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Abstract

This study investigates how viewers and creators on Japanese
YouTube channels progress towards conspiracy theories. By
categorizing channels based on ideological or financial mo-
tives and analyzing engagement metrics such as views, likes,
and comments, we find that channels driven by monetiza-
tion, particularly Monetized Conspiracists, promote conspir-
acy theories more vigorously. This indicates that financial in-
centives are a crucial factor in the proliferation of such con-
tent. Channels that package conspiracy theories in formats
like entertainment or spirituality serve as gateways, facilitat-
ing viewers’ progression towards more extreme conspiracy-
laden content. Understanding these pathways is vital for craft-
ing strategies to counteract the spread of conspiracy theories
on social media.

Introduction

Conspiracy theories continue to thrive on social media, par-
ticularly during the pandemic. Although major platforms
have implemented policies to curb misinformation, such as
flagging misleading content and removing egregious exam-
ples, conspiratorial narratives remain widespread. Even as
society has largely returned to near-normalcy with the wan-
ing of the pandemic, COVID-19-related conspiracy theories
have persisted and evolved, emerging as significant social
and political challenges.

Since the outbreak of COVID-19, fake news, misinfor-
mation, and conspiracy theories have rapidly proliferated on
social media, an issue referred to as an infodemic (Diseases
2020; Zarocostas 2020; Hanley, Kumar, and Durumeric
2023). In particular, analyses of YouTube in 2020 revealed
that over a quarter of vaccine related videos contained mis-
leading information, demonstrating that misinformation and
conspiracy theories on social media have a significant im-
pact on society (Li et al. 2020). In response to such effects,
social media platforms have devised countermeasures, par-
ticularly by annotating videos that contain conspiracy theo-
ries related to significant social issues, such as vaccines for
COVID-19 (YouTube 2023). Additionally, platforms have
implemented de-platforming to remove users who spread
conspiracy theories. However, it has been shown that while
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de-platforming can suppress the spread of conspiracy theo-
ries, it cannot eradicate them (Innes and Innes 2023).

Understanding why individuals are drawn to conspir-
acy theories is critical to developing effective interventions.
Prior research has identified several factors that contribute to
the adoption of conspiracy theories. A number of psycholog-
ical studies have been conducted, some of which have found
a suppressive effect of reflective thinking on conspiracy be-
liefs about COVID-19 (Yelbuz, Madan, and Alper 2022;
Ozono and Sakakibara 2024). In other words, it has been
suggested that fostering reflective thinking can be effec-
tive in reducing conspiracy beliefs. Moreover, recent stud-
ies have highlighted the role of financial incentives on so-
cial media platforms, where content creators may be moti-
vated by monetary gains tied to view counts. This economic
motivation can drive creators to produce more sensational
and conspiratorial content to attract larger audiences and in-
crease ad revenue (Ryan et al. 2020; Ballard et al. 2022).

In this study, we contribute to the prevention of conspir-
acy theory proliferation by elucidating the pathways through
which individuals become engaged in such narratives. Uti-
lizing Japanese YouTube data, we analyze how the preva-
lence of conspiracy theory content among both content cre-
ators and viewers changes over time. While prior research
has extensively examined the development of political or
ideological radicalization on YouTube (Ribeiro et al. 2020),
our study shifts focus to uncover the pathways leading indi-
viduals to engage with vaccine-related conspiracy theories.
Our main contributions are:

* QOur findings indicate that some creators present conspir-
acy theories as entertainment, associated with more chan-
nels than direct conspiracy theory content, suggesting a
strategic engagement to boost viewer numbers.

* We identified a subset of creators transitioning from gen-
eral content to conspiracy theories, showing a noticeable
increase in views and likes, highlighting potential finan-
cial and engagement incentives for this shift.

* Analysis of viewer transition networks shows that chan-
nels combining entertainment or spirituality with con-
spiracy theory content serve as gateways to more se-
vere conspiracy theories, suggesting these channels play
a crucial role in escalating viewer engagement with ex-
treme content.



Category #Channels | #Videos | #Comments | Avg Videos/Channel | Avg Comments/Channel
Conspiracists 40 2,003 292,639 50.08 7,315.98
Monetized Conspiracists 103 4,164 416,537 40.43 4,044.05
Political Creators 28 825 46,556 29.46 1,662.71
Spiritual Creators 114 4,337 751,993 38.04 6,596.43
Mass Media 71 7,824 2,669,334 110.20 37,596.25
Others 494 12,848 2,271,518 26.01 4,598.22
Total 850 | 32,001 6,448,577 37.65 7,586.56

Table 1: Six categories of vaccine-related YouTube channels in Japan, including average videos and comments per channel.

