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ARTICLE INFO ABSTRACT

Keywords: Mangrove ecosystems along the southeastern Brazilian coast are exposed to contrasting degrees of anthropogenic
Marfgrﬂve ecosystems pressure, ranging from industrialized estuarine sectors to relatively preserved protected areas. This study
Environmental variability examined regional patterns of environmental variability across six mangrove regions using an integrated dataset

Sediment geochemistry

of 54 sampling units described by 29 biological, chemical, and sedimentological variables, including sediment-
Trace metals

Biomarkers associated metals and biomarkers in the crab Ucides cordatus. A Self-Organizing Map (SOM) was used as an

Ucides cordatus exploratory tool to analyze multivariate structure within the dataset. The results revealed a coherent spatial

Coastal gradients organization consistent with known environmental gradients, distinguishing more impacted central estuaries
from southern low-impact mangroves, while partial overlap among adjacent southern regions indicated transi-
tional environmental conditions. Sediment-associated metals, particularly manganese and available copper, were
among the main drivers of regional differentiation, together with sediment texture and organic matter. Bio-
markers, including neutral red retention time (NRRT) and micronucleus frequency (MN), showed spatial patterns
consistent with sediment conditions, suggesting partially distinct cytotoxic and genotoxic responses to envi-
ronmental variability. These findings demonstrate that integrating sediment geochemistry and biological re-
sponses provides a robust framework for describing regional environmental variability and supports the use of
U. cordatus as a sentinel species in coastal monitoring programs.
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1. Introduction

Mangrove forests are among the most productive and ecologically
important coastal ecosystems worldwide, providing essential services
such as shoreline stabilization, nutrient cycling, carbon sequestration,
and biodiversity support (Duke et al., 2007; Alongi, 2014;
Schaeffer-Novelli et al., 2023; Khan et al., 2025). As transition zones
between terrestrial and marine environments, they function as efficient
biogeochemical filters, regulating material fluxes and sustaining com-
plex trophic networks (Souza et al., 2018; Souza and Pinheiro, 2022;
Albertin-Santos et al., 2025).

Despite their ecological and socioeconomic importance, mangroves
have experienced a marked global decline driven by urbanization, in-
dustrial activities, and land-use change (Friess et al., 2019; Pinheiro
et al., 2022; Heck et al., 2024). These pressures are particularly intense
in tropical regions, where impacts are often chronic and spatially het-
erogeneous (Heck et al., 2024; IUCN, 2024).

A key characteristic of mangrove systems is their capacity to retain
contaminants, especially trace metals, within fine-grained, organic-rich
sediments (Tognella et al., 2022; Ramos et al., 2024; Zhang et al., 2025).
Although this process can reduce contaminant export to adjacent waters,
it increases resident organisms' exposure to sediment-associated pol-
lutants (Duarte et al., 2025). Such exposure may induce sublethal ef-
fects, including cytotoxicity and genotoxicity, potentially affecting
organism fitness before visible ecological degradation occurs (Duarte
et al., 2016; Duarte et al., 2017).

These characteristics make mangroves suitable for integrative envi-
ronmental assessments combining chemical, sedimentological, and
biological indicators. In this context, the mangrove crab Ucides cordatus
(Linnaeus, 1763) is a key model species in the Western Atlantic
(Pinheiro et al., 2017). As an ecosystem engineer, it influences sediment
structure and nutrient cycling through burrowing and feeding activities
(Kristensen, 2008). Its close association with sediments, ecological
relevance, and relatively long lifespan make it particularly suitable as a
sentinel species (Pinheiro et al., 2005; Pinheiro, 2026). Cytotoxic and
genotoxic biomarkers in this species provide early-warning signals of
environmental stress across spatial and temporal scales (Duarte et al.,
2016, 2019; Pinheiro et al., 2022).

Mangrove ecosystems along the southeastern Brazilian coast form a
well-defined environmental gradient, ranging from highly impacted
estuarine systems to relatively preserved protected areas. Although
previous studies in this region have documented differences in sediment
quality, metal contamination, and biological responses, these compo-
nents have often been analysed separately or using linear approaches,
such as Principal Component Analysis (PCA) used by Duarte et al.
(2016), which limits the ability to capture gradual transitions and
multivariate interactions among ecosystem compartments.

The environmental gradients investigated in this study were char-
acterized using an integrated set of biological, geochemical, and sedi-
mentological descriptors that are widely employed in mangrove
environmental assessments and monitoring programs (N’goran et al.,
2022; Adam et al., 2023; Rinehart et al., 2024; Swetha et al., 2025).
Together, these descriptors provide complementary information on
environmental quality and ecosystem condition across multiple levels of
biological organization.

To address this complexity, exploratory multivariate tools can help
summarize such datasets and identify coherent spatial patterns without
imposing predefined classifications. Self-Organizing Maps (SOMs) have
been applied in environmental studies to identify patterns and gradients
in high-dimensional data (Kohonen, 2001; Fusco and Perez, 2019;
Guagliardi et al., 2022; Licen et al., 2023; Hussain et al., 2024),
particularly in systems where gradual environmental transitions
complicate the identification of discrete ecological boundaries.

