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Abstract: The occurrence of HAB has a direct impact on shellfish farming, leading to economic losses due to the

contamination of shellfish with toxins harmful to human health. Predicting these blooms accurately is therefore

crucial for minimizing their negative effects on the industry. The DoME machine learning model is particularly

notable for its high interpretability, as the trained model is expressed as a mathematical equation, allowing

for transparent analysis and a better understanding of the factors driving the predictions. This characteristic

distinguishes DoME from other black-box models, making it a valuable tool for stakeholders seeking not only

accurate predictions but also insights into the dynamics behind HAB events. In this study, we evaluated the

novel DoME (Development of Mathematical Expressions) algorithm for the prediction of Harmful Algal Blooms

(HAB) associated with Diarrhoeic Shellfish Poisoning (DSP), a significant concern for the shellfish industry.

Our testing involved analysing the model’s performance in various environmental conditions, demonstrating its

robustness and adaptability. DoME achieved a F1-score of 97.80%, which corresponds to an improvement of

around 8% over previous studies. This superior performance, combined with its explainability, underscores the

model’s potential as a practical and reliable solution for early warning systems in the shellfish industry, helping

to protect both public health and economic stability.
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1 Introduction

The production of shellfish is vital worldwide, not only for its economic value but also for its contribution
to food security and the sustainability of coastal communities. Spain, in particular, plays a prominent role
in this industry, being one of the largest producers and exporters of shellfish, especially from the region
of Galicia. Production in this region accounts for around 40% of European production [1]. However, the
shellfish industry faces significant risks due to Harmful Algal Blooms (HABs), which can produce harmful
toxins [2]. HABs refer to the excessive proliferation of certain algal species that produce toxins harmful
to marine life, aquatic ecosystems, and human health. In the Galician coast, the most common toxins
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are marine biotoxins, including Amnesic Shellfish Poisoning (ASP), Paralytic Shellfish Poisoning (PSP),
and Diarrhoeic Shellfish Poisoning (DSP), with the latter being the most common and thus having the
greatest impact [3]. These toxins can accumulate in shellfish flesh, making their consumption dangerous
and leading to the temporary closure of cultivation areas, resulting in significant economic losses for the
industry [4, 5]. Therefore, effective monitoring and management of marine waters are essential to mitigate
these risks.

There is significant scientific interest in understanding the causes and effects of the spatial and tem-
poral distribution of HAB species due to their potential impacts on ecosystems, public health, tourism,
and social structures, all of which result in substantial economic losses. Continuous monitoring is crucial
to take preventive action when HABs appear. Although HABs are natural and cannot be prevented,
active surveillance is necessary to monitor their occurrence and take action accordingly. Within the Eu-
ropean Union, the management of mollusc production areas involves analysing toxicity in mussel meat
[6, 7, 8]. When such analyses are not feasible, authorities rely on measurable factors that favour the
proliferation of toxic phytoplankton to make decisions. Currently, production area closures are based on
expert knowledge without predictive models, causing disruptions and economic losses in the industry.
The existence of models to support decision-making could help reduce the impact on the industry by
enabling the creation of contingency plans [9]. Recent studies indicate that machine learning techniques
are the best alternative for creating these models [10, 11, 12].

There are two main approaches to creating these predictive models: one focuses on predicting the
concentration of specific harmful cells [13, 14, 15, 16, 17], and the other on predicting biomarkers closely
related to HABs, such as chlorophyll-a (chl-a) concentration or toxin levels [18, 19, 20, 21]. While these are
the main approaches due to the way sampling is conducted, they present certain drawbacks in predicting
HABs. These events can be caused by multiple phytoplankton species simultaneously, so predicting
specific species may be insufficient. Chl-a is a biomarker indicating a high presence of plant mass in
the water, but not all microalgae produce toxins, which can lead to erroneous models in regions where
water eutrophication is not an issue. Predicting HABs based on the presence of toxins is less common
due to irregular data from established sampling programs, but it provides a much more reliable objective
variable for creating these systems. Based on this last idea, there is a less common option where the
status of the production area is used as the target variable [22, 23], based on the toxicity level of shellfish
meat relative to legal limits.

