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ABSTRACT

Nitrate contamination in groundwater threatens drinking water supplies worldwide. Data-
driven methods can improve prediction and spatial mapping by transforming point
observations into continuous regional information, supporting a better understanding of
contamination patterns and mitigation strategies. This study presents the co-creation with
stakeholders of a continuous nitrate contamination map for the Chalk aquifers of East
Anglia, England. Among the classification models, Gradient Boosting and Random Forest
performed best, each achieving an accuracy of 0.89. For regression, the Extra Trees model
showed the highest performance (R> = 0.64; MAE = 11.0 mg/L). Both regression- and
classification-based maps captured nitrate distribution effectively, identifying the unconfined
Chalk outcrops in the west and parts of the central and northern valleys as the areas of
greatest concern, while confined Chalk aquifers showed lower contamination potential. Both
approaches also highlighted unsampled locations outside official nitrate vulnerable zones
with characteristics similar to known contaminated areas. Shapley analyses identified
geological variables as the strongest predictors of groundwater nitrate. Although both
mapping approaches produced similar spatial patterns, they provide complementary
information that can support stakeholder decision-making, with improved model
interpretability enhancing their practical uptake.
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1. Introduction monitoring wells, and the technical difficulties of
long-term sampling. Additional sources of uncertainty
in nitrate monitoring include hydrogeological con-
siderations, sampling methods and strategies, and
water point typology and construction (Garcia-Ards-
tegui et al. 2024).

The above motivates an increasing reliance on
computational models to interpolate, understand,

and ultimately predict nitrate concentrations in time

Nitrate contamination in natural waters is one of the
most pressing environmental challenges of the
twenty-first century (Abascal et al. 2022). Excess
nitrate threatens drinking water and disrupts ecosys-
tem dynamics, leading to eutrophication, biodiversity
loss, and long-term degradation of aquatic habitats
(Wang et al. 2023). Because nitrate is highly soluble

and mobile, its presence in the environment is gov-
erned by a combination of human practices, hydrolo-
gical pathways, and geogenic and climatic factors
(Rosenstock et al. 2014, Mahlknecht et al. 2023). Cap-
turing complex interactions among these is crucial to
devise effective management strategies for aquifer sys-
tems (Spalding and Exner 1993, Gémez-Escalonilla
et al. 2024). This is, however, far from straightforward,
as the processes and lag times that constrain nitrate
transport through the unsaturated zone and within
aquifer systems are difficult to assess (Wang et al.
2013). Furthermore, direct measurement of nitrate at
high spatial resolution is often unfeasible due to high
fieldwork and laboratory costs, the sparsity of

and space. Process-based models have long since
been used to represent nitrate transport and concen-
tration in soils and aquifers (Jiang and Somers 2009,
Eryigit and Engel 2022). While grounded in physical
and chemical principles, these approaches rely on
strong assumptions about linearity and require exten-
sive parameterisation that can rarely be satisfied with
the available data. In this context, the rise of artificial
intelligence (AI), and more specifically the machine
learning (ML) offers a versatile alternative whose full
potential is yet to be explored. Because ML models
are adept at establishing non-linear relations between
a given target — nitrate concentration — and a set of suit-
able predictors — land use, topography, soil attributes,
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rainfall, concentration of other chemical species, and so
on -, ML algorithms can be used to predict nitrate con-
centration without explicitly relying on physical
equations (Bhattarai et al. 2021, Chahid et al. 2025).

In the recent past, the data-driven paradigm has
shown significant promise in many groundwater-
related applications, where complex, nonlinear, and
spatially heterogeneous systems are the norm (Diaz-
Alcaide and Martinez-Santos 2019, Elsayed et al.
2025, Martinez-Santos et al. 2021). These applications
span from mapping groundwater potential (Asadi
Nalivan et al. 2023) and groundwater-dependent eco-
systems (Duran-Llacer et al. 2025) to the generation of
predictive groundwater-quality maps for specific
chemical parameters (Podgorski and Berg 2020, Ran-
som et al. 2022). The outcomes of existing studies
suggest that ML has the potential to bridge the gap
between sparse field observations and the demand
for spatially continuous nitrate maps. In this context,
random forest and other tree-based ensemble algor-
ithms have been widely used to estimate nitrate con-
centrations in groundwater, due to their ability to
handle nonlinear relationships, complex interactions
among predictors, and heterogeneous datasets, while
being relatively robust to noise and overfitting.
These models have demonstrated robust performance
across heterogeneous landscapes in a variety of geo-
graphical contexts (Knoll et al. 2019, Ransom et al.
2022, Gomez-Escalonilla et al. 2024). Neural networks
and deep learning approaches also show potential in
terms of capturing non-linearities and high-dimen-
sional interactions that are difficult to model with
more conventional methods (Karimanzira et al
2023). In addition, the integration of spatial infor-
mation through geostatistical or convolutional
methods has helped ML models account for spatial
autocorrelation and neighbourhood effects that
strongly influence nitrate distributions (Mehrabi
et al. 2025). For this study, tree-based ensemble
models in both classification and regression, specifi-
cally Random Forest (Breiman 2001), AdaBoost
(Freund and Schapire 1997), Gradient Boosting
(Friedman 2001), and ExtraTrees (Geurts et al.
2006), were selected as a robust and well-established
approach for the spatial prediction of groundwater
nitrate concentrations.

Supervised learning applications distinguish
between classification and regression (Pedregosa
et al. 2011). Regression models are trained to predict
a target as a continuous variable, providing fine-
grained estimates for concentrations at unsampled
locations. In contrast, classification outcomes are cat-
egorical. This means classification may be better suited
to datasets that include non-numerical predictors such
as geological formations and land-use types. Further-
more, policymakers and water managers often operate
within threshold-based frameworks, in which the key

question is not the precise nitrate concentration, but
whether this concentration exceeds regulatory limits
(Singh et al. 2022). While both regression and classifi-
cation are becoming increasingly common in the
groundwater contamination literature (Lee et al
2023, Yang et al. 2023), the existing studies seldom
compare the relative performance of both frameworks
on the same dataset. This gap is striking given the rich
ecosystem of ML-based methods that have become
available to researchers in the last few years. Under-
standing the implications requires carefully designed
experiments in which both approaches are trained,
validated, and compared on the same spatial data.
Examples such as the one we present in the following
pages could shed light on important trade-offs in con-
texts where the choice between classification and
regression might not be obvious at first glance. Such
instances include cases with skewed data distributions,
when thresholds are of primary concern, or when
imbalanced sampling leads to challenges in modelling
extremes.

Machine learning models in hydrology traditionally
suffered from the lack of interpretability. This ham-
pered attempts to draw scientific insights and limited
potential uptake from stakeholders. Since relatively
recent times, however, algorithm suites incorporate
routines that make the results more transparent to
users. Notable examples include local interpretable
model-agnostic explanations, which approximate
local decision boundaries with interpretable models
(Ribeiro et al. 2016), and Shapley additive explanation
methods (SHAP), which provide a unified, game-the-
oretic framework for attributing predictions to input
features with strong theoretical guarantees (Lundberg
and Lee 2017, Lundberg et al. 2020). While these types
of analyses remain rare in the groundwater literature,
they are gradually gaining recognition as tools to
enhance the explainability of water-related ML appli-
cations (Makumbura et al. 2024, Yang et al. 2024).

