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ABSTRACT
The Mar Menor, one of Europe’s largest coastal lagoons, has experienced severe ecological crises over the past 
decade due to ongoing environmental degradation. These events, characterized by algal blooms and mass mortality 
of marine life have sparked widespread public concern and threaten the region’s vital tourism industry. This study 
quantifies the impact of these environmental catastrophes on tourism across three key dimensions: economic, so-
cial, and mobility. To achieve this, we employ a mixed-methods approach using three distinct data sources. First, 
we analyse official economic statistics to track fluctuations in traveller arrivals, overnight stays, and average stay 
durations between 2012 and 2022. Second, we utilize social sensing to Twitter data to evaluate public discourse and 
tourist sentiment regarding the crises. Finally, we analyse nationwide human mobility datasets to detect shifts and 
structural breaks in tourist flows. Our findings demonstrate a direct correlation between the ecological crises (spe-
cifically the 2016, 2019, and 2021 episodes) and significant declines in tourism. This research highlights how severe 
environmental degradation drastically alters tourist behaviour, emphasizing the need for sustainable coastal man-
agement to protect local economies.
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1. Introduction
Mar Menor is one of the largest coastal lagoons in Europe and the Mediterranean Sea with a surface area 
of 135.5 km2 and a coastline of 74 km (Belando et al., 2021). The pleasant temperatures, lack of precipita-
tion, and beach make Mar Menor a representative of Costa Cálida’s main tourist attraction. However, for 
decades the Mar Menor has been suffering a progressive degradation from mining activity to the arrival of 
tourism in the 70s and uncontrolled urbanization (García-Ayllón, 2018). Marine pollution has been shown 
to generate negative economic impacts on coastal destinations, including a reduction in tourist arrivals, a 
decrease in housing prices, and an increased risk of business failure in affected area (Fernández Ferrero 
et al., 2022; Lamas Rodríguez et al., 2023; Aparicio et al., 2024). 

These environmental disturbances often manifest as ecological crises that can attract media attention, 
particularly on social media platforms, where information spreads rapidly (Jurgens & Helsloot, 2017). Us-
er-generated content, including comments and opinions shared online, becomes a key factor in shaping 
the public perception of affected destinations (Correia-Loureiro et al., 2021), with direct implications for 
tourist demand and even destination image (Becken et al., 2017). In the case of Mar Menor, the wide-
spread awareness of environmental issues changed the willingness of tourists to visit the coastal lagoon, 
leading many to choose alternative destinations (Fernandez Ferrero et al., 2022).

Given that these perception changes are primarily expressed through the news and user-generated 
textual content on social media, an analytical method capable of systematically evaluating opinions is 
required. In this context, sentiment analysis provides a useful methodological approach to assess public 
attitudes and emotional responses conveyed online. Sentiment analysis (SA) is the process of collect-
ing and analysing people’s opinions, ideas, and perceptions about different topics, products, subjects, 
and services, etc. It identifies and extracts subjective information from the text using natural language 
processing and text mining (Wankhade et al., 2022). SA provides a technological solution to sensing and 
understanding consumer experiences in all the areas, especially in tourism (Jain et al., 2021; Manosso & 
Domareski Ruiz, 2021). 

The main objective of this study is to analyse the impact of the various ecological crises of Mar Menor 
on the three tourism dimensions: economic, social, and mobility. To do so, first, we relied on the publica-
tion of news and posts in social media about environmental problems that occurred in Mar Menor from 
2014 to 2021 to distinguish the phases of the ecological crisis. For the economic part, we used statistical 
data from National Institute of Statistics (INE) (https://ine.es) that has been reprocessed with the collabo-
ration of the Regional Statistics Centre of the Region of Murcia and the services of the Ministry of Industry, 
Tourism, Business and Innovation. This data includes the number of travellers and overnight stays in the 
Mar Menor area, and their average stays.

Moreover, we have used a social sensing tool developed as a part of the SMARTLAGOON project (Pran-
di et al., 2022) to study the sentiments and to measure the social impact on tourism of Mar Menor lagoon.  
Finally, we applied the analysis of tourist flows. By means of statistical data extracted from the INE men-
tioned previously, we could discover the number of travellers and overnight stays from 2012 to 2022 in 
the Mar Menor area to see the general tendency of arrivals. Next with the dataset of the Spanish Ministry 
of Transportation (SMT) we were able to evaluate the impact of the last crisis of the Mar Menor in 2021 in 
terms of tourist mobility.

This study was conducted to address the following research questions (RQs):

RQ1. Is there a relationship between ecological conditions in the Mar Menor lagoon and fluctuations in 
tourist arrivals over an eleven-year period based on statistical data?
RQ2. Do sentiment analysis patterns correspond with changes in economic indicators and ecological 
conditions on the Mar Menor lagoon?
RQ3. What patterns can be identified in tourist mobility in the region in relation to ecological changes 
in the Mar Menor lagoon?

This paper is structured as follows. Section 2 reviews the related literature, while section 3 highlights 
the background and problems related to the Mar Menor. Section 4 presents the research methodology 
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and the data used for the study. Section 5 presents the results. Discussion in section 6 debates the main 
results, while section 7 summarises the key findings and limitations along with future work lines.

2. Literature Review

2.1 Tourist Behaviour under Environmental Crises
Environmental crises pose a severe threat to destination sustainability and local economies. To under-
stand how these crises affect tourism demands, there are some theoretical foundations in the literature 
that can be used to link environmental degradation with tourists’ psychological and behavioral responses. 
Two main frameworks in this line are the Theory of Planned Behavior (TPB) (Ulker-Demirel & Ciftci, 2020) 
and Protection Motivation Theory (PMT) (Suess et al., 2024).

Under the TPB, behavioral intentions are shaped by attitudes, subjective norms, and perceived behav-
ioral control. When an environmental crisis damages a destination’s image, it acts as a significant “travel 
constraint,” altering the tourist’s positive attitude toward the location and reducing their willingness to 
recommend or revisit it (Awais-E-Yazdan et al., 2025). On the other hand, PMT explains how individu-
als evaluate risks and make protective travel decisions. PMT operates through a dual-appraisal system: 
threat appraisal (evaluating the severity and personal vulnerability associated with a crisis) and coping ap-
praisal (assessing self-efficacy and response costs). When perceived ecological risk exceeds their coping 
capacity, tourists engage in protective behaviors, such as “spatial substitution” (choosing alternative, less 
contaminated destinations) or canceling planned trips (Smolčić Jurdana & Agbaba, 2025).

