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Abstract
The recent COVID-19 pandemic has brought the debate around vaccinations to the forefront of public discussion. In this dis-
cussion, various social media platforms have a key role. While this has long been recognized, the way by which the public
assigns attention to such topics remains largely unknown. Furthermore, the question of whether there is a discrepancy
between people’s opinions as expressed online and their actual decision to vaccinate remains open. To shed light on
this issue, in this paper we examine the dynamics of online debates among four prominent vaccines (i.e., COVID-19,
Influenza, MMR, and HPV) through the lens of public attention as captured on Twitter in the United States from 2015 to
2021. We then compare this to actual vaccination rates from governmental reports, which we argue serve as a proxy for
real-world vaccination behaviors. Our results demonstrate that since the outbreak of COVID-19, it has come to dominate
the vaccination discussion, which has led to a redistribution of attention from the other three vaccination themes. The results
also show an apparent discrepancy between the online debates and the actual vaccination rates. These findings are in line
with existing theories, that of agenda-setting and zero-sum theory. Furthermore, our approach could be extended to assess
the public’s attention toward other health-related issues, and provide a basis for quantifying the effectiveness of health pro-
motion policies.
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Introduction
The recent coronavirus (COVID-19) pandemic has brought
considerable attention to vaccinations. Today, the discus-
sion on vaccinations cuts across a multitude of issues,
ranging from topics such as efficacy, safety, and trust, to
topics related to ethical, religion, and personal liberties to
name a few.1–4 It has also attracted participation among
diverse audiences such as policymakers and government
agencies, health professionals, scientists, various advocacy
and interest groups, and the public at large. Although the
current discussion around vaccinations may seem a rela-
tively recent phenomenon, it is, to a large extent, but one
chapter in a longstanding public discussion spanning over
more than two centuries, which revolved around “pro–”
and “anti–” vaccination debates and social movements.5,6

The contemporary public discussion about vaccinations
occurs largely online,7 and in particular on social media.8

This use of online platforms not only impacts the vaccin-
ation discussion itself but also more broadly the way by
which vaccine related information is consumed and pro-
duced. While the use of online platforms in the context of
vaccinations has attracted considerable attention, the inter-
play between participation in vaccination discussion and
actual vaccination-related behaviors is not yet fully under-
stood.7 This paper aims to explore this interplay through
the lens of public attention as it is captured by online
social media. It is necessary to point out that the term
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“interplay” here refers to the potential impact of social
media on human actions, which has been studied elsewhere
(e.g.,9,10). In other words, our basic premise is that social
media can impact human behavior. Based on this
premise, we examine how public attention is allocated
across several vaccination types, and then compare it with
actual vaccination rates. Our analysis takes advantage of
the recent COVID-19 pandemic which has evidently
attracted much attention in the online public vaccination-
related discourse, thus providing a unique opportunity to
explore how the public assigns attention to vaccinations
in the presence of a major disruptive public health event.

The overall approach in investigating these questions is
by focusing on four distinct vaccinations, namely
COVID-19, Influenza, Measles, Mumps, and Rubella
(MMR), and Human Papillomavirus (HPV). While the
COVID-19 vaccines were chosen due to their impacts on
the current world order, the other three (i.e., Influenza,
MMR, and HPV) stem from the robust nature of the
debate around them in recent years (e.g.,11,12) before the
emergence of COVID-19. A second, equally important
reason for this choice was the public availability of authori-
tative data on their respective vaccination rates. However, it
should be noted that the MMR and HPV vaccinations are
geared towards children, while the other two are designed
for the majority of the population. Together, this set of vac-
cinations allows us to compare public engagement (and
attention) and vaccination rates across the different vaccines
and assess the impact of the COVID-19 vaccination debate
on public engagement.

Our assessment of public engagement and attention dis-
tribution among the various vaccines in social media
focuses on Twitter due to its prominent role in
vaccine-related debates (e.g.,13,14). While public attention
is often difficult to quantify, one approach to assessing it
is through monitoring and analyzing the ebb and flow of
online discussion on social media platforms (e.g.,
Twitter), an area that has received increasing attention in
recent years in public health studies (e.g.,15,16). To that
end, we analyzed a data set covering 2015 to 2021 in
terms of tweet message volumes that is used as a proxy
for public engagement and attention.

