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Abstract22

Species distribution models (SDMs) have been widely applied at regional scales;23

however, there is a growing need to extend these models globally in order to24

capture the large-scale environmental and ecological processes that drive marine25

species distributions. With the aim of moving toward more realistic global marine26

SDMs, this study presents a novel approach for global species distribution mod-27

eling by automating the integration of spatio-temporal barriers and spherical28

meshes within the Integrated Nested Laplace Approximation and Stochastic29

Partial Differential Equation framework. By constructing a global mesh using30
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spherical coordinates and anisotropic covariance structures, we ensure biologi-31

cally realistic connectivity across ocean basins. A user-friendly interactive RShiny32

application is presented to facilitate the creation and tuning of global bar-33

rier polygons and spherical meshes. We assess the capabilities of this approach34

through a comprehensive simulation study and two case studies, where we ana-35

lyze the spatial and temporal distribution of Atlantic cod (Gadus morhua) and36

reef-building corals (Scleractinia).37

Keywords: Global scale, INLA, non-stationary effects, spatio-temporal distributions38

1 Introduction39

Forecasting complex global marine spatio-temporal species distributions requires inte-40

grating ecological processes and models capable of representing connectivity patterns41

across the world’s oceans. This involves addressing several methodological challenges,42

including the representation of spatio-temporal dependence, the incorporation of phys-43

ical barriers that restrict connectivity among ocean basins, and the need to account44

for the spherical geometry of the Earth. As these models become increasingly sophis-45

ticated, there is also a growing need for practical and accessible tools that facilitate46

their implementation and allow researchers to apply advanced methodologies without47

extensive technical development. The following sections review these challenges and48

introduce the framework proposed in this study.49

1.1 Global marine Species Distribution Models50

Species distribution models (SDMs) are widely used in ecology to understand spa-51

tial patterns and forecast species responses to environmental changes (Merow et al.,52

2014). By linking species data, such as species occurrences, abundance, or biomass,53

with environmental drivers such as sea surface temperature, salinity, or ocean currents,54

SDMs provide spatially explicit predictions of ecosystem dynamics (Zimmermann,55

Edwards Jr, Graham, Pearman, & Svenning, 2010). This allows us to assess the56

effect of climate change on species distributions, providing crucial information for57

conservation planning, ecosystem management, and biodiversity protection (Hoegh-58

Guldberg, Northrop, & Lubchenco, 2019). Furthermore, SDMs enable researchers to59

project future distribution changes, especially in the face of ongoing climate change60

(Austin & Van Niel, 2011; Stanton, Pearson, Horning, Ersts, & Reşit Akçakaya, 2012).61

In particular, marine species exhibit a greater tendency to shift their distributions62

in response to environmental changes compared to their terrestrial species (Pinsky,63

Eikeset, McCauley, Payne, & Sunday, 2019).64

Traditionally, species distribution modeling efforts have focused on regional scales,65

providing valuable insights into biodiversity patterns and species’ habitat preferences66

at the particular regional level analyzed (Pasanisi, Pace, Orasi, Vitale, & Arcangeli,67

2024; Thompson, Couce, Schratzberger, & Lynam, 2023; Yen, Thomson, Vesk, &68

Mac Nally, 2011). However, as the impacts of climate change and other anthropogenic69

stressors generalize and intensify, there is an increasing need to complement regional70
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assessment with a more global perspective (Ready et al., 2010; Ringler et al., 2013;71

Tittensor et al., 2010). Global scale SDMs offer a complementary approach to regional72

models that allows to capture large-scale dynamics related to connectivity and the73

movement of marine species (Fuster-Alonso et al., 2025).74

Global scale species distribution models have already been developed for marine75

species using different approaches. For instance, AquaMaps relies on expert-defined76

environmental envelopes (Kaschner et al., 2016), while other methods, such as those77

based on Bayesian Additive Regression Trees (BART), use machine learning to infer78

distributions from data (Cruz, Pennino, & Lopes, 2024; Fuster-Alonso et al., 2025).79

Although these approaches have provided valuable information, they also have lim-80

itations. For instances, some of them do not account for spatial autocorrelation, which81

can lead to biased predictions due to the unmodeled spatial structure (Fuster-Alonso et82

al., 2024). Others do not incorporate ocean connectivity, assuming unrestricted move-83

ment across basins despite the presence of strong dispersal barriers such as landmasses.84

Precisely, on a global scale, continents act as major barriers to dispersal, reducing85

connectivity between ocean basins. These geographical constraints should be included86

in global models to produce realistic predictions of species distributions. Additionally,87

most of these models are constructed on flat, two-dimensional projections, which intro-88

duce distortions when applied to global, spherical surfaces. Overcoming these issues89

is essential to enhance the accuracy and ecological relevance of global marine SDMs.90

1.2 Accounting for spatial dependence, barriers and spherical91

geometry92

A very powerful and flexible way to incorporate the spatial autocorrelation in SDMs is93

considering them as hierarchical Bayesian spatial models (Banerjee, Gelfand, & Car-94

lin, 2025; Hefley & Hooten, 2016; Mart́ınez-Minaya, Cameletti, Conesa, & Pennino,95

2018) and to use the Integrated Nested Laplace Approximation (INLA, Rue, Martino,96

& Chopin, 2009) and the Stochastic Partial Differential Equation (SPDE) approach97

(Lindgren, Rue, & Lindström, 2011) to make inference and prediction on them. But98

moreover, the INLA-SPDE approach can be extended to build global models that99

account for the spherical geometry of the Earth’s surface (Lindgren, Bakka, Bolin,100

