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Abstract

The internet has transformed activism, giving rise to more
organic, diverse, and dynamic social movements that tran-
scend geo-political boundaries. Despite extensive research on
the role of social media and the internet in cross-cultural
activism, the fundamental motivations driving these global
movements remain poorly understood. This study examines
two plausible explanations for cross-cultural activism: first,
that it is driven by influential online opinion leaders, and sec-
ond, that it results from individuals resonating with emergent
sets of beliefs, values, and norms. We conduct a case study
of the interaction between K-pop fans and the Black Lives
Matter (BLM) movement on Twitter following the murder of
George Floyd. Our findings provide strong evidence that be-
lief alignment, where people resonate with common beliefs,
is a primary driver of cross-cultural interactions in digital ac-
tivism. We also demonstrate that while the actions of poten-
tial opinion leaders—in this case, K-pop entertainers—may
amplify activism and lead to further expressions of love and
admiration from fans, they do not appear to be a direct cause
of activism. Finally, we report some initial evidence that the
interaction between BLM and K-pop led to slight increases in
their overall belief similarity.

Code — https://github.com/c4-lab/BLF-kpop-blm-analysis

Introduction
Digital technologies have reshaped the dynamics of social
activism. In comparison to traditional social movements,
digital activism (Joyce 2010) seems to bubble up organi-
cally from the fertile ground of stories shared and emotional
connections made on social platforms (Papacharissi 2015;
Bennett 2003). However, the mechanisms by which digital
activism spreads across cultural and linguistic boundaries re-
main unclear.

The events following George Floyd’s murder by police on
May 25, 2020, provide a unique window into these dynam-
ics. On June 4, 2020, the Korean pop (K-pop) music group
BTS and their management company tweeted their support
for Black Lives Matter (BLM) while announcing a $1 mil-
lion donation to organizations associated with the move-
ment. Within 24 hours, BTS’s fandom—known as ARMY

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

(Adorable Representative MC for Youth)—had mobilized
through social media to match this donation. This rapid re-
sponse raises a crucial question: Was the fandom’s activism
motivated by resonance with BLM’s message, or were they
simply following their idols’ lead?

K-pop fandoms like ARMY represent a distinctly modern
form of transnational community. Although rooted in South
Korea, K-pop has become a global cultural phenomenon,
with fans forming strong parasocial bonds with their favorite
artists (known as “idols”) (Yan and Yang 2021). These rela-
tionships are cultivated through highly interactive social me-
dia platforms, where idols maintain active presences and en-
gage regularly with fans. ARMY, in particular, has attracted
attention for its activism across a range of causes (Cho
2022), leading some to describe it as a “leaderless move-
ment” (Carville 2020). Yet moments like ARMY’s swift
matching of BTS’s donation to Black Lives Matter suggest
that idols may still exert substantial influence over the polit-
ical expression of their fan communities.

This case raises a broader question about how digital ac-
tivism spreads across cultural and social boundaries. On
one hand, digital platforms may foster organic diffusion
by increasing the visibility of distant events and allow-
ing communities to discover shared values. On the other,
high-profile figures with large social media followings–such
as K-pop idols–may act as opinion leaders, shaping how
movements take root in new cultural contexts. Disentangling
these mechanisms–organic value alignment versus opinion
leadership–is key to understanding how global activism is
coordinated in an increasingly connected world.

To explore this question, we examine social media dis-
course on Twitter / X from two distinct communities: Black
Lives Matter activists and K-pop fans. We focus on the pe-
riod surrounding George Floyd’s murder and BTS’s subse-
quent donation, applying the Belief Landscape Framework
(Introne 2023), a computational analysis of user-generated
text data, to trace how beliefs evolved and diffused across
these groups. Our analysis reveals that while both commu-
nities shared pre-existing concerns about police brutality, the
data suggests that idol groups like BTS responded to, rather
than initiated, these activist impulses. This implies that their
influence may function less as directive leadership and more
as amplification of already emerging sentiments.

This paper makes two primary contributions. The first
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is theoretical: we revisit long-standing questions about the
cross-cultural diffusion of political beliefs in digital publics,
using the convergence of BLM and K-pop activism as a
unique case of dual engagement. The second is methodolog-
ical: we introduce a novel application of the Belief Land-
scape Framework (BLF), which allows us to model belief
dynamics across distinct social groups in a shared infor-
mation environment. Although the focal event occurred in
2020, the analytical tools and core questions remain broadly
applicable to other contexts of digital activism, cultural con-
vergence, and online belief shifts.

In the following section, we situate our inquiry within
theoretical and empirical literature on digital activism, so-
cial movements, and fan communities, developing specific
hypotheses about how movements spread across cultural
boundaries. We then present our methodology and findings,
concluding with implications for understanding activism in
an increasingly connected world.

Background
Research on digitally enabled activism has documented
how digital platforms enable movements to spread globally,
transcending traditional geographic and linguistic bound-
aries. For example, Bruns, Highfield, and Burgess (2013)
found that Twitter’s retweet functionality enabled infor-
mation sharing across language communities during the
Arab Spring, while Chang, Richardson, and Ferrara (2022)
demonstrated how visual content on Instagram helped
spread awareness of George Floyd’s murder globally. How-
ever, while digital platforms clearly facilitate global spread,
less is known about the proximal causes that drive cross-
cultural interaction.

Digital Activism and Social Movement Spread
Digital media has fundamentally altered the dynamics of so-
cial movements by enabling new forms of participation, mo-
bilization, and collective action (Tufekci 2017). Bennett &
Segerberg (2012) argued that internet technologies allow in-
dividuals to engage through “personalized action frames,”
which afford more diversity and autonomy in terms of en-
gagement modes and the values, beliefs, and narratives that
motivate action. Consequently, digital movements can be
more inclusive, adaptable, and less reliant on traditional so-
cial movement organizations for coordination and curation.

Different theoretical frameworks suggest competing ex-
planations for how these movements spread. Stern’s (1999)
value-belief-norm theory suggests that disparate groups be-
come mobilized when they recognize shared values and
beliefs expressed by a movement. The internet creates
larger digital publics that span geopolitical boundaries, en-
abling individuals to connect with non-local events that res-
onate with their values (Castells 2015). These communities,
forged around shared values, embody what Anderson (1991)
described as an “imagined community.” This sense of collec-
tive identity, as highlighted by Melucci (1996) and Gamson
(1992), serves as a catalyst for collective action.

However, digital contexts also alter the power and dy-
namics of social influence. Preferential attachment in on-

line networks produces individuals with enormous influ-
ence (Watts and Dodds 2007), who can serve as bridges be-
tween different cultural communities (Xu et al. 2014). These
opinion leaders can motivate engagement (Roser-Renouf
et al. 2014) and disseminate information to wider audiences
(Chang, Richardson, and Ferrara 2022). In the context of
global movements, local opinion leaders may serve as cru-
cial bridges helping connect movements across geopolitical
boundaries.

Language and Culture in Digital Activism
Digital platforms have created new forms of linguistic com-
munity that transcend traditional geographic boundaries.
While geographic location once largely determined lan-
guage use, online spaces enable the formation of language-
based communities that maintain distinct cultural perspec-
tives regardless of physical location (Lee 2015; Blommaert
2018). These communities often develop their own norms,
practices, and shared cultural references, making language
choice online a key marker of cultural identity and commu-
nity membership.

