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Abstract
COVID-19 has been declared a pandemic and countries are tackling this disease 
either through preventative measures such as lockdown and sanitization or through 
curative ones such as medication, isolation, and so on. Some people believe that 
vaccination is the best way to prevent this disease, while others disagree. Society’s 
attitudes toward vaccination can be influenced by a variety of factors such as mis-
understanding, ambiguity, lack of knowledge. The proposed study’s goal is to bet-
ter understand people’s attitudes regarding vaccination by focusing on key topics 
related to COVID-19 anti-vaccine tweets. Tweets are obtained over a period based 
on the number of COVID-19 cases by utilizing the “anti-vaccine” keyword rather 
than the “vaccine” keyword. Furthermore, in addition to people perceptions and atti-
tudes toward anti-vaccination, the causal relationship between each topic is inves-
tigated. As a result, latent dirichlet allocation (LDA), fuzzy association rule min-
ing (FARM), fuzzy cognitive map (FCM), and fuzzy c-means are used to conduct 
a complete study. Topics are analyzed independently using clustering and scenario 
analysis. The findings demonstrate the most common topics in anti-vaccination 
tweets, as well as the influence of each topic on the others.
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1  Introduction

COVID-19 disease was officially declared a pandemic by the World Health Organi-
zation in March 20201. The COVID-19 pandemic caused massive harm on to lives, 
and affected many nations’ health and economies. Vaccination, in combination with 
sanitary and behavioral controls, is the most effective technique for reducing or 
eradicating viral infection and dissemination (Pogue et al., 2020). Some people have 
a favorable attitude toward the vaccination campaign, while others lack awareness 
of the vaccination campaign and its benefits. Therefore, it is known that people have 
different opinions and perspectives about the vaccination. Some studies have high-
lighted potential COVID-19 vaccination obstacles, such as questioning the need for 
vaccines and choosing to benefit from the immunity conferred by COVID-19 survi-
vors (Liu & Liu, 2021a). In comparison to surveys, social media, especially Twitter, 
can acquire timely information about COVID-19 vaccination behavioral intentions 
and determine public attitudes towards anti-vaccination. The world’s top pharma-
ceutical companies are racing to develop vaccines. As a result, the arrival of vacci-
nations and people’s opinions is a fascinating research topic (Rahul et al., 2021). So, 
analyzing people’s opinions and perspectives toward vaccination via Twitter is one 
of the significant research areas.

In the proposed study, tweets have been gathered in certain time periods accord-
ing to the number of COVID-19 cases by using the “anti-vaccine” keyword rather 
than the “vaccine” keyword. Furthermore, besides the opinions and attitudes of 
the public about anti-vaccination, causal relationship between each topic is exam-
ined. Therefore, a detailed analysis is conducted by using latent dirichlet allocation 
(LDA), fuzzy association rule mining (FARM), fuzzy cognitive map (FCM), and 
fuzzy c-means. With the help of clustering and scenario analysis, topics are evalu-
ated separately. To the best of the author’s knowledge, there is no other study in 
the literature that combines these methodologies and addresses the public’s attitude 
toward vaccination in a pandemic in this way.

The rest of this paper is organized as follows: Sect. 2 demonstrates the literature 
review that is divided into two parts: vaccine-related studies during the coronavirus 
pandemic and studies that applied FCM to text mining. Section 3 presents the pre-
liminaries of the study. Section 4 presents the research methodology. Section 5 rep-
resents the results and discussions. Finally, the paper is concluded in Sect. 6.

2 � Literature review

COVID-19 has recently emerged as one of the most pressing public health chal-
lenges, and along with the COVID-19 disease, vaccination has also become a hot 
topic. In terms of research content and applicable models, the literature is classified 
into two categories.

1  https://​www.​who.​int/​direc​tor-​gener​al/​speec​hes/​detail/​who-​direc​tor-​gener​al-s-​openi​ng-​remar​ks-​at-​the-​
media-​brief​ing-​on-​covid-​19---​11-​march-​2020.

https://www.who.int/director-general/speeches/detail/who-director-general-s-opening-remarks-at-the-media-briefing-on-covid-19---11-march-2020
https://www.who.int/director-general/speeches/detail/who-director-general-s-opening-remarks-at-the-media-briefing-on-covid-19---11-march-2020
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2.1 � Analysis of public opinion against vaccination on twitter

In this part of the literature, some of the studies that analyze public opinion 
against vaccination by using Twitter are considered.

