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Despite extensive research studying the opinions on vaccination since the outbreak of COVID-19, the 
dynamics of temporal opinion shifts of individuals and their possible origins have been rarely studied. 
Here, we explore the possible influence of social interactions (retweet network) on individual’s opinion 
shift related to vaccinations based on large-scale Twitter data in Japan. We use an opinion score which 
calculates the fraction of pro-, neutral and anti-vaccine tweets to measure the dynamic changes of 
individual opinions, and identify statistically significant communities based on retweet network. By 
tracking individual’s dynamic opinion and its community affiliation, our study highly suggests that 
the opinion shifts are largely influenced by the user’s Twitter community. That is, if users are within 
the anti-vaccine (or pro-vaccine) community, they exhibit a significantly higher likelihood of changing 
their position and adopt an anti-vaccine (or pro-vaccine) stance. We also find that the anti-vaccine 
community’s influence appears to persist longer than the pro-vaccine community.
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Vaccine is proven effective to reduce death tolls caused by COVID virus1. However, unsurety and unwilling 
to being vaccinated against COVID-19 is a major challenge worldwide for improving vaccination coverage. 
According to the Vaccine Confidence Survey conducted by Lancet in 149 countries2, Japan has one of the lowest 
rates of vaccine confidence in the world. Indeed, Japan started first dose in April 2021, much later than most 
other developed countries like the US or the UK who started vaccination in Dec 2020. In January 2021, the 
Japanese government appointed a minister of vaccine to start promoting and rolling out vaccination3. Within 
half a year after the vaccination started, Japan achieved a vaccination rate higher than most countries ​(​​​h​t​t​p​
s​:​/​/​o​u​r​w​o​r​l​d​i​n​d​a​t​a​.​o​r​g​/​c​o​v​i​d​-​v​a​c​c​i​n​a​t​i​o​n​s​​​​​)​. Both the first and second doses covered almost 80% of Japanese 
population. The booster started in December 2021 and reached a vaccination rate of over 60%, which is lower 
than the first and second doses. Thus, understanding the fundamental mechanisms for vaccine opinions and 
their shifts at individual levels in Japan could help understand the general opinion shifts and specifically in 
promoting vaccination.

Researchers in Japan investigated the possible reasons that affect perceptions towards the COVID-19 
vaccine in Japan through surveys4, or by analyzing social media and web data5,6. Some studies focused on the 
characteristics of the anti-vaccine accounts to understand how this minority group expands its influence7,8. 
However, most research focused on aggregated group perceptions without delving into a detailed understanding 
of why individuals change their opinions.

To bridge this gap, we study Twitter (now renamed as X) which offers the advantage of enabling longitudinal 
analysis of individual activities. Twitter is the most popular public social media platform in Japan, covering a 
wide range of age groups and balanced between genders9. Twitter is widely used by researchers studying social 
networks and opinion diffusion10–12. We collected for our analysis more than 100 million Japanese tweets and 
retweets related to the COVID-19 vaccine posted between January 2020 and May 2022 (for more details, see 
section “Dataset”). Using Twitter data, we track here individual users’ opinion changes and track their long-
term connections with other users based on retweets. Then we test whether and how Twitter communities are 
related to individual opinion shifts. (It is important to note that retweeting does not equate to expressing an 
opinion, as suggested in a survey by Metaxas et al.13. Rather, retweeting signifies the retweeter’s interest and 
attention to the message. Therefore, we posit here that original tweets reflect individual’s opinions, whereas the 
retweets represent the influence of other users.) Similar to social networks which exhibit nontrivial clustering 
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and assortative mixing14,15, studying these Twitter communities could aid in comprehending the substructure of 
networks and observing the characteristics of user behaviors.

Previous research that examines vaccine opinions (not limited to COVID-19 vaccines) from a community 
perspective has predominantly focused on non-evolving but accumulated static networks. These studies have 
observed the presence of polarized pro-vaccine and anti-vaccine communities, which often results in an echo 
chamber effect, particularly within the anti-vaccine community16–18. However, we argue here that there exist 
primarily two important gaps in the existing body of work.

First, despite the fact that social communities and opinions co-evolve with time, prior studies have not 
simultaneously tracked the dynamic shifts considering both opinions and communities. Most research studying 
the co-evolution of opinion dynamics and group structures is based on modeling and simulations without the 
support of empirical data19. In addition, while there have been a few investigations into community changes 
based on empirical data20,21, they have not elucidated how these communities are related to the dynamic shifts 
in individual opinions. In contrast, the present study analyzes in scales of quarter years (every 3 months) the 
simultaneous evolution of both individual opinions and communities during a span of 2.5 years.

Second gap, most existing studies have been focused solely on studying collective opinion changes22,23, 
without tracing individual’s opinion changes to comprehend the underlying mechanisms contributing to the 
collective opinion shifts. On the other hand, most research studying the individual opinion dynamics focus 
on modeling. To bridge this gap, we assess individual users’ opinions using an opinion score-a floating-point 
variable ranging from −1 (anti) to 1 (pro). This opinion score is derived from the fractions of a user’s tweets 
classified as pro-vaccine, neutral, or anti-vaccine by a machine learning classifier. This scoring system not only 
indicates stances but also assumed to quantify the strength of opinions and the degree of opinion changes, 
facilitating nuanced analysis of individual opinion shifts. While opinion scores are commonly utilized to model 
opinion dynamics related to political polarizations24,25, only very few studies26 have measured individual vaccine 
opinion changes based on large-scale data.

The structure of our paper is as follows: We begin by providing an overview of user opinion profiles, 
showcasing opinion transitions at both the group and individual levels across different vaccination stages. 
Subsequently, we identify communities and track their dynamic changes on a monthly basis to comprehend 
how community structures evolve over time. Finally, we combine the temporal opinion changes of individuals 
and community evolution to unveil the impact of communities on opinion shifts.

