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ABSTRACT

Modeling a species’ ecology and abundance provides important insights into its habitat preferences, population trends, and distri-
bution. Here, we studied how environmental factors relate to common dolphin (Delphinus delphis) density in waters off mainland
Portugal. We analyzed an opportunistic dataset collected using European Seabirds at Sea (ESAS) methodology within a distance
sampling framework, spanning from 2004 to 2020. We fitted habitat-based Density Surface Models (DSMs) relating common dol-
phin counts, corrected for detectability, to environmental factors. We found significant effects of distance to the coast—varying
seasonally—and a selection of dynamic covariates on dolphin density. We then predicted and mapped common dolphin density
throughout the sampling period. Predictions were restricted to coastal regions in spring and winter, due to a lack of offshore ef-
fort. Coastal abundance was highest during the summer. When accounting for the entire EEZ, estimated abundance was greatest
during autumn, although with considerably large uncertainty measures. Distribution along the coast was patchy across all sea-
sons. Offshore densities were higher in the autumn than in the summer. These results highlight the spatiotemporal distribution
and abundance fluctuations of common dolphins, demonstrating how, when treated carefully, opportunistic data can fill in the
blanks on species ecology and abundance.

1 | Introduction

Estimating species distributions, abundance, and associated
trends are fundamental for population conservation and man-
agement. Despite this, there are still great gaps in our knowl-
edge of cetacean densities, with large areas of the oceans still
not surveyed or with insufficient effort to allow for trend anal-
ysis (Kaschner et al. 2012). Distance sampling is a widely used
methodology to achieve unbiased abundance and density esti-
mates. By recording the distance an object is from a trackline,
one can fit a model of the detection probability conditional to

the distance, that is, a detection function, allowing to correct
the number of animals sighted for their detectability (Buckland
et al. 2001). The detection function can be further improved
by accounting for covariates besides distance that also impact
detectability (Marques et al. 2007). Line transect sampling is
the primary approach used for estimating cetacean abundance
(Hammond, Francis, et al. 2021). Conventional methods are
usually design based, but transects can be split into segments,
and counts per segment, corrected for detectability, can then be
modeled to produce model-based abundance estimates condi-
tional to environmental variables (Miller et al. 2013). The model
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results can then be projected in space, creating spatially explicit
density estimates that reflect the animal's distribution (Miller
et al. 2013; Roberts et al. 2016). These models are referred to as
Density Surface Models (DSMs). DSMs can be fitted in either
a one- or two stage-approaches. In the former the parameters
of the detection function and the spatial/environmental model
are estimated at the same time, while in the latter the detection
function and the spatial/environmental model are fitted sepa-
rately (Miller et al. 2013).

As of 2012, about 25% of the global ocean surface had been cov-
ered by line transect surveys dedicated to studying cetacean
abundance (Kaschner et al. 2012). Since then, sampling effort
has increased worldwide (e.g., Bedrifiana-Romano et al. 2022;
Carretta et al. 2024), however, there are still large areas of the
ocean that have not been properly surveyed. Systematic efforts
like the North Atlantic Sighting Survey (NASS) and the Small
Cetaceans in European Atlantic waters and the North Sea
(SCANS) surveys have brought insight into the summer abun-
dance and distribution of cetacean species in the eastern and
central north Atlantic (Gilles et al. 2023; Pike et al. 2019) but re-
main rare. Despite large, dedicated surveys not occurring yearly,
and uneven spatial coverage throughout the years, sampling ef-
fort in European Atlantic waters has been extensive enough to
allow for some trend analysis. Yet, there has been notably less
effort in the western and southern waters of continental Europe.
In mainland Portugal, sampling effort has been restricted to
coastal areas until only the last SCANS-IV survey, where it
was expanded offshore (Gilles et al. 2023; Hammond, Lacey,
etal. 2021; Vingada and Eira 2018). Additionally, sampling effort
is typically restricted to, or heavily concentrated in, the summer
months. Therefore, we have an incomplete understanding of
the seasonal and interannual variation of cetaceans’ abundance
and distribution in the region, especially in offshore waters.
Portuguese waters are included in the Canary/Iberian Eastern
Boundary Upwelling System (Bakun et al. 2015), among the
most productive marine ecosystems in the world. This makes
the area suitable for the occurrence of marine megafauna (Couto
et al. 2017, 2018; Martins et al. 2025). This region is of particu-
lar interest to study cetaceans, having 30 confirmed species re-
corded, through sightings and strandings (Mathias et al. 2024;
Morais et al. 2021; Moura et al. 2017; Sabino-Marques 2005;
Vingada and Eira 2018).

Despite lower survey effort, when compared with other
European waters, it is clear that the common dolphin (Delphinus
delphis) is the most abundant cetacean in Portugal, with the most
recent abundance estimate at 76,615 individuals over an area of
210,991 km? (Gilles et al. 2023). This corresponds to an average
density of 0.36 individuals/km? in Portuguese waters. However,
this estimate is for only about 68% of the total Portuguese
Exclusive Economic Zone (EEZ)—here defined as the sum of the
area of the EEZ itself, territorial sea and inland maritime waters
(DGRM 2018). This globally distributed species has a patchy dis-
tribution along Portuguese coastal waters, its occurrence being
largely related to high primary production (Moura et al. 2012).
In fact, its occurrence has been associated with upwelling mod-
ified habitats (Au and Perryman 1985), which create suitable
conditions for the small pelagic fishes the dolphin targets, like
the sardine (Sardina pilchardus)-the most important prey item
on the common dolphin's diet in mainland Portugal (Margalo

et al. 2018). The common dolphin tends to prefer coastal areas,
although its presence is also detected at lower density in offshore
environments (Gilles et al. 2023). Despite occurring in both trop-
ical and temperate waters, the common dolphin’s habitat suit-
ability has been related to relatively low (<20°C) sea surface
temperature (SST) in the Eastern North Atlantic (Fernandez
et al. 2021). With climate change, it is expected that the ranges
of the common dolphin and its preferred prey will expand to-
wards higher latitudes (Lima et al. 2022; MacLeod 2009; Sousa
et al. 2023).

In this study, we model 16years of common dolphin densities,
through habitat-based DSMs, from an opportunistic line tran-
sect dataset that spans over the entire Portuguese EEZ. We also
discuss potential climate change and overfishing impacts on the
common dolphin’s density.

