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ABSTRACT

This article examines the diffusion and refutation of the false narrative alleging hundreds of 
deaths in the Bonaire parking lot after the October 2024 DANA (Depresión Aislada en Niveles 
Altos, or cut-off low) floods in Valencia, Spain. Drawing on a corpus of 6,324 posts published on 
X, the study applies a mixed-methods design that combines social network analysis with natural 
language processing (NLP) using large language models (GPT-5-nano). The analysis examines 
co-mention and co-hashtag structures, discursive communities, sentiment, and automated 
classification of message veracity. The results show the initial spread of the rumor, followed by a 
dominant corrective response led by media, institutional, and fact-checking actors. The findings 
are interpreted through risk society theory and the public sphere framework. They support a 
tri-factorial proposition about the structural conditions that shape the asymmetry between 
disinformation and correction in disaster contexts: circulation speed, empirical verifiability, and 
unequal visibility across discursive communities.
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INTRODUCTION

Contextualization

On October 29, 2024, one of the most severe natural disasters in Spain’s recent history 
struck the southeastern Iberian Peninsula (Rodríguez Hernández & Ortega Fernández, 
2025). The event resulted from a meteorological phenomenon known as Depresión Aislada 
en Niveles Altos (DANA, or cut-off low), whose greatest impact occurred in the Valencian 
Community. A DANA occurs when a mass of cold air becomes isolated at high altitude and, 
upon reaching warm areas, generates atmospheric instability that can produce torrential 
rainfall and flooding (Martín León, 2003).

According to the Ministry for Ecological Transition and the Demographic Challenge (2024), 
Spain recorded the heaviest rainfall in its historical series that month, with precipitation 
levels nearly double the monthly average. The consequences were devastating. The disaster 
caused 237 fatalities—229 in the Valencian Community, 7 in Castilla-La Mancha, and 1 in 
Andalusia—across 78 municipalities. It also produced hundreds of injuries and material 
losses valued at billions of euros (Government of Spain, 2025).

Society in the face of disaster

Beyond its material toll, the catastrophe deeply affected Spanish society. Public 
outrage over institutional management of the emergency coincided with widespread 
citizen mobilization. More than 100,000 volunteers traveled to the affected areas to assist 
with rescue, cleanup, and logistics tasks (Gálvez-Hernández et al., 2025). At the same time, 
coordination problems and delays in issuing alerts generated a crisis of public trust (Martín-
Moreno et al., 2025). Spanish society thus found itself caught in a tension between strong 
citizen resilience and visible institutional fragility.

Aldrich and Meyer (2015) show that social capital and collective identity shape post-
disaster recovery because communities with stronger trust and cooperation networks tend 
to recover more quickly. Yet the Spanish case extended beyond cooperation. In the weeks 
following the disaster, large political mobilizations took place in Valencia, Alicante, and Elche 
to demand accountability from public authorities (BBC News Mundo, 2024; Camacho, 2024). As 
García Calavia (2024) argues, the DANA should not be reduced to a natural disaster. Rather, it 
should be understood as a socially produced event whose consequences disproportionately 
affected older adults, migrants, and precarious workers. Ortiz et al. (2025) similarly emphasize 
that this unequal distribution reflects historical, political, and urban-planning processes that 
shape exposed territories and unequally protected populations.

This context requires situating the 2024 DANA within broader structural processes that define 
contemporary society: the social production of risk, the communicative transformation of the 
public sphere, and the expansion of disinformation as a contemporary form of uncertainty.

Reflexive modernity: risk, uncertainty, and distrust

Beck (1998) characterizes risk society through the systemic production of manufactured 
risks: risks generated by industrialization and technological modernization that exceed 
institutional capacities for management and communication. Within this framework, 
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institutional failures do not appear as isolated accidents. They instead reflect what Beck 
calls organized irresponsibility, or the structural tendency of modern institutions to deny, 
distribute, or obscure their responsibility in the production of risk (Beck et al., 1997).

Cottle (1998) shows that the media do not merely transmit information about risk. They 
also participate in its social construction by selecting which dangers deserve attention and 
how those dangers should be framed. Mythen (2004) extends this argument by noting that 
the manufactured uncertainty typical of risk society creates information gaps that media 
systems—and, today, digital platforms—often fill with simplified or false narratives. Cantón-
Correa (2024) formalizes this connection by conceptualizing digital disinformation as a 
paradigmatic manufactured risk of the digital era: invisible in origin, global in reach, and 
difficult to attribute to a specific agent.

Giddens (1991, 1993) complements this framework through the concepts of disembedding 
and ontological security. In late modernity, individuals rely on abstract expert systems to 
manage aspects of life that exceed direct personal knowledge. When these systems fail, as 
occurred with early-warning mechanisms during the DANA, breaches in ontological security 
generate anxiety, distrust, and active searches for alternative interpretive frameworks. This 
erosion of trust in expert systems provides the sociological foundation for receptivity to 
conspiratorial and disinformative narratives (Douglas et al., 2019; Harambam & Aupers, 2015). 
When institutions lose epistemic authority, alternative accounts can occupy the resulting 
space by offering simple explanations for complex events.

This article draws on risk society and reflexive modernity theory to interpret the 2024 DANA 
and the Bonaire hoax as a hybrid risk case in which natural catastrophe, institutional failure, 
and disinformation became inseparably connected. The loss of credibility of emergency-
management institutions, documented in the Valencian case by Martín-Moreno et al. (2025) 
and Torres-Romay (2024), generated the information gap that constitutes the first factor in 
this study’s central proposition.

Throughout this article, the term “hoax” (bulo) follows the Spanish academic literature on 
disinformation during the DANA (López Carrión & Llorca Abad, 2025; Nut & Jordá, 2025). The 
term carries a semantic association with intentional deception. From a broader perspective, 
however, the phenomenon could also be framed as a controversy or as decentralized 
misinformation (Wardle & Derakhshan, 2017). This article uses the term conventionally and 
descriptively, without necessarily presupposing actors with an explicit intention to disinform.