Results
Individual opinion shifts from pre-vaccination to the completion of the third dose
We employ a machine learning-based opinion classifier (for details, see section “Vaccine opinion classification”) 
to extract pro-, anti-, and neutral opinions from tweets. Our primary objective is to comprehend individual 
opinion shifts. We introduce a variable called the opinion score, denoted as Oi

t, to measure individual opinions.
We quantify here the opinion score based on the following principles: (1) A user’s opinion is measured by 

the fraction of their tweets labeled as pro-, neutral-, or anti-vaccine; (2) We define the opinion score Oi
t as a 

number ranging from −1 to 1, see Eq. (1). The sign of the score represents vaccine preference (positive for pro-
vaccine and negative for anti-vaccine), while the absolute value reflects the extremity of the stance. For example, 
a user who exclusively posts pro-vaccine tweets will have an opinion score of 1, whereas a user who exclusively 
posts anti-vaccine tweets will have a score of −1. Users who post a mix of stances or a greater fraction of neutral 
tweets will have a score closer to 0, indicating a less extreme position. Accordingly, we use NP i

t , NN i
t , NAi

t to 
represent the number of tweets posted by user i during time window t that are classified as pro-, neutral-, and 
anti-vaccine, respectively. The opinion score can be computed as Eq. (1).

	
Oi

t = NP i
t − NAi

t

NP i
t + NAi

t + NN i
t

.� (1)

This evaluation is modeled as a multinomial distribution, where each independent tweet exhibits one of the pro-, 
neutral and anti-vaccine opinions. However, this approach is susceptible to noise, particularly when the sample 
size is small. In the Appendix A2, Fig. A2 shows that when the tweet count is below 5, the opinion scores tend 
to be more noisy and less reliable. Therefore, we stipulate that the sum of pro-vaccine, neutral, and anti-vaccine 
tweets (NP i

t +NN i
t +NAi

t) must exceed 5 to ensure statistical reliability. In the Appendix A2, we also explore 
the utilization of Bayesian inference to predict a user’s opinion (posterior probability) based on both the actual 
observation and prior probability. The results obtained through Bayesian inference (as is shown in Fig. A3 and 
A4) do not significantly differ from those obtained using the current approach (the detailed comparison is 
provided in Appendix A11).

To determine the opinion category of each user, we partition the opinion score’s range [-1, 1] into three evenly 
sized bins, considering −1 ≤ Oi

t < −0.3 as anti-vaccine, −0.3 ≤ Oi
t ≤ 0.3 as neutral, and 0.3 < Oi

t ≤ 1 as 
pro-vaccine.

Trend of pro-, neutral-, anti-vaccine opinions
Figure 1a illustrates the time series of opinion fractions by count of users who tweeted more than 5 times during 
each time window of 1 month. It provides an overview of vaccine opinions over the span of 2.5 years, categorized 
into three phases: phase 1 (pre-vaccination), phase 2 (first and second doses), and phase 3 (the booster dose). 
Notably, during phase 1, neutral opinions dominated. Throughout phase 2, pro-vaccine opinions gradually 
increased and eventually surpassed neutral opinions in the third quarter of 2021. The fraction of anti-vaccine 
and neutral opinions increased once again between phase 2 and phase 3. The surge in anti-vaccine user fraction 
during this period could be attributed to a few reported cases of myocarditis, as indicated by relevant keywords. 
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Fig. 1.  User opinion profiles and the distribution of opinion transitions. (a) Monthly fraction of opinions 
evaluated by the fraction of users and total number of users. Individual users’ opinions on month t are 
determined by calculating their opinion scores using Eq. (1). This calculation aggregates one month of tweets 
posted by each user starting from day t (only users with multiple tweets are considered). Users are classified as 
pro-vaccine if their opinion score is greater than 0.3, as anti-vaccine if their opinion score is below −0.3, and 
as neutral otherwise. (b) Heatmap illustration of opinion transitions between phase 1 (pre-vaccination), phase 
2 (the first and second dose), and phase 3 (the third dose). The y-axis represents users’ opinion scores in the 
previous phase, while the x-axis represents their opinion scores in the subsequent phase. This analysis includes 
only users who posted more than 5 tweets in each of the successive phases. The color intensity corresponds 
to the density of users, with darker shades indicating higher densities. The annotated numbers in the figure 
indicate the fraction of users transitioning from one opinion category to another. (c,d) Semi-log PDF plot 
shows the opinion difference ∆Oi

t of users with different outdegrees and tweeting activities. The errorbar is 
calculated by 

√
p(1 − p)/n where p represents the PDF of ∆Oi

t and n represents sample size.
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These cases may have sparked public fear and concern regarding the COVID-19 vaccine. In phase 3, the fraction 
of pro-vaccine users experienced another surge and became dominant again. Figure 1a also shows the monthly 
total number of users who tweeted over 5 times. The number of users talking about vaccination drastically 
surged in the second quarter of 2021 when the first dose of vaccination started.

Individual opinion shifts
Figure 1b illustrates the density of individuals transitioning their opinions from one score to another between 
the phases (pre-vaccination, the first/second dose and third booster dose). To ensure cohort consistency, here we 
include only users who tweeted more than five times in successive phases (in each phase 1 and 2, or each phase 
2 and 3). In both subplots, darker colors (denser population) are observed near the diagonal, indicating that 
people tend to undergo moderate shifts in opinion.

As annotated in Fig. 1b, during the transitions from phase 1 to phase 2 and from phase 2 to phase 3, the 
majority of users maintain a neutral opinion, although the fraction in the first transition period is significantly 
higher than in the second (61.2% vs. 40.4%). In both periods, users holding a neutral opinion are 3 to 4 times 
more likely to shift to a pro-vaccine stance than to an anti-vaccine stance. Drastic shifts from a pro-vaccine to 
an anti-vaccine stance or vice versa are rare, constituting less than 0.1%. Between phase 2 and phase 3, a higher 
percentage of users maintain a pro-vaccine opinion (15.6%) compared to the transition between phase 1 and 
phase 2 (5.3%). Additionally, it is noteworthy that users holding an anti-vaccine opinion are unlikely to change 
their stance, with less than a 20% chance of doing so.