Rahul et al. (2021) proposed a study that analyzed COVID-19 vaccine related 
tweets to generate a report. They used the latest statistical topic modeling and 
LDA to identify popular topics. Sentiment analysis was also utilized in the paper. 
Sentiment analysis was implemented by using two different models, namely, 
Valence Aware Dictionary and Sentiment Reasoner (VADER) and TextBlob, and 
a comparison was made between them. Furthermore, after the application of topic 
modeling, seven dominant topics were extracted. The limitation of the study is 
that it does not extract search keywords during the analyses, such as COVID, vac-
cine, and coronavirus. Liew et al. (2021) proposed a study that aimed to utilize 
Twitter data to understand in close-to-real time public sentiments and perspec-
tives about COVID-19 vaccines. They want to know about the major concerns 
that have captured the public’s attention, as well as the obstacles and enablers to 
successful COVID-19 vaccination. An unsupervised machine learning approach, 
which is structural topic modeling, was utilized to determine topics. Furthermore, 
by using VADER, the rule-based machine learning model was applied to conduct 
sentiment analysis. The limitation of the study is that it uses Twitter data that were 
posted only in English and from a specific geographic region. Liu et  al. (2021) 
developed a system for automatically analyzing public perceptions of COVID-19 
vaccines using real-time data from social media, which can be used to modify 
educational programs and other interventions to increase the public acceptability 
of COVID-19 vaccines. For this purpose, a leveraging transfer learning model 
was developed, followed by temporal analysis and topic modeling. One of the dis-
advantages of the study is that the Twitter users do not represent the entire public. 
Liu and Liu (2021b) proposed a study that aimed to find thematic and temporal 
trends in COVID-19 vaccine-related tweets, as well as to investigate variances in 
sentiment at the worldwide, national, and state levels in the United States. Eng-
lish-language COVID-19 vaccine related tweets were collected and the VADER 
tool was applied to determine the sentiments of tweets such as positive, neutral, 
and negative. Although the VADER sentiment score was able to reliably discern 
the sentiment in the text, it was unable to determine whether the sentiment was 
directed towards the COVID-19 vaccination or not. Roe et al. (2021) proposed a 
sentiment analysis and discovered that this sentiment-based approach was ben-
eficial for determining levels of vaccine hesitancy in the general public and that 
it, in conjunction with the questionnaire, proposes solutions for addressing spe-
cific concerns and misinformation. The limitation of the study is that the sources 
(Twitter accounts) were manually classified as “personal”, “accredited medical”, 
“news”, or “government/public health”. However, given the vast dataset in the 
main study, this was impossible. Guntuku et al. (2021) utilized Twitter to obtain a 
random sample of vaccine-related tweets to determine the geographical and tem-
poral variation in COVID-19 vaccination discourse. They inferred an insight that 
in the United States, Twitter discourse on COVID-19 vaccines differed greatly 
amongst communities and changed over time. They used LDA topic modeling. 
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The study’s limitations include the fact that Twitter did not represent the general 
population in the United States, and tweets were provided as a random sample.

2.2 � FCM applications in text mining

The choice of concepts in the FCM and the assessment of causal relationships 
between these concepts are the most important issues to tackle when creating an 
FCM. Recently, text mining techniques and topic extraction methods have started 
to be used in concept determination. In the second part of the literature, some of the 
studies that include FCM application in text mining are demonstrated.

Son et  al. (2020) used scenario-based technology roadmaps to evaluate future 
uncertainties in the technology planning stage. They analyzed the textual big data to 
determine the casual relationships between factors that may influence future uncer-
tainty. Therefore, the FCM technique was incorporated into the technology roadmap. 
Liang et al. (2020) proposed a study that examined the assessment of web celebrity 
shops by analyzing online reviews in depth. In addition, the competitive analysis was 
discussed, and suggestions for improvement were offered. For the topic extraction, 
LDA was utilized and attributes that customers care about were determined. Fur-
thermore, long short term memory (LSTM) and linguistic term sets (PLTSs) were 
applied to portray the sentiments of customers towards various attributes. Lastly, 
interrelationships among attributes were investigated by using the FCM and asso-
ciation rule mining. Han et al. (2019) proposed a study to collect policy elements 
by using text mining and latent semantic analysis. An FCM was built to deduce the 
evolution of elements using a soft computing method, and a FARM technique and 
partial association test were utilized to identify the causal relationships and impact 
degrees between policy elements.