Communication, public sphere, and network society

Risk is not only material or institutional. It is also a communicative construction produced, 
negotiated, and amplified in the public sphere. Habermas (1989) argues that systemic 
logics of power and money have historically colonized the bourgeois public sphere and 
distorted communication. Digitalization intensifies this colonization. Drawing on Habermas’s 
recent reflections (Habermas, 2023), as synthesized by Peña Jiménez (2024), digital public 
communication can be understood as a new structural transformation of the public sphere. 
Fragmentation into sub-publics, echo chambers, disinformation flows, and algorithmic 
mediation weaken the conditions for democratic deliberation.

Dahlgren (2005), applying the Habermasian framework to the internet, argues that the 
digital public sphere does not operate as a unified space. Instead, it consists of multiple 
dispersed micro-publics that hinder consensus formation and favor polarization. Benkler et 
al. (2018), in their empirical analysis of the North American media ecosystem, demonstrate 
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that this fragmentation is structurally asymmetric: some sectors of the public sphere possess 
greater capacity to amplify false narratives, creating systemic conditions for disinformation 
regardless of individual actors’ intentions.

In crisis contexts, risk communication becomes a field of symbolic power in which media, 
institutional, and citizen actors compete to impose interpretive frames (Kasperson et al., 
1988; Reynolds & Seeger, 2005). The Social Amplification of Risk Framework (SARF) proposed 
by Kasperson et al. (1988) describes how media and social networks can disproportionately 
amplify certain risks by selecting, dramatizing, and decontextualizing information. This 
process can generate public responses disproportionate to the actual threat. Recent 
studies have applied SARF to digital platforms to explain how disinformation spreads during 
emergencies by exploiting institutional information gaps (Kasperson et al., 2022).

Castells (2009) extends this analysis by arguing that digital platforms configure a new 
model of mass self-communication, in which any actor can produce and disseminate 
messages to global audiences without institutional intermediation. This model exponentially 
increases the capacity to propagate alternative narratives. It also means that a message’s 
visibility depends less on its epistemic value than on its network position and on the nodes 
that amplify it.

The other flood: disinformation, polarization, and conspiracy theories

Mass self-communication in digital society has developed alongside what the World 
Economic Forum (2025) identifies as one of the principal global risks: disinformation 
(Taboada-Villamarín, 2025). In the case of the DANA, López Carrión and Llorca Abad (2025) 
describe this phenomenon as a “tsunami of disinformation” resulting from the collapse of 
institutional communication. Wardle and Derakhshan’s (2017) framework on information 
disorders—misinformation, disinformation, and malinformation—offers a crucial analytical 
distinction because it prevents researchers from presupposing disseminators’ intentionality. 
In emergency contexts, a significant portion of false or misleading content circulates because 
users seek to share alerts within trusted circles, not necessarily because they intend to 
deceive (Soto González, 2025).

In high-speed digital environments, automatic processing facilitates the uncritical 
acceptance of emotionally activating messages (Kahneman, 2011). When individuals do not 
activate analytical reasoning, which often occurs under information saturation and high 
emotional pressure, susceptibility to disinformation increases significantly (Pennycook 
and Rand, 2021). Affective polarization further reduces incentives to verify content within 
homogeneous discursive communities (Iyengar et al., 2019).

Disinformation during the DANA followed the typical pattern of media crises, reaching 
maximum intensity during the first days. Hoaxes peaked on the third day and concentrated 
in three thematic blocks: sensationalism and victims, politicization and institutions, and 
conspiracy theories (López Carrión & Llorca Abad, 2025; Nut & Jordá, 2025).

The most emblematic case involved the Bonaire shopping center parking lot in Aldaia. 
López Carrión and Llorca Abad (2025) described it as “the hoax that shook Spain’s heart.” The 
rumor claimed that hundreds of fatalities remained inside the flooded parking lot. Official 
sources and fact-checking organizations later deemed the claim false (Nut & Jordá, 2025). The 
rumor represented 20.3% of false content during the first week and combined three features: 
dramatic visuality, emotional appeals to fear, and institutional distrust around the alleged 
concealment of victims.
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Other hoaxes circulated about negligence by the State Meteorological Agency (AEMET) 
and the Júcar Hydrographic Confederation (CHJ), as well as conspiracy theories about the 
High Frequency Active Auroral Research Program (HAARP) and the demolition of Franco-era 
dams. These were among the claims most frequently verified by fact-checkers during that 
period (Alonso Muñoz & Tirado García, 2025; Nut & Jordá, 2025). This temporal pattern aligns 
with the structural asymmetry documented by Vosoughi et al. (2018), who show that false 
information spreads faster and farther than true information, especially in the first hours of 
an event. It also aligns with Friggeri et al. (2014), who show that corrections on social media 
often arrive after false narratives have already circulated widely.

Influential actors, including media communicators, influencers, and political leaders, 
amplified 17.6% of the hoaxes. Their symbolic capital functioned as a source of emotional 
credibility (López Carrión & Llorca Abad, 2025; Sánchez Torres et al., 2025). The linguistic study 
by Arcos et al. (2025) confirms that the most shared disinformative messages conveyed negative 
emotions. This finding aligns with Douglas et al.’s (2019) argument that conspiracy narratives 
respond to epistemic and existential needs that intensify under institutional uncertainty.

In response, the Spanish government created official profiles such as @infodanagob, and 
verification agencies played a crucial role in debunking the most viral hoaxes (Alonso Muñoz 
& Tirado García, 2025; Rodríguez Hernández and Ortega Fernández, 2025; Sánchez Torres et 
al., 2025). However, this response emerged after several hoaxes had already entered the 
collective imagination. Here, it is important to distinguish verification or fact-checking—the 
assessment of a claim’s truthfulness and publication of the result (Amazeen, 2015)—from 
correction or debunking, which involves active intervention to refute an already established 
false belief (Lewandowsky et al., 2012). These two responses follow different logics, timelines, 
actors, and audience effects.