To further investigate the extent of individual opinion shift, we calculate the opinion difference for each 
user (∆Oi

t = Oi
t − Oi

t−1), where (t-1) represents the preceding phase and t represents the successor phase. 
Figure 1c and 1d depict the semi-log probability density function (PDF) of opinion difference between 3 phases 
for users with different outdegree and tweeting activity. We observe that users with a larger outdegree (more 
people retweeting this user) or a higher tweet count exhibit less opinion change, as indicated by a narrower “∧
” shape in the PDF curve. In these figures we do not differentiate the phases because the results do not show 
significant difference (details are provided in Appendix A3—Fig. A5).

Twitter communities based on the retweet network
We construct a network using retweet data to establish connections between users who retweeted one another. 
In this network, each node represents a user, and each directed link signifies a retweeting interaction. If user i 
retweets user j a total of k times, we create a directed link from user j to user i with a weight of k.

Six key communities
We begin by detecting communities within the static network by accumulating the entire 2.5-year dataset. This 
static network serves as a reference point for identifying dynamic communities. Constructing the network from 
81 million retweets, we establish a network having 3 million nodes and 43 million links. Employing the Ensemble 
Louvain method27,28 (see section “Dynamic community detection”), we uncover six major communities, each 
containing more than 5% of the total network ’s nodes, collectively covering 83% of all nodes. To examine 
the statistical significance of these communities, we introduce a new statistical test that compares the actual 
communities to random ones. We demonstrate that all these six communities are statistically significant, 
with p-values smaller than 0.05 (see the statistical test method in the section “Significance test on individual 
communities”).

To support the identities of these communities, we used three sets of samples: 

	(1)	 Representative Users: we selected 20 most influential users (see examples in appendix Table A4) with the 
highest outdegree from each of the 6 communities, obtained their user profiles and sampled 10 tweets from 
each user.

	(2)	 Hashtags: we selected the 20 most frequent hashtags (see examples in Fig. 2b) from each of the 6 communi-
ties.

	(3)	 Keywords: we selected the 20 most frequent keywords from each of the 6 communities.

To label these datasets, we employed two independent annotators. The annotators referred to previous research 
on vaccine communities17,18,26, which commonly identified four types: pro-vaccine, anti-vaccine, pet, news and 
political communities. In cases where there was disagreement between the two annotators, a third annotator was 
consulted to resolve the discrepancies.

We identify the six communities with respective percentages as follows: pro-vaccine (46%), news (8%), anti-
vaccine (8%), pet-hobby (8%), left-wing (7%), and right-wing (6%).

In Fig.  2a, we visualize nodes and links with weights exceeding 10 (retweeting over 10 times). The 
visualization clearly reveals polarization between the pro-vaccine and anti-vaccine communities, as well as 
between the right-wing and left-wing communities. In the Appendix A6 we provide additional information on 
communities, in particular details on the inter-community link matrix (Table A5) and demonstrate how these 
communities interact with each other throughout the pre-vaccination, first/second dose, and third dose periods 
(Fig. A8). From the network visualization and the inter-community interactions, we observe that the right-wing 
and left-wing communities interact with both the pro-vaccine and anti-vaccine communities, while the news 
community is closely situated between the pro-vaccine and left-wing communities. In comparison, the pet-
hobby community appears to be more peripheral.
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Fig. 2.  Visualization of the network communities. (a) The interaction between the key communities. The 
network graph is generated using Gephi, a network visualization tool. We only include here links with weights 
exceeding 10, which retains 5% of the nodes and 30% of the weighted links. (b) Hashtag word cloud shows 
the 10 hashtags with the highest TF-IDF score (fraction of the frequency of a hashtag in a specific community 
versus its frequency across all communities). (c) Sankey chart illustrating the evolution of key communities 
when moving by a single month. Each bar symbolizes a community, with its height being proportional to the 
community’s size. The grey links represent the fraction of users transitioning from the previous community to 
the succeeding community (only links involving more than 1% of users are visualized). Nodes that have been 
newly introduced or removed are not included in this figure. (d) The evolving fraction of users within each 
community shown in (c) over time.
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The presence of political communities
Of particular interest is the political community’s involvement in vaccine-related discussions. Through sample 
checks and keyword analysis, we discern that the right-wing community comprises government supporters (given 
that Japan’s ruling party is right-wing) who advocate for the government’s vaccine messages. It also encompasses 
nationalist groups disseminating conspiracy theories about the origin of the COVID-19 virus. The left-wing 
community involves politicians from opposing parties who endorse vaccines but criticize the government for 
alleged mismanagement, including vaccination delays. This community also comprises individuals critical of 
the government, suspecting hidden motives behind vaccination campaigns. Consequently, both pro-vaccine 
and anti-vaccine users coexist within the right-wing and within the left-wing communities. This observation 
contrasts with certain other countries, such as the US, where the right-wing and left-wing communities exhibit 
distinct vaccine leanings. For example, in the US, the right-wing (Republicans) tends to lean more towards anti-
vaccine sentiments29.

The interactions between the political communities and the pro- or anti-vaccine communities change over 
time. In Fig. A8 we show the interactions between communities throughout the 3 phases. When the first dose 
of vaccination started, both the left and the right-wing communities interacted more with the pro-vaccine 
community than with the anti-vaccine community, where the left-wing community exhibits a more heightened 
activity. However, after the third dose of vaccination began, both the left and the right-wing communities 
interacted much more heavily with the anti-vaccine community.

Monthly evolution of the key communities
We construct network snapshots using a window size of 3 months when sliding it in steps of 1 month. The 
reason for choosing a 3-month time window is that it generates stable dynamic communities without excessive 
overlapping (see Fig. A6). We then detect communities for each snapshot and track the communities across 
adjacent time windows (detailed in the section “Dynamic community detection”).

The Sankey chart in Fig, 2c illustrates the evolution of communities over time. Each bar represents a 
community detected in each time window. The height of a bar indicates the relative size of the community, and 
the grey links connecting communities show the fraction of users moving from one community to another. We 
adopted the Louvain method to detect communities in each network snapshot, which can lead to a resolution 
issue30, since the minimum detectable community size depends on the network size. As shown in Fig. fig1a, the 
number of users (network size) varies over time, causing the natural communities to split or merge occasionally 
(e.g., the navy pro-vaccine communities merged around July 2021). To overcome this problem, we compared the 
similarity of nodes between precursor and successor communities to understand their evolution. Additionally, 
we selected the 100 most influential users from each of the six communities detected in the static network as core 
users and tracked their community affiliation to group the sub-communities. For more details, please refer to the 
section “Dynamic community detection”.

