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Abstract

Species distribution models (SDMs) are an important tool for marine conservation and management, yet guidance on leveraging di-
verse data to build robust models is limited. We evaluated whether an integrated SDM (iISDM) framework outperforms traditional data
pooling or ensemble approaches when synthesizing multiple data types. We trained traditional SDMs and iSDMs using three data types
for the blue shark (Prionace glauca) in the North Atlantic: fishery-dependent marker tags, observer records, and fishery-independent
electronic tags. We compared pooled and ensembled SDMs, built with boosted regression trees, to an iSDM explicitly designed to
address data-specific biases while leveraging each dataset’s strengths. While all approaches produced robust models, performance
varied among data types, with fishery-dependent data consistently yielding more accurate than fishery-independent data. Differences
in performance stemmed from models’ abilities to capture spatiotemporal dynamics in training data. iSDMs accounting for seasonal
variability yielded the most accurate estimates but were computationally intensive, emphasizing the need to align model purpose
with integration methods. Our findings reveal key trade-offs in data integration methods, particularly in balancing predictive accuracy
and feasibility. As diverse data sources grow, leveraging robust approaches will be vital for improving conservation and management
strategies and understanding dynamic species distributions in a changing ocean.

Keywords: boosted regression trees; data integration; highly migratory species; integrated nested Laplace approximation; spatiotemporal dynamics; species

distribution models

Introduction

Species distribution models (SDMs) have become a standard
tool within ecology to understand species’ responses to chang-
ing environmental conditions (Guisan and Thuiller 20035,
Aragjo and Luoto 2007). In the marine environment, SDMs
play a key role in conservation and resource management by
providing critical insights on species’ spatiotemporal distri-
butions that are used to understand habitat use, connectiv-
ity, and range shifts in the context of various anthropogenic
stressors (Guisan and Thuiller 2005, Robinson et al. 2017).
However, recent technological advancements have greatly ex-
panded the volume of data available for SDM training, and,
with that, efforts to mobilize more diverse data types (Isaac
et al. 2020). For highly mobile species, there are key ques-
tions regarding how to combine disparate data sources that
often represent only a specific life stage or migration mode
within the broader species’ distribution (Fletcher et al. 2019,

Isaac et al. 2020, Karp et al. 2023). In marine systems, diver-
sity in species occurrence data primarily stems from fishery-
dependent or fishery-independent data sources. Spatially ref-
erenced fishery-dependent data provide abundance and occur-
rence information as a product of fishing activity, often in the
form of vessel catch logbooks, onboard observer programs, or
mark-recapture sampling (Kohler and Turner 2018, Crear et
al. 2021). In contrast, fishery-independent data are predomi-
nantly collected through surveys that are explicitly designed to
minimize biases in estimates of species’ abundance (e.g. ship-
based hook or net surveys, visual aerial transects) or as part
of scientific research projects such as electronic tagging efforts
to track movements of free-swimming animals (e.g. acoustic,
archival, and satellite tags; Block et al. 2011).

While each data type provides valuable information about
the distribution of a species and the biotic and abiotic pro-
cesses associated with their distributions, all are subject to
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sampling biases (e.g. gear selectivity, differing spatial, and/or
temporal extents; Fithian et al. 2015). For an SDM using a
single data type, model outputs will reflect these biases which
can result in skewed predictions of species distributions and
lead to erroneous mitigation and conservation measures (Pen-
nino et al. 2019, Karp et al. 2023). For example, SDMs cre-
ated from fishery-dependent observations can reflect fishery-
interaction probability rather than true habitat suitability due
to the preferential sampling inherent in fishing activity (sensu
Crear et al. 2021, Karp et al. 2023). Similarly, data from
fisheries-independent surveys may only sample a fraction of
the distribution of highly migratory species whose movements
often span ocean basins and exceed the scope of typical sur-
veys (Paradinas et al. 2023).

Various methods have been proposed to build modeling
frameworks that can integrate different data types, i.e. data
pooling, ensemble modeling, and joint likelihood approaches
(Fletcher et al. 2019, Rufener et al. 2021, Braun et al. 2023b).
Data pooling and ensemble modeling techniques have been
widely applied for marine species (Oppel et al. 2012, Pikesley
et al. 2013, Abrahms et al. 2019, Braun et al. 2023b) and in-
volve either combining data from multiple sources to produce
an aggregated dataset for subsequent modeling (i.e. pooling)
or averaging predictions from multiple models (i.e. ensem-
bles). In marine ecosystems, where data can vary in quality
and be limited in spatial and temporal coverage, combining
data sources can be a valuable way to better represent the
spectrum of a species’ ecology and realized niche as they can
leverage advantages inherent in each dataset (e.g. sample size;
Braun et al. 2023a). However, despite the relative success of
pooling and ensemble approaches to overcome biases inher-
ent in individual models fitted to a particular data type (Braun
et al. 2023b), both have their limitations as they lack the ca-
pability to explicitly account for uncertainty across datasets
or share derived animal-environment relationships across
models.

Recently, model-based data integration—termed integrated
species distribution models (iISDMs)—has emerged as a means
to combine datasets in ways that retain the strengths of each
and may lead to more robust models and realistic ecologi-
cal inference (Fletcher et al. 2019, Isaac et al. 2020). This in-
cludes joint likelihood approaches, which facilitate simulta-
neous modeling of different data sources while explicitly ac-
counting for the differences in the underlying sampling pro-
cesses (Isaac et al. 2020). These approaches enable a formal
integration of different data that can share information across
datasets, such as species-environment relationships, regardless
of the type of data (e.g. occurrence, abundance; Paradinas et
al. 2023). Many joint likelihood approaches are also spatially
explicit, in that they formally account for spatial autocorrela-
tion in the data which can be estimated for each data type and
shared across models (Simmonds et al. 2020, Ahmad Suhaimi
et al. 2021, Barber et al. 2021). Furthermore, joint likelihood
approaches have been shown to achieve greater predictive per-
formance when compared to other integration techniques (i.e.
data pooling or ensemble modeling; Paradinas et al. 2023)
or to models fitted to a single data type (Simmonds et al.
2020). Despite these advantages, iSDM applications in marine
systems have been limited, likely due to their complex struc-
ture and requisite intensive computational resources (Lezama-
Ochoa et al. 2020, Stock et al. 2020).

To date, there have been limited comparative efforts that
investigate the predictive performance across different inte-
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gration modeling approaches using empirical data (Barber et
al. 2021, Rufener et al. 2021). With increasing data availabil-
ity for highly migratory species, quantitative comparisons of
modeling approaches are crucial and should use appropri-
ate model performance metrics while ensuring ecologically
realistic environmental relationships and predictions. Here,
we compare four integration techniques with SDMs built for
a heavily-exploited pelagic fish species, the blue shark (Pri-
onace glauca), in the North Atlantic. We use fishery-dependent
marker tags, fishery observer records, and fishery-independent
electronic tag data to fit four integrative modeling approaches
in a comparative framework. We then assess model perfor-
mance and identify tradeoffs among predictive skill, ecologi-
cal realism, and computational demand associated with each
approach to provide insight on how to best leverage diverse
data types for modeling species distributions.

