligible cells. Spatial agreement was summarized using the inside-to-397

outside mean ratio and reef enrichment among cells at or above the 75th percentile of398

positive mean summed suitability, relative to the reef-cell fraction in the corresponding399

domain. These comparisons were repeated within the Great Barrier Reef, Coral400

Triangle and Caribbean, with percentile cutoffs calculated separately for each domain.401

The analysis evaluated horizontal spatial correspondence without matching reef402

locations to actual bathymetric depths.403

The second external comparison used FishGlob data (Maureaud et al., 2024),404

which integrates 29 scientific bottom-trawl surveys comprising 216,548 stations across405

the continental shelves and slopes of North America and Europe. Species captured at a406

station were treated as presences, whereas surveyed stations at which a species was not407

captured were treated as non-detections. Matching FishGlob data with the 5,619408

successfully modelled species yielded 1,053 candidate species. For each candidate409

species, stations within its surveyed range were assigned to presence and non-detection410

groups. When more than 3,000 non-detection stations were available, 3,000 stations411

were randomly selected. Station coordinates, survey years and sampling depths were412

matched to the nearest target year and standard prediction depth layer. Stations outside413

the original IUCN range or lacking a valid prediction were excluded, and only species414

with at least 10 valid stations in both groups were retained. For each retained species,415

we compared mean continuous suitability between presence and non-detection stations.416

A comparison was considered directionally consistent when mean predicted suitability417
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was higher at presence stations than at non-detection stations. Non-detections can418

reflect imperfect catchability as well as unsuitable conditions.419

2.6 Assumptions and constraints420

First, species–environment relationships fitted to the pooled calibration records421

are assumed to be transferable among the seven target years and represented depth422

levels. Annual means, nearest-year/depth matching and imputed depths simplify423

seasonal variability, vertical movements and observation uncertainty. Predictions424

therefore describe environmental suitability under these assumptions, rather than425

observed occupancy or abundance.426

Second, static IUCN polygons delimit all final predictions, so suitable conditions427

outside these boundaries cannot be recovered by this product. Density-weighted428

backgrounds approximate sampling effort but cannot fully correct taxonomic,429

geographic or temporal biases. The fixed bandwidth and buffer settings were not430

optimized across taxa. Environmental predictors do not explicitly represent substrate or431

biotic interactions.432

Third, comparisons among depths depend on the species and valid cells433

represented in each layer. Summed suitability is not observed species richness, and an434

area-weighted mean differs from an area-integrated total when the valid area changes.435

Internal checks reuse calibration occurrences; reef comparisons assess horizontal436

habitat correspondence; and trawl non-detections do not establish biological absence.437

External data provenance alone does not establish that every validation record was438

independent of the OBIS/GBIF-derived calibration pool because no record-level439

overlap audit was performed. These assumptions and constraints should be considered440

when interpreting the results and validation outcomes.441
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3. Results442

3.1 Global depth-stratified patterns of AOH443

Aggregated AOH showed pronounced vertical differentiation across the eight444

representative depth layers examined for 2020 (selected from L1–L40, approximately445

0.5–1,942 m; Fig. 2). Shallow-water layers were characterized by strong spatial446

concentration and a predominance of AOH in tropical waters, whereas deeper layers447

exhibited progressively more diffuse spatial patterns. From L2 to L15 (approximately448

1.5–29 m), more than half of the area-weighted global AOH total occurred within the449

tropical band (23.5°S–23.5°N), and the highest-valued grid cells occupying 5% of valid450

area accounted for well over half of the corresponding layer-level total. From L20451

downward (approximately 66–1,942 m), both tropical dominance and spatial452

concentration declined markedly and subsequently remained comparatively stable. The453

area-weighted total AOH also decreased substantially with depth, declining by454

approximately 79% from L1 to L40. In contrast, the proportion of grid cells retaining455

valid predictions decreased more gradually, from just over 70% at L1 to approximately456

59% at L40. The shallowest layer, L1, differed from the immediately deeper shallow457

layers by exhibiting lower tropical dominance and weaker spatial concentration.458

Together, these patterns reveal a clear transition from highly concentrated shallow-459

water AOH to more spatially diffuse distributions at greater depths.460
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461

Fig. 2. Global depth-resolved patterns of aggregated marine AOH in 2020. The accompanying462

latitudinal profiles show the mean ± SD of aggregated AOH across longitudes at each latitude. Aggregated463

AOH represents summed modelled environmental suitability across species. (a–h) Maps and latitude profiles464

for the eight representative layers. (i) Area-integrated summed suitability. (j) Contributions of the tropical465

band and the highest-valued cells occupying 5% of valid area to the corresponding layer total.466
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3.2 Temporal changes in AOH during 1995-2025467

