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Abstract

Large-scale computational research on conspir-
acy theories has focused exclusively on believ-
ers’ online behavior, leaving the harm experi-
enced by those closest to them under-examined.
This paper bridges this gap by analyzing 12 747
stories from r/QAnonCasualties, an online
support group for people who have “lost” some-
one to conspiracy beliefs. We design a com-
putational pipeline to extract fine-grained the-
matic traits from personal narratives and cluster
them into six coherent radicalization personas,
which we then link to the emotional toll re-
ported by narrators via LLM-assisted emotion
detection and regression modeling. We find
that personas are meaningful predictors of spe-
cific emotional harms: radicalization perceived
as a deliberate ideological choice is associated
with anger and disgust, while personas marked
by personal and cognitive collapse correspond
to fear and sadness. This work provides an em-
pirically grounded computational framework
for understanding the relational harms of rad-
icalization, opening new avenues for research
into its wider social consequences.

1 Introduction

Conspiracy theories pose a significant social and
political challenge by driving polarization, erod-
ing trust in public institutions (Van der Linden,
2015), and inciting real-world violence (Munn,
2021). As these theories proliferate online (Russo
et al., 2023b), computational research has largely
relied on social media analysis to map the diffu-
sion of misinformation and track believers’ online
footprint (Phadke et al., 2021; Wang et al., 2023a;
Engel et al., 2022; Corso et al., 2025a).

While this paradigm yields valuable large-scale
insights into the online evolution of conspirato-
rial communities, it has two key limitations. First,
believer profiles are built primarily from online
content, overlooking the offline characteristics that

help explain the psychological vulnerabilities and
triggers underlying belief adoption. Second, focus-
ing on believers alone underestimates the conse-
quences that reach beyond the individual to affect
their immediate social circle. Anecdotal studies
report the harm endured by relatives and acquain-
tances of people falling into the “rabbit hole”: so-
cial erosion, depression, and the risk of adopting
the same beliefs (Xiao et al., 2021; Engel et al.,
2023; Mastroni and Mooney, 2024). Yet these con-
sequences remain unmeasured at scale, leaving a
major blind spot in the literature.

To address this gap, we turn to
r/QAnonCasualties, a subreddit where users
post first-hand stories about relatives or close
acquaintances who have adopted QAnon and
adjacent conspiracy beliefs—arguably the largest
and most prevalent contemporary case study of
mass radicalization—detailing the radicalization
journey of the individual and the behavioral shifts
observed throughout this process. These data
offer a dual perspective: each post captures the
offline radicalization trajectory of the relative or
acquaintance—whom we refer to as the object
of narration (OON)—as perceived by the post’s
author, defined hereafter as the narrator, while
simultaneously documenting the emotional and
relational harm they experience. To study this dual
perspective, we formulate two research questions:

RQ1: Which archetypes, or “personas,” emerge
from the thematic traits perceived across the
OON’s radicalization trajectories?

RQ2: How are these radicalization personas asso-
ciated with the emotional toll experienced by
the narrator?

To answer RQ1, we use an LLM co-annotation
framework to extract thematic traits from narrative
texts and organize them—drawing on radicalization
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theory (Borum, 2011)—into three temporal phases
spanning pre-existing conditions, trigger factors
and post-radicalization characteristics. We then
model the co-occurrence of these traits to derive
six data-driven radicalization personas.

To address RQ2, we apply regression analysis to
compositional data (via Isometric Log-Ratio trans-
formation) to examine how exposure to these per-
sonas relates to narrators’ emotional outcomes. We
link the OON’s radicalization personas to reported
psychological distress and demonstrate that they
are strong predictors of specific emotional harm.

Overall, we make three contributions:

C1: We release QAnonCasualties-12k, the first
publicly available dataset built from 12747
first-hand stories documenting offline radi-
calization into QAnon, annotated with the-
matic traits characterizing the OON’s radical-
ization trajectory and the narrator’s emotional

response.l

C2: We derive six data-driven radicalization per-
sonas, the first empirical typology of offline rad-
icalization journeys as witnessed and reported
by close relations.