Krainski, & Rue, 2024; Lindgren, Bolin, & Rue, 2022). The final challenge needed to101

develop global SDMs for marine species is accounting for the physical and ecologi-102

cal barriers that influence species movement. Again, the INLA-SPDE approach has103

also provided a statistical framework for addressing this challenge at regional level104

by incorporating non-stationary spatio-temporal dynamics into species distribution105

models (Bakka, Vanhatalo, Illian, Simpson, & Rue, 2019). Extending this regional106

approach to a global one can also be done, although it involves far more complex107

decisions about coastlines, narrow straits, artificial connections, and heterogeneous108

oceanographic pathways.109

As the complexity of the data analyzed and the structure of the SDMs used110

increases, so does the difficulty of its implementation. As a result, there has been a111

recent interest in the development of various tools to facilitate the incorporation and112

use of complex data and new statistical methodologies, mostly embodied in new R pack-113

ages and Shiny applications (Chang et al., 2026). These applications allow researchers114
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to build, visualize and validate complex models through intuitive interfaces, improving115

reproducibility and accessibility (see, for instance, Figueira, Conesa, & López-Qúılez,116

2024; Mestre-Tomás, Fuster-Alonso, Bellido, & Coll, 2025; Moraga, 2017; Osorio-117

Olvera et al., 2020). Note that the final objective of these developments is to enable118

the integration of advanced approaches like INLA into broader modeling pipelines,119

bridging the gap between methodological innovation and practical implementation.120

1.3 Objectives and contributions of this study121

In line with these challenges, we propose a novel framework to improve global marine122

species distribution models by integrating spatio-temporal barrier structures within123

the INLA-SPDE approach, while explicitly accounting for the spherical geometry of124

the Earth. Although barrier models and spherical SPDE meshes have been developed125

separately, their combined application on a global scale has remained largely unex-126

plored, and no practical framework currently exists to implement these models in an127

automated and accessible way for applications. Our approach enables spatial depen-128

dence to be modeled using geodesic distances while preventing unrealistic correlations129

across landmasses or disconnected ocean basins, thereby increasing the geographic and130

ecological realism of global SDMs. In addition, we provide an interactive Shiny applica-131

tion that facilitates the automated construction and tuning of global barrier polygons132

and spherical meshes, allowing researchers to explicitly define ecological connectivity133

across complex marine regions. Together, these developments provide a practical, flexi-134

ble, and computationally efficient framework for modeling marine species distributions135

at the global scale.136

Regarding the structure of this paper, Section 2 introduces the methodological137

foundations of the proposed framework, including the formulation of spatio-temporal138

models using the INLA-SPDE approach on the sphere and the incorporation of bar-139

rier structures to represent restricted spatial connectivity. Section 3 describes the140

implementation of the global barrier model, including mesh construction, simulation141

of spatio-temporal random fields, and the generation of synthetic observations used142

to evaluate model performance. Section 4 presents the Shiny application developed143

to facilitate the construction and manipulation of global barrier polygons, providing144

an accessible interface for defining complex connectivity structures. In Section 5, we145

illustrate the proposed methodology through a simulation study designed to assess the146

behavior of the model under different response distributions. Finally, Section 6 presents147

two real-world case studies analyzing the spatio-temporal distribution of Atlantic148

cod (Gadus morhua) and reef-building coral (Scleractinia), followed in Section 7 by149

conclusions and implications of our findings for global species distribution modeling.150

2 Global spatio-temporal INLA and barrier models151

In what follows, we introduce the methodological framework proposed to construct152

global spatio-temporal species distribution models. We first describe the INLA-SPDE153

approach for modeling spatial and spatio-temporal dependence, highlighting its for-154

mulation on the sphere to properly represent global processes. We then present155

the extension of this framework to incorporate spatial barriers, which allows the156
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model to account for restricted connectivity caused by landmasses and other physi-157

cal constraints. Together, these components provide the methodological basis for the158

construction of ecologically realistic SDMs on a global scale.159

2.1 Spatio-temporal models with INLA on the sphere160

The Integrated Nested Laplace Approximation (INLA) has become a standard161

methodology for Bayesian inference in latent Gaussian models, particularly suited for162

spatial and spatio-temporal applications (Bakka et al., 2018; Blangiardo & Cameletti,163

2015; Rue et al., 2009). Here, we focus on how to model and analyze spatio-temporal164

geostatistical data, which assumes that observations are generated from a continuous165

spatial process evolving over time. Analyzing point pattern data could be done sim-166

ilarly by considering them as a realization of Log-Gaussian Cox Processes (Simpson,167

Illian, Lindgren, Sørbye, & Rue, 2016), as presented in Section 5.2.168

In particular, if Y denotes the response variable and y = (y1, . . . , yn) are the169

resulting observations of that response at locations s = (s1, . . . , sn) ∈ Ω ⊂ R
2, the170

geostatistical model is given by:171

yi | si ∼ F (µi, ϕ), g(µi) = Xiβ +
∑

j

fj(zij) + u(si), (1)

where F (·, ϕ) denotes the likelihood distribution (belonging to the exponential family)172

with dispersion or shape parameters ϕ; g(·) is a suitable link function; Xiβ represents173

the linear predictor; and fj(zij) are smooth or random effects of covariates zij . Finally,174

u(si) represents the spatial random effect modeled as a Gaussian random field (GRF)175

with a Matérn covariance function:176

Cov(u(si), u(sj)) = σ2 2
1−ν

Γ(ν)
(κ∥si − sj∥)ν Kν (κ∥si − sj∥) , (2)

where ν is the smoothness parameter, κ > 0 is a scaling parameter related to the177

spatial range, σ2 is the marginal variance, and Kν is the modified Bessel function of178

the second kind.179

A key advance in this framework is the integration of the Stochastic Partial Differ-180

ential Equation (SPDE) approach, which enables the approximation of the previous181

Gaussian random field by defining it as the solution to a stochastic partial differential182

equation. This yields to a sparse Gaussian Markov Random Field (GRMF), drastically183

reducing computational costs associated with high-dimensional latent fields (Lindgren184

et al., 2011).185

In particular, the spatial component of the model, u(s), is defined via the SPDE:186