Temporal trends in aggregated AOH varied markedly among depth layers between468

1995 and 2025 (Fig. 3). Pixel-wise linear trends were predominantly negative from L1469

to L30, with the strongest overall decline occurring at L5 and a comparatively weaker470

negative trend at L20. L40 was the only representative depth layer showing a positive471

net trend, with increasing AOH over more than half of its valid area. At L30, negative472

trends were concentrated primarily in the mid-latitudes of both hemispheres,473

particularly in the Southern Hemisphere, whereas trends were close to zero within474

approximately 23.5° of the equator and became positive poleward of 50°. Prediction475

coverage at L50 was insufficient to support reliable trend estimation.476

Layer-level time series showed similarly depth-dependent temporal trajectories477

(Fig. 4). The five shallowest representative layers (L1, L2, L5, L10 and L15;478

approximately 0.5–29 m) generally reached their highest area-weighted mean AOH479

around 2000 and subsequently declined toward 2020, although the magnitude of change480

varied among layers. L20 fluctuated within a comparatively narrow range throughout481

the study period. In contrast, L30 exhibited a persistent decline across the seven target482

years and remained below its earlier levels in 2025, whereas L40 increased consistently483

from 1995 to 2025. These contrasting trajectories indicate that temporal changes in484

marine AOH were strongly depth dependent, with shallow and intermediate waters485

generally declining while deeper layers showed distinct or opposing patterns.486

The increasing trajectory at L40 represents a modelled change in environmental487

suitability at approximately 1,941.9 m, rather than a measured increase in deep-sea488

abundance or direct evidence of downward migration. The post-2020 comparison489

contains only the 2020 and 2025 target years and therefore represents a five-year490

endpoint difference rather than a continuously observed annual trend.491
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492
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Fig. 3. Pixel-wise linear trends in aggregated marine AOH across eight representative depth layers during493

1995–2025. Linear trends were estimated for each grid cell using aggregated AOH values from seven target494

years (1995, 2000, 2005, 2010, 2015, 2020 and 2025), and only grid cells with valid predictions for all seven495

years were included. The accompanying latitudinal profiles show the mean ± SD of pixel-wise slopes across496

longitudes at each latitude. Panels (a–h) show the maps and profiles; panel (i) shows the area-weighted497

proportions of grid cells with decreasing, zero or increasing trends across the eight depth layers, with labels498

indicating the proportion with positive slopes. Slope direction does not imply statistical significance.499

500
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Fig. 4. Temporal trajectories of area-weighted mean marine AOH across eight representative depth501

layers during 1995–2025. For each depth layer, continuous species-level AOH values were summed across502

species and then averaged over valid grid cells using grid-cell-area weights to obtain the layer-level mean for503

each of the seven target years (1995, 2000, 2005, 2010, 2015, 2020 and 2025). In panel a, values are expressed504

as percentage change relative to the corresponding 2020 mean, allowing temporal trajectories to be compared505

among depth layers despite differences in absolute AOH magnitude. (b) Percentage change over each506

consecutive five-year interval, relative to the earlier value. (c) Net percentage change from 1995 to 2025,507

relative to 1995.508

509
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3.3 Validation510

We evaluated the 2020 predictions at complementary biological and spatial scales.511

Following the point-prevalence-versus-model-prevalence framework of Dahal et al.512

(2022), internal consistency was examined first at the species level and then across513

depth layers. The predictions were subsequently compared with two independent514

external datasets representing reef-associated spatial patterns and station-level species515

observations.516

3.3.1 Species-level internal consistency517

Among the 4,996 species evaluated for 2020, occurrence-point prevalence518

exceeded model prevalence for the majority of species across all five suitability519

thresholds (τ = 0.1–0.5; Fig. 5). The species-level pass rate declined progressively as520

the threshold became more restrictive, from 94.70% (4,731/4,996) at τ = 0.1 to 94.38%,521

