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1 | INTRODUCTION stinging organisms has on regional tourism, bathers and local eco-
systems (Canepa et al., 2014; Pauly et al., 2009; Purcell et al., 2007,
Jellyfish populations have recently attracted significant atten- Richardson et al., 2009). Their stings can cause a risk to human health

tion due to the potential impact that the proliferation of these (Brotz et al., 2012; Mariottini et al., 2008; Mariottini & Pane, 2010).
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Furthermore, the presence of jellyfish on the coast may deter tour-
ists from visiting beach destinations, negatively affecting local
economies (Brotz et al., 2012; De Donno et al., 2014; Galil, 2008;
Ruiz-Frau, 2022).

Given these impacts, monitoring jellyfish occurrences for
the public safety and management is crucial (Bellido et al., 2020;
Ghermandi et al., 2015). Nevertheless, monitoring programmes
covering large tracts of land over a relatively long period involve a
financial and personnel investment that is unaffordable for any ad-
ministration or research project. In this sense, data collected through
citizen participation offer an alternative solution for monitoring en-
vironmental phenomena by leveraging user-generated information
(Goodchild, 2007).

Citizen science, which involves public participation in scientific
research, provides an effective solution for monitoring environ-
mental phenomena by utilising user-generated information (Bonney
et al., 2009; Silvertown, 2009). This approach leverages the contri-
butions of non-scientists to achieve extensive spatial and temporal
data coverage, making it especially valuable for large-scale environ-
mental monitoring (Dickinson et al., 2010). By engaging the com-
munity, citizen science not only reduces the costs associated with
traditional data collection methods but also enhances public aware-
ness and involvement in scientific endeavours (Fritz et al., 2019).
Various projects employing diverse approaches have been devel-
oped to mitigate the impact of jellyfish blooms in coastal areas using
citizen science (Canepa et al., 2016; Marambio et al., 2021). This ap-
proach has the potential to be cost-effective and accurate, as it relies
on observations from many users who are directly experiencing the
coastal environment.

In light of this situation, the Provincial Diputacién of Malaga,
in partnership with Aula del Mar of Malaga developed in 2013 the
Infomedusa APP. A smartphone application that allows citizens to
monitor the presence and abundance of jellyfish swarms along the
coast of Andalucia (south of Spain). Infomedusa APP functions as a
forum where users can engage in discussions beyond the topic of jel-
lyfish. Users can freely discuss other subjects, such as sea and beach
conditions, and other topics related to their beach experiences. This
open forum approach fosters a sense of community and encourages
broader engagement among APP users while still providing valuable
data on jellyfish occurrences, but it requires a great effort of data
pre-processing to be able to perform statistical analyses on the jel-
lyfish information.

In this regard, techniques such as those included in the ma-
chine learning field could help automate the extraction of jellyfish-
related data from user comments, making the data analysis process
more efficient and accurate (Tang et al., 2015; Young et al., 2018).
In recent years, there has been a growing interest in text classifi-
cation using artificial neural networks for information extraction
(Hovy, 2022; Mukhamediev et al., 2022; Zhang, 2000). This is due
to the increasing volume of data generated on online platforms
and the subsequent need to manage this information effectively.

Artificial neural networks can offer significant advantages in this
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area, including the identification and classification of jellyfish spe-
cies from images and the ability to detect complex patterns and
handle large-scale data sets (Do & Tran, 2022; Kim et al., 2016;
Minaee et al., 2021).

Additionally, understanding the complex relationship between
jellyfish and the environment is crucial for early predicting and
managing potential jellyfish blooms in coastal areas. It has been
shown that the presence of jellyfish on coasts is influenced by var-
ious environmental factors, such as sea surface temperature (SST),
wind direction and wind speed. This way, rising SSTs have been
linked to increased jellyfish abundance, as higher temperatures
can accelerate their growth rates and reproduction, favouring
the expansion of their populations (Purcell, 2005). For example,
Avian et al. (1991) established that an elevated SST influences the
population dynamics of Pelagia noctiluca by promoting ovule de-
velopment and, consequently, their proliferation. Moreover, SST
has been proven as one of the main drivers of cnidarian communi-
ties composition in the Mediterranean Sea (Guerrero et al., 2018).
Wind direction and speed also play a significant role in the dis-
tribution and accumulation of jellyfish along coastlines. The wind
can transport jellyfish to the shore through the process of wind-
driven surface currents as previously studies highlighted (Castro-
Gutiérrez et al., 2022; Graham et al., 2014; Gutiérrez-Estrada
et al., 2021). Therefore, a better understanding of the combined
effects of SST, wind direction and wind speed on jellyfish popu-
lations can contribute to more effective management and mitiga-
tion strategies to address their impact on coastal ecosystems and
human activities.

The objective of this study was to investigate the potential of cit-
izen science data and machine learning techniques to track jellyfish
occurrences. To achieve this, we used a multi-layer perceptron (MLP)
classifier to process and classify comments from the Infomedusa
APP (version 6.7, developed by Desarrollos Digitales Malva2 2020
SL and Aula del Mar de Malaga). Additionally, data sets of SST, wind
speed and wind direction on the presence of jellyfish were analysed
to increase the understanding of the occurrence of these organisms
on beaches. Our research indicates that the application of advanced
technologies in the study of jellyfish can provide valuable insights for
researching and managing these marine organisms on the beaches,

thus contributing to public safety.