K-pop fandom exemplifies these dynamics, with fans
commonly using multiple languages to engage with con-
tent and each other (Alifa and Degaf 2024). While Ko-
rean remains central to K-pop discourse, English serves as a
bridge language, allowing fans to participate in global con-
versations while maintaining connections to Korean cultural
contexts(Schneider 2024). This multilingual practice creates
unique opportunities to study how beliefs and values spread
across linguistic communities.

K-pop Fandom as Transcultural Community
K-pop fandom represents a unique case study in how digi-
tal technologies reshape identity work and social influence
in transnational contexts. Previous research has documented
how K-pop fandoms develop distinctive cultural practices
that transcend traditional geographic and national bound-
aries (Jin and Yoon 2016; Min, Jin, and Han 2019). This
creates what Chin and Morimoto (2013) call a “transcul-
tural fandom,” where shared linguistic practices and cultural
references create coherent communities spanning traditional
cultural divides.

Recent work has examined ARMY’s organizational dy-
namics during the #MatchAMillion campaign specifically
(Park et al. 2021). Through survey research, Park et al.
found that while ARMY lacks formal hierarchical struc-
ture, it maintains effectiveness through distributed “pillar
accounts” that help coordinate action. Their findings sug-
gest that shared values and shared identity, rather than direct
leadership from BTS, were the primary motivator for par-
ticipation in BLM support, though the fandom’s established
infrastructure enabled rapid mobilization.

Research Questions
Based on these competing theoretical frameworks and em-
pirical findings, our first research question (RQ1) proposes
two hypotheses about how digital activism spreads across
cultural boundaries:
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H1 (Belief Alignment): Online fans become acti-
vated to participate in a social movement because they
resonate with beliefs that become salient in the move-
ment.
H2 (Opinion Leadership): Online fans become acti-
vated in response to explicit calls or behaviors by the
influencers they follow.

Additionally, we investigate whether cross-movement in-
teraction creates lasting changes in expressed beliefs:

RQ2 (Impact): To what degree does cross-cultural
interaction in the context of a pre-existing social
movement create lasting changes in the expressed be-
liefs of the interacting groups?

To investigate these questions, we employ the Be-
lief Landscape Framework (BLF) developed by Introne
(2023). The BLF provides advantages over previous ap-
proaches to studying belief dynamics in digital activism,
which have relied primarily on qualitative discourse analy-
sis (Bonilla and Rosa 2015), hashtag tracking (Xiong, Cho,
and Boatwright 2019), or computational methods like topic
modeling (Freelon, McIlwain, and Clark 2016). While these
methods have yielded important insights, they are limited
in their ability to trace how beliefs themselves spread and
evolve. The BLF addresses these limitations by providing a
quantitative approach specifically designed to track patterns
of belief expression at scale while maintaining sensitivity to
semantic content.

Methodology
We employed mixed methods to test our two hypotheses and
investigate RQ2 (Impact), primarily using the Belief Land-
scape Framework (BLF) developed by Introne (2023). The
BLF identifies “belief attractors” - clusters of users who ex-
press similar patterns of beliefs on Twitter. Attractors may
be thought of a patterns of activation over a set of beliefs–a
summary of the attractors used in this paper can be found in
Appendix B. These attractors act like gravitational wells in
a belief space: users’ expressed beliefs tend to become more
similar to nearby attractors over time, and are statistically
more likely to move toward them than away from them.

Each attractor is characterized by a set of commonly ex-
pressed beliefs and their relative intensities (based on ex-
pression frequency). While analogous to topics in topic
modeling, attractors are composed of co-occurring belief
statements rather than individual terms, providing a richer
representation of shared belief patterns.

To evaluate H1 (Belief alignment), we first identified at-
tractors that showed significant, coordinated spikes in ac-
tivity from both K-pop and BLM communities following
Floyd’s murder but before BTS’s tweet. We then analyzed
the homogeneity of these attractors in the weeks preceding
the murder. Finding that these activated attractors exhibited
relatively low homogeneity (i.e., more mixed membership
between communities) would support H1, suggesting that
shared beliefs drove the initial response. We enriched this
quantitative analysis with an AI-assisted summarization of
the predominant beliefs within these attractors to understand
which specific beliefs became activated.

For H2 (Opinion leadership), we examined whether
BTS’s tweet influenced K-pop fans to align more with BLM
beliefs. This analysis faced two key challenges. First, be-
cause the tweet occurred only 10 days after Floyd’s murder,
high levels of activity could simply reflect the event’s contin-
ued influence. Second, we cannot directly observe who saw
the tweet or whether it influenced their behavior. To address
these challenges, we conducted two analyses. Our primary
analysis focused on members of the K-pop community who
retweeted the original BTS tweet, as we can be certain these
“amplifiers” engaged with it.

Following established practices in computational social
science (e.g., Barberá 2015; Darwish et al. 2020), we treat
retweets as indicative of belief alignment or at least affilia-
tive endorsement. While individual retweets may sometimes
be sarcastic or critical, large-scale retweet patterns have been
shown to accurately reflect political stance and social group-
ing. We therefore use retweet behavior as a proxy for belief-
related engagement in our modeling framework, while ac-
knowledging the inherent limitations of this assumption.

If opinion leadership drove belief change, we would ex-
pect to see these amplifiers move distinctly toward more
BLM-aligned attractors after the tweet. Additionally, we ex-
amined whether the broader K-pop community showed sig-
nificant spikes in activity around BLM-aligned attractors
following the tweet, which could indicate viral spread of en-
thusiasm beyond the direct amplifiers. The procedure for es-
tablishing attractor alignment is detailed below.

Finally, to address RQ2 (Impact), we examined whether
the murder and subsequent BTS tweet influenced the pattern
of expressed beliefs for either community or their overall
similarity with one another. Specifically, we delineate three
periods of time: before the murder (“pre”), the period en-
compassing the murder and BTS tweet (“event”), and the
time following these events (“post”) and calculated the mean
tweet activity in each attractor for the two communities. We
then examined Pearson correlations between periods within
each community, as well as correlations between communi-
ties in each period.

The following subsections offer further detail on our data
collection and analysis procedures. All re-shareable data,
code, and validation results can be found in a public GitHub
repository accompanying this article1.

Data Collection
We collected Twitter data using the Academic API (accessed
May 2023) to analyze belief dynamics among K-pop fan-
doms and Black Lives Matter (BLM) activists across both
short- and longer-term timeframes. The study centers on a
pivotal moment of political convergence: the period follow-
ing George Floyd’s murder, when both communities became
visibly and vocally active. Notably, BTS and the ARMY fan-
dom each made high-profile donations of one million dollars
to BLM-related causes, signaling a surge of political engage-
ment within the K-pop community.

Our sampling strategy was designed to capture this win-
dow of shared political expression. While K-pop fandoms

1https://github.com/c4-lab/BLF-kpop-blm-analysis
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and BLM activists differ markedly in their organizational
structures and baseline levels of mobilization, this moment
provided a rare opportunity to observe how beliefs might
diffuse between two culturally distinct groups. Rather than
assuming symmetry in ideology or structure, we focused on
a common point of activation and sampled posts from users
affiliated with each community. By tracing overlapping dis-
course themes during this period, we aim to understand how
beliefs and narratives travel across social and cultural bound-
aries under conditions of heightened political attention.