C3: We provide large-scale quantitative evidence
that radicalization personas predict specific
emotional harms experienced by the narrator,
thus reframing radicalization as a measurable
relational phenomenon.

2 Related Work

Characterizing Online Radicalization. Compu-
tational research has extensively mapped online
radicalization through digital traces. Several works
study how users are socially drawn into extrem-
ist communities (Phadke et al., 2021), where echo
chambers amplify divisive rhetoric (Samory and
Mitra, 2018), violent content (Rousis et al., 2022),
and emotionally-charged disinformation (Sharma
et al., 2022; Marino et al., 2024). These communi-
ties also prove highly resilient, withstanding mod-
eration by migrating to new platforms or spilling
over into the mainstream (Russo et al., 2023b,a)

Radicalization, however, extends beyond online

'We release Reddit post identifiers alongside our derived
annotations (thematic traits, persona mixtures, emotion la-
bels, and narrator control variables) rather than raw post text,
to protect user privacy and respect Reddit’s terms of ser-
vice. Code and data are available at https://github.com/
ngoccc/ganoncasualties-analysis.

spaces and reshapes the offline lives of its targets.
Susceptibility to conspiracy thinking (Corso et al.,
2025b) often builds on pre-existing vulnerabili-
ties such as health struggles or institutional dis-
trust (Xiao et al., 2021), and may culminate in men-
tal health challenges (Engel et al., 2023). However,
research documenting these dynamics relies mainly
on small-scale interviews, which constrain general-
izability. Our study addresses this by analyzing the
narratives on r/QAnonCasualties, capturing the
offline, observational dimensions of radicalization
within a large corpus of first-person accounts.

Radicalization Framework. Radicalization is a
complex, multi-faceted process that varies across
populations (Wang et al., 2023a; Phadke et al.,
2022). Several frameworks have been developed
to model its components and progression. At a
granular level, research identifies radicalization
through discrete signals: computationally, via
the adoption of specific jargon or hateful lan-
guage (Fernandez et al., 2018; Rowe and Saif,
2016), and qualitatively, via offline behaviors such
as pathological fixation on public figures or explicit
threats (Reid Meloy et al., 2012). These signals
are typically part of a broader, incremental process.
Stage-based models further conceptualize radical-
ization as a temporal progression through phases,
from grievance to indoctrination and action (Bo-
rum, 2011; Wolfowicz et al., 2021). We draw on
these frameworks to operationalize radicalization
as a trajectory of thematic traits, and examine how
they coalesce into distinct personas (RQ1).

Radicalization Impacts Beyond the Individual.
Radicalization harms not only believers but also
their social circle. There is growing evidence that
having a loved one involved in a conspiracy theory
may lead to anxiety and PTSD (Moskalenko et al.,
2023), strain relationships (Mastroni and Mooney,
2024), and require specialized psychosocial sup-
port (St-Amant et al., 2023). The nature of these
harms likely depends on their underlying causes,
yet little is known about the spread of emotional
tolls across radicalization profiles. To fill this gap,
our study links distinct radicalization personas to
the form of distress with which they are associated
(RQ?2), thus providing the first large-scale test of
this relation.
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3 QAnonCasualties-12k Dataset
3.1 Data Collection

We construct our dataset from 31837 posts on
r/QAnonCasualties, a subreddit where users doc-
ument the radicalization of relatives or acquain-
tances into QAnon and adjacent conspiracies. We
focus on accounts that detail the believer’s behav-
ioral evolution over time. Following Antoniak et al.
(2019), we preprocess the corpus by removing auto-
mated accounts, duplicates, and posts shorter than
50 words. We then apply a structural filter to retain
only those that capture an interpersonal dynamic:
ones that mention both a narrator (the post author)
and an object of narration (OON, the believer).
To operationalize this filter, we use a dependency
parser (Choi et al., 2015) to extract nouns and pro-
nouns, manually categorize the most frequent items
into a narrator set (e.g., “I”, “me”) and an OON set
(e.g., “mother”, “husband”), as listed in Table 1,
and keep only posts containing at least one entity
from each set.