2 | MATERIALS AND METHODS
2.1 | Studyarea

The study area is located along the coast of Andalusia, the southern-
most region of Spain (approximately between latitudes 36.0°N to
37.4°N and longitudes 1.5°W to 7.5°W, Figure S1). The hydrographic
setting of Andalusia encompasses both the Atlantic Ocean and
Mediterranean Sea coasts. This unique location exposes the region

to different oceanographic phenomena, such as the influx of Atlantic
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waters into the Mediterranean through the Strait of Gibraltar, up-
welling systems along the Atlantic coastline and the oligotrophic
nature of the Mediterranean Sea (Garcia-Lafuente et al., 2021; Peliz
et al., 2002). Collectively, these factors give rise to the rich biodiver-
sity and productivity of the Andalusian marine ecosystems (Bianchi
& Morri, 2000; Perret et al., 2023; Rueda et al., 2021).

A total of 232 beaches belonging to 40 different localities
were analysed in the present study (Table S1; Figure S1). Following
Gutiérrez-Estrada et al. (2021) and Castro-Gutiérrez et al. (2022),
the beaches were grouped in 11 different sets of beaches to make it
easier to analyse the jellyfish presence according to their geograph-
ical position. Specifically, this grouping was based on the proximity
of each beach to each other and to the nearest weather station, thus
allowing for a more precise analysis with local meteorological data
that are relevant to understanding the geographical distribution of

jellyfish.

2.2 | Data collection

The information about the presence or absence of jellyfish was
acquired from the Infomedusa application, which can be accessed
through this Google link: https://play.google.com/store/apps/detai
Is?id=es.infomedusa&hl=es. A total of 9433 comments were col-
lected in 2019 (from January 5 to December 8). During the conduct
of this study, we had access only to data from the year 2019 as pro-
vided by the Infomedusa App. Additionally, it is noteworthy that
the majority of these comments were sourced during the summer
months, aligning with the peak period of beach usage. This seasonal
skew in data availability is a reflection of both the operational capac-
ity of the Infomedusa App and the natural increase in beachgoers
during summer, which in turn influences the volume and frequency
of jellyfish sightings reported.

Furthermore, three different environmental variables were ob-
tained in order to characterise which are the main environmental
that could drive jellyfish to the Andalusian coast: (1) sea surface tem-
perature, SST; (2) wind direction; and (3) wind speed. SST was ob-
tained from the Copernicus Marine Environment Monitoring Service
(CMEMS, https://marine.copernicus.eu/) satellite observations with
an hourly temporal resolution and 0.0625°x0.0625° spatial resolu-
tion. Daily average wind direction and speed were obtained from
the weather stations closest to the location of each of the beach
sets. The weather stations used in this study belong to the Spanish

Meteorological Agency (AEMET, http://www.aemet.es).

2.3 | Data pre-processing and one-hot encoding

The database was carefully filtered only to include comments (only
in Spanish) where the occurrence of jellyfish was either ‘Presence’ (1)
or ‘Absence’ (0), thus excluding any instances with missing data (NA).

To illustrate, here are translated examples of comments used in
our analysis:

e ‘They have been bringing out jellyfish of considerable size all morning.
There are not many but they are very big’ was classified as Presence
(1) directly reflecting the presence of jellyfish.

e ‘Right now, the water temperature is very good, no jellyfish’ was clas-
sified as Absence (0) indicating their absence in the comment.

e ‘How is the beach today?’ was classified as NA due to the absence

of information on the presence of jellyfish.

Additionally, a simple lexical pre-processing of each comment
was performed to delete special characters (e.g., @, $ and &), emot-
icons, words with spelling errors and prepositions, as they did not
contribute valuable information to the analysis.

A dictionary of unique words in alphabetical order was gener-
ated from the refined set of comments. This dictionary was further
filtered to only include Spanish words with a frequency greater than
9 in the main data set because low-frequency words tend to be use-
less in the learning process (Cunha et al., 2019). This threshold was
selected to focus on the comments' most relevant and frequently
used terms.

Performing a one-hot encoding method, each comment was sub-
sequently transformed into a binary code system using the dictio-
nary generated (Figure 1). The size of the binary code is equal to
the number of words in the dictionary. The code assigned to each
comment is a sequence of Os and 1s, where each position in the se-
quence corresponds to a word in the dictionary. A value of 1 indi-
cates that the word is present in the comment, while a value of O
indicates that it is not present.

Finally, each digit in the code was split into individual columns.
Hence, through the one-hot encoding process the information of
each word in each comment is represented in a compact and effi-
cient binary representation of the information contained in each
comment j. This entire procedure was carried out through a custom-
ised code using the R version 4.1.2 (R Core Team, 2021).

2.4 | Multi-layer perceptron

In this study, MLP classifiers developed in Python (version 3.9.16)
by means of the scikit-learn library (Pedregosa et al., 2011) were em-
ployed to analyse the citizen comments (Figure 1). The primary pur-
pose of employing the MLP in our study was to harness the advanced
analytical capabilities of neural networks to effectively classify user
comments on the Infomedusa application, distinguishing between
those reporting the presence or absence of jellyfish. The choice of
MLP was based on its recognised robustness and effectiveness in
text classification (Goldberg, 2022), particularly for binary classifica-
tion tasks (Shridhar et al., 2020). MLPs are able to capture and model
complexities in large textual datasets, making them ideal for analys-
ing and classifying user comments.