Keywords analysis aids in comprehending these changes. For instance, users move between the pro-vaccine 
and news communities in late phase 1 and phase 2, because both pro-vaccine and news communities share 
updates on vaccination progress. Users transit between the anti-vaccine and political communities, where 
political groups leverage discussions about vaccines to promote their political ideologies. A notable example is 
the merger of the left-wing and anti-vaccine communities in January 2020, which is probably spurred by rumors 
accusing the government of profiting from vaccines. Similarly, the anti-vaccine and right-wing communities 
merged in November 2020, probably due to the spread of conspiracy theories suggesting that COVID-19 was 
engineered in a laboratory, thereby casting doubt on vaccine efficacy.

In Fig. 2d, we present the evolving fraction of communities over time. Notably, the pro-vaccine community 
consistently maintains dominance. It begins to grow and surpasses the 50% mark since November 2020, 
coinciding with Pfizer’s announcement of a vaccine efficacy of 90% with no significant safety concerns (​h​t​t​
p​s​:​​/​/​w​w​w​.​​b​u​s​i​n​e​​s​s​w​i​r​e​​.​c​o​m​/​ ​n​e​w​s​/​h​o​m​e​/​2​0​2​0​1​1​0​9​0​0​5​5​3​9​/​e​n​/). The pro-vaccine fraction experiences a slight 
decline during the beginning of phase 3. Conversely, the anti-vaccine community remains notably smaller. Its 
fraction diminishes during the second phase but rebounds in the third phase. Despite its size, the anti-vaccine 
community emerges as the most densely connected and highly active community across all phases (see Fig. 
A9). The news, left-wing, and right-wing communities exhibit relatively larger fractions in the first phase, which 
subsequently decrease in the second and third phases. By combining these findings with the changes in inter-
community interactions (Fig. A8) it becomes apparent that not only the size fractions but also the interaction’s 
focal points shift over time. Specifically, in phase 1, the interactions between communities are more diverse 
and more evenly distributed across the key communities. However, in phase 2 the focal point of interaction 
shifts towards the pro-vaccine community, and in phase 3 the focal point further shifts towards the anti-vaccine 
community.

Possible impact of communities on individual opinion shifts
Composition of opinions in each community
We first present an overall picture of opinion profiles towards vaccination in each community. Specifically, 
we explore the composition of opinions within each community. Using the same approach as in Fig. 1b, we 
assign individual users to pro-, neutral-, or anti-vaccine categories based on their opinion scores. Subsequently, 
we compute the fraction of users within each opinion category for every community. Figure  3a shows the 
distribution of opinions across communities during the first and second dose (phase 2). The results of all three 
phases are provided in Fig. A10.

Our observations reveal that communities possess different opinion profiles towards vaccination. The pro-
vaccine and pet-hobby communities exhibit a greater presence of pro-vaccine users, followed by the news 
communities. In contrast, the anti-vaccine community consistently maintains a high fraction of users (above 
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70%) holding anti-vaccine opinions across all three phases. Both the right-wing and left-wing communities are 
predominantly populated by neutral users. The composition of opinions within each community changes over 
time. The fraction of pro-vaccine users was the lowest in the first phase when the vaccination has not yet started, 
followed by a surge in the second phase and a slight drop in the third phase. Therefore, it is meaningful to study 
the possible influence of an individual’s community on opinion shifts in a dynamic way.

To perform a more detailed analysis on the individual opinions within each community, we plot Fig. 3b 
the distribution of individual’s opinion score Oi across varying levels of influence (measured by outdegree 
centrality). Here, a user’s opinion score and outdegree are calculated by averaging the monthly opinion score 
and monthly outdegree of this user. Figure 3b not only shows the distinction of opinions between communities 
similar to Fig.  3a, but also the difference between users with high and low influence (outdegree). Evidently, 
users with higher outdegree tend to lean more towards a neutral stance. This trend is observable across all 
communities, except for the anti-vaccine community. Upon scrutinizing the posts shared by top influential 
users, we understand that influencers in pro-vaccine community (e.g. doctors, official government accounts) 
often disseminate scientific findings, statistical data, and official announcements, while influencers in the anti-
vaccine community actively share aggressive anti-vaccine contents. The profile of top-influencing users in each 
community are provided in Table A4.

Probability of opinion shifts conditioned on community affiliation
In our analysis, we observed that the influencers tend to exhibit greater opinion persistence, while the receivers 
appear to be more variable in changing their opinions. The distinction in the distribution of opinions becomes 
particularly pronounced between users with an outdegree exceeding or less than 100 (see Fig. 3b). Consequently, 
we define those with an outdegree exceeding 100 as influencers and those with an outdegree less than 100 as 
receivers, then we conduct a separate examination of opinion shifts for influencers and receivers.

We measure the influence of community on opinion change using the following conditional probability. Let 
V i

t  be the opinion category of a user i at time t, which is determined based on the opinion score Oi
t. Similarly, we 

use Ci
t  to denote the community that user i is affiliated to at time t. The conditional probability (Eq. 2) calculates 

what is the probability of a user holding an opinion V i
t+1 at time t+1 given that he or she held an opinion V i

t  and 
was in community Ci

t  at time t.

