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model performance. This limitation constrains the effective use of species distribution
models (SDMs) in marine conservation, where robust and transferable predictions are
essential for conservation planning. Using the loggerhead turtle (Caretta caretta) as a case
study, we developed a benchmarking workflow to compare modeling strategies across
spatial resolutions, environmental predictor variables, and algorithms. We evaluated five
common modeling approaches—generalized linear models, generalized additive models,
random forest, boosted regression trees, and MaxEnt—and used a 15-year dataset of visual
surveys collected along standardized ferry-based transects across the Mediterranean Sea,
with environmental predictor variables averaged across yeats to capture recurrent sum-
mer conditions. Model outputs were assessed for their ability to predict habitat suitability
and space-use patterns in dynamic pelagic environments. At the same time, robustness
and spatial transferability were evaluated using an independent, basin-scale aerial survey
dataset. Our results revealed consistent patterns informing SDM selection for wide-ranging
pelagic species. In offshore Mediterranean pelagic systems, increased spatial resolution
improved the ecological interpretability of predicted habitat patterns, whereas an extended
set of dynamic oceanographic predictors enhanced the characterization of habitat associa-
tions. Independent validation was critical for selecting robust and transferable modeling
algorithms, with MaxEnt and generalized additive models providing the most reliable
performance for suitability and encounter rate (ER) modeling, respectively. Combining
presence-only and encounter rate models helped distinguish habitat suitability from obser-
vation intensity. Overall, this study developed an empirically tested workflow to support
robust, consistent, and policy-relevant SDM applications for mobile matine species in
offshore, data-limited systems. By clarifying trade-offs among modeling approaches, this
framework enhanced the application of SDMs to inform spatial planning, conservation
prioritization, and species distribution and habitat-use assessments within regional and
international conservation frameworks.

KEYWORDS
conservation, ferry-based surveys, habitat modeling, loggerhead turtle, marine megafauna, Mediterranean Sea,
spatial resolution, species distribution models

approaches, particularly generalized additive models (GAMs)
and generalized linear models (GLMs), have long dominated

Species distribution models (SDMs) are key tools for investi-
gating biodiversity patterns and informing spatial conservation
planning. By relating species occurrence data to environmental
conditions, these models provide spatial predictions of habitat
suitability and potential distribution. This information is partic-
ularly valuable for highly mobile marine taxa such as cetaceans,
sea turtles, and other pelagic megafauna that occupy vast and
dynamic environments for which long-term standardized data
are often scarce. For these groups, SDMs offer a practical
framework to identify the ecological drivers of distribution and
support management across broad spatial scales. For example,
SDM outputs have been used to delineate species’ potentia
ecological ranges and their temporal trends, identify areas of
importance, and develop spatial risk maps for major anthro-
pogenic pressures (Almpanidou et al., 2022; Arcangeli et al.,
2023, 2025). These outputs can also inform indicators and
assessments within policy frameworks such as the European
Union Habitats Directive.

Despite their wide application, SDMs remain sensitive to
key methodological choices, including input data type (e.g,
presence—pseudoabsence versus density/counts), spatial resolu-
tion, and algorithm selection, all of which can strongly influence
model outputs and their interpretability. Traditional statistical

SDM applications in marine contexts. However, recent lit-
erature highlights the growing potential of machine learning
techniques such as MaxEnt, random forest (RF), and boosted
regression trees (BRT) (Melo-Merino et al.,, 2020; Robinson
et al., 2017), which may offer greater flexibility in capturing
complex, nonlinear ecological relationships, especially in data-
limited or heterogeneous environments. Another critical yet
often overlooked aspect related to these approaches is extet-
nal validation using independent data collected under different
sampling designs and platforms. Such validation is essential for
assessing model robustness and spatial transferability (Valavi
et al., 2022) but remains underused in marine SDM studies.
These challenges are particularly pronounced in offshore
pelagic systems, where logistical constraints limit data availabil-
ity and habitat use is shaped by highly dynamic oceanographic
processes (Robinson et al., 2011). Although these regions are
ecologically important, they remain undersampled, and the
strong spatial and temporal variability in environmental condi-
tions further complicates modeling efforts. Although the main
components of SDM development, such as the choice of spatial
resolution, environmental predictors, and modeling algorithms,
are well established, their empirical consequences have rarely
been evaluated using long-term, standardized datasets system-
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atically in offshore environments, specifically those for highly
mobile marine taxa. As a result, the extent to which com-
mon modeling decisions affect their ecological interpretability,
spatial transferability, and conservation relevance in pelagic sys-
tems remains pootly understood, limiting the development of
consistent and transferable modeling approaches.

To address this gap, we conducted a systematic benchmark-
ing of SDM strategies by comparing two spatial resolutions
(5 vs. 10 km), two sets of environmental predictors (base
vs. extended), five model algorithms (GLM, GAM, BRT, RE,
and MaxEnt), and two types of response data (presence—
pseudoabsence and encounter rate [ER]). We used a 15-year
dataset of at-sea sightings collected along fixed ferry-based tran-
sects across the Mediterranean Sea (2008—2023), derived from
multispecies monitoring programs targeting cetaceans and sea
turtles. These standardized observations, compiled through the
Fixed Line Transect Mediterranean Network (FLT Med Net)
and LIFE Conceptu Maris (LIFE20 NAT /1T /001371) projects,
provide extensive spatial and temporal coverage, enabling
SDM benchmarking under basin-wide conditions. This dataset
has supported previous SDM applications for pelagic species
(Arcangeli et al., 2023, 2024; Grossi et al., 2025; Zampollo et al.,
2022), contributing to both methodological development and
ecological understanding, We focused on the summer season,
modeling recurrent seasonal conditions as a baseline frame-
work that could be extended to other periods. Model outputs
were then validated using independent basin-wide data from the
ACCOBAMS Survey Initiative (ASI; Panigada et al., 2024), pro-
viding a rigorous test of spatial transferability across platforms,
sampling designs, and spatial domains.

