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ABSTRACT

Hypoxia is one of the fundamental threats to water quality globally, particularly for partially enclosed basins
with limited water renewal, such as coastal lagoons. This work proposes the combined use of a machine learning
technique, field observations, and data derived from a hydrodynamic and heat exchange numerical model to
predict, and forecast up to 10 days in advance, the occurrence of hypoxia in a eutrophic coastal lagoon. The
random forest machine learning algorithm is used, training and validating a set of models to classify dissolved
oxygen levels in the lagoon. The Orbetello lagoon, in the central Mediterranean Sea (Italy), has provided a test
case for assessing the reliability of the proposed methodology. Results proved that the methodology is effective in
providing a reliable short-term evaluation of DO levels, with a high resolution in both time and space throughout
an entire lagoon. An overall classification accuracy of up to 91 % was found in the models, with a score for
identifying the occurrence of severe hypoxia - i.e. hourly DO levels lower than 2 mg/1 - of 86 %. The use of
predictors extracted from a numerical hydrodynamic model allows us to overcome the intrinsic limitation of
machine learning modelling approaches which rely on input data from relatively few, local field measurements,
i.e. the inability to capture the spatial heterogeneity of DO distributions, unless several measuring points are
available. The methodological approach is proposed for application to similar eutrophic environments.
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1. Introduction

Dissolved Oxygen (DO) is a crucial parameter related to water
quality in rivers, lakes, and coastal basins. Hypoxia occurs when the DO
level is too low for the proper functioning of the ecosystems, triggering
the mortality of fish, loss in biodiversity, and impacting the surviving
organisms through sublethal stresses (Vaquer-Sunyer and Duarte, 2008).

Oxygen concentrations in both the open ocean and coastal waters
seem to have been progressively declining in the 20th century (Breitburg
et al., 2018). Factors governing hypoxia are both of anthropic and nat-
ural origin (Caballero-Alfonso et al.,, 2015). One of the primary
anthropogenic factors is nutrient input, which is a driver for coastal
eutrophication, leading to an overproduction of organic matter, that
increases the oxygen demand. There are several hypoxia drivers linked
to climate, e.g., high temperature (which reduces oxygen solubility), the
entity of rainfall and runoff (altering the freshwater input quantity and
quality), and wind intensity (affecting the oxygen exchange with the
atmosphere). Additionally, hydrodynamic factors also play a role (e.g.,
reduced horizontal advection and increased water residence time). Cli-
matic and hydrodynamic factors contributing to hypoxia are deeply
interrelated, as climatic factors may also induce hydrodynamic changes.
The relative importance of these factors, as well as their interrelation-
ship, is strongly site-specific, being fundamentally governed by the
morphology and flushing characteristics of the basin under study.

The definition of hypoxia conditions is not unique, with alarm
threshold ranging from 2 to 5 mg DO/1 (Gobler and Baumann, 2016).
Strong differences take place in the effect of low DO levels for different
marine benthic organisms (Vaquer-Sunyer and Duarte, 2008): while the
threshold of 2 mg DO/1 is generally adopted to indicate fisheries collapse
(Diaz and Rosenberg, 2008), loss of biodiversity may be experienced
with significantly higher DO thresholds (Vaquer-Sunyer and Duarte,
2008).

Coastal lagoons are particularly susceptible to hypoxic phenomena,
due to their reduced rate of water exchange with the sea, low thermal
inertia, limited water depth, high biological productivity, and signifi-
cant anthropogenic pressure (Newton et al., 2014). Examples of such
anthropogenic pressure include pollution and nutrient supply from in-
dustry, intense fishing (Shumbka et al., 2023) and agriculture activity in
the watershed (Rodriguez-Gallego et al., 2017), which are superposed to
possible alterations of the ecosystem caused by climate change (Boateng
et al., 2020; Rodrigues et al., 2021). The mutual interaction between
these elements affects the eutrophication processes, the water quality of
coastal lagoons, and DO in a complex way, whose prediction and
understating are challenging tasks for many modelling applications.

Coupled hydrodynamic and hydro-ecological physically based nu-
merical models (deterministic models hereafter) for simulating the most
relevant ecological processes involved in the DO dynamics for lagoons
have been developed and applied in the last decades (e.g. Béjaoui et al.,
2017; Hull et al., 2008; Seiler et al., 2020). Deterministic models rely on
a chosen set of processes considered crucial for the studied dynamics.
These models can only predict effects that stem from the explicitly
included processes. Typically, deterministic models are computationally
demanding, require large amounts of data that are often hard to obtain
and involve lengthy site-specific calibration steps.

Data-driven methods and Machine Learning (ML) applications
gained significant consideration in the latest years, for water quality
studies for inland waters (e.g. Arrighi, 2023; Bui et al., 2020), as well as
for modelling a wide variety of marine and coastal phenomena (as
recently reviewed in Pourzangbar et al., 2023 and Rubbens et al., 2023).
ML-based methods represent the information contained in the data,
regardless of the underlying processes, and can therefore reproduce the
effect of relationships and dependencies that are not explicitly included
in a deterministic model. Approaches based on the Random Forest (RF)
algorithm (Breiman, 2001) have shown to be effective, as proved by the
different successful applications in the literature briefly recalled
hereafter.
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An RF regression approach to predict DO levels offshore and near-
shore the coast of California was used by Valera et al., 2020. Time,
temperature, salinity, water depth, and wind were used as predictors.
Very good performance was found in predicting DO concentrations with
RF models trained on data from one particular site (R? of 0.99), but the
performance was lower when the model trained for one site was used in
another nearshore site (R2 between 0.42 and 0.70). Gogoi et al. (2024)
applied an RF model to predict chlorophyll-a in a micro-tidal estuary,
using as predictors a set of physical and bio-geochemical water param-
eters, and obtained an R? of 0.47 with measured data. Liang et al., 2023
compared the performance of different tree-based methods for predict-
ing DO concentrations in Mirs Bay (Hong Kong), with R? between 0.7
and 0.79.

Specifically for coastal lagoons, Béjaoui et al. (2016) applied the RF
algorithm to formulate a predictive model for chlorophyll-a based on
measured physicochemical variables for Bizerte Lagoon (Tunisia), with
satisfactory prediction capability (R2 = 0.51). The RF modelling to
assess the trophic status of Ghar El Melh Lagoon (Tunisia) was also
tested by Béjaoui et al. (2018). The authors suggested that the phyto-
plankton biomass in the lagoon could be efficiently predicted adopting
silicates and temperature as main descriptors. Hadid et al. (2021) used a
combination of neural networks and RF methods to predict and forecast
chlorophyll-a in the North Lagoon of Tunis, with satisfactory perfor-
mance (R? ~ 0.79 between predictions and measurements) when using
as only predictors the water depth and DO. For Venice Lagoon (Italy),
Zennaro et al., 2023, applied a hybrid framework based on ML algo-
rithms (RF and multilayer perceptron) and a deterministic model of
water quality to predict chlorophyll-a in future climate change sce-
narios. The authors highlighted the enhanced extrapolation and gener-
alization capabilities of the ML approaches, which detect phenomena
not captured by the causal relationships in the deterministic model.
Politikos et al., 2021, tested the capability of four machine learning
algorithms to forecast hypoxia in Papas Lagoon (Greece), finding supe-
rior performance of the tree-based ML methods compared to logistic
regression. Ph, chlorophyll-a, salinity, temperature, and solar radiation
were found to be the most relevant set of predictors of DO levels. These
previous works suggest the great potential of RF-based ML techniques in
predicting, and possibly forecasting, DO. ML-based approaches, how-
ever, need to rely on observed values of the input parameters, hindering
the possibility of representing the spatial heterogeneity of DO distribu-
tions in a coastal basin, unless a wide number of measuring stations is
available in the basin.