The inputs to the MLP model were user comments previously
transformed into binary representations by the one-hot encoding
process. Each comment was converted into a vector of Os and 1s
during data pre-processing. The output of the model was the binary
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FIGURE 1 Process of one-hot encoding of the comment j introduced in Infomedusa APP by a user and the multi-layer perceptron (MLP)
schema used in the analysis of user comments from the Infomedusa APP. The one-hot encoding procedure transforms user comments into

a binary vector format, where each word is represented as either present (1) or absent (0) in the comment. This encoded data serves as

the input for the MLP, which consists of 341 inputs, 1-2 hidden layers and one output neuron. The MLP tested three different activation
functions: sigmoid (S), hyperbolic tangent (TanH) and rectified linear unit (ReLU). The model calibration involved a maximum of 500 epochs.
The colon (") symbols in the one-hot encoding table represent a series of omitted entries for brevity. The full table includes a comprehensive
list of terms used in the comments. These omissions are made solely for visual simplification in the figure.

classification of each comment, assigning ‘1’ to indicate the presence
of jellyfish and ‘0’ to indicate their absence.

The data set was split into training and testing sets using a
70/30 ratio, with 70% of the data allocated for training and 30%
for testing. The hyperparameters were tuned using GridSearchCV, an
exhaustive search method included in scikit-learn that evaluates all
possible combinations of hyperparameters provided in a parameter
grid. It performs cross-validation for each combination to estimate
the model performance and selects the best hyperparameter neuron
values based on the specified scoring metric (Pedregosa et al., 2011).

The parameter grid for the search included various combinations
of single and double hidden layers, comprising all possible combi-
nations of 5, 10, 15, 20, 25 and 30 neurons. Three activation func-
tions (sigmoid—S-; hyperbolic tangent—TanH-; and rectified linear
unit—RelLU-) were considered, and the value of maximum iterations
or calibration epochs was 500 (Figure 1).

A repeated stratified k-fold cross-validation strategy with 5 folds
and 30 repetitions was employed to evaluate the performance of
the different combinations of hyperparameters. Stratified k-fold

cross-validation ensures that the proportion of each class in the
dataset is preserved in each fold, resulting in a more representa-
tive evaluation of the model performance (Kelleher et al., 2015;
Kohavi, 1995). The repeated nature of the cross-validation process
allows for multiple iterations of the stratification, further enhancing
the reliability of the performance estimates. This level of repetitions
implies that the chosen model is among the best 14% of the dis-
tribution of all possible models at the 99% confidence level (lyer &
Rhinehart, 1999). The models were evaluated and ranked based on
their performance using the Recall scoring metric, which quantifies
the proportion of true positive predictions among all actual positive
instances. This metric is particularly useful for imbalanced data sets,
where it is crucial to correctly identify the minority class (Branco
et al., 2016). Recall (R), also known as sensitivity, is the ratio of true
positive predictions to the sum of true positive and false negative
(FN) predictions (Equation 1).

TP

R=Tpeen
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Other metrics are often employed for a comprehensive evalua-
tion: precision (P) and the F1 score (Sokolova & Lapalme, 2009).

Precision (P) is defined as the ratio of true-positive predictions
(TP) to the sum of true positive and false-positive (FP) predictions
(Equation 2).

TP

M =g @

The F1 score (F1) is the harmonic mean of precision and recall,

providing a balanced measure of a model's performance (Equation 3).

=2><(P><R)

F1
P+R

(3)

The grid search was performed using the training data, and the
best model, along with its hyperparameters, was identified. The
best model performance, as well as the top 10 models based on
their rank, was evaluated using the test data. The models were
fitted to the training data, and their predictions were compared
to the true values of the test data to calculate the accuracy.
Additionally, a classification report was generated for each of the
top 10 models, providing further insights into their performance.
Finally, the best model in the grid was evaluated, and the pro-
cess was repeated if necessary, until the finding of the best MLP
architecture.

2.5 | Environmental factor analysis

To characterise the environmental variables on jellyfish presence
within each beach set, it was necessary to assess the representa-
tion of jellyfish data in the comments across all beach sets. This
involved the elimination of sets that had minimal data representa-
tion to ensure the reliability of our analysis. Visualisation and com-
parison of the distribution of jellyfish presence (1) and absence (0)
relative to the three environmental variables (SST, and wind direc-
tion and speed) were conducted. Each variable was examined for
each data set, grouped according to the different sets of beaches.
To visualise the distribution of data and explore the relationship
between the presence/absence of jellyfish and other environmen-
tal factors, kernel density estimation (KDE) plots were generated
using the Seaborn library in Python (Waskom, 2021). KDE is a non-
parametric method used to estimate the probability density func-
tion of a random variable. The KDE approach functions by placing
a kernel, which is a smooth, symmetric function (such as a Gaussian
function), around each data point, which refers to an individual
observation or measurement in the data set. These kernels are
then summed to form a smooth density curve that represents the
distribution of the data. In this study, a Gaussian function kernel
was utilised, which by default creates a smooth bell-shaped curve
around each data point. The KDE plots were generated separately
for each set of beaches and each environmental variable under

consideration. The distribution of these variables was compared

between comments indicating the jellyfish presence (Class 1) and
absence (Class 0).