It is seen that there are some studies that consider COVID-19 vaccine-related 
tweets. In these studies, the sentiment of the public and vaccine hesitancy were 
taken into consideration through sentiment analysis or topic extraction. Some stud-
ies analyzed public attitudes towards vaccination according to demographic regions. 
The proposed study focuses on analyzing and evaluating the important topics cor-
responding to the COVID-19 anti-vaccine-related tweets.

In nutshell, the proposed study provides insights into the importance of tweets in 
shaping societal anti-vaccine attitudes and presents us with a data-driven analysis. The 
following are the five contributions of this paper: To begin, LDA is utilized to extract 
characteristics on public opinion on vaccination via Twitter, as opposed to standard 
item construction regarding public questionnaires or current models. Second, FARM 
is used to discover probable relationships between items that are collected through the 
LDA process. Third, FCM is built to evaluate concepts acquired by the FARM method, 
which can explain the interrelationships of various items. Fourth, Fuzzy c-means is 
used to determine which concept belongs to which cluster. Finally, scenario analysis is 
used to show effect of one concept on others. Furthermore, instead of using the “vac-
cine” keyword, the “anti-vaccine” term is used to collect tweets over a period of time 
dependent on the number of COVID-19 cases. As a result, the influence of a change 
in the number of cases on the number of tweets posted on the anti-vaccine hashtag has 
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been noticed. This research is significant because it explores the influence of various 
topics in distinct clusters on one another.

3 � Preliminaries

3.1 � Latent Dirichlet allocation (LDA)

LDA was proposed by Blei et al., (2003). It is a generative probabilistic topic extraction 
machine learning method where each single topic is demonstrated by a distribution of 
words. In LDA, documents are demonstrated as random mixtures of latent topics. The 
probability of a corpus can be computed by using Eq. 1.

 � α is the Dirichlet-previous concentration parameter of each document topic distri-
bution, � is the corpus level parameter, �d is the document-level variable, zdn is the 
topic assignment for wdn , wdn is the nth word in the dthdocument, N is the number of 
words in the document, M is the number of documents to analyze, and D is the cor-
pus of collection M documents.

3.2 � Fuzzy association rule mining (FARM)

Association rule mining (ARM) is used to find the potential relationships between 
items by utilizing “if-then” rules to specify the correlations, frequency laws, and 
association structures among items to form and select association rules. It uses three 
main measures such as support, confidence, and lift (Xu et al., 2019). Fuzzy set the-
ory is a solution to the fuzzy boundary problem, and it is implemented in the area of 
ARM called “fuzzy association rule mining” (FARM). In the FARM, the dependent 
relations among items are demonstrated by association rules (Wu, 2020). The rules 
are obtained by utilizing the minimum support and minimum confidence. Asso-
ciation rules are the dependent relationships between items. Let’s consider, An → Al 
as the association rules between items Anand Al(n, l = 1, 2,… ., n, landn ≠ l).Let 
D = d1, d2,……,dL = numberofdocuments indicates the text dataset. vjl represents the 
impact of document dj towards item Al. vjn represents the impact of document djtowards 
item An . Based on the results of the literature (Xu et al., 2019), support, confidence, and 
lift of the rule An → Alcan be calculated as follows:

(1)p(D|�, �) =
M∏
d=1

∫ P(�d|�)
(

Nd∏
n=1

∑
zdn

p(zdn
||�d

)
p
(
wdn

||zdn, �)
)
d�d

(2)supp
�
An → Al

�
=

∑L

j=1
vjn ⊗ vjl

L
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 where L is total number of the documents. Support represents the possibility of two 
items appearing together in a dataset. Confidence refers to the normalized impact of 
an item on a rule as well as the credibility that one item influences another (Liang 
et  al., 2020). The polarity of association rules cannot be revealed by support and 
confidence. Therefore, to determine the polarity, it is required to calculate lift. Lift is 
calculated as the ratio between confidence and support.

3.3 � Fuzzy cognitive map (FCM)

A fuzzy cognitive map (FCM) is used as a tool to formalize understanding of con-
ceptual and casual relationships (Dickerson & Kosko, 1994). In an FCM, the casual 
relationship between concepts is demonstrated by fuzzy weights with positive and 
negative signs (Hajek et al., 2017). Each Cj concept can take values in the unit inter-
val [0, 1], commonly known as the “activation level” (Papageorgiou & Kontogianni, 
2012). The activation level can indicate membership in a fuzzy set describing the 
relative abundance of linguistic measures such as low, average, and high (Dickerson 
& Kosko, 1994).

