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Abstract: This study highlights the importance of distinguishing the mechanisms driving
spatial and temporal variances in groundwater database analyses, with a particular focus
on bacteriological contamination processes. Groundwater quality data from the Bourgogne-
Franche-Comté region of France forms the basis of this investigation. Specifically, the
SISE-EAUX database includes 3569 groundwater samples collected over various dates from
989 monitoring points. The methodology involves structuring the data into three distinct
sets: (1) A spatio-temporal dataset without any conditioning; (2) A spatial dataset that
assigns the mean values of each parameter to each sampling point; (3) A temporal dataset
that captures deviations from the mean for each sampling point and parameter. These
datasets enable a separate analysis of spatial and temporal variances. Principal component
analysis (PCA) and parameter hierarchical clustering were used to compare the results,
yielding valuable insights into the underlying processes. This analysis helps distinguish
between factors related to geological or pedological spatial distributions and those asso-
ciated with climatic events, such as intense rainfall episodes exhibiting seasonal patterns.
Such differentiation enhances the understanding of fecal contamination vectors and nitrate
pollution, which are often linked to surface and subsurface runoff in vulnerable catchment
areas. While conceptually clear, the practical separation of spatial and temporal variability
presents challenges. For example, catchments sensitive to surface water inflows during
rainfall events are unevenly distributed across the region, correlating with specific natural
environments. As a result, areas of high temporal variability are also well-structured
spatially, underscoring the interdependence of these two types of variability. This com-
plexity is exemplified by the behavior of iron, which varies in association with surface
and subsurface parameters depending on spatial and temporal contexts. Additionally,
asynchronous sampling and varying frequencies across sites lead to discrepancies in the
average temporal data acquisition between points. These disparities can influence spatial
variability calculations, as temporal variability effects are not entirely removed. Despite
these challenges, the distinction between spatial and temporal components is essential
for a deeper understanding of groundwater quality mechanisms. This refined approach
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improves diagnostic precision and supports more targeted and effective water resource
management strategies.

Keywords: groundwater database; bacteriological composition; chemical composition;
principal component analysis; clustering

1. Introduction
Groundwater constitutes a major proportion of water intended for human consump-

tion for several reasons. It is often of good quality and requires less treatment than surface
water, making it a valuable resource [1–6]. Unlike surface water sources (rivers, lakes),
which can be subject to seasonal fluctuations or extreme weather conditions, groundwater
provides a more stable and reliable resource. Due to natural filtration through layers of
soil and rock, it is often less exposed to surface contaminants (bacteria, heavy metals,
chemicals) [7]. In some cases, it is the only water source available for rural and remote
communities. However, as it is “invisible” [8], sustainable resource management across
vast regions requires an essential understanding of its characteristics, both quantitative
and qualitative. In this context, the existence of large databases can prove to be an effective
analytical tool [9,10] for understanding the origin of these characteristics, even though
the integration of data from different original studies, encompassing diverse properties or
resource characteristics (hydrochemistry, water resources, recharge, etc.), are often lack-
ing [10,11]. This is especially unfortunate as acquiring water quality data at a regional scale
requires significant and costly fieldwork and laboratory analysis.

While in many countries the management of groundwater is entrusted to respective
geological surveys, in France, water quality monitoring has been assigned, as part of
sanitary control, to health agencies that have been maintaining a national database for over
40 years. In total, more than 33,500 water catchments are used to supply drinking water to
the population, 96% of which rely on groundwater. This corresponds to an average density
of one catchment per 16 km2, monitored more or less regularly [12,13]. The database thus
generated exhibits spatial variability, influenced by numerous factors (lithology, topography,
human land use), as well as temporal variability (seasonality, agricultural practices, weather
events). The data collection spans several years to several decades, with all sampling efforts
not being synchronized. As a result, analyzing the information contained in such databases
can be complex. To the best of our knowledge, a separate analysis of spatial variability and
temporal variability, to identify the mechanisms associated with each of these aspects, has
never been thoroughly addressed.

