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Abstract

Climate hazards increasingly unfold as information crises alongside physical impacts,
producing rapid shifts in what people search for and discuss online. This case study
demonstrates how Al-supported analysis of online data can complement conventional
disaster intelligence by providing a scalable social sensing layer for climate hazard re-
silience in Galicia. It integrates Google Trends as a proxy for changing public attention
and information demand, and YouTube videos and comment threads to capture public
sensemaking and resilience-relevant signals. Monthly Google Trends series were used for
eight hazards, with floods showing the highest mean interest, followed by wildfires and
heatwaves. For the three highest-salience hazards, the study analyzed YouTube comments
using gpt-5-mini to extract sentiment, emotions, topics, institutional trust cues, collective
efficacy cues, calls to action, impacts, vulnerable groups, and coping actions. The corpus
included 184 heatwave comments, 20,427 wildfire comments, and 4882 flood comments.
Across hazards, discourse is predominantly negative but differs in structure. Heatwave
threads skew toward mockery and normalization, wildfire threads center on anger, gover-
nance and low institutional trust, and flood threads combine solidarity with demands for
localized warnings and guidance. The study translates comment-level signals into traceable
policy recommendations emphasizing actionable risk communication, early warning and
response capacity, and trust-building practices. The study concludes with an operational
pipeline concept for continuous monitoring and dashboard-based decision support, while
emphasizing limitations related to Google Trends sampling and normalization, platform
and API biases, and model-mediated uncertainty.

Keywords: climate resilience; crisis informatics; social sensing; Google Trends; YouTube
analysis; large language models; sentiment analysis; risk communication; early warning
systems; Galicia; Spain

1. Introduction

Climate hazards increasingly unfold as datafied events. Alongside physical impacts,
they generate rapid shifts in what people search for, watch, share, and debate online.
These digital traces matter for resilience because they reflect how communities perceive
evolving threats, seek protective guidance, interpret official warnings, and coordinate
informal support. Crisis informatics research has long argued that emergencies are also
information crises, in which official response systems and public communication become
tightly coupled through networked media [1,2]. Social media and other online platforms
can therefore serve as a complementary observational layer for disaster risk reduction,
enabling faster situational awareness and more responsive risk governance, particularly
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when used as an input to decision-support workflows rather than as a substitute for
operational monitoring [34].

A key promise of Al-supported online data analysis is the ability to convert high-
volume, heterogeneous digital content into structured indicators that are interpretable for
preparedness, response, and recovery. Reviews of digitally enabled disaster management
describe a growing ecosystem of methods that extract public needs, emotional responses,
misinformation dynamics, and evolving concerns from online data, with potential to
strengthen decision-making when integrated with institutional capacities and validated
against ground truth [5,6]. Sensemaking studies further show that online discourse during
extreme events is not merely noise but a social process through which people interpret risk,
negotiate uncertainty, and coordinate action, which are exactly the processes that resilience
policies seek to support [7].

Within this digital layer, two sources are particularly relevant for measuring risk
salience and for social listening in climate hazards. First, internet search data can provide a
near-real-time proxy for information needs and perceived exposure. The infodemiology
and infoveillance framework formalized the use of online information patterns such as
search and communication behavior to infer population-level concerns and to inform public
policy [8,9]. More recent work illustrates that search behavior can track hazard salience
and self-protective responses. For example, research on wildfire smoke uses Google search
query data to measure awareness and protective behavior in relation to exposure [10].
Related analyses show that Google Trends can capture temporal spikes during catastrophic
events and recurring seasonal cycles, supporting the idea that search dynamics reflect
collective attention and perceived threat [11,12]. In the context of climate hazards, this
makes search data a plausible proxy for perceived exposure and concern, as well as a
scalable complement to surveys, especially when interpreted alongside objective hazard
indicators and media and event timelines.

Second, social and video platforms provide richer qualitative context on what people
think is happening, what they blame or trust, what help they request, and what adap-
tation options they consider feasible. Systematic and narrative reviews in disaster risk
management emphasize that social media analytics can reveal public sentiment, urgent
needs, and reactions to risk reduction measures. These insights can inform more targeted
communication, resource allocation, and recovery planning [13,14]. YouTube is particu-
larly important in this landscape because it functions simultaneously as a search engine,
a news and explanatory media environment, and a discussion space, often where risk
communication content and public reactions coexist.

Galicia (northwest Spain) provides a salient setting for demonstrating such an ap-
proach. The region faces compound climate-related risks across coastal, hydrological, and
fire regimes. Research documents coastal flood vulnerability along the Galician coast and
rias (deep, finger-like coastal inlets and estuaries), including risk to beaches and urbanized
shorelines under sea-level rise and storm conditions [15,16]. Research also highlights wild-
fire risk and its interaction with social vulnerability at the municipal scale, underscoring that
impacts are uneven and mediated by demographic and socioeconomic conditions [17,18].
Drought dynamics and future drought occurrence in Galicia have likewise been analyzed
under climate change, with implications for water resources and health [19,20]. These
hazards shape not only physical exposure but also risk perception, trust in institutions,
and the demand for timely guidance, which are the dimensions that online search and
discourse signals can help observe.

Despite the growing body of work, three gaps remain insufficiently addressed. First,
crisis informatics and disaster social media studies have extensively examined online com-
munication during emergencies, but fewer studies integrate search interest data with video

https://doi.org/10.3390/50c16060188


https://doi.org/10.3390/soc16060188

Societies 2026, 16, 188

3 0f 35

platform comment discourse in a single empirical framework that links public attention,
sensemaking, and resilience-relevant policy needs. Second, existing applications of Google
Trends and social media analytics often focus on single hazards or descriptive public inter-
est patterns, while less attention has been paid to comparing how different climate hazards
generate distinct information problems, trust dynamics, emotional responses, and action-
ability gaps within the same regional context. Third, research on climate resilience in Galicia
has documented important physical and social vulnerabilities related to floods, wildfires,
drought, and coastal risks [15-20], but there remains limited evidence on how residents
and online publics perceive, discuss, contest, and translate these risks into expectations for
institutions and protective action.

This study addresses these gaps by combining Google Trends and YouTube discourse
analysis for multiple hazards in Galicia, using Al-assisted annotation to transform un-
structured online data into interpretable indicators of hazard salience, public concern,
trust, collective efficacy, vulnerability awareness, coping behavior, and policy demand.
Accordingly, the study is guided by the following overarching research question: how can
Al-supported analysis of online search behavior and platform discourse be used to assess
the social-information dimensions of climate hazard resilience in Galicia and translate them
into actionable policy insights?

Three subsidiary research questions structure the empirical analysis. RQ1 asks which
climate hazards generate the most salient online search interest signals in Galicia during
2022-2025 and what information needs are reflected in related Google Trends queries. RQ2
asks how YouTube discussions of highest-salience hazards differ in sentiment, emotions,
topics, institutional trust, collective efficacy, vulnerability awareness, coping actions, and
calls to action. RQ3 asks how these online signals can be synthesized into traceable policy
recommendations and an Al-enabled monitoring pipeline for climate hazard resilience.

2. Methodology

This study combines Google Trends and YouTube data to examine public attention,
interpretation, and resilience-related discourse around climate hazards in Galicia, Spain.
Google Trends was used as a quantitative proxy for hazard salience and information
demand, while YouTube videos and comments provided qualitative evidence of public
concerns, expectations, emotions, and perceived resilience needs during climate-related
events [8,14,21] (Figure 1).

Google Trends data were extracted on 13 January 2026, using geographic filtering for
Galicia, Spain. The analysis covered January 2022 to December 2025, the four most recent
complete calendar years available at the time of collection. This period avoids partial-year
bias, captures multiple seasonal cycles, and includes high-salience events likely to shape
public information demand, including the exceptional European heat summer of 2022,
major wildfire episodes in Galicia in mid-2022, and nationally salient flood disasters in
late 2024.

Google Trends was queried using topics rather than raw search terms, because topics
aggregate semantically related searches across spelling, phrasing, and language variants.
This is especially useful in multilingual and morphologically diverse contexts and reduces
sensitivity to individual query wording [22]. The hazard set was defined ex ante by
triangulating climate hazard categories from the scientific and applied risk literature with
hazards reflected in Spanish and regional reporting and then restricting the list to hazards
with available Google Trends Topics.
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Figure 1. Study methodology.

