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Abstract: There is a growing concern regarding underground water resources, driving the development of more refined methods to assess changes in these resources,
whether they arise from natural processes or direct and indirect interventions in the environment, of a physical or chemical nature. This study addresses the main
techniques of the Multivariate Statistical Analysis (MSA) method applied to this purpose. MSA has been widely employed in characterizing aquifers and in studies
related to contamination from mining activities, urban or rural interventions (agricultural and livestock), and in identifying processes of marine intrusion resulting in
salinization. Additionally, this approach was used to segment the territory into areas with different qualities of groundwater. Forty articles were analyzed, with 80%
of these originating from countries in Asia, Africa, and North America. During this evaluation, it was also possible to examine the relative applicability and
complementarity of Hierarchical Cluster Analysis (HCA) and Principal Component Analysis (PCA) to achieve the scientific objective, i.e., the investigation of
natural and/or anthropogenic processes in groundwater. Both methods, when compared to conventional geochemical grouping or other multivariate statistical
techniques, stood out as the most suitable and common in characterizing aquifer heterogeneities. We conclude that the applicability of this statistical approach is
universal, as the employed techniques are independent of lithology type, as they are linked to the hydrogeochemical nuances addressed in the studies.Based on
articles published between 1965 and 2022, it was possible to recognize in MSA tools a crucial instrument in the management and development of underground water
resources, addressing both current and future demands..

Keywords: Multivariate Statistical Analysis; Water Resources; Methodological Review.

Resumo: Cresce a preocupagdo em relagdo aos recursos hidricos subterraneos, impulsionando o desenvolvimento de métodos mais refinados para avaliar as mudangas nesses
recursos, sejam elas decorrentes de processos naturais, intervengdes diretas ou indiretas no meio, de natureza fisica ou quimica. Este estudo aborda as principais técnicas do
método de Analise Estatistica Multivariada (AEM) aplicadas a esse proposito. A AEM tem sido amplamente empregada na caracterizagio de aquiferos e em estudos
relacionados a contaminagdo proveniente de atividades mineiras, intervengdes urbanas ou rurais (agropecuarias) e na identificagao de processos de intrusdo marinha resultando
em salinizagdo. Além disso, essa abordagem foi utilizada para segmentar o territorio em areas com diferentes qualidades das aguas subterraneas. Foram analisados 40 artigos,
sendo 80% destes provenientes de paises da Asia, Africa e América do Norte. Durante essa avaliagio, foi possivel também examinar a aplicabilidade relativa e a
complementaridade da Analise de Cluster Hierarquica (HCA) e da Analise de Componentes Principais (PCA) para atingir o objetivo cientifico, ou seja, a investigagdo de
processos naturais e/ou antropicos nas aguas subterraneas. Ambos os métodos, quando comparados ao agrupamento geoquimico convencional ou a outras técnicas da estatistica
multivariada, destacaram-se como os mais adequados e comuns na caracterizagdo das heterogeneidades dos aquiferos. Concluimos que a aplicabilidade dessa abordagem
estatistica ¢ universal, pois as técnicas empregadas independem do tipo de litologia, uma vez que estdo vinculadas as nuances hidrogeoquimicas abordadas nos estudos. Com
base nos artigos publicados entre 1965 e 2022, foi possivel reconhecer nas ferramentas da AEM um instrumento crucial na gestao e desenvolvimento dos recursos hidricos
subterraneos, atendendo tanto as demandas presentes quanto as futuras.

Palavras-chave: Analise Estatistica Multivariada; Recursos Hidricos; Revisdo Bibliografica.
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1. Introduction

Underground water resources are among the main natural elements exploited by humanity. The sustainable
management of these resources emerges as a crucial issue for all countries, especially developing ones (Zghibi et al., 2014;
Rakotondrabe et al., 2018). Globally, 97.5% of water is saline, distributed in oceans, leaving only 2.5% as freshwater. Of
this amount, 68.9% is frozen, leaving 31% as liquid freshwater, with 4% coming from surface sources, while the largest
portion is composed of groundwater (Revenga et al., 2000; MMA-SRHU, 2007). The multiple uses of this water serve
various purposes: economic (industry, agriculture, mining), energy generation, and sustenance of living organisms.

