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Abstract

A significant gap exists in datasets regarding post-COVID-
19 vaccination experiences, particularly “vaccine buyer’s re-
morse”. Understanding the prevalence and nature of vaccine
regret, whether based on personal or vicarious experiences,
is vital for addressing vaccine hesitancy and refining pub-
lic health communication. In this paper, we curate a novel
dataset from a large YouTube news corpus capturing COVID-
19 vaccination experiences, and construct a benchmark subset
focused on vaccine regret, annotated by a politically diverse
panel to account for the subjective and often politicized na-
ture of the topic. We utilize large language models (LLMs) to
identify posts expressing vaccine regret, analyze the reasons
behind this regret, and quantify its occurrence in both first and
second-person accounts. This paper aims to (1) quantify the
prevalence of vaccine regret; (2) identify common reasons for
this sentiment; (3) analyze differences between first-person
and vicarious experiences; and (4) assess potential biases
introduced by different LLMs. We find that while vaccine
buyer’s remorse appears in only < 2% of public discourse,
it is disproportionately concentrated in vaccine-skeptic influ-
encer communities and is predominantly expressed through
first-person narratives citing adverse health events.

1 Introduction

The global COVID-19 vaccination campaign unfolded
amidst a deeply polarized social landscape (KhudaBukhsh
et al. 2021) and a concurrent infodemic, an overabundance
of information, both accurate and misleading, that makes it
difficult for people to find reliable guidance (do Nascimento
et al. 2022). This environment, fueled by the rapid circula-
tion of confusing and often contradictory health content on
social media, created fertile ground for post-decisional sen-
timents like vaccine regret to emerge and spread. While a
substantial body of research has explored the drivers of pre-
vaccination hesitancy, a significant gap remains in our un-
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derstanding of post-vaccination sentiment, particularly the
phenomenon of vaccine buyer’s remorse. Understanding the
prevalence and nature of this vaccine regret is vital for refin-
ing public health communication, addressing the long-term
erosion of institutional trust, and preparing for future health
crises.

The concept of decision regret, the distress an individ-
ual feels after making a health-related choice, is a well-
established area of study (Becerra-Perez et al. 2016; Zeelen-
berg and Beattie 1997; Brehaut et al. 2003). Recent work has
begun to explore this phenomenon in the context of COVID-
19, linking the experience of adverse events to increased re-
gret and a subsequent unwillingness to receive booster doses
(Luo et al. 2022). Studies have also identified perceived
coercion and disillusionment with vaccine efficacy as key
drivers of this sentiment (Tayhan, Tayhan, and Biiyiik 2025).
This regret is often shaped by social media, where personal
anecdotes about side effects can create negative expectations
and amplify perceived negative experiences through the no-
cebo effect (Clemens et al. 2023), especially since com-
pelling narratives can sway medical decisions even when
presented alongside contradictory statistical data (Line et al.
2024).

For decades, public health agencies have conducted post-
market safety surveillance through formal channels like the
Vaccine Adverse Event Reporting System (VAERS), a pas-
sive system that relies on voluntary reports from the public
and clinicians (Shimabukuro et al. 2015). In the digital age,
social media platforms like YouTube have become vast, in-
formal analogs to VAERS, hosting millions of unsolicited,
user-generated accounts of personal and vicarious health ex-
periences. Analyzing this discourse offers an opportunity to
understand public sentiment at scale, yet it presents signifi-
cant methodological challenges. Distinguishing first-person
accounts from vicarious narratives, interpreting the nuanced
emotion of regret, and mitigating potential model biases re-
quires a sophisticated analytical approach.

To address these challenges, this study introduces a novel
dataset and a multi-stage hybrid inference pipeline to an-
alyze a large corpus of YouTube comments related to
COVID-19 vaccination.

Contributions: First, we focus on an underexplored as-



pect of vaccine discourse on the social web — vaccine re-
gret or vaccine buyer’s remorse. Second, we create a bench-
mark dataset for vaccine regret, annotated by a politically
diverse panel of raters to account for the subjective and of-
ten politicized nature of the topic (Dolman et al. 2023). Our
dataset consists of 2,000 YouTube comments each annotated
by three raters (overall, 201 unique raters)'. We develop
and evaluate a computational pipeline to classify comments
based on narrative perspective (first-person vs. vicarious)
and the presence of regret. Finally, we use this pipeline to
conduct a large-scale analysis of our corpus, guided by four
primary research questions: (1) quantify the prevalence of
vaccine regret; (2) identify the common reasons cited for this
sentiment; (3) analyze the differences between first-person
and vicarious expressions of regret; and (4) assess potential
biases in our models’ classifications.