Table 1: Entities and their representative n-grams.

Entity Category  n-grams

Narrator
Narrator (self)

Object of Narration (OON)

I, me, myself

Parent mother, father, parent

Sibling brother, sister, sibling, cousin
Extended family  aunt, uncle, grandparent

Partner husband, wife, boyfriend, girlfriend
Friend friend, roommate, colleague

Three annotators reviewed a random sample of 200
retained posts: 87% satisfy the dual-perspective
requirement (Fleiss’ k = 0.71). The pipeline yields
a final dataset of 12 747 posts (additional details in
Appendix A.1).

3.2 Data Processing

Posts on r/QAnonCasualties are unstructured:
they mix biographical detail, affective testimony,
and second-hand reporting, complicating the ex-
traction of OON-specific attributes needed to recon-
struct radicalization trajectories. To address this,
we apply BERTopic (Grootendorst, 2022) to extract
topical patterns from post sentences, using UMAP
for dimensionality reduction and HDBSCAN for
clustering (hyperparameters in Appendix A.3).
This process yields 461 topics. We benchmark
BERTopic against LDA (Blei et al., 2003) and
prompt-based LLM topic modeling (Wang et al.,

2023b) (Appendix A.2), and find that BERTopic
achieves higher topic coherence, consistent with
prior findings (Egger and Yu, 2022; Wang et al.,
2023b).

Manual inspection revealed that many of the 461
topics were not descriptive of OON attributes (e.g.,
trivial life details, conversational artifacts). To filter
them, we develop an LLM Co-annotation Frame-
work: a human-in-the-loop pipeline combining
LLM-assisted topic filtering with expert validation.
We curate few-shot exemplars of relevant and ir-
relevant topics—each with topic keywords, repre-
sentative posts, a binary label, and a short ratio-
nale—and prompt gpt-4o0-mini to classify each
remaining topic, marking it relevant if it pertains
to (i) the OON’s belief adoption, (ii) behavioral
change, or (iii) resulting interpersonal dynamics.
The first author independently annotated all top-
ics; disagreements with the LLM were resolved in
consultation with the two co-authors, yielding a
final set of 198 relevant topics, each subsequently
labeled with a concise LLM-generated descriptor.

4 RQ1: Trajectories and Personas

4.1 Radicalization Trajectories

To characterize the OON’s radicalization trajecto-
ries, we map the 198 OON-relevant topics onto
the staged model of radicalization proposed by Bo-
rum (2011) and operationalized for empirical tra-
jectory analysis by Klausen (2016). The model
conceptualizes radicalization as a progression or-
ganized around a central catalyzing event (the
trigger) that mediates between an individual’s an-
tecedent vulnerabilities and their subsequent ideo-
logical and behavioral transformation. This fram-
ing aligns naturally with our setting: testimonies on
r/QAnonCasualties are typically structured along
this temporal arc, recounting who their loved one
was before (Pre-Radicalization Conditions), what
happened (Trigger), and what they became after
(Post-Radicalization Characteristics)—the three
phases we adopt as the backbone of our analysis.

Each LLM-co-annotated topic is assigned to one of
these phases by the first author. Assignments were
validated by the co-authors, with disagreements
resolved through discussion. We then manually
merge conceptually similar topics into higher-level
themes (Appendix A.4), yielding a final set of 50
thematic fraits of radicalization trajectories. Each
post is thus represented as a profile: the subset of
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traits it expresses.

Figure 1 visualizes the resulting trajectory space
as a flow across the three phases, with edge widths
proportional to the frequency of co-occurring traits
within profiles. Three findings stand out:

Radicalization antecedents are ideologically
anchored but individually heterogeneous.
Pre-Radicalization ~ Conditions  span  psy-
chological (Physical Health Disorders,
Mental Health Disorders), socio-economic
(Financial Struggles), and demographic dimen-
sions. Yet, Conservative Political Identity
stands out as the dominant antecedent, appearing
in 1489 profiles—nearly 50% more than the
next most common factor. This suggests that,
despite substantial heterogeneity in vulnerabilities,
conservative ideological orientation is the strongest
precursor to QAnon adoption in our corpus.