Aquifers stand out partly due to their lower cost compared to surface waters, which are more vulnerable to pollution
and depletion. Unlike surface waters, underground reservoirs offer perennial flow, purity, and protection, reinforcing the
need for effective management policies to ensure their sustainable use (Wanda et al., 2011; Narany et al., 2014; Ahmed et
al., 2017). Consequently, countries must collect representative data to monitor and anticipate changes in these resources.

Numerous recent hydrogeochemical studies corroborate that salinity is among the main causes of water quality
degradation in coastal aquifers subjected to arid climates (Zghibi et al., 2014; Slama et al., 2017; Ahmed et al., 2018; Sae-
Ju et al., 2019). Variations in groundwater quality frequently result from the regional and geological configuration of the
subsurface context (Melloul & Collin 1992; Shin et al., 2020).

In recent decades, national capacities for hydrogeological monitoring and quality data production have declined
significantly, impacting decision-making (Keita & Zhonghua et al., 2017). Addressing this issue requires a deeper
understanding of aquifer heterogeneity, influenced by lithological-structural factors (fissured, karstic, or porous) and
environmental elements such as climate, recharge areas, evaporation, and rock-water interactions. Additionally, assessing
land use, identifying contamination from human activities, and analyzing past and future geochemical characteristics are
crucial (Narany et al., 2014; Ravikumar et al., 2015; Kumar Das et al., 2022).

Recently, hydrologists have increasingly relied on mathematical and statistical techniques to reduce numerous variables
to a manageable set of uncorrelated dimensions (Seyan et al., 1985; Farnham et al., 2000). Given the vast number of
influencing factors, analyzing them all is impractical. However, Multivariate Statistical Analysis (MSA) provides a
powerful tool for simultaneously processing multiple variables, helping identify the most relevant elements for further
study.

The pioneer in applying MSA in hydrology was Wallis in 1965 in a comparative work between common techniques of
the time such as Regression Analysis contrasted with the application of MSA using Principal Component Analysis (PCA)
and Cluster analysis with Varimax rotation. Two years later, Dawdy & Feth (1967) performed the first application on
hydrogeochemical data adopting the method in a study on groundwater quality in Mojave, California.

Since then, this tool has seen increasing use across various fields. As state-of-the-art research provides an efficient tool
for understanding what has been studied within a specific field (Roma Romanowiski & Ens, 2006), this work corresponds
to a review based on global-scale research covering the last five decades. The objective is to reach the main theoretical
references cited in the literature on multivariate statistical analysis to understand how MSA is applied and what are the
main tools for studying geochemical heterogeneities (i.e., natural evolution of aquifers, salinization processes,
anthropogenic contamination, contamination from mineral deposits related to mining activities or natural background) of
aquifer systems.

2. Methodology

2.1 Methodology of Principal Component Analysis (PCA)

The methodology of Principal Component Analysis (PCA) is a specific case of the broader method of factor analysis.
PCA focuses on constructing new variables called principal components from an existing set of original variables (Shin et
al., 2020; Odat et al., 2015; Dawdy & Feth, 1967). These new elements are derived through a linear combination of the
original variables.

The application of PCA aims at reducing dimensions across multiple parameters by categorizing those most relevant
that explain the variance of the phenomenon under study. When interpreted, these components reveal underlying data
structures. The basic approach consists of grouping dimensions based on correlation—i.e., gathering highly correlated
variables while those with low correlation are separated into distinct classes (Giiler et al., 2002; PingHeng et al., 2010;
Sae-Ju et al., 2019). The primary goal is to describe raw data using the sum of one special factor in a linear function with
as few common factors as possible thus simplifying dimensions.



