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A B S T R A C T

Ocean partitions are often based on readily accessible variables, such as abiotic factors and chlorophyll-a con
centration, but provide limited insight into biological patterns. This study developed a three-step partitioning 
strategy prioritizing environmental factors that best described the variability patterns of harmful algal bloom 
(HAB)-forming taxa off SW Iberia. These included the producers of amnesic shellfish poisoning (ASP), diarrhetic 
shellfish poisoning (DSP), and paralytic shellfish poisoning (PSP). First, dimensionality reduction and unsuper
vised classification were applied to three environmental datasets, derived from remote sensing and model out
puts, covering a 19-year period. Second, different empirical-statistical models were used to determine which 
datasets best explained the abundance of HAB-producers, available for an 8-year period in different classified 
coastal production areas. Finally, the best datasets were used to derive partitions prioritizing the variability of 
different HAB groups, at a pixel level. The first classifications identified up to 12 regions, with four to five located 
in the coastal-slope domain, with a variable configuration depending on the dataset. The best predictor datasets 
and models identified five regions (two inner-shelf, two outer-shelf/slope, and one transitional coastal-ocean 
region), representative of HAB groups. No clear distinctive partitions were identified for different groups, 
namely for ASP- and DSP-producers, likely due to the combined influence of upwelling and freshwater dis
charges, along with submarine topographic features. Our partitioning strategy can be applied to other marine 
systems and taxonomic groups. Future improvements, including more complete environmental and biological 
datasets, could enhance the value of biologically informed environmental partitions as proxies for species 
abundance.

1. Introduction

Marine systems are highly dynamic, being influenced by ocean cir
culation patterns and atmosphere-ocean-land interactions, and their 
variability ultimately impacts marine food web structure and function. 
This natural heterogeneity is especially pronounced in coastal ecosys
tems, which are highly productive, resourceful, and subject to increasing 
anthropogenic pressures (Boyd et al., 2016; Ayyam et al., 2019). Thus, 
representative sampling of the global ocean, regular and at increasingly 
finer spatial scales, remains a major challenge. Ocean surface parti
tioning into provinces, i.e., coherent, homogeneous regions with similar 
properties and defined boundaries, is widely accepted (Reygondeau and 
Dunn, 2019; Marchese et al., 2022). The delineation of provinces is 
useful to extrapolate sparse in situ data, test hypothesis, assess 

environmental variability and trends, improve bio-optical algorithms 
and global model performance (see Bock et al., 2022 and references 
therein), and support region-specific ocean management (see review by 
Krug et al., 2017a).

Over the past decades, several partitions of the marine environment 
at different scales have been established based on a set of abiotic and 
biotic variables (see review by Krug et al., 2017a). Due to their far more 
readily and increased availability compared to biological data, the 
classical approach is to consider mostly physico-chemical (abiotic) fea
tures that are assumed to be representative of the ocean biogeochemical 
properties. These include sea surface temperature (SST), salinity, mixed 
layer depth (MLD), euphotic zone depth, wind components, surface 
current velocity, turbidity, bathymetry, photosynthetically available 
radiation, and nutrient concentrations (e.g. Oliver et al., 2004; Gregr 
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and Bodtker, 2007; Oliver and Irwin, 2008; Fendereski et al., 2014; Krug 
et al., 2018a; Suominen et al., 2021; Bolaños-Durán et al., 2025). 
However, the complexity of biological processes cannot be fully 
captured by classifications based solely on abiotic properties (e.g. Zhao 
et al., 2025).

Phytoplankton, as the foundation of most marine food webs, have 
been frequently used to partition the ocean surface, considering 
chlorophyll-a concentration (Chl-a; used as a proxy for phytoplankton 
biomass; e.g. Marchese et al., 2022; D'Ortenzio and Ribera d’Alcalà, 
2009; Krug et al., 2017b; Ferreira et al., 2019; Arena et al., 2025), 
phytoplankton assemblage composition (e.g. Taylor et al., 2011; Hof
mann Elizondo et al., 2021; Konik et al., 2024; Vargas-Yáñez et al., 
2024), and phenology (e.g. Konik et al., 2024; Mayot et al., 2016; Krug 
et al., 2018b; Ferreira et al., 2021; Kheireddine et al., 2021; Pramlall 
et al., 2024). However, most partitions based on phytoplankton-related 
variables (Chl-a) do not necessarily reflect the spatial-temporal vari
ability patterns of the abundance of specific functional groups of 
phytoplankton, with different functional traits (Weithoff and Beisner, 
2019), including harmful algal bloom (HAB)-forming taxa. HABs have 
multiple negative impacts on marine ecosystems, human health, and 
socio-economic activities (e.g. Gobler and Sunda, 2012; Shumway et al., 
2018; Trainer et al., 2020). Thus, HAB prediction, based on modelling 
approaches and solid monitoring efforts, has become a priority for 
coastal management.

The region off southwestern Iberian Peninsula (SWIP) is a very het
erogeneous marine domain, located at the transition between North-East 
Atlantic subtropical and temperate waters, and particularly vulnerable 
to climate change (Krug et al., 2017b). SWIP is influenced by coastal 
upwelling (Relvas et al., 2007) and riverine inputs (Prieto et al., 2009; 
Caballero et al., 2014), and frequent HAB events have been reported for 
coastal areas extensively used for resource extractive activities (see Lima 
et al., 2022). Most global partitioning schemes identified two regions in 
the SWIP area (Sherman, 1991, 1994; Longhurst, 2007; Aquarone et al., 
2008; Spalding et al., 2007, 2012; Fay and McKinley, 2014), whereas 
regional partition studies based on Chl-a variability (Krug et al., 2017b; 
Ferreira et al., 2019; Navarro and Ruiz, 2006), phytoplankton pheno
logical indices (Krug et al., 2018b; Ferreira et al., 2021) or a combina
tion of Chl-a and abiotic variables (Krug et al., 2018a; Caballero et al., 
2014; Muñoz et al., 2015), identified up to 10 regions, two to four of 
which were included in coastal domains. Yet, these partitions do not 
necessarily represent the variability patterns of HAB groups, a critical 
issue for coastal ecosystems.

In this context, this study aimed to partition the coastal areas off 
SWIP using a novel approach that prioritizes environmental factors that 
best describe spatial-temporal variability patterns of the abundance of 
the most common toxigenic phytoplankton taxa associated to the most 
frequent HAB events in the area (see Lima et al., 2022 and references 
therein). The specific study objectives were to: (1) partition the coastal 
domain off SWIP into environmentally homogeneous regions, based on 
three different datasets comprising Chl-a only, Chl-a combined with 
other satellite-derived variables, and the integration of modelled and 
satellite-derived variables, during a ca. 19-year period (July 2002 – 
December 2021); (2) assess the value of these datasets as predictors of 
the abundance of different HAB groups for specific coastal regions, using 
empirical-statistical models of varying complexity; and (3) generate 
more biologically-informed coastal partitions using the best-performing 
datasets and model types for three potentially toxigenic HAB groups. 
These included diatoms and dinoflagellates, representing groups with 
contrasting functional traits and niche preferences (Weithoff and Beis
ner, 2019). Based on previous studies (Krug et al., 2017b, 2018a; Fer
reira et al., 2019, 2021; Caballero et al., 2014; Lima et al., 2022), we 
anticipated a separation between the western and southern SWIP coasts, 
and differences between the partitions oriented for distinct phyto
plankton groups.

2. Material and methods

2.1. Study area

The region off SWIP (35-39◦N, 12-5◦W; see Fig. 1) forms the north
ernmost part of the Iberian Canary Eastern Boundary Upwelling System, 
one of the most biologically productive systems in global oceans (Carr 
and Kearns, 2003). SWIP includes both zonally (south) and meridionally 
(southwest) oriented coastlines which are influenced by different 
oceanographic regimes (Relvas et al., 2007; García-Lafuente et al., 
2006). The south sector of the study area includes a semi-sheltered 
basin, the Gulf of Cádiz (GoC), connected with the Mediterranean Sea 
through the Strait of Gibraltar, as well as variable nutrient-rich fresh
water inputs from rivers, including Guadiana, Piedras, Tinto-Odiel, and 
Guadalquivir (Krug et al., 2017b; Caballero et al., 2014), and submarine 
groundwater discharges (Hugman et al., 2015; Piló et al., 2018). There 
are also other small confined coastal systems that drain directly into the 
Portuguese south (Arade estuary, Alvor and Ria Formosa coastal la
goons) and southwest coasts (Mira estuary, Odeceixe, Aljezur and Bor
deira streams (Cabral et al., 2012; Cardoso et al., 2012).