Consequently, modern crisis management in environmental tourism must move beyond physical eco-
system remediation; it must address how administrative and safety responses shape risk perceptions to 
prevent long-term socioeconomic decline.

2.2 Social Sensing and Sentiment Analysis during Environmental Disruptions
To evaluate public perception and the subsequent reputational damage caused by environmental crises, 
researchers have turned to social sensing (Wang et al., 2015). Social sensing leverages human-centric data 
streams to capture public opinions, feelings, and behavioral reactions in real time. Microblogging plat-
forms, particularly Twitter (Now ‘X’, hereafter referred to consistently as Twitter to align with the historical 
nature of the 2010–2022 dataset and standard terms such as ‘tweets’), serve as valuable public forums 
where tourists and residents openly express satisfaction or distress during ecological anomalies (Paolanti 
et al., 2021).

Current studies address this topic by utilizing advanced Natural Language Processing (NLP) pipelines. 
To map shifting public discourse during crises, topic modelling such as Latent Dirichlet Allocation (LDA) 
are used to automatically group millions of messages into thematic clusters (Correia-Loureiro et al., 2021). 
These topic modeling structures are combined with deep learning architectures like Bidirectional Encoder 
Representations from Transformers (BERT) to classify sentiment polarities as positive, neutral, or negative 
during disruptions like bushfires, earthquakes, and toxic spills (Yan et al., 2020; Willson et al., 2021; Viñán-
Ludeña & de Campos, 2022).

These studies demonstrate that public online sentiment behaves as an early indicator of tourism de-
mand. While online perception remains relatively stable during minor environmental events, acute crises 
(e.g., mass marine mortality) spark rapid, persistent increases in negative sentiment that correlate direct-
ly with declines in tourism destinations (Sánchez-Franco & Rey-Moreno, 2021; Wang et al., 2025). Social 
sensing thus acts as a virtual reflection of real tourism behavioral changes (Kurniawan et al., 2025).

2.3 Human Mobility Tracking
While social sensing captures cognitive perceptions, tracking technologies are required to map the phys-
ical spatiotemporal changes in tourist flows during crises. Literature in tourism geography identifies a 
methodological transition from active tracking to passive digital tracking (Schmücker & Reif, 2022).
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Active methodologies, like travel diaries, often face limitations due to recall bias and low spatial resolu-
tion (Vu et al., 2020). In contrast, passive tracking utilizes network-level cellular data to capture macro-level 
human mobility (Möhring et al., 2021; Xu et al., 2021a). Passive mobile positioning data allow researchers 
to monitor tourist densities, calculate stay durations, and identify spatial clusters across extensive regions 
without active user intervention (Xu et al., 2021b). Recent studies highlight the value of combining passive 
mobile data with social media indicators to construct complete profiles of tourist behavior (Kovács et al., 
2021).

During destination disruptions, human mobility analyses demonstrate that crises alter physical travel 
routes, generate structural breaks in traveler volume, and accelerate departure rates (Park et al., 2022). 
Applying structural break and change-point algorithms to high-frequency mobility datasets allows re-
searchers to identify the exact moments tourist patterns deviate from baseline seasonality during health 
emergencies or environmental shocks (Czarnecki et al., 2023). However, mapping these physical flow 
anomalies to ecological changes is still an emerging domain, particularly within highly sensitive coastal 
ecosystems.

2.4 Identified Gaps
Existing literature has established that environmental degradation impairs destination attractiveness 
and tourist satisfaction, while social media sentiment tracking and human mobility analysis offer valid 
real-time tools to assess public perception and spatial behaviors during crises. However, what remains 
unknown is how these distinct dimensions interact and evolve together across the progressive phases 
of long-term environmental degradation. Previous research typically evaluates these factors in isolation, 
leaving a gap in understanding the temporal alignment between arrivals, subjective online discourse, and 
rapid destination departures. This study addresses this gap by presenting a multidimensional analysis that 
integrates economic statistics, online social sensing, and physical mobility analysis to provide a holistic 
assessment of tourist behavior during successive ecological crises in the unique Mar Menor environment.

3. Background
The Mar Menor is the largest hypersaline coastal lagoon of the Mediterranean basin with a surface area 
of 135.5 km2, a coastline of 74 km (Belando et al., 2021). It is one of the ecosystems with higher ecological 
and socioeconomic importance of the region. It took part in several protected area networks established 
by regional, international, and European laws (Martínez Dalmau, 2023).

Figure 1 indicates the municipalities that surround Mar Menor: San Pedro del Pinatar (Lo Pagán and 
Los Cuarteros), San Javier (Santiago de la Ribera and a large part of La Manga), Los Alcázares and Carta-
gena (El Carmolí, Los Urrutias, Los Nietos, Islas Menores, Mar de Cristal, Playa Honda, Playa Paraíso and 
part of La Manga).
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Figure 1. Map of the Mar Menor Lagoon and its Surrounding Municipalities

Source: Región de Murcia Digital Integra (n.d.)

Since the early 20th century, the Mar Menor’s ecosystem started to change due to mining, agricultural 
runoffs, urban effluents, and fast-growing tourism in the area (García-Ayllón, 2018). The apparent colour 
of the lagoon’s water changed from blue to greenish in the summer of 2015, when the excess nutrients 
triggered algal blooms (Lamas Rodríguez et al., 2023). This change was considerably more noticeable at 
the beginning of 2016 and sparked a widespread complaint from the tourism industry. 

A cold drop of isolated high-level depression (DANA) struck Southeast Spain in September 2019, par-
ticularly affecting the Region of Murcia. Prolonged and intense precipitation resulted in extensive floods, 
grave destruction, and an overall impact on the entire populace. Pollutants build up more in these semi-en-
closed bays than in open waters. An estimated 500–1.000 tonnes of nitrates, 35 tonnes of ammonium, 
and more than 100 tonnes of phosphates were released into the lagoon during the DANA episode which 
caused the huge influx of nutrients that had accumulated in the watershed and led to a significant loss 
of the biodiversity of the Mar Menor (RTVE., 2021). This episode repeated in summer of 2021 when the 
beaches of the Mar Menor were full of hundreds of dead fish. 

The Mar Menor catastrophe is not just one single episode. The Mar Menor lagoon has been suffering 
from environmental degradation - due to the excess of nutrients in the waters for a long time (Pérez-
Martín, 2023).