Moitinho, D. E. R. et al., Northeast Geociences Journal, Caicd, v.11, n.1, (Jan-Jun) p.908-921, 2025. 910

With principal components in hand, analyses are conducted in Q mode (when investigating similarities between
individuals or objects), considering all measured variables simultaneously for each individual and R mode (exploring
similarities between variables). The technique is based on analyzing eigenvalues from a correlation or covariance matrix
with results expressed in tables/matrices (Table 1) (Melloul & Collin, 1992; Giiler et al., 2012; Shin et al., 2020).

Table 1 — Tablet with Main Components.

Variant Main Component
PC1 pPC2 PC3 PC4
pH -0,182 0,036 0,952 0,045
EC 0,972 0,099 -0,144 -0,027
TDS 0,972 0,099 -0,144 -0,027
TH 0,991 0,045 -0,026 -0,027
CaH 0,967 0,076 0,080 -0,066
TA 0,994 0,004 -0,044 -0,042
Ca 0,967 0,076 0,256 -0.197
Mg 0,970 0,015 -0,123 0,010
Na 0,132 0,762 0,256 -0.197
K 0,937 0,044 -0,141 -0,007
HCOs 0,994 0,004 -0,044 -0,042
F -0,035 0,659 -0,114 0,210
Cl 0,981 -0,007 -0,119 -0,066
SO4 0,962 0,118 -0,068 0,003
PO4 -0,055 -0,021 0,044 0,967
NOs 0,076 0,748 -0,023 -0,066
Eigen value 10,49 1,63 1,10 1,04
Proportion% 65,55 10,17 6,88 6,52
Cumulative % 65,55 75,71 82,59 89,11

Source: Ravikumar & Somashekar (2015).

Ravikumar & Somashekar (2017) employed Principal Component Analysis (PCA) to estimate aquifer quality in the
Varahi River Basin, Karnataka, India. PCA was chosen to manage elements that vary across different orders of magnitude.
The analysis focused on the correlation matrix, normalizing each variable to unit variance to ensure equal contribution.
Results were graphically represented based on the principal component table (Table 1) and illustrated in Figure 1.
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Figure 1 — Graphical representation of main components displayed e Table 1.
Source: Modified from Ravikumar & Somashekar (2015).

The summarized information from the PCA graph is crucial for identifying relationships patterns similarities extreme
chemical composition enabling subsequent statistical modeling. Analyzing the loading graph (Fig.2) for the first two PCs
(PC1 and PC2), all physicochemical parameters are observed distributed across upper right and lower right quadrants
respectively. Lines connecting variables passing through origin on factor loading graphs indicate each variable's relative
contribution. This visual representation is crucial for a deeper understanding of data obtained during aquifer quality
assessment. This section summarizes methodology used clarifying PCA's application process within aquifer quality
analysis preparing for subsequent comprehension regarding results obtained through this method.

2.2 Methodology - Factor Analysis (FA)

In factor analysis, factors are rotated using Kaiser’s varimax rotation to enhance interpretability. Proposed by Kaiser
(1958), this method emphasizes significant factor loadings essential for analysis. Data preparation involves standardizing
raw data, eliminating unit differences, and calculating the covariance matrix (Farnham et al., 2003; Che et al., 2021;
Tessema et al., 2012). Eigenvalues and the variance proportions associated with each factor are then computed.

The number of factors to be extracted is determined by summing proportions and calculating cumulative eigenvalues.
Various methods, such as the Scree Plot and Kaiser’s rule, guide this decision, with most studies utilizing one or both
approaches.

