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Abstract 
Vaccines are vital health interventions. However, 

they are controversial and some people support them 

while others reject them. Social media discussion and 

big data are a rich source to understand people’s 

insights about different vaccines and the related topics 

that concern most of them. This study aims to explore 

the online discussions about mandatory and voluntary 

vaccines using text analysis techniques. Reddit social 

platform is popular in online health discussion and 

thus data from Reddit is analyzed. The results show 

that different aspects are discussed for different types 

of vaccines. The discussion of mandatory vaccines is 

more interactive and is focused on the risks associated 

with them. Voluntary vaccines’ discussion is focused 

on their effectiveness and whether to get them or not. 

The study have important implications for health 

agencies and researchers as well as for healthcare 

providers and caregivers.  

1. Introduction  

Vaccination is an essential part of individuals’ 

health interventions. They are found to contribute to 

the reduction of mortality rates [1]. However, many 

individuals either refuse vaccinations or doubt their 

effectiveness and efficiency [2]. Statistics show that 

between 10 to 20% of parents refuse or postpone at 

least one vaccine for their children [3]. Because some 

vaccinations are controversial, many people turn to 

social media outlets to get information about vaccines 

[3, 4] or to influence others by disseminating their 

beliefs and theories [5]. Online blogs, microblogs, 

discussion boards, videos and their content can impact 

the decision of vaccination for many individuals [4]. 

Particularly, new parents could be affected by their 

social networks regarding their children’s vaccination 

due to the lack of experience, hesitancy, and others [6]. 

Many debates are available on social media 

between supporters and rejecters of vaccines. It is vital 

to explore this content in order to understand the 

accuracy of information, the beliefs and attitudes of 

people, their concerns, and the topics that dominate the 

online discussion. Vaccines differ in their deliberative 

nature. Some vaccines have more agreement by 

individuals and science regarding their necessity and 

thus are mandatory. However, other vaccines such as 

the flu vaccine are more controversial. In addition, due 

to governmental restrictions and policies, some 

vaccines are mandatory and others are voluntary. 

When a vaccine is voluntary, people have less 

motivation to be vaccinated [7]. 

This study aims to compare and contrast online 

discussions about mandatory versus voluntary 

vaccines. Previous research has focused on studying 

one type of vaccines or studying vaccines in general. 

However, knowing people’s insights and opinions 

about different types of vaccines help in shaping 

health policies and determining the need to convert 

some vaccines from voluntary to mandatory if 

necessary. In addition, our data analysis is based on a 

social online platform – Reddit – that is not adequately 

explored, unlike Facebook and Twitter. Exploring 

various online platforms’ content can help in 

providing us with a better understanding of people’s 

conversations and their associated feelings, attitudes, 

and topics of concern. Our study uses text analysis to 

analyze the terms that are correlated with each vaccine 

discussion, the affects and sentiment expressed, and 

topics discussed for each type of vaccine. The research 

question that this research addresses is: What are the 

differences between mandatory and voluntary vaccine 

online discussions in terms of the topics discussed, the 

sentiment expressed, and the terms associated with 

each of them? 

Our study finds that flu vaccine online discussion 

has more emotional expressions compared with the 

MMR vaccine discussion. In addition, the flu vaccine 

discussion has some dominated topic such as the 

effectiveness of the vaccine and getting the vaccine 

annually. The topics that dominate the MMR vaccine 

discussion include the debate about the MMR vaccine 
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and the risks associated with it in addition to the need 

for evidence about these risks. 

2. Literature Review 

2.1 Online health Communities 

Social media is leveraged by many patients, 

physicians, and caregivers to generate health related-

content [8]. Online health communities are widely 

used due to the convenience, anonymity and support 

provided [9].  Many health issues are discussed on 

social media and their related content is studied 

including eating disorder [10], smoking [11], drugs 

[12], breast cancer [13], mental health [14], chronic 

diseases [15] and many others. Participation in health 

communities and forums is motivated by many factors 

including reciprocity, altruism, and homophily [9, 16]. 

