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Abstract

Continuous monitoring of river water quality is essential for understanding hydro-chemical
dynamics and supporting adaptive water resource management. This study develops a
Gaussian Process Regression (GPR) model with a Matern32 kernel, optimized via the
Nelder-Mead (NM) algorithm, to predict turbidity, electrical conductivity, and UV254
absorbance in the Ebro River (Spain), without considering temporal dependencies. The
Matern 32 kernel was selected for its ability to model the non-smooth, heterogeneous
variability of water quality parameters, and its hyperparameters were tailored to each
indicator, revealing unique spatial scales of variability. Using 46,287 high-frequency ob-
servations, the model achieves Nash—Sutcliffe Efficiency (NSE) values of 0.8956, 0.9503,
and 0.9180 for turbidity, conductivity, and absorbance, respectively. Feature importance
analysis reveals flow rate and nitrates as dominant drivers. The GPR framework outper-
forms multilayer perceptron (MLP), multivariate linear regression (MLR), and M5 model
tree (M5P), demonstrating its potential for real-time water quality monitoring.

Keywords: turbidity; conductivity and absorbance; Gaussian process regression (GPR);
multilayer perceptron (MLP), multivariate linear regression, M5 model tree; river
water quality

1. Introduction

Monitoring water quality is an essential component of environmental science [1,2].
This is crucial for sustainable development and an important indicator of the health of
aquatic ecosystems [1,3]. However, problems with water pollution have become more
severe due to the acceleration of global industrialization and urbanization [4], and the
construction of dams and reservoirs has exacerbated the issue.

Understanding the dynamics of water quality in freshwater systems is essential for
grasping ecosystem functioning and for supporting evidence-based decision-making in
environmental management. Conventional monitoring programs rely on a suite of physic-
ochemical indicators that reflect different aspects of water condition and contamination
pathways. Turbidity, electrical conductivity, and ultraviolet absorbance at 254 nm (UV254)
are widely recognized as sensitive indicators of suspended particulate matter, dissolved
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ionic content, and dissolved organic matter, respectively [5-7]. Each parameter reflects
different hydrological, geochemical, and biological processes within aquatic environments.
Their combined analysis provides a comprehensive view of the ecosystem’s status and
potential pollution sources.

Globally, public agencies are increasingly concerned about water quality. In response,
the United Nations (UN) introduced the 2030 Agenda in 2015, aiming to advance a more
resilient and sustainable world. Goal 6 of the 17 Sustainable Development Goals (SDGs)
focuses on ensuring everyone has access to clean water and sanitation and can sustain-
ably manage these resources. Economic activity, human health, and the preservation
of ecosystem services and biodiversity depend on the quality of surface water [8,9]. In-
creased mortality rates have been linked to pollution and water scarcity, particularly among
vulnerable populations, such as children and newborns [10].

Discharge is a primary driver of sediment mobilization and solute transport [11].
Nutrients such as nitrates and ammonium influence primary productivity and redox
processes [12], while pH, dissolved oxygen, and temperature modulate chemical equilibria
and biological activity [13]. Trace metals, including mercury, can interact with particulate
and dissolved fractions; however, their influence on bulk optical and conductivity metrics
is often limited.

Developing predictive models for these parameters based on routinely monitored
environmental variables, such as streamflow, ammonium, dissolved oxygen, pH, water
temperature, nitrates, and dissolved mercury, offers a powerful approach for elucidating
the processes that control spatiotemporal variability in water quality [14,15].

In this study, we constructed three independent statistical models, each of which
targeted one of the aforementioned water quality indicators as the response variable.
By analyzing turbidity, conductivity, and UV254 separately, we aim to quantify how
each indicator responds to the same set of environmental predictors, thereby revealing
common and distinct drivers of water quality dynamics. This approach allows us to identify
dominant controlling factors, potential threshold behaviors, and covariate interactions that
may otherwise remain obscured in multivariate observational datasets.

The development of such models has practical implications beyond scientific un-
derstanding. Predictive relationships between environmental variables and key water
quality indicators can support real-time forecasting systems, enabling the early detection of
contamination events, sediment mobilization episodes, and shifts in the characteristics of
dissolved organic matter. Furthermore, these models can inform adaptive management
strategies, guide the design of monitoring networks, and improve water authorities” ability
to anticipate the effects of climate variability and human activities on freshwater ecosys-
tems [16]. Integrating predictive modeling with routine environmental monitoring is a
valuable step toward more resilient and data-driven water resource management.

Partial differential equations (PDEs) are fundamental to modeling various physical
phenomena, such as water quality in bodies of water. They are also the heart of many
engineering and science applications. However, solving these equations is challenging,
especially as the complexity of the problems increases. Traditionally, classical numeri-
cal methods based on well-established physical and mathematical principles have been
used [17,18]. While these methods are robust, they have notable limitations in high-
dimensional scenarios or with complex geometries. Furthermore, water quality assessment
based on Laplacian mathematical models requires extensive datasets that are often difficult
to obtain or unavailable, as these models depend on the internal physicochemical processes
occurring in rivers, reservoirs, and lakes. The computational implementation of these
models is complex and demands substantial processing time. Conversely, the advent of
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machine learning (ML) techniques, such as the Gaussian Process Regression (GPR), has
opened new avenues for studying water quality in rivers, reservoirs, and lakes.

Regression problems can be effectively addressed using the GPR framework [19-27],
a supervised learning methodology characterized by robustness and the ability to model
complex nonlinear relationships. Based on previous studies, GPR has demonstrated broad
applicability across diverse scientific and engineering domains, including lithium-ion bat-
tery hybrid modeling [28], an effective way to forecast wind loads on cargo ships [29],
and springback estimation in incremental sheet metal forming [30]. In particular, we can
mention two significant earlier studies using the GPR approach in hydrology: the first
successfully predicted soil moisture [31], and the second quickly anticipated the maximum
area and depth of flood inundation [32]. Several arguments can be made to support the
efficacy and applicability of the proposed GPR methodology [19-27]. (1) The model’s cost
function is computed exclusively from the training dataset, so the GPR methodology only
requires a subset of the complete data for effective model development. (2) GPR offers a
complete distribution of probable values and a well-founded confidence interval for each
prediction. (3) The GPR technique adapts well to small- to medium-sized datasets, leverag-
ing priors and kernels to model complex relationships without requiring many examples.
(4) GPR captures structures such as periodicity, smoothness, and linear trends, allowing it
to model complex functions without increasing complexity. (5) GPR is a nonparametric
method, meaning that the model’s complexity automatically adjusts to the amount of
data, unlike linear or polynomial models. (6) Regularization arises naturally from the
probabilistic definition, helping avoid overfitting. (7) GPR is supported by a well-defined
probabilistic framework that facilitates integration with other Bayesian models. (8) GPR
methodology exhibits robustness to outliers when hyperparameter optimization is appro-
priately performed. Consequently, its predictions are minimally affected by anomalous
data points, resulting in high accuracy and reliability.