2 Related Work

Our work is situated at the intersection of public health, psy-
chology, and natural language processing. We draw upon ex-
isting literature in three primary areas: the psychological un-
derpinnings and real-world manifestations of vaccine regret,
the application of large language models (LLMs) to analyze
health-related social media data, and the broader context of
public health challenges in the digital age.
Methodologically, our work leverages LLMs to move be-
yond traditional sentiment analysis, which is often insuffi-
cient for capturing the complex and often ambivalent emo-
tion of regret. Traditional sentiment analysis often fails to
capture the complexity of user opinions, such as sarcasm
or mixed emotions (Liu et al. 2022). Recent studies have
demonstrated that LLMs can perform more sophisticated,
multi-layered sentiment and topic analysis, identifying not
only positive or negative sentiment but also discrete emo-
tions and their underlying drivers (Yin, Han, and Nie 2024).
Similar work has used deep learning models to monitor pub-
lic opinion and extract reported side effects from Twitter
(Portelli et al. 2022), (Jain et al. 2025). LLMs have proven
effective in specific information extraction tasks, such as
identifying adverse events following vaccination from so-
cial media posts with high precision (Li et al. 2025), (Seh-
gal et al. 2025) and (Zhou et al. 2025). However, the liter-
ature also cautions that LLMs are not without limitations;
their performance is highly dependent on effective prompt
engineering, and they can be prone to factual inaccuracies
and inherent biases, necessitating careful validation against
human-annotated data (He et al. 2024; Crowl et al. 2025).
Prior work also examines broad vaccine debates, latent
arguments, and anti-vaccine themes, but none focus on
post-vaccination regret. Pacheco et al. (2022, 2023) ana-
lyze vaccine narratives and concept learning; Islam and
Goldwasser (2025b,a, 2022) study campaign messaging and
LLM-assisted theme discovery; and Wawrzuta et al. (2021)
analyze anti-vaccine arguments. Our paper uniquely tar-
gets vaccine buyer’s remorse, distinguishing first- vs third-

"Dataset, annotator details, and an expanded version with sup-
plemental information (SI) are publicly available at
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person narratives and quantifying regret prevalence using a
novel benchmark dataset.

Finally, our annotation strategy is grounded in recent
work addressing annotator subjectivity and bias. Labeling
politically charged content is inherently subjective. Weera-
sooriya et al. (2023) demonstrated that annotators’ political
beliefs systematically influence how they perceive and label
potentially offensive content. They found that recruiting a
politically diverse panel of annotators is a crucial step in un-
derstanding and accounting for these perceptual differences.
Our study employs a similar methodology as in Crowl] et al.
(2025); Pofcher et al. (2025) to create a benchmark dataset
that explicitly accounts for political diversity.

3 Dataset

Data Collection: We curate a dataset Dyengpoor Of
80,307,930 comments posted on 65886 YouTube videos
(Vnewspoor) from the official channels of three major U.S. ca-
ble news networks: Fox News, CNN, and MSNBC via the
official YouTube Data API v3. This dataset has found
prior use in studying election-related discourse (Khud-
aBukhsh et al. 2021, 2022), health-related discourse (Yoo
and KhudaBukhsh 2023), LGBTQ+ discourse (Pofcher et al.
2025), rater subjectivity (Weerasooriya et al. 2023; Pandita
et al. 2024; Dutta et al. 2025b), and political identity pro-
jections (Mittal, Chawla, and KhudaBukhsh 2024). This se-
lection was made to capture a spectrum of potential politi-
cal viewpoints among commenters, a key factor in explor-
ing variations in sentiment. The comments for the videos
selected for inclusion were published within the timeframe
from 14th December 2020 to 31st October 2024 and fea-
ture all types of content such as daily briefings, news up-
dates, or official announcements but not particularly related
to COVID-19. Along with these mainstream sources, we
also included 981 videos (V;,3,) with 847,702 comments
(Djnpi) from prominent YouTube influencers taking part in
the vaccine discourse within the same timeframe. This addi-
tion was made with the understanding that many individuals
now consume news from a variety of online creators (Zim-
mermann, Klee, and Kaspar 2023), and the discussions in
their comment sections warrant similar scholarly attention.
Two independent reviewers with a consensus manually
categorized influencer channels based on a qualitative re-
view of their content. We define channels as “pro-vaccine”
if their content consistently aligned with public health
guidance and encouraged vaccination. Conversely, channels
were defined as “vaccine-skeptic” if they frequently ques-
tioned the safety or efficacy of vaccines, focused on adverse
events, or expressed opposition to vaccine mandates.

