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ABSTRACT

Floods are prevalentdisasters in the United States, posing escalating risks dueto climate change-induced factors like
rising sea levels and erratic rainfall patterns. Despite governmental efforts, flood risk communication remains
inadequate, hindering preparedness and response capacity. While governmental agencies predominantly employ
traditional, one-sided information dissemination approaches, social media platforms pose as crucial early warning
indicatorsand sources of real-time information. This study conducts the first part of ourintended comparative analysis
of social media messages between governmental agencies and communities. We perform a case study on a flooding
eventin Michigan from May 17-20,2020. Utilizing advanced topic modeling, we examine Twitter/X message content
and sentiment from community-based posts. Insights aim to inform more effective flood communication strategies,
bridging the gap between official information and community needsduring events. Future work will compare social
media messages' content and sentiment from governmental agencies relative to those from the community.
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INTRODUCTION AND BACKGROUND

Floods are one of the most common weather-related natural disasters in the United States (NOAA National Severe
Storms Laboratory, 2024). Indeed, seventy-five percent of all Presidential Disaster Declarations in the United States
can be attributed to flooding (National Weather Service, 2018). As climate change continues to contribute to rising
sea levels and unstable rainfalls, the risk of floods is increasing (Tabari, 2020). In fact, the U.S. National Flood
Insurance Program experienced a 660% increase in dollars paid out for flood insurance claims from 2000 to 2020
compared to the claims from 1980 to 2000 (Federal Emergency Management Agency, 2021). Beyond flood damage
to physical systems, floods have been documented to substantially impact communities’ physical, mental, and
financial health, causing long-term changes to quality of life that can persist for years after the flood event (Van
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Ootegem & Verhofstadt, 2016). For example, studies have shown increased instances in anxiety, depression, and
post-traumatic stress disorder in people who have experienced a flood compared to a control group (Van Ootegem &
Verhofstadt, 2016). Further, those affected by floods have been reported to experience long- or short-term injuries,
respiratory and gastrointestinal illness due to exposure to pathogens via contaminated drinking water, unsafe
conditions for food preparation, or lack of access to hygienic practices, and, in some cases, carbon monoxide
poisoning (Burger & Gochfeld, 2014; Mulder et al., 2019; Sampson etal., 2019; Van Ootegem & Verhofstadt, 2016;
Waite et al., 2014). Moreover, these effects are not experienced independently of one another; a systematic review
of factors related to one’s vulnerability before, during, and after a flood event determined that the effects of floods
can be compounded by other risk factors, such as the frequency and severity of floods experienced or health,
socioeconomic, and educational status (Lowe et al., 2013; Sampson et al., 2019). In particular, urban flooding has
been shown to occur disproportionately due to racial and spatial segregation (Hughes et al., 2021). Midwest states,
including cities on the Great Lakes, are particularly prone to urban flooding, which tends to occur in cities with high
percentages of impervious surfacesand outdated oraged infrastructure, such as combined stormwater/sewer systems
(National Academies of Sciences, 2019).

The magnitude and widespread effects of floods, as well as their increasing risk of occurrence, has motivated a
number of studies examining the information available to those experiencing a flood before, during, and after the
flood event. The primary means through which communities receive information about a flood is via flood risk
messages from a governmental agency, such as public health, weather service, or emergency management agencies
on a federal, state, or local level. However, studies investigating the effectiveness of flood risk messages from these
sources have found that they are inadequate for improving individual self -efficacy, adaptive capacity, and flood
preparedness (Forsyth et al., 2023; Haer et al., 2016; Scott & Errett, 2018). For example, a study examining the
information available on social media via government during the 2016 Louisiana floods found that, while most
messages had information about recovery resources and updates about the status of the disaster and response, few
contained ‘actionable requests,” or requests that were substantialand relevant enough to those experiencing the flood
that they increased self-efficacy (Cooperet al., 2022; Mostafiz et al., 2022; Scott & Errett, 2018). Further, while
some agencies release ‘Get Ready’ checklists asa tool for preparedness before a flood, they do notadequately cover
the long-term impacts on mental health and overall well-being that may be experienced (Forsyth et al., 2023).
Current flood risk communication practices are still primarily based on a knowledge- or information-deficit model
which perpetuates one-sided communication from a governmental agency to the community (Maidl & Buchecker,
2015). These models are based on the assumption that the public does not understand the risk and that simply
providing more information will result in ‘better’ decision-making (Maidl & Buchecker, 2015; O’Sullivan et al,,
2012).

