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A B S T R A C T

During the summer of 2018, a measles outbreak hit Europe, resulting in infections and deaths. Re-
ports link the outbreak to increasing vaccine hesitancy fueled partly by anti-vaccine information
propagated on social media. This study examines childhood vaccination themes on Twitter using
semantic network analysis. Results showed the most prominent theme was HPV vaccination as a
disease preventative. The MMR vaccine autism link was the second biggest theme, followed by
measles outbreak rates. These themes reflect public opinions on popular vaccine topics and cur-
rent issues. Results suggest social media may be an effective place to promote childhood vaccines.

1. Introduction

The recent resurgence of measles across both Europe and the United States (U.S.) is spurring a renewed discussion over childhood
vaccination rates (Sun, 2019). In the first six months of 2018, measles outbreaks in Europe had taken 37 lives and infected over
41,000 people (WHO, 2018), hitting a record high over recent decades. The U.S. also saw an increase in measles with 372 infections
in the latter half of 2018 with cases mostly in New York City, New York State, and New Jersey (CDC, 2019). Experts attributed these
outbreaks to under-vaccinated children in both regions (Selim, 2019). Although children’s immunization coverage remains fairly high
and stable in the U.S. (Hill et al., 2019), there are pockets with lower than optimal vaccine rates leading to lowered herd immunity.
Anti-vaccine sentiment and concerns over childhood vaccine safety have helped facilitate growing vaccine hesitancy online (Kata,
2010). The recent outbreaks, however, have exposed not only the problem of lowered measles, mumps, and rubella (MMR) vaccina-
tion rates but also the vulnerability of other childhood vaccinations as well, due to a false sense of security over vaccine-preventable
diseases, vaccine hesitancy, and wide spread anti-vaccine sentiment online (Larson, 2018; Temoka, 2013).

Public perception of the severity and susceptibility of vaccine-preventable diseases has declined (Kata, 2010), while public con-
cern about the adverse effects of childhood vaccination has increased (Temoka, 2013). Understandably, many people have trouble
recognizing the benefits of vaccination since they have not had first-hand knowledge of these vaccine-preventable diseases (Glanz et
al., 2011), drastically shifting public concern from disease prevention to vaccine safety (Freed et al., 2010). Past controversies about
vaccine safety, specifically, an association between vaccines and rising autism rates, have further fueled the shift in public focus
(Schwartz and Caplan, 2011). While the theory linking vaccines to autism has been discredited (Godlee et al., 2011; Kirkland, 2012),
a recent Pew Research Center poll found that 43% of Americans believe that the MMR vaccine has medium to high risks to health
(Funk et al., 2017).
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Increased concern about the real or perceived risks of vaccination has created a rise in vaccine hesitancy in the developed world
(Bloom et al., 2014). Vaccine hesitancy describes the extent of vaccine acceptance that includes the delay or refusal to vaccinate
(Dubé et al., 2016). These concerns extend to vaccination decisions for children. Vaccine hesitant parents are often motivated to seek
information from alternative sources online (Betsch, 2011). However, online vaccine information is often inaccurate and incomplete
(Broniatowski et al., 2018; Guidry et al., 2015; Zimmerman et al., 2005), tied to vaccine conspiracy beliefs (Featherstone et al., 2019),
and comprised of anti-vaccination rhetoric (Kata, 2010). For example, a review of Twitter vaccine posts finds the majority of posts
to be vaccine-hesitant (Deiner et al., 2017). Negative vaccine information is also more widely circulated online, regardless of vaccine
search terms used (Ruiz and Bell, 2014). An assessment of vaccine tweets found that tweets with negative sentiment attracted more
attention than positive tweets and were more likely to be re-tweeted even though the number of negative vaccine tweets was much
smaller (Blankenship et al., 2018; Massey et al., 2016; Schmidt et al., 2018).