As the Greek philosopher Aristotle said, “Man is by
nature a social animal,”17 and it is through the interaction
of various media that we communicate and disseminate
information. Over time, the medium of dissemination has
evolved, from handwritten papal bulls, the printing press,
to wireless communication technologies, such as radio
and television broadcasting. Such evolution enabled the dis-
semination of audio and visual content to a more and more
broader audience both nationally and internationally. For
example, by the late twentieth century, around 98% of
households owned at least one television.18

Today printed and broadcast media, often referred to as
“vertical media,”19 aims to cover potential interests and

topics, and has become an integral part of modern
society. Consequently, considerable research has been dedi-
cated to the study of mass communication and the under-
lying principles and theories that govern it. In the context
of our research, there are two key related theories that are
of particular importance for our analysis: the agenda-setting
theory and the zero-sum theory

Agenda-setting theory,20 generally examines the relation-
ship between the media and the public agendas with respect
to a specific topic, highlighting that the media can affect the
salience of issues in the public agenda. In earlier agenda-
setting studies, it was argued that the media could not only
influence what people think about, but also how they think
about it.21,22 This early work has spurred research investigat-
ing the impacts of the media on the public’s perceptions with
respect to politics, economics, and public health.23–26 In the
context of public health, several authors have noted the role
of agenda setting played by the media in influencing health-
promoting change.27–31

The rise of Web 2.032 has sprung renewed interest in
agenda-setting in the context of social media due to the
ability to facilitate “two-way communication”. Such tech-
nologies, also called “horizontal media,”19 emphasize the
importance of the individual and reduce the barriers to
user participation. Various studies have explored the applic-
ability of agenda-setting theory in the digital age, as well as
how social media shape public discourse and attitudes
towards specific topics.19,22,33–35 One example of this is
how the agenda can be influenced by the networked associ-
ation of issues through social media.36–38

A second, related theory, that is of particular importance
to our research is the zero-sum theory. This theory, which
can be seen as complementing the agenda-setting theory,
is based on the premise that human (and by extension the
public’s) attention is finite, which leads to a competition
among the various issues in the media in which increased
attention to one issue will lead to a decrease in attention
given to other issues.39 Like the agenda-setting theory,
the zero-sum theory was originally proposed in the
context of vertical media (i.e., “one-way” communication).
More recent studies which have examined this theory in the
context of social media suggested its applicability is given
the inherent finite nature of human attention regardless of
the subject matter at hand (e.g.,40–42).

Turning back to the study of social media on
health-related topics, we are especially interested in the
online debates regarding vaccination under this context.
Looking back at disease outbreaks over the past two
decades, such as the Ebola and Zika viruses and the
current COVID-19 pandemic, they all have substantially
impacted, to varying degrees, on our environment,
economy, and society as a whole.43–50 Therefore, develop-
ing vaccines, especially for vaccine-preventable diseases,
has become crucial to preventing the spread and thereupon
helping the world return to somewhat normalcy.
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As mentioned above, the discussion regarding vaccin-
ation has been longstanding but with disparate voices.
Pro-vaccination supporters urge the importance of vaccin-
ation for public health, whereas anti-vaccination groups
argue their concerns about safety, religious and philosoph-
ical beliefs, which has made the vaccination debate polar-
ized over time.2,4,51,52 This is especially the case today
with mass communication through social media. Social
media enables individuals to share their opinions about vac-
cinations online, but at the same time puts them in an infor-
mation “dye vat,” in the sense there are all sorts of words
(either positive or negative) about vaccinations that can
become mixed together and alter people’s perceptions of
vaccination.53 It is through such exposure that an indivi-
dual’s perception towards vaccination might change under
the impacts of various information traffic, resulting in
diverse vaccination sentiments, and thereafter, making vac-
cination campaigns more challenging.54,55 In this regard, it
is crucial to understand how the public’s attention maps to
various vaccination-related themes on social media, espe-
cially with respect to their limited attention capacity, and
how such attention compares to the reported vaccination
rates in reality. These questions have direct practical appli-
cations, such as topics around improving public health
awareness and the effectiveness of health promotion
policies.

In the remainder of the paper, we will demonstrate the
methodology used, including data collection, sentiment
analysis, and comparisons between online vaccination
debates and offline vaccination rates, to investigate the
dynamic attention of individuals on various vaccination-
related themes on social media (section “Methodology”).
After that, we will discuss and conclude the key findings
(section “Results and Discussion”) and how our work con-
tributes to the current literature in the Conclusion Section.

Methodology
Studies focusing on improving public health awareness
have increasingly relied on leveraging social media data
(e.g., Twitter). These studies have indicated that public
attention can be reshaped, to a certain degree, when differ-
ent public health issues are prominent on social media. In
this regard, we would argue that understanding the dynam-
ics of public attention among competing themes for atten-
tion in the context of vaccination could have the potential
to provide informed insights for improving vaccination-
related health outcomes.