A
(t)

i
 is the state vector that represents the values of the concept Ci in time 

t. Furthermore, the state of the whole FCM can be defined by the state vector 
A(t) = [A

(t)

1
,… .,A(t)

n
] .The value Ai of each concept Ci i in a moment t + 1 is calcu-

lated by adding the previous value of Ai in a previous moment t with the product of 
the value AiAof the cause node Cj in a previous moment t and the value of the cause-
effect link wij (Hajek et al., 2017). The value Aifor each concept Ci is computed as 
follows:

where t denotes time and A(t+1)

i
 is the value of concept Ci at time t + 1 , A(t)

j
 is 

the concept Cjvalue at time t  , wji is the weight that refers to the interconnection 
between concept Cjand concept Ci . In addition, f is an activation function. In the 
literature, causality is indicated by some nonlinear edge functions, such as the 
commonly used sigmoid function. In this paper, a sigmoid activation function is 
considered that gives values of concepts in the range [0, 1]. As a result of its 

(3)conf
�
An → Al

�
=

∑L

j=1
vjn ⊗ vjl

∑L

j=1
vjn

(4)lift
(
An → Al

)
=

conf
(
An → Al

)

supp
(
An → Al

)

(5)A
(t+1)

i
= f

⎛
⎜⎜⎜⎜⎜⎝

A
(t)

i
+

N�
j ≠ i

j = 1

A
(t)

j
.wji

⎞⎟⎟⎟⎟⎟⎠
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widespread application and positive outcomes (Kocabey Çiftçi & Unutmaz 
Durmuşoğlu, 2020), the sigmoid function is preferred. The mathematical formu-
lation of the sigmoid function is given as follows:

 where α is a real positive number that describes its steepness, and x is the value of 
A
(t)

i
 at the equilibrium point. The sigmoid activation function is utilized to constrain 

an unbounded weighted sum to a specific range, which limits quantitative analysis, 
but qualitative comparisons between concepts are allowed (Hajek et  al., 2017). A 
graphical representation of an FCM is illustrated in Fig. 1. In Fig. 1, the representa-
tive FCM consists of six concepts (C1 to C6) and thirteen weights (cause and effect 
relationships between concepts-wji).

The weight describes the cause and effect relationships between two concepts, 
and it takes a value in the range of − 1 to 1 (Markinos et al., 2007). Three pos-
sible types of causal relationships are seen for weight. The first one is if wji>0, 
which represents positive causality between two concepts ( Cj and Ci ). The sec-
ond one is if wji<0, which represents negative causality between two concepts 
( Cj and Ci ), and the last one is if wji=0, which indicates no relationship between 
two concepts.

FCMs represent causal relationships. In the proposed study, association 
rules are obtained via FARM. Association rules are utilized input for FCM. 
That means, each association rule in the FCM describes the causal relationship 
between items. The effects of concepts on each other are investigated using the 
causal relationships between items.

(6)f (x) =
1

1 + e−�x

Fig. 1   Graphical representation of FCM
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3.4 � Fuzzy C‑means

Clustering is the task of assigning sets of elements to a number of groups. Clus-
tering algorithms can be divided into two groups: the first is hard clustering, and 
the second is fuzzy (soft) clustering. In fuzzy clustering, elements in a dataset can 
belong to many clusters, and each element has a set of membership levels associ-
ated with it (Suganya & Shanthi, 2012). Fuzzy C-means is one of the most widely 
used fuzzy clustering algorithms. The fuzzy C-means uses fuzzy partitioning, which 
allows a data point to belong to any of the groups with membership grades ranging 
from 0 to 1 (Suganya & Shanthi, 2012). The algorithm is given as follows:

 where ‘ m ’ is a constant real number known as the fuzzifier that is greater than 1,uij 
is the membership degree of xi in cluster j , xi represents the ith of d-dimensional 
measured data, and cj is referred to as the d-dimension center of the cluster. � is the 
termination criteria between [0,1].

On the basis of the distance between the cluster center and the data point, this 
algorithm assigns membership to each data point corresponding to each cluster 
center.