Our data collection process began with gathering tweets
from May-August 2020 containing either K-pop related
hashtags (#Kpop, #KpopTwitter) or BLM related hashtags
(#BLM, #BlackLivesMatter). From these tweets, we identi-
fied unique users and employed the Fasttext library (Joulin
et al. 2016b,a) to detect tweet languages. We retained only
users tweeting predominantly in Korean, English, or both,
while removing any self-identified bot accounts.

To create a balanced sample, we divided users into two
groups based on whether their first post in our initial dataset
appeared before or after George Floyd’s murder on May 25,
2020. We then filtered for users who had between 500 and
50,000 tweets in 2020, ensuring sufficient data from each
user while preventing any individual from dominating the
sample. Through random sampling, we created a balanced
dataset of 3,200 users with equal distribution between K-pop
and BLM users, as well as between those who first posted
before and after Floyd’s murder.

For our final dataset, we retrieved all tweets from 2020
for each sampled user. After accounting for suspended and
deleted accounts during this retrieval process, our final
dataset comprised approximately 29 million tweets (15.5
million from BLM users and 13.6 million from K-pop users)
from 2,948 users (1,460 BLM and 1,488 K-pop users). This
balanced sampling approach enabled us to examine poten-
tial belief shifts surrounding George Floyd’s murder while
maintaining appropriate representation across both commu-
nities.

Building the Belief Landscape
Our belief landscape methodology follows Introne (2023),
with additional steps for Korean-to-English translation and
dataset-specific adjustments.

Translation The Belief Landscape Framework (BLF)
from Introne (2023) relies on an English-language de-
pendency parser to extract belief statements (subject-verb-
object tuples) and cannot process Korean text directly. We
therefore translated all Korean tweets to English before ap-
plying the original parser.

We evaluated two translation models for this task.
The MADLAD-400-3B model2 (Kudugunta et al. 2024),
Google’s multilingual translation model, achieved a BLEU
score of 30 despite the typical challenges of Korean-English
translation pairs. We also tested KoBART (SKT-AI 2020),
which uses BART’s encoder-decoder architecture but is
trained on 40GB of Korean text. A Korean-English fine-

2https://huggingface.co/google/madlad400-3b-mt

tuned version of KoBART3 achieved a higher BLEU score
of 32.85.

The first author, a native Korean speaker, evaluated both
models’ performance on a sample of Korean tweets from our
dataset. The KoBART model demonstrated more consistent
and complete translations compared to MADLAD-400-3B,
which often omitted portions of the source text. Based on
this evaluation, we selected the KoBART model to translate
all Korean tweets in our dataset.

Identifying Prevalent Belief Subjects Following parsing,
we processed the tweets to identify and consolidate pre-
dominant subjects from the subject-verb-object parse struc-
tures. This process involved removing empty and trivial sub-
jects (such as pronouns and articles) and normalizing vari-
ants of the same subject (e.g., both ‘Donald Trump’ and
‘Trump’ were mapped to ‘Donald Trump’). We then identi-
fied the 100 most frequent subjects for each group (K-pop
and BLM), yielding 183 unique belief subjects. For sub-
sequent analysis, we retained only those tweets containing
parsed beliefs about these subjects.

Identifying Prevalent Belief Propositions Following In-
trone (2023), we mapped the retained tweets into a vec-
tor space using a language model. We evaluated nine open-
source models trained on sentence similarity tasks, selecting
candidates based on reported performance and relevance to
our context. To identify the most suitable model, we tested
each against a set of sentence pairs (Reimers and Gurevych
2019). Our evaluation focused on capturing intuitive seman-
tic relationships - for example, ensuring that contradictory
statements like “America has never fully addressed its op-
pression of Black people” and “There’s no discrimination in
America” were measured as semantically distant, while re-
lated statements like “Bangtan is the best group” and “Proof
that Bangtan are beautiful” were measured as semantically
similar. The complete evaluation results are presented in Ap-
pendix A Table 3.

This analysis led us to select the XLM-RoBERTa-BASE
model trained on Natural Language Inference (NLI) tasks
(Mueller, Pérez-Torró, and Franco-Salvador 2022)4. Using
this model, we mapped all tweets into a vector space and
reduced the dimensionality to two dimensions using UMAP
(McInnes, Healy, and Melville 2020). Our result revealed
distinct clusters for K-pop and BLM users with areas of
semantic overlap, indicating some shared beliefs between
the groups. We then applied HDBScan clustering (McInnes,
Healy, and Astels 2017) to identify a total of 266 distinct
belief clusters for subsequent analysis.

Attractor Analysis
To analyze belief dynamics, we constructed belief vectors
following Introne (2023). One important parameter in this
step of the algorithm is the choice of time window, which is
used to account for the fact that people are likely to continue
“believing” in a proposition for some time after it is uttered.

3https://github.com/seujung/KoBART-translation
4https://huggingface.co/symanto/sn-xlm-roberta-base-snli-

mnli-anli-xnli
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To account for this, Introne 2023 applied an exponentially
weighted moving average window to each user’s tweet his-
tory, and examined results for consistency with theoretical
predictions across a range of half-life values. Based on this
analysis, Introne recommended using an exponential mov-
ing average with a five-week window.

Figure 1: Distribution of average belief “life-span”

With Introne’s results as context, we used a combination
of empirical examination and sensitivity analysis to select a
half-life for our analysis. First, we examined the distribution
of observed belief “lifespans” in our data, where the lifespan
of a belief is the span of time between the first and last men-
tion of a given belief. Although the distribution is not normal
(see Figure 1), we observed a clear central tendency with a
peak at roughly five weeks. We then examined a subset of
our results (the structure of the belief landscape and event
detection) across a range of half-lives from 4-8 weeks; de-
tails of this analysis are presented in Appendix C. Although
there were some minor differences across this range of half-
lives, support for our hypotheses is unchanged. Based on
this, we adopt a five-week half-life for results reported here.

After establishing belief vectors, we embedded them in a
two-dimensional space using UMAP (McInnes, Healy, and
Melville 2020) and identified density peaks in the resulting
distribution. This analysis revealed 21 distinct attractors.

Validating Belief Coherence A known challenge with
clustering beliefs in semantic embedding space is the risk
of grouping semantically similar but stance-opposed state-
ments (e.g., “Climate change is a lie” vs. “Climate change
is a threat”) (Introne 2023). One way the Belief Landscape
Framework (BLF) mitigates this is by evaluating belief vec-
tors within the context of attractors—regions of behavioral
convergence where individuals express belief patterns in
common. This attractor-level structure offers a richer in-
terpretive context, helping differentiate semantically similar
beliefs that carry different stances.

To validate the coherence of belief clusters under this
framework, we conducted a targeted evaluation of belief

alignment among users co-located within the same attrac-
tor. From our full set of 266 belief categories—identified
through prior clustering—we sampled up to 20 belief pairs
per category, ensuring that both beliefs were expressed by
users occupying the same attractor at the time. This yielded
5,294 belief pairs, proportionally distributed across attrac-
tors based on activity volume.