Synthesis and theoretical proposition

The preceding frameworks support the central proposition that guides this study. Digital 
disinformation in disaster contexts shares the traits of the Beckian manufactured risk that 
Cantón-Correa (2024) identifies for the digital era, it is invisible in origin, global in reach, and 
difficult to attribute to a specific agent. This structural condition means that the asymmetry 
between disinformation and correction does not derive only from the intrinsic characteristics 
of false messages. Nor can individual cognitive mechanisms alone explain it, although they 
remain necessary conditions. Instead, the asymmetry emerges from the configuration of 
three interdependent structural factors.

The first factor is the speed of institutional response to the hoax. In contexts of organized 
irresponsibility (Beck et al., 1997; Cottle, 1998; Mythen, 2004) and disembedding from expert 
systems (Giddens, 1991), the epistemic authority vacuum that opens during the first hours 
of a disaster creates a critical window of uncountered circulation. Harambam and Aupers 
(2015) empirically document the relationship between this vacuum and receptivity to 
conspiratorial narratives. During this window, the social amplification of risk mechanism 
operates with particular intensity (Kasperson et al., 1988, 2022). Without institutional signals 
to guide interpretation, media and platforms select, dramatize, and decontextualize available 
information, disproportionately amplifying the most emotionally activating accounts. The 
breadth of this window shapes the extent to which disinformation can consolidate before 
correction arrives. Empirical evidence from Vosoughi et al. (2018) and Friggeri et al. (2014) 
supports this mechanism.
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The second factor is the degree of empirical verifiability of the false claim. Following 
Wardle and Derakhshan (2017), García Arnau and Sádaba (2024), and the psychology of 
correction of erroneous beliefs (Lewandowsky et al., 2012; Ecker et al., 2022; Nyhan & Reifler, 
2010), resistance to correction does not operate uniformly across types of disinformation. It 
depends on whether observable evidence can refute the falsehood, as in the presence or 
absence of victims in a parking lot, or whether the claim refers to actors’ alleged intentions, 
which escape direct verification. Conspiracy theories exemplify the latter type: because they 
lack a falsifiable empirical referent, they tend to resist correction more strongly (Douglas et 
al., 2019; García Arnau and Sádaba, 2024).

The third factor is the structurally unequal distribution of visibility among discursive 
communities that compete within the network. The fragmentation of the digital public sphere 
(Habermas, 1989, 2023; Dahlgren, 2005; Benkler et al., 2018; Castells, 2009) means that users 
consume information primarily within ideologically homogeneous communities with limited 
exposure to discordant content. Cinelli et al. (2021) document this echo chamber effect across 
multiple platforms. Consequently, correction may fail to reach the communities where the 
rumor already circulates, even when corrective messages become quantitatively dominant. 
Fact-checking actors may lack the intermediation centrality necessary to disseminate 
corrections across communities (Bennett & Livingston, 2018).

The social network analysis (SNA) used in this study makes it possible to test the first and 
third factors empirically. The corpus’s temporal structure operationalizes the critical window 
of uncountered circulation, while betweenness centrality and eigenvector metrics in Louvain 
communities measure the structural distribution of visibility among actors. Natural language 
processing (NLP) using large language models (LLMs) operationalizes the second factor by 
classifying messages in the P90 subset according to epistemic orientation—disinformation, 
counternarrative, or neutral—and comparing engagement across categories throughout the 
hoax’s temporal cycle.

Objectives

This article pursues two interrelated objectives derived from the theoretical proposition. 
The first objective is empirical and descriptive: to analyze the temporal diffusion and 
refutation patterns of the Bonaire parking lot hoax during the Valencia DANA of October 2024. 
To do so, the study combines social network analysis—including the detection of discursive 
communities and centrality metrics—with automated classification of messages’ epistemic 
orientation and sentiment through NLP/LLM analysis using GPT-5-nano. The analysis draws 
on a corpus of 6,324 tweets extracted from X.

The second objective is theoretical and explanatory: to evaluate the tri-factorial 
proposition that the asymmetry between disinformation and correction in disaster contexts 
depends on the speed of institutional response, the empirical verifiability of the false claim, 
and the structurally unequal distribution of visibility across discursive communities. The 
article examines how each factor operates in the Bonaire hoax case and derives implications 
for the sociological study of disinformation in disaster contexts.
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METHODOLOGY

Case selection

This study analyzes the episode known as the “Bonaire parking lot hoax,” which circulated 
on X between October 29 and November 5, 2024. This period spans the onset of the DANA and 
the official confirmation that no fatalities had occurred in the flooded parking lots.

The Bonaire case has particular sociological relevance because the rumor reached 
national visibility, condensed fear and institutional distrust, and developed primarily 
through digital circulation among anonymous users, alternative media, and influencers. Its 
subsequent official refutation makes it a useful case for analyzing the relationship between 
rumor diffusion and counternarrative formation in disaster contexts (Arcos et al., 2025; López 
Carrión and Llorca Abad, 2025; Sánchez Torres et al., 2025).

Corpus extraction and construction

The corpus was constructed from the search terms “parking bonaire” and “aparcamiento 
bonaire” and their orthographic variants on X. The data were extracted with TweetScraperR 
(Nieto, 2025), which enabled historical downloading in batches of 800 posts through URL 
pagination and deduplication by URL, date, and text. The final corpus comprised 6,324 tweets, 
representing the full set of results returned by the applied search criteria. The dataset included 
only original Spanish-language messages and excluded reposts, replies, and posts without text.

The study focuses on X because the platform functioned as a central space for the 
circulation of emergency information during the DANA. Following the principle of online 
rootedness (Rogers, 2013), the co-mention and co-hashtag analyses use the platform’s 
native communicative logic. However, X data overrepresent certain sociological profiles 
and algorithmically prioritize conflict over consensus (Benkler et al., 2018; Pearce et al., 
2019). For this reason, the corpus should be interpreted as a map of the digital debate 
about the hoax rather than as a proportional representation of the general circulation of 
information about the event.

Data processing and cleaning

The data were processed in R (v. 4.3) through a standardized workflow of cleaning, 
normalization, and segmentation. This workflow included lexical normalization, tokenization, 
extraction of relational entities, and temporal and structural consolidation.

