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Abstract

Sustainability monitoring relies on environmental indicator systems that integrate hetero-
geneous multivariate measurements across space and time; however, collinearity, non-
Gaussian variability, and influential observations frequently destabilize classical multiblock
methods and may bias indicator-based assessment and decision support. This study
proposes a robust extension of the STATICO (STATIS–CO-inertia) framework to model
common structures among paired environmental indicator blocks under realistic data
contamination. The approach preserves the original triadic algebraic formulation while
incorporating robust covariance estimation and adaptive weighting to reduce the influence
of outliers and structurally unstable blocks. Robustification is implemented at the inter-
structure stage through a reformulated Escoufier’s RV coefficient and in the construction
of the compromise space via robust distances. The RV coefficient, a multivariate gener-
alization of the squared Pearson correlation computed between cross-product matrices,
is used to quantify structural similarity between paired data blocks and to evaluate the
stability of the compromise structure. Performance is evaluated using simulated datasets
calibrated to represent Ecuadorian coastal monitoring conditions. The results show that
Robust STATICO increases compromise dominance and stability, redistributes inter-block
similarities more coherently, and improves discriminative representation in the factorial
space, yielding more interpretable and environmentally plausible structures. Overall, the
proposed method provides a reliable analytical tool for sustainability-oriented environmen-
tal monitoring by supporting stable identification of persistent multivariate patterns and
robust comparison of indicator structures in complex systems.

Keywords: sustainability monitoring; sustainability assessment; environmental indicators;
robust multiblock analysis; Robust STATICO; co-inertia analysis; partial triadic analysis;
robust covariance estimation; decision support; complex systems
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1. Introduction
Multivariate analysis constitutes one of the fundamental methodological pillars for

the study of complex environmental systems, in which multiple physicochemical, biologi-
cal, and operational variables interact simultaneously [1]. In environmental monitoring
contexts, particularly in water quality studies and coastal ecosystems, data are often char-
acterized by high dimensionality, structural dependence among variables, spatio-temporal
heterogeneity, and the recurrent presence of outliers arising from natural processes, instru-
mental errors, extreme events, or anthropogenic disturbances [2]. Environmental indica-
tors such as temperature, salinity, turbidity, dissolved oxygen, or nutrient concentrations
frequently exhibit abrupt fluctuations associated with climatic phenomena, point-source
discharges, hydrodynamic changes, and measurement failures [3]. These atypical behaviors
should not be interpreted solely as statistical noise but rather as structurally relevant mani-
festations of the system, whose identification is crucial for understanding environmental
processes and supporting technical decision-making [2].

The novelty of this work lies in extending robustness to a triadic multiblock method
(STATICO) by robustifying two critical components: (i) the interstructure similarity assess-
ment via an explicit robust RV coefficient, and (ii) the compromise construction through
an adaptive weighting scheme based on MCD-driven robust distances. This combination
stabilizes the extraction of common structures under contamination while preserving the
original triadic algebraic formulation.

However, the presence of extreme values severely compromises the classical assump-
tions of normality, homoscedasticity, and linearity, thereby affecting the geometric stability
and interpretability of traditional multivariate methods [4]. In particular, the use of classical
estimators of mean and covariance in contaminated matrices leads to biased inferences,
loss of factorial concentration, and distortion of structural relationships among variables,
hindering the identification of dominant environmental patterns [5]. This limitation is
especially critical in drinking water management and environmental monitoring systems,
where unstable interpretations may translate into inefficient operational decisions, such as
inappropriate chemical dosing, underestimation of environmental risks, or failures in the
early detection of structural changes [2,3]. These limitations are not confined to environ-
mental applications; rather, they reflect a cross-domain challenge in data-driven modeling
whenever observations exhibit non-homogeneity, regime shifts, and influential outliers. For
instance, in energy production forecasting, conventional exponential growth formulations
can yield systematic prediction bias when they fail to accommodate non-homogeneous
exponential change patterns in the underlying series, further underscoring the need for
robust and adaptive methodological frameworks under non-ideal data conditions [6].

To address these challenges, robust multivariate statistics provide a solid theoretical
framework that limits the influence of anomalous observations without sacrificing efficiency
under ideal models [7]. Based on high-breakdown estimators such as the multivariate
median, median absolute deviation (MAD), the minimum covariance determinant (MCD),
and their computationally efficient extensions, robust versions of classical methods, includ-
ing Robust Principal Component Analysis (ROBPCA), multivariate regression, and robust
classification, have been developed [5]. These approaches have demonstrated improved
inferential stability, enhanced detection of latent structures, and greater interpretability in
empirical contexts characterized by noise and data contamination [7]. In complex-systems
research, a common practical approach to address spatiotemporal heterogeneity and mul-
tidimensional dependence is to construct multi-dimensional evaluation frameworks and
integrate them with robust statistical modeling, thereby providing reliable support for
feature identification and mechanism inference under structurally variable conditions [8].
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In parallel, multiblock methods have gained a central role in the analysis of com-
plex environmental systems by enabling the simultaneous integration of multiple sets of
variables observed on the same units (sites, stations, or time periods) [9]. Among these
approaches, the STATICO method stands out for its ability to model dynamic relationships
between pairs of tables by combining co-inertia analysis (COIA) with partial triadic analysis
(PTA) to extract a common multiblock structure, referred to as the compromise [6,7]. This
formulation is particularly well suited to spatio-temporal studies in ecology and water
quality, where physicochemical and biological data series are analyzed across time or
locations [9].

Nevertheless, the classical formulation of STATICO exhibits significant sensitivity
to outliers and structural heterogeneity, as it relies on classical estimators of covariance
and similarity (RV coefficients). In the presence of contamination, this sensitivity may
induce unstable compromises, overrepresentation of extreme blocks, and loss of factorial
coherence [7,8], thereby limiting its applicability in real environmental contexts. In this
context, the RV coefficient plays a central role as a measure of structural similarity between
multivariate blocks. It can be interpreted as a multivariate analogue of the squared Pearson
correlation coefficient, computed between cross-product matrices, and it ranges between 0
(absence of shared structure) and 1 (identical geometric configuration). Because it depends
directly on covariance estimation, its robustness is crucial in the presence of outliers or
heteroscedastic variability, where classical covariance matrices may distort geometric
relationships among blocks [7].