92.55%, 90.27% and 85.69% (4,281/4,996) at τ = 0.2, 0.3, 0.4 and 0.5, respectively. At522

the fixed threshold of τ = 0.5, most species lay above the 1:1 line, indicating that523

suitability values exceeding the threshold occurred proportionally more often at known524

occurrence locations than across sampled pixels within the corresponding range-525

constrained AOH. The threshold-free comparison of continuous suitability showed the526

same overall pattern, with mean predicted suitability generally higher at occurrence527

points than across sampled AOH pixels. Only 132 species (2.6%) failed the prevalence528

comparison at all five thresholds, indicating that the observed relationship was robust529

to the choice of suitability threshold. Together, these results demonstrate strong internal530

consistency between species occurrences and the corresponding modelled suitability531

patterns. However, because the occurrence records used in these comparisons also532

contributed to model calibration, the analysis should be interpreted as an internal533

consistency assessment rather than as an independent evaluation of predictive534

performance.535
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536

Fig. 5. Depth-resolved internal consistency of marine AOH predictions in 2020. Mean predicted537

suitability (cloglog; mean ± SD, panel a) is shown for occurrence points and sampled AOH pixels across the538

47 standard depth layers with sufficient data for evaluation. Occurrence-point suitability was extracted from539

the 2020 species-level predictions, whereas AOH-pixel suitability was sampled from valid cells within the540

corresponding original IUCN ranges. Panel b shows the species pass rate for each depth layer, defined as the541

proportion of constituent species for which occurrence-point prevalence exceeded model prevalence at the542

fixed suitability threshold of 0.5. Because the occurrence records used in this assessment also contributed to543

model calibration, the comparison represents an internal consistency check rather than an independent544

validation of predictive performance. Panel c shows the numbers of occurrence records and species545

represented at each depth.546

3.3.2 Depth-layer-level internal consistency547

Of the 50 standard depth layers, 47 contained sufficient data for evaluation. Across548

all 47 layers, mean predicted suitability at occurrence points was higher than that across549
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sampled AOH pixels, and this pattern persisted from shallow waters to the deepest550

evaluated layers (Fig. 5). Although both the magnitude and variability of predicted551

suitability differed among depths, the layer-specific species pass rate at the fixed552

threshold of τ = 0.5 remained consistently high, averaging 91.95% ± 3.28% and ranging553

from 86.78% to 100.00%. The lowest pass rate occurred at approximately 9.6 m,554

whereas the two deepest evaluated layers reached 100%. These results indicate that the555

concentration of higher predicted suitability at known occurrence locations was556

maintained across the water column and was not restricted to species-rich surface layers.557

As with the species-level assessment, however, the occurrence records used here also558

contributed to model calibration. The analysis should therefore be interpreted as a559

depth-resolved internal consistency assessment rather than as an independent validation560

of predictive performance.561

3.3.3 External spatial validation using the UNEP-WCMC global coral reef562

distribution563

For the 272 reef-building coral species evaluated using the 2020 L1–L5 average564

(representative depths 0.5–5.1 m), aggregated predicted suitability showed strong565

spatial correspondence with the independent UNEP-WCMC global coral reef566

distribution (Fig. 6). Mean shallow-layer summed suitability was 42.17 within mapped567

reef boundaries and 1.98 outside them, corresponding to a 21.33-fold difference. Areas568

of high predicted suitability were also disproportionately associated with mapped reefs:569

9.60% of grid cells at or above the 75th percentile of positive mean summed suitability570

overlapped reef boundaries, compared with a global spatial baseline of 0.3927%,571

representing a 24.45-fold enrichment. The same directional pattern was observed across572

three major coral-reef regions. Mean summed suitability was consistently higher within573

than outside mapped reef boundaries in the Great Barrier Reef, Coral Triangle and574

Caribbean, with inside-to-outside ratios of 3.12, 1.79 and 1.86, respectively. The575

agreement observed at both global and regional scales indicates that the aggregated576
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shallow-layer predictions recovered the spatial distribution of a well-established marine577

habitat independently of the data used for model calibration.578
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579
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Fig. 6. External spatial validation of shallow-layer coral suitability against mapped reefs. Continuous580

2020 predictions for 272 reef-building coral species were summed within layers and averaged equally across581

L1–L5 (representative depths 0.5–5.1 m), without species-level binarization. (a) Global mean summed582

suitability and UNEP-WCMC reef cells. (b–d) Great Barrier Reef, Coral Triangle and Caribbean, using the583

same colour scale. Reef symbols aid visibility without enlarging the quantitative mask. (e) Cumulative584

suitability distributions inside and outside reef cells, including aggregate-zero ocean background. (f)585