This paper offers a stakeholder-based application of
machine learning tools to map groundwater nitrate
across East Anglia’s Chalk aquifers. Models were
developed in close collaboration with the staft of
Anglian Water, a water company that supplies drink-
ing water to all or parts of Bedfordshire, Buckingham-
shire, Cambridgeshire, Essex, Lincolnshire, Norfolk,
Northamptonshire, and Suffolk. Partnerships that
combine private-sector expertise with proprietary
datasets are still uncommon in the academic literature,
where ML-based groundwater studies more often
depend on publicly available data and simplified
research environments. In this context, we carry out
a systematic comparison between regression and
classification techniques for predicting nitrate concen-
trations in space. Our goal is two-fold. Firstly, we evalu-
ate how classification and regression models can be
applied to the same dataset of nitrate measurements



and spatial covariates, assessing their relative strengths,
weaknesses, and implications in a specific case study.
The dual approach acknowledges that scientific
research and policy decision-making often demand
different kinds of outputs, and highlights how ML
can be adapted to serve both. Secondly, by applying
these methods to predict nitrate across East Anglia’s
Chalk aquifers, we aim to further our understanding
of the processes that govern nitrate contamination in
the study area. To do so, we leverage an unusually com-
prehensive dataset that combines existing hydrogeolo-
gical knowledge with state-of-the-art interpretability
methods, including feature importance, partial depen-
dence, and SHAP analyses, thereby advancing both
methodological and applied insights in a domain
where such integrated approaches are still limited.

2. Materials and methods
2.1. Geographical and geological context

The study area extends across 14,000 km?, covering
parts of Lincolnshire, Norfolk, Suffolk, Essex, and
Cambridgeshire (Figure 1). This is a key arable crop-
growing region of England and is home to many
important wetland ecosystems and a variety of eco-
logical river habitats. The principal sources of water
supply in the region are aquifers, rivers and pump
filled reservoirs.

More specifically, we focus on parts of the Chalk
aquifer, a Principal Aquifer of southern and eastern
England. A principal aquifer is defined as one that is
able to store and transmit regionally important quan-
tities of water, supporting public water supply, industry,
agriculture and the environment. The Chalk is present
in the south east of Yorkshire, southwards across the
Humber and into Lincolnshire. It is also found east
and south of the Wash in a swathe across central
southern England from north Norfolk, through the
Thames Basin and along the Kent coast, down to the
south coast, the Isle of Wight and into Dorset towards
Portland Bill (BGS 2025). The Chalk aquifer is charac-
terised by a microporous white limestone with low
matrix permeability and a well-developed network of
fractures. The highest borehole yields are in the order
of 150 I/sec. These occur where the density of fractures
is greatest and/or where the fractures are enlarged, typi-
cally in the top 80-100 m. The aquifer is most vulner-
able to surface pollutants where the Chalk outcrops at
the surface, in areas where there is little or no lower-
permeability geological cover.

The study area is divided in two sub-regions, separ-
ated by The Wash estuary. The Chalk aquifer is more
commonly unconfined along the northwestern edge in
the southern part of the southern sub-region, where
the lower permeability superficial cover increases in
thickness towards the southeast. In the northern
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sub-region, around Lincolnshire, this is slightly differ-
ent, as the aquifer outcrops along the southwestern
edge with increasing lower permeability superficial
geology towards the northeast. The bedrock and
superficial geology across the study area is illustrated
in Figure 2.

The predominant land use overlying the Chalk
aquifer is agriculture (Figure 1), with arable agricul-
ture forming a large proportion of the land use. The
largest areas of non-agriculture of note include Thet-
ford Forest and The Brecklands. Agricultural land
includes the application of organic and inorganic fer-
tiliser. The residual nutrients post-harvest can leach
quickly from well-draining soils during the first
autumn flush. This effect, coupled with the East of
England receiving lower volumes of rainfall, leads to
a higher leached nitrate concentration when com-
pared to the same mass of nitrate loss in wetter parts
of the country.

2.2. Supervised machine learning approach

Supervised learning is a specific subset of machine
learning in which a model is trained on a dataset to
predict the outcome of a target variable. The dataset
consists of a series of entries in which both the value
of the target variable and of the predictor variables
are known. Algorithms then identify patterns that
associate predictors with the target variable, to make
predictions in cases where the target outcome is
unknown. There are two major supervised learning
approaches, namely, classification and regression.
The difference is that classification works with a categ-
orical target, whereas regression attempts to predict
the value of a continuous variable.

Initial testing for collinearity was conducted on all
explanatory variables. Collinearity, defined as the
existence of a strong correlation between two explana-
tory variables, can be a key consideration within this
framework. Indeed, pairwise collinearity may result
in overemphasising the importance of a given predic-
tor, and may also incorporate unwanted noise to the
results. In this study, multicollinearity was evaluated
using the Variance Inflation Factor (VIF). This metric
quantifies how much the variance of a regression
coefficient is inflated due to correlations with other
predictors in the model. Low VIF values indicate little
multicollinearity, whereas higher values suggest
increasing redundancy among variables. Following
commonly adopted thresholds in environmental mod-
elling studies, variables with VIF values greater than
10 were considered to exhibit problematic levels of
multicollinearity and were evaluated for potential
removal from the predictor set (Dormann et al. 2013).

Figure 3 shows a schematic overview of the
workflow. Steps include data preparation, model
training and evaluation, model interpretation, and
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Figure 1. Location and land use setting of the study area showing (A) Administrative regions (counties) and main cities and (B)
land use distribution in 2019. Counties abbreviations: NL: North Lincolnshire; NLE: North East Lincolnshire; Camb: Cambridgeshire;
CB: Central Bedfordshire; Hert: Hertfordshire. Land cover based on Land Cover Map 2019 © UKCEH 2020. Contains Ordnance Sur-
vey data © Crown Copyright 2007, Licence number 100017572 (Morton et al. 2020).

finally, the generation of spatial predictive maps.
Model training and evaluation were conducted
using a repeated nested cross-validation framework,
an approach designed to guarantee robust and
unbiased performance estimates with less depen-
dence on the random train/test split (Cawley and Tal-
bot 2010, Krstaji¢ et al. 2014). Specifically, a repeated
stratified k-fold scheme (5 folds with 10 repetitions)
was implemented as the outer loop, generating 50
independent train-test splits. Within each outer iter-
ation, the training subset was used in an inner stra-
tified k-fold cross-validation (3 folds) to optimise

model hyperparameters using a Randomized-
SearchCV procedure. The hyperparameter search
space included min_samples_split, min_sample-
s_leaf, max_depth, n_estimators, learning rate, and
subsample, depending on the algorithm. In this pro-
cedure, 20 iterations were used to obtain the optimal
values. This value was obtained through a prior sen-
sitivity analysis that showed that an increase in the
number of iterations was not associated with a posi-
tive impact on model performance, while signifi-
cantly increasing computational cost. The best
hyperparameter configuration identified in the
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Figure 2. Location and geological setting of the study area showing (A) bedrock geology and (B) superficial geology. Geological
maps of the bedrock and surface horizons obtained from data provided by the British Geological Survey © UKRI [2026] (BGS

2016a).

inner loop was then used to retrain the model on the
full outer training set and subsequently evaluated on
the corresponding outer test set. This approach pre-
vents information leakage between training and
evaluation stages and provides reliable estimates of
model generalisation performance. Definitions and
optimised values for these hyperparameters for the

models are provided in Table S1. Additionally, recur-
sive feature elimination with cross-validation (Pedre-
gosa et al. 2011) was explored as a feature selection
strategy; however, sensitivity analysis showed that it
significantly increased computational time without
yielding improvements in predictive performance,
and was therefore not included in the final workflow.
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Figure 3. Schematic overview of the modelling workflow.

Traditionally, machine learning approaches have
been subject to criticism due to their perceived lack
of transparency and interpretability. For this reason,
there has been an increase in the number of method-
ologies aimed at improving this in recent years. We
use the SHAP strategy (Lundberg et al. 2020) with
the intent of corroborating machine learning results
with the conceptual hydrogeological model of the
study area, and, ultimately, of increasing the value of
the outcomes in decision-making. SHAP facilitates a
deeper and more comprehensive understanding of
the model’s predictions by calculating feature impor-
tance scores. In contrast to conventional approaches
that evaluate features independently, SHAP is based
on Shapley values from game theory. This approach
evaluates the contribution of each feature by consider-
ing all possible combinations, which provides an inte-
grated perspective as to how features interact and
collectively influence model decisions (Bilgilioglu
et al. 2025). Once the models were evaluated using
the nested cross-validation framework, a final model
was trained with the sole objective of interpreting
the role played by the covariates. For this phase,
each algorithm was fitted using the entire dataset,
since the validation process had already been com-
pleted and unbiased performance estimates had been
obtained. This approach ensures that the SHAP analy-
sis is based on the maximum amount of available
information, allowing for a more stable and

representative assessment of the features’ contri-
butions without compromising the integrity of the
model evaluation.