The study area is affected by mesoscale and sub-mesoscale features 
(e.g., upwelling filaments, fronts, cyclonic and anticyclonic eddies, 
coastal countercurrents), often shaped by topographic structures 
including capes (e.g., Cape São Vicente, CSV, Cape Santa Maria, CSM, 
Cape Trafalgar) and submarine canyons (Relvas et al., 2007; García-
Lafuente et al., 2006; Peliz et al., 2004, 2007, 2009; García Lafuente and 
Ruiz, 2007). Along the SWIP southwestern coast, summer northerly 
winds promote upwelling-favourable conditions, shifting to 
downwelling-favourable conditions during autumn (Fiúza et al., 1982; 
Relvas and Barton, 2002). Along the SWIP southern coast, westerly 
winds are associated with upwelling-favourable conditions, less intense 
compared to the west coast, and upwelling relaxation is associated with 
the development of a nearshore, warm coastal countercurrent flowing 

Fig. 1. Study area (whole domain), off southwestern Iberia, with information 
on bathymetry and major river systems. CSV and CSM depict the location of 
prominent topographic features, Cape São Vicente and Cape Santa Maria, 
respectively. Tg, Gdn and Gdq indicate the discharge points of Tagus, Guadiana 
and Guadalquivir river systems, respectively. Black arrows represent the main 
circulation patterns, as defined by de Oliveira Júnior et al. (2022). The thicker 
arrow identifies an equatorward slope current (Gulf of Cádiz Current, GCC). 
Black lines represent the coastline, and the 20 m, 100 m, 200 m, 500 m and 
1000 m isobathymetric contours. The orange polygons delimit classified shell
fish coastal production areas (L6, L7a, L7c, L8, L9, 101, 102, 103, 105, 106, 
107-108), labelled in red. Limits of these areas were retrieved from the Por
tuguese Institute of the Sea and Atmosphere (https://www.ipma.pt/en/bival 
ves/docs/) and Consejería de Sostenibilidad y Medio Ambiente de la Junta de 
Andalucía (https://portalrediam.cica.es/descargas/index.php/s/descargas?di 
r=/Inf_archivo/08_AMBITOS_INTERES_AMBIENTAL/02_LITORAL_MARINO/0 
4_SOCIOECONOMIA/ZonasProduccionMoluscos). (For interpretation of the 
references to colour in this figure legend, the reader is referred to the Web 
version of this article.)
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westwards (Relvas et al., 2007; García-Lafuente et al., 2006; Garel et al., 
2016). In addition, the Gulf of Cadiz current, flowing southeast (see 
Fig. 1), typically stronger in the summer, can also extend the upwelling 
influence into the southern shelf (García-Lafuente et al., 2006; Garel 
et al., 2016; Sánchez and Relvas, 2003; Criado-Aldeanueva et al., 2006).

2.2. Environmental data

A set of environmental variables were acquired for the period 2002- 
2021, for the whole study area (Fig. 1 and Table S1). Due to the limited 
availability of in situ data, satellite remote sensing (wind speed and di
rection; SST; photosynthetically available radiation, PAR; absolute dy
namic topography, ADT; and Chl-a), and model-derived products 
(salinity; MLD; nutrient concentrations; and geostrophic currents), for 
surface and near-surface (0.49 m), respectively, and at different spatial- 
temporal resolutions, were used. All mapped variables were regridded to 
the same spatial resolution, 4-km, and to two temporal resolutions, 
monthly and monthly climatologies (monthly averages for 2002-2021).

2.2.1. Upper ocean physical and chemical variables
Daily level 3 satellite-derived SST data, with a spatial resolution of 

4 km, were retrieved from MODerate resolution Imaging Spectroradi
ometer, on-board Aqua satellite (MODISA), available at NASA's Ocean
color database (https://oceancolor.gsfc.nasa.gov/, accessed January 15, 
2023). SST data were limited to nighttime passes, to avoid diurnal solar 
heating effects (Robinson, 2010), and high-quality data (quality flag 0). 
Daily level-3 mean surface PAR at 4 km spatial resolution, from MOD
ISA, were also retrieved from the same database. Standard level-3 flags 
were applied for quality control (LAND, HISOLZEN, NAVFAIL, FILTER, 
HIGLINT), and quality-failed pixels were automatically masked and 
considered invalid. Daily ADT data, at 0.25◦ spatial resolution, were 
acquired from the ‘sea level gridded data from satellite observations for 
the global ocean from 1993 to present’ dataset, version vDT2021, pro
vided by Copernicus Climate Change Service (C3S; Copernicus Climate 
Change Service, Climate Data Store, 2018). This product is derived from 
a multi-mission altimeter dataset, which combines altimetry measure
ments from a 2-satellite constellation: a reference mission (T/P, Jason-1, 
Jason-2, Jason-3), and a complementary mission (ERS-1/2, Envisat, 
SARAL/Altika, Sentinel-3A). This ADT data corresponds to the sea sur
face height above the geoid and is estimated as the sum of the sea level 
anomaly and the mean dynamic topography for a 20-year reference 
period (1993-2012).

Daily sea surface zonal (U) and meridional (V) wind fields, at 0.25◦

spatial resolution, were obtained from the Blended Seawinds version 2.0 
dataset (BSW), available at NCEI-NOAA (NOAA, 2020). BSW is based on 
multiple scatterometers, standardized across platforms, hence allowing 
a high quality and more complete temporal and spatial coverage of 
ocean wind vectors (Zhang et al., 2006).

Daily salinity and MLD data, at 0.083◦ spatial resolution, were ob
tained from the Atlantic -Iberian Biscay Irish (IBI) - Ocean Physics 
Reanalysis database (Product ID: IBI_MULTIYEAR_PHY_005_002), pro
vided by Copernicus Marine Service (CMS; https://marine.copernicus. 
eu/, accessed March 3, 2023). MLD is estimated as the ocean depth at 
which the water potential density has increased by 0.01 kg m− 3 relative 
to the near-surface value at 10 m depth level, and values were limited by 
local bathymetry. For MLD, product quality was assessed by comparing 
it with the mixed layer depth climatology, for the period 1993-2016, 
provided by (de Boyer Montégut et al., 2004). The product reproduced 
the main meridional gradient (deeper MLD in the north), although an 
overestimation was detected in the northwestern part of the IBI domain 
(see quality information document available at https://documentation. 
marine.copernicus.eu/QUID/CMEMS-IBI-QUID-005-002.pdf; E.U. 
Copernicus Marine Service Information, 2023a). For salinity, the prod
uct estimations were compared to the World Ocean Atlas 2023 clima
tology, with higher salinities detected along the northern European 
coasts (see quality information document available at https://documen 

tation.marine.copernicus.eu/QUID/CMEMS-IBI-QUID-005-002.pdf; E. 
U. Copernicus Marine Service Information, 2023a).

Daily zonal (V) and meridional (U) components of surface seawater 
velocity, at 0.25◦ spatial resolution, were acquired from CMS's Global 
Total (COPERNICUS-GLOBCURRENT), Ekman and Geostrophic currents 
at the surface and 15m dataset (ID: MULTI
OBS_GLO_PHY_MYNRT_015_003). Velocity fields are obtained by 
combining CMS satellite-derived geostrophic surface currents and 
modelled Ekman currents. Validation of surface currents, against the 
YoMaHa database (Lebedev et al., 2007), showed that zonal velocity is 
more accurate than the meridional velocity. Moreover, no global bias 
was detected, though increased uncertainties were observed near the 
equator (see quality information document available at https 
://documentation.marine.copernicus.eu/QUID/CMEMS-MOB-QUID-01 
5-003.pdf; E.U. Copernicus Marine Service Information, 2023b). Daily 
data of the concentration of nitrate (NO3

− ), ammonium (NH4
+), phos

phate (PO4
3− ), silicon (Si) and iron (Fe), at 0.083◦ spatial resolution, 

were also retrieved from CMS's Atlantic-Iberian Biscay Irish-Ocean 
BioGeoChemistry Non-Assimilative Hindcast dataset (ID: IBI_
MULTIYEAR_BGC_005_003). Model-derived nutrient data are in good 
agreement with the Biogeochemical Argo observations, but tend to 
overestimate low concentrations and underestimate high concentrations 
(see quality information document available at https://documentation. 
marine.copernicus.eu/QUID/CMEMS-IBI-QUID-005-003.pdf; E.U. 
Copernicus Marine Service Information, 2023c).

2.3. Phytoplankton data

2.3.1. Chlorophyll-a concentration
Daily level 3 satellite-derived Chl-a data, at 4 km spatial resolution, 

used as a proxy for total phytoplankton biomass, was retrieved for the 
whole study area from the European Space Agency (ESA)'s Ocean Colour 
Climate Change Initiative dataset (version 6.0; Sathyendranath et al., 
2023). This merged product is created by shifting the wavelengths of 
five ocean color sensors: Sea-viewing Wide Field of View Sensor, 
MODISA, Medium Resolution Imaging Spectrometer, Visible Infrared 
Imaging Radiometer Suite, Sentinel 3A and 3B Ocean and Land Colour 
Instrument data to match MERIS bands, applying bias correction, and 
computing per pixel uncertainty estimates (Copernicus Climate Change 
Service, 2019). The atmospheric correction with POLYMER is performed 
independently for each sensor, and Chl-a is estimated using a blended 
combination of OCI, OCI2, OC2, and OCx algorithms (the updated 
OC3/OC4 band ratio algorithm; O'Reilly and Werdell, 2019), which 
attempts to weight the outputs of the best-performing algorithms based 
on the water types present, thereby improving performance in nearshore 
Case-2 waters (Copernicus Climate Change Service, 2019).