(κ2 −∆)α/2u(s) = W(s), s ∈ Ω, (3)

where κ is that in equation (2), α determines the smoothness of the field, ∆ is the187

Laplacian operator, and W(s) is spatial Gaussian white noise. For α = 2, the solution188

u(s) corresponds to a Gaussian random field with a Matérn covariance function that189
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can be scaled to have marginal variance σ2, with correlation range r =
√
8/κ (Lindgren190

et al., 2011).. The solution is discretized over a triangulated mesh using finite element191

methods (FEM), yielding a GMRF with sparse precision matrix Q such that:192

u ∼ N (0,Q−1), (4)

where u is the vector of the latent field values at mesh nodes. This sparsity193

enables scalable inference, particularly when combined with INLA’s nested Laplace194

approximation.195

Building on this spatial formulation, a spatio-temporal model generalizing that in196

equation 1 by including observations during different instants of time t, can be obtained197

by allowing the above mentioned spatial latent field to evolve over time. Rather than198

treating each time point as an independent spatial surface, a temporal dependence199

can be introduced so that the field at time t is linked to its previous states.200

In particular, the spatio-temporal component of the model, u(s, t), is defined via201

the SPDE:202

∂u(s, t)

∂t
+ (κ2 −∆)α/2u(s, t) = W(s, t), (s, t) ∈ Ω× R

+, (5)

where W(s, t) is spatio-temporal white noise and the remaining parameters are as in203

equation (2). This evolution equation assumes a separable continuous-time autore-204

gressive process over space and is solved numerically using a tensor product structure205

between spatial FEM basis functions and temporal basis functions. The discretized206

model yields a sparse block-structured precision matrix, preserving computational207

feasibility over large spatial domains and long time series.208

Until recently, most applications of the INLA-SPDE methodology were based on209

flat, two-dimensional projections that only partially represent the geometry of the210

Earth. Recent developments have extended the INLA-SPDE framework to global211

domains by defining spatial fields directly on the sphere S
2 (Lindgren et al., 2024,212

2011). In this setting, the SPDE in equation (3) is not approximated on a planar213

projection, but on a triangulated spherical manifold, so that the finite element repre-214

sentation respects the geometry of the Earth’s surface. In practice, this representation215

is implemented through the fmesher library (Lindgren, 2026), which provides tools for216

constructing spherical triangular meshes and for performing the finite element calcu-217

lations required by the SPDE approach on curved manifolds. An additional advantage218

is its ability to handle coordinate reference systems and transformations between geo-219

graphic coordinates, the Earth’s surface, and the unit sphere used for modeling. This220

makes it possible to represent global spatial dependence in a geometrically consistent221

way while retaining the computational efficiency of the SPDE and GMRF framework.222

Therefore, the INLA-SPDE framework provides a rigorous and computationally223

efficient approach to spatio-temporal modeling. Using sparse GMRF approximations224

and solving SPDEs over spherical domains, this methodology enables the construction225

of high-resolution global models that preserve spatial structure, accommodate tempo-226

ral dynamics, and remain computationally tractable even in large-scale ecological and227

environmental applications.228
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2.2 Non-stationary spatial models and physical barriers229

Traditional spatial models often assume that the underlying spatial process is sta-230

tionary and isotropic. However, in many ecological applications, such assumptions fail231

to capture the true spatial dependence, particularly when physical barriers such as232

coastlines, peninsulas, islands or other bathymetric discontinuities restrict connectivity233

(Bakka et al., 2018; Krainski et al., 2018). These scenarios require more flexible models234

capable of incorporating non-stationary and anisotropic dependence structures.235

In particular, Bakka et al. (2019) proposed a barrier model within the SPDE frame-236

work that modifies the spatial operator in regions where connectivity is restricted.237

The domain Ω is partitioned into two disjoint subdomains: Ωn, corresponding to nor-238

mal regions where spatial correlation is permitted, and Ωb, corresponding to barrier239

regions where correlation is strongly reduced. The SPDE is then defined as:240

u(s)−∇ ·
(

r2

8
∇u(s)

)

= r

√

π

2
σu W(s), s ∈ Ωn, (6)

u(s)−∇ ·
(

r2b
8
∇u(s)

)

= rb

√

π

2
σu W(s), s ∈ Ωb, (7)

where r and rb are the spatial ranges in Ωn and Ωb, respectively, with rb ≪ r. Typically,241

rb is chosen to be very small, so that spatial correlation is strongly suppressed across242

barrier regions. These modifications are incorporated through the finite element mesh243

and the local stiffness matrices, ensuring that the resulting precision matrix respects244

physical discontinuities while maintaining sparsity (Krainski et al., 2018).245

Implementing spatio-temporal barrier models can be carried on both R-INLA (Lind-246

gren & Rue, 2015) and inlabru (Bachl, Lindgren, Borchers, & Illian, 2019), which247

have complementary roles. While R-INLA provides the core engine for approximate248

Bayesian inference in latent Gaussian models and SPDE-based spatial effects, inlabru249

builds on this framework by offering a more user-friendly and flexible interface for250

model specification, prediction, and interpretation, particularly in geostatistical appli-251

cations (see, for instance, Martino et al., 2021; Pace et al., 2022; Panunzi et al., 2025).252

Thus, R-INLA carries out the inference itself, whereas inlabru facilitates the practical253

implementation of complex spatial and spatio-temporal models. Still, the construc-254

tion of the barrier structure must be addressed before inference and prediction can be255

performed.256

Different studies have applied this barrier model to account for more realistic move-257

ment and dependence structures in spatial ecological applications: the distribution of258

fish larvae in the Finnish Archipelago (Bakka et al., 2019); the distribution of bot-259

tlenose dolphins (Mart́ınez-Minaya, Conesa, Bakka, & Pennino, 2019); the spread of260