For predicting HABs, machine learning techniques such as Support Vector Machines (SVM), Multi-
Layer Perceptrons (MLPs), Random Forests (RF), and Convolutional Neural Networks (CNN) are often
among the most successful. SVMs are efficient in high-dimensional spaces and robust against overfitting,
but they require extensive training time and are not intuitively interpretable. This model has been used
by González Vilas et al. [15], showing good results in predicting ASP blooms caused by Pseudo-nitzschia
spp. Additionally, the model developed by Xiu Li et al. [19] for predicting chl-a in Tolo Harbour, Hong
Kong, was developed using this technique, although it offers the best results, its execution time is very
high. RFs are robust and handle many independent variables well, but the combination of multiple trees
can make detailed interpretation difficult. Studies like those by Hiroshi Yajima and Jonathan Derot
[20], Jonathan Derot, Hiroshi Yajima, and Stéphan Jacquet [17], or John R. Harley et al. [24] position
this model as the best alternative under certain conditions, such as predicting HABs in freshwater or
certain species like Planktothrix rubescens. MLPs, while highly flexible and capable of modelling complex
relationships, require large amounts of data, are prone to overfitting, and their interpretation is complex
due to their multi-layered structure. Due to their versatility, this is one of the most studied techniques,
applied in predicting chl-a [25], cell concentration of the genus Skeletonema [26], Dinophysis acuminata
[13], Pseudo-nitzschia diatoms and Karlodinium dinoflagellates [16] as well as other biomarkers [27, 28].
CNNs, effective in identifying spatial and temporal patterns, have advanced all fields of study, including
HAB prediction [29]. However, these networks require an input data structure in the form of maps,
which is not always feasible due to the inherent limitations of sampling programs. Additionally, the
need for large volumes of data, significant computational power, and their complex structure complicates
result interpretation, posing a significant handicap in decision-making systems for HAB control. Other
less common models have outperformed these techniques under certain conditions, such as Bootstrap
Aggregated Network (BAGNET), a hybrid technique based on an ensemble of MLPs that achieves results
of 90% in the Galician coast [30].
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A common challenge in using these machine learning techniques is the explainability of the models.
Complex models like ANN and CNN are often considered “black boxes” because the internal relation-
ships leading to predictions are not easily interpretable. This can be problematic in applications requiring
transparency and understanding of the decision-making process, such as risk management and environ-
mental policy formulation. SVMs and RFs, although more interpretable than ANN and CNN, still present
challenges in explaining the individual contributions of variables to the final predictions.

Bearing in mind the need for high explainability and the absence of a dominant model in this field of
study, we have developed a highly explainable predictive model for harmful algal blooms and compared
it with the most common models in the literature. Emphasizing the main contributions of our approach:

• The model targets the toxicity level of shellfish meat produced by DSP toxin.

• The technique to be used is DoME (Development of Mathematical Expressions) [31], an approach
that allows the extraction of mathematical expressions from a dataset.

• This represents a significant advance both in the execution speed of the developed model and in
the field of explainability, as DoME facilitates the interpretation of the underlying relationships in
the data through clear and understandable mathematical expressions.

The proposed workflow for the DoME-based modelling approach is illustrated in Figure 1.

Figure 1: Workflow diagram illustrating the methodological steps of the proposed approach. The dia-
gram outlines the sequential stages involved in data preprocessing, model construction using the DoME
algorithm, expression optimization, and final evaluation.

2 Materials and Methods

2.1 Dataset and its construction

This study was conducted along the coast of Galicia (42.8°N 7.9°W). This region has a significant mollusc
industry, being one of the most important in Spain. The data required for the study and model training
were collected through various means. Most of these data were gathered by the Instituto Tecnolóxico
para o Control do Medio Mariño de Galicia (INTECMAR) [32] across 42 oceanographic stations that
are part of its HAB monitoring network (these stations can be seen in Figure 2. Additional data used in
this study were obtained from the marnaraia project [33] of the Instituto Español de Oceanograf́ıa (IEO).
The data used comes from samples collected between the years 2004 and 2019.

The samples were labelled based on the toxicity levels measured on mussel flesh sampled on the
production areas seen in Figure 2. Table 1 shows the volume and distribution of the samples according to
the estuary. Due to the heterogeneity of the data, it was decided to create independent models for each
estuary under study. Analysing each estuary separately allows us to create data sets with varying levels
of detail. For example, the Ares-Betanzos estuary is the simplest to analyse due to its smaller number of
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Figure 2: Map of Galicia and the location of the production areas studied marked in red and the oceano-
graphic stations marked with green crosses.

stations and production areas (4 and 2, respectively). In contrast, the Arousa estuary is more complex,
with 10 stations and 22 production areas.

Initially, the possibility of treating the data as a time series was considered, taking into account the
evolution of variables over time. However, due to the nature of the data, characterized by a weekly
sampling frequency, a weekly dataset approach was chosen instead. These datasets were labelled based
on the presence of toxins on the Monday following the sampling date, as decisions regarding the opening
and closing of production areas on Mondays are made without the availability of recent analytical data
(the sampling program stops on weekends).

