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Abstract

Background: The H5N1 avian influenza A virus represents a serious threat to both animal and human health, with the potential
to escalate into aglobal pandemic. Effective monitoring of social mediaduring H5N1 avian influenza outbreaks could potentially
offer critical insights to guide public health strategies. Social media platforms like Reddit, with their diverse and region-specific
communities, provide arich source of datathat can reveal collective attitudes, concerns, and behavioral trendsin real time.

Objective: Thisstudy aimsto analyze Reddit comments from state-specific subredditsin the United States from the most recent
outbreak period of 2022 to 2024 to (1) assess the sentiments expressed asthe H5SN 1 outbreak progresses; (2) identify predominant
topics discussed, particularly those corresponding to negative sentiments; and (3) explore correlations between these sentiments
or topics and the severity and spread of the outbreak in respective regions.

Methods: We collected 2152 Reddit comments from 160 subreddits across 11 highly impacted states from February 2022 to
July 2024. Outbreak data comprising almost 600 entries were obtained from the US Department of Agriculture database. Sentiment
classification was performed using a fine-tuned Bidirectional Encoder Representations From Transformers (BERT) base model,
and comments were categorized into 6 emations. anger, fear, joy, love, sadness, and surprise, with a seventh “neutral” category
added for low-confidence classifications. Topic modeling was conducted using BERTopic and latent Dirichlet allocation models.
Statistical analyses included calculating correlations between sentiment intensity and outbreak severity levels and applying the
Mann-Whitney U test to assess differences between sentiment categories.

Results: Thefindingsillustratethat HSN1 unfolded in mostly discrete national waves and that only asubset of states—Minnesota
and lowa—experienced chronic, multiwave exposure, a pattern obscured in national aggregates. Sentiment intensity scoring
reveal ed that although 90% (n=1931) of discourse was negative, emotions differed in how they tracked the epidemic: fear aligned
weekly with real-time case counts (r=0.11), whereas anger, sadness, and even joy surged 3 weeks after the outbreak (r=0.20-0.24

https://www.jmir.org/2025/1/€70746 JMed Internet Res 2025 | vol. 27 | €70746 | p. 1
(page number not for citation purposes)


mailto:jude.kong@utoronto.ca
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Pang et &
after the lag was considered). When both the 3-week lag and an outlier month in terms of outbreak cases were adjusted for
simultaneously, those associations strengthened further (overall r=0.223), showing how delayed reactions and anomal ous surges
can mask true sentiment-epidemiology links if left uncorrected. This defines the window in which risk communicators can
pre-empt misinformation and economic anxiety. Topic modeling uncovered recurring themes of concern: avian flu culling, sharp
ego-price hikes, and frustration over prolonged biosecurity measures. BERTopic provided more coherent and locally specific
topics than latent Dirichlet allocation.

Conclusions:  Overall, these results underscore the critical role of socia media analysis in understanding public reactions,
including prevalent themes and sentiments, and guiding timely, targeted public health interventions during the H5N1 outbreak.

(J Med Internet Res 2025;27:€70746) doi: 10.2196/70746
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Introduction

The H5N1 virus, commonly known as avian influenza A, is a
highly pathogenic virus that primarily affects birds but has the
potential to infect other animals as well. It was first identified
in domestic poultry in Asia and has since caused numerous
outbreaks worldwide, posing significant risks to both animal
and public health. The virus can spread among wild birds,
domestic poultry, dairy cows, and occasionally to other
mammals, including humans, typically through direct contact
with infected birds or contaminated environments. Although
human infections are rare, they are generaly severe and can
lead to high mortality rates [1]. The current general concern
with H5N 1 isits potential to mutate and cause aglobal pandemic
similar to COVID-19, asit can acquire genesthat could facilitate
easier transmission among humans.

Asof thelatest reportsuntil December 2024, the spread of HSN1
has been closely monitored, especialy in the United States.
Since January 2022, there have been over 125 million reported
cases of poultry infection, around 11,000 cases of wild bird
infections, and 65 confirmed cases of human infection in the
country [2]. The first detection of HS5N1 in the United States
occurred in January 2022 in wild birds, followed by the first
commercia poultry outbreak in February 2022, which affected
aturkey flock in Indiana[3]. The persistence of HSN1 across
various species and states underscores theimportance of ongoing
vigilance and public health preparedness to mitigate the risk of
apotential pandemic. Government agencies such asthe Centers
for Disease Control and Prevention and the US Department of
Agriculture (USDA) have been monitoring the situation through
comprehensive flu surveillance systems and public datasets,
detailing individual outbreaksin various locations [2].

Social media platforms are invaluable tools for understanding
public opinion, detecting mis- and disinformation, and assessing
public health concernsinreal time. A few studies have analyzed
social media data to examine public sentiment and thematic
concerns during avian influenza outbreaks. These studies
typically use techniques such as sentiment analysis, which
classifiesemotional tonesin user comments, and topic modeling,
often using latent Dirichlet alocation (LDA) to identify
recurring themes in discussions. Available research has
demonstrated that social media plays a dua role—both as a
rapid surveillance tool and as a conduit for misinformation.
Analyses of tweets and comments related to highly pathogenic
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avian influenza outbreaks have shown that a significant
proportion of content contains emotionally charged language,
with predominant sentiments being fear and anger. Many
comments also propagate misleading narratives, such as
conspiracy theories framing outbreaks as politically motivated
events. This underscores the challenge public health officials
face in countering mis- and disinformation while effectively
disseminating factual information [4].

Beyond mis- and disinformation monitoring, studies have
investigated the feasibility of integrating social mediadatawith
traditional epidemiological surveillance. For instance, research
has examined the correlation between the volume of avian
influenza—related tweets and officially reported cases, finding
that while social media can provide early warning signals, its
reliability as a sole surveillance method is limited due to noise
and unverified content [5,6].

Additionally, public perception studies, including surveys of
backyard poultry keepers, highlight significant gaps in
knowledge regarding biosecurity measures, further emphasizing
the need for targeted digital risk communication strategies[7].
Ultimately, while social media presents new opportunities for
public health monitoring, its effective use requires a balanced
approach—Ileveraging advanced data analytics for real-time
detection while implementing robust strategies to mitigate
misinformation and enhance public trust in scientific
communication [8].

Thisresearch study buildsoninsightsfrom these earlier studies,
combining data collection, sentiment analysis, and topic
modeling while introducing methodological enhancements to
refine these approaches. The study incorporates data sourced
from various Reddit communities segmented by US states,
allowing for amorelocalized analysis of public sentimentsand
concerns. This approach provides a granular understanding of
regional differences, whichiscrucial for tailoring public health
strategies. For sentiment classification, the study uses the
Bidirectional Encoder Representations From Transformers
(BERT) model, astate-of-the-art tool that outperforms previous
models by capturing nuanced contextual meanings in text. In
the realm of topic modeling, this research uses both the
traditional LDA method and the newer BERTopic approach.
By comparing these methods, the study not only gains deeper
insights into the themes discussed in social media comments
but also evaluates the efficacy and limitations of each model,
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contributing to advancementsin analyzing public health-related
social mediadata

Methods

Outbreaks Data Collection

Thedatacollection for the HSN1 outbreaks used official records
from the USDA's database [9]. The research focused on US
states deemed “highly impacted,” identified by those with over
1 million infected domestic birds. The database provided
detailed entriesfor each detected outbreak from February 2022
to July 2024. Each entry on the database included the date,
specific location, state, and total number of infected poultry,
which was critical for understanding the geographical and
temporal progression of the virus.

To prepare the data for analysis, the information from the
database was scraped and processed using the Python Pandas
library, ensuring accuracy and consistency. The dataset
comprised 580 individual outbreak entries, which were
systematically organized by dstate to facilitate further
examination and correlation studies.