As a case study, we modeled the distribution of the logger-
head turtle (Caretta caretta), a wide-ranging and generalist species
protected under multiple international agreements. Its high
mobility and flexible behavior reflect key challenges associated
with modeling pelagic megafauna in offshore environments
(Wallace et al., 2011, 2025). Similar challenges apply to other
wide-ranging marine vertebrates, including cetaceans and large
pelagic fishes, making loggerhead turtles a suitable model sys-
tem for SDM benchmarking. At the same time, sea turtles
exhibit structured space-use patterns, including fidelity to for-
aging areas and consistent migration routes, which support the
identification of recurrent habitat associations despite large-
scale movements (Cerritelli et al.,, 2022; Perez et al., 2022;
Schofield et al., 2010). In the Mediterranean Sea, this wide-
ranging ecology also results in extensive overlap with human
activities, leading to high levels of exposure to anthropogenic
pressures, particularly fisheries bycatch, and reinforcing the con-
servation relevance of the species (Casale, 2011; Casale et al.,
2018, 2020).

This work complements previous modeling efforts focused
on low-density cetaceans with more selective habitat prefer-
ences (e.g., Ziphius cavirostris, Globicephala melas, and Grampus
griseus; Arcangeli et al., 2024) by extending the comparison
across modeling choices and taxa. Our approach also builds on
recent systematic reviews of SDM applications to cetaceans and
sea turtles, which highlight the diversity of modeling approaches
and the lack of clear, standardized guidance for their selec-

tion and evaluation in marine systems (Pasanisi et al., 2024).
Based on previous methodological studies, we expected that
key modeling decisions, particulatly spatial resolution, predictor
selection, and algorithm choice, would influence model per-
formance and predicted habitat suitability patterns. We further
hypothesized that different modeling strategies would vary in
robustness, leading to differences in performance when evalu-
ated against independent datasets. By explicitly benchmarking
common modeling decisions and combining internal and exter-
nal validation, this study aimed to provide empirical evidence
to support more consistent and conservation-oriented SDM
applications in data-limited pelagic environments.

MATERIALS AND METHODS

Data sources, model inputs, and independent
data

The occurrence data used as input for all model calibrations
were collected between 2008 and 2023 across a representative
portion of the Western Mediterranean Sea and the Adriatic
Sea. Visual surveys wete carried out onboard ferries operating
along 33 fixed transect routes within the FLT Med Net pro-
gram (2008-2021), the LIFE Conceptu Maris project (LIFE20
NAT/IT/001371, 2022-2026), and additional national and
international monitoring initiatives (see the ACKNOWLEDG-
MENTS). Surveys followed standardized visual monitoring
protocols for large marine fauna (Arcangeli et al.,, 2013, 2019,
2022, 20206). Observations were conducted under suitable wind
and sea-state conditions (Beaufort < 3), and records collected
under poor visibility were excluded to reduce detection bias.
All datasets were consolidated into a single, internally consistent
database during the LIFE project. For modeling purposes, only
summer observations (July—September) were retained, result-
ing in 2308 loggerhead turtle presence records used in the
subsequent workflow.

An independent dataset used for external model validation
was obtained from the ASI, a basin-wide aerial survey con-
ducted across the Mediterranean Sea in June—September 2018
to estimate the distribution and abundance of cetaceans and
other marine megafauna, including sea turtles (Panigada et al.,
2024). Due to logistical constraints inherent to aerial surveys,
sightings could not be reliably identified at the species level
and were therefore aggregated at the family level (Cheloniidae).
In the Western Mediterranean, the vast majority of Cheloni-
idae records are expected to correspond to loggerhead turtles,
whereas in the Adriatic Sea, this assumption holds with slightly
greater uncertainty; nonetheless, loggerhead turtles remained
the predominant species. Records located west of the Strait
of Gibraltar were excluded. To ensure temporal consistency
with the modeling dataset, the ASI data were filtered to retain
only Cheloniidae sightings recorded between July and Septem-
ber 2018, resulting in a final dataset of 2673 independent
records that were used for external model validation. The spatial
distribution of survey effort and sighting locations provided
an overview of the structure of the modeling input data and
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FIGURE 1 Summer loggerhead turtle sightings across the Mediterranean Sea. Gray lines show ferry-based survey effort along fixed transect routes
(2008-2023), and green points indicate related sightings (# = 2308); orange triangles represent sightings from the independent ASI aerial survey conducted in

July—September 2018 (z = 2673).

the spatial coverage of the datasets considered in this study,
including those used for external model validation (Figure 1).

Preparation of environmental predictor variables

Environmental predictor variables were selected based on eco-
logical relevance and spatial coverage across the study area and
screened to ensure that surveyed conditions were representa-
tive of the environmental domain across the Mediterranean Sea.
This screening step provided an additional verification beyond
the a priori FLT survey design, which selected routes to cap-
ture major environmental gradients both within routes and at
the basin scale.