Identifying Vaccine-Relevant Comments: To build our
corpus, we first performed an initial, keyword-based filtering
of all collected comments to isolate those relevant to vac-
cination. This process identified comments containing key-
words related to personal experiences, side effects, and po-
tential regret. After the filtration, we got total comments of
1,370,101 (D,eyys) from 54,666 videos (Vevs)-

Constructing the Benchmark and In-the-wild Dataset:
From the filtered comments dataset D,,,,, we construct a



Example Comment Regret Label Subject Label
1 got my first shot, then tried to get a mamogram and they will not do it until 4 weeks after my second shot. apparently | Positive First-Person
the limp nods have a chance of swelling. I wouldn’t have gotten the shot if i knew that. they are not telling us everything.

i didn’t vote for world shut down. i can do the research myself and have decided this particular vaccine is not safe for | Positive Third-Party
many reasons. my own doctor is no longer recommending it and regrets taking it himself.

coming home after my booster shot, i just crossed paths with the coroner as he was removing a body from my apt. Negative First-Person
building - covid is everywhere. get vaxed!

isn’t dying the activity you do after the vaccine Negative Unspecified

Table 1: Examples of manually annotated comments from the dataset.

dataset designed to categorize content based on sentiments
and perspectives related to vaccine regret. As the Positive
for Regret class is considerably less common than irrele-
vant or neutral comments, a simple random sampling for
our benchmark dataset would be inefficient. To address this,
we employ a multi-faceted approach to identify comments
more likely to be valuable for human annotation. This in-
volved using a combination of simple regular expressions
alongside zero-shot and few-shot prompting with an LLM
to classify a large, unseen pool of comments. This process
enabled us to purposefully sample comments identified as
likely Positive for Regret, creating a set for our full crowd-
sourced annotation study and ensuring a more balanced and
functional benchmark dataset Dj,,;, comprising 2,000 com-
ments. For classification task we divide Dp,,, into a train-
ing split of 80% of our benchmark dataset (D,,;,), with the
remaining portion reserved for testing (D;.y). After valida-
tion, we processed a total of 600,000 comments. This corpus
was balanced between mainstream news sources (300,000
comments, with 100,000 from each of Fox News, CNN, and
MSNBC) and influencer channels (300,000 comments, with
150,000 from pro-vaccine influencers and 150,000 from
vaccine-skeptic influencers). These comments were catego-
rized as in-the-wild dataset (D,,;19).

The annotation scheme captures two key dimensions:

Vaccine Regret: This dimension categorizes comments into
one of two classes: Positive for Regret and Negative for Re-
gret. The Positive for Regret class includes both Explicit Re-
gret (direct statements like “I regret taking the vaccine”) and
Implicit Regret (statements strongly suggesting dissatisfac-
tion, e.g., “I wish I never got it, my health has been terrible
since”). The Negative for Regret class includes comments
that are unrelated to the topic or are neutral statements about
an individual’s vaccination status.
Narrative Perspective: For comments indicating regret,
this dimension identifies the narrative point of view. Cat-
egories include First-Person (personal experience), Third-
Party/Vicarious (reporting another specific individual’s
knowledge), and Unspecified. We only categorized regret for
comments that were from a first or third party, not unspeci-
fied (which includes general statements, e.g., “People regret
taking this vaccine”).

Annotation Study Design. We conduct a crowd-sourced
annotation study designed to mitigate potential political bias
in subjective annotations to generate our Dy, labels.