The environmental variables were further statistically analysed
for the magnitude of their variation as a function of their effect on
the different sets of beaches. The non-parametric Kruskal-Wallis
test was implemented to analyse whether there was a statistically
significant difference in the variable distribution (SST, and wind
direction and speed) between the different sets of beaches. For
each variable, a Kruskal-Wallis test was conducted, and the re-
sulting p-values were corrected for multiple comparisons using the
Benjamini-Hochberg procedure. This approach controls the false
discovery rate, enhancing the reliability of our findings when mul-
tiple tests are performed (Garcia, 2003). Whenever the corrected
p-value from the Kruskal-Wallis test was less than 0.05, a post hoc
Dunn's test was conducted for pairwise comparisons between the
groups. In these pairwise comparisons, we adjusted the p-values
using the Holm method to account for multiple comparisons.

To characterise the impact of environmental variables on jellyfish
presence (or absence) within each beach set, generalised additive
mixed models (GAMM) were employed (Wood, 2017). This method
models non-linear relationships between the response variable (jel-
lyfish presence) and predictor variables while incorporating random
effects to handle data dependency.

The GAMM was structured to include smoothing terms for
SST, wind direction, wind speed and a random effect for beach
sets. Implementation was carried out using the mgcv library in R
(Wood, 2021). Parameters were selected using restricted maximum
likelihood (REML) to optimise model fit without overfitting. The fit-
ted model was evaluated by visual inspection of smooth effects and
statistical summaries.

This comprehensive approach allowed for a thorough and sys-
tematic analysis of the impact of each predictive variable on the

presence of jellyfish.

3 | RESULTS
3.1 | Data pre-processing and one-hot encoding

A total of 9433 user's comments from the Infomedusa app forum
were analysed. Only 1234 (13.08%) contained explicit information
about jellyfish presence or absence. Among these, 148 observations
reported the presence of jellyfish and 1086 reported their absence.
The remaining records did not include information about jellyfish
and were thus classified as not applicable (NA). The frequency of the
comments in each set of beaches is shown in Figure S2.

The dictionary of unique words comprised a total of 340 words.
Subsequently, following the one-hot encoding process, each com-
ment was represented as a data point in a 340-dimensional feature
space. In addition, a further dimension was included to represent the
response variable, resulting in a matrix of nx 340, where n is the total

number of comments with jellyfish information.
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3.2 | Multi-layer perceptron

A MLP neural network algorithm was implemented for classification
Infomedusa pre-processed users comments based on whether they
mentioned the presence (1) or absence (0) of jellyfish.

In the process of hyperparameter optimisation, a comprehensive
search over the specified parameter grid was undertaken. The grid
comprised 21 different configurations of hidden layer sizes and neu-
rons, and 3 different activation functions for those hidden layers.
This leads to a total of 63 unique combinations. Coupled with the
adopted repeated stratified k-fold cross-validation strategy, which
includes 5 folds repeated 30 times, the complete procedure resulted
in the fitting and evaluation of 9450 different models trained and
evaluated. The top 10 models in terms of minority class (Class 1) re-
call performance are presented in Table 1.

The models featured various configurations of hidden layers and
neurons, utilising ReLU and Sigmoid activation functions. Overall,
all models performed similarly on the test data, and accuracy was
high across all of them, ranging from 94.9% to 96.2%. For Class O
(jellyfish absence), precision and recall remained consistently high,
indicating reliable performance. However, there was variability in
recall for Class 1 (jellyfish presence), with the fourth-ranked model
achieving the highest recall of 0.85, making it the best at classify-
ing both classes. This model, with one hidden layer of 10 neurons
and RelLU activation, strikes a balance with an accuracy of 96.2%.
The confusion matrix of this model showed that it successfully pre-
dicted the absence of jellyfish (class 0) 324 times, while it incor-
rectly predicted absence eight times when jellyfish were actually
present (false negatives). Conversely, the model correctly predicted
the presence of jellyfish (class 1) 33 times and incorrectly pre-
dicted presence six times when jellyfish were actually absent (false

positives).
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3.3 | Environmental effect on jellyfish presence

In the data collection for this study, a significant concentration
of observations was noted during the summer months (June to
September), totalling 77, 524, 502 and 104 observations in June,
July, August and September, respectively. In contrast, the months of
March, April and May presented a very limited number of data (1, 9
and 17 observations, respectively). Due to this uneven distribution,
it was decided to exclude the months of March, April and May from
the environmental analyses. Beach sets 6 and 7 were also excluded
from the subsequent stages of the study due to their insufficient
number of user's comments from those locations. The distribution of
jellyfish presence (1) and absence (0) for each variable using kernel
density plots are shown in Figure 2.

In this study, the influence of various environmental variables
(SST, wind direction and wind speed) on the presence of jellyfish
across different beach sets was assessed. The Kruskal-Wallis test
was applied to each variable, followed by an adjustment of p-values
using the Benjamini-Hochberg procedure to control for the false dis-
covery rate due to multiple comparisons (Garcia, 2003). Application
of the Kruskal-Wallis test to each environmental variable revealed
statistically significant differences between sets of beaches, indicat-
ing variations in environmental conditions that could influence the
presence of jellyfish.

Even after the Benjamini-Hochberg adjustment, the results re-
mained significant, reinforcing the impact of these environmental
variables on jellyfish presence across different beach sets.

As shown in Table S2, the mean values for SST, wind direction
and wind speed were compared across different beach sets using
Dunn's test.