For each hazard topic, relative search interest and related query metadata were ex-
tracted. Relative search interest was interpreted as a signal of public attention and informa-
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tion demand, while related queries provided contextual evidence of co-occurring concerns
such as warning seeking, health guidance, protective actions, or recovery needs [22-24].
The three hazards with the highest average search interest in Galicia from 2022 to 2025
were selected for downstream YouTube discourse analysis.

YouTube data were collected on 14 January 2026, using the YouTube Data API v3 [25].
Searches were conducted in Spanish for the three focal hazards identified through Google
Trends: “inundacién Galicia”, “incendios forestales Galicia”, and “ola de calor Galicia”. The
API search endpoint was queried with type = video, order = relevance, maxResults = 50,
relevanceLanguage = es, and regionCode = ES. Pagination continued until no further
nextPageToken was returned, and duplicate video IDs were removed while preserving the
retrieval order.

For each video, metadata were collected using the videos.list endpoint, including
video ID, URL, title, description, publication date, channel information, duration, view
count, like count, and comment count. Comment threads were retrieved using comment-
Threads.list with maxResults = 100, textFormat = plainText, and order = relevance. Replies
were collected separately through comments.list using the parent comment ID. Videos
with disabled or inaccessible comments were excluded from the comment corpus. The
final dataset contained 338 videos including 5 heatwave videos, 303 wildfire videos, and
30 flood videos. These yielded 184 heatwave comments, 20,427 wildfire comments, and
4882 flood comments. Unlike the Google Trends data, YouTube retrieval was not restricted
to the 2022-2025 period. Therefore, the YouTube dataset is interpreted as a relevance-ranked
discourse corpus available at the time of collection.

Large language model annotation was used in two stages. First, gpt-5-mini assessed
the relevance of each video title and description to the corresponding hazard topic. The
relevance prompt instructed the model to classify each video as hazard-related or not,
using strict inclusion and exclusion criteria and relevant Spanish and Galician terminology.
Uncertain cases were treated conservatively.

Video relevance filtering prompt, flooding example:

“You are a strict classifier for whether a YouTube video’s title and description
are related to the environmental topic of floods/flooding/inundation. Return
TRUE if it is about flooding events or impacts, including river overflow /crecida,
coastal flooding, flash floods, stormwater or urban flooding, heavy rainfall caus-
ing inundation, river level warnings, dam or spillway releases, road closures,
evacuations or rescues, emergency response, or official updates. Include Spanish
and Galician terms such as: ‘inundacién’, ‘inundaciéns’, ‘inundaciéns en Gali-
cia’, ‘riada’, ‘crecida’, ‘desbordamiento’, ‘desbordamento’, ‘desbordou’, ‘chea’,
‘enchente’, ‘anegacién’, ‘anegadas’, “alerta’, ‘aviso’, ‘Proteccién Civil’, ‘112 Galicia’,
"AEMET’, and ‘MeteoGalicia’. Return FALSE if the video is unrelated, metaphori-
cal, or about water without flooding, including phrases such as “a flood of. . .’, or
videos about music, sports, politics, gaming, routine rain with no inundation, fire,
earthquake, or other hazards without flood context. If uncertain, prefer FALSE
with low confidence. The rationale must be no more than 12 words. Return one
result per provided key”.

Second, YouTube comments were annotated using a fixed JSON schema. For each
comment, the model returned structured fields for sentiment, dominant emotion, main
topic, resilience signals, and a short resilience opportunity. The resilience-signal fields
captured risk perception, impacts mentioned, vulnerable groups, coping actions, adaptation
or policy suggestions, information needs, institutional trust, collective efficacy, and calls
to action. Fixed JSON output was used to reduce free-form interpretation and improve
consistency across hazards.
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Comment annotation prompt, common structure:

“You analyze YouTube comments about [hazard] in Galicia, Spain. The out-
put must be a single valid JSON object and nothing else. Do not include
markdown, code fences, explanations, or extra text. Return exactly the fol-
lowing fields: sentiment, as a number from —1.0 to +1.0; emotions, as one
dominant emotion label chosen from: amusement, mockery, concern, frustra-
tion, anger, fear, sadness, hope, relief, disbelief, neutral, or other; main_topic,
as a short 2-6 word label; resilience_signals, including risk_perception, im-
pacts_mentioned, vulnerable_groups_mentioned, coping_actions_mentioned,
adaptation_or_policy_suggestions, information_needs, trust_in_institutions, col-
lective_efficacy, and call_to_action; and resilience_opportunity, as one ac-
tionable insight of maximum 18 words. For risk_perception, use only low,
medium, or high. For impacts_mentioned, choose up to three unique items
from: health, injury_drowning, evacuation, property_damage, agriculture, wa-
ter_contamination, ecosystems, infrastructure, economy, other, or none. For
vulnerable_groups_mentioned, choose up to three from: elderly, children, res-
piratory_patients, outdoor_workers, low_income, tourists, other, or none. For
coping_actions_mentioned, choose up to three from: move_to_higher_ground,
avoid_travel, evacuation, seek_updates, help_neighbors, donations, sandbags,
other, or none. For adaptation_or_policy_suggestions, choose up to three from:
drainage_infrastructure, river_management, early_warning, evacuation_plans,
emergency_services, land_use_policy, public_safety_messaging, other, or none.
For information_needs, choose up to three from: flood_location, rain_forecast,
river_levels, road_closures, evacuation_routes, shelter_info, safety_guidance,
aid_resources, other, or none. All list fields must always be lists. If no cat-
egory applies, use ['none’], and if ‘none” appears, it must be the only item.
For trust_in_institutions and collective_efficacy, use low, medium, high, or un-
clear; use unclear when the signal cannot be inferred. For call_to_action, use
yes only when the comment explicitly urges action; otherwise use no. The
resilience_opportunity must contain one actionable insight, with no quotes
or newline”.

The model was also instructed to propose one action to strengthen resilience for each
comment. These comment-level actions were synthesized into policy-recommendation
categories through an iterative LLM-assisted coding process. First, the generated actions
were reviewed to identify recurring higher-level themes. Second, each action was assigned
to one of these themes. The resulting categories were interpreted as policy-relevant clusters
while retaining links to the original action statements and source comments, preserving
traceability and allowing the evidence behind each recommendation to be inspected.

Climate hazard resilience was operationalized through online indicators capturing
the social-information dimensions of resilience. The Google Trends indicator measured
relative search interest and related queries as evidence of hazard salience and information
demand. YouTube indicators included sentiment, dominant emotion, topic category, in-
stitutional trust, collective efficacy, calls to action, impacts mentioned, vulnerable groups
mentioned, coping actions, and adaptation or policy suggestions. These indicators provide
a reproducible basis for assessing which hazards attract public attention, how risks are
interpreted, whether institutions and collective capacity are trusted, which harms and
vulnerable groups are recognized, and whether public discourse contains actionable coping
or policy signals.

This mixed digital trace design aligns with infodemiology, crisis informatics, risk com-
munication, and disaster-risk-reduction research, which treat search behavior and social
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media discourse as measurable signals of public attention, information needs, affective
response, trust, vulnerability awareness, and actionability [1-9,13,14,22,26-29]. YouTube is
treated both as an information source and a discussion venue, consistent with emergency
management research recognizing audiovisual platforms as part of the crisis communi-
cation ecosystem [14,21,30]. The use of LLMs as text annotators is supported by recent
evidence showing that modern models can perform common annotation tasks such as
relevance, stance, topic, and frame detection with high accuracy and agreement [31-33].

3. Results

The findings are structured into two main parts: first, an examination of Google Trends
signals as a quantitative proxy for information-seeking behavior and perceived risk salience
across multiple hazards; second, a qualitative analysis of YouTube discourse to explore pub-
lic sentiment, concerns, and resilience-related themes for the three highest-salience hazards.

3.1. Google Trends Signals

A comprehensive list of major climate-related hazards was first compiled to determine
which hazards are represented as searchable topics in Google Trends. The identified topics
included the following:

e “heat wave”;
e “cold wave”;
e “flood”;
“drought”;
“water stress”;

“sea level rise”;
“ocean acidification”;
“glacial lake outburst flood”;
“typhoon”;
“blizzard”;

“dust storm”;
“tornado”;
“wildfires”;
“landslide”;
“avalanche”;
“permafrost thaw”;

“coastal erosion”.