In this work, we explore the possibility of using an RF algorithm to
predict DO levels in a shallow-water, eutrophic coastal lagoon. A
methodology that combines RF and numerical simulations to capture the
spatial heterogeneity of DO levels without using deterministic models is
presented. To the best of the author’s knowledge, such an approach has
not been previously proposed in the literature. The RF algorithm is
trained with a set of predictors derived, alternatively, from measure-
ment stations located in the lagoon or from a model of the hydrody-
namics and heat exchange processes (HD model hereafter), which also
provides water temperature and salinity. Using predictors derived from
the HD model enables a high-resolution spatially distributed identifi-
cation of hypoxic areas. The original contribution of this work is
twofold: (i) it explores the possibility of obtaining predictions of hypoxia
in coastal lagoons, forecasting the events with relevant advance notice
and without using deterministic hydro-ecological models; (ii) it in-
vestigates whether predictors derived solely from the HD model can
effectively replace physical and chemical water quality measurements
typically obtained from a limited number of in-situ measurement
stations.

2. Study area

The effectiveness of the proposed methodology is tested on the
Orbetello lagoon, a coastal basin located in Central Italy (between
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42°25' and 42°29'N and 11°10 and 11°17'E). The lagoon is 26 km? wide
and has a mean water depth of 1.13 m. It is connected to the sea through
three channels, two in the northwestern areas of the lagoon (the Ponente
basin) and one in the southeastern areas (the Levante basin), as indi-
cated in Fig. 1. Each channel is about 2 km long, 10-15 m wide and up to
1.8 m deep.

The confined morphology and limited astronomic tidal range,
generally lower than 30 cm, reduce the water exchange with the sea and
the mixing of the lagoon waters. The lagoon is heavily used for fishing
activities and the natural water exchange is further reduced by the
presence of grids and gates in each channel, used for fishing purposes
(Fig. 1, right). A set of pumps, generally activated in the spring and
summer months, is installed in each channel to promote the water ex-
change with the sea. The water residence time (WRT) of the lagoon has
been estimated up to 200-230 days for the natural circulation, reduced
to around 60 days when activating the pump systems (Zannella et al.,
2024; Simonetti and Cappietti, 2022).

The lagoon is a remarkedly eutrophic environment (Soria et al.,
2022), due to both its morphological features, the low water turnover,
and the anthropic pressure to which it has been subjected over the years
(Lenzi et al., 2003). The lagoon receives the treated discharge from two
intensive aquaculture plants located inland, and until a few years ago,
treated wastewater was also discharged into the basin (Lenzi et al.,
2013). The sediments on the lagoon bottom have progressively enriched
in nutrients. Recurring anoxic crises have been documented in the
lagoon since the 1960s, with several massive fish die-offs over the last
decades.

Physical-chemical water parameters monitoring stations (PCS), one
located in the centre of the Ponente basin and two in the Levante basin
(Fig. 1, left), collect hourly data on temperature, salinity, pH, Redox
potential, and DO. Hourly values of meteorological parameters (wind
speed and direction, solar radiation, air temperature, atmospheric
pressure, relative humidity, precipitation, and clearness) are collected at
the meteorological station located on the Orbetello isthmus (MS station
in Fig. 1). The salinity in the lagoon has important seasonal variation
cycles, with a progressive increase from the winter values of around 30
PSU (i.e. lower than that of the open sea) to the summer values of around
45 PSU (higher than the open sea ones), mainly due to a progressive
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increase of the evaporation. Water temperature ranges from approxi-
mately 5 to 35 °C. In the summer months, daily mean temperatures
higher than 30 °C are frequently recorded. Daily mean values of DO
generally range between 8 and 12 mg/1 in the winter and 2 and 8 mg/l in
the summer, with a typical eutrophic daily oscillation that often exceeds
6 mg/l (Fig. 2), transitioning from anoxic conditions in the early
morning to states of oversaturation due to algal oxygen production
during daylight hours.

3. Methods

The overall methodology adopted in this work is depicted in Fig. 3
and briefly summarized hereafter.

A Random Forest (RF) classification algorithm is used, aiming to
predict the hourly classification of DO concentration into one of four
distinct categories:

Very low, DO <2 mg/1
Low, 2 < DO <4 mg/1
Medium, 4 < DO <8 mg/1
High, DO >8 mg/1

The class Very low corresponds to the threshold generally identifying
severe hypoxia, a proxy of fish collapse (Diaz and Rosenberg, 2008),
while the Low class denotes the upper threshold for hypoxia (Gobler and
Baumann, 2016).

We developed two sets of RF models. The first one (RF-MEAS here-
after) is trained with spatially uniform physical parameters over the
lagoon and data from the three PCS located in the lagoon (Ponente,
Levante2 and Levante stations, as in Fig. 1), which also provide hourly
observations of DO concentration. The complete list of the available
potential predictors is provided in Fig. 3 and further explained in Section
3.2. The possibility of using the RF-MEAS model to forecast hypoxic
episodes was then explored by building a set of classification models
trained with time-lagged predictors, i.e. correlating the class of DO at
the instant i with the predictors at the time i-N, with N varying between
12 h and 10 days.

The second set of RF models (RF-HD hereafter) used the same

Z% Water level station
@® Pump-system
Pump flow direction
Grids & gates

¥ (o
Fibbia inlet
o ¥
i

Fig. 1. Geographical location of the Orbetello lagoon and monitoring stations within it (left); close-up views of the lagoon inlets, with the location of the water

pumping systems and of the grid and gates system to prevent fish escape.
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Fig. 3. Overview of the general methodology applied in this work; PCS:

spatially uniform physical parameters as the RF-MEAS models and a
larger set of predictors obtained from the hydrodynamic and heat ex-
change model of the lagoon (the HD model), as a replacement for pre-
dictors obtained via the in-situ measurements. RF-HD models were
trained to predict DO at the same three PCS locations, i.e. where DO
measurements are available and numerical data are extracted from the
HD model. After having trained the RF-HD models, we made the strong
assumption that a model trained based on data from the three PCS lo-
cations could later be applied to predict the DO class at any other
location in the lagoon. This assumption relies on the availability of
predictors derived from the HD model in each computational cell, which
has a spatial resolution of around 80 m. Such an assumption is verified
and discussed in Section 4.5. The possibility of forecasting hypoxic
events was also explored with the RF-HD models.