4 � Methodology

Application of LDA, FARM, Fuzzy C-means, and FCM together is one of the core 
ideas of the proposed paper to obtain public opinion about vaccination during the 
coronavirus pandemic. The other idea is to make a scenario analysis to show cause 
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and effect relationships between proposed concepts. Depending on the COVID-19 
case numbers, tweets are gathered within specific date intervals. A total of 10,670 
tweets are gathered under “#anti-vaccine” and analyzed. That covers the pre-pro-
cessing stage and topic extraction. In the pre-processing stage, punctuation and stop 
words are removed, and tokenization is applied, respectively. The output of this pro-
cess has provided the input to the LDA process. In addition, some of the most fre-
quently used words in the document, such as “covid”, “covid-19”, “vaccine”, and 
“antivaccine” are removed in the pre-processing stage. Some of the tweets using the 
term “antivaccination” are likely to contain no mention of the COVID-19 vaccine. 
These tweets, however, are not deleted because they are the small part of the col-
lected data-set and do not have significant impact on the results. The study’s purpose 
is to figure out how society feels about COVID-19 vaccine in general. As a result, 
all tweets containing the hashtag “antivaccine” are grouped together, indicating how 
seriously people take this subject. According to the coronavirus cases in the world, 
tweets are collected by using the “#antivaccine” hashtag. The time periods consid-
ered in the proposed study are when the cases were at their highest and when the 
high case increases began to decline. As given in Fig.  2, at the beginning of the 
coronavirus pandemic, fewer anti-vaccine tweets are seen. Time intervals are taken 
in 10-day periods except for the last time period. It is possible to say that the number 
of tweets is related to the number of cases, but it’s more likely that it is tied to the 
experience gained through time.

The collected tweet data belongs to a kind of unstructured data. After the pre-pro-
cessing stage, it is required to make the data ready for analysis. Therefore, the LDA 
is used to translate textual data into structured data. Figure 3 illustrates the proposed 
tweet analysis, including sequential steps and techniques.

As shown in Fig.  3, the study considers tweets with the hashtag “antivaccine” 
using the Snscrape library in Python software. This study utilizes the LDA to put 
the FARM model to see the relations between keywords. FCM is considered with 
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Hebbian learning to update concept values and lift matrix. After the FCM operation, 
Fuzzy C-means is applied in order to cluster concepts. Finally, scenario analysis is 
used to understand the cause and effect relationships between concepts.

The LDA process is implemented using MATLAB software. According to Fig. 4, 
fitting the LDA model with 15–40 topics is a suitable choice. However, a better 
fit can be achieved by increasing the number of topics, but fitting the model takes 
longer. In order to reduce the processing time and gather results with sufficient per-
plexity, the number of topics is chosen as 15.

During the LDA analysis, all sentences are required to be divided into some 
words. In the process, document-to-topic probabilities are used. Each topic has its 

Fig. 3   Structure of the proposed analysis

Fig. 4   The number of topics for LDA
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own related keywords. The document number is taken as the tweet number. Each 
topic is considered an FCM concept, and the probability of each topic in the docu-
ment is taken into account as membership value. In Table 1, representative names of 
concepts, concept names, and their related keywords are given.

Concepts are described according to the term vector corresponding to each con-
cept. The 15 topics are the 15 conceptual nodes of FCM, namely, the 15 attributes of 
the anti-vaccine tweets. After the determination of the concepts, the FARM process 
is applied, and the causal relationships between concepts are discovered. In order to 
obtain the weight matrix that is used to find interconnection between items, the gen-
eral process of the FARM model is given as below:

In the FCM application, Hebbian learning is used for concept learning. Hebbian 
learning is an unsupervised technique that was first used to train artificial neural 
networks (Haykin, 1999). The fundamental aspect of this learning rule is that the 
change of a synaptic is computed by taking into account the flow of presynaptic and 
postsynaptic signals towards each neural network processing unit, that is, a neuron 
(Papakostas et  al., 2012). The reason behind using Hebbian learning drives from 
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their popularity and fast convergence to desirable FCM states (Papakostas et  al., 
2012), Hebbian learning is chosen for training in the proposed study. That means 
the learning methods used by Hebbians are relatively quick. Their performance is 
determined on the initial weight matrix and FCM structure (Ren, 2012). Rather than 
using traditional approaches, a machine learning algorithm (LDA) is used to deter-
mine initial weights. In Eq. 7, the formulation of the Hebbian learning algorithm is 
given.

 where η is the learning rate, which is taken as a positive constant, xi and yi are the 
signals of presynaptic and postsynaptic activation. Oja (1989) modified the above 
formulation to bring a solution to the stability problems. The generalized form of the 
Hebbian formulation is as follows:

In the proposed study, η is taken as 0.5 by trial and error. After the 20 iterations, 
components of the weight matrix are stabilized.