4. Methodology

4.1 Relevant Dates of Episodes of Ecological Crisis in Mar Menor	  
To study the impact of the various ecological crises on the three tourism dimensions under consideration, 
namely economic, social, and mobility, we first identified the time periods of each crisis to analyse them 
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separately and then compared the observed effects. We relied on the publication of news about environ-
mental problems occurred in Mar Menor since 2014 to 2021 in 3 regional newspapers (La Opinión de Mur-
cia, La Verdad and Murciaplaza), 6 Spanish national newspapers (including the internationally prestigious 
“El País”) and 6 international newspapers and news agencies (Environmental Justice Atlas, Euro Weekly 
News, Express, BBC, The Guardian and National Geographic).

Figure 2 and 3 show the timeline of the total numbers of news found in these sources during those 
7 years. As observed, it is possible to identify three intervals with different levels of impact and duration 
of news coverage related to ecological problems in the Mar Menor. The details of each interval are given 
next.

Figure 2. Number of News from August 2014 to December 2017

Source: Own Elaboration

Figure 3. Number of News from September 2018 to October 2021

Source: Own Elaboration

Phase 1 (May 2016-November 2017): This phase represents the first appearance of an ecological crisis 
on the media, although with a very low relevance according to the total number of news. It is observed a 
continuous series of publications, which involved several warnings about the degradation and extreme 
turbidity of the Mar Menor at that time. According to the news, it was observed that 85% of the initial 
extension of marine meadows had been lost. At the beginning of 2017, thousands of dead molluscs and 
sea cucumbers started to appear in the waters of Mar Menor and on its shores. Moreover, NASA images 
highlighted on the news a strong colour contrast between the Mar Menor lagoon and the Mediterranean 
Sea. Thus, this first crisis resulted in water in the Mar Menor turning green, a significant increase in turbid-
ity levels and the death of some types of marine life. 

Phase 2 (September 2019-December 2019): A second ecological crisis is detected at the end of 2019, 
with a moderate relevance on the media. In this crisis, the appearance of thousands of dead fish con-
firmed a new ecological catastrophe. The event was attributed to a large volume of fresh water, laden with 
sediments and organic matter, that was displaced by torrential rainfall. This event was commonly referred 
to as the cold drop of isolated high-level depression (DANA), which left marine life without oxygen. The 
media’s focus on this crisis had a shorter duration than in the first occurrence.

Phase 3 (August 2021-October 2021): The third ecological crisis has showed the highest relevance in 
the media until now, again during a short period. It was covered not only in local/national newspapers, 
but also in international ones. In this crisis, hundreds of small fish appeared dead on the shores of the 
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beaches adjacent to the Mar Menor. The Regional Government of Murcia and researchers from the Poly-
technic University of Cartagena initially rejected anoxia as the cause of aquatic fauna mortality, in contrast 
to the 2019 crisis, while environmental organisations attributed the event to aquifer over-exploitation and 
intensive agriculture.

Note that, between these intervals, there are silent periods in the news about any environment prob-
lems in the Mar Menor: August 2014-May 2016 (before the first crisis), December 2017-August 2019 (time 
lapse between the first and second crises) and January 2020-July 2021 (between the second and third 
crises). In this latter silent period, other news related to the Mar Menor highlighted the measures that 
the authorities and the people from Mar Menor were taking to improve the conditions of the lagoon, for 
example, achieving that the Mar Menor became a legal entity.

The following subsections delve into the impact of the identified crises in the Mar Menor from an eco-
nomic, social, and tourist mobility perspective.

4.2 Economic Data
To assess the impact of the Mar Menor crises from an economic perspective, we analysed official statis-
tical data on the number of travellers and overnight stays in the Mar Menor area. These statistical data 
was provided by the National Institute of Statistics (INE) by means of surveys on hotels’ occupancy, in 
collaboration with the Regional Statistics Centre of the Murcia Region and the services of the Ministry 
of Tourism, Business and Innovation. The data is available on the Murcian Institute of Tourism’s website 
(https://www.itrem.es/itrem/estadistica). According to the INE, the statistical data related to the tourism 
in the Mar Menor area involve the following towns: El Algar, Torre Pacheco, Los Urrutias, Los Alcázares, 
San Pedro del Pinatar, San Javier, Los Nietos, Los Belones and Cabo de Palos, which are in the proximate 
vicinity to the coastal lagoon. 

Moreover, we modelled the monthly series of travellers (natural-log scale) within an interrupted 
time-series (ITS) (Box & Tiao, 1975; Bernal et al., 2017) to isolate the ecological degradation effect from the 
COVID-19:

ln(Yₜ) = β₀ + β₁·t + β₂·t² + Σ γₘ·Monthₘ + θ₁·Lockdownₜ + θ₂·Restrictionsₜ + δ₁·Phase1ₜ + δ₂·Phase2ₜ + 

δ₃·Phase3ₜ + εₜ

where t is a linear trend; Month are eleven calendar-month indicators capturing seasonality; Lockdown 
and Restrictions capture the COVID-19 disruption (March–June 2020 and July 2020–December 2021); and 
Phase1–Phase3 are previously described intervals. Standard errors are heteroskedasticity- and autocor-
relation-consistent (HAC) following Newey and West (1987), using 12 lags. The post-2021 ecological effect 
is identified from the post-pandemic period that started in 2022. We complemented this with a pre-pan-
demic subsample (2012m1–2020m2, n = 98) that isolates the 2016 and October-2019 events free of COV-
ID-19; a seasonal ARIMA model with intervention regressors (SARIMAX(1,0,0)(0,1,1)₁₂); and a pre-pandemic 
counterfactual with a 95% prediction interval. Analyses were run in Stata 16 software.

4.3 Social Sensing Data
Beyond traditional tourism indicators, social sensing based on Twitter data was incorporated to analyse 
how environmental degradation of the lagoon is reflected in public discourse online. 

As part of the SMARTLAGOON project mentioned in the introduction, a tool named SensingTools has 
been developed to measure the social impact of political, economic and/or environmental actions on the 
citizens living in the vicinity of the Mar Menor. SensingTools analyses the messages posted by users on 
Twitter since 2010 about the Mar Menor. These tweets have been collected through the Twitter Academic 
Research API. 