For SST, the sets 1, 2, 3, 9, 10 and 11 had similar means (p>0.05),
with values ranging from 23.59°C to 24.41°C. However, sets 4, 5 and

TABLE 1 Summary of the 10 best models generated by the hyperparameter tunning optimization algorithm using GridSearchCV with the

63 unique combinations.

Class 0 Class 1
Hidden Activation F1 F1
Model ranking layers Neurons function Accuracy (%) Precision Recall score Precision Recall score
#1 1 15 RelLU 96.0 0.98 0.98 0.98 0.82 0.79 0.81
#2 1 30 RelLU 96.2 0.98 0.98 0.98 0.82 0.82 0.82
#3 1 20 RelU 95.7 0.98 0.98 0.98 0.79 0.79 0.79
#4 1 10 RelLU 96.2 0.98 0.98 0.98 0.80 0.85 0.83
#5 2 20,15 S 94.9 0.98 0.96 0.97 0.73 0.82 0.77
#6 2 15,10 S 94.6 0.98 0.96 0.97 0.71 0.82 0.76
#7 2 10, 10 S 94.6 0.98 0.96 0.97 0.71 0.82 0.76
#8 2 10, 5 RelLU 95.7 0.98 0.97 0.98 0.78 0.82 0.80
#9 2 25,25 RelLU 95.4 0.97 0.97 0.97 0.79 0.77 0.78
#10 1 5 RelLU 94.9 0.98 0.97 0.97 0.74 0.79 0.77

Note: The model ranking is sorted from the best model (#1) in terms of minority class (Class 1) recall. Absence of jellyfish (Class 0); presence of

jellyfish (Class 1). Rectified Linear Unit (ReLU); sigmoid (S).
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FIGURE 2 Kernel density plots for the variables sea surface temperature (SST), wind direction and wind speed across each beach set.
Each row of subplots corresponds to the beach sets, while each column represents one of the variables. For each subplot, two distributions
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are plotted: One for the presence of jellyfish (in orange indicated as 1) and another for the absence of jellyfish (in blue indicated as 0).
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8 showed significantly lower SST, with means of 21.37°C, 20.95°C
and 21.47°C, respectively.

In relation to wind direction, sets 1, 3, 4, 9, 10 and 11 had similar
values (p>0.05), with means ranging from 16.35 to 17.98 (° x10).
In contrast, Set 2 and Set 5 had significantly lower wind directions,
15.26 and 14.02 (° x10), respectively. Notably, Set 8 had a signifi-
cantly higher mean wind direction of 37.72 (° x10).

As for wind speed, Sets 1, 5, 10 and 11 showed similar aver-
ages (p>0.05), with values ranging from 7.69 to 13.50km/h. Sets 2
and 9 demonstrated significantly lower wind speeds, with 6.45 and
6.29km/h, respectively. Set 3 exhibited the lowest mean wind speed
of 5.72km/h. Conversely, Set 8 had a significantly higher mean wind
speed of 11.51km/h.

The generalised additive mixed model (GAMM) revealed sig-
nificant influence of environmental variables on the presence of
jellyfish. The fitted model demonstrated a deviance explained of
40.3% and an adjusted R-squared of 0.34, indicating a moderate
fit to the data. Among the smooth terms, wind speed (edf=1.000,
p=0.0032) and beach sets (edf=7.570, p<2e-16) were highly
significant predictors, and wind direction showed marginal signif-
icance (edf=4.130, p=0.07). SST (edf=2.011, p=0.13) was not
statistically significant at the 0.05 level but showed trends to-
wards significance.

The smooth effect plots (Figure 3) illustrate the non-linear re-
lationships between the environmental variables and jellyfish pres-
ence. Wind speed had a notably strong effect, with higher speeds
being associated with a lower probability of jellyfish presence. SST
showed a slight increasing trend in jellyfish presence with higher
temperatures, though not statistically significant. Wind direction ex-
hibited a more complex relationship, with certain directions showing
a higher likelihood of jellyfish presence, indicating potential onshore
winds facilitating jellyfish accumulation near the shore. The random
effect for beach sets captured substantial variability among the dif-

ferent beach locations.

4 | DISCUSSION

Our research successfully employed citizen science data from
Infomedusa APP and machine learning methods to examine the
presence of jellyfish on the Andalusian coast. A MLP classifier was
effectively used to classify citizen comments, and environmental
data were combined with user comments to characterise the jelly-
fish presence along the entire coast of southern Spain, thus provid-

ing valuable information for both beach users and authorities.

4.1 | Neural networks to elicit the information

MLPs model efficiently handles non-linear classification problems
with robustness to noise and outliers (Haykin, 2009). These neural
networks demonstrated good performance specially providing in-
formation about jellyfish absence. However, it had lower precision
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FIGURE 3 Smooth effects of environmental variables on
jellyfish presence. The shaded areas represent the 95% confidence
interval. SST, sea surface temperature.

when informing about jellyfish presence. This might be due to the
imbalance of the data set, with a lower number of comments indicat-
ing the presence of jellyfish, which is a common challenge in binary

85UB017 SUOLILLIOD A8 3(cedt [dde 8y} Aq pauIeA0B 88 SBd1LEe VO ‘95N J0 S8INI 0} AIq1T BUIIUO A1 UO (SUORIPUOD-PUB-SWUISI0 A8 | 1M ARe1q 1 BU1|UO//:SANL) SUONIPUOD PUe SWwie | 841 88S * [202/2T/8T] U0 ARiqiauluo A8|IM eARNH 8a PepSBAIIN -BnaD Aq vELT #992-G9ET/TTTT OT/I0P/W0D A8 | 1M Aelq Ul JUO'S euIno ag//:sdny wouy pepeoiumod ‘6 ‘v20Z '7992S9ET



225 BRITISH

CASTRO-GUTIERREZ ET AL.