Patients refuge to the online environment to fulfill 

their needs such as sharing their experience, managing 

their illness, learning from similar others, or getting 

others support, opinions, or advice [8, 17]. Social 

networking sites and blogs give users the ease of 

asking health-related questions, sharing their thoughts, 

watching educational videos related to their health 

condition, and reading peers’ and physicians’ posts 

and replies [8]. Communication with physicians on 

these social sites may lead to both better self-health 

management and better patient-physician relationship 

[15]. Even though online health communities and 

forums are frequented by many individuals, the 

credibility of health and medical information 

generated by users is a concern [12]. If patients take 

serious health-actions based on the information they 

receive from online content, the outcome may not be 

desirable if the information is inaccurate. 

2.2 Mandatory vs Voluntary Vaccines 

Vaccination is a vital tool to prevent many 

illnesses [18]. The occurrence of many diseases has 

declined after the implementation of their vaccines 

such as the measles, mumps, and rubella MMR. 

However, there is a wide spectrum of vaccines 

available. Some vaccines are mandatory and others are 

voluntary in the US. Some vaccines are required 

before a child enters school. Other vaccines are 

voluntary and depend on the individual or on the 

parents’ preference. Voluntary vaccines decision 

depends on personal social norms [19], religious 

issues [20], beliefs, risk of the illness, or the vaccine 

effectiveness and side effects [7, 21]. Previous 

research proposed a risk assessment model to 

vaccination decision-making by comparing the payoff 

and the risk. By modeling a vaccination game, the 

study found that social networks of individuals play a 

major role in the decision of vaccination [7]. Another 

study focused on the controversial debate about 

mandatory vs voluntary healthcare workers 

vaccination [20]. There is a need to protect them and 

reduce the spread of infectious diseases. On the other 

hand, health ethics and individuals’ autonomy need to 

be considered. The study concludes that there is a 

moral need for vaccination of healthcare workers and 

enforcing vaccination would be more fruitful [20]. 

Online health communities play a key role in 

discussing vaccine controversies. A recent study 

explored their role in terms of knowledge delivery for 

pro and anti-vaccine movements [1]. The study found 

that both knowledge delivery practices online and 

offline impact each other while differ in their 

configurations. The study compared the format of the 

knowledge, the delivery of the knowledge, and the 

availability of the knowledge. Another study 

examined the influence of social media on individuals’ 

decision of vaccination [22]. An online experimental 

design targeted parents of girls to test the impact of 

online information about HPV vaccine on them from 

the lens of the health belief model. The study used a 

novel exploratory network analysis and found that 

perceived efficacy is influential while cues to action is 

not. Moreover, a previous study applied the semantic 

network analysis on articles shared on Twitter about 

vaccines and analyzed the resulting networks. The 

study also identified positive, negative, and neutral 

sentiment in the text of the shared articles [23]. In their 

study the researchers used manual sentiment coding of 

the articles. 

2.3 Text Mining 

Big data and the enormous amount of unstructured 

texts available on social media encouraged researchers 

to analyze these texts, extract knowledge and patterns, 

and infer results by applying  techniques such as 

classification, clustering, machine learning, and social 

network analysis [24]. Previous research focused on 

Twitter and Facebook extracted-text and how different 

text analytics techniques are used to provide textual 

orders and thus provide key themes in data [25]. 

Sentiment analysis is used to extract sentiment-related 

words, emotions and find their polarity; either positive 

or negative. Previous research used sentiment analysis 

using both supervised and unsupervised machine 

learning techniques to analyze tweets from Twitter 

about a particular product or movie [26]. The analysis 

is performed based on the sentence-level sentiment 

identification and used SentiWordNet software for 

sentiment analysis. The study found that tweeters use 
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hashtags to express their emotions. Another study used 

emotional text mining to analyze customer profiling 

for brand management of a sportswear from Twitter. 