While we do not expect all clustered beliefs to be perfectly
aligned in meaning, this sampling strategy offers a realistic
test of whether beliefs grouped together in similar contexts
reflect shared interpretations. Belief alignment was assessed
using a combination of AI-based coding and manual valida-
tion. The LLaMA 3.1 70B model, run at a low temperature
(0.2), was prompted to label each pair as aligned, incom-
parable, or opposed (the exact prompt used is presented in
Appendix D). Manual review of a stratified subsample of 99
pairs yielded high inter-rater agreement (Cohen’s κ = 0.82),
supporting the reliability of automated coding.

Overall, 71% of belief pairs were coded as aligned, 16%
as incomparable, and 13% as opposed; a sample of these re-
sults is provided in Appendix D. Many incomparable cases
involved vague or emotionally expressive content with un-
clear belief structure (e.g., “WAIT WHAT—OMG YUNHO
CALM DOWN”), underscoring limitations in belief extrac-
tion for informal social text. Still, these results affirm that be-
lief clusters, when grounded in attractor-level structure, re-
flect meaningful shared content rather than surface-level tex-
tual similarity alone. We reflect on these results more fully
in the discussion section.

Semantic Content Analysis To analyze the semantic con-
tent of each attractor, we developed a systematic labeling ap-
proach that combines automated text analysis with quantita-
tive measures of user association. Each attractor represents a
consistent pattern of belief expression, reflected in the rela-
tive frequencies with which users express semantically sim-
ilar beliefs. To characterize each attractor’s content, we first
identified the ten tweets closest to the centroid of each be-
lief cluster. We then used OpenAI’s ‘gpt-4o-mini’ language
model to generate concise summaries of these representative
tweets, providing a semantic interpretation of each belief
cluster. Because attractors are derived from the same under-
lying set of 266 belief clusters, the same summarized beliefs
appear in multiple attractors, but their relative frequencies
vary.

Relative Community Bias To support our analysis of H2,
we developed a measure to quantify how predominantly
each belief cluster was expressed by either the K-pop or
BLM communities. For each belief cluster, we calculated
a “community bias score” based on the relative frequency
with which each community expressed such beliefs:

bias =
BLMp

BLMp +KPOPp

where BLMp and KPOPp represent the proportion of each
community’s total tweets that express beliefs in a given clus-
ter. This normalization accounts for differences in overall ac-
tivity levels between communities. A score of 1 indicates be-
liefs predominantly expressed within BLM discourse, while
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0 indicates beliefs predominantly expressed within K-pop
discourse.

Our use of tweet frequency rather than unique users is the-
oretically motivated. Communities’ belief dispositions are
manifested through their observable public discourse rather
than individuals’ internal states. Moreover, social media
users actively curate their public expressions, aware of their
role in collectively constructing their community’s public
face. Thus, the frequency of belief expression provides an
appropriate measure of a belief’s relative prominence within
each community’s discourse.

To characterize an entire attractor’s bias, we computed the
inner product between these bias scores and the normalized
frequencies of beliefs within the attractor. This produces an
overall measure of how predominantly an attractor’s belief
content is expressed within either community’s discourse.
Figure 7 in Appendix B presents these bias scores along with
the five most frequent beliefs for selected attractors.

Weekly Attractor Homogeneity Distinct from the bias
score, we also tracked the actual population of users occupy-
ing each attractor over time. At any given point, each user in
our sample is associated with a single attractor based on their
recent tweet history. While an attractor may be globally bi-
ased towards a given community, the actual mix of users ex-
pressing beliefs in that attractor space can vary significantly
over time. The degree of mixing captures the dynamics of
each community’s week to week support for a given belief
profile.

To evaluate H1, we quantified the degree of mixing using
a homogeneity score, as follows. We labeled each attractor’s
weekly population mixture based on the relative tweet vol-
umes from each community. Throughout our analysis, we
bin data into weeks to control for systematic day-of-week
variations in Twitter activity. For attractor Attrn,w in week
w, let Kpopn,w and Blmn,w represent the number of unique
active K-pop and BLM users respectively. The homogeneity
score for an attractor in a given week is then:

H(Attrn,w) =

∣∣∣∣Kpopn,w −Blmn,w

Kpopn,w +Blmn,w

∣∣∣∣ (1)

Although not central for our analysis, we note that the dis-
tribution of homogeneity scores is heavily left-skewed (see
Table 1), with only two attractors (6 and 7) having persis-
tently low homogeneity scores (high degrees of mixing). We
briefly discuss these two attractors in the Results section.

Event Detection Event detection in social media streams,
particularly Twitter, has been extensively studied (Li et al.
2022). Most approaches focus on the challenge of isolating
semantically meaningful signals from high-volume, noisy
data streams (e.g, Weng and Lee 2011). However, in our
case, the Belief Landscape Framework has already per-
formed this semantic filtering by identifying stable patterns
of belief expression. Our task is therefore more focused:
detecting meaningful spikes in population-specific activity
within semantically coherent belief attractors.

This presents several methodological challenges. First,
overall Twitter activity varies considerably on a weekly ba-
sis due to both seasonal patterns and exogenous events. Sec-

ond, different belief attractors exhibit different baseline lev-
els of activity. Third, the two populations we study (BLM
and K-pop affiliated users) may have different characteristic
patterns of activity. To address these challenges, we devel-
oped an approach that normalizes activity relative to both
population-wide and attractor-specific baselines.

For each attractor a and week w, we first calculate the
proportion of each population’s total activity occurring in
that attractor:

pa,w,pop =
xa,w,pop∑
i xi,w,pop

(2)

where xa,w,pop is the observed activity (tweet count) for
population pop in attractor a during week w, and the denom-
inator sums over all attractors.

To establish baseline expectations while accounting for
non-stationarity in the data, we use an exponentially
weighted moving average (EWMA) with the same 5-week
half-life used in constructing individual belief vectors. This
alignment is important as it means our event detection op-
erates at the same temporal scale as the belief dynamics we
are studying. The expected proportion for week w is:

p̂a,w,pop = α
w−1∑
i=1

(1− α)i−1pa,w−i,pop (3)

where α = 1 − eln(0.5)/5 is derived from our chosen 5-
week half-life.

The expected activity in an attractor for a given week is
then:

x̂a,w,pop = p̂a,w,pop

∑
i

xi,w,pop (4)

To identify significant deviations from these expectations,
we calculate standardized scores using an exponentially
weighted standard deviation:

za,w,pop =
xa,w,pop − x̂a,w,pop

σa,w,pop
(5)

where σa,w,pop is the square root of the exponentially
weighted variance:

σ2
a,w,pop = α

w−1∑
i=1

(1− α)i−1(pa,w−i,pop − p̂a,w,pop)
2 (6)

We identify significant spikes as those where za,w,pop >
2. This threshold corresponds roughly to a 95% confidence
interval under normal assumptions, though we note that the
underlying distributions may be heavy-tailed. In practice,
we find this threshold effectively identifies meaningful de-
viations while controlling for the varying baselines across
attractors and populations.

Results
Figure 2 provides an overview of our attractor analysis. Fig-
ure 2a visualizes the map along with attractor biases, while
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a. Belief Map
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Figure 2b captures both attractor biases and relative propor-
tions of active users in each attractor over time. It is evident
that Kpop and BLM attractors tend to be distinct and homo-
geneous, though several attractors are mixed and the mixing
varies over time. AI-generated summaries for the attractors
discussed below are available in Figure 7.