Finally, classification and regression algorithms
were used to generate spatial predictions of nitrate
pollution across the study area. The classification
model produced maps representing the probability
of exceeding the threshold defined in the target vari-
able, whereas the regression model generated continu-
ous nitrate concentration estimates based on the
selected predictors. For the classification approach,
the final predictive map corresponds to the average
probability obtained from the ensemble of the 50
models generated through the repeated nested cross-
validation procedure, considering all four tree-based
algorithms. This aggregation strategy provides more
robust and reliable spatial predictions while also
allowing the quantification of model uncertainty. In
the case of regression, the final map was derived
from the best-performing model.

2.2.1. Classification

Ensemble tree-based classification algorithms have
proven particularly effective in predictive mapping
tasks in the past (Heung et al. 2014, Rodriguez-
Galiano et al. 2014, Mosavi et al. 2021, Zounemat-Ker-
mani et al. 2021). These models are all based on simple
decision trees as weak learners, but use different strat-
egies to combine the prediction of the models to



improve the accuracy and robustness of the results.
Random Forest Classifier (RFC), AdaBoost Classifier
(ABC), Gradient Boosting Classifier (GBC), and
ExtraTrees Classifier (ETC) were selected in this
case. All of them originate from the SciKit-Learn tool-
box (Pedregosa et al. 2011) and were integrated within
the MLMapper 2.0 software (Gémez-Escalonilla et al.
2022a, 2022b).

The Random Forest Classifier (RFC) is an ensemble
learning method that combines multiple decision trees
built from bootstrap samples of the training data
(Breiman 1996, 2001). By introducing randomness
in data sampling and feature selection, RFC effectively
reduces variance and overfitting. This results in
improved predictive accuracy and model stability
compared to individual decision trees (Pedregosa
et al. 2011). The ExtraTrees Classifier (ETC) operates
in a similar manner, but trains all trees on the com-
plete dataset without bootstrap sampling and intro-
duces additional randomness by selecting attribute
splits and thresholds entirely at random. This
approach slightly increases bias but effectively reduces
variance and substantially accelerates model training
(Geurts et al. 2006, Géron 2017).

In contrast, boosting methods such as the AdaBoost
Classifier (ABC) and the Gradient Boosting Classifier
(GBC) build models sequentially rather than in paral-
lel. The ABC algorithm converts weak learners into
strong classifiers by iteratively adjusting sample
weights to correct misclassifications, combining the
resulting learners through weighted voting based on
their predictive performance (Freund and Schapire
1997, Pedregosa et al. 2011, Géron 2017). The GBC,
on the other hand, sequentially fits each new tree to
the residual errors of the preceding model, progress-
ively reducing prediction errors and enhancing per-
formance through iterative refinement (Friedman
2001, Géron 2017).

2.2.2. Regression

The regression models operate in a similar manner to
the classification models described above, but with the
models being trained on a continuous variable rather
than a categorical one, therefore yielding a numerical
value as a prediction. The models investigated include
Random Forest Regressor (RFR); AdaBoost Regressor
(ABR); Gradient Boosting Regressor (GBR); and the
ExtraTrees Regressor (ETR).

In the literature, classification algorithms are gener-
ally applied to predictive mapping problems while
regression algorithms are often used for temporal pre-
dictions. However, there are several examples where
regression algorithms have been successfully applied
for spatial predictions, including RFR for predicting
nitrate in groundwater in China (He et al. 2022) and
fluoride concentration in the western United States
(Rosecrans et al. 2022). In Spain, multiple ensemble
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tree regressors were used to predict groundwater
level, both spatially and temporally (Martinez-Santos
et al. 2025).

2.2.3. Selection of performance metrics

The type of target variable predicted by classifiers and
regressors is different. This means that different
metrics must be used to evaluate the performance of
machine learning models. The main metrics con-
sidered for the classifiers used in this work were the
test score, the F1 score for both classes, and the
AUC curve, while the metrics considered for evaluat-
ing the regression-based models were the coefficient of
determination (R2), the Root Mean Square Error
(RMSE), and the Mean Absolute Error (MAE). For
the regression-based models, the metrics were
obtained for both the training and test data of each
outer loop. For both approaches, the mean and stan-
dard deviation of the metrics obtained from the 50
models were considered.

Test score is the simplest from a conceptual stand-
point. It is calculated as the number of correct
attempts over the total number of samples in the test
data set. This metric gives a first approximation
about the predictive power of the models. However,
it can also yield biased results on unbalanced datasets.
For this reason, the F1 metric was used to analyse the
quality of the predictions in each of the concentration
classes separately. This metric is calculated as the har-
monic mean of precision and recall, where precision is
the ratio of true positives over the sum of true and false
positives and recall is the ratio of true positives over
the sum of true positives and false negatives. Finally,
the AUC curve, a probabilistic metric, illustrates
how the diagnostic ability of a binary classifier system
varies with its discrimination threshold. That is, it
measures how well a given algorithm can distinguish
between the two classes in a binary problem. AUC
values range between 0 and 1.

The R* metric is commonly used to evaluate model
performance and measures the proportion of variance
in the target variable which can be explained by the
model. R* varies between 0 and 1, with 1 indicating
a perfect model. The RMSE is a measure of the differ-
ences between the predicted and observed values, and
MAE is the average magnitude of errors between pre-
dicted and observed values. Both RMSE and MAE
vary between 0 and infinity, with 0 indicating a
perfect fit.

2.3. Data sources

2.3.1. Borehole database description

Groundwater nitrate concentration data was obtained
from Anglian Water’s supply boreholes. The database
contains 483 boreholes drilled between 1898 and 2013,
across seven different principal aquifers. Key asset
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information included the year of borehole installation,
diameter, total depth, open/slotted interval depth
range, aquifer, and the depth to the top of the aquifer.
The nitrate concentration time series available for this
study span a 10-year period, between 2013 and 2024.

Boreholes where the intake is within the Chalk
aquifer were extracted from this database and taken
forward. These 283 boreholes ranged from 11 to
160 m depth. This range reflects the feather edge of
the Chalk in North West Norfolk, and the deeper
chalk found in the central and eastern parts of the
southern sub-region, and in parts of Lincolnshire.
Similarly, the top of the Chalk aquifer varied from 0
to 70 m depth. This reflects the different hydrogeolo-
gical contexts found from the eastern part, where the
aquifer is unconfined, to areas where it is overlain by
sands-gravels-clays, and deeper confined conditions
in the south east of the region, beneath the Thames
Formation.

2.3.2. Stakeholder-based definition of the target
variable

Predictive models were co-developed with personnel
from Anglian Water. This was a collaborative process
in which researchers and practitioners participated
actively in designing, developing, and evaluating the
experiment. Our basic intent was to provide a con-
tinuous map of nitrate contamination across the two
sub-regions that make up the study area. More specifi-
cally, we attempted to evaluate the capabilities of ML
algorithms to depict known hydrogeological con-
ditions and to extrapolate the outcomes to unsampled
locations. Furthermore, we examined the extent to
which regional results could be downscaled to explain
differences in nitrate concentration between boreholes
located in close proximity to each other.

