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We propose a Machine Learning (ML) approach based on Genetic Programming (GP) to model alkalinity
and apply this framework to the surface layers of the Mediterranean Sea. Our framework produces interpretable
equations that capture alkalinity typical patterns and its finer-scale variability by inferring its relation with
key physical and biogeochemical variables.

Results, supported by quantitative metrics and visual analyses, demonstrate that our method reliably
reproduces the spatio-temporal variability of alkalinity with a high level of predictive accuracy when compared
with in situ observations. Moreover, we use the derived alkalinity equations to produce gap-free 2D surface
alkalinity maps using satellite data. The maps correctly capture spatial gradients, seasonal patterns, and riverine

contributions, reinforcing the robustness of the proposed approach.

1. Introduction

In recent years, ocean acidification, driven by the uptake of atmo-
spheric carbon dioxide resulting from increased fossil fuel emissions,
has been affecting marine ecosystems, with harmful consequences for
environment and socio-economic systems (Kapsenberg et al., 2017;
Rodrigues et al., 2013). Alkalinity, defined as the seawater’s ability to
buffer acidification (Zeebe and Wolf-Gladrow, 2001), is a fundamental
variable for characterizing the carbonate system and improving our
understanding of acidification.

Although its modeling is essential, the accuracy of alkalinity is
influenced by the intrinsic complexity of the underlying processes
and by the availability of descriptive measurements. In situ observa-
tions provide a sparse and discontinuous view of alkalinity spatial and
temporal variability (Cossarini et al., 2015; Schneider et al., 2007;
Touratier et al., 2012), limiting our capability to accurately capture
its dynamics (Gray et al., 2024; Sonnewald et al., 2021; Zhang et al.,
2025). To address this, two main modeling approaches have been
developed: dynamical models, which simulate alkalinity through trans-
port and biogeochemical processes and require boundary conditions
and observational calibration (Baker and Brezonik, 1988; Bergstrom

et al, 1985), and data-driven models, which infer alkalinity from
relationships with physical and biogeochemical variables (Beibei et al.,
2025; Michatowski and Asuero, 2012). Unlike dynamical models with
explicitly defined equations, these approaches rely on algorithms that
autonomously learn such relationships from data.

Overall, approaches using salinity to predict alkalinity are the most
widely applied (Cossarini et al., 2015; Schneider et al., 2007). Al-
kalinity and salinity often show similar spatial variability in surface
waters (Copin-Montégut, 1993; Wolf-Gladrow et al., 2007), as freshwa-
ter addition or removal controls alkalinity by diluting or concentrating
its contributing compounds and simultaneously affects salinity (Cos-
sarini et al., 2015; Kapsenberg et al., 2017). As a result, many studies
rely on salinity-based numerical models for alkalinity prediction (Cos-
sarini et al., 2015; Schneider et al., 2007). However, salinity cannot
capture biological processes that also modify alkalinity, such as nutrient
uptake, mineralization, nitrification, and denitrification (Wolf-Gladrow
et al., 2007).

For the Mediterranean Sea, several salinity-based regression rela-
tionships have been proposed (Copin-Montégut, 1993; Huertas et al.,
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2009; Schneider et al., 2007). These models highlight regional differ-
ences in the salinity—alkalinity correlation, showing a positive corre-
lation where evaporation—dilution processes prevail (Schneider et al.,
2007) and a negative one in areas influenced by freshwater input,
such as rivers (Luchetta et al., 2010). Such contrasts make a single
unified model ineffective, and the literature therefore recommends
partitioning regions with differing correlations and developing separate
models for each macro-area. In the Mediterranean Sea, this leads to
treating the Adriatic Sea separately from the rest of the basin, as done
in several studies (Copin-Montégut, 1993; Cossarini et al., 2015; Giani
et al., 2023; Schneider et al., 2007), which consistently show that the
Adriatic Sea has distinct characteristics, making a single unified model
ineffective.

The growing volume of in situ and satellite ocean observations, and
their central role in bringing model predictions closer to reality, have
opened the way to data-driven tools. In this context, ML has advanced
rapidly in recent decades and has become a powerful approach for han-
dling the complexity and multi-dimensionality of oceanographic data,
supporting improved estimates and forecasts in operational oceanogra-
phy (Amadio et al., 2024; Dong et al., 2022; Lou et al., 2023; Mittal
et al., 2022; Pietropolli et al., 2022, 2024, 2025; Sammartino et al.,
2020; Tonelli et al., 2026). ML algorithms are now widely used for
different applications, including modeling ocean turbulence (Zanna and
Bolton, 2021), predicting surface temperature (Lyman and Johnson,
2023), and increasing models resolution (Ducournau and Fablet, 2016).