Triggers concentrate around a pandemic shock
and its media ecosystem. Trigger Factors are
strikingly concentrated: COVID-19 Lockdowns
(2402) dominate by a wide margin, with the re-
mainder clustering around Religious Influence
(1181) and platform-specific media exposure
(Fox News, Facebook, YouTube Algorithms). Po-
litical events, by contrast, play a comparatively
minor role (Trump's Election, 181 profiles),
pointing instead to the pandemic information en-
vironment as a potentially central driver of recruit-
ment. Nevertheless, a considerable share of pro-
files (1714) lack a clearly identifiable trigger (Un-
known), suggesting the catalyzing moment is often
internal or simply hidden from view.

Post-Radicalization = Characteristics  clus-
ter along two largely independent axes.
Outcomes separate cleanly into a rela-
tional axis (Social Deterioration and
Interpersonal Harm) characterized by com-
munication tension, isolation, and estrangement,
together with shifts in Lifestyle and Media Use,
and an ideological axis (adoption of core
QAnon tenets centered on Child Harm and
Apocalyptic Narratives), interwoven with
Pro-Trump and War-Inducing Rhetoric,
and accompanied by a broader rejection
of established knowledge via Medical and
Science and Technology Mistrust. The
two axes co-occur in only 32.6% of profiles,
thus suggesting that behavioral and epistemic
radicalization are partially decoupled: a distinction

that mirrors the two-pyramids account separating
radicalization of action from radicalization of
opinion (McCauley and Moskalenko, 2017).

4.2 Clustering Radicalization Profiles

Building on the trajectory framework, we now ask
whether the OON profiles cluster into a small num-
ber of recurring radicalization personas, which we
define as latent clusters capturing co-occurring sets
of traits across profiles.

A key methodological assumption is that real-world
radicalization profiles are unlikely to belong to a
single archetype: a believer may, for instance, com-
bine pandemic-era distrust of institutions with a
pre-existing right-wing political identity and a re-
ligious worldview. Hard-clustering methods such
as k-means, which force each profile into a sin-
gle cluster, would obscure precisely the kind of
overlap we expect to find. We therefore adopt a
probabilistic, mixed-membership formulation, in
which each profile is represented as a distribution
over personas and each persona as a distribution
over traits. Following Yang et al. (2016), who use a
similar formulation to derive behavioral archetypes,
we instantiate this with Latent Dirichlet Allocation
(LDA), representing each profile as a bag-of-traits.

To select the number of personas, we sweep k
from 4 to 15 and select k via topic coherence (Ap-
pendix A.6 and A.7). The metric peaks at k = 6,
and a subsequent qualitative review of the resulting
personas confirms that this value yields the most
distinct and coherent archetypes. We use k = 6
henceforth.

4.3 Persona Analysis

Our six personas (Health-Triggered Conspiracy
Theorist, Political Extremist, Social Media Spi-
ral, Religious Apocalypticist, Conservative Iden-
tity Protector, and Pandemic-Triggered Skeptic)
are described in Table 2. Per-persona narratives
and statistics are in Appendices A.8 and A.9. Over-
all, these personas are not artifacts of hard parti-
tioning: profiles occupy on average 1.70 personas
(threshold = 1/k); 52.2% exhibit mixed member-
ship, confirming that the probabilistic formulation
captures genuine overlap rather than serving as a
methodological formality.