Xylella fastidiosa (Cendoya, Hubel, Conesa, & Vicent, 2022); the distribution of salin-261

ity in the Chesapeake Bay (Desjardins, Davis, & Curriero, 2024); the distribution of262

white sharks in the Mediterranean Sea (Panunzi et al., 2025); as well as in studies of263

estuarine debris, coastal fish biodiversity and community change, and water-quality264

dynamics in complex aquatic systems (Chaudhuri, Juan, Saurina, Varga, & Saez,265

2023; Gacutan, Tait, & Clark, 2024; Jaksons, Bell, Jaksons, & Cook, 2022; Jónsdóttir,266
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Bakka, & Elvarsson, 2019; Nishimoto, Miyashita, & Fukasawa, 2024; Requena-Mullor267

et al., 2026).268

Taken together, these studies have shown that barrier models can substantially269

improve spatial inference when movement or dependence is constrained by physical270

obstacles. In such settings, the main effect of the barrier is often clear: landmasses271

and coastal features prevent standard stationary models from inducing unrealistic272

dependence between nearby locations that are physically separated. Barrier SPDE273

models address this issue by restricting correlation across those obstacles, leading to274

spatial predictions that are more consistent with the underlying ecological or physical275

processes.276

However, all those applications have been developed at regional or relatively local-277

ized scales, where barriers are easier to define and the structure of connectivity is278

more readily interpretable. Although extending this idea to the global ocean may seem279

conceptually straightforward, it involves substantial challenges from an implementa-280

tion perspective. At planetary scale, coastlines are highly irregular, narrow straits281

may either restrict or permit connectivity, artificial channels can create unexpected282

links, and dispersal pathways are influenced by heterogeneous oceanographic condi-283

tions that vary across regions. As a result, defining barrier structures globally is not284

simply a matter of transferring regional methods to a larger map, but of developing a285

representation that remains both ecologically meaningful and computationally feasible286

over the entire sphere. As shown in the barrier-global tutorial (included in the official287

R-INLA repository), this requires a specific workflow to construct, edit, and validate288

global barrier polygons before they can be incorporated into the mesh and used in the289

spatio-temporal modeling framework.290

3 MOBIE: a Shiny App for building global barriers291

In order to facilitate the definition of global barrier structures, here we present MOBIE,292

an interactive Shiny application that allows users to build, upload, edit, visualize, and293

export global barrier polygons within a single workflow.294

As it can be seen in panel A of Figure 3, the application includes a default global295

land barrier, created by dissolving country borders into a single polygon, but also296

allows users to upload their own barrier files in common spatial formats. This global297

polygon can be simplified, small isolated islands can be removed, and users can also298

manually refine the barrier by drawing polygons on the map and either adding them299

to or subtracting them from the current barrier. This makes it possible to adapt the300

barrier definition to the spatial scale and ecological assumptions of each analysis, espe-301

cially in regions where narrow passages or local connectivity require explicit decisions.302

Panels B and C of Figure 3 show, respectively, examples of local polygon refinements303

used to control regional connectivity, and the final global barrier polygon.304

In addition to polygon editing, the application also supports the construction of305

the spherical mesh used in the SPDE representation. Once the barrier polygon has306

been defined, users can generate a mesh directly on the sphere and classify mesh307

elements according to their position relative to the barrier. Mesh construction is con-308

trolled by two parameters: mesh globe resolution, which regulates the resolution309
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A. Run app and load default barrier polygon

B. Drawn polygon modifications C. Cut or add polygon modifications

Fig. 1 Interactive Shiny interface for constructing and editing global barrier polygons. Panel A
shows the application after loading the default global barrier polygon. The interface allows users to
simplify the geometry, remove small isolated islands, and manually add or subtract drawn polygons
from the barrier structure. Panel B shows examples of drawn polygons, and Panel C presents the
resulting barrier modifications after applying the cut or add operations.

of the spherical mesh, and mesh cutoff multiplier, which controls the minimum310

separation between mesh nodes relative to the chosen resolution.311

As shown in panel A of Figure 2, the resulting mesh nodes, triangle centroids, and312

barrier classified centroids can be displayed on the map, providing a direct visual check313

of the spherical mesh before model fitting. Panel B of Figure 2 presents detailed views314

of areas where mesh resolution and connectivity are especially important. Finally,315

panel C of Figure 2 shows correlation diagnostics from selected locations, confirming316

that spatial dependence is reduced across barrier regions while propagating coherently317

through the connected ocean domain.318

The final barrier polygon can be exported as a GeoJSON file, while the mesh nodes319

and triangle centroids can also be downloaded for further inspection or use in subse-320

quent modeling steps. This provides a reproducible pre-processing workflow in which321

both the barrier definition and the mesh construction are made explicit before the322

fitting process of the global SPDE barrier model (outlined in previous sections) starts.323
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A. Build global mesh on the sphere

B. Visualize nodes inside and outside the barrier C. Check correlation propagation

Fig. 2 Interactive Shiny interface for constructing the spherical mesh. Panel A shows the global
mesh generated on the sphere together with mesh nodes. The interface allows users to control the
mesh using the mesh globe resolution and mesh cutoff multiplier parameters. Panel B shows
detailed examples of nodes classified relative to the barrier structure, and Panel C presents correlation
propagation diagnostic for specific points across the global ocean domain.