EAs are a subset of ML which solve optimization problems by mim-
icking the process of natural evolution. Instead of manually designing
a solution, they iteratively improve a population of candidate solutions
by evaluating their quality through a fitness function and applying
genetic operations to generate increasingly effective solutions. Its in-
terpretability and effectiveness make EA attractive, with applications
across engineering, computer science, computer vision, scheduling,
and biomedical (Arif et al., 2024; Nakane et al., 2020; Slowik and
Kwasnicka, 2020; Zhan et al., 2022). Despite this broad diffusion, only
a few studies have applied EAs in oceanography (Alvarez et al., 2002;
Fonlupt, 2001; Gaur and Deo, 2008).

This work proposes a new approach to modeling alkalinity based on
GP, a type of EA that produces interpretable, human-readable solutions.
Recent advances in Symbolic Regression (SR) show that GP-based
algorithms often outperform other symbolic regression methods (He
et al., 2022; Huynh et al., 2022; Langdon et al., 2008; Radwan et al.,
2024).

In this paper, the relationship between alkalinity and a broader
set of physical and biogeochemical variables is investigated using an
unprecedentedly wide data distribution. We apply this new approach
to the Mediterranean Sea, a landlocked and highly dynamic ecosystem
characterized by strong coastal anthropic pressure, a wider alkalinity
range than the Atlantic, and a high capacity to absorb and buffer
anthropogenic CO? (Cossarini et al., 2015; Kapsenberg et al., 2017).
Following previous studies (Copin-Montégut, 1993; Cossarini et al.,
2015; Giani et al., 2023), we divided the basin into two areas, i.e., the
Adriatic Sea and the rest of the Mediterranean, to account for their
distinct alkalinity—salinity dynamics.

We benchmark our approach against two ML baselines: Multi-Layer
Perceptron (MLP) and Linear Regression (LR), allowing us to assess
predictive accuracy and interpretability. The MLP achieves the lowest
errors in both regions, but its internal mechanisms are not directly
accessible. In contrast, GP produces explicit analytical equations that
can be inspected from an oceanographic perspective, with resulting
models clearly exposing the relationship between input variables and
alkalinity.

2. Dataset

Our approach is implemented in the Mediterranean Sea, where a
quality-checked in situ dataset for the carbonate system exists and a
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Fig. 1. Distribution of alkalinity data. Points are colored according to the year
of observation. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

rich collection of numerical models and satellite observations is avail-
able from the Marine Copernicus Service (Cossarini et al., 2019; Salon
et al., 2019). Specifically, we use the MedBGCins dataset (Di Biagio
et al., 2025), a dataset that collects in situ measurements for the
period 1995-2023, integrating the “Mediterranean Sea - Eutrophication
and Acidity aggregated datasets” (Hellenic Centre for Marine Research
et al., 0000) with other documented oceanographic cruises. The dataset
contains more than 5000 alkalinity measurements with other vari-
ables such as temperature, salinity and nutrients which are used as
explanatory parameters in the model. Measurements number decreases
to about 800 when only the surface layer (i.e., 0-20 m) is considered.

Along with MedBGCins, we use datasets of satellite observations
from the Marine Copernicus Service. In particular, chlorophyll (OC-
CNR-ROMA-IT, 2023), surface temperature (Copernicus Marine Ser-
vice, 2024), and salinity (Copernicus Marine Service, 2023) are used
both as explanatory variables and to reconstruct alkalinity spatial maps
using the developed model. Satellite data have daily frequency and a
spatial resolution of 1 km (1/8° in the case of salinity) and observations
are extracted at the same location (longitude, latitude) and time of
the in situ surface measurements to be paired with alkalinity in situ
measurements.

Sample spatial distribution is reported in Fig. 1.

3. Background

Symbolic Regression (SR) is a regression approach that searches
the space of mathematical expressions to identify models that best
describe a dataset, yielding interpretable and human-readable equa-
tions (Angelis et al., 2023). Unlike conventional regression methods (Su
et al., 2012; Ostertagova, 2012), which rely on fixed functional forms
and optimize only coefficients, SR simultaneously discovers both the
structure of the equation and its parameters (La Cava et al., 2021).
Because identifying the exact expression is often intractable, SR is
typically solved using approximate methods, most notably Genetic Pro-
gramming (GP). Since GP belongs to the broader family of Evolutionary
Computation (EC) techniques, we first introduce the core concepts of
EC (Section 3.1), then outline the general GP paradigm (Section 3.1.1),
and finally describe the specific GP variant employed in this study
(Section 3.1.2). The section concludes with the Multi-Layer Perceptron
(MLP) and Linear Regression (LR), used as baseline methods for model
comparison (Section 3.2).

3.1. Evolutionary computation

Evolutionary Computation (EC) draws inspiration from the princi-
ples of Darwinian evolution to solve complex optimization and search
problems (Bacardit et al., 2022; Back and Schwefel, 1996; Back et al.,
1997; Bartz-Beielstein et al., 2014; Leporati et al., 2023). At its core, EC
encompasses a family of algorithms, known as Evolutionary Algorithms
(EAs), that iteratively improve a population of candidate solutions by
simulating natural evolution processes, mimicking mechanisms such as
selection, crossover, and mutation. To guide the evolution, the quality
of each individual is evaluated using a fitness function f.
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Algorithm 1 Generic EA (EA)

1: Initialize a population P of individuals

2: while termination criterion not met do

Evaluate fitness function f on each individual in P

Select individuals for the mating pool based on their fitness
Apply crossover and mutation to create a new population
Replace P with the new population

: end while

: return the best-so-far individual
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Fig. 2. Examples of GP mutation and crossover.