Methods

Occurrence data

To assess the performance of different integrated modeling ap-
proaches, we used three occurrence datasets for blue sharks
in the North Atlantic (Fig. 1), as outlined in Braun et al.
(2023a). These datasets consisted of two fishery-dependent
data sources, marker (e.g. conventional or “spaghetti”)
tags and fisheries observer data, along with one fishery-
independent data source (i.e. electronic tags). Blue shark
marker tag data were obtained from the International Com-
mission for the Conservation of Atlantic Tunas (ICCAT) Sec-
retariat tag database (Ortiz et al. 2023), which is a product of
multiple national tagging programs, both scientific and op-
portunistic, involving commercial and recreational fisheries
since 1959 (Kohler and Turner 2018, Ortiz et al. 2023, Braun
et al. 2023b). This dataset provides presence observations of
tagged blue sharks upon release (Kohler and Turner 2018,
Braun et al. 2023b) and an additional presence if the individ-
ual was subsequently recaptured (Kohler and Turner 2018).
The majority of marker tag releases came from rod and reel
gear associated with recreational fisheries (71%), followed by
commercial longline fisheries (24%). In contrast, most blue
shark recaptures were from longline fisheries (57%), with rod
and reel accounting for 36%, and an overall recapture rate
of 7.61% since 1959. Although majority of blue shark oc-
currences in the marker tag dataset came from recreational
rod and reel gear, biasing observations toward the North-
east US continental shelf in the summer, releases and recov-
eries also occurred across the main footprint of the long-
line fleet in this region (Kohler and Turner 2018, Braun et
al. 2023b). The second fishery-dependent dataset represents
catch data from the US pelagic longline observer program,
which has been in place since the early 1990s, spanning from
the Grand Banks to the equator (Larkin et al. 2000, Crear et
al. 2021). The observer data consists of set-level catch infor-
mation of blue sharks within the spatial extent of the fish-
ery. To align with the temporal extent at which environmen-
tal data were available (see below), both fishery-dependent
datasets were filtered to retain records between 1993
and 2019.

Fishery-independent data consisted of electronic tags de-
ployed on 107 individuals across the North Atlantic from
2006 to 2018 (Fig. 1). Two types of electronic tags were used
to track blue shark movements: satellite-linked tags (model
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Figure 1. Presence locations for the marker tags (1993-2019), fishery observer data (1993-2019), and the electronic tag data (2006-2018). Note that to
protect confidentiality, grid cells for the fishery observer data that contained <3 vessels were removed.

SPOT, Wildlife Computers) and pop-up satellite archival
transmitting tags (models PAT and miniPAT, Wildlife Com-
puters). While the magnitude of uncertainty in position esti-
mates varies between tags types (Winship et al. 2012), Braun

et al. (2023a) demonstrated SDMs fit separately to each type
of tag data exhibited negligible differences in model perfor-
mance. Therefore, electronic tag data were aggregated to form
a single data type in this study. Additional descriptions of the
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three data sources and details on quality control and filtering
are given in the Supplementary Material.

Environmental data

We included three environmental variables as covariates in
the models that have previously been shown to be important
drivers of habitat use for blue sharks (Braun et al. 2023b):
sea surface temperature (“SST”; °C), the spatial standard de-
viation of SST (“SST_sd”; an index of frontal activity and
calculated over a 0.25° resolution), and bathymetry (m). Dy-
namic surface environmental variables (SST and SST_sd) were
sourced from the Global Ocean Physics Reanalysis (GLO-
RYS; Lellouche et al. 2018), a high resolution (1/12° and
daily outputs) data-assimilating ocean model served through
the Copernicus Marine Environmental Monitoring Service
(DOL: https://doi.org/10.48670/moi-00021). GLORYS out-
puts were averaged to a monthly temporal resolution. The
static bathymetry variable was sourced from ETOPO1 (https:
/Iwww.ngdc.noaa.gov/mgg/global/global.html) at 1-min reso-
lution. Environmental data were extracted for the presence
and pseudo-absence (discussed below) locations and times for
each data type. To account for location uncertainty inherent
in electronic tag data (e.g. Braun et al. 2018), the environ-
ment was sampled around each recorded presence by aver-
aging each environmental variable within the estimated loca-
tion =+ the 95% confidence interval surrounding that location
(Braun et al. 2023b). All environmental grids used the GLO-
RYS native spatial resolution (1/12°).

Species distribution models

Blue shark monthly habitat suitability was modeled for each
model integration approach as a function of environmental
variables using traditional SDM modeling frameworks (i.e.
spatially implicit) and Gaussian field models that estimate
a spatial process across the study domain (i.e. spatially ex-
plicit). Here, spatially implicit and explicit models were fit-
ted with boosted regression trees (BRTs) and the integrated
nested Laplace approximation (INLA), respectively. Although
the models differ conceptually, both have demonstrated strong
predictive performance in modeling the distributions of ma-
rine fishes (Brodie et al. 2020, Lezama-Ochoa et al. 2020,
Stock et al. 2020, Braun et al. 2023a). BRTs are among the
most widely used algorithms for modeling species distribu-
tions, valued for their ease of use and ability to handle com-
plex ecological data (Rubbens et al. 2023). BRTs combine
the strengths of tree-based models and boosting to optimize
partition of variance, which allow them to be highly flex-
ible. Additionally, they are not subject to caveats of com-
monly used (semi-)parametric statistical models as they are
robust to outliers, missing data, collinearity among environ-
mental variables, and the inclusion of irrelevant variables
(Elith et al. 2008). Statistical models (e.g. Gaussian field mod-
els), however, initially rely on assumptions about the distri-
bution of the underlying data as well as the relationship be-
tween the response variable and environmental covariates.
A key distinction between BRTs and INLA is how they ad-
dress spatial and spatiotemporal autocorrelation, which may
arise when environmental covariates in the model do not ac-
count for all the underlying processes driving species distri-
butions. BRTs do not inherently reduce spatial autocorrela-
tion, but instead focus on improving model fit by sequen-
tially fitting trees to the residuals of previous models, allow-
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ing them to capture complex, non-linear relationships in the
data (Elith et al. 2008). In contrast, INLA explicitly addresses
spatial and spatiotemporal autocorrelation by approximating
Gaussian fields as discrete Gaussian Markov random fields
(GMRFs; Lindgren et al. 2011), which are incorporated as
random effects. The GMRF acts as a spatial or spatiotem-
poral smoother and reflects the assumption that nearby lo-
cations are more similar than distant locations (Lindgren et
al. 2011). While the models compared here differ in com-
plexity, this reflects an intentional design choice to contrast
a widely used SDM approach (i.e. BRTs) with a more flexible,
integrative framework (i.e. iSDM using INLA). This compar-
ison highlights the practical benefits and trade-offs associated
with increased model complexity—including the use of joint
likelihoods, spatial structure, and dynamic temporal effects—
rather than isolating any single difference between model
infrastructure.

Much of the recent development in iSDMs have supported
applying a Poisson point process modeling (PPM) framework
as it provides a flexible approach that can link presence-only
occurrence and abundance data (Fletcher et al. 2019, Isaac
et al. 2020, Rufener et al. 2021). While statistically sound,
PPMs are better suited for predicting distributions over large
temporal scales (i.e. climatology over the study period; Isaac
et al. 2020). Yet, it is often necessary in marine resource and
conservation management to predict mobile species distribu-
tions at finer temporal scales (ranging from days to months;
Lewison et al. 2015). To solve this, we adopt dynamic SDM
approaches that incorporate simulating location data where
individuals were likely absent (i.e. “pseudo-absences”), which
have been extensively employed in modeling the distributions
of pelagic species to capture and predict their dynamic habi-
tat use at fine temporal scales (Barbet-Massin et al. 2012,
Hazen et al. 2021). Pseudo-absences were sampled using the
background sampling method by randomly drawing, with-
out replacement, from within climatological monthly convex
hulls of each dataset (Farchadi et al. 2024). Although the ob-
server data includes observed fishing effort when blue sharks
were not detected (i.e. recorded as “absences”), previous stud-
ies have demonstrated background sampling results in higher
predictive skill and improved ecological realism relative to
other pseudo-absence techniques (Hazen et al. 2021), includ-
ing when compared to using true absences fishery observer
data (Braun et al. 2023b). Pseudo-absences were generated
for each month, creating a 1:1 presences: pseudo-absences
ratio for each dataset, which is consistent with what is rec-
ommended in the literature for each model type (Warton and
Shepherd 2010, Barbet-Massin et al. 2012, Hazen et al. 2021).
To assess the influence of uneven sample sizes on model perfor-
mance, each integration approach was modeled using both the
full datasets and a downsampled version in which each dataset
was matched to the smallest sample size (i.e. observer data).
This allowed us to evaluate whether observed differences in
predictive skill and ecological realism were attributable to
dataset size rather than true model differences. Each integra-
tion modeling approach was built with the binary response
variable of presence: pseudo-absence using a Bernoulli fam-
ily distribution and logit link function to model the proba-
bility of blue shark presence. To ensure that seasonal varia-
tion in distribution was captured without constraining ecolog-
ical relationships to narrow temporal windows, we modeled
all months together for each modeling framework. This ap-
proach is particularly well suited for highly migratory species
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like blue sharks, whose movements span broad spatial and
temporal scales throughout the year, and aligns with emerging
best practices for modeling dynamic marine species distribu-
tions to support conservation and management (Hazen et al.
2018, Crear et al. 2021, Welch et al. 2023).