The variables used for training the models range from data on concentrations of photosynthetic pig-
ments and the abundance of microalgal species to physico-chemical parameters such as nutrients, tem-
perature, and salinity, as well as derived oceanographic variables. These features were processed and
adapted to create the datasets in the following way:

• Chlorophyll: The maximum concentrations of chlorophyll a, b, and c were used.

• Dinophysis: The count of various Dinophysis species (Dinophysis acuminata, Dinophysis acuta,
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Ares-Betanzos Muros-Noia Arousa Pontevedra Vigo

No. oceanographic stations 4 8 10 11 9
No. production areas 2 4 24 8 12
Samples 1,564 3,128 18,768 6,256 9,384
Samples without null values 558 1,440 12,168 3,760 5,112
Closures without null values 193 (35%) 508 (35%) 1903 (16%) 1858 (49%) 1168 (23%)
Openings without null values 365 (65%) 932 (65%) 10265 (84%) 1902 (51%) 3944 (77%)

Table 1: Distribution of oceanographic stations, production areas and openings and closures in each
estuary

Dinophysis caudata and Dinophysis spp.), known producers of DSP toxin, was included.

• Nutrients: The concentration values of dissolved phosphate, nitrate, nitrite, and ammonium were
considered.

• Hydrographic Parameters: Average values of temperature, salinity, and oxygen were employed.
Additionally, thermocline and halocline stratification were assessed by calculating the absolute
difference between the mean temperature and salinity values in the top 6 meters and the next 6
meters.

• Upwelling Index: The weekly mean value of the upwelling index was used.

• Production Area Status: Production areas were classified as open or closed based on their toxicity
levels relative to the legal limit. This classification served as both an output and input parameter.
The output parameter was the Monday value of the week following the study week, while the input
parameter was the Friday value, the closest sampling day to the prediction date.

• Production Area Encoding: The production area of each sample was encoded using one-hot encoding
[34].

• Sampling Date: The sampling date was calculated as a sine function.

Five datasets were created, one for each estuary. The datasets contained a substantial number of
data inconsistencies, potentially due to technical issues, sampling difficulties, or the late establishment of
certain stations. To ensure model compatibility, samples with missing values were removed, resulting in
the distribution of openings and closings shown in Table 1.

2.2 DoME

DoME is an algorithm designed to solve regression problems by creating an equation that captures the
relationship between independent variables and a dependent variable [31]. This process, where the goal is
to derive an equation as the model, is referred to as Symbolic Regression. Additionally, DoME can handle
classification tasks. For binary classification, the algorithm incorporates the Heaviside step function into
the output, enabling it to distinguish between two classes.

Within DoME, the equations are structured as trees, composed of terminal and non-terminal nodes.
The terminal nodes consist of the independent variables and constants, while non-terminal nodes represent
operators that contribute to the equation. The operators in this algorithm are basic arithmetic functions
(+, -, *, /), and the complexity of the resulting expressions can be constrained by limiting the number
of nodes in the tree.

The algorithm starts with an initial tree, where a constant equal to the average of the dependent
variable is used. An iterative process then follows, in which the tree undergoes gradual modifications
during each cycle, continuing until no further changes lead to better predictions. Figure 3 presents a
diagram of the DoME model throughout its training phase.
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Figure 3: Flow diagram of the DoME algorithm. The process begins with an initial constant-based
expression tree, which is iteratively expanded by evaluating possible node substitutions—using constants,
variables, or arithmetic expressions—based on error reduction. Optimal replacements are selected if they
significantly improve performance, and the procedure repeats until a stopping criterion is satisfied.

2.3 Performance measures

To assess and compare the trained models, four key performance metrics were considered: accuracy,
recall, precision and F1-score. In the confusion matrix used for these calculations, closures of production
zones were defined as positive, while openings were defined as negative. A brief description of the metrics
used is shown in Table 2.

Metric Equation Description

Accuracy TP+TN
TP+FP+FN+TN

The overall proportion of correct predictions
out of the total number of predictions.

Recall TP
TP+FN

The proportion of positive instances that were correctly identified
out of the total number of actual positive instances.

Precision TP
TP+FP

The proportion of positive predictions that were actually correct
out of the total number of positive predictions.

F1− score 2·(Recall·Precision)
(Recall+Precision)

The harmonic mean of precision and recall,
providing a balanced measure of both.

Table 2: Equations and brief description of the metrics used in them

Given the uneven distribution of data, traditional metrics like accuracy may not properly reflect model
performance. Consequently, a combination of accuracy, F1-score, and, most importantly, recall will be
considered. Prioritizing recall is crucial to minimize false negatives, as misclassifying a potential closure
as an open production area could pose a significant risk to public health.