Dynamic predictor variables were derived from Coperni-
cus marine reanalysis products (2008—2022) and included sea
surface temperature, salinity, chlorophyll a concentration, sea
surface height, mixed layer depth, and surface ocean currents.
From current velocity components, additional variables describ-
ing surface current magnitude and direction were derived,
whereas thermal gradients were calculated from sea surface tem-
perature by estimating x- and y-direction slopes and combining
them into a single gradient magnitude.

Static predictor variables included bathymetry and slope
(from GEBCO 2024), distance to coastline, and distances
to geomorphological features such as seamounts and sub-

marine canyons. Distances were calculated from European
Marine Observation and Data Network (EMODnet) geology
shapefiles, accounting for land barriers through least-cost path
analysis. All raster layers were resampled to 5 X 5 km and
10 X 10 km European standard grids (ETRS-89, EPSG:3035).
For dynamic predictors, monthly values were averaged over
the summer period (July—September) over the full study period
(2008-2022). Environmental predictor variables were thus
structured to represent typical seasonal environmental con-
ditions over the study period and to characterize recurring
seasonal habitat associations (full details on data soutces, native
resolution, and variable detivation are provided in Appendix
S1). Collinearity among predictor variables was assessed using
pairwise correlation (r > 0.7) and variance inflation factor
(VIF > 10) thresholds, above which variables were excluded.
No ecological predictor variables exceeded these thresholds.
Two environmental predictor vatiable sets were defined for
model comparison. The base set (10 variables) consisted of
chlorophyll a concentration, sea surface temperature, sea surface
salinity, distance to canyons, distance to seamounts, distance
to coastline, depth, latitude, longitude, and slope, represent-
ing the most commonly used predictors in marine SDMs. The
extended set (base + five variables) contained surface thermal
gradient, sea surface height, thermocline depth, and surface cur-
rent magnitude and direction, which captured additional aspects
of mesoscale oceanographic variability.
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Benchmarking SDMs

We structured the analysis into three sequential modeling steps:
spatial resolution, environmental predictor vatiables, and algo-
rithm comparisons, and each was informed by the outcome of
the previous one (Appendix S2).

First, to assess the influence of spatial resolution on SDM
performance, we fitted GAMs at two spatial resolutions: 5 and
10 km. Presence records (# = 2308) were aligned with each grid
and spatially aggregated (i.c., distilled to a single presence per
grid cell), yielding 719 unique presences at 5 km and 460 at
10 km, to ensure consistency with temporally aggregated envi-
ronmental predictor variables and prevent repeated sampling of
identical environmental conditions. Pseudoabsences were sam-
pled from surveyed grid cells with no sightings, ensuring that
only areas with survey effort were included. A balanced 1:1
presence—pseudoabsence design was adopted following Barbet-
Massin et al. (2012) to improve model stability and reduce
class imbalance. GAMs were fitted independently at each res-
olution using a binomial error distribution with a logit link
(0 = pseudoabsence; 1 = presence) and using the base set of
environmental predictors. The significance of smooth terms
was assessed using approximate chi-square tests, evaluating the
null hypothesis that each predictor does not contribute to
model fit, and reporting the associated p values. Model pet-
formance was evaluated using a two-stage internal validation
framework consisting of a 75% stratified training set with 10-
fold cross-validation and a withheld 25% test set. Performance
metrics included area under the receiver operating character-
istic curve (AUC; discrimination ability), accuracy (proportion
of correct classifications), sensitivity (true positive rate), speci-
ficity (true negative rate), precision (positive predictive value),
F1 score (harmonic mean of precision and sensitivity), and
the true skill statistic (TSS; sensitivity + specificity — 1, a
measute of overall classification skill). Based on the compar-
ative performance across these metrics, subsequent modeling
steps were conducted at the best-performing spatial resolution
(5 km).

Second, to evaluate the influence of predictor variable com-
plexity on SDM performance, models fit at the selected 5 km
resolution were run using the two environmental predictor sets
defined above (base and extended). Models followed the same
spatial aggregation, pseudoabsence generation, and internal val-
idation framework described above. This comparison allowed
the assessment of how increasing environmental complexity
affected model behavior while keeping spatial resolution and
modeling structure constant. Based on this comparison, the
extended predictor variable set was retained for subsequent
modeling steps. To account for the Monte Carlo variability
introduced by the 1:1 presence—pseudoabsence sampling, we
performed a sensitivity analysis by repeating the modeling pro-
cedure for the selected best-performing configuration (5 km
resolution with the extended predictor set) across 30 replicates
using independently generated pseudoabsence sets, while keep-
ing all other modeling parameters constant. This action was
completed in preparation for the next step because vatiability

in pseudoabsence sampling could influence model compatison
and ranking,

Third, we compared five model algorithms, GLM, GAM,
RE, BRT/GBM, and MaxEnt (classification only), across two
modeling tasks, presence—pseudoabsence classification and ER
regression. All models followed the internal 25:75 validation
framework described above.

The extended predictor variable set was initially used for all
algorithms. However, sensitivity tests indicated that including
geographic coordinates (latitude/longitude) in flexible machine
learning models (RE, BRT/GBM, and MaxEnt) generated spa-
tial artifacts in Mediterranean-wide projections (e.g, sharp
discontinuities and geographically constrained hotspots). This
result likely reflected uneven survey effort across the Mediter-
ranean, with sampling concentrated in the western and Adriatic
regions and limited coverage in the eastern basin. Because the
predictive performance on the withheld test set (measured by
AUC for classification and root mean square error [RMSE]
for regression) remained unchanged whether or not coordi-
nates were included, latitude and longitude were excluded from
final RF/BRT/MaxEnt projections to enhance transferability.
In contrast, these coordinates were retained in GLM/GAM
models.