Within this framework, the present study proposes a robust extension of the STATICO
method (STATICO-R), integrating robust estimators of location and dispersion at all stages
of the analysis: interstructure, compromise, and intrastructure [9]. Through the use of
the MCD estimator, robust similarity metrics, and weighting schemes based on robust
Mahalanobis distances, the proposed approach aims to stabilize the extraction of common
structures, enhance inertia concentration, and enable more accurate detection of divergent
blocks or periods in complex environmental systems [10]. The contribution of this work is
twofold: from a methodological perspective, it extends the scope of robust multivariate
statistics toward triadic multiblock analysis, an area scarcely explored in the literature;
from an applied perspective, it provides an advanced tool for environmental monitoring
and water quality management, particularly in contexts characterized by high natural
variability and limitations in data quality. In doing so, it strengthens the integration of
statistical rigor, structural interpretability, and technical decision-making in contemporary
environmental studies.

In sustainability science, indicator-based monitoring is central to measuring and track-
ing environmental performance and supporting evidence-based management. Therefore,
analytical methods must remain stable under the non-ideal conditions that characterize real
monitoring programs (e.g., extreme events, measurement errors, and anthropogenic distur-
bances). By improving the stability of the multiblock compromise and the interpretability
of shared indicator structures, Robust STATICO directly contributes to sustainability moni-
toring and assessment in complex environmental systems.

In applied terms, this study addresses the complexity of Ecuadorian coastal systems,
where estuarine dynamics, marine influence, and riverine inputs interact under a marked
rainy–dry seasonal regime. In estuarine and port-influenced zones, these processes drive
abrupt fluctuations in indicators such as salinity, turbidity, conductivity, and nutrients, as
well as episodic increases in suspended solids due to runoff and sediment resuspension.
This combination yields pronounced spatiotemporal heterogeneity, outliers, and nonstation-
ary multivariate relationships that can bias the identification of persistent structures when
using classical approaches sensitive to influential observations. Hence, a robust multiblock

https://doi.org/10.3390/su18052607

https://doi.org/10.3390/su18052607


Sustainability 2026, 18, 2607 4 of 23

framework for modeling common structures is particularly relevant to improve interpretive
stability and provide stronger technical support for environmental management in dynamic
coastal contexts.

This methodological framework is presented as a crucial tool for sustainability as-
sessment, ensuring that management decisions in complex coastal systems are based on
stable and outlier-resistant environmental data. The novel contribution of this study lies
in the integration of S-estimators and MCD-based weighting into the STATICO frame-
work. Unlike existing robust PCA or STATIS methods, our approach specifically ad-
dresses the double-structure of multiblock data while maintaining stability against high-
leverage outliers.

2. Literature Review
Multiblock analysis has emerged as a fundamental methodological tool for study-

ing structural relationships among complex datasets that share the same observational
units [11]. This type of analysis enables the extraction of joint information from multiple ma-
trices associated with different spatio-temporal conditions or groups of variables, providing
an integrated representation of both within-block and between-block dependencies [12].
The present theoretical framework develops the methodological foundations underpinning
this study: co-inertia analysis (COIA), partial triadic analysis (PTA), the formalization of
the STATICO method, and its robust extension.

2.1. Co-Inertia Analysis (COIA)

Co-Inertia Analysis (COIA) was proposed by [6] as a method to maximize the co-
variance between two data tables X and Y, which contain common observations but dif-
ferent sets of variables. Its principle consists of identifying factorial axes that optimize
the co-structure between both datasets. Mathematically, COIA seeks vectors a and b
that maximize:

Cov2(Xa, Yb) (1)

subject to normalization constraints on a and b. The analysis is performed using the
cross-covariance matrix:

SXY = XT Dn Y (2)

where Dn is a diagonal matrix of observation weights. COIA allows the study of similarity
between the multivariate structures of two systems of variables (e.g., physicochemical and
biological), and its graphical representation highlights the linear association between them.

2.2. Partial Triadic Analysis (PTA)

Partial Triadic Analysis (PTA) is designed to analyze a series of tables (X1, X2, . . . , XK)

representing the same set of variables measured under different conditions (times, stations,
or sites). PTA aims to identify an average structure, referred to as the compromise, which
captures information common to all blocks while preserving the specific characteristics of
each individual table [12].

The PTA procedure is developed in three stages:
Interstructure: Assessment of similarity among tables using RV-type correlation

coefficients [12]. The RV coefficient is defined as

RV(Xh, Xl) =
Trace

(
XT

h XlXT
l Xh

)√
Trace

(
XT

h Xh)2 · Trace
(
XT

l Xl)2
(3)

The RV coefficient ranges between 0 and 1, with 1 indicating perfect structural similarity.
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Compromise: Computation of a weighted combination of tables to maximize
average inertia:

Xc = ∑k
h=1 αhXh (4)

where the weights αh are obtained from the spectral decomposition of the RV coefficient
matrix. The compromise synthesizes the structure common to the entire series.

Intrastructure: Projection of each table onto the global compromise to interpret its
individual contribution.

The resulting compromise represents a stable depiction of the common pattern, while
intrastructural projections allow the identification of deviations or specificities within
each block.

2.3. The STATICO Method

The STATICO method belongs to the STATIS family, originally introduced by [13,14]
and later systematically developed by [15]. These methodological approaches are oriented
toward analyzing common structures and dynamic relationships among multidimensional
datasets organized as data cubes, allowing the study of coherence and stability of interac-
tions among blocks over time or space.

STATICO [16,17] is designed for the joint analysis of two data cubes, aiming to identify
and evaluate the existence of a common structure between paired tables, one from each
cube, and to analyze the stability of this structure across time or observational conditions.
STATICO (Simultaneous Analysis of a Series of Paired Tables) was formalized by [18] to
combine the strengths of COIA and PTA, extending the analysis to paired series of tables
(X1, Y1), (X2, Y2), . . . , (XK, YK ). In each pair, the tables contain common observations mea-
sured on different groups of variables (e.g., physicochemical and biological parameters).

The STATICO procedure consists of three stages:
Individual co-inertia computation: For each pair (XK, YK), the cross-covariance ma-

trix Sk = XT
k DnYk is computed.

Triadic analysis of the Sk matrices: PTA is applied to determine the common structure
or compromise summarizing the shared co-structure among all pairs.

Interpretation of compromises and contributions: Similarity among pairs is examined
using the RV matrix, and blocks diverging from the global pattern are identified.

STATICO provides an integrated view of the dynamic relationships between two
sets of variables observed over time or under varying environmental conditions, allowing
assessment of the structural stability of multivariate relationships [14].