An increasingly recognized additional source of flood risk information are the messages, communicated via social
media, by the community who is affected by the flood. Indeed, in an effort to improve flood mitigation and
management practices, several studies have demonstrated the effectiveness of community-based social media
messages as early warning indicators of floods (Carlos Villagran De Ledn et al., 2013; Cools et al., 2016). For
example, a study analyzing the content of 60,000 tweets over a 5-day flood period found evidence of early and local
detection of multiple-flood events (Shoyama et al., 2021). A method for identifying flood events globally using
social media messages to build a real-time and historic database has been created (de Bruijn et al., 2019). A recent
study developed a method for real-time sentiment analysis of social media messages to provide up-to-date
information on community needs during a flood (Bryan-Smith et al., 2023); another designed a multilingual
multimodal neural network to classify tweets containing information related to a flood with high precision ((de
Bruijn et al., 2020). While these studies use a variety of approaches to analyze the content and sentiment of social
media messages, machine learning methods such as natural language processing (NLP) can considerably speed up
the process. Topic modeling is an NLP technique that generates structured text data from unstructured text data
inputs, and in doing so, allows for the discovery of latent topics in the text. Analyzing social media messages for
content and sentiment using NLP or topic modeling has been well-established in the literature. In the disaster space,
forexample, topic modeling has been used to identify the sentiments and thoughts of populations during flood
events (Choirul Rahmadan et al., 2020), hurricanes (Mihunov et al., 2022; Zhou et al., 2023), and earthquakes (Vo
& Collier, 2013).

Few studies have completed a combined analysis of the social media messages from governmental agencies and
community networks during a flood event. However, given the observed gaps in flood risk communication from
governmentalagencies, there is an opportunity to learn about the community’s needs and concerns from the content
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and sentiment of community-based social media messages in comparison to government-based social media
messages during flood events. A better understanding of these needs can be used to build more effective
communication practices and reconcile the gap between what is provided versus what is needed by communities
before, during, and aftera flood. To that end, this preliminary study conducts a comparative analysis of the content
and sentiment of tweets from governmental agencies versus community residents for the state of Michigan during a
flood event from May 17 - 20, 2020 using topic modeling. We aim to answer the following research questions: (1)
What insights can be gained from a comparative study of these social media messages in the context and sentiments
of flood response and communication strategies?, and (2) Do the frequency of specific topics, message content, and
sentiments of social media messages during the flood event differ between governmental (i.e., state and federal)
agencies and community residents?

RESEARCH DESIGN AND METHODS

Case Study

To investigate our research questions thoroughly, we performed a case study analyzing a flooding event that
occurred in Michigan during the year 2020. Midland County, Michigan is located in close proximity to Saginaw
Bay, which connects to the Great Lake Huron. On May 17, 2020, record rainfall in Midland County began due to a
low pressure system and frontal boundary from the Great Lakes (National Weather Service, 2020). Consequently,
the Saginaw and Tittabawasee Rivers flooded. Heavy rains, totaling 5 to 8 inches, in the Tri-Cities region (i.e., Bay
County, Midland County, and Saginaw County) resulted in catastrophic failures of the Edenville and Sanford dams
in Midland County. This prompted the issuance of Flash Flood Emergencies, signaling life-threatening flooding and
the evacuation of 10,000 Midland residents. Significant flooding also occurred along several lake shores, affecting
several other counties in southeast Michigan. The rainfall fell within thirty-six hours and the event was considered
overon May 20, 2020. This flood event was the worst that had occurred in the region since 1986, prompting
discussion by those throughout the state on social media.