Monthly Google Trends time series were then extracted for Galicia for the period
2022-2025 (Figure 2), and the hazards with sufficient search volume and temporal variation
were compared to identify the most interpretable public attention signals. Based on this
screening, floods, wildfires, and heatwaves were selected as the top three hazards, since
their search ecosystems are strongly grounded in locally relevant, action-oriented informa-
tion needs. Flood-related queries concentrate on real-time monitoring and place-specific
impacts (e.g., tracking inundation status and river/reservoir conditions), while also show-
ing amplification during nationally salient flood disasters. Wildfire queries are even more
immediate, dominated by “today/now” and map-based tracking, hyperlocal searches (e.g.,

”ou v ”ou

“incendios Ourense”, “incendios Pontevedra”, “incendio Pontevedra”, “incendios activos
Ourense”, “incendios activos Pontevedra”, “incendios activos en Pontevedra hoy”, “Boiro”,
and “incendio Boiro”), and spillovers into governance and restriction-related interest dur-
ing severe seasons. Heatwave queries combine authoritative monitoring with practical

planning, with users repeatedly seeking timing/duration (“when will it end /how long will
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it last”), relying heavily on institutional warning information (e.g., AEMET products), and
linking heat to cascading risks such as wildfire.

Monthly Google Trends search interest for climate-related hazards in Galicia (2022-2025)

35

30

25

20

Google Trends relative search interest

Flood: (Galicia) (mean=5.27)
Wildfire: (Galicia) (mean=2.25)
Tornado: (Galicia) (mean=0.83)
Heat wave: (Galicia) (mean=0.83)
Drought: (Galicia) (mean=0.54)
Typhoon: (Galicia) (mean=0.31)
Avalanche: (Galicia) (mean=0.23)
Landslide: (Galicia) (mean=0.16)

Month
Figure 2. Monthly Google Trends search interest for climate-related hazards in Galicia (2022-2025).

3.2. YouTube Comment Analysis for High-Salience Hazards

To complement the Google Trends evidence with an analysis of public discourse, these
three hazards with the clearest and most interpretable search interest signals in Galicia
were also used to retrieve and analyze YouTube content and associated comment threads
using query pairs:

e “inundacién Galicia” (flood Galicia);
e “incendios forestales Galicia” (wildfire Galicia);
e “ola de calor Galicia” (heatwave Galicia).

3.2.1. Heatwaves in Galicia

The YouTube search yielded five videos meeting the study criteria and a total of
184 comments for analysis. The sentiment distribution for heatwave-related comments
is skewed toward negativity, with a dense concentration of observations in moderately
negative ranges and a smaller positive tail. The histogram (Figure 3) indicates that the
modal region lies around mildly to moderately negative sentiments (approximately —0.5
to —0.3), while strongly negative expressions extend toward the lower bound of the scale.
A secondary cluster appears near neutral sentiment, and positive sentiment is present but
comparatively sparse, extending to moderately positive values. This pattern suggests that
heatwave discourse in this sample is more often evaluative and critical than affirmational,
but it is not uniformly negative. Rather, it combines a substantial negative affect with a
meaningful, though smaller, share of neutral and positive reactions.

Emotion coding helps to explain the negative skew (Figure 4). Mockery is the domi-
nant emotional tone, accounting for roughly 45% of comments, far exceeding any other
category. Neutral affect represents the next largest share at approximately 10%, followed
by frustration at a similar magnitude. Amusement, concern, and anger each contribute
smaller but non-trivial proportions, while hope and relief are also present at modest levels.
Fear and disbelief appear less frequently. The prominence of mockery indicates that, within
these comment threads, heatwave discussion often serves as a site for sarcasm, derision,
or ridicule directed either at other commenters, public figures, media narratives, or the
framing of the hazard itself rather than functioning primarily as an exchange of practical
risk information.
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Figure 3. Sentiment distribution of YouTube comments on heatwaves in Galicia.
Dominant emotions in YouTube comments on heatwaves in Galicia
Mockery 44.0%
Neutral
Frustration 9.8%
Amusement
Concern 6.0%
Anger 5.4%
Hope 4.9%
Relief 4.9%
Fear 4.3%
Disbelief
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0.0% 5.0% 10.0% 150%  20.0%  25.0%  300%  35.0%  40.0%  45.0%  50.0%  55.0%

% of comments

Figure 4. Dominant emotions in YouTube comments on heatwaves in Galicia.

Consistent with this affective profile, the main topic distribution shows that heatwave
comments are structured around a blend of everyday normalization, acute risk talk, and
contested interpretation (Figure 5). The largest topic category is seasonal and lifestyle
framing of heat (approximately 12% of comments), reflecting discourse that treats heat as
part of expected summer conditions, lifestyle preferences, or routine seasonal variation. At
the same time, heatwave impacts and acute risk forms the second-largest category (around
10%), indicating that a sizable fraction of commenters foreground consequences and hazard
salience rather than normalization. The category of interpersonal attacks and ridicule
constitutes a similarly large share (close to 10%), mirroring the dominance of mockery
in the emotion distribution and indicating that a substantial portion of thread activity is
socially adversarial rather than informational. Media and weather reporting, including
forecasts (roughly 9%), temperature records and comparisons (also around 9%), together
demonstrate that many comments react to reported maxima, comparisons with other places
or past summers, and the credibility or framing of forecasts. Travel/place references and
regional identity (approximately 8%) further suggest that commenters frequently anchor
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heat in geographic identity, local pride, and regional comparisons. Climate skepticism,
denial, and politicization comprise another notable block (around 7%), indicating that a
heatwave serves as a trigger for broader ideological contestation about climate narratives.
Adaptation and coping measures and low-content or unclear replies each account for about
6%, while smaller yet persistent categories capture conspiracy narratives, climate change
awareness/attribution, policy—economy-social issues, heat trends/escalation, accusations
of manipulation or fake news, and pollution/environmental impacts.

Main topic categories in YouTube comments on heatwaves in Galicia

Seasonal And Lifestyle Framing Of
Heat

12.5%

Heatwave Impacts And Acute Risk 10.3%

Interpersonal Attacks And Ridicule 9.8%

Media And Weather Reporting

. 8.7%
Including Forecasts ’

Temperature Records And

. 8.7%
Comparisons

Travel Place References And
Regional Identity

Climate Skepticism Denial And 7.1%
Politicization

Adaptation And Coping Measures 6.0%

Low Content Or Unclear Replies 6.0%

Other 4.3%

Conspiracy Narratives 3.8%

Climate Change Awareness

- e 3.8%
Attribution And Responsibility

Policy, Economy And Social Issues 3.3%

Heat Trends And Escalation

Accusations Of Manipulation Or 2.7%
Fake News

Pollution And Environmental
Impacts

0.0% 2.0% 4.0% 6.0% 8.0% 10.0% 12.0% 14.0%

% of comments

Figure 5. Main topic categories in YouTube comments on heatwaves in Galicia.

Resilience-related signals appear unevenly across the comment set (Figure A1). Explicit
trust in institutions is absent from most comments. Nearly 70% contain no interpretable
trust cue, while the subset that does address institutional credibility is heavily weighted
toward low trust (approximately 28%), with only marginal representation of medium or
high trust.

A similar pattern holds for collective efficacy (Figure A2). The overwhelming majority
of comments do not express a sense of collective capacity to respond, and when collective
efficacy is expressed, it is more often low than medium or high. These distributions
suggest that heatwave discussions in this YouTube sample are rarely oriented toward
coordinated response or institutional reliance. Instead, they more frequently revolve
around commentary, critique, and social positioning.

Calls to action are present but limited, appearing in roughly one-fifth of comments,
indicating that direct suggestions (for example, urging protective behavior or advocating
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for specific actions) are a minority discourse form relative to commentary and debate
(Figure A3).