2.3.2. Abundance of toxigenic phytoplankton taxa
Abundance of toxigenic phytoplankton taxa associated with different 

human syndromes (Amnesic Shellfish Poisoning, ASP; Diarrhetic Shell
fish Poisoning, DSP; Paralytic Shellfish Poisoning, PSP), in Portuguese 
and Spanish coastal waters, was obtained from the Portuguese Institute 
of the Sea and Atmosphere (IPMA; https://www.ipma.pt/pt/index.htm 
l/, accessed February 15, 2023) and Consejería de Agricultura, Pesca, 
Agua y Desarrollo Rural de la Junta de Andalucía (https://www.juntade 
andalucia.es/agriculturaypesca/moluzonasprodu/, accessed February 
23, 2023) public databases. Several nearshore sampling stations within 
classified shellfish coastal production areas (L6, L7a, L7c, L8, L9, 101, 
102, 103, 105, 106, 11, 107 and 108; see Fig. 1 and S1) were considered 
(from north to south, and west to east): Sesimbra, Galapos, Comporta, 
Aljezur, Porto de Mós, Praia Dona Ana, Falésia, Praia de Faro, Culatra, 
Monte Gordo, Isla Canela, Barra del Terron, Punta Umbria, Mazagon, 
Matalascañas, Zona Marítima de Doñana, Doñana Norte, and Doñana 
Sur. The coastal area 11 corresponded to the aggregation of areas 107 
and 108 prior to mid-2018, after which they were treated separately. In 
situ field sampling undertaken within the national monitoring programs 
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was not concurrent among sites. Sampling frequency was approximately 
weekly, and intensified during periods of historically high abundances 
of HAB-forming species and/or concentrations of phytotoxins in bivalve 
molluscs, or after occurrences above alert or threshold levels (see IPMA, 
2013). Toxigenic taxa included ASP-producers (Pseudo-nitzschia delica
tissima group, <3 μm width, and P. seriata group, >3 μm width); 
DSP-producers (Dinophysis spp., Prorocentrum spp. Except P. minimum, 
and Phalacroma sp.); and PSP-producers (Gymnodinium spp., including 
G. catenatum, and Alexandrium spp.). The coastal areas 107 and 108, 
along the Spanish coast, were aggregated, as HAB abundances were 
statistically not significantly different (p > 0.05; data not shown). 
Additionally, abundances were binned for each month to reduce 
computational demands. Phytoplankton abundance was quantified 
using the Utermöhl method (see Utermöhl, 1958), which involves 
settling a Lugol's iodine-preserved water sample, followed by analysis 
under inverted microscopy and identification based on morphological 
traits and taxonomic reference literature. Since this approach often does 
not allow identification at the species level, and the Portuguese public 
database does not provide species-specific information, abundance data 
were grouped according to the associated human syndrome, following 
(Lima et al., 2022). Abundances reported in the public databases as 
below the limit of detection (LOD) or as “ND” (undetected) were treated 
as zero. Data with other descriptions, including “NDi” (unavailable), 
“NR” (unfulfilled) or “NQ” (unquantified) were excluded.

Temporal and spatial variability of each HAB-forming group within 
individual coastal production areas, was examined using the Seasonal- 
Trend decomposition of time series based on Loess (STL), a non- 
parametric regression analysis, which allows the separation of the 
long-term trend from the seasonal (intra-annual) and remainder com
ponents (Kwok et al., 2023). STL decomposition has several advantages, 
including the capability of identifying a seasonal component that 
changes over time, the responsiveness to nonlinear trends, and the 
robustness in the presence of outliers and missing data. Although this 
method was initially proposed to accommodate missing observations, it 
becomes ineffective when gaps are extensive or occur consecutively 
(Hyndman and Athanasopoulos, 2018). Most coastal production areas 
had a percentage of missing observations less than 5%, but others (L8, 
101, 103, 105, 106, 107 and 108 areas) contained extensive gaps 
(>60%) and were, thus, excluded from time series analysis. STL also 
requires the specification of a list of parameters. Following the original 
recommendations (Cleveland et al., 1990), the parameter controlling 
seasonality cycle length was set to 12. For the smoothing parameters, an 
iterative process was applied by varying the length of the seasonal and 
trend smoothing windows between 7 and 49. Then, the best combina
tion of parameters was selected for each coastal production area and 
group (see Table S2), based on the lowest in-sample root-mean-squared 
error (RMSE) relative to a benchmark model with a periodic behaviour 
(seasonal = 999, trend = 25; see Cristina et al., 2016 for further details).

2.4. Three-step classification procedure of coastal domains that prioritize 
environmental variables best describing HAB variability

The workflow steps of the proposed biologically informed parti
tioning strategy are summarized in Fig. 2. Firstly, a dissimilarity analysis 
was applied to select the list of independent partitioning variables. The 
resulting variables were organized into three datasets, according to 
biological relevance and data source uncertainty. The first dataset 
comprised only Chl-a, as a proxy of phytoplankton biomass, i.e., with 
higher biological relevance. A second dataset incorporated other 
satellite-derived variables, in addition to Chl-a, specifically physical 
variables (SST, PAR, ADT and wind speed and direction), thereby also 
integrating potential environmental drivers of phytoplankton. The third 
dataset combined modelled and satellite-derived variables (hereafter 
referred to as mixed dataset), to maximize the availability and diversity 
of information, due to the lack of in situ observations for the study area. 
A three-step combined strategy, including data reduction and 

unsupervised classification, a suite of modelling techniques, and the 
reapplication of the unsupervised classification considering the best 
selected datasets for each HAB-forming group, at a pixel-level, was then 
used to partition the coastal areas off SWIP into regions that prioritize 
environmental variables that best describe the variability of key toxi
genic phytoplankton taxa.

Following the classification procedure, differences in the environ
mental properties that best described variability for different HAB 
groups between coastal regions, were analysed using the Kruskal-Wallis 
test, a one-way analysis of variance on ranks, followed by multiple pair- 
wise comparisons using the Dunn's test (Dunn, 1961). All statistical tests 
were considered at a 0.05 significance level. Graphical representations, 
pre-processing analyses and model development were performed using 
Python version 3.12.3 (https://www.python.org/, accessed January 15, 
2025), and specific modules such as xarray, pandas, numpy, netCDF4, 
basemap, shapefile, scipy, sklearn, scikit-posthocs, statsmodels, seaborn 
and matplotlib. The following sections describe thoroughly each work
flow step.

2.4.1. Pre-processing analysis: identification of partitioning variables
Spearman rank correlation coefficient (rs) was used to evaluate the 

strength of monotonic relationships between the 16 potential parti
tioning variables, and the correlation distance (1- rs) was then used to 
build a dissimilarity hierarchical cluster tree. Two groups of redundant, 
strongly correlated variables (dissimilarity below 0.25) were identified: 
NO3

− and NH4
+ concentrations, and SST and PO4

3− concentration (data 
not shown). A single variable was selected from each group, NO3

− con
centration and SST, resulting in a dataset with 14 partitioning variables 
(SST, salinity, MLD, PAR, surface zonal and meridional components of 
wind, wind speed, zonal and meridional components of surface seawater 
velocity, ADT, NO3

− , SiO4
4− , Fe and Chl-a).

2.4.2. First step: data reduction and classification of the whole study area
The monthly climatologies (period: 2002-2021) of each of the three 