Annotator Recruitment: Following the methodology of
Weerasooriya et al. (2023), Crowl et al. (2025), and Pofcher
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et al. (2025), we recruited a panel of annotators with diverse,
self-identified political affiliations: Republican, Democrat,
and Independent.

Annotation Process: Each comment in the D, was inde-
pendently annotated by one annotator from each of the three
political groups.

Disagreement Resolution: Prior literature has considered
diverse approaches to resolving inter-annotator disagree-
ments (e.g., majority voting (Davidson et al. 2017; Wiegand,
Ruppenhofer, and Kleinbauer 2019) or third objective in-
stance (Gao and Huang 2017)). The final label for each com-
ment on each dimension was determined by a majority vote.

Annotation details: We used Prolific’> to recruit anno-
tators, while hosting the annotation questionnaire on our
custom-built platform. A total of 2,000 comments were di-
vided into 67 batches of 30, with 201 unique annotators
participating in the labeling process. The annotator pool
was evenly distributed across political affiliations (Demo-
crat, Republican, Independent), with a near-equal gender ra-
tio (106 male, 95 female) and an average age of 42.5 years.
All annotators were US citizens. The median annotation
time was ~19 minutes. Each annotator was compensated $4
per batch, estimated for a 30-minute task.

4 Methodology and Experiment Design

Shot Classification: We se-
and widely-used LLMs (both
open and closed source and ranging from 7B to
70B in size): mistral-small3.2:24b (Mis-
tralAl  2025), mistral:7b (Jiang et al. 2023),
mixtral:8x22b (Jiang et al. 2024b), 11ama3.1:8b
(Grattafiori et al. 2024), gemma3:12b (Team et al.
2025), qwen2.5:7b (Bai et al. 2023), 11ama3.1:70b
(Grattafiori et al. 2024), and gpt—-4o-mini (Hurst et al.
2024). We perform zero-shot classification on Dy, using
default hyperparameters with enforced JSON outputs,
following best practices from (Ziems et al. 2024), to
assess the models’ out-of-the-box reasoning ability without
task-specific tuning. We also evaluate D, on a few-shot
setting (Brown et al. 2020) to understand whether minimal
supervision improves performance and consistency across
models.

Zero and Few
lect eight diverse

Supervised Classification: For supervised classification,
we finetune three models with varying architectures

*Prolific: https://www.prolific.com



Zero-Shot Few-Shot
Model Subject Vaccinated Regret Subject Vaccinated Regret
F1 Accuracy F1 Accuracy F1 Accuracy F1 Accuracy F1 Accuracy F1 Accuracy

mistral-small3.2:24b 0.734 0.746 0.824 0.828 0.739 0.757 0.695 0.702 0.836 0.837 0.790 0.816
gpt-4o-mini 0.672 0.674 0.842 0.843 0.803 0.855 0.647 0.650 0.839 0.839 0.804 0.853
mixtral:8x22b 0.745 0.769 0.770 0.783 0.806 0.842 0.733 0.743 0.833 0.836 0.808 0.846
llama3.1:70b 0.744 0.769 0.795 0.803 0.775 0.807 0.709 0.717 0.840 0.841 0.800 0.843
qwen2.5:7b 0.617 0.620 0.793 0.794 0.766 0.796 0.587 0.598 0.803 0.804 0.808 0.841
mistral:7b 0.683 0.702 0.763 0.771 0.767 0.795 0.655 0.665 0.813 0.813 0.783 0.816
gemma3:12b 0.736 0.760 0.773 0.783 0.641 0.648 0.743 0.763 0.796 0.803 0.687 0.698
llama3.1:8b 0.681 0.715 0.750 0.763 0.729 0.748 0.649 0.667 0.792 0.794 0.774 0.807

Table 2: Performance comparison across models in zero-shot and few-shot settings on the held-out test set

llama3.1:70b, 1lama3.1:8b, and mixtral:8x7b
using a LoRA-based approach (Hu et al. 2021) on D;ip-
This method allows us to assess whether the models can bet-
ter understand and adapt to the classification task through
task-specific supervision. We evaluate their performance on
D;.s: using standard metrics: precision, recall, F1-score, and
accuracy on a held-out validation set.