We frame the contribution of this typology in two
parts. First, we provide the first integrated em-
pirical typology of QAnon believers from wit-
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Figure 1: Flow of 50 thematic traits across the three radicalization phases.

nessed testimony. Prior work has identified in-
dividual mechanisms in isolation: right-wing me-
dia ecosystems (Sipka et al., 2022), algorithmic
amplification (Hannah, 2021), Christian eschatol-
ogy (Miotto and Droogan, 2025), COVID-19 con-
spiracy convergence (Morelock and Narita, 2022),
and personal health attribution to conspiratorial ac-
tors (Xiao et al., 2021). However, it has not shown
how these mechanisms intertwine within a believer
population. Each of our six personas instantiates
one of these previously documented mechanisms,
and their relative frequencies (Table 2) provide
the first quantitative estimate of their respective
prevalence in the QAnon-adjacent population ob-
servable through r/QAnonCasualties. Second,
mixed membership reveals interaction effects
invisible to single-mechanism studies. The well-
documented fusion of Christian symbolism with
Trumpism (Miotto and Droogan, 2025) surfaces
as co-loading on the Religious Apocalypticist and
Political Extremist personas in over 1000 believers
in our corpus. Mixed membership thus reveals not
just who radicalized, but how distinct pathways
converge and reinforce one another.

S RQ2: Persona-Specific Emotional
Harm

Our second goal is to quantify the impact that dif-
ferent radicalization personas have on the emo-
tional toll experienced by their relatives and ac-
quaintances, i.e., to model the relationship between
the object of narration (OON) and the narrator.

5.1 Regression Setup

We model this relationship via a binary logistic
regression. For each of four negative emotions
y € {anger, fear, sadness, disgust}, we fit

logit Pr(y =1 | x,¢) = 6o + BTX —|—'ch, )

where y is the presence of the emotion in the nar-
rative, x encodes the OON’s persona composition,
and c is a vector of narrator-level controls. We
describe each component in turn below.

Dependent variables: narrator emotions (y).
We operationalize the emotional toll by using four
discrete negative emotions from Plutchik’s frame-
work: anger, fear, sadness, and disgust (Plutchik,
2001). We choose this categorical approach over
dimensional models (e.g., valence and arousal) for
its interpretability, as identifying specific emotions
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Table 2: The six radicalization personas, their core descriptions, and their dominant trajectory sub-diagrams.

No. Persona

Description

Sub-Sankey Diagram

This persona’s radicalization begins with a personal health
crisis or substance abuse issue. Their initial mistrust of doctors
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Policy Defiance ==
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Facebook

Tucker Carlson
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Lifestyle Changes Driven by Conspiratorial Beliefs
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Pro-Trump
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The Health- X X . . .
Triggered evolves into a comprehensive conspiratorial worldview that
P1 Conspirac eventually incorporates QAnon. This pathway is marked by
spiracy severe social and professional collapse, including psychotic
Theorist . . . h R
episodes, aggressive behavior, and the destruction of their
former relationships and career.
Driven by a pro-Trump identity and a diet of right-wing media,
this persona adopts a fierce “us versus them” mentality. They
The Political view political 'opponents as an ":x1slentlal threat, Ju.stlfyl'ng
P2 . extreme rhetoric and the destruction of personal relationships
Extremist .. . .
over political disagreements. While they may carefully vet
sources within their media bubble, they remain trapped in an
echo chamber that reinforces their apocalyptic fears.
This persona falls down algorithmic rabbit holes on platforms
such as YouTube and 4chan. What starts as a simple search
. for alternative information becomes a spiral of increasingly
The Social Lo . . X
P3 Media Spiral extreme content, culminating in an obsession with child harm
P narratives. They lose the ability to think critically and become
highly susceptible to the influence of online influencers, while
rejecting mainstream sources.
This persona fuses conservative Christianity with political
conspiracy, interpreting current events through the lens of
The e X i
L. Biblical end-times prophecy. QAnon is seen as proof of a
Religious . . . . . .
P4 Apocalybti- divine spiritual war, creating a powerful, self-reinforcing belief
cirs’t yp system. This worldview often includes a fear of technology
as the “mark of the beast” and a conviction that a final battle
between good and evil is imminent.
This persona becomes radicalized in what they see as a defense
The of traditional conservative values against cultural threats, such
. as changing norms around race, gender, and sexuality (e.g.,
Conservative . .
P5 Identit LGBTQ+ movements). Their identity becomes so paramount
Protect};r that they view disagreement as a personal betrayal, leading
to an intolerance for opposing views and a willingness to
prioritize ideological purity over family relationships.
Ignited by the COVID-19 pandemic, this persona’s pre-
The existing skepticism of mainstream medicine and preference
Pandemic- for holistic health made them vulnerable to anti-vaccine mes-
P6 - . L . .
Triggered saging. This initial doubt quickly expands into broader govern-
Skeptic ment control conspiracies and a complete rejection of medical