When impacts are mentioned, health is by far the most common category, referenced
in approximately 15% of comments, underscoring that the most salient articulated conse-
quence of heat is human well-being (Figure 6). Ecosystem impacts appear at substantially
lower levels (around 5%), and work-related impacts are mentioned in roughly 3% of
comments, suggesting some recognition of labor exposure and productivity constraints.
References to wildfire and water impacts are present but comparatively infrequent (each
on the order of a few percent), and explicit mentions of agriculture, energy, and infrastruc-
ture impacts are rare (around 1% each). Notably, the low absolute rates for most impact
categories indicate that, even in a hazard-focused thread, detailed articulation of sectoral
consequences is limited and concentrated on health.

Impacts mentioned in YouTube comments on heatwaves in Galicia

Health 14.7%

Ecosystems
Work
Other 3.3%

Wildfire 2.7%

Water 2.7%

1.1%

Infrastructure

Energy 1.1%

Agriculture L1%

0.0% 2.0% 4.0% 6.0% 8.0% 10.0% 12.0% 14.0% 16.0% 18.0%

% of comments mentioning label

Figure 6. Impacts mentioned in YouTube comments on heatwaves in Galicia.

Mentions of vulnerable groups are also relatively scarce, appearing in small single-
digit percentages (Figure 7). The elderly are the most frequently referenced vulnerable
group (approximately 3%), followed by outdoor workers at a similar but slightly lower
level, while references to children and tourists are uncommon. This pattern implies that
vulnerability awareness exists but is not a central organizing feature of comment discourse,
despite the well-established differential risks posed by extreme heat.

Vulnerable groups mentioned in YouTube comments on heatwaves in Galicia

Elderly people 3.3%

Outdoor workers

2.7%

Children

Tourists

0.0% 1.0% 2.0% 3.0% 4.0%

% of comments mentioning label

Figure 7. Vulnerable groups mentioned in YouTube comments on heatwaves in Galicia.
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Coping actions show the same sparsity (Figure 8). Beyond a general other category
that captures heterogeneous and less-standardized responses, explicit references to air
conditioning and shade appear only in the low single digits, with mentions of hydration
and schedule changes being rarer.

Coping actions mentioned in YouTube comments on heatwaves in Galicia

Other 9.2%

Air conditioning 2.7%

Shade 22%

Schedule change

Hydration L.1%

0.0% 2.0% 4.0% 6.0% 8.0% 10.0% 12.0%

% of comments mentioning label

Figure 8. Coping actions mentioned in YouTube comments on heatwaves in Galicia.

Adaptation or policy suggestions are infrequent overall (Figure A4). When present,
they appear primarily as heterogeneous proposals grouped under other, with a smaller
identifiable share pointing to urban shade interventions. These resilience indicators suggest
that the YouTube comment space surrounding heatwaves in Galicia is more strongly
characterized by affective and interpretive contestation often expressed through mockery,
media critique, and politicized climate talk than by sustained exchange of practical coping
guidance or collective adaptation planning, even though health impacts emerge as a clear
focal point when concrete consequences are discussed.

3.2.2. Wildfires in Galicia

The YouTube search yielded 303 videos meeting the study criteria and a total of
20,427 comments for analysis. The sentiment distribution for wildfire-related comments
is strongly skewed toward negativity (Figure 9). The histogram shows a dense mass
of observations in the moderately to strongly negative range, with the modal region
concentrated around approximately —0.75 to —0.55. Negative sentiment extends toward
the lower bound of the scale, indicating the presence of highly adverse evaluations rather
than only mild dissatisfaction. A smaller accumulation appears close to neutral sentiment,
while a comparatively thin positive tail extends into moderately positive values. The
distribution indicates that wildfire discourse in this sample is dominated by critical and
adverse reactions, while still containing a limited but non-negligible share of neutral and
affirmative expressions.

Emotion coding helps clarify the intensity and direction of this affective profile
(Figure 10). Anger is the dominant emotional tone, accounting for roughly 37% of com-
ments, and substantially exceeding all other categories. Mockery and frustration form the
next tier (each around 15-16%), followed by sadness at approximately 8-9%. Hope, concern,
and neutral affect appear at lower but still visible levels (roughly 5% each), while disbelief
and amusement are present in smaller proportions. Relief and fear occur only rarely. This
distribution suggests that wildfire threads function less as low-stakes commentary and
more as an arena for grievance, blame, and moral evaluation, with anger and frustration
structuring much of the interactional tone.
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Figure 9. Sentiment distribution of YouTube comments on wildfires in Galicia.
Dominant emotions in YouTube comments on wildfires in Galicia
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Figure 10. Dominant emotions in YouTube comments on wildfires in Galicia.

Consistent with these emotional patterns, the main topic distribution indicates that
wildfire discourse is organized around accountability, attribution, and institutional per-
formance (Figure 11). Politics and governance is the largest topic category, representing
roughly 30-31% of comments, which implies that commenters frequently interpret wildfire
events through lenses of public responsibility, policy, and institutional decision-making.
The category of interpersonal attacks and ridicule comprises a substantial share (approx-
imately 7-8%), indicating that a meaningful portion of thread activity remains socially
adversarial rather than informational. Several hazard-specific and response-oriented topics
then follow closely, including wildfire general /updates (around 7%), emergency response
and firefighters (about 6-7%), and causes, arson, and punishment (about 6%). Smaller
but persistent categories include solidarity and support (around 4-5%), smoke and health
(roughly 3-4%), misinformation and conspiracy (about 3—4%), and impacts and losses
(about 3%). Emotion and sympathy, prayers and rain hopes, and media and informa-
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tion distrust each contribute additional shares in the low single digits. Prevention and
land management appears at around 1-2%, while evacuation and safety, humor and
sarcasm, and climate and environment occur only marginally. These topical distribu-
tions depict a discourse that is strongly politicized and accountability-oriented, while
also containing distinct strands focused on operational response, causal attribution, and

tangible consequences.

Main topic categories in YouTube comments on wildfires in Galicia

Politics And Governance 30.6%

Other

Interpersonal Attacks And Ridicule

Wildfire General / Updates 7.0%

Emergency Response And
Firefighters

6.3%

Causes, Arson, And Punishment 6.0%

Solidarity And Support

Smoke And Health 3.8%

Misinformation And Conspiracy 3.7%

Impacts And Losses 3.4%

Emotion And Sympathy 2.9%

Prayers And Rain Hopes 2.9%

Media And Information Distrust 2.8%
Low Content Or Unclear
Prevention And Land Management
Climate And Environment

Humor And Sarcasm

Evacuation And Safety

0.0% 5.0% 10.0% 15.0% 20.0% 25.0% 30.0% 35.0%

% of comments

Figure 11. Main topic categories in YouTube comments on wildfires in Galicia.

Resilience-related signals further underscore the prominence of institutional evalu-
ation (Figure A5). Trust in institutions is low in a majority of comments (approximately
54%), while a large minority of comments contain no interpretable trust cue (around 45%).
High trust is rare (about 2%), and medium trust is marginal. This pattern suggests that
when commenters do engage institutions as objects of evaluation, the prevailing stance is
distrustful, with affirmational trust emerging only sporadically.

Collective efficacy is more weakly articulated but still present (Figure A6). About two-
thirds of comments are unrelated to collective capacity, indicating that many contributions
do not frame wildfire response in terms of shared agency or coordinated action. Among
those that do, low collective efficacy is the most common (approximately 25%), while
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medium and high collective efficacy appear only in small shares (roughly 7% and 4%,
respectively). This distribution indicates that expressions of joint capacity to respond exist
but are far from dominant and are more often framed pessimistically than optimistically.

Calls to action occur in a minority of comments, but at a visible level (Figure A7).
Approximately 22% of comments contain an explicit call to action, while the remainder do
not. This suggests that alongside critique and interpretation, the comment space includes a
distinct action-oriented register in which commenters urge specific behaviors, interventions,
or political responses, though this register is not the primary mode of engagement.

When concrete impacts are mentioned, ecological and material losses are most salient
(Figure 12). Ecosystem impacts are referenced most frequently (around 10%), closely
followed by property damage (just under 10%). Broader economic consequences are also
prominent (around 6%), and health impacts appear in approximately 5% of comments.
Infrastructure and agriculture impacts are each mentioned at about 2-3%, while evacuation-
related impacts appear at roughly 1-2%. Mentions of water and smoke/air quality appear
at comparatively low levels (under 1% each in this coding). This suggests that commenters
most often foreground environmental degradation and tangible asset loss, while also
registering economic disruption and health burdens to a meaningful extent.