2 | Methods
2.1 | Data Collection

Cetacean occurrence data and corresponding sampling ef-
fort were provided by the Portuguese Society for the Study of
Birds. Data collection occurred between December 2004 and
December 2020 by experienced observers onboard several types
of vessels (e.g., research vessels of the Portuguese Institute for
Sea and Atmosphere—IPMA—used opportunistically, di-
rect surveys using small-medium size motor vessels or sailing
boats, etc.) using the European Seabird at Sea Methodology
(ESAS) (Tasker et al. 1984). IPMA survey vessel lengths were
46-70m where the observation platform was located at 5-15m
above sea level. Small/medium vessels were 12-15m long with
the observer platform ranging from 2 to 5m above sea level.
IPMA surveys were designed to run annual stock assessments
of small pelagic fishes in Portuguese waters. Location, time of
year, length, and design of those surveys were then selected to
fulfill that goal. Those surveys were opportunistically used to
collect data on megafauna, including cetaceans, seabirds, and
marine turtles. Surveys took place roughly every year (during
Spring and Autumn) along the time series. In addition, several
campaigns were run in specific years and periods of the year to
fill the temporal and spatial gaps derived from the IPMA sur-
veys. Those campaigns allowed a better balance on temporal
and spatial coverage and were designed to primarily collect
data on megafauna.

The vessels followed a line transect protocol. All observers
were previously trained in cetacean identification and on the
ESAS methodology. Observers were placed mostly at the bow
of the vessel searching forward (i.e., in the direction of the
vessel movement) and on one side of the vessel. The set-up for
data collection is a 90 degrees angle of view to be selected from
bow to beam, based on the side of the vessel that affords the
best combined viewing conditions. Observers calibrate their
distance estimates several times during the daily surveying
period using a range stick, made specifically for each observer
and observation platform. The 300 m limit was assessed in the
field using a range finder. Observers empirically assigned the
radial distance estimate to an appropriate distance band in the
field. Distance to the line was recorded in intervals, during
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data collection, into five categories: (i) 0-50 m; (ii) 50-100 m;
(iii) 100-200m; (iv) 200-300m and (v)>300m. Cetaceans
were recorded on one side of the boat and sightings were in-
cluded for analysis only when the perpendicular distance
to the transect line was less than 300 m. All detected mam-
mals were identified to the smallest possible taxonomic unit,
counted, and their behavior recorded.

The sampled area was surveyed by a team of two, with one
surveyor observing and verbally relaying data to a second
who recorded the information onto survey forms or on a tablet
(Samsung Galaxy Tab A 8.0, 8”, 2GB ROM) with an electronic
App (CyberTracker), in addition to providing supplementary
observations. In circumstances where it was only possible to
use one observer, the observer was sufficiently experienced and
aware of the need to take regular breaks so that data quality was
not compromised by fatigue. For surveys comprising more than
8 h of continuous observation effort per day, a second team of
two observers were used to allow rotation of observation teams

to prevent fatigue. Handheld GPS units or the electronic App
were used to record tracks while surveys have been carried
out. Survey effort was suspended when sea conditions were too
rough, that is, winds stronger than Beaufort scale 5 (>39km/h).

2.2 | Environmental Variables

A set of 10 environmental variables was used for modeling and
predicting common dolphin density (Table 1). Five static vari-
ables were considered (seafloor depth, seafloor slope and dis-
tances to the coast, to the 200m and 1000m isobathymetric
lines). These variables were derived from an esriAscii file con-
taining a digital terrain model (DTM) for bathymetry (seafloor
depth at a given location), downloaded from the GEBCO initia-
tive on 30/09/2024 (GEBCO 2025). Depth was read directly from
the DTM in R, version 4.4.1 (R Core Team 2024) using the raster
package (Hijmans 2023). From the DTM file, the seafloor slope
was calculated in R using the terrain function from the raster

TABLE1 | Variables considered for modeling and predicting common dolphin density.

Acronym/ Temporal Spatial
Variable Abbreviation resolution resolution Units Source/Product ID
Seafloor depth Depth NA 0.083° m GEBCO
Seafloor slope Slope NA 0.083° ° GEBCO
Distance to the coast DTC NA 0.083° m GEBCO
Distance to the 200m DT200 NA 0.083° m GEBCO
isobathymetric line
Distance to the 1000m DT1000 NA 0.083° m GEBCO
isobathymetric line
Sea surface temperature SST 8D 0.083° °C Atlantic-Iberian Biscay Irish-
Ocean Physics Reanalysis.
Product identifier: IBI_
MULTIYEAR_PHY_005_002
Chlorophyll-a concentration CHL 8D 0.083° mg/m3  Atlantic-Iberian Biscay Irish-
Ocean BioGeoChemistry NON
ASSIMILATIVE Hindcast.
Product identifier: IBI_
MULTIYEAR_BGC_005_003
Chlorophyll-a concentration with CHL-lag3 8D 0.083° mg/m3  Atlantic-Iberian Biscay Irish-
3-month lag Ocean BioGeoChemistry NON
ASSIMILATIVE Hindcast.
Product identifier: IBI_
MULTIYEAR_BGC_005_003
Salinity Salinity 8D 0.083° 1073 Atlantic-Iberian Biscay Irish-
Ocean Physics Reanalysis.
Product identifier: IBI_
MULTIYEAR_PHY_005_002
Mass content of zooplankton Zooplankton 8D 0.083° g/m? Global ocean low and mid

expressed as carbon in sea water

trophic levels biomass
content hindcast.
Product identifier: GLOBAL_
MULTIYEAR_BGC_001_033

Abbreviations: 8D, 8-day composite; NA, non-applicable; Y, yearly.
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package (Hijmans 2023). Distance to the coast and to the 200
and 1000m isobathymetric lines were derived from the DTM
using the dist2isobath function from the marmap R package
(Pante et al. 2023). Static environmental variables were down-
loaded with a spatial resolution of 15arcsec.

We used five dynamic variables: chlorophyll-a concentration
(with and without a 3-month time lag), sea surface temperature
(SST), salinity, and surface zooplankton concentration as prox-
ies for prey distribution in Portuguese waters. These variables
have been shown to affect sardine—the primary prey of com-
mon dolphins in this region (Marcalo et al. 2018)—distribution
and growth along the Portuguese coast and adjacent waters.
The spatial chlorophyll-a and phytoplankton concentrations
represent sardine food availability as this fish feeds primarily
on phytoplankton and, to a lesser extent, zooplankton (Garrido
et al. 2008). Three-month time lags of chlorophyll-a concentra-
tion peaks have also been correlated with maximum sardine
body condition and growth (Rueda et al. 2015; Silva et al. 2008).
Finally, sardines tend to prefer waters with temperatures below
20°C and high salinity (Lima et al. 2022).

These dynamic variables were obtained from the Copernicus
Marine system at daily temporal resolution and 0.083° spatial
resolution. Eight-day composites were then created using the
calc function from the raster R package. The composites were
extracted to both segment centroids (the approximate center
of each transect segment) and prediction grid points (a dataset
reflecting the environmental conditions of the study area for
model prediction) based on their location and date using the ras-
ter package.

To maintain consistent spatial resolution across environmental
variables, we resampled the static variables to match the coarser
resolution of the dynamic variables using the resample function
from the terra R package (Hijmans 2025).

2.3 | Data Preparation

Transect segments were created, each corresponding to 5 min of
sampling, resulting in 48,875 segments (mean length: 1.28 km,
SD =0.31km). Two datasets were created for analysis. The first
contained common dolphin observations, including group size,
perpendicular distance to the transect line, and geographic lo-
cation. The second contained segment-level data, including
distance traveled, geographic location, and environmental con-
ditions at the segment centroid. Observations were linked to
their corresponding segments for modeling.