To illustrate this potential, we took the United States as a
case study to quantify public attention to four vaccines
through monitoring and analyzing the ebb and flow of
their online discussion on Twitter and identifying the corre-
sponding vaccine sentiments. In what follows, we will
introduce the datasets used in this study (section “Data
Collection”), and describe how we classified this data by

vaccine sentiment (section “Sentiment Analysis and
Emotion Detection”). We will then compare four different
online vaccination discussions with actual vaccination
rates to uncover potential links between them (section
“Online/Offline Comparison”). These steps are illustrated
in Figure 1 and are further elaborated in the subsequent
subsections.

Data collection

In order to understand how public attention maps to various
vaccination-related themes on social media, we extracted
vaccine-related tweets sent in the United States from
January 2015 to July 2021, which consists of around 11.7
million Twitter messages sent by approximately 2.6
million distinct users. The data were collected by utilizing
Geosocial Gauge system56 using the keywords “vaccin-
ation” and its derivatives, such as “vaccine,” “vaccines,”
“vax,” “vaxine,” “vaxx,” as well as “immunization” and
“immunisation” as search terms (these terms were found
to frequently turn up in the online narrative about vaccines
on Twitter.57 Table 1 provides an overview of the distribu-
tion of distinct tweets and users by years. It is necessary to
point out that the study period used here was constrained by
the available data at hand, and we will come to this issue in
the Discussion section. Nonetheless, the Twitter dataset
used here still contains a considerable long period for inves-
tigating changes in public attention over time in the subse-
quent analysis.

In order to understand how public attention compares to
reported vaccination rates, we collected actual vaccination
rates for four distinct vaccines, namely COVID-19,
Influenza, HPV, and MMR vaccines, from the United
States Centers for Disease Control and Prevention (CDC).
More specifically, the COVID-19 vaccination dataset58

records the total number of people with at least one dose
based on the jurisdiction where a recipient lives from Jan
2021 to July 2021. The influenza vaccination dataset59 con-
sists of estimated seasonal influenza vaccination coverage
from 2015 to May 2021, which is measured based on the
National Immunization Survey-Flue (NIS-Flu) and the
Behavioral Risk Factor Surveillance System (BRFSS). It
is necessary to mention that the influenza vaccination
coverage collected was measured based on different socio-
demographic groups (e.g., “> 6 Months”, “5–12 Years”,
“13–17 Years”, “> 18 Years”), but they all have a very
similar pattern (see Appendix A1). As we are focusing on
vaccination rates and people’s choices to become vacci-
nated at large, the age of legal majority (i.e., 18 years)
was selected to represent the decision-making of whether
to be vaccinated or not. Turning to MMR, the vaccination
dataset documents the estimated MMR vaccination
among adolescents from 2015 to 2021, and the HPV
dataset records estimated HPV vaccination among adoles-
cents with individuals at least one dose from 2016 to
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2021.60 Table 2 gives a summary of all datasets
aforementioned.

Sentiment analysis and emotion detection

To extract information about the population’s attitude
towards vaccination from the collected Twitter data
corpus, sentiment analysis was performed. In the context
of this paper, we refer to sentiment analysis as Natural
Language Processing (NLP) based techniques that focus
on unraveling individuals’ opinions, attitudes, or emotions
from text messages regarding to a specific topic—in our
case, the online social media discussion about vaccin-
ation.61 In this study, we aim to classify tweets into one
of three classes—“Pro-vaccine,” “Neutral,” and
“Anti-vaccine”, and do so by integrating supervised
machine learning with word embedding techniques.

Ground Truth Collection In order to build a supervised
machine learning model (i.e., a classifier), the first and most
critical step is to collect labeled samples (referred to as
“ground truth” in the remainder of the paper), which
serve as the foundation for the model training. For this
purpose, we used a dynamic online survey approach pro-
posed by Chen and Crooks62 for hand-labeling tweets.
More specifically, each tweet in a survey is manually
assigned a label from three possible labels: “pro-vaccine,”
“neutral,” and “anti-vaccine.” Table 3 lists examples of
manually labeled tweets of the three types of sentiment.
Each generated survey contained a sample of 100 tweets
randomly drawn from a sample pool that consisted of
15,000 randomly selected tweets from our dataset. Both
random samples were generated using a random uniform
distribution. The advantage of this design is that it allows
some overlap across different survey instances while enab-
ling us to perform quality assessment of the labeled tweets.
The generated surveys were sent to volunteers for labeling,
resulting in 96 responses and a total number of 5959 unique
hand-labeled tweets. We then conducted a reliability meas-
urement on these labeled tweets to examine the internal
consistency and the inter-rater reliability. Specifically, we
measured the percentage of agreement of tweets that were
duplicated between each participant and only kept those
tweets with higher than 50% agreement of themselves.
We then used Cohen’s kappa statistic63 to examine the
inter-rater reliability between participants and the research-
ers and excluded participants with scores below 0.4 (i.e.,
moderate agreement). This resulted in a set of 2032 reliable
hand-labeled tweets and we further expanded this corpus
with other tweets from the same data corpus using the
same labeling procedure64 to increase sample size while
preserving the sample quality. As such, we got a total of
7086 hand-labeled tweets as the ground truth for the subse-
quent analysis and modeling.