4 Simulated species distribution scenarios324

In this section, three examples are provided in order to illustrate the implementa-325

tion of the global barrier formulation described in the previous sections in the context326

of marine species distribution modeling. The three examples use simulated data of327

increasing complexity, and were chosen to represent common data structures in eco-328

logical applications rather than as purely numerical validation exercises. The first one329

deals with a purely spatial Gamma model and it aims to represent positive abundance330

or biomass data. The second one is a spatio-temporal Gaussian model, representing331

continuous ecological or environmental responses observed repeatedly through time.332

In third place, we consider a spatio-temporal Bernoulli model, representing occur-333

rence (presence-absence data), one of the most common response types in species334

distribution modeling.335
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Across the three scenarios, we assessed whether a global SPDE barrier model336

defined on the sphere could recover the main components of the data generating pro-337

cess while preserving biologically realistic ocean connectivity. In all cases, land masses338

were treated as barriers, spatial dependence was allowed to propagate through con-339

nected ocean regions, and selected narrow passages were preserved according to the340

global barrier definition. Bathymetry was included as a standardized covariate because341

it represents a key environmental gradient for many marine species and provides a342

realistic setting for evaluating fixed-effect recovery.343

4.1 Spatial Gamma model with global barriers344

Our first example deals with a purely spatial Gamma model that represents positive345

abundance or biomass data. In particular, a latent spatial field over the global ocean346

was simulated using the proposed global barrier model defined on a spherical mesh. As347

mentioned above, land masses were treated as barriers, so dependence spread through348

the ocean domain while being blocked across continents, except through explicitly349

preserved narrow connections.350

In particular, the linear predictor of the model was set as:351

η(s) = β0 + β1 x(s) + u(s),

where u(s) is the latent spatial barrier field and x(s) is a standardized covariate352

representing the bathymetry effect. The fixed effects were set to β0 = 1.2 and β1 =353

−0.1, so that deeper locations were associated with a smaller expected response on354

the log scale. The latent field was generated from a barrier Gaussian random field with355

marginal standard deviation σ = 1 and range parameter set to 4000 km in the main356

ocean domain, together with a much shorter barrier range of 50 km. The response357

was simulated using a Gamma distribution with mean µ(s) = exp{η(s)} and shape358

parameter ϕ = 3.359

To assess parameter recovery, we repeatedly sampled 5000 observation locations 50360

times from the same continuous Gamma simulated realization. In each repetition, a361

new set of ocean locations was drawn uniformly across the globe, and the corresponding362

response values were extracted from the simulated response surface. For each sampled363

dataset, we fitted a spatial Gamma model with a global barrier effect, including an364

intercept, a linear bathymetry effect, and a latent spatial component.365

The results are summarized in Figure 3. Panel A shows the simulated realization366

of the latent spatial field generated under the global barrier model. Panel B presents367

the corresponding simulated realization of the continuous Gamma response surface368

obtained from the latent field and the bathymetry covariate. Panels C and D sum-369

marize parameter recovery across repeated samples. The posterior means of the fixed370

effects were centered close to their generating values, indicating that the model was371

able to separate the environmental effect from the latent spatial structure. The neg-372

ative bathymetry effect was correctly recovered, and the spatial hyperparameters,373

including range and marginal standard deviation, were also estimated close to the true374

values.375
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Fig. 3 Simulation illustration of the global barrier model for a spatial Gamma response. In panels C
and D, points denote posterior means across repeated samples, boxplots summarize their distribution,
and dashed red lines indicate the true values used in the simulation.

The variability among repetitions mainly reflects differences in the sampled loca-376

tions, which is expected in global marine surveys where spatial coverage is often377

uneven. Overall, this scenario shows that the proposed model can recover fixed378

effects and spatial dependence for abundance-type SDMs while maintaining a realistic379

representation of marine connectivity.380

4.2 Spatio-temporal Gaussian model381

We now present a spatio-temporal example mimicking continuous environmental382

variables such as abundance or biomass. A latent spatio-temporal field over the383

global ocean considering physical land barriers was simulated, again allowing spatial384

dependence to propagate through ocean-connected regions while reducing unrealistic385

correlation across land masses.386

The Gaussian model was set to387

Y (s, t) | µ(s, t), σ2
e ∼ N (µ(s, t), σ2

e) ,
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Fig. 4 Simulation-based illustration of the global barrier model for a spatio-temporal Gaussian
response. In panels C and D, points denote posterior means across repeated samples, boxplots sum-
marize their distribution, and dashed red lines indicate the true values used in the simulation.

being the linear predictor388

µ(s, t) = β0 + β1x(s, t) + v(s, t),

with intercept β0 = 10, depth effect (associated to the standardized bathymetry covari-389

ate) β1 = −1.5, and Gaussian observation error standard deviation σe = 0.3. The390

latent spatial effect u(s, t) was generated from the global barrier SPDE model with391

a spatial standard deviation of σ = 1 and practical ranges of 4000 km in the ocean392

domain and 50 km across barriers. Four temporal replicas (k = 4) were simulated393

to represent consecutive time periods, through an autoregressive structure of order 1394

(AR1) being ρ(AR1) = 0.98.395

To assess parameter recovery, we repeatedly sampled 5000 observation locations396

50 times from the same spatio-temporal Gaussian process. In each repetition, a new397

set of ocean locations was drawn for each time point, and the corresponding response398

values were extracted from the simulated field. For each sampled dataset, we fitted a399

spatio-temporal Gaussian model with a global barrier effect, including an intercept, a400

linear bathymetry effect, and a latent spatial component with an AR1 for the temporal401

component.402

The results are summarized in Figure 4. Panel A shows the latent spatio-temporal403

field across the four time instants generated under the global barrier formulation. Panel404

B presents the corresponding Gaussian response surfaces. Panels C and D summarize405

recovery of the fixed effects and hyperparameters, including the spatial range, spatial406

standard deviation, Gaussian observation standard deviation, and AR(1) correlation.407