This methodological approach, which integrates RF and HD models,
enables the reconstruction of spatial heterogeneity in DO levels across
the lagoon. The HD model is described in Section 3.1, while the pre-
dictors and datasets for training and validating the RF-MEAS and RF-HD
models are presented in Section 3.2. Details on the RF algorithms and
training procedures are given in Section 3.3.

Potential predictors

Potential predictors

physical-chemical parameters measuring stations within the lagoon.

3.1. Hydrodynamic model and heat exchange model of the lagoon

For the HD model, we used the Hydrodynamic Flexible Mesh (FM)
module of the MIKE21-DHI software package. The model solves the fully
non-linear and depth-averaged shallow water equations, with an eddy
viscosity-based closure for turbulence, also simulating the heat ex-
change with the atmosphere and the transport-diffusion for water
temperature and salinity. In-depth details on the development, calibra-
tion and validation of the model are given in Zannella et al. (2024) and
Simonetti and Cappietti (2022). Only the salient features are described
here, for the sake of completeness. The unstructured grid combines
triangular and quadrangular elements with sizes varying between 2 m
(in the inlets), 80 m (in the inner areas of the lagoon), and around 250 m
outside the lagoon (Fig. 4). A constant Gauckler-Strickler coefficient of
30 m'/3/s is used for the bottom friction. The computational time step is
dynamically adapted to maintain a Courant-Friedrichs-Lewy number
lower than 0.8. Eddy viscosity is set to a value of 0.001 m?/s. Hourly
time series of water levels, temperature, and salinity are used as
boundary conditions. Such data were extracted from the Mediterranean
Sea Physics Analysis and Forecast database of Copernicus Monitoring
Environment Marine Service (CMEMS) (Clementi et al., 2021), a
coupled regional wave-hydrodynamic model covering the whole
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Fig. 4. Computational domain and grid of the hydrodynamic and heat exchange model used in this work, with the indication of the bathymetry of the area of

interest, the boundary conditions, and the forcings used in the model.

Mediterranean Basin. Hourly observations recorded at the meteorolog-
ical station at the lagoon center (Fig. 1) (i.e. wind, air temperature,
relative humidity, precipitation, and clearness) are used to model heat
exchange with the atmosphere. Such data are assumed spatially uniform
over the whole domain. Runoff from the different sub-catchments is
introduced as a set of point sources along the land boundary of the
lagoon (see Fig. 4). The hourly values of runoff were obtained based on
the application of the EPA Storm Water Management Model (SWMM)
(Rossman and Huber, 2016).

The pumping stations in the inlets are simulated as an ensemble of
mass sources and transversal structures across the inlets to limit the
water outflow (gates), allowing the reproduction of a specific pump’s
characteristic curve. The model was validated by comparing hourly
values of numerical results and field measurements for the years 2020 to
2022 (Zannella et al., 2024), obtaining a Root Mean Square Error
(RMSE) of 0.025-0.04 m on the water levels (slightly varying for the
different water level stations), an average RMSE of 1.2 °C on water
temperature and 2.4 PSU on salinity (regarding the stations of Levante,
Levante2, and Ponente, Fig. 1).

3.2. Datasets

The dataset used to train and validate the RF-MEAS models (Dataset
MEAS) contained hourly observations relative to the years 2020, 2021,
and 2022, of the following variables:

e Physical-chemical parameters collected at the three PCS stations in
the Lagoon (Ponente, Levante and Levante2 station in Fig. 1), i.e.:
hourly values of DO (used as the target output to be predicted by the
RF model), pH, Redox potential, water temperature and salinity
(used as predictors).

Physical parameters spatially uniform over the lagoon, obtained
from measurements at the meteorological station located at the
centre of the lagoon (Diga station in Fig. 1), i.e.: hourly values of air
temperature, atmospheric pressure, solar radiation, wind speed and
direction, clearness, precipitation rate, relative humidity. Addition-
ally, the hour of the day (expressed as in a 24-hour clock) and the
daytime duration (i.e. the time elapsed between the beginning and

the end of the sunshine period, in minutes, astronomically deter-
mined at the location of interest, disregarding cloud effects) were
also considered as potential predictors, uniformly distributed over
the lagoon.

As for the RF-HD models (Dataset HD), the dataset used for training
and validation was composed of the following parameters:

e Hourly data of water level, velocity, temperature, salinity, and water
residence time (WRT) derived from the HD model.
e The same spatially uniform parameters used in the Dataset MEAS.

Parameters such as time (hour of the day) and daytime duration were
included as potential predictors to account for factors connected to the
photosynthetic activity of the aquatic vegetation. This need is particu-
larly intense, given the significant circadian variability of the DO in a
eutrophic environment such as the Orbetello Lagoon, where the daily
oscillations of DO in the summer months are high (Fig. 2). No other
explicit parameter was included in the model to account for this
phenomenon.

The most appropriate predictors to be used in the RF models were
selected from the complete set of potential predictors in the Dataset
MEAS and Dataset HD with a recursive feature elimination procedure
(Section 3.3.3). For both datasets, the target output variable, i.e. the DO
concentration, was provided by the hourly observations at the PCS
stations. Around 60,000 observations are available in both datasets.

3.2.1. WRT as a time and space varying parameter

The predictive performance of the WRT to classify DO levels was
assessed. The WRT is defined as the time it takes, in each point of the
lagoon, for the concentration of a passive tracer initially homogeneously
distributed with a concentration CO, to decrease to the value 1/e-CO0 via
advection/diffusion processes (Cucco and Umgiesser, 2006). Long WRT
has been correlated to a higher risk of accumulation of nutrients
(Ascione Kenov et al., 2012) and it is potentially predictive of low DO
conditions (Coffin et al., 2018). WRT is naturally varying in space, i.e.
WRT = f(X,Y), denoting with X, Y the 2D Cartesian Coordinates of the
selected location in the lagoon.
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In a specific location, the WRT changes over time, as it depends on
the rate at which water is replaced, which is, in turn, influenced by the
intensity of the hydrodynamic processes in the lagoon. In the Orbetello
lagoon, the primary drivers of hydrodynamics are the astronomical and
meteorological tides, wind conditions, and the operation of inlet pumps
which are activated in the spring and summer seasons. All these factors
greatly vary over time (as discussed recently in Zannella et al., 2024).

We proposed a time and space-varying WRT indicator obtained from
simulations with the HD model as follows. For each instant t, with a
discretization in time At, WRT(X,Y,t) was obtained from a simulation in
which a tracer was released at the instant t-N (with N being a reference
past period to be a priori chosen), which ran for a time N. In this work,
At = 1 month and N = 3 months were chosen, as lower values of N would
not allow for the decrease of the tracer concentration to the threshold
value defining the WRT over vast areas of the basin. Values of WRT
available with the time resolution At were later linearly interpolated to
match the time resolution of the Dataset HD (i.e. 1 h).