environmental datasets were used to train a self-organizing map (SOM; 
Kohonen, 1990), with the rows representing different pixels and the 
columns representing time steps (i.e., monthly climatologies of the 
variables included in each dataset). SOM is an artificial neural network 
technique that produces a low-dimensional (typically two-dimensional), 
discretized representation of the input data referred to as a neuron map 
(Kohonen, 2013). SOM partitions the initial data set so that each neuron 
on the map represents a specific pattern characterized by a synthetic 
multidimensional vector known as the reference vector (prototype 
vector or weight vector; El Hourany et al., 2019). The reference vector 
may be perceived as the position of the neuron in the data space, con
taining the same number of variables of the input dataset (in this case, 
14). In contrast to other artificial neural networks, this type of repre
sentation preserves the topology and the neighbourhood relationships of 
the input space, which means that two neighbouring neurons on the map 
will be represented by two close reference vectors (according to the 
Euclidean distance) in the space of the input data, and conversely, two 
close observations in the input layer will be projected onto two close 
neurons of the map (Leloup et al., 2007). A hexagonal structure for the 
map was selected as it minimizes directional bias, resulting in a more 
uniform and accurate data representation (Kohonen, 2001; Liu et al., 
2006). Batch learning was used to ensure that all observations are shown 
to the neurons prior to updating their values (Demuth et al., 2014). The 
neuron with the closest reference vector to the input data vector was 
found using the Euclidean distance, ignoring the dimensions corre
sponding to missing data. The number of neurons on the map must be 
predefined by the user and is dependent upon the level of detail desired 
in further analysis. Different neuron map sizes (ranging from 2 to 100 
neurons) were tested, and the total error of each map size, estimated as 
the sum of quantization and topographic errors, was used to determine 
the optimal map size. The quantization error represents the average 
distance between each data vector and their best match unit (BMU), and 
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Fig. 2. Flow diagram representing all the stages of the proposed partitioning strategy that prioritizes environmental factors that best describe the variability patterns 
of the abundance of harmful algal bloom (HAB)-forming taxa off SW Iberia. Target taxa included producers of amnesic shellfish poisoning (ASP), diarrhetic shellfish 
poisoning (DSP), and paralytic shellfish poisoning (PSP). The preprocessing stage (left panel) involved regridding the raw environmental data to a uniform spatial 
resolution and two temporal resolutions (monthly and monthly climatologies), followed by Spearman's correlation and dissimilarity analysis to select non-redundant 
partitioning variables, and data organization into three datasets: Chl-a, satellite-derived and mixed (modelled and satellite-derived variables). The three-step par
titioning strategy (right panel) included the following steps: (1) data reduction and unsupervised classification using self-organizing maps (SOM) and hierarchical 
agglomerative clustering (HAC) to define the initial environmental partitions from each dataset; (2) dataset selection for each HAB group using multiple empirical- 
statistical models, applied to regions overlapping classified coastal production areas; and (3) group-specific classification to generate the final (biologically informed) 
environmental partitions, by reapplying HAC, at the pixel level, with added weight for the datasets that best described the variability patterns of the corresponding 
HAB group. See text for further details.
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the topographic error corresponds to the percentage of data vectors for 
which two BMUs are not neighbouring map units (Vesanto et al., 2000). 
The optimal number of neurons was defined as the first map size of three 
consecutive reductions in the total error less than 5% (Fendereski et al., 
2014). After several iterations of the SOM algorithm applied to each 
dataset, considering different neuron map sizes, a map with 30 neurons 
was selected to proceed with the clustering analysis. The SOM Toolbox 
for Matlab was used with the monthly climatological value, for all 
datasets, composed of variables normalized to unit variance. Prior to 
normalization, Chl-a data were log-transformed (Campbell, 1995) to 
minimize the effect of very high values (particularly in coastal areas) 
and better represent the full range of variability, and to facilitate the 
identification of the shape of seasonal cycles by SOM (e.g. Marchese 
et al., 2022; El Hourany et al., 2021). Training length ranged from 50 to 
200 epochs, and the neighbourhood radius from 0.05 to 1000, over four 
successive batch training runs.

The resulting SOM was then partitioned into regions with similar 
environmental conditions using the Hierarchical Agglomerative Clus
tering (HAC) analysis. HAC is an unsupervised learning technique 
(Wilks, 2011) that represents hierarchically the underlying relationship 
among objects through a dendrogram (Pramlall et al., 2024; Karna and 
Gibert, 2022). The dendrogram is formed by recursively merging objects 
that are closer in a n-dimensional space, using a division that minimizes 
differences between objects of a given cluster based on Euclidean dis
tance, while maximizing differences between objects of different clus
ters, based on Ward's linkage, respectively. In contrast to other 
clustering approaches (e.g., K-means), HAC analysis does not require the 
number of clusters to be defined a priori. In fact, the number of clusters 
emerges from the clustering process itself and is often determined by 
visual inspection of the dendrogram, by identifying the largest hori
zontal gap among the major branches (Karna and Gibert, 2022). The 
level-of-cut varied between 4 and 12 clusters (regions), and the optimal 
level was determined by a combined assessment of branch length 
analysis and physical interpretability, based on reported oceanographic 
patterns for the study area (Relvas et al., 2007). The dendrogram 
structure was analysed to identify potential cut levels, and the level that 
provided greater discrimination in coastal areas while retaining physical 
meaning was selected.

2.4.3. Second step: identification of datasets prioritizing environmental 
variables that best describe variability of HAB-forming groups in coastal 
areas

Due to the limited availability of quantitative information required 
to develop fully mechanistic-numerical models (McGillicuddy et al., 
2005; McGillicuddy et al., 2011; Ruiz-Villarreal et al., 2016), HAB 
prediction is mostly based on conventional empirical-statistical model
ling strategies, in isolation or combined into hybrid models (see Lima 
et al., 2022 and references therein). These include different regression 
methods (e.g. Blum et al., 2006; Lane et al., 2009; Anderson et al., 2009; 
Sarma et al., 2023), generalized linear models (e.g. Anderson et al., 
2010; Cusack et al., 2015; Zhou et al., 2021; Díaz et al., 2022), and 
generalized additive models (e.g. Lima et al., 2022; Torres Palenzuela 
et al., 2019; Detoni et al., 2024). Machine learning models have been 
increasingly used due to their capacity to deal with complex, often 
non-linear, noisy datasets, and outperforming traditional approaches (e. 
g., see reviews by Cruz et al., 2021; Park et al., 2024, and references 
therein; Díaz et al., 2025). In this context, a set of models of varying 
complexity, including Linear Regression, Polynomial Regression, Pois
son Regression, Compound Poisson-Gamma Regression, Negative 
Binomial Regression, Zero-Inflated Regression, and Random Forests, 
was applied to analyse which of the three datasets (and associated 
predictors) best explained the variability of different HAB-forming 
groups in the regions, identified during the previous step, overlapping 
with the classified coastal production areas (Fig. 1 and S1). The response 
variables were the abundance of phytoplankton associated with ASP, 
DSP and PSP human syndromes, using both non-transformed and 

log-transformed values. Log-transformation was applied to minimize the 
influence of extreme values, approximate the distribution to normality 
and ensure model convergence. Abundance values were calculated as 
weighted means, according with the proportional contribution of each 
classified coastal production area within each region. Non-redundant 
predictor variables, identified using Spearman's rank correlation and 
subsequent dissimilarity analysis, included ocean physical (SST, 
Salinity, PAR, ADT, MLD, geostrophic current velocity), chemical 
(nutrient concentrations), and biological variables (Chl-a), and meteo
rological variables (wind direction and magnitude), corresponding to 
each region. Both predictor and response variables were aggregated to a 
monthly resolution.

Simple linear regression is typically used to describe the covariation 
between a continuous response variable and continuous predictor var
iables. However, it assumes that the relationship between variables is 
linear and that the residuals have constant variance (homoscedasticity) 
across all values of the predictors (Helsel et al., 2020), which is rarely 
suitable for phytoplankton abundance data. Poisson regression is 
designed for modelling count data (such as phytoplankton cell counts), 
although the majority of the datasets violate the basic assumption that 
the mean of the underlying distribution is equal to the variance (e.g. 
Lima et al., 2022). The Negative Binomial model provides a more flex
ible generalization of Poisson regression that explicitly accounts for 
overdispersion (i.e., when the variance is larger than the mean ;Cameron 
and Trivedi, 1998; Lloyd-Smith, 2007; Hilbe, 2011). However, when 
data also contains an excess of null observations, which is common in 
HAB monitoring, the Negative Binomial model might be inadequate. In 
such cases, two common alternatives are the compound Poisson-Gamma 
(or Tweedie) models and the Zero-Inflated models. Tweedie models 
account for zero outcomes as a natural consequence of the underlying 
compound Poisson process, with the probability of zeros determined by 
the expected value of the response. Zero-inflated models incorporate an 
additional zero-generating mechanism by combining a logistic compo
nent, which captures and explicitly models the excess zeros not attrib
utable to the count distribution (referred to as structural zeros), with a 
count component that models the distribution of nonzero outcomes as 
well as zeros that arise probabilistically within the count process itself 
(referred to as sample zeros). This added flexibility comes at the cost of 
extra parameters and increased complexity, thus Tweedie models are 
generally preferred to zero-inflated models (Lambert, 1992; Dunn and 
Smyth, 1996; Zuur and Ieno, 2021). In this study, zero-inflated models 
could not be fitted to ASP- and DSP-producers due to the relatively 
reduced number of null observations. Random Forest models are an 
ensemble machine learning algorithm that has been successfully 
employed to HAB prediction (e.g. Valbi et al., 2019; Derot et al., 2020; 
Ottaviani et al., 2020). These models combine multiple decision trees, 
and for each tree, only a subsample of the input data is used for training, 
and a random selection of predictors is available for splitting at each 
decision node. The final output is then generated by averaging the re
sults of all trees making up the forest (Breiman, 2001; Liaw and Wiener, 
2002). The combination of the tree structure and the bootstrapping 
method, which uses sampling with replacement to make the selection 
procedure completely random (without prior assumptions), enables the 
random forest model to be robust against overfitting, provide unbiased 
internal estimates of the generalization error, and show high predictive 
performance (Breiman, 2001; Liaw and Wiener, 2002; Thomas et al., 
2018).