An overview of vaccine discussions online found vaccine information to largely be negative in sentiment (Kata, 2010). Negative
vaccine sentiment varied across social media platforms as 38% of Facebook posts were anti-vaccine and 52% for tweets (Deiner et al.,
2019a). Anti-vaccine messages across social media platforms focused on the dangers of childhood vaccination with a concentration
on conspiracy theories, the lack of free choice in vaccine decision-making for their children, and personal narratives about vaccine
harms. For example, a widely circulated narrative is that vaccination recommendations serve as a means for big-pharma, often in
conjunction with the government, to increase profits at the expense of children’s health and safety (Guidry et al., 2015). On the other
hand, online pro-vaccine messages emphasized the effectiveness of vaccines in protecting children from diseases (Featherstone et al.,
2020; Love et al., 2013; Ruiz and Barnett, 2015) and focused on presenting data and statistics rather than personal narratives (Ruiz
and Bell, 2014).

Anti-vaccine information on the internet and social media represents a threat to childhood vaccination rates (Larson, 2018) be-
cause research has shown that exposure to such information can negatively influence vaccine beliefs, attitudes, and vaccination in-
tentions among parents (Betsch et al., 2010; Nan and Madden, 2012). Therefore, studying how childhood vaccination is portrayed on
the internet and social media, in particular, can help understand the information to which people are exposed. Vaccine discussion on-
line focuses on childhood vaccination (Getman et al., 2018). The top five vaccines discussed online are MMR, human papillomavirus
(HPV), tetanus, diphtheria, and pertussis (Tdap), influenza, and polio (Kang et al., 2017; Love et al., 2013). We selected the top three
childhood vaccination topics: MMR, HPV, and Tdap for assessment. We chose to focus on these vaccines for the following reasons: (1)
the MMR vaccine and its link to Autism continues to be a highly controversial topic (Xu, 2019) and its lowered coverage in certain
communities contributed to the measles outbreak in 2018 (Selim, 2019); (2) the HPV vaccine was newly introduced in 2006 (Madden
et al., 2012) and has had relatively low vaccination coverage (CDC, 2018); (3) the Tdap vaccine continues to have lower vaccination
coverage among adolescents because of concerns over its effectiveness (Acosta et al., 2015).

Twitter was selected to assess these three vaccines because it is a popular social media platform with 328 million users world-
wide (Clement, 2019) and an even larger global reach due to its content coverage on traditional media (Graham, 2020). Of those
users, 42% visit Twitter every day (Greenwood et al., 2016) and Twitter allows users to follow any user. Twitter also provides com-
prehensiveness data and allows for accurate data retrieval. Posts on Twitter are public and do not require private access (e.g. as do
Facebook groups or subreddits), which allows researchers to obtain complete data. Also, Twitter’s Premium API provides full access
to the entire database of tweets which can be sorted by specified keywords and time ranges. Furthermore, vaccination is frequently
mentioned on Twitter (Blankenship et al., 2018), with both pro- and anti-vaccine information discussed on the platform (Deiner et
al., 2019a). Therefore, a better understanding of the dominant discourse about childhood vaccination on Twitter could provide criti-
cal information for public health professionals on how to better promote vaccination.

2. Themes of vaccine discourse on social media

Misinformation about childhood vaccines circulating on social media poses a threat to public health (Kata, 2010). Research has
shown that exposure to vaccine information on social media resulted in lowered trust in vaccinations (Nan and Madden, 2012) and
increased vaccine hesitancy in some populations (Dube et al., 2015). Furthermore, a large number of people from diverse demo-
graphics seek out vaccine information from social media and may use this information to help make vaccination decisions (Dredze et
al., 2016). These studies raised the importance of assessing vaccine discourse on social media so that health professionals can better
understand and address public opinions and concerns over childhood vaccination.

Broniatowski et al. (2018) applied thematic analysis to study tweets about vaccination. They discovered that trolls and bots am-
plified anti-vaccine information on Twitter through repeated anti-vaccine tweets. However, this study did not differentiate between
vaccine topics and only analyzed around 10,000 tweets. Through this study, we sought to broaden the scope of assessment by in-
creasing the number of tweets analyzed and by evaluating tweets during an outbreak using semantic network analysis (SNA).