5 � Results and discussions

By comparing the support value of each association rule, a preliminary FARM 
model can be built with the association rules. First of all, it is required to set a mini-
mum support value (minsupp). The user-specific threshold support value is referred 
to as the “minimal support” (Dave et al., 2014). Next, some association rules that 
are less than the minimum support value are removed. In this paper, the minimum 
support value is considered from different perspectives. The minimum support value 
is found by calculating the average of all components in the support matrix, ignor-
ing the diagonal values. So, the minimum support value is set at 0.0041. Tables 2 
and 3 show the obtained support matrix and the support matrix under the minimum 
support requirement. In the same way, the minimum confidence value (minconf) is 
calculated. After that, some association rules that are less than the minimum con-
fidence value are removed. The minimum confidence value is found by calculating 
the average of all the components in the confidence matrix, ignoring the diagonal 
values. It is the user-specific threshold confidence value that is referred to as the 
“minimum confidence” (Dave et al., 2014). In Tables 4 and 5, the confidence matrix 
and the confidence matrix under the requirement of the minimum confidence are 
given. So, the minimum confidence value is set at 0.0613.

The degree of the lift value is the ratio of the confidence value to the support 
value, that is, the occurrence probability. Lift can be utilized to determine the polar-
ity of weight. In this paper, the average of all the components in the lift matrix is 
considered the threshold lift value. Therefore, for each association rule An→ Al , if 
lift value ( An→ Al ) = threshold lift value, then An and Al are independent of each 
other. If lift value > threshold lift value, then An and Al are positively correlated, 
that is, these two items appear together more frequently. In the same way, if lift 

(7)�wij = ηyi(n)xj

(8)�wij = ηyi(n)(xj(n) − yi(n)wij(n))
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value < threshold lift value, then An and Al are negatively correlated, namely, these 
two items appear together less frequently. Table 6 demonstrates the lift matrix.

It is seen that there is no negative value in the lift matrix because of the scan-
ning of tweets with specific hashtag on Twitter. However, the important point is the 
strength of the relationships among words. Therefore, the components in the lift 
matrix that are under the threshold value (average value) are considered infrequent 
words. The threshold lift value is set at 15.2458.

Based on the general FARM process, the weight matrix is given in Table 7.
After removing negative correlations (under threshold value) and zero compo-

nents, the main rules are accessed. As shown in Tables 7 and 109 rules remained to 
be processed. Next, indegree, outdegree, degree centrality, and centrality concept 
values are calculated as seen in Table 8. In addition, Fig. 5 demonstrates the rela-
tionship between concepts by considering weights.

The degree centrality of the item An is calculated as follows (Liang et al., 2020):

The indegree value refers to the sum of the weight of all association rules point to 
this item. The outdegree value refers to the sum of the weight of all association rules 
point out from this item. The centrality of concept values is defined as follows:

The network includes 15 concepts and 109 edges with their weights that dem-
onstrate the negative and positive effects of each concept on another. For example, 
there is no direct effect of C1 on C2, and no link is demonstrated between these two 
concepts. Another example related to the network is that C6 has a negative effect 
on C3. After the determination of concept values, FCM can be used to find updated 
concept values and a lift matrix to use for clustering. In Table 9, the updated weight 
matrix after the FCM implementation is given.

The updated weight matrix is taken as the distance matrix and used for Fuzzy 
C-means clustering. In addition, concept values are updated as follows:

C=(0.6231, 0.6148, 0.2963, 0.3378, 0.01401, 0.6197, 0.6214, 0.2238, 0.1486, 
0.1637, 0.6214, 0.1473, 0.0136, 0.0134, 0.085).

Updated concept values demonstrate that “C1-Anti-vaccine movement via celeb-
rity”, “C2-Health care crisis”, “C6-Conservative anti-vaccine people”, “C7-Social 
media fallacy“, and “C11-Misleading information for health” are the most powerful 
factors in the document. Following, it is said that “C3”, “C4”, and “C8” are power-
ful, but they are not as effective as the above.

After the application of Fuzzy C-means, obtained 3 clusters are demonstrated in 
Fig. 6.

The weight matrix that is obtained from the FCM application is used to aggregate 
clusters. As a result, the proposed study’s clustering approach allows for the deriva-
tion of clusters with strong concepts and which clusters are more effective than the 

(9)Degree centrality
(
An

)
= Outdegree

(
An

)
+ Indegree

(
An

)

(10)ci =
Degree centrality

�
An

�
∑15

i=1
Degree centrality

�
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others. Clustering is additionally used to show related topics. As a result, the topics 
with the greatest overlap are looked at.