The optimal parametric configuration for each combination of model 
features, HAB group, and method was selected by a hyperparameter 
optimization. This was based on a grid search approach, i.e., models 
using different parameters controlling the learning process were trained 
and evaluated, considering a 10-fold repeated cross-validation scheme, 
and the best models were selected based on cross-validated optimization 
metrics (Bergstra et al., 2011). The different sets of training parameters 
considered are summarized in Tables S3–S5. Models were evaluated by 
calculating the R2 and the Root Mean Squared Error (RMSE). The former 
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quantifies the proportion of variance in the observed data explained by 
the model, with values ranging from 0 to 1, while the latter indicates the 
mean error between the predicted and measured values. In contrast to 
R2, RMSE is scale-dependent on the target variable, and thus is reported 
in its original units. When considering log-transformed response vari
ables, model performance metrics were computed using 
back-transformed predictions to ensure proper model comparison. 
These metrics have been widely applied in HAB prediction studies due to 
their interpretability and ability to capture different aspects of model 
performance (Mermer et al., 2025). The dataset that minimized the 
RMSE when predicting group-specific abundances was selected as the 
most suitable for explaining monthly variability patterns. Thus, for each 
HAB group, the best-performing environmental dataset (Chl-a, 
satellite-derived or mixed) was identified based on the model that per
formed best at predicting the abundance of the corresponding phyto
plankton group, in regions that spatially overlapped with classified 
coastal shellfish production areas off SW Iberia.

2.4.4. Third step: classification of coastal areas prioritizing environmental 
variables that best describe the variability of specific HAB groups

After selecting the datasets that prioritized environmental variables 
that best described the variability of specific HAB groups, a fourth col
umn was added to each group-specific dataset containing three columns 
with the original SOM cluster labels from the Chl-a, satellite-derived and 
mixed datasets, resulting from the first step of our partitioning strategy. 
The additional fourth column repeated the cluster label of the best- 
performing dataset, to attribute more weight in the classification pro
cess to the environmental variables that best described group-specific 
variability, thus eliminating the need to reuse the original datasets. 
HAC analysis was then reapplied to these three data matrices, at a pixel 
level. The optimal number of regions was determined by selecting the 
partition showing greater discrimination (i.e., higher number of regions) 
in the SWIP coastal areas.

3. Results

Basic statistical information on abiotic environmental variables and 
Chl-a, over the whole spatial domain, is summarized in Table S6. The 

Fig. 3. Distribution of mean values at surface of (A) sea surface temperature (SST); (B) salinity; (C) mixed layer depth (MLD); (D) incident photosynthetically active 
radiation (PAR); (E) meridional and (F) zonal wind speed; (G) wind intensity; (H) meridional and (I) zonal geostrophic current speed; (J) absolute dynamic 
topography (ADT); (K) subsurface nitrate concentration (NO3-); (L) ammonium concentration (NH4+); (M) phosphate concentration (PO43-); (N) silicate con
centration (SiO44-); (O) iron concentration (Fe); and (P) chlorophyll-a concentration (Chl-a), during the period between July 2002 and December 2021, off 
SW Iberia.
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spatial distribution of environmental properties off SW Iberia revealed 
higher mean SST in southern domains (Fig. 3A), and higher salinity in 
the semi-sheltered GoC basin, while lower salinities occurred near major 
river mouths (e.g., Tagus, Guadiana and Guadalquivir; Fig. 3B; see Fig. 1
for location of river discharge points). Lower MLD (Fig. 3C) and weaker 
winds (Fig. 3G), coincident with higher PAR (Fig. 3D), were also 
observed in the GoC. Northerly winds (V < 0 m s− 1; Fig. 3F) prevailed 
along the west coast, associated with equatorward currents (Fig. 3I). 
Westerlies (U > 0 m s− 1) and easterlies (Fig. 3E) prevailed in the GoC 
and the Strait of Gibraltar, respectively, with the former associated with 
eastward currents (Fig. 3H). Strong coastal-offshore gradients were also 
detected, with increased ADT (Fig. 3J) and decreased nutrient concen
trations (Fig. 3K–O) and Chl-a (Fig. 3P) towards offshore waters.

3.1. Variability of specific HAB-forming taxa in classified coastal 
production areas

The abundance of HAB groups varied during the 8-year period 
(2014-2021), including both seasonal and longer-period components, 
with marked differences observed across coastal production areas and 
groups (Fig. 4). Overall, for the seasonal component, ASP-producers 
exhibited higher variability in L7a, and DSP-producers in L7c, with 
the latter showing similar patterns across production areas. ASP- 
producers, showed bimodal annual cycles, with peaks occurring dur
ing spring and summer (L6, L7c) or autumn (L9). Yet, in L7a, a quasi- 
unimodal cycle with a summer peak was detected (Fig. 4A). DSP- 
producers in L6 and L7a showed bimodal annual cycles until 2016, 
with spring and summer peaks, but changed to unimodal cycles with a 
greater spring peak in the latest years (Fig. 4C). In L7c, a progression 

from bimodal to a unimodal cycle with a late-summer peak was 
observed. DSP-producers in L9 and 102 areas exhibited consistent 
unimodal annual cycles with a summer peak until 2017, transitioning to 
bimodal cycles with spring and summer/autumn peaks. PSP-producers, 
in all coastal production areas, except L9, exhibited a shift from bimodal 
(spring and summer/autumn peaks) to unimodal annual cycles, the 
latter with peak values from early to late spring (Fig. 4E). However, the 
results for the latter group should be interpreted with caution due to the 
large number of null observations, that likely introduced discrepancies 
into the decomposition of both seasonal and longer-period variability 
components.

Concerning the longer-period component, an increasing trend in the 
abundance of ASP- and DSP-producers was observed along the west 
coast (L6, L7a) until 2019, followed by a stabilization or decline 
(Fig. 4B–D). Over the south coast, ASP increased Copernicus Climate 
Change Service, Climate Data Store, 2018 onwards (L7c, L9; Fig. 4B), 
and DSP-producers showed no clear trend (L9, 102; Fig. 4D). 
PSP-producers showed a decreasing trend in all coastal production areas 
until late 2017, stronger for the southern areas (L7c, L9), followed by a 
stabilization (Fig. 4F).

3.2. Partitioning of the whole study area

The unsupervised classification of the whole study area identified 11 
regions using the Chl-a dataset (Fig. 5A), and 12 regions using the 
satellite-derived and mixed datasets (Fig. 5B–C), with variable config
urations across datasets. Five regions over the coastal domain were 
identified by the mixed dataset (Fig. 5C), and four by the other datasets 
(Fig. 5A–B). A coastal region covering the west coast, turning around 

Fig. 4. Temporal variability of the abundance of toxigenic phytoplankton taxa, during the 2014-2021 period, including the seasonal (left column; panels A, C and E) 
and longer-period components (right column; panels B, D and F). Taxa included ASP (Amnesic Shellfish Poisoning), DSP (Diarrhetic Shellfish Poisoning) and PSP 
(Paralytic Shellfish Poisoning)-producers, in different classified coastal shellfish production areas off SW Iberia (L6, L7a, L7c, L9 and 102). Note differences in scale 
between harmful algal bloom (HAB) groups. Similarity between colours indicates proximity of production areas (see Fig. 1). (For interpretation of the references to 
colour in this figure legend, the reader is referred to the Web version of this article.)
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CSV and extending eastwards, was identified by all datasets. A clear 
separation between the western and eastern sectors of CSM was detected 
by the satellite-derived dataset (Fig. 5B). Two distinct regions over the 
shelf and slope, east of CSM, and an additional region influenced by 
freshwater (note the distinct small areas near the Tagus and Guadiana 
river mouths; see Fig. 1 for location of river discharge points), were also 
detected by the Chl-a and mixed datasets (see region 8 in Fig. 5A and 
region 11 in Fig. 5C).

3.3. Identification of the best datasets prioritizing environmental variables 
that best describe variability of HAB-forming groups

Distinct empirical-statistical models were applied to identify the best 
relationships between the potential environmental predictors included 
in the three datasets, and the abundance of HAB groups for each region 
overlapping different classified coastal production areas (Tables S3–S5). 
Overall, simpler algorithms (e.g., regression models) performed better 
than more complex ones (e.g., random forests; see Table 1 and 
Tables S3–S5), and ca. 50% of the models exhibited improved 

performance with log-transformed data. Negative binomial regression 
models showed the highest performance, whereas linear and Poisson 
regression models had the worst predictive capacity, with some excep
tions for PSP-producers (Tables S3–S5). The best-performing models 
were obtained for ASP-producers, with 46% of the models achieving R2 

values above or equal to 0.30, suggesting moderate model predictive 
skills. Models for DSP and PSP-producers showed lower predictive ca
pabilities, with average R2 values of 0.05 and 0.02, respectively. Low R2 

values (and high errors) generally suggested that model performance 
was limited, even for the best models (Table 1).