Cluster analysis with a bisecting k-means algorithm 

and correspondence analysis are used to analyze the 

data. The study identified Twitter users’ symbolic 

categories, measured their sentiment, and found their 

representations of the sportswear brand [26]. In 

addition, another study analyzed news channels online 

textual data from Facebook posts using the 

RapidMiner tool. The results of the study indicate that 

the most covered topics on these news channels pages 

were US election news. CNN had the most shared 

posts about the topic [27]. Another research paper 

proposed a deception detection mechanism for 

crowdfunding projects by considering both static 

project information and dynamic communication 

between funders and fundraiser for classification [28]. 

Cues extracted from the text such as content-based 

cues and linguistic cues to detect fraudulent 

crowdfunding projects are used to detect fraud using 

machine learning algorithms. 

Text mining for health-related text on social media 

has also been applied in previous studies [29]. One 

study analyzed flu tweets on Twitter using network 

analysis. The study found that effective information 

about flu are generated by accounts found in the 

important Twitter accounts and these tweets would 

stay active a longer period compared with other 

individual accounts’ tweets [30]. Another study 

investigated opinions of Twitter users about influenza 

vaccine using natural language classifiers to identify 

vaccine attitudes and behaviors [31]. Using 

MedHelp.org health platform, a study performed text 

mining to identify main stakeholders participating in 

lung cancer, breast cancer and diabetes forums. 

Patients and caregivers were the main population of 

participants while specialists formed the minority of 

them [32]. The discussed topics included symptoms, 

drugs, procedures, examinations, and complications. 

Furthermore, sentiment analysis was performed using 

sentiment lexicon software SentiWordNet. Cluster 

techniques such as topic and probabilistic clustering 

were applied as well as keyword extraction and topic 

identification. An interesting study explored the 

number of messages on different social media 

platforms during the measles outbreak in Netherlands 

in 2013 and compared them with both the number of 

related-online news and the number of reported 

measles cases [33]. Classification, text mining 

techniques, and manual sentiment analysis were used. 

3. Institutional Background 

As one of the largest online communities [34], 

Reddit is a social networking site that encompasses a 

variety of online forums and communities and was 

dubbed “the front page of the internet” [34]. In 2018, 

Reddit was ranked as the fourth most visited social 

website in the United States and the sixth worldwide 

with 234 million users [35]. In 2020, its user base has 

reached 430 million active monthly users and 130,000 

active communities according to statistics on its 

website. Reddit is broken down into communities 

called “subreddits” that focus on different topics such 

as news, politics, gaming, and videos. The platform 

provides interactive features to engage the users. For 

instance, users can signal their support of a post by 

clicking on the upvote arrow or click on the downvote 

arrow to indicate their disapproval. The total score of 

the post is shown to indicate the number of upvotes 

minus the number of downvotes.  

Academic research has explored the content of 

Reddit discussion. For example, two studies 

investigated the text polarity, age, geographic 

distribution of users, and product acquisition related to 

discussion on e-cigarette use [36, 37]. Another study 

explored the questions posted on Reddit about gout 

illness and classified them into 13 categories such as 

symptom uncertainty and diagnosis [38]. Another 

research examined user posting behavior on Reddit 

based on network structure and revealed that most 

users participate in one Reddit community [39]. 

Another study on the weight loss subreddit examined 

how online interactions affect weight loss in regards to 

the number of votes and replies received and used 

topic modeling and hierarchical clustering algorithm 

to identify global topics and local clusters [40]. 