The objective of this study is to develop and validate a Gaussian Process Regression
(GPR) model, optimized via the Nelder-Mead algorithm [33-37], for predicting turbidity,
conductivity, and UV254 absorbance in the Ebro River using high-frequency physicochemi-
cal data. Specifically, we aim to: (1) assess the predictive performance of GPR compared
to other machine learning methods, such as multilayer perceptron (MLP) [38—42], multi-
variate linear regression (MLR) [43—47], and M5 model tree (M5P) [48-57]; (2) identify the
dominant drivers of each water quality indicator; and (3) demonstrate the potential of GPR
for real-time water quality monitoring.

Although machine learning has been applied to water quality prediction, most studies
focus on single indicators or use simpler models (e.g., linear regression). The application of
Gaussian Process Regression (GPR) to high-frequency, multi-parameter datasets in river
systems remains understudied. This study addresses this gap by developing a GPR model
with a Matern32 kernel, optimized via Nelder-Mead, to predict turbidity, conductivity,
and UV254 absorbance. GPR and NM have been applied individually in various domains;
however, the combination for multi-parameter water quality prediction in regulated river
systems is a novel methodological approach. This study does not introduce a new algorithm
but rather presents a novel application of established machine learning techniques to ad-
dress a research gap in water quality modeling. Using the Matern32 kernel—optimized via
Nelder-Mead—for multi-parameter water quality prediction represents a methodological
advance. The Matern32 kernel was selected for its ability to model non-smooth, hetero-
geneous variability characteristic of river water quality parameters, which exhibit abrupt
changes associated with hydrological events and sensor noise. While alternative kernels
(e.g., RBF) could potentially yield comparable performance, a systematic comparison was
beyond the scope of this study. Future work could explore the relative performance of
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different kernel functions across various water quality indicators and hydrological set-
tings. To our knowledge, no prior study has modeled turbidity, conductivity, and UV254
absorbance using this framework with such high predictive accuracy (NSE > 0.89) for all
three indicators. This approach enables the identification of common and unique drivers of
water quality dynamics, offering a more holistic understanding of river systems.

The structure of this article is as follows: Section 2 describes the experimental design,
the GPR, MLP, MLR, and M5 model tree approaches in depth, as well as a thorough sum-
mary of every variable taken into account in the study. Section 3 integrates the variable
importance rankings, observed measurements, and GPR predictions to present a compre-
hensive summary of the results obtained using this approach. Lastly, Section 4 concludes
the investigation by outlining the key findings.

2. Materials and Methods
2.1. Study Area

Data from Station 906/A163, an automated water quality monitoring station along
the lower course of the Ebro River in Asc6, Tarragona, Catalonia (Northeast Spain), was
used for the investigation (see Figure 1a—c). The Ebro River is the largest river basin in
Spain, drains an area of approximately 85,000 km?, and plays a crucial role in the region’s
water supply, agriculture, and ecosystem services. At Asco, the river is characterized by
a regulated flow regime due to upstream reservoirs that modulate seasonal discharge
variability while allowing episodic high-flow events associated with intense precipitation.

The Ascé monitoring station is located in a section of the Ebro River subjected to
significant human-caused pressures, including intensive agricultural activities, urban
settlements, and the Ascé Nuclear Power Plant located upstream. The plant’s thermal
discharges and potential chemical inputs, combined with agricultural runoff, contribute
to the river’s physicochemical variability. The watershed’s land use is dominated by
agriculture, which is a primary source of nitrates, alongside urban and industrial inputs.

The study area experiences prolonged summer droughts and mild winter precipitation
under a Mediterranean climatic regime, resulting in significant intra-annual variability of
water temperature, nutrient loading, and dissolved oxygen levels. Unusual algal growth
can pose a serious environmental risk in aquatic systems like the Ebro River. The entire
region of Aragoén relies on the Ebro River as a primary source of drinking water. Therefore,
preventing serious hazards, such as toxic algal blooms, is critical, and turbidity, conductivity,
and absorbance measurements can serve as early warning indicators.

> Instrumentation and technical specifications

The station uses an integrated multi-parametric probe assembly designed for continu-
ous automated sampling in lotic environments. The core technical attributes include:

e  Parameter suite: Thermodynamic temperature, electrometric pH, electrical conductiv-
ity (EC), dissolved oxygen (DO), and nephelometric turbidity. All of these parameters
are measured simultaneously.

e  Structural resilience: The sensors are rated under IP68 standards, which allow for total
immersion up to 60 m and ensure stability against the Ebro’s hydraulic pressure and
flow fluctuations.

e Data acquisition (DAQ): The system features a high-capacity internal logger that
can buffer up to 45,000 data points, ensuring data continuity in the event of teleme-
try failure.

> Analytical methodologies

The station employs several analytical principles to minimize uncertainty and drift.
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e Potentiometric and conductometric sensing: pH is determined via hydrogen-ion selec-
tive electrodes, while salinity and ion concentration are derived from four-electrode
conductivity cells that compensate for polarization effects.

e  Optical luminescence (oxygenometry): Unlike traditional Clark-type polarographic
sensors, this station uses optical sensors to measure dissolved oxygen. This method
relies on the quenching of luminescence and offers superior long-term stability and
reduced calibration frequency.

e  Piezoresistive level detection: Hydrostatic pressure is monitored using piezoresistive
or capacitive transducers. These sensors measure the mechanical deformation of a
ceramic diaphragm to calculate water column height with high precision.

e  Nephelometric turbidity: Measured using 90-degree light scattering (ISO 7027) [58]
and calibrated to detect variations in suspended solids ranging from 0 to 1000 NTU.

> Data telemetry and environmental significance

The station operates via GPRS/satellite telemetry and transmits real-time datasets to
the Ebro Basin Authority’s control center. This is particularly important for monitoring
the thermal plume and potential chemical discharge associated with the Ascé Nuclear

Power Plant. It ensures that industrial activity remains within the ecological thresholds
established by the Water Framework Directive (WFD) [59-62].

() (b)

Ebro river as it passes through the town of Ascé

Ascé water quality monitoring station

(©)

Figure 1. (a) Spain’s physical map with the Ebro River’s position and the Ascé water quality
monitoring station (province of Tarragona, Catalonia, Northeast Spain); (b) the Ebro River as it passes
through Saragossa; and (c) a closer look at the Asc6 water quality monitoring station.
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2.2. Experimental Dataset

The initial dataset included observations collected every 15 min from 2019 to 2024.
Due to intermittent sensor failures, approximately 75% of observations had missing values
for at least one variable. To avoid bias, we performed a complete-case analysis and retained
46,287 observations (25% of the total) with no missing values for any variable. The missing
data primarily resulted from intermittent sensor failures and calibration issues that occurred
randomly throughout the study period, rather than being systematically associated with
specific seasons or hydrological conditions.