	
P (V i

t+1|V i
t , Ci

t) = P (V i
t+1, V i

t , Ci
t)

P (V i
t , Ci

t)
.� (2)

We employ a dynamic community detection method with a 3-month window and 1-month sliding interval, and 
correspondingly we calculate users’ opinion score with a time frame of 3 months. In other words, the temporal 
difference between t+1 and t corresponds to a span of 3 months. In addition, we notice that users may not be 
active in all time windows. For example, a user may tweet at time t and stay silent until t+2. If we only compare 
the opinions between consecutive time t and t+1, we may neglect such less active users. To mitigate this concern, 

Fig. 3.  Mixture of opinions in each community. (a) Fraction of opinions in each community across 3 phases. 
The heatmaps present the average user fraction associated with various opinions within each community. 
Each row sums to 1. The y-axis denotes the different communities, while the x-axis represents the opinion 
categories. (b) Density distribution of users based on opinion score and logarithmic outdegree. The opinion 
score (x-axis) is computed by taking the monthly average opinion score of a user. The logarithmic outdegree 
(y-axis) is derived from the monthly average outdegree of a user within the dynamic network. Both averages 
are computed excluding periods of user inactivity.
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we adjust the preceding opinion V i
t  and community Ci

t  to be the most recent opinion V i
k  and community Ci

k  
when the user was active before t+1 (k<t+1). To track individual users’ opinion changes and ensure cohort 
consistency, our analysis includes only users who tweeted more than five times in each of the successive time 
windows (e.g., users who tweeted in each Q1 and Q2 2021). Figure A16 shows the number of users included in 
this analysis.

Here we give a detailed example to explain how to apply Eq.  (2). To calculate the conditional 
probability that a user holds a pro-vaccine opinion in Q2 2021, given that the user held an anti-
vaccine opinion and affiliated with the anti-vaccine community in Q1 2021, we apply Eq.  (2) as follows: 

P (V i
t+1 | V i

t , Ci
t) = P (V i

t+1,V i
t ,Ci

t)
P (V i

t
,Ci

t
) = N(V i

t+1,V i
t ,Ci

t)/N

N(V i
t

,Ci
t

)/N
= N(V i

t+1,V i
t ,Ci

t)
N(V i

t
,Ci

t
) , where N represents the total 

number of users that were active between Q1 to Q2 2021, N(V i
t+1, V i

t , Ci
t) represents the number of users 

affiliated with the anti-vaccine community in Q1 2021 and changed their opinion from pro- to anti-vaccine 
between Q1 and Q2 2021, and N(V i

t , Ci
t) represents the number of users affiliated with the anti-vaccine 

community in Q1 2021 and held an anti-vaccine opinion at the same time.
Figure 4a illustrates the conditional probability of receivers transitioning between different opinion categories, 

with (colored line) or without (dotted black line) the influence from communities. For example, each point on 
the red line in the center-left subplot Fig. 4a(4) shows the probability that a user with a neutral opinion at time 
t will adopt an anti-vaccine opinion at time t + 1, given their affiliation with the anti-vaccine community. The 
line chart illustrates the quarterly trend of this probability over time. The results for influencers who hold more 
persistent opinions are provided in Fig. A11.

By comparing the conditional probability of opinion shifts across communities, we observe pronounced 
variations in their influence on altering opinions. Notably, users who are within the anti-vaccine community 
substantially elevate the likelihood of transitioning from neutral to anti-vaccine opinions (Fig. 4a(4)) or from 
pro- to anti-vaccine opinions (Fig. 4a(7)). Once a user is affiliated to the anti-vaccine community, the chance of 
changing his or her anti-vaccine opinion is very low (based on Fig. 4a(1)). Conversely, affiliating with the pro-
vaccine community increases the probability of shifting from anti- to pro-vaccine opinions (Fig. 4a(3)) or from 
neutral to pro-vaccine opinions(Fig. 4a(6)). The pet-hobby and news communities also play a role in increasing 
the probability of pro-vaccine opinions. In contrast, the political communities exert a less influential impact on 
altering users’ opinions to either pro-vaccine or anti-vaccine stances.

Furthermore, in Fig. 4a we observe that the conditional probability of opinion shifts varies over time. The 
influence of the anti-vaccine community is relatively more consistent throughout the whole period (Fig. 4a(1)(4)
(7)). In contrast, the influence of the pro-vaccine community fluctuates (Fig. 4a(3)(6)(9)). In the first phase (pre-
vaccination phase), the probability of changing a user’s opinion towards pro-vaccine has been low. During the 
second phase when the vaccination campaign started3, the pro-vaccine community’s influence was much more 
elevated in changing users’ opinions to be pro-vaccine, especially in the second quarter of 2021 when the first dose 
of vaccination began. However, while the influence of the pro-vaccine community further increased thereafter 
for users who held pro-vaccine opinions, the influence of the pro-vaccine community decays immediately after 
the second quarter of 2021 for users who held anti-vaccine or neutral opinions.

This influence decay is an interesting and surprising phenomenon. It could be associated with propaganda 
intensity. In Fig. A9d, we show the average number of tweets per influencer (with an outdegree ≥ 100). The 
average number of tweets posted by influencers in the pro-vaccine community peaked in the second quarter 
of 2021 but dropped immediately afterwards, which coincides the influence decay during the same period. 
Influencers in the anti-vaccine community have been comparatively more persistent and more active than those 
in the pro-vaccine community. The influence decay in the pro-vaccine community could also be associated 
with a psychological phenomenon called message fatigue31. Message fatigue occurs when people are repeatedly 
exposed to similar messages which they find overwhelming or tedium, and they become less emotionally 
reactive and less likely to be influenced by the messages. According to Fig. 4a, this phenomenon may occur 
among users inside the pro-vaccine community who hold anti-vaccine or neutral opinions. Those holding pro-
vaccine opinions seem not to be affected, as the probability of remaining pro-vaccine is increasingly higher after 
the second quarter of 2021.

In addition, aligned with our earlier observation of moderate opinion changes, Fig. 4a demonstrates that the 
chance of keeping an opinion or transiting from neutral opinions to pro- or anti-vaccine (or vice versa) possesses 
a higher probability than switching drastically between pro-vaccine and anti-vaccine opinions. This is probably 
associated with the user’s preference to connect with those of similar opinions. The difference between pairs of 
connected users is calculated using Eq. (3).