4. Sample  

We collected publicly available data about one 

mandatory vaccine – the MMR vaccine – and one 

voluntary vaccine – the flu vaccine – from Reddit. The 

MMR vaccine is a vaccine against three viruses: 

Measles, Mumps, and Rubella. We chose the MMR 

vaccine as the mandatory vaccine of our research for 

two reasons. First, the three diseases that the MMR 

vaccine protects humans against can cause serious 

health complications including bronchopneumonia, 

brain damage, mental retardation, fetal anomalies, and 

parotitis [41]. Hence, the MMR vaccine is vital. 

Second, the MMR vaccine had an unproven linkage 

with autism that created a controversy [41] and there 

has been debate on whether children should receive 

the vaccine. As a result, it is important to study this 

vaccine, due to its importance but possible side effect. 
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We chose the flu vaccine as the voluntary vaccine to 

examine. While it is optional to take the flu vaccine, it 

has many benefits according to the Centers for Disease 

Control and Prevention (CDC) including the reduction 

of risks associated with the flu illness  and reducing 

flu-related doctor visits by 40-60% [42]. On the other 

hand, not all people agree with these benefits. Many 

people claim getting the flu after receiving the vaccine 

and the vaccine make them sick [43]. In addition, there 

are potential sources of bias in studies related to flu 

vaccine effectiveness, particularly among the elderly 

[44]. In addition, mercury in thimerosal found in some 

flu vaccines could be decomposed to toxic 

compounds, making it of high concern for many 

parents and individuals [45]. Hence, the benefits as 

well as potential side effects of both vaccines allow us 

to examine how online discussion differs on 

mandatory versus optional vaccines. 

Posts that were available on Reddit in May 2020 

with “MMR vaccine” or “measles, mumps, and rubella 

vaccine” in the title were collected for the MMR 

vaccine and posts containing “flu vaccine”, “influenza 

vaccine” in the title were collected for the flu vaccine. 

We obtained 11,176 posts on the MMR vaccine and 

10,152 posts on the flu vaccine. The descriptive 

statistics for the two types of vaccine posts and 

comments are shown in Table 1. There were more 

comments on MMR vaccine-related posts compared 

with the flu vaccine discussion. The post score is a 

rating Reddit gave to posts based on factors including 

up votes and down votes. Up votes are given by users 

to posts that they think that posts contribute to a 

conversation, and down votes are given to posts that 

user thinks they do not contribute to the conversation 

in the subreddit. Posts about MMR vaccines have 

higher average score than flu vaccine posts. 

 

Table 1. Sample descriptive statistics 

Variable Min Max Mean Std. 
Dev. 

Flu Vaccine Posts (N1=10,152) 
# Com-

ments on 
a Post 

1 1,982 71.27 246.53 

Post 
Score 

0 49,292 1,146.84 5,552.27 

Up Vote 
(%) 

0.14 1 0.81 0.18 

MMR Vaccine Posts (N2=11,176) 
# Com-
ments on 
a Post 

1 3,468 61.21 279.31 

Post 

Score 

0 77,348 881.47 6,159.56 

Up Vote 
(%) 

0.18 1 0.83 0.17 

 

5. Text Analytics Results 

Our text mining process includes data collection, 

data preprocessing and cleansing, and text analysis. 

After collecting the posts, we first performed text 

preprocessing to improve the effectiveness of text 

analytics by removing unnecessary text from the 

analysis that may overwhelm the analysis [46]. This 

process included converting the text to lower case, 

removing stop words that do not provide useful 

information [47], and reducing the words to their 

stems [48]. In addition, we removed punctuations and 

numbers and stripped extra white space in the text. To 

keep the amount of text we analyze manageable, we 

only retained terms that appeared in at least 2.5% of 

the posts. We generated our document term matrix 

using these remaining words and performed our 

subsequent term association and topic modeling 

analyses. 

5.1 Term Association Analysis 

For the term association analysis on the flu 

vaccine-related posts, we started with the term ‘flu’ 

and identified 18 first-level terms that had at least a 

0.20 correlation with flu. Then we identified 76 

second-level terms that had at least a 0.20 correlation 

with one of the first-level terms. Due to space 

constraint, we summarize only the first-level terms 

and their correlations with the term ‘flu’ in Table 2. 