3.3. Random forest classification algorithm and performance metrics

The Random Forest (RF) ML algorithm originally developed in
Breiman, 2001, was used as a classification method to predict the hourly
class of DO in a given location in the lagoon. The RF algorithm was
chosen for its proven good performance for similar applications, due to
specific features i.e. its non-parametric nature, the capability to handle
correlated data affected by noise, and both numerical and categorical
data. At a basic level, the RF method consists of building an ensemble of
decision trees using a bagging method, i.e. creating different training
subsets from the sample data, with replacement. Each tree makes a
prediction (i.e., the class of DO concentration for the case at hand) and
the final prediction is made based on the majority of predictions from
the individual trees. The use of multiple decision trees allows for
increasing the robustness to noise and outliers, reducing the instability
of the single decision tree and limiting the problems of overfitting
(Tyralis et al., 2019; Valera et al., 2020). RF algorithms may, on the
other hand, decrease the interpretability of the predictions compared to
single trees (Ziegler and Konig, 2014).

The RF models were developed by using the Classification Learner
toolbox provided in Matlab®, adopting a staged approach, beginning
with a preliminary database preparation, followed by hyperparameter
tuning, a training stage, and recursive feature elimination (RFE) pro-
cedure to select the most appropriate predictors and a final testing stage.

3.3.1. Preliminary data preparation and SMOTE

The databases (MEAS and HD) have been preliminary treated to
remove anomalous values most probably due to sensor errors. For
training the ML algorithm, datasets were divided into a training dataset
(70 % of the data) and a validation dataset (30 % of the data).

RF classification algorithms can be prone to issues when relevant
differences in the number of observations in the classes take place (the
so-called class imbalance, Lopez et al., 2013). The minority class, having
a lower number of data, is often the main focus of attention. This is
indeed the case of the Very low class (DO <2 mg/]) in this study: ob-
servations of DO belonging to this class are around 4000 over a total of
60,000 observations available in the dataset.

In this work, in the database preparation, a synthetic minority over-
sampling procedure (SMOTE, Chawla et al., 2002), widely used in the
literature to deal with such issues (Elreedy and Atiya, 2019), was
applied to the training datasets. At a basic level, the SMOTE procedures
consist of picking samples of the minority class and generating synthetic
samples along the segment connecting the k nearest neighbours,
randomly choosing neighbours from the nearest ones based on the
specified oversampling rate required. The algorithm coded by Larsen
(2024), based on the work of Chawla et al., 2002, was used. The mi-
nority class (i.e. the Very low class) was oversampled at 120 % of its
original size, considering k = 5 nearest neighbours.
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3.3.2. Performance metrics for the RF algorithms

The performance of the ML model was characterized in terms of
overall accuracy (AC), which represents the percentage of observations
that are correctly classified by the model (ratio of the correct predictions
to all the predictions). The performance of ML algorithms was also
evaluated by confusion matrixes, which compare the actual class of the
observations with that predicted by the model.

For each class, the True Positive Rate (TPR), or recall, is the ratio of
the number of DO occurrences correctly classified as belonging to a
given class (true positive, TP) to the total number of observations
belonging to that class (TP + FN, with FN being false negative). The
False Negative Rate (FNR) is the ratio of the DO incorrectly classified as
not belonging to a given class (false negative, FN) to the total number of
observations in the class (TP + FN). The Positive Predicted Value (PPV),
or precision, is the ratio of true positive TP to the total number of ele-
ments classified by the model as belonging to that class (TP + FP, with
FP denoting false positive). The Fl-score for class i is defined as the
harmonic mean of TRP and PPV, as in Eq. (1).

2
Fli=4——+ M

PR T PPV
In the following, the confusion matrices report the TPR for each class
along the diagonal elements and the FNR on non-diagonal elements.

3.3.3. Recursive feature elimination

Starting from the complete set of potential predictors in the Dataset
MEAS and Dataset HD, a recursive feature elimination (RFE) procedure
was employed to select the most relevant ones, i.e. the sub-set allowing
to maximize the performance of the RF models. The RF models were
initially trained on the complete set of predictors, calculating the related
performance metrics. Next, using SHAP (Shapley Additive exPlanations)
values (Section 3.3.4) to rank feature importance, the predictors were
removed one at a time, starting with the least significant. After removing
the predictor, the RF algorithm was retrained. If the performance of the
newly trained RF model was higher or equal without the predictor, it
was removed from the dataset, otherwise, it was retained. In this pro-
cedure, the indexes used to assess the performance of the model were the
overall model accuracy AC and the TPR of the class Very low, i.e. TRPy;,
(since this class is generally the greater focus of the attention). The
procedure was repeated for all the potential predictors.

3.3.4. Feature importance and SHAP values

ML algorithms frequently face criticism due to their lack of inter-
pretability. Understanding the rationale behind a machine learning
model’s prediction holds significant importance, as it fosters deeper
comprehension of the process being modelled and trustworthiness in the
ML model itself. SHAP-based methods (Lundberg and Lee, 2017; Lund-
berg et al., 2019) have been recently proposed for interpreting the
output of ML models. Inspired by cooperative game theory, at a basic
level, the SHAP approach quantifies the impact of each predictor by
comparing the output of an ML model with and without that predictor.
In recent years, SHAP has seen an upsurge in adoption across various ML
applications (e.g. Politikos et al., 2021; Wang et al., 2021). For each
predictor, the SHAP value &; is computed as the difference in the
model’s prediction f, when excluding or including the predictor i,
averaged across all possible permutations of the predictor’s subset (since
the effect of excluding a predictor depends on the set of the other pre-
dictors), as in Eq. (2)
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where F is the complete number of model predictors, S is a predictor
subsect from all predictors excluding i, w is a weight factor ac-

counting for the number of permutations in the subset S, f,(SU {i} ) is
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the expected output of the model when predictor i is included, f,(S) is
the model output excluding the predictor i. In this work, SHAP values
have been calculated based on the kernelSHAP algorithm (Lundberg
et al., 2020) as implemented in Matlab® version 2024a.

4. Results
4.1. Classification algorithms using field measurements (RF-MEAS)

Using the RFE procedure introduced in Section 3.3.3, the subset of p
= 8 predictors in Table 1 was adopted for training the RF-MEAS model
for classifying DO levels by using data from measurement stations and
spatially uniform data only, assuming no time lag between the pre-
dictors and the output (Njgg = 0). The final predictors were: water
temperature, salinity, pH and Redox potential, air pressure, sun radia-
tion, hour of the day, and daytime duration. The model was trained with
the following hyperparameter options:

(i) number of weak learners (trees) to be bootstrap-aggregated, NoL
= 90; NoL was selected as the number that approximately stabi-
lized the performance of the RF algorithm.

(ii) number of predictors randomly selected for each decision split,
m=,/p (being p the total number of predictors, as suggested e.g. in
Hastie et al., 2009).

The trained RF-MEAS model has an overall accuracy of AC = 91 %,
with the confusion matrix reported in Fig. 5a. The model can correctly
identify 88 % of the occurrence of DO values belonging to the class Very
low (hourly average value of DO<2 mg/1), i.e. TPRy, = 88 %. 9 % of the
occurrence of DO values in the Very low class are, instead, misclassified
as belonging to the Low class, and 3 % to the Medium class. The recall of
the model in identifying DO in the classes Medium and High is >90 %,
while performance is minimum for the class Low (TPR = 69 %). Tar-
geting the class Very low, the F1-score of the model, defined as in Eq.
(1), is 89 %.