Figure 1. The workflow for comparing between online social media discussion and vaccination rates.

Table 1. The distribution of distinct tweets and users by years from
2015 to 2021.

Year Unique tweets Unique users

2015 597,488 (5.12%) 166,985 (5.02%)

2016 477,445 (4.09%) 146,958 (4.42%)

2017 460,788 (3.95%) 150,203 (4.52%)

2018 375,970 (3.22%) 153,637 (4.62%)

2019 887,571 (7.60%) 295,239 (8.88%)

2020 3,285,936 (28.15%) 1,090,222 (32.77%)

2021 5,589,713 (47.88%) 1,323,331 (39.78%)
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Preprocessing The ground truth data was then cleaned
by a sequence of preprocessing tasks to remove noise in
the texts that are ineffective for the classification process.
As in other studies (e.g.,65), we first removed characters
that are consecutively duplicated and deleted Unicode. In
addition, we also removed hashtags and URLs. Second,
we replaced emojis with the corresponding emotion by utiliz-
ing the “demoji” package.65 However, unlike other studies
(e.g.,64), we did not remove stop words or punctuation for
each tweet during the preprocessing step. Our rationale
for not doing so is that it has been shown that the removal
of these elements can influence the performance of the senti-
ment analysis based on the nature of tweets, such as ironic
words or phrases encountered in them.66,67

Classifier Training and Machine Labeling After pre-
processing the labeled tweets, we turned them into
machine-readable features before applying machine learn-
ing models. We did so by converting words into a vector
representation based on word embedding techniques,68

considering its advantage in capturing non-trivial relation-
ships among words while preserving their contexts. To
operationalize this, we utilized a 300-dimensional
word2vec embeddings trained on Google News69 to
compute the numeric representation of words for every
single tweet, which were then used as the input in different
machine learning algorithms for classification. Specifically,
we first split the hand-labeled tweets as discussed in the
Ground Truth Collection section to training and test sets
based on stratified sampling. The training set was used
for model training on five classifiers, including Naive
Bayes, support vector machine (SVM), logistic regression,
and extreme gradient boosting (XGBoost), followed by
fivefold cross-validation and hyperparameter tuning. The
test set was then used for comparing model performance.
In the end, the XGBoost classifier, which demonstrated

the best performance (accuracy = 0.74), was selected to
label the sentiments of all tweets in the rest data corpus.
The performance metrics of the XGBoost classifier can be
found in Table 4.

Emotion Detection In addition to sentiment analysis, we
also applied the National Research Council (NRC)
Word-Emotion Association Lexicon (aka EmoLex),70,71

which consists of more than 10k word-sense pairs, to
detect eight emotions (i.e., anger, fear, anticipation, trust,

Table 2. Description of datasets used in the study.

Dataset Time periods Description Source

Twitter Jan 2015–Jul
2021

Vaccine-related tweets sent in the United States. Geosocial Gauge
system (56)

COVID-19
vaccination

Jan 2021–Jul
2021

Total number of people with at least one dose based on the jurisdiction
where the recipient lives.

Data.CDC.gov (58)

Influenza
vaccination

Jul 2015–May
2021

Estimated seasonal influenza vaccination coverage with people who are
over 18 years old

Data.CDC.gov (59)

MMRa vaccination Jan 2015–Dec
2021

Estimated MMR vaccination coverage among adolescents Data.CDC.gov (60)

HPVb vaccination Jan 2016–Dec
2021

Estimated MMR vaccination coverage among adolescents with at least
one dose

Data.CDC.gov (60)

aMMR refers to Measles, Mumps, and Rubella; b HPV refers to Human Papillomavirus.

Table 3. Examples of hand-labeled tweets of each type of
sentiment.

Sentiment Examples

Pro-vaccine This baby got measles because of anti-vaxers.

Neutral Amid measles concerns, debater ages in Texas
over vaccination requirements.