From a structural standpoint, the method requires homogeneity of variables within
each cube, meaning that environmental variables and biological or response variables
remain consistent across all tables. Additionally, sampling sites must coincide within each
paired table, although they may vary across different time points [19].

The interstructure stage of STATICO computes optimal weights for each table, which
are used to construct the compromise as a weighted average of cross-covariance matrices.
Factorial analysis of this compromise yields a synthetic representation of the dominant
common structure. Finally, the intrastructure stage projects the rows and columns of
each individual table onto the compromise-defined factorial space, enabling integrated
visualization and interpretation of variable contributions and site behavior over the
analyzed series.

Reported applications include:
Classical STATICO extensively applied in ecology to relate species series with environ-

mental factors [13].
Robust multivariate methods primarily developed for PCA, regression, and cluster-

ing [17], with limited applications to multiblock frameworks.
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The present study contributes by extending robustness to a triadic multiblock method
such as STATICO.

Notation and Data Structure

We consider K paired blocks {(Xk, Yk)}K
k=1 measured on the same n = 44 space–month

observational units. For each block k, Xk ∈ R44×p and Yk ∈ R44×q represent two domains
of indicators observed on identical rows. STATICO models their co-variation through
the cross-covariance matrix Ck = X⊤

k DYk, where D ∈ R44×44 is a diagonal matrix of
observation weights (classically D = 1

44 I44).

2.4. Robust Methods

Robust techniques in multivariate statistics have emerged as a methodological re-
sponse to the inherent limitations of classical approaches when data exhibit outliers, struc-
tural contamination, or significant deviations from normality situations commonly en-
countered in empirical studies. In such scenarios, traditional estimators of location and
dispersion may be severely affected, leading to unstable inferences and potentially biased
conclusions. Robust methods aim to preserve the dominant central structure of the data
while attenuating the influence of anomalous observations that do not reflect the global
behavior of the phenomenon under study [20].

Within this framework, the Minimum Covariance Determinant (MCD) estimator
stands as a cornerstone of robust multivariate statistics. The MCD jointly estimates the
mean vector and covariance matrix from a subset of observations that minimizes overall
dispersion, ensuring key properties such as a high breakdown point, affine equivariance,
and a bounded influence function. These properties guarantee estimator validity even in
the presence of substantial data contamination, making MCD essential for reliable detec-
tion of multivariate outliers and the construction of robust models in complex empirical
contexts [21].

The development of computationally efficient algorithms, such as FAST-MCD, has
been crucial for making robust approaches feasible in moderate to large datasets. These
algorithms rely on iterative concentration strategies that efficiently approximate the MCD
solution while preserving its fundamental robustness properties and significantly reducing
computational cost. This methodological advancement has promoted the adoption of MCD
and its extensions across diverse applications and facilitated their integration as preliminary
stages in more complex multivariate analyses [20].

Ultimately, the relevance of robust techniques lies in their ability to prevent masking
effects, enhance detection of anomalous observations in high-dimensional spaces, and
strengthen the inferential stability of subsequent statistical methods, including PCA, multi-
variate regression, classification, and multiblock approaches. In this sense, robust methods
serve not only diagnostic purposes but also constitute fundamental methodological build-
ing blocks for advanced statistical analyses, ensuring more reliable, interpretable, and
reproducible results in high-impact scientific research.

2.5. Robust Extension of STATICO

Despite its descriptive power, classical STATICO is sensitive to the presence of out-
liers. Traditional estimates of means and covariances may be strongly influenced by
extreme observations, leading to distortion of the global compromise and erroneous inter-
pretations [22]. To overcome this limitation, the present study develops a robust version
of STATICO, termed Robust STATICO, incorporating robust estimators at each stage of
the analysis:
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• Interstructure: RV coefficients are computed from robust covariance matrices obtained
via the MCD algorithm [23].

• Compromise phase: Tables are weighted by factors inversely proportional to their
robust Mahalanobis distances, reducing the influence of anomalous blocks.

• Intrastructure: Projections are stabilized through an iterative reweighting process,
ensuring convergence toward a perturbation-resistant compromise.

Thus, Robust STATICO preserves the conceptual structure of the original method
while improving numerical stability and its capacity to identify divergent blocks or stations
that significantly differ from the common multiblock pattern.

Structural Evaluation Indicators

The comparison between classical and robust approaches is based on indicators de-
rived from the global compromise:

• Eigenvalues (λi): Measure the proportion of inertia explained by each principal component.
• RV coefficients: Quantify structural similarity among blocks.
• cos2 values: Reflect the contribution of each variable or block to the compromise.

These indicators enable quantification of improvements in structural stability and vari-
ance concentration, providing empirical evidence of the effectiveness of Robust STATICO
compared to its classical counterpart [24].

Similarly, Table 1 presents the differences in their application and illustrates how the
robust approach ensures that atypical data become an additional source of information for
decision-making.

Table 1. Comparative dimensions of STATICO vs. Robust STATICO.

Dimension Classical STATICO Robust STATICO

Compromise Sensitive to outliers Stable

Explained variance Dispersed Concentrated

Eigenvalues Lower parsimony Higher parsimony

RV coefficients Noise-influenced Reliable diagnostics

cos2 values Potentially misleading Honest representation

Anomaly detection Weak Strong

Reproducibility Limited High
Source: Own elaboration based on the literature review.

Based on the literature reviewed, several relevant gaps can be identified. First, al-
though robust statistics have advanced substantially in areas such as robust PCA, robust
regression, and clustering, their adoption within multiblock and triadic frameworks de-
signed to extract common structures (e.g., STATICO) remains limited, particularly under
pronounced heterogeneity and the presence of outliers. Second, existing developments
rarely robustify the two critical components of the approach explicitly: (i) the between-table
similarity assessment in the interstructure stage (e.g., RV-type coefficients) and (ii) the
construction of the compromise, which can directly affect the stability and dominance
of the common space when influential observations are present. Third, there is still a
lack of systematic evidence on how robustification alters the redistribution of inter-block
similarities, compromise weights, and factorial interpretability under contaminated and
nonstationary scenarios. To address these gaps, this study proposes a robust extension
of STATICO by incorporating robust covariance estimators and an adaptive weighting

https://doi.org/10.3390/su18052607

https://doi.org/10.3390/su18052607


Sustainability 2026, 18, 2607 8 of 23

scheme within the original triadic algebraic structure and evaluates its performance against
the classical formulation using empirically calibrated scenarios.

Unlike existing robust PCA or STATIS-based methods, the novelty of this Robust
Multiblock STATICO lies in the integration of S-estimators with an adaptive weighting
scheme, specifically designed to handle outlier-induced instability in multiblock structures.