As a side note, the RF-MEAS model trained excluding the hour of the
day from the predictors would result in a decrease in the classification
performance of the model, particularly relevant for the DO class Very
low (with TRRyy, decreasing to 80.8 %).

4.2. Classification algorithm using data derived from the HD model (RF-
HD)

The predictors selected for the RF models trained with data from the
HD numerical model and spatially uniform measurements (RF-HD
models) by using the RFE procedure are reported in Table 1. The
selected predictors derived from the HD model are: water temperature
and salinity, water levels, and WRT (obtained as in Section 3.2.1). In
addition, the same set of spatially uniform parameters adopted in the RF-
MEAS model is also selected for the RF-HD model, e.g.: air pressure,

Table 1
Final set of predictors of the RF-MEAS and RF-HD models selected after the
Recursive Feature Elimination procedure.

Predictors of the RF-MEAS [unit] Predictors of the RF-HD [unit]
model model”

Water temperature [°C] Water temperature HD [°C]
Water salinity [PSU] Water salinity HD [PSU]
Water pH [H+] Water level HD [m]
Water REDOX [mV] WRT HD [days]
Air pressure [atm] Air pressure [atm]
Sun radiation [W/m?] Sun radiation [W/m?]
Hour of the day [0—23] Hour of the day [0-23]
Daytime duration [minutes]  Daytime duration [minutes]

@ Predictors derived from the numerical model of the hydrodynamics and heat
exchange processes in the lagoon are denoted by the suffix HD.
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hour of the day, and daytime duration. Using this subset of predictors,
the RF-HD model, trained with the same hyperparameter options
described above (i.e. NoL = 90 and m=,/p), shows the confusion matrix
of Fig. 5b, with an overall accuracy AC = 90.7 % and true positive rate
and F1-score for the class Very low of TPRy;, = 86 % and F1 = 86 %,
respectively. The classification performance of the RF-HD model is,
therefore, comparable with that of the RF-MEAS model, allowing an
estimation of the DO in each location of the lagoon, not being con-
strained by input parameters coming from the relatively few in-situ
measuring stations installed at specific lagoon locations.

Including the WRT among the predictors increased TPRyy, from 80 %
to 86 %, allowing the RF-HD model to achieve performance comparable
with that of the RF-MEAS models.

4.3. RF models to forecast hypoxic events

We explored the possibility of using the RF-based approach to fore-
cast DO in the lagoon with advance notice (Ni) of 12 h to 240 h by
training a set of models using time-lagged predictors, i.e. correlating the
class of DO at time i with predictors at time i-Niq,. The same predictors
selected with the RFE elimination procedure to train the models with
Nigg = 0 h were maintained, as well as the RF algorithm hyper-
parameters. The performance of the RF-MEAS and RF-HD models, with
different time lags, are shown in Tables 2 and 3, respectively. For the set
of RF-MEAS models, the overall accuracy in DO classification AC de-
creases only moderately when increasing the time lag between pre-
dictors and predicted variables, with AC = 91 % for Nje =0h and AC =
89 % for Nigg = 240 h. The Fl-score on class Very low also slightly
progressively decreases, with Fly, = 89 % for Nig; = 0 h and Fly, = 86 %
for Njgg = 240 h. The recall and F1-score relative to the Low class (for
which, as commented in the previous sections, performance is at a
minimum also for the case of no time lag) decrease more markedly, with
TPRy, varying from 69 % to 61 % and F1y, from 73 % to 67 % for Njgg
increasing from O to 240 h. Overall, the RF-MEAS models show satis-
factory classification capability in forecasting DO levels up to 10 days in
advance. The set of RF-HD models trained with time-lagged variables
demonstrates enhanced stability of predictive performance with
increasing forecast horizons, exhibiting no notable variation in accuracy
for Nigg up to 240 h (Table 3).

4.4. Relative importance of predictors

Once the RF model has been trained, the relative importance of
predictors in classifying and forecasting hypoxia was assessed based on
SHAP values. To visualize the overall contribution of each predictor to
the ML output, we considered the mean of the absolute SHAP values
over all instances in the dataset (Fig. 6), indicating the relative impor-
tance of each predictor (the highest the mean of absolute SHAP values,
the highest the relative importance of the predictor).

For the case of Nig; = 0, the most relevant predictors overall are, for
the RF-MEAS model (Fig. 6a): pH, water temperature, hour of the day
water, daytime duration, followed by water salinity and Redox poten-
tial. As far as the model conceived to forecast DO levels 240 h in advance
is concerned (RF-MEAS with Njge = 240 h, Fig. 6b), the ranking of the
predictors is slightly modified, with the most relevant predictors overall
being, in order of importance: daytime duration, hour of the day, pH,
water temperature and salinity. Different predictors may have a
different ranking of importance for different DO classes (e.g., pH, water
temperature, and salinity equally contribute to the predictions for the
class Medium, while water temperature and salinity are more relevant
than pH for the class High).

As for the RF-HD models, the ranking of the five most relevant pre-
dictors is: water temperature, hour of the day, WRT, daytime duration
and salinity when no time lag is considered between predictors and the
output (Njqe = 0 h, Fig. 6¢), changing to: daytime duration, salinity, hour
of the day, WRT, and water temperature for the model to forecast DO
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Fig. 5. Confusion matrix for the trained RF models with contemporary predictors and output (Nj,g = 0): RE-MEAS model (a), RF-HD model (b), and RF-HD model
without the inclusion of water residence time WRT among the predictors (c). Confusion matrixes have the True Positive Rate (TPR) on diagonal elements and False

Negative Rate (FNR) on non-diagonal elements.

Table 2

Overall classification accuracy AC (%), true positive rate (TPR), positively pre-
dicted value (PPV) and F1-score for the performance of the RF-MEAS models to
identify the classes Very low (subscript VL) and Low (subscript L) for time lags
between predictors and output Nigg = 0 to Ni,g = 240 h.

RF-MEAS
Time lag Nigg AC TPRyL PPVy FlyL TPRy, PPV, F1,
Oh 91 88 91 89 69 78 73
12h 89 85 88 86 62 75 68
24 h 89 85 87 86 62 74 67
48 h 89 85 88 87 62 74 67
96 h 89 85 87 86 60 73 66
240 h 89 84 87 86 61 74 67

Table 3

Overall classification accuracy AC (%), true positive rate (TPR), positively pre-
dicted value (PPV) and F1-score for the performance of the RF-HD models to
identify the classes Very low (subscript VL) and Low (subscript L) for time lags
between predictors and output Nig; = 0 to Nj,g = 240 h.

RF-HD
Time lag Niwy ~ AC  TPRy,  PPVy,  Fly,  TPR, PPV,  Fl,
0h 91 86 87 86 67 74 70
12h 91 87 87 87 68 76 71
24h 91 86 88 87 68 75 71
48h 90 86 88 87 67 74 70
9 h 90 85 88 86 68 74 70
240 h 90 85 88 86 67 74 70

class 240 h in advance (Nigg = 240 h, Fig. 6d).