Anti-vaccine MMR vaccine failure covers up disclosure more
evidence of MMR vaccine failure: university
Mumps outbreak among vaccinated.

Table 4. Performance metrics of the XGBoost classifier.

Anti-vaccine Neutral Pro-vaccine

Precision 0.78 0.71 0.74

Recall 0.61 0.59 0.87

F1 Score 0.69 0.65 0.80

Accuracy 0.74
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Table 5. Number of users by quarter in four different vaccination discussions on twitter from 2015 to 2021.

Year Quarter COVID–19 Influenza (Flu) MMR HPV

2015 Q1 0.0% (0) 15.7% (5413) 69.6% (24,035) 14.8% (5102)

2015 Q2 0.0% (0) 25.5% (5926) 47.7% (11,098) 26.8% (6237)

2015 Q3 0.0% (0) 53.2% (11,859) 18.4% (4109) 28.4% (6342)

2015 Q4 0.0% (0) 74.2% (22,667) 8.7% (2656) 17.1% (5232)

2016 Q1 0.0% (0) 34.9% (7643) 16.5% (3608) 48.6% (10,652)

2016 Q2 0.0% (0) 42.0% (6142) 26.8% (3929) 31.2% (4566)

2016 Q3 0.0% (0) 45.7% (9188) 12.4% (2492) 41.9% (8416)

2016 Q4 0.0% (0) 63.8% (13,486) 11.4% (2418) 24.7% (5226)

2017 Q1 0.0% (0) 41.8% (7355) 27.1% (4770) 31.1% (5468)

2017 Q2 0.0% (0) 26.8% (5677) 45.5% (9636) 27.7% (5879)

2017 Q3 0.0% (0) 50.3% (8590) 18.2% (3111) 31.5% (5387)

2017 Q4 0.0% (0) 73.4% (20,787) 10.0% (2840) 16.6% (4701)

2018 Q1 0.0% (0) 81.3% (14,690) 5.7% (1035) 12.9% (2338)

2018 Q2 0.0% (0) 39.0% (3057) 14.9% (1167) 46.1% (3611)

2018 Q3 0.0% (0) 44.9% (10,671) 26.2% (6233) 28.8% (6851)

2018 Q4 0.0% (0) 66.8% (28,262) 15.3% (6460) 18.0% (7598)

2019 Q1 0.0% (0) 25.3% (14,833) 62.1% (36,438) 12.6% (7375)

2019 Q2 0.0% (0) 12.1% (7260) 74.8% (45,050) 13.1% (7892)

2019 Q3 0.0% (0) 43.1% (13,461) 32.7% (10,202) 24.2% (7537)

2019 Q4 0.0% (0) 59.6% (28,851) 26.6% (12,884) 13.8% (6661)

2020 Q1 73.5% (135,566) 19.1% (35,224) 3.5% (6480) 3.8% (7061)

2020 Q2 86.5% (301,884) 11.5% (40,283) 1.3% (4556) 0.7% (2432)

2020 Q3 88.1%
(8346)

10.1% (961) 1.0%
(96)

0.8%
(75)

2020 Q4 95.1% (681,480) 4.4% (31,297) 0.4% (2690) 0.2% (1398)

2021 Q1 97.4% (1,061,667) 2.1% (23,030) 0.2% (2551) 0.2% (2651)

2021 Q2 96.3% (644,512) 3.0% (19,862) 0.5% (3045) 0.5% (2022)

2021 Q3 96.1% (36,797) 3.2% (1211) 0.4% (161) 0.3% (127)
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surprise, sadness, joy, and disgust) for the four vaccination
themes, and we do so for each year. As such, we are able to
compare how people’s emotions with respect to different

vaccines have changed over time, which can help us under-
stand the underlying mechanism of how social media is
shaping and influencing people’s emotions.

Figure 3. The comparison between different vaccine discussions on Twitter and growth rate of the actual vaccination rate collected from
the CDC (a) COVID-19; (b) Influenza; (c) HPV; (d) MMR.

Figure 2. The quarterly distribution of percentage of users by different vaccine discussion from 2015 to 2021.