The original data’s high temporal resolution (15 min intervals) ensured that the re-
tained observations were temporally well distributed across all seasons and hydrological
conditions. Using complete-case analysis ensures that the model is trained exclusively
on consistent, reliable measurements, avoiding the potential biases that imputation meth-
ods could introduce. Furthermore, the established predictive relationships serve as a
contingency tool for estimating water quality parameters in the event of sensor failures.

Environmental samples were collected at the Ascé automated station via a high-
precision multi-parametric probe integrated into the SAICA network (Automatic Water
Quality Information System). The system autonomously collects samples in situ at a fixed
depth within the river’s main flow. It uses piezoresistive transducers to sense discharge and
level, alongside optical sensors to measure dissolved oxygen. Every sample includes a wide
range of water quality indicators, such as water temperature, pH, electrical conductivity,
nephelometric turbidity, and absorbance. Additionally, the probe is equipped with ion-
selective electrodes for the high-frequency quantification of nitrate (NO3 ™) and ammonium
(NH4*), as well as dissolved mercury, in every recorded sample.

2.3. Variables of the Model
2.3.1. Dependent Variables

Three water quality indicators were selected as dependent variables due to their
widespread use as integrative proxies for river conditions:

e  Turbidity: It was measured in nephelometric turbidity units (NTUs) and used as an
indicator of suspended particulate matter. In large rivers, such as the Ebro, turbidity
is primarily associated with sediment resuspension and transport during periods of
high flow. However, it may also reflect algal biomass or fine particulate organic matter
during w periods of low flow.

e  Electrical conductivity (EC): Expressed in uS cm™, it is a proxy for the total dis-
solved ionic content of the water. EC integrates contributions from major ions and
nutrients, and it is sensitive to dilution effects, agricultural runoff, and geochemical
background conditions.

e  Ultraviolet absorbance at 254 nm (UV254): It was selected as an optical indicator of
dissolved organic matter, particularly aromatic organic compounds. Expressed in
dimensionless absorbance units (AUs), UV254 accounts for the path length of the
measurement cuvette and is commonly used as a surrogate for dissolved organic
carbon. It is relevant for both ecological processes and drinking water treatment due
to its association with disinfection by-product formation.

2.3.2. Independent Variables

Seven physicochemical variables were considered as potential drivers of the selected
water quality indicators (see Table 1):

e River discharge (m3 s~1): It is the primary hydrological force in the system. It regulates
the movement of sediment, the dilution of dissolved components, and the movement
of organic matter and nutrients from the watershed to the river channel. Due to
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the regulated nature of the Ebro River, discharge variability reflects both natural
hydrological events and reservoir management operations.

e Nitrate concentration (NO3™): It was included as a key nutrient indicator because
it is strongly influenced by agricultural activities within the basin. Nitrates directly
contribute to the ionic strength of river water and are closely linked to biogeochemical
processes, such as primary production and nitrification—denitrification dynamics.

e  pHreflects the river’s acid-base status and incorporates carbonate buffering, biological
activity, and anthropogenic inputs. Variations in pH influence chemical speciation,
nutrient availability, and microbial processes and may indirectly affect turbidity, EC,
and UV254.

e Dissolved oxygen (DO): It is a fundamental indicator of metabolic balance in aquatic
systems. DO concentrations are controlled by temperature, flow conditions, reaeration,
and biological respiration and production. Including DO allows for the assessment of
links between biogeochemical activity and water quality indicators.

o  Water temperature plays a central role in controlling chemical reaction rates, biological
activity, and gas solubility. Seasonal temperature fluctuations in the Mediterranean
climate of the study area are expected to influence nutrient cycling and organic mat-
ter dynamics.

e  Ammonium (NH;*): It is considered a reduced form of inorganic nitrogen. It is often
associated with wastewater inputs or internal biogeochemical recycling. Although
it is typically present at lower concentrations than nitrate, ammonium can indicate
localized pollution sources and influence oxygen dynamics through nitrification.

e Dissolved mercury (Hg): It was included as a trace contaminant of interest due to its
environmental relevance and potential links to industrial activities. Although mercury
concentrations are generally low, they allowed for the assessment of whether trace
metals exert any detectable influence on bulk water quality indicators.

Table 1. List of the input and output variables used in this study, along with their means and
standard deviations.

Input Variables Parameter Name Mean Standard Deviation
Water temperature (°C) Water_temp 19.14 6.12
pH values pH_values 8.27 0.15
Dissolved oxygen (mg/L) DO 8.32 1.97
Ammonium (mg/L) NH4* 0.03 0.02
Nitrate (mg/L) NO;~ 10.22 2.65
Dissolved mercury (ug/L) Hg 0.001 0.01
Flow rate (m3/s) FR 27212 197.96
Output variables

Turbidity (NTU) Turb 12.41 9.58
Conductivity (uS/cm) Conductivity 1022.1 291.07
UV254 absorbance (AU/m) Absorb 6.05 2.07

2.4. Mathematical Modeling
2.4.1. Gaussian Process Regression (GPR)

A Gaussian Process (GP) is a nonparametric probabilistic model for functions. For
each finite subset, a GP is defined as a collection of random variables with a multivariate
normal distribution [21,27,28]:

f(x) ~ GP(m(x), k(x,x")) (1)

where:

https:/ /doi.org/10.3390/app16136475
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e m(x) = E[f(x)] is the mean function (or expected value) of the function f(x) at the
input point x (m(x) = 0 is often assumed for simplicity);

o k(x,x)=E {(f(x) —m(x))(f(x') — m(x’))T} . Also known as the covariance or kernel
function, it conveys assumptions about the underlying function, such as smoothness
and periodicity, and quantifies the similarity between points. The covariance function
is k(x, x"), which must allow for a positive definite kernel and can be thought of as a
measure of the confidence in m(x).

Since it reflects the latent regression model’s underlying presumption, the Gaussian

Process depends on the choice of covariance function and is also known as the prior

assumption [23,26]. The function employed as kernel in this study, which, if we call

r= Hxi — x|,/ is expressed as [21-23,26]:

e  Matern32-type kernel:

k(xi,x]') :a(l—l—\/!?}/)e_\/[gr 2)

Therefore, the following parameters determine the kernel’s type [21,23]:

e  Characteristic length scale (¢): it regulates the horizontal scale on which the func-
tion fluctuates;
e  Parameter a: it is the amplitude or magnitude of the kernel function.

The choice of parameters directly impacts the efficiency of the Gaussian Process.
Hyperparameter optimization was conducted using the Nelder-Mead (NM) algorithm to
maximize the marginal likelihood [33-37,63].