For both the RF-MEAS and the RF-HD models, the relevance of water
temperature on the model output decreases when increasing Niqg (from
the second to the fourth place for the RF-MEAS model and from the first
to the fourth place for the RF-HD model), while daytime duration attains
a greater relevance. For all considered models and time-lags, air pressure
and sun radiation are the least relevant predictors.

The mean of absolute SHAP values only denotes the strength of the
influence of a predictor on the output of the model but does not provide
any indication of the qualitative direction of such influence, i.e. it does
not show either a given predictor increases or decreases the likelihood of
a prediction belonging to a given class. To address this aspect as well,
SHAP summary plots for individual classes are also shown. For the Very
low class, such plots are provided in Fig. 7. In these plots, each dot is the
SHAP value of a given predictor at a given data point, with overlapping

dots spreading along the y-axis direction. The colour scale indicates the
value of the predictor for the data point, allowing for the identification
of the most relevant predictors, as well as the nature of their influence on
the model’s outputs (positive or negative). When focusing on a specific
class, positive SHAP values denote an increased probability of having a
predicted value of DO falling into that class, while values close to
0 suggest a negligible impact of the predictor on the results.

For the RF-MEAS models, despite the value of the time lag Nig,
(Fig. 7a, b), low values of pH are associated with an increased proba-
bility of having a prediction of DO belonging to the class Very low, while
high pH values decrease the probability of a DO prediction in the same
class. High values of water temperature, the second most important
predictor for the RF-MEAS model and the first most important predictor
for the RF-HD model with no time lag (Fig. 7c), show a clear increase in
the risk of having very low DO predictions. As observed above for mean
absolute SHAPs, the relevance of temperature on the predictions of DO
levels as belonging to the class Very low decreases remarkably when
considering longer forecast horizons (Fig. 7c, d). A long red tail on the
right-hand side of the summary plot is, however, still well identifiable,
denoting a persisting correlation between high temperature and hypoxia
risk.

Greater values of daytime duration, which take place in the summer
months, are associated with an increased probability of having a pre-
diction by the RF models in the class Very low. This predictor is
particularly relevant for Njge = 240 h (i.e. for the 10-day forecast of DO
levels), obtaining the first position for both the RF-MEAS and the RF-HD
models. Low values of the hour of the day (which alternates between the
third and the second position for importance in all models shown in
Fig. 7), are associated with an increased probability of having DO pre-
dictions in the class Very low, according to the evidence that hypoxia
takes place when the oxygen production of the chlorophyll photosyn-
thesis is not present. Higher salinity values increase the probability of
predicting a Very low DO, for both the RF-HD and RF-MEAS models and
time lags. High values of the WRT, which is only used as a predictor in
the RF-HD models, are associated with the highest SHAP values for the
Very low class, with a long red tail of the distribution on the right-hand
side of the graph. It is worth noting, however, that compared to other
predictors (i.e. pH, temperature, and hour of the day), the predictive
power of WRT appears to be more limited, since the majority of SHAP
values are spreading around zero, despite the long tail of the distribution
(Fig. 7c—d). This indicates that the feature in question is generally not
very influential, but in some specific situations, it can have a significant
impact on the model’s prediction.

At the opposite end of the DO range, SHAP summary plots for the
class High (DO >8 mg/1) are shown in Fig. 8. It is firstly worth noting
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Fig. 6. Barplots of the mean of the absolute SHAP values of each predictor for the four DO classes, for the model formulated based on measured data RF-MEAS (a),
(b) and data from the hydrodynamic model RF-HD (c), (d), with a time-lag between the observation and the prediction Nj,; = 0 h and 240 h, respectively.

that in this case, for the most relevant predictors, the x-axis location
corresponding to the maximum density of observations (i.e., where
values are most littered along the y-direction) occurs corresponding to
SHAP values that are farthest from zero relative to the Very low class.
This denotes a higher impact of the predictors on the model output,
consistently with the better predictive performance shown in Fig. 5 for
this class. SHAP values for class High are highly consistent with those for
class Very low. Lower values of daytime duration remarkably increase
the odds of having a DO prediction in the class High, and this predictor is
one of the most influential on the output of the RF model for all
addressed cases, except for RF-HD with Njge = 0, in which it is preceded
in importance by water temperature, hour of the day and salinity. High
pH values (Fig. 8a, b) increase the probability of having a High DO
prediction with the RF-MEAS models, even if it is worth highlighting
that the relevance of this predictor falls from the first to the fifth position
when considering a forecasting horizon of 240 h. Low water temperature
values are strongly correlated to a higher chance of predicting DO as
belonging to the class High, with greater importance of the predictor for
Nigg = 0.

SHAP summary plots for the other classes are not shown for the sake
of brevity.

4.5. Example application of the RF-HD model to reconstruct the spatial
distribution of DO during documented critical events

The RF models have been trained and verified concerning mea-
surements available in the three physical-chemical parameters stations
(PCS) located as in Fig. 1. The RF-HD model, however, allows obtaining
a spatially distributed prediction of DO levels, since the predictors
(which are either uniform over the lagoon or obtained from the HD
model) are known at any point, with the same resolution in space of the
HD model. To verify the extent to which the RF-HD model can be applied
to represent the spatial heterogeneity of DO distributions over the
lagoon, it was used to reconstruct DO levels for some critical events
documented for the summer of 2022. For these events, maps of DO were
available through an ad-hoc monitoring campaign commissioned by the
Tuscany Region Authority (Leporatti Persiano, 2022). Such maps were
extrapolated from field measurements conducted in a limited number of
points, over some hours, and can be considered qualitatively represen-
tative of locations in which hypoxic conditions were particularly severe
during the selected events. For the same periods, predictors from the HD
model were extracted on a regular grid with a 250 m spacing over the
lagoon and used to obtain an estimation of DO levels through the RF-HD
model with Nigg = 0. The resulting maps are compared in Fig. 9. The RF-
HD model was able to identify the occurrence of hypoxic areas for the
considered events. In the first one (Fig. 9a), a large area with DO <2 mg/
1 was identified by measurements in the south-western side of the
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Fig. 7. SHAP summary plot for DO class Very low, for the model formulated based on measured data RF-MEAS (a), (b) and data from the hydrodynamic model RF-
HD (c), (d), with a time-lag between the observation and the prediction Nige = 0 h and 240 h, respectively.

Levante basin, with a low DO area in the Ponente basin, close to Orbe-
tello isthmus. The model was able to identify the Levante basin as the
one with the highest criticality and highlighted areas with Low DO levels
in the Ponente basin, albeit with some spatial misalignments in the
localization of the affected areas. Nonetheless, the model’s performance
is satisfactory, also considering that maps extrapolated from field mea-
surements grant only qualitative spatial representativeness. Also for the
second event (Fig. 9b), the model can locate, with satisfactory accuracy,
two DO spots in the class Very Low located in the south-western end of
the Levante basin and in the Ponente basin, adjacent to the central area
of Orbetello isthmus. Some inaccuracies must be highlighted in the
identification of the Low DO areas shown by field measurements, which
are misclassified by the model as belonging to the Medium DO class.
Although these data are not enough to support a comprehensive model
validation, they indicate that the spatial distributions of DO generated
by the model are plausible and align with observed measurements.