3. Materials and Methods
This study is grounded in a propositional paradigm with a quantitative approach,

oriented toward the design and evaluation of a methodological contribution, namely, Ro-
bust STATICO, aimed at addressing an applied multivariate analysis problem in coastal
environmental monitoring in Ecuador. Consistent with the Design Science Research tradi-
tion, a technical solution is formulated and justified, implemented and validated through a
controlled statistical experiment using empirically calibrated simulated data, and its perfor-
mance is assessed using structural metrics (eigenvalues, RV coefficients, and cos2 values)
to demonstrate both utility and rigor [25]. This solution-centered orientation aligns with
the contemporary agenda of solution-oriented research in environmental and sustainability
sciences, which demands replicable and transferable methods suitable for real institutional
contexts [26].

3.1. Study Design

The present study adopts an experimental methodological approach aimed at evaluat-
ing the performance of a robust version of the STATICO method in comparison with its
classical formulation. To this end, a design based on environmentally calibrated simulations
was implemented in order to reproduce, under controlled conditions, the spatio-temporal
structure and correlation patterns characteristic of Ecuadorian coastal monitoring data.

Data were simulated following empirical distributions derived from historical en-
vironmental records collected in four Ecuadorian port zones: Esmeraldas, La Libertad,
Manta, and Puerto Bolívar. These regions represent tropical marine coastal ecosystems
with high physicochemical variability, making them suitable scenarios for assessing the
ability of Robust STATICO to detect divergent structures in the presence of heterogeneity
and outliers [20].

3.2. Data Generation and Structure

Within the experimental design, K = 4 paired datasets were constructed (Esmer-
aldas, La Libertad, Manta, and Puerto Bolívar), each containing n = 44 observations
corresponding to space–month records. The dataset was organized as paired blocks of ma-
trices Xk ∈ R44×p and Yk ∈ R44×q, representing physicochemical and ecological/pressure
indicators measured on the same 44 observational units.

This sample size supports stable compromise estimation in multiblock analysis and
enables robust scatter-based weighting under contamination.

Each block includes:
Physicochemical variables: Temperature (T), salinity (S), dissolved oxygen (DO),

nitrates (NO3), nitrites (NO2), phosphates (PO4), and silicates (SiO4);
Synthetic ecological variables: e1–e10 and e21–e23 (abundance indices).
Contamination mechanism and level. To emulate realistic perturbations in coastal

monitoring, we introduced controlled contamination at levels ε ∈ {0%, 5%, 10%} of
observations per block. For each contamination level, affected rows were selected at
random and modified under two mechanisms: (i) point contamination, adding a shift
δ = γ · SD (variable) with γ ∈ {3, 5}; and (ii) leverage-type contamination, amplifying
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selected variables by a factor κ ∈ {1.5, 2.0}. This parameterization enables a reproducible
evaluation of stability under increasing outlier intensity.

The resulting design constitutes a realistic, empirically calibrated simulated dataset,
suitable for evaluating the structural behavior of multivariate methods under environmen-
tally plausible scenarios.

3.3. Data Preprocessing
3.3.1. Classical Centering and Scaling

In traditional STATICO, each variable is centered by its mean and optionally scaled to
unit variance. Formally:

x*
ij =

xij − xj

sj
, y*

ij =
yij − yj

sj
(5)

where xj and yj denote column means, and sj denotes the standard deviation.

3.3.2. Robust Centering and Scaling

In Robust STATICO, classical means and standard deviations are replaced by robust
estimators, such as:

• The median instead of the mean;
• The median absolute deviation (MAD) instead of the standard deviation:

MAD
(
xj
)
= mediani | xij − median

(
xj
)
| (6)

This transformation reduces the influence of outliers during standardization.

3.4. Application of Classical and Robust STATICO

Classical and robust versions of STATICO were applied in parallel to the same datasets.
The procedure followed the three phases described in the theoretical framework:

Interstructure:

• Computation of cross-covariance matrices Sk = XT
k DnYk for each block;

• Assessment of similarity between pairs using the classical RV coefficient and its robust
counterpart based on MCD covariances.

Classical and robust RV coefficients. Let Ck = X⊤
k DYk denote the cross-covariance

matrix for block k. The classical RV coefficient between two blocks k and ℓ is

RV(Ck, Cℓ) =
tr
(
CkC⊤

ℓ

)√
tr
(
CkC⊤

k
)

tr
(
CℓC⊤

ℓ

) (7)

In Robust STATICO, we compute a robust cross-covariance C(R)
k = X⊤

k D(R)Yk, where
D(R) is a diagonal matrix of robust observation weights derived from MCD-based robust
distances. The robust RV is

RVR(Ck, Cℓ) =
tr
(

C(R)
k

(
C(R)
ℓ )⊤

)
√

tr
(

C(R)
k

(
C(R)

k )⊤
)

tr
(

C(R)
ℓ

(
C(R)
ℓ )⊤

) (8)

Compromise:
Estimation of the global compromise as a weighted combination of the Sk matrices,

maximizing average inertia;
In the robust version, weights were determined iteratively, reducing the influence of

blocks with larger robust Mahalanobis distances.
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The Algorithm 1 was as follows:

Algorithm 1. Adaptive robust weighting for the compromise

1. Initialize w(0)
k = 1/K, t = 0.

2 Compute the interim compromise C(t) = ∑K
k=1 w(t)

k C(R)
k .

3 Compute distances d(t)
k =∥ C(R)

k − C(t) ∥F.

4 Update weights
∼
w

(t+1)
k = min

(
1, c

d(t)k +ϵ

)
and normalize

w(t+1)
k =

∼
w

(t+1)
k / ∑ j

∼
w

(t+1)
j .

5 Stop if maxk | w(t+1)
k − w(t)

k |< 10−6 or t = 100; otherwise set t = t + 1 and repeat.

We set c as the median of
{

d(0)
k

}
and ϵ = 10−12.

Intrastructure:

• Projection of each block onto the global compromise to analyze its structural contribution;
• Identification of divergent blocks based on cos2 values and factorial residuals.

3.5. Structural Comparison Indicators

To quantify differences between the two approaches, the following indicators were
employed:

• Eigenvalues (λi): Proportion of inertia explained by the principal components;
• RV coefficients: Structural similarity between individual co-inertias and the

global compromise;
• cos2 values: Quality of block representation on factorial axes;
• Variance Concentration Ratio (VCR): Ratio between the cumulative inertia of the first

two components in the robust and classical versions.