For the classification models (MaxEnt, GLM, GAM, RF, and
BRT/GBM), spatial aggregation and pseudoabsence generation
followed the framework described at the first step. MaxEnt did
not use pseudoabsences; instead, all surveyed grid cells (survey
effort > 0) were used as background points sampled from the
effort-based bias layer, ensuring a common sampling domain
across algorithms. GLM and GAM were fit using standard
implementations, whereas R and BRT/GBM hyperparameters
(e.g., mtry/maxnodes for RF and n.trees, interaction depth and
learning rate for BRT) were tuned via grid search within cross-
validation (Appendix S3). These parameters regulate model
complexity and regularization by controlling tree number/depth
and the rate and stochasticity of learning (i.e., the number of
predictors sampled at each split, tree growth constraints, and
subsampling/learning rate).

For the regression models (GLM, GAM, RF, and BRT), ER
analyses were restricted to post-2013 data, when survey pro-
tocols were revised to ensure more consistent recording of
observation effort, allowing reliable effort-standardized esti-
mates. The 5 X 5 km grid cell represented the modeling unit,
and ER was calculated as sightings per kilometer of survey
effort. Only cells with >10 km of effort were retained, which
was supported by an exploratory assessment showing stabiliza-
tion of ER variance beyond this value (Appendix S4). Given
strong zero inflation (~80% zero ER), GLM and GAM were
fitted using a Tweedie distribution (variance power p & 1.48,
log link). For the GLM and GAM calculations across all
steps, model assumptions and fit were evaluated using stan-
dard diagnostic checks (including residual diagnostics and GAM
smooth-term diagnostics). RF and BRT (XGBoost) were tuned
via grid search, selecting configurations that minimized the
RMSE (Appendix S5). Model performance was additionally
summarized using mean absolute error (MAE) and R.
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We used the selected environmental predictor set to project
the final models (classification and tregression) across the
Mediterranean Sea. To prevent unrealistic extrapolation in
Tweedie-based ER models, spatial projections and associated
uncertainty layers were clipped to the observed training range
(maximum = 0.2 sightings/km).

External validation was conducted using an independent
dataset not involved in model calibration and derived from the
ASI aerial surveys (see the “Data sources, model inputs, and
independent data” section), which differed from ferry-based
observations in terms of platform, sampling design, and spatial
coverage and provided an explicit test of spatial transferabil-
ity (i.e., the ability of models trained on one survey domain to
produce reliable predictions when applied to a different spatial
domain and sampling context). Predicted values were extracted
at ASI sighting locations, and pseudoabsences were randomly
sampled across the validation domain (entire Mediterranean
basin) using a 1:1 ratio, excluding presence and missing predic-
tion values. Multiple ASI sightings within the same 5 X 5 km
cell were collapsed to a single presence for classification mod-
els; for ER models, duplicates were retained to reflect local
encounter intensity. To enable validation against presence-only
independent data and ensure comparability across modeling
approaches, continuous model predictions were converted into
binary presence—absence outputs using predefined thresholds.
For classification models, thresholds were selected by maximiz-
ing the TSS for all algorithms except MaxEnt, which used the
equal training sensitivity and specificity criterion, identified by
Arcangeli et al. (2023) as a conservative and ecologically realistic
threshold. For regression models, we used the first quartile (25th
percentile) of nonzero ER wvalues to convert the continuous
ER predictions into binary presence—absence, thereby exclud-
ing very low ERs and identifying areas of consistent use. Model
performance on the independent dataset was evaluated using
the same discrimination metrics applied to the binary models
and described in the first step. This approach allowed for a
direct comparison between the internal model fit and external
predictive performance. To account for the Monte Carlo vari-
ability introduced by the 1:1 presence—pseudoabsence sampling,
the external validation process was repeated across 30 replicates
for all classification models. Each replicate used a separately
generated pseudoabsence dataset.

Actross all modeling steps, model performance was evaluated
using complementary diagnostic critetia, including indicators
of overfitting, generalization, and transferability, in addition
to the algorithm-specific tuning and regularization proce-
dures described above. These additional diagnostics included
unrealistically high internal performance (e.g, AUC = 1),
internal performance gaps between training and withheld
test data (AAUC;,, = AUC,, — AUC,, for classification;
AR = R i, — R, for regression), and screening of spatial
projections to detect artifacts consistent with spatial overfit-
ting (e.g., shatp discontinuities and geographically constrained
hotspots). In addition, external transferability was evaluated
(classification only) by comparing test set and independent
validation performance (AAUC,,, = AUC — AUC,y).

ext

Software and packages

All analyses were conducted in R v4.2.0. The following R pack-
ages were used throughout the modeling workflow: sf, sp, terra,
and raster (spatial data preprocessing, extraction, and map-
ping); usdm (collinearity diagnostics using vifcor() and vstep());
caret (model training, cross-validation, and hyperparameter tun-
ing); stats (GLMs and prediction functions); mgev (GAMs
and diagnostic checks using gam.check()); randomForest (RF
classification models); ranger (RF tregression models); gbm
(BRT/GBM classification models); xgboost (gradient boosting
models implemented via caret xgbTree); dismo with Max-
Ent v3.4x (Java implementation; MaxEnt); and DHARMa
(simulation-based residual diagnostics).