Data pooling and ensemble modeling

For the data pooling approaches, models were trained on a
combination of blue shark presences across all three data types
and corresponding pseudo-absences. This results in a single
model that combines inferences across all the datasets but
assumes that the nature of the data is the same across all
sources (Fletcher et al. 2019, Paradinas et al. 2023). In con-
trast, ensemble modeling combined predictions across data-
specific models, which allow the separate models to explic-
itly account for data uncertainties but lack the capability to
“learn” environmental relationships across individual models
or account for variability among data types (Fletcher et al.
2019, Paradinas et al. 2023). For ensemble modeling, inde-
pendent models were fitted to each blue shark dataset sepa-
rately and then equal-weighted, mean model ensembles were
created that averaged across the predictions from each of the
three data-specific models. Both approaches were fitted with
BRTs and were configured with a tree complexity of 5, bag
fraction of 0.75, a learning rate of 0.005, and 2000 trees, fol-
lowing Braun et al. (2023a). Although hyperparameter tun-
ing is recommended in order to identify optimal values that
maximize predictive skill and minimize overfitting (Elith et al.
2008), hyperparameters were fixed to isolate the effects of the
different integration approaches and data types. The resulting
models from both approaches describe species-specific “habi-
tat suitability” as continuous values ranging from 0 (low habi-
tat suitability) to 1 (high habitat suitability). All data pooling
and ensemble models were fitted with the gbm.fixed function
in the “dismo” R package (Hijmans et al. 2021).

Joint likelihood modeling

To formally integrate the three different data sources into
a single model (i.e. iSDMs), we applied joint likelihood
approaches using approximate Bayesian inference through
INLA (Rue et al. 2009). INLA provides a computationally ef-
ficient alternative to traditional types of Bayesian inference
as it uses the stochastic partial differential equation (SPDE)
approach to model the underlying spatial process by approx-
imating GMRFs with a Matérn covariance (Lindgren et al.
2011). For these iSDMs, each data source directly informed
blue shark habitat suitability through shared parameters in a
jointly-estimated likelihood. The general structure of the iS-
DMs included shared effects for three environmental covari-
ates and the GMRFs. The iSDM for logit-transformed prob-
ability of presence of blue shark at location s and time ¢ with
data type i (1s;.;; note e, m, or o for electronic tag, marker, or
observer data, respectively), are as follows, where s € S is a
location in the study area S:

Nste = e + fe (88T;) + fe (SSTsds,z) + fe (Bathymetry&,t)

tol(s 1),

Nstom = Um + i (SSTez) + fon (SSTeas,) + fon (Bathymetrys ;)
+ro(s 1),

Nsto = + fo(SSTes)+ fo (SST_Sds.t) + fo (Bathymetrys,t)
+yw (s, t).

Here, each a refers to to data-specific intercept terms for
each linear predictor in the model. The functions f(SST),
f(SST_sd), f(Bathymetry) are shared effects for the three en-
vironmental covariates. To allow for possible non-linear re-
lationships, all environmental covariates were modeled using
SPDE. This smoothing approach is the same as estimating
GMRFs in INLA, however, the covariates’ effect is modeled
using a Matérn covariance in one dimension (i.e. 1D SPDE;
Lindgren et al. 2011). Furthermore, » is the GMRF describ-
ing spatial and spatiotemporal autocorrelation over the study
area and is jointly estimated across all three likelihoods. This
field is shared across the marker and observer datasets through
dataset-specific scaling parameters (y; and y,, respectively).
Although o is introduced in the electronic tag model, its es-
timation is informed by all three datasets through the joint
likelihood, allowing each source to shape the shared spatial
structure based on its contribution to model fit. This structure
follows previous implementations of iSDMs in predator-prey
contexts (Barber et al. 2021), where fishery-independent data
representing prey (e.g. blue shark) inform predator distribu-
tion models (e.g. fishing fleet). In our case, we assume that the
spatial dynamics captured by the electronic tags reflect eco-
logical processes that are also relevant to explaining the dis-
tribution of blue shark occurrence in the fishery-dependent
datasets.

We fitted two iISDMs that explicitly accounted for the tem-
poral process within the GMRFs: one model maintained a
constant time spatial effect (ISDM Constant), while the other
incorporated seasonally varying spatial effects (iISDM Sea-
sonal). The iSDM Constant model was fitted with a single
shared GMREF that is constant across all seasons and years
of the training data. The iSDM Seasonal model, however, was
fitted with four shared GMRFs, each accounting for the sea-
sonal spatial autocorrelation in the training dataset. Seasonal
GMRFs were categorized as fall (September-November), win-
ter (December—February), spring (March-May), and summer
(June-August) and followed a cyclic first order autoregressive
spatiotemporal structure (AR1) where adjacent seasons (e.g.
winter and fall) are more correlated than distant seasons (e.g.
winter and summer). All models were fitted through the “in-
labru” R package. As no prior information was available, we
used default Matérn smoothness (v = 1) and default Gaus-
sian priors on the hyperparameters that govern the range and
marginal standard deviation of the SPDEs (Bachl et al. 2019).
These priors are internally determined based on the mesh ge-
ometry to provide broad applicability in the absence of strong
prior information. Specifically, the prior for the range is cen-
tered to correspond to ~20% of the mesh extent, while the
prior for the marginal standard deviation is centered around
one, with fixed precision of 0.1 (i.e. variance = 10), resulting
in weakly informative priors tuned to the spatial scale of the
model.

Model performance analysis

We compared the performance of each modeling approach
using three metrics: predictive skill, ecological realism, and
computational demand. Quantitative metrics were calculated
using a 5-fold cross-validation with randomly assigned 80%
training—20% testing splits for each fold, repeated 10 times
and evaluated across the three metrics. Predictive skill denotes
the ability of a model to accurately predict the presence or ab-
sence of a species on new test data, which were not included in
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Figure 2. Model performance comparison across: (a) predictive skill and (b) computational demand. Points represent metrics measured for each data

type during cross-validation testing iterations within integration models.

the model’s training. Predictive skill was assessed using both
the Area Under the receiver-operating Curve (AUC) and mean
absolute error (MAE). The combined use of AUC and MAE
have been recommended for evaluating SDMs as they offer
complementary insights into the model’s performance while
addressing potential limitations associated with their individ-
ual calculation assumptions (Konowalik and Nosol 2021).
For each iteration of the cross-validation, predictive skill met-
rics were measured against the entire testing dataset as well
as each data type separately to explore the robustness of the
model across data sources. We tested the influence of model
type on predictive skill (AUC and MAE) using a one-way anal-
ysis of variance (ANOVA) (Brodie et al. 2020) in the “stats” R
package (R Core Team 2022). Model performance was evalu-
ated using both the full datasets and their downsampled coun-
terparts to assess potential bias arising from uneven sample
sizes.