Chen et al. 7



Online/offline comparison

After all the tweets were labeled, we separated the tweets
into the four different vaccination themes aforementioned
(i.e., COVID-19, Influenza, MMR, and HPV).
Specifically, we used the keyword “coronavirus” and its
derivatives, such as “covid,” “covvax,” “covvaax,” to
extract tweets that are related to COVID-19 vaccination
theme. Similarly, we utilized keywords of “influenza,”
“mmr,” “hpv” and their derivatives to extract tweets
related to Influenza, MMR, and HPV vaccination themes,
separately. It is crucial to point out that although some
tweets may consist of multiple themes, we only focused
on tweets that had one specific theme discussed. The
reason for this relatively stringent condition is to prevent
inferring type I errors in sentiment classification. In this
regard, tweets that had more than one vaccination theme
mentioned were removed from the corpus, resulting in a
total of 3,720,721 unique tweets for subsequent analysis
and comparison. In this form, the distinct vaccination
themes allowed us to make a cross-comparison of public
engagement and attention as well as the corresponding
vaccine sentiments among different themes in social media.

To quantify changes in the activity levels of vaccination
discussions on Twitter, we used a quarterly time interval as
the analysis unit and measured the relative percentage of

users who participated in each vaccination discussion.
Subsequently, we compared trends in the Twitter traffic
of the four vaccination discussions to trends in the corre-
sponding vaccination rates over time. In doing so, we are
able to better understand how public engagement and atten-
tion to different vaccination-related themes in social media
compare to actual vaccination rates.

Results and discussion
Table 5 displays both absolute value (i.e., number of unique
users involved in each vaccination discussion) and relative
value (i.e., percentage of users involved in each vaccination
discussion relative to total users for the quarter) while
Figure 2 shows the quarterly percentage of users from
2015 to 2021. Generally speaking, these show how the
public’s attention, while being finite due to the zero-sum
theory,39 switches from one vaccination to another over
time. For example, in the first half of 2015, the vaccination
conversation about the MMR dominated the online discus-
sion which can be attributed to the measles outbreaks in
California,57 but the percentage of users gradually declined
in the second half of 2015 as the public’s attention switched
to focusing largely on influenza during the winter period.
More recently, they show the substantial redirection of

Figure 4. The distribution of absolute influenza vaccination rate by month recorded by the CDC (Note: there is no data available for June).
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public attention towards the COVID-19 vaccine in 2020.
Since then, the dominance of the COVID-19 vaccine dis-
cussion has drawn the most public attention and has main-
tained its dominance until the end of the study period.
Specifically, the number of users of who posted
COVID-19 vaccine tweets accounted for 73.5% in 2020
Q1 (see red highlights in Table 5) and gradually increased
afterward, reaching its highest point in 2021 Q1 (97.4%).
Although there was a subtle decrease (around 1%) after
2021 Q1, the COVID-19 vaccine discussion overshadows
other vaccine discussions. One possible explanation for
this finding is that generally, people tend to be more inter-
ested in recent happenings that are more relevant to them
and that the uncertainty of new things stimulates their curi-
osity, prompting them to engage in the discussion of more
contemporary issues in order to gain an understanding of
the current situation. This observed online behavior is in
line with the agenda-setting and the zero-sum theories,
which state that the media has the capability in shaping
people’s agenda or priority of issues, that public attention
is finite, and that the public is generally uncomfortable in
new settings until they achieve some degree of orientation
to their new surroundings.72

Another noteworthy finding is that the influenza vaccine
discussion demonstrates a cyclical pattern, with peaks
generally occurring during the winter flu seasons before
the COVID-19 outbreak (see blue highlights in Table 5).
Although the phenomenon diminished significantly with
the rise of the COVID-19 vaccine discussion, we still
observed a small peak of flu vaccine discussion during
winter flu season in 2020, while the public’s attention to
other vaccines has diminished (see Figure 2). This sug-
gests a potential association between COVID-19 and flu
vaccines that may result from the perceived similarity
between the two illnesses (e.g.,73). For example, both
COVID-19 and flu viruses are contagious respiratory ill-
nesses that can spread from person to person, and people
who have COVID-19 or flu usually have several similar
symptoms.74,75 Such an association between COVID-19
and influenza was also recently reported by Bruine de
Bruin et al.76 across demographic groups in the United
States.

The second part of our analysis focused on examining
the relationship between the online vaccination debates
and the public’s actual vaccination behavior over time. To
that end, we compared trends in Twitter traffic for the

Figure 5. Distribution of different vaccine sentiments by quarter (a) COVID-19; (b) Influenza; (c) MMR; (d) HPV.
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Figure 6. The changes of emotion over time for different vaccines.
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four different vaccines with trends in the actual vaccination
rates. Due to the limited time granularity of the CDC data,
we measured the monthly vaccination rates for COVID-19
and influenza vaccines and annual rates for MMR and HPV
vaccines, respectively. To mitigate the impact of the
size-related issue (e.g., unequal distributed population) on
representing the Twitter traffic, we calculated the odds
ratio of users by normalizing the corresponding Twitter
population (see Eq. 1).