and scientific authority.

Holistic and Alternative Medicine Beliefs
Non-American Perspectives

Public Health Mistrust and Resistance;

COVID-19 Lockdowns

Sacial Deterioration and Relationship Strain

Epistemic Rigidity.and Distrust in Expertise
Alternative Media Use and Tnformation Exposure
TikTok Medical Mistrust!

Science and Technology Mistrust

such as “anger” versus ‘“‘sadness” provides more
actionable insights into the nature of interpersonal
harm than abstract affective scores.

Extracting these emotions from our corpus is non-
trivial: posts are long-form, multi-actor, and de-
scribe highly specific lived experiences. Standard
approaches, such as lexicon-based methods and
pre-trained classifiers, fail to disentangle the nar-
rator’s emotions from those of the people they de-

scribe. Training a custom classifier would require
costly manual annotation beyond the scope of this
work. We therefore adopt an LLM-assisted strat-
egy using gpt-4o-mini, selected for its strong
instruction-following capabilities and cost effi-
ciency. Prompts are iteratively designed and eval-
uated following prior LLM-based emotion detec-
tion work (Greschner and Klinger, 2024; Liu et al.,
2024; Niu et al., 2024). Empirical validation on a
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100-post sample confirms this choice: GPT-based
annotation achieves mean « = (.6 against two
independent annotators, substantially outperform-
ing both NRC (Mohammad and Turney, 2013)
and GoEmotions-finetuned (Lowe, 2022) baselines
(full results and error analysis in Appendix A.10).
The final prompt (Appendix A.5.4) is applied to the
full dataset, yielding four binary dependent vari-
ables.

Controls: narrator attributes (c). To isolate
the effect of persona composition, we control for
three narrator-level attributes: the narrator’s rela-
tionship to the OON, and their inferred gender and
age. We extract these attributes via a hybrid an-
notation pipeline standard in demographic infer-
ence (Jagfeld et al., 2021; Rosario, 2023; Harvey
et al., 2025). First, we apply high-precision regu-
lar expressions adapted from Tigunova et al., 2020
and our entity n-grams Table 1 (full details in Ap-
pendix A.11) to identify explicit self-disclosures
(e.g., “my husband”, “I [35F]’). We then bench-
mark zero-shot classification with gpt-4o-mini
against this set, after masking the explicit disclo-
sures used as ground truth. The model achieves F1
score of 0.95 for relationships, 0.77 for age, and
0.70 for gender. Based on this validation, we use
the LLM to infer the attributes for posts where they
are not explicitly stated.

Predictors: persona composition (x). The pre-
dictors of interest are the six radicalization personas
identified in Section 4.3. For each post (i.e., pro-
file), the LDA model estimates a probability distri-
bution over the six personas, which would naturally
serve as x. However, plugging these probabilities
directly into Equation (1) is statistically invalid,
and a transformation is required.