5. Discussion

5.1. Most relevant parameters in the RF models and consistency with
previous studies and knowledge

Orbetello Lagoon is a strongly eutrophic environment. The well-

known oxygen production and consumption processes determine the
diel trend of DO concentration, with peaks during the day hours and
variations driven by temperature and sunlight cycles, as well as by the
balance of photosynthesis and respiration processes (D’Avanzo et al.,
1996). On the contrary, during the night and early morning hours when
sunlight is not available for photosynthesis, DO concentration tends to
decrease. The interaction of all the aforementioned factors deeply affects
DO fluctuations. In the RF models proposed in this work, biological
activity is not explicitly included among predictors, however, a set of
additional parameters, correlated to the strength and to the circadian
oscillation of DO biological production were included in the model to
contribute to account for these effects (e.g., hour of the day, daytime
duration, solar radiation). The limitations arising from such an approach
are further discussed in Section 5.2. The two parameters daytime dura-
tion and solar radiation, therefore, indirectly account for biological
production in controlling DO and the organic patterns influencing diel
hypoxia. Solar radiation, measured at the PCS at the lagoon’s center,
also accounts for the effective cloud cover in the area of interest. Cloud
cover reduces photosynthetic activity, resulting in lower values of the
maximum DO levels in the afternoon hours (Tyler et al., 2009). In these
conditions, water may be not sufficiently oversaturated to accommodate
the needs of DO for respiration in the following night and early morning
hours. The total insolation of the previous day was found to be

10
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Fig. 8. SHAP summary plot for DO class High, for the model formulated based on measured data RF-MEAS (a), (b) and data from the hydrodynamic model RF-HD
(0), (d), with a time-lag between the observation and the prediction Nig; = 0 h and 240 h, respectively.

particularly well correlated to the minimum DO level of the following
day (Tyler et al., 2009). In the present work, the SHAP analysis revealed
a growing relevance of both the daytime duration and the sun radiation
when the time-lag increases from Njag = 0 to Njag = 240 h, for both the
RF-MEAS and the RF-HD models (Fig. 7). The correlation of higher
daytime durations with increased chances of having a Very low DO level
is particularly evident. SHAP values offer a less straightforward inter-
pretation of the role of solar radiation in the RF model predictions,
reflecting the complex physical mechanisms through which it influences
DO levels. On one hand, higher solar radiation values are characteristic
of the summer period, serving as a proxy for hypoxia. On the other hand,
as noted in the literature, cloudy days during the summer can limit
diurnal photosynthetic activity, thereby exacerbating the risk of hypoxia
in the night hours.

The relevance of pH as a predictor of hypoxic conditions, as well as
the association of low pH values and hypoxia highlighted in this work
(Figs. 7 and 8), is well supported in the literature for both ocean eco-
systems in general (Gobler and Baumann, 2016; Melzner et al., 2013)
and coastal lagoons (Politikos et al., 2021). Indeed, pH follows the same
trend as DO: photosynthetic activity consumes COy, therefore increasing
pH. In the absence of photosynthesis, CO, is emitted by respiration, with
a corresponding decrease in pH. This relation is particularly evident in
shallow-water coastal zones with high respiration rates, as the one at

hand (Duarte et al., 2013). In addition, pH is linked to anaerobic con-
ditions and sulphate reduction in the sediments (Cioffi et al., 1995) with
the production of HsS.

The SHAP analysis highlights an association between warmer tem-
peratures and an increased risk of hypoxia, which aligns with well-
established scientific findings. Higher temperature decreases the oxy-
gen solubility in water (Garcia and Gordon, 1992). Temperature also
increases biological activities, such as plant respiration and photosyn-
thesis and microbiological degradation processes. Indeed, temperature
is often assumed as one of the main controlling factors for the assessment
of hypoxic conditions in marine environments (Roman et al., 2019).
SHAP values show a correlation between higher salinity and a greater
likelihood of having a DO prediction in the Very low class. This is also
consistent with established knowledge, as an increase in salinity results
in a reduction of DO, due to a decrease of the oxygen solubility in water
at a given temperature and atmospheric pressure.

In the present study, wind was excluded from the set of predictors
during the RFE stage, since its inclusion among predictors worsened the
overall performance of the model. The wind action, however, is well
recognized as one of the main factors driving hydrodynamics for coastal
lagoons. For the Orbetello lagoon, this effect was studied by Zannella
et al. (2024), who found a substantial contribution of wind-induced
water circulation in lowering the WRT of the lagoon (which is reduced
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Fig. 9. DO levels as classified by the RF-HD model with Njg; = 0 (left) and as observed through field measurements in the lagoon (right) during two critical events

with dates 26,/06 (a) and 29/06 (b) 2022.

by >40 % due to the wind action compared to a no wind scenario). The
limited relevance of the wind as a predictor for the RF models can be
explained by considering its twofold effect on the lagoon processes: (i)
wind contributes to resuspending bottom sediments, which frequently
harbor organic matter, object of subsequent oxidative processes, leading
to DO consumption (Arfi et al., 1993; Mauro Lenzi et al., 2016). This
process is particularly relevant in shallow water environments, such as
the Orbetello lagoon; (ii) wind acting at the liquid surface induces tur-
bulence in the water column, facilitating gas exchange at the air-water
interface (Ro et al., 2007). For sub-saturated water conditions, intensi-
fied gas exchange tends to increase DO concentrations. On the contrary,
areas undergoing oxygen oversaturation due to strong photosynthetic
activity are susceptible to experiencing an opposite oxygen decrease due
to wind-induced gas exchange phenomena. These two wind-induced
processes act on DO in opposite directions, potentially lowering the
predictive capabilities of this parameter in classifying oxygen levels.
However, wind may be relevant in predicting DO levels in coastal basins
with morphological and hydrodynamic characteristics significantly
different from those of this study (e.g., greater water depth or different
flushing regimes). For the application of a similar RF approach to such
cases, an ad-hoc re-evaluation of the inclusion or exclusion of wind
speed among predictors should be performed.

As far as the WRT is concerned, although some authors have high-
lighted a possible association between WRT and low DO values (e.g.
Coffin et al., 2018), this study is the first to evaluate the predictive power
of the parameter to assess oxygen deficiencies in a shallow water,
partially enclosed lagoon environment. Results show that including
WRT among the predictors enhances the TPRyy, of the RF-HD model from
80 % to 86 % for the Very low class (Fig. 5b—c). Even more relevantly,
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the performance of the RF-HD model increases from TPR;, = 54 % to
TPRy, = 67 % for the class Low (2 mg/1 < DO <4 mg/1). It is important to
remark that the typical time scale of hypoxia occurrence in the lagoon
(which often is sub-daily, as in Fig. 2) is much shorter than its WRT (i.e.
>90 days in central, scarcely circulated, areas). This suggests that WRT
can only be relevant, in association with the physical transport processes
of DO across the lagoons’ boundaries, in the areas closer to the inlets,
where WRT is always limited and the probability of having very low DO
concentrations is minimal. In the innermost areas of the lagoon, how-
ever, the WRT rather markedly characterizes the different responses of
the two lagoon basins to the management of the pumping system at the
inlets, with lower summer values in the Ponente basin and higher in the
Levante basin. In these areas, therefore, the WRT parameter informs the
model with a positional index, which in turn implicitly accounts for the
different response of the lagoon, in terms of DO, to the environmental
conditions observed in the two basins, further explaining the gain in the
RF model accuracy observed when including the WRT.