The posterior distributions remained close to the reference values, indicating that the408

model was able to recover the main components of the data-generating mechanism.409
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Some variability is expected because the simulation used a limited number of time410

points and different sampled locations in each repetition. Nevertheless, the results411

indicate that the proposed framework can model dynamic spatial distributions on the412

sphere, combining global ocean connectivity, environmental covariates, and temporal413

autocorrelation in a single coherent model.414

4.3 Spatio-temporal Bernoulli model415

We next considered a spatio-temporal Bernoulli response to mimic the probability of416

occurrence of a species based on presence-absence data over the global ocean. This417

is a particularly relevant setting for SDMs, since occurrence data are widely used418

when abundance information is unavailable. It is also a more challenging scenario419

than the previous case because binary observations contain less information about420

the underlying latent process. As in the Gaussian scenario, the latent process was421

defined through the proposed spatio-temporal global barrier model on a spherical422

mesh, with land masses acting as barriers that limited dependence across continents423

while maintaining connectivity through selected marine passages.424

The occurrence model was set to425

Z(s, t) | π(s, t) ∼ Bernoulli(π(s, t)) ,

while the linear predictor was linked to the probability of occurrence π(s, t) via the426

usual logistic function427

logit(π(s, t)) = β0 + β1x(s, t) + v(s, t) ,

with β0 and β1 set to 1 and -1.5 respectively. The latent spatial field was simulated428

using a global barrier SPDE structure with spatial standard deviation σ = 1 and429

practical ranges of 4000 km in the ocean and 50 km across barriers. Four temporal430

replicates (k = 4) were generated over time through an AR(1) temporal structure,431

where ρ(AR1) = 0.98. Note that this latent effect u(s, t) corresponds to the spatio-432

temporal barrier field, allowing occurrence probabilities to follow realistic oceanic433

connectivity patterns while limiting dependence across continental barriers.434

Parameter recovery was evaluated by repeatedly sampling 5000 observation loca-435

tions 50 times from the same spatio-temporal Bernoulli process. For each repetition,436

ocean locations were sampled independently at each time point, and binary responses437

were drawn from the corresponding occurrence probabilities.438

The results are summarized in Figure 5. Panel A shows the true latent spatio-439

temporal field across the four time points, while Panel B presents the corresponding440

Bernoulli realizations used for sampling. Panels C and D summarize recovery of the441

fixed effects and hyperparameters. The posterior means remained centered close to442

the generating values, including the negative bathymetry effect. The spatial range,443

marginal standard deviation, and AR(1) temporal correlation were also broadly444

consistent with the values used in the simulation.445

As expected, posterior variability was higher than in the Gaussian scenario, reflect-446

ing the lower information provided by binary data. Even so, results show that the447
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Fig. 5 Simulation-based illustration of the global barrier model for a spatio-temporal Bernoulli
response. In panels C and D, points denote posterior means across repeated samples, boxplots sum-
marize their distribution, and dashed red lines indicate the true values used in the simulation.

proposed framework can be applied not only to abundance or continuous responses,448

but also to occurrence data. This supports its use across different types of global449

marine SDMs.450

5 Case studies451

To illustrate the applicability of the proposed framework, we consider two comple-452

mentary marine case studies. The first focuses on Atlantic cod (Gadus morhua) using453

standardized survey data obtained from the FishGlob database (Maureaud et al.,454

2021, 2024), while the second analyses reef-building corals of the order Scleractinia455

using global occurrence records from GBIF (GBIF, 2026). Together, both examples456

evaluate the proposed framework under different data structures, likelihoods, and457

ecological settings.458

5.1 Atlantic cod459

In the first case study, we analyze the spatial distribution of Atlantic cod (Gadus460

morhua). The database integrates standardized bottom-trawl surveys from multiple461

long-term monitoring programs and provides quality-controlled information on species462

occurrences, biomass, and Catch Per Unit Area (CPUA).463

We employed CPUA as a proxy for abundance, using together all the spatial464

observations since the year 2000. Atlantic cod is a suitable case study because its465

distribution is associated with complex shelf systems in the North Atlantic, where466

geographic proximity does not necessarily imply ecological connectivity. Coastlines,467
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semi-enclosed seas, and narrow passages can strongly influence spatial dependence and468

should therefore be accounted for when modeling the species distribution.469

In order to account for the large number of zero observations commonly found470

in marine survey data, we implemented a hurdle modeling framework (Paradinas,471

Conesa, López-Qúılez, & Bellido, 2017) that separates the occurrence process from472

the positive biomass process. The first component models species occurrence using a473

Bernoulli likelihood, while the second component models positive biomass conditional474

on presence using a lognormal distribution. Both components include a spatial barrier475

effect defined on the sphere through the global SPDE framework.476

In particular, the occurrence component is defined as:477

Zi | si ∼ Bernoulli(πi) ,

logit(πi) = β
(p)
0 + up(si) , (8)

where Zi denotes the presence–absence observation at location si, πi is the proba-478

bility of occurrence, and up(si) is the latent spatial barrier field associated with the479

occurrence process.480

Conditional on presence, the positive biomass component is modeled as:481

Yi | si, Zi = 1 ∼ Lognormal(µi, σ
2) ,

µi = β
(b)
0 + ub(si) , (9)

where Yi represents the positive CPUA value at location si and ub(si) is a latent482

spatial barrier field describing residual spatial dependence in biomass intensity. This483

spatial field could alternatively be shared or correlated with the spatial effect in the484

occurrence component, reflecting a possible link between the processes driving presence485

and biomass intensity.486

The final hurdle prediction (Paradinas, Giménez, Conesa, López-Qúılez, & Pen-487

nino, 2022) was obtained by combining the posterior predictions from the two model488

components: the probability of occurrence and the biomass conditional on presence.489

This quantity represents the expected relative biomass under the hurdle process, where490

biomass is only expressed in locations where the species is predicted to occur. In491

this sense, the occurrence component acts as a probabilistic correction of the pos-492

itive biomass component, reducing predicted biomass in areas with low probability493

of presence while retaining high values where both occurrence probability and condi-494

tional biomass are high. The result can therefore be interpreted as a hurdle-corrected495

prediction of relative biomass, integrating habitat suitability and biomass intensity.496