Most of the concepts in cluster 1 are the strongest, and cluster 2 comes after 
cluster 1 in that aspect. Lastly, the weakest concepts take their place in cluster 3. 

Table 8   Indices of the FCM

Concept Indegree Outdegree Degree Centrality Centrality of 
Concept Values 
(c)

C1 0.000 0.163 0.163 0.011
C2 0.000 0.508 0.508 0.033
C3 1.061 0.624 1.685 0.109
C4 1.225 0.613 1.838 0.118
C5 0.680 0.634 1.314 0.085
C6 0.000 0.308 0.308 0.020
C7 0.000 0.235 0.235 0.015
C8 0.951 0.626 1.577 0.102
C9 0.562 0.637 1.199 0.077
C10 0.588 0.636 1.224 0.079
C11 0.000 0.235 0.235 0.015
C12 0.577 0.636 1.213 0.078
C13 0.660 0.637 1.297 0.084
C14 0.670 0.634 1.304 0.084
C15 0.782 0.630 1.412 0.091

Fig. 5   The network of the proposed FCM
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Therefore, cluster 1 is the most effective cluster, which is followed by clusters 2 
and 3 in order.Cluster 1 includes concepts such as “Anti-vaccine movement via cel-
ebirity”, “Healthcare Crisis”, “Conservative anti-vaccine people”, “Social media 
fallacy’, and “Misleading information for health”. Therefore, cluster 1 indicates the 
problems related to issues arising from the pandemic. Namely, the effects of the 
pandemic on the health system, society, and misleading information related to the 
pandemic.

Cluster 2 contains the concepts “Criticism on anti-vaccine idea,“ “Uprising”, 
“Against precaution-free behavior”, “Freedom of decision”, “Falsified news in social 
media”, “Insultation”, “Anti-vaccine people”, and “Make wearing mask significant”. 
When it comes to cluster 2, it can be said that tweets mostly related to the reaction of 
society against emerging issues are included.

Cluster 3 covers the concepts of “USA politic” and “Political decision in favor of 
provaccine”. In cluster 3, tweets with the focus of politics are observed.

5.1 � Scenario analyses

For the scenario analysis, the updated concept values are considered. The sigmoid 
function is used to demonstrate the equilibrium point for concept values. By consid-
ering Eq. 6, α, namely, steepness is considered to be between 0.01 and 0.9.

Fig. 6   Representation of the clusters after the fuzzy c-means
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In the proposed study, six scenarios are analyzed and illustrated.

5.2 � Scenario 1

An increase of the strongest concept of C1, that is, “Anti-vaccine movement via 
celebrity”, causes to an increase on the “Health care crisis”, “Criticism on anti-vac-
cine idea” and “Uprising”, “Conservative anti-vaccine people”, “Social media fal-
lacy”, and “Misleading information for health“. Namely, as the anti-vaccine move-
ment among celebrities rises, so does public protest and criticism.

5.3 � Scenario 2

C2 is one of the most powerful concepts, that is, “Health care crisis “. An increase 
in this concept leads to positive changes in many other concepts including “Anti-
vaccine movement via celebirity “, “Criticism on anti-vaccine idea”, “Uprising”, 
“Against precaution-free behaviours”, “Conservative anti-vaccine people”, “Social 
media fallacy”, “Freedom on decisions”, “Misleading information for health “, and 
“Make wearing mask significant”.

5.4 � Scenario 3

If the concept of C3, that is, “Criticism on anti-vaccine idea” decreases, many con-
cepts are affected both positively and negatively. That means concepts like “Against 
precaution-free behaviours”, “Insultation”, and “ Anti-vaccine people are increased 
by the decrease of C3. Furthermore, as the C3 value decreases, the concepts of 
“USA politics,“ “Falsified news in social media,“ and “Political decision in favor of 
provaccine” decrease.

5.5 � Scenario 4

Concept C6 refers to “Conservative anti-vaccine people”. With the increase of this 
concept, many other concepts such as “Anti-vaccine movement via celebirity”, 
“Health care crisis”, “Criticism on anti-vaccine idea”, “Uprising”, “Social media 
fallacy”, “Freedom on decisions”, “Misleading information for health”, and “Make 
wearing mask significant” are increased.