For this we used supervised classification and
regression approaches. With regard to classification,
establishing the threshold to distinguish between con-
taminated and uncontaminated is a fundamental first
step. Several scenarios were evaluated during the data
preparation phase. This allowed us to explore the
existing time series, working with 25, 37.5, and
50 mg/L cutoff values as per the UK and World Health
Organization’s drinking standards, the EU’s Nitrate
Directive, and reference values from different EU
Member States. The 50 mg/L option was subsequently
determined to be the most appropriate for local stake-
holders, as it reflects the legal threshold for nitrate
contamination in drinking water supplies in the UK.
This value also provides a well-balanced split of con-
taminated and uncontaminated data points.

Given the availability of long time series and the
objective of enhancing the representativeness of the
results, the analysis was restricted to the last five
years (2020-2024). Only boreholes that comprised a
minimum of ten samples for this timeframe were

considered. Out of these, only those with a nitrate con-
centration exceeding 50 mg/L in more than 10% of the
samples were considered contaminated. Any bore-
holes with a content in excess of 50 mg/L in less
than 10% of the samples, or that never reached this
value during the 2020-2024 interval, were labelled
uncontaminated.

For the regression approach, a continuous variable
is required for the target variable. For this work it was
decided that the median value of nitrate concentration
was the most representative metric. As in the classifi-
cation approach, boreholes with fewer than 10 samples
were not included. Figure 4 shows the spatial distri-
bution of the data for both approaches.

2.3.3. Spatial predictors

Spatial predictors are spatially-distributed variables
that can be expected to explain groundwater contami-
nation to a certain extent. These have been extensively
discussed in the literature (Knoll et al. 2019), and
include geological and hydrogeological properties,
topographical factors, soil related variables, climatic
information, and potential nitrogen sources.

Land use is a major predictor of groundwater
nitrate, as agricultural activities, landfills and water
discharge points are frequent sources of contami-
nation (Lerner and Harris 2009). Nitrate subsequently
enters aquifers through irrigation and/or rainfall,
which in turn influence groundwater flow patterns,
nitrate leaching, nitrate dilution, and subsurface trans-
port (Sun et al. 2024, Zhu et al. 2024). Additionally,
infiltration is controlled by soil composition and tex-
ture, as well as by topographic factors (Gaines and
Gaines 1994, Diaz-Alcaide and Martinez-Santos
2019). Finally, from a hydrogeological perspective,
nitrate concentration is dependent on the hydrodyn-
amic properties of the rock, on the presence of confi-
ning or semi-confining layers, and on the existence of
oxidising or reducing conditions. These factors may
speed up or delay transport, and can also alter nitrifi-
cation and denitrification processes (Rivett et al
2007).

In this case, predictors were selected based on the
literature (Knoll et al. 2019, Spijker et al. 2021, Kari-
manzira et al. 2023, Mahboobi et al. 2023), as well as
on the experience of the stakeholders. Table 1 presents
a summary of all predictors.

3. Results
3.1. Collinearity analysis

Multicollinearity among the predictor variables was
assessed using the Variance Inflation Factor (VIF),
and the results are presented in Table 2. The analysis
revealed high multicollinearity (VIF > 10) among sev-
eral variables. In particular, strong collinearity was
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Figure 4. Spatial distribution of the data used in the two supervised learning approaches: (A) Locations of boreholes used in the
classification approach. (B) Locations of boreholes coloured by median nitrate concentrations (mg/L) during the study period.
These concentrations served as input data for the regression approach. Data obtained from Anglian Water's supply boreholes.

identified between Elevation, GWL_Elevation, and
UZ_Thickness. This is expected because UZ_Thick-
ness is derived from the difference between Elevation
and GWL_Elevation, which inherently produces high
VIF values. A strong relationship was also observed
between Thickness_Q_materials and Buried_valleys.
Although these variables originate from different data-
sets, they represent closely related geological-geomor-
phological processes, as buried valleys are the main
zones where Quaternary sediments tend to
accumulate.

To reduce redundancy and improve the robustness
of the modelling framework, the variables UZ_Thick-
ness and Buried_valleys were removed from the

predictor set. These variables were considered less rel-
evant for the modelling objectives, had lower spatial
resolution, or represented derivative information
from other predictors already included in the dataset.
After their removal, VIF values were recalculated,
showing a substantial decrease and indicating that
multicollinearity had been largely mitigated.

Some degree of correlation remained between
Elevation and GWL_Elevation. However, this relation-
ship reflects a well-known hydrogeological control, as
groundwater levels are strongly influenced by topogra-
phy. Therefore, both variables were retained in the final
predictor set in order to preserve the physical represen-
tativeness of the hydrogeological system.
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Table 2. Variance Inflation Factor (VIF) values before and after
removal of multicollinear variables.

Variable VIF (Initial Model) VIF (Final Model)
CLAY_MEAN 443 419
CFVO_MEAN 2.92 2.92
SAND_MEAN 6.99 6.57
TWI 1.97 1.93
Geomorphon 1.68 1.65
Slope 2 1.75
Elevation 414.65 9.98
Chalk_Base 435 433
Superf_permeability 2.29 2.16
Bedrock_permeability 2.97 2.82
Superfic_geology 233 2.31
Distance_Faults 1.51 1.5
Bedrock_geology 3.82 3.75
Thickness_Q_materials 13.7 3.81
Buried_valleys* 9.85 -
GWL_Elevation 297.86 10.42
UZ_Thickness* 64.75 -
Soil_Parent 1.66 1.62
Lakes_dist 1.66 1.6
LC_2019_5class 1.29 1.27
Distance_agriculture 2.7 2.6
Rain_aver_2010_2024 343 3.36
Temp_aver_2010_2024 3.03 295
Rivers_distance 2.64 2.64
ALC_GRADE_ 4.09 4.06
DENSITY_CDP 2.19 2.08
DISTANCE_CDP 2.32 23
Landfill_distance 1.98 1.83

Note: Buried_valleys and UZ_Thickness were the discarded variables and
are marked with an asterisk.

3.2. Model performance

Table 3 presents the performance metrics obtained by
the four tree-based classification algorithms. All
models demonstrated strong predictive performance,
as reflected by the high overall test scores and consist-
ent class-wise metrics. In particular, high F1-scores for
both the positive (class 1 - ‘contaminated’) and nega-
tive (class 0 — ‘uncontaminated’) categories indicate
that the classifiers achieve a balanced performance
for both contaminated and uncontaminated labels.
Gradient Boosting Classifier (GBC) and Random
Forest Classifier (RFC) demonstrates the best overall
performance, exhibiting a high generalisation ability
(test score =0.89) and balanced Fl-scores for both
classes (0.90 for class 0 and 0.87 class 1), along with
a high AUC value of 0.95 that confirms its strong
capability to discriminate between the two classes.
The AdaBoost Classifier (ABC) also achieves robust
results, with a test score of 0.87, Fl-scores of 0.89

Table 3. Summary of the classification performance metrics
(test score, F1-score, and AUC) obtained for the tree-based
ensemble models using the repeated nested cross-validation
scheme.

Algorithm Test score  F1score 0 F1 score 1 AUC

Random Forest 0.89+0.05 090+0.05 0.87+0.06 0.95+0.03
Classifier

AdaBoost 0.87+0.06 0.89+0.05 0.85+0.07 0.95+0.04
Classifier

Gradient Boosting 0.89+0.06 0.90+0.05 0.87+0.07 0.95+0.04

ExtraTrees 0.86+0.05 0.88+0.04 0.82+0.07 0.95+0.03
Classifier

and 0.85 for classes 0 and 1, respectively, and an
AUC of 0.95. Finally, the Extra Trees Classifier
(ETC) presents slightly lower generalisation per-
formance, although it maintains a relatively high
score of 0.86. This suggests a greater sensitivity to
class imbalance or data variability compared to the
other models, which is also reflected in their less
balanced F1-scores, indicating comparatively weaker
overall performance. For all classifiers, the F1 scores
were consistently slightly higher for class 0 than for
class 1, indicating that the models performed better
at identifying uncontaminated samples. The lower
F1 scores for Class 1 could suggest a reduced ability
to detect this class, which is likely due to the greater
complexity associated with contamination when
dealing with more point-specific factors. The stan-
dard deviations associated with the various perform-
ance metrics were generally low, confirming the
robustness of the classifiers evaluated. Random For-
est showed the most stable performance, with low
variability in the test score (+0.05), F1 scores
(+£0.05-0.06), and AUC (+0.03). Gradient Boosting
and AdaBoost showed slightly greater variations,
especially for the minority class (F1 score 1, £0.07),
indicating greater sensitivity to training subsets.
However, all algorithms maintained consistent
AUC values (£0.03-0.04), demonstrating a stable
ability to discriminate between classes across all vali-
dation folds.