2.2.1 Scree Plot

The Scree Plot is an effective tool for identifying relevant factors, highlighting abrupt changes in eigenvalues that
indicate a significant change from a steep curve to a more gradual descent. In Figure 3, this pattern shows a notable slope
change after the first two factors. Eigenvalues decrease and fall below one between factors four and five, suggesting that
a four-component solution may be the most appropriate, capturing the best range of variation (Ravikumar & Somashekar,
2015; Yang et al., 2015).
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Figure 2 — Scree Plot of Eigenvalues, used to define the amount of components, most representative components
highlighted by the solid line.
Source: Adapted from Ravikumar & Somashekar (2015).

2.2.2 Kaiser’s Rule

In factor analysis, the number of factors selected is based on the elements that explain the most variance, typically
around seventy percent of the dataset's variance. Varimax rotation is applied using eigenvalues greater than one, making
the results interpretable often guided by Kaiser’s criterion (1958). Factor loadings are categorized as “strong” (>0.75),
“moderate” (0.75-0.50), and “weak” (0.50-0.30) (Liu et al., 2003). The classification of factor loadings is based on the
correlation matrix of standardized variables, aiming to simplify interpretation and maximize the relationship between them
by applying Kaiser’s Varimax rotation (1958). In this scheme, the first component (F1) typically reflects the most
significant variations, while the last component explains less of the data (Usunoff & Guzman, 1989; Helena, 2000).

2.3 Methodology — Cluster Analysis

Cluster analysis is a statistical grouping method divided into hierarchical non-hierarchical categories. Hierarchical
algorithms generate dendrograms representing similarity among samples while non-hierarchical algorithms directly form
groups. Hierarchical method widely used groups samples based similarities illustrating overall variable similarity within
dataset often employing Euclidean distance (Davis ,1986). Among various techniques, the average linkage method and
Ward’s method are prominent (Seyhan & Keet, 1981).

Hierarchical Cluster Analysis (HCA) is distinguished as the primary method for identifying homogeneous sets based
measured characteristics. It begins each case as separate cluster merging sequentially until only one group remains
grounded theory similar parameters originate same source (Bhuiyan,et.al ,2016 ). This technique widely applied Earth
sciences (Davis ,1986) utilizes similarity levels constructing dendrogram (Giiler et.al ,2002; Cloutier et.al ,2008 ; Giiler
et.al ,2012 ; Moya et.al , 2015).

Hierarchical clustering calculates the similarity between pairs of objects by measuring the distances between points in
a multidimensional space, where smaller distances indicate greater similarity, and larger distances indicate less similarity
(Tessema et al., 2012). In Figure 4, the smallest distances highlight similarities among samples grouped by their origins,
such as Cluster A (low pollution), which is subdivided into A-1 (urban groundwater) and A-2 (surface waters and springs
subject to natural mineralization). Cluster B represents downstream waters from gold mining sites.
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Figure 4 — Dendrogram developed on the identification from different contamination’s sites.
Source: Adapted from Rakotondrabe et.al. (2018).

2.4 Correlation matrix (MC)

Correlation matrix serves essential tool for identifying associations among variables especially hydrochemistry where
individual chemical parameters may play diverse roles (Orakwe Chukwuma ,2015; Rakotondrabe et.al ,2018; Helena et.al
,2000).

In correlation analysis, we estimate the relationships between pairs of variables using the Pearson correlation
coefficient, which reflects the strength and direction of the relationship. The results are presented in a matrix (Table 2),
where values ranging from -1 to +1 are considered, with values greater than |0.5| deemed statistically significant (Schot
Vander Wal, 1992; Odat, 2015; Armed et al., 2017; Zhang et al., 2018).

Table 2 — Correlation matrix.

