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ABSTRACT

Recent years have seen a surge in climate-disaster misinformation, with social
media amplifying unfounded claims in the lead-up to and aftermath of major dis-
asters. This misinformation has hindered disaster preparation and recovery while
fueling harassment against meteorologists and government officials, eroding trust
in scientific institutions. While tools exist for analyzing general climate-change
misinformation, current datasets often overlook the rapidly shifting narratives tied
to specific events like wildfires, floods, or hurricanes. This proposal addresses
that gap by developing a dynamic, evolving dataset on climate-disaster misinfor-
mation. Built through targeted social media data collection and rigorous labeling,
the dataset will adapt alongside AI/ML advancements through iterative feedback
from model performance and emerging trends. This openly accessible resource
will enable researchers and practitioners to refine detection algorithms, design in-
terventions, and inform crisis communication strategies—ensuring both data and
models remain aligned with the shifting misinformation landscape. Ultimately,
this work seeks to clarify key drivers of misinformation propagation and support
more effective climate disaster response.

1 INTRODUCTION

Misinformation surrounding climate and weather is far from new (1). Throughout history, there
have been claims of governments manipulating rain patterns, and climate change misinformation
has been prevalent for decades(2). However, recent years have seen a dramatic escalation in both the
volume and impact of climate-disaster misinformation. Social media has enabled false narratives to
spread further and faster than ever before, fueling distrust in scientific institutions and even leading
to harassment and threats against meteorologists (3)(4)(5).

During Hurricanes Helene and Milton in 2024, for example, rumors spread that the National Oceanic
and Atmospheric Administration (NOAA) had artificially strengthened the storms to influence elec-
tion outcomes. In the aftermath, misinformation alleged mismanagement of relief efforts (3)(4). An
analysis from the Institute for Strategic Dialogue found that in the wake of Helene, just 33 debunked
tweets generated over 160 million views, and misinformation led to credible threats of violence
against FEMA officials (3). In response, FEMA established dedicated Rumor Response Pages (6),
underscoring the growing impact of such theories on disaster preparedness, public safety, and trust
in institutions.

The dangers of widespread climate-disaster misinformation are manifold (7)(2). In the immediate
wake of a disaster, distorted claims about relief measures or evacuation routes can jeopardize rescue
efforts, while longer-term exposure to conspiracy theories undermines public confidence in meteoro-
logical and climate science—fostering skepticism at a time when coordinated action is more critical
than ever(8). Despite the urgent need for robust detection and intervention strategies, research on
climate-disaster misinformation remains limited.

Several initiatives have introduced specialized tools and datasets for studying climate misinforma-
tion, demonstrating the promise of advanced analytical approaches. For instance, the 2024 Cli-
mateMiSt corpus (9) contains 146,670 tweets with veracity and stance annotations, and CLIMATE-
FEVER (10) is designed to verify real-world climate claims. Meanwhile, another project revealed
climate change misinformation can spread widely on LinkedIn (11).
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Nevertheless, most of these projects and research discoveries concentrate on overarching climate
change skepticism and denialism rather than the unique and varied misinformation that surfaces
during and after specific weather disasters. While broader climate misinformation often disputes
scientific consensus, event-specific rumors can focus on crisis details, resource allocation, and of-
ficial instructions. Further, the publicly available datasets tend to remain static once published,
limiting their ability to capture newly emergent rumors and adapt to shifting social media patterns.
A dynamic, evolving resource is needed to capture these changes and align with advances in AI
modeling (12).

This proposal addresses that gap by developing a dedicated, dynamic dataset on climate-disaster
misinformation and applying AI/ML techniques to analyze it. By tracking narratives around specific
disasters—such as wildfires and hurricanes—and mapping their spread before and after crises, we
aim to generate actionable insights for countering false claims, restoring public trust, and improving
disaster response and recovery.

2 GENERATING A PUBLIC DATASET ON CLIMATE-DISASTER
MISINFORMATION

2.1 DATASET SCOPE AND OBJECTIVES

The goal is to develop a dynamic, regularly updated dataset (semiannually to annually) that captures
climate-disaster misinformation. It will focus on the lead-up to and aftermath of specific events
rather than broader climate change misinformation. Initial efforts will target recent events—such as
the 2025 Los Angeles wildfires or Hurricanes Helene and Milton—using rigorous labeling protocols.
Over time, historical and global incidents will be integrated to track misinformation trends across
regions and their evolution (13). To keep the dataset aligned with AI/ML advancements, iterative
feedback from model performance and emerging social media trends will continuously refine both
the dataset and analytical approaches (13).

2.2 DATA COLLECTION STRATEGY

Social media content from platforms like Twitter and Reddit will be compiled using relevant key-
words, hashtags, and location-based filters. News articles, press releases, and fact-checking re-
sources (6) can provide context and ground truth for labeling. A modular design will enable con-
tinuous updates to cover new events, capturing shifting narratives and maintaining the dataset’s
relevance for ongoing research.

2.3 LABELING AND ANNOTATION

Domain experts will label each entry according to its accuracy, the type of misinformation (e.g.,
conspiracy or false attribution), and metadata such as source credibility. This approach builds on
the foundational methodologies seen in LIAR (PolitiFact-labeled political statements)(14), and also
draws from more recent climate-focused datasets like CLIMATE-FEVER (10) or ClimateMiSt (9).
By tailoring the labeling schema to event-specific, crisis-related dimensions, this dataset will more
accurately reflect the unique characteristics of misinformation that emerge during and after climate
disasters. Advances in natural language processing may enable these experts to scale the labeling
process efficiently (15).