Assume that we have a training set D = {(x;,y;)/i =1,2,...,N} for the Gaussian
method, where 0;, is the standard deviation of the Gaussian noise ¢ ~ N (0, (7%). So, the
observed values y = {yi}il\i ; and a predicted value f* at a new test point x* follow a joint
normal distribution [22-27]:

) 3)

AR

o  k(X,X): is the covariance matrix of the training dataset X;

k(X,X)+021  k(X,x¥)
k(x*, X) Fe(x*, x*)

where:

o k(x*,x*): is the covariance matrix of the test dataset;
o  k(X,x*): depicts the covariance matrix obtained from the training dataset X and the
new point x*. Furthermore, k(x*, X) = k(X,x*)".
The function values f(x) are usually not readily visible in most applications. Actually,
the only observations that are available are the noisy ones, which are expressed as follows:

y=flx)+e (4)

so we assume that ¢ is the additive white noise, which can be represented by a normal
distribution with a mean of 0 and a standard deviation of ¢,,. We also assume that Gaussian
noise is independent and uniformly distributed. As some references [19-27] explain, a
Gaussian Process can be represented by any restricted subset of the observed values:

Y~ GP(m(x),k(x,x') + (735,-]-) =GP (O,k(x,x’) + 0,351-]') ()
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where §;;, which is defined as follows, represents the Kronecker delta function:

5 — 1 if i=j
7700 otherwise

The aim of the GPR model is to predict the function value f* and its variance cov(f*)

ijs

at a new test point x* is. It is feasible to condition the prior assumption on the observed
data and assess the likelihood of predictions for f* because y and f* are jointly distributed.
This can be stated as follows [21-23]:

fIx, X,y ~ N(F' coulf")) ©)

where .
F=Elf ¥ X, y] = k(" X) [k(X, X) + 21|y @)

coo(f*) = K(x*,x*) — k(x*, X) [k(x, X) + U,%I} Tk(x,x) 8)

New test input points can then be predicted using the resulting distribution. Specifi-
cally,)?k is the expected output value of the GPR model for a test point.

Additionally, the confidence interval (CI) for the expected output can be computed
using the variance cov(f*). For instance, the 95% confidence interval (CI) for GPR predic-
tions can be computed using {fk — 2 % \/cou(fF). ,fk +2 x /cov(f*) } . Thus, the GPR model
not only provides predicted values but also measures the degree of confidence in them.
Furthermore, since the GPR model’s predicted outputs depend solely on the inputs and
observed values y, it is a nonparametric model.

2.4.2. Multilayer Perceptron-Type Artificial Neural Network (MLP)

Minsky and Papert demonstrated [38—40] that nonlinear problems, such as the XOR
function, could not be solved by a simple perceptron or an adaptive linear element
(ADALINE) [38-42]. While several simple perceptrons can solve certain nonlinear tasks,
there was no automated way to modify the weights in the hidden layers. By propagating
errors backward through the hidden layers, the Generalized Delta Rule (GDL), initially
introduced by Rumelhart and colleagues in 1986 [39], allows weight updates. This ad-
vancement enabled the use of nonlinear activation functions across multiple layers. It has
been shown that the resulting multilayer perceptron (MLP) serves as a universal approxi-
mator [39-42]. Therefore, an MLP can be used to model nonlinear interactions between
independent and dependent variables. This architecture has become one of the most widely
adopted forms of artificial neural networks.

A particular kind of multilayer artificial neural network (ANN), the multilayer per-
ceptron (MLP), can address issues that cannot be resolved by linear techniques [39-42].
This limitation is the main restriction of the simple perceptron. In contrast, an MLP can
use either full or local connectivity. In a fully connected layer, each neuron is linked to
every neuron in the adjacent layer, whereas an MLP with local connections does not satisfy
this requirement.

Figure 2 shows an MLP consisting of three types of layers [38—42,64]:

e Input layer: This layer processes the data related to the independent variables after
receiving them;

e  Output layer: This layer generates the network’s final output and represents the
dependent variables;

o Hidden layers: These middle layers process and propagate information throughout
the network, situated between the input and output layers.

https:/ /doi.org/10.3390/app16136475
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Figure 2. Example of an artificial neural network inspired by the MLP architecture. The hidden
layer consists of n neurons, the input layer comprises m neurons, and the output layer contains a

single neuron.

The backpropagation mathematical framework, also known as error backpropagation
or the extended delta rule, is used to train these ANNs [38-42,64]. Consequently, the term
“backpropagation artificial neural network” is commonly used to describe an MLP. The
use of differentiable activation (transfer) functions by these ANN processing units, or
neurons, is a basic feature. MLP uses this type of learning, adjusting its connection weights
based on differences between the expected and observed output values. This adjustment
is implemented through backpropagation, which extends the least mean square (LMS)
approach used in the linear perceptron. The error at node j for the n-th data point is defined
as ej(n) = dj(n) — y;(n), where d denotes the observed value and y represents the value
predicted by the MLP.

2.4.3. Multivariate Linear Regression (MLR)

Let y; € 7 be the scalar response variable, x; € i be a vector of explanatory factors,
and {x;,y;}_, be a sample of independent observations. The definition of the multivariate
linear regression model is [43—47]:

yi=PBo+xB+e,i=12,...,n )

where:

e The independent term (termed the intercept) is denoted by Bg € R;
e  The parameter vector is called § € R7;
e Random mistake is referred to as ¢;.

Determining the design matrix in matrix notation [43,44]:

1 X111 ... xlp
1

x= | T eqmony (10)
1 xp1 o0 Xup

the parameter vector is @ = (B, B7) " and the response vectorisy = (y1,Y2,. .., yn)T, and
the model is given by the expression [43,44]:

y=X0+¢ (11)
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The answer to the optimization issue is known as the ordinary least squares (OLS)
estimator [43-47]:
0 = arg min ||y—X6||§ (12)
[ISutas

The objective function is differentiable and convex. The normal equations result from
the first-order condition of relative or local extremum [45,46]:

xTxf=x"y (13)
The estimator has a closed form under the full-range assumption [43—47]:
. -1
6= (XTX) xTy (14)

Figure 3 offers a multivariate linear regression model example.

Y=3+BX +B,X,+.+8 X +¢

Figure 3. Illustrative representation of the MLR model.

2.4.4. M5 Model Tree

Decision trees are nonparametric predictive models that minimize an error criterion
by recursively dividing the feature space into disjoint parts [48-57]. Classification trees
assign discrete labels, while regression trees estimate continuous values, typically using
the mean of the observations in each leaf.

This approach may be limited when the relationship between the predictor variables
and the response variable is approximately linear in local regions of the input space, but
not globally.

The M5 method introduces model trees, which were first presented by Quinlan in
1992 [48] and then refined [49,50]. Unlike traditional regression trees, M5 captures local
linear relationships more accurately by replacing multivariate linear regression models
with constant values in the leaves. The main objective of the M5 model tree is to combine
the prediction accuracy of linear models with the interpretability of decision trees. The
components of an M5 model tree are [48-57]:

e Binary divisions based on an explanatory variable are represented by internal nodes;
e  Leaves, which have the following linear regression model [48-57]:

p
§=PBo+ ) Bixi (15)
i-1

so that:

e  {is the variable of interest (or target variable);
e  x; are the predictor variables;
e  B; are the coefficients estimated using least squares.
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As a result, each leaf designates an area of the input space where it is expected that the
relationship is roughly linear. Rather than using the traditional variance, the M5 algorithm
chooses the splittings based on the projected decrease in the target variable’s standard
deviation [48-57]:

ASD = SD(T 2 |Y’f| SD(T, (16)

so that:

e T isthe node’s dataset;
° Ty are the partitions’ resultant subsets;
e  The standard deviation is denoted by SD(-).