H1: Belief Alignment
We sought support for H1 in mixed attractors that showed
coordinated event spikes immediately following George
Floyd’s murder (week 20 in our dataset) but before the BTS
tweet (week 22). Only two attractors (2 and 3) exhibited
such coordinated spikes (see Figure 3). Calculating the av-
erage homogeneity (H) of all attractors in the weeks prior
to week 21, we find that these two attractors are among the
most heterogeneous (Table 1).

Qualitative Inspection Summaries of the beliefs associ-
ated with attractors 2 and 3 are provided in Figure 7. Both
focus on themes of race, gender, and police brutality, and
are biased toward BLM-aligned beliefs. While K-pop users
were underrepresented in these attractors prior to the murder
of George Floyd—comprising just 7% and 13% of the active
population in attractors 3 and 2, respectively—we observe a
notable spike in their engagement with these regions during
the week following the event.

Attractors 2 and 3 are not the most heterogeneous in abso-
lute terms, but they are among the more mixed attractors in
our distribution and are distinctly less polarized by group
than the BLM-dominated attractors. Importantly, they oc-
cupy a semantically central region of the belief map, adja-

attractor homogeneity

7 0.19
6 0.31
2 0.74
9 0.85
3 0.87

10 0.87
1 0.88

18 0.92
4 0.92

16 0.93

Table 1: Mean homogeneity scores for the top 10 most het-
erogeneous attractors prior to week 20.

cent to other relatively heterogeneous attractors such as 6
and 7. Yet unlike those neighbors, attractors 2 and 3 lean
toward BLM-related content and show meaningful cross-
group engagement—especially from K-pop users during the
event-driven window.

In contrast, attractors 6 and 7—while the most hetero-
geneous by homogeneity score (0.31 and 0.49, respec-
tively)—are less clearly aligned with BLM discourse. At-
tractor 7 (42% K-pop users in the week prior) includes be-
liefs about police brutality but also spans broader themes of
personal hardship and social injustice, alongside K-pop con-
tent referencing idols and television. Attractor 6 (66% K-pop
users prior) is a high-entropy attractor defined by diffuse en-
gagement across many beliefs, most prominently related to
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Figure 3: Summary of traffic and significant events for the six attractors exhibiting the most heterogeneity prior to the murder.
The expected traffic is marked by a dashed line and significant events by dots. Vertical lines mark George Floyd’s murder and
the subsequent BTS tweet.

fandom, music, and celebrity culture. While these regions
are mixed, they do not exhibit the same K-pop user surge
during the critical period, nor are they clearly aligned with
BLM frames.

This contrast reinforces our interpretation that belief
alignment, rather than general activity or opinion lead-
ership, best explains the observed diffusion. K-pop users
did not engage randomly across mixed regions; instead,
they were disproportionately drawn to attractors with BLM-
aligned content that were not already saturated by either
group—suggesting meaningful overlap in belief orientation
rather than simple exposure effects.

In summary, we find moderate support for H1; although
coordinated spikes do not appear in the most heterogeneous
attractors, they do occur in attractors that are among the most
heterogeneous in the weeks leading up to the murder, and
these attractors highlight beliefs that are highly relevant to
BLM and the overall context.

H2: Opinion Leadership
The BTS tweet addressing the BLM movement remained
visible in attractors from week 22 through the end of the
year, maintained by continued retweets from 272 users
whom we refer to as “amplifiers.” To evaluate H2, we
looked for significant shifts among these users toward BLM-
oriented attractors following the BTS tweet.

We tracked amplifier activity across six weeks: the two
weeks before Floyd’s murder (weeks 18 and 19), the two
weeks including the murder but before the BTS tweet
(weeks 20 and 21), and the two weeks following (weeks 22
and 23). While amplifiers were active in 18 of 21 attractors
during this period, approximately 90% of their activity con-
centrated in just 6 attractors. Figure 4 visualizes these move-
ments and each attractor’s community bias.

Our analysis revealed little support for H2. While we ob-
served a small increase in amplifier activity within BLM-
biased attractors, these shifts occurred before the BTS tweet
and subsequently diminished. The weighted average bias
scores for attractors containing amplifiers across the three

periods (pre-murder, between murder and tweet, and post-
tweet) were 0.678, 0.68, and 0.674 respectively, indicat-
ing minimal movement. In fact, amplifiers appeared well-
aligned with BLM-biased beliefs before the BTS tweet,
tweeting these beliefs immediately after the murder but be-
fore the tweet itself.

We also examined event spikes within the broader K-pop
community during the 10 weeks following the BTS tweet.
Six attractors showed such spikes, but five were in highly
K-pop biased attractors, focusing primarily on praise for in-
dividual performers and groups (attractors 20, 16, and 19)
rather than social justice issues.

The exception was attractor 2, which spiked immediately
following the earlier spike discussed in our H1 analysis. This
sequence suggests that Floyd’s murder initially activated K-
pop community engagement with BLM issues, which BTS’s
tweet then amplified. We explore this interpretation further
in the discussion section.

RQ2: Persistent Belief Change
Results from our correlation analysis are shown in Table 2.
For both communities, the correlation patterns between pe-
riods show some variation but with overlapping confidence
intervals, suggesting no statistically significant changes in
how activity was distributed across attractors. For K-pop,
while the event period correlation with post-period activity
(r = 0.908) appears lower than pre-event to event correlation
(r = 0.974), we cannot conclude this represents a meaningful
shift. Similarly for BLM, despite apparent stronger correla-
tion between event and post periods (r = 0.971) compared
to pre-event and event (r = 0.904), these differences are not
statistically significant.

Between community correlations were uniformly low (all
negative) but this negative correlation weakened over time.
There was a statistically significant difference (approxi-
mately p<.05) between pre-period (r = -0.171) and post-
period traffic (r = -0.015). Based on this, there is a weak but
meaningful difference in the direction of increasing similar-
ity for the two communities. We return to this finding below.
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Discussion
Our analysis provides novel insights into the drivers of
cross-cultural digital activism, specifically in the context of
online fandoms. Our findings support H1: belief alignment
appears to have played a primary role in K-pop fandom’s
involvement in BLM. We found that K-pop fandom voiced
shared beliefs about police brutality and racism with BLM
before the event, while maintaining distinct dominant beliefs
overall. This finding aligns with theoretical arguments sug-
gesting that the digital transformation of activism enables
more diverse, organic participation (Papacharissi 2015; Ben-
nett 2003). Cross-cultural digital activism appears driven
by individuals’ resonance with beliefs, values, and norms
(Stern et al. 1999) rather than opinion leadership.

Contrary to our initial hypothesis (H2), we find little ev-
idence that BTS’s statement acted as a strong opinion lead-
ership signal. Users who retweeted BTS exhibited only mi-
nor shifts in belief positions, much of which occurred prior
to the tweet itself. This suggests that their engagement was
likely shaped by broader discursive momentum rather than
direct influence from BTS. These results underscore the im-
portance of background informational context and suggest
that visible leadership signals may not always function as
causal drivers of belief change in networked publics.