	 ∆Oi,j = |Oi − Oj | × δi,j .� (3)

where Oi and Oj  denote the opinion scores of two nodes and δi,j  is a binary value which equals to 1 if the two 
nodes are connected. In Fig. 4b, we show the distribution of opinion differences between connected users within 
each community. We also show the random distribution by randomly shuffling the opinion scores of nodes 
while keeping the links and nodes unchanged (see details in the Appendix A9). We find that the average opinion 
difference based on real data is smaller than random data for all communities. This propensity may contribute 
to the creation of echo chambers, where individuals are exposed to limited diversity of opinions. The difference 
of opinion distance between actual and random connection is smallest for the pet-hobby community, suggesting 
that users within this community are less likely to connect based on vaccine preference, but more on other 
factors such as hobbies.
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Fig. 4.  Individuals’ opinion transitions in each community. (a) Conditional probability of receiver’s (users 
with an outdegree smaller than 100) opinion changes depending on the community affiliation. The x-axis 
shows time period (quarterly) and y-axis shows the conditional probability of a user changing to opinion V i

t+1 
given that he or she was previously holding an opinion V i

t  and affiliated to community Ci
t . There are 9 sub-

figures, each showing the likelihood of changing from pro-, neutral-, anti-vaccine opinions at time t to pro-, 
neutral- and anti-vaccine opinions at time t+1. Colored lines show the temporal conditional probability with 
an affiliation to a community, while the dashed black lines show the overall conditional probability regardless 
of communities. The error bars depend on the sample size. A greater deviation corresponds to a smaller sample 
size, consequently leading to lower reliability. The background is color-coded to different 3 vaccination phases. 
(b) Distribution of opinion difference between pairs of connected users ∆Oi,j . The blue solid line depicts the 
semi-log PDF of opinion difference based on real data, while the black dashed line depicts the semi-log PDF 
of opinion difference based on randomly shuffled data. The data annotations in the legend box are the average 
opinion difference ± error bar (calculated by standard deviation/

√
Total Data Points) of real data and 

random data respectively.
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Sensitivity analysis
In above “Results” section, we assumed three thresholds when filtering users and calculating their opinion scores:

•	 In each time period (quarters), only select users who posted over 5 tweets.
•	 Regarded users with an outdegree of larger than 100 as influencers while the rest as receivers.
•	 When determining vaccine stance based on the opinion score, selected ±0.3 as the threshold.

While this paper provides the rationale for selecting these thresholds, it is essential to assess how variations in 
these thresholds affect the results. In Appendix A2, we apply Bayesian inference to predict user opinions with 
smaller sample sizes as an alternative to filtering by tweet count. In Appendix A11 (Fig. A12–A15), we evaluate 
different threshold values for the three parameters described above. Table A7 compares the outcomes across 
varying thresholds, demonstrating that the main conclusions in this section remain robust.

Discussion
Our study evaluates the individual users’ opinion dynamics with respect to the COVID-19 vaccine in Japan’s 
Twitter and investigates the Twitter community’s impact on opinion shifts over time. The key contribution of 
this paper is the introduction of a novel approach to dynamically quantify individual users’ vaccine opinions 
and integrating this with network analysis to examine how community affiliations influence opinion changes. 
Applying this approach to long-term and large-scale empirical Twitter data, we uncover notable phenomena of 
communities influencing opinion changes towards COVID-19 vaccination, offering insights on understanding 
in general opinion shifts that specifically help vaccine promotions in the future.

Generally, we also find that users with a lower outdegree centrality, or a lower tweeting activity level are 
more likely to be influenced to change opinions. Also, most users’ opinions do not shift drastically within short 
time (e.g. from pro-vaccine to the opposite anti-vaccine). Therefore, users holding a neutral opinion are more 
likely to change to a pro- or anti-vaccine. Some communities may increase the likelihood of shifting users’ 
opinions toward pro-vaccine or anti-vaccine stances. In the following, we summarize the characteristics of key 
communities and evaluate their effectiveness in driving opinion shifts.

The anti-vaccine community is a relatively minor community, yet it stands out as a closely connected and 
highly active group comprising individuals who hold strong anti-vaccine beliefs. This community is not only 
active in terms of tweeting but also in engaging with political communities. Users affiliated with the anti-vaccine 
community have a notably higher probability of either maintaining or transitioning to anti-vaccine opinions.

In contrast, the pro-vaccine community, although dominant in terms of size, mainly consists of intermittent 
users. As a result, the average activity level and density are comparatively lower. Influencers within the pro-
vaccine community include government accounts and medical professionals, who tend to express themselves in 
a more neutral manner. Nevertheless, the pro-vaccine community, together with the news community, seems to 
contribute to the increased probability of users shifting toward pro-vaccine opinions. This is probably because 
Japanese individuals have higher trust in sources like television news, newspapers, professionals, and medical 
workers when making vaccination-related decisions32.

The right-wing and left-wing political communities exhibit a relatively balanced fraction of pro-vaccine 
and anti-vaccine users. Politicians within these communities leverage on vaccine-related topics to propagate 
their political agendas. However, probably because these communities tend to focus more on political matters 
rather than vaccination itself, their possible influence in steering people’s opinions toward vaccines is somewhat 
diminished.

We summarize three key insights of our study. First, in the second phase, the active vaccine campaigns 
were carried out by the Japanese government and mass media3. Coincidentally, we observe that the probability 
of shifting to pro-vaccine opinion became higher and the ratio of anti-vaccine opinions reduced in many 
communities especially in the second quarter of 2021 when the campaign activity was most active. Therefore, 
we interpret that it is useful to involve official accounts, professionals, and news agencies in vaccine promotion 
efforts through social media platforms. Second, we find that the influence of the pro-vaccine community on 
users who hold neutral or anti-vaccine opinion is less persistent than the anti-vaccine community, which could 
be related to the reducing pro-vaccine campaign intensity and/or increasing message fatigue. Therefore, it might 
be useful for social media influencers to maintain a consistent level of tweeting pro-vaccine contents and to 
enhance engagement by being more active and creative in their messaging (e.g., less neutral contents). Third, 
the recognition that the anti-vaccine community has a strong and persistent influence on its attached users 
underscores the importance of actively penetrating and engaging with users within the anti-vaccine community. 
This implies a necessity to share accurate and credible information to counter conspiracy theories. Interventions 
could involve measures such as altering the Twitter algorithm or engaging with anti-vaccine influencers to 
correct misleading narratives7.