RESULTS

Effects of spatial resolution and predictor
variable sets on presence—pseudoabsence GAM
performance

Model performance was moderately higher and more consistent
at the 5 km resolution than at the 10 km resolution (Table 1;
Appendix S5). At 5 km, the GAM achieved similar discrimi-
nation between training and test datasets (AUC = 0.78-0.79)
and explained up to ~26% of deviance, whereas models fit at
10 km showed slightly lower discrimination and explanatory
power (AUC = 0.71-0.77; deviance explained ~22%).

Predicted habitat suitability patterns were broadly consistent
across spatial resolutions, with both configurations identify-
ing similar core areas of high occurrence probability. However,
models at the 5 km resolution captured finer spatial structures,
including coastal features and localized hotspots, whereas pat-
terns at the 10 km resolution were smoother and less spatially
detailed (Appendix S6). Predictor responses were also more dif-
ferentiated at 5 km than at 10 km (Appendix S7). Based on
these results, the 5 km resolution was retained for subsequent
analyses.

At 5 km, expanding the predictor set from the base to the
extended configuration resulted in limited changes in model
performance (Table 1). The deviance explained increased from
26.1% to 28.1%, whereas AUC values remained comparable
between configurations. Despite similar performance metrics,
predicted spatial patterns differed between models (Appendix
S6b,c). The extended model produced more continuous and
spatially structured suitability patterns, particularly in offshore
regions and along major circulation features, whereas the base
model showed more fragmented patterns.

The contribution of predictor variables to model fit, assessed
using chi-square tests against the null hypothesis of no effect,
differed between configurations (Figure 2; Appendix S7). Sea
surface salinity and distance to coastline remained important
predictors in both models. In the extended model, additional
dynamic variables, including sea surface height, thermal gra-
dients, mixed-layer properties, and surface currents, showed
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TABLE 1

ConserstionBilogy

Comparison among generalized additive models (GAMs) tested at 5 and 10 km spatial resolutions with the base and extended predictor set.

Modeling component Model/algorithm

Internal performance

PA models® GAM—10 km (base)
PA models GAM—S5 km (base)
PA models GAM—S5 km (extended)

AUC i, = 0.71; AUC o, = 0.77; deviexp = 22%
AUC i = 0.77; AUC, o, = 0.79; deviexp = 26%
AUC 40 = 0.77; AUC o, = 0.78; deviexp = 28%

*Presence—pseudoabsence (PA) models were evaluated using the area under the curve for training data (AUC,;,) and test data (AUC,,) and deviance explained (dev.expl.).

Model . Extended Base
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p=0.017

depth -0 936

thetao 1 =10.556

p<0.001
p<0.001

p<0.001
p<0.001

p<0.001
p<0.001

p<0.001

p<0.001

p<0.001

p<0.001

p<0.001

p<0.001

p<0.001
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FIGURE 2

o

2
Chi-Square

60

Contribution of each predictor to model fit in summer for loggerhead turtles in the Mediterranean Sea, compating the base and extended GAMs.

Bars represent approximate chi-squate statistics for smooth terms. Exact p values from tests of each smooth term are reported to the right of the bars. so, salinity;

z0s, sea surface height; deltaT, surface thermal gradient; chl, chlorophyll a concentration; mlotst, mixed layer depth; magnitude, surface current magnitude; thetao,

sea surface temperature; direction, current direction (north-referenced).

considerable contributions. In contrast, several bathymetric
variables (e.g., depth and distance to canyons) and sea surface
temperature did not show a significant effect. The relative con-
tribution of spatial coordinates also decreased compared with
that in the base model.

Response curves from the extended model indicated that
habitat suitability was associated with restricted ranges of
environmental conditions (Appendix S8), consistent with dif-

ferences between presence and available conditions (Appendix
S9). Suitability peaked at intermediate salinity values (approx-
imately 37.2-37.8 PSU) and moderate levels of productivity
and mesoscale activity. Effects of dynamic predictor variables
were concentrated within narrow ranges, including sea sur-
face height (approximately —0.42 to —0.33 m), chlorophyll a
(%0.12 mg/m?), thermal gradients (%0.0045°C), and current
magnitude (*0.4-0.6 m/s). Sea sutface temperature did not
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TABLE 2  Comparison of internal and external species distribution model (SDM) performance for presence—pseudoabsence (PA) and encounter rate (ER)

models fit with the extended predictor set.

Modeling

component Model/algorithm Internal performance® External validation”

PA models GAM—5 km (extended) AUC,pin = 0.77; AUC,, = 0.78; AAUC;,,, = -0.01 AUC; = 0.67; AAUC,, = 0.11
PA models GILM—5 km (extended) AUC, 0 = 0.67; AUC,, = 0.68; AAUC,,,, = 0.01 AUC;q = 0.57; AAUC,,, = 0.11
PA models RF—5 km (extended) AUCgin = 0.77; AUC o = 0.78; AAUG;,,, = 0.01 AUCjnq = 0.51; AAUC,, = 0.27
PA models BRT- 5 km (extended) AUCgin = 0.76; AUC, i = 0.77; AAUC;,,, = 0.01 AUC;pg = 0.54; AAUC,,, = 0.23
PA models MaxEnt—5 km (extended) AUC i = 0.75; AUC i, = 0.72; AAUC;, = 0.03 AUC;q = 0.71; AAUC,, = 0.01
ER models GLM- 5 km (extended) R0 = 0.15; B2 = 0.23; AR* = -0.08 AUC;,q = 0.62

ER models RF—S5 km (extended) R = 0.33; B2 = 0.44; AR? = -0.11 AUC;,q = 0.61

ER models BRT—S5 km (extended) R0 = 0.29; B2 = 0.37; AR? = -0.008 AUC;,q = 0.60

ER models GAM—S5 km (extended) R in = 0.25; R, = 0.38; AR> = -0.13 AUCjq = 0.74

*Model performance was evaluated using the area under the curve for the training data (AUC,,,;,) and test data (AUC,,) and for the independent dataset based on independent ACCOBAMS

Survey Initiative (ASI) aerial survey validation (AUC,,4), and overfitting was assessed using AAUC;, (AUC,;, — AUC ).