Table 3 presents the performance of the regression
models, evaluated using the R*, RMSE and MAE
metrics, for the four tree-based ensemble algorithms.
Performance is evaluated for both the training and
testing phases, where the training results correspond
to the models fitted during the outer cross-validation
training subsets after hyperparameter optimisation,
while the testing results represent the independent
outer-loop validation performance. Among the evalu-
ated algorithms, the ExtraTrees Regressor (ETR)
achieved the best overall predictive performance,
obtaining the highest testing R* (0.64 +0.11) and the
lowest prediction errors (RMSE =14.54 +2.22 mg/L;
MAE =11.05+1.63 mg/L).  AdaBoost  Regressor
(ABR) showed comparable performance (R*=0.62 +
0.12; RMSE=14.84%2.52mg/L; MAE=1175%*
1.73 mg/L), followed by Gradient Boosting Regressor
(GBR) and Random Forest Regressor (RFR), which
exhibited slightly lower predictive accuracy. Although
GBR achieved relatively high training performance, its
larger variability across folds indicates reduced stab-
ility compared with the other algorithms.

According to the test metrics, the ranking of model
performance differed between regression and classifi-
cation approaches, with Gradient Boosting and Ran-
dom Forest achieving the best results for classification,
whereas AdaBoost and ExtraTrees showed the highest
predictive performance for regression.
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Table 4. Summary of the regression performance metrics (R%, RMSE, and MAE) obtained for the tree-based ensemble models using
the repeated nested cross-validation scheme.

R2 RMSE (mg/L) MAE (mg/L)
Algorithm Train Test Train Test Train Test
RFR 0.82£0.05 0.57£0.11 10.49 % 1.39 15.86 % 2.09 8.07£1.20 12.18+1.58
ABR 0.89+0.01 0.62+£0.12 8.36 +0.41 14.84 +2.52 7.35+0.39 11.75+1.73
GBR 0.87 £0.24 0.59£0.21 7.08 £5.65 15.13£3.91 5.50 £ 4.78 1141 £341
ETR 0.91+0.03 0.64+0.11 7.37£1.29 1454 %222 563+1.10 11.05 + 1.63
Compared to the classification models, the  overestimate some of the lower observed values, indi-

regression models are less accurate, and there is a lar-
ger gap between the training and testing metrics. This
is to be expected, since the classification and
regression problems are fundamentally different. The
values for the regression models are in line with results
from similar studies, such as Knoll ef al. (2019), Liang
et al. (2024), Mahboobi et al. (2023), and Ransom et al.
(2022), and the metrics for the testing period are gen-
erally better (Table 4).

Figure 5 compares observed nitrate concentrations
with the mean predicted values obtained from the
ExtraTrees Regressor using out-of-sample predictions
from the nested cross-validation procedure. The error
bars represent the standard deviation of predictions
across outer-loop validation iterations, providing an
indication of prediction variability for each borehole.
The model shows a tendency to underestimate the

cating a regression-to-the-mean behaviour commonly
observed in tree-based regression models. A clear clus-
ter of boreholes is observed at the lower end of the
concentration range, where nitrate values are con-
strained by the detection limit of the sampling method
(11 boreholes with observed median nitrate concen-
trations of approximately 7.5 mg/L). This artificial
concentration of observations at low nitrate levels
may contribute to the reduced ability of the model
to reproduce extreme high nitrate values.

3.3. Spatial predictions

Figure 6 presents the spatial distribution of nitrate
obtained from classification- and regression-based
modelling. The two methodologies provide comp-
lementary perspectives: while the classification model

highest nitrate concentrations and to slightly  estimates the probability of exceeding the regulatory
ETR - Mean = STD by point
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Figure 5. Observed versus predicted nitrate concentrations (mg/L) for the ExtraTrees Regressor based on out-of-sample predic-
tions from the nested cross-validation procedure. Each point represents an individual borehole, where the marker indicates the
mean predicted value across outer cross-validation iterations and the error bars represent the standard deviation of predictions.
The dashed line represents the 1:1 identity relationship (y =x).
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threshold of 50 mg/L of nitrate, the regression model
predicts continuous concentration levels across the
study area.

In the classification map (Figure 6(A)), areas high-
lighted in red represent zones with a higher prob-
ability of exceeding the threshold, whereas blue areas
indicate lower probabilities. The highest probabilities
are primarily concentrated along the western bound-
ary of the Chalk aquifer, which are regions where
the aquifer is either unconfined or buried under thin
confining deposits. Isolated zones of elevated prob-
ability are observed northeast of the city of Norwich
and in the south-eastern edge of the aquifer. These
spatial patterns are consistent with the existing con-
ceptual model of nitrate contamination in the area,
reinforcing the reliability of the classification-based
predictions (Wang et al. 2016).

The predictive map produced by the regression
model shows similar patterns (Figure 6(B)). High con-
centrations are predicted along the western boundary
of the Chalk aquifer and in the surroundings of Nor-
wich. Medium to high values of nitrate are also pre-
dicted along the north-eastern edge of the aquifer in
the northern part and to the northwest of Ipswich.
These patterns are more evident than in the classifier
map.

Figure 6 also presents the predicted spatial distri-
bution of nitrate contamination with the boundaries
of the official Nitrate Vulnerable Zones (NVZ).
Areas identified by both approaches as problematic
exhibit general overlap with the extent of the NVZs.
This is particularly evident in the Lincolnshire
Chalk, located in the northern sub-region of the
study area, and in the Anglian Chalk NVZ, along the
western end of the southern sub-region. Figure S1
illustrates the spatial distribution of prediction uncer-
tainty derived from the supervised learning models.
Overall, higher variability is observed in the classifi-
cation approach compared to regression, likely due
to the inclusion of four different algorithms in the
ensemble, whereas the regression results are based
on a single model. In the regression case, moderate
deviations are observed, with maximum values reach-
ing approximately 10 mg/L, particularly in the
southern part of the northern sector and to the east
of Norwich. In contrast, the classification results
show higher variability, with standard deviations of
up to 0.15 in predicted probability, mainly in the wes-
tern area where the Chalk outcrops and also to the east
of Norwich. This pattern can be explained by differ-
ences among models, with some assigning probabil-
ities close to 0.90 while others estimate values
around 0.70 in these areas. Despite this variability,
all models consistently identify these zones as the
most problematic in terms of nitrate contamination.

Table 5 provides a detailed quantification of the
results per surface area. It shows the areas predicted

to exceed 50 mg/L in classification, as well as the
mean and median predicted nitrate concentrations
for the regression approach, presented both for the
entire study area and separately for NVZs. As
shown, the study area covers 13,425 km?, of which
9,477 km? are delineated as NVZs. For the classifi-
cation-based approach, the average probability of
exceeding the target threshold is 0.29, with a total of
1,969 km?* (14.67% of the study area) exhibiting a
probability greater than 50% of exceeding 50 mg/L.
Within NVZs, 18.69% of the area (approximately
1,770 km?) shows a probability greater than 0.5,
whereas in areas outside NVZs, only 5% of the area
(198 km?) exceeds this threshold. In the regression-
based approach, the predicted nitrate concentrations
display an average value of 29.6 mg/L and a median
of 23.8 mg/L across the study area, with more than
1,540 km? (11.4% of the total area) predicted to exceed
50 mg/L. Specifically, 15.6% of the NVZ area
(1,476 km?) and 1.58% of the non-NVZ area
(62 km?) are predicted to exceed the threshold, and
both mean and median predicted concentrations are
higher within NVZs than outside.