For ASP-producers, the best dataset and model results, were obtained 
for the west and south coasts, with R2 values between 0.45 and 0.55, for 
satellite and mixed datasets (see Table 1 and Fig. 5). For DSP group, the 
best dataset and model was associated with inner and outer shelf areas in 
the western sector of CSM, with an R2 value of 0.56 for the satellite 
dataset. For PSP-producers, the best dataset and models were obtained 
for the western coast and the inner and outer shelf areas in the eastern 
sector of CSM, showing R2 values around 0.27, for the satellite dataset 
(see Table 1 and Fig. 5).

3.4. Partitioning of coastal waters off SWIP prioritizing environmental 
variables that best describe variability of different HAB-forming groups

Basic statistical information on the environmental variables used to 
partition the coastal domain off SWIP, for different HAB groups and 
coastal regions, is summarized in Tables S7–S9. Our three-step parti
tioning strategy identified five regions predominantly within the coastal 
domain off SWIP, for all HAB groups (Fig. 6): two inner shelf areas in the 
southern and western sectors (depth <200 m; regions 2 and 4); two 
outer shelf-slope regions, extending up to the 1000 m isobath near the 
Tagus river mouth (regions 1 and 3 on the south and west coasts, 
respectively); and one transitional region between outer-shelf and 
oceanic waters off the west coast (region 5). Each coastal region showed 
a relatively small spatial coverage, accounting for 6-30% of the total 
coastal-slope domain (see Table S10). For the two inner shelf regions, 
higher nitrate concentrations and lower SST were detected on the west 
coast, whereas higher silicate and iron concentrations were observed on 
the south coast (p < 0.05; see Tables S7–S9 and associated Kruskal- 
Wallis results). The partitions prioritizing the variability in ASP- and 
DSP-producers displayed similar configuration patterns (Fig. 6A and B). 
However, the partition prioritizing the variability of PSP-producers 
showed a relative increase in the area covered by region 1, and a 
decrease in the area of region 2, both located on the south coast 
(Fig. 6C).

4. Discussion

A novel approach combining SOM, HAC and model fitting, was used 
to develop a more biologically representative environmental partition of 
the coastal domain off SW Iberia. The use of 14 independent partitioning 
variables, covering a 19-year period, identified a total of 11 or 12 re
gions in the whole study area, depending on the dataset, with 4 to 5 
located in the coastal-slope domain. Despite the similarity in number, 
region configurations were different across datasets, then highlighting 
the need to identify which dataset best represented the environmental 
conditions for different HAB groups. Simpler empirical-statistical 
models outperformed more complex models and revealed that the 
satellite-derived and mixed datasets were more representative of the 
environmental conditions best describing HAB variability. The use of 
this information, at a pixel level, identified five environmentally 
coherent regions potentially representative of the variability of each 
HAB group. However, their value as proxies for HAB distribution pat
terns is constrained by the predictive skills of the best models and 
available datasets.

Fig. 5. Regions with coherent, co-varying environmental variability patterns 
off SW Iberia (period: 2002-2021), established based on the application of self- 
organizing maps and clustering classification methods to different datasets: (A) 
chlorophyll-a (Chl-a); (B) satellite-derived variables (including Chl-a); and (C) 
satellite- and model-derived variables. CSV and CSM depict the location of 
prominent topographic features, Cape São Vicente and Cape Santa Maria, 
respectively. Region labels are not comparable across datasets, i.e., colours do 
not correspond to the same regions. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the Web version of 
this article.)
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4.1. Partitioning the area off SWIP: towards more biologically meaningful 
partitions

Overall, our unsupervised partitions of the whole SWIP area revealed 
an inner-outer shelf gradient, and differences between meridionally and 
zonally oriented coastal areas. These gradients were previously captured 
by both macroscale (Hoepffner and Dowell, 2005) and mesoscale (Krug 
et al., 2017b, 2018a, 2018b; Ferreira et al., 2019, 2021) unsupervised 
partitions covering the study area. At a macroscale level, several studies 
delineated two to four regions off the SWIP area, with coastal and 
oceanic regions separated by distinct boundaries (Sherman, 1994; 
Longhurst, 2007; Spalding et al., 2007, 2012; Fay and McKinley, 2014). 
Other studies at the mesoscale level (see Table 2), namely those focusing 
the Gulf of Cádiz, also identified marked differences between coastal and 
oceanic regions (Navarro and Ruiz, 2006; Muñoz et al., 2015).

Our biologically informed partitioning strategy identified five 
distinct regions for each HAB group: two inner shelf, two outer shelf- 
slope, and one transitional region between coastal and oceanic waters 

off the west coast (see Fig. 6). This clear separation between inner and 
outer shelf areas was only achieved by (Krug et al., 2017b) for the 
eastern sector of CSM. However, in contrast to previous studies (see 
Table 2), our partitions did not separate regions primarily influenced by 
coastal upwelling and those influenced by freshwater inputs. As previ
ously hypothesized, different regions were identified in the western and 
southern SWIP coasts. The existence of two inner-shelf regions, on the 
west (region 4) and south (region 2) coasts, probably resulted from the 
occurrence of stronger upwelling activity on the west coast, responsible 
for higher nitrate concentrations and lower SST, in respect to the south 
coast (Krug et al., 2017b; Ferreira et al., 2021; Relvas et al., 2007). 
Interestingly, the extension of the western inner-shelf region around 
CSV, into the southwest coast, corroborated the influence of upwelling 
in the northwestern sector of Gulf of Cádiz. The eastward-advected 
upwelled water masses may either be retained in a cyclonic eddy near 
CSM or continue to flow eastward and join the Huelva Front 
(García-Lafuente et al., 2006; Sánchez and Relvas, 2003; Cria
do-Aldeanueva et al., 2009). The expansion of the western outer-shelf 

Table 1 
Summary of the best-performing models used to predict the abundance of toxigenic phytoplankton groups responsible for ASP (Amnesic Shellfish Poisoning), DSP 
(Diarrhetic Shellfish Poisoning) and PSP (Paralytic Shellfish Poisoning) human syndromes, during the period 2014-2021, for coastal regions that spatially overlap with 
coastal shellfish production areas in the area of SW Iberia, considering distinct predictor datasets (chlorophyll-a, Chl-a, satellite-derived and mixed datasets). In
formation on the best-fitted model and the corresponding coefficient of determination (R2) and root-mean-squared error (RMSE) is provided for each combination of 
harmful algal bloom (HAB) type, dataset and region. Region labels are not comparable across datasets. Asterisks indicate models where the response variable (group- 
specific abundance) was log-transformed. The total number of samples used for model fitting was 96. See Fig. 5 for region location considering different datasets, and 
Tables S3–S5 for information on model hyperparameters. Information on region's location relative to the coastline orientation and, over the south coast, relative to 
Cape Santa Maria (CSM), is provided after the region label (only for ASP-producers). C: coast; Sl: slope; W: west; S: south; wCSM: western sector of CSM; eCSM: eastern 
sector of CSM.

HAB taxa Dataset Region label R2 RMSE Best model

ASP Chl-a 7 (C) 0.17 18476.97 Negative Binomial Regression
8 (C-eCSM) 0.01 16314.18 Negative Binomial Regression
10 (Sl) 0.02 13117.81 Negative Binomial Regression
11 (Sl-eCSM) 0.004 18345.94 Negative Binomial Regression

Satellite variables 1 (Sl-W) 0.30 25587.14 Negative Binomial Regression
2 (C-W) 0.45 12080.88 Negative Binomial Regression
11 (C,Sl-eCSM) 0.05 14465.32 Negative Binomial Regression*
12 (C,Sl-wCSM) 0.34 34117.80 Negative Binomial Regression

Mixed variables 6 (C,Sl-eCSM) 0.14 18249.12 Negative Binomial Regression
5 (C-eCSM) 0.36 22982.22 Negative Binomial Regression
7 (C,Sl-S) 0.39 26080.22 Negative Binomial Regression
9 (C-W) 0.55 18020.83 Negative Binomial Regression
11 (C) 0 15042.61 Negative Binomial Regression*

DSP Chl-a 7 0.001 545.10 Negative Binomial Regression*
8 0.01 3076.34 Negative Binomial Regression
10 0.01 775.61 Negative Binomial Regression*
11 0.04 952.04 Negative Binomial Regression

Satellite variables 1 − 0.01 141.57 Negative Binomial Regression*
2 0 908.28 Negative Binomial Regression*
11 0.03 922.30 Negative Binomial Regression*
12 0.56 1139.04 Negative Binomial Regression

Mixed variables 6 0.02 217.36 Negative Binomial Regression*
5 − 0.01 1535.19 Negative Binomial Regression*
7 0.01 559.18 Negative Binomial Regression*
9 0 618.15 Negative Binomial Regression*
11 0.001 1567.05 Negative Binomial Regression*

PSP Chl-a 7 0 55.67 Negative Binomial Regression
8 0.07 84.29 Negative Binomial Regression
10 0.01 58.98 Negative Binomial Regression*
11 0.01 79.14 Negative Binomial Regression