Semantic networks have been used to deduce the themes used in texts. SNA describes the relationship between related concepts
through the analysis of word co-occurrence. Deriving from the cognitive paradigm and the linguistic theory of frame semantics (Fill-
more, 1982), SNA can highlight the most salient information in a body of text by assessing the networks that emerge. Previous studies
have used this approach with other socio-scientific subjects, such as the representation of the HPV vaccine online (Ruiz and Barnett,
2015), genetically engineered foods (Jiang et al., 2018), and Twitter posts during an emerging outbreak (Tang et al., 2018). A bet-
ter understanding of the eco-system for childhood vaccine themes on social media can help vaccine promotion by targeting what
information social media discourse lacks. Our study seeks to understand online discourse for the top three most widely discussed
childhood vaccine topics to evaluate similarities and differences in public perceptions.
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Specifically, we assess how childhood vaccination is presented on Twitter from July to October 2018. This timeframe includes a
period before, during, and after a measles outbreak in Europe. An assessment of tweets that include this time frame could provide
important information about what themes emerge about vaccines around an outbreak. Although the outbreak was in Europe, media
coverage was extensive in the U.S. Through SNA, childhood vaccine themes on Twitter can be evaluated to determine which concepts
are interconnected. For example, does the word autism frequently co-occur with the word vaccine? The sentiment (negative, neutral,
or positive) of concepts within the specific structure(s) can also be assessed.

We sought to assess the discourse about three childhood vaccines on Twitter before, during, and after a measles outbreak. The
following research questions were posed:
RQ1: What central themes about childhood vaccines emerge on Twitter?
RQ2: What distinct concepts appear in the Twitter discourse on childhood vaccination?
RQ3: Is the sentiment of tweets negative, neutral, or positive?

3. Methods

This study employed computer-based SNA to evaluate Twitter content about childhood vaccinations from July 1, 2018 to October
15, 2018. This time period includes the measles outbreak in Europe and when the U.S. saw pockets with spikes in measles infections.
It also includes the beginning of the U.S. school year when parents prepare to send kids to school. Public schools in the U.S. require
proof of vaccination before enrollment and parents are likely faced with deciding whether or not to vaccinate during this period.
Therefore, we believe this time frame could be critical for U.S. Twitter users to discuss childhood vaccination.

SNA allows for computer-based analysis of natural text (Rice and Danowski, 1993) and reveals the position and importance of
words in relation to other words within a network based on word frequency and centrality measures (Freeman, 1979; Wasserman
and Faust, 1994). Emergent clusters of potential meaning, or themes, are identified by analyzing relations among words based on
word co-occurrence instead of frequencies of isolated words (Blondel et al., 2008). In this case, the co-occurrence of words is within
a five-word window which is in line with established practice (Ruiz and Barnett, 2015). SNA provides an opportunity to uncover
meanings associated with large datasets (Carley, 1993; Doerfel, 1998).

3.1. Data collection and analysis

Raw data were collected from Twitter’s Premium API using Boolean search methods with keywords “vaccine”, “vaccination”,
“vax”, “shot”, “immunization”, “immunisation” in combination with childhood vaccine topics “MMR”, “HPV”, and “Tdap”. The entire
archive of English language tweets within a 15-week period was collected. Retweets and quotes within the established framework
were also included in the dataset. Retweets are marked with “RT”, meaning that the original tweet was directly shared by another
user (not the original poster). Quotes are similar to retweets in that a user is sharing someone else’s post but with added commentary
from the person retweeting (Xiong et al., 2019). Tweets were restricted to users originating from U.S.-based locations. Both Python
and R (Version 3.4.4) were used to organize the data. Using Python, tweet data was saved as text files in the Twitter API JSON for-
mat, then imported into R using the jsonlite (Ooms, 2014) package. Tweet text data was cleaned in R using both tm (Feinerer et al.,
2008) and qdap (Rinker, 2019) packages, through which we removed URLs, converted to words to lowercase, expanded contractions,
removed punctuation, and stripped whitespace. This tweet data was then saved into individual text files for further processing.