Previous assessments in this region have primarily relied on linear
ordination techniques, such as Principal Component Analysis (PCA), to
relate biological responses of Ucides cordatus to environmental gradients
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(Duarte et al., 2016; Pinheiro et al., 2017). Although effective, these
approaches may not fully capture nonlinear relationships and transi-
tional environmental conditions typical of estuarine systems. Further-
more, whether integrated biological, geochemical, and sedimentological
descriptors can consistently characterize regional environmental gradi-
ents across mangrove ecosystems remains insufficiently explored along
the southeastern Brazilian coast.

Accordingly, this study examines regional patterns of environmental
variability across six mangrove regions along the southeastern Brazilian
coast using an integrated set of biological, chemical, and sedimento-
logical variables, with Self-Organizing Maps (SOM) applied as an
exploratory analytical tool. Our main hypothesis is based on the pre-
diction that SOM would distinguish more impacted central estuarine
regions from southern mangroves with comparatively low impact, in
addition to observing transition gradients in adjacent regions, present-
ing similar sedimentary and biogeochemical characteristics. By inte-
grating abiotic variables and biological responses, this approach aimed
to evaluate whether the biomarkers and population descriptors of
U. cordatus provide ecologically significant signals along these regional
environmental gradients.

2. Materials and Methods
2.1. Study areas

This study was conducted in six mangrove regions along the coast of
Sao Paulo State, Southeastern Brazil, encompassing estuarine systems
with contrasting levels of anthropogenic pressure and conservation
status (Fig. 1). Together, these regions form a well-defined gradient of
anthropogenic influence, geomorphological settings, and biogeochem-
ical conditions, providing an appropriate spatial framework for multi-
variate environmental assessment and for evaluating the ability of Self-
Organizing Maps (SOM) to discriminate between contrasting and tran-
sitional ecological states in mangrove ecosystems. The six mangrove
regions are briefly characterized below by their dominant anthropo-
genic pressures, sedimentary settings, and biogeochemical features,
which collectively define the environmental gradient examined in this
study.

Brazil

Sao Paulo

Fig. 1. Location of the six mangrove regions sampled along the coast of Sao
Paulo State, southeastern Brazil. The study area comprises 18 subareas
distributed across the central and southern coastal sectors. The map was
redesigned by Gustavo Pinheiro and Esli Mosna; photographs were obtained
from the CRUSTA collection (Marcelo Pinheiro, UNESP, IB/CLP).
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(1) Bertioga (BET). Bertioga comprises estuarine mangroves subject
to moderate anthropogenic influence, primarily from urban
runoff and legacy contamination from a former municipal landfill
near the sampling sectors. Periodic increases in Cu and Pb con-
centrations in water and surface sediments indicate diffuse
contamination pathways, which may vary seasonally according
to rainfall-driven runoff, tidal exchange, and terrestrial inputs,
rather than reflecting persistent industrial discharges (CETESB,
2021; Timoszczuk et al., 2026). Mangrove forests exhibit inter-
mediate structural development, and sediments are composed of
a mixed fine-to-medium matrix shaped by tidal exchange and
terrestrial inputs.

Cubatao (CUB). This region is the most industrialized area
investigated and has historically been exposed to high levels of
emissions from the metallurgical, petrochemical, fertilizer, and
steel industries. Long-term accumulation of trace metals, partic-
ularly Cd, Pb, Cu, and Hg, has been extensively documented in
estuarine and mangrove sediments (CETESB, 2021; Goncalves
et al., 2012). Despite chronic contamination, mangrove forests
remain tall and structurally developed, reflecting continuous
exposure to atmospheric deposition and industrial effluent
inputs.

(3) Sao Vicente (SAV). Located within the same estuarine complex
as Cubatao, Sao Vicente receives contaminants redistributed by
tidal circulation and is bordered by extensive informal waterfront
settlements (stilt houses), which contribute additional diffuse
urban inputs. Elevated concentrations of Hg and other trace
metals in sediments have been reported, particularly at sampling
points within this sector (Kim et al., 2022). These conditions are
associated with pronounced genotoxic responses in Ucides cor-
datus (Duarte et al., 2016; Pinheiro et al., 2021). Sediments are
heterogeneous, and mangrove stands display moderate structural
complexity.

Iguape (IGU). This region lies within the lower Ribeira de Iguape
estuary and has historically been influenced by upstream mining
activities, resulting in the enrichment of Mn, Cu, and Hg in
estuarine sediments (Mahiques et al., 2009). These legacy inputs
persist in contaminated sediments and have been associated with
ecotoxicological effects (Perina and Abessa, 2020).
Fluvial-dominated hydrodynamics favor deposition of fine,
organic-rich sediment, enhancing metal retention and supporting
moderately developed mangrove forests.