Next, we plot the resulting first- and second-level term 

associations as edges in a term network in Figure 1. 

The size of each vertex is proportional to its 

eigenvector centrality in the network. That is, the 

larger the node representing the term, the more 

influential the term is in the network. The network 

graph reveals that the most important terms in flu 

vaccine-related discussions were vaccine, flu, year, 

get, virus, influenza, strain, risk, effect, people, even 

and got. These term association results reveal that the 

flu vaccine-related discussions focused on the 

requirement of annual vaccination, different strains of 

the flu viruses, protection offered by the flu vaccines, 

the impact of the vaccine on the immune system, and 

the risks involved in getting the flu shots. 

We performed a similar term association analysis 

for MMR vaccine-related posts using ‘mmr’ as the 

starting term and identified six first-level terms with at 

least a 0.20 correlation with ‘mmr’ and 78 second-

level terms with at least a 0.20 correlation with one of 

the first-level terms. We summarize the first-level 

terms and their correlations with ‘mmr’ in Table 3. 

Figure 2 shows the term association network graph for 
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the MMR vaccine-related posts. These results suggest 

that the discussions on the MMR vaccines focused on 

parents vaccinating their children and the risks 

associated with the vaccine. The linkage between the 

MMR vaccine and autism and the need for studies and 

evidence to support or negates this issue were also 

discussed. The term network diagram for the MMR 

vaccine discussion is denser. 

 

Table 2. Flu vaccine posts term association 
analysis results 

Figure 1. Term association network for flu 
vaccine-related posts 

 
Table 1. MMR vaccine posts term association 
analysis results. 

Term 1 Term 2 Correlation 
mmr vaccin 0.34 

mmr autism 0.23 

mmr risk 0.22 

mmr measl 0.22 

mmr studi 0.22 

mmr caus 0.20 

 

 
Figure 2. Term association network for MMR 
vaccine-related posts. 

 

We summarize the comparison of the term 

association network analysis results for the 

discussions on the two vaccines in Table 4. We note 

that flu vaccine discussions mentioned more terms or 

vertices with more term associations or edges higher 

than 0.20 than the MMR vaccine-related discussions. 

However, the term association network density is 

higher for the MMR vaccine-related discussions. 

These results suggest that the discussions on the flu 

vaccines are more sparse compared with the MMR 

vaccine-related discussions. 

 

Table 4. Comparison of term association 
network analysis results 

Characteristic Flu 
Vaccine 
Posts 

MMR 
Vaccine 
Posts 

# Vertices 131 97 

# Edges 94 84 

Network Density 0.013 0.019 

 

5.2 Sentiment Analysis Results 

We next performed sentiment analysis [49]. We 

analyzed the emotions expressed in each vaccine 

discussion using the Linguistic Inquiry and Word 

Count (LIWC) 2015 software [50]. The LIWC has an 

internal dictionary that defines the words to be counted 

in the required text file [51]. The LIWC2015 

Term 1 Term 2 Correlation 
flu shot 0.53 

flu get 0.46 

flu vaccin 0.42 

flu year 0.37 

flu peopl 0.28 

flu everi 0.27 

flu strain 0.26 

flu got 0.25 

flu immun 0.24 

flu season 0.23 

flu week 0.22 

flu effect 0.21 

flu help 0.21 

flu still 0.21 

flu virus 0.21 

flu even 0.20 

flu like 0.20 

flu risk 0.20 
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dictionary encompasses 6400 word stems, words, and 

emoticons. Sub dictionaries and word categories are 

defined using words entries included in dictionaries. 