3.4. Influence of explanatory variables by
means of Shapley additive explanation analysis

Figure 7 shows SHAP’s bee swarm plot for the GBC
for all the borehole locations. The most influential pre-
dictors are Chalk aquifer base elevation, thickness of
superficial deposits, topographic slope, coarse frag-
ment content, average temperature, distance to main
statutory watercourses, topographic elevation and
groundwater absolute level. The distribution of
SHAP values not only shows the magnitude of each
variable’s contribution, but also illustrates how its
intrinsic values affect the model’s outcome. For
instance, lower quaternary materials thickness values
and higher Chalk aquifer base depth values have the
same impact: a greater tendency toward contami-
nation. Conversely, lower elevation values and wells
closer to rivers exhibit a greater impact on nitrate con-
tamination. Regarding variables representing possible
sources of contamination, distance to agricultural
areas and density of CDP were not found among the
most important variables. However, it has not been
observed that areas with a higher density of authorised
discharge points are more likely to be classified as con-
taminated. Instead, a shorter distance from agricul-
tural areas clearly has a greater impact on the
model’s results when classifying an area as contami-
nated (Figure S1).

Figure 8 shows the SHAP plot for the GBR model. As
in the classification approach, the thickness of superfi-
cial deposits, Chalk aquifer base elevation, mean rainfall
and groundwater level are significant features and show
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Figure 6. Predicted spatial distribution of nitrate contamination by means of supervised learning approaches: (A) Spatial desig-
nation of the Nitrate Vulnerable Zones (NVZ) (B) Probability of exceeding the 50 mg/L threshold according to the ensemble-based
classification approach, and (C) Predictive map of nitrate concentration (mg/L) based on the ExtraTrees Regressor.

the same impacts (e.g. lower quaternary materials thick-
ness gives higher predicted nitrate values).

Unlike GBC, however, ETR includes the ALC_-
GRADE factors as a potential nitrogen sources among
the most influential predictor. The ALC GRADE variable
reflects the agricultural suitability of the land, with lower

values corresponding to higher-quality and more inten-
sively managed agricultural areas. SHAP results indicate
that lower grades (e.g. grades 2 and 3) have a positive con-
tribution to the model output, suggesting an association
with higher nitrate concentrations. In contrast, higher
values corresponding to non-agricultural classes (e.g.
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Table 5. Areas exceeding or remaining below probability

thresholds for the classification approach, and areas

predicted to exceed 50 mg/L with mean and median values

for the regression approach, shown for the entire study area,

nitrate vulnerable zones (NVZ), and non-designated areas.
Classification approach

Area
(km?) % Area
Total - (All study area) 13425.25  100.00
Probability of exceeding the threshold of the 1969.25 14.67
target variable >= 0.5 - (All study area)
Total (Inside NVZ) 9477.75 100
Probability of exceeding the threshold of the 17715 18.69
target variable >= 0.5 — (Inside NVZ)
Total (Outside NVZ) 3947.5 100
Probability of exceeding the threshold of the 197.75 5.01

target variable >= 0.5 — (Outside NVZ)
Regression approach

Total - (All study area) 13425.25 100

Above 50 mg/L - (All study area) 15385 11.46
Average (mg/L) - (All study area) 29.61

Median (mg/L) - (All study area) 23.85

Total (Inside NVZ) 9477.75 100
Above 50 mg/L (Inside NVZ) 1476.25 15.58
Average (mg/L) - (Inside NVZ) 31.48

Median (mg/L) - (Inside NVZ) 26.25

Total (Outside NVZ) 3947.5 100
Above 50 mg/L (Outside NVZ) 62.25 1.58
Average (mg/L) - (Outside NVZ)

Median (mg/L) — (Outside NVZ) 21.26

class 6) show a negative contribution, indicating lower
nitrate levels, which is consistent with reduced agricul-
tural activity and associated nitrogen inputs (Figure 9).
The density of CDP and distance to agriculture shows
the same effect as in the classification approach, with no
clear association between higher densities of authorised

discharge points and increased nitrate concentrations.
Instead, proximity to agricultural areas remains the domi-
nant factor influencing model predictions (Figure S2).

4, Discussion

4.1. Machine learning-based spatial predictions
in the context of previous studies

Both the classification and regression approaches were
based on data from the last four years (2020-2024),
representing the most recent conditions and generally
the most pessimistic scenario in terms of nitrate risk.
Based on historical trends, Stuart and Kinniburgh
(2005) predicted future nitrate concentrations at sev-
eral Chalk monitoring sites for the period 2002-
2017, revealing a general upward tendency in nitrate
levels. This is consistent with the behaviour observed
in several boreholes in our database.

Our outcomes are generally consistent with the
existing knowledge. In particular, the spatial distri-
bution of nitrate reported by Stuart and Kinniburgh
(2005) is in agreement with the patterns obtained by
classification and regression algorithms, which high-
light the western outcrops of the Chalk aquifer as
the most problematic areas. Our results also support
those obtained by Heathcote (2024), who explain
that the sector located 25km north of Norwich,
where their control boreholes are located and where
the Chalk formation is covered by Pleistocene
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Figure 7. SHAP plot for the Gradient Boosting Classifier. The numbers displayed next to each predictor correspond to their mean
absolute SHAP values, which determine the ranking of variable importance. The plot illustrates both the relative influence of each
predictor and how their intrinsic values contribute to increasing or decreasing the predicted probability of exceeding the nitrate

threshold.



INTERNATIONAL JOURNAL OF RIVER BASIN MANAGEMENT . 17

ETR - SHAP Beeswarm

High
Chalk_Base = 4.98 o afabping-tra e v
Bedrock _geology =4.39 es o sceommcam
Thickness Q materials = 3.02 detojem omee .

Rain_aver 2010 2024 =1.59 gy o o
GWL_Elevation = 1.55 - . é
Bedrock_permeability = 1.29 vomte @ o %
ALC_GRADE_ = 1.25 wid &

Elevation = 1.23

CFVO_MEAN = 1.23

Sum of 17 other features = 6.79 B ® o 0-’“ PG 2 ee o & o
T T T . Low

15 -10 -5 0 5 10
SHAP value (impact on model output)

Figure 8. SHAP plot for the ExtraTrees Regressor. The numbers displayed next to each predictor correspond to their mean absol-
ute SHAP values, which determine the ranking of variable importance. The plot illustrates both the relative influence of each pre-
dictor and how their intrinsic values contribute to increasing or decreasing the predicted nitrate value.
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deposits, remains largely nitrate-free. In the southern
sector of the study area, around Ipswich and north
of Colchester, this study reports a transition towards
nitrate-bearing groundwater at several sites that can
also be considered compatible with our maps.

Stuart et al. (2016) conclude that the Chalk aquifer
dominates the national storage of legacy nitrate in the
unsaturated zone, with particularly large historical
masses in parts of East Anglia. The combination of
thick unsaturated zones and slow travel times leads
to substantial time lags, so current groundwater con-
centrations often reflect nitrate inputs from decades
past. This may explain why some areas present high
observed or predicted nitrate values despite moderate
current surface pressures. These findings, consistent
with those by Wang et al. (2012), highlight that his-
torical agricultural inputs and unsaturated zone thick-
ness are key factors controlling present-day nitrate
contamination. Therefore, groundwater nitrate levels
in thick unsaturated areas may not yet reflect recent
reductions in loading. Consistently, SHAP analysis
indicates that the most vulnerable zones identified
by both the classification and regression approaches
are strongly influenced by geological controls, rather
than solely by current surface inputs.