Methodology
Data Collection

To identify vaccine-related channels on YouTube, we used
the YouTube Data API to collect data from Japanese-
language creators spanning from April 2021 to September
2024. Our search targeted channels whose posted videos
included specific vaccine-related japanese keywords com-
monly associated with conspiracy theories, such as vac-
cine, ivermectin, Pfizer, Moderna, shedding, and microchip.
These keywords were selected to encompass both direct ref-
erences and slang terms frequently employed in conspira-
torial narratives. From the initial set of channels retrieved
through these keyword searches, we applied filtering crite-
ria to ensure the relevance and activity of the content cre-
ators. Specifically, we retained only those channels with a
minimum of 1,000 subscribers and at least 100 total videos.
Furthermore, to focus on actively producing channels, we
included only those that had uploaded at least 10 videos
within the specified data collection period. To maintain the
integrity of our dataset and exclude unrelated content, we
removed creators who predominantly featured videos unre-
lated to vaccine conspiracy theories, such as gaming.

Data Annotation

To accurately analyze the role of content creators in dissem-
inating vaccine-related conspiracy theories, we annotated
the collected channels based on their relationship to vac-
cines. The dataset included a diverse range of video types,
encompassing vaccine-related news, political commentary,
and conspiracy theories. Moreover, we hypothesized that
even among creators associated with conspiracy theories,
distinct categories exist based on their posting patterns and
underlying motivations.

We annotated the channels into the following categories.

1. Conspiracists: These creators are dedicated to propa-
gating conspiracy theories related to vaccines, often present-
ing unverified claims and misinformation without any appar-
ent intention of monetization. Their content typically lacks
credible sources and aims to challenge official narratives.

2. Monetized conspiracists: These creators produce
vaccine-related content in an entertainment-oriented man-
ner, such as satirical sketches or sensationalist presentations.
Their videos are typically monetized and appear designed
to attract wide viewership. A common pattern among these
channels is the use of language that avoids explicitly en-
dorsing conspiratorial positions, instead presenting sugges-
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tive narratives that may encourage viewers to question main-
stream information.

3. Spiritual creators: These creators integrate vaccine-
related topics into spiritual or metaphysical content, such as
fortune-telling or astrology. They frame vaccines within a
mystical context, appealing to audiences interested in spir-
ituality rather than conspiratorial narratives. East Asians,
such as Japanese and Chinese, tend to have stronger paranor-
mal and pseudoscientific beliefs (Shiah et al. 2010; Majima
et al. 2022), reflected in these creators’ content.

4. Political creators: These creators focus on vaccine-
related content within a political framework, discussing poli-
cies and governmental responses to vaccination programs.

5. Mass media: These channels are created by traditional
mass media entities on YouTube, posting TV news broad-
casts and similar content.

6. Others: These channels occasionally posted vaccine-
related content during the data collection period, but their
main focus is on fields adjacent to vaccine-related topics.
They typically cover areas such as healthcare, veterinary
medicine, or finance, and do not engage with conspiracy the-
ories.

Each channel was manually annotated by a single annota-
tor based on six categories. The annotator reviewed a sam-
ple of uploaded videos (titles, thumbnails, and, when neces-
sary, video content), along with video descriptions, channel
descriptions, and banner images. Labeling was guided by
the predominant themes and presentation styles observed in
these materials.

The final annotated dataset comprises 850 channels, dis-
tributed across categories as shown in Table 1. Notably,
channels associated with conspiracy theories are relatively
underrepresented, likely due to the deplatforming of promi-
nent vaccine-related conspiracy theory influencers. Never-
theless, despite platform efforts to curb misinformation, con-
spiracy theory content still persists, often by circumventing
detection and moderation systems.

From Table 1, it is evident that Monetized Conspiracists
are more prevalent than Conspiracists in terms of the num-
ber of channels (103 vs. 40). However, Conspiracists post
more videos and receive more comments on average per
channel (approximately 50.08 videos and 7,316 comments)
compared to Monetized Conspiracists (approximately 40.43
videos and 4,044 comments per channel). This suggests that
while Monetized Conspiracists are more widespread, Con-
spiracists tend to produce more content and elicit higher
engagement per channel. Nonetheless, both groups remain



significantly smaller in scale compared to Mass Media chan-
nels, which average 110.20 videos and 37,596 comments per
channel.

Results

We present two analyses conducted using the vaccine-
related YouTube channel dataset: the evolution of conspir-
acy theory content among content creators and the evolution
of conspiracy theory engagement among viewers.