Impacts mentioned in YouTube comments on wildfires in Galicia

Ecosystems 10.2%

Property damage 9.8%
Other

Economy

Health

Infrastructure

Agriculture 2.5%

Evacuation 1.6%

Water

Smoke / air quality 0.8%

0.0% 2.0% 4.0% 6.0% 8.0% 10.0% 12.0%

% of comments mentioning label

Figure 12. Impacts mentioned in YouTube comments on wildfires in Galicia.

Mentions of vulnerable groups are comparatively limited in absolute terms (Figure 13).
Outdoor workers are the most frequently referenced group (around 1.8%), followed by
low-income populations (about 1.1%). References to the elderly and animals or pets
appear at under 1% each, while children are mentioned at roughly half a percent. Tourists,
respiratory patients, and people with chronic illness are only rarely referenced. This
distribution indicates that vulnerability awareness is present but not central in the wildfire
comment discourse, despite the well-established unevenness of exposure and capacity
during wildfire events.

Coping actions are also relatively sparse, with a few categories standing out (Figure 14).
Helping neighbors is the most frequently coded coping-oriented behavior (around 2.8%),
suggesting that mutual aid is a recognizable, albeit still minority, theme. Political demand
and references to firefighting tactics each appear at around 1.4%, and evacuation-related
actions at roughly 1%. Requests to seek updates and references to prayers appear in the

https://doi.org/10.3390/50c16060188


https://doi.org/10.3390/soc16060188

Societies 2026, 16, 188 16 of 35

sub-1% range, and donations are mentioned in a small minority of comments. Other
actions, including reporting or denouncing, masking, air filtering, protecting property, fuel
management, and controlled burns, are rare in this comment corpus. The pattern suggests
that wildfire threads contain some articulation of mutual aid and response preferences, but
that detailed behavioral guidance is not a dominant discourse form.

Vulnerable groups mentioned in YouTube comments on wildfires in Galicia

Outdoor workers 1.8%

Low-income groups
Elderly people
Animals / pets

Children
Tourists

Respiratory patients

People with chronic illness

0.0% 0.5% 1.0% 1.5% 2.0%

% of comments mentioning label

Figure 13. Vulnerable groups mentioned in YouTube comments on wildfires in Galicia.

Coping actions mentioned in YouTube comments on wildfires in Galicia
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Figure 14. Coping actions mentioned in YouTube comments on wildfires in Galicia.
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Adaptation and policy suggestions, when present, are structured primarily around
capacity and land-based risk management (Figure 15). The most frequently referenced cate-
gory concerns firefighting resources (approximately 8%), indicating substantial attention
to operational capacity, equipment, staffing, or resourcing. Fuel management is the next
most common (around 5%), followed by land-use policy (around 5%). Controlled burns,
early warning, and evacuation plans appear at under 1% each, and public health messaging
and harsher penalties appear at only a few tenths of a percent. Enforcement or bans and
governance or anti-corruption are marginal. These distributions indicate that wildfire
discourse is not only evaluative but also policy-relevant. When commenters articulate
forward-looking solutions, they most often emphasize response capacity, vegetation and
fuel interventions, and land-use governance as levers for risk reduction.

Adaptation or policy suggestions in YouTube comments on wildfires in Galicia

Firefighting resources 8.2%
Fuel management
Land-use policy
Controlled burns

Other

Early warning
Evacuation plans

Public health messaging
Harsher penalties

Enforcement / bans

Governance / anti-corruption

0.0% 2.0% 4.0% 6.0% 8.0% 10.0%

% of comments mentioning label

Figure 15. Adaptation and policy suggestions mentioned in YouTube comments on wildfires
in Galicia.

3.2.3. Floods in Galicia

The YouTube search yielded 30 videos meeting the study criteria and a total of
4882 comments for analysis. The sentiment distribution for flood-related comments is
strongly negative (Figure 16). The histogram shows a dense concentration of observations
in the moderately to strongly negative range, with the highest mass centered roughly
between —0.75 and —0.55, indicating that critical and adverse evaluations dominate the
discourse rather than mild dissatisfaction. A smaller accumulation appears near neutral
sentiment, while a thinner positive tail extends into moderately positive values.

Emotion coding clarifies how this negativity is expressed (Figure 17). Anger is the
single most common coded emotion (about 17%). Mockery (~16%) and frustration (~14%)
are nearly as prominent, while sadness forms another major component (~12%). Concern
and hope are both substantial (each roughly 8%), suggesting that many commenters
frame floods not only as an object of blame but also as a condition requiring protection,
preparedness, or recovery. Neutral affect accounts for about 7%, and amusement for
roughly 6%, indicating that low-stakes engagement and joking remain present even in
disaster discussion. Disbelief (~4%) and fear/relief (each around 3%) appear less often.
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Sentiment distribution in YouTube comments on floods in Galicia
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Figure 16. Sentiment distribution of YouTube comments on floods in Galicia.

Dominant emotions in YouTube comments on floods in Galicia
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Figure 17. Dominant emotions in YouTube comments on floods in Galicia.

The main topic distribution indicates that flood discourse is organized around a small
set of large interpretive frames plus a long tail of minor themes (Figure 18). The other
category remains sizable at roughly one quarter of comments, reflecting substantial topical
fragmentation beyond the major topics. Among the substantive categories, condolences,
sympathy, prayers, and solidarity form one of the largest blocks (about 15%), while politics,
government performance, corruption, and accountability constitute another major share
(roughly 14%). More event-focused discussion accounts for around 6%. Socially adversarial
participation, including personal attacks, insults, and mockery, is also prominent and
represents about 6%, and low-content reactions, chatter, greetings, and off-topic comments
contribute another ~5%. Emergency-relevant interpretation is visible through warnings,
alerts, and emergency management (about 5%), alongside smaller but persistent categories
such as thanks/gratitude/praise (~3%), media coverage and censorship/sensationalism
(~3%), and hazard-adjacent discussion including coastal waves/sea, storms/tsunami talk
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and video/footage timestamps or audio/music meta (each around ~2%). Additional
categories, including aid logistics, rescue/heroism, casualties, information-seeking, iden-
tity /accent/nationality talk, flood cause attribution, and flood impacts, appear in low single
digits to ~1% each, indicating a broad but secondary layer of operational, informational,

and interpretive commentary.

Main topic categories in YouTube comments on floods in Galicia
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Figure 18. Main topic categories in YouTube comments on floods in Galicia.
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Resilience-related signals highlight a strong pattern of institutional ambiguity and
skepticism (Figure A8). The majority of comments are unrelated to trust in institutions
(about 65%). Where trust is expressed, it is much more often low (~32%) than affirma-
tional. High trust (~2%) and medium trust (~1%) are rare. This suggests that institutional
evaluation is present but unevenly articulated.

Collective efficacy is even less directly articulated (Figure A9). Roughly 80% of
comments contain no clear collective efficacy cue. Among those that do, low collective
efficacy (~13%) is most common, while medium (~6%) and high (~3%) appear only in small
minorities. This indicates that while some commenters reference the shared capacity to
respond (community readiness, coordination, mutual aid), explicit confidence in collective
response is limited and more often pessimistic than optimistic.

Calls to action occur in a minority of comments but are clearly visible (Figure A10).
Approximately 18% of comments contain an explicit call to action, while about 82% do
not. This suggests that flood threads are primarily evaluative and expressive (emotion,
blame, solidarity), with a smaller but meaningful action-oriented register urging specific
behaviors, preparedness steps, or political /institutional responses.

When commenters mention concrete impacts, direct harm and material loss dominate
(Figure 19). Injury/drowning references are most frequent (about 7.5%), closely followed by
property damage (just over 7%). Infrastructure impacts are also substantial (around 4.7%),
while evacuation (~3%) and health impacts (~2.3%) appear at moderate levels. Broader
economic consequences are referenced less often (~1.5%), and ecosystem impacts appear
in under 1% of comments. Mentions of water contamination, agriculture, missing people,
and mud/debris-related outcomes are comparatively rare in this coding. Flood impacts
are framed most often through immediate life-and-death stakes, damaged property, and
disrupted infrastructure.