(5) Cananéia (CAN). Located in the southern sector of the Can-
anéia-Iguape estuarine-lagoon complex, this region exhibits low
levels of contamination, and trace metal distributions are largely
controlled by natural geochemical processes, with local Mn
enrichment linked to sedimentary dynamics (Millo et al., 2021).
Nutrient-poor sediments and reduced anthropogenic pressure
support its designation as a low-impact southern reference area.
Juréia (JUR). The Juréia-Itatins Ecological Station (JIES) rep-
resents the low-impact endmember of the environmental
gradient. Metal concentrations in water, sediments, and Ucides
cordatus remain at baseline levels, confirming its role as an
ecological control site (Pinheiro et al., 2013; Pinheiro et al.,
2021). Mangroves occur within an intact landscape characterized
by undisturbed hydrology and negligible external inputs.

(2

—

(4

—

6

~

Together, these six regions encompass a broad spectrum of envi-
ronmental conditions, ranging from heavily industrialized estuaries to
fully preserved mangrove forests, allowing robust evaluation of SOM
performance in detecting transitional environmental conditions.

2.2. Environmental variables and data structure

Prior to the Self-Organizing Map analysis, the dataset was examined
through a sequence of exploratory and integrative analyses to
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characterize environmental gradients rather than to test isolated hy-
potheses. Following the approach of Duarte et al. (2016), biological
responses, sedimentological properties, and geochemical variables were
first evaluated descriptively to assess their spatial variability and
ecological relevance across mangrove regions. The joint behavior of
variables was then considered within a multivariate framework,
acknowledging their strong interdependence in mangrove ecosystems.

All variables were collected during a single sampling campaign,
minimizing temporal variability. Each mangrove region was represented
by three subareas to ensure adequate spatial coverage. Within each
subarea, three 5 x 5 m square plots were randomly established, for a
total of nine sampling units per region. In total, 54 sampling units were
analyzed. All environmental, sedimentological, chemical, and biological
measurements were spatially matched at the plot level, following the
sampling design detailed by Duarte et al. (2016).

The SOM analysis was based on 29 biological, chemical, and sedi-
mentological variables summarized in Table 1. These variables include
biological responses (cytotoxic and genotoxic biomarkers: NRRT and
MN, respectively), sediment-associated metal concentrations, grain-size
fractions, and sediment geochemical attributes, which are widely
employed as indicators of environmental quality in mangrove ecosys-
tems (Marchand et al., 2006; Alongi, 2014; Duarte et al., 2016).

The selection of variables aimed to capture interactions among
ecosystem compartments rather than isolated stressors, thereby
reflecting the integrated nature of mangrove biogeochemical func-
tioning. This multivariate structure is well-suited to SOM analysis,
enabling the identification of complex environmental patterns in high-
dimensional datasets (Guagliardi et al., 2022; Licen et al., 2023).

The complete dataset used for SOM training and evaluation,
including raw standardized values, is provided in Supplementary
Tables S1-S4.

2.3. Self-Organizing Map analysis

Self-Organizing Maps were applied as an unsupervised multivariate
tool to explore spatial and environmental patterns across the six
mangrove regions. The dataset comprised 54 samples (nine per region),
each described by 29 variables. Although the number of variables
relative to the sample size may appear comparatively high, SOM algo-
rithms are specifically designed to handle complex multivariate struc-
tures and high-dimensional environmental datasets by projecting them
onto a lower-dimensional topology while preserving neighborhood re-
lationships among samples (Kohonen, 2001; Atanassov and Sotirov,
2006; Licen et al., 2023; Sotirov et al., 2023).

A two-dimensional SOM topology (3 x 2) was defined, resulting in
six neurons corresponding to the number of geographical regions
investigated. This configuration was intentionally selected to facilitate
ecological interpretation and direct comparison between SOM-derived
clusters and known regional classifications rather than to maximize
computational resolution (Hua and Anderson-Frey, 2022; Licen et al.,
2023).

The SOM was trained for 1000 iterations using a competitive
learning algorithm based on Kohonen (2001) and subsequent optimi-
zation approaches (Atanassov and Sotirov, 2006). During training,
weight updates were applied using a neighborhood function centered on
the best-matching unit:

wi(q) = w; (q-1) + o [p(q) — w;j (g-1)]

where w;(q) represents the weight vector of neuron i at iteration q; w;
(g-1) is the weight vector from the previous iteration; p(q) is the input
vector at iteration g, and « is the learning rate. Model configuration and
training procedures followed standard approaches described in the SOM
literature, with particular emphasis on environmental and ecological
applications (Hagan et al., 2014; Guagliardi et al., 2022; Du et al., 2022;
Licen et al., 2023).
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Table 1

Environmental, toxicological, biological, and sediment-related variables used as
input for the Self-Organizing Map (SOM). For each variable, analytical
description, measurement unit, environmental matrix, and ecological relevance
are provided.