Multi-Stage Hybrid Inference Pipeline: To classify a
large volume of user comments with both nuance and ef-
ficiency, we designed a two-stage hybrid inference pipeline
to balance computational cost and accuracy:

Stage 1: Relevance Filter: The first stage acts as
a high-throughput Relevance Filter, using a Natural
Language Inference (NLI) model from Sileo (2024),
ModernBERT-large—nli. This model determines if a
comment is relevant to the topic of vaccines by treating the
comment as a premise and evaluating its entailment with a
specific hypothesis. We tuned this stage by testing 24 com-
binations of different hypotheses and acceptance thresholds
on our validation set. The best-performing configuration,
which achieved an F1-score of 0.8680, utilized the hypoth-
esis: “This comment mentions or discusses anything related
to vaccines, vaccination, or immunization” with an accep-
tance threshold of 0.01. This initial filtering step efficiently
removes a large volume of irrelevant comments, ensuring
our more computationally intensive model is reserved for
relevant data and reducing the likelihood of the LLM pro-
ducing off-task or malformed responses.

Stage 2: Expert Reasoner: Comments that pass the rele-
vance filter proceed to the second stage, which uses a fine-
tuned model. This LLM performs a multi-label classifica-
tion in a single pass, identifying the subject (self, other, or
unspecified), vaccinated status, and regret status using a de-
tailed prompt with specific rules and examples.

5 Results and Discussions
5.1 Classification Task

Table 2 shows that larger models generally perform better
across tasks, with mixtral:8x22b achieving the high-
est F1 score for Regret classification in both zero-shot and
few-shot settings; gpt-4o0-mini leads in Vaccinated pre-
diction (zero-shot), while surprisingly gemma3:12b per-
forms strongly on Subject in few-shot. Few-shot setups yield
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marginal improvements for most models, indicating that
even minimal supervision can enhance performance on com-
plex social classification tasks.

Table 3 shows the result for our finetuned models and
it improves on zero and few shot metrics. While the
mixtral:8x7b (Jiang et al. 2024a) model showed the
highest performance on the Subject classification task, the
llama3.1:70b model demonstrated the strongest and
most consistent performance on the two tasks most cen-
tral to our RQs by achieving the highest Fl-score and ac-
curacy for identifying Furthermore, in our practical test-
ing, we observed that the Llama model had a faster infer-
ence speed than the Mixtral model. Given its performance
on key tasks and its computational efficiency, we selected
llama3.1:70b as the most suitable model for our final
inference pipeline.

Pipeline Performance: Our two-stage hybrid inference
pipeline was evaluated on the held-out test set of 400 com-
ments from our benchmark dataset, The pipeline achieved
an overall Exact Match (requiring all fields to be cor-
rect) of 62.00%. The model demonstrated strong perfor-
mance in identifying vaccinated (F1(macro)=0.87) and re-
gret (F1(macro)=0.82) status, though it faced more chal-
lenges in the three-way subject classification (81.50% ac-
curacy & Fl(macro)=0.8), particularly with the unspecified
class (F1(macro)=0.67).

Pipeline Processing for D,;;: The first stage of our
pipeline, the NLI relevance filter, identified 243,547 (40.6%)
of the comments as relevant to the topic of vaccines. The
relevance rate was considerably higher for mainstream news
sources (52.9%) than for influencer channels (28.3%).

5.2 In-the-wild results

Prevalence of Vaccine Regret Across Sources: From the
pool of 243,547 relevant comments, the pipeline identified
2,727 (1.1%) as expressing regret. As shown in Figure 1, the
rate of regret varied significantly across source categories.
The overall rate of regret was significantly higher on influ-
encer channels (1.9%) than on mainstream news channels
(0.7%) (x?=780.29, p < 0.001). Within the influencer cat-
egory, the difference was even more stark: vaccine-skeptic
channels exhibited a regret rate of 2.9%, a statistically sig-
nificant difference from the 1.0% rate on pro-vaccine chan-
nels (x?=421.10, p < 0.001). In contrast, the variations



Fine-Tuned Performance
Model - - Inference Speed
Subject Vaccinated Regret
F1 (macro) Accuracy F1 (macro) Accuracy F1 (macro) Accuracy (sec/400 comments)
llama3.1:70b 0.77 80.25% 0.87 87.00% 0.83 87.00% 650
llama3.1:8b 0.72 76.00% 0.86 85.75% 0.81 84.50% 164
mixtral:8x7b 0.79 81.50% 0.86 85.75% 0.83 87.25% 2,703

Table 3: Performance and inference speed comparison across fine-tuned models on the held-out test set.

in regret rates among the three mainstream news outlets
were also statistically significant, though less pronounced
(x?=16.23, p < 0.001).
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Figure 1: Percentage of regret comments across news
sources and influencer categories.