Social Media Data Collection

The data collection for the social media content used the
PullPush Reddit application programming interface (API) [10]
to gather posts and comments (which is referred to as simply
“comments’ throughout this paper) related to HSN1 outbreaks
from various manually identified subreddits representing the
entire state and cities within the state for each state involved in
thisstudy. The data, collected from February 2022 to July 2024,
targeted subreddits from 14 “highly impacted” states
experiencing significant HSN 1 outbreaks: California, Colorado,
lowa, Michigan, Minnesota, Ohio, Pennsylvania, Texas, Utah,
Washington, Wisconsin, Maryland, Kansas, and South Dakota.
These states were selected based on the states that reported over
1 million infected poultry from February 2022 to July 2024,
based on data from the USDA database.

The APl was used to compile a comprehensive dataset by
filtering relevant comments from communities using amanually
crafted list of HSN1-related words and phrases. To ensure high
quality and relevance, comments were cleaned and processed
using Python’'s Pandas library. Comments with fewer than 5
wordswere excluded from further analysis, and datafrom states
with fewer than 50 commentswere not considered individually,
as they lacked sufficient data for meaningful insights.
Ultimately, 11 of 14 states retained their own datasets for
state-specific analysis. However, all commentsfrom these states
were dtill included in the comprehensive dataset, which
comprises 2152 unique commentsfrom 160 different subreddits.

Sentiment Classification

To classify the collected Reddit comments into various
emotional categories, the state-of-the-art BERT base model,
specifically the uncased version from the HuggingFace
“transformers’ library, was used. Devel oped by Google, BERT
is designed to process text bidirectionally, meaning it can
consider the full context of any word by examining the words
that come before and after it. Thisdeep contextual understanding

https://www.jmir.org/2025/1/€70746

Pang et d

allows BERT to excel in tasks like sequence classification,
making it ideal for sentiment analysis and emotional
categorization [11].

The model was fine-tuned using a comprehensive dataset from
Kaggle, named “Emotions,” uploaded by Elgiriyewithana[12].
This dataset contains 393,822 English Twitter (subsequently
rebranded X) messages, each labeled into 1 of 6 basic emotions:
anger, fear, joy, love, sadness, and surprise. The selection of
thisdataset was strategic, as Twitter, like Reddit, isavast social
media platform with varied community-driven content, making
it ideal for training a model to accurately classify sentiments
for social mediacontent. The processincluded first splitting the
datainto atraining and testing set, with 80% (n=315,058) being
used for training and 20% (n=78,764) for testing, and then
training it on the training set over 3 epochs with a batch size of
16. After training, the model was able to achieve a 94.2%
(n=74,196) accuracy rate on the held-out test set.

The BERT model operates by first taking in a tokenized input
created by passing an input text into a predefined tokenizer
(BertTokenizer in this case), and then processing these tokens
through multiple layers to produce contextualized
representations of the text. For each input, the model generates
scores corresponding to the 6 predefined label s, indicating that
the probability of each label being correct. The label with the
highest score is assigned as the sentiment of the comment.
However, recognizing that some comments might not strongly
align with any of the 6 emotions, aseventh label, “ neutral,” was
introduced. This label is assigned to comments where the
maximum score across all categoriesislessthan 0.5, indicating
low confidence in the classification and suggesting a neutral
sentiment. After training the model, it was used to classify the
Reddit comments based on their sentiments and find theintensity
(the score generated by the model) of each sentiment class.

Topic Modeling

For the topic modeling aspect of this study, 2 modelswere used
and compared: BERTopic and LDA. The BERTopic model was
chosen for its use of BERT embeddings to capture semantic
nuances in the text, closely aligning with the BERT-based
sentiment classification model used in this study. BERTopic
excelsinidentifying dynamic and contextually rich topicsfrom
textual data, making it ideal for analyzing social media content
where discussions can be diverse and rapidly evolving [13]. On
the other hand, LDA was used due to its proven effectiveness
in previous research, particularly in similar past studies
examining social media sentiments. The main difference
between the models is that BERTopic leverages context-aware
embeddings, which capture the meanings and relationships
between words based on their use in sentences, while LDA
focuses purely on the distribution of words across topics and
the distribution of topics across documents [14].

To evauate the effectiveness of the topics generated, the
CoherenceModel from Gensim was used to calculate overall
coherence for each parameter combination across states [15].
This metric, along with the Jaccard similarity formula—used
to measure the similarity between sets of top wordsin different
topics—hel ped assess the uniqueness and repetition of topics.
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Anideal model maximizes coherence and minimizesrepetition,
guiding the fine-tuning of both BERTopic and LDA models.

The process for BERTopic involved comprehensive data
preprocessing, including the removal of punctuation, common
stop words, and lemmatization using Pandas and Natural
Language ToolKit libraries. Text data were converted into
numerical representations using the CountVectorizer from
scikit-learn, with key parameters like “max_features’ and
“ngram_range” fine-tuned for optimal performance. The
Hierarchical Density-Based Spatia Clustering of Applications
with Noise clustering model was crucial in identifying clusters
of varying densities, with parameters like “min_cluster_size’
and “min_samples’ ensuring robust clustering. The resulting
topics and subtopics were saved into JSON files categorized by
state. Similarly, the LDA process included identical
preprocessing and vectorization steps. However, LDA differs
by requiring the number of topics, represented by the
“n_components’ parameter, to be specified prior to model
training. The topics generated were also saved in JSON files
named by state.

Statistical Analysis

After classifying each Reddit comment by sentiment, they were
grouped accordingly, and an intensity score was calculated by
combining the strength of the BERT model’s predictions with
thevolume of comments associated with each sentiment. These
intensity levels were then analyzed visually using box plots,
which highlighted the distribution of sentiment intensities across
categories. Statistical significance annotationswere added using
Python's statannotations package. The Mann-Whitney U test,
a nonparametric test for comparing differences between 2
groups, was applied to calculate U values and corresponding P
values, indicating whether observed differenceswere statistically
significant (P<.05).

To examine the correlation between sentiment intensity levels
and outbreak severity, sentiment intensity values were first
standardized to a scale of 0 to 100. Similarly, weekly outbreak
data were scaled to a 0 to 100 range, creating standardized
“outbresk levels” This normalization alowed for a direct
comparison between outbreak severity and the previously
standardized sentiment intensity levels. The Pearson correlation
coefficient (PCC), calculated using the“ pearsonr” function from
the SciPy library, was used to assess the strength and direction
of the relationship between changes in individual sentiment
levels and the severity of the outbreak.

Ethical Considerations

This research was conducted in accordance with established
ethical principles for web-based research, relying exclusively
on data that are in the public domain of Reddit. The H5N1
outbreak statistics were sourced from the USDA, which is a
public government agency that provides open access to these
recordsfor research and public information purposes. A primary
ethical priority was protecting individual privacy in collecting
social media data. All data were gathered from fully public
Reddit forums known as subreddits, where users post content
with no reasonable expectation of privacy. Crucialy, the data
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collection process was designed to be nonintrusive and to
programmatically deidentify all content. No personally
identifiable information, such as usernames, user profile
information, or IP addresses, was collected or stored. The
resulting analytical dataset contained only the textual content
of the comments, their timestamps, and the subreddit of origin,
rendering the data fully anonymous and severing any link to
the original authors, following the ethical principles outlined
by the Association of Internet Researchers [16] and the
guidelines set forth by the International Chamber of
Commerce/European Society for Opinion and Marketing
Research International Code [17]. To protect the privacy and
dignity of Reddit users, our research focused on broad,
population-level trends rather than individual comments. The
objective was to analyze collective responses, not to judge
personal opinions. We complied fully with Reddit’s terms of
service when collecting data via the PullPush API, and the
datasetswere stored securely, with accesslimited to theresearch
team to prevent any potential misuse. Asthisresearch involves
the passive analysis of posts, individual informed consent is
waived [18].