Lexical normalization converted text to lowercase and removed links, emojis, redundant 
signs, and stopwords. Tokenization segmented the text for frequency analysis, co-occurrence 
analysis, and entity detection. The procedure also extracted mentions and hashtags, which 
the analysis treats as key relational units. Finally, exact duplicates were removed while 
preserving the first appearance of each message.

The cleaned data were organized into three analytical layers: metadata, processed text, 
and relational entities. The metadata layer included author, date, and interaction variables. 
The text layer contained the processed content used for linguistic analysis. The relational layer 
included mentioned users and hashtags. This structure made it possible to connect linguistic 
content, social relations, and semantic classification within a single analytical design.
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Network analysis

To examine the structural dimension of the hoax, the study constructed co-mention and 
co-hashtag networks. The co-mention network identifies which actors users jointly mobilized 
in the conversation, while the co-hashtag network captures the thematic frames that users 
activated in coordinated ways (Bruns and Moe, 2014; Conover et al., 2011; Himelboim et al., 2017).

The analysis treated the graphs as undirected and weighted networks and processed 
them with igraph and ggraph. Among the centrality measures calculated (Freeman, 1979), 
betweenness centrality identifies nodes that act as bridges between communities. This 
metric is especially relevant for analyzing the transversal diffusion of disinformation across 
discursive spaces (Borgatti et al., 2013). Eigenvector centrality measures influence according 
to the quality of neighboring nodes and identifies the most influential nodes within each 
community (Bonacich, 1987).

The analysis selected the 50 nodes with the highest degree in each network. This 
threshold balances structural representativeness and visual legibility (Huang et al., 2009; 
Leskovec & Faloutsos, 2006). Louvain community detection (Blondel et al., 2008) confirmed 
the robustness of this threshold because the resulting communities showed coherence in 
both semantic composition and topological function.

Large language model analysis

Selection of the High-Reach Subsample

The large language model (LLM) analysis focused on the 90th percentile interaction 
subsample (P90; n = 627). This subsample was constructed by summing reposts and likes and 
retaining tweets whose engagement exceeded the P90 threshold.

This decision followed both substantive and operational criteria. Substantively, 
engagement on social media tends to follow a power-law distribution in which a small number 
of publications concentrate most public attention (Barabasi & Albert, 1999; Goel et al., 2016). 
The P90 threshold captures the messages with the greatest amplifying capacity according 
to the Social Amplification of Risk Framework (SARF) (Kasperson et al., 1988; Kasperson et 
al., 2022). These messages exceed the visibility threshold at which narratives may reach 
communities beyond their point of origin (Vosoughi et al., 2018). Operationally, labeling the 
complete corpus through an application programming interface (API) would have required 
disproportionate computational resources. This choice excludes peripheral narratives and 
minority discursive formations, a limitation addressed later in the article.

Technical implementation

The LLM analysis was conducted in Google Colab on the filtered subsample with the 
OpenAI API and the GPT-5-nano series. The Python script implemented four main procedures.

First, the script performed light text loading and cleaning. This step applied minimal 
normalization to preserve linguistic markers useful for classification. Second, the analysis used 
specialized Spanish-language prompts designed ad hoc for the case study. These prompts 
included instructions and examples for sentiment classification—Positive, Negative, or Neutral—
and for the classification of message function and veracity into three categories: Disinformation, 



Pastora Estebanez

9
RES n.º 35 (3) (2026) a311. pp. 1-28. ISSN: 1578-2824

Counternarrative, and Neutral. The prompts also included explicit examples of sarcasm and irony 
that reinforced the hoax so that the model would classify them as Disinformation.

The prompts were selected on the basis of a qualitative assessment of the case and 
previous studies on disinformation during the DANA (Alonso Muñoz & Tirado García, 2025; 
Arcos et al., 2025; Nut & Jordá, 2025; Sánchez Torres et al., 2025; Soto González, 2025). Third, the 
script incorporated robust execution procedures, including error control, exponential retries, 
backoff with jitter, incremental saves every 50 tweets, and logging of process metrics. Fourth, 
the model produced structured output in two columns—ia_sentimiento and ia_clasificacion—
which were integrated into the dataframe for statistical analysis and triangulation with the 
relational results.

The trichotomous scheme of Disinformation, Counternarrative, and Neutral draws on the 
literature on information disorders (Wardle & Derakhshan, 2017). It also follows Tuck and 
Silverman’s (2016) definition of counternarrative as the substitution of a narrative frame, 
rather than the mere denial of a false claim.

Validation and quality control

To assess the reliability of automatic labeling, the study included a manual review of 
20% of the P90 subcorpus (125 tweets). The reviewed tweets were selected through stratified 
random sampling by predicted class. The author conducted the review as an expert human 
coder on the case study, following a structured protocol that recorded matches, discrepancies, 
and qualitative coding comments regarding the labels assigned by the model.

The coder applied the same analytical categories used by the model: Positive, Negative, 
and Neutral for sentiment, and Disinformation, Counternarrative, and Neutral for message 
classification. The coder reviewed the tweets without prior knowledge of the AI-assigned 
labels to reduce anchoring bias. This design follows a human-in-the-loop approach 
(Mosqueira-Rey et al., 2023; Zanzotto, 2019), in which human judgment does not replace the 
model but functions as a validation reference and source of iterative improvement.

The first validation test showed differentiated performance. Agreement was near perfect 
for sentiment classification (kappa = 0.972; accuracy = 0.984) and substantial but incomplete 
for message classification (kappa = 0.685; accuracy = 0.792). Discrepancies concentrated in 
tweets involving irony, sarcasm, implicit debunking, and indirect criticism.

Based on these discrepancies, the prompt was iteratively optimized by incorporating 
explicit discursive context, attention to dominant communicative intention, and specific rules 
for irony and sarcasm. The second reliability test reached kappa = 0.875 and accuracy = 0.919, 
indicating near-perfect agreement (Landis and Koch, 1977). These results show that LLMs can 
reproduce human interpretations in complex discursive classification when prompts are 
sufficiently contextualized (Bail, 2024; Gilardi et al., 2023).