Our analysis reveals that while expressions of vaccine re-
gret are a persistent theme in online discourse, they appear
in only 1.1% of relevant comments. This provides a quanti-
tative anchor to a topic often dominated by powerful anec-
dotes, which are known to impact medical decisions even
when presented alongside statistical data (Line et al. 2024).
This suggests that while vaccine regret is a salient narrative,
its actual prevalence in this discourse is far lower than its
potential amplification within the broader infodemic might
suggest.

The prevalence of regret, however, is not uniform across
online communities. The rate of regretful comments on
influencer channels was more than double that on main-
stream news channels, with vaccine-skeptic influencers host-
ing a rate nearly three times higher than their pro-vaccine
counterparts. This aligns with prior work on the info-
demic (do Nascimento et al. 2022) and the significant role
of online creators in shaping public opinion and health dis-
course (Zimmermann, Klee, and Kaspar 2023). These chan-
nels may foster echo chambers where expressions of regret
are more common, normalized, and amplified.

Analysis of Narrative Perspectives: Of the 2,727 com-
ments expressing regret, the majority (67.9%) were first-
person (self) narratives. This indicates that individuals shar-
ing their own personal stories are the primary source of re-
gretful sentiment in these online spaces.
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5.3 Substantive Findings

Analysis of Vicarious Relationships To further under-
stand the social dynamics of vicarious regret narratives, we
perform an additional classification on comments identified
by the pipeline as having subject other.

The core categories for this task are directly informed by
empirical research on the social networks that influence vac-
cination decisions, which identifies a hierarchy of influen-
tial relationships (Brunson 2013). During our preliminary
review of the data, we also observed that a number of com-
ments referenced the experiences of celebrities, politicians,
and other well-known individuals. This type of parasocial,
one-to-many influence does not fit into the interpersonal cat-
egories, so we added a Public Figure category to capture
this distinct form of vicarious narrative. The final categories
are: Spouse or Partner, Family Member, Friend, Health Care
Provider, Public Figure, Other Acquaintance, and Unspeci-
fied.

This classification is performed using a zero-shot prompt-
ing approach with the Llama-3.1:70B-Instruct
(Llama Team, AI @ Meta 2024) model and is validated by
manually verifying the model’s output on a random sample
of comments. We ran this on the author’s relationship to the
subject in all 875 comments in D,,;,; identified as “other”.
This approach was first validated on a manually annotated
set, where it achieved 90.71% accuracy.

The analysis showed that Family Member was the most
frequently cited relationship (29.6%), followed by Unspeci-
fied (28.5%) (see Figure 2 for full distribution). This under-
scores the role of intimate social networks in the dissemina-
tion of health narratives, as established by Brunson (2013).

249

Unspecified

Other Acquaintance 166

Friend- 77

Public Figure 68
Spouse or Partner- 50
Health Care Provider] 6 I Close Relations (Family, Friend, Spouse)
I Other Relationships
0 5 10 15 20 25 30 35
Percentage

Figure 2: Overall Distribution of Relationships in Vicarious
Regret Comments



Analysis of Regret Reasons: To identify the primary
themes driving vaccine regret, we developed a set of cat-
egories informed by existing literature and our own data.
The categories Adverse Health Event, Perceived Coercion,
and Shift in Beliefs are directly supported by prior qualita-
tive research (Tayhan, Tayhan, and Biiyiik 2025; Luo et al.
2022). In addition, we included the Lack of Efficacy cate-
gory after observing a prevalent theme of individuals ex-
pressing regret because they believed the vaccine did not
work as promised (e.g., they still contracted COVID-19).
We then employed a zero-shot prompting approach with the
Llama-3.1:70B-Instruct model to perform an infor-
mation extraction task, categorizing each regretful comment
accordingly. This model was first validated on our bench-
mark test set, where it achieved 92.08% accuracy in extract-
ing the correct reason