Satellite variables 1 − 0.12 69.81 Poisson Regression*
2 0.27 50.39 Negative Binomial Regression
11 0.28 70.69 Negative Binomial Regression
12 0.01 81.55 Negative Binomial Regression*

Mixed variables 6 − 0.13 114.71 Linear Regression*
5 0.09 81.40 Negative Binomial Regression*
7 − 0.17 113.49 Zero-inflated Regression*
9 − 0.01 60.01 Negative Binomial Regression*
11 0.01 100.13 Negative Binomial Regression*
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region up to the 1000 m isobath (region 3) is probably a reflection of 
intensified cross-shore processes associated with upwelling filaments, as 
reported in previous studies (Relvas et al., 2007; García Lafuente and 
Ruiz, 2007). The transitional outer shelf-ocean region on the west coast 
(region 5) probably indicated the influence of submarine topographic 
features, such as the Nazaré, Cascais, Lisboa/Setúbal and São Vicente 
canyons (see 1000 m isobathymetric contours, Fig. 6; Allin et al., 2016), 
that promote more oceanic conditions closer to the coast. The offshore 
extension of the southern outer-shelf region (region 1), limited mostly 
within the 200 m isobath, revealed the dominance of alongshore cur
rents (García-Lafuente et al., 2006; Garel et al., 2016; Criado-Aldea
nueva et al., 2009). Differences between inner and outer-shelf regions 
mostly over the southern coast, may also be explained by the influence 
of major river discharges (Guadiana and Guadalquivir), low-flow 
streams, lagoons, and small estuaries, as well as local submarine 

groundwater discharges (Hugman et al., 2015), and atmospheric wet 
deposition (Thompson et al., 2015; Zou et al., 2000). These nutrient 
sources may explain higher silicate concentration in the south coast, 
while the additional contribution from Saharan dust deposition 
(Escudero et al., 2005) may be responsible for the higher iron concen
trations (see Tables S7–S9).

Although Chl-a alone was not identified as the best predictor dataset 
for any HAB group, our coastal-slope environmental regions showed 
good agreement with previous Chl-a or phenology-based partitioning 
studies (Krug et al., 2017b; Krug et al., 2018b; Ferreira et al., 2021; see 
Table 2 for a detailed comparison with previous studies), though 
expanding the detail to specific HAB groups. The identification of the 
mixed dataset, that includes nutrients, geostrophic currents and salinity 
in addition to satellite-derived variables, as the best predictor dataset for 
ASP-producers, probably reflected the specific requirements and func
tional traits of r-strategist opportunistic diatoms (Weithoff and Beisner, 
2019; Marañón, 2015). The satellite-derived dataset was the best, yet 
with much lower predictive capacity, at predicting the abundance of 
both DSP- and PSP-producers, which include dinoflagellates that are less 
dependent on nutrient availability due to specific life traits, such as 
mixotrophy, motility and allelopathy (Smayda and Trainer, 2010; Gli
bert and Burford, 2017).

Nevertheless, the anticipated delineation of distinct coastal regions 
for each HAB group was not clearly detected. The similarity between the 
environmental partitions (regions) prioritizing ASP- and DSP-producers 
may represent the combined influence of coastal upwelling and riverine 
discharges. Yet, the best set of predictors, do not necessarily have the 
same influence (positive or negative) on HAB taxa, and can even show 
contrasting influences. For example, upwelling events or their envi
ronmental signatures (e.g., lower SST) can both have positive and 
negative effects on Pseudo-nitzschia blooms, due to nutrient enhance
ment and advective losses, respectively, for Iberian coastal waters 
(Torres Palenzuela et al., 2019; Moita, 2001; Silva et al., 2009; Palma 
et al., 2010; Vidal et al., 2017; Moita et al., 2016), and other coastal 
upwelling systems (see reviews by Trainer et al., 2010; Pitcher et al., 
2017). River discharge or its proxies (salinity) have also been identified 
as predictors of Pseudo-nitzschia spp., showing overall negative effects, in 
the southern Iberian coastal waters (Lima et al., 2022), and other 
freshwater-influenced systems (Lane et al., 2009; Anderson et al., 2009, 
2010, 2011; Liefer et al., 2009; Guallar et al., 2016). In turn, Dinophysis 
spp. Appear to be favoured by weak to moderate upwelling events, but 
also by upwelling relaxation and downwelling events, which promote 
the contact with their prey (Mesodinium rubrum) in northwestern Iberian 
shelf waters (Moita et al., 2006, 2016; Escalera et al., 2010; Díaz et al., 
2016; Velasco-Senovilla et al., 2023), and southwest Portuguese coastal 
waters (Loureiro et al., 2005, 2011). Similarly to Pseudo-nitzschia, a 
negative relationship between Dinophysis and high river discharges is 
often described, likely reflecting increased advective losses (Moita et al., 
2016). Yet, low to medium river discharges may also have a positive 
effect on Dinophysis sp., as reported for the south Portuguese coast (Lima 
et al., 2022) and other freshwater-influenced systems (e.g. Marzidovšek 
et al., 2024) associated with increased nutrient availability during pe
riods of intensified haline-driven stratification (e.g. Moita et al., 2016). 
The configuration of the environmental partitions (regions) prioritizing 
PSP-producers suggested a reduced contribution from riverine dis
charges, particularly along the south coast, which contrasts with pre
vious reports of positive relationships between river discharge and 
Gymnodinium catenatum, the main PSP-producing species in the study 
area (Lima et al., 2022). However, given the limited availability of 
non-zero observations for this HAB group, these results should be 
interpreted with caution.

4.2. Advantages and limitations of the novel partitioning strategy

Our three-step partitioning strategy has several advantages, but 
there are generic and study-specific limitations that need to be 

Fig. 6. Final partitions prioritizing environmental variables that best describe 
variability of the most frequently reported toxigenic phytoplankton taxa, over 
the coastal-slope domains off SW Iberia, for the period 2002-2021: (A) Amnesic 
Shellfish Poisoning (ASP)-producers, (B) Diarrhetic Shellfish Poisoning (DSP)- 
producers, and (C) Paralytic Shellfish Poisoning (PSP)-producers. Black lines 
represent 20 m, 200 m and 1000 m isobathymetric contours.
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Table 2 
Overview of previous mesoscale and regional partitioning studies including the coastal-slope domain off SW Iberia, with information on the spatial and temporal 
coverage, partitioning variables, number of regions identified within our study area, similarities and differences relative to the regions identified in the present study, 
and associated reference, organized chronologically. SST: sea surface temperature; PAR: incident photosynthetically active radiation; Chl-a: chlorophyll-a concen
tration; MLD: mixed layer depth; Zeu: euphotic depth; Sal: salinity; W3: turbulent mixing index; U: zonal component of wind; V: meridional component of wind; PO4: 
phosphate concentration; Fe: iron concentration; Lat: Latitude; Long: Longitude; CSV: Cape São Vicente; CSM: Cape Santa Maria; WC: west coast; SC: south coast; Gdn: 
Guadiana; Gdq: Guadalquivir; WSlp: western slope; SSlp: southern slope; NOff: north offshore; CoUp: coastal upwelling; CoBa: coastal river basins; CoMa: coastal 
continental margin; OcN: oceanic north; OcSW: oceanic southwest.

Spatial 
domain

Temporal 
coverage

Variables N◦ regions 
covering our 
study area

Similarities Differences Reference

European 
Seas

1999-2000 SST, PAR, Chl-a 3 (coast- 
oceanic)

One region (class 8) detected near CSV and 
between Guadiana and Guadalquivir river 
mouths, and one transitional region 
between coastal and oceanic waters (class 
4), mainly observed during spring.

No clear distinction between inner and 
outer shelf regions; dynamic season- 
specific regions.

Hoepffner 
and Dowell 
(2005)

Gulf of Cádiz 1998-2002 Chl-a 3 (coast) One region (zone 2), similar to our region 
4, under strong upwelling influence near 
CSV; one region (zone 3) partially covering 
our region 1, close to CSM; and one region 
(zone 4) that may partially cover our region 
2, under greater influence of major river 
discharges.

Differentiation between upwelling and 
river-influenced areas; no clear distinction 
between inner and outer shelf regions; did 
not consider the west coast.

Navarro and 
Ruiz (2006)

Gulf of Cádiz 
& Alboran 
Sea

2005-2009 SST, Chl-a 3 (coast), 1 
(slope)

One region (zone 1) partially covering our 
region 4, influenced by upwelling near 
CSV; a coastal region (zone 4) that 
coincides with our regions 1 and 2; and a 
region between the Guadalquivir river 
mouth and Cádiz (zone 5) mainly impacted 
by riverine discharges.

Differentiation between upwelling and 
river-influenced areas; additional slope 
region detected east of CSM (zone 3); no 
clear distinction between inner and outer 
shelf regions; did not consider the west 
coast.