2
Journal of Applied Ecology E ECOLOGICAL

SOCIETY

classification tasks when using real-world data (He & Garcia, 2009;
Szeghalmy & Fazekas, 2023).

Analogously to our study, Gutiérrez-Estrada et al. (2021) imple-
mented an Augmented Transition Network (ATN) to automatically
process the Infomedusa comments from 2018. Through a syntax
analysis procedure, this algorithm achieved an accuracy of 89.2%
(which is approximately a 7% less precise than our MLP). For in-
stance, the results from the present study imply a significant im-
provement concerning previous uses of this source of information,
implying an increase in precision for future studies carried out with
citizen science from Infomedusa. The same methodology was ap-
plied by Gutiérrez-Estrada et al. (2005) who developed and tested
an expert system as a tool in the diagnosis of eel pathologies. The
ATN had a success rate of 69.9% on strictly correct answers, which
increased to 96.6% when approximate answers were considered
correct. In comparison with the ATN success rate with strictly cor-
rect answers, our best artificial neural network classifier achieved a
precision of 96.2% (Table 1, Model #4), suggesting a higher level of
accuracy and reliability.

Deep learning techniques, such as convolutional neural networks
have also been used in jellyfish management for jellyfish image rec-
ognition and the development of monitoring tools (Gauci et al., 2020;
Han et al., 2021; Martin-Abadal et al., 2020; Ruiz-Frau et al., 2022).
These deep learning techniques have proven to be efficient in iden-
tifying and classifying jellyfish species in images, allowing for faster
and more accurate analysis by enhancing the quality and quantity of
data collected, thus contributing to a better understanding of jelly-
fish populations and their distribution patterns. However, to fully ex-
ploit the potential of these technological advances, a comprehensive
analysis of the environmental factors driving jellyfish occurrence is

essential.

4.2 | Environmental factors

About the possible impact of environmental factors on jellyfish pres-
ence, our results are in line with previous studies suggesting that
sea surface temperature (SST), and wind direction and speed signifi-
cantly influence jellyfish distribution (Canepa et al., 2014; Graham
et al., 2001; Messié & Chavez, 2017; Purcell, 2005; Zavodnik, 1987).
SST varied significantly in certain areas of the Andalusian coast,
which could be influenced by specific geographical or environ-
mental characteristics of these areas, such as the orientation of
the coastline, marine currents or local weather patterns (Canepa
et al., 2014). We observed that the presence of jellyfish tends to
be more frequent under elevated temperature conditions, as stated
by other authors (Brotz et al., 2012; Heim-Ballew & Olsen, 2019;
Purcell, 2005). This aligns with studies that have shown a direct ef-
fect of SSTs on jellyfish reproduction by favouring egg development
(Avian et al., 1991). In particular, in the Mediterranean region, such
increases in temperature have been notably associated with the
prevalence of the mauve stinger, Pelagia noctiluca (Forsskal, 1775), a
species known for its notoriety and frequency of outbreaks (Brotz &

Pauly, 2012). The Infomedusa app has an option where users can at-
tach an image along with their comments. Although it is rarely used,
it allowed us to verify that the most frequent species was indeed P.
noctiluca. Furthermore, research indicates that the peak spawning
period for this species occurs during spring, with a peak at tempera-
tures around 17°C (Augustine et al., 2014), suggesting a seasonal
variation in jellyfish populations. This highlights the importance of
considering specific jellyfish species and their unique reproductive
cycles when examining the impact of SSTs on jellyfish presence.
However, it is important to consider that these findings may not fully
represent the patterns of jellyfish presence in other months and sea-
sons, and the responses could vary among different jellyfish species.

Nevertheless, high-density jellyfish blooms are not only a con-
sequence of high proliferation rates which mainly dependent on
SST but also the result of changes on aggregation and distribution
patterns of the species lead by wind direction changes (Bellido
et al., 2020; Castro-Gutiérrez et al., 2022).

Following our results, wind conditions seem to favour the pres-
ence of jellyfish on the beaches when the wind is blowing onshore,
as seen in the frequency of occurrence of jellyfish on beach sets 1,
2,9 and 11. This pattern is consistent given the planktonic nature of
these organisms that can be passively transported and accumulated
near shore by ocean currents, tides and winds (Graham et al., 2001;
MacAli et al., 2018; Mills, 2001; Zavodnik, 1987). It should be noted
that in some areas (as the beach set 3, 4, 8 and 10) the influence
of wind direction and speed on the presence of jellyfish is unclear
due to the low frequency of jellyfish occurrence or the overlap of
environmental conditions where jellyfish are sometimes present and
sometimes not present. The findings offer valuable insights for fu-
ture research aimed at predicting jellyfish occurrence based on spe-
cific environmental conditions. The complexity of temperature and
wind patterns, together with the variability in jellyfish occurrence,
makes it difficult to determine precisely the relationship between
these factors, and the overlap indicates that, although certain condi-
tions may be conducive to the occurrence of jellyfish, their presence
is not always guaranteed. This indicates that other factors at play are
also influencing the presence of jellyfish which has not been consid-
ered in this study.