Geo-referenced prediction grids, with a 1km? resolution, ap-
proximating the grid's spatial resolution to the average segment's
resolution, representing the Portuguese EEZ, were created using
QGIS (QGIS Development Team 2024). The shapefile used
to create the grid was downloaded from ArcGIS Hub (2024).
Spatially explicit environmental conditions were attributed to
the segment dataset and prediction grids using the extract func-
tion from the raster package. Each prediction grid reflected the
environmental conditions of the week at the midpoint of each
season (winter, spring, summer, and autumn) throughout the

sampling period (2004-2020). The considered midpoints were
the 2nd of February, the 6th of May, the 6th of August, and
the 6th of October, for winter, spring, summer, and autumn,
respectively.

Additional prediction grids were created to facilitate compari-
sons with existing literature. Two new sets were constructed: (1)
one for the SCANS-IV survey blocks where common dolphins
were detected in mainland Portugal (ICC, ICE, ICF, and ICG)
and (2) another for the overlapping area between this study's
study region and SCANS-III blocks AA and AB. Shapefiles
for SCANS-III survey blocks were retrieved from/and for
SCANS-IV shapefiles from https://www.tiho-hannover.de/en/
clinics-institutes/institutes/institute-of-terrestrial-and-aquatic-
wildlife-research-itaw/scans-iv-survey.

Environmental conditions were extracted for each grid to match
the temporality of each survey. For the SCANS-III blocks' grids,
we extracted the environmental conditions for summer 2016,
when the survey was conducted (Hammond, Lacey, et al. 2021).
For the SCANS-IV blocks' grids, we extracted the environmen-
tal conditions for summer 2020, the closest period in our data
to the time when the survey was conducted (Gilles et al. 2023).

2.4 | Two-Stage Density Surface Modeling

A two-stage density surface modeling approach was used, start-
ing with fitting detection functions to allow for the correction of
observed counts for detectability, followed by fitting an environ-
mentally explicit density model to the corrected counts, follow-
ing Miller et al. (2013).

2.4.1 | Detection Function

Detection functions were fitted to model common dolphin's de-
tection probability conditional to the distance to the transect
line, using the ds function from the Distance R package (Miller
et al. 2019). Three key-functions (uniform, half-normal, and
hazard-rate) were tested. For the uniform key, detection func-
tions with 0, 1, and 2 cosine adjustments were tested. For the
half-normal and hazard-rate keys, cosine adjustments were not
used, but sea state, in the Beaufort scale, was incorporated as a
covariate. We tested models without covariates, as well as mod-
els where sea state was either a continuous or a factor variable.
Since there were few records with sea state >4, all of these were
aggregated in a single level for the factor sea state covariate. The
plausibility of the shape of the detection function was funda-
mental to choose between different models considered for the
detection function.

2.4.2 | Spatial Model Fitting

Before modeling, Pearson's correlation coefficient between all
pairs of environmental variables was calculated. If the correla-
tion was > 0.7 (see Figure S1), the correlated variables were not
included in the same model and were tested in different models
(see Table S1).
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Generalized Additive Models (GAMs) were fitted using the dsm
function of the dsm R package (Miller et al. 2013). These GAMs
modeled common dolphin counts per transect segment, cor-
rected for detectability, as a function of smooths of the consid-
ered environmental variables. The model structure is as follows:

E(n]) =D 4 exp[ﬁo + ka(zjk)],

where n; is the count in segment j, ﬁi is the estimated detection
probability in segment j, §, is an intercept term, the f, represents
the smooth function associated with covariate k and zy is the
value of the variable in segment j (Miller et al. 2013). The p; 4,
term is included in the model as an offset, where f)j is the detec-
tion probability in segment j and A; is the area of segment j. The
offset is a term for which the coefficient is not estimated, but
assumed to be one, allowing one to model corrected counts as
the response while accounting for detectability.

Models were fitted using all transect segments and common
dolphin sightings on effort. A stepwise backward selection
was implemented based on AIC to select the final model. The
smoothing parameter estimation method was REML. To prevent
overfitting, restrictions on the maximum degrees of freedom for
all variables' smooth functions were implemented (k=4). As
recommended by Miller et al. (2013), the tweedie distribution
was used for the response.

Since effort was not spatially consistent across seasons (Figure 1),
especially with respect to the distance to the coast, distinct smooth
functions of this variable and correlated variables tested in sepa-
rate models were calculated according to the season.

Variable smooth terms contributions were calculated by re-
moving each term, one at a time, from the final model and
calculating the reduction in percentage of deviance explained.
A significance level of «=0.05 was set prior to model fitting
to determine if the model's smooth terms had a statistically
significant effect.

2.5 | Prediction and Variance Estimation

The final model was used to predict densities in space, using
the predict function from the dsm R package. For each cell of
a prediction grid, an abundance value was calculated from the
environmental conditions and the cell's area (its offset). This
was done for all prediction grids (each corresponding to the
mid-week of a given season of each year of sampling). The abun-
dance in each cell i in grid j is given by

E(Ny) =4; exp[ﬂo + Z Ji (Zyk)]

where Nj; is the abundance in prediction grid cell i for grid j, f,
is an intercept term, the f, the smooth function of the covariate
zand gy, is the value of variable k of prediction grid cell i for grid
Jj (Miller et al. 2013).

The total abundance in the study area, for the jth grid, is
calculated through summing the predicted abundance of all
cells in the grid. Predicted densities were mapped in space

using the ggplot2 and viridis R packages (Garnier et al. 2024;
Wickham et al. 2024). To estimate confidence intervals and
the coefficients of variation (CVs) associated to the abundance
estimates, the dsm_var_gam function from the dsm R package
was used.

Offshore effort was deficient in spring and winter. To avoid spa-
tial extrapolation issues in these two seasons, predictions were
restricted to coastal areas (DTC < 30km, approximately the third
quantile of DTC in the survey effort data). Therefore, abundance
estimates and distribution predictions for the entire EEZ were
only attempted for summer and autumn, while comparisons
between these seasons and spring and winter were limited to
coastal areas. To prevent unrealistic density predictions at the
edge of the EEZ for summer and autumn, the maximum DTC
for the prediction grids was set as the third quartile of DTC in
the study area (270.556 km). This value is intermediate between
the 90th percentile of DTC during effort in summer (279.956 km)
and autumn (262.066 km).

3 | Results

In total, 62,392km were surveyed. Survey effort covered ex-
tensively mainland Portugal's shelf waters, with 75% of the
searched transects having taken place in waters shallower than
220m deep. Still, with much lower intensity, offshore areas were
also surveyed. Effort varied in intensity and in space seasonally,
according to the boarded campaigns and environmental con-
ditions for surveying. For all seasons, there was an extensive
coastal effort. Although offshore effort occurred in all seasons, it
was mostly concentrated and evenly spatially distributed during
summer and autumn (Figure 1). A total of 28,771 km were cov-
ered in spring months, 9042km during summer, 14,690km in
autumn and 9889 km in the winter.