P Transferability was quantified using AAUC,, (AUC

“test

— AUCiyq)-

retain an independent effect in the extended model (edf & 0;

p=0.55).

Algorithm performance for
presence—pseudoabsence and ER models

Algorithm performance varied significantly between internal
validation and testing on the independent ASI dataset, leading
to a notable shift in algorithm ranking.

For presence—pseudoabsence models, RF, BRT, and GAM
achieved similarly high discrimination during internal validation,
but their performances decreased when applied to indepen-
dent aerial survey data (Table 2; Appendix S10). In contrast,
MaxEnt demonstrated the best performance under external val-
idation (AUC = 0.71), even though it had slightly lower internal
discrimination.

For the ER models, GAMs showed consistent performance
between internal and external validation and explained up to
41% of deviance. Although RF and BRT achieved higher
goodness-of-fit values during model training, their performance
decreased with independent data (Table 2; Appendix S11).
GAMs yielded the highest external discrimination (AUC = 0.74;
Table 2). GLMs consistently showed weaker performance
across both modeling frameworks.

A sensitivity analysis of model performance to pseu-
doabsence sampling revealed moderate variability in internal
testing performance (AUC SD = 0.025), whereas variability
in independent validation was low across all models (AUC
SD = 0.006-0.012), with model ranking remaining consistent
across replicates. This result indicated that stochastic vatiation
in pseudoabsence selection had a limited influence on model
comparison.

Models were calibrated and evaluated at the basin scale
(Figure 3a,b). Spatial uncertainty associated with model predic-
tions highlighted areas of greater variability and reduced model
confidence (Figure 3). Standard diagnostic checks for GLM

and GAM models were also conducted (Appendix S12, with
representative diagnostic plots shown in Appendix S13).

DISCUSSION
SDM performance and transferability

Our results provided empirical evidence on how spatial resolu-
tion, environmental predictor variable selection, and algorithm
choice jointly shaped model performance for offshore pelagic
systems and on where data limitations and environmental vari-
ability pose additional challenges. Using a standardized 15-year
dataset from ferry-based surveys across the Mediterranean
Sea, we evaluated how common SDM choices affected both
predictive performance and ecological interpretability.

Taken together, our findings showed that in offshore
Mediterranean pelagic systems, increased spatial resolution
improved ecological interpretability even when gains in dis-
crimination were modest; dynamic oceanographic predictor
variables were essential for capturing habitat variability; inde-
pendent validation was critical for identifying robust and trans-
ferable modeling algorithms; and combining presence-only and
ER models helped distinguish general habitat suitability from
observation intensity, providing complementaty information on
use patterns.

Spatial resolution emerged as a key determinant of SDM
outcomes, influencing both the spatial structure and ecological
interpretability of model predictions. Although the 5 X 5 km
and 10 X 10 km models performed similarly for standard
accuracy metrics, the smaller grid yielded more spatially cohet-
ent and ecologically interpretable predictions, especially along
bathymetric and coastal gradients. This pattern is consistent
with previous evidence showing that resolution choice in
presence-only and presence—pseudoabsence models can influ-
ence habitat inference and downstream conservation decisions,
even when overall model accuracy appears stable (Elith &
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FIGURE 3  Summer predictions of loggerhead turtle (a) habitat suitability (MaxEnt) and (b) encounter rate (GAM) in the Mediterranean Sea, showing mean
predictions and associated uncertainty. Predictions are displayed in full color only where survey effort was available; black triangles indicate independent ASI
sightings (2018). Contour lines indicate the binary thresholds used for external validation (MaxEnt: 0.30, equal training sensitivity and specificity; GAM ER: 0.01

sightings /km).

Leathwick, 2009). By retaining environmental heterogeneity and
better matching the native resolution of oceanographic predic-
tor variables, the 5 km resolution enhanced the representation
of mesoscale features (e.g., fronts, eddies, and topographic
discontinuities) known to structure marine megafauna dis-
tributions (Hays et al,, 2003; Schofield et al, 2013). This
pattern was further reinforced by the effort-informed pseu-
doabsence strategy, which constrained background sampling to
surveyed grid cells, thus maintaining ecological interpretability.
Although pseudoabsences were subsampled to maintain a 1:1
ratio with presences, smaller grid cells increased the pool of
candidate pseudoabsence locations. Although even finer spa-
tial resolutions may capture additional small-scale processes,
a 5 km grid represents a practical compromise among eco-
logical interpretability, predictor resolution, and sample size
constraints in offshore systems. From a conservation perspec-
tive, resolution-driven differences in predicted habitat patterns
are consequential: coarser models may smooth over localized
hotspots, whereas finer predictions better match the spatial
scales at which measures such as marine protected areas and

spatial mitigation actions are implemented. This scenario rein-
forces the view that SDM selection should not only rely on
statistical performance metrics but also consider ecological
validity and conservation relevance (Guisan & Thuiller, 2005).
For marine megafauna, spatial resolution should therefore be
treated as a strategic modeling choice rather than a purely
technical one (Fossette et al., 2014).