Previous studies have also suggested the importance of eco-
logical realism as a validation metric (Hazen et al. 2021, Braun
et al. 2023b). Ecological realism is defined as the ability of
the models to predict realistic patterns of species distribu-
tions focusing on biologically plausible relationships with en-

vironmental variables and spatial-temporal dynamics consis-
tent with observed ecological processes (Warren et al. 2020).
We qualitatively evaluated each SDM using (i) spatial predic-
tions for an example month (September 2014) compared to
known distribution and movement ecology of blue sharks and
(ii) partial response curves for each model fitted to the full
sample to compare the relationships between blue shark pres-
ence and environmental variables across the different meth-
ods. September 2014 was selected as a representative month
due to its relatively balanced distribution of each data type.

As a final metric, we evaluated computational demand of
each model to assess the trade-offs and feasibility associated
with the different modeling approaches as well as a proxy es-
timate of model complexity (Lezama-Ochoa et al. 2020, Stock
et al. 2020). While computational demand can be assessed
through multiple metrics (e.g. CPU or memory usage; addi-
tional details in Supplementary Material), here we focus on
measuring it by the total runtime required for model fitting
and prediction. To determine the diminishing returns between
model complexity and predictive skill, we used a linear regres-
sion to test relationships between runtime and AUC scores for
each of the data types.
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Results

Overall, each integration approach produced a high perform-
ing model; however, results across the three dimensions of
performance (predictive skill, ecological realism, and compu-
tational demand) varied among approaches (Figs 2 and 3).
Analyses using downsampled datasets with equal sample
sizes yielded qualitatively consistent results across all inte-
gration approaches (Figs S1-S4 and Supplemental Results),
confirming that patterns in predictive skill and ecological re-
alism observed with the full datasets were robust to sam-
ple size effects. Therefore, we focus here on results from the
models trained on the complete datasets. More details on
the downsampled results are provided in the supplementary
material.

Predictive Skill

All integration approaches demonstrated high predictive skill
from the cross-validation procedure with the majority of runs
yielding AUC and MAE scores >0.75 and <0.4, respectively
(Fig. 2a). Predictive skill, however, differed among data types
(ANOVA, F, = 2176, P < 0.001 and F, = 398.8, P < 0.001
for AUC and MAE, respectively) as all the models were able
to predict fishery-dependent test data (i.e. marker tag and
observer) more accurately than fishery-independent test data
(i.e. electronic tags; Fig. 2a). Across integration approaches,
marker tags were consistently predicted with greater accuracy
compared to the other data types (Fig. 2a and Sla), except
for ensemble modeling, which demonstrated marginally better
predictive ability for observer data. While all integration ap-
proaches demonstrated high predictive skill, iSDM Seasonal
outperformed each of the other models when predicting onto
the test data while ensemble modeling exhibited the poorest
performance. For each data type, iSDM Seasonal AUC scores
were ~3%—7% higher than the average predictive skill across
all the models (Fig. 4a). Predictive skill for the other integra-
tion approaches was more variable, depending on the data
type, with models predicting certain data types more accu-
rately than others (Fig. 4). The greater performance of the
iSDM seasonal model was particularly demonstrated for the
electronic tag data which exhibited AUC values >5% higher
than the average while all other approaches were below the
average AUC score.

Ecological realism

Among the integration approaches, the ability to generate eco-
logically realistic spatial predictions and environmental re-
lationships differed primarily based on the modeling frame-
work (i.e. BRT vs. INLA). For example, blue shark spatial
predictions for September 2014 from pooling and ensemble
modeling indicated high habitat suitability throughout the
Northwest Atlantic continental shelf, extending to the sub-
polar North Atlantic and coastal regions of northern Africa
and Europe, with limited suitable habitat elsewhere (Fig. 3).
Both traditional integration approaches using BRTs captured
blue shark suitable habitat at (sub-)mesoscale frontal features,
which serve as productive foraging grounds for many highly
migratory species (Scales et al. 2014, Braun et al. 2019). How-
ever, they overpredicted habitat suitability in regions where
blue sharks are typically absent during the fall months (e.g.
Grand Banks, Gulf of Saint Lawrence, and coastal northern
Africa; Braun et al. 2023a, Vandeperre et al. 2014) and un-

derpredicted suitability in areas where blue sharks are fre-
quently observed (e.g. southern North Atlantic and around
the Azores Archipelago; Vandeperre et al. 2014; Fig. 3). In
contrast, iSDM predictions are closely aligned with blue shark
occurrences during September throughout the North Atlantic,
including the southern regions, Mid-Atlantic region of the
Azores Archipelago, US northeast continental shelf, and along
the Grand Banks (Fig. 3). However, iSDM predictions revealed
artifacts associated with the construction of the mesh triangu-
lation (Fig. S3).

Furthermore, partial response curves indicated that each
integration approach captured similar relationships between
blue shark presence observations and the environmental vari-
ables (Fig. 5). The ensemble approach, represented as the av-
erage response across the data-specific models, exhibited pat-
terns consistent with the other integration approaches, despite
single-data-type models exhibiting significantly different envi-
ronmental relationships (e.g. second row in Fig. 5). While the
overall shape of the relationships were comparable, there were
notable differences in the magnitude of the marginal effects for
individual environmental variables across approaches. Specifi-
cally, the pooling and ensemble approaches displayed stronger
marginal effects for Bathymetry and SST_sd compared to the
iSDMs This pattern is consistent with previous findings that
the inclusion of GMRFs can attenuate covariate effects by ac-
counting for unmeasured spatiotemporal variation otherwise
absorbed by the environmental predictors (Thorson 2018,
Farchadi et al. 2025). As a result, pooling and ensemble mod-
els predicted higher suitable habitat in shallower areas and
regions characterized by strong frontal features (Fig. 3 and
Fig. S6).

Computational demand

Similar to ecological realism, we found that computational
demand differed between modeling frameworks as iSDMs
were significantly more computationally intensive compared
to pooling and ensemble modeling approaches that used BRTs.
For example, the iSDM Seasonal model took the longest to fit
and predict with cross-validation runs taking between 60 and
100 min whereas BRT model-fitting averaged ~1 min. Linear
regressions demonstrated weak positive relationships between
AUC score and time for each data type (Table S1), suggest-
ing increasing model complexity only slightly increased model
predictive skill for each data type.

Discussion

In an era of increasing access to growing and diverse data
sources, optimizing our capacity to leverage new and exist-
ing data types alongside robust analytical methods will play
a crucial role in supporting conservation and management
decision-making in marine ecosystems (Link et al. 2023).
Here, we tested a suite of data-integration approaches us-
ing three disparate datasets for a wide-ranging, compara-
tively data-rich, marine species to better understand the per-
formance of each approach and associated trade-offs in model
complexity. We found that model-based integration via joint
likelihood approaches (i.e. iSDMs) was the best perform-
ing model as measured by predictive skill and ecological re-
alism when accounting for spatial and temporal dynamics.
These patterns were consistent across analyses using both
full and downsampled datasets, supporting the robustness
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Figure 3. Predicted habitat suitability (from 0 = low to 1 = high) for an example month (September 2014) for each integration approach. Grids are where

presences are available during any September in each dataset.

of our findings to sample size effects. Performance of iS-
DMs that only consisted of a constant temporal spatial ef-
fect (i.e. iSDM Constant) exhibited similar or slightly im-
proved performance relative to traditional pooling and en-
semble techniques, depending on data type. While explic-
itly accounting for spatiotemporal dynamics within an in-
tegrated model framework further enhances model perfor-
mance, trade-offs exist regarding the substantial increases
in computational demand required for fitting and predicting
these models with only marginal improvements in predictive
skill. Our results emphasize the importance of use-inspired de-
cisions in the modeling process. Identifying model purpose can
guide users on the selection of appropriate data-integration
approaches when multiple data sources are available or de-
termine the extent to which spatial and temporal dynamics
should be incorporated into the model based on the desired
application.