There were 737 common dolphin sightings recorded on effort.
The mean group size was 10.16 individuals (SD =15.87), rang-
ing from single animals to large aggregations of 200 dolphins.
In general, common dolphins were mostly sighted in shelf wa-
ters, with greater aggregations on the northern-central western
coast (Figure 2). The environmental conditions during sampling
and where common dolphins were detected are summarized in
Table 2.

3.1 | Modeling Results

3.1.1 | Detection Function

The chosen detection function considered a half-normal key and
sea state as a factor covariate (Figure 3). The average detection
probability was 0.493 (CV=0.025), with effective strip width
and detection probability showing variation according to sea
state (Table 3).

3.1.2 | Density Surface Model

The selected density surface model included smooths of DTC
(one per season), SST, CHL, Salinity, and Zooplankton (for
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FIGURE 1 | Transect effort (light gray) across the seasons. Blue scale represents bathymetry. (A) spring effort, (B) summer effort, (C) autumn

effort, and (D) winter effort.

AIC comparisons to other models refer to Table S1). All smooth
terms of the variables kept in the final model had statistically
significant relationships with common dolphin density, with the
exception of CHL (Table 4).

The partial effects plots (Figure 4) reveal how estimated common
dolphin density varies across the environmental gradient. The
effect of distance to the coast varied seasonally, with the model
predicting higher coastal density in the summer and winter, a
density peak further offshore in the autumn, and a positive trend

with distance to the coast during spring. There is a negative rela-
tionship between common dolphin density and SST, with highest
density estimated in cold waters, a plateau in the smooth function
between 15°C and 20°C and a significant drop in common dolphin
density in waters warmer than 20°C. Contrasting this, the model
predicted high common dolphin density in waters with high
Salinity and Zooplankton concentrations. Finally, the response
curve for CHL reveals a peak of common dolphin density when
surface chlorophyll-a is between 4 and 6 mg / m3, which are high
values of surface chlorophyll-a concentration (Table 2).
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FIGURE 2 | Transect effort (light gray) and common dolphin sightings (red) recorded from 2004 to 2020 in mainland Portugal's EEZ. Point size
is proportional to group size. For spatial context, Portugal shown in dark gray and Spain in black.

3.2 | Model Predictions
3.2.1 | Comparisons With SCANS Surveys

Model-based abundance and density estimates for summer 2016
(in SCANS-III blocks) and summer 2020 (in SCANS-IV blocks)
were compared with their respective survey results. The model
predicted lower densities than those obtained in SCANS-III,
yielding estimates closer to SCANS-IV, with confidence inter-
vals overlapping across all comparisons (Figure 5 and Table S3).

3.2.2 | Coastal Abundance and Distribution

The selected model predicted seasonal differences in abundance
and distribution in the coastal region. Generally, model-based
abundance estimates in coastal waters for spring were the lowest,
varying from 13,737 (CV=0.1106) in 2020 to 25,887 (CV=0.1131)
dolphins in 2016, with a median of 17,249 (CV =0.0980) for 2005.
Summer had the highest abundance estimates on the coast, rang-
ing from 23,843 (CV=0.1663) in 2004 to 34,340 (CV=0.1466)
individuals in 2012, with a median of 29,318 (CV=0.1266) for

Marine Mammal Science, 2026
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TABLE 2 | Summary statistics of the environmental conditions during sampling and where common dolphin sightings were recorded from 2004

to 2020 in mainland Portugal's EEZ.

Variable Mean Median SD Range Temporal resolution
Depth-Sampling —679.6 —101.5 1393.0 —5353.4-0.0 NA
Depth-Sightings -313.6 —101.0 1391.2 —5050.1-0.0

Slope-Sampling 1.48 0.39 2.37 0.02-16.23 NA
Slope-Sightings 1.66 0.51 2.77 0.05-16.01

DTC-Sampling 42,844 14,588 78,059 1.4-370,794 NA
DTC-Sightings 23,670 16,705 36,965 711-366,450

DT200-Sampling 28,108 14,159 43,121 3-322,749 NA
DT200-Sightings 16,192 10,414 18,894 4-182,113

DT1000-Sampling 35,944 27,805 36,190 2-304,563 NA
DT1000-Sightings 25,297 23,415 18,283 7-169,332

SST-Sampling 16.48 16.11 2.32 11.14-26.10 8D
SST-Sightings 15.88 15.65 2.04 11.99-21.70

CHL-Sampling 1.19 0.86 1.05 0.05-9.00 8D
CHL-Sightings 1.34 1.06 1.05 0.08-5.66

CHL-lag3-Sampling 1.18 0.72 1.16 0.05-9.00 8D
CHL-lag3-Sightings 1.32 0.88 115 0.05-7.32

Salinity—Sampling 35.49 35.67 0.93 18.19-36.81 8D
Salinity-Sightings 35.52 35.62 0.56 29.31-36.47
Zooplankton-Sampling 2.91 2.63 1.90 0.08-32.03 8D
Zooplankton-Sightings 3.43 3.06 1.97 0.48-12.62

Note: The sampling unit is the segment.
Abbreviations: 8D, 8-day composite; NA, non-applicable; Y, yearly.

2020. Model-based autumn abundance estimates were interme-
diate between spring and summer, from 19,052 (CV=0.1205) dol-
phins in 2009 and 34,179 (CV=0.1309) for 2008, with a median
of 22,468 (CV=0.1157) dolphins in 2015. Winter abundance esti-
mates were similar to autumn, ranging from 18,713 (CV=0.1130)
in 2004 to 29,664 (CV=0.1595) in 2005, with a median of 21,492
(CV=0.1108) for 2008. Although for all seasons the abundance es-
timate was mostly constant across survey time, abundance peaks
were estimated punctually, without a clear temporal pattern, espe-
cially for autumn and winter (Figure 6).

The predicted spatial distribution is patchy along the coast, typi-
cally with higher estimated densities on the west coast (Figures 7
and S5-S20). Consistently, the model predicted higher common
dolphin densities in the edge of the coastal region in spring and
autumn, when compared to summer and winter.

3.2.3 | Portuguese EEZ Abundance and Distribution

When accounting for the entire region, only for summer and
autumn, the model also predicts seasonal differences in abun-
dance and distribution. Model-based abundance estimates for the
entire Portuguese EEZ were consistently higher in the autumn
than in the summer, although the associated CVs were greater
and, consequently, the confidence intervals much broader in the
former than the latter (Figure 8). Predicted autumn abundance
varied from 97,635 (CV=0.2303) individuals in 2016 to 194,762
(CV=0.2621)individualsin 2008, with a median in the time series
of 169,421 (CV=0.2840) in 2012. For the summer, model-based

abundance estimates varied from 62,237 (CV =0.2709) in 2004 to
108,640 (CV=0.2169) in 2011, with a median in the time series of
95,026 (CV=0.2024) in 2005.