Results

Outbreak and Sentiment Data

The outbreak data areillustrated through graphs showing both
the number of HS5N1 cases reported by week (Figure 1A) and
the number of individual HS5N1 outbreak entries (locations of
recorded occurrences) reported by week in various states (Figure
1B). These graphs provide a detailed comparison of outbreak
severity, timing, and distribution across the United States and
within the 11 states examined in this study.

When examining the overall graph, it could be broken down
into several major spikes in the number of cases and periods
with nearly O cases. This means that the outbresks were
concentrated in specific weekly time frames with significant
surges, followed by intervals of relative inactivity, which
suggested that the spread of the virus occurred in waves, with
intense periods of transmission followed by periods of
containment.

States such as California, Colorado, lowa, Minnesota, and Ohio
experienced multiple weeks with significant spikes in case
numbers. This pattern indicatesthat the outbreaksin these states
were more protracted, with multiple periods of heightened
severity. These states also tend to have the highest overall case
counts. Minnesota, in particular, stands out for having the most
evenly distributed outbreak case graph, with multiple spikes
across an extended period, far exceeding the other statesinterms
of distribution. It ranksthird in total cases, with approximately
8.4 million cases. lowa, which recorded the highest number of
cases at around 23.3 million, aso shows a well-distributed
pattern, with consistent pesks over time, reflecting multiple
severe outbreaks. In contrast, states such as Michigan,
Pennsylvania, Texas, Utah, Washington, and Wisconsin exhibit
adifferent pattern. These states generally experienced asingle
major spikein cases (over 1 million), with few or no additional
smaller peaks.
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Figurel. (A) Weekly counts of laboratory-confirmed H5N1 cases in domestic poultry reported to the US Department of Agriculture across 11 highly
impacted states (California, Colorado, lowa, Michigan, Minnesota, Ohio, Pennsylvania, Texas, Utah, Washington, and Wisconsin) from February 2022
through July 2024, illustrating the temporal waves of infection in this retrospective analysis. (B) Weekly number of distinct premises (farms or wild
locations) reporting H5N1 outbreaks in the same 11 states and time frame, highlighting the spatial dispersion of infection events.

Cases (thousands)

Outbrealk entries

On the other hand, the number of individual outbreak entries
wasmore evenly distributed across all states. Interestingly, there
were no significant differences between states in terms of
outbreak entries, with most states following similar patterns.
However, Minnesota once again stands out, with 169 outbreak
entries, far exceeding the totals for other states, despite it not
having the highest total case count. Considering the additional
high and well-spread case counts, this makes Minnesota the
most severely impacted state when considering multiple metrics.
While lowahasrecorded higher total case numbers, Minnesota's
combination of numerous outbreak locations and consistent
case spikes over time indicates a broader and more sustained
impact of the virus. Overall, these data provide a baseline,
against which the public's sentiment, as expressed in Reddit
comments, can be compared.

Using the labeled datasets generated by the BERT model,
sentiment classification bar charts were created to display the
guantities of comments expressing different emotions for each
state. The analysis revealed notable variations between states,
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but certain trends were consistent. The negative emotions of
“sadness,” “anger,” and “fear” emerged as the most dominant,
accounting for around 41.9% (n=901), 30% (n=645), and 17.9%
(n=385) of comments, respectively. Combined, these 3 emotions
represent approximately 90% (n=1931) of all comments,
highlighting aclear public tendency toward negative sentiments.
Comments categorized under “joy” made up about 7.6% (n=163)
of the dataset, reflecting a relatively low level of positive
emotional engagement. Comments exhibiting the emotions
“surprise” and “love” were scarce, with only 8 comments in
total (Table 1). Due to their minimal presence, these emotions
were excluded from further correlation analysis with outbreak
data. This general sentiment composition was consistently
observed across state-specific data. In every state, the number
of comments expressing “sadness” “anger,” and “fear”
consistently surpassed those expressing “joy,” maintaining a
similar emotional structure regardless of regional differences.
While state-specific nuances exist, the overall emotional
distribution strongly points to widespread negative sentiment
during outbreaks.
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When analyzing the comments dataset, the top 10 subreddits
of 160 by comment count were identified. Among these, Denver,
Seattle, Minnesota, Austin, and Texas subreddits are the top 5,
making up around 32.9% (n=708) of all comments (Table 2).
Thisis a very significant amount, considering that there were
80 subreddits with comments scraped. Hence, the number of
comments across all subreddits was not evenly distributed.
However, if weremovethesetop 5 subredditsindividually from
further sentiment analysis, we observe no significant changes
in the overall sentiment distributions, with the sentiment
rankings by number of comments remaining the same across
al cases (Table 3). Thus, these major subreddits do not
disproportionately influence the sentiment distribution. Given
that the remai ning subredditsindividually contribute much fewer
comments, the fact that removing the top 3 subreddits does not
affect sentiment rankings suggeststhat it is highly unlikely that
anindividual subreddit, regardless of its comment volume, will

Pang et d

substantially impact the overall sentiment analysis. Thissuggests
that the sentiment patterns observed are mostly consistent across
various subreddit communities, regardless of their comment
volume.

To show the labeled sentiment dataset in a similar manner as
the outbreak dataset, for each sentiment, the comments that
belong to it in the dataset were grouped by weeks and plotted
as time series line graphs. An observation can be made here,
noting that all sentiments’ changesin quantities seem to follow
similar trends in the time period of concern for this study.
Furthermore, there seem to be 3 visible groups of spikesin the
number of commentsfor most sentiments acrossthetime period:
February 2022 to May 2022, November 2022 to February 2023,
and March 2024 to June 2024. These groups, athough varying
intermsof comment quantities, share the common characteristic
of being around 3 to 4 months long before dying down (Figure
2).

Table 1. Proportion of 2152 Reddit comments about H5N1 (collected via the PullPush application programming interface from 160 state-specific
subreddits in the 11 study states between February 2022 and July 2024) classified into 7 emotion categories (anger, fear, joy, love, sadness, surprise,
and neutral) by a fine-tuned Bidirectional Encoder Representations From Transformers model, showing that negative emotions (sadness, anger, and

fear) comprise approximately 90% (n=1931) of discourse.

Sentiment type Posts, n
Sadness 901
Anger 645
Fear 385

Joy 163
Neutral 50
Surprise 5

Love 3

Table 2. Top 10 geographic subreddit communities contributing the highest comment volumes to the H5N1 dataset (February 2022 to July 2024),

indicating each community’s percentage share of the total 2152 comments.

Subreddit Posts, n
r/Denver 212
r/Seattle 140
r/Minnesota 128
rfaustin 121
ritexas 107
r/Michigan 75
r/LosAngeles 71
r/Sacramento 70
r/Pennsylvania 64
r/SanFrancisco 62
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Table 3. Comparison of overall sentiment proportionsin the full comment sample versus after sequential removal of the 5 largest subreddits, demonstrating
that no single community disproportionately influences the observed emotional distribution.

Sentiment type  Posts (overall), n Posts (minusr/Den-  Posts (minus r/Seat-  Posts (minusr/Min-  Posts (minus Posts (minus
ver), n tle), n nesota), n rfaustin), n r/texas), n

Sadness 901 803 838 849 847 849

Anger 645 568 599 607 612 613

Fear 385 360 366 363 358 369

Joy 163 157 154 153 158 161

Neutral 50 45 47 44 48 45

Surprise 5 4 5 5 5 5

Love 3 3 3 3 3 3

Figure 2. Weekly counts of Reddit comments by emation category (anger, fear, joy, love, sadness, and surprise) from February 2022 to July 2024,
revealing 3 peaks of socia media engagement that align with epidemiol ogical waves of H5N1.