Preprocessing procedures were conducted through ConText (Diesner, 2014), which provides a method for organizing large bod-
ies of text into meaningful groupings of concepts. First, syntactically functional words (articles, conjunctions, prepositions) were re-
moved and different forms of the same word (e.g. signify and signifies) were stemmed. For this analysis, emojis were removed from
the analysis because they have been found only to slightly improve the expressivity and overall sentiment scores for some post types
(Ayvaz and Shiha, 2017). The remaining text was analyzed for word frequency and word sentiment. Words that occurred with fre-
quencies above the mean were included in the analysis.

Next, semantic matrices were generated using the edited texts based on word co-occurrence. The basic network data set is an
n × n matrix S, where n equals the number of nodes (words) in the analysis and Sij is the measured relationship between nodes i and
j with the node serving as the unit of analysis. Here, the nodes are identified based on the weighted frequencies of the words. The
measurement of word co-occurrence is the standard for creating links between words in a semantic network. Miller (1956) asserted
that people can only process five to nine meaningful bits of information at a time; however, more recent studies suggest that this
number may range from three to five (Cowan, 2016). Therefore, links were created for words that occurred within five words of one
another within each tweet. The frequencies of word co-occurrence were then calculated and ranked.

The semantic networks were created using the network visualization software, Gephi (Bastian et al., 2009). The top 75 words
by frequency were included in the network visualization. After importing the data, the network visualization was adjusted using the
ForceAtlas2 layout (Jacomy et al., 2014) to examine the spatialization between words. The size of the word label indicated how fre-
quently the word occurred. The thickness of each link represented the weight or number of co-occurrence between two words. The
more closely related the words were, the shorter the link distance. Both retweets and quotes contribute to hypertextuality in which
certain discourses are amplified in semantic network analysis because the repetition of the same tweets will increase the frequency
of certain keywords and the relations between them (Wonneberger et al., 2020).

3



UN
CO

RR
EC

TE
D

PR
OO

F

J.D. Featherstone et al. Telematics and Informatics xxx (xxxx) xxx

Modularity analysis and network measures were also conducted using Gephi (Bastian et al., 2009). Modularity analysis is a com-
munity detection method that reveals the different clusters within a network (Blondel et al., 2008). Each community is indicated by
individual color. For example, if there are four different colors in the network visualization, that signifies the presence of four com-
munities, or “clusters” in the corresponding network. Network measures, such as network density, degree, and eigenvector centrality,
were also calculated. These indicators provide a depiction of how central and how connected words are within the network. Network
density is the number of connections divided by the total number of potential connections in the network (n*(n−1)/2) and can range
from 0 to 1.0. Network density refers to how intertwined the word concepts are, indicating how complex discussions are surrounding
an issue. Degree is the number of links connecting each word. Eigenvector centrality indicates a word’s relative influence or how cen-
tral it is in the network. All measures of centrality were normalized, such that degree is the values divided by the maximum possible
values expressed as percentages.

Lastly, sentiment analysis was conducted using IBM Watson Natural Language Understanding (NLU) (IBM, 2019). The IBM Watson
NLU is a cloud service that derives semantic information from texts. The NLU sentiment analysis identifies attitude, opinions, or feel-
ings in the text. The NLU analyzes sentiments not only based on the polarity of individual words but also the sequence of the text.
The results are displayed through sentiment labels of positive (score 0–1), neutral (score 0), negative (score −1–0). The NLU model
was trained based on Twitter data and other social media texts, so it is a good machine learning model to analyze our Twitter data
(Vergara et al., 2017).

4. Results

In total, 139,433 tweets, retweets, and quotes about childhood vaccination were assessed. The average daily number of tweets
during this period was 1315 and the average weekly tweets were 9296. The top five peak days of tweets were September 19 (4521
tweets), October 6 (4435 tweets), August 11 (3971 tweets), July 27 (3437 tweets), and September 21 (3321 tweets). The top peak
week of tweets was from September 16 to 22 (17,189 tweets) (Fig. 1).