Both spatial components were constructed using the global barrier SPDE model497

on a spherical mesh. The barrier polygon was adjusted with the RShiny application498

to better represent relevant marine connections and physical constraints in the study499

region. In this way, spatial dependence is propagated through connected oceanic path-500

ways rather than across landmasses, producing predictions that are more consistent501

with the ecological structure of the North Atlantic and Arctic shelf systems.502

Figure 6 summarizes the main results of the global analysis of this species. Panel503

(A) shows the predicted relative biomass conditional on presence, revealing high504
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biomass concentrations mainly along northern Atlantic shelf systems, particularly505

around the Northeast Atlantic, Iceland, and Greenland. Panel (B) presents the pre-506

dicted occurrence probability, identifying broader areas of environmental suitability507

across subarctic and temperate waters. Finally, panel (C) displays the hurdle-corrected508

relative biomass obtained by combining both model components. The final distribu-509

tion highlights a clear concentration of Atlantic cod biomass along productive shelf510

and coastal regions, while reducing predictions in offshore areas where occurrence511

probability is lower.512

5.2 Reef-building corals513

As a second case study, we analyze the global distribution of reef-building corals of the514

order Scleractinia. This group includes the main stony corals responsible for building515

tropical reef structures and is strongly associated with spatially complex marine habi-516

tats, including island systems, continental margins, and semi-enclosed tropical seas.517

These characteristics make Scleractinia a useful example to evaluate whether global518

barrier structures improve the ecological realism of spatial predictions.519

Occurrence records were obtained from the GBIF database and filtered to retain520

observations with valid coordinates and reliable temporal information. Because GBIF521

data are presence-only and strongly affected by spatial and temporal variation in522

sampling effort, we modeled the records as a log-Gaussian Cox process (LGCP). This523

allows the observed point pattern to be represented as a spatial point process whose524

intensity varies continuously across the ocean.525

In particular, if λ(s) represents the intensity of the process at any location s of the526

ocean domain, then the probability of observing a certain number of locations observed527

in any area A of the ocean domain follows a Poisson distribution with intensity λA,528

defined as:529

λA =

∫

A

λ(s) ds. (10)

The log-Gaussian Cox process arises from the fact that log(λ(s)) can be modeled530

with a Gaussian linear predictor:531

log(λ(s)) = β0 + u(s), (11)

where β0 is the intercept and u(s) is a latent spatial Gaussian field defined on the532

spherical mesh.533

In order to evaluate the effect of the barrier structure, we fitted two alternative534

models, being the first one the proposed global barrier SPDE, where landmasses act535

as barriers and spatial dependence is propagated through connected oceanic regions.536

The second model used a standard Matérn SPDE on the same spherical mesh, without537

barrier constraints. The log-intensity of both models can be written as:538

log(λB(s)) = βB
0 + uB(s), (12)

log(λM (s)) = βM
0 + uM (s), (13)
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Fig. 6 Predictions obtained from the global hurdle barrier model for Atlantic cod (Gadus morhua).
Panel A shows the predicted relative biomass conditional on presence based on the lognormal compo-
nent of the hurdle model. Panel B presents the predicted occurrence probability estimated from the
Bernoulli component. Panel C displays the hurdle-corrected relative biomass obtained by combining
both model components.
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where uB(s) denotes the spatial field estimated with the barrier model and uM (s)539

denotes the spatial field estimated with the standard Matérn model.540

Predictions were obtained for both models over the global ocean domain. To com-541

pare the spatial patterns, we considered the predicted log(λ) intensity surfaces from542

the barrier and standard SPDE models and computed their spatial difference. Posi-543

tive values indicate regions where the barrier model predicts higher relative intensity544

than the standard SPDE model, whereas negative values indicate regions where the545

standard model predicts higher relative intensity. This comparison provides a direct546

visualization of how restricting spatial dependence to connected marine pathways547

modifies the predicted distribution.548

This comparison is not intended as a model-selection exercise, since the two mod-549

els do not represent equally realistic assumptions. A standard spherical SPDE model550

allows spatial dependence to spread across landmasses and disconnected ocean basins,551

creating correlations that are not physically realistic in marine systems. In contrast,552

the barrier model restricts spatial dependence to connected marine regions and there-553

fore produces predictions that are more consistent with real ocean connectivity. As a554

result, even if the unconstrained model shows similar or better information criteria,555

the barrier formulation provides spatial predictions that are more reliable with the556

physical structure of the ocean.557

Figure 7 shows the predicted coral distribution obtained with the barrier and non-558

barrier models. The comparison highlights how the inclusion of global barriers modifies559

the spatial propagation of occurrence intensity across ocean basins, particularly around560

complex coastal and island systems. The difference map provides a direct visualization561

of where the barrier structure has the strongest effect on the predicted distribution.562

Overall, the coral case study demonstrates how the proposed framework can be563

used not only for prediction, but also to assess the influence of global barrier structures564

on species distribution models. By comparing models fitted on the same spherical mesh565

with and without barriers, we can identify where accounting for ocean connectivity566

changes the predicted spatial field and produces more interpretable global marine567

distributions.568

6 Conclusions569

In this work, we present a practical and automatic framework for incorporating global570

barrier structures into marine species distribution models using the INLA-SPDE571

approach on the sphere. The proposed methodology addresses two important limita-572

tions of many global SDMs: the geometric distortion introduced by planar projections573

and the unrealistic propagation of spatial dependence across land masses or discon-574

nected ocean basins. By combining spherical meshes with barrier SPDE models, spatial575

dependence is allowed to propagate through connected marine pathways, leading to576

predictions that are more consistent with the physical and ecological structure of the577

ocean.578

A central contribution of this work is the development of MOBIE, an interactive579