Fecal contamination is the primary factor for non-compliance of water intended for
human consumption, and recent studies based on regional extractions from the SISE-
EAUX database identify it as a significant source of variability [14–20]. These studies
have highlighted that bacterial contamination is associated with multiple factorial axes in
multivariate analyses, suggesting the presence of several mechanisms that may not be solely
explained by the commonly acknowledged pathway: “heavy rainfall > runoff and germ
transport > contamination of the most vulnerable catchments”. While this mechanism is
widely recognized [21–23] and often presented as the sole explanation, high contamination
levels are typically linked to waters with lower mineralization due to dilution effects
from rainfall. Some of these works address spatial and temporal variance, but only to
quantify the information loss that accompanies grouping into homogeneous groundwater
bodies for optimized resource management within a multi-parameter mapping strategy.
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The mechanisms specifically responsible for spatial and temporal variability have not been
investigated in detail.

This study is based on data extracted from the SISE-EAUX database at the regional
scale of Bourgogne-Franche-Comté (BFC, France). Its objective is to examine the mecha-
nisms driving spatial, temporal, and spatio-temporal variability in groundwater quality,
with a particular focus on the processes leading to bacteriological contamination.

2. Materials and Methods
2.1. Study Area

The Bourgogne-Franche-Comté region, located in east-central France (Figure 1), con-
sists of eight administrative departments: Côte-d’Or, Jura, Haute-Saône, Nièvre, Yonne,
Saône-et-Loire, Territoire de Belfort, and Doubs. Covering an area of 47,784 km2, it is
the fifth-largest administrative region in France. It spans three major river basins: the
Seine, the Loire, and the Rhône. The region’s elevation ranges from the Saône plain and
the Seine valley (~170 m) to the peaks of the Vosges (1247 m) in the northeast and the
Jura (1495 m) in the east. The Morvan Massif (901 m) occupies the central part of the
region. Bourgogne-Franche-Comté is bordered by the Centre-Val de Loire region to the
west, Île-de-France to the northwest, Auvergne-Rhône-Alpes to the south, Grand-Est to the
north, and Switzerland to the east.
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Figure 1. Location and main physical characteristics of the Bourgogne-Franche-Comté region, along
with groundwater sampling points.

The region is composed of three major structural domains:

• The Hercynian Massifs, composed of metamorphic and crystalline rocks (schists,
gneisses, granites) forming the bedrock of Bourgogne, the Morvan, and the southern
Vosges. These rocks have been eroded over time, providing the materials accumulated
in lower areas;

• The Mesozoic Domain, mainly consisting of sedimentary rocks (limestone, chalk,
marls) formed on the flattened Hercynian bedrock in shallow seas. These sedimentary
deposits can be observed on the plateaus of Bourgogne, Haute-Saône, Auxois, Bazois,
and the Jura Massif. The Jura Massif itself was formed 35 million years ago through
compression from the Alpine orogeny pushing westward;
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• The Cenozoic Domain, created after the sea retreated and the Saône Rift was formed.
It consists of materials transported by rivers descending from elevated zones and is
covered by glacial deposits laid during major glaciations.

For more details on the geology and, more broadly, the diversity of the region, readers
are encouraged to refer to previous studies [24].

2.2. SISE-EAUX Database Extraction

SISE-EAUX is a groundwater quality database managed by the French Ministry of
Health and its regional and departmental agencies (ARS). It is designed for the organized
storage of health-related water information [25,26] and has been operational since the 1990s.
The study is based on an extraction of data from this database covering the entire adminis-
trative region of Bourgogne-Franche-Comté over a period of 5.4 years, from 11 January 2016
to 25 May 2021 (https://data.ofb.fr/catalogue/data-eaufrance/eng/catalog.search#/home,
accessed in March 2023). All analyses were performed by ARS-accredited laboratories
with international accreditation and analytical quality certification. Only raw water
samples—collected from abstraction points and untreated for potability—were included
in this study. The number of parameters analyzed for each water sample varies depend-
ing on the type of analysis: routine monitoring (basic physico-chemical parameters such
as major ions and fecal bacteriology), targeted analyses, or more comprehensive analy-
ses, such as those performed during an initial sampling (up to a hundred parameters,
including pesticides, metals, metalloids, trace elements, and full bacteriology). As a result,
the data extraction produced matrices containing numerous empty cells, referred to as
sparse matrices. The sparse matrix resulting from the regional data extraction contains
8723 observations and over 100 parameters. After manually correcting data entry errors
and removing empty cells, a complete matrix with 3569 observations and 22 parameters
was selected for this study. These 22 parameters include electrical conductivity at 25 ◦C
(EC), fecal bacteriology indicators (Enterococcus and Escherichia coli, labeled as Enter. and
E. coli), major ions (Na+, Ca2+, Mg2+, Cl−, SO4