Data Collection and Filtering

Twitter data were collected for the state of Michigan from between May 15, 2020 at 20:00:09 and May 23, 2020 at
19:59:57 using a Twitter/X streaming API built in the Network Dynamics Lab (Wang & Taylor, 2015). In the realm
of disaster studies, flooding is a prime example of what is known as a short-notice disaster (Chiu & Zheng, 2006).
This meansagencies typically have only 24 to 72 hours to send outimportant risk communication messages, such as
evacuation notices (Wolshon et al., 2001). Furthermore, upon our initial analysis, we observed a consistent decline
in the frequency of tweets concerning our case study within three days following the conclusion of the event.
Therefore, the date and time range of May 15, 2020 to May 23, 2020 were chosen to encompass the average
timeframe for a short-notice disaster (i.e., 48 hours prior) prior to the beginning of the flood event and three days
after the incident. To compare the content and sentiment of tweets between governmental agencies and the public,
the Twitter data were filtered for twelve specific state and federal agency handles (Table 1). This list was determined
by including the social media platforms for relevant Executive Branch departments in the state (State of Michigan,
2024), as well as common federal agencies employed for disastrous events such as floods. Tweets from these
handles were treated as the messages from governmental agencies and all other remaining tweets from the data
collection were considered to be from the public or community-based.
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Table 1. List of state and federal governmental agencies for comparative analysis.

Agency Name Twitter Handle
Environmental Protection Agency (EPA) @EPA
Federal Emergency Management Agency (FEMA) @fema
Michigan Department of Environment, Great Lakes, and
Energy (EGLE) @MichiganEGLE
Michigan Department of Health and Human Services @MichiganHHS
Michigan Department of Natural Resources @MichiganDNR
Michigan Department of Transportation (MDOT) @MichiganDOT
Michigan State Police (MSP) @MichsStatePolice
National Weather Service (NWS) @NWS
National Weather Service (NWS) @NWSFlashFlood
National Weather Service (NWS) @NWSSevereTstorm

State Emergency Management Agency (Michigan State
Police, Emergency Managementand Homeland Security
Division) @MichEMHS

State of Michigan government agencies @migovernment

Topic Modeling

Next, to analyze the Twitter/X dataset collected, BERT (Bidirectional Encoder Representations from Transformers),
an advanced NLP model introduced by Google in 2018 (Devlin et al., 2018), was used. BERT utilizes bidirectional
encoding to generate contextualized word embeddings, revolutionizing various NLP tasks. For this project, we
specifically employed BERTopics, an extension of BERT, that leverages its contextualized embeddings to perform
topic modeling by aggregating document-level representations derived from BERT embeddings and subsequently
clustering similar documents based on their semantic content. This method enables fine-grained topic differentiation
and accurate thematic analysis, and has been used successfully to assess Twitter/X datasets for a range of
environmental topics (Kastrati et al., 2023; Pampapura Madaliet al., 2022).

We carried out hyperparameter tuning to optimize the performance of our topic modeling approach. During this
process, we tuned the parameters of three key models: UMAP (Uniform Manifold Approximation and Projection)
for dimensionality reduction, HDBSCAN (Hierarchical Density-Based Spatial Clustering of Applications with
Noise) for clustering, and BERTopic for topic modeling. Specifically, we adjusted parameterssuch asthe number of
neighbors and components for UMAP, the minimum cluster size and minimum sam ples for HDBSCAN, and
minimum topic size for BERTopic. For a comprehensive list of the tuned parameters, please refer to the
Supplementary Information at the end of the paper (SI 1).