We implemented a filtering procedure to identify tweets relevant to the Mar Menor ecological crisis. 
Tweets were classified according to three contextual groups based on the presence of specific location-re-
lated keywords. The first context (C₁) includes tweets explicitly mentioning “Mar Menor” or “#MarMenor”. 

https://www.itrem.es/itrem/estadistica
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The second context (C₂) comprises tweets referring to lagoon-side towns within the Mar Menor basin that 
are closely associated with the environmental crisis. More specifically, the keywords added to C₂ are: “San 
Javier”, “Los Alcázares”, “La Manga”, “Lo Pagan”, “Los Narejos”, “Santiago de la Ribera”, “Los Cuarteros”, “Las 
Lomas del Rame”, “El Carmolí”, “Bahía Bella”, “Los Urrutias”,” Los Nietos”,” Islas Menores”,” Mar de Cristal” 
and “Playa de la Llana”. The third context (C₃) includes tweets mentioning the main nearby urban centres, 
Murcia and Cartagena. After applying these contextual filters, the proportion of false positives within each 
group was evaluated to estimate the number of relevant messages for each context. 

The proportion of false positives was assessed through a manual labelling process carried out using 
the SensingTools application. A random sample of 500 tweets was extracted from each contextual group 
and manually reviewed by several experts and local citizens familiar with the Mar Menor area. Tweets 
were considered false positives when they did not express concern about the Mar Menor ecological crisis, 
did not refer to the environmental degradation of the lagoon, or were unlikely to affect other users’ per-
ception of the crisis. This manual validation was necessary because the interpretation of local toponyms 
is highly context-dependent and may vary depending on the geographical and social knowledge of the 
annotators.

After selecting the most suitable context for the analysis, the tweet corpus was preprocessed to re-
duce noise. First, highly repetitive messages and near-duplicate tweets posted by the same users were 
removed using a text-similarity threshold of 0.8, corresponding to more than 80% similarity. Second, 
messages not written in Castilian Spanish were excluded because the topic modelling pipeline is sensitive 
to linguistic heterogeneity and the subsequent sentiment analysis was designed for Spanish-language 
content. Finally, tweets were normalised by converting text to lowercase and removing URLs, punctuation 
marks, emojis and digits.

Topic discovery was then performed on the preprocessed tweet corpus using BERTopic (Grootendorst, 
2022), with the aim of identifying the main themes discussed in relation to the Mar Menor and, subse-
quently, isolating those topics related to tourism. BERTopic is a topic modelling framework that generates 
coherent topics from textual data through a multi-step pipeline. First, document embeddings are gener-
ated from the tweets using a pre-trained transformer-based model from the Sentence-BERT framework 
(Reimers & Gurevych, 2019). These embeddings represent tweets as dense vectors, allowing messages 
with similar semantic content to be located close to each other in the embedding space. The dimension-
ality of these embeddings is then reduced using UMAP (McInnes et al., 2018), which preserves relevant 
structures from the original high-dimensional representation. Next, HDBSCAN (Malzer & Baum, 2020) is 
applied to cluster semantically similar tweets and identify groups of messages corresponding to different 
topics, while also allowing outliers to be modelled. Finally, topic representations are generated using a 
class-based TF-IDF matrix (Sammut & Webb, 2010), which identifies the most representative terms for 
each topic. In this study, BERTopic was used exclusively for topic discovery and for identifying tourism-re-
lated tweets; sentiment polarity was assigned afterwards as a separate classification task.

Sentiment polarity was then used to characterise the tone of tourism-related messages. Polarity assign-
ment was performed within the SensingTools pipeline using the multilingual Twitter-XLM-RoBERTa-base 
sentiment model developed by CardiffNLP (Barbieri et al., 2022), a transformer-based model adapted 
to social media text. According to the original model evaluation, this architecture achieves an F1-score 
of 68.5 when trained and evaluated on Spanish tweets. Each tourism-related tweet was classified into 
one of three categories: positive, neutral, or negative. Positive tweets were defined as those expressing 
favourable perceptions of the Mar Menor as a tourist destination, including enjoyment, satisfaction, rec-
ommendation, promotion of tourism activities, or positive references to local attractions. Negative tweets 
were defined as those expressing criticism, concern, dissatisfaction, or adverse perceptions associated 
with the ecological crisis, environmental degradation, water quality, loss of attractiveness, or the negative 
impact of the crisis on tourism. Neutral tweets corresponded to descriptive, informative, promotional, or 
ambiguous messages without a clearly identifiable positive or negative stance.

4.4 Mobility Data
Another important factor to measure the impact of crises in the Mar Menor is the analysis of its tourist 
mobility. Regarding the data related to this factor, the Spanish Ministry of Transportation (SMT) provides a 
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nation-wide human mobility dataset reporting displacements in Spain since February 2020 (https://www.
mitma.es/ministerio/covid-19/evolucion-movilidad-big-data/opendata-movilidad). Given the time period 
covered by our study, this official dataset allows us to evaluate the impact of the Phase-3 crisis of the Mar 
Menor in terms of tourist mobility. Note that the SMT is the only public institution providing an open da-
taset on human mobility covering the Spanish territory. As it only covers the period from February 2020 
onwards, it is not feasible to perform a similar study for the previous crisis in 2017 and 2019. 

In terms of data format, the mobility dataset provides information on the number of trips among 
3216 ad-hoc administrative areas (hereby Mobility Areas, MA) per hour in Spain, including both its penin-
sular and insular extension. A single trip represents the spatial displacement of an individual covering a 
distance greater than 500 meters. Consequently, this dataset could be regarded as a set of tuples, each 
following the format

⟨date, hour, m₍origin₎, m₍dest₎, a₍origin₎, a₍dest₎, n₍trp₎, dist⟩

reporting that there were n₍trp₎ human trips from the MA m₍origin₎ with a₍origin₎ as primary activity 
to the MA m₍dest₎ with a₍dest₎ as primary activity and whose distance were dist km during the indicated 
date and hour. Regarding the primary activities, the study only indicates home, work and other as possible 
values. As a result, the study distinguishes flows related to frequent movements (e.g. home-to-work trips) 
or infrequent ones (e.g. work-to-other trips).

In this work, we focus our analysis on the 5 MAs that are next to the Mar Menor sea. Figure 4 shows 
these MAs in green along with the spatial boundaries of their surrounding MAs as blue lines. 

Figure 4. Map Showing the Target MAs of the Mobility Study in Green. The Boundaries of the Surrounding MAs 
are Shown as Blue Lines

Source: Own Elaboration

The following section presents the main results of the analyses described above, which contribute to 
addressing the research questions of this study.

https://www.mitma.es/ministerio/covid-19/evolucion-movilidad-big-data/opendata-movilidad
https://www.mitma.es/ministerio/covid-19/evolucion-movilidad-big-data/opendata-movilidad
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5. Findings

5.1 Economic Outcomes
This section presents the results of the tourism data analysis, highlighting the evolution of travellers and 
overnight stays in the Mar Menor area over the eleven-year period, with the aim of addressing Research 
Question 1.