Handling Compositional Predictors via ILR.
The regression cannot be fit on the raw persona
probabilities: they are non-negative and sum to
one (compositional data (Aitchison, 1982)), which
violates the assumptions of standard linear regres-
sion. We address this issue via an Isometric Log-
Ratio (ILR) transformation (Egozcue et al., 2003),
which maps the six probabilities into five orthog-
onal coordinates called balances, each capturing
the relative dominance of one group of personas
(the numerator) over another (the denominator).
The grouping is defined by a Sequential Binary
Partition (SBP) that reflects thematic distinctions
across the personas: the top-level balance contrasts

1®  Anger (p < 0.05)
1® Disgust (p < 0.05)

Fear (p < 0.05)
®1  Sadness (p < 0.05)

O Non-significant (p = 0.05)

—e—
Dispositional +——@&—
(P2, P4, P5)

Situational
(P1, P3, P6)

Digital Trigger +——®— Corporeal Trigger
(P3) (P1, P6)

Sacred Worldview —0—H Secular Worldview
(P4) (P2, P5)

Chronic Crisis Trigger

Acute Crisis Trigger
(P6) (P1)

—0—

Outward Aggression —e—i

(P2)

Identity Defense
(P5)

—0—o

09 10 11 12
0Odds Ratio (OR)

0dds Increase —»
(Favors Numerator)

« Odds Decrease
(Favors Denominator)

Figure 2: Effects of personas on narrator emotions.
Points show odds ratios (OR) from logistic regression
models, with bars indicating 95% confidence intervals.

Situational personas (radicalization stemming from
external events such as a health crisis or algorithm)
against Dispositional ones (rooted in pre-existing
identity or faith), with four further balances encod-
ing nested contrasts within each group. The full
SBP and ILR formulation is shown in Table 3.

5.2 Regression Results

We fit one logistic regression per emotion (Equa-
tion (1)) and report results as odds ratios (OR):
OR > 1 indicates higher odds of the emotion with
greater dominance of the numerator group, whereas
OR < 1 indicates higher odds with the denomina-
tor group. We interpret findings at two levels: (1)
the high-level conceptual themes of each balance,
and (2) the defining persona characteristics within
those balances. The results, visualized in Figure 2,
reveal two distinct emotional patterns.

Anger and disgust are most strongly associated
with radicalization perceived as an active pro-
cess inflicting tangible harm rather than a pas-
sive misfortune, mirroring psychological research
linking anger to perceived intentionality (Weiner,
1985; Vasilopoulos et al., 2019). This pattern
emerges in two key balances. First, our primary
balance shows that profiles dominated by Dis-
positional personas (rooted in pre-existing polit-
ical or religious beliefs) are more likely to evoke
anger (OR= 0.93) and disgust (OR= 0.87) than
those driven by Situational factors. Balance 4 re-
fines this pattern within the Situational group: the
Chronic Personal Crisis persona (P1, character-
ized by destructive behaviors) is linked to more
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Table 3: Sequential Binary Partition (SBP) and Interpretation of the ILR Balances.

Balance # Conceptual Grouping and Rationale Numerator Denominator
Group Group

1 Situational vs. Dispositional: This balance separates personas P1 (Health), P3 P2 (Political), P4
where radicalization is attributed to external, situational factors (Social Media), (Religious), P5
(e.g., a health crisis, algorithm) from those attributed to one’s P6 (Pandemic) (Conservative)
internal, pre-existing disposition (e.g., their political identity or
religious faith).

2 Corporeal vs. Digital Trigger: Within the Situational group, this ~ P1 (Health), P6 P3 (Social
balance distinguishes between entry points rooted in the physical ~ (Pandemic) Media)
body and health (Corporeal) versus those rooted in the abstract,
algorithmic world of online platforms (Digital).

3 Secular vs. Sacred Worldview: Within the Dispositional group, P2 (Political), P5 P4 (Religious)
this balance separates radicalization based on modern political (Conservative)
identities (Secular) from one based on eschatological, faith-based
narratives (Sacred).

4 Chronic vs. Acute Crisis: Within the Corporeal group, this balance  P1 (Health) P6 (Pandemic)
separates radicalization stemming from a long-term, chronic
personal crisis (P1) from one triggered by a specific, acute public
crisis (P6).