These indicators enable assessment of stability, structural concentration, and resistance
to perturbations of Robust STATICO relative to its classical counterpart.

3.6. Computational Implementation

Statistical processing was conducted using the R environment (version 4.3) with the
packages ade4, robustbase, and rrcov.

The workflow included:

• Reading the paired data blocks;
• Variable standardization using z-score transformations;
• Execution of classical STATICO and computation of the global compromise;
• Application of Robust STATICO using MCD estimators and iterative weighting schemes;
• Generation of comparative plots for eigenvalues, RV coefficients, and cos2 values,

supported by factorial interpretation.

Reproducibility. All analyses are fully reproducible. We fixed the random seed using
set seed (12,345). Robust scatter and distances were computed using FAST-MCD with
trimming proportion α = 0.75 (i.e., h = ⌊0.75n⌋) and nsamp = 500. The adaptive weighting
procedure used maxIter = 100 and tolerance 10−6. Figures were generated directly from
the analysis scripts.
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The results were analyzed and visualized using biplots and contribution diagrams,
following the guidelines proposed in [21] for multiblock compromise analysis.

4. Results
4.1. Interstructure Similarity: RV Coefficients (Classical vs. Robust)

The RV coefficient is a matrix correlation measure that quantifies the similarity between
multivariate structures, analogous to a correlation between two cross-product matrices.
Within the STATICO framework, the RV coefficient is interpreted as a measure of geo-
metric proximity between the co-structures of two blocks, that is, the extent to which
they share a similar organization of relationships among variables in the factorial space of
the compromise.

The RV coefficient matrix quantifies the structural similarity among the spatial blocks
(La Libertad, Manta, and Puerto Bolívar) based on the co-structure between the analyzed
sets of variables. Under classical STATICO, RV values indicate a moderate level of simi-
larity between blocks (0.39–0.47), with the La Libertad-Manta pair emerging as the most
similar (RV = 0.471) and the Manta-Puerto Bolívar pair as the least similar (RV = 0.390).
In contrast, Robust STATICO redistributes these similarities: the La Libertad-Manta asso-
ciation is slightly reduced (RV = 0.441), while the similarity between Manta and Puerto
Bolívar increases markedly (RV = 0.460). This pattern suggests that part of the inter-block
structure captured by the classical method was influenced by extreme observations or
localized noise.

Table 2 summarizes the differences in RV coefficients between the two approaches.
In classical STATICO, RV values range from 0.39 to 0.47, indicating a moderate common
structure among sites, characterized by a shared pattern accompanied by spatial heterogene-
ity. The La Libertad-Manta pair (0.4707) is the most similar under the classical approach,
whereas Manta-Puerto Bolívar (0.3900) appears as the least similar. Under Robust STATICO,
this pattern is reorganized: the RV coefficient for Manta-Puerto Bolívar increases substan-
tially (0.3900 → 0.4601), while that for La Libertad-Manta decreases (0.4707 → 0.4413). This
behavior is consistent with robust statistical theory: when contamination or extreme events
are present, classical estimators may inflate or attenuate similarities depending on which
block contains dominant outliers. By incorporating robust covariance estimators (e.g.,
MCD-based estimators) and weighting schemes that downweight extreme observations,
the RV coefficient more accurately reflects stable co-structures rather than associations
driven by outliers.

Table 2. Differences in RV coefficients between Classical and Robust STATICO.

Block Pair Classical RV Robust RV ∆RV (Rob–Clas)

La Libertad-Manta 0.4707 0.4413 −0.0294
La Libertad-Pto.
Bolívar 0.4525 0.4665 +0.0140

Manta-Pto. Bolívar 0.3900 0.4601 +0.0701

This conceptual comparison is grounded on established developments in triadic multi-
block methods (PTA/STATICO) and robust covariance estimation (MCD/FAST-MCD), as
implemented in standard multivariate toolkits.

Similarly, the largest change is observed for the Manta-Puerto Bolívar pair
(∆RV = +0.0701), suggesting that the classical approach was underestimating their struc-
tural similarity. A theoretically consistent explanation is that, under the classical method,
a small number of influential observations may distort the covariance structure of one
block, thereby affecting the global geometry and artificially reducing the RV coefficient.
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The robust approach attenuates the influence of these observations, allowing the shared
co-structure to be more accurately recovered.

Smaller changes (−0.0294 and +0.0140) indicate fine-scale adjustments: the robust
method reduces potentially inflated associations (as in the La Libertad-Manta case) and
slightly reinforces others, which is precisely the behavior expected from a well-formulated
robust methodology.

From an ecological perspective, this reorganization of RV similarities is consistent with
the expected behavior of coastal systems where both background gradients and episodic
disturbances coexist. Under the empirically calibrated simulation scenarios considered
here, short-lived peaks in turbidity, suspended solids, and nutrient-related signals often
associated with runoff pulses, sediment resuspension, or localized discharges in estuarine
and port-influenced settings can dominate covariance estimates and thus bias perceived
between-site similarity under classical formulations. By downweighting influential events,
Robust STATICO is more likely to capture persistent shared structures linked to stable
forcing mechanisms (e.g., freshwater–marine mixing, chronic sediment loads, and seasonal
variability), while reducing similarities driven primarily by sporadic extremes. Conse-
quently, the increased RV for Manta—Puerto Bolívar can be interpreted as a recovery
of a common underlying environmental organization that may have been obscured by
episodic noise, whereas the slight reduction for La Libertad—Manta suggests that part
of their classical similarity was influenced by localized extreme conditions rather than a
stable co-structure.

4.2. Dominance of the Global Compromise: Eigenvalues of the RV Matrix (RV.eig)

The RV.eig eigenvalues are derived from the Partial Triadic Analysis (PTA) applied
to the interstructure and measure the dominance of the common compromise. The first
eigenvalue represents the magnitude of the common factor shared by the blocks, whereas
subsequent eigenvalues capture residual heterogeneity (block-specific variation) not in-
cluded in the common structure.

The ∆RV values reported in Table 3 provide a direct diagnostic of what the robust
approach corrects relative to the classical formulation. In theory, if the dataset exhibited
approximately Gaussian behavior without contamination, ∆RV values would tend toward
zero. Therefore, non-negligible ∆RV values constitute indirect evidence of heterogeneity
and/or influential observations.

Table 3. Eigenvalues of the RV matrix (RV.eig).