Figure 5 and Figure 6 show the timeseries with the number of travellers and overnight stays from 2012 
to 2022 in the Mar Menor area, grouped by their country of residence. As defined by the INE, travellers 
refer to “individuals who have made one or more consecutive overnight stays in the same accommoda-
tion”, while overnight stays are each night that a traveller stays at the establishment. Seasonality strongly 
shapes tourist arrivals, with peak flows in August for Spanish residents, while foreign visitors peak mainly 
in September–October, with some other relevant peaks in June 2016 and June 2019.

Figure 5. Timeseries with the Number of Travellers in the Area of Mar Menor

Source: Own Elaboration

Regarding the periods of crises in the Mar Menor, a first significant decline occurred in August 2016, 
where both the total number of travellers and Spanish residents experienced a 13% decrease (from 26,614 
total travellers in 2015 to 23,284 in 2016). According to Figure 2, the highest concentration of news related 
to the onset of the first crisis took place in July and August 2016.

The next decrease of 6% was observed in September 2019, which continued in the following month, 
with a 14.5% decrease in the total number of tourists and with a decline of 8.6% in overnight stays com-
pared to October 2018. Those negative trends coincided with the Phase-2 crisis of the Mar Menor, when 
the marine life of the coastal lagoon was left with no oxygen and started to die out (Figure 3). 

Figure 6. Timeseries with the Number of Overnight Stays in the Mar Menor Area

Source: Own Elaboration
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In 2020, a significant decrease in the number of travellers occurred due to the impact of the Covid-19 
pandemic. Therefore, it is more appropriate to compare the data from 2021 with that of 2019. In August 
2021, there was a noticeable increase in the number of travellers. However, in October of the same year, 
there was a decline of 7.7% in the total number of tourists and a decrease of 37.7% in overnight stays in 
the Mar Menor area. The reduction in the number of travellers could have been impacted by the Phase-3 
crisis, which consequences were discussed until the end of October in both national and international 
news (Figure 3). In August 2022, both the total number of tourists, the number of Spanish residents and 
total number of overnight stays experienced a decline of 18%, 24.5% and 13%, respectively, when com-
pared to August 2021.

Finally, Figure 7 shows the duration of the average stay in the hotels of Mar Menor. It is calculated as 
the ratio of overnight stays to the number of travellers. From 2012 to 2015, the average stay rates ranged 
from 4 to 4.2 days. However, in the summer of 2016, there was a noticeable increase, with Figures ris-
ing by 15% compared to the previous years. Nevertheless, from 2017 to 2019, the average stay number 
declined and fell below 4 days. Lastly, compared to August 2019, summer indicators in 2021 and 2022 
remained lower, with average stays decreasing by 19% and 14.5%, respectively.

Figure 7. Timeseries with the Number of Average Stay of Travellers in the Mar Menor Area

Source: Own Elaboration

After visual timeline comparison, to better quantify the relationship between ecological crises and de-
clines in tourism indicators we applied time series techniques, which estimated effects are summarised in 
Table 1. Phase 1 showed no significant effect on travellers (+2.4%, p = 0.57). Nevertheless, October 2019 
(Phase 2) is associated with a significant reduction of 12% (−12.4%, p < 0.001), estimated on pre-pandemic 
interval. The August 2021 event (Phase 3) could not be separated from the pandemic: its coefficient is 
non-significant once COVID-19 controls are included (p > 0.10). The pre-pandemic counterfactual (Figure 
8) observed travellers 40% below trend in 2021 and 18% below in 2022, so the 2021–2022 decline cannot 
be attributed specifically to the ecological crisis with single-destination data.

Table 1. Estimated Effects on Monthly Travellers

Event / shock Window Model Effect p-value

Phase 1 — 2016 eutrophication Pre-COVID ITS (quadratic trend) +2.4% 0.57 (n.s.)

Phase 2 — Oct 2019 mortality Pre-COVID ITS (quadratic trend) −12.4% < 0.001

Phase 3 — Aug 2021 mortality Full sample ARIMA intervention +33.0% 0.60 (n.s.)

COVID-19 restrictions Full sample ARIMA intervention −34.6% 0.011

2021 vs counterfactual 2021 Pre-pandemic projection −40.1% outside 95% PI

2022 vs counterfactual 2022 Pre-pandemic projection −18.4% within 95% PI

Source: Own Elaboration. n.s. = not significant; PI = prediction interval. Effects are multiplicative (percentage) changes derived from log-linear coeffi-
cients
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Figure 8. Monthly Travellers Versus the Pre-Pandemic Counterfactual

Source: Own Elaboration. 95% prediction interval. Vertical dotted lines mark the three ecological crises; the model controls for COVID-19

Moreover, we applied the same models to the other two indicators – overnight stays and average 
stay (Table 2). In the pre-pandemic interval, the October 2019 event significantly reduced both travellers 
(−12.4%) and overnight stays (−7.8%, p = 0.02), while average stay was not affected. Phase 1 again showed 
no adverse effect, and the COVID-19 period depressed all three indicators (overnight stays −55%, p = 
0.006; average stay −15%, p = 0.04).

Table 2. Ecological-crisis Effects Across the Three Outcomes (Clean Pre-Covid Estimates)

Outcome Phase 1 — 2016 Phase 2 — Oct 2019

Travellers +2.4% (n.s.) −12.4% (p < 0.001)

Overnight stays +8.9% (p = 0.001) −7.8% (p = 0.02)

Average stay +6.4% (n.s.) +5.2% (n.s.)

Source: Own Elaboration

5.2 Social Sensing Outcomes
With the three contexts defined, the number of tweets retrieved for each context was compiled together 
with the corresponding percentage of false positives. Table 3 shows that the percentage of false posi-
tives increased as the context expanded, indicating that broader geographical filters retrieved a higher 
proportion of messages unrelated to the Mar Menor ecological crisis. The baseline context, C₁, which 
only considered tweets explicitly mentioning “Mar Menor” or “#MarMenor”, retrieved 30,235 tweets and 
showed a false-positive rate of 32.2%. Context C₂, which also included lagoon-side towns, retrieved 65,999 
tweets and showed a false-positive rate of 43.0%. Finally, context C₃, which additionally included Murcia 
and Cartagena, retrieved 835,614 tweets but reached a substantially higher false-positive rate of 82.6%.