To understand the meaning of each topic, we manually interpreted them and then labeled them based on their
keywords to best capture their core meaning. The topic modeling tool assigns a ¢-TF-IDF (class-based term
frequency-inverse document frequency) score to each word in the topic, indicating its relevance to the topic. These
scores are ranked by importance, with the highest-scoring words most closely mirroring the central theme of the
topic. While more topics can contain up to ten words, those with the highest c-TF-1DF score better reflect the overall
meaning of the topic.
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ANALYSIS

Results: Entire Dataset

We extracted 124,362 tweets from May 15 to May 23. The topic modeling clustered the tweets into 133 topics. The
four most tweeted topics from the entire dataset were about “Food” (Topic 0, 4,583 tweets), “Thankfulness” (Topic
1,3,411), “Jobs” (Topic 2,2,537), and “Music” (Topic 3,2,402) (Figure 1).

Topic Word Scores
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Figure 1. Top most tweeted topics from May 15 to May 23 in Michigan.

The topic most related to flooding events in Midland was Topic 15, which had 892 tweets in the cluster. The five
most important words in Topic 15 were “Midland”, “Dam”, “Flooding”, “Water”, and “River” (Figure 2). Figure 2
also demonstrates the decline in score c-TF-IDF for each additional word included in the topic. The frequency of
tweets categorized as belonging to Topic 15 varied over the search period. To start, there were virtually no tweets
about the flood from between May 16 and May 19, followed by a rapid increase and peak posting on May 20, and
then a decline between May 20 and May 23; however, during this period, the Tweet frequency remained higher than
before the event (Figure 3).

Midland Flood

midland I
flooding IEEG_—_—

dam I
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Figure 2. The top ten words associated with Topic 15, “Midland Flood”.
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Figure 3. Frequency of Tweets associated with Topic 15 from May 16 to May 23, 2020.
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The sentiment analysis results showed that for Topic 15 the most conveyed emotions were fear (347
tweets) and sadness (176) (Figure 4).

Frequency of Emotion Categories

350 1

Frequency

surprise joy anger disgust

fear sadness neutral
Categories

Figure 4. Sentiment Analysis of Topic 15 Tweets.

A hotspot analysis indicates that there is geographical variation in the location of tweets regarding the
flooding events. Unsurprisingly, the location with the highest density of tweets was in and around Midland (Figure
5). There were also a large number of tweets occurring in other major Michigan cities such as Detroit and Lansing.

Waterford

Detroit

Province of Ontario,

|
150 Kilometers

Figure. 5 Heatmap of tweets in the state of Michigan concerning the May 2020 flooding incident.
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Results: Initial Comparison of Community vs. Government Tweets

Upon analyzing the dataset and dividing it into community and government tweets concerning the flooding event,
we encountered a disproportionately small sample size of government tweets (13 out of 892 tweets; 1.4%) compared
to the extensive volume generated by community members. All agency tweets were by either NWSDetoit (6 tweets)
or NWSGaylord (5 tweets). Of these tweets, only three were directly related to Midland County, and a further three
related to the associated flooding occuring in the village of Sanford, while all other tweets focused on a Gladwin
County flooding event that occurred further north. This discovery perpetuates the ongoing notion of inadequate
communication from key stakeholders at the local, state, and federal levels and the communities they serve,
particularly on platforms as influential and interactive as social media, and identifies an opportunity to reach a
broader audience through utilizing social media as a communication medium.

As our research remains ongoing, we intend to conduct another case study focusing on a different flooding event.
Our aim is to either achieve a more robust sample size for both groups or pivot the study's focus to further
comprehensively analyze the entire dataset, thereby uncovering novel insights in the forthcoming weeks. We
anticipate presenting our findings at this conference upon acceptance and final submission of this work in progress

paper.