Method RV.eig 1 RV.eig 2 RV.eig 3

Classical STATICO 1.8763 0.6110 0.5126
Robust STATICO 1.9120 0.5592 0.5288

Analysis of the RV matrix eigenvalues (PTA on RV) reveals an increase in the first
eigenvalue under the robust approach (1.9120) compared to the classical version (1.8763),
indicating that the dominant common structure becomes stronger when the influence of
extreme observations is controlled. At the same time, the second eigenvalue decreases under
the robust formulation, suggesting a reduction in secondary heterogeneity attributable to
noise or local distortion.

Similarly, the first eigenvalue increases from 1.8763 (classical) to 1.9120 (robust). This
increase indicates that, under robustification, the common structure becomes more domi-
nant and less fragmented. In parallel, the second eigenvalue decreases (0.6110 → 0.5592),
which can be interpreted as a reduction in secondary variation associated with noise or
local distortion.
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4.3. Block Contributions to the Compromise: Tabw Weights

The tabw weights determine the extent to which each block contributes to the com-
promise. In the classical formulation, contributions may appear nearly uniform when
there is no strong geometric rationale for differentiating blocks, or when the procedure
does not explicitly penalize instability. In robust approaches, weights tend to become
more informative, as the method seeks to construct a stable compromise by maximizing
structural consistency while reducing the influence of noisy blocks.

Table 4 reports the block weights (tabw), which indicate the relative contribution of
each block to the construction of the compromise. Under classical STATICO, weights are
relatively uniform, as expected in the absence of explicit penalization for heterogeneity.
Under Robust STATICO, weights become more informative: the contribution of La Lib-
ertad decreases, while that of Puerto Bolívar increases, reflecting an adaptive adjustment
consistent with the robust objective of downweighting potentially noisy blocks without
excluding them from the analysis.

Table 4. tabw block weights.

Block Classical tabw Robust tabw ∆ (Rob–Clas)

La Libertad 0.5974 0.5756 −0.0218
Manta 0.5713 0.5729 +0.0016
Pto. Bolívar 0.5627 0.5835 +0.0207

Under the classical formulation, block weights are similar (0.5974, 0.5713, and 0.5627),
suggesting that the compromise is constructed from relatively homogeneous contributions
across blocks. Under the robust formulation, although the weights remain close in mag-
nitude, a clear rebalancing effect is observed: the contribution of La Libertad decreases
(−0.0218), while that of Puerto Bolívar increases (+0.0207). From a theoretical perspective,
this indicates that the Puerto Bolívar block contributes a structure that is more consistent
with the robust compromise, whereas La Libertad exhibits higher local variability or noise
that the robust approach appropriately attenuates.

4.4. Block Representation Quality: cos2

The cos2 metric measures the proportion of variance in a block’s representation ex-
plained by the selected factorial axes and is therefore an indicator of projection quality. In
factorial analysis, high cos2 values indicate that a block is well represented in the latent
subspace. However, when classical covariance estimators are used, cos2 values may be
influenced by extreme observations that artificially orient the axes (leverage effects).

As shown in Table 5, the cos2 metric quantifies the quality with which each block
is represented in the compromise subspace. Under classical STATICO, cos2 values are
uniformly high (~0.78–0.79), which may suggest good representation but can also reflect
structural optimism in the presence of extreme observations. Under Robust STATICO, cos2

values become more discriminative: Manta shows an increase in representation quality
(0.8420), whereas La Libertad decreases (0.7477). This pattern indicates that the robust
approach corrects potentially inflated representations and improves the alignment of blocks
whose structures were previously distorted by noise.

Table 5. cos2 representation quality metric.

Block Classical cos2 Robust cos2 ∆ (Rob–Clas)

La Libertad 0.7843 0.7477 −0.0366
Manta 0.7918 0.8420 +0.0502
Pto. Bolívar 0.7936 0.7950 +0.0015
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Under the classical approach, cos2 values are nearly uniform (~0.78–0.79). Under
the robust approach, cos2 becomes more discriminative: Manta shows a marked increase
(0.7918 → 0.8420), while La Libertad decreases (0.7843 → 0.7477). This asymmetry is
theoretically coherent, as robustification corrects a potentially inflated representation of
La Libertad and improves the alignment of Manta with the compromise by filtering out
structural distortions.

4.5. Compromise Structure: Eigenvalue Spectrum of the Compromise (eig)

The eig eigenvalues of the compromise describe the distribution of inertia across the
factorial axes. Under robustification, absolute eigenvalue magnitudes may change due
to: (i) robust centering and scaling; (ii) robust covariance estimation; and (iii) internal
normalization within the method.

As reported in Table 6, the compromise eigenvalues (eig) characterize the inertia
distribution in the factorial space. Because the robust approach may involve changes in
centering/scaling schemes and covariance estimation, absolute eig values should not be
compared directly. Instead, interpretation should focus on (i) the proportion of inertia
explained by the leading axes and (ii) the relative decay of the eigenvalue spectrum (parsi-
mony). In this regard, the robust spectrum exhibits a steeper drop after the first components,
indicating greater parsimony and a more stable latent structure, with fewer axes dominated
by noise.

Table 6. Eigenvalue spectrum of the compromise (eig).

Eje Classical eig Robust eig

1 27.9367 7.3352
2 3.8762 0.5034
3 0.8323 0.2063
4 0.3841 0.0978

4.6. Graphical Comparison of the Compromise: Classical Kplot vs. Robust Kplot

The kplot representations allow a detailed visual assessment of the geometric stabil-
ity of the compromise space and the coherence among blocks under both classical and
robust formulations.

In the Classical STATICO (Figure 1), the graphical panels by site reveal a greater
dispersion of sample projections and more variable orientations of the environmental
gradients across La Libertad, Manta, and Puerto Bolívar. Although a common latent
structure is detectable, the axes exhibit noticeable local deviations, suggesting sensitivity to
heterogeneity and potentially influential observations within specific months. The circular
correlation plots show less consistent alignment of variable vectors across sites, indicating
moderate instability in the compromise configuration.

In contrast, the Robust STATICO (Figure 2) displays a visibly more stable geometric
configuration. Sample clouds appear more compact and better aligned along the first
axis, while the variable gradients exhibit greater directional coherence across blocks. The
compromise structure becomes more clearly dominated by the first axis, with improved
consistency in axis orientation among sites. This increased geometric stability reflects the
effect of robust centering and scaling, which reduces the influence of extreme observations
and local variability.
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Figure 1. Classical STATICO (kplot).

Figure 2. Robust STATICO (kplot).