It is also important to note that the number of retrieved tweets increased substantially as more loca-
tion-related terms were included. Context C₂ more than doubled the number of tweets retrieved by C₁, 
while C₃ retrieved more than 27 times the number of tweets obtained with C₁. However, this increase in 
volume came at the cost of a much higher proportion of false positives. Based on these results, C₂ was 
selected as the final context for the analysis. This context increased the number of potentially relevant 
tweets compared with C₁ while maintaining a considerably lower level of noise than C₃. Moreover, C₂ in-
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cludes the neighbouring towns most directly affected by the ecological crisis, particularly in relation to its 
potential effects on tourism activities. In contrast, C₃ introduced substantial noise because many tweets 
mentioning Murcia or Cartagena were unrelated to the lagoon or to the environmental crisis.

Table 3. Ecological Evaluation Results for the Different Contexts Analysed

Context Total messages % False positives

C₁ 30,235 32.2

C₂ 65,999 43.0

C₃ 835,614 82.6

Source: Own Elaboration

After selecting C₂, the corpus was preprocessed following the procedure described in Section 4.3. High-
ly repetitive messages and near-duplicate tweets from the same users were removed, resulting in the 
exclusion of 9.3% of the original tweets. In addition, more than 8,000 messages not written in Castilian 
Spanish were excluded to ensure linguistic consistency in the topic modelling and sentiment analysis 
pipeline. After all preprocessing steps, the final corpus contained 51,622 tweets.

BERTopic was then applied to the preprocessed C₂ corpus to identify the main topics discussed in rela-
tion to the Mar Menor. The model initially returned more than 500 topics, although only a limited number 
of them were directly related to tourism. Overall, 2,096 messages out of 51,622, corresponding to 4.1% 
of the final corpus, were assigned to tourism-related topics. These topics included terms associated with 
tourism activities and accommodation, such as “hotel”, “camping”, “resort”, and related expressions.

After identifying the tourism-related topics, sentiment polarity was assigned within the SensingTools 
pipeline following the criteria described in Section 4.3. Figure 9 shows the temporal distribution of tour-
ism-related tweets according to their polarity classification. Since 2014, tourism-related tweet activity 
showed a seasonal pattern, with higher activity during the summer months and lower activity during the 
winter. A decrease in tourism-related tweets was observed in 2017 and again in 2021. Regarding senti-
ment polarity, most summer peaks between 2014 and 2017 were dominated by neutral tweets. However, 
from late 2019 onwards, negative mentions related to tourism in the Mar Menor became more visible, 
coinciding with the second major ecological crisis affecting the lagoon.

Figure 9. Sentiment Analysis of Tourism-Related Tweets

Source: Own Elaboration
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5.3 Mobility Outcomes
To answer RQ3 and to measure the impact of crises in Mar Menor, we performed the analysis of tourist 
mobility, using a nation-wide human mobility dataset provided by the Spanish Ministry of Transportation 
(SMT). 

The first step in the analysis was to extract the flows that corresponded to tourist trips (mobility move-
ments exceeding 100 km in which the destination is neither the user’s home nor workplace) towards such 
MAs from the dataset. To do so, we retained the mobility records that met the following two conditions: 
(1) a₍dest₎=other and (2) dist ≥100$. Thus, we only considered long displacements (distance higher than 
100 km) whose destination was not a frequent spot for the travellers (destination activity neither home 
nor work). This filter removed 94.2% of the original mobility records in the dataset. As a result, Figure 10 
shows the timeseries with the total number of daily incoming trips to each of the 5 MAs in the Mar Menor 
region. Let us call this timeseries dataset T₂₀₂₁. Observe that the largest number of trips occurred during 
July and August. This is consistent with the tourist seasonality of the 5 target cities (Arroyo-Mompeán & 
Vegas-Juez, 2019).

Figure 10. Timeseries with the Total Number of Incoming Trips to the Mar Menor Municipalities

Source: Own Elaboration. The dark blue line indicates the average value of all the MA whereas the bluish area around the line indicates the 95% 
confidence interval

Next, we computed the change points of T₂₀₂₁, i.e., the points where the timeseries meaningfully 
changed. These points were calculated following a bottom-up strategy (Fryzlewicz, 2007). More in detail, 
this algorithm starts with a maximum number of change points and gradually deletes the less significant 
ones. In this manner, the timeseries is divided into many sub-signals along a regular grid. Subsequently, 
contiguous segments are merged one by one, considering a measure of their similarity. By means of these 
breakpoints, we were able to detect the moments throughout the year where the arrival of tourists expe-
rienced a meaningful change.

Figure 11(a) shows the break points detected in T₂₀₂₁ as dashed green lines. The vertical red lines in 
11(a) indicate the dates when a piece of news about the Mar Menor was published. The vertical dashed 
green lines indicate the breakpoints of each timeseries. Bearing in mind the crisis in Phase 3 (August 
2021-October 2021), the algorithm detected 3 different points on 2021-08-18, 2021-09-05 and 2021-09-22. 
This reveals that during the second half of August and September, the arrival of tourist to the Mar Menor 
region had some relevant shifts.
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Figure 11(a). Tourist Mobility in the Mar Menor in 2021

Source: Own Elaboration

Furthermore, we compared these breakpoints with those related to the tourist flow in 2020, T₂₀₂₀ (see 
Figure 11(b)). This timeseries was extracted from the human mobility dataset released by the Spanish In-
stitute of Statistics (INE), which covered the year 2020. The dataset utilized the same Mobility Areas (MA) 
tessellation as defined in the SMT (https://www.ine.es/experimental/movilidad/experimental\_em4.htm). 
Since the INE dataset did not include the origin and destination activities of the trips, we applied the same 
100-km filtering criteria than for T₂₀₂₁ to compose the final timeseries. We obtained some interesting find-
ings from this comparison. First, the number of breakpoints in August and September of 2020 was slightly 
higher than in 2021: there were 5 breakpoints (2020-08-03, 2020-08-13, 2020-08-18, 2020-08-28, 2020-09-
12, 2020-10-12). This reflects a different pattern in the arrival of tourists during these months, particularly 
in the latter half of August. Indeed, T₂₀₂₁ only involved 1 breakpoint (2021-08-18), whereas there were 3 in 
T₂₀₂₀ (2020-08-13, 2020-08-18, 2020-08-28). 