While we found little support for H2, our analysis sug-
gests opinion leadership operates in unexpected ways. The
BTS tweet and management company’s donation functioned

Group Period Correlation 95% CI
K-pop Pre/Event 0.974 [0.936, 0.990]

Pre/Post 0.940 [0.855, 0.976]
Event/Post 0.908 [0.784, 0.963]

BLM Pre/Event 0.904 [0.776, 0.961]
Pre/Post 0.935 [0.843, 0.974]
Event/Post 0.971 [0.929, 0.989]

Between Pre -0.171 [-0.263, -0.077]
Event -0.093 [-0.333, 0.158]
Post -0.015 [-0.093, 0.064]

Table 2: Correlation Analysis Results

more as an amplifying response to existing activism rather
than an initiating event. The 272 “amplifiers” we identified
may serve as hidden opinion leaders - these users demon-
strated stronger alignment with BLM-biased beliefs than
other K-pop users and potentially gained visibility to idols’
management through high engagement. These results com-
plement Park et al.’s (2021) findings about fandom struc-
ture. In particular, there may be significant overlap between
our identified amplifiers and the “pillar accounts” they de-
scribe as coordinating fandom activities. This suggests a so-
phisticated dynamic where these accounts serve dual pur-
poses: maintaining K-pop fandom’s collective identity while
simultaneously helping establish a social agenda that in-
fluences idol groups. Furthermore, our results indicate that
when idols (and their management companies) respond to
this agenda, it generates an outpouring of fan affection, cre-
ating a mutually reinforcing cycle that benefits both fans and
artists.

Our investigation of RQ2 revealed two distinct but related
findings. First, the belief structures within each community
remained remarkably stable over time, with high correla-
tions and overlapping confidence intervals indicating no sub-
stantial shifts in internal alignment. Second, we observed a
small but statistically significant reduction in dissimilarity
between the two groups’ belief patterns, suggesting a subtle
form of convergence. While intriguing, this convergence ef-
fect is difficult to interpret definitively: it may reflect a tran-
sient response to shared political events, or it could point to
more enduring cross-group influence. Given the exploratory
nature of this finding, we do not claim a causal relation-
ship, but rather highlight the need for replication in other
contexts where distinct cultural communities interact around
shared political moments. While more sensitive statistical
techniques could help uncover finer-grained dynamics, we
believe the most important next step is to examine whether
such convergence effects are robust across domains.

The Belief Landscape Framework enabled analysis im-
possible with previous approaches. While earlier studies fo-
cused on hashtags (Xiong, Cho, and Boatwright 2019) or
content analysis (Raynauld, Richez, and Boudreau Morris
2018), the BLF allowed us to trace patterns of belief expres-
sion more directly. These methods offer valuable tools for
studying social dynamics at scale. While our analysis centers
on the specific case of K-pop and BLM in 2020, the meth-
ods we develop—particularly the use of belief landscapes
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Figure 5: Summary of traffic and significant events for the six attractors with event spikes among K-pop users in the 10 weeks
following the BTS tweet. The expected traffic is marked by a dashed line and significant events by dots. Vertical lines mark
George Floyd’s murder and the subsequent BTS tweet.

to model intergroup diffusion—can be extended to a wide
range of contexts. For example, they could be applied to un-
derstand how environmental narratives move across activist
and industrial groups, or how health misinformation spreads
between political ideologies. The generalizability lies in the
structure of the approach: so long as belief-rich text data is
available and group membership (or audience affinity) can
be inferred, this framework can reveal how shared events re-
configure public discourse across divides.

Several limitations warrant consideration. As a single case
study, generalizability remains uncertain. While our findings
support our core hypotheses, alternative explanations remain
plausible—for instance, increased K-pop fan engagement
with BLM could reflect the broader sociopolitical climate of
2020, when pandemic lockdowns intensified online activity
and racial justice awareness peaked globally.

Methodologically, our use of the Belief Landscape
Framework (BLF) introduces both strengths and challenges.
The framework requires several parameter choices, includ-
ing the selection of a temporal window for belief extraction.
We selected a five-week window based on prior work (In-
trone 2023) and our own analysis of belief lifespan distri-
butions. While nearby windows yield comparable results,
and five weeks represents a central tendency in our data, the
lack of a principled theory for optimal window size remains
a limitation—particularly given likely variation across indi-
viduals and beliefs.

We also undertook a validation of belief coherence to as-
sess the alignment of clustered beliefs. While our results
suggest that belief clusters are reasonably coherent when fil-
tered through attractor structure, the analysis revealed some
limitations in the belief extraction process. A nontrivial por-
tion of tweets lacked clear belief content, and semantic clus-
tering occasionally grouped beliefs with divergent stances.
The use of co-occurrence structure helps mitigate these is-
sues, but noise remains. We believe that future applications
could benefit from more powerful AI-assisted belief extrac-
tion to improve cluster resolution.

Additionally, information loss due to Korean-English

translation and the increasingly restricted nature of plat-
form APIs complicate reproducibility. While Introne (2023)
found the BLF to be robust across parameter ranges, the
method remains novel, and best practices are still emerging.
These challenges underscore the need for broader commu-
nity guidelines around parameter selection, belief extraction,
and historical dataset sharing in social media research.

Finally, ethical considerations extend beyond basic pri-
vacy protections. While we’ve avoided reproducing individ-
ual tweets (with the exception of the Appendix, wherein we
thought it important to include raw tweets in order to il-
lustrate some of the nuances of belief therein), the large-
scale analysis of beliefs raises broader concerns about poten-
tial misuse. We advocate thoughtful engagement with these
methods while acknowledging their value for understanding
social movements.

Conclusion
Our study suggests that belief alignment, rather than opin-
ion leadership, primarily motivates cross-cultural digital ac-
tivism in online fandoms. Through the Belief Landscape
Framework analysis of K-pop fans’ interaction with the
Black Lives Matter movement on Twitter, we found that dig-
ital transformation enables diverse and organic participation,
with individuals resonating with emergent beliefs and values
that transcend geo-political boundaries.

Our analysis reveals nuanced dynamics between online
fandoms and their idols. While K-pop entertainers’ actions
catalyzed expressions of support from fans, they amplified
rather than initiated activism. The pre-existing values and
beliefs of fans themselves drove engagement with social
causes.

The BLF proved instrumental in identifying local pat-
terns of belief formation, offering advantages over tradi-
tional hashtag or content analysis. Despite challenges with
cross-linguistic analysis and methodology refinement needs,
this approach effectively illuminates the complex interplay
of beliefs, values, and norms in online communities. The
methodological approach we introduce is not limited to the
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K-pop/BLM case, but provides a generalizable toolkit for
understanding how beliefs evolve and diffuse across social
boundaries in response to politically salient events. As such,
it offers a foundation for future work exploring the dynam-
ics of cultural convergence, political polarization, and net-
worked collective behavior in diverse digital communities.

Looking ahead, the BLF and related methods hold
promise for studying socio-cultural opinion dynamics.
These approaches enable researchers to track the emer-
gence, evolution, and interaction of beliefs across diverse
online communities, providing insights into social change
and cross-cultural engagement in the digital age. As digital
platforms increasingly shape public discourse and collective
action, we believe that tools for mapping and analyzing be-
lief landscapes will become valuable for understanding so-
cial movements, cultural exchange, and political mobiliza-
tion.
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ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying disre-
spect to societies or cultures? Yes

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes, it does.