Applying this validated method to the 2,727 comments
expressing regret on D,,;;4, our analysis revealed that an Ad-
verse Health Event was the most common reason overall,
accounting for 55.0% of cases. However, the distribution of
reasons differed significantly between news and influencer
channels (x?=248.84, p < 0.001). As shown in Figure 3, in-
fluencer channels were dominated by discussions of adverse
health events (64.2%). In contrast, news channels featured
a more balanced conversation where Lack of Efficacy was a
prominent secondary reason (26.9%).
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Figure 3: Distribution of Regret Reasons by Source Type.

We also observed a significant difference in the rea-
sons cited between first-person and vicarious accounts
(x?=45.94, p < 0.001). While Adverse Health Event was
the most common reason for both groups, it was more domi-
nant in vicarious narratives (61.3%) than in first-person ones
(52.1%). Conversely, Perceived Coercion was more than
twice as likely to be cited as a reason for regret in first-person
accounts (11.6%) compared to vicarious accounts (4.9%).
This supports previous research identifying perceived coer-
cion as a key driver of regret (Tayhan, Tayhan, and Biiyiik
2025) and highlights that the feeling of diminished auton-
omy is a powerful and personal component of this sentiment

Perceptual Differences in Annotation: We observed
moderate inter-rater agreement among our politically di-
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verse annotators across all three annotation tasks, as detailed
in Table 4. Overall agreement (Fleiss’ Kappa) was highest
for the Subject task (v = 0.5089) and slightly lower for
Regret (x = 0.4480) and Vaccinated (x = 0.4272). Our ob-
served agreement aligns with prior literature (Weerasooriya
et al. 2023; Crowl et al. 2025).

A Chi-square test revealed that political affiliation signif-
icantly influenced the subjective task of classifying a com-
ment’s Subject (X2=22.85, p < 0.001). Conversely, we found
no systematic impact on the more factual Vaccinated or
sentiment-based Regret judgments, as detailed in Table 5.

Task Fleiss’x DemvsRepx DemvsIndx RepvsIndx
Subject 0.5089 0.5093 0.5140 0.5046
Vaccinated ~ 0.4272 0.4380 0.4286 0.4330
Regret 0.4480 0.4246 0.4967 0.3677

Table 4: Inter-Annotator Agreement by Task

Task Chi-square (x?) p-value
Subject 22.8515 0.0001
Vaccinated 1.6875 0.4301
Regret 3.1468 0.2073

Table 5: Systematic Differences in Annotation by Political
Affiliation

Model Alignment with Annotator Politics: On the sub-
set of 398 comments where annotators disagreed on the
Regret label (always in a 2-vs-1 split), we analyzed our
pipeline’s predictions to check for political alignment.
The model’s final output sided with the majority opinion
70.1% of the time. The model’s alignment with Democratic
(55.8%), Republican (53.3%), and Independent (61.1%) an-
notators was not statistically different (x? = 2.22, p =
0.3298). This suggests that for this task, the model does not
systematically favor the perspective of one political group
over the others.

Temporal Study of Regret: Figure 4 shows the temporal
distribution of vaccine-related regret comments expressed
by pro-vaccine and vaccine-skeptic influencers from 2020
through mid-2024, overlaid with key U.S. COVID vaccine
policy phases. The graph is divided into four zones: Zone A
(EUA & Rollout) marks the earliest phase of public aware-
ness, characterized by high uncertainty and the emergence
of early regret commentary; Zone B (Mandate Peak) cor-
responds to the introduction of federal employee and con-
tractor mandates, a period associated with heightened po-
larization and visible spikes in regret, particularly among
vaccine-skeptic influencers; Zone C (Rollback) captures the
easing of legal enforcement and restrictions, potentially cor-
relating with a decline in overt regret discourse; and Zone D
(Post-Mandate Era) reflects a stabilized regulatory environ-
ment where vaccine sentiment is increasingly shaped by in-
dividual and localized narratives. Throughout these phases,
vaccine-skeptic influencers exhibit a rising trajectory of re-
gret commentary, peaking dramatically by the end, while



pro-vaccine influencers maintain comparatively lower and
more sporadic levels of regret expression. While on the other
end we do not see any noticeable differences in trend for the
news channels.