In terms of anticipated value, this criterion favors divisions that produce more homo-
geneous subgroups. After building the tree, the observations reaching each leaf are used to
fit a linear regression model to that leaf. To prevent overfitting:

e Backward selection is used to remove irrelevant variables;
e A small number of observations penalizes the model’s complexity.

The M5 uses an estimated error-based pruning technique, contrasting:

e  The subtree’s overall error;
e  The node’s single linear model’s inaccuracy.

The subtree is swapped out for the linear model if its estimated error is lower. This
procedure enhances the generalizability of the tree. M5 uses a smoothing procedure that
combines the prediction of the leaf model with those of its predecessor nodes to prevent
sudden discontinuities between neighboring leaves [48-57]:

n 'yleaf +k- ]?’parent
n+k

ysmooth = (17)

so that:

e 1 is the number of instances of the leaf;
e  The smoothing parameter is k.

An illustration of a simple M5 model tree is displayed in Figure 4.

X
<=0.5 >0.5
LM1 Y
R1=0.1X+0.1Y+0.1Z
<=0.25 >0.25
z LM4
R4=0.3X+0.3Y+0.1Z
<=0.15 >0.15
LM 2 LM3
R2=0.15X+0.25Y+0.1Z R3=0.25X+0.15Y+0.2Z

Figure 4. An M5 model tree example.
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2.4.5. Nelder-Mead (NM) Algorithm

Selecting the right combination of hyperparameters is crucial. A process of optimiza-
tion that minimizes a specific loss function is required to select the optimal hyperparameters,
which govern how algorithms learn. Cross-validation is commonly used to evaluate the
performance of the resulting approximations [33-37].

The Nelder-Mead method [33,63] is a derivativeless numerical optimization algorithm
designed to minimize real functions of multiple variables f : R" — . It is a direct search
method that operates on a simplex formed by 7 + 1 vertices in the space SR". The algorithm
iteratively updates the simplex’s position through geometric transformations intended
to approximate the objective function’s local minimum. Let the simplex at iteration k
be [33-37]:

s® = {9,247, ) e (18)

ordered according to the function values:

F(9) < (A7) < < (=) (19)

It is defined as follows:

e  x; = X1: best point;
® X = X;: worst good point;
® Xy = Xu41: worst point.

The centroid excluding the worst point is:

=

X = Xi (20)

1

1
Ei

The NM optimizer applies four transformations according to the behavior of f [33-37]:
(a) reflection, x, = X + a(X — xy), with typical reflection coefficient « = 1; (b) expan-
sion. If f(x;) < f(xp), then evaluate x, = ¥ + (X — x,) with expansion coefficient
v = 2. (c) Contraction: (1) outer contraction (if f(xp) < f(x;) < f(xw)) Xoc = X+ p(xr — X);
(2) inner contraction (if f(xr) > f(xw)) Xjc = ¥ — p(X — x4 ), with contraction coefficient
p =0.5. (d) Simplex reduction. If the contraction does not improve, we shall take
xXi=xp+0(xi—xp),i=2,...,n+1,withc = 0.5.

Therefore, the NM optimizer is a heuristic method that works well with continuous,
non-differentiable, or noisy functions. Its practical success stems from its ability to model
the local topologies of f using simple geometric operations [33-37,65].

2.5. Model Validation and Performance Evaluation

The NM/GPR-based methodology was developed using the seven input variables
listed in Section 2.3. The model targets the estimation of turbidity, conductivity, and
absorbance. The optimal model, which exhibited the best fit to the observed dataset, was
selected to predict these three output variables with excellent precision and reliability.
The main assessment metric used in this investigation was the Nash-Sutcliffe Efficiency
(NSE) index. The NSE is a widely used statistical metric in hydrology and environmental
modeling that evaluates a model’s predictive ability. It measures the relative improvement
of the model’s predictions over a simple benchmark, such as the mean of the observed
data. Mathematically, the NSE is equivalent to the coefficient of determination (R?) [66-70],
as both metrics are calculated using the same formula. In hydrological studies, however,
the NSE is preferred because it is more interpretable in the context of comparing model
performance to a baseline. Values greater than 0.75 are typically considered indicative of
good predictive skill.
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The observed values t; are compared with the model’s projected values y;. Conse-
quently, the following sums of squares are described below [66-70]:

e The explained sum of squares is denoted by SSyeq = YI' 1 (i — 5)2.
o SSwr=Y1", (t,« — 5)2: this summation is directly correlated with the sample variance.
e  The residual sum of squares is denoted by SS¢;r = Y1 1 (t; — v

where f is the experimental data’s mean value, which is defined as follows:

E:

S|

Y 1)
i=1

The NSE index (or its mathematical equivalent, the coefficient of determination) is

then provided by [66-70]:
SSEV?’

Sstot

The difference between the experimental and planned data decreases as the NSE index

NSE=1- (22)

(R? statistic) gets closer to 1.0.

Two other performance metrics considered in this study were the mean absolute error
(MAE) and root mean square error (RMSE) [67,69]. These metrics are widely utilized for
evaluating the predictive accuracy of mathematical models. In particular, the following
expressions define the RMSE and MAE [66-70]:

n t— )2
RMSE — 7121(;1 i) (23)

n L
MAE :7211”2 yil (24)

Perfect concordance between the expected and observed data is shown by a root mean
square error (RMSE) value of zero. The mean absolute error (MAE) measures the average
vertical departure of each data point from the identity line and can also be understood
as the average horizontal distance between each point and the identity line. In a broader
sense, the MAE accurately measures the average absolute difference between the observed
and projected values t; and y;.

We have also used the Percent Bias (PI) index, which is a statistical metric that evaluates
systematic overestimation or underestimation in a predictive model. It quantifies the aver-
age tendency of predicted values to deviate from observed values, expressed as a percentage.
A PI value of 0% indicates perfect agreement between predictions and observations, while
positive values suggest overestimation and negative values indicate underestimation.

n o — .
pr = Ziz1li =) 000, (25)

n .
i=1ti

Several techniques have been developed to precisely forecast turbidity, conductivity,
and absorbance, including the NM/GPR-based approach, MLP models, the MLR technique,
and the M5 model tree algorithm. The effectiveness of these approaches has been evaluated
using the NSE index.