4.1. Semantic network

The average degree of the network was 194.27, and the average weighted degree was 25,034.86 with a network density of 0.80.
The mean frequency of occurrence was 4,356. The modularity value was 0.48, indicating meaningful community detection (Blondel
et al., 2008). Table 1 indicates the 50 most central terms based on both eigenvector centrality and degree. The most central words in
the network were HPV, not, vaccination, get, and cancer. The most frequently occurring words in the network were vaccination, HPV,
not, cause, and measles.

The semantic network for Twitter data is presented in Fig. 2. The network was constructed using the Fruchterman-Reingold algo-
rithm in Gephi (Jacomy et al., 2014). The minimum tie strength between words was 5, indicating that the words co-occurred at least
five times within five words of each other.

Four clusters were identified in the network (differentiated by color). The clusters are summarized in Table 2, which includes
each cluster’s theme, top word associations, and percentage share of the network. Themes were inferred based on the words that
encompassed each cluster.

Fig. 1. Query Twitter Results Counts 2018.
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Table 1
Summary output of the semantic network analysis (SNA).

Rank Label Degree Eigencentrality Rank Label Degree Eigencentrality
1 vaccination 243 1 36 safe 226 0.956
2 hpv 243 1 37 age 226 0.954
3 not 243 1 38 gardasil 227 0.954
4 get 242 0.998 39 risk 225 0.953
5 will 241 0.997 40 show 225 0.953
6 can 240 0.996 41 research 225 0.953
7 cancer 241 0.995 42 increase 224 0.949
8 give 238 0.992 43 receive 223 0.948
9 prevent 237 0.989 44 news 224 0.946
10 child 238 0.989 45 life 222 0.946
11 mmr 239 0.987 46 report 223 0.944
12 health 236 0.986 47 good 224 0.943
13 cause 236 0.982 48 measles 224 0.942
14 woman 234 0.979 49 virus 218 0.937
15 need 233 0.976 50 autism 223 0.937
16 girl 232 0.974
17 know 232 0.974
18 case 232 0.973
19 new 231 0.972
20 go 232 0.972
21 die 232 0.972
22 many 232 0.972
23 cervical 233 0.971
24 boy 231 0.968
25 boy 231 0.968
26 young 230 0.968
27 study 231 0.966
28 disease 229 0.965
29 protect 228 0.964
30 use 228 0.963
31 parent 228 0.962
32 find 228 0.962
33 vaccineswork 229 0.961
34 rate 227 0.958
35 work 226 0.967

The theme of the largest cluster (71.43% of the network) focused on HPV vaccination for cervical cancer prevention. The most
central words for this cluster included vaccination, HPV, get, cancer, cervical, women, girls, boys, and prevent. The largest word as-
sociation within this cluster was vaccination and HPV. The second-largest cluster’s theme revolved around the measles outbreak in
Europe and the Centers for Disease Control and Prevention (CDC) scientists’ data report, which covered 9.05% of the network. The
most central words in this cluster were CDC, report, and number. The top association between words in this cluster was between CDC
and report. The third-largest cluster (7.14% of the network) discussed MMR and autism. The most central words in this cluster were
doctor, cause, autism, measles, not, and science. The top association between words in this cluster was cause and autism. The theme of
the smallest cluster (4.29% of the network) was about the rising number of MMR cases in France and the consequence of low herd
immunity. The most central words were MMR, case, and rate. The top association between words in this cluster was MMR and rate.

To better understand the themes of the largest cluster, we conducted a second-level semantic network analysis on this cluster
alone. Fig. 3 shows the 50 most frequent words within the cluster. The average degree was 139.91 with a graph density of 0.86.
The modularity value was just 0.11, indicating a single community, since a value of 0.4 or above should be obtained to generate
meaningful clusters (Blondel et al., 2008). Two sub-clusters were detected with the orange cluster taking up 53.62% of the network
and the green cluster 46.38%. In the orange cluster, the top five words are cancer, get, cervical, woman, health and the top five word
co-occurrences are HPV vaccination, HPV cancer, cancer vaccination, boy HPV, and boy vaccination. In the green cluster, the top five
words are vaccination, HPV, boy, protect, girl with the top five word co-occurrences: get vaccination, cervical cancer, cervical vaccination,
eliminate cancer, woman cancer. Sub-clustering shows that the orange focuses on the HPV vaccination whereas the green emphasizes
more on HPV diseases.
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Fig. 2. Visualization of semantic network from Twitter.