100

Number of posts

Sentiment Types and I ntensity Scores

Simply analyzing the frequency of sentiments based on comment
countsisinsufficient. A higher number of commentsreflecting
a particular sentiment do not necessarily indicate the intensity
of that sentiment. To address this, the concept of “sentiment
intensity levels’ was introduced, which involves calculating a
weighted score for each sentiment per week to represent its
overal “intensity” in that week. The calculations leverage the
fact that BERT, the sentiment classification model used in this
study, generates probabilities for each label, identifying the
label with the highest probability asthe predicted label. During
the classification of the Reddit comments into various
sentiments, both the predicted label and its corresponding
probability (confidence score) are recorded. Specifically, the
sentiment intensity level for a particular sentiment per week is
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Anger
Fear
— Joy

Love
Neutral
Sadness
- surprise

calculated by multiplying the number of comments for that
week by the average confidence score produced by the BERT
model for the corresponding label within the week. Figure 3
shows the result of applying this transformation to the data.

After applying the Mann-Whitney U test [19] to the intensity
levels, several pairs of categories contain statistically significant
P values, with the highest differences being between the “joy”
category and all other categories. The lowest difference, which
is also represented by the only insignificant P value (>.05), is
between the“ sadness” and “fear” categories. Similar trendsare
also observed for each state, where “sadness” “fear,” and
“anger” al seemto have differencesin distributionsthat are not
extremely significant, while comparing “joy” distributions to
therest, significant differenceswere exhibited (Figure 4). Other
categories were omitted due to insufficient quantities.
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Figure 3. Weekly sentiment intensity scores (number of comments x average Bidirectional Encoder Representations From Transformers confidence)
for each of the 6 emotion categories plus neutral, normalized to track weighted public affect over the 29-month study period.

—— Anger Level

- Fear Level
i — Joy Level
—— Love Level
—— Sadness Level
—— Surprise Level

@
S

Intensity level
8

20

S N A Co e T Y I~ S Y - T - T R R & & P L
- N SE ¥ S SN S PP U &F S
AR AR b Y A A FOP LY Y. Ll Y S S Sl o
FSR LA R A L S g VU AN IR L G LR Y R G SN - U L N AR G G LA Q- R L Q| QR QI Q¢
LA U PP L A of A
Date

Figure 4. Box-and-whisker plots of weekly sentiment intensity distributions for anger, fear, sadness, and joy (February 2022 to July 2024), with

significant differences marked by Mann-Whitney U tests (P<.05), illustrating that positive sentiment (joy) is significantly lower and less variable than
negative emotions. MWW: Mann-Whitney-Wilcoxon.
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. . when compared to outbreak severity levelsis0.022, which does
Eg;rrelatlon Between Outbreak Data and Sentiments not display any significant correlation (Figure 5).

: Dol »  When examining the relationship between outbreak levels and
The PCC values were computed using SciPy’s “pearsonr . . -
function to compare the normalized sentiment intensity levels various sentiments, a weak“ pOSIEIVG .PCC of 0.11 was .f(.)und
and normalized outbreak severity levels, both scaled to arange between outbreak levelsand “fear.” Thiswasthe only significant
of 0 to 100, on a monthly basis Thé results indicated no correlation observed among the sentiments studied. In contrast,
significant c1orrelations as all PCC values were close to 0 negligible correlations were found between outbreak levelsand

. . . A the sentimentsof “anger” (r=—0.019), “sadness’ (r=0.024), and
Overdll, the PCC of all sentiment intensity levels combined “joy” (r=0.028). Furthermore, thetemporal distribution of “fear”
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levels across time was relatively consistent, suggesting a more
stable association with outbreak levels compared to the other
sentiments. The line graph of the “fear” levels by timeis also
the most evenly distributed across time compared to that of the
other sentiments (Figure 6A-D).

Sentiment trends lagged behind outbreak severity but aligned
more closely after adjusting the data. Shifting sentiment scores
back 3 weeks and removing January 2023 outliers improved
correlations, with PCCs rising across emotions and the overall
index (Figure 7A-C). These adjustments revealed that Reddit
sentiment mirrored outbreak trends more closely than raw data
suggested, though correlations remained moderate. Figure 7D
illustrates the stronger alignment after adjustment.

State-specific correlations between overall sentiment intensity
and outbreak severity levelswere a so explored. Although some

Pang et d

significant correlations were found between these 2 metrics
across several states, most of them occurred in states with a
single major spike in the number of cases and having near-zero
cases across other weeks, which include Michigan,
Pennsylvania, Texas, Utah, Washington, and Wisconsin as
identified before. In these cases, the correlation coefficients
were not representative of the actual correlations across time.
This is because an individual extreme data point can exert a
significant influence on the correlation coefficient, potentially
overstating the relationship, which is what occurs when
analyzing these single-spike states. For the stateswith multiple
spikes over time in cases, the only nonnegligible correlation
was aweak positive relationship for Minnesota, with a PCC of
0.231 between overall sentiment intensity and outbreak severity
levelsin that state.

Figure5. Comparison of aggregate weekly sentiment intensity (sum across emotions, scaled 0-100) versus normalized HSN 1 outbreak severity (weekly
infected bird counts scaled 0-100) from February 2022 through July 2024, showing minimal real-time correlation (Pearson r=0.022) between public

affect and outbreak dynamics.
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Figure6. (A) Scatter plot of weekly anger-intensity scores (0-100) versus normalized weekly H5N1 outbreak severity (0-100) acrossall 11 states from
February 2022 to July 2024, indicating a negligible association. (B) Scatter plot of weekly fear-intensity scores versus outbreak severity for the study
period, showing aminor real-time correlation (r=0.11). (C) Scatter plot of weekly sadness-intensity scores versus outbreak severity, reflecting minimal
immediate coupling with case counts. (D) Scatter plot of weekly joy-intensity scores versus outbreak severity, indicating low levels of positive affect
with minimal real-time correlation.
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Figure7. (A) Overlay of aggregate weekly sentiment intensity (sum across emotions, scaled 0-100) versus normalized H5N1 outbreak severity (0-100)
across 11 US states from February 2022 through July 2024 after applying a 3-week backward lag to sentiment data; correlation improves to r=0.203.
(B) Overlay of aggregate weekly sentiment intensity (sum across emotions, scaled 0-100) versus normalized HSN1 outbreak severity (0-100) across 11
US statesfrom February 2022 through July 2024 following removal of January 2023 outlier weeks, yielding stronger correlation (r=0.132). (C) Combined
lag and outlier adjustment overlay of aggregate sentiment intensity versus outbreak severity for all 11 states (February 2022 to July 2024), achieving
the highest correlation (r=0.223). (D) Composite overlay of original and all adjusted sentiment intensity series against normalized outbresk severity
across 11 US states (February 2022 to July 2024), illustrating how lag correction and outlier control align emotional trends with epidemiological data.
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Identified Topics

After generating topic clusters for each state using BERTopic
and LDA, we organized the results into JSON files. Each file
iskeyed by topic 1D, and each value containsalist of comments
assigned to that topic based on probability thresholds. We then
used Python’s wordcloud package to render each cluster’s most
frequent terms—omitting generic words such as“ bird,” “avian,”
“flu” “H5N1,” and “influenza’ to surface more informative
tokens. The resulting visuals showed differences in the top
words as well as distributions of the top words across various
states, as expected, with the most common words across all
states being “people,” “outbreak,” and “egg.” When comparing
the 2 sets of word clouds, the BERTopic-derived terms appear
dightly more evenly spread across a broader semantic range
than the LDA terms, but the gap is modest. Each method
surfaces a very different set of top words, but neither cloud
clearly outperforms the other in isolating the most prominent
discussion themes.

Next, the frequency of each topic across states was analyzed to
identify which topics were most common in each state,
providing insights into the public opinion on outbreaks. This
comparison highlights the topics that are most significant for
each state, effectively representing the general concerns of the
public regarding the outbreaks.