Corresponding mean suitability. (g) Reef enrichment among cells at or above the 75th percentile of positive586

suitability, relative to each domain's reef-cell baseline. The common global domain comprised 24,114 reef587

and 6,115,775 non-reef cells. Grid cells are spatially dependent; this comparison does not validate actual588

vertical occupancy.589

3.3.4 External station-level validation using FishGlob trawl observations590

FishGlob provided an independent station-level evaluation of species-specific591

AOH predictions using scientific bottom-trawl observations from continental shelf and592

slope ecosystems. Of the 1,053 FishGlob species shared with the modelled dataset, 459593

met the requirement of at least 10 valid presence stations and 10 valid non-detection594

stations after matching observations to the corresponding prediction year, depth layer595

and original IUCN range (Fig. 7). Species not retained generally lacked sufficient596

matched stations or valid predictions within the required spatiotemporal and geographic597

constraints. Across the 459 evaluated species, mean predicted suitability was higher at598

presence stations (0.315) than at non-detection stations (0.245). A total of 324 species599

(70.6%) lay above the 1:1 line, indicating higher mean predicted suitability at presence600

than at non-detection stations, whereas 135 species showed equal or lower suitability601

at presence stations. This predominance of species above the 1:1 line indicates that the602

model predictions generally discriminated observed presences from non-detections in603

an independent survey dataset. These species-level station contrasts cannot be ranked604

directly against reef-level enrichment, because the two comparisons differ in response605

variable, aggregation, spatial domain and observation process. Nevertheless, the overall606

directional consistency provides independent support for the ability of the species-level607
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predictions to distinguish between locations where species were observed and surveyed608

locations where they were not detected.609

610

Fig. 7. External validation of species-level AOH predictions using FishGlob scientific bottom-trawl611

observations. The comparison included 459 species for which at least 10 valid presence stations and 10 valid612

non-detection stations could be matched to the corresponding prediction year, depth layer and original IUCN613

range. In panel a, for each species, the x-axis shows mean predicted suitability at non-detection stations and614

the y-axis shows mean predicted suitability at presence stations. The diagonal 1:1 line indicates equal mean615

suitability between the two groups; points above the line therefore represent species for which predicted616

suitability was higher at presence than at non-detection stations. A total of 324 species (70.6%) occurred617

above the 1:1 line. Point colour represents the difference between mean suitability at presence and non-618

detection stations, and point area increases with the logarithm of the total number of stations included for619

each species. (b) Distribution of species-level presence-minus-non-detection mean differences. (c) Mean620

differences in relation to the number of presence records per species. Non-detection does not establish621

biological absence.622
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4. Discussion623

The principal contribution of this dataset is its representation of marine AOH624

across horizontal space, depth and multiple decades. By integrating species occurrence625

records, expert range constraints and depth-resolved environmental variables, this626

framework extends AOH-based biodiversity assessment into the marine environment627

and provides a consistent basis for examining habitat redistribution through three628

dimensions. The observed patterns highlight that marine AOH is strongly structured629

along the vertical axis, with different depth layers showing distinct spatial630

concentrations and temporal trajectories. Such depth-dependent patterns are consistent631

with the importance of explicitly representing depth in marine species-distribution632

modelling (Duffy and Chown, 2017), the pronounced bathymetric structuring and633

turnover documented for marine fishes (Duhamet et al., 2023), and evidence that634

climate velocities—and hence the expected pressures for species redistribution—differ635

substantially among ocean depth zones (Brito-Morales et al., 2020). However, these636

results represent changes in modelled environmental suitability rather than direct637

changes in species richness, occupancy, abundance or movement; therefore, changes in638

AOH should not be interpreted as direct evidence of population redistribution.639

The validation analyses provide complementary evidence that the dataset captures640

meaningful ecological patterns. Internal assessments showed that predicted suitability641

was generally higher at occurrence locations than across the corresponding range-642

constrained prediction areas, although these evaluations represent consistency checks643

because the same occurrence records were used for model calibration. External644

comparisons further supported the spatial realism of the predictions: predicted645

suitability for reef-building corals was strongly concentrated within mapped reef areas,646

and most FishGlob-tested species showed higher mean suitability at observed-presence647

stations than at observed-absence stations. These two external assessments evaluate648

different properties of the predictions: the coral-reef comparison examines broad-scale649

spatial correspondence with an independently mapped habitat, whereas the FishGlob650
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comparison tests discrimination between observed-presence and observed-absence651

stations. Their results are therefore not expected to be directly equivalent, because652

different evaluation approaches may target different properties of model performance653

and differ in their degree of independence from the calibration data (Araújo et al., 2019).654

The FishGlob comparison may additionally be influenced by variation among surveys655

in sampling design, spatiotemporal coverage, and gear- and species-specific656

catchability because the integrated dataset combines multiple scientific bottom-trawl657

surveys and primarily samples fish communities associated with the seafloor658

(Maureaud et al., 2024). Together, these assessments support the comparative use of659

the dataset while highlighting uncertainty associated with taxa, depth layers and660

observation methods.661

Reef-building corals are sessile after settlement, so mapped reef habitat provides662

a relatively persistent spatial reference compared with mobile fish detections.663