2−, HCO3
−, NO3

−, NH4
+), metals and trace

elements (Fe, Mn, B, F, As, Se, Cd, Ni), total organic carbon (TOC), and turbidity (Turb.).
For clarity, the distinction is made between a parameter (e.g., SO4) and the corresponding
ion (e.g., SO4

2−). The distribution of the study’s sampling points is shown in Figure 1. The
complete matrix includes data from 989 sampling points, with between 1 and 12 samples
collected, resulting in an average of 3.6 samples per sampling point during the extraction
period. Where several aquifers are superimposed, only the most superficial aquifer has
been retained.

2.3. Data Treatments
2.3.1. Data Conditioning

To limit the influence of extreme values [27,28], which could obscure important mech-
anisms during data processing, the data were subjected to a logarithmic transformation
using the formula y = log10(x + DL), where x represents the value of the parameter X
(physico-chemical or bacteriological) and DL is its detection limit.

2.3.2. Separation of Spatial Variations and Temporal Variations

The spatio-temporal dataset consists of all the data from the full matrix, i.e.,
3569 observations and 22 parameters. Over the period covered by the extraction, the
database contains multiple analyses for each of the sampling points (Figure 1). Therefore,
the variance includes both temporal variability, reflected by different values at the same
sampling point, and spatial variability, reflected by different averages between sampling
points. On one hand, a spatial dataset was created by assigning to each sampling point the

https://data.ofb.fr/catalogue/data-eaufrance/eng/catalog.search#/home
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mean values of each parameter (989 observations and 22 parameters). On the other hand,
the calculation of the deviation from the mean for each sampling point and for each param-
eter creates a dataset (centered around zero) representing the temporal variability at each
point (989 observations and 22 parameters). These zero-centered data were then merged,
meaning that all the temporal variabilities from all the sampling points were overlaid in
order to study the spatial structure of the temporal variability of each parameter.

2.3.3. Analysis of Variance

An analysis of variance (ANOVA) was performed using water characteristics as the
dependent variable, and the “sampling point” criterion as the non-quantitative explanatory
variable [29], thus providing the spatial variability [30]. The variance explained by each
parameter was measured by the R2 [31,32], according to the following formula:

R2 = 1 − (RSS/TSS), (1)

where RSS is the residual square sum and TSS is the total square sum of the values of each
parameter. R2 represents the percentage of spatial variance explained by its relationship
with the explanatory variables. The complement to 1 of R2 represents the fraction of
unexplained variance [33] and reflects the temporal variance of each parameter, to which a
small portion of variance due to analytical imprecision is added, which will be disregarded.

2.3.4. Principal Component Analysis

A principal component analysis (PCA) was conducted on the full matrix of log-
transformed data to identify and rank the sources of water quality variability as well as the
mechanisms associated with them. Analyses from the three full matrices (spatio-temporal,
spatial, and temporal) were compared. The PCA was performed using the correlation
matrix. Under these conditions, the identified factor axes are orthogonal and represent
independent processes [34].

2.3.5. Parameters Hierarchical Clustering

In order to compare the behavior of the different parameters, they were grouped
using unsupervised hierarchical clustering [35] according to three modalities. The first is
based on the coordinates of the parameters on the main factor axes, meaning the grouping
was made according to the correlational information between the parameters. The second
modality was conducted based on the mean of each parameter at the sampling points (i.e.,
based on spatial variability), while the third was based on the deviation of the analytical
results from the mean, i.e., based on temporal variability. These three types of grouping
address the classification of water quality parameters according to different criteria. For
each processing, the first eight factor axes were considered.

2.3.6. Seasonality

In order to compare the temporal variability across all the sampling points, the anal-
ysis results for each parameter were normalized by the mean of that parameter at the
corresponding sampling point. This effectively centers the values around the local mean,
so the result reflects only the local temporal variability. These data were used, on the one
hand, to assess the trends in temporal variance over the entire period for each parameter,
and on the other hand, to analyze the seasonal variance over the 5.4 years of the dataset.