Mutation

An individual represents a solution s € .S within the search space
S, and the population P C S denotes the set of evolved individuals. Se-
lection chooses which individuals undergo variation through crossover
and mutation. Crossover recombines parts of selected individuals to
produce offspring, while mutation introduces random modifications
to preserve diversity and explore new solutions. These operations are
applied with probabilities p ... and p,., respectively. A generation
corresponds to one complete cycle of evaluation, selection, crossover,
and mutation. The evolutionary process continues for multiple gen-
erations until predefined termination criteria are met (e.g., fitness
evaluations, execution time).

An outline of a generic EA is detailed in Algorithm 1.

Due to its consolidated effectiveness in Symbolic Regression (SR)
problems (Angelis et al., 2023; Huynh et al., 2022), we adopt a Genetic
Programming (GP) implementation (M. Cranmer, 2023; M.D. Cranmer,
2023; Tonda, 2024).

3.1.1. Genetic programming

GP is an EA where individuals represent computer programs
(Banzhaf et al., 2000; Koza, 1994; Langdon et al., 2008; Poli et al.,
2007). Thanks to its flexibility and expressive power, GP has been
successfully applied across a wide range of domains, including SR,
automated design, and modeling complex systems (Brabazon et al.,
2020; Ferreira et al., 2020; Marchetti et al., 2024; Pietropolli et al.,
2023b; Bonin et al., 2024; Rovito et al., 2025; Tonelli et al., 2024;
Zhang et al., 2021)

Here, individuals are encoded as trees, where internal nodes repre-
sent functions, and terminal nodes represent inputs or constants (Koza,
1995). During the evolution, GP iteratively transforms individuals by
applying tree-specialized genetic operations (Langdon et al., 2008). A
GP algorithm shares the structure of Algorithm 1 while it differs in the
individuals representation and, consequently, in how operations such as
initialization, crossover, and mutation are formalized (Langdon et al.,
2008).

Initialization

P Evaluation
: Evaluate fitness

Initialize population

— Mating Selection
Select parents for
crossover
Apply genetic
operators to create I
offspring O
Crossover
.. Mate parents to
> ., generate offspring
Survival I

Mutation
Mutate offspring

Replace previous
population with the
generated offspring

=

Termination

Stop optimization
according to a

criterion (e.g.,
generations, wall
time)

Fig. 3. Example of a generic EA optimization cycle.

Trees are initialized by assigning operations from the function set 7
to internal nodes and terminals from 7 to leaves. Although 7 includes
all input variables, the evolutionary process implicitly performs feature
selection, and not all variables necessarily appear in the final GP
solution. Tree depth, which controls individual complexity, is defined
as the length of the longest path from the root to any leaf.

Crossover and mutation are defined to both operate on trees: sub-
tree crossover (Fig. 2, left panel) switches and recombines sub-trees
of different individuals, while sub-tree mutation (Fig. 2, right panel)
substitutes selected sub-trees with randomly generated ones. The GP
evolution process is outlined in Fig. 3.

3.1.2. Island model GP

Island Model GP (Martin, 1997; Whitley et al., 1997, 1999) rep-
resents an extension of traditional GP, developed to avoid premature
convergence and maintain diversity (Izzo et al., 2012; Duarte et al.,
2017). Its core idea is the partition of the population into several sub-
populations, called islands. Each island evolves independently, running
a standard GP. The islands communicate through migration, a process
that periodically transfers a few solutions from one island to another,
promoting the interaction between candidate solutions, preventing pre-
mature convergence and widely exploring solution space (Izzo et al.,
2012). To better lead and control the evolution, the migration process
is generally ruled by a policy, which defines the rules for the solution
exchanges. Different parameters impact the island models effectiveness,
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Algorithm 2 Island Model GP

1: Initialize a population P of individuals

2: for island i = 1 to M do do in parallel

for generation = 1 to G do

4 Run the genetic programming loop

5 if generations then

6 Select migrants from island i

7: Send migrants to destination islands j based on topology
8

9

Receive migrants from source islands j
: Integrate migrants into island i
10: end if

11: end for
12: end for

13: return best individual(s) from all islands

n
f <Z x;Wwi; + Ej
i=1

N———

Xo
X1
X2
X3
47& {x {A

Fig. 4. MLP internal structure.

such as the number of islands N;, the migration topology ¢, the
migration rate m and the migration frequency f,,.

An outline of the island model GP structure is detailed in Algorithm
2.