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes, see
Methodology section

1303



(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes, see
Methdology section

(e) Did you describe the limitations of your work? Yes,
see Discussion section

(f) Did you discuss any potential negative societal im-
pacts of your work? Yes, see Discussion section

(g) Did you discuss any potential misuse of your work?
Yes, see Discussion section

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes, see Discussion section

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes, I read
and ensured my paper conforms

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? Yes, see Introduction, Background
and discussion section

(b) Have you provided justifications for all theoretical re-
sults? Yes, see Introduction and Background section

(c) Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? Yes, we discussed it lightly in the Discussion
section

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? No, because the BLF itself was
novel in studying social change and dynamics com-
pared to traditional methods such as hashtag analysis
or content analysis.

(e) Did you address potential biases or limitations in your
theoretical framework? Yes, see Discussions and Con-
clusion section

(f) Have you related your theoretical results to the exist-
ing literature in social science? Yes, see Background
section

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? Yes, see Discussion section

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theoret-
ical results? NA

(b) Did you include complete proofs of all theoretical re-
sults? NA

4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? NA

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? NA

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
NA

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? NA

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? NA

(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? NA

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes, I cited the creators whenever I mentioned
them in the paper, specifically in Methdology and Re-
sults section

(b) Did you mention the license of the assets? Yes, I did
(c) Did you include any new assets in the supplemental

material or as a URL? Yes, I included URLs when ap-
plicable as a footnote

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
Yes, I mentioned that in the Discussion section

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? No, there are no unedited tweets
in the main text. While tweets in the Appendix are
unedited, they do not include personally identifiable
information, or offensive content.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see ?)? NA

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see ?)? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA

APPENDIX
A. Probe Sentence Evaluation
We developed six sentences that were compatible with
our data but presented contextual nuances that might not
be captured in existing language models. These were:
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(a) America has never fully addressed it’s oppression for
Black people.

(b) There’s no discrimination in America.
(c) George Floyd died because of heart disease
(d) George Floyd died because of police brutality
(e) Bangtan is the best group.
(f) Proof that Bangtan are beautiful
We then examined the similarity scores for a subset of
pairs in order to identify a model that was compatible
with our intuitions. Scores for examined sentences pairs
for each model testing are featured in Table 3.

B. Attractor Detail
Figure 7 provides a visual summary of attractors that
are referenced in the main body of the text. Attractors
are sorted in reading order from BLM-biased to Kpop-
biased. Each individual attractor visualization presents
the following types of information, from top down:

(a) The overall bias of an attractor.
(b) Traffic fluctuations over time; the top portion indicates

BLM, and the bottom portion indicates K-pop.
(c) The top five beliefs in the attractor; bars indicate rela-

tive intensity (the x-axis marks the relative overall in-
tensity for each visualized belief) and colors indicate
the bias of that belief, as described in the main body of
the text.

C: Sensitivity Analysis
We conducted a sensitivity analysis using a range of
half-life values (4 to 8 weeks) to assess the stability
of our results. For each setting, we re-generated be-
lief vectors, identified density peaks, and reassigned at-
tractor labels. Because attractor labels are arbitrary and
non-aligned across settings, we used the Adjusted Rand
Index (ARI) to evaluate the similarity of belief land-
scape structures. ARI, like Cohen’s Kappa, is a chance-
adjusted measure of agreement, where values ≥ 0.6 in-
dicate good alignment and values ≥ 0.8 reflect excel-
lent agreement. Across the tested half-lives, ARI scores
ranged from 0.56 to 0.84 (see Figure 6), suggesting mod-
erate to strong consistency in attractor structure. To fur-
ther test the robustness of our event-level findings, we ex-
amined whether the attractors that exhibited early spikes
in the five-week setting—particularly attractors 2 and
3, which spiked following George Floyd’s murder but
before BTS’s tweet—had analogous counterparts in the
other half-life configurations. Specifically, for each al-
ternative half-life model, we computed the Jaccard sim-
ilarity between attractors and those from the five-week
model, identifying the most similar matches to attractors
2 and 3. We then checked whether these top-matching at-
tractors also exhibited event spikes in the same temporal
window.
Table 4 summarizes the Jaccard similarity scores and
spike presence. In all cases, the attractor most similar to
attractor 2 exhibited a spike. For attractor 3, its closest

Figure 6: Heatmap of ARI scores between different half-life
settings (weeks 4–8). Higher scores indicate greater similar-
ity in attractor structure across time windows.

match exhibited a spike in two of the four models (weeks
4 and 7), but not in the others. No additional attractors
showed spikes, reinforcing the specificity of the result.
These findings indicate that the core belief dynamics
identified in our primary analysis—especially the con-
centration of early engagement in semantically mixed,
BLM-leaning attractors—are robust across reasonable
variations in the belief persistence parameter. While the
precise attractor structure varies slightly with different
half-life values, the key diffusion patterns remain con-
sistent, strengthening confidence in our results.

week5 week4 week6 week7 week8

attractor 2 0.74 0.86 0.55 0.81
attractor 3 0.45 - 0.82 -

Table 4: Top Jaccard similarity scores between attractors 2
and 3 from the 5-week setting and their best-matching at-
tractors in alternative half-life models (weeks 4–8). Only at-
tractors that also exhibited a spike in activity during the same
time window are included.

D: Belief Cluster Validation
We used the LLama 3.1 70B instruct model to evaluate
the alignment of a sample of beliefs, sampled across all
266 identified beliefs, subject to the constraint that each
assessed pair appeared in the same attractor. The prompt
used was:
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Boris Johnson demonstrates irresponsible crisis
leadership while avoiding accountability.

Brexit negatively impacts UK's economy and autonomy while
facing poor government management.

Police forces often act with inherent violence and abuse,
eroding public trust and suggesting society might
function better without them.
Donald Trump's actions and behavior consistently show
disregard for accountability and dismissal of criticism,
contributing to political chaos.

The pandemic severely impacts small businesses and
employment while leaders mismanage public health.
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Police forces often act with inherent violence and abuse,
eroding public trust and suggesting society might
function better without them.
Black individuals deserve autonomy, respect, and justice
without needing to justify their humanity or endure
systemic discrimination.
Donald Trump's actions and behavior consistently show
disregard for accountability and dismissal of criticism,
contributing to political chaos.

White people actively perpetuate systemic racism and must
confront this responsibility.

Racism pervasively impacts societal structures and
requires collective action for change.
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Faith and prayer in God's guidance typically leads to
positive change, support for justice, and ultimate
destiny beyond current struggles.
Police forces often act with inherent violence and abuse,
eroding public trust and suggesting society might
function better without them.
Black individuals deserve autonomy, respect, and justice
without needing to justify their humanity or endure
systemic discrimination.

God positively influences life circumstances and events.

Emotional pain and disappointment stem from personal
sacrifices and unfulfilled dreams.
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People, particularly men, increasingly neglect real−life
relationships and responsibilities while pursuing
superficial behaviors.
Police forces often act with inherent violence and abuse,
eroding public trust and suggesting society might
function better without them.

Emotional pain and disappointment stem from personal
sacrifices and unfulfilled dreams.

Black individuals deserve autonomy, respect, and justice
without needing to justify their humanity or endure
systemic discrimination.
2020 represents a pivotal moment that highlights social
injustices and demonstrates the need for accountability
and collective action.
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Emotional pain and disappointment stem from personal
sacrifices and unfulfilled dreams.