To do this, the topics identified through the 2 different topic
modeling approaches: BERTopic and LDA, were combined
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into sets that were then saved into JSON files for each
corresponding state. The topics identified by the BERTopic
method were initially loaded, and then the topics generated by
the LDA method were added sequentially, ensuring that each
topic had a unique identifier. After combining the topics, each
comment within astate’s Reddit comment dataset was matched
to the topic it most closely aligned with. This matching was
done by first identifying all topics the comment belonged to,
using the previously mentioned JSON files, and then calculating
the cosine similarity between the text of each comment and the
text of each topic. The topic with the highest similarity score
to the comment was assigned to the comment, along with the
similarity value. When manually examining the topics that
appeared the most, and the topics that correspond to comments
that exhibited the highest comprehensive negative intensity
levels, several keyword groups were identified for each state.
Except for the states of Michigan and Washington, the top topics
identified were the samefor both methods. Although we briefly
examined lower-engagement topics as well, the number of
associated comments was too limited to support meaningful
conclusions; thus, we focused on the top topic for each state.
Table4 lists, for each state, the top topic descriptions—identified
through manual reviewv—along with a representative user
comment.

Analysis showed that the top negatively charged topics across
states were consistently generated by BERTopic rather than
LDA. In Cdlifornia, for instance, all 8 leading topics were
identified by BERTopic (Table 5).
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Table4. Summary of the most frequently occurring discussion topic in each of 11 US state-specific Reddit communities (California, Colorado, lowa,
Michigan, Minnesota, Ohio, Pennsylvania, Texas, Utah, Washington, and Wisconsin) from February 2022 to July 2024. Topic description was generated
viamanual review of combined BERTopic and latent Dirichlet allocation clusters, with an example user comment illustrating the theme.

State

Topic description

Example comment

Cdlifornia

Colorado

lowa

Michigan

Minnesota

Ohio

Pennsylvania

Millionsof birds, including over 50 million chickens nationwide
and 5.1 millionin 1 lowafarm, have been culled dueto asevere
avian flu outbreak that is now causing significant shortages and
supply chain disruptions in poultry and egg production. Com-
ments also highlight that inhumane conditionsin factory farms
may be accelerating the virus's spread, while ethically raised
free-range chickens face higher exposure risks from wild birds.

Mass culling from avian flu outbreaks—citing figureslike over
50 million birds nationwide and 85% of Colorado’s hens—has
led to severe egg shortages and skyrocketing prices, with some
cases noting price hikes from US $18 to US $97 per case. The
debate al so centers on whether Colorado’s new mandate requir-
ing cage-free eggsis merely coincidental or exacerbating the
crisis, as consumers rush to stock up, further straining supply
chains.

Dead birds being reported, canceled exhibits, and even personal
experienceswith “influenzaA” arerepeatedly cited asevidence
that an avian flu outbreak is actively impacting local bird popu-
lations, including enforced culling and reduced displays at parks
and fairs. Yet, while many express genuine concern over these
effects—even linking HS5N1 and ongoing pandemic pres-
sures—others dismiss the phenomenon as a political hoax or
overblown, underscoring a tension between alarm and skepti-
cism.

Egg prices are soaring, with some comments pointing to a sup-
ply shortage caused by avian flu—millions of egg-laying hens
culled—and others decrying corporate greed that inflated profits
by as much as 960% even when major producers avoided the

outbreak. Many also debate whether factors like seasonal de-

mand, feed and transportation costs, and industry concentration
are exacerbating price hikes, with some sarcastically suggesting
that companies might even manipulate flu outbreaks for profit.

The comments express concern over the bird flu outbreak, with
several suggesting that infected birds—especially in farm set-
tings—should be culled, and others remarking humorously
about media coverage (like the “drunk birds’ narrative) and
comparing bird flu to other viruses. Thereis also debate over
its potential to spread to humans, with some dismissing con-
cerns, while others question the best methods to control the
outbreak in commercial operations.

Comments focus on bird flu, with several users highlighting its
threat—warning to mask up, avoid contact, and note its high
pathogenicity—while others mix it with inflation, COVID-19,
and even monkeypox. Opinions range from genuine alarm
(“Bird Flu. Gonnadie.”) to sarcastic dismissal (“ They made up
bird flu to disguise that they’re phasing out old surveillance
technology.”).

Comments highlight that American factory farming prac-
tices—such as neglecting proper barn cleaning and recycling
waste as cattle feed—contribute to the spread of avian flu and
other healthissues, contrasting sharply with European methods.
They aso note that massive culling of chickens (up to 49 million
in some cases) has led to drastic reductions in egg production
and soaring prices, with corporate price gouging and supply
chain pressures further exacerbating the problem.

“The Avian Flu has been going around and isreally hitting
NorCal hard right now. Tons of birds are having to be culled,
reducing the stock and thus making good quality chicken
scarcer.”

“1t'sthelack of regulation that exacerbated that avian bird flu
situation. The fact that the cage free law (in CO) took effect
in the new year is merely correlation, not causation. The egg
crisis started months before the new CO law took effect and
egg prices are up over 50% nationwide, including states with
no such laws”

“1t's not necessarily the cold that is killing them, birds tend
to be very resilient to the cold, it is more likely bird flu or
some other disease.”

“Honestly thisfood isridiculous and | forget which subreddit
it was but people posting egg pricestellsyou alot and | know
there were issues with the avian flu, but holy hell 8 bucksfor
anormal carton of 12 white eggs? No thank you mam. Also,
| am semi worried thisweather throughout California sinlands
may actually hurt the crops and cause even more increases to
food across the country.”

“They are likely suffering from this bird flu outbreak. You
need to have them culled.”

“Covid is so over. Bird Flu! Isthe hot new scary disease that
you NEED to be CONCERNED about!”

“We as a country allow the practice. How do you think the
cows are getting bird flu? Some agriculture practices are better
than others. Not everyone farmsto thelowest common denom-
inator, but some do. It's not best practice to regrind old meat
with fresh meat and sell it as hamburger, but it got done alot
until people started dying of e.coli and HUS syndrome.”
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State

Topic description

Example comment

Texas

Utah

Washington

Wisconsin

Egg prices have surged primarily because an avian flu outbreak
forced producersto cull millionsof chickens, drastically reduc-
ing the supply—cheaper factory-farm eggs jumped from about
US $2 to US $5 per dozen, while free-range brands like Vital
Farms maintained higher but stable prices. Commenters empha-
sizethat inflation plays only aminor role compared to corporate
profit-taking, price gouging, and differing farming practices
that magnify the cost increase in poultry products.

Commentswarn that avian flu isaserious health hazard, advis-
ing strict hygiene—Ilike washing hands and cleaning cloth-
ing—to avoid picking up dead birds, as the virus can spread to
other animals and (rarely) humans under high exposure. They
reference recent reports from places like Antelope Island and
link to articlesand podcaststhat detail dead birdstesting positive
and stress the potential risk if the virus jumps to humans.

EQgg prices have skyrocketed because a massive avian flu out-
break forced farmersto cull millions of egg-laying chickens,
sharply reducing supply. Rising feed and energy costs, along
with corporate profit-taking and supply chain disruptions, have
compounded these effects while meat chickens remain less
impacted.

Egg prices have surged primarily because the avian flu outbreak
forced the culling of millions of egg-laying chickens, sharply
reducing supply and triggering significant price hikes. While
factorslikerising feed and energy costs play arole, most com-
menters agree that the drastic |oss of laying flocks—and subse-
quent corporate price gouging—is the main cul prit driving up
€gg costs.

“Eggs are not so expensive because of inflation. They are ex-
pensive because of bird flu making producers cull millions of
chickens thisyear.”

“No advice about the duck but please wash your hands and
be very very careful about handling, bird flu is serious.”