Impacts mentioned in YouTube comments on floods in Galicia

Injury / drowning 7.5%

Property damage 7.2%
Infrastructure
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‘Water contamination
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Figure 19. Impacts mentioned in YouTube comments on floods in Galicia.
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Mentions of vulnerable groups are comparatively limited (Figure 20). Low-income
groups are referenced most often (roughly 0.8%), followed by children (~0.6%) and the
elderly (~0.5%). Animals/pets appear at around 0.4%, while outdoor workers, tourists, and
disability /mobility are rarely mentioned. This pattern suggests that while vulnerability
awareness exists, it is not a central organizing theme of flood comment discourse.

Vulnerable groups mentioned in YouTube comments on floods in Galicia

Low-income groups 0.8%

Children
Elderly people
Animals / pets

Outdoor workers

Tourists

People with disabilities / reduced
mobility

0.0% 0.5% 1.0%
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Figure 20. Vulnerable groups mentioned in YouTube comments on floods in Galicia.

Coping actions, when present, foreground mutual aid and immediate protective behav-
iors (Figure 21). Helping neighbors is the most frequently coded action (~4.4%), followed
by donations (~2.4%) and evacuation (~2.1%). Seeking updates is also notable (~1.8%) and
moving to higher ground (~1%) and avoiding travel (~0.8%) appear as secondary precau-
tionary behaviors. Cleanup, asking where to donate, and sandbags appear only rarely. This
suggests that flood threads contain a recognizable, though minority, practical-action layer
that emphasizes mutual aid, evacuation-related behaviors, and information seeking.

Coping actions mentioned in YouTube comments on floods in Galicia

Help neighbors 4.4%
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Evacuation
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Move to higher ground
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Other
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0.0% 1.0% 2.0% 3.0% 4.0% 5.0%
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Figure 21. Coping actions mentioned in YouTube comments on floods in Galicia.

Adaptation and policy suggestions, when voiced, are structured primarily around
preparedness capacity and risk communication (Figure 22). The most frequently referenced
category is early warning (~4.5%), closely followed by emergency service capacity (~4.2%)
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and public safety messaging (~2.9%). Land-use policy appears at around 1%, while evacua-
tion plans, drainage infrastructure, and river management appear at around ~0.8% each.
Mentions of disaster funds, trash/maintenance, and anti-corruption as explicit adaptation
levers are marginal. This distribution suggests that when commenters propose forward-
looking measures, they prioritize improving warning systems, strengthening emergency
response capacity, and clarifying public safety communication, with structural planning
and infrastructure interventions present but less central.

Adaptation or policy suggestions in YouTube comments on floods in Galicia

Early warning 4.5%
Emergency services 4.2%
Public safety messaging
Land-use policy
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Drainage infrastructure
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Figure 22. Adaptation and policy suggestions mentioned in YouTube comments on floods in Galicia.

3.3. Data-Driven Policy Recommendations

The qualitative evidence from YouTube comment discourse was translated into policy
advice through a structured interpretive pipeline. Comments were first interpreted as
signals of resilience-relevant gaps, vulnerabilities, or enabling conditions, and then refor-
mulated as actionable resilience opportunities. These opportunities were grouped within
and across hazards to produce higher-level policy recommendations, allowing the analysis
to move from dispersed public reactions to a coherent agenda for climate-risk governance
(Figure 23).

Across floods, wildfires, and heatwaves, the recommendations converge on the need
for real-time, local, and actionable public guidance. Crisis communication should move
beyond general messaging and provide spatially specific risk information, time-relevant
updates, and clear protective actions, including triggers for evacuation, sheltering, travel
avoidance, or seeking assistance. A unified public information system, supported by
maps, dashboards, and plain-language advisories, would help households, responders,
and institutions work from a common information base.

A second cross-hazard priority is practical preparedness and behavioral risk reduc-
tion. The comments repeatedly point to avoidable harms that could be reduced through
standardized, scenario-specific guidance before, during, and after events. Such guidance
should be accessible, realistic under household and infrastructure constraints, and focused
on feasible actions rather than treating preparedness as only an individual responsibility.
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Data-Driven Policy Recommendations

Cross-Hazard Policy Recommendations
* Actionable decision support and locally specific * Resource navigation embedded in communication: shelters
guidance with clear triggers and hotlines
* Practical safety and preparedness education designed for * Aid and volunteer coordination to reduce duplication and
real constraints clarify priorities
* Structured public reporting channels that improve « Institutional learning and long-term risk reduction with
usefulness and verification responsible ownership
+ Evidence-based correction practices with visible * Accountability and trust infrastructure, including
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Flood Recommendations Wildfire Recommendations Heat Recommendations
* Micro-local situational clarity « Integrated incident updates with * Actionable heat-risk forecasts
and routing smoke information and time windows
* Clear escalation thresholds for * Credible incident command * Low-cost coping guidance and
evacuation visibility health signals
» Targeted safety guidance for * Prevention through land and fuel » Targeted protection for
safe recovery management vulnerable groups

Figure 23. Data-driven policy recommendations.

A third recommendation concerns the use of public observation while limiting ru-
mors, misinformation, and unsafe self-exposure. Local reports and informal updates can
improve situational awareness, especially when conditions change rapidly or vary at small
spatial scales. However, these inputs require structured reporting channels, verification
prompts, and safeguards so that citizen reporting complements official monitoring without
amplifying misinformation or encouraging risky behavior.

The analysis also highlights trust infrastructure as a central component of resilience.
Misinformation, toxic conflict, and low institutional trust appeared across hazard contexts.
Policy responses should therefore emphasize rapid evidence-based corrections, transparent
communication about what is known and unknown, and crisis-usable online spaces where
verified updates are visible and safety information is not displaced by harassment, political
conflict, or rumor cycles.

Public expressions of sympathy, anger, and solidarity also translate into operational
needs. Crisis communication should include clear pathways to shelters, hotlines, family
reunification services, verified aid channels, psychosocial support, and volunteer or do-
nation coordination. These systems can reduce duplication, fraud, and confusion while
strengthening public confidence that assistance is reaching affected people.

Beyond immediate response, the recommendations point to institutional learning and
long-term risk reduction. Public-facing after-action reviews, clear ownership of follow-
up commitments, transparent performance summaries, and investments in maintenance,
prevention, and response capacity can help rebuild trust and reduce repeated impacts.

Hazard-specific recommendations refine this cross-hazard agenda. For floods, the
priority is micro-local situational clarity, including localized flood intelligence, road and
infrastructure status, evacuation thresholds, safe routing, and practical guidance on flood-
water, electrical hazards, contaminated water, and cleanup. For wildfires, the recommen-
dations emphasize transparent incident command, credible post-incident investigations,
prevention through land and fuel management, smoke and health guidance, evacuation
logistics, and targeted support for vulnerable groups. For heatwaves, the focus is on action-
able heat-risk alerts, countering normalization of heat danger, low-cost protective guidance,
symptom-based escalation advice, targeted protection for older adults, outdoor workers,
and high-exposure neighborhoods, and public cooling or built-environment measures that
reduce exposure during peak risk periods.
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4. Discussion

Across 2022-2025, the Google Trends layer indicates that climate hazards appear in
Galicia’s online information environment as episodic attention shocks rather than smooth
or continuous cycles. This pattern is consistent with crisis informatics arguments that
emergencies are also information crises, in which attention, interpretation, and coordination
evolve dynamically through networked media [34].

Floods dominate Galicia’s hazard-related search interest, with frequent moderate
surges and at least one extremely high peak. This suggests that floods function as a chronic
and repeatedly revisited risk in the region’s online information needs, consistent with
Galicia’s hydro-meteorological exposure and recurring storm impacts. It also aligns with
infodemiology and infoveillance frameworks, in which search behavior is treated as a
proxy for evolving public concern and information demand [8,22]. By contrast, wildfires
show a quieter baseline but sharper spikes, reflecting a more seasonal and incident-driven
attention pattern. Wildfire-related queries emphasizing now /today, maps, locations, and
counts suggest that information seeking is triggered by acute proximity cues such as smoke,
evacuations, disruption, and dramatic imagery, mirroring evidence from other contexts
that online search behavior can track perceived exposure and protective responses [10].
Heatwaves occupy a more ambiguous position. Search interest rises during specific hot
periods but remains below floods and wildfires on average, while YouTube discourse still
reveals substantial contestation. This split reinforces an important interpretive point. Search
salience measures information demand, not necessarily risk severity. Heat can remain
deadly even when it is socially normalized or treated as routine, as shown by large-scale
European mortality analyses [35].