Creators’ Pathways to Conspiracy Theorizing

We focus on the categories with the highest degree of con-
spiracy theory content, specifically Conspiracists and Mone-
tized Conspiracists. We examine the temporal patterns in the
conspiracy theory content of videos posted by these chan-
nels to understand how their content has evolved over time.

To assess the evolution of conspiracy theory content, we
analyzed all videos posted on each channel from its incep-
tion until September 30, 2024. Each channel’s videos were
divided into five equal segments based on the posting order,
and within each segment, we calculated the proportion of
conspiracy theory videos (hereafter referred to as “conspir-
acy video rate”).

The categorization of each video’s conspiracy theory in-
tensity was conducted using a gpt-4o-mini version of Chat-
GPT (Radford et al. 2018), which classified the content on
a 5-point scale based on the video’s title and description.
This scale was intended to capture the degree of conspirato-
rial framing, ranging from 1 (clearly non-conspiratorial) to 5
(strongly conspiratorial). Scores of 5 and 4 were categorized
as containing conspiracy theories, while scores of 3 and be-
low were considered non-conspiratorial. This threshold was
chosen based on an initial qualitative annotation, which in-
dicated that scores of 4 and 5 consistently reflected explicit
or strongly suggestive conspiracy narratives.

To validate this classification method, we manually an-
notated a sample of 100 videos using the same 5-point
scale, and subsequently binarized the results using the same
threshold (scores of 4 and 5 as conspiratorial, others as non-
conspiratorial). This manual evaluation yielded the follow-
ing accuracy metrics: Precision = 0.90, Recall = 0.98, and
F1 Score = 0.94. These results confirm the reliability and
sufficiency of the automated classification approach. Due to
the large volume of videos, leveraging ChatGPT enabled ef-
ficient and consistent measurement of conspiracy theory in-
tensity.

Based on the obtained time series data, we performed
time series clustering by the combination of k-means and
dynamic time warping (Anh and Thanh 2015), classifying
the channels into four distinct patterns of temporal changes
in conspiracy video rates. The number of clusters (k = 4)
was selected using the elbow method, which showed an in-
flection point at k = 4.

Figure 1 illustrates the four clusters of conspiracy video
rate trajectories. Each grey line represents an individual
channel’s trajectory across the five segments, while the red
line indicates the cluster center, representing the average
pattern within each cluster. Notably, Cluster 2 exhibits a
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Figure 1: Changes of conspiracy video rates for each cluster.
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Figure 2: Trend patterns of views, likes, and comments for
videos posted in the early and late 40%, from left to right.
Each bar represents one of the three metrics, grouped by
cluster and time period (early vs. late).

pronounced transition from a low conspiracy video rate of
around 20% in the initial segments to over 80% in the fi-
nal segment. This upward trend suggests that these chan-
nels progressively intensify their conspiratorial content, po-
tentially in response to audience engagement strategies and
monetization incentives.

In Figure 2, we illustrate the trends in views, likes, and
comments between the early and later periods of each chan-
nel. Each group of bars represents these three engagement
metrics (from left to right: views, likes, and comments) for
the first and last 40% of videos within each cluster. To facil-
itate comparison, we categorized the changes in each metric
into three types based on the difference in median values:
Increase, where the median in the latter half is more than
twice that of the former half; Decrease, where the median
in the latter half is less than half of the former half; and Sta-
ble, where neither condition is met. In Cluster 2, the increase
trend accounts for 60% of the statistics for each metric, indi-



cating a significant increase in these metrics as the channels
transitioned to conspiracy theory content. This trend sug-
gests that shifting to conspiracy theory videos significantly
boosts channel activity.

Clusters 0 and 1 consistently exhibit high conspiracy
video rates of approximately 80% and 60%, respectively, in-
dicating a persistent focus on conspiratorial content. Con-
versely, Cluster 3 displays a conspiracy video rate ranging
from 20% to 40%, with a modest increasing trend. In Clus-
ter 3, where the conspiracy video rate is ascending, each en-
gagement metric follows an increasing trend, further demon-
strating that as the degree of conspiracy theories grows, the
views, likes, and comments also tend to rise.

Among the clusters exhibiting a rise in conspiracy con-
tent, Clusters 2 and 3 provide a useful contrast: both show
increasing conspiracy video rates, but differ in how sharply
and substantially they shifted to conspiracy content. This
contrast enables us to examine how the magnitude of content
shift relates to engagement growth. A t-test on the average
change rate of view counts revealed a significant difference
between Clusters 2 and 3 (t = 2.23, p = 0.032), suggest-
ing that the increase in viewership in Cluster 2 may act as a
financial incentive that motivates creators to produce more
conspiracy content.