Variable  Description Unit Environmental Ecological
matrix relevance
NRRT Neutral Red min Biota Cytotoxic stress
Retention Time (U. cordatus)
MN Micronucleus %o Biota Genotoxic damage
frequency (U. cordatus) indicator
CRAB Crab density ind. m?  Biota Benthic activity
(U. cordatus)
Cu.Sed Copper ug g’ Sediment Indicator of urban
contamination
Pb.Sed Lead ug gt Sediment Indicator of
historical
contamination
Cd.Sed Cadmium ug gt Sediment Toxic trace metal
Mn.Sed Manganese ug gt Sediment Redox-sensitive
element
Cr.Sed Chromium ug gt Sediment Industrial
background
Hg.Sed Mercury ng g’ Sediment Toxic trace metal
CS Coarse sand g kgt Sediment Sediment
structure
MS Medium sand gkg?! Sediment Hydrodynamics
FS Fine sand gkg? Sediment Depositional
energy
VFS Very fine sand g kg! Sediment Metal retention
SIL Silt gkg? Sediment Contaminant
binding
CLA Clay g kg! Sediment Metal adsorption
pH Sediment pH - Sediment Metal solubility
(CaCl2)
oM Organic matter g dm™ Sediment Nutrient cycling
P Phosphorus mg Sediment Eutrophication
dm™
K Potassium mmolc Sediment Soil fertility
dm™
Ca Calcium mmolc Sediment Buffering capacity
dm™
Mg Magnesium mmolc Sediment Mineral
dm™3 composition
Al Aluminum mmolc Sediment Acidity indicator
dm™
H+ Al Potential mmolc Sediment Soil acidity
acidity dm™
B Boron mg Sediment Marine influence
dm-
Cu Available mg Sediment Bioavailable metal
copper dm™
Fe Iron mg Sediment Redox control
dm™
Mn Manganese mg Sediment Biogeochemical
dm™ cycling
Zn Zinc mg Sediment Trace metal
dm™
S-S04 Sulphate mg Sediment Sulphur cycling
dm™

All SOM analyses were implemented in R (version 4.4.1; R Core
Team, 2024) using the kohonen package (v. 3.0.12; Wehrens and Buy-
dens, 2007; Wehrens and Kruisselbrink, 2023). Prior to training, all
variables were standardized wusing z-score normalization. No
log-transformation was applied before standardization. The SOM was
trained on a hexagonal grid (3 x 2) for 1000 iterations (rlen = 1000)
with an initial learning rate of 0.05 and an initial neighborhood radius of
1.0, both decreasing linearly during training. Alternative SOM topol-
ogies (2 x 3 and 4 x 2) were also explored, and the 3 x 2 configuration
was retained because it provided an appropriate balance between to-
pological representation and ecological interpretability.

To evaluate the quality of the trained SOM, two standard internal
performance metrics were calculated: the quantization error (QE),
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which measures the average distance between input vectors and their
corresponding best-matching units, and the topographic error (TE),
which evaluates the preservation of topological relationships in the map
(Kohonen, 2001; Licen et al., 2023). These metrics provide comple-
mentary indicators of map resolution and topology preservation,
enabling assessment of the adequacy of the selected SOM configuration.

Visualization of SOM outputs, including hit maps, component planes,
confusion matrices, and the U-matrix, was performed in R using func-
tions from the kohonen, ggplot2, and reshape2 packages.

Cluster identity was assigned based on the predominant geographic
origin of samples mapped to each neuron. Specifically, the most frequent
regional label associated with each neuron was used to define its
representative region, allowing evaluation of classification performance
without imposing predefined class boundaries during training. Because
cluster identity was defined a posteriori based on the predominant
geographical origin of samples mapped to each neuron, classification
accuracy should be interpreted as an internal measure of agreement
between SOM-derived clusters and regional environmental patterns,
rather than as a predictive validation. Consequently, biological signa-
tures were inferred not only from the accuracy of the classification
model, but also from verifying the component planes and weight dis-
tributions of the biological descriptors in the topology of the trained
SOM.

Model performance and interpretability were further assessed by
examining the distribution of samples across neurons, component
planes, and classification patterns.

3. Results

The Self-Organizing Map (SOM), trained with 54 samples described
by 29 biological, chemical, and sedimentological variables (Table 1),
revealed a clear multivariate structure among mangrove environments
along the coast of Sao Paulo State. Samples were organized into six
neurons forming regional groupings that reflected gradients of anthro-
pogenic influence, sediment characteristics, and geochemical conditions
(Fig. 2A). The SOM hit map showed a strong concentration of samples
from the CAN region within a single neuron, indicating a distinct envi-
ronmental profile relative to the other regions. The trained SOM
exhibited a quantization error (QE) of 3.33 and a topographic error (TE)
of 0.259, indicating an adequate representation of the dataset's multi-
dimensional structure.