“Multiple on multiple bird flu out breaks, combined with
COVID screwing up supply chain issues. Both occuring so
closetogether are hurting chicken and egg pricesfor both raw
and prepared products.”, “I’m guessing bird flu may have had
acomponent to this. Compound the loss of cheap labor and
voila- expensive chicken.”

“Oh definitely. The main driver of egg pricesright now isthe
bird flu killing millions of egg laying chickens. The chickens
we eat for meat are divergent enough they are not impacted
by thisstrain but yeah farmersare culling entire flocks because
of this”
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Table5. Comparison of the top discussion topic frequenciesin Californiasubreddit comments generated by BERTopic versuslatent Dirichlet allocation
(LDA) from February 2022 to July 2024, highlighting that contextual embeddings capture economic and biosecurity themes more comprehensively.

Topic Frequency in comments, n (%)
BERTopic topic 4 25 (6.6)
BERTopic topic 3 25 (6.6)
BERTopic topic 5 25 (6.6)
BERTopic topic 2 25 (6.6)
BERTopic topic 1 25 (6.6)
BERTopic topic 6 18 (4.7)
BERTopic topic 8 12(3.2)
BERTopic topic 7 12 (3.2)
LDA topic 8 11(2.9)
BERTopic topic 9 11 (2.9)
BERTopic topic 10 10 (2.6)
LDA topic 1 10 (2.6)
LDA topic 22 10 (2.6)
LDA topic 11 9(2.4)
LDA topic 4 9(2.4)
BERTopic topic 11 8(2.1)
LDA topic 2 8(2.1)
BERTopic topic 12 7(1.8)
BERTopic topic 13 7(1.8)
LDA topic 3 7(1.8)
BERTopic topic 14 6 (1.6)
LDA topic 27 6 (1.6)
LDA topic 19 5(1.3)
LDA topic 12 5(1.3)
LDA topic 20 5(1.3)
LDA topic 10 5(1.3)
LDA topic 9 5(1.3)
LDA topic 18 5(1.3)
LDA topic 16 4(1.1)
LDA topic 21 4(11)
LDA topic 7 4(1.1)
LDA topic 6 4(11)
LDA topic 13 4(1.1)
LDA topic 30 3(0.8)
LDA topic 26 3(0.8)
LDA topic 25 3(0.8)
LDA topic 28 3(0.8)
LDA topic 14 3(0.8)
LDA topic5 3(0.8)
LDA topic 24 2(0.5)
LDA topic 15 1(0.3)
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Topic Frequency in comments, n (%)
LDA topic 17 1(0.3)
LDA topic 29 1(0.3)
: : were made. Firstly, when examining the sentiment of “fear,’
Discussion there was a minor positive correlation between “fear” intensity
Overview levels and outbreak severity levels, with a PCC of 0.11. This

This work set out (1) to characterize the emotional trajectory
of Reddit discourse during the 2022-2024 US H5N1 outbreak,
(2) toidentify the dominant discussion topics—especially those
paired with negative sentiments, and (3) to examine whether
those emotions and topics correlated with epidemiological
severity at the national and state levels. Three primary findings
emerged. First, negative emotions (sadness: n=901, 41.9%;
anger: n=645, 30%; and fear: n=385, 17.9%) dominated
conversation, fulfilling objective 1. Second, topic modeling
revealed that economic narratives (mass culling causing egg
shortages, leading to price spikes) best accounted for the
highest - intensity negative comments, achieving objective 2.
Third, fear weakly tracked case counts in real time (r=0.11)
while there were minimal correlations between the other
sentiments and outbreak severity levels. However, as will be
explored in more detail in the following discussion, further
analysisrevealed some nuanced patternsin how emotionsalign
with outbreak trends—especially after accounting for temporal
lags and outlier periods.

Sentiments Versus Outbreaks Correlation Analysis

When further analyzing the sentiment intensity levels versus
outbreak severity levels graphs, some interesting observations

indicates aweak, positive relationship between the number of
Reddit comments expressing fear and the weekly number of
reported H5N1 cases. However, this weak correlation was not
mirrored in the other emotions analyzed, such as “anger,’
“sadness,” or “joy.”

A particularly interesting finding emerged when examining
“anger,” “sadness,” and “joy” graphs in more detail: there
appeared to be a temporal lag between outbreak severity and
the intensity of these sentiments. To investigate this hypothesis
further, the data points for the sentiment levels were shifted
back by various numbers of weeks to account for the temporal
delay. Significant findings resulted when shifting the data points
back by 3 weeks; the PCC for the“anger,” “sadness,” and “joy”
graphs increased from —0.019 to 0.204, 0.024 to 0.185, and
0.028 to 0.242, respectively, indicating weak positive
correlations (Table 6). Furthermore, the overall sentiment levels
correlation with the outbreak level swas al so strengthened, with
the PCC increasing from 0.022 to 0.203 (Figure 7A). Other
shifts in data points, however, did not yield any significant
results. On the other hand, the PCC for the “fear” graph only
increased from 0.11 to 0.123, after applying the 3-week shift,
which indicates that the sentiment of “fear” was not influenced
by this temporal delay (Table 6).

Table 6. Pearson correlation coefficients (r) between weekly sentiment intensity scores (anger, fear, sadness, joy, and overall) and normalized H5N1
outbreak severity (0-100) across 11 US states from February 2022 to July 2024, comparing immediate associations, 3-week lag adjustments, January

2023 outlier removal, and combined adjustments.

Sentiment Pearson r (immediate) Pearsonr (adjusted for 3-  Pearsonr (adjusted for outli- Pearson r (adjusted for 3-week
week delay) er month) delay and outlier month)

Fear 011 0.123 0.153 0.117

Anger -0.019 0.204 0.084 0.245

Sadness 0.024 0.185 0.144 0.186

Joy 0.028 0.242 0.054 0.287

Overdl 0.022 0.203 0.132 0.223

The delay could be attributed to several factors, including the
time it takes for media coverage to accurately report on the
severity of outbreaks, the gradual public realization of the true
impact, or thetime needed for information to spread widely and
be absorbed. The notion of a lagged response is particularly
relevant in modern times, where the flow of information may
not always keep pace with events, especially during criseslike
outbreaks. Thereason why the“fear” sentiment isnot influenced
by this phenomenon could be attributed to how it is our
instinctive reaction to any negative situation, like an outbreak.
In contrast, emotions like anger or sadness devel op slower and
may be influenced by broader factors, such as frustration over
government responses or economic hardships due to the
outbreak, which take time to manifest. Joy, too, may take a

https://www.jmir.org/2025/1/€70746

while to emerge, as the public awaits positive developments
like successful management strategies or signs of recovery.

Another interesting observationisthat “joy” levels, when shifted
back by 3 weeks, displayed a PCC of 0.242 with the outbreak
levels, which is now stronger than all other categories. Thisis
an unexpected result because it contrasts the general consensus
among past studies and society overall that outbreak severity
should correspond inversely with public levels of joy. This
finding could indicate that as the public becomes more aware
of the outbreak’s severity, their response includes moments of
relief or positive sentiment, possibly dueto successful mitigation
efforts, recovery reports, or effective public health measures
that ingtill hope. M ediacoverage of such positive devel opments
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might take time to reach the public, aligning theincreasein joy
levels with prior outbreak levels.

However, this could al so reflect another aspect of human nature
where some individuals use humor or sarcasm in challenging
situations like this pandemic as a coping mechanism. This
phenomenon was also observed among several comments
labeled as “joy.” Together, these findings provide a possible
conclusion that public emotional reactions, within the context
of this study, are not immediate, but rather unfold over time.