2.4 Experimentation setup

To enhance model reliability, we applied K-fold cross-validation [35], specifically 10-fold cross-validation.
This method is a technique used to evaluate the performance of a machine learning model in a more
robust manner. The process involves dividing the dataset into 10 folds of approximately equal size. In
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each iteration, 9 of these folds are used to train the model, while the remaining fold is used to evaluate
it. This procedure is repeated 10 times, changing which fold is used for evaluation in each iteration. In
the end, the average of the evaluation metrics obtained in each iteration is calculated to provide a more
reliable estimate of the model’s performance. Given the imbalanced nature of the data, stratified K-fold
was used to ensure balanced folds.

Model hyperparameters were optimized using grid search, an exhaustive method that evaluates various
combinations of hyperparameter values. These values were determined through empirical experimenta-
tion. The specific grid search configuration for the model is presented in Table 3.

DoME

Minimum Reductions MSE 1e−1, 1e−2, 1e−3, 1e−4, 1e−5, 1e−6 and 1e−7

MaxNumNodes 5:5:150

Strategy
“Exhaustive with constant optimization”,

“Selective” and “Selective with constant optimization”

Table 3: Parameter values used in the grid search.

3 Results and Discussion

Once the different models (one for each estuary) were trained and validated using the 10-fold technique,
a series of metrics were obtained. These metrics are shown in Figure 4, where we can observe the
mean and standard deviation of the studied metrics. Additionally, we can see the model’s behaviour
depending on the estuary where it was trained. Notably, the overall results are strong, especially in
estuaries like Ares-Betanzos and Vigo. When training these models, it is noteworthy that those trained
on the Ares-Betanzos and Pontevedra estuaries provided the best results with the “Selective with constant
optimization” strategy, while in the other estuaries, the best configuration used the “Selective” strategy.
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Figure 4: Comparison of accuracy, recall, precision and F1-score for the prediction of HAB episodes by
DSP by DoME. The model was tested in different datasets belonging to 5 estuaries.

We made an analysis based on the model comparative shown in Table 4, which includes widely used
models such as Random Forest (RF), Artificial Neural Networks (ANN), k-Nearest Neighbors (kNN),
Support Vector Machines (SVM), XGBoost, and BAGNET. Lastly, an in-depth analysis of the DoME
model is provided, which demonstrates superior performance across all evaluated metrics, both in terms
of mean and standard deviation.

With an accuracy of 96.89%, DoME achieved the best results in addressing this specific problem.
Although the improvement in recall compared to other techniques was about 4%, reaching 97.30%, the
F1-score was increased by 8%, reaching 97.80%, highlighting the significant imbalance between recall and
precision in other models. While recall is the most important metric due to the high impact of false
negatives, false positives can also result in significant losses for the industry.

MODEL ACCURACY RECALL F1-SCORE SOURCE

RF 94.15 ±2.08 88.75 ±7.19 89.23 ±5.66 [24]
ANN 91.36 ±6.01 89.93 ±6.86 85.51 ±11.59 [28]
kNN 92.78 ±2.01 86.80 ±5.76 87.01 ±4.98 [23]
SVM 92.97 ±4.59 84.00 ±17.76 85.98 ±11.72 [19]
XGBoost 92.34 ±5.13 82.81 ±15.81 85.30 ±11.25 [36]
BAGNET 93.75 ±3.20 93.41 ±3.61 89.27 ±6.94 [30]

DoME 96.89 ±0.83 97.30 ±1.05 97.80 ±0.62 Proposed here

Table 4: Metrics of each model averaged in the 5 estuaries.

Thanks to the nature of the DoME algorithm, the trained model consists of a mathematical equation
that can be easily applied to input features in any calculation software. This makes DoME an extremely
fast and easy-to-use tool for predicting harmful algal blooms (HAB) in the aquaculture industry. As an
example of this, Eq. 1 shows the trained model for predicting the status of production areas affected by
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DSP HABs in the Ares-Betanzos estuary.

State = U
(
1.73374 ·

((
−0.00089 ·

(
T0 −

(
2.61222 ·X12 +

0.53734 +X21 + T1

X14
− 1.97190

)
·X3

)
·X52

)
+X69

))
(1)

Where T0 is calculated as Eq. 2 and T1 is calculated as Eq. 3.