2.4 PUBLIC ACCESSIBILITY AND RESEARCH IMPACT

Central to this effort is making the dataset freely available through established data-sharing plat-
forms, allowing researchers worldwide to replicate findings, develop innovative detection models,
and contribute new annotations. This open, collaborative model is expected to drive progress in
real-time monitoring tools, early warning systems, and evidence-based policy interventions for mis-
information in disaster scenarios.
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3 MODELING AND INSIGHTS

Applying advanced AI/ML methods to the new dataset can reveal how false narratives form and
spread. Previous successes with resources like LIAR (14) show that combining textual classification
and network analysis provides comprehensive insights into misinformation dynamics, including user
characteristics that drive propagation. Making this dataset publicly accessible will empower external
researchers and industry experts to develop and refine such models. This open collaboration model
aims to maximize innovation in detecting, understanding, and mitigating the spread of climate-
disaster misinformation.

3.1 TEXTUAL ANALYSIS AND CLASSIFICATION

A key first step is to train supervised or semi-supervised classifiers to identify misinformation.
Transformer-based models such as BERT or RoBERTa—already effective at detecting false claims
in political domains (16)—could be adapted for climate-disaster content. As with LIAR’s reliance on
PolitiFact labels (14), fact-checking data and domain-expert annotations would guide these models,
helping to detect patterns in conspiracy-oriented or pseudo-scientific language that emerge around
climate-disaster events. Over time, classifiers could improve through fine-tuning and multi-class
classification techniques, distinguishing between outright fabrications and subtler forms of mislead-
ing information.

3.2 NETWORK ANALYSIS AND INFLUENCER IDENTIFICATION

Graph-based techniques are essential for mapping how misinformation moves across social net-
works. Prior studies have shown that a small group of “supersharers” can produce a disproportion-
ately large impact on the overall spread of false content. For example, an analysis of 2020 U.S.
election interference misinformation found that just 2,107 accounts were responsible for 80% of
misinformation content (17). Constructing interaction networks from retweets, replies, or shared
URLs would help isolate these high-influence nodes. Community detection algorithms (e.g., Lou-
vain (18)) and influence propagation models (e.g., Independent Cascade (19)) could simulate how
misinformation might travel under different conditions. When demographic or geographic data is
available, deeper insights might emerge about the users most likely to initiate or amplify climate-
disaster conspiracies.

3.3 FEEDBACK LOOPS FOR DATASET ENRICHMENT

An iterative approach allows model findings to shape continued data gathering. If analyses expose
new misinformation narratives or reveal unexpected clusters, the dataset can be updated to capture
these developments. This dynamic loop—where results guide subsequent data collection—has been
effective in earlier misinformation research, ensuring that both the dataset and models remain rele-
vant as false narratives evolve (20).

3.4 EXPECTED INSIGHTS AND APPLICATIONS

Combined textual and network analyses may highlight which communities are most vulnerable to
particular conspiracies and identify common user traits behind high-impact misinformation (17).
Recognizing such patterns lays the groundwork for targeted interventions and real-time monitoring
tools. In the long run, these techniques have the potential to drive early-warning systems, empower
policymakers to allocate resources more efficiently, and support more informed public communica-
tions during climate-disaster events.

4 CHALLENGES AND LIMITATIONS

Despite its promise, the proposed framework faces certain obstacles. First, data access may be re-
stricted by platform API limits or privacy policies, limiting both historical and real-time collection.
Second, ensuring data quality poses challenges, as user-generated content can be noisy and may
require extensive preprocessing. Third, labeling consistency can be difficult to maintain, especially
when dealing with varied disaster scenarios and misinformation narratives, necessitating standard-
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ized annotation protocols. Fourth, ongoing funding and resource allocation will be essential for sus-
taining the dataset’s infrastructure and expert oversight. Finally, generalizability of models trained
on specific events may not transfer seamlessly to new or shifting narratives, underscoring the need
for strategic data partnerships and continual updates.
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A APPENDIX: PROPOSED TIMELINE

The proposed timeline outlines key phases for dataset development, model training, and long-term
sustainability.

MONTH 1–3: PROJECT SETUP AND DATA ACQUISITION

• Finalize data collection agreements and access rights (e.g., platform APIs).
• Begin gathering initial social media and fact-checking content related to select disasters.

MONTH 4–6: DATASET CURATION AND ANNOTATION

• Clean and preprocess collected data.
• Establish labeling protocols and train annotators for consistent quality.
• Generate the first publicly accessible version of the dataset.

MONTH 7–9: PRELIMINARY MODELING AND ANALYSIS

• Develop and test initial classification models (e.g., using BERT or GPT).
• Begin network analyses to identify influential users or “super-spreaders.”

MONTH 10–12: REFINEMENT AND ITERATION

• Incorporate feedback from early users and domain experts.
• Update dataset with additional events or newly surfaced misinformation narratives.
• Refine models and network analyses based on expanded data.

MONTH 13–18: SCALING AND COLLABORATION

• Expand dataset coverage to include international disasters.
• Integrate findings into pilot monitoring tools or dashboards for policymakers.
• Explore partnerships for sustained dataset growth and improved labeling.

MONTH 19–24: EVALUATION AND LONG-TERM SUSTAINABILITY

• Conduct comprehensive evaluation of model performance and data quality.
• Publish results, lessons learned, and best practices.
• Secure ongoing funding or institutional support for dataset maintenance and updates.
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