ORij =
Nvaccine theme i in time j

Nvaccine theme i in entire study period

Ntime j

Nentire study period

(1)

where N refers to the number of users, time i refers to the ith

month or year according to the corresponding vaccine
theme j.

Figure 3 displays the temporal distribution of scaled
odds ratio of vaccine discussion online (red color) as well
as the scaled growth rate of actual vaccination offline
(blue color) for the four different vaccines. Figure 3 also
shows how the HPV and MMR vaccine rates are rather
volatile at the yearly time granularity, without any apparent
patterns in their trends in Twitter and actual vaccination
rates. Nonetheless, we do observe a periodic change in
the influenza vaccine, where the peak rate of flu vaccina-
tions emerges close to the peak of the flu vaccine discussion
on Twitter, and the peak regularly appeared during the
winter period (i.e., flu season) (see Figure 3(b)).
Exploring this phenomenon more, we compared the abso-
lute flu vaccination rate at each month and found that
more people took the flu vaccine during the COVID-19
pandemic (flu vaccination rate increased from around
40% to 50% after the outbreak) as shown in Figure 4.
This finding coincides with the work of Roman et al.,77

indicating that the prominence of an issue (here referring
to COVID-19 vaccine discussion) on social media has the
potential to affect the public’s behavior on another issue
(here refers to the uptake of flu vaccine) due to the public
associating the two themes. This is also in line with the
concept of the Network Agenda Setting introduced by
Guo and McCombs,38 who pointed out the role of cognitive
components in the process of representing reality. For
instance, with respect to COVID-19 (i.e., the reality) the
cognitive components could be considered as information
that describes the characteristics of the virus (e.g., the symp-
toms) or the vaccine. To this end, the more frequently two
issues are associated within the media, the more likely they
are to be perceived as interdependent on the public agenda.
Moreover, because COVID-19 and influenza share certain
aforementioned similarities, the public’s uptake of influenza
vaccine (as shown in Figure 4) was influenced by online
COVID-19 vaccine discussion, whereas the same phenom-
enon was not observed in MMR or HPV vaccines.

To further help understand the underlying mechanism of
how social media is shaping and influencing people’s per-
ception and emotion towards vaccination, we classified
users’ attitudes into three sentiments, namely pro-vaccine,
neutral and anti-vaccine, and monitored the shifts of
emotion with respect to different vaccines over time.
Figure 5 presents the distribution of these sentiments with
respect to the four different vaccines on a quarterly basis.
The results show that in general, a positive vaccine senti-
ment is dominant, and the pro-vaccine users grow faster
than the anti-vaccine group, indicating that the online
vaccine discussion has the potential to enhance public
awareness of the importance of vaccination. Digging
more into this, Figure 6 displays the changes in people’s
emotions regarding the four vaccines over time. This
figure clearly demonstrates the gradual shift from influenza,
MMR, and HPV to COVID-19 after 2019 (the COVID-19
outbreak). Moreover, besides the feelings of fear, anger,
and sadness concerning the COVID-19 vaccine, we
observed more positive emotions in the online discussion,
such as anticipation and trust. This again implies the posi-
tive nature of the social media discourse, and by extension
the public awareness, of vaccination campaigns.

It is also interesting to examine the relationship between
the public’s online attention to COVID-19 and influenza, as
shown in Figure 2, and the actual influenza vaccination
rates as shown in Figure 4. Specifically, while most
online public attention was diverted toward the debate
around COVID-19, and despite a mental association
between COVID-19 and influenza,76 there was a relatively
moderate increase in the influenza vaccination rates in 2020
and 2021 (10%) which is consistent with the variations
observed between years prior to COVID-19 (e.g., when
comparing 2017–2018 and 2018–2019). A possible explan-
ation for this is the existence of a psychological omission
bias in the decision whether to vaccinate for influenza or
not, i.e., a preference toward inaction that may result in
harm greater than the potential harm that may be caused
by action.78,79 More recently, however, it was suggested
that the choice between action and inaction is more
nuanced and involves a judgment of how effective taking
action might be when faced with an undesirable situation.80