Embracing dynamic models

Data integration represents a promising step forward, as it en-
ables leveraging diverse data types to retain the strength and
overcome the bias of each, thereby facilitating more accurate
inference regarding a species’ distribution. Our study revealed
that explicitly accounting for both spatial and temporal dy-
namics via estimating multiple GMRFs can increase model

predictive skill. The majority of studies applying spatially ex-
plicit SDMs, whether based on integrated frameworks or sin-
gle datasets, typically estimate a single GMREF, assuming that
the spatial processes driving species distributions are constant
over time (e.g. Lezama-Ochoa et al. 2020, Ahmad Suhaimi
et al. 2021, Barber et al. 2021, Paradinas et al. 2023). While
this assumption may hold for sessile or substrate-associated
species with relatively static distributions, the processes that
drive the spatial distribution of highly mobile taxa, such as
blue sharks, often occur at sub-annual scales, necessitating
temporal structure in the model (Isaac et al. 2020).

Here, we demonstrate that accounting for spatiotemporal
dynamics in highly migratory species is critical for building
accurate, ecologically-realistic models. This was shown for
electronic tags where pooling, ensemble, and iSDM Constant
models exhibited relatively poor predictive skill, suggesting
that the three environmental covariates and the addition of
a single GMRF does not adequately explain the variation and
inherent biases in the data. In contrast, the iSDM Seasonal
model showed improved predictive accuracy, presumably due
to the seasonal GMRFs capturing seasonal migration behav-
iors that were not accounted for by the environmental co-
variates. Comparisons between the GMRFs of the two iSDM
models also revealed potential pitfalls in estimating a single
GMRE, evident in the overestimation of spatial field and habi-
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tat suitability values in the southwestern North Atlantic (Figs
3 and 6), such as the Sargasso Sea, during the fall. Although
presence data were sparse in these areas during the fall season,
blue sharks occasionally used them at other times of the year,
illustrating how mismatches between the temporal scale of the
spatial field and the prediction period can affect model per-
formance. For instance, the iSDM Constant model estimated
a single GMRF over the entire study period, which captures
long-term climatological spatial structure (temporally static)
rather than season-specific dynamics, inflating predicted suit-
ability in these regions. In contrast, the iSDM Seasonal model,
which estimates a separate GMREF for each season, assigned
lower spatial field values to these areas during fall, reflecting
the lack of blue shark occurrences. This underscores a key lim-
itation of static spatial fields in that, without incorporating dy-
namic temporal structure, models may overestimate suitabil-
ity in areas used only seasonally or at finer temporal scales,
particularly for highly migratory species.

While our results corroborate previous studies that have
shown iSDMs can maintain strong predictive performance,
their ability to explain spatiotemporal variation can be lim-
ited on how information is shared among the datasets (Sim-
monds et al. 2020, Ahmad Suhaimi et al. 2021). A key as-
sumption in our modeling framework is that the spatiotem-
poral patterns associated with the fisheries-dependent data
can be inferred from the fishery-independent data (i.e. elec-
tronic tags informing marker and observer) via the shared
spatial field. Although our analysis demonstrated the effec-
tiveness of this approach in maintaining a high predictive skill
for both iSDMs, previous studies have demonstrated that iS-
DMs may not improve predictive skill if the shared spatial
process does not effectively account for dataset-specific biases
(Simmonds et al. 2020), making it challenging to determine
the most appropriate way to share information across data

sources (Figueira et al. 2024). Alternative methods, such as
explicitly estimating additional GMRFs tailored to each data
type, have yielded promising results by accounting for un-
known biases that may not be adequately explained by covari-
ates or a single shared GMRF (Simmonds et al. 2020). Further-
more, incorporating non-stationary dynamics may improve
model performance as it may result in more precise predictions
and reduce bias (Ward et al. 2022). For example, adding tem-
poral non-stationarity in spatial covariance (i.e. range param-
eter changes over time) helped increase model performance for
certain groups of groundfish along the US west coast (Ward et
al. 2022). While these approaches may increase model perfor-
mance, adding additional parameters and model complexity
may increase computational demands with only marginal in-
creases in performance. Striking a balance between incorpo-
rating greater dynamism into models and managing computa-
tional demands are a core challenge for all ecological model-
ing efforts, including SDMs Therefore, identifying the model’s
purpose and envisioning its use may serve as an initial step in
designing and developing the “best” models for the desired
application.

Balancing performance and flexibility in integration
Although our analysis suggests that iSDMs perform best for
modeling the distributions of this highly migratory species,
traditional pooling and ensemble modeling approaches per-
formed well across the tested dimensions. Given the abun-
dance of effective options, users may find it challenging to de-
cide which integration approach to employ, a decision contin-
gent on the model’s purpose and intended application (Brodie
etal.2020). SDM practitioners facing biased data sources (e.g.
fishery-dependent or community science data) without avail-
able covariates or information (e.g. priors; see Ahmad Suhaimi
et al. 2021) to account for such unexplained variation (e.g.
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covariate contributes neither positively nor negatively to blue shark habitat suitability.

ecological or fishery processes; Stock et al. 2020) may find iS-
DMs to be the most suitable option. However, the sensitivity
of joint likelihood models to the extent of variation explained
by the GMRFs, as demonstrated by this study and prior re-
search (Simmonds et al. 2020, Ahmad Suhaimi et al. 2021),
suggests that users should employ similar techniques for as-
sessing model performance to determine the most appropri-
ate model structure—spatial or spatiotemporal—and tailor it
accordingly. Furthermore, iSDM approaches allow for tradi-
tional statistical inference on their predictions unlike the pool-
ing and ensemble approaches in this study that used machine
learning modeling frameworks (i.e. BRTs). Therefore, iSDMs
may be preferred for applications where estimates of model
uncertainty are decidedly important as uncertainty in habi-

tat suitability can be estimated across the spatial domain as
well as in the species response curves. For instance, uncertainty
maps can aid in identifying the most suitable locations for de-
veloping marine protected areas, where data deficiencies ex-
ist (Jansen et al. 2022), or communicating model uncertainty
when predicting under novel or extrapolated environmental
conditions (Karp et al. 2023). Uncertainty associated with the
species response curves can help inform establishing biologi-
cal thresholds that indicate when biological functions become
impaired under certain environmental conditions (Liu et al.
2014).

Data pooling and ensemble modeling have traditionally
been attractive approaches for integrating marine species data,
namely due to their flexibility and ease of use. Pooling and en-
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semble modeling give users greater flexibility in model struc-
ture, such as (semi-)parametric or machine learning models
that have been explicitly developed for SDMs (Abrahms et
al. 2019, Braun et al. 2023b). iSDMs, however, are largely re-
stricted to semiparametric approaches, which may limit users’
choice of which algorithm may be best suited for their data or
their model purpose (Brodie et al. 2020). Pooling and ensem-
ble approaches are generally less computationally intensive,
especially when using models that are structurally less com-
plex (such as BRTs), which are appealing traits when scientific
capacity is limited, timelines to decisions are short, or both
(Brodie et al. 2020). Lastly, ensemble modeling may be the
only suitable approach when original data are unavailable or
confidential, and predictions from existing SDMs are the only
accessible information for a particular region (Woodman et
al. 2019).