Source / Policy Phase

Pro-vaccine
Influencers

Vaccine-skeptic
Influencers

EUA / Rollout
Mandate Peak
Mandate Rollback
Post-Mandate Era

—
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Figure 4: Temporal Distribution of Regret Comments over
time across zones

Qualitative Error Analysis: To better understand the
model’s performance, we conducted a qualitative analysis of
misclassified examples in D,,. This revealed that the lower
F1-score for subject classification is an expected artifact of
our pipeline’s design, which prioritizes efficiency. The ini-
tial NLI relevance filter effectively discards large volumes of
irrelevant comments, which substantially improves process-
ing speed and the stability of the downstream LLM. This
efficiency creates an occasional mismatch with human an-
notations on irrelevant comments, artificially lowering the
performance metric for the unspecified subject class. This
is an accepted trade-off, however, as it does not impact the
accuracy of the primary regret classification task.

5.4 Limitations

While our study offers significant insights to public’s vac-
cine stance, it has some limitations that must be considered
when interpreting the results.

First, our dataset of YouTube comments, like the offi-
cial Vaccine Adverse Event Reporting System (VAERS)
(Shimabukuro et al. 2015) rely on spontaneous, voluntary
reports subject to significant self-selection bias; therefore,
our findings cannot be used to infer causality or calculate the
true incidence rate of vaccine regret or adverse events in the
general population. Second, while our pipeline performed
well, the classification of a nuanced human emotion like re-
gret is inherently challenging. Sarcasm and complex expres-
sions can still be misinterpreted by advanced LLMs (Crowl
et al. 2025), and the F1-score of 0.83 for the regret class indi-
cates some degree of model error is unavoidable. Finally, our
analysis is limited to English-language comments on a sin-
gle platform (YouTube). The dynamics of post-vaccination
sentiment may differ significantly in other languages, cul-
tural contexts, and on other social media platforms.
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5.5 Implications and Future Work

Our research has several implications. For public health of-
ficials, our work provides a scalable method for monitoring
public sentiment and identifying the primary drivers of vac-
cine regret. Understanding that narratives of coercion, ad-
verse events, and lack of efficacy are central to this sentiment
can help refine public health communication and improve
Proactively addressing public concerns about adverse events
and communicating the rationale behind public health man-
dates are also essential to maintain institutional trust (Sou-
vatzi et al. 2024). The stark differences between mainstream
news and influencer communities underscore the need for
tailored outreach strategies that address the specific concerns
circulating in different online ecosystems.

Future research directions include expanding this analy-
sis to other social media platforms, languages, and cultural
contexts to create a more holistic picture of global post-
vaccination sentiment. A longitudinal study tracking how
these regret narratives evolve over time, particularly in re-
sponse to new public health developments, would be highly
valuable. While our human annotation pipeline accounts for
political diversity, extending the annotation pipeline to vi-
carious interactions (Weerasooriya et al. 2023; Dutta et al.
2025a) can help us understand how well raters can represent
out-group values and opinions on politically sensitive top-
ics. Finally, refining the classification of regret reasons, for
instance by distinguishing between mild and severe adverse
events, could provide even more granular insights for public
health intervention.

6 Conclusion

In this study, we introduced a novel computational frame-
work to quantify and analyze the phenomenon of vaccine
buyer’s remorse within a large corpus of YouTube com-
ments. Our findings reveal that while expressions of regret
are a persistent feature of online discourse, they represent
a small fraction of the overall conversation. This sentiment
is most prevalent on influencer channels and is primarily
driven by narratives of adverse health events, perceived lack
of efficacy, and feelings of coercion. By differentiating be-
tween first-person and vicarious reports and identifying pri-
mary drivers of regret, such as adverse health events and per-
ceived lack of efficacy, this study provides key insights into
post-vaccination attitudes. In the end, this approach provides
a scalable method for public health monitoring and high-
lights the need for targeted communication efforts that ad-
dress specific public worries to build trust in a growingly
divided and polarized information environment.
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