5.6 � Scenario 5

The other strongest concept of C7, which is “Social media fallacy”, is the impor-
tant factor in order to manipulate of people idea. It can cause provocation. When 
this concept value is increased, “Anti-vaccine movement via celebirity “, “Health 
care crisis”, “Criticism on anti-vaccine idea”, “Uprising”, “Conservative anti-vac-
cine people”, “Freedom on decisions”, and “Misleading information for health” 
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increases. In the same way, these factors are negatively affected when the “Social 
media fallacy” is decreased.

5.7 � Scenario 6

When the concept of C11 “Misleading information for health” is taken into con-
sideration, a decreases in this concept causes decreases in the “Anti-vaccine move-
ment via celebirity”, “Health care crisis”, “Conservative anti-vaccine people”, and 
“Social media fallacy”.

The results of the scenario analysis are provided in Table  10. In addition, the 
changed values of concepts are indicated in bold font for each scenario.

In Table 10, the summary of the scenario analysis is given. From Table 10, it can 
be concluded that changes in C9, C10, C12, C13, and C14 depend on only changes 
in C3. In addition, the change in C15 is driven by the change in the concepts of C2 
and C4. In a nutshell, the strongest concepts have a widespread effect on the rest of 
the concepts.

6 � Conclusion

In this study, anti-vaccine related tweets are deeply analyzed. Based on the ana-
lyzed data, the attributes (concepts) are extracted by using the LDA. Relation-
ships between the concepts are investigated by constructing the FCM under 
the guidelines of the association rule mining. Concepts are clustered via fuzzy 
c-means in order to provide a new perspective on them. Furthermore, a sce-
nario analysis is conducted to show the effects of each concept on the other. This 

Table 10   The results of the scenario analyses

Concepts No change Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario5 Scenario 6

C1 0.62317 0.98 0.64317 0.62317 0.64317 0.64317 0.61317
C2 0.61483 0.63483 0.98 0.61483 0.63483 0.63483 0.60483
C3 0.29638 0.30638 0.30638 0.1 0.30638 0.30638 0.29638
C4 0.33781 0.34781 0.34781 0.33781 0.34781 0.34781 0.33781
C5 0.01401 0.01401 0.02401 0.02401 0.01401 0.01401 0.01401
C6 0.61973 0.63973 0.63973 0.61973 0.98 0.63973 0.60973
C7 0.62145 0.64145 0.64145 0.62145 0.64145 0.98 0.61145
C8 0.22386 0.22386 0.23286 0.22386 0.23286 0.23286 0.22386
C9 0.14863 0.14863 0.14863 0.13863 0.14863 0.14863 0.14863
C10 0.16374 0.16374 0.16374 0.15374 0.16374 0.16374 0.16374
C11 0.62145 0.64145 0.64145 0.62145 0.64145 0.64145 0.52 
C12 0.14739 0.14739 0.14739 0.13739 0.14739 0.14739 0.14739
C13 0.01366 0.01366 0.01366 0.02366 0.01366 0.01366 0.01366
C14 0.01342 0.01342 0.01342 0.02342 0.01342 0.01342 0.01342
C15 0.08512 0.08512 0.09512 0.08512 0.09512 0.08512 0.08512
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method can provide a new viewpoint for decision-makers to understand reason 
behind the attitude of anti-vaccination and some of the factors that influence the 
concepts of anti-vaccine related tweets. Finally, the following are the implications 
of the proposed study:

•	 Cluster 1 represents the concerns resulting from the pandemic. Specifically, the 
pandemic’s consequences on the healthcare system, society, and false informa-
tion about the pandemic.

•	 Regarding cluster 2, it can be claimed that tweets mostly relating to society’s 
response to emerging challenges are included.

•	 Politics-related tweets can be seen in cluster 3.
•	 The most strongest concept is “anti-vaccine movement via celebrity”. Celebrity 

anti-vaccination activism is growing, and so are public protest and criticism.
•	 “Health Care Crisis” and “Social media fallacy” are the other strongest concepts.

Some limitations can be seen in the proposed study. First, tweets are gathered by 
searching “anti-vaccine” keyword and hashtag. However, it is possible that there are 
other tweets that do not contain this hashtag but are relevant to the topic. Second, 
tweets that were posted in English are only considered due to the difficulties in ana-
lyzing them in various languages together. Therefore, the results can be more typical 
of English-speaking populations.

For future studies, different languages other than English can be analyzed to have 
different perspectives on vaccination topics. In addition, heuristic approaches can be 
generated for large size datasets in order to construct an FCM model.
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