DISCUSSION AND CONCLUSIONS

The particular insights gained from our study in the context and sentiments of flood response and communication
strategies was the discovery that tweets surrounding the flood predominantly conveyed fear. Additionally, the
frequency of tweets for Topic 15 (i.e., the topic most relevant to the incident itself) began rising mid-day on May 19,
rapidly increasing on the 20th and peaking mid-day on the 21st. Overall, the highest volume of tweets for Topic 15
occurred between May 19 and May 22 with discussion continuing, to a lesser extent, on May 23. Rainfall began on
May 17 and ended approximately thirty-six hours later. The temporal trends of tweet volume starting on May 19
shows, in near real-time, the community discussion and reactions to the impacts of the rainfall, including
catastrophic flooding and dam breakages. Such insights are invaluable for stakeholders involved in risk
communication, aiding in the development of initiatives and strategies to effectively disseminate information that
promotes community safety during such disasters. This includes understanding not only the content to convey but
also the timing when people are most likely to engage with and absorb such messages amidst the peak of discussion
about the event.

Although this study effectively utilized the BERT model to identify communication inefficiencies, certain
limitations must be acknowledged. Firstly, as is common in social media research, there exists variability in the
collected tweets, including differences in the frequency of tweets and how engaged users are. Notably, the volume
of community-scale tweets significantly outweighed those from governmental sources. It is possible that
governmental agencies were communicating about the flood on another social media platform other than Twitter.
Given the volume of community Tweets during the flood event, the lack of tweets from governmental sources
indicate that there may be a missed opportunity to communicate important information about the flood via this
platform. Consequently, the lack of a balanced sample size may restrict the generalizability of the conclusions to
other flooding events. Additionally, the filtering process (i.e., the selected state and government entities)
implemented during data collection may have influenced the results obtained, potentially impacting the
comprehensiveness of the findings. For example, we have not captured any tweets that may have originated from
national agencies because we filtered for tweets from the state of Michigan only (i.e., EPA and FEMA).

In future research, it is imperative to explore additional social media networks for government-based tweets. For
instance, investigative reporters or news journalists that work on the local, state,and federal level and their networks
can be included in future works to improve the dataset for flood risk communication from government stakeholders.
Additionally, expanding the analysis to encompass tweets from local agencies can be advantageous. We initially
concentrated on state and federal entities, and finding more local agencies would provide a more comprehensive
understanding of flood-related communication patterns and potentially increase our dataset. To this end, future
investigations should delve deeper into other forms of classification in the content of flood-related tweets, following
the approach outlined by (Scott & Errett, 2018). For instance, examining tweets within specific topics, such as Topic
15, could shed light on the discussion of resource requirements, incidents of downed power lines, and other relevant
themes. Lastly, previous studies have found different predominant emotion from tweets surrounding other natural
hazard events such anger associated with hurricanes (Berbére et al., 2023). This disparity may show that different
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natural hazard event types may evoke different emotion responses, or that public emotion may change throughout
the timing of the event. As these studies only looked at the dominance of emotion and not temporal patterns, future
analysis of such data should map the temporal distribution of emotion to best understand public perceptions. For
example, fearful tweets may occur primarily before the event, whilst angry tweets may occur more frequently in the
aftermath.

In conclusion, our work highlights how pressing challenges in flood risk communication persist, emphasizing the
need for innovative approaches. While a more comparative analysis is forthcoming, the lack of government-based
tweets generated again still show significant inefficiencies from these stakeholders to communicate with citizens. By
analyzingsocial media messages, illustrated during a flooding eventin Michigan, the study emphasizesthe potential
of social media platforms in enhancing real-time information dissemination and community engagement. These
findings call for a paradigm shift towards more collaborative and responsive flood communication strategies to
better address community needs and bridge the gap between official agencies and the public during flood events.
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APPENDIX A. UMAP, HDBSCAN, and BERTopic Model Parameters
umap model = umap.UMAP(n neighbors= 10,
n_components= 10,
min dist=0.0,
metric="'cosine',
random state= 632

)

hdbscan model = HDBSCAN (min_ cluster size= 622,
min samples=5,
metric='euclidean',

prediction data=True)

topic_model = BERTopic(language="english",
min topic size = 622,
top n words = 10,
calculate probabilities=False,
verbose=True,
umap model=umap model,

hdbscan model=hdbscan model)
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