The two modelling approaches produce broadly
consistent spatial patterns of nitrate occurrence in
groundwater. Both highlight the western boundary
of the Chalk aquifer and the north-eastern area of
Norwich as areas of high contamination. Some differ-
ences emerge when comparing the predictive struc-
tures of the two approaches. The classification model
generates a more discrete spatial pattern, providing a
clear distinction between areas with a high and low
probability of exceeding the regulatory threshold. In
contrast, the regression model provides a continuous
gradient of predicted nitrate concentrations, offering
a more nuanced representation of areas of intermedi-
ate susceptibility. This enables us to identify the
strengths and weaknesses of both approaches. The
classification approach can discern areas with high
and low nitrate contamination potential with great
precision, but intermediate probabilities do not pro-
vide relevant information to stakeholders, since a
probability of 0.5 is virtually meaningless. Conversely,
the regression approach may present greater uncer-
tainty due to the type of target variable it predicts
spatially. However, in intermediate areas, it enables
us to obtain a median nitrate concentration value,
which may be more useful to stakeholders in terms
of decision-making.

A key difference between the two approaches
emerges in the southern coastal area, where the
regression model predicts higher nitrate concen-
trations than the classification map indicates. This is
probably because the regression model can capture
subtle variations in the underlying predictors that

are not sufficient to shift probabilities beyond the 0.5
threshold in the classification approach. Overall, the
regression model provides a more nuanced depiction
of nitrate contamination, with low values in central
areas, increasing towards the coast and slightly
towards the west, and high values in the unconfined
Chalk zone and the south-eastern sector. The classifi-
cation model, by its very nature, provides a more cat-
egorical delineation of contamination-prone areas.

4.2. Implications of Shapley additive
explanation analysis

SHAP analyses highlight the role of geological factors
as predictors for nitrate contamination. This control is
particularly evident in the western part of the Chalk
aquifer, where unconfined conditions favour nitrate
leaching. By contrast, the eastern part of the aquifer
is characterised by Quaternary deposits that confine
the aquifer and restrict vertical infiltration.

The agricultural zones also emerge as an important
explanatory variable, which is consistent with the con-
ceptual model of nitrate sources and transport in the
study area. However, a reverse trend is observed in
the case of consented discharge points (CDPs): areas
with a higher density of CDPs are not necessarily
associated with higher nitrate pollution. This finding
highlights the importance of model interpretability
and is likely due to the concentration of CDPs in
urban areas, whereas higher nitrate levels are primarily
found in agricultural areas. Furthermore, using CDP
locations without information on actual discharge
loads limits the model’s ability to capture their real
impact, suggesting a spatial association rather than
direct causality.

The high importance of edaphic factors (soil coarse
fragment) has been observed in both approaches.
These results are consistent with those obtained in
similar studies conducted in other regions. Kariman-
zira et al. (2023) found that the most important pre-
dictors for nitrate were soil characteristics, geological
features, and proximity to rivers, while Ransom et al.
(2022) showed that the most important variables
were well characteristics, soil types, climate and
hydrology variables, and land use. Serra et al. (2024)
attributed importance to soil-related factors (bulk
density and soil organic carbon), hydrogeological fac-
tors (aquifer thickness) and land use factors (rainfed
crops). Knoll et al. (2019) identified hydrogeological
units, the percentage of arable land, and nitrogen bal-
ance as the most relevant predictors. Hiscock et al.
(2024) demonstrated that the presence of low-per-
meability glacial tills significantly limits the pen-
etration of agricultural nitrate (NOs~) within the
Blackwater Drain sub-catchment of the River Wen-
sum. In contrast, in areas dominated by higher-



permeability glacial sands and gravels, nitrate is able to
penetrate the superficial deposits more easily.

As these geological materials are present in the
study area, our findings suggest that the permeability
of superficial deposits is an important factor in con-
trolling nitrate infiltration into groundwater. This is
consistent with the findings of Wang et al. (2013),
who showed that nitrate reaches groundwater more
rapidly where the unsaturated zone is thin, whereas
in areas with thick unsaturated zones, peak concen-
trations may be significantly delayed. These authors
identified unsaturated zone thickness as the main fac-
tor controlling nitrate behaviour in the Chalk and
Permo-Triassic sandstone aquifers. Together, these
findings reinforce the dominant role of geological fac-
tors in governing nitrate transfer to groundwater in
the Chalk aquifer.

4.3. Management implications

Our findings provide an independent comparison
benchmark for the official delineation of NVZs. In
this context, both modelling approaches suggest that
there are areas outside the perimeter of vulnerable
zones that show similar markers to areas known to
be contaminated. Using the classification approach,
15% of the total area has a probability greater than
0.5 of exceeding 50 mg/L, of which 5% (approximately
200 km?) is located outside NVZs. Similarly, the
regression approach predicts that 11.5% of the study
area exceeds the 50 mg/L threshold, with 1.5%
(62 km?) lying outside designated vulnerable zones.
In both approaches, the mean and median predicted
nitrate values, and the predicted probabilities, are
higher within NVZs, confirming that these areas are
generally more affected. From a broader perspective,
all this appears consistent with a recent European
assessment (Serra et al. 2024), which reported that a
significant proportion of nitrate hotspots occur out-
side officially designated NVZs. This suggests that
machine learning approaches such as the one at
hand could provide added value in terms of enhancing
the delineation of nitrate-affected areas.

Water companies produce drinking water safety
plans for raw water sources, which include risks to
the catchment raw water quality. The plans often con-
sider the sources and pathways of potential contami-
nants in the catchment and the risk is validated with
water quality samples. This assessment could help
indicate areas where new sources are most prone to
nitrate contamination. One challenge with nitrate is
that it is possible to have a similar land use in a
locality, but, due to the influence of the denitrification
processes as a result of the soil types and superficial
geology, obtain different nitrate concentrations in
the underlying aquifer. This assessment can help indi-
cate areas where the nitrate concentration may be
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lower using readily available datasets. The bee swarm
SHAP plots seem to align well with known catchment
processes. The quaternary deposits in the area vary,
with some significant thicknesses of lower per-
meability glacial deposits which impede the vertical
migration of water and allow for greater denitrifica-
tion. In this context, one interesting factor was the
fact that the distance to agriculture variable did not
influence the overall result as greatly as the physical
catchment property variables, even though agriculture
is considered the primary source of the aquifer nitrate
contamination.

Therefore, when considering new borehole place-
ments in areas where nitrate concentration is a con-
cern, areas with a greater thickness of quaternary
deposits may be preferable. However, where the aqui-
fer is covered with large thicknesses of quaternary
deposits, there may be other geo-chemical process
of concern to the quality of drinking water. Further-
more, potential yield of the borehole and the influ-
ence radius are important placement considerations
alongside the regulator’s licensing policy dictating
where water is available for abstraction. The assess-
ment provides potentially useful insight into the poss-
ible nitrate concentration within the Chalk aquifer,
which amongst other factors can assist in borehole
placement and potential raw water treatment decision
making.

Finally, the insights provided by the application of
machine learning techniques can contribute to evalu-
ate future risks associated with legacy nitrate contami-
nation, as influenced by the various natural factors as
well as likely historical land use—which has not sig-
nificantly changed over the past few decades—, and
perhaps informed by existing or potential data on
nitrate levels at various depths. This could in turn be
used to refine recharge estimates and groundwater
models, including identifying areas where greater geo-
graphical resolution would be beneficial.

4.4. Classification vs regression: advantages
and limitations

A key distinction between the two approaches lies in
the type of information they provide. The classifi-
cation model estimates the probability of exceeding a
regulatory threshold, making it particularly well suited
for risk assessment, stakeholder communication, and
decision-making. By contrast, the regression model
predicts continuous nitrate concentrations. This is
especially informative in areas where exceedance risk
is high but predicted values lie close to the threshold,
as it indicates the magnitude of intervention required
and can help anticipate treatment needs.