As previously mentioned, the characteristic length scale (£), the amplitude or mag-
nitude of the Matern32 kernel function (a parameter), and the noise variance (c2) are all
essential components of the GPR approximation. Additionally, the Nelder-Mead (NM)
optimizer was used in this study to identify the optimal parameters for GPR models. This
approach uses the concept of a simplex, which is a polytope with N + 1 vertices in N
dimensions. Examples include a triangle in a plane, a tetrahedron in three dimensions,
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a line segment in a line, and so forth [33-37]. It represents a systematic exploration of a
predefined subset of the parameter space using the specified statistical machine learning
algorithm. The approach looks for a local optimal solution approximation to a problem
involving N variables of a function that needs to be minimized.

Although the dataset exhibits high temporal resolution, time was not included as a
predictor variable because the study aims to model instantaneous relationships between
physicochemical drivers and water quality indicators. The training set makes up 50% of the
data, and the testing set makes up the remaining 50. The NM/GPR model is constructed
using the training subset. The NM algorithm is employed to calibrate the GPR hyperpa-
rameters via a 10-fold cross-validation procedure [71,72]. To ensure robustness against
potential autocorrelation, 10-fold cross-validation with random splitting was employed to
ensure that both the training and testing subsets captured the full range of hydrological
and seasonal conditions. After identifying the ideal hyperparameters, the entire training
dataset is used to build the model. The model is then used to predict the values in the test
set. We then assess the goodness-of-fit of the approximation by comparing these predic-
tions with the observed values. Figure 5 illustrates the process diagram for the NM/GPR
methodology implemented in this study.

1. Initialize
,8,0

2. GPR training process

3. GPR validation process SNElcecad
searching

4. Coefficient of determination
(fitness function) n=n+1

5. Termination No
criteria

7. Optimized parameters

Figure 5. Process diagram illustrating the NM/GPR-based approach utilizing a Matern32-type
kernel function.

Furthermore, the true NSE index is often estimated via cross-validation [71,72]. In
this study, we assessed the predicted performance of the NM/GPR-based approximation
using a 10-fold cross-validation procedure [72]. The open-source machine learning package
gplite (v0.13.0) from the R Project was used to implement regression modeling based
on the GPR framework [73]. Table 2 displays the range of the hyperparameters used in
this investigation.

Table 2. Initial values of the three NM/GPR-based approach’s hyperparameters in this investigation.

GP Hyperparameters Initial Value
l 0.3

a 1

o (noise variance) 0
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Similarly, the NSE index for MLP models, MLR technique, and the M5 model tree
were determined using the 10-fold cross-validation process [71,72]. The MLP, MLR, and
M5 model tree algorithms were implemented employing the open-source machine learning
platform WEKA (v3.8.6) [74,75].

3. Results and Discussion

Table 1 displays all seven independent input factors, which correspond to the seven
physicochemical parameters. A total of 240,765 samples were used in this investigation,
meaning that 240,765 experimental measurements were taken and analyzed at the Ascé
water quality monitoring station on the Ebro River in accordance with the European Water
Framework Directive [59].

To address this complicated problem, the complete dataset was partitioned into two
subsets: a training set comprising 50% of the data and a testing set consisting of the
remaining 50%. The basic concept is to construct a GPR-reliant model using the training
data and then use the model to test the data to produce predictions after determining the
model’s ideal parameters using the NM optimizer. The NM optimizer is indeed well-suited
for optimizing the GPR hyperparameters. By analyzing the changes in the cross-validation
error at each iteration, the NM algorithm determines the ideal values for the ¢, 4, and
02 parameters by examining the variations in the cross-validation error at each iteration.
The search space is multidimensional, with each dimension corresponding to a distinct
parameter. In this way, Table 3 shows the optimal parameters for the three NM/GPR-based
models for the three water quality indicators: turbidity, conductivity, and absorbance.

Table 3. The best-fitted NM/GPR approximations” optimal hyperparameters for the turbidity,
conductivity, and absorbance prediction in this investigation.

Dependent Variable £ a (o)
Turbidity 0.858 0.426 0.049
Conductivity 0.287 0.422 0.0000323
Absorbance 0.826 0.332 0.05

In light of the completed computations, the NM/GPR-based approximation has en-
abled the development of a model that can predict turbidity, conductivity, and absorbance
with high accuracy using the test dataset. The dependent variables of turbidity, conduc-
tivity, and absorbance had correlation coefficients of r = 0.9465, r = 0.9749, and r = 0.9583,
respectively, and R? values of 0.8956, 0.9503, and 0.9180, respectively, for the best GPR
approaches. Table 4 displays the findings. For comparison, models were also constructed
using other advanced techniques, such as the M5 model tree, multilayer perceptron (MLP),
and multivariate linear regression (MLR). In all cases, the NM/GPR-Matern32 approach
yielded the best performance. The outcomes are summarized in Table 4.

Table 4. NSE index, PI index, correlation coefficients (r), root mean square deviation (RMSE), and
mean absolute error (MAE) over the testing set for the distinct techniques and dependent variables
(turbidity, conductivity, and absorbance) fitted in this investigation.

Output Variable Method NSE PI r RMSE MAE
Turbidity GPR 0.8956 0.0295 0.9465 3.0151 1.5737
MLP 0.5292 —-1.7295  0.7572 6.4015 4.3289

MLR 0.3179 0.0958 0.5653 7.7051 4.9037
MS5P 0.2842 0.5037 0.5331 13.190 4.5601
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Table 4. Cont.
Output Variable Method NSE PI r RMSE MAE
Conductivity GPR 0.9503 0.1264 0.9749 64.789 32.064
MLP 0.7167 —1.4338 0.8507 154.66 115.28

MLR 0.5696 0.0963 0.7548 190.61 145.96
MS5P 0.1773 —5.1862 0.6077 315.26 132.49
Absorbance GPR 0.9180 0.0035 0.9583 0.5882 0.3944
MLP 0.6878 —0.5528 0.8345 1.1481 0.8594
MLR 0.3581 0.0278 0.5984 1.6462 1.1024
MS5P 0.0712 4.9960 0.2668 6.8967 2.1096

Figures 6, 7, and 8, respectively, show the first- and second-order terms that com-
prise the GPR-based model using the Matern32 kernel for the turbidity, conductivity, and
absorbance indicators.

(a) (c)

(b)
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Figure 6. Visualization of the NM/GPR-based model’s first- and second-order partial relationships
using a Matern32 kernel for the turbidity indication, regarding its three most important independent
variables: (a) turbidity vs. flow rate; (b) turbidity vs. NH;* ion concentration; (c) turbidity vs.
dissolved oxygen; (d) turbidity vs. flow rate and NH4* ion concentration; (e) turbidity vs. flow rate
and dissolved oxygen; and (f) turbidity vs. NH4* ion concentration and dissolved oxygen.