When comparing the predicted spatial distribution in the en-
tire EEZ, there is a consistent pattern of higher densities in-
shore during the summer than in the autumn (Figure 9 and
Figures S21-S36). The model predicts higher densities in coastal
waters in the summer, with moderate densities in slope waters.
Contrasting this, the predicted spatial densities are higher in
slope waters in the autumn, being moderate to low in shelf wa-
ters. In both seasons, the model predicts an abrupt drop in com-
mon dolphin densities offshore.

4 | Discussion

The available data allowed a unique analysis on the long-
term spatiotemporal variability of common dolphin densities
across a highly hydrographically dynamic region such as the
Portuguese EEZ. Our model predicts a seasonally varying
patchy distribution of common dolphins in Portuguese coastal
waters, consistent with Moura et al. (2012). The model also de-
tected offshore presence, though less pronounced than coastal
occurrence during summer, as reported by Gilles et al. (2023).
We highlight these results were based on an opportunistic
dataset. Therefore, they must be interpreted with the caution
that any opportunistic dataset entails. The caveats of our data,
and possible implications for the results, are further discussed
at length below.

8 of 20

Marine Mammal Science, 2026

85U8017 SUOLILLOD 3A 81D 3|qedt dde 8Ly Aq peuenob afe se e YO ‘8sn JO S9N 10} ARIq1T 8UIUO AB] 1MW UO (SUONIPUOD-PUR-SWBH D" A3 1WA Re1q) 1 |Bul UO//SdNL) SUORIPUOD pue SWia | 84 89S *[9202/€0/9T] Uo Ariqi]auliuO A8]iM ‘ BOGS1T8p apepiseAIUN -Sulle Nl PBIA AQ 09TOZ SWW/TTTT'OT/I0p/L00" A3 1M ARIq 1 U1 |UO//SANY W1} papeolumoq ‘Z ‘9202 ‘269.87.T



— Average
0 | — 0
1
—_ 2
— 3
+4
o
> — \
%
8 R
a
=
K]
©
@
@
0
n
g
Q | g\\\—f
o
T T T T T T T
0 50 100 150 200 250 300
Distance

FIGURE 3 | Selected detection function (line)—with a half-normal key-function and sea state as a factor covariate (colored lines) to model
common dolphin detectability—as a function of the perpendicular distance to the trackline, using data recorded from 2004 to 2020 in mainland
Portugal's EEZ. Distance was recorded in four intervals: (i) 0-50 m; (ii) 50-100 m; (iii) 100-200m and (iv) 200-300 m. Truncation distance is 300 m.

TABLE 3 | Estimated parameters of the chosen detection function.

TABLE4 | Summary ofvariable contributions to deviance explained.

Sea state Effective strip Detection %
(Beaufort) width (m) probability Variable p Contribution
0 180.12 0.600 s(DTC, by =Season) Season =spring; 58.74%
1 148.86 0.496 p=0.001
Season =summer;
2 166.32 0.554 p<0.001
3 132.25 0.441 Season =autumn;
p<0.001
24 111.90 0.373 Season =winter;
p=0.0033
41 | Model Results s(SST) p<0.001 14.62%
s(Zooplankton) p=0.0010 10.79%
4.1.1 | Environmental Variables and Spatial o
Distribution s(Salinity) p=0.0405 3.01%
s(CHL) p=0.0504 6.01%

The environmental variables retained by the final model, and
their effects on common dolphin density, are in line with the ex-
isting literature (Fernandez et al. 2021; Gilles et al. 2023; Moura
et al. 2012), leading to sensible spatial distributions.

Seasonal smooths of DTC revealed that common dolphins
change their presence in coastal environments according to the

season. The model predicts that during spring and autumn, com-
mon dolphins are further offshore than in summer and winter.
This seasonal shift is evident in the coastal distribution maps,
which show spring and autumn concentrations occur primar-
ily at the offshore edge of the coastal zone while summer and,

Marine Mammal Science, 2026
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FIGURE 4 | Partial effects plots for each covariate, showing how the estimated common dolphin density varied according to the environmental
gradient. Solid lines show the mean and dotted lines limit the standard error bands. In particular, for Zooplankton, for which the form of the esti-
mated smooth is obscured by the low precision, we refer to Figure S2 in the Supporting Information, where smooths are represented without the
corresponding standard errors, providing a more informative view of the corresponding relationships.
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FIGURE 5 | Comparison between SCANS-III—left—(Hammond, Lacey, et al. 2021) reported densities and SCANS-IV surveys—right—(Gilles
et al. 2023) reported abundances with final model predictions in their respective blocks. Red points represent point estimates and lines represent
the confidence intervals. Since SCANS-III blocks overlap with the Spanish coast, instead of absolute abundance, average density and associated
confidence intervals for SCANS-III blocks are compared with their overlapping area with this study's study area. Model-based abundance estimates
for SCANS-IV blocks were done for summer 2020, the year in our dataset closest to the SCANS-IV survey. For detailed model-based abundance es-
timates, refer to the Table S3.

to a lesser extent, winter predictions show greater aggregations that when prey species are not as concentrated in the coastal re-
distributed throughout the inner coastal environment. Further, gion, dolphins move further offshore in search of food. A similar
there are latitudinal distribution differences between spring and seasonal pattern has been described for sardines' spatial distri-

autumn. In spring, the model generally predicts higher com- bution in Portuguese shelf waters. Potential habitat for sardines
mon dolphin densities in the south of the coastal region than for in the spring is concentrated in the southern portion of the coast,
the autumn, where densities in the north are generally higher. shifting northwards in the autumn (Zwolinski et al. 2010). Data

Within the Portuguese EEZ, the model predicts seasonal shifts limitations for summer and winter prevented us from relat-
in density related to DTC, with peaks occurring inshore during ing sardine distribution and observed dolphin spatial patterns
summer and in offshore slope waters during autumn. during these seasons.

Differences in spatial distribution may be related to seasonal Nonetheless, sardine body condition in Portuguese shelf wa-
shifts in prey availability in coastal environments. It is possible ters is highest at the end of the summer, and spawning activity
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FIGURE 6 | Interannual variation in model-based abundance estimates for common dolphins according to the season: (A) spring, (B) summer,
(C) autumn, and (D) winter. Solid lines show the point estimates and the colored ribbons represent the 95% confidence intervals for the abundance
estimates. For detailed model-based abundance estimates, refer to the Supporting Information.

reaches its maximum during the winter (Silva et al. 2008). While
differences in common dolphin density and occurrence relative
to DTC have not been directly related to prey availability at a
seasonal scale, dolphins have been found to concentrate further
offshore in years when sardine biomass in shelf waters is lower
(Brouder et al. 2025). Therefore, the occurrence of seasonal dol-
phin movements in and out of coastal environments in search
of prey is also possible. The summer mating season in Eastern
North Atlantic common dolphins (Murphy et al. 2005) could
serve as an additional explanation for the model predicting
higher density closer to the coast during this season. Mother-
calf pairs may seek refuge from potential predators, like large
sharks, by being close to the coast, as seen in dusky dolphins
(Aethalodelphis obscurus; Weir et al. 2008) and Risso's dolphins
(Grampus griseus; Hartman et al. 2014). The combined effects
of prey availability and breeding behavior may explain why the
predicted distribution is more concentrated in coastal environ-
ments in summer than in autumn. Dolphins likely move to shelf
waters in summer, targeting sardines with higher body condi-
tion while protecting their calves from potential predators, then
venture offshore in autumn looking for prey.