Ec Tc pH DS Na K Ca Mg Cl
Ec 1,00
Tc 0,09 1,00
pH -0,25 -0,27 1,00
DS 0,99 0,09 -0,25 1,00
Na 0,94 0,09 0,17 0,95 1,00
K 0,70 0,05 -0,20 0,71 0,72 1,00
Ca 0,96 0,06 0,29 0,96 0,86 0,69 1,00
Mg 0,95 0,07 -0,24 0,94 0,82 0,66 0,92 1,00
Cl 0,99 0,06 -0,23 0,99 0,94 0,73 0,95 0,94 1,00

Source: Modified From Odat (2015).
3. Results and discussions

When analyzing a wide range of parameters in samples, multivariate statistics emerges as an essential tool for the
efficient analysis of these data. Collecting multiple measurements provides a comprehensive understanding, allowing for
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the simultaneous consideration of the variability of diverse properties (Landim, 2011). Among the most widely used
methods are: Principal Component Analysis, Cluster Analysis, Factor Analysis (including Rotation and Scree Plot), and
the Correlation Matrix.

Forty articles were examined regarding the techniques used and their objectives. The distribution was performed based
on the themes in which Multivariate Statistical Analysis (MSA) was applied, with the most frequent methodologies
highlighted. Figure 5 illustrates the techniques employed in the referenced research, revealing the simultaneous use of
some of them. Notably, the predominance of Principal Component Analysis (PCA) is observed in the theme of
hydrogeochemistry characterization/evolution. The results for each theme addressed by MSA are presented, highlighting
the techniques employed and their frequent simultaneous use.
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Figure 5 — distribution of applied techniques.
Source: Authors (2024).

3.1 Characterization and/or Evolution Hydrogeochemistry

In a study conducted in Kangding County, southwest China, Zhang et al. (2018) employed Principal Component
Analysis (PCA) along with a Scree plot to identify three main components, as represented in Figure 6. By integrating
information from other tools, it was possible to infer that thermal water follows deep circulation through the Xianshuihe
fault zone, while groundwater flows through fractures, recharging the thermal water. These analyses resulted in the
construction of a conceptual hydrological model, providing a deeper understanding of the natural water system.
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Figure 6 — Scree plot graphics and PCA Diagrams.
Source: Adapted from Zhang et al (2018).

3.2 Investigation Anthropogenic Urban/Agricultural Impacts Groundwater

In a study conducted in the Sylhet region of Bangladesh, Ahmed et al. (2017) investigated the hydrogeochemical
characteristics of groundwater, analyzing potential influences from surface waters. They used the Pearson Correlation
Matrix (CM), Principal Component Analysis (PCA), and Hierarchical Cluster Analysis (HCA) to assess the controlling
factors. Significant correlations were observed, such as K+SO4- (0.838) and K+-NO3 (0.543), indicating the influence of
excessive agricultural practices in the study area, associated with high precipitation throughout the discharge period.

PCA revealed six principal components, accounting for 76.16% of the total variance. PC1, PC3, PC4, and PC6 were
indicative of Geogenic/Natural Factors, while PC2 and PC5 highlighted Anthropogenic Factors, related to the use of
pesticides and fertilizers. The hierarchical cluster analysis (Figure 7) confirmed these results, identifying four distinct
clusters. Clusters 1 and 3 reflect weathering and natural factors, cluster 2 indicates both natural and anthropogenic
influences, and cluster 4 is exclusively associated with anthropogenic factors.
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3.3 Mining Activity Contamination Analysis

As reported by Rakotondrab et al. (2018), the influence of gold mining activities on water quality in the Mari River
basin in Bétaré-Oya, located in eastern Cameroon, was analyzed. Groundwater and surface water samples were collected,
and in addition to conventional analysis methods and the Heavy Metal Pollution Index (HPI), all data were subjected to
Multivariate Statistical Analysis using PCA, HCA, and CM techniques.

The correlation matrix in this study helped identify associations between variables, assess the consistency of the data
set, and determine the contribution of individual chemical parameters to different influencing factors. Similarly, PCA was
applied to distinguish and verify these factors (Figures 7a-b), resulting in the classification of five groups: two for major
elements and physical parameters (Figure 7-a) and three for heavy metals (Figure 7-b).