2.3.7. Spatialization of Temporal Variance

Temporal variations were calculated by subtracting the local mean to each value.
Therefore, the sum of the deviations for each sampling point is zero. To map temporal
variance, the values were squared, which is consistent with a variance. Indeed, the map
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calculation averages the different values obtained at the same sampling point, which
amounts to mapping temporal variance. Consequently, mapping temporal variability
involves mapping the temporal variance at each sampling point.

3. Results
3.1. Spatio-Temporal Data

The analysis of variance indicated a spatial variance proportion ranging from 42%
to 99% of the total variance, depending on the parameter (Figure 2). As a consequence,
the temporal variance ranged from 1% to 58% of the total variance. For major ions and
electrical conductivity, the variance was primarily spatial, with negligible temporal variance.
In contrast, for bacteriological parameters and especially trace elements, the proportion of
temporal variability was significant, while spatial variability was lower.
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The inertia of the factor axes from the PCA showed that the information contained
in the dataset was distributed across many axes, reflecting a great diversity of variability
sources and thus complex information (Figure 3). The first six principal components had
eigenvalues greater than one, meaning they concentrated more information than a single ini-
tial parameter. The first four factor axes accounted for between 22% and 9.1%, cumulatively
representing 65% of the information, considering all water samples and parameters.
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The first factor axis was positively scored with chlorinated-sulfated sodium and rather
mineralized waters, characterized by the presence of various forms of nitrogen, heavy
metals, and arsenic (Figure 4a). In contrast, the most diluted waters were marked by
fecal contamination. The second factor axis, however, contrasted waters with higher
minerality and a more calcium-carbonate chemical profile to the most diluted waters,
characterized by fecal contamination and heavy metals. It should also be noted that the
most diluted waters were associated with nitrate, the oxidized form of nitrogen, while
the most mineralized waters were marked by ammonium and nitrites, typical of reducing
waters. These results suggest that the most diluted waters correspond to infiltration of
surface waters, marked by higher turbidity and TOC content, such as runoff waters during
rainfall events, while the most mineralized waters were more indicative of non-surface,
anoxic waters. Fecal contamination played a major role in the third factor axis (Figure 4b).
It was not associated with the most diluted waters, as seen in the first two principal
components, but with the most mineralized waters, still marked by turbidity and TOC,
low in nitrate and metals except for Fe and Mn, which are here surface markers. Like the
third axis, the fourth factor axis linked fecal contamination, turbidity, and TOC to the most
mineralized waters, but here with a calcium-carbonate profile. These last two factor axes
thus reflected lithological opposition.
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These results led to a typology of the parameters based on the first eight principal
components, represented by the dendrogram in Figure 5. The parameters E. coli and
Enter. were strongly correlated and connected to the group Turbidity, TOC, Fe. This set
of five parameters, characteristic of surface waters, was completely distinct from all other
parameters. The metalloids As and Se, along with the metals Cd and Ni, formed, with
nitrites, another group of parameters that also stood out from the rest. Ca, HCO3, and EC
formed a third well-defined group. A fourth group consisted of the parameters Mn and
NH4, characteristic of more reducing environments. Finally, the last, more heterogeneous
group was composed of the other water quality parameters.
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data processing.

3.2. Processing of the Spatial Data Matrix

These data represent the local averages, that is, the averages for each sampling point.
The full matrix used contains 989 sampling points for which the 22 previously mentioned
bacteriological and physico-chemical parameters were considered. As expected, due to the
low share of temporal variance for most water quality parameters, the distribution of the
inertia of the principal components along the different factor axes was very similar to that
observed for the spatio-temporal data (Figure 6).
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The first factor axis (23.5% of the variance) contrasted waters contaminated by Es-
cherichia coli and Enterococci, marked by TOC, with chlorinated sulfate-sodium waters
marked by the presence of various nitrogen forms, heavy metals, and associated metalloids
(Figure 7). Thus, there was a clear lithological component conveyed by this first principal
component (PC). The second factor axis (18.7% of the variance) contrasted the most miner-
alized waters with a calcareous-sulfate magnesium-calcium chemical profile, with waters
rich in metals, metalloids, and nitrites. Similarly, this axis conveyed a redox component
associated with different lithologies and pedologies. The third factor axis contrasted waters
contaminated by E. coli and Enter., marked by turbidity, Mn, Fe, B, F, and NH4, with waters
rich in Se, Cd, and NO3. This opposition was both lithological and characterized by redox
features. This PC3 accounted for 12.5% of the variance. The fourth factor axis (9.5% of
the total variance) showed an opposition between turbid surface waters with high metal
content and deep waters.
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The parameter typology obtained through clustering was quite similar to that obtained
from the spatio-temporal variations, with a notable difference concerning iron (Figure 8).
In the case of spatio-temporal variations, iron was associated with turbidity, TOC, and
bacteriological parameters. However, in the spatial matrix analysis, it was associated with
metals and metalloids (As, Se, Ni, Cd) and nitrites.
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treatment.