Ethical considerations and reflexivity

The study maximizes transparency through detailed documentation of the analytical 
process, including the model version, prompt structure, and validation protocol. It also 
uses methodological triangulation by combining automatic classification, human review, 
and structural network analysis. In addition, the study supports responsible accessibility by 
making data and scripts available upon reasonable request. Artificial intelligence does not 
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replace sociological interpretation in this design. Instead, it functions as a tool that expands 
the capacity for systematic observation of complex discursive phenomena (Bail, 2024).

The data collection process through TweetScraperR is framed as legitimate for academic 
research under the protection of the AEPD (Spanish Data Protection Agency) and Article 40 of 
the EU DSA (Digital Services Act). Usernames from non-public accounts were pseudonymized 
(AoIR, 2019). Figure 1 summarizes the methodological strategy. 

Figure 1. Methodology

Source: author’s elaboration using Napkin.ai.

RESULTS

Origin, Diffusion, and Characteristics of the Hoax

Volume and temporality of the conversation

The temporal evolution of the conversation shows that activity concentrated in the days 
following the DANA, with publication peaks between November 2 and November 4. This 
pattern indicates the rapid intensification of the Bonaire parking lot hoax after an initial 
period of limited visibility.
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Figure 2 shows the hourly evolution of tweet volume and engagement, measured as the 
sum of reposts and likes, throughout the analyzed period. Activity remained virtually absent 
until November 2. It then increased progressively, with peaks in publication volume and 
interactions between November 3 and November 5, followed by a sustained decline from 
November 6 onward. Isolated engagement peaks, disconnected from the total volume of 
publications, suggest that a small number of tweets achieved punctual viral diffusion within 
a context of generally moderate activity. The figure below includes two examples: one tweet 
containing disinformative content and another tweet countering the hoax.

Figure 2. Evolution of activity and interactions

Source: author’s elaboration in R.
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Source: author’s elaboration using tweetgen.com.

As Table 1 shows, the analyzed corpus includes 6,324 tweets published by 4,771 unique 
authors between October 29, 2024, at 20:20 and November 6, 2024, at 14:59. The number of 
unique authors indicates that the digital conversation about the hoax extended beyond small 
minority communities and reached a broad set of users. Mean reposts and likes remained 
moderate, but their high standard deviations show substantial dispersion. In other words, 
many tweets had little or no impact, while a small number reached high levels of interaction.

Table 1. Descriptive statistics of the tweet corpus
Metric Value
Total tweets 6,324
Unique authors 4,771
Start date 2024-10-29 20:20:13
End date 2024-11-06 14:59:07
Mean reposts 27.11
Reposts, SD 286.18
Mean likes 91.42
Likes, SD 953.28

Source: author’s elaboration based on the tweet corpus.
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Diffusion, themes, and relevant actors

Table 2 presents the most mentioned users and the most frequently used hashtags in the 
conversation about the Bonaire parking lot hoax.

The mention analysis highlights profiles associated with pseudoscientific and 
conspiratorial dissemination in the Spanish media sphere. The most mentioned account 
was @navedelmisterio, with 186 mentions, followed by @gisbert_ruben, with 53, and @
carmenporter_, with 35. Institutional and news media accounts, including @policia, @la_SER, 
and @eldiariocv, also appeared among the most mentioned users. This distribution suggests 
the coexistence of two communicative logics: rumor circulation and appeals to verification 
or informational authority.

The hashtag analysis shows the prevalence of neutral tags associated with the climatic 
event and its location. The main semantic nuclei were #bonaire, #dana, and #valencia. 
These hashtags did not function only as thematic markers. They also operated as vectors of 
discursive aggregation, bringing together interpretations, rumors, and emotional expressions 
around the disaster.

Table 2. Top mentions and hashtags by frequency
Rank Mentioned user Frequency Hashtag Frequency
1 @navedelmisterio 186 #bonaire 233
2 @gisbert_ruben 53 #dana 193
3 @carmenporter_ 35 #valencia 169
4 @youtube 31 #horizonte 64
5 @eldiariocv 23 #aldaia 35
6 @policia 23 #parking 30
7 @la_SER 20 #ultimahora 30
8 @bertrandmyd 18 #vca 24
9 @umegob 16 #espana 22
10 @abc_cvalenciana 15 #danavalencia 18

Source: author’s elaboration.

Network Analysis

What is being discussed? hashtag co-occurrence

The hashtag co-occurrence analysis identified four thematic communities among the 50 
nodes with the highest connection strength, using the Louvain algorithm. Figure 3 shows a 
heterogeneous discursive space in which informative, emotional, and political-ideological 
tags converge.
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Community C3, labeled Central DANA Event and represented in green, concentrates 
the most institutionalized vocabulary of the event. It includes hashtags such as #DANA, 
#DanaValencia, #BonaireValencia, #PoliciaNacional, #UME, #Emergencias, and #Rescate. This 
community groups the structurally most relevant nodes in the network. #Dana registers 
the highest degree in the network (k = 22) and the highest eigenvector value (1.000), which 
positions it as the most connected and influential node in the discursive space. #Aldaia 
records the highest betweenness in the network (b = 233.96), making it the main bridge 
between the institutional community (C3) and the conspiratorial-political community (C1). 
#Valencia (b = 187.21; k = 20) and #Bonaire (b = 112.33) complete the group of hashtags with the 
greatest capacity to connect communities.

Figure 3. Co-hashtag network, top 50 nodes by degree

Source: author’s elaboration in R.

Community C1, labeled Conspiratorial/Political and represented in red, is the largest 
community. It combines event-related tags such as #Valencia, #Bonaire, and #Parking with 
confrontational political tags such as #Dimite, #SánchezDimision, #Abascal, #Manoslimpias, 
and #Marruecos. #Horizonte reaches the fifth-highest betweenness value in the network 
(b = 89.17), which indicates that it connects the conspiratorial-media ecosystem with the 
informational core of the event. #SánchezAPrision (b = 76.44) and #PSOE (b = 61.22) reinforce 
the political-blame dimension of this community.