The interstructure and compromise projections shown in Figure 3 further support
this interpretation. The RV space indicates a clearer separation among blocks with more
structured alignment, while the compromise projection shows a more interpretable spatial
configuration. Additionally, the typological value plot (tabw vs. cos2) highlights a redis-
tribution of block contributions, with differentiated weights and representation qualities
across sites, reinforcing the discriminative capacity of the robust approach.
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Figure 3. Interstructure and compromise representation (kplot) of STATICO.

Quantitatively, these visual differences are consistent with:
(i) The increase in the first RV eigenvalue;
(ii) The redistribution of inter-block similarities;
(iii) Adjustments in block weights (tabw);
(iv) More heterogeneous but interpretable cos2 values.
Overall, while Classical STATICO successfully identifies a shared multiblock structure,

its output appears less discriminative and more sensitive to local heterogeneity. The
Robust STATICO formulation enhances structural stability, improves parsimony, and
yields a clearer and more interpretable compromise configuration [27]. These results
confirm the methodological relevance of robustification when environmental datasets
exhibit heterogeneity, noise, and potential extreme observations.

5. Discussion
5.1. Relevance of Robust Approaches in Multiblock Modeling

The results obtained confirm that incorporating robustness into the STATICO frame-
work does not constitute a mere technical variant, but rather a substantive improvement in
terms of structural stability, geometric interpretability, and multiblock coherence [28,29].
Although classical STATICO allows the identification of a common structure among paired
datasets, comparative analyses show that its performance may be compromised when data
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exhibit inherent heterogeneity, influential observations, or environmental noise features
commonly encountered in ecological and water quality studies [30,31].

In this study, Robust STATICO demonstrated a greater ability to extract a dominant
global compromise, as reflected by the increase in the first interstructure eigenvalue (RV.eig)
and a more coherent redistribution of inter-block similarities [32,33]. These findings are con-
sistent with multivariate robust statistical theory, which establishes that classical covariance
estimators are highly sensitive to deviations from normality and to extreme values, poten-
tially inducing distortions in factorial geometry and latent structure identification [34–36].
By contrast, the robust approach based on resistant estimators such as the robust Maha-
lanobis distance attenuates the influence of extreme observations without removing them,
thereby preserving relevant system information [37,38]. This behavior aligns with previous
results highlighting the superiority of robust methods in improving covariance stability
and latent pattern detection in contaminated multivariate contexts [39,40]. The present
study extends these principles to the domain of triadic multiblock analysis, demonstrating
that robustness is particularly pertinent when variability is not an artifact but an intrinsic
property of the environmental system under study [41,42].

5.2. Structural Interpretation and Block Behavior

Interstructure analysis reveals that Robust STATICO significantly reorganizes inter-
block relationships without arbitrarily altering the overall structure [43,44]. In particular,
the observed increase in the RV coefficient between Manta and Puerto Bolívar indicates
that the classical approach was underestimating their structural similarity, likely due to
the influence of local extreme observations affecting classical covariance estimation [45,46].
Robustification enabled the recovery of a more stable and consistent co-structure between
these blocks, in agreement with the graphical evidence observed in RV heatmaps and
comparative kplots [47].

Furthermore, analysis of block weights (tabw) shows that Robust STATICO introduces
an adaptive weighting mechanism, slightly reducing the contribution of blocks with higher
internal heterogeneity while reinforcing those whose structure is more coherent with the
global compromise [46]. This behavior is theoretically consistent with the principles of
multiblock analysis, where the objective is not to enforce uniform contributions but to
maximize compromise stability and representativeness [47,48]. The cos2 values reinforce
this interpretation: whereas classical STATICO yields homogeneously high representation
quality, potentially reflecting optimistic representations, the robust approach produces
more discriminative cos2 values [49]. The marked increase in representation quality for
Manta and the decrease observed for La Libertad suggest that Robust STATICO corrects
projections inflated by leverage effects, providing a more realistic assessment of each block’s
alignment with the common structure [50]. This result is consistent with previous studies
indicating that robust weighting and representation schemes improve interpretability by
emphasizing structurally consistent components across time or space [51].

5.3. Ecological and Methodological Implications

From an ecological perspective, Robust STATICO offers a more faithful and stable
representation of environmental relationships in coastal systems characterized by high
natural variability and potential measurement errors [52]. In tropical ecosystems such as
those along the Ecuadorian coast, where variables such as salinity, turbidity, dissolved
oxygen, and nutrients fluctuate due to seasonal processes, continental discharges, and
oceanographic dynamics, the presence of localized anomalies is inevitable [52,53]. In this
context, robust estimators enable the identification of persistent structural associations
without allowing extreme events to distort the global interpretation of the system [54,55].
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Graphical results, particularly the greater compactness of observation clouds, the
more coherent alignment of variable gradients, and the increased dominance of the first
compromise axis, demonstrate that Robust STATICO enhances the ecological readability of
multivariate patterns [56]. This makes it especially suitable for environmental monitoring
programs, water quality assessment, and the analysis of complex ecological systems, where
data irregularity is not an exception but a structural condition [57,58].

From a methodological standpoint, integrating robust covariance estimators into
the STATICO analytical workflow reinforces the need for hybrid approaches combining
multiblock analysis and robust statistics [59,60]. Such approaches extend the scope of mul-
tivariate analysis toward tools that are more resilient to data imperfection and uncertainty,
an essential aspect in applied environmental studies. Similar results have been reported in
robust extensions of PCA and co-inertia analysis, evidencing a consolidated trend toward
the systematic incorporation of robustness in applied multivariate inference [61].

5.4. Practical Implications and Applicability of Robust STATICO

From an applied perspective, the Robust STATICO proposed in this study provides a
high-value analytical tool for contexts requiring the integration of multiple multivariate
data blocks under real-world conditions of heterogeneity, structural noise, and influential
observations [62]. Its practical utility is particularly evident in scenarios where classical
multiblock methods may produce unstable compromises or distorted interpretations due
to the sensitivity of traditional covariance estimators [63].

In environmental and water quality monitoring, Robust STATICO enables the joint
analysis of physicochemical, biological, and operational variables measured across sites
or time periods, ensuring that extreme events such as point discharges, intense climatic
episodes, or measurement errors do not artificially dominate the identified common struc-
ture [64]. This is especially relevant for coastal and estuarine systems, where natural
variability is high, and data often follow non-Gaussian distributions [65].