3.2. Linear regression and multi-layer perceptron

Linear Regression (LR) (Su et al., 2012) explicitly models the re-
lationship between a dependent variable (target) and one or more
independent variables (features) by fitting a hyperplane to the data.
Given a features set x,, ..., x, and a target variable y, the linear regres-
sion model estimates the optimal coefficients g, ..., f, that minimize
the discrepancy between the predicted and actual values of y, according
to the linear model

y=Po+ b -xp+ -+ Py x, e

where ¢ represents the error term.

Multi-Layer Perceptron (MLP) is a widely used Artificial Neural
Network (ANN) for prediction and forecasting (Dong et al., 2022; Zhao
et al., 2024; Sauzede et al., 2017; Bittig et al., 2018; Fourrier et al.,
2020; Pietropolli et al., 2023a). Its structure includes an input layer,
an output layer, and typically one or more hidden layers composed
of neurons, as shown in Fig. 4. Despite its performance, the internal

decision process of an MLP cannot be easily inspected, making it a
black-box model.

Each neuron adjusts its internal parameters, or weights (w;;), during
training to approximate complex input-output relationships. Within
each layer, a neuron computes a weighted sum I; of its inputs x; and
a bias term §;, followed by a non-linear activation function f:

n
I=f <Zx,~w,-j +5j>.
i=1

This operation is iteratively applied across layers to produce the output
y. The optimal weights w;; are found through continuous optimiza-
tion combining backpropagation (Rumelhart et al., 1986) and gradient
descent, which updates weights as

new __ old aL
Wi =Wy 5

owe:

ij

where 7 is the learning rate.
4. Proposed method

In this section, we present the GP island model used for SR to model
surface alkalinity in the Mediterranean Sea.

4.1. Data pre-processing

The input consists of in situ oceanographic measurements, includ-
ing physical variables (temperature and salinity), a biogeochemical
variable (chlorophyll), and their spatio-temporal coordinates (month,
latitude, longitude). These variables are selected based on their avail-
ability and their documented relevance to alkalinity (Cossarini et al.,
2015; Gemayel et al., 2015; Lee et al., 2006; Millero et al., 1998;
Wallace, 1995). In particular, chlorophyll acts as a proxy for bio-
logical activity influencing the carbonate system (Champenois et al.,
2025; Dash et al., 2022), especially in coastal environments, and cap-
tures spatial patterns associated with riverine fertilization, which is
a key driver of alkalinity variability in regions such as the Adriatic
Sea (Copin-Montégut, 1993).

To reconstruct the surface alkalinity distribution, we restrict the
dataset to superficial layers (0-20 m), consistently with previous stud-
ies (Copin-Montégut, 1993; Cossarini et al., 2015; Schneider et al.,
2007). To incorporate temporal information, the month of the data
sampling is encoded through categorical encoders.

The dataset is randomly split into train and test sets, ensuring
a balanced distribution across all sub-basins for a fair evaluation of
unseen data (Farias et al., 2020; Kratzert et al., 2024).

To address the cardinality and the non-uniform spatial coverage
of the Mediterranean basin, we apply data augmentation (Chawla
et al., 2002; Shorten and Khoshgoftaar, 2019) to increase the number
of samples, particularly in underrepresented areas (see Fig. 1). The
procedure generates synthetic observations by interpolating between
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Fig. 5. Structure of the evolve-simplify—optimize cycle.

existing samples in the minority regions. For each minority sample x,
the algorithm selects its k nearest neighbors within the same group and
creates a new synthetic point along the segment connecting x to one
neighbor

Xpp - Xsynthetlc =x+6- (Xnn - x)» with § € {O, 1}»

following the formulation introduced in Chawla et al. (2002).

Finally, because the ranges of the input variables differ consider-
ably, we normalize all inputs (Ali et al., 2014) to avoid bias toward
variables with larger magnitudes. The mean y and standard deviation
o are computed on the training set and applied to both training and
test data, as follow:

X—u
pat

Xnorm =

4.2. GP for alkalinity prediction

The proposed algorithm follows an island-model structure, with
additional components introduced to tailor it to the alkalinity recon-
struction task.

The internal search follows an evolve-simplify—optimize loop, il-
lustrated in Fig. 5. After generating new candidate solutions through
mutation and crossover, the algorithm simplifies a subset of them into
equivalent but less complex expressions. Only part of the population
is simplified so that more complex solutions can still emerge during
the search. Then, the algorithm adopts the BFGS optimization algo-
rithm (Broyden, 1970) to explicitly optimize constants, making the
approach more efficient for real application problems (M. Cranmer,
2023).

Our model adopts a shared global Pareto front (Kang et al., 2024;
Smits and Kotanchek, 2005), which all populations can contribute
to and access. Instead of selecting solutions based solely on their
fitness, the algorithm also accounts for model complexity. This multi-
objective approach is adopted because interpretability is a key require-
ment for our application. The resulting Pareto front collects the best
trade-off solutions between effectiveness and complexity, providing the
best-performing interpretable expression available at each complexity
level.