4.2. Sentiment analysis

Sentiment analysis was conducted using IBM Watson’s NLU which analyzed each tweet’s sentiment. Sentiment frequencies were
aggregated under negative, positive, and neutral sentiments. The average scores for each sentiment were calculated. Results showed
that 70.9% of tweets were negative (M = −0.79), 12.6% were positive (M = 0.65), and 16.5% were neutral.

5. Discussion

These results denote a dense network, where the most central words are highly interconnected. High density indicates that the
words in the text are closely related (Drieger, 2013). Density measures show that 80% of the words in the network occurred within
five words of each other in the text. This network indicates a concentrated range of topics about vaccination on Twitter. During this
period, the sentiment of tweets assessed were mostly negative. Surprisingly, most of the network was focused on the HPV vaccine
even amidst a measles outbreak. Since the data was restricted to tweets generated in the U.S., it is likely that the outbreak in Europe
did not receive significant primary attention in the U.S. social media environment. As expected, the MMR vaccine-autism link and the
measles outbreak were the secondary focus in the network. Overall, Twitter discourse during this period focused on the HPV vaccine
and reflected not only old debates about vaccines (the connections between the MMR vaccine and autism) but also recent disease
trends (the measles outbreak).

The dominant theme present in the network links the HPV vaccine to cervical cancer prevention. In this cluster, keywords, such
as “effective”, “evidence”, and “protect” suggested positive public discourse towards the HPV vaccine as a cancer preventive. These
results were consistent with previous research using semantic network analysis for mental representations of the HPV vaccine (Smith
and Parrott, 2012). It is noteworthy that the HPV vaccine discourse on Twitter also encouraged boys to get the vaccine, shown by
keywords “boy”, “important”, and “receive”. This indicates the success of HPV promotion as social media discourse looks favorably on
the vaccine recommendation. Twitter discourse about the HPV vaccine is supportive, encouraging people to vaccinate boys, women,
and girls. These results were quite contrary to past studies in which public discourse about the HPV vaccine were negative and con-
troversial (Nan and Madden, 2012; Ruiz and Barnett, 2015). The change in discourse could be attributed to CDC efforts encouraging
doctors to promote the HPV vaccine among teenagers (Jenco, 2019) and the active promotion of the HPV vaccine by health care
professionals on social media (Massey et al., 2018).

Unsurprisingly, another theme emphasized the rising number of measles cases in France. Two clusters emerged here. One cluster
(light green) centered on media reports of the outbreak along with information from the CDC. The other cluster (dark green) fo-
cused on the rising number of measles cases in France. In the latter theme, the current measles outbreak was connected to low herd
immunity. Both clusters reflected traditional media reports on the European measles outbreak – providing important information
from trusted sources (the CDC) while emphasizing causes (in this case, low herd immunity). The emphasis on scientific knowledge
(CDC findings) and a proper connection between outbreaks and low herd immunity is a promising finding because it suggests that
scientific knowledge is being shared on social media platforms. It is likely that news reports, with information from the CDC, about
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Table 2
Summary output of the cluster analysis of the Twitter network.

Theme Top associations
Association
count Cluster color

Share of
network
(%)

HPV
vaccination
and
cervical
cancer
among
women,
girls, and
boys

hpv vaccination 70,610 Light purple 71.43

hpv cancer 17,235
cancer vaccination 13,699
get vaccination 11,320
cancer cervical 11,155
boy hpv 8999

Beliefs about
causes of
measles
and autism

not science 15,818 Orange 5.75

not believe 15,774
cause autism 11,198
cause measles 10,944
not doctor 10,549

Data from
CDC on
cervical
cancer,
deaths, and
disease

CDC vaccination 1041 Light green 9.05

CDC hpv 969
CDC measles 583
CDC data 678
CDC report 540

Rising MMR
cases in
France and
herd
immunity

mmr rate 5882 Dark green 4.29

case rise 5516
France mmr 5390
Consequence mmr 5376

the outbreaks were shared widely on Twitter. These reports, or discussions surrounding the reports, were a focus of Twitter discourse.
This is consistent with research that found people shared news updates, medical information, and scientific knowledge during a pre-
vious measles outbreak (Tang et al., 2018).