Community C2, represented in blue, groups four heterogeneous hashtags: #AEMET, 
#INUNDACION, #paiporta, and #SánchezAPrision. Its composition suggests a transitional 
space between the institutional frame of the emergency and the discourse of political 
responsibility.

Community C4, labeled Anglophone and represented in orange, delimits the subspace 
of international coverage. It includes hashtags such as #Flooding (b = 38.12), #Floods, and 
#SpainFloods. Its moderate betweenness indicates some connectivity with the rest of the 
network despite its linguistic differentiation (Table 3).
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Table 3. Top 10 hashtags by network metrics and community, co-hashtag network
Hashtag Betweenness (b) Degree (k) Eigenvector Community
#Aldaia 233.96 18 0.734 C3 Central DANA Event
#Dana 198.44 22 1.000 C3 Central DANA Event
#Valencia 187.21 20 0.918 C3 Central DANA Event
#Bonaire 112.33 14 0.621 C3 Central DANA Event

#Horizonte 89.17 16 0.512 C1 Conspiratorial/
Political

#SánchezAPrision 76.44 13 0.478 C1 Conspiratorial/
Political

#PSOE 61.22 11 0.401 C1 Conspiratorial/
Political

#Spain 44.31 8 0.389 C4 Anglophone
#Flooding 38.12 7 0.342 C4 Anglophone
#Valencia2024 29.88 9 0.298 C3 Central DANA Event

b = betweenness centrality; k = degree. Communities were detected with the Louvain 
algorithm in the top-50 subgraph by strength. Eigenvector centrality was normalized, with 
the maximum value set to 1.000. Source: author’s elaboration.

Who is being discussed? co-mention network

The co-mention network analysis identified seven discursive communities using the 
Louvain algorithm. Figure 4 presents the resulting structure.

Community C3, labeled Conspiratorial/Political and represented in blue, constitutes the 
central nucleus of the network. @navedelmisterio registers the highest betweenness in 
the entire network (b = 190.52; k = 26), which positions the account as the main articulation 
node between communities. Within the same community, @vox_es (b = 74.31; k = 14) and @
vitoquiles (b = 58.44; k = 11) also show high betweenness values, indicating that they acted 
as secondary bridges between the conspiratorial ecosystem and the rest of the discursive 
space. This community also includes political and media figures such as @Alvise_oficial_, @
AlfonsoRojoPD, @JC_Girauta, @javiernegre10, @marcvidal, and @eduardoinda, as well as @
carmenporter_, @gisbert_ruben, @TheGrefg, and @LRsecreta.

Community C1, labeled Generalist Media and represented in green, shows a notable 
centrality pattern. @laSextaTV achieves the second-highest betweenness value in the 
network (b = 82.56) despite its reduced degree (k = 5), which indicates that it acted as 
a structural bridge between the media space and adjacent communities. @elmundoes 
(b = 61.18) and @rtve (b = 47.22) complete the group of media accounts with the greatest 
capacity to connect communities.
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Figure 4. Co-mention network, top 50 nodes by degree

Source: author’s elaboration in R.

Community C2, labeled Verification/Maldita and represented in orange, shows the 
opposite pattern. @malditaes registers the highest eigenvector value in the network (1.000) 
but almost no betweenness (b = 3.10). @maldita_ciencia (eigenvector = 0.812; b = 1.80), @
newtral (b = 0.90), and @verificat (b = 0.40) reproduce the same profile. This contrast 
between high intracommunity influence and low intercommunity bridge capacity structurally 
characterizes the verification cluster. These actors held authority within their own space but 
showed limited penetration into the nodes most closely associated with hoax diffusion.

The remaining communities had more specific profiles. Community C4, labeled Police/
UME and represented in pink, consists of @policia and @UMEgob. Community C6, labeled 
Galician Institutional Support and represented in yellow, includes Galician police accounts 
such as @SupXunta, @supgalicia, @supcoruna, @supourense, and @Sup_Policia. Two 
single-node communities complete the network: C5, represented by @GVA112, the official 
emergency account of the Generalitat Valenciana, and C7, represented by @Al_descubierto_, 
which functions as a bridge node between the conspiratorial community and the network 
periphery (Table 4).

Table 4. Top 10 users by network metrics and community, co-mention network
User Degree (k) Betweenness (b) Eigenvector Community

@navedelmisterio 26 190.52 0.612 C3 Conspiratorial/
Political

@laSextaTV 5 82.56 0.201 C1 Generalist Media

@vox_es 14 74.31 0.438 C3 Conspiratorial/
Political

@elmundoes 8 61.18 0.319 C1 Generalist Media

@vitoquiles 11 58.44 0.524 C3 Conspiratorial/
Political
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User Degree (k) Betweenness (b) Eigenvector Community
@rtve 7 47.22 0.287 C1 Generalist Media

@malditaes 9 3.10 1.000 C2 Verification/
Maldita

@maldita_ciencia 6 1.80 0.812 C2 Verification/
Maldita

@newtral 5 0.90 0.504 C2 Verification/
Maldita

@verificat 4 0.40 0.367 C2 Verification/
Maldita

b = betweenness centrality; k = degree. Communities were detected with the Louvain 
algorithm in the top-50 subgraph by strength. Eigenvector centrality was normalized, with 
the maximum value set to 1.000. Source: author’s elaboration.

Large Language Model analysis of the hoax

The P90 corpus comprised 627 tweets. Automatic sentiment and classification analysis 
revealed a marked asymmetry in both emotional tone and discursive orientation, as 
Table 5 shows.

Overall, 54.9% of tweets expressed negative sentiment, compared with 31.4% neutral 
sentiment and 13.7% positive sentiment. In terms of message classification, counternarratives 
constituted the largest category (41.3%), followed by disinformation (32.9%) and neutral 
messages (25.8%).

Table 5. Sentiment, message classification, and mean interactions in the P90 corpus
Dimension Category Frequency (%) Mean interactions
Sentiment Negative 54.9 1,244.7
Sentiment Neutral 31.4 1,107.8
Sentiment Positive 13.7 932.6
Message classification Disinformation 32.9 1,264.0
Message classification Counternarrative 41.3 1,207.8
Message classification Neutral 25.8 947.1

N = 627 high-engagement tweets. Engagement refers to the sum of reposts and likes. 