Relevance of Variables

Another significant finding of this study is the crucial role that input variables play
in predicting turbidity, conductivity, and absorbance for these intricate nonlinear models
(see Figures 9-11). The optimal model corresponds to the NM/GPR-based approach that
uses the Matern32 kernel function. The variance of the posterior latent mean was used
to evaluate the relative importance of the variables in the GPR model [73-75]. This was
achieved by systematically varying each variable across its observed range while holding
all other variables at their respective mean values. This approach isolates the effect of
each variable on the model predictions. The variance of the posterior predictive was used
to measure each variable’s significance, indicating how much each variable affects the
model’s predictions.
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Figure 7. Visualization of the NM/GPR-based model’s first- and second-order partial relationships
using a Matern32 kernel for the conductivity indication, regarding its three most important indepen-
dent variables: (a) conductivity vs. NO3 ™~ ion concentration; (b) conductivity vs. dissolved oxygen;
(c) conductivity vs. pH values; (d) conductivity vs. NO3 ™ ion concentration and dissolved oxygen;
(e) conductivity vs. NO3~ ion concentration and pH values; and (f) conductivity vs. dissolved
oxygen and pH values.
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Figure 8. Visualization of the NM/GPR-based model’s first- and second-order partial relationships us-
ing a Matern32 kernel for the absorbance indication, regarding its three most important independent
variables: (a) absorbance vs. flow rate; (b) absorbance vs. NO3 ™ ion concentration; (c) absorbance vs.
dissolved oxygen; (d) absorbance vs. flow rate and NO3; ™~ ion concentration; (e) absorbance vs. flow
rate and dissolved oxygen; and (f) absorbance vs. NO3;~ ion concentration and dissolved oxygen.
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Figure 9. The input variables’ relative importance for the turbidity prediction utilizing the posterior
latent mean’s variance for the model NM/GPR-based approximation with the Matern32 kernel.
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Figure 10. The input variables’ relative importance for the conductivity prediction utilizing the poste-
rior latent mean’s variance for the model NM/GPR-based approximation with the Matern32 kernel.
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Figure 11. The input variables’ relative importance for the absorbance prediction utilizing the poste-
rior latent mean’s variance for the model NM/GPR-based approximation with the Matern32 kernel.

Tables 5, 6, and 7 indeed show the variances of the posterior latent mean when one
independent variable is perturbed at a time across its observed range for the normalized
dependent variables turbidity, conductivity, and absorbance, respectively.
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Table 5. Variance of the posterior latent mean perturbing one independent variable at a time across
its observed range for the dependent normalized variable, turbidity.

Perturbed Variable Variance
Flow rate 0.9387
NH4* 0.0156
Dissolved oxygen 0.0143
pH 0.0105
Water temperature 0.0101
NO3™ 0.0098
Dissolved Hg 0.0008

Table 6. Variance of the posterior latent mean perturbing one independent variable at a time across
its observed range for the dependent normalized variable, conductivity.

Perturbed Variable Variance
NO;~ 0.5813
Dissolved oxygen 0.2003
pH 0.0927
Temperature 0.0654
Flow rate 0.0430
NH,* 0.0125
Dissolved Hg 0.0044

Table 7. Variance of the posterior latent mean perturbing one independent variable at a time across
its observed range for the dependent normalized variable, absorbance.

Perturbed Variable Variance
Flow rate 0.4326
NO3~ 0.4147
Dissolved oxygen 0.0633
Temperature 0.0463
pH 0.0395
NH4* 0.0022
Dissolved Hg 0.0011

The sensitivity analysis revealed that discharge had a clear and dominant influence
on turbidity dynamics. Discharge accounted for a variance contribution of 0.9387, far
exceeding that of any other predictor. These results are consistent with previous findings
associating increased flow with sediment resuspension and enhanced particulate transport
(e.g., [76,77]). This indicates that hydrodynamic conditions are the primary driver of
particulate mobilization in the study system.

All remaining predictors exhibited notably lower contributions. Ammonium (0.0156),
dissolved oxygen (0.0143), pH (0.0105), water temperature (0.0101), and nitrates (0.0098)
played minor yet significant roles. These variables may act as proxies for biogeochemical
or seasonal processes that indirectly affect turbidity, such as biological productivity or
temperature-driven stratification effects [13]. Dissolved mercury contributed only 0.0008,
indicating its minimal relevance to particulate dynamics in this system. This aligns with
mercury’s predominantly dissolved speciation of mercury under typical freshwater physic-
ochemical conditions [78].

For the conductivity model, nitrate concentration was the strongest predictor, con-
tributing 0.5813 to the variance. This result is consistent with the well-established ionic
contribution of nitrate anions to bulk conductivity in freshwater systems (e.g., [6]). The
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subsequent importance of dissolved oxygen (0.2003) and pH (0.0927) suggests that redox
and acid-base conditions also modulate ionic equilibria that influence conductivity, likely
through their control of carbonate and metal speciation [79].

Water temperature (0.0654) also contributed meaningfully, as expected, since con-
ductivity increases with temperature due to enhanced ionic mobility [80]. Discharge,
ammonium, and dissolved mercury contributed progressively less (0.0430, 0.0125, and
0.0044, respectively), which reinforces the idea that conductivity in this system is pri-
marily modulated by nutrient-driven ionic loads rather than by hydrodynamic or trace
metal factors.

The model for UV254 absorbance, an optical proxy for dissolved organic carbon (DOC),
revealed a more balanced distribution of variable influence. Both discharge (0.4325) and
nitrates (0.4147) exerted substantial effects. The importance of discharge is consistent with
the mobilization of DOC from catchment soils during high-flow events [81], while the
strong nitrate signal may reflect shared biogeochemical sources or parallel responses to
seasonal or land use drivers [82].

Other variables made moderate yet meaningful contributions: dissolved oxygen
(0.0633), water temperature (0.0463), and pH (0.0395). These factors influence DOC com-
position, microbial activity, and chromophoric dissolved organic matter (CDOM) reac-
tivity [83]. Ammonium (0.0022) and dissolved mercury (0.0011) contributed minimally;,
suggesting limited direct coupling with aromatic organic matter signatures at 254 nm.

Taken together, the results highlight that discharge is a primary driver of turbidity and
optical parameters, reflecting hydrology’s overarching role in mobilizing particulate and
dissolved material. In contrast, conductivity is governed primarily by nitrate concentra-
tions, reflecting the ionic nature of this variable. The relatively low influence of dissolved
mercury across all models is consistent with its trace-level occurrence and the dominance
of geochemical speciation over direct physical or optical effects in natural waters.

The divergence in influential predictors across the three dependent variables highlights
the necessity of using multi-parameter models to capture the heterogeneous processes that
govern water quality dynamics. These findings contribute to a broader understanding of
hydrochemical controls in freshwater systems and can inform the design of monitoring
programs and predictive management tools.

Overall, our study clarifies the relative importance of several environmental parame-
ters and emphasizes the complexity of turbidity, conductivity, and absorbance regulations
in aquatic ecosystems. By calculating the relative importance of each variable and evaluat-
ing its individual contribution to model accuracy, this study provides valuable insights into
the river water quality dynamics. These findings have implications for ecosystem monitor-
ing, water quality management, and creating focused mitigation plans for high chlorophyll
concentrations and their ecological effects. Future research that considers temporal and
regional variability will improve our understanding of these complicated linkages and
facilitate the implementation of more efficient methods for maintaining ecosystem health
and water quality.

Figure 12 presents a comparison of the predicted and observed turbidity values using
the M5 model tree (Figure 12a), MLR model (Figure 12b), MLP model (Figure 12c), and the
NM/GPR-based approach with a Matern32 kernel (Figure 12d). The findings underscore
the importance of using the GPR methodology in order to find the most precise solution to
the regression model. These results unequivocally show that the NM/GPR-based model
with a Matern32 kernel provides the best fit and meets the critical statistical goodness-of-fit
criterion (R?) requirement. As a result, solving this issue successfully requires integrating
the GPR framework with the NM optimizer.
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Similarly, Figure 13 contrasts the predicted and experimental conductivity values
obtained using the M5 model tree (Figure 13a), the MLR model (Figure 13b), the MLP
model (Figure 13c), and the NM/GPR-based approximation using the Matern32 kernel
(Figure 13d). The results suggest that adopting a GPR framework is essential to solving the
regression problem as accurately as possible. The findings clearly show that the NM/GPR
approach using the Matern32 kernel satisfies the primary statistical goodness-of-fit criterion
and provides the most accurate overall fit (R?). For this reason, using the NM optimizer in
conjunction with the GPR approach (Matern32 kernel) is crucial to overcoming this issue.
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Figure 12. Comparison of observed versus predicted turbidity values for 300 randomly selected sam-
ples from the testing dataset using: (a) M5 model tree (R? = 0.2842); (b) MLR model (R? = 0.3179);
(¢) MLP model (R? = 0.5292); and (d) NM/GPR-based model with a Matern32 kernel (R? = 0.8956).

Moreover, Figure 14 compares the predicted and experimental absorbance values
obtained using the M5 model tree (Figure 14a), the MLR model (Figure 14b), the MLP
model (Figure 14c), and the NM/GPR-based approximation employing the Matern32
kernel (Figure 14d). The results suggest that using a GPR framework is crucial for finding
the most accurate solution to the regression problem. These results clearly demonstrate
that the NM/GPR-based approximation with the Matern32 kernel provides the best overall
fit and satisfies the key statistical goodness-of-fit criterion (R?). To properly address this
issue, the GPR approach (Matern32 kernel) must be integrated with the NM optimizer.
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Figure 13. Illustration of the observed vs. predicted conductivity values for 300 random samples of
the testing dataset utilizing: (a) M5 model tree (R? = 0.3693); (b) MLR model (R? = 0.5696); (c) MLP
model (R? = 0.7167); and (d) NM/GPR-based model with a Matern32 kernel (R? = 0.9503).
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Figure 14. Illustration of the observed vs. predicted absorbance values for 300 random samples of the
testing dataset utilizing: (a) M5 model tree (R? = 0.0712); (b) MLR model (R? = 0.3581); (c) MLP
model (R? = 0.6878); and (d) NM/GPR-based model with a Matern32 kernel (R? = 0.9180).

Additionally, Figures 15-17 show the comparison of the experimental and predicted
turbidity, conductivity, and absorbance values, respectively, using the best-performing
model—the NM/GPR model with the Matern32 kernel across the entire testing dataset. This
model performs best. Addressing this nonlinear regression problem required integrating
the NM/GPR model with the Matern32 kernel, creating a unique hybrid approach that
outperformed the other three regression methods (MLP, MLR, and the M5 model tree) in
terms of robustness and efficiency.

Finally, Figure 18 compares the observed and predicted values of turbidity, conduc-
tivity, and absorbance indicators for 50 random samples of the testing dataset using the
best-fitting NM/GPR model with a Matern32 kernel. The figure shows a 95% confidence
interval. These intervals highlight the uncertainty associated with each prediction, a unique
feature of GPR that provides valuable insights for water quality management. For exam-
ple, wider intervals for turbidity at high flow rates (e.g., during storm events) suggest
greater uncertainty due to the increased variability in sediment transport. Conversely,
narrower intervals for conductivity suggest more stable and predictable ionic contributions
from dissolved nutrients, such as nitrates. These uncertainty estimates can be used to
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inform decision-making processes, such as setting conservative pollution alert thresholds

or prioritizing monitoring efforts during periods of high prediction uncertainty.
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Figure 15. Observed vs. predicted turbidity value scatterplot from the entire testing dataset for the
best-fitted model, the NM/GPR model, with the Matern32 kernel.
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Figure 16. Observed vs. predicted conductivity value scatterplot from the entire testing dataset for
the best-fitted model, the NM/GPR model, with the Matern32 kernel.
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Figure 17. Scatterplot of observed versus predicted absorbance values for the entire testing dataset,
using the best-fitting NM/GPR model with the Matern32 kernel.
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Figure 18. Observed and predicted values with a confidence interval of 95% for 50 random samples
in the testing dataset with: (a) turbidity; (b) conductivity; and (c) absorbance.
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4. Conclusions

This study shows that Gaussian Process Regression (GPR), when combined with
Nelder-Mead optimization and a Matern32 kernel, is an effective method for predicting
turbidity, conductivity, and UV254 absorbance in the Ebro River.

The feature importance analysis provides actionable insights for water quality man-
agement, and the confidence intervals offer a measure of uncertainty for decision-making.
The feature importance analysis revealed the primary drivers of river hydrochemistry.
Turbidity is primarily controlled by discharge, which reinforces the importance of hydro-
logical forcing as the main mechanism for suspended sediment transport. Conductivity
is predominantly governed by nitrate concentrations, which highlights the significant
contribution of dissolved nutrients to the river’s ionic strength. UV254 absorbance reflects
the coupled influence of discharge and nitrates, suggesting that organic matter dynamics
are regulated by both hydrological mobilization and nutrient-associated inputs. Notably,
dissolved mercury exhibited negligible explanatory power across all models, indicating its
limited role as a proxy for the studied parameters.

The model achieved high predictive accuracy. The experimental datasets for tur-
bidity, conductivity, and absorbance yielded strong NSE values of 0.8956, 0.9503, and
0.9180, respectively, underscoring the model’s reliability for high-frequency environmen-
tal monitoring.

The GPR+NM framework can be integrated into real-time monitoring systems to
enable early detection of contamination events and the adaptive management of water
resources. The methodological framework is potentially transferable to other river systems;
however, direct application would require site-specific recalibration and validation using
local data, as the identified predictor-response relationships may vary depending on
hydrological, climatic, and anthropogenic conditions specific to each basin. These findings
advance the fields of water quality modeling and environmental monitoring and have
potential applications in real-time systems and other river basins.

This study demonstrates that Gaussian Process Regression (GPR) is a highly effective
method for modeling high-frequency, nonlinear environmental datasets. The use of the
Matern32 kernel is particularly advantageous, as it captures the non-smooth, heterogeneous
variability inherent in such data. Additionally, the study emphasizes the critical role of
hyperparameter optimization, achieved through the NM algorithm, in ensuring robust and
accurate predictions.
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