3.3. Processing of the Temporal Data Matrix

The matrix contains 3569 sampling points and 22 parameters. The processed data
represent the differences from the local means in logarithmic units. The information was
spread across more axes than in the previous treatments, with the first eight principal
components (PCs) having eigenvalues greater than one (Figure 9). The first PC (21.5% of
the variance) opposed, on one side, the compounds, stable in a reducing environment, and
on the other side, the nitrates, stable in an oxidizing environment. It could represent the
opposition between older waters (reducing, stagnant in some environments) and more
aerated waters, recently arrived in the environment (Figure 10a). The second factor axis
(14% of the variance) represented the opposition between the most mineralized waters and
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waters with lower ionic load, turbid, marked by suspended solids (Turb), total organic
carbon (TOC), and colloidal iron, and positively scored with the bacteriological parameters.
It most likely reflected the effect of contamination of catchments by runoff waters during
storm events. The low weight of bacteriological parameters and the weak but negative
correlation of these parameters with nitrates, however, seems to indicate a medium that
is not highly exposed to slurry and manure spreading. The third axis represented surface
waters with a tendency toward calcareous areas. It also reflected the contamination of
catchments by runoff waters, but for environments more exposed to nitrogen fertilization
(agriculture) and the spreading of manure and slurry compared to axis 2. The fourth axis
clearly opposed two distinct chemical profiles: on one side, the Jurassic calcareous areas
(Ca, HCO3, and EC), and on the other side, the Triassic areas marked by Na, Cl, and SO4.
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The typology of parameters based on temporal variability showed a much closer
relationship between the bacteriological parameters, turbidity, and TOC than with the
spatial or spatio-temporal data treatments, resulting in a very low dissimilarity. Nitrate
was grouped with this set, although with a notable dissimilarity (Figure 11).
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3.4. Seasonality and Trends over 5.4 Years

At the temporal level, there was no seasonal trend or trend over the sampling period
(5.4 years) in the evolution of major ions and electrical conductivity. This lack of trend for
these physico-chemical parameters is consistent with their low temporal variance (Figure 2).
Similarly, no clear trend over 5.4 years was detected for the bacteriological parameters
(Figure 12). However, when displaying the bacteriological data by day of the year, across
all years, a slight seasonal trend is observed, with two maxima occurring in early summer
(second half of June) and in autumn (September 15 to November 10).
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3.5. Spatialization of Temporal Variance

The distribution maps of the temporal variance are presented in Figure 13 for a few
parameters. The maps showed a non-random distribution of temporal variance. Generally,
areas of low temporal variability were located in the northern central part of the region,
but there were notable differences depending on the parameter. For instance, areas where
NO2 showed temporal variations (southern to southeastern part of the region) were very
different from those where electrical conductivity varied over time (southwestern edge).
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Figure 13. Distribution of temporal variance for (a) EC, (b) E. coli, (c) TOC, and (d) NO2 over the
BFC region.

4. Discussion
4.1. Overview of the Datasets

The spatial dataset was designed to eliminate most of the temporal variability by
assigning the average value calculated for each parameter and sampling point. However,
since collections were not synchronized across all sampling locations, a small portion of
temporal variance remains, which was deemed negligible for this study. Furthermore, the
extent of temporal variance depends significantly on the number of samples per sampling
point. It is easy to understand that if there is only one analysis per location, the temporal
variability is null (or nearly null, considering that the samplings are not synchronized
across different sites). Conversely, if the database contains numerous samples for each site
over the extraction period considered, temporal variance will be significant. In our case,
we recorded an average of 3.6 samples collected per sampling point (3569/989), a low ratio
that therefore reduces the influence of temporal variability in this dataset. Increasing this
ratio would likely amplify the proportion of temporal variance compared to the spatial
variance, but would not affect the differentiation between the various parameters, as all
parameters pertain to the same samples. Thus, comparing different parameters remains
meaningful in terms of the relative importance of temporal variability. Since the variance
calculations for spatio-temporal, spatial, and temporal variances were performed on the
same dataset, similarities exist in the results obtained. In what follows, only differences
and key highlights will be emphasized and analyzed.