Source: author’s elaboration based on the LLM-assisted classification of the P90 corpus.

In terms of interaction, tweets recorded a mean engagement of 1,158 interactions, 
although with high dispersion. This pattern indicates the presence of isolated viral cases. 
Disinformative messages and counternarratives generated higher engagement volumes, 
with means of approximately 1,200 to 1,260 interactions, compared with neutral messages, 
which averaged approximately 950 interactions. However, the absence of notable median 
differences suggests a dynamic concentrated in a few high-visibility tweets rather than a 
homogeneous response across all messages.
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The cross-tabulation of sentiment and message classification reveals a differentiated 
discursive structure, χ²(4) = 182.7, p < .001. More than 85% of disinformative messages had a 
negative tone. Counternarratives showed a broader emotional distribution, with stronger 
associations with neutral sentiment (26%) and positive sentiment (21%), likely because of their 
corrective and reassuring function. Neutral tweets concentrated the highest proportion of 
messages that were also neutral in sentiment (63%), as Figure 5 shows. This pattern helps clarify 
the narrative dynamics of the hoax and supports the reliability of the AI-assisted analysis.

Figure 5. Heat map: sentiment by message classification, percentage by column

Source: author’s elaboration in Google Colab using Python and the matplotlib library.

Temporal evolution of discourse

The cross-analysis of NLP classification and Louvain communities in both networks, 
shown in Figure 6, reveals differentiated discursive patterns according to the structural space 
of circulation.

In the co-mention network, Community C2, Verification/Maldita, shows a completely 
counternarrative profile (100%; n = 12). Community C3, Conspiratorial/Political, records 
a majority proportion of counternarrative content (53.7%) and a smaller proportion of 
disinformation (15.6%; n = 270). This apparent contrast in C3 is expected because the co-
mention network captures actors cited both by users who amplify the hoax and by users who 
refute it. As a result, counternarrative content can appear prominently within a community 
organized around conspiratorial actors. Community C1, Generalist Media, presents a balanced 
distribution across the three categories, with 36.8% counternarrative, 36.8% neutral, and 
26.3% disinformation (n = 19). Community C4, Police/UME, concentrates neutral content 
(53.1%) and contains no disinformation (n = 32).
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In the co-hashtag network, Community C1, Conspiratorial/Political, records the highest 
disinformation rate of all communities (21.9%; n = 402) and the lowest proportion of 
counternarrative content (34.1%). This pattern consolidates it as the space with the greatest 
concentration of disinformative content. Community C3, Central DANA Event, also shows a 
notable disinformation rate (25.5%; n = 51), indicating that even the neutral vocabulary of 
the event was partially co-opted by disinformative messages. Community C4, Anglophone, 
shows the lowest disinformation rate (13.3%) and the highest proportion of counternarrative 
content (53.3%), although its small sample size (n = 15) limits generalization.

Figure 6. Distribution of message type by network community, NLP and SNA cross-analysis

Source: author’s elaboration in Google Colab using Python.

The analysis then examined the temporal evolution of discourse. Figure 7 presents two 
complementary panels. Panel A disaggregates the P90 subsample (n = 627) by message type. 
On November 1, the first moment of hoax visibility, disinformation dominated the discursive 
space in the absence of organized counternarrative, corresponding to the critical window 
annotated in the figure. From November 3 onward, counternarratives grew steadily and 
reached their maximum point on November 4, coinciding with the first verifications about the 
absence of victims in the parking lot. Neutral messages maintained a more stable presence 
throughout the period and did not drive the main attention peaks.

Panel B shows the daily volume of the complete corpus (n = 6,324). Activity began at 
low levels on October 31 (12 tweets) and November 1 (31 tweets), then increased rapidly 
until reaching its maximum on November 4 (2,384 tweets). It declined progressively on the 
following days, with 1,455 tweets on November 5 and 475 tweets on November 6.
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Figure 7. Temporal evolution of discourse on the Bonaire Parking lot hoax, October-November 
2024

Source: author’s elaboration in Google Colab using Python.

DISCUSSION AND CONCLUSIONS

The results allow us to evaluate the tri-factorial proposition that guides this study. The Bonaire 
hoax provides evidence for the three proposed factors and their interdependent operation. The 
asymmetry between disinformation and correction was configurational: its scope depended on 
the specific combination of these factors at each phase of the hoax’s life cycle.

The first factor, the speed of institutional response and the breadth of the critical window, 
receives direct support from the temporal evolution of the conversation. Activity remained 
virtually nonexistent during the first days and then expanded rapidly, with disinformation 
dominating the discursive space in the absence of an organized counternarrative. This pattern 
aligns with Vosoughi et al.’s (2018) argument about the temporal advantage of false information, 
as well as with the mechanisms of organized irresponsibility and disembedding described by 
Beck et al. (1997) and Giddens (1991). The loss of credibility of alert systems during the DANA, 
documented by Martin-Moreno et al. (2025) and Torres-Romay (2024), generated an epistemic 
authority vacuum that allowed the hoax to gain traction before any credible correction 
arrived. However, counternarratives grew steadily from November 3 onward and surpassed 
disinformation on November 4. The critical window was therefore real but bounded. Correction 
arrived late, but it did arrive, and its progressive activation shaped the initial asymmetry, in line 
with the delayed correction dynamic documented by Friggeri et al. (2014).

The second factor, the empirical verifiability of the false claim, receives the clearest 
support. The falsity of the Bonaire hoax could be verified locally: once emergency bodies 
inspected the parking lot and communicated their findings, correction became relatively 
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effective. The NLP distribution of the P90 corpus reflects this process. Across the full 
period, counternarrative content (41.3%) exceeded disinformation (32.9%). In addition, the 
sentiment-classification cross-tabulation, χ²(4) = 182.7, p < .001, shows that more than 85% of 
disinformative messages had a negative tone, whereas counternarratives showed a broader 
emotional distribution, consistent with their corrective and factual function (Ecker et al., 2022; 
Lewandowsky et al., 2012). The key distinction introduced by this case contrasts fact-based 
hoaxes with intention-based conspiracy narratives. The latter attribute hidden intentions 
to abstract actors, making their falsity difficult to refute through direct observation and 
rendering them structurally more resistant to correction (Douglas et al., 2019; García Arnau & 
Sádaba, 2024). This distinction constitutes an analytical contribution that future comparative 
research should examine further.