Applied Computing and Geosciences 30 (2026) 100345

Table 1

Input variables and their aliases used for each geographical area to predict
alkalinity (4). is_Season denotes a placeholder naming convention, with
Season substituted by the specific season (e.g., is_Spring, is_Summer,
is_Autumn, is_Winter).

Variables Aljases
Seasons is_Season
Latitude ¢
Longitude A
Salinity S
Temperature T
Chlorophyll C
Table 2
PySR hyperparameters used in our experiments.
Hyperparameter Value
N° Islands N; 50
Island size P, 10°
N° Generations G 10°
Max equations complexity 20
Max tree depth 8
Tournament size ¢ 15
Crossover probability p .. 0.05
Function set 7 +, =% [, X %
Table 3
MLP hyperparameters used in our experiments.
Hyperparameter Value
Epochs 200
Snaperiod 25
Optimizer Adam
Learning rate 0.001
Layers dimension [3, 64, 16, 1]
N° hidden layers 3
Normalization Layer normalization

Activation function ReLU

Finally, we refined expression complexity (measured by counting
the number of nodes in the tree) by assigning different weights to op-
erators, variables, and constants. Instead of treating all nodes as equally
costly, complexity is computed as a weighted sum, encouraging expres-
sions built from operators that are more meaningful for the problem.
In addition, the algorithm includes constraints that prevent excessively
nested structures (for example, long chains of repeated i operations),
ensuring that the resulting expressions remain interpretable.

5. Experimental settings

This section describes hyperparameter and experimental settings,
source code is available at https://github.com/TeresaTonelli/GP-4-
Alkalinity.

We implemented the preprocessing pipeline using scikit-learn
(Pedregosa et al., 2011) and the imblearn library (LemaAZtre et al.,
2017) for data augmentation. The dataset was split into training and
test sets using a 70:30 ratio (Vrigazova, 2021). We applied the SMOTE
algorithm (Chawla et al., 2002) with an initial ¥ = 5, and reduced k
when too few samples were available in under-represented geographic
regions. One-hot encoding was applied to the time categorical variable.
Z-score normalization was then performed using the mean and standard
deviation computed from the training set (Patro and Sahu, 2015). We
list the input variables in Table 1. The same set of variables, selected a
priori based on relevant literature, is used across all methods to ensure
a fair comparison.

To run the island-based GP, we used the PySR library (M.D. Cran-
mer, 2023; Tonda, 2024), which provides a genetic-programming is-
land model for SR with a Python interface and a high-performance
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Table 4
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Alkalinity models computed by the proposed GP algorithm in the Mediterranean and Adriatic Sea. RMSE values
refers to the test set. All variables in the equations, together with their aliases, are listed in Table 1. The variable
“is_Spring” holds 1 if the measurement was recorded during spring season, 0 otherwise.

GP alkalinity models

Mediterranean Sea

Adriatic Sea

Model equation RMSE Model equation RMSE
25719147436 - S +4.45-¢ 20.21 2649.02+1.02- C+15.55- ¢ 17.26
2563.41 +74.63 -5 —7.48 - T — A 18.23 2653.13-725-85-725-4-099-T 16.58
2566.02 + 80.04 - S +7.61 - ¢ 20.34 2654.07-3-52—13.76-S—-2-T-S+4-¢-S+T? 15.98
2583.314+75.09-5 +1.01-is_Spring — (i 19.06 2638.96 — 4.66 - S +4.66 - T? +4.66 - p — 4.66 - A 16.11
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Fig. 6. Scatterplot of measured (x-axis) versus predicted (y-axis) alkalinity for the Mediterranean Sea (left panel) and the Adriatic Sea (right panel). The red line

indicates the identity.

Julia backend (M. Cranmer, 2023). We used Root Mean Squared Er-
ror (RMSE) as fitness function. GP hyperparameters are summarized
in Table 2. We ran 50 populations (N;) asynchronously, each with 10
individuals (P)), for 10° generations (G). To preserve interpretability,
we constrained equation complexity to a maximum of 20 and limited
tree depth to 8. The unary operators x*> and )l—c were included in
the function set to capture relevant nonlinear relationships (e.g., in-
verse dependencies) between inputs and alkalinity. To further promote
simpler expressions, we doubled the complexity cost of unary opera-
tors, reducing their probability of being selected when they are not
necessary.

Most GP hyperparameters in PySR were left at their default settings.
Tree depth and model complexity were limited to prevent overly large
symbolic expressions. Population size, number of islands, and number
of generations were set according to an initial hyperparameter tuning.

We compared our approach with two baseline Machine Learning
(ML) models: MLP (Delashmit et al., 2005; Pinkus, 1999; Zhang, 2002)
and LR (Maulud and Abdulazeez, 2020; Su et al., 2012). The MLP
used for comparison includes three hidden layers, followed by a linear
layer, a normalization layer (Ba et al., 2016), and a ReLU activation
function (Agarap, 2018; Dubey and Jain, 2019):

ReLU(x) = max(0, x) (€D)]

The network is optimized using Adam with a learning rate of 0.001
(Bock and Weil3, 2019). The size of the MLP hidden layers was tuned
through brief preliminary tests. All hyperparameters, tuned to maxi-
mize predictive performance, are reported in Table 3.