One consequence of the low proportion of temporal variance for many parameters
is that the distribution of inertia among principal components in the analysis based on
spatial variance closely resembles that observed in spatio-temporal data (Figures 3 and 6).
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Temporal variability is high for microbiological parameters and trace elements but low for
the physico-chemical parameters of major ions (Figure 2). This result aligns with findings
from other regions, such as Provence-Alpes-Côte d’Azur, Occitanie, or Auvergne-Rhône-
Alpes [16,18,27].

4.2. Pathways of Fecal Contamination in Groundwater

This study clearly demonstrates that runoff and the transport of bacteria via particles
(clay, organic matter, and colloidal iron) are the major processes leading to aquifer contam-
ination. In most studies dealing with the analysis of datasets from groundwater, which
inherently include a mix of spatio-temporal variance, the first factorial axis—representing
a major source of variability—opposes the most diluted water contaminated by E. coli
and Enterococci to the most mineralized, non-contaminated water. The grouping of E. coli-
Enterococci, on one hand, and electrical conductivity (EC) on the other, shows a marked
opposition, with one contributing strongly positively and the other strongly negatively
to the first factorial axis [16,18–20,24,27,28]. This is also observed in the present study
(Figure 4), where the first two factorial axes oppose more diluted to more mineralized
water, with variables such as turbidity, total organic carbon (TOC), and fecal contamination
associated with diluted water. This opposition disappears in the case of spatial analysis,
with bacteriological parameters contributing significantly only to the third and fourth
principal components (PCs) and without a marked opposition to ionic load. However, the
opposition persists in temporal variance analysis, though it appears in the second position,
following a first PC reflecting seasonal redox processes. Groundwater contamination by
fecal-origin bacteria thus exhibits a strong seasonal temporal component (Figure 12). In par-
allel, the clustering of parameters by similarity confirms that bacteriological parameters
are much more clearly associated with turbidity and TOC (with very low dissimilarity) in
the temporal variance treatment compared to other approaches (i.e., maximizing spatial
variance or analyzing the entire dataset). Nitrate is grouped with this cluster but with some
dissimilarity, indicating the contribution of hypodermic runoff associated with surface
runoff, marked by turbidity and bacteriological parameters. The most sensitive areas
appear to be environments moderately exposed to manure and slurry spreading, as sug-
gested by the negative correlation with nitrates and the moderate weight of bacteriological
parameters. In summary, this result highlights the clear contribution of contamination
episodes caused by runoff water during rainfall events. It corroborates interpretations from
previous studies based on large datasets, which had proposed this hypothesis.

The bacteriological parameters E. coli and Enterococci show significant temporal varia-
tions at the beginning of summer and particularly in autumn. These periods correspond,
respectively, to intense localized storms and heavy autumnal rains. These variations are
linked to these rainfall events but also exhibit a component related to the calendar of anthro-
pogenic activities [36]. In France, manure-spreading periods are regulated to mitigate the
risks of water pollution and protect the environment [37], particularly under the European
Union’s Nitrates Directive (Directive 91/676/EEC, adopted on 12 December 1991) [38,39].
These periods vary depending on the region, crop type, local climatic conditions, and soil
type. However, it is generally observed that spreading is prohibited in autumn and winter
(from late October to late January) when the risk of leaching is high due to the absence of
crops capable of absorbing nutrients. Conversely, it is permitted in spring (March to May,
depending on the region) and summer after the first harvests in June. If rainfall occurs
during these permitted periods, the risk of groundwater contamination after spreading
becomes extremely high. This scenario likely explains the seasonal variation in temporal
variance observed around the second half of June (Figure 12).
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4.3. Complexity of Iron Behavior

The behavior of iron illustrates a limitation in separating the spatial and temporal
components of variance. The parameter Fe represents total iron, encompassing both
colloidal and dissolved forms. Dissolved iron may originate from areas with metalliferous
deposits (in which case it is associated with other trace elements) or from the presence of
reduced groundwater, which promotes its solubilization. Colloidal iron is a constituent
of suspended matter capable of transporting bacteria from the surface to aquifers. These
different forms and origins of iron must be considered when interpreting its behavior.