Inspection of the component planes indicated that the neuron con-
taining the majority of samples from the CAN region was associated with
elevated values of several sedimentary and chemical variables, sug-
gesting that this region occupies a distinct position along the environ-
mental gradient represented in the SOM (Fig. 2A, B). In particular,
sediment-associated metals contributed substantially to the spatial dif-
ferentiation between regions (Fig. 2B). Based on the numerical
weighting ranges derived from the SOM model (Table 2), manganese
(Mn) and available copper (Cu) showed the greatest variability in the
SOM grid, with weighting ranges of 3.09 and 2.92 and standard de-
viations of 1.19 and 1.13, respectively. In contrast, aluminium (Al), iron
(Fe), and magnesium (Mg) showed narrower weight ranges (1.15-1.58),
possibly indicating a comparatively homogeneous geochemical back-
ground throughout the study area, suggesting a lithogenic or sedimen-
tary matrix-related signal, which may be related to the lower
contribution of these variables to regional differentiation.

Sediment texture and organic matter also contributed to the multi-
variate structure identified by the SOM. Fine-grained sediment fractions
(fine and very fine sand, silt, and clay) and organic matter displayed
relatively high weight amplitudes, reflecting their importance in dis-
tinguishing depositional settings among regions (Fig. 2B). Overall,
79.3% (23 of 29) of the input variables showed weight ranges greater
than 2.0, confirming the combined influence of biological, chemical,
and sedimentological descriptors on SOM organization (Table 2).

In addition to abiotic drivers, biological descriptors of the crab Ucides
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Fig. 2. Self-Organizing Map (SOM) results illustrating the multivariate organization of the studied mangrove regions. (A) SOM hit map showing the distribution of
samples across the six neurons of the hexagonal SOM grid (3 x 2). Each hexagon represents one neuron, and numbers indicate the number of samples assigned to
each neuron (hits). (B) Component planes for the 29 environmental variables used in the SOM analysis, showing their relative distribution across neurons after z-
score normalization. Colors range from low values (yellow) to high values (dark red to black). Color scales are independently standardized for each variable and
therefore represent relative variation within each component plane rather than direct comparisons among variables.

cordatus contributed to the multivariate structure. Component planes
revealed substantial variability for toxicological biomarkers, with
weight ranges of 2.37 for neutral red retention time (NRRT) and 2.18 for
micronucleus frequency (MN) (Table 2). Although both biomarkers
followed a similar spatial gradient, their weight distributions differed
across neurons, indicating partially distinct contributions to the SOM
structure. Crab density (CRAB) also contributed to ecosystem differen-
tiation, with a weight range of 1.60, indicating a comparatively smaller
but consistent influence across the network.

The agreement between SOM-derived clusters and the geographical
origin of samples, evaluated through a confusion matrix, reached an
overall concordance of 85.2%, with 46 of the 54 samples associated with
the cluster representing their region of origin (Fig. 3). Bertioga (BET),
Cubatao (CUB), and Sao Vicente (SAV) showed complete agreement
(100%). Lower values were observed for Iguape (IGU; 66.7%), Cananéia
(CAN; 77.8%), and Juréia (JUR; 66.7%), with misclassifications occur-
ring primarily between IGU and CAN and between CAN and JUR. These
results indicate a strong correspondence between SOM-derived clusters
and the geographical origin of samples, although these values should be
interpreted as an internal measure of concordance rather than predictive
accuracy, since cluster labels were assigned a posteriori based on the
dominant regional membership of samples mapped to each neuron.

The U-matrix representation was used to visualize multivariate

distances among neighboring neurons and to identify boundaries be-
tween clusters within the SOM topology (Fig. 4). This representation
provides a complementary view of the SOM structure by highlighting
regions of greater dissimilarity in the multidimensional environmental
space. Inter-neuron Euclidean distances ranged from 4.48 to 8.52, with a
mean of 6.33 (Table 3). The mean silhouette value across samples was
0.261, indicating weak to moderate cluster separation, a value consis-
tent with the presence of a continuous environmental gradient between
mangrove regions. The mean Euclidean distance between samples and
their respective cluster centers was 3.35 (SD = 1.18), with a maximum
of 7.24. Importantly, the minimum inter-cluster distance exceeded the
mean sample-to-cluster distance, indicating satisfactory separation
among SOM clusters in the multivariate space.

Taken together, these results demonstrate a coherent multivariate
differentiation of mangrove environments along the Sao Paulo coast,
with regional patterns emerging from the combined biological, chemi-
cal, and sedimentological variables represented in the SOM.

4. Discussion
The main outcome of this study was the identification of a coherent

regional gradient of environmental variability across mangrove eco-
systems along the southeastern Brazilian coast. This pattern reflects the
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Table 2
Descriptive statistics of SOM weights for each input variable after z-score
normalization. Mean weight: average value across the six SOM neurons; stan-
dard deviation: variability of weights; weight range: difference between
maximum and minimum values across neurons. Variable abbreviations follow
Table 1.