The retained dynamic variables (SST, CHL, Salinity and
Zooplankton) were used as proxies for the distribution of

dolphin prey which might be causal with respect to the dolphin
distribution. The model predicts higher common dolphin den-
sity in colder waters (below 20°C), with high chlorophyll-a and
zooplankton concentrations, variables associated to sardine's
diet (Garrido et al. 2008). This concurs with the common dol-
phin distribution patterns detected in other parts of the globe.
Common dolphins in both the Eastern Tropical Pacific and
the Eastern North Atlantic have been found to be associated
with colder waters, rich in nutrients (Au and Perryman 1985;
Fernandez et al. 2021; Sousa et al. 2023). This suggests that
these oceanographic conditions may broadly reflect preferred
foraging habitats across their range—a pattern that appears
to hold true here as well. Association with cold waters and
high productivity can also be related with the Western Iberian
coastal upwelling system. Strong winds push seawater off-
shore, leading to deep, cold and nutrient-rich water to rise to-
wards the surface (Chabrerie and Arenas 2024). It is possible,
therefore, that common dolphin density is somewhat depen-
dent on coastal upwelling, as it creates favorable conditions
for sardine occurrence—low SST (Lima et al. 2022)—and
growth—by increasing phytoplankton concentrations, which
sardines feed on (Garrido et al. 2008). Interestingly, our model
did not retain a chlorophyll-a time lag of 3 months, rather re-
taining the concentration for the week of the sighting. This
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FIGURE7 | Predicted common dolphin density distribution in Portuguese coastal waters for 2020 (the most recent year in the time series), accord-
ing to the season: (A) spring, (B) summer, (C) autumn, (D) winter. See the Supporting Information (Figures S5-S20) for predictions for 2004-2019.

Coastal areas are defined as the region where DTC <30km.

can be explained by sardine's phytoplankton rich diet, espe-
cially in the Portuguese west coast (Garrido et al. 2008). Since
sardines feed mostly on phytoplankton, they should aggregate
in areas where chlorophyll-a concentration is higher, and the
dolphins will follow them there. This corroborates our model
results, and they suggest that common dolphins aggregate in

high primary productivity events when they are happening,
following their preferred prey items, and then might move on
in search of new prey aggregations. Still, sardines also feed on
zooplankton (Garrido et al. 2008), which is another variable
retained in the final model. The model predicts higher com-
mon dolphin density when zooplankton is highest. The partial
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FIGURES8 | Interannual variation in model-based abundance estimates for common dolphins according to the season: Left—summer and right—

autumn. Solid lines show the point estimates and the colored ribbons represent the 95% confidence intervals for the abundance estimates. For de-

tailed model-based abundance estimates, refer to the Supporting Information.

effects of CHL and Zooplankton, therefore, suggest that com-
mon dolphins aggregate in areas where their prey may find
ample amounts of food, which will likely be areas where prey
availability is also highest. Additionally, the positive relation-
ship between common dolphin density and salinity, combined
with a preference for colder waters, matches the habitat pref-
erence of the sardine, which has been found to prefer a water
temperature below 20°C and high sea surface salinity (Lima
et al. 2022).

4.1.2 | Comparisons With SCANS Surveys
Abundance Estimate

This study used an opportunistic dataset to model common
dolphin spatial densities. Poorer data quality when compared
to dedicated marine mammal distance sampling survey data
could suffer from detectability issues which can lead to unre-
liable abundance estimates. Limitations concerning data col-
lection and the detection process are discussed at length in
the Assumptions and limitations section below. Still, to under-
stand how well our model predicted common dolphin abun-
dance, we compared abundance estimates with those obtained
in the SCANS-III and SCANS-IV surveys (Gilles et al. 2023;
Hammond, Lacey, et al. 2021).

All the confidence intervals (CIs) we produced, either for abun-
dance or for mean density, overlapped greatly with those re-
ported for either SCANS surveys (Gilles et al. 2023; Hammond,
Francis, et al. 2021). While this is a good sign that our model can
produce sensible abundance estimates, the CIs overlap reflects
also how wide these are, reflecting overall low power to eventu-
ally detect existing differences. Despite the CI's overlap, our den-
sity estimates for the SCANS-III blocks in the summer of 2016
were much lower than those originally reported, 65.08% smaller
than the reported value for the AA block and 42.46% smaller
than the reported value in the AB block. Comparisons with the
SCANS-IV survey yielded more comparable results. Point esti-
mate differences between our model and the SCANS-IV results
ranged from 4.25% for the ICE block to 35.30% for the ICF block.
Overall, we consider that our model predicts abundances for the
SCANS survey blocks similar enough to what had been previ-
ously reported. Therefore, our analysis can bring forth sensi-
ble abundance estimates, although the large differences in the
SCANS-III blocks caution us against focusing on their absolute
values, especially for management and conservation decisions.
Instead, we suggest that focus should be kept on the seasonal
and interannual trends.

These comparisons require caution. Our density and abun-
dance estimates for SCANS survey blocks are not directly
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FIGURE 9 | Predicted common dolphin density distribution in the entire Portuguese EEZ for 2020 (the most recent year in the time series), ac-

cording to the season: Left—summer, right—autumn. See the Supporting Information (Figures S21-S36) for predictions for 2004-2019.

comparable to published values. The SCANS-III AA and AB
blocks extend into Spanish shelf waters beyond our study area;
we compared only the portions within mainland Portugal's
EEZ to values reported by Hammond, Lacey, et al. (2021). For
this to be a valid direct comparison, one would have to assume
uniform dolphin distribution within blocks, which would
be optimistic at best. For SCANS-IV, surveyed in summer
2022 (Gilles et al. 2023), we predicted into summer 2020 as
the latest available period within our data, assuming similar
environmental conditions between years. Both comparisons
should be interpreted cautiously.

4.1.3 | Seasonal and Interannual Abundance Estimates
and Associated Uncertainty

Seasonal coastal abundance estimates varied greatly, with the
highest values occurring during the summer and the lowest in
spring. Autumn and winter estimates were intermediate. CIs
were widest, not surprisingly, in summer, when coastal effort
was lowest, though differences in uncertainty across seasons
were minor. Interannual variation in coastal abundance was
not large, despite occasional peaks, with the seasonal pattern
remaining relatively constant throughout the study period.

These seasonal differences in coastal abundance are consistent
with the spatial distribution patterns and environmental drivers
discussed in Section 4.1.1, particularly the combined effects of
prey availability and reproductive behaviour.