In our study, iron associates differently with other parameters depending on the data
matrix and conditioning. In spatio-temporal analyses, iron is linked to surface parameters
such as turbidity, TOC, and fecal contamination parameters (Figure 5). This association
disappears in spatial variance analyses (Figure 8), suggesting that colloidal iron plays a role
in bacterial transport and the contamination of vulnerable water catchments, with a strong
seasonal component. In the spatial data matrix, this parameter, grouped with other metals,
metalloids, and nitrites (NO2), reflects dissolved iron originating from Triassic sulfide met-
alliferous deposits, where the oxidation of pyrite or arsenopyrite may occur at the expense
of nitrate reduction to nitrite. In this context, iron reflects spatial lithological variability.

One might expect a stronger association between iron and surface or bacteriological
parameters in the temporal data matrix. However, this is not observed (Figure 11), as
iron remains associated with other metals and metalloids. A possible explanation is that
fecal contamination of groundwater catchments, while temporally variable, is spatially
distributed. Eliminating spatial variability reduces the correlations between iron and
parameters indicative of catchment contamination.

Temporal variations have a spatial dimension and may be specific to certain geographic
areas, which differ depending on the water quality parameter, as shown in Figure 13.
Differences in the distribution of temporal variance among parameters highlight that no
single mechanism is responsible for these variations, but rather a plurality of mechanisms
is at play. This is one of the main limitations in separating spatial and temporal variance
for such large datasets.

In summary, in the spatio-temporal data matrix, iron is a marker of suspended matter
in the form of colloidal iron, associated with bacterial transport by runoff during rainfall
events. This process exhibits temporal variability (seasonal) but is spatially distributed. In
the spatial data matrix, iron is associated with components typical of metalliferous deposits
and reflects spatial lithological variability.

5. Conclusions
Groundwater resource databases are proliferating worldwide, and this study aims

to explore how such databases can be leveraged to deepen our understanding of the
resource, particularly by rigorously distinguishing between sources of temporal and spatial
variability. For this purpose, we utilized an extraction from the SISE-EAUX database,
covering the entire Bourgogne-Franche-Comté region over a period of 5.4 years. Despite
the structure of the database, which includes a variable number of samples per sampling
point, its richness enables the dissociation of these two components to better understand
the mechanisms affecting groundwater quality.

During data analysis, the ratio between the number of sample collections and the
number of sampling points strongly influences the relative proportions of temporal and
spatial variance, thereby influencing the relative importance of factorial axes. Within the
same dataset, the distribution of temporal versus spatial variability differs significantly de-
pending on the bacteriological or physico-chemical parameters considered. This highlights
the usefulness of developing a typology of groundwater quality parameters.
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Separating spatial and temporal factors is neither simple nor intuitive. Rainfall events
inducing runoff (a temporally variable effect) can preferentially affect specific geographic
areas, such as sloped terrain, which introduces spatial structuring. Thus, studying these
two types of variability separately is valuable. However, even under such conditions, the
occurrence of isolated events in time can manifest in a geographically structured manner.

There are several types of spatial variability:

• Variability related to the geological and pedological nature of recharge areas and
extraction sites;

• Spatial variability in the vulnerability of extraction points, which affects their sus-
ceptibility to meteorological (and potentially climatic) variations and, consequently,
to temporal changes. This source of spatial variability only emerges if the sampling
period is long enough to detect temporal variability.

In the analyzed example, temporal variability—observed only for certain parameters
such as those indicative of fecal contamination—shows a slight seasonality. It becomes
significant during months characterized by frequent thunderstorms or heavy rainfall,
as well as after manure and slurry spreading in June. Separating spatial and temporal
variability allows for the development of parameter typologies specific to each variability
type. These typologies, based on parameter contributions to the main factorial axes, provide
deeper insights into the relationships between different parameters, thereby improving our
understanding of groundwater quality dynamics.
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