Conclusions

Accurately determining and understanding species distribu-
tions is a key requirement for conservation and spatial re-
source management (Crear et al. 2021). For exploited species
like the blue shark, accurate and ecologically realistic SDMs
can better assess spatiotemporal exposure to anthropogenic
threats such as fisheries, offshore energy development, habitat
loss, and climate change and variability (Friedland et al. 2021,
Braun et al. 2023a). As shifts in highly migratory species’
distributions in the North Atlantic are expected to continue,
adapting management strategies for climate-readiness and re-
silience will be enhanced with the ability to anticipate the
effects of climate change (Braun et al. 2023a). In this en-
deavor, use-inspired SDMs can serve as foundational infras-
tructure to fulfill such imperative conservation and manage-
ment goals, allowing managers to be more adaptive to dy-
namic ocean conditions (Robinson et al. 2017, Crear et al.

2021, Braun et al. 2023a). However, questions of how to use
the ever-increasing volume of diverse datasets remain. Here,
we demonstrate the trade-offs in the current generation of in-
tegrating disparate data sources between informal and for-
mal data integration approaches and provide guidance for
SDM practitioners in real-world applications, particularly for
highly migratory species. While iSDMs that explicitly account
for spatiotemporal dynamics outperformed more traditional
approaches, our analysis points to the value of data integra-
tion, regardless of approach, as it allows leveraging disparate
data sources to create more robust inferences and characteri-
zation of the patterns and processes that drive species’ space
use (e.g. second row in Fig. 5; Fletcher et al. 2019, Isaac et al.
2020, Braun et al. 2023a). As environmental conditions be-
come increasingly novel amidst ongoing climate change and
variability (Alexander et al. 2020), iSDMs are well positioned
to give practitioners the infrastructure to readily accommo-
date diverse historical and contemporary datasets, fostering a
more holistic understanding of the impacts of climate change
on marine species.

Acknowledgments

We thank everyone who assisted in tagging efforts, gathering
data through observer programs, and participating in the IC-
CAT marker tag initiative, including the NOAA Northeast
Fisheries Science Center’s Cooperative Shark Tagging Pro-
gram. Our appreciation extends to the observers and data con-
tributors from the NOAA Southeast Fisheries Science Center,
including L. Beerkircher and S. Cushner. We extend our thanks
to the many captains and crews whose expertise and vessel re-
sources were invaluable. We would also like to thank Barbara
Mubhling for their valuable comments on earlier versions of
the manuscript.

G20z AINP L1 uo 1senB Aq 699618/0 1 LIESY///Z8/0101E/SWISE01/W0D dNO"0IWapEo.)/:SAjY WO} POPEOJUMOQ



12

Author contributions

N.E.: Conceptualization, Methodology, Formal analysis, In-
vestigation, Visualization, Writing—original draft, Writing—
review & editing. C.D.B: Conceptualization, Methodol-
ogy, Data Curation, Investigation, Supervision, Project ad-
ministration, Funding acquisition, Writing—review & edit-
ing. M.C.A: Conceptualization, Methodology, Data Cura-
tion, Investigation, Supervision, Writing—review & editing.
N.L.O: Methodology, Investigation, Writing—review & edit-
ing. M.G.P: Methodology, Investigation, Writing—review &
editing. P.A.: Collection of data, Writing—review & editing.
T.H.C.: Collection of data, Writing—review & editing. J.F.:
Collection of data, Writing—review & editing., N.Q.: Col-
lection of data, Writing—review & editing. G.B.S.: Collec-
tion of data, Writing—review & editing. D.W.S.: Collection
of data, Writing—review & editing. S.R.T: Collection of data,
Writing—review & editing. EV.: Collection of data, Writing—
review & editing. R.L.L.: Conceptualization, Methodology,
Investigation, Supervision, Project administration, Funding
acquisition, Writing—review & editing

Supplementary data

Supplementary material is available at the ICESJMS online
version of the manuscript.

Conflict of interest: None declared.

Funding

This work was supported by a NASA Ecological Forecasting
funded project (80NSSC19K0187) and N.E was also support,
in part, by the NOAA-Sea Grant Population and Ecosystem
Dynamics Fellowship NA210OAR4170247. M.C.A. was sup-
ported by the WHOI President’s Innovation Fund and C.D.B.
was supported by the Robert L. James Early Career Scientist
award at WHOL.

P.A., EV. and J.E were supported by FCT through the
IF/01640/2015; M3.1.a/F/062/201 and the strategic projects
UIDB/05634/2020 and UIDP/05634/2020 .

Data availability

Code and simulated sample data for running the analysis is
available at: https://github.com/nfarchadi/BlueShark_ISDM/.
Marker tag data used in this research are publicly available
from the International Commission for the Conservation of
Atlantic Tunas (ICCAT) Secretariat tag database at https:
/ficcat.int/en/accesingdb.html. The fishery dependent observer
dataset used in this study are considered confidential under the
US Magnuson-Stevens Act. Qualified researchers may request
these data from the NOAA Pelagic Observer Program office
by contacting popobserver@noaa.gov. We requested data rep-
resenting all pelagic longline sets between the years 1993 and
2019. For inquiries regarding the electronic data, contact the
corresponding author.

References

Abrahms B, Welch H, Brodie S et al. Dynamic ensemble models to pre-
dict distributions and anthropogenic risk exposure for highly mo-
bile species. Divers Distrib 2019;25:1182-93. https://doi.org/10.1
111/ddi.12940

Farchadi et al.

Ahmad Suhaimi SS, Blair GS, Jarvis SG. Integrated species distribution
models: a comparison of approaches under different data quality
scenarios. Divers Distrib 2021;27:1066-75. https://doi.org/10.111
1/ddi.13255

Alexander MA, Shin S-1, Scott JD et al. The response of the Northwest
Atlantic Ocean to climate change. Jounral of Climate 2020:33:405-
28.

Aratjo MB, Luoto M. The importance of biotic interactions for mod-
elling species distributions under climate change. Global Ecol Bio-
geogr 2007;16:743-53. https://doi.org/10.1111/.1466-8238.2007
.00359.x

Bachl FE, Lindgren F, Borchers DL et al. inlabru: an R package for
bayesian spatial modelling from ecological survey data. Methods
Ecol Evol 2019;10:760-6. https://doi.org/10.1111/2041-210X.13
168

Barber X, Conesa D, Lopez-Quilez A et al. Incorporating biotic infor-
mation in species distribution models: a coregionalized approach.
Mathematics 2021;9:417. https://doi.org/10.3390/math9040417

Barbet-Massin M, Jiguet F, Albert CH ez al. Selecting pseudo-absences
for species distribution models: how, where and how many? Meth-
ods Ecol Evol 2012;3:327-38. https://doi.org/10.1111/}.2041-210
X.2011.00172.x

Block BA, Jonsen ID, Jorgensen S]J et al. Tracking apex marine predator
movements in a dynamic ocean. Nature 2011;475:86-90. https://do
i.org/10.1038/nature10082

Braun CD, Arostegui MC, Farchadi N ez al. Building use-inspired
species distribution models: using multiple data types to exam-
ine and improve model performance. Ecol Appl 2023b;33:€2893.
https://doi.org/10.1002/eap.2893

Braun CD, Galuardi B, Thorrold SR. HMMoce: an R package for im-
proved geolocation of archival-tagged fishes using a hidden Markov
method. Methods Ecol Evol 2018;9:1212-20. https://doi.org/10.1
111/2041-210X.12959

Braun CD, Gaube P, Sinclair-Taylor TH et al. Mesoscale eddies re-
lease pelagic sharks from thermal constraints to foraging in the
ocean twilight zone. Proc Nat Acad Sci USA 2019;116:17187-92.
https://doi.org/10.1073/pnas. 1903067116