Abundance estimates for the entire Portuguese EEZ also var-
ied seasonally, being much greater in the autumn than in the

summer. We attribute this difference to higher densities in
offshore waters in the autumn, despite the lower abundance
in the coastal region when compared to the summer. Similarly
to the coastal environment, this pattern remained consistent
throughout the years, besides a low in predicted abundance
in the autumn of 2016. Despite the large difference in point
estimates, the CIs between summer and autumn abundance
in the EEZ greatly overlapped due to the large uncertainty
associated with the autumn point estimates. Looking into
the seasonal response curve for DTC, uncertainty in esti-
mated density increases greatly far offshore in the autumn,
explaining the wide CIs. While it is possible that large num-
bers of common dolphins could move from adjacent areas into
Portuguese offshore waters during the autumn, explaining
why estimated abundance is much greater in the autumn than
in the summer, we consider that the uncertainty in autumn
abundance lowers one's ability to interpret such discrepancies.
Establishing whether such large differences between summer
and autumn abundance of common dolphin in Portuguese
waters are real would rely on additional data, in particular,
higher effort in offshore regions.

4.2 | Common Dolphin Conservation
and Management Insights

Our model strongly suggests that variables related to sardine
optimal habitat and growth are behind the ecological process
underlying common dolphin density distribution. In a climate
change scenario, where the average SST expected to increase
from 1.2°C to 3.2°C by 2100, depending on the scenario consid-
ered, (Genner et al. 2017), the colder water dependent sardines
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are expected to have a northward shift in distribution (Lima
et al. 2022). This would result in lower prey availability for
mainland Portugal's common dolphins, which preferably target
sardines (Margalo et al. 2018). Consequently, a northward shift
in common dolphin distribution might be expected due to cli-
mate change, supported by our model results and the literature
(MacLeod 2009; Sousa et al. 2023). However, climate change ef-
fects can be hard to predict as global warming could lead to the
opposite effect by intensifying coastal upwelling in the Western
Iberian coast (Sousa et al. 2017), leading to greater primary
productivity. This could, in turn, create more favorable condi-
tions for sardine occurrence and growth. On the other hand,
more recent studies have shown that despite the enhancement
of upwelling favorable wind patterns with climate change, the
increase in SST is expected to increase upper water layer stratifi-
cation, hampering the rise of cold, nutrient-rich waters towards
the surface, leading to a less effective coastal upwelling system
(Sousa et al. 2020). The complexity of climate change interac-
tions with oceanographic conditions makes it especially hard to
predict climate change impacts on top predators.

Regardless of the potential climate change impacts on prey
abundance, distribution and, consequently, on common dol-
phin density, they may be exacerbated by human activity,
especially overfishing, reducing even further the available sar-
dine biomass, leading to the potential reduction of common
dolphin density in the region. This interpretation does not
account for the dolphin's adaptability. Cetaceans are highly
adaptable, and common dolphins in Galician waters, adjacent
to our study area, have been found to shift their main prey
items in response to prey availability (Santos et al. 2013).
Nevertheless, this is contrary to what has been reported for
mainland Portugal (Marcalo et al. 2018), and our results also
support a link between common dolphin density and environ-
mental conditions favorable to sardine occurrence and growth.
Therefore, the sustainable management of sardine stocks is
likely to be a key consideration for conserving the common
dolphin population in this region. Importantly, this under-
scores the need for a more inclusive approach to fisheries man-
agement, one that considers not only the health of the stock
and the fisheries' socioeconomic needs but also the ecological
roles that species like sardine play in the marine ecosystem.
By integrating ecological knowledge into policy decisions, we
can help align fisheries practices with conservation goals (e.g.,
Sanchez-Jiménez et al. 2019) and avoid further impacts on the
dolphins' main food resources.

4.3 | Assumptions and Limitations

Our inferences, as any model-based inferences, rely on a set
of assumptions. Here we discuss the implications of these as-
sumptions, and their potential failure. Data collection was
primarily dedicated to seabirds, not marine mammals. Most
common dolphin sightings (385 out of 737) occurred in the
first distance bin, 0-50m perpendicular distance from the
trackline, with a significant decrease in detections in the fol-
lowing bands. This may be not just a result of detectability. On
the one hand, observers might sometimes only detect animals
after they moved towards the vessel. On the other, the use of
one sided transects might have led to an artificial increase of

the number of detections. Such protocol is not recommended
for distance sampling surveys, given the difficulty in deciding
whether observations on or near the line are inside or outside
the covered region. A natural unconscious bias, driven by the
desire of observers to not throw away data, might lead to re-
cording these ambiguous detections more often than would be
justifiable. Both of these would lead to an artificial increase
in the number of detections in the first bin (e.g., Buckland
et al. 2001), with a knock on effect of density estimates becom-
ing biased high (Buckland et al. 2001). Considering common
dolphin behavior (Wiirsig et al. 1998), it is possible that some
animals had moved from one side of the line to the other, being
recorded in the first bin, hence making the estimated detection
function drop steeply. Given that data were binned, with only 4
bins available, model complexity, and model assessment, were
necessarily limited. Exact distances are preferable for detection
function modeling and model assessment, and we recommend
that future studies aim to collect those. We tried to mitigate this
issue by selecting the detection function primarily based on the
expected shape of the detection process, instead of solely rely-
ing on process agnostic model fitting metrics like AIC. Using
AIC blindly would select a detection model with a “spike” at the
origin, hence that predicts much higher detection closer to the
trackline, Table S2 and Figure S4, and a fast, unrealistic drop
in detectability away from the line. This would lead to an un-
derestimation of the detection probability, and a corresponding
overestimation of density. On the other hand, using what we
know about what the detection process might be tends to “cut
across” that spike in the data, which is very likely to be closer
to the true detectability, and hence providing more reliable den-
sity estimates.

Our comparisons with the SCANS survey results showed a
significant overlap in CIs within all compared blocks, and our
model-based point estimates for abundance in the SCANS-IV
blocks were sensible. This increases our confidence in the cho-
sen detection model. Therefore, it is likely that by focusing on
the plausibility of the shape of the detection process we miti-
gated at least some of the impacts of potential unaccounted
responsive movement. Still, as discussed above, these are not
perfect comparisons, as for SCANS-III we couldn't compare the
entire extent of each block and our data did not match tempo-
rally the SCANS-IV survey. Hence, we consider that the focus of
this study should be on the ecological trends we observed, rather
than the reported absolute abundances.