In terms of performance, classification metrics were
consistently strong across multiple algorithms,
suggesting that the exceedance problem is relatively
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tractable and supporting a high degree of confidence
in the outputs. This consistency also enables the use
of multi-model blending to produce more robust pre-
dictions. For regression, performance varied more
substantially between algorithms, which reduces
confidence in individual model outputs and makes
ensemble approaches less straightforward to justify.

Regarding adaptability, both approaches are trans-
ferable to other regions and contaminants. Classifi-
cation offers a natural framework for spatial risk
mapping, while regression may be more readily
extended to spatio-temporal settings where predicting
continuous changes is important. However, in this
study both approaches represent a static snapshot of
the 2020-2024 period, as temporal dynamics are not
explicitly modelled. As a result, neither framework cap-
tures temporal trends, emerging patterns, or intra-
annual variability, which may limit their usefulness
for fully dynamic groundwater management. There
are benefits to using both approaches simultaneously.
Firstly, they provide complementary information so
can be considered together to assess how likely a region
is to be contaminated. Secondly, since they make use of
different subsets of explanatory variables, a deeper level
of process understanding can be derived using inter-
pretable machine learning techniques such as SHAP
analysis. However, if limited to one approach, data
requirements could constrain the choice between
classification and regression. If a probability of excee-
dance is required, then the classification approach is
most suitable, and if the level of contamination is of
interest then the regression approach is best.

Our approach uses tree-based ensemble algorithms
were implemented only. This choice reflects their well-
established robustness and strong performance in
spatial prediction tasks involving hydrochemical vari-
ables and geoenvironmental factors, as documented in
previous studies (Knoll ef al. 2019, Ransom et al. 2022,
Karimanzira et al. 2023, Covatti et al. 2025). However,
this focus necessarily narrows the methodological
scope. Alternative approaches — such as artificial
neural networks or linear models (e.g. logistic
regression) — have shown promise in related appli-
cations and could offer complementary perspectives
or potential gains in predictive performance
(Nafouanti et al. 2021, Karimanzira et al. 2023, Gho-
lami et al. 2024). Hyperparameter optimisation was
conducted using a random search cross-validation
strategy, which provides a practical balance between
performance and computational cost. While this
approach is widely adopted, it does not guarantee
identification of globally optimal configurations.
Future work could therefore explore more advanced
optimisation techniques, including metaheuristic or
evolutionary algorithms, to further refine model cali-
bration and enhance predictive accuracy, as suggested
in previous studies (Moayedi et al. 2020).

4.5. Data limitations

A significant effort was made to collate the available
data for the target and explanatory variables. However,
there were limitations in time and data availability
which resulted in compromises. Firstly, our modelling
process would be improved by including water quality
data from other abstractors also tapping the Chalk
aquifers. There is also potential to explore the utility
of different time-lags of mean rainfall and tempera-
ture, along with other variables which may vary with
time (e.g. land use). This avenue was not explored
further, partly due to time constraints but also because
any benefit of including additional variables may be
outweighed by the addition of noise to the data.
Experience from other ongoing research suggests
that such complexity does not always lead to substan-
tial improvements in predictive performance. Further-
more, most existing studies in the literature rely on
long-term average values of climatic variables rather
than time-lagged representations, which supports
our choice (Knoll et al. 2019, Ransom et al. 2022, Kar-
imanzira et al. 2023, Serra et al. 2024). Additionally,
although some studies include hydrochemical vari-
ables as predictors (Deng et al. 2023, Abba et al.
2024), this study did not consider their use due to a
lack of spatial continuity and associated uncertainty
in interpolation. Other works (Xenakis et al. 2026)
point out the possibility of employing both a geospa-
tial approach and an in-situ approach, with the latter
potentially including hydrochemical variables; how-
ever, this is not feasible if the goal is to produce spatial
mapping, which is one of the main objectives of this
study. Furthermore, since certain hydrochemical par-
ameters are closely linked to the processes controlling
nitrate concentrations, including them could intro-
duce redundancy or indirect information related to
the target variable. This could lead to overly optimistic
model performance.

We used the most recent land-use information, in
line with the literature (Knoll et al. 2019, Karimanzira
et al. 2023, Mahlknecht et al. 2023). Although present-
day nitrate concentrations may reflect historical
inputs, rather than recent contamination, we were
unable to find a dataset of past land uses. Furthermore,
incorporating multiple land-use layers would have
introduced strong multicollinearity issues that would
have required careful consideration. On a related
note, the Consented Discharge Points (CDP) dataset
only provides the geographic location of discharge
sites and lacks data on concentration, load volumes
or temporal behaviour. This constrains the capacity
of the models to quantify the actual impact of these
discharges on groundwater nitrate levels, which may
partly explain the relatively low importance of the
CDP dataset in the SHAP analysis. Furthermore,
CPDs in England tend to be urban focused, which



implies that other contaminants, such as phosphorous,
may be more dominant than nitrate.

The modelling workflow and code implementation
do not require predictors to be in the same spatial res-
olution. However, heterogeneity introduces constraints
when analysing the results. In particular, the most influ-
ential predictors, such as geological and soil-related
variables, have native resolutions generally ranging
from 250 m to 1 km. Therefore, it would be unrealistic
to expect the predictive maps to achieve a finer level of
spatial precision than that provided by the underlying
data. For this reason, the final predictive surface was
generated at a resolution of 500 x 500 m, representing
a balance between computational efficiency and the
informational content of the input datasets.

5. Conclusions

From a site-specific perspective, this study demon-
strates that data-driven spatial modelling, when
embedded within a robust conceptual framework of
aquifer contamination, can successfully reproduce
known patterns of nitrate occurrence in groundwater.
Both classification and regression approaches identify
the unconfined parts of the Chalk aquifer as the most
vulnerable to nitrate contamination, which is consist-
ent with long-term monitoring evidence and previous
regional studies. Results also highlight the dominant
role of geological and hydrogeological controls -
such as aquifer confinement, unsaturated zone thick-
ness and superficial deposits — in regulating nitrate
transfer from the surface to groundwater.

A comparison of modelling approaches shows that
classification and regression provide complementary
interpretations to the existing datasets. Classification
models are well suited for regulatory and risk-based
contexts, offering clear probabilities of exceeding stat-
utory thresholds and performing consistently well
across multiple algorithms. Regression-based results
reflect the greater difficulty of achieving precise pre-
dictive performance for continuous outcomes within
the limitations and structure of the available dataset.
Regression models however provide a continuous rep-
resentation of nitrate concentrations that is valuable
for understanding intermediate-risk areas and inform-
ing treatment and operational decisions. Differences
between the approaches, particularly in the southern
coastal zone of the study area, underscore how con-
tinuous models can capture subtle spatial gradients
that may not translate into threshold exceedance prob-
abilities. Together, the two approaches enhance pro-
cess understanding and decision support, especially
when combined with interpretable machine learning
tools such as SHAP to elucidate the relative impor-
tance of contamination predictors.

From a management perspective, the findings
suggest that the official delineation of nitrate vulnerable
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zones generally corresponds to those regions with
higher predicted nitrate levels. However, both model-
ling approaches also point to areas outside the desig-
nated zones where high nitrate concentrations may
occur, indicating potential blind spots in current moni-
toring strategies. In this context, our results provide a
practical, data-driven basis for prioritising the siting
of new monitoring boreholes and refining existing sur-
veillance networks. Importantly, this study demon-
strates the added wvalue of integrating machine
learning with stakeholder knowledge and operational
datasets — an approach that remains relatively uncom-
mon in the literature but is critical for capturing real-
world system complexity. Although our analysis is sub-
ject to data limitations — particularly regarding borehole
density, discharge load information, and temporal
dynamics - the framework is transparent, adaptable,
and readily transferable to other regions. As such, it
offers a robust foundation for improving groundwater
risk assessment and supporting more targeted, evi-
dence-based management decisions.
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