Furthermore, our findings indicate that wind speed, although it
may not have as obvious an effect as wind direction, could influ-
ence the distribution of jellyfish. The effect of wind speed differs
with each set of beaches, which is in line with Gutiérrez-Estrada
et al. (2021), who found that regional jellyfish distribution was sig-
nificantly affected by local factors. This may be related to the in-
teraction of the wind with the ocean gyres along the southern
Spanish coast, where jellyfish may be aggregated inside or released
towards the coast (Bellido et al., 2020; Castro-Gutiérrez et al., 2022;
Franks, 1992). In our study area, wind speed tends to decrease
during the summer (Vargas-Yanez et al., 2021), which is when our
data were collected. Due to the seasonal decrease in wind speed
during the summer, which coincides with our data collection period,
our ability to observe and fully understand its effect on jellyfish dis-
tribution may be limited in some locations. This is because if wind
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speeds are generally low during this period, we may not capture a
full range of wind conditions, potentially underrepresenting the im-
pacts of varying wind speeds on jellyfish distribution.

Modelling jellyfish population dynamics through the use of envi-
ronmental variables can be very useful when predicting the appear-
ance of this type of organisms, which can sometimes be dangerous
to health due to their stings (Gershwin et al., 2014). The models we
developed could potentially be used to forecast jellyfish presence
on Andalusian beaches, thereby alerting beachgoers and potentially
preventing jellyfish stings, enhancing beach user safety and enjoy-
ment (CIESM, 2001; Lucas et al., 2014; Martin-Abadal et al., 2020).

4.3 | Limitations of our study

Despite the significant findings obtained in this study, it is important
to recognise its limitations. Firstly, the APP data are predominantly
collected in the summer months, which limit our ability to generalise
these findings to other seasons. Secondly, the imbalanced nature of
the data (fewer reports of jellyfish presence compared to absence)
may have affected the accuracy of our results, especially in classi-
fying jellyfish presence. Given the context of our study, where the
presence of jellyfish can pose a risk to beachgoers, maximising the
sensitivity (recall) of the model is particularly valuable. The F-beta
score, which balances recall and precision, could be considered as
an alternative metric for this purpose once resolved the balance of
the classes.

In the same way, jellyfish absences, as reported by beachgoers
through the Infomedusa App, may not always accurately represent
the true absence of jellyfish. Consequently, while the reported ab-
sences provide valuable information, they come with inherent limita-
tions that must be considered when interpreting the data.

The open nature of the app allows users to comment on vari-
ous topics, many of which are unrelated to beach conditions. For
this study, only comments with explicit information about jellyfish
presence or absence were included, resulting in the utilisation of less
than 20% of the total comments. Our team is currently collaborat-
ing with Aula del Mar de Malaga to promote the app and implement
changes that encourage users to provide explicit information about
jellyfish presence. These efforts are expected to significantly in-
crease the quality and quantity of data in future studies.

4.4 | Citizen science for monitoring jellyfish

The importance of continued local monitoring of jellyfish cannot be
overstated. To enhance our knowledge of jellyfish distribution pat-
terns, it is essential to engage in continuous monitoring at the local
level. This monitoring allows us to capture the various fluctuations
and improve our understanding of these patterns.

According to Danielsen et al. (2005), local monitoring is not
only cost-effective but also yields results that are locally relevant
and can be just as reliable as those obtained through professional
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monitoring. This is particularly important given the localised nature
of environmental conditions affecting jellyfish populations. When
properly designed and implemented, local monitoring schemes can
yield valuable data to inform timely management decisions and ac-
tions (Fraisl et al., 2022). Moreover, local monitoring can reinforce
existing community-based resource management systems and lead
to a shift in local attitudes towards more environmentally sustain-
able resource management. This aligns with the findings of other
studies that have underscored the potential of community-based
monitoring in biodiversity conservation (Berkes et al., 2007; Conrad
& Hilchey, 2011).

In the case of Infomedusa app, although the app is not explicitly
designed for scientific purposes, the data it gathers can still be valu-
able for scientific analysis when properly validated and processed.
This approach leverages daily observations from citizens to en-
hance environmental monitoring and management. The Infomedusa
app collects user comments about beach conditions and jellyfish
presence. While the app has administrators to manage inappropri-
ate use and inform users about updates, the citizens contributing
data are unaware that their inputs are used for scientific research.
Throughout the study, the confidentiality of user data was main-
tained at all times, ensuring that individual identities and personal
information were protected. This presents both challenges and op-
portunities for improving the accuracy and utility of the collected
data. Our findings have a potential real-world impact, particularly
within the tourism industry, a vital sector of Spanish economy
(Moreno-Luna et al., 2021). According to the Office of the National
Statistics Institute (INE), Andalusia received 10 million international
tourists in 2022 with an average daily expenditure of 133.33 euros.
Beach tourism in Andalusia and other Spanish coastal regions can be
significantly influenced by the presence of jellyfish, as their stings
can lead to both minor discomfort and serious health issues, pos-
ing a deterrent to tourists (Bordehore et al., 2016; Cantarero Prados
& Moreno Portillo, 2021; Crowley-Cyr et al., 2022; Rubio Gémez &
Gutiérrez-Hernandez, 2020; Ruiz-Frau, 2022). Consequently, pre-
dicting jellyfish blooms and issuing early warnings based on our
results could substantially improve the safety and satisfaction of
beachgoers, fostering more positive beach tourism experiences (De
Donno et al., 2014).