T0 =
(−0.00532 ·X69 ·X24 + (0.00514 ·X49)) ·X36 + (36.68607−X22) ·X49

X49
(2)

T1 =
(X11 +X4 − 0.92492) · (1.07237 +X24) ·X14(

−0.02570
X26·X14

· (−123.92966 ·X39 +X43 + 0.02120)
)
+ 0.22198−X18

(3)

The variables defined as Xi, where i represent an internal index, represent the features showed in Table
5. Out of the many initial variables used to train the algorithm. DoME found the best performance by
using only those present in Table 5. The missing values of i correspond to the variables that were not
used for the final algorithm.

Variable Feature

X3 Production area
X4 Ammonium dissolved in water measured in sampling area L1
X11 Nitrite dissolved in water measured in sampling area L2
X12 Ammonium dissolved in water measured in sampling area L3
X14 Nitrate dissolved in water measured in sampling area L3
X18 Nitrate dissolved in water measured in sampling area L4
X21 Chlorophyll-b measured in sampling area L1
X22 Chlorophyll-c measured in sampling area L1
X24 Chlorophyll-b measured in sampling area L2
X36 Concentration of D. acuminata measured in sampling area L2
X39 Concentration of D. spp measured in sampling area L2
X43 Concentration of D. spp measured in sampling area L3
X49 Halocline stratification index measured in sampling area L1
X52 Water temperature measured in sampling area L1
X69 Opening status of the production area on previous Friday

Table 5: Relationship between variables and features in the equations shown in the study.

When comparing these results with previous studies, one of the most notable aspects is the reduction
of the standard deviation across the different geographical regions where the models were applied. This
demonstrates that DoME is a robust model with a remarkable capacity for adaptation, performing ef-
fectively even in areas with a significant imbalance between negative and positive instances in the data,
such as the Ŕıa de Arousa.

This advantage of highly explainable models has been underexplored in this field. Although algorithms
like kNN or Random Forest are often preferred for their interpretability, it has been shown that their
performance is inferior compared to the proposed one.

4 Conclusions

In this article, we trained a machine learning model using the DoME algorithm for the prediction of
HABs. The model’s performance was analysed in five different locations, each with distinct environ-
mental characteristics and ecosystem conditions. This allowed us to observe how the model adapts to
various ecological contexts, showing variations in accuracy depending on local factors, which highlights
its robustness and generalization capability. We examined the performance of various machine learning
algorithms and compared them with DoME, evaluating their accuracy, recall, and F1-score, as we can
see in Table 4. Each of these metrics reflects a specific aspect of the models’ performance, providing a
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comprehensive view of their predictive capabilities. Achieving performance above 97% across all metrics
makes it an excellent option for predicting HABs in the aquaculture industry.

Inadequate preparation for these natural phenomena can lead to substantial economic losses for aqua-
culture and shellfish industries. In this context, the DoME algorithm, proposed in this study, has the
potential to be a valuable tool for producers, as it could allow them to anticipate possible closures in pro-
duction areas several days in advance, optimizing both resource management and the efforts of monitoring
services during HAB episodes.

Unlike other models, DoME based models maintained a much more appropriate balance between recall
and precision. This balance is crucial in contexts where both false negatives and false positives can have
significant impacts. DoME showed a notable improvement in recall, which is essential for minimizing the
risks associated with failing to detect HABs.

One of the most remarkable features of the DoME model was its ability to adapt to different geographic
regions, with a significant reduction in the standard deviation of its performance. This suggests that the
model is highly robust, performing effectively even in areas with imbalanced data characteristics. Despite
the model’s adaptability across regions, it would be beneficial to study how to fine-tune its performance
in geographic areas with extreme environmental conditions or highly sparse data. This could strengthen
its accuracy in even more challenging environments.

It is crucial to highlight the importance of developing highly interpretable models, which not only of-
fer outstanding performance but also enable decision-makers to better understand the factors influencing
these phenomena, facilitating a faster and more efficient response to potential HAB events. The inte-
gration of DoME into real-time monitoring platforms could be a natural extension. While this depends
on the existence of such platforms, it would allow the creation of automated early warning systems that
send alerts to aquaculture producers when conditions conducive to HABs are detected, enabling a more
effective preventive response.

Although DoME was originally conceived as a regression algorithm, this article demonstrates its
potential as a classification technique. The results obtained indicate that DoME can not only adapt
to classification problems but also improve performance compared to other conventional classification
algorithms. This suggests that DoME offers significant versatility and opens up new opportunities for its
application in various machine learning tasks.

This algorithm integrates a feature selection process that allows it to handle large volumes of features.
This characteristic could be used independently in combination with other classification algorithms to
create a workflow where DoME is used to select the most important features for training a classifier. This
classifier could be based on DoME or any other method.
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