The heterogeneity in data collection effort in space conditioned
our analysis. If the spatial coverage had been comparable across
years, adding a time related variable in our model could help
more reliably identify abundance variation between years.
As established in the literature (Fernandez et al. 2021; Gilles
et al. 2023; Moura et al. 2012) and as our results show, common
dolphins prefer coastal areas. Moreover, in some years, effort
was restricted in more coastal areas than in others. Therefore,
if we included Year as a variable in our model, we could risk
confounding between effort in optimal common dolphin habitat
and interannual variation of common dolphin densities. By not
incorporating Year in our model, the interannual differences in
abundance we report here are being generated by shifts in the
environmental conditions within the study period, not necessar-
ily reflecting actual shifts in common dolphin population size.
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To overcome this limitation, carefully designed surveys should
be carried out in a more homogeneous way, to more easily mon-
itor common dolphin abundance trends in the region. Following
this rationale, increasing offshore effort would greatly improve
our understanding of how common dolphins use the entire
Portuguese EEZ. Homogeneous data collection offshore would
help decrease the uncertainty in abundance estimates for au-
tumn in the entire study region. Moreover, this would bring valu-
able insights into the abundance and distribution of the species
in offshore waters, filling in the seasonal gaps left in this study.

Ecological interpretation of the density surface model relations
should be made with care. DSMs, as SDMs (Species Distribution
Models), are correlative by nature (Sillero et al. 2021). Their re-
sults do not necessarily reflect causal relationships between an
animal’s distribution/density and the environmental variables
used for modeling (Franks et al. 2025). Therefore, while the re-
lationships here reported are ecologically sensible, they are not
necessarily the result of cause and effect. The primary driver of
common dolphin density and distribution, and of top predators
in general, is likely to be prey availability. As referred to above,
the environmental variables used for modeling serve as abiotic
proxies of prey aggregation, from which we try to infer ecologi-
cal processes underlying the target species density distribution.
Still, these models can be very useful for predictions, and hence
management and conservation, even if the causal processes are
not understood (Franks et al. 2025).

Ideally, we would have spatially and temporally explicit products
of prey biomass or aggregations, similar to the products used for
all other covariates. As of the writing of this paper, there are no
such publicly available products for Iberian waters. This limits
our understanding of how fish species, sardines in particular,
impact common dolphin distribution. If such products existed,
and we were able to model common dolphin density in relation
to prey species biomass distribution, our density and distribu-
tion predictions might become more ecologically sensible, better
reflecting real common dolphin abundance trends and distribu-
tion. The advantage of a density surface model is that if said in-
formation would become available in the future, we could repeat
the analysis, adding spatially explicit sardine information in the
model instead of just relying on proxies.

Incorporating spatially explicit prey availability in a model
with proxies could help improve the deviance explained. Our
selected model only explains 7.32% of the deviance within
our data. We find it plausible that a variable like spatial prey
availability could help the model better capture the ecologi-
cal process underlying common dolphin density. Besides that,
spatially varying upwelling indexes could also help approxi-
mate prey distribution. Smooth terms of linear combinations
of environmental variables derived from PCAs have increased
deviance explained in other studies (e.g., Virgili et al. 2024).
While this strategy might improve model performance met-
rics, it reduces the interpretability of the model response
curves, thus obscuring the understanding of ecological pro-
cesses. Nevertheless, the low deviance explained is partially
driven by the disproportionate number of transect segments
without observations when compared to those with dolphin
detections (737/48,875=1.5%). Zero inflated data are hard
to model and typically lead to large errors, even when using

flexible distributions like the tweedie. If transect segment area
was increased, decreasing the proportion of zeros, deviance ex-
plained would increase, but this would come at a cost of lower
spatial resolution, preventing a fine-scale analysis.

Finally, the environmental variables used to model marine spe-
cies distributions and abundances tend to come from oceano-
graphic models (e.g., this study; Fernandez et al. 2021; Virgili
et al. 2024). This means that what we use for modeling is not a
direct measurement of the environmental variable in situ, but
the result of a model itself. That means, to begin with, that val-
ues which are estimated are taken as truth, and the variability
of those predictions is rarely ever properly propagated to the
final density estimates. Moreover, some models will be more
reliable than others for a given study area. We extracted the
spatially explicit dynamic environmental variables from three
models (Table 2). Two were regional models, one concern-
ing ocean physics in the Northeast Atlantic (Atlantic-Iberian
Biscay Irish- Ocean Physics Reanalysis) and the other was a
biogeochemical model (Atlantic-Iberian Biscay Irish-Ocean
BioGeoChemistry NON ASSIMILATIVE Hindcast). The final
model, used for extracting the mass content of zooplankton in
the water surface, was a global model (Global ocean low and
mid trophic levels biomass content hindcast). For a regional
area like ours, regional models would be desirable better re-
flecting local processes. Due to a lack of regional information
on zooplankton content in the water, which is likely related
to common dolphin prey aggregations, we extracted its values
from the available global model. Therefore, we consider the
estimated relationship between common dolphin density and
this variable to be less reliable than those estimated for the
variables obtained from the regional models, as we suspect that
local uncertainty should be greater in global models compared
to regional ones.

Furthermore, the spatial resolution of the environmental vari-
ables may not always be the same as that of the sampling/mod-
eling unit, in this case, the transect segments. Our segments and
prediction grid cells were of a finer resolution than that of the dy-
namic environmental variables raster files. Therefore, some level
of interpolation was required, adding unaccounted uncertainty.
This can be avoided if transect segments are created after check-
ing the environmental variables' spatial resolution. However,
that was not a possibility in our study. Transect segments were,
as per the opportunistic data collection protocol, predetermined
to be split after every 5min of search effort, regardless of dis-
tance traveled. Consequently, segment length varied, leading to
the need for some spatial interpolation. We attempted to mini-
mize interpolation issues by choosing reliable products with the
finest spatial resolution possible, covering the sampling period,
setting them all at the same spatial resolution. Future endeavors
focused on propagating environmental variables’ uncertainty
into correlative models are, therefore, recommended, as they
will help create better and more robust uncertainty measures
associated with abundance point estimates.

4.4 | Conclusions and Outlook

Despite the opportunistic nature of the dataset, the relation-
ships we established between the considered environmental
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variables and common dolphin density agree with the available
literature on the species ecology in the study area and proxi-
mal regions (Fernandez et al. 2021; Gilles et al. 2023; Marcalo
et al. 2018; Moura et al. 2012). Our findings reveal how dolphin
density and distribution vary across seasons and years, offering
new insights into the species’ temporal ecology, particularly in
offshore environments (summer and autumn) and during win-
ter periods when survey efforts are typically constrained (Gilles
et al. 2023; Virgili et al. 2024).

While detectability limitations require focusing on trends
rather than absolute abundances, this study fills critical knowl-
edge gaps in our understanding of common dolphin ecology
across previously understudied spatiotemporal scales. By in-
vestigating these predator-prey relationships via proxies and
seasonal patterns, we provided essential baseline information
for marine ecosystem management and conservation planning.
The integration of this long-term dataset with dedicated ma-
rine mammal survey data presents exciting opportunities to
combine extensive temporal coverage with standardized detec-
tion protocols and, therefore, mitigate some of the detectability
issues. This work demonstrates how comprehensive datasets
(even if opportunistic) can reveal fundamental ecological pro-
cesses, opening new perspectives on marine mammal habitat
use and the dynamic nature of pelagic ecosystems in response
to environmental variability.
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