Another important observation that can be made is the
significant peak in the overall and individual sentiment levels
in January 2023, as shown in Figures 5 and 6A-D. This could
be due to significant activity on Reddit during that month in
comparison to the other monthsin the time frame of this study,
which could have been caused by a significant news event,
commentsthat sparked interest among alarge number of people
or caused long discussions, or purely a coincidence. In terms
of correlation analysis, this significant deviation from the overall
trend suggested that their inclusion might have overemphasized
short-term social media engagement unrelated to outbreaks.

To isolate the impact of the data points in January 2023, they
were removed from the dataset, and the correl ation coefficients
were recalculated. The results revealed that, following the
removal of the outliers, the correlation between overall sentiment
intensity and outbreak severity strengthened to 0.132 (Figure
7B). Additionally, the correlations for the rest of the sentiment
level graphs were also improved, with the PCC for the “fear,’
“anger,” “sadness,” and “joy” graphs increasing from 0.11 to
0.153, —0.019 to 0.084, 0.024 to 0.144, and 0.028 to 0.054,
respectively (Table 6). Although these increases, as a whole,
were not nearly as significant astheimpacts of the 3-week shift,
they were still enough to represent weak positive correlations
between the sentiment intensity levels and outbreak severity
levels.

This increase in correlation values indicates that the January
2023 peak was indeed an outlier that caused the insignificant
PCCs calculated in the Results section. By eliminating the
outlier'sinfluence, the analysis provides a more representative
understanding of how public sentiment typically responds to
changesin outbreak severity. The strengthened correlation now
suggests aweak positive associ ation between these 2 variabl es,
afinding previously obscured by the exceptional circumstances
of January 2023.

When both adjustments are applied—shifting sentiment scores
3 weeks backward and removing the January 2023 outliers—the
associations tighten even more. The PCC valuesfor the “fear,”
“anger,” “sadness,” and “joy” graphs are now 0.117, 0.245,
0.186, and 0.287, respectively, with the overall PCC increasing
t0 0.223 (Table 6). These results suggest that, within the context
of this study, once reporting delays and anomalous surges are
accounted for, public emotions on Reddit tend to mirror
epidemiological trends far more closely than raw, unadjusted
data imply—though the relationships remain only moderate,
reinforcing that sentiment isjust one of several factors shaping
web-based reactions to this outbreak. Figure 7C visualizes this
convergence.
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Figure 7D illustrates the origina sentiment intensity levels
alongside 3 adjusted sentiment intensity trend lines and the
outbreak severity levels. Visua inspection clearly indicates a
stronger correlation between the adjusted sentiment intensity
trends and the outbreak severity levels compared to the original,
unadjusted trend.

Topic Modeling Analysis

When comparing the results of the BERTopic and LDA models,
not much can be concluded by simply examining the most
frequently appearing wordsin topics generated by both models,
asthereistoo much detail and variation acrossindividua states.
However, by analyzing the tables produced for the most
frequently appearing topics by state and topics with
corresponding commentsthat exhibit the highest comprehensive
negative intensity levelsby state, it was observed that all of the
top topics for both tables were generated by the BERTopic
model instead of the LDA model. For example, Table 5
illustrates the identified topics ranked by the number of
comments they correspond to for the state of California, and
the top 8 topics were all generated by the BERTopic model.
Similar trends were observed for other states' comments. This
finding suggeststhat, in the context of this study, the BERTopic
model was much more effective than the commonly used LDA
model at identifying the most frequently appearing topics and
topics that are the most representative of comments showing
negative emotions in the data. Based on the topics identified,
the predominant concerns shared across all states are on the
cyclical nature of the avian flu outbreak, the deaths of millions
of birds, and the outbreak’s direct impact on egg and poultry
supply, which inturn drives up prices dramatically. Commenters
note that government-mandated culling has sharply reduced
supply, and while factors like feed costs, transportation, and
even new regulatory measures (such as cage-free mandates)
play a role, many see corporate profiteering as a critical
exacerbator of the crisis. In states such as California, Colorado,
and Texas, there is a strong emphasis on the sheer scale of the
culling and its visible effects on local poultry availability.
Meanwhile, in Michigan, users debate whether high egg prices
stem mainly from the outbreak or if additional economic factors
like corporate greed are also at work. Other regions, such as
Pennsylvania and Wisconsin, discuss how inhumane factory
farming practices may accelerate the spread of the virus while
also noting that the disruption of poultry supply chains
contributes to broader food security concerns (Table 4).

The most prominent topic seemsto betheincreasein egg prices,
with 6 of the 11 states comments having it as their most
frequently discussed topic. In February 2022, egg prices
averaged US $1.36 per dozen but surged over 100%to US $2.74
by July 2024, peaking at US $5.29 in December 2022 [20]. This
price hike was driven by the recurring deaths of chickens, which
are the species of poultry discussed the most in these Reddit
comments. They have been particularly affected by the HSN1
avian influenza pandemic due to their high susceptibility to the
virus and how they are mostly raised in densely packed
environments. The high amount of deaths in chickens is not
only due to the high mortality rates of the virus itself but also
the mandatory culling policies ingtilled by the government,
which required entire flocks of poultry to be depopulated if any
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cases of the disease emerged among the flock. For instance, in
April 2024, Cal-Maine Foods, the largest US egg producer, had
to cull 1.6 million hens in Texas following an outbreak. These
measures, while crucial for containment, exacerbate the supply
crisisand impact consumer costs[21]. Moreover, the economic
strain extends beyond just egg prices. Farmers also faced
significant financial losses due to the forced depopulation of
their flocks, which led to broader concerns about food security
and the long-term viability of poultry farming when facing
recurrent outbreaks.

To identify less frequently discussed, yet important, topics,
comments from each state and their associated topics were
manually examined. Through manua analysis of contextual
information derived from the BERTopic and LDA models,
several additional themeswereidentified that, while not among
the most dominant, appeared consistently across multiple states.
These include (1) human transmission risks, highlighting fears
around the virus potentially being a threat to humans and pets;
(2) comparisons to past pandemics, with people drawing
parallels to diseases such as COVID-19, swine flu, and severe
acute respiratory syndrome; and (3) contamination prevention,
including concerns over raw milk safety, pasteurization, and
the closure of bird exhibits in public venues.

When examining the sentiment distributions of comments
corresponding to each state’s number-one topic, a clear pattern
emerges where negative emotions—primarily sadness and
anger—dominate (Multimedia Appendix 1). Specifically, the
topic evoking the highest level of sadness was Minnesota's
leading concern about the spread of avian influenza and related
culling practices, with 66.7% (n=10) of comments expressing
sadness. Texas stop topic, centered around the dramatic risein
egg prices, provoked the most anger, evident in 68% (n=17) of
the comments. Ohio’s primary topic regarding public warnings
about a new flu strain generated the most fear among
commenters, with 29.4% (n=5) of comments expressing fear.
California s dominant topic, consisting mainly of news updates
and statisticsregarding the bird flu, elicited universally negative
sentiment, where 100% (n=25) of comments demonstrated a
combination of sadness, anger, or fear. On the other hand, Utah's
top topic, focusing on the threat of the bird flu, the potential
risk of it spreading to humans, and how we can prevent that
from occurring, displayed the highest percentage of joyful
comments, with 18.2% (n=2) of the comments labeled with joy
(Multimedia Appendix 1).

Overall, based on the most prominent topics exhibited by these
Reddit comments, people seem to be concerned about the
outbreak’s cycle of infection, deaths of birds, culling, and rising
prices, and how we could potentially balance between disease
containment and economic sustainability.