Scales of categories are defined by a list of dictionary 

words. Some categories follow a hierarchical 

arrangement, which means that some categories are 

included in a broader category. For example, sadness 

words are also included in the broader negative 

emotions category. The dictionary also captures stems 

of the words in order to group words with the same 

stem together. There are main steps in the creation of 

the main LIWC2015 dictionary including word 

collection, judge rating, base rate analysis, candidate 

word list generation, psychometric evaluation, 

refinement, and addition of summary variables 

including analytical thinking, clout, authenticity, and 

emotional tone [52]. 

 

Examples of flu-vaccine discussion with positive 

sentiment are: “Thank you! Vaccines are my passion 

and I'm working hard in staying in this field for the rest 

of my career” and “I got my flu shot! ... It took less 

than five minutes for it all and I’m SO glad I got it. I 

can’t wait to not get the flu!” Examples of flu-vaccine 

discussion with negative sentiment are:  

“This is bad information. A healthy adult still 

needs the flu shot…” and “people who won't get the 

flu shot (or take proper precautions) make me so 

angry.” 

 

Examples of MMR vaccine discussion with 

positive sentiment are: “Today my daughter was in the 

lucky 5% of people who developed a mild rash and 

fever as a result of the vaccine. Lucky because I'd 

much rather her have a mild fever and some polkadots 

than fucking measles” and “[I]t’s great to see Vaccine 

rates have increased during this measles outbreak we 

need herd immunity!” Examples of MMR vaccine 

discussion with negative sentiment are: “… I'm up to 

date on all my vaccines, but my titres for MMR show 

I keep losing immunity ... I'm angry that we're not 

doing more to stop this pro-plague idiocy. Get 

vaccinated!” and “[f]riend of mine's kid got roseola a 

few days after the MMR. Blames all vaccines, again. 

Purple made me angry.” 

 

Table 5 summarizes the LIWC sentiment analysis 

results including positive emotions, negative 

emotions, anxiety, anger, and sadness. Anxiety, anger 

and sadness are considered subcategories of negative 

emotions. Overall, the results suggest that discussions 

on flu and MMR vaccines were not statistically 

different in terms of positive emotions but the 

discussions on the flu vaccine were more negative 

compared with those on the MMR vaccine. A more in-

depth analysis on the negative emotions shows that 

there were also more negative emotions of anxiety and 

anger in the flu vaccine-related posts than the MMR 

vaccine-related ones. However, discussions on the two 

types of vaccines do not differ significantly in the 

negative emotion of sadness.  

 

Table 5. Comparison of Sentiment Analysis 
Results 

Senti-
ment 

Mean of 
Flu 

Vaccine 
Posts 

Mean of 
MMR 

Vaccine 
Posts 

t-Stat on 
Difference 
in Means 

Positive 
emotions 

3.570 
(0.082) 

3.372 
(0.078) 

1.570 

Negative 
emotions 

2.712 
(0.056) 

2.415 
(0.050) 

4.372*** 

Anxiety 0.428 

(0.017) 

0.317 

(0.017) 

4.196*** 

Anger 1.125 
(0.039) 

0.962 
(0.033) 

3.501*** 

Sadness 0.306 
(0.016) 

0.285 
(0.017) 

0.888 

Note: Standard deviations in parentheses. *** 

p<0.01; ** p<0.05; * p<0.10. 

5.3 Topic Modeling Analysis Results 

We performed topic modeling of the posts using 

Latent Dirichlet Allocation (LDA). LDA is a text 

mining technique that helps in finding hidden 

relationships among text documents and discover 

topics among them [53]. The use of topic modeling for 

social media analytics research is gaining traction [53] 

as it helps understand discussions and reactions of 

individuals participating in different social media 

sites. As a probabilistic topic modeling technique, the 

main idea behind the LDA is that “documents are 

represented as random mixtures over latent topics” and 

topics have a distribution over words [53]. We 

specified six, ten, and fifteen topics in our LDA 

analysis and obtained similar results. Table 6 

summarizes the results based on six topics with the 

terms associated with each topic generated by the 

LDA for the flu vaccine-related discussions and MMR 

vaccine-related discussions, respectively. 