The YouTube results show three distinct public meaning-making regimes that cor-
respond to differences in hazard characteristics, perceived immediacy, and governance
controversy. Heatwave comment threads are dominated by mockery and lifestyle or
seasonal framing, with comparatively low levels of explicit institutional trust, collective
efficacy, and concrete coping guidance. This suggests an actionability gap. Many comments
recognize heat as a topic of discussion, but fewer translate it into protective behavior or
collective adaptation. This pattern is consistent with risk communication models in which
familiar, controllable, or socially contested hazards may prompt identity signaling and
argument rather than practical response. The Protective Action Decision Model emphasizes
that cues, information sources, and perceived protective efficacy shape whether people
convert warnings into action [36]. For heatwaves in Galicia, the resilience challenge is there-
fore not only forecasting accuracy, but also counteracting benign framing through locally
grounded, feasible actions such as cooling, hydration, schedule adjustments, symptom-
based escalation, and credible public health messaging. This is consistent with guidance
emphasizing that heat harms are predictable and preventable when warnings are paired
with actionable interventions [37,38].

Wildfire discourse is structurally different. Anger is dominant, politics and gover-
nance form the largest topic category, low institutional trust is frequent, and solution-
oriented comments concentrate on firefighting resources, fuel management, and land-use
policy. This resembles a blame-responsibility—capacity discourse, in which losses are in-
terpreted through questions of institutional competence, accountability, and prevention.
The pattern supports crisis informatics findings that online disaster communication is
not merely noise but an interpretive and coordination process with implications for trust
and compliance [34,39]. It also fits the broader trajectory of wildfire risk under climate
change, including evidence that climate-driven fire—weather extremes are increasing in
many regions and that Mediterranean fire regimes are sensitive to heat and dryness [40,41].
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Flood discourse combines substantial condolences and solidarity with anger, skepti-
cism, and comparatively more discussion of warnings, alerts, and immediate protective
behaviors such as evacuation, helping neighbors, and donations. This mixture of high emo-
tion, visible mutual aid, and demand for localized updates matches the dynamics of flood
events, where conditions change rapidly and often at micro-spatial scales. Because floods
generate visible environmental cues and urgent time pressure, the value of information is
highest when it is specific, credible, place-based, and immediately executable [36].

A key contribution of this case study is therefore the demonstration that different
hazards generate different public information modes and require different policy levers. For
heatwaves, the main resilience gap is risk underestimation and low actionability, pointing to
heat-health warning systems, targeted protection for elderly people and outdoor workers,
and low-cost coping guidance. For wildfires, the central gap is legitimacy, accountability,
and capacity credibility, pointing to transparent incident communication, post-incident
reviews, fuel and land management, and integrated smoke-health guidance. For floods, the
central gap is micro-local situational clarity, pointing to nowcasting-style public updates,
road and infrastructure status, evacuation triggers, and safety guidance for common injury
pathways. This hazard-specific differentiation is consistent with climate adaptation and
resilient development framing, which stresses context-dependent vulnerability, governance
capacity, and risk communication as central determinants of outcomes [42].

Although the empirical analysis focuses on Galicia, the proposed approach is trans-
ferable to other regions facing climate-related hazards, provided that it is recalibrated to
local hazard profiles, languages, platform-use patterns, institutional arrangements, and
validation data. The general logic of combining search interest signals, platform discourse,
Al-assisted annotation, and policy-oriented synthesis can be applied in other coastal, fire-
prone, flood-prone, or heat-exposed regions. However, cross-regional transfer should
not assume that the same keywords, platforms, emotional patterns, trust dynamics, or
policy priorities will appear elsewhere. The Galicia case should instead be understood as
both an empirical contribution and a methodological demonstration. It provides evidence
for Galicia while offering a replicable template for Al-supported social sensing in other
climate-risk contexts.

5. Limitations

The findings should be interpreted as indicative signals of online attention, public
concern, trust, and actionability rather than as representative measurements of Galicia’s
population or direct measurements of physical hazard severity. The empirical corpus
is highly unbalanced across hazards. The heatwave sample includes five videos and
184 comments, the wildfire sample includes 303 videos and 20,427 comments, and the
flood sample includes 30 videos and 4882 comments. As a result, the wildfire findings
are likely to be more stable because they draw on a much larger and more diverse corpus,
while the heatwave findings should be treated as exploratory and more sensitive to the
characteristics of a small number of videos. Future research should address this imbalance
through stratified sampling, minimum sample thresholds, repeated data collection, and
normalized comparison strategies.

Google Trends also introduces important measurement constraints. Its core out-
put is not an absolute count of searches, but a normalized index derived from sampled
query streams. Repeated retrievals may therefore produce variation, and the resulting
series may reflect sampling variance, measurement error, and threats to internal valid-
ity if reliability and sensitivity checks are not conducted. Recent methodological studies
document these sources of instability and highlight frequent misapplications in applied
work, showing that Google Trends outputs can be over-interpreted without careful design
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and diagnostics [43—46]. In this study, Google Trends data are therefore treated as rela-
tive attention signals rather than incidence measures. For decision support, they should
be interpreted alongside independent data streams such as hazard records, impact data,
meteorological observations, and survey evidence.

The YouTube layer is shaped by platform, interface, and API effects. What users see
and comment on is influenced by ranking and recommendation systems, while audits
indicate that YouTube’s Search API may return results that are incomplete, inconsistent
across requests, and temporally unstable, limiting replicability in historical samples [47,48].
Related work also documents drift and systematic biases in YouTube’s recommendation
environment, reinforcing that retrieved content should be understood as a platform-shaped
sample rather than a comprehensive archive of public discourse [49]. Videos or com-
ments removed before collection, disabled comment sections, omitted replies, and search
instability may shape the final corpus.

The comment data also reflect self-selection and visibility biases. The analysis may
overrepresent people who are active on YouTube, willing to comment publicly, emotionally
motivated to respond, or exposed to highly ranked and recommended videos. Conversely,
people who are less digitally connected, less politically expressive, older, rural, linguistically
marginalized, or directly affected but not active online may be underrepresented. Disaster
research has long shown that social media participation is uneven across demographic
groups and places, and that online visibility does not necessarily correspond to physical
exposure, vulnerability, or need [50-52]. Consequently, the findings should not be used
to infer demographic representativeness or exact public opinion, but rather to identify
recurring themes, concerns, information gaps, and signals for further investigation.

Another linguistic limitation concerns the YouTube search strategy. Although Galicia is
a bilingual region and climate hazard discourse may occur in both Spanish and Galician, the
YouTube retrieval used Spanish query strings. This decision was made to maximize retrieval
volume, improve comparability across hazards, and capture videos circulated through
regional and national Spanish-language media. However, it may have underrepresented
Galician-language videos, locally oriented channels, and discourse using Galician hazard
terminology. As a result, the YouTube corpus should not be interpreted as a comprehensive
representation of all climate hazard discourse in Galicia. Future research should implement
bilingual or multilingual query expansion, compare Spanish and Galician retrieval results,
and assess whether language choice affects the sentiment, topic, trust, and policy demand
patterns identified in the analysis.

A further limitation concerns the comment-level nature of the sentiment and emotion
analysis. Each comment is assigned an overall sentiment score and dominant emotion
label, but this does not identify which specific actor, institution, place, impact, or issue
is responsible for that sentiment or emotion. For example, a negative comment may
express anger toward public authorities, sadness about victims, distrust of media coverage,
or frustration about land management. Aggregate labels cannot fully distinguish these
targets. Future research should therefore use aspect-based sentiment and emotion analysis
to identify whether negative or positive evaluations refer to emergency response, media
communication, evacuation management, land-use policy, institutional credibility, or the
hazard itself.