To obtain statistically robust results all methods were run 30 times.
We applied a Mann-Whitney U test (Mann and Whitney, 1947) with
Holm-Bonferroni correction (Holm, 1979) to compare the error distri-
butions with a significance threshold of a = 0.05.

6. Results

This section presents the results of superficial alkalinity modeling.

Table 5
Table detailing 95 % Confidence Intervals (CIs).
Adriatic Sea

Mediterranean Sea

Method CI Method CI

GP [20.66-22.30] GP [16.72-17.671]
MLP [16.94-19.56] MLP [15.51-16.41]
LR [21.09-22.85] LR [17.47-18.42]

Mediterranean Sea. In the Mediterranean Sea, the best model found is
described by the following equation:

A =2565.144+7498 - S +8.02- ¢ 2)

Eq. (2) exhibits the lowest test RMSE (18.06 pmol kg‘l) within the
subset of models characterized by lower complexity; additional models
found are summarized in Table 4. Here, the GP algorithm computes
equations that describe alkalinity by adding spatio-temporal, physi-
cal, and biogeochemical relations to the traditional salinity-alkalinity
one. While physical and biogeochemical variables directly influence
alkalinity (Copin-Montégut, 1993; Cossarini et al., 2015; Gemayel
et al.,, 2015), the spatial coordinates act as proxies for underlying
processes, such as latitude climate gradient relation, that are not
directly measured but are correlated with location-specific features
of the basin (Legendre and Legendre, 2012). The presence of the
salinity linear term in all alkalinity equations confirms and reinforces
its strength as a good alkalinity predictor (Copin-Montégut, 1993;
Cossarini et al., 2015; Schneider et al., 2007). Fig. 7 (left) shows the
spatial distribution of RMSE, which is relatively uniform across regions,
with higher errors mainly concentrated in coastal areas.

Fig. 6 (left) compares the alkalinity predicted by Eq. (2) with
measured test samples. Most points align closely with the red bi-
sector, indicating strong agreement between predictions and obser-
vations (Fourrier et al., 2020). Similar behavior is observed for all
equations reported in Table 4.
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Fig. 9. Results of Mann-Whitney U test (Mann and Whitney, 1947) (a = 0.05)
over different methods for Mediterranean and Adriatic Sea. Each method on
the x-axis is compared against each method on the y-axis to check whether
the former produces significantly lower errors than the latter. The comparison
is performed by accounting for the RMSE values on the test set.

Adriatic Sea. In the Adriatic Sea, the GP algorithm identifies more
complex relationships, revealing an inverse salinity-alkalinity depen-
dence, with a strong influence of temperature and chlorophyll. The

most accurate model obtained is:
A =265142-10.04-1+10.04-¢

3)
+10.04 -T2 +10.04 - C —7.89 - is_Spring

which achieves the lowest test RMSE (15.81 pmol kg’l). Here, A denotes
alkalinity, 4 longitude, ¢ latitude, T' temperature, C chlorophyll, and
is_Spring a binary indicator equal to 1 for spring samples and 0
otherwise. The related RMSE spatial distribution is illustrated in the
right panel of Fig. 7. Additional models are reported in Table 4. Across
all equations, temperature and chlorophyll consistently emerge as key
predictors, while salinity (always inversely related to alkalinity) is less
influential than in the Mediterranean. As in the Mediterranean Sea,
latitude and longitude act as proxies for unobserved regional processes
(river mouths, basin orientation, and latitudinal climatic gradients).

The complexity in alkalinity prediction in this region is largely
driven by the presence of rivers, which discharge humid acids into
coastal waters (Giani et al., 2023). The dilution and degradation dy-
namics of these compounds overlap with the dynamics of dissolved
ionic substances in the Mediterranean waters, increasing reconstruction
complexity. As a result, variables such as chlorophyll and temperature
become essential to capture the spatial gradients from river-influenced
coastal zones to offshore waters.

The scatterplot (Fig. 6, right) compares the alkalinity predicted by
Eq. (3) with the measured samples in the test set. This plot shows
larger discrepancies between predicted and observed alkalinity than
those seen for the Mediterranean Sea, reflecting the higher complexity
of this task.

SR and MLP comparison. Fig. 8 compares test-set RMSE distributions
across 30 runs for our model, MLP, and LR. The corresponding p-values,
obtained using the Mann-Whitney U test (Mann and Whitney, 1947)
are shown in Fig. 9. To estimate uncertainty in mean performance,
we compute confidence intervals (CI) using the scipy.statistics
library (Gommers et al., 2024), which derives confidence bounds from
the sample mean, standard error, and ¢-value. Results are reported in
Table 5.