Conclusion
The unprecedented COVID-19 pandemic has taken the dis-
cussion around vaccinations to new heights in the modern
information environment, where dissemination and com-
munication of information have become much more con-
venient and rapid than ever before. This environment,
along with the finite nature of human attention creates a per-
petual challenge of choosing how attention should be dis-
tributed across several competing vaccination themes (i.e.,
zero-sum dynamics).
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In this context, we have proposed a way to study and
compare the public vaccination discussion and actual
vaccination-related behaviors based on social media data.
We did so by analyzing and monitoring the ebb and flow
of online debates regarding four prominent vaccines (i.e.,
COVID-19, Influenza, MMR, and HPV vaccines) on
Twitter in the United States from 2015 to 2021, and com-
pared them with actual vaccination rates from governmental
reports, which are considered as “real-world” vaccination
related behaviors. Moreover, in order to uncover the under-
lying mechanism of social media in shaping and influencing
people’s vaccination attitude and emotions, sentiment ana-
lysis based on word-embedding techniques and machine
learning algorithms, as well as emotion detection based
on the NRCWord-Emotion Association Lexicon were con-
ducted to classify online users’ attitudes and emotions
towards different vaccinations over time. In doing so, we
were able to capture how the public’s attention maps to
various vaccination-related themes and how such attention
relates to the actual vaccination behaviors.

Using the United States as a case study, we found
COVID-19 vaccination drove a sharp drop in online com-
munication about other vaccination topics (i.e., Influenza,
MMR, and HPV). In other words, the COVID-19 vaccin-
ation debate surged in the wake of the COVID-19 outbreak,
reallocating attention from other vaccination-related
themes. However, a more intriguing insight is that we still
can observe an associated conversation about influenza
under the dominance of COVID-19 vaccination debate,
while other vaccination discussions have almost dimin-
ished. Part of the reason could be the underlying similarity
(e.g., similar symptoms) between the COVID-19 and influ-
enza. Furthermore, our results show that positive vaccine
sentiment is dominant across different vaccination themes
throughout the years, implying the positive nature of
social media and the public awareness of vaccination cam-
paigns. Our findings also highlight the discrepancy between
the online debate as captured on Twitter and the actual vac-
cination rates. Specifically, while more recently most atten-
tion was given to COVID-19 over influenza, the actual
influenza vaccination rates remain relatively constant.
This apparent discrepancy can be explained, at least in
part, by the role omission bias plays in people’s decision
to vaccinate or not.

As the modern information landscape is highly complex
and diverse, it is important to consider the findings
described here in that context. While our study focused
on Twitter as a representative of the public discussion
around vaccinations, it is but one of several prominent
social media platforms on which the vaccination debate is
carried on. Thus, additional research is needed in order to
examine if, and if so how our findings would compare
with a similar analysis on other social media platforms.
Building on this, this study focused on the United States,
and from this point of view, future work is needed on

applying the proposed method to other countries. In other
words, the methodology is informed by the nature of the
data and the academic context, so is contingent by defin-
ition. The methodology proposed may then need to adjust-
ment for studying other countries. Such comparative
research using different data sources or different case
studies, however, does not currently exist to the authors’
knowledge. At a more local scale, another possible exten-
sion of this work could focus on a more nuanced analysis
to explore if there are any differences across different geo-
graphical regions. This expansion could be further comple-
mented by considering changes in scientific evidence,
guidelines, systemic features, such as access, debates
around possible mandates, vaccine shortages, to name a
few, to improve the analysis accuracy. Another area of
further inquiry relates to the fact that while our study only
used the vaccination rate as a simple proxy for people’s vac-
cination behavior, it should be recognized that vaccination
rates are the product of many factors, such as demographic
characteristics, socio-economic status, and accessibility to
health resources. Additional research is therefore needed
in order to examine the relationships between these
factors and the public’s overall vaccination behavior. In
terms of analysis, tweets that contained more than one
vaccine were removed as mentioned in the Methodology
to prevent inferring type I error in sentiment classification.
However, in future work more analysis is needed to better
understand such kinds of tweets, for instance using aspect
extraction to identify opinion targets in texts. Moreover,
the emotion measures in this study may reduce our under-
standing of specific contents, such as discussion of more
marginal debates both nationally and globally. Therefore,
more concrete sentiment analysis needs to be considered
in future work, for example, the debate regarding vaccine
equity, and the common challenge of sarcasm.81

Nonetheless, analyzing and comparing the four different
online vaccination debates as well as linking observed find-
ings to existing theories in mass communication (e.g.,
agenda-setting and zero-sum theory) and psychology
(e.g., omission bias) provide insightful information for
understanding the underlying engagement and attention
competition among different vaccination themes. The
approach presented in this paper takes advantage of the
recent availability of social media data, which enables, for
the first time, to examine the vaccination debate and its rela-
tion to actual health outcomes over long periods of time.
With the increased availability of such data sources, the
method presented here could be expanded to assess the
public’s attention to other health-related issues and
provide a basis for quantifying the effectiveness of health
promotion policies.
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