Braun CD, Lezama-Ochoa N, Farchadi N et al. Widespread habi-
tat loss and redistribution of marine top predators in a changing
ocean. Sci Adv 2023a;9:eadi2718. https://doi.org/10.1126/sciadv.a
di2718

Brodie S, Thorson JT, Carroll G et al. Trade-offs in covariate selection
for species distribution models: a methodological comparison. Ecog-
raphy 2020;43:11-24. https://doi.org/10.1111/ecog.04707

Crear DP, Curtis TH, Durkee SJ et al. Highly migratory species pre-
dictive spatial modeling (PRiSM): an analytical framework for as-
sessing the performance of spatial fisheries management. Mar Biol
2021;168:1-17. https://doi.org/10.1007/s00227-021-03951-7

Elith J, Leathwick JR, Hastie T. A working guide to boosted regression
trees. | Anim Ecol 2008;77:802—13. https://doi.org/10.1111/.1365
-2656.2008.01390.x

Farchadi N, Braun C, Arostegui M et al. Improving species distribution
model forecasts under novel ocean conditions. Authorea. 2025https:
/lwww.authorea.com/users/793731/articles/1271849-improving-s
pecies-distribution-model-forecasts-under-novel-ocean-conditio
ns?commit=719f8936996da0f9a7a7b26eca6694782fb48d9d(28
April 20235, date last accessed).

Farchadi N, Welch H, Braun CD et al. Marine heatwaves redistribute
pelagic fishing fleets. Fish Fish 2024:25:1-17.

Figueira M, Barber X, Conesa D et al. Bayesian feedback in the frame-
work of ecological sciences. Ecol Inform 2024;84:102858. https:
//doi.org/10.1016/j.ecoinf.2024.102858

Fithian W, Elith J, Hastie T ez al. Bias correction in species distribu-
tion models: pooling survey and collection data for multiple species.
Methods Ecol Evol 2015;6:424-38. https://doi.org/10.1111/2041-2
10X.12242

Fletcher R], Hefley T], Robertson EP ez al. A practical guide for combin-
ing data to model species distributions. Ecology 2019;100:¢02710.
https://doi.org/10.1002/ecy.2710

G20z AInF |1 uo 1sanb Aq 69¥9618/0 1 LIES/L/Z8/aI0e/SWISe01 W00 dno-olwapese/:sdny Wwolj papeojumoq


https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsaf110#supplementary-data
https://github.com/nfarchadi/BlueShark_ISDM/
https://iccat.int/en/accesingdb.html
mailto:popobserver@noaa.gov
https://doi.org/10.1111/ddi.12940
https://doi.org/10.1111/ddi.13255
https://doi.org/10.1111/j.1466-8238.2007.00359.x
https://doi.org/10.1111/2041-210X.13168
https://doi.org/10.3390/math9040417
https://doi.org/10.1111/j.2041-210X.2011.00172.x
https://doi.org/10.1038/nature10082
https://doi.org/10.1002/eap.2893
https://doi.org/10.1111/2041-210X.12959
https://doi.org/10.1073/pnas.1903067116
https://doi.org/10.1126/sciadv.adi2718
https://doi.org/10.1111/ecog.04707
https://doi.org/10.1007/s00227-021-03951-7
https://doi.org/10.1111/j.1365-2656.2008.01390.x
https://www.authorea.com/users/793731/articles/1271849-improving-species-distribution-model-forecasts-under-novel-ocean-conditions?commit=719f8936996da0f9a7a7b26eca6694782fb48d9d
https://doi.org/10.1016/j.ecoinf.2024.102858
https://doi.org/10.1111/2041-210X.12242
https://doi.org/10.1002/ecy.2710

Integrating diverse marine predator data for robust species distribution models 13

Friedland KD, Methratta ET, Gill AB et al. Resource occurrence and
productivity in existing and proposed wind energy lease areas on
the Northeast US shelf. Front Mar Sci 2021;8:1-19. https://doi.org/
10.3389/fmars.2021.629230

Guisan A, Thuiller W. Predicting species distribution: offering more
than simple habitat models. Ecol Lett 2005;8:993-1009. https://do
1.0rg/10.1111/1.1461-0248.2005.00792.x

Hazen EL, Abrahms B, Brodie S ez al. Where did they not go? Consid-
erations for generating pseudo-absences for telemetry-based habitat
models. Movement Ecology 2021;9:1-13. https://doi.org/10.1186/
s40462-021-00240-2

Hazen EL, Bograd SJ, Benson SR et al. A dynamic ocean management
tool to reduce bycatch and support sustainable fisheries. Sci Adv
2018;4:1-8. https://doi.org/10.1126/sciadv.aar3001

Hijmans R]J, Phillips S, Leathwick J et al. dismo: species distribu-
tion modeling. 2021. https://CRAN.R-project.org/package=dismo
(7 June 2022, date last accessed).

Isaac NJB, Jarzyna MA, Keil P et al. Data integration for large-scale
models of species distributions. Trends Ecol Evol 2020;35:56—67.

Jansen J, Woolley SNC, Dunstan PK et al. Stop ignoring map uncer-
tainty in biodiversity science and conservation policy. Nat Ecol Evol
2022;6:828-9.

Karp MA, Brodie S, Smith JA et al. Projecting species distributions using
fishery-dependent data. Fish Fish 2023;24:71-92. https://doi.org/10
A111/faf 12711

Kohler NE, Turner PA. Distributions and movements of Atlantic shark
species: a 52-year retrospective atlas of mark and recapture data.
Mar Fish Rev 2018;81:1-93. https://doi.org/10.7755/MFR.81.2.1

Konowalik K, Nosol A. Evaluation metrics and validation of presence-
only species distribution models based on distributional maps with
varying coverage. Sci Rep 2021;11:1482. https://doi.org/10.1038/s4
1598-020-80062-1

Larkin SL, Adams CM, Lee DJ. Reported trip costs, gross revenues, and
net returns for US Atlantic pelagic longline vessels. Marine Fisheries
Review 2000;62:49-60. https://spo.nmfs.noaa.gov/sites/default/files
/pdf-content/MFR/mfr622/mfr6224.pdf

Lellouche J-M, Greiner E, Le Galloudec O et al. Recent updates to the
Copernicus Marine Service global ocean monitoring and forecasting
real-time 1/12° high-resolution system. Ocean Sci 2018;14:1093—
126. https://doi.org/10.5194/0s-14-1093-2018

Lewison R, Hobday AJ, Maxwell S ez al. Dynamic ocean management:
identifying the critical ingredients of dynamic approaches to ocean
resource management. Bioscience 2015;65:486-98. https://doi.org/
10.1093/biosci/biv018

Lezama-Ochoa N, Pennino MG, Hall MA et al. Using a Bayesian mod-
elling approach (INLA-SPDE) to predict the occurrence of the Spine-
tail Devil ray (Mobular mobular). Sci Rep 2020;10:18822. https:
//doi.org/10.1038/s41598-020-73879-3

Lindgren F, Rue H, Lindstrom J. An explicit link between Gaussian
fields and Gaussian Markov random fields: the stochastic partial
differential equation approach. J R Stat Soc Ser B: Stat Methodol,
2011;73:423-98. https://doi.org/10.1111/.1467-9868.2011.00777
X

Link JS, Thur S, Matlock G et al. Why we need weather forecast ana-
logues for marine ecosystems. ICES | Mar Sci 2023;80:2087-98.
https://doi.org/10.1093/icesjms/fsad143

Liu G, Heron SF, Eakin CM et al. Reef-scale thermal stress monitoring
of coral ecosystems: new 5-km global products from NOAA Coral
Reef Watch. Remote Sens 2014;6:11579-606. https://doi.org/10.3
390/rs61111579

Oppel S, Meirinho A, Ramirez I et al. Comparison of five modelling
techniques to predict the spatial distribution and abundance of
seabirds. Biol Conserv 2012;156:94-104. https://doi.org/10.1016/
j.biocon.2011.11.013

Ortiz M, Garcia J, Taylor N. Review and preliminary analy-
ses of conventional tagging data on atlantic blue shark stocks
(PRIONACE GLAUCA). Collect Vol Sci Pap ICCAT 2023;80:
196-221.