GPT-based annotation and classification add another layer of model-mediated un-
certainty. Even with a structured rubric, outputs may be sensitive to prompt wording,
category definitions, sarcasm, multilingual expressions, ambiguous comments, and edge
cases in interpretation. They may also reflect latent biases embedded in training data or
evaluation procedures. Measurement and machine learning guidance emphasizes the need
for validation against human-coded benchmarks, robustness testing, and transparent docu-
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mentation of model decisions and uncertainty [53-55]. Future research should compare
Al-coded outputs with human-coded validation samples, test inter-coder agreement, apply
alternative models, repeat data collection at different time points, and integrate a qualitative
close reading of selected comment threads.

Finally, the spatial precision of the data is limited, which restricts direct operational use
for disaster management. Google Trends is geographically aggregated and does not identify
the exact location of individual searches. YouTube videos and comments often refer to broad
places such as Galicia, a province, or a municipality, and many comments contain no reliable
location information. Even when place names appear, they may refer to where a video was
filmed, where the commenter lives, where the hazard occurred, or a place mentioned in the
news. These meanings cannot always be separated automatically. This spatial imprecision
limits the use of the results for emergency dispatch, evacuation planning, or resource
allocation. Future work should combine online discourse signals with geocoded official
incident data, meteorological observations, remote sensing, emergency-call data, local
news, and verified citizen reports to improve spatial validation and operational relevance.

These limitations support a decision-support rather than replacement framing. The
pipeline is designed to complement established disaster intelligence, not substitute for it.
Responsible deployment therefore requires governance safeguards, traceable audit trails,
validation against external benchmarks, and periodic calibration to operational ground
truth [29,56].

6. AI-Enabled Resilience Pipeline as an Operational Outcome

The pipeline is a core operational outcome of the study. It translates the Google Trends
search-signal layer, YouTube social-listening layer, and Al-assisted annotation into an end-
to-end decision-support workflow for climate hazard resilience. As shown in Figure 24, the
workflow connects heterogeneous inputs to operational outputs and embeds calibration,
validation, and model-updating loops.

Al-Enabled Climate Resilience Pipeline

End-to-end workflow: From unstructured signals to strategic action
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Figure 24. Al-enabled climate resilience pipeline.

The data-source layer combines attention signals, social listening, sensor and satellite
evidence, and official alerts. Search data provide rapid, population-scale indicators of shift-
ing relevance [22,57], while platform discourse adds context on perceived risk, contested
interpretations, and emergent needs [58]. Sensor networks and remote sensing anchor
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these signals in observed hazard dynamics and impacts [59,60], and official alerts provide
authoritative benchmarks for decision-support use.

The processing core converts raw inputs into structured evidence. Ingestion, cleaning,
and relevance filtering support reproducibility and interpretability [61,62]. Semantic analy-
sis summarizes topics, stance, sentiment, and emotion, while action extraction identifies
impacts, vulnerable groups, coping suggestions, and other decision-relevant variables.
Prioritization then ranks signals by urgency, potential harm, and operational leverage.

The strategic-output layer turns these indicators into live dashboards, advisory reports,
and impact metrics. Dashboards support situational awareness and anomaly detection,
especially when combined with official alerts and remote sensing layers [59,60]. Advi-
sory reports explain emerging needs and plausible actions, while metrics make trends
comparable across hazards and over time.

Finally, the calibration and retraining loops keep the system accountable and adaptive.
Outputs should be checked against ground truths such as hazard intensity, verified impacts,
and post-event assessments, reflecting Al governance guidance that treats monitoring and
documented evaluation as continuous obligations [61,62]. Model retraining addresses
changing language, narratives, misinformation, and platform effects, including YouTube
API and search limitations that affect representativeness and replicability [63].

7. Conclusions

This study answers the overarching research question by showing that Al-supported
analysis of online search behavior and platform discourse can assess the social-information
dimensions of climate hazard resilience in Galicia. Google Trends captures public attention
and information demand, while YouTube comments reveal how people interpret hazards,
express trust or distrust, identify impacts, and call for action. These sources can be trans-
formed into practical indicators for decision support, although they should complement
rather than replace official hazard monitoring.

In response to RQ1, the Google Trends analysis shows that floods, wildfires, and
heatwaves generated the most salient and interpretable online search interest signals in
Galicia during 2022-2025. Floods had the highest mean search interest and frequent surges,
reflecting demand for real-time and place-specific information. Wildfire searches were more
episodic and incident-driven, often focused on current locations, maps, and emergency
updates. Heatwave searches were lower on average but reflected needs for timing, duration,
official warnings, and practical protection.

In response to RQ2, YouTube discussions differed clearly across the three hazards.
Heatwave discourse was often marked by mockery, normalization, and limited coping
guidance, suggesting an actionability gap despite recognition of health risks. Wildfire
discourse was more negative and anger-driven, dominated by governance, accountabil-
ity, low institutional trust, and demands for better firefighting capacity, prevention, and
land management. Flood discourse combined grief, solidarity, criticism, and stronger
demand for localized warnings, evacuation guidance, road-status updates, and immediate
protective information.

In response to RQ3, the online signals can be synthesized into traceable policy recom-
mendations by LLM-assisted semantic grouping and topic assignment of comment-level
resilience actions into broader intervention areas. Across hazards, the strongest recommen-
dations are to provide real-time, locally actionable risk communication, develop scenario-
specific preparedness guidance, support verified citizen reporting, strengthen trust through
transparent communication, and connect solidarity and help offers to verified aid, shelter,
hotline, and volunteer systems. Hazard-specific priorities include micro-local flood guid-
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ance, transparent wildfire response and prevention, and heat-risk communication targeted
at older adults, outdoor workers, and exposed neighborhoods.
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Appendix A
Trust in institutions in YouTube comments on heatwaves in Galicia
Unrelated / no cue 69.6%
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High 1.6%
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Figure Al. Trust in institutions in YouTube comments on heatwaves in Galicia.

Collective efficacy in YouTube comments on heatwaves in Galicia
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Figure A2. Collective efficacy in YouTube comments on heatwaves in Galicia.
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Calls to action in YouTube comments on heatwaves in Galicia

80.4%

0.0% 10.0% 20.0% 30.0% 40.0% 50.0% 60.0% 70.0% 80.0% 90.0% 100.0%

% of comments

Figure A3. Call to action in YouTube comments on heatwaves in Galicia.

Adaptation or policy suggestions in YouTube comments on heatwaves in Galicia

Other 1 7.1%

Urban shade 1.1%

0.0% 1.0% 2.0% 3.0% 4.0% 5.0% 6.0% 7.0% 8.0% 9.0%

% of comments mentioning label

Figure A4. Adaptation and policy suggestions mentioned in YouTube comments on heatwaves
in Galicia.

Trust in institutions in YouTube comments on wildfires in Galicia
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Unrelated / no cue 44.2%
High 10 1.9%
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Figure A5. Trust in institutions in YouTube comments on wildfires in Galicia.
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Collective efficacy in YouTube comments on wildfires in Galicia
Unrelated / no cue 65.3%
Low 25.1%
Medium 6.1%
High 3.5%
0.0% 10.0% 20.0% 30.0% 40.0% 50.0% 60.0% 70.0% 80.0%
% of comments
Figure A6. Collective efficacy in YouTube comments on wildfires in Galicia.
Calls to action in YouTube comments on wildfires in Galicia
77.6%
0.0% 10.0% 20.0% 30.0% 40.0% 50.0% 60.0% 70.0% 80.0% 90.0%
% of comments
Figure A7. Call to action in YouTube comments on wildfires in Galicia.
Trust in institutions in YouTube comments on floods in Galicia
Unrelated / no cue 65.1%
Low 32.3%
High 1.5%
Medium 1.1%
0.0% 10.0% 20.0% 30.0% 40.0% 50.0% 60.0% 70.0% 80.0%
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Figure A8. Trust in institutions in YouTube comments on floods in Galicia.
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Collective efficacy in YouTube comments on floods in Galicia

Unrelated / no cue 79.1%
Low 12.5%
Medium 5.8%
High 2.6%
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Figure A9. Collective efficacy in YouTube comments on floods in Galicia.

Calls to action in YouTube comments on floods in Galicia

81.5%

0.0% 10.0% 20.0% 30.0% 40.0% 50.0% 60.0% 70.0% 80.0% 90.0% 100.0%

% of comments

Figure A10. Call to action in YouTube comments on floods in Galicia.
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