RShiny application designed to support the construction, editing, visualization, and580

export of global barrier polygons and spherical meshes. The application makes the581
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Fig. 7 Comparison between the global LGCP fitted with and without spatial barriers for reef-
building corals (Scleractinia). Panel (A) shows the predicted log-intensity from the barrier SPDE
model. Panel (B) shows the difference between both predictions, computed as barrier minus standard
SPDE log-intensity.

barrier definition explicit and reproducible, allowing users to adapt the connectivity582

structure to the ecological question, species, or region under study. This is particularly583

relevant at the global scale, where decisions about narrow passages, islands, artificial584

channels, or semi-enclosed seas can strongly affect the implied spatial dependence.585

Therefore, MOBIE is not only a visualization tool, but a key part of the modelling586

workflow.587
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The simulated examples illustrate the flexibility of the framework under different588

response types commonly used in marine SDMs. The spatial Gamma example showed589

that the model can recover fixed effects and spatial dependence for positive abundance590

or biomass data. The spatio-temporal Gaussian example showed that the approach can591

represent continuous responses evolving over time while maintaining realistic marine592

connectivity. The Bernoulli example confirmed that the framework can also be applied593

to presence and absence data, although with greater uncertainty, as expected for binary594

observations.595

The Atlantic cod case study demonstrated the usefulness of the framework for real596

survey data. Using a hurdle model, the occurrence and positive biomass components597

were modelled separately and then combined to obtain a hurdle-corrected prediction598

of relative biomass. The resulting spatial pattern identified high predicted biomass599

along northern Atlantic shelf systems, while reducing predictions in offshore areas or600

regions with low probability of occurrence (Fahay, 1999). This illustrates how global601

barrier models can produce ecologically interpretable predictions for species whose602

distributions are shaped by coastlines, shelf habitats, and regional marine connectivity.603

Reef-building corals (order Scleractinia) are distributed throughout tropical and604

subtropical oceans, with their greatest diversity occurring in the Indo-Pacific region,605

particularly within the Coral Triangle, while lower-diversity assemblages occur in the606

Atlantic and eastern Pacific (Spalding, Ravilious, & Green, 2001; Veron & Stafford-607

Smith, 2000). The coral case study further showed how the barrier formulation can608

affect predictions in presence-only models. By comparing a global LGCP fitted with609

and without barriers, we showed that the inclusion of barrier structures changes the610

spatial propagation of predicted intensity, especially around complex coastal and island611

systems. This comparison was not intended as a standard model-selection procedure,612

but as a diagnostic of how different assumptions about ocean connectivity affect the613

predicted distribution. In this context, the barrier model provides a more physically614

realistic representation of spatial dependence than an unconstrained spherical SPDE615

model.616

Several challenges remain. Barrier definitions should be ecologically justified and617

may vary across species, life stages, dispersal capacities, or oceanographic conditions.618

Future developments could consider implementing partially permeable or transparent619

barriers, where connectivity is reduced but not completely blocked, as well as dynamic620

barriers, where directionality can change, driven by ocean currents, temperature fronts,621

sea ice, or other time-varying environmental processes (Le-Bert Heyl, van Niekerk, &622

Rue, 2026). In addition, computational cost may increase when using high-resolution623

meshes, long time series, or multiple large ecological datasets. In this direction, recent624

approaches such as sequential consensus inference (Figueira, Conesa, López-Qúılez, &625

Paradinas, 2025) provide a promising route for reducing computational burden while626

retaining much of the flexibility of integrated Bayesian models.627

Overall, the proposed framework represents an important step towards a compre-628

hensive spatio-temporal analysis of global species distribution models. By combining629

spherical geometry, spatial and spatio-temporal dependence, explicit representations630

of marine connectivity, and practical tools for barrier and mesh construction, the631
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methodology establishes a reproducible foundation for a new generation of global eco-632

logical models. Beyond the examples considered here, the framework opens the door633

to more sophisticated developments, including preferential sampling models, multi-634

variate and coregionalized approaches, joint species distribution models, integrated635

analyses of multiple data sources, and large-scale spatio-temporal ecological assess-636

ments. Together with MOBIE and recent advances in scalable Bayesian inference, these637

developments provide a pathway towards increasingly realistic and operational global638

SDMs capable of addressing the complexity of marine ecosystems under global change.639
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Paradinas, I., Conesa, D., López-Qúılez, A., Bellido, J.M. (2017). Spatio-821

temporal model structures with shared components for semi-continuous species822

distribution modelling. Spatial Statistics , 22 , 434–450, Retrieved from823

https://doi.org/10.1016/j.spasta.2017.08.001824

825

Paradinas, I., Giménez, J., Conesa, D., López-Qúılez, A., Pennino, M.G. (2022). Evi-826

dence for spatiotemporal shift in demersal fishery management priority areas827

in the western Mediterranean. Canadian Journal of Fisheries and Aquatic828

Sciences, 79 (10), 1641–1654,829

830

Pasanisi, E., Pace, D., Orasi, A., Vitale, M., Arcangeli, A. (2024). A global systematic831

review of species distribution modelling approaches for cetaceans and sea turtles.832

Ecological Informatics , 82 , 102700,833

834

Pinsky, M.L., Eikeset, A.M., McCauley, D.J., Payne, J.L., Sunday, J.M. (2019).835

Greater vulnerability to warming of marine versus terrestrial ectotherms.836

Nature, 569 (7754), 108–111,837

838

Ready, J., Kaschner, K., South, A.B., Eastwood, P.D., Rees, T., Rius, J., . . . Froese,839

R. (2010). Predicting the distributions of marine organisms at the global scale.840

Ecological Modelling , 221 (3), 467–478,841

842
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