Similarly, various projects employing diverse approaches have
been developed to mitigate the impact of jellyfish blooms in coastal
areas using citizen science. For instance, the MED-JELLYRISK proj-
ect focused on creating a forecasting platform for jellyfish blooms in
the western and central Mediterranean Basin (Canepa et al., 2016).
It utilised an integrated citizen science approach and species dis-
tribution models to predict jellyfish occurrences, while offering
up-to-date information to the public through the mobile IMedjelly
APP. Besides that, the worldwide citizen science initiative Jellywatch
relies on user-reported jellyfish sightings to track and enhance the
understanding of jellyfish populations and distribution patterns.
Meanwhile, JellyMonitor aims to establish a portable imaging plat-
form capable of detecting jellyfish near water intakes, providing
an early warning system for jellyfish ingress (French et al., 2018).
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Similarly, Marambio et al. (2021) used citizen science to investigate
the dynamics of jellyfish blooms in the Mediterranean Sea relying
on volunteer observers to report sightings from four different coun-
tries. In addition, the MedusApp enables users to geolocate jellyfish,
identify species and their abundance, and provides information on
species identification and the toxicity of jellyfish stings, along with
first aid recommendations. The app also allows users to send images
of stings for evaluation by a specialised medical service for scientific
purposes (Blasco Talavan et al., 2016).

In this context, citizen science has proven to be instrumental
in our understanding of jellyfish ecology, allowing for the collec-
tion of extensive data across broad geographical ranges (Marambio
et al., 2021). This inclusive approach not only democratises scien-
tific research by engaging the public in data collection but also cir-
cumvents the logistical and financial limitations typically faced by
research teams. The substantial data volume provided by citizen
scientists enhances our knowledge of jellyfish distribution and their
temporal dynamics.

Moreover, these initiatives significantly boost public aware-
ness and involvement with biodiversity, fostering a well-informed
community poised to contribute positively to conservation efforts.
The engagement with citizen science leads to more informed and
responsible behaviour regarding environmental stewardship, crucial
for the protection and conservation of marine species.

The long-term data garnered through such initiatives are indis-
pensable for monitoring environmental changes and their impact
on jellyfish populations. The insights gained are vital for shaping
effective conservation strategies and informing policy decisions,
underscoring the irreplaceable value of citizen science in ecological
research.

This approach has the potential to be cost-effective and accu-
rate, as it relies on observations from many users who are directly
experiencing the coastal environment. Nevertheless, it is import-
ant to consider observer-based biases in such citizen science bio-
diversity monitoring projects since users' decisions about what
and when to report can influence observed data patterns (Arazy &
Malkinson, 2021).

5 | CONCLUSIONS

The results of this study underscore the efficacy of using citizen
science data and machine learning techniques to monitor jellyfish
presence along coastal areas. The MLP neural network demon-
strated high accuracy in classifying jellyfish presence and absence,
despite challenges posed by data imbalance. Our findings highlight
the significant impact of environmental variables, particularly SST
and wind conditions, on jellyfish distribution.

To enhance beach management based on these insights, it is
essential to continuously monitor environmental variables such as
SST, wind direction and wind speed. Developing and implementing
seasonal preparedness plans based on these environmental factors
can help mitigate risks. For instance, heightened monitoring and

readiness for jellyfish blooms during periods of elevated SSTs and
specific wind conditions can be particularly effective.

Integrating real-time SST and wind data into the Infomedusa
app and other monitoring tools will provide up-to-date information,
enabling more accurate and timely predictions of jellyfish presence.
This integration aids in proactive beach management. Developing
public information systems that notify beachgoers about current
environmental conditions and the likelihood of jellyfish presence is
also crucial. Real-time updates through mobile apps and beachside
displays can inform the public and enhance safety.

Investing in research to explore the influence of other potential
environmental factors such as nutrient levels, ocean currents and
anthropogenic influences on jellyfish populations is recommended.
Understanding these factors can further refine predictive mod-
els and management strategies. Employing adaptive management
strategies that are responsive to real-time environmental data and
predictive model outputs allows for dynamic adjustments to beach
management practices, reducing the impact of jellyfish blooms on
beachgoers.

By adopting these recommendations, beach management au-
thorities can improve the safety and enjoyment of beachgoers,
enhance the accuracy of jellyfish monitoring and contribute to the
broader understanding of marine ecosystems. This targeted ap-
proach, based on environmental analysis, can lead to more effec-
tive and efficient management of coastal areas affected by jellyfish

blooms.
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SUPPORTING INFORMATION

Additional supporting information can be found online in the
Supporting Information section at the end of this article.

Table S1: Summary of the localities and number of beaches covered
by each beach set.

Table S2: Mean values for the environmental variables sea surface
temperature (SST, °C), wind direction (° x10), and wind speed (km/h)
in the different beach sets.

Figure S1: Study area.

Figure S2: Frequency of user comments from the Infomedusa APP
explicitly mentioning the jellyfish presence (orange bar, labelled as 1)

or absence (blue bar, labelled as O) for each beach set.
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