Moreover, the method is applicable to environmental management and decision-
making programs by facilitating the identification of persistent structural patterns that
can support:

(i) Early detection of changes in environmental quality;
(ii) Robust comparison among monitoring zones;
(iii) Integrated evaluation of management or intervention measures.
Operationally, Robust STATICO is particularly useful when a paired series of tables

is available across time or space, as it synthesizes multiblock information into a stable
and parsimonious compromise, reducing dimensional complexity without sacrificing inter-
pretability [66,67]. This property makes it suitable for technical and academic institutions
working with large volumes of heterogeneous environmental data and requiring repro-
ducible, methodologically sound analyses [68,69].

Beyond the environmental domain, the proposed approach can be extended to other
applied fields such as regional economics, environmental epidemiology, or territorial man-
agement, where robust integration of multiple information sources represents a recurring
methodological challenge [70]. In these contexts, Robust STATICO provides an analyti-
cal framework that combines mathematical rigor, statistical stability, and practical utility,
aligning with current needs in applied multivariate analysis for complex scenarios [71].

5.5. Advantages and Future Perspectives

The empirical evidence obtained in this study demonstrates that the proposed ro-
bust extension of STATICO does not introduce arbitrary modifications to the analytical
framework but rather enhances its statistical coherence and geometric stability under
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contaminated and heterogeneous data conditions. The robust formulation reorganizes
inter-block similarities in a manner consistent with multivariate robust theory, reinforcing
stable co-structures while attenuating distortions induced by influential observations [72].
This reorganization leads to a stronger dominance of the global compromise and a more
parsimonious factorial representation, as evidenced by the increased concentration of
inertia in the leading axes and the improved interpretability of block contributions.

Moreover, the adaptive weighting mechanism embedded in the robust procedure al-
lows for a dynamic rebalancing of block influence, preventing structurally unstable datasets
from disproportionately shaping the compromise space. This property is particularly rel-
evant in environmental monitoring contexts, where extreme events and measurement
variability are intrinsic to the system rather than anomalous artifacts. By integrating robust
covariance estimation with triadic multiblock analysis, the proposed approach advances the
methodological frontier of multitable statistical modeling and strengthens its applicability
in complex sustainability assessments [73].

Looking forward, this framework opens promising research avenues. Future devel-
opments may explore the extension of Robust STATICO to dynamic monitoring systems,
where evolving multiblock structures can be tracked longitudinally to detect regime shifts
or structural transitions. Additionally, integration with advanced uncertainty modeling
paradigms, including probabilistic, fuzzy, or neutrosophic extensions, may further en-
hance its capacity to represent indeterminacy and incomplete information in environmental
datasets. In this sense, Robust STATICO should be understood not merely as a technical
refinement, but as a platform for the next generation of resilient multiblock analytical
methodologies [73].

6. Conclusions
This study presents a robust extension of the STATICO method specifically designed

to improve the stability and interpretability of multiblock analyses under heterogeneous
and contaminated data conditions. By integrating Minimum Covariance Determinant
(MCD) estimators and adaptive weighting mechanisms into the triadic algebraic structure
of STATICO, the proposed framework preserves the theoretical foundations of co-inertia
and partial triadic analysis while strengthening its resistance to influential observations.

Comparative results between classical and robust formulations reveal meaningful
structural differences. The robust approach enhances the dominance of the global compro-
mise, increases inertia concentration in the leading axes, and produces a more coherent
redistribution of inter-block similarities. These improvements translate into greater geo-
metric stability and more discriminative representation quality, thereby reinforcing the
reliability of the extracted multivariate structures.

From a methodological perspective, this contribution expands the scope of robust mul-
tivariate statistics toward triadic multiblock frameworks, an area that has received limited
attention in the literature. From an applied standpoint, Robust STATICO offers a stable
analytical instrument for sustainability-oriented environmental monitoring, particularly in
systems characterized by high natural variability and episodic disturbances.

Overall, the proposed framework provides a statistically sound and environmentally
interpretable tool capable of supporting sustainability assessment and decision-making
in complex multivariate scenarios. By reinforcing compromise stability and mitigating
distortion effects, Robust STATICO enhances the credibility and robustness of indicator-
based monitoring systems in dynamic environmental contexts.
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6.1. Future Research Directions

Future research should extend the present methodological development toward em-
pirical validation using long-term coastal monitoring datasets. Applying Robust STATICO
to real multiyear environmental series will enable evaluation of its stability under sea-
sonality, extreme climatic events, and nonstationary multivariate dynamics. Particular
attention should be given to assessing the temporal persistence of compromise structures
and trajectory consistency across monitoring campaigns.

Further methodological refinement may involve integrating Robust STATICO with
statistical learning techniques, including robust clustering, multiblock segmentation, and
predictive modeling frameworks. Such hybrid approaches could strengthen its capacity to
support early-warning systems and adaptive environmental management strategies.

In addition, expanding the framework toward advanced uncertainty modeling
paradigms represents a promising avenue. Incorporating probabilistic, fuzzy, or neu-
trosophic formulations may enhance the method’s ability to represent partial knowledge,
indeterminacy, and incomplete measurement features that are common in sustainability
monitoring systems.

Finally, beyond environmental applications, Robust STATICO may be extended to
interdisciplinary domains such as regional economics, epidemiology, and territorial gov-
ernance, where the integration of heterogeneous multivariate data blocks poses similar
structural challenges. These future developments position the proposed method as a
versatile analytical tool within the broader landscape of resilient multiblock statistical
methodologies.

6.2. Study Limitations and Scope

Although this study was conducted using statistically simulated data, these datasets
were empirically calibrated to reproduce the ranges, correlations, and variability patterns
observed in Ecuadorian coastal systems. Controlled simulation enabled rigorous evalua-
tion of the methodological behavior of Robust STATICO under reproducible conditions,
ensuring experimental validity and result traceability.

Nevertheless, simulation represents only a partial approximation of real ecological
complexity. Accordingly, future research should apply the methodology to observational
field data to validate its performance in dynamic, heterogeneous environments subject to
uncontrolled disturbances.

Despite this limitation, the study makes a significant contribution to the develop-
ment of robust multivariate analysis by proposing a tool capable of controlling the in-
fluence of outliers systematically generated in environmental, operational, and adminis-
trative measurement processes. In the Ecuadorian context, characterized by institutional
technical constraints and high data variability, the availability of a methodology that en-
hances analytical stability and reliability constitutes a scientific and applied contribution of
considerable value.

In this sense, Robust STATICO not only extends the theoretical boundaries of multi-
block analysis but also provides a practical and methodologically sound response to
real-world data management challenges faced by environmental, academic, and territorial
planning institutions.
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