For the flu vaccine-related discussions, we 

interpreted the topics as the following based on the 

terms associated with each topic: (1) flu vaccine 

effectiveness and risks, (2) need for annual flu 

vaccines and side effects, (3) flu vaccine strains and 

cancer risk, (4) general discussions on flu vaccines, (5) 

flu vaccines and children, and (6) getting answers to 

questions from healthcare professionals. Terms 

associated with the first topic show that the 

discussions focused on the effectiveness of the vaccine 
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against flu viruses and their risks in causing infection. 

Topic 2 is concerned with need to get the flu vaccine 

every year and the side effect of getting sick after the 

vaccine. Topic 3 focused on the capability for the flu 

vaccine to protect against different strains of the flu 

viruses and cancer risk. Topic 4 included general 

discussions. Topic 5 focused on flu vaccines and 

children, and how being around children without the 

flu vaccine may get them sick. Topic 6 included 

discussions on getting answers to questions from 

healthcare professionals such as nurses.

 

Table 6. LDA topic modeling results. 

 
Topic Terms 

1 2 3 4 5 6 7 8 9 10 

Flu vaccine-related discussions 
1. Flu vaccine effect-
tiveness and risks 

vacci
n 

effect influen
za 

virus studi risk caus season infect protect 

2. Need for annual flu 

vaccines and side 
effects 

flu get shot year got one time sick day never 

3. Flu vaccine strains 

and cancer risk 

can immu

n 

system use differ will virus make cancer strain 

4. General discussions just like know think peopl say thing Don't realli Some-
thing 

5. Flu vaccines and 
children 

peopl work make can will even take also kid now 

6. Getting answers to 
questions from 

healthcare 
professionals  

good want see remov questi
on 

pers
on 

comm
ent 

medic thank nurs 

MMR vaccine-related discussions 

1. Debate about MMR 

vaccines 
like peopl just say think thing believ antivaxx bad good 

2. Effects and risks on 
children 

vacci
n 

measl mmr 
immu
n 

disea
s 

child
ren 

effect risk year case 

3. Timing of MMR 
vaccines 

get just kid know time one even need still now 

4. Research on MMR 

vaccines 
studi link one 

resea
rch 

scien
c 

clai
m 

eviden
ce 

use read find 

5. General discussions 
peopl will make want right 

pers
on 

can post 
comme
nt 

questi
on 

6. MMR vaccines and 

autism 

autis
m 

caus actual like differ use much also first autist 

For MMR vaccine-related discussions, we 

interpreted the discussions as the following based on 

the terms associated with each topic: (1) debate about 

MMR vaccines, (2) effects and risks of MMR  

vaccines on children, (3) timing of MMR vaccine, (4) 

research and evidence on MMR vaccines, (5) general 

discussions, and (6) MMR vaccines and autism. Topic 

1 focused on the debate about MMR vaccine and some 

people who are against the vaccine. Topic 2 included 

discussions on the effectiveness of the MMR vaccine 

and its risks on children. Topic 3 related to the 

discussions on the timing of the MMR vaccine at one 

year of age. Topic 4 focused on research and scientific 

studies on MMR vaccines. Topic 5 included general 

discussions on the MMR vaccines. Topic 6 is 

concerned with the relationship between the MMR 

vaccine and autism. Some people argue that the 

vaccine could cause autism, while other people call for 

a scientific evidence and research to proof this linkage. 