5 Inward Identity Defense vs. Outward Aggression: Within the P5 P2 (Political)

Secular group, this balance separates an inward-looking identity

(Conservative)

defense (protecting conservative values) from explicit outward

aggression (“us vs. them” political combat).

anger (OR= 1.08) and disgust (OR= 1.09) than
the Acute Public Crisis (P6, defined by rejection of
scientific authority). Even when the initial trigger
is external, directly harmful personal actions are
seen as a more potent transgression than a more
indirect, anti-authority stance.

Disgust, in particular, is sensitive to the specific
moral content of the transgression (Chapman and
Anderson, 2013). Balance 5 reveals that the Out-
ward Aggression persona (P2, defined by polit-
ical extremism) corresponds to stronger disgust
(OR = 0.90) than the Inward Identity Defense
persona (P5, focused on identity-based anxieties).
Likewise, Balance 2 shows that the Digital-based
Social Media Spiral (P3), defined by an obses-
sion with abhorrent child-harm narratives, exhibits
higher odds of disgust (OR = 0.88) than the
Corporeal-based personas (P1 and P6), which re-
flect more generalized personal and health-related
deterioration. These findings highlight that dis-
gust may function as a targeted moral response to
perceived ideological depravity, rather than as a
generic reaction to harm.

Fear and sadness are linked to grieving a per-
ceived cognitive and personal collapse—a form
of “ambiguous loss” (Pauline and Boss, 2009)
where narrators mourn a loved one’s profound psy-
chological transformation and loss of identity. The
tangible evidence of a loved one’s physical and

mental decline in the Corporeal-based personas
(P1, P6) has a stronger association with both fear
(OR = 1.09) and sadness (OR = 1.11) than the
more abstract Digital-based projection of P3 (Bal-
ance 2). Moreover, the ideological framing of
the radicalization reveals a divergent impact on
these emotions. Balance 3 shows fear to be more
prominent in narratives of the Sacred Religious
Apocalypticist (P4) (OR = 0.90), while sadness is
more prevalent in those of Secular personas (P2,
P5) (OR = 1.11). This nuanced result suggests
that while religious detachment from reality is pro-
foundly frightening, narrators perceive the hostility-
induced transformation of secular extremism as a
more saddening loss of identity—echoing the inter-
personal grief documented in studies of affective
polarization (Iyengar et al., 2019).

6 Discussion and Conclusion

This study introduced and validated a computa-
tional framework for moving beyond the individual
conspiracy believer to model the offline, relational
consequences of online radicalization. By analyz-
ing thousands of personal stories, we first devel-
oped a pipeline to map radicalization trajectories
and derive six recurring radicalization personas.
We then provided the first large-scale, quantita-
tive evidence that these computationally-derived
personas are strong predictors of the specific emo-
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tional harms inflicted on loved ones.

A core strength of our multi-stage pipeline—
combining contextual topic modeling, graphical
modeling, and LLM-assisted classification—is its
ability to extract multiple components of narra-
tive structure from unstructured text (Piper et al.,
2021). Its modular design makes it adaptable to
other narrative-driven phenomena—such as other
belief-based communities or support group dynam-
ics, where similar pipeline stages could be selec-
tively applied to extract narrative components of
interest. Such adaptation would require re-deriving
the domain-specific components such as entity n-
grams, thematic traits, and LLLM prompts for the
new setting, while the pipeline’s architecture, from
temporal mapping through persona aggregation to
outcome regression, remains directly reusable.

Beyond methodology, the six personas represent
a foundational feature set: by capturing stable,
archetypal patterns in how radicalization unfolds,
they open avenues for predictive modeling. For ex-
ample, future work could explore the use of these
personas to forecast critical outcomes such as re-
lationship severance, the likelihood of offline vio-
lence, or one’s receptiveness to de-radicalization.
In doing so, it takes a step toward measuring not
just who radicalizes, but also what radicalization
leaves behind.

Limitations and Future Work

Our study has several limitations that highlight av-
enues for future work. First, our operationaliza-
tion of emotional toll, while providing a clear and
interpretable starting point, relies on pre-defined
negative emotions. This simplification inevitably
overlooks more