Viewers’ Pathways to Conspiracy Theorizing

To explore how viewers come to watch conspiracy theory
videos, we analyzed their engagements using comment se-
quences as a proxy for viewing history. To construct a net-
work of channel transitions, we mapped out the sequence of
comments users made across different channels. We specif-
ically included edges in the network based on the number
of transitions made by viewers from one channel’s comment
section to another’s, requiring a minimum of five transitions
between any two channels to ensure a significant connection.
Only comments made within a day of each other were con-
sidered to capture viewer shifts between channels. From this
network, we extracted and analyzed only the largest weakly
connected component. The resulting network consists of 300
nodes and 2,518 edges, with an average degree of 16.8, as
shown in Figure 3.

To elucidate the pathways by which viewers reach con-
spiracy theory videos, we implemented random walks on the
transition network. Random walks simulate viewer behav-
ior by probabilistically moving between nodes within the
network, each representing a channel. Starting from each
node, transitions to adjacent nodes were repeatedly exe-
cuted. These transitions were based on the probabilities de-
rived from the weights of the edges, which represent the
number of transitions recorded between each pair of nodes.
The random walks were terminated either after reaching the
maximum number of steps, set at L = 10, or when no further
transitions were possible. We conducted 100 random walks
from each node.

We calculated the probability of reaching a Conspiracists
channel at least once from any of the six categories dur-
ing these walks. Figure 4 presents the proportion of walks
that reached a Conspiracists channel at each step. Among
all categories, channels categorized as Conspiracists, Mon-
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Figure 4: Probability of reaching video of conspiracists.

etized Conspiracists, and Spiritual Creators were notably
more likely to be reached to Conspiracists channels. These
findings suggest that compared to mass media and other
channel types, Monetized Conspiracists and Spiritual Cre-
ators act as significant gateways to more severe conspiracy
theory content, potentially due to their strategic use of en-
gaging narratives that resonate with broader audiences. Note
that Spiritual Creators are largely not included in this net-
work, showing their limited presence.

Discussion and Conclusion

This study collected and manually annotated a dataset of
Japanese YouTube channels related to vaccines to exam-
ine the extent of their engagement in conspiracy theorizing.
We categorized conspiracy theory-related channels based on
their motives, ideological or financial, and found that those
driven by monetization tend to promote conspiracy theo-
ries more vigorously, as evidenced by higher engagement
metrics like views, likes, and comments. This suggests that



financial incentives are a significant motivator for produc-
ing content that can negatively impact society by promoting
harmful conspiracy theories.

Our analysis reveals that channels intensifying their con-
spiracy theory content see increased engagement, indicat-
ing that the sensational nature of such content is often lever-
aged for financial gain. This exacerbates the spread of con-
spiracy theories. Moreover, channels that present conspiracy
theories in more accessible formats, such as entertainment
or spirituality, can act as gateways to more severe conspir-
acy theory content. These channels, particularly Monetized
Conspiracists and Spiritual Creators, significantly influence
viewers’ progression towards more extreme conspiracy the-
ories compared to mass media and other channel types.

Despite these insights, our study faces several limitations.
Notably, the more extreme conspiracy theory videos and
channels are likely already removed by platform modera-
tion, which can limit the scope of our analysis on social me-
dia conspiracy theorizing. Furthermore, we relied on com-
ment transitions as proxies for viewing patterns because
more detailed data was not available, which may not fully
capture the complex dynamics of viewer behavior. Addi-
tionally, the focus on Japanese-language content limits the
cultural generalizability of our findings, with behavioral dif-
ferences potentially influencing how conspiracy theories are
presented and perceived in different regions.

Our findings indicate that videos framing conspiracy the-
ories as light entertainment may serve as gateways to more
serious conspiracy theory content. However, we do not ad-
vocate for the outright avoidance of such themes. Instead, we
emphasize the importance of issuing clear warnings to both
creators and viewers when addressing themes closely asso-
ciated with conspiracy theories, to prevent the unintended
escalation of their seriousness.

In conclusion, understanding the motivations behind con-
tent creation and the dynamics of viewer engagement is cru-
cial for developing targeted strategies to mitigate the spread
of conspiracy theories on social media. Our findings sug-
gest that interventions should particularly focus on address-
ing the incentive structures behind sensational and mone-
tized content, which often serves as an entry point into more
harmful conspiracy theorizing.
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