While this study provides valuable insights into how communities influence vaccine opinions, several 
limitations should be acknowledged. 

	(1)	 The primary limitation pertains to data. Our social network construction relies on retweet data, and the 
Twitter API solely provides information about the original tweeter and the retweeter. However, it does not 
reveal the intermediary users through whom retweeters accessed the information. This leads to potential 
inaccuracies in the network structure.

	(2)	 We adopted the machine learning approach to classify tweets to pro-, neutral or anti-vaccine categories. 
Despite its capability of processing large-scale text data, the accuracy rate (78%) and recall rate (53%)—cal-
culated by us based on 10,000 randomly selected and manually labeled samples—may affect our ability to 
precisely capture users’ actual opinions. Recent advancements in Large Language Models hold great poten-
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tial for enhancing opinion and emotion detection tasks33. In the future, we aim to explore their application 
in opinion classification to improve accuracy.

	(3)	 The time resolution used for analyzing the dynamic community and opinions poses a limitation. Aggre-
gating networks and individual opinions on a quarterly basis enhances traceability of communities and 
improves inclusivity of less active users, but compromises the accuracy of capturing the precise timing of 
changes.

	(4)	 Although we considered a cohort of the same active users active in successive quarters, we did not track 
the exact same pool of users throughout the entire 10-quarter (2.5-year) period. This is since only a small 
fraction of users remains consistently active over such a long timeframe. Future studies may overcome this 
limitation by leveraging larger social media data or combining longitudinal surveys to analyze more stable 
user cohorts over extended periods.

	(5)	 In this study, our definition of ‘neutral’ encompasses a broad range of topics, including skepticism about 
vaccination, subjective content, and political discussions, which do not explicitly indicate vaccine prefer-
ence. In future work, we will refine this category by focusing specifically on users who express skepticism 
about vaccination and analyzing their opinion dynamics over time.

	(6)	 This study exclusively focuses on Japanese Twitter data. Exploring this phenomenon across various coun-
tries or languages, based on our framework, would be valuable to comprehend opinion change dynamics 
within diverse cultural and social contexts. Conducting a cross-country comparative study would be our 
future work.

Methods
Here, we provide a brief description of the dataset and an overview of the methods used for vaccine opinion 
classification, dynamic community detection, and community significance testing. Detailed information can be 
found in the Appendix.

Dataset
We use academic Twitter API (/2/tweets/search/all/) to collect the historical archive of tweets and retweets 
related to the COVID-19 vaccine in Japan. The search query includes the following criteria:

(1) Include the Japanese keyword “ ワクチン” (”vaccine” in English). Because the keyword ”COVID-19” is 
often omitted when people talk about the COVID-19 vaccine, here we only filter by ”vaccine”.

(2) Exclude the keywords that are likely spam or are related to other types of vaccine such as HPV vaccine 
(see detailed list of excluded words in Table A6 when obtaining COVID-19 vaccine related tweets from Twitter). 
We did not exclude the keyword influenza because Influenza is often mentioned in tweets related to COVID-19.

(3) Time range: Jan 2020 to May 2022. This period encompasses the pre-vaccination, first, second, and 
booster dose periods.

The search resulted in 41,398,876 original tweets and 81,454,507 retweets, posted by 5,621,325 tweeters and 
2,927,186 retweeters respectively. Among these users, 1,657,048 users who both tweeted and retweeted are the 
focus of this paper, which constitutes approximately 1% of the Japanese population.

Vaccine opinion classification
In this study, we aim to classify each tweet to a pro-, neutral or anti-vaccine stance so that we can infer a user’s 
opinion score based on the tweets that he or she posted. We define the vaccine stances following the criteria 
described in Table 1. It is worth noticing that the neutral stance includes not only showing uncertainty about 
getting vaccinated, but also a neutral statement about vaccination or topics not directly related to taking vaccine 
or not. In Table A8, we show sample tweets for each opinion category.

To build a supervised classifier, we prepared a set of labeled data consists of 10,000 randomly selected and 
manually labeled tweets. We employed two annotators to label 10,000 sample tweets. If there was a disagreement 
between the two annotators, we invited a third annotator to decide which label should be adopted. Then we 
incorporated the Word2Vec word embedding, n-grams dictionary, and user’s retweet network communities 
as features and trained the classifier using the Support Vector Machine (SVM) model. The classifier model is 

Category Contents

Pro-vaccine

Promote vaccine, sharing the effectiveness and benefits of vaccine

Condemn anti-vaccine contents

Look forward to vaccination

Plan to or have taken a vaccine (even with side effects)

Anti-vaccine

Blame vaccine

Do not want or plan to take vaccine

Disagree vaccine to be made compulsory

Neutral

News or official announcement (except for sharing the effectiveness of vaccines)

Scientific statement such as what is mRNA vaccine

Not sure whether to get vaccinated or not

Not directly related to taking vaccine or not, such as discussions about Olympics, government, etc.

Table 1.  Definition of opinion categories.
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capable of classifying a Japanese tweet to the pro-, neutral or anti-vaccine category with a precision rate of 
78% and a recall rate of 53%. Notably, the model excels in identifying pro- and anti-vaccine content, yielding 
precision rates exceeding 80% and recall rates surpassing 60%. The details of the model and its performance are 
provided in the Appendix A1 (Fig. A1 and Table A1).

Dynamic community detection
Previous research found that most real network systems are inherently dynamic and change over time, influencing 
both their topology and the processes that propagate across the network34,35. Communities within social networks 
are subject to dynamic shifts, including processes such as merging, splitting, growth, and contraction36. At the 
individual level, users exhibit dynamic behavior by remaining within, joining, or departing from communities, 
which signifies changes in their social interactions. Hence, the dynamic detection of communities is essential to 
capture these intricate behavioral changes.

As pointed out by Rossetti and Cazabet37, instability is a key challenge inherent in dynamic community 
detection. The retweet network can exhibit even more significant instability due to the emergence and fading of 
nodes at various time points27 due to users’ retweeting activities. We adopt the following steps to mitigate the 
instability issue. For details, refer to the Appendix A4.