Figure 11(b). Tourist Mobility in the Mar Menor in 2020

Source: Own Elaboration

To delve deeper into this finding, Table 4 shows the slope of T₂₀₂₁ between consecutive breakpoints. 
For example, the slope of the linear curve fitting the slice of T₂₀₂₁ between 2021-08-18 and 2021-09-05 was 
-0.111. This table provides valuable insights into the rate of increase or decrease in tourist arrivals during 
specific time intervals. Additionally, we have included the corresponding slopes of T₂₀₂₀ for comparison. 
It is important to note that the slopes in the table have been calculated based on the normalized version 
of the timeseries. Thus, the negative values of all the slopes presented in Table 4 are consistent with the 
visual pattern depicted in Figure 10(a) and 10(b), indicating a steady decline in tourist arrivals from August 
18th to October 19th in both years.

https://www.ine.es/experimental/movilidad/experimental\_em4.htm
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Table 4. Slopes of the Tourists´ Timeseries for the Time Periods between Break Points

Period (month-day) T₂₀₂₁ slope T₂₀₂₀ slope

08-18→09-05 -0.111 -0.099

09-05→09-22 -0.135 -0.080

09-22→10-19 -0.022 -0.033

08-08→10-19 -0.041 -0.038

Source: Own Elaboration

As shown in Table 4, the slopes in the first two slides (08-18→09-05 and 09-05→09-22) were more neg-
ative in 2021 than in 2020. This indicates that tourists left the Mar Menor region in 2021 at a faster pace 
during the last two weeks of August and the first of September than in the previous year. It is worth men-
tioning that these 3 weeks coincided with the central period of the Phase 3 crisis of the Mar Menor, during 
which a significant number of articles were published in the media. Finally, the last row of Table 4 shows 
the slope of both timeseries covering the whole time period of the Phase 3 crisis. In this case, the slope 
of T₂₀₂₁ (-0.041) was slightly more negative than the one in the same period of 2020 (-0.038). This confirms 
that, in global terms, the decrement of tourist arrivals during the Phase-3 crisis was slightly faster than in 
the previous year.

Finally, to validate the reliability of the human mobility flows used in this study, they were compared 
with the official number of visitors to the municipalities of the Mar Menor reported by the Tourism Office 
of the Region of Murcia (https://www.turismoregiondemurcia.es/es/estadisticas_de_turismo?pagina=via-
jeros-y-pernoctaciones-segun-destinos). In this regard, Figure 12 shows this visitor flow alongside the mo-
bility flows previously analysed. The Pearson correlation between this visitor flow and the human mobility 
series T2020 and T2021 was 0.949 and 0.900, respectively. This indicates that both mobility flows reliably 
capture touristic-related movement within the target geographical area.
It is important to note that the aforementioned official tourist flow presents significant limitations that 
prevent its use as the primary data source for this study. First, it has a monthly granularity, which pre-
cludes a weekly analysis such as that conducted using the mobility flows. Second, the dataset does not 
include data from March to June 2020, a period that is particularly relevant for the intended analysis.

Figure 12. Tourist Mobility in the Mar Menor in 2020 and 2021 along with the Official Number of Visitors

Source: Own Elaboration

6. Discussion
In this section we are going to answer the established Research Questions (RQs) and relate the results 
obtained with those of studies related to use of social media for measuring the effect of certain events 
and actions on the population and surroundings.

https://www.turismoregiondemurcia.es/es/estadisticas_de_turismo?pagina=viajeros-y-pernoctaciones-segun-destinos
https://www.turismoregiondemurcia.es/es/estadisticas_de_turismo?pagina=viajeros-y-pernoctaciones-segun-destinos
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6.1 RQ.1: Is there a relationship between ecological conditions in the Mar Menor lagoon 
and fluctuations in tourist arrivals over an eleven-year period based on statistical data?
The analysis confirms a relationship between the ecological condition of the Mar Menor and tourism 
performance, measured through travellers, overnight stays, and average stay. Periods without major en-
vironmental disturbances show relatively stable tourism indicators, whereas ecological crisis phases co-
incide with declines across variables, in line with recent evidence linking eco-degradation to changes in 
tourist behaviour in the Mar Menor (Sarabia-Sánchez et al., 2025).

From 2016 onward, the number of travellers and overnight stays declined steadily after peaking in 
2015, with the largest reductions among Spanish residents in 2017, corresponding to Phase 1 of the eco-
logical crisis. However, when time-series models were applied, the observed variation in 2016 was not sta-
tistically significant. A further downturn was observed in late 2019, particularly in October, aligning with 
the Phase 2 environmental degradation of the coastal lagoon, when the number of travellers (-12,4%) and 
overnight stays (-7,8%) declined significantly, while the average stay remained stable.  These patterns are 
consistent with previous findings showing that marine pollution in the Mar Menor reduces accommoda-
tion attractiveness and tourism intensity (Fernandez Ferrero et al., 2022).

After excluding 2020 due to the Covid-19 pandemic, tourism indicators did not recover to pre-crisis 
levels. Despite an increase in August 2021, which could not be separated from Covid-19 pandemic shock, 
subsequent months and the year 2022 exhibited renewed declines in travellers and overnight stays, par-
ticularly following the Phase 3 crisis. The persistence of these effects supports evidence that once envi-
ronmental degradation becomes widely perceived, its economic consequences are long-lasting (Lamas 
Rodríguez et al., 2023).

6.2 RQ.2: Do sentiment analysis patterns correspond with changes in economic indicators 
and ecological conditions on the Mar Menor lagoon?
It is common among researchers to use social media data to study the sentiments and spatiotemporal 
behaviour of individuals. Twitter can be used to measure the impact of tweets on tourism (Ramanathan 
& Meyyappan, 2019; Paolanti et al., 2021; Ramya et al., 2021). Moreover, it allows researchers to trace 
visitors’ satisfaction in natural areas (Becken et al., 2017; Hale, 2018), and shows the correlation between 
tourism and environment. It even helps to see the sentiments of people during critical events (Ruz et 
al., 2020). In our study we analysed the messages posted by users on Twitter since 2010 about the Mar 
Menor. 

Since 2014, tweet activity related to the Mar Menor has followed a stable and clearly seasonal pattern, 
with higher volumes during the summer months and lower activity in winter. This behaviour reflects the 
strong seasonality of tourism demand in the area and suggests that social media discourse evolves in 
parallel with tourism dynamics. Notably, a reduction in tourism-related tweets was observed in 2017 and 
later in 2021, which corresponds with the declines identified in economic tourism indicators, including the 
number of travellers, overnight stays, and average length of stay during the same periods.