Muñoz et al. 
(2015)

Southwest 
Iberia

1997-2012 Chl-a 4 (coast), 2 
(slope), 1 
(oceanic)

One west coast region (region WC), 
covering our regions 3 and 4, and one on 
the south coast (region SC), covering our 
regions 1 and 2, mainly influenced by 
upwelling associated with northerly and 
westerly winds, respectively. Two coastal 
regions near Guadiana and Guadalquivir 
river basins (Gdn, Gdq), partially 
overlapping the eastern sector of our region 
2. Two western and southern slope regions 
(WSlp, SSlp), partially covering our regions 
3 and 1, respectively; and one oceanic 
region (NOff) covering part of our 
transitional region 5.

Differentiation between upwelling and 
river-influenced areas, and between inner 
and outer-shelf areas on the eastern sector 
of CSM.

Krug et al. 
(2017b)

Southwest 
Iberia

2002-2011 MLD, SST, PAR, 
Zeu, Sal, W3, U, 
V, 
PO4, Fe, Lat and 
Long

2 (coast), 2 
(slope)

Two coastal regions, one confined to 
narrow areas on the west coast and near the 
Guadalquivir river mouth (EP3), and other 
extending the western and southern coasts 
(EP9), broadly covering all our regions.

Two slope regions over the western and 
southern coasts (EP11, EP6), with distinct 
offshore extensions; dynamic season- 
specific regions.

Krug et al. 
(2018a)

Southwest 
Iberia

1997-2015 Chl-a-derived 
phenological 
indices

2 (coast), 1 
(slope)

A coastal region located on the west coast, 
extending eastwards from CSV (Upwelling- 
influenced), corresponding to our regions 3 
and 4; and a slope region (Coastal-Slope), 
overlapping our regions 1 and 2.

One coastal region mostly located east of 
CSM next to major river basins (River- 
influenced), coastal wetlands and lagoons, 
and small estuarine systems.

Krug et al. 
(2018b)

Western 
Iberia

1998-2016 Chl-a 2 (coast), 1 
(coast-slope), 
1 (oceanic)

A coast-slope region (region C), which 
partially overlaps our regions 1 and 3; and 
a mostly oceanic region (region B), 
partially covering our regions 1 and 5.

Two coastal regions influenced by the 
Guadalquivir river discharge (region D), 
and smaller estuarine systems and rivers, 
likely also capturing the signal of coastal 
upwelling (region F). No clear distinction 
between inner and outer shelf regions.

Ferreira et al. 
(2019)

Western 
Iberia

1998-2018 Chl-a-derived 
phenological 
indices

2 (coast), 1 
(slope), 2 
(oceanic)

One coastal region concentrated near 
Sagres and scattered along the west coast, 
under stronger upwelling influence 
(CoUp), partially covering our region 4; 
one coastal region close to large rivers 
(Tagus, Guadiana and Guadalquivir), 
coastal lagoons and smaller river systems 
(CoBA), that partially overlaps our region 
2; one slope region mostly in the west coast, 
transitioning from coastal to oceanic 
waters (CoMa), that might represent our 
region 5; and two regions (OcN and OcSW) 
that partially overlap our regions 1 and 2.

No clear distinction between inner and 
outer shelf regions.

Ferreira et al. 
(2021)
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addressed. The region configurations, obtained in the first step, limited 
the application of the following steps to regions that overlapped with 
classified coastal production areas. The lack of in situ environmental 
data collected concurrently with HAB sampling, that created the need to 
use model-derived data, as well as the absence of other potential envi
ronmental drivers and/or predictors of HAB-groups, also limited the 
output of the first unsupervised classification. Thus, the relatively low 
spatial (4 km) and temporal (monthly) resolution of the environmental 
data, combined with issues associated with the HAB monitoring pro
grams, likely explained the low (DSP- and PSP-producers) to moderate 
(ASP-producers) model predictive skills of even the best models. The 
combination of the abundance of different HAB taxa, into broad cate
gories related with human syndromes, may also explain the limited 
model performance, since even species from the same genus can exhibit 
different niche preferences (e.g., D. acuta and D. acuminata; Moita et al., 
2016; Escalera et al., 2010; Vale and Sampayo, 2003; Reguera et al., 
2012; Díaz et al., 2019a; Batifoulier et al., 2013). In addition, the 
reduced number of sampling stations within each classified coastal 
production area, located nearshore (beach monitoring; see Anderson 
et al., 2009), and the high frequency of null abundances, namely for PSP 
group, limited model selection and precluded the use of independent 
training and test datasets (e.g. Bouckaert et al., 2004), which ultimately 
constrained model predictive skills. The simplified weight attribution 
approach used for the best-performing dataset in the third step of our 
partitioning strategy, combined with the low taxonomic, spatial and 
temporal resolutions, may have prevented the identification of distinct 
coastal regions for each group. Furthermore, extrapolating the best 
model results based on nearshore HAB data collected during an 8-year 
period, to the whole study period and the coastal regions overlapping 
with the classified coastal production areas, implicitly assumes that the 
statistical relationships between HAB abundances and environmental 
predictors remained consistent over time and space. These assumptions 
may not accurately reflect dynamic interactions between HAB groups 
and environmental conditions. However, the exploration of specific re
lationships between the abundance of HAB-forming groups and different 
predictors was beyond the scope of this study.

Despite these limitations, our partitioning approach allowed the 
delineation of biologically relevant regions, that partially captured the 
environmental variability associated with different toxigenic phyto
plankton groups. While simplifying spatial heterogeneity, this strategy 
adds biological representativeness, providing a framework to design 
more cost-effective HAB sampling strategies that minimize over
sampling in regions with similar environmental conditions, while 
reducing the risk of undersampling heterogeneous areas, and promoting 
a sustainable use of resources. Although this partitioning strategy is 
more attractive for areas with limited biological data, future studies 
would benefit from more complete environmental and biological data
sets, with finer spatial and temporal coverage, increased taxonomic 
resolution, and inclusion of environmental drivers and/or predictors of 
target biological groups. For phytoplankton dedicated partitions, these 
should integrate both local (e.g., upwelling metrics, river discharges) 
and non-local predictors (e.g., offshore nutricline depth, climate indices; 
Kenitz et al., 2023). Specifically, for the DSP-producers Dinophysis spp., 
the additional inclusion of M. rubrum should be considered (Harred and 
Campbell, 2014; Díaz et al., 2019b). Higher-resolution datasets could 
enhance model performance and stability, and support independent 
model evaluation. The exploration of alternative weight attribution 
approaches in the third step of the proposed partitioning strategy could 
potentially support the identification of distinct partitions between 
groups, although this would require more comprehensive datasets. 
Furthermore, this approach can be transferred to other biological 
groups, namely using species occurrence data from global repositories 
(e.g., Ocean Biodiversity Information System, Global Biodiversity In
formation Facility), associated with distinct model types, which could 
support group-specific forecasting systems and ecosystem management 
in complex marine domains. Hyperspectral remote sensing missions, 

such as NASA's Plankton, Aerosol, Cloud, ocean Ecosystem (PACE) 
mission, will provide extended, high-resolution phytoplankton func
tional type products that could be integrated into our partitioning 
strategy, offering a promising avenue to overcome the scarcity of in situ 
biological data (Bracher et al., 2026). All the abovementioned sugges
tions could refine the outputs of the three steps of our partitioning 
strategy, namely improving model predictive skills and the value of 
biologically informed environmental partitions as proxies for species 
abundance.

5. Conclusions

This study developed a novel three-step partitioning strategy of the 
coastal areas off SWIP, that prioritizes environmental factors that best 
describe variability patterns of different HAB taxa, at the pixel-level. The 
first unsupervised classification identified up to 12 regions over the 
whole study area, with 4 to 5 located in the coastal-slope domain. 
However, the configuration of these regions varied depending on the 
predictor datasets used, highlighting the need to select the set of vari
ables that best represented environmental conditions specifically asso
ciated with different HAB groups. The best predictor datasets (satellite- 
derived and mixed datasets) and empirical-statistical models (simpler 
outperformed complex, machine-learning approaches), with low to 
moderate predictive skills, identified five spatially coherent regions, 
including two inner shelf, two outer shelf-slope and one transitional 
coastal-ocean region. Contrary to our hypothesis, no clear distinctive 
partitions were identified for different HAB groups, namely for ASP- and 
DSP-producers. Our biologically informed partitions apparently re
flected the combined influence of upwelling patterns and riverine dis
charges, as well as the presence of submarine topographic features 
(canyons). This novel partitioning strategy simplifies the environmental 
heterogeneity, while adding specific biological significance to the par
titions, thus expanding its value relative to previous abiotic-based par
titioning exercises. Future studies would benefit from more complete 
datasets, for both environmental predictors and biological variables, and 
alternative weight attribution approaches (third step in the proposed 
strategy). Although our study focused on specific toxigenic phyto
plankton groups off SWIP, this methodology is transferable to other 
marine systems and taxonomic groups, namely for areas with limited 
biological information, supporting effective ecosystem monitoring and 
management strategies, targeting specific organisms.
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