Beyond spatial resolution, predictor variable selection
strongly influenced model interpretability and ecological rele-
vance. Although simpler models are often favored in conserva-
tion applications because of their transparency and lower risk
of overfitting (Burnham & Anderson, 2002; Zuur et al., 2009),
they may overlook key drivers in systems governed by multi-
scale and nonlinear processes (Elith & Leathwick, 2009; Merow
et al., 2014). In our case, restricting models to a limited set
of static and dynamic variables risked underrepresenting eco-
logical mechanisms in dynamic offshore environments, where
mesoscale variability plays a central role. Incorporating ecologi-
cally justified, more complex oceanographic predictors allowed
transient habitat features relevant to foraging and movement
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to be represented explicitly, rather than inferred indirectly from
spatial proxies. Variables reflecting hydrographic structure, pro-
ductivity, and mesoscale circulation (e.g,, salinity, chlorophyll a,
sea surface height, mixed layer depth, current intensity, and ther-
mal gradients) emerged as informative predictors, consistent
with evidence that marine megafauna aggregate along frontal
systems and retention zones (Luschi et al., 2013; Polovina et al.,
2000; Revelles et al., 2007; Scales et al., 2017). As dynamic pre-
dictor variables were included, the explanatory role of spatial
coordinates declined, suggesting that environmental hetero-
geneity was captured directly rather than through geographic
surrogates. Static features such as distance to coast, canyons, and
seamounts nevertheless remained influential, reflecting their
indirect role in structuring prey aggregation and foraging oppot-
tunities (Hays et al., 2014; Revelles et al., 2007; Schofield et al.,
2006). The feasibility of fitting an extended predictor vari-
able was enabled by the size, spatial coverage, and temporal
consistency of our dataset, allowing moderately complex and
ecologically informed models to be calibrated without compro-
mising stability. In data-poor systems, simpler calculations may
remain more appropriate (Wenger & Olden, 2012; Yates et al,,
2018). Overall, these results suggested that when collinearity
and overfitting are adequately controlled (De Marco & Nobrega,
2018; Dormann et al., 2013) and supported by independent
validation, combining static and dynamic predictors can yield
SDMs that are both ecologically realistic and operationally
relevant for conservation planning.

In addition to spatial resolution and predictor variable selec-
tion, algorithm choice emerged as a key determinant of SDM
robustness and transferability when performance was assessed
using independent data. Although all tested algorithms achieved
acceptable internal performance, clear differences emerged
under external validation, highlighting the limitations of relying
solely on internal validation procedutes, such as cross-validation
or bootstrapping, to assess generalization (Aratjo & Guisan,
2006; Robinson et al., 2017). Under independent evaluation,
MaxEnt and GAMs emerged as the most robust options for
presence—pseudoabsence and ER modeling, respectively. The
strong performance of MaxEnt likely reflects its flexible regulat-
ization framework and its implementation with an effort-based
bias layer for background-point selection, which helped account
for uneven sampling effort in a spatially heterogeneous sur-
vey domain, a key advantage in marine systems characterized
by uneven survey coverage (Elith et al., 2011; Fourcade et al.,
2014; Merow et al., 2013; Phillips et al., 2000). For ER mod-
els, GAM fit to effort-standardized data provided a favorable
balance between flexibility and parsimony, capturing nonlin-
ear ecological responses while limiting overfitting through
penalized smoothers (Pedersen et al., 2019; Wood, 2017).
Explained deviance values for the binary GAMs were moderate,
whereas the Tweedie GAM achieved higher explanatory power
(~40%), reflecting the different response structures and model-
ing objectives. In contrast, tree-based methods showed reduced
transferability despite high internal performance, consistent
with evidence that complex algorithms may overfit spatial struc-
ture rather than capture generalizable ecological relationships,
particularly for species with diffuse habitat associations (Bahn

& McGill, 2013). We found that including latitude and lon-
gitude in flexible ML algorithms increased the risk of spatial
artifacts and reduced interpretability, likely due to geographi-
cally clustered sampling effort. Excluding coordinates improved
the interpretability of basin-wide projections without affect-
ing internal predictive performance, consistent with concerns
about geolocation predictors in spatial ML applications (Meyer
et al,, 2019). The GLMs underperformed across both modeling
tasks, reflecting their limited ability to represent nonlinear and
scale-dependent ecological processes (Austin, 2002).
Importantly, algorithm performance remained context
dependent. The relative success of MaxEnt and GAMs in this
study likely reflected favorable conditions, including extensive
spatial coverage, consistent long-term sampling, and a pre-
dictor set with low collinearity and high ecological relevance.
Under different data constraints, ecological contexts, or sam-
pling designs, algorithm rankings may have differed (Aratgjo &
Guisan, 2006; Robinson et al., 2017). However, the discrepancy
between internal and external validation highlighted the need
for independent validation for evaluating SDM transferability, a
practice that is still not widely adopted in marine SDM appli-
cations (Arcangeli et al., 2024; Pasanisi et al., 2024; Robinson
et al., 2017). Together, these results provided a framework for
interpreting the ecological patterns identified below.