Nevertheless, reef extent and condition can change, and mapped reef habitat does not664

demonstrate the presence of each coral species.665

The dataset should be interpreted according to its operational definition of marine666

AOH. Conventional terrestrial AOH is defined as suitable habitat within a species’667

geographic range and is commonly mapped by refining IUCN range maps using habitat668

associations and elevational limits (Brooks et al., 2019; Lumbierres et al., 2022). In this669

dataset, this concept is operationally extended to the marine environment by defining670

species-level marine AOH as continuous environmental suitability constrained by the671

original IUCN range. Species-level layers therefore represent range-constrained672

suitability estimates rather than binary occupied areas, and aggregated summed673

suitability should not be interpreted as equivalent to observed species richness.674

Taxonomic coverage was restricted to marine taxa assessed by the IUCN Red List and675

was further limited by the availability of usable depth, occurrence and range data and676

successful model fitting. The resulting dataset should therefore not be interpreted as a677

taxonomically complete representation of global marine biodiversity. Uneven678
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occurrence sampling and the omission of taxon-specific ecological predictors are679

widely recognized sources of uncertainty in marine SDMs (Robinson et al., 2017;680

Pickens et al., 2021; Klaassen et al., 2025). Additional dataset-specific uncertainty681

arises from assigning missing observation depths using available species-level depth682

information, applying static expert range polygons, using annually averaged683

environmental conditions and excluding some ecological constraints, such as substrate684

characteristics, prey availability and biotic interactions. Depth-specific target-group685

background sampling can reduce the influence of spatially uneven sampling effort686

(Phillips et al., 2009; Barber et al., 2022), while geographic range constraints and687

prediction clamping limit geographically implausible projections and unsupported688

environmental extrapolation (Elith et al., 2010; Stohlgren et al., 2011). Nevertheless,689

these procedures cannot completely eliminate uncertainty associated with the690

occurrence data, environmental predictors and modelling assumptions.691

Within these limitations, this dataset provides a standardized framework for692

comparing marine habitat suitability across species, depth layers and time periods.693

Species-level predictions can support assessments of changes in suitable environmental694

conditions within mapped ranges, while aggregated products enable analyses of695

vertically differentiated habitat patterns, persistent suitability hotspots and potential696

climate refugia. The dataset may also support spatial comparisons between suitable697

marine habitats, potential climate refugia and existing marine protected areas (Brito-698

Morales et al., 2020; Zhuang et al., 2025). Its depth-resolved structure further provides699

an opportunity to evaluate whether protected areas encompass suitable environmental700

conditions across the water column rather than only at the surface. Future applications701

should integrate species-specific ecological knowledge, local observations and explicit702

uncertainty assessments to improve the interpretation of marine biodiversity change.703

5. Conclusion704

We developed a multi-decadal, depth-resolved marine Area-of-Habitat (AOH)705

dataset for 5,619 species across 50 standard depth layers. Using environmental706
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reanalysis data spanning 1993–2025, we generated AOH for seven discrete target years707

(1995, 2000, 2005, 2010, 2015, 2020, and 2025) to capture temporal variation at 5-year708

intervals. By integrating species occurrence records, IUCN expert range maps, and709

vertically resolved physical and biogeochemical ocean variables within a consistent710

modelling framework, the dataset provides range-constrained estimates of711

environmental suitability across geographic space, ocean depth, and time. Its principal712

advance lies in explicitly incorporating the vertical dimension into long-term, global713

marine habitat mapping, thereby extending existing approaches beyond predominantly714

static or surface-oriented representations. The contrasting spatial patterns and temporal715

trajectories observed among depth layers further demonstrate the importance of716

accounting for depth when assessing large-scale changes in marine habitat suitability.717

Complementary internal consistency assessments and independent external718

comparisons support the ecological plausibility of the resulting predictions.719

The dataset provides a standardized basis for comparing suitable environmental720

conditions among species, regions, depth zones, and time periods. Species-level layers721

enable changes in habitat suitability to be examined for individual species across years722

and depths, whereas aggregated products facilitate analyses of broader spatial patterns,723

vertically structured suitability hotspots, and potential climate refugia. The dataset may724

also support assessments of how suitable marine habitats overlap with existing marine725

protected areas across the water column. As improved occurrence records, ocean726

reanalysis products, and species-specific ecological information become available, the727

framework can be updated and refined accordingly. The dataset should nevertheless be728

interpreted as continuous, range-constrained environmental suitability rather than as729

direct observations of species occupancy, abundance, or richness.730
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