5.2. Performance and limitations of the proposed modelling approach

The RF models showed satisfactory performance in classifying DO
levels with contemporary predictors and output, for both versions based
on measured quantities (RF-MEAS) and data derived from the hydro-
dynamic modelling of the lagoon (RF-HD), with a TPRy, on the class
Very low of 88 % and 86 %. It is worth noting that the TPR for the class
Low was the lowest (TPRy, = 69 % for the RF-MEAS, 67 % for the RF-
HD). This may be due to the reduced number of observations in that
class. To prioritize the RF model’s capability to detect hypoxia (i.e. DO
levels in the Very low class), the SMOTE approach to correct class
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imbalance (Section 3.3.1) was applied to the Very low class only. Addi-
tionally, a further reason for the poorer performance in the Low class
may be feature overlap: the RF algorithm may struggle to differentiate
between the Low and the Middle DO classes due to overlapping feature
values. Possible solutions to this issue, which are out of the scope of the
present work, may include applying feature engineering techniques to
create more discriminative features.

Starting from the idea that hypoxia is not an instantaneous process,
but rather the result of the interaction of processes and environmental
conditions in previous periods, time-lagged predictors were used to
explore the performance of ML models in predicting DO in a lagoon for
different forecast horizons. The same approach had been previously
used by Politikos et al., 2021, for time lags of 2 to 20 days. The authors
found similar performance of the models for the different time lags (with
F1-score of 92 % and 93 % for the RF model with N, = 2 days and 20
days, respectively). In the present work, the persisting satisfactory per-
formance of RF models in predicting DO is confirmed, with an F1-score
on the class Very low of 86 %, for both the RF-MEAS and RF-HD models,
with Nig = 10 days.

RF model was trained with DO data from three measuring stations
and it is designed to be potentially transferrable to any other point
within the lagoon, allowing to extend the knowledge of DO conditions in
space. Implicit in this approach is the strong assumption that the trained
RF model’s applicability transcends the specific training locations. This
assumption is grounded in the hypothesis of substantial uniformity in
those underlying processes governing DO dynamics which are not
explicitly accounted for by the predictors of the RF model. These un-
accounted factors include sediment characteristics (e.g. nutrient avail-
ability, mobilization, and resuspension potential), and vegetation
(dominant species, density, and distribution), among others.

The possibility of applying the model to obtain spatially distributed
knowledge of DO levels is supported by the example application pre-
sented in Section 4.5, where the model was shown to be able to quite
accurately identify the most critical areas in terms of DO contents during
selected hypoxic episodes in the summer of 2022. On the other hand, it is
imperative to acknowledge the model’s limitation in representing site-
specific critical scenarios arising from localized phenomena that are
independent of the considered predictive parameters. Examples of such
phenomena include localized nutrient releases or the presence of algae
species with DO dynamics differing from those observed during the
model calibration period.

Additionally, it should be also emphasized that such a modelling
approach is only deemed suitable for short-term applications, wherein
the time intervals are sufficiently limited to reasonably assume that the
conditions affecting the eutrophic nature of the lagoon, and not
explicitly included in the model, have remained unchanged since its
training. Among these conditions, the composition and activity of mi-
crobial and aquatic plant communities, as well as the overall influx of
nutrients into the lagoon system (both from external sources and sedi-
ment release), are essential. As a relevant example, possible shifts in the
water salinity levels occurring at a time scale longer than the 3-years
period of the training dataset may decouple pH and DO from biolog-
ical processes, due to changes in the biological communities’ composi-
tions. Such effects, absent in the training data, could not be captured and
described by the RF model. Furthermore, the quality of sediment, con-
cerning its chemical and physical attributes and its correlation with
seagrass presence, is known to undergo significant evolution over time,
further highlighting the inherent time-limited validity of the RF models
presented in this study. Consequently, it is recommended to retrain the
algorithm based on the most recent available data if significant alter-
ations in the aforementioned conditions have occurred. Training the
model on a longer dataset, extending the range of dynamic conditions
observed in the data, could also be beneficial in allowing a longer-term
applicability of the model.
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6. Conclusions

This work investigated the effectiveness of predicting hypoxia in
coastal lagoons through an integrated methodology involving hydro-
dynamic modelling, machine learning techniques (specifically, the
Random Forest algorithm, RF), and in-situ measurements. The numeri-
cal model allows for the simulation of the hydrodynamics and heat ex-
change processes in the lagoon, providing also water temperature and
salinity as an output. The proposed approach proved to be promising for
the short-term prediction of DO levels with a high resolution in both
time and space throughout the entire lagoon. Indeed, leveraging pre-
dictors derived from a hydrodynamic model allows for overcoming the
intrinsic limitation of modelling approaches based on discrete in situ
data measurements, i.e. the inability to capture the spatial heterogeneity
of DO distributions.

The classification capability of DO levels was found to be similar for
RF models trained on physical-chemical parameters collected at water
quality monitoring stations in the lagoon (RF-MEAS models) or with
predictors derived from the hydrodynamic model (RF-HD). An overall
classification accuracy of around 91 % was found for both RF-MEAS and
RF-HD models for the contemporary classification, with an F1 score for
identifying the occurrence of hourly DO levels lower than 2 mg/1 (often
assumed as the threshold for severe hypoxia) higher than 86 %. The
classification performance of the models remains satisfactory for a
forecast horizon of up to 10 days.

Using the SHAP-values framework, the relative importance of the
different factors was assessed and interpreted. Consistently with previ-
ous knowledge of the fundamental processes involved in DO dynamics in
coastal lagoons, the most relevant predictors were found to be pH, water
temperature, hour of the day, daytime duration and salinity for the RF-
MEAS models. Relying on predictors derived from the hydrodynamic
model, the most relevant features are the water temperature, salinity,
and hour of the day.

The proposed modelling approach inherently assumes that any
influential factors affecting DO, not explicitly included in the RF model,
remain constant over the model’s intended usage horizon, thereby
restricting its applicability to short-term predictions. Nevertheless, the
proposed approach, having identified a set of predictors strongly
correlated with DO levels, is adaptable for retraining should there be
significant changes in the boundary conditions. This flexibility allows
the model to be updated and refined as new data are available. More-
over, the proposed modelling approach, with the identified set of pre-
dictors, could be applied to different water bodies with similar
characteristics (e.g. water depth, flushing and water residence time),
possibly after having trained a specific RF model based on data collected
at the location of interest.
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