As we mentioned before, social media platforms such as Twitter have been widely recognised as valu-
able sources for capturing tourists’ expressed sentiments, satisfaction levels, and overall perceptions of 
destinations through user-generated content (Paolanti et al., 2021; Kurniawan, et al., 2025). 

In this regard, messages posted during the summer peaks between 2014 and 2017 were predominant-
ly neutral, indicating a relatively stable perception of the destination despite the onset of environmental 
degradation. However, from late 2019 onwards, a gradual increase in negative tourism-related mentions 
was detected. 

This shift coincides with the second ecological crisis and aligns with the deterioration observed in tour-
ism demand indicators, reinforcing previous evidence that changes in online sentiment reflect broader 
perception shifts and behavioural responses in coastal tourism contexts (Wang et al., 2025).

Nevertheless, some methodological limitations of the social sensing analysis should be acknowledged. 
First, messages not written in Castilian Spanish were excluded to ensure linguistic consistency in the 
topic modelling and sentiment analysis pipeline. Although this decision improves the comparability of 
the analysed tweets, it may underrepresent the perceptions of international tourists, foreign residents, 
or users who discussed the Mar Menor in other languages. Therefore, the results should be interpreted 
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primarily as reflecting Spanish-language public discourse. Second, although the XLM-RoBERTa-based sen-
timent model used in the SensingTools pipeline reports an F1-score of 68.5 when trained and evaluated 
on Spanish tweets, no additional supervised training or corpus-specific validation was developed in this 
study. Creating such a benchmark would require the manual annotation of a sufficiently large sample of 
tweets, which is a subjective and non-trivial task due to the short length of tweets, the presence of irony 
or ambiguity, and the need for local knowledge to correctly interpret references to the Mar Menor eco-
logical crisis. Consequently, polarity labels should be interpreted as indicators of the dominant tone of 
tourism-related discourse rather than as definitive individual-level sentiment annotations.

6.3 RQ.3: What patterns can be identified in tourist mobility in the region in relation to 
ecological changes in the Mar Menor lagoon?
To answer RQ3 and identify the mobility patterns in Mar Menor area, we performed the analysis of tour-
ist mobility. While some researchers obtained GPS-based location data from mobile apps (Möhring et 
al., 2021) or car navigation systems, or data from cell phone towers (Schmücker & Reif, 2022), we used 
a nation-wide human mobility dataset provided by the Spanish Ministry of Transportation (SMT) since 
February 2020. 

Moreover, tourism mobility analysis has contributed to tracking of the behaviour of tourists and its 
changes before, during and after crisis and disaster events, whether it’s a health or economic crisis or 
an environmental issue. Park et al. (2022) and Czarnecki et al. (2023) ascertained behavioural changes in 
travel mobility of tourists in periods before and during such a massive issue as the COVID-19 pandemic. 
Our study aimed to see the relation between the Mar Menor crisis, and the movements of tourist flows 
in the area – tourists’ altered behaviour. According to our findings travellers left the Mar Menor region in 
2021 faster than in the previous year. The time of their leaving coincided with the central time period of 
the Phase 3 crisis of the Mar Menor. Our results also confirmed that, during the third phase of the crisis, 
the decline in visitor arrivals was quicker than it was the year before, which shows a clear mobility pattern 
related to the ecological changes of Mar Menor.

7. Conclusion
This study successfully demonstrates how tourism declines resulting from environmental degradation 
can be systematically measured and tracked across economic, social, and mobility dimensions. Focused 
on the Mar Menor crisis, our proposal shows that the ecological crisis phases of 2016, 2019, and 2021 co-
incided with declines in traveler arrivals and overnight stays. Social sensing demonstrated a sharp drop in 
tourism-related discourse and a rise in negative sentiment during these events. Finally, the mobility anal-
ysis corroborated these findings, indicating that the departure of tourists from the region was significantly 
accelerated during the 2021 crisis compared to the baseline trends of the previous year.

7.1 Theoretical and Practical Implications
The theoretical implications of this study lie in extending behavioral decision-making models to envi-
ronmental crises by showing how risk assessments and threat evaluations translate into both cognitive 
online sentiment and physical mobility changes. Methodologically, this study demonstrates the value of 
integrating economic, mobility and social sensing data, offering a more complete framework than studies 
relying on single data sources. Practically, our framework provides the basis for an actionable tool for 
different actors to manage environmental crises. Thus, for stakeholders, the integration of public data 
streams serves as a proactive decision-making system to monitor tourism health alongside environmen-
tal indicators. Destination management organizations can utilize the social sensing and mobility-tracking 
dimensions of our proposal to monitor shifts in reputation and tourist flows in real time. Finally, the 
framework can be adapted to provide tourists with access to transparent information dashboards, em-
powering travelers to make well-informed destination choices.
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7.2 Limitations
Several limitations must be acknowledged in this work. First, the human mobility dataset from the Spanish 
Ministry of Transportation was only available from February 2020 onward, preventing a comparative long-
term mobility analysis for the earlier 2016 and 2019 crisis phases. Second, the social sensing analysis was 
restricted to Twitter, which might reflect a demographic bias and does not capture the opinions of trav-
elers who do not use microblogging platforms or who utilize specialized travel review sites. Third, while 
the official economic statistics provide a reliable baseline of traveler behavior, they primarily represent 
formal hotel and registered apartment accommodation, potentially omitting informal stays or secondary 
residences. Lastly, the August 2021 event coincides with pandemic restrictions and an uneven recovery, 
and with single-destination data the two events cannot be fully separated.

7.3 Future Line of Research
Some lines of future work can follow this work. First, the mobility analysis could be expanded by integrat-
ing alternative historical datasets—such as localized mobile network data or app-based GPS traces—to 
evaluate tourist movement patterns during the earlier 2016 and 2019 crises. Second, the social sensing 
methodology could be broadened to include specialized tourism and hospitality platforms, such as Tr-
ipAdvisor or Booking.com, to directly correlate environmental sentiment with verified accommodation 
reviews and local business performance. Finally, future studies should aim to develop predictive machine 
learning models that integrate real-time water quality indicators with social and mobility data, providing 
local authorities with proactive early-warning systems to forecast and mitigate the socio-economic im-
pacts of future ecological anomalies.
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