In the first group (red circle), which includes turbidity and total suspended solids (TSS), it is suggested that physical
pollution may be attributed to erosion from mining and waste. The second group (green circle), containing EC, pH,
alkalinity, and major ions (K+, Ca2+, Na+, Cl-, HCO-3, NO-3), represents water mineralization, which may have either
natural or anthropogenic origins, as in the case of nitrate ions.

Regarding the groups related to heavy metals, the first group (green circle), composed of Fe and Cr, showed a
significant correlation (0.728), suggesting lithogenic origins for these heavy metals. The second group (red circle),
consisting of Mn/Cd and Pb, may have a combination of geogenic and anthropogenic sources. The last group (Zn/Cu), in
the purple circle, was attributed to anthropogenic sources such as mining and associated activities, representing potential
pollution sources in the study area.

The multivariate statistical approach enabled the identification of highly polluted areas within the study region, related
to both physical and chemical pollutants.
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Figure 8 — Analysis of Main Components (PCA) of Major Elements and physical parameters (a) e heavy metals (b).
Source: Adapted from Rakotondrab et. al., (2018).

3.4 Aquifer Contamination Analyses for Saltwater Intrusion

Shin et al. (2020) investigated a data set from an archipelago off the southwest coast of Korea, near the Muanna
Peninsula, using Principal Component Analysis (PCA) to understand the impact of seawater on groundwater. Seventy-four
groundwater samples were collected and classified based on water type and the molar ratio of CI-/HCO-3. Thirty-six
samples were classified as Ca2+-Cl-, and thirty-two as Na+-Cl- (representing 91.9%), indicating that they were influenced
by seawater. The classification of samples based on the molar ratio of Cl-/HCO-3 showed that forty out of seventy-four
samples had a molar ratio of 2.8 or higher, indicating a strong influence of seawater on groundwater.

Principal Component Analysis revealed the influence of oceanic water in the first component, which explained 54.1%
of the variance. These results showed that saltwater intrusion affects the region's water, with samples exhibiting a
significant proportion of seawater mixing.

3.5 Complex Studies - Simultaneous Hydrogeochemical Heterogeneities

Kazakis (2017) applied multivariate statistical techniques to hydrochemical data from three distinct regions in northern
Greece, each characterized by unique hydrogeological, climatological, and land-use conditions (Figure 8). The study
employed the Pearson correlation coefficient, Factor Analysis (FA) in R-mode, and Hierarchical Cluster Analysis (HCA)
to assess groundwater quality and hydrochemical processes in these regions.

In an innovative approach, the data from all three regions were analyzed collectively, without presupposing similarities
in hydrochemical processes. Factor analysis, following Varimax rotation, identified two factors explaining 70.6% of the
total variance.

The findings revealed that contamination in the first region was linked to industrial and agricultural activities; in the
second region, seawater intrusion and geothermal fluids were the primary sources of contamination; while in the third
region, anthropogenic impacts—particularly the intensive use of pesticides—were the main contributors.
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4. Conclusions

Multivariate Statistical Analysis (MSA) is an essential tool for handling vast amounts of data, providing integration
and efficient interpretation to represent results. This methodology enables a quantitative approach and favors the
classification of aquifer samples by analyzing correlations among variables, such as physicochemical parameters, and
evaluating the heterogeneities of sampling sites and waters, among other relevant applications. The success of MSA in
hydrogeochemical studies is evident in its ability to identify key water factors, understand temporal and spatial variations,
and delineate sites based on the processes to which they have been subjected. Such information is central for the effective
management of water quality.

It is crucial to emphasize that proper utilization of MSA requires a solid understanding of the techniques and their
limitations. While MSA does not establish cause-effect relationships, it offers valuable insights into relationships that can
be inferred.

Based on the research analyzed, we conclude that the multivariate statistical approach is universally applicable,
regardless of lithology type, with the main tools employed being Principal Component Analysis (PCA) and Hierarchical
Cluster Analysis (HCA), often applied together.
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