Variable Mean Weight Std Weight Weight Range
NRRT -0.0499 0.9343 2.3694
MN 0.0912 0.8677 2.1840
CRAB 0.0466 0.5489 1.6010
Cu.Sed 0.0994 0.9939 2.6977
Pb.Sed 0.0001 1.0559 2.4163
Cd.Sed 0.0012 1.0805 2.2138
Mn.Sed 0.1004 0.9171 2.4882
Cr.Sed 0.0499 0.8670 2.0185
Hg.Sed 0.0163 0.5944 1.6412
CS -0.0559 0.6332 1.6176
MS -0.0818 0.7628 2.0753
FS 0.0225 0.9424 2.1799
VEFS 0.0215 0.8749 1.9897
SIL -0.0202 1.0052 2.2521
CLA -0.0086 0.9058 2.1896
pH 0.0796 0.5890 1.6095
oM -0.1144 1.0468 2.8116
P -0.0127 0.8009 1.9540
K -0.0794 0.7038 1.8215
Ca -0.0587 0.8785 2.2670
Mg -0.1272 0.5914 1.5767
Al -0.1304 0.4167 1.1527
H+ Al -0.1459 0.6329 1.8432
B -0.1232 0.8455 2.4289
Cu 0.1614 1.1311 2.9232
Fe -0.0911 0.5828 1.5192
Mn 0.1965 1.1857 3.0908
Zn 0.0457 0.6315 1.7663
S-S0O4 -0.1945 0.8427 2.2822

well-established contrast between more-impacted central estuarine
systems and relatively well-preserved southern mangroves, while also
revealing gradual transitions among adjacent regions.

Recent advances in data-driven and multivariate approaches have
expanded the analytical toolkit available for marine and coastal envi-
ronmental assessment, particularly for interpreting complex ecological
datasets (Reichstein et al., 2019; Pourzangbar et al., 2023; Sung et al.,
2025; Lai et al., 2026). In mangrove ecosystems, where environmental
gradients are often spatially heterogeneous and continuous, such ap-
proaches can help identify coherent patterns across biological and
geochemical components. In this context, Self-Organizing Maps (SOMs)
were applied as an exploratory tool to integrate heterogeneous envi-
ronmental and biological variables and to identify multivariate patterns
that may remain unresolved using conventional linear approaches
(Licen et al., 2023; Zhang et al., 2026).

Although cluster separation was moderate (mean silhouette value =
0.261), this pattern is consistent with expectations for natural coastal
ecosystems, where environmental gradients tend to be continuous rather
than sharply partitioned (Osland et al., 2025). The SOM topology dis-
played gradual transitions among neighboring neurons rather than
abruptly separated clusters, reinforcing the interpretation that
mangrove environments along the Sao Paulo coast are structured by
continuous environmental gradients. Notably, the main mis-
classifications involved Iguape (IGU), Cananéia (CAN), and Juréia (JUR)
— geographically adjacent regions along the southern coast — sug-
gesting that the SOM captured a realistic regional environmental
gradient rather than producing artificial clusters.

Comparison with Duarte et al. (2016), who applied Principal
Component Analysis (PCA) to comparable datasets along the Sao Paulo
coast, reveals strong concordance in identifying regional environmental
gradients and conservation status. In that study, biological responses of
Ucides cordatus closely tracked gradients of sediment quality and metal
contamination. Within the multivariate framework applied here, NRRT
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and MN biomarkers followed the same general contamination gradient
but displayed distinct weight distributions across neurons, indicating
partially different sensitivities within the multivariate structure. The
complete agreement observed for SAV and CUB reinforces SOM's ability
to distinguish two regions located within the same estuarine complex.
Despite their geographical proximity and hydrological connectivity,
these regions are subject to different combinations of environmental
pressures. Cubatao is historically influenced by intense industrial ac-
tivity, whereas Sao Vicente reflects a mixed scenario involving urban
occupation, sewage inputs, and industrial influence. The ability of the
SOM to consistently separate these regions suggests that their environ-
mental signatures remain sufficiently distinct to be detected within the
multivariate structure of the dataset. Thus, the SOM approach corrob-
orates the main environmental patterns verified by PCA but also im-
proves its interpretative resolution by identifying ecological signatures
that are not captured by linear ordinations (Lek et al., 1996; Li et al.,
2018; Zhang et al., 2026).

The integrative capacity of the SOM is further illustrated in the
spatial differentiation of regions based on sediment-associated metals,
where manganese (Mn) and available copper (Cu) showed the greatest
variability across the SOM grid. These patterns are consistent with the
environmental history and geochemical dynamics of the studied estua-
rine systems.

Manganese is an essential trace element naturally involved in
mangrove biogeochemical cycles and is commonly associated with fine-
grained, organic-rich sediments. Its variability may therefore reflect
both natural sedimentary processes and anthropogenic inputs. In
Iguape, elevated Mn levels are likely associated with the historical leg-
acy of upstream mining activities and the deposition of mining-derived
residues, which have been documented in the region for decades (Duarte
etal., 2016; CETESB, 2021). Additional contributions may also originate
from industrial activities historically established in the central coastal
sector, particularly in the Cubatao industrial complex, one of the largest
industrial hubs in Latin America.