Although the cluster is small, especially in comparison to the HPV/cancer prevention cluster, the MMR autism debate is still a
topic of discussion on Twitter. The frequency of the words “MMR” and “autism” is quite high. This particular Twitter conversation
centered on the veracity of Wakefield’s claim that the MMR vaccine causes autism, showing that the controversy remains an active
topic even after the medical and scientific communities have established no link between them. Conspiracy theorists believe, and
promote the idea that Wakefield is being silenced by government agencies and the pharmaceutical industry, a common vaccine myth
perpetuated on the internet (Jolley and Douglas, 2014) by influential users, organizations, and parents alike (Smith, 2017). This clus-
ter highlights the importance of continuing to demystify the autism-vaccine link within anti-vaccine communities.

During the timeframe assessed, the Twitter-sphere disclosed general support of the HPV vaccine, an interest in the current measles
outbreak, and an awareness of related vaccination issues. These themes showed the success and potential of vaccination promo-
tion. The positive public discourse about the HPV vaccine indicates the success of its promotion. Also, the evident focus on news
updates and reports about measles outbreaks suggest that social media provides a ready outlet for public health information dis-
semination. It seems, however, that the potential for vaccine promotion varies by vaccine topic. For example, the Tdap vaccine was
not mentioned in the network, which may indicate low awareness of that particular vaccine, or that it may be less controversial
and therefore, mentioned less. Either way, it is still important to discern who these vaccine-centered tweets have reached. Some
anti-vaccine communities are generally more exposed to vaccine skeptical discourse, rather than to messaging that promotes child-
hood vaccines (Kata, 2012). Health professionals should seek these online communities and work to expose them to accurate vac
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Fig. 3. Visualization of the Second-level Semantic Network Analysis on the Biggest Cluster.

cine information and provide targeted vaccine educational content. Specifically, as highlighted in this study, public health profes-
sionals must continue to work to dispel the autism-vaccine connection still employed by anti-vaccination proponents.

The sentiment analysis reveals that the majority of tweets (70.9%) were negative. It is possible that tweets about measles and
vaccine hesitant tweets contributed to the negativity. Another study found that during a previous measles outbreak, Facebook posts
and Twitter tweets were dominated by negative sentiments (Deiner et al., 2019a). Our study shows that social media has been a
consistent platform for both expressing vaccine hesitancy and reporting on health-related news.

This study is not without limitations. First, a semantic network analysis can reveal only what is being discussed, but it cannot
address questions about how these themes or discussions affect vaccine-related attitudes, beliefs, or behavior. Further research is
needed to assess if and how the presentation of vaccine information on social media may impact vaccine decision making. Second,
the analysis was limited to Twitter, one, although large and popular, social media platform among many. Therefore, the results did
not reflect all social media discourse on childhood vaccine during this period. Third, we focused our assessment on a specific period
of time. It could be that Twitter, or this period, allowed for these specific themes to emerge. Also, as mentioned earlier, retweets and
quotes amplify certain discourses while diluting others. Therefore, in order to enhance our understanding of childhood themes and
discourse on social media, we encourage studies to investigate further by assessing changes when adding or removing retweets and
quotes.

People will continue to use social media as a means to gather information and to use these platforms as sounding boards for their
thoughts and ideas about particular issues. These results indicate that social media can be an excellent place to promote childhood
vaccines and discover current vaccine debates and topics of discourse. Public health officials could take advantage of these platforms
to design more efficient vaccine campaigns tailored to specific vaccine topics and communities. Moreover, health professionals can
use social media platforms, such as Twitter, to provide scientifically based vaccine information and recommendations that can be
used and spread in a way that emphasizes the full potential of vaccines (Chen, 1999; Chen and Hibbs, 1998).
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