Ecological findings

Our predictions described offshore pelagic habitat use and were
primarily based on observations of late juvenile and subadult
loggerhead turtles, which accounted for most records in the
ferry-based survey dataset. These life stages are characterized by
high mobility and ecological flexibility, and they typically occupy
offshore foraging and migratory habitats (Casale et al., 2008;
Chimienti et al., 2020; Hochscheid et al., 2010, 2019). Coastal
and nearshore environments were not represented because
they are governed by different environmental dynamics and
life-stage-specific behaviors.

Within this context, the consistent identification of off-
shore areas of high suitability or recurrent use across modeling
approaches, together with their confirmation through indepen-
dent validation, supported their interpretation as functionally
important habitats during the summer season. Several offshore
regions, including the southern Tyrrhenian Sea, the Sardinian—
Sicilian channels, the Adriatic Sea, and the Algerian Basin, were
consistently highlighted across modeling approaches, and these
results are consistent with those in previous studies (Alm-
panidou et al., 2022; Arcangeli et al.,, 2019; Chimienti et al.,
2020; D1 Matteo et al., 2022; Luschi et al., 2018; Mingozzi et al.,
2016; Zampollo et al., 2022; Zbinden et al., 2008). These areas
are associated with hydrographic configurations combining pro-
ductivity, salinity, and mesoscale circulation features (e.g;, sea
sutface height anomalies and intermediate current intensity),
conditions that promote prey aggregation and retention. This
interpretation is consistent with satellite tracking studies report-
ing increased loggerhead turtle foraging activity along eddies,
frontal systems, and retention zones (Revelles et al., 2007).
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In this context, the Algerian Basin cautiously emerged as a
relevant summer turtle habitat despite the absence of direct
survey coverage because this pattern was supported by inde-
pendent validation and is consistent with previous evidence
highlighting the importance of this area for loggerhead tur-
tles (Cardona et al., 2024; Revelles et al., 2007). This finding
highlights the value of integrating model predictions with inde-
pendent validation to identify offshore areas of ecological
importance, although future studies, including through direct
survey efforts, should assess whether the relevance of this area
is associated with particular life stages and remains stable across
seasons.

Although ER models did not explicitly account for detectabil-
ity bias, the use of standardized surveys along fixed routes
reduced variability in observation conditions, allowing relative
ERs to serve as a complementary proxy for space-use inten-
sity. Interpreting suitability and ER models together therefore
provided a more nuanced view of offshore habitat use, dis-
tinguishing areas of concentrated use from regions with more
diffuse utilization (e.g., the Liguro—Provengal Basin).

Overall, the consistency between spatial patterns and under-
lying hydrographic drivers supported the interpretation that
offshore habitat use is primarily driven by dynamic oceano-
graphic processes rather than static geographic features. This
finding is consistent with the role of mesoscale circulation
features in structuring feeding opportunities and habitat selec-
tion in immature loggerhead turtles (Revelles et al., 2007), as
well as with ecological evidence identifying adult oceanic for-
aging grounds in the western Mediterranean (Cardona et al.,
2024). More broadly, the recurrence of these dynamic offshore
areas suggests that they may represent functionally important
regions for other large marine vertebrates. Although species-
specific responses may differ, such areas likely support habitat
use across multiple taxa, highlighting their relevance for inte-
grated, multispecies conservation planning in dynamic marine
environments.

Conservation implications

Building on modeling comparisons and ecological patterns, this
study illustrated how a structured and context-aware modeling
wotkflow, based on standardized and effort-corrected offshore
surveys, can be used to generate robust and operationally rel-
evant SDMs in dynamic pelagic systems, where probabilistic
sampling is rarely feasible and data limitations are com-
mon. By explicitly integrating survey effort, spatial resolution,
and ecologically meaningful predictors, this framework pro-
duced spatially explicit outputs that can support conservation
decision-making beyond coastal waters. Importantly, the spa-
tial patterns identified by this framework are broadly consistent
with existing and emerging spatial protection and manage-
ment initiatives in the Mediterranean, suggesting that model
outputs can complement and refine ongoing conservation plan-
ning efforts rather than propose entirely new priorities. Model
outputs can be used to delineate ecological ranges, inform indi-
cators of distributional change, and contribute to basin-scale

assessments of exposure to key anthropogenic pressures (e.g,,
marine traffic, bycatch, underwater noise, and climate-driven
habitat shifts; Almpanidou et al., 2022; Chatzimentor et al.,
2024; Mancino et al., 2022; Martino et al., 2021; Pace et al,,
2022; Pasanisi et al., 2022; Stock et al., 2020) within exist-
ing Mediterranean conservation and monitoring frameworks
(e.g, European Union Habitats Directive, Marine Strategy
Framework Directive, and United Nations Environment Pro-
gramme,/Mediterranean Action Plan Integrated Monitoring and
Assessment Programme).

Beyond the specific case of loggerhead turtles, the modeling
framework developed here is transferable to other wide-ranging
marine taxa and regions where comparable monitoring pro-
grams are in place. Observation schemes based on regular
ferry or cargo routes can generate the consistent large-scale
datasets required to apply this approach across ocean basins,
as demonstrated by existing initiatives operating under analo-
gous principles (e.g.,, ORCA in the North Atlantic and CETUS
in Macaronesia; Campana & Vighi, 2021; Correia et al.,, 2015;
ORCA, 2025). This scenario highlights the potential to apply
the study framework more broadly to support cross-regional
assessments of mobile marine species.
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