Copper is likewise an essential trace element, but elevated environ-
mental concentrations are frequently associated with anthropogenic
sources, including urban sewage, industrial discharges, port activities,
antifouling compounds, and diffuse runoff. In Bertioga, the high vari-
ability of Cu may be related to diffuse urban contamination sources,
such as untreated sewage and waste disposal, previously reported for the
estuary and adjacent channel (Duarte et al., 2016). Similar processes
may also contribute to metal enrichment in other sectors of the central
coast, including Sao Vicente, where intense urban occupation and his-
torically limited sewage treatment coverage have been documented.

Together, the combined influence of contaminant sources, sediment
deposition processes, estuarine hydrodynamics, and metal retention in
fine-grained sediments likely explains why Mn and Cu emerged as major
drivers of the environmental gradients identified by the SOM.
Conversely, the comparatively narrow weight ranges observed for Al,
Fe, and Mg suggest a more homogeneous geochemical background
across the studied estuarine systems. Because these elements are
commonly associated with the mineral matrix of sediments, their lower
contribution to SOM differentiation likely reflects lithogenic control
rather than localized anthropogenic inputs.

Biological descriptors also reinforced the integrative capacity of the
SOM. The neural grid captured substantial variability in cytotoxic
(NRRT) and genotoxic (MN) biomarkers, which displayed relatively
high weight amplitudes within the SOM structure. These patterns indi-
cate that physiological stress responses in U. cordatus are closely asso-
ciated with the geochemical gradients identified in the sediment matrix.
Importantly, MN and NRRT represent complementary indicators of
biological stress: elevated MN frequencies reflect genotoxic impairment
associated with contaminant exposure, whereas higher NRRT values
indicate greater lysosomal membrane stability and better cellular con-
dition. The reduction in NRRT indicates increased lysosomal membrane
permeability, and consequently reduced NRRT values. Furthermore,



M.A.A. Pinheiro et al.

Regional Studies in Marine Science 101 (2026) 105255

Overall accuracy = 85.2%

A BET

cuB
SAV
IGU

CAN

True geographical region

JUR

BET CUB SAV

N w H w [e)] ~ o
Number of samples

-

IGU CAN JUR

SOM clusters

80 1

60 1

40 1

20 1

Percentage of samples (%)

EEm Dominant cluster

SAV IGU CAN JUR
Mangrove regions

m Mixed clusters

Fig. 3. Classification performance of the Self-Organizing Map (SOM) across the studied mangrove regions. (A) Confusion matrix showing the distribution of samples
from each geographical region across SOM clusters. Cell values indicate the number of samples assigned to each cluster. (B) Proportion of samples assigned to
dominant (single cluster) and mixed-cluster classifications for each mangrove region.

previous studies have already indicated that contamination by
sediment-associated metals, such as Cu and Pb, shows a negative cor-
relation with NRRT variation (Duarte et al., 2017). These metals may
induce oxidative stress, leading to lysosomal membrane destabilization,
increased membrane permeability, and consequently reduced NRRT
values. Different contaminants may preferentially affect distinct physi-
ological pathways. For example, Cu is known to promote the formation
of reactive oxygen species, compromising cellular homeostasis and
lysosomal integrity, whereas Hg and other genotoxic contaminants may
interact more directly with DNA and chromosomal material, increasing
the frequency of micronuclei and other nuclear abnormalities. Conse-
quently, NRRT and MN may respond differently to contaminant mix-
tures, reflecting complementary aspects of biological stress rather than
redundant responses. Accordingly, increased MN frequencies may
indicate chromosomal damage and interference with cell division, rep-
resenting a genotoxic pathway distinct from the cytotoxic processes
reflected by NRRT, although both may be influenced by metal exposure
and other environmental contaminants (Duarte et al., 2017). The partial
divergence between these biomarkers within the SOM topology there-
fore suggests that cytotoxic and genotoxic responses reflect distinct
physiological pathways responding to environmental stress, rather than