Comparison to Prior Work

The findings of this study align with a substantial body of
literature examining public sentiment during infectious disease
outbreaks via social media. Chew and Eysenbach [22], in their
work on the 2009 HIN1 pandemic, similarly observed that fear
and sadness dominated public sentiment on Twitter during the
early stages of the outbreak. Ahmed et al [23] also found aweak
or delayed correlation between case numbers and web-based
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sentiment, consistent with this study’s finding that public
concern often lags behind epidemiological developments. The
prominence of economic anxieties, such as concerns over egg
prices in shaping negative sentiment, echoes the observations
of Stieglitz et a [24], who noted that economic and political
factors often dominate web-based discourse in crisis settings.
Thisstudy’s use of BERTopic over LDA for thematic modeling
is supported by Jelodar et a [25], who argued that more
advanced topic modeling techniques are better suited for
capturing subtle semantic nuancesin health-related discussions.
Moreover, the platform-specific insights drawn from Reddit
reflect the conclusion of Suhail et al [26] that Reddit fosters
unique, in-depth discourse around health topics compared to
Twitter. The complex expression of joy, often through sarcasm
or memes, mirrors the findings of Wicke and Bolognesi [27],
who highlighted humor as a coping mechanism during the
COVID-19 pandemic.

However, not all prior research aligns with these findings.
Discrepancies may stem from differences in platform culture
(Reddit vs Twitter), timing, or public perception of disease
severity. For example, Abd-Alrazaq et a [28], in their analysis
of early COVID-19 tweets, found a strong, near-immediate
alignment between case surges and increases in public anxiety
and negative sentiment, which contrasts with this study’s
observation of sentiment lag. Similarly, Lwin et al [29] observed
clear peaksin fear, anger, and sadnessthat corresponded directly
with major epidemiological events, suggesting a more reactive
emotional landscape than was evident in Reddit posts analyzed
here. Overall, this study both confirms and challenges aspects
of prior work, offering new insights into the unique emotional
and thematic patterns that emerge in Reddit discussions during
zoonotic disease outbreaks.

Limitations

The study has its limitations, both in data collection and data
processing. When collecting datafor the Reddit comments, the
total number of comments scraped was only around 2100, which
israther low compared to some other similar studies, such asa
2016 study on avian influenza risk surveillance in North
America collected 38,191 Twitter comments for their dataset
[8]. This limited number of comments scraped was due to the
manual scraping methods, which involved manually selecting
a list of words and phrases that were deemed relevant to the
H5N1 virus and manually identifying the subreddits based on
geographical location names. As a result, certain relevant
comments not containing the keywords and additional
state-specific subreddits with nongeographical names may have
been overlooked. In terms of data processing, during the
sentiment classification process, the fine-tuned BERT model
that was used had an accuracy of around 94.2% (n=74,196),
which meansthat there were inaccuraciesin labeling the Reddit
comments. In addition, there could have been mistakes in the
labeling of the dataset used to train the model, which could have
caused further inaccuracies. By examining the comments and
thelabels, theseinaccuracieswere noticeable, especially among
the comments labeled as exhibiting “joy.” Many of them did
not exhibit joyful sentiment but instead contained superficially
positive words. This might have also been the reason for the
unexpectedly high correlation between joy intensity levels and
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outbreak severity levels after applying the 3-week shift, as
discussed previously. Additionally, the topic modeling analysis,
which involved manual examination of keywords generated by
BERTopic and LDA models, may have introduced subjective
biases that reduced the quality of the results.

These limitations suggest that the study’s findings should be
interpreted with caution, as the small datasets, potential
inaccuraciesin sentiment classification, and subjective elements
intopic modeling may have impacted the results. Future research
could address these issues by using larger and more diverse
datasets, leveraging automated and dynamic data collection
methods, and systematically testing multiple advanced models
to identify those with the highest accuracy and robustness for
both sentiment analysis and topic modeling.

Generalizability

While this study offers valuable insights into public sentiment
and discourse surrounding the HS5N1 outbreak, its
generalizability is subject to certain limitations. Theanalysisis
based solely on Reddit data, which may not fully represent the
broader population, particularly older age groupsor individuals
less active on social media. Additionally, the study only focused
on subreddits from US states, which may limit the applicability
of findings to other regions or countries with different
demographic, cultural, or epidemiologica contexts.
Nevertheless, Reddit’s diverse and decentralized community
structure provides auniquelensinto localized public responses,
and the methods used here can be adapted to other social media
platforms and geographies. Future research could enhance
generalizability by incorporating multiplatform data and
including awider range of geographic regions.

Practical Implications

The findings of this study have significant implications for
public health communication and policymaking during health
crises like H5N1 outbreaks. The predominance of negative
emotions such as anger, sadness, and fear in social media
discussionsreflects widespread public concern and anxiety. By
identifying these sentiments and their associated topics, public
health authorities can tailor their communication strategies to
address specific concerns, such as economic hardships caused
by rising egg prices or fears about the virus spreading among
bird populations. Messaging that directly addresses these
concerns can help aleviate public anxiety and foster trust in
health authorities. Regional variations in sentiment and topic
focus highlight the need for localized public health interventions.
For example, states experiencing multiple outbreak spikes, such
as Minnesota and lowa, exhibited sustained negative sentiment
levels, suggesting a need for ongoing communication effortsin
these regions. Conversely, states with single major outbreak
spikes might benefit from targeted campaigns addressing
immediate concerns during the crisis. Theseinsights can guide
resource allocation and ensurethat interventions are both timely
and relevant to affected communities. Moreover, the use of
social media analysis provides a dynamic tool for crisis
management. Real-time monitoring of sentiment trends can
help authorities predict public reactions to outbreak
devel opments, enabling proactive responses. For instance, early
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detection of spikes in fear or anger could prompt immediate
outreach efforts to mitigate panic and misinformation. This
approach underscores the potential of social media as a
complementary tool for traditional surveillance systemsin public
health.

Future Directions

Future research should aim to overcome the limitations of this
study by expanding the scope of data collection and analysis.
Increasing the dataset size through automated and dynamic
scraping methods across multiple social mediaplatformswould
provide a more comprehensive understanding of public
sentiment. Platforms such as Twitter, I nstagram, and Facebook,
in addition to Reddit, could offer diverse perspectivesand reduce
biasesinherent to any single platform’suser base. Advancements
in analytical techniques could further enhance the robustness
and granularity of findings. For example, integrating dynamic
timewarping methodsfor temporal analysiscould better capture
the delayed responses observed in this study. Similarly, using
ensemble models for sentiment classification may improve
accuracy and account for the nuanced emotional expressions
found in social media comments. Comparative evaluations of
these models could identify the most effective approaches for
future studies. Real-time monitoring systems represent another
promising avenue for development. By creating dashboardsthat
integrate sentiment analysis with outbreak data, public health
authorities could gain actionable insights to guide their
responses. Such systems could be invaluable for adapting
strategiesin rapidly evolving crises, ensuring that interventions
are both timely and effective. Cross-cultural studies offer
additional opportunitiesto explore the generalizability of these
findings. Applying similar analyses in different countries or
cultural contexts could reveal whether observed patterns of
public sentiment and reaction dynamics hold globally. These
comparisons might also uncover unique chalenges and
opportunities for public heath communication in diverse
settings. Finally, interdisciplinary collaboration should be
prioritized to leverage insights from fiel ds such as epidemiol ogy,
behavioral science, and computational linguistics. Combining
these perspectives could lead to more holistic public health
strategies, integrating an understanding of disease dynamics
with the social and emotional responses they provoke. By
addressing these areas, future research can build on this study’s
findings to improve public health preparedness and response
during health crises.

Conclusions

Overall, this study analyzed Reddit comments from 2022 to
2024 to assess public sentiments and topicsrel ated to the HSN 1
avian influenza outbreak in the United States. By focusing on
state-specific subreddits, it aimed to uncover prevalent emotions,
key discussion topics, and correl ations between public sentiment
and outbreak severity. Despite limitations like a small text
dataset and potential inaccuracies in sentiment classification,
the study underscores social media’s value in gauging public
sentiment during health crises. Understanding these sentiments
can help public health authorities improve communication
strategies and address public concerns.
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