Paradinas I, Illian JB, Alonso-Fernindez A et al. Combining fishery
data through integrated species distribution models. ICES | Mar Sci
2023;80:1-12. https://doi.org/10.1093/icesjms/fsad069

Pennino MG, Paradinas I, Illian JB ez al. Accounting for preferential
sampling in species distribution models. Ecol Evol 2019;9:653-63.
https://doi.org/10.1002/ece3.4789

Pikesley SK, Maxwell SM, Pendoley K ez al. On the front line: integrated
habitat mapping for olive ridley sea turtles in the southeast Atlantic.
Divers Distrib 2013;19:1518-30. https://doi.org/10.1111/ddi.1211
8

R Core Team. R: a Language and Environment for Statistical Comput-
ing. Vienna: R Foundation for Statistical Computing, 2022. https:
/Iwww.R-project.org/

Robinson NM, Nelson WA, Costello MJ et al. A systematic review
of marine-based species Distribution Models (SDMs) with recom-
mendations for best practice. Front Mar Sci 2017;4:1-11. https:
/Idoi.org/10.3389/fmars.2017.00421

Rubbens P, Brodie S, Cordier T et al. Machine learning in marine ecol-
ogy: an overview of techniques and applications. ICES | Mar Sci
2023;80:1829-53. https://doi.org/10.1093/icesjms/fsad100

Rue H, Martino S, Chopin N. Approximate bayesian inference for la-
tent Gaussian models by using integrated nested Laplace approx-
imations. | R Stat Soc: Ser B (Stat Methodol), 2009;71:319-92.
https://doi.org/10.1111/1.1467-9868.2008.00700.x

Rufener M, Kristensen K, Nielsen JR et al. Bridging the gap between
commercial fisheries and survey data to model the spatiotemporal
dynamics of marine species. Ecol Appl 2021;31:e02453. https://do
1.0org/10.1002/eap.2453

Scales KL, Miller PI, Hawkes LA et al. On the front line: frontal zones
as priority at-sea conservation areas for mobile marine vertebrates.
J Appl Ecol.2014;51:1575-83. https://doi.org/10.1111/1365-2664.
12330

Simmonds EG, Jarvis SG, Henrys PA et al. Is more data always better?
A simulation study of benefits and limitations of integrated distribu-
tion models. Ecography 2020;43:1413-22. https://doi.org/10.1111/
ecog.05146

Stock BC, Ward EJ, Eguchi T et al. Comparing predictions of fisheries
bycatch using multiple spatiotemporal species distribution model
frameworks. Can | Fish Aquat Sci 2020;77:146—63. https://doi.or
¢/10.1139/cjfas-2018-0281

Thorson JT. Forecast skill for predicting distribution shifts: a retrospec-
tive experiment for marine fishes in the Eastern Bering Sea. Fish Fish
2018;20:159-73. https://doi.org/10.1111/faf.12330

Vandeperre F, Aires-da-Silva A, Fontes | et al. Movements of Blue
Sharks (Prionace glauca) across Their Life History. PLoS ONE,
2014;9:€103538. https://doi.org/10.1371/journal.pone.0103538

Ward EJ, Barnett LAK, Anderson SC et al. Incorporating non-stationary
spatial variability into dynamic species distribution models. ICES |
Mar Sci 2022579:2422-9. https://doi.org/10.1093/icesjms/fsac179

Warren DL, Matzke NJ, Iglesias TL. Evaluating presence-only species
distribution models with discrimination accuracy is uninformative
for many applications. | Biogeogr 2020;47:167-80. https://doi.org/
10.1111/jbi.13705

Warton DI, Shepherd LC. Poisson point process models solve the
“pseudo-absence problem” for presence-only data in ecology. Ann
Appl Stat 2010;4. 1383-402. https://doi.org/10.1214/10-AOAS331
(1 May 2023, date last accessed).

Welch H, Savoca MS, Brodie S et al. Impacts of marine heatwaves on top
predator distributions are variable but predictable. Nat Commun
2023;14:5188. https://doi.org/10.1038/s41467-023-40849-y

G20z AInF |1 uo 1sanb Aq 69¥9618/0 1 LIES/L/Z8/aI0e/SWISe01 W00 dno-olwapese/:sdny Wwolj papeojumoq


https://doi.org/10.3389/fmars.2021.629230
https://doi.org/10.1111/j.1461-0248.2005.00792.x
https://doi.org/10.1186/s40462-021-00240-2
https://doi.org/10.1126/sciadv.aar3001
https://CRAN.R-project.org/package=dismo
https://doi.org/10.1111/faf.12711
https://doi.org/10.7755/MFR.81.2.1
https://doi.org/10.1038/s41598-020-80062-1
https://spo.nmfs.noaa.gov/sites/default/files/pdf-content/MFR/mfr622/mfr6224.pdf
https://doi.org/10.5194/os-14-1093-2018
https://doi.org/10.1093/biosci/biv018
https://doi.org/10.1038/s41598-020-73879-3
https://doi.org/10.1111/j.1467-9868.2011.00777.x
https://doi.org/10.1093/icesjms/fsad143
https://doi.org/10.3390/rs61111579
https://doi.org/10.1016/j.biocon.2011.11.013
https://doi.org/10.1093/icesjms/fsad069
https://doi.org/10.1002/ece3.4789
https://doi.org/10.1111/ddi.12118
https://www.R-project.org
https://doi.org/10.3389/fmars.2017.00421
https://doi.org/10.1093/icesjms/fsad100
https://doi.org/10.1111/j.1467-9868.2008.00700.x
https://doi.org/10.1002/eap.2453
https://doi.org/10.1111/1365-2664.12330
https://doi.org/10.1111/ecog.05146
https://doi.org/10.1139/cjfas-2018-0281
https://doi.org/10.1111/faf.12330
https://doi.org/10.1371/journal.pone.0103538
https://doi.org/10.1093/icesjms/fsac179
https://doi.org/10.1111/jbi.13705
https://doi.org/10.1214/10-AOAS331
https://doi.org/10.1038/s41467-023-40849-y

14

Winship AJ, Jorgensen SJ, Shaffer SA et al. State-space framework for
estimating measurement error from double-tagging telemetry exper-
iments. Methods Ecol Evol 2012;3:291-302. https://doi.org/10.111
1/5.2041-210X.2011.00161.x

Farchadi et al.

Woodman SM, Forney KA, Becker EA et al. esdm: a tool for creat-
ing and exploring ensembles of predictions from species distribu-
tion and abundance models. Methods Ecol Evol 2019;10:1923-33.
https://doi.org/10.1111/2041-210X.13283

Handling editor: Marta Rufino

© The Author(s) 2025. Published by Oxford University Press on behalf of International Council for the Exploration of the Sea. This is an Open Access article distributed under the terms of the

Creative Commons Attribution License (https:/creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work

is properly cited.

G20z AInF |1 uo 1sanb Aq 69¥9618/0 1 LIES/L/Z8/aI0e/SWISe01 W00 dno-olwapese/:sdny Wwolj papeojumoq


https://doi.org/10.1111/j.2041-210X.2011.00161.x
https://doi.org/10.1111/2041-210X.13283
https://creativecommons.org/licenses/by/4.0/

	Introduction
	Methods
	Results
	Discussion
	Acknowledgments
	Author contributions
	Supplementary data
	Funding
	Data availability
	References