redundant indicators of the same process (van der Oost et al., 2003;
Bolognesi and Hayashi, 2011; El-SiKaily and Shabaka, 2024). Unlike
cytogenotoxic biomarkers, crab density showed a smaller contribution
range, which may be explained by the broader ecological and temporal
scales represented by this descriptor. Density is a population-level
descriptor shaped by the interaction of several ecological processes (e.
g., recruitment, mortality, burrow availability, tidal flooding, and
mangrove forest structure; Mota et al., 2023), and therefore tends to
respond more slowly to environmental change than cytogenotoxic bio-
markers, which provide early-warning signals of physiological stress.
The partial overlap observed among Iguape, Cananéia, and Juréia
clusters is consistent with an ecologically meaningful transition rather
than a purely methodological limitation (Kohonen, 2001; Legendre and
Legendre, 2012; Licen et al., 2023). These regions share similar sedi-
mentary characteristics, geochemical backgrounds, and low levels of
anthropogenic influence, resulting in partially overlapping multivariate
signatures. Such overlap likely reflects gradual environmental transi-
tions, a pattern frequently reported in SOM-based environmental clas-
sifications of heterogeneous coastal systems (Guagliardi et al., 2022).
Distance-based metrics further supported the robustness of the re-
sults. The observation that inter-cluster distances exceed the mean
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Topological U-Matrix of SOM Clusters
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Fig. 4. Topological U-matrix of the six Self-Organizing Map (SOM) clusters derived from 54 samples and 29 biological, chemical, and sedimentological variables.
Hexagons represent SOM neurons labelled according to the predominant geographic origin of the samples assigned to each cluster. Numbers inside hexagons indicate
the number of hits (samples mapped to each neuron). Colored links between neighboring neurons represent Euclidean distances between the weight vectors of
adjacent neurons. Warmer colors indicate greater multivariate dissimilarity and stronger boundaries between clusters, whereas cooler colors indicate higher simi-
larity. Values displayed on each link correspond to the respective inter-neuron Euclidean distance.

Table 3
Inter-neuron Euclidean distances among the six SOM neurons in multidimen-
sional feature space. Higher values indicate greater dissimilarity between
neurons.

Neuron 1 2 3 4 5 6

1 0.00 6.10 5.78 4.48 5.15 7.46
2 6.10 0.00 5.59 5.35 5.55 8.18
3 5.78 5.59 0.00 7.30 5.52 7.73
4 4.48 5.35 7.30 0.00 5.21 8.52
5 5.15 5.55 5.52 5.21 0.00 6.96
6 7.46 8.18 7.73 8.52 6.96 0.00

sample-to-cluster distance indicates well-defined environmental group-
ings while still accounting for local heterogeneity. Samples located
farther from cluster centers likely reflect site-specific conditions or
transitional environments, which are intrinsic features of mangrove
ecosystems. In multivariate environmental analyses, such peripheral
samples often indicate localized environmental variability or mixed
geochemical signatures within otherwise coherent regional conditions
(Hua and Anderson-Frey, 2022; Licen et al., 2023).

From a monitoring perspective, the ability of the SOM to distinguish
between stable environmental states and transitional conditions is
particularly valuable. Contemporary environmental monitoring
increasingly requires analytical tools capable of detecting gradual
ecological shifts rather than solely abrupt degradation events (Elliott
and Quintino, 2007; Borja et al., 2016; Licen et al., 2023). SOM-based
approaches have demonstrated strong potential across a wide range of
environmental applications, including soil pollution, aquatic contami-
nation, and sediment quality assessment, by integrating biological and
abiotic indicators within a unified analytical framework (Li et al., 2021;
Guagliardi et al., 2022; Licen et al., 2023; Li et al., 2025; Zhang et al.,
2026).

In addition to its analytical performance, the SOM framework
applied here provides practical implications for environmental

monitoring in mangrove ecosystems. By integrating sediment
geochemistry with physiological biomarkers of Ucides cordatus, the
neural model allows the identification of multivariate environmental
signatures associated with both chronic contamination and relatively
preserved conditions. Such integrative approaches are particularly
valuable in coastal systems where environmental degradation often
occurs gradually and is driven by multiple interacting stressors. In this
context, topology-preserving models such as SOMs may help identify
early shifts in ecosystem condition before clear ecological thresholds are
reached (Scheffer et al., 2015; Borja et al., 2016).

Taken together, these results demonstrate that integrating sediment
geochemistry and biological responses provides a robust basis for
characterizing environmental variability in mangrove ecosystems.
While SOM served as a multivariate analytical tool, the primary drivers
of environmental differentiation are linked to sediment contamination
processes and their biological consequences.

5. Conclusion

This study demonstrated a coherent regional gradient in environ-
mental variability across mangrove ecosystems along the southeastern
Brazilian coast. The observed spatial patterns reflect the contrast be-
tween more-impacted central estuarine systems and relatively well-
preserved southern mangroves, while also highlighting transitional
ecological conditions across adjacent regions.

Sediment geochemistry, particularly trace metal concentrations and
associated sediment properties, played a central role in structuring these
regional differences. Biological responses in Ucides cordatus, as indicated
by cytotoxic and genotoxic biomarkers, were closely aligned with these
environmental gradients, reinforcing the ecological relevance of this
species as a sentinel organism in mangrove ecosystems.

The identification of partial overlap among southern regions in-
dicates that environmental variability in coastal systems is often
continuous rather than discrete, underscoring the importance of ap-
proaches that can capture transitional conditions.



M.A.A. Pinheiro et al.

Although Self-Organizing Maps were used as an exploratory multi-
variate tool, the primary contribution of this study lies in integrating
sediment and biological indicators to describe environmental variability
along a regional coastal gradient. Such integrative approaches provide a
valuable framework for environmental monitoring, particularly in sys-
tems where ecological change occurs gradually and is driven by multiple
interacting stressors.
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