6. Discussion 

6.1 Results Summary 

We analyzed online discussions about flu and 

MMR vaccine using different types of text analytics 

techniques. Term association analysis of Reddit 

threads reveals the terms that are highly associated 

with the flu vaccine including get, every, year, season, 

strain, and people. The terms that are highly associated 

with the MMR vaccine include vaccine, risk, autism, 
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cause, and disease. The results imply that discussions 

about voluntary vaccines such as the flu vaccine is 

concerned with encouraging or discouraging people to 

take the vaccine since it is their choice to take the 

vaccine. However, the mandatory vaccine discussion 

is more focused on risks claimed to be related to the 

vaccination such as autism. In addition, since the 

MMR vaccine is given to children, the most discussed 

age group is the children. The flu vaccine is given to 

different age groups so that the people term is 

associated with it in the online discussion.  

The sentiment analysis shows that sentiment and 

affect expressed for the two vaccine are different. Flu 

vaccine discussions are shown to be more emotional 

positively and negatively. Emotions such as anger, 

sadness, and anxiety are expressed in the discussion. 

Topics discussed in regards to the two vaccines 

varied as well. The effectiveness of the flu vaccine is 

one of the main topics that are common and diffused. 

The MMR vaccine risks and the need for evidence and 

credible information from popular health protection 

agencies such as the Center for Disease Control (CDC) 

are the most common topics discussed.  

6.2 Theoretical Contribution 

We examined how two different types of vaccines 

are discussed on online communities. Our research has 

the following contribution to theory. First, our study 

extends the online health communities literature by 

examining their content which may reveal latent 

variables that could be hard to be found by other 

means. Second, our research is one of the first to 

compare and contrast the online discussion of two 

types of vaccines, one is mandatory and the other is 

voluntary using text mining including topic modeling 

and sentiment analysis. Our results enable researchers 

to get a better insight about vaccine acceptance and 

rejection and the factors that impact them. And thus 

researchers and psychologist can explore these factors 

sufficiently. 

 Third, our sentiment analysis results reveal the 

importance of emotions expressed in online 

discussion, which could also help in identifying anti-

vaccine movement and improve the knowledge about 

the factors behind vaccine rejection such as 

individual’s personality treat, bad experience with 

vaccines, or misinformation. Misinterpretations of 

causality between MMR vaccine and autism is one 

example that many people debate. Evidence and 

research can help to negate these doubts and 

misinformation [1].  

 

6.2 Practical Implications 

 Our results highlight the importance of using 

online health communities and social networks to 

discuss various health-related issues such as vaccines. 

The online content helps health agencies to improve 

vaccine communication and address the concerns 

associated with vaccines to enhance vaccine 

confidence and eliminate vaccines hesitancy [23]. 

Public healthcare strategies could leverage online 

content and big data power to be more effective and 

control infectious diseases spread and prevent relate 

misinformation dissemination [6]. Administrative 

agencies could use the suitable awareness campaigns 

for different types of vaccines to target the most 

concerned people such as new parents for vaccines 

required for newborns and infants [7]. Moreover, our 

content analysis reveals the importance of social 

media to disseminate required information from 

credible agencies so that misinformation could be 

prevented. The topic analysis shows the need for 

evidence of vaccine effectiveness and related risks. 

Health agencies could fulfill individuals’ needs by 

providing them with this information and thus 

encourage them to take the vaccines. 

7. Conclusion, Limitations, and Future 

Research Directions  

The study reveals that different types of vaccines 

have different online discussions. Mandatory vaccines 

have more online participation. Voluntary vaccines 

have more controversial discussion. Text mining of 

vaccines online discussion can help in understanding 

the concerns and beliefs related to vaccination. Our 

work has some limitations. First, we analyzed publicly 

available data about posts from Reddit. Other data 

such as the posts structure and who replies to whom 

could be helpful to understand the nature of these 

social networks and their social influence. Future 

research could address this limitation. Second, our 

study is focused on flu and MMR vaccine. These two 

vaccines are highly recommended to achieve personal 

and public protection, particularly for healthcare 

workers [54], however, online conversations 

concerning other essential vaccines could be examined 

such as hepatitis B vaccine. Finally, our study is 

limited to Reddit online communities. Future research 

could examine other online health communities and 

compare the content from different platforms. 
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