The MLP achieves the lowest RMSE, although it provides a non-
interpretable, black-box solution. In the Mediterranean Sea, GP slightly
outperforms LR. This similarity between these results is expected, as
the salinity—alkalinity linear relationship already captures a significant
portion of the alkalinity variability in this basin, making linear models
naturally competitive. In contrast, in the Adriatic Sea, the GP model
outperforms LR, due to its ability to capture nonlinear interactions
and proxy-driven variability, which represent key aspects of alkalinity
dynamics in this region.

Reconstruction on satellite sensoring data. To extend the analysis beyond
the sparse in situ measurements used for training, we applied the
best GP models to gap-free satellite observations from the Copernicus
Marine Service (Le Traon et al., 2019). The resulting alkalinity fields
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Fig. 10. Maps of alkalinity reconstruction in the Mediterranean Sea. The maps show the monthly mean alkalinity in February (upper left), May (upper right),
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Fig. 11. Maps of alkalinity reconstruction in the Adriatic Sea. The maps show the monthly mean alkalinity in March (upper left), June (upper right), October

(lower left), and December (lower right).

for the Mediterranean and Adriatic regions are shown in Figs. 10 and
11, computed using Egs. (2) and (3), respectively. Because alkalinity
exhibits strong seasonal variability, we present one representative map
for each season.

Fig. 10 shows that our model is proficient in reconstructing the
west-east alkalinity gradient, exhibiting an increase from Gibraltar to
the Levantine Sea in all seasons. The seasonal variability of alkalin-
ity shows higher values along the northwestern coasts during winter
and spring, whereas the eastern sub-basin exhibits elevated alkalinity
during summer and fall, in agreement with previous studies (Cossarini
et al., 2015). As reported in the literature, the spatial gradient is

smoother in winter and spring but becomes steeper during summer
and fall, consistent with these earlier findings. Fig. 11 demonstrates the
ability of our model to reasonably reconstruct the spatial gradients and
the temporal evolution in the Adriatic region. In particular, alkalinity
decreases from north to south, and higher values are predicted near the
northern coasts, where river contributions are higher (Copin-Montégut,
1993; Cossarini et al., 2015; Ingrosso et al., 2016). The seasonal vari-
ability of alkalinity in this area shows peaks near the northern coastal
regions, consistent with the seasonal river discharge cycle, exhibiting
steeper gradients in winter and weaker ones in autumn and summer.
Different from the Mediterranean case, GP model introduces variables
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Fig. 12. Scatterplot of measured (x-axis) versus predicted (y-axis) alkalinity
for the external validation dataset. The red line indicates the identity.

such as temperature and chlorophyll whose temporal variability proved
important to reconstruct the signal of river input and degradation
processes in this marginal sea.

External validation. Finally, we validate the model on an external
dataset (SNAPO-CO,-v2, Metzl et al. (2024)), which includes alkalinity
measurements collected after 2021 and not used for training or testing.
Since this dataset lacks Adriatic Sea samples, the analysis is limited to
the Mediterranean Sea. Fig. 12 compares predicted alkalinity values,
obtained by applying the Mediterranean model (Eq. (2)), with the
corresponding observations. Although the predictions show slightly
lower accuracy than in Fig. 6, performance remains comparable (RMSE
= 2223 pmol kg7!; std = 15.99 pmol kg™!), confirming the model’s
ability to generalize to new data.

7. Discussion

This work presents a framework for modeling alkalinity aimed at
identifying explicit, interpretable relationships. The method explores a
broad set of candidate equations, enabling the emergence of meaningful
patterns without detailed prior knowledge of the underlying physical
and biogeochemical processes. The key strength of this approach lies in
its interpretability: the method produces transparent, human-readable
equations that allow identification of the contribution of each feature
to alkalinity variability. At the same time, the physical interpretation
of the inferred relationships may become less straightforward in more
complex environments. Our results suggest that, moving from the
Mediterranean to the Adriatic Sea, alkalinity dynamics become more
complex, likely due to coastal circulation, riverine inputs, and stronger
biological activity, requiring GP to include additional terms. This does
not reduce the transparency of the equations themselves, but it can
make their direct mechanistic interpretation more challenging. It is also
worth noting that the Adriatic dataset is relatively small, which may
further limit the robustness of the inferred relationships.

Dataset size is a common limitation in data-driven approaches,
including this study (Caiafa et al., 2021; Kokol et al., 2022). Although
more in situ measurements are used than in previous alkalinity stud-
ies (Cossarini et al., 2015; Schneider et al., 2007), the dataset remains
insufficient to fully capture spatial and temporal variability of the
basin (Nwaila et al., 2024; Snieder and Khan, 2025). Data augmentation
increases the overall data volume, but the dataset remains temporally
limited and, since additional samples are obtained through spatial
interpolation, coverage in underrepresented regions is not substantially
improved. A strength of our approach is that the choice of variables,
operators, and model complexity allows basic domain knowledge to
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be incorporated directly into the search, helping to mitigate data
limitations and improve robustness.