(1) Choose an appropriate aggregation time window to create network snapshots. We performed tests with 
various time windows ranging from 1 to 4 months, sliding by 1 month, to increase overlap from 0 to 3 months. 
Then we apply dynamic community detection to all options and visualize the results using the Sankey chart (see 
Fig. A6). Our findings indicate that a 3-month window is optimal for our dataset, offering stable and traceable 
communities while capturing dynamic shifts.

(2) Adopt the Ensemble Louvain method27 to detect stable communities for each network snapshot. We 
choose the Louvain method for community detection because it is one of the fastest algorithms for applying to 
large-scale networks38,39. However, the Louvain method uses random sequence to choose one node at a time to 
decide whether to merge it with its neighbor communities, which potentially leads to unstable results. To address 
this, we run the Louvain method (resolution = 1.0) with different random seeds 100 times. Links connecting 
nodes that are clustered in the same community with a probability greater than 0.9 are retained.

(3) Combine the similarity-based approach and core-nodes based approaches to connect communities 
detected in adjacent time windows.

Chen et al. introduced a similarity-based approach to compare the predecessor and successor community 
pairs in evolving networks40. This approach involves evaluating the fraction of a predecessor community that 
is present in a successor community and comparing the sizes of the communities to identify network evolution 
scenarios, such as merge, split, grow, shrink, birth, and vanish. We further formulated their decision rules to 
simplify the algorithms (see Table A2).

However, the communities may not merge or split naturally, when applying the adopted Louvain method. 
The Louvain method is based on modularity maximization, which faces a resolution limit issue30, where the 
minimum detectable community size depends on the total network size. This limit can obscure the visibility of 
small communities as networks grow. In our case where the network snapshot sizes change significantly over 
time, this limitation can cause natural communities to split or merge. To overcome this issue, we select the top 
100 influencers (core nodes) with the highest outdegree centrality from each of the six key communities as 
reference points. We compute the fraction of each influencer type within each community and categorize the 
community based on the dominant influencer type whose fraction exceeds 50%.

Significance test on individual communities
Many community detection algorithms, such as the popular Louvain method and Infomap, do not evaluate 
whether the network structure is inherently likely or unlikely to generate highly clustered communities. In other 
words, the optimal communities detected by these algorithms may not always be unique and meaningful. An 
interesting example reported by Tiago41 is a random network containing 13 nodes with degree of 20 and 230 
nodes with degree of 1. Given such network settings, regardless of how nodes are randomly connected, it is 
highly likely to generate clustered networks. Therefore, the Louvain method will likely return results with high 
modularity even for random cases, which may not be always meaningful.

Some community detection algorithms such as the Stochastic Block Model (SBM)41,42 could solve the problem. 
But these inference approaches are usually more computationally expensive in terms of speed and memory 
than the Louvain method43–45. In our paper, we propose a simple statistical test to evaluate the significance of 
communities, that can be used to evaluate individual communities detected using any algorithm. The idea is 
to compare the fraction of internal links between the actual and random communities. Random networks are 
created by randomly shuffling a network while preserving each node’s degree.

The communities detected based on the actual network and random networks are not directly comparable, 
because the nodes in each community differ and the number of communities varies. Therefore, we first compare 
the actual network and the random networks (see the example in Appendix A5—Fig. A7) by examining the 
fraction of links within the set of nodes belonging to a community in the actual network (actual fraction A 
vs. random fraction B). Then, we compare the fraction of links in a random network and the random network 
of a random network by looking at a set of nodes belonging to a community in the random network (random 
fraction C vs. random’s random fraction D). Here, A vs. B, as well as C vs. D are directly comparable because 
they are based on the same set of nodes and community. If a network’s settings are prone to generate clusters, 
the fraction of internal links in both A and C should be much larger than B and D, causing the gap between 
(A-B) and (C-D) to be smaller. Therefore, the gap between (A-B) and (C-D) can suggest the significance of the 
communities. The detailed algorithm is provided in the Appendix A5—Table A3.
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We apply this method to evaluate the communities detected from the Twitter retweet network (the network 
snapshot between 2021/1/1 to 2021/3/31) using the Louvain method. Figure 5a shows the result of comparing 
(A-B) and (C-D) by calculating the z-score ZA−B = A−⟨B⟩

σ(B)  and ZA−B = C−⟨D⟩
σ(D) . To create random scenarios, 

the network is shuffled 100 times while keeping each node’s degree. The colored dashed lines show the ZA−B  
(x-axis) of the actual communities, while the black histogram shows the distribution of ZC−D  for all random 
communities detected. We observe that the p-values (the probability that the actual z-score ≤ random z-score) 
of all actual communities are 0 based on 100 random shuffles, suggesting that all communities are significant. 
Additionally, in Fig. 5b, we compare the modularity between the actual and random networks. By maintaining 
each node’s degree when randomly shuffling the networks, we ensure that the modularity is comparable between 
the actual and random networks. We can observe that the modularity of the actual network (red dashed line) 
is much larger than the random networks (black histogram chart), which agrees with the conclusion in Fig. 5a.

Data availability
The X (Twitter) data cannot be open to the public due to privacy policy, but similar data can be obtained us-
ing X (Twitter) API (​h​t​t​p​s​:​​/​/​d​e​v​e​​l​o​p​e​r​.​​t​w​i​t​t​e​​r​.​c​o​m​​/​e​n​/​p​r​​o​d​u​c​t​s​​/​t​w​i​t​t​​e​r​-​a​p​i). Details are provided in the paper. 
However, aggregated and anonymized data can be shared upon request. For data inquiries, please contact the 
corresponding author Misako Takayasu (takayasu@comp.isct.ac.jp).

Code availability
Original code has been deposited at Github (​h​t​t​p​s​:​​​/​​/​g​i​t​h​u​​b​.​c​o​​m​/​W​U​Q​I​​A​N​Y​U​​N​​1​/​V​a​c​c​​i​n​e​T​w​i​​t​t​​e​r​_​​C​o​m​m​u​n​​i​t​y​
_​O​p​i​n​i​o​n) and is publicly available as of the date of publication.
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