The third factor, the structurally unequal distribution of visibility, appears most clearly 
in the centrality metrics of the co-mention network. The empirical contrast is sharp: @
malditaes records the highest eigenvector value in the entire network (1.000) but almost 
no betweenness (b = 3.10). @maldita_ciencia (b = 1.80), @newtral (b = .90), and @verificat 
(b = .40) reproduce the same profile. By contrast, @navedelmisterio concentrates the 
highest betweenness value (b = 190.52; k = 26), with @vox_es (b = 74.31) and @vitoquiles 
(b = 58.44) functioning as secondary bridges. This combination of high intracommunity 
influence and limited trans-community bridge capacity among verifiers expresses the 
structural isolation predicted by Bennett and Livingston (2018) and documented by 
Cinelli et al. (2021). @laSextaTV (b = 82.56; k = 5) illustrates the role of generalist media 
as trans-community structural bridges, consistent with findings on the amplifying role 
of media actors with high public visibility (Bennett & Livingston, 2018; Gualda et al., 
2026; Lewandowsky et al., 2017). The SNA x NLP cross-analysis in Figure 6 semantically 
confirms this pattern: C2, Verification/Maldita, produces 100% counternarrative content, 
whereas C1, Conspiratorial/Political, records the highest disinformation rate (21.9%) and 
the lowest proportion of counternarrative content (34.1%). Counternarrative content 
became quantitatively dominant, but its structural distribution limited its ability to cross 
community boundaries effectively. Internal “rabbit hole” dynamics may have reinforced 
this effect by reducing exposure to discordant messages (Sutton & Douglas, 2022; 
Taboada-Villamarín et al., 2024).

The three factors operated configurationally. The critical window (F1) was bounded 
because the hoax was empirically verifiable (F2), but the structural isolation of verifiers 
(F3) limited the penetration of correction even after counternarrative content became 
quantitatively dominant.

From a sociological perspective, the DANA and the Bonaire hoax constitute a hybrid 
risk that combines natural, institutional, and communicative dimensions. The case 
illustrates a Beckian paradox: institutions did not only fail in emergency management; their 
communicative failure also generated an ontological security vacuum (Giddens, 1991) that 
alternative narratives occupied. The prior erosion of trust in expert systems helps explain 
public receptivity to these narratives (Harambam & Aupers, 2015). The observed network 
structure, characterized by high-betweenness propagating communities and peripheral 
verifier communities, reflects the asymmetric distribution of visibility in the digital public 
sphere described by Habermas (1989, 2023), Benkler et al. (2018), and Dahlgren (2005). In this 
structure, amplification capacity depends less on epistemic value than on position within the 
platform’s relational architecture.

These results align with Weber et al. (2022), who documented how a counternarrative 
surpassed a hoax in diffusion volume after the appearance of a high-credibility triggering 
event. The Bonaire case followed a similar dynamic: the entry of security forces into the 
parking lot and their subsequent debunking acted as the triggering event that accelerated 
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the decline of disinformation and the rise of counternarrative content. However, the 
interval between the installation of the hoax and the appearance of this trigger—what this 
study conceptualizes as the critical window (F1)—determines the extent of accumulated 
informational damage before correction can operate.

The findings also differ from those of Zhai et al. (2024), who found that corrective messages 
about the Hurricane Sandy rumor did not equal the volume of the original disinformation. 
Even so, their study confirmed that the temporal dynamics of the disaster structured the 
diffusion of both rumor and correction and that self-correction by disseminators themselves 
functioned as a relevant braking mechanism. Similarly, Mendez-Muros et al. (2024) found that 
verification agencies did not reach the diffusion levels of disinformative messages during the 
Turkey and Syria earthquakes. This difference points to empirical verifiability as a moderating 
variable in the effectiveness of correction.

Methodologically, this study provides evidence for the value of integrating SNA and NLP 
through LLMs in the analysis of disinformation. The iterative validation process, based on a 
human-in-the-loop protocol, substantially improved the reliability of trichotomous labeling 
(kappa = .875; accuracy = .919). This result shows that human review can function as an active 
mechanism of model improvement rather than merely as a post hoc quality check (Bail, 2024; 
Mosqueira-Rey et al., 2023). The SNA x NLP cross-analysis also contributes a methodological 
design that moves beyond a purely structural reading of networks by adding the semantic 
dimension necessary to interpret which types of discourse occupy each network position.

Limitations and future lines of research

This study has limitations linked to its methodological decisions. The corpus of 6,324 
tweets obtained through TweetScraperR represents the accessible result produced by the 
applied search criteria, not the complete universe of the conversation, given the technical 
restrictions of web scraping. The analysis included only Spanish-language messages, which 
excluded posts in Valencian or Catalan. It also focused on original messages and excluded 
reposts and replies, which reduces the representation of local communities and leaves out 
forms of indirect diffusion and interaction generated around each publication.

The LLM-assisted classification was applied only to the P90 corpus, which excludes 
peripheral narratives and minority communities. The study also focused on a single platform 
and a delimited time interval; dynamics on TikTok, Telegram, or other platforms may differ 
substantially. Pragmatic ambiguities, including irony, humor, and intertextual references, also 
persist and limit the interpretive precision of automatic labeling. These limitations reinforce 
the importance of the human-in-the-loop approach (Mosqueira-Rey et al., 2023; Zanzotto, 2019).

Future research could incorporate cross-platform analysis, reposts and replies, 
unsupervised topic modeling of the complete corpus, and models that estimate differential 
audience exposure according to ideological or emotional profile. Future studies could also 
examine how conspiracy narratives persist after refutation, especially when the original 
claim becomes empirically untenable but related suspicion frameworks remain active.
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