2020 represents a pivotal moment that highlights social
injustices and demonstrates the need for accountability
and collective action.
Police forces often act with inherent violence and abuse,
eroding public trust and suggesting society might
function better without them.

Fans actively enjoy the playful and supportive
interactions among their favorite idols.

The show deserves renewal for more seasons due to its
popularity and talent.
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Music powerfully evokes deep emotions and connects with
listeners across language barriers.

Fans actively enjoy the playful and supportive
interactions among their favorite idols.

Life unfolds as a journey filled with growth and
exploration, where personal experiences shape joy and
connections.

New album releases and their associated content generate
significant excitement and anticipation.

The laughter and innocence of beloved idols and babies"
evoke joy and healing emotions in their fans."
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Fans actively enjoy the playful and supportive
interactions among their favorite idols.

The weather generally remains pleasant and enjoyable.

Food consistently brings joy and connection among friends
and loved ones.

Emotional pain and disappointment stem from personal
sacrifices and unfulfilled dreams.

Dressing warmly and taking precautions against cold
weather and illnesses remains important.
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Seventeen consistently impresses and inspires with their
creativity and achievements.

Hoshi demonstrates charisma and energy while deeply
valuing interactions with fans and teammates, showcasing
both playfulness and appreciation for support.

Fans actively enjoy the playful and supportive
interactions among their favorite idols.

2020 represents a pivotal moment that highlights social
injustices and demonstrates the need for accountability
and collective action.

Emotional pain and disappointment stem from personal
sacrifices and unfulfilled dreams.
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Red Velvet is an extraordinary group whose members
collectively and individually contribute to their success
and the love they receive from fans.
Seulgi excels as a beloved performer through beauty,
charm, and dedication, while Joy provides supportive team
presence.
2020 represents a pivotal moment that highlights social
injustices and demonstrates the need for accountability
and collective action.

Fans actively enjoy the playful and supportive
interactions among their favorite idols.

Success in the music industry depends heavily on public
support and song quality.

Attractor 5 KP
O

P

BL
M

600
400
200

0

Jan 2020 Apr 2020 Jul 2020 Oct 2020 Jan 2021

0.00 0.05 0.10 0.15

BTS significantly influences music and culture while
serving as ideal role models.

Fans actively enjoy the playful and supportive
interactions among their favorite idols.

Jimin possesses exceptional attractiveness admired by
others, especially Taehyung, while maintaining
significant and heartfelt group relationships.

Success in the music industry depends heavily on public
support and song quality.

Jungkook demonstrates exceptional talent and likability
through his skills and personality.
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Daniel is admired for his talent, charisma, and
dedication to quality in his work and performances.

2020 represents a pivotal moment that highlights social
injustices and demonstrates the need for accountability
and collective action.

Fans actively enjoy the playful and supportive
interactions among their favorite idols.

President Trump is consistently criticized for his
decisions and actions, which are perceived as
self−serving and detrimental.
Political and economic issues, particularly job loss
during the pandemic, immigration restrictions, and
election integrity, cause widespread concern.
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Blackpink stands as an immensely popular and influential
K−pop girl group, achieving significant industry
recognition and success.

Lisa stands as a talented, loved, and confident figure
admired for her beauty and personality.

Jennie's charisma and versatile performance make her
beloved despite industry pressures.

Rosé inspires deep fan admiration through beauty, talent,
and meaningful impact.

Jisoo demonstrates exceptional talent within BLACKPINK
despite management underappreciation.

Figure 7: Visualizations of attractors mentioned in the main text. Only the top 5 belief summaries are shown for each attractor.
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The following two Tweets express beliefs about
the world. I’d like you to determine whether or
not these beliefs are well aligned. Each tweet may
contain more than one belief, and if so, please only
compare the beliefs that are most similar. Please
code your comparison as follows:

1 - The beliefs are mostly aligned with one another
0 - None of the beliefs here can be readily compared
-1 - The beliefs are mostly opposed with one another

Please format your response as a JSON string
as follows:
{
code: <your code>,
explanation: <a brief
explanation of your reasoning>
}

A sample of our results are included in Table 5.
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Model (1) & (2) (3) & (4) (4) & (5) (5) & (6)
symanto/sn-xlm-roberta-base-snli-mnli-anli-xnli (Mueller,
Pérez-Torró, and Franco-Salvador 2022)

0.048 0.083 -0.084 0.449

sentence-transformers/LaBSE (Feng et al. 2022) 0.511 0.847 -0.094 0.317
togethercomputer/m2-bert-80M-32k-retrieval (Fu et al. 2023) 0.170 0.483 0.333 0.314
sentence-transformers/all-MiniLM-L6-v2 (Reimers and
Gurevych 2019)

0.527 0.745 0.052 0.561

sentence-transformers/all-mpnet-base-v2 (Reimers and
Gurevych 2019)

0.479 0.753 0.022 0.563

nomic-ai/nomic-embed-text-v1.5 (Nussbaum et al. 2024) 0.673 0.839 0.352 0.746
hkunlp/instructor-xl (Su et al. 2023) 0.676 0.820 0.516 0.785
intfloat/e5-large-v2 (Wang et al. 2022) 0.790 0.914 0.73 0.846
thenlper/gte-large (Li et al. 2023) 0.841 0.907 0.7 0.907

Table 3: Similarity scores between probe sentences for each language model

Belief A Belief B Label Explanation
President Trump has sent his con-
gratulations to Attorney General
William Barr after the government
lawyers who prosecuted Trump’s
longtime confidant Roger Stone
resigned in protest when their
sentencing recommendation was
slashed by the Justice Department.

Pelosi slams Trump for ‘abuse of
power’ in Roger Stone interven-
tionBut the speaker declined to
commit to a congressional investi-
gation. Remember, she waits until
she has a case.

-1 The two tweets express oppos-
ing views on the same event.
TWEET1 implies that President
Trump’s actions in the Roger
Stone case are justified and
worthy of congratulations, while
TWEET2 portrays Trump’s inter-
vention as an ‘abuse of power’
and criticizes it.

Rebuttal: America needs a Presi-
dent that is responsible to human
life.

Congress should immediately
adopt provisions for remote
voting so that they will be able to
pass further bills in the face of this
crisis. There are already 3 mem-
bers of Congress who have tested
positive and 31 self-quarantining
and travel may become difficult.

0 The two tweets express unrelated
beliefs about different aspects of
governance. TWEET1 expresses a
belief about the qualities required
in a President, while TWEET2
proposes a specific policy solution
for Congress.

Fact Joe is creepy don’t vote Joe.
Stick to the best president to ever
take up residence in the White
House. The only man that can save
America is simply the best. And
Donald despite what the British
media says we love you over here.

Who needs more followers?
Post your name below, follow
every TRUMP supporter and
RETWEET THIS! Follow me
GO! Creepy Joe should be in jail!

1 Both tweets express strong sup-
port for Donald Trump and op-
position to ‘Joe’ (presumably
Joe Biden). They use similar
language, such as calling Joe
‘creepy’, and both imply that
Trump is the best option for Amer-
ica.

Table 5: Sample of Belief Pairs and Their AI-Annotated Alignment
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