In the Mediterranean Sea, we obtain a RMSE varying between
[16 pmol kg~',24 pmol kg™'], in line with results from other data-
driven methods based on datasets of compatible size (Cossarini et al.,
2015). The Adriatic Sea shows RMSE values between [14.5 pmol kg™,
19 pmol kg™, consistently with those reported in previous data-driven
analyses (Cossarini et al., 2015). Due to the limited number of in-
vestigations in this region, direct comparisons remain challenging.
Moreover, the absence of an independent dataset for the Adriatic Sea
limits this study, preventing direct validation of the GP model in the
basin with the most complex alkalinity dynamics.

For the Mediterranean Sea, all models include a linear salinity term,
confirming the well-established salinity—alkalinity relationship in this
region (Cossarini et al., 2015; Gemayel et al., 2015; Schneider et al.,
2007). In contrast, in the Adriatic Sea, salinity exhibits an inverse
correlation with alkalinity, consistently with previous studies (Cossarini
et al., 2015). This behavior reflects the influence of river inputs, which
decrease salinity while increasing alkalinity. Spatial coordinates act
as proxies for unresolved regional processes (Meyer et al., 2019; Mila
et al., 2024) and are therefore difficult to interpret directly. Although
the use of geographic coordinates may limit extrapolation, they are
retained to maximize predictive performance for the Mediterranean
Sea (Guisan and Zimmermann, 2000). In the Mediterranean Sea, sev-
eral models include temperature as a linear term, consistent with
findings from previous studies in this region (Gemayel et al., 2015),
whereas in the Adriatic Sea, it appears within more complex formu-
lations. This reflects the higher regional complexity and the inherent
difficulty in isolating the specific influence of temperature (Copin-
Montégut, 1993; Cossarini et al., 2015).

To the best of our knowledge, this represents the first attempt to
incorporate chlorophyll as input for alkalinity prediction using data-
driven approaches. Consequently, a direct comparison of the influence
of chlorophyll with results from previous studies is not yet possible.
Nonetheless, the inclusion of chlorophyll appears more prominent in
the Adriatic Sea, where riverine inputs likely enhance its impact (Cos-
sarini et al.,, 2015; Giani et al., 2023). An additional consideration
concerns transitional regions between the Adriatic and Ionian Seas,
which may exhibit mixed dynamics. While not explicitly addressed
in the present study, this aspect represents a relevant direction for
future work. In particular, future developments will explore strategies
to combine predictions from basin-specific models, for instance through
weighted approaches based on basin proximity.

Compared to MLP, our approach presents slightly higher RMSE but
interpretable solutions. Interpretability has become a central concern
in ML, particularly when the objective extends beyond prediction to
the understanding of the mechanisms underlying the data (Jobin et al.,
2019; Jorgensen et al., 2025; Lipton, 2018; Molnar et al., 2020; Nadizar
et al., 2024; Rudin, 2019). In marine applications, transparent models
can support the analysis of physical and biogeochemical processes by
providing explicit relationships between variables. For alkalinity, this
enables the identification of key drivers and the evaluation of their
contribution to the overall alkalinity budget, facilitates comparisons
across regions and experiments, and allows the inferred relationships to
be directly assessed against established domain knowledge. Moreover,
given the central role of salinity—alkalinity dynamics in marine ecosys-
tems (Santore et al., 2001; de Paiva Magalhaes et al., 2015; Schneider
et al., 2007; Luchetta et al., 2010), transparent formulations provide
a principled way to analyze how and why specific alkalinity estimates
are obtained.

While prediction accuracy is crucial, understanding how models
generate solutions is equally important to identify errors, biases, or data
issues (Longo et al., 2020; Xu et al., 2019). Several studies investigate,
neural network structure, exploring output generation and how fea-
ture interactions drive specific activations (Rauker et al., 2023; Sajjad
et al., 2022). Unlike post-hoc interpretability methods in deep learning,
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GP provides interpretable models by construction, which explicitly
describe the relationship between input and target variables.

In our approach, we deliberately restricted the analysis to variables
available from satellite observations. This restriction may reduce GP
full explanatory power but enables a gap-free reconstruction of alka-
linity across the entire basin. This represents a common constraints
when a model must interface with broader observing systems (Fourrier
et al., 2020; Sauzede et al.,, 2017). However, our model is easily
extensible to include additional variables as they become available at
large scale. Coupling data-driven approaches with mechanistic models
represents a promising direction for future work, with the potential
to improve alkalinity reconstruction and to account for processes not
directly captured by observations.

8. Conclusion

This study presents an interpretable, data-driven framework for
reconstructing surface alkalinity in the Mediterranean Sea using GP
which, alternative to traditional black-box approach, produces explicit
and inherently interpretable equations.

In the Mediterranean Sea, the GP model consistently recovers the
well-known linear relationship between salinity and alkalinity and com-
plements it with additional variables that improve model accuracy. In
the Adriatic Sea our models reveal a different set of dependencies, with
temperature, chlorophyll, and spatial indicators reflecting the influence
of freshwater discharge and coastal dynamics. The resulting equations
generalize well to gap-free satellite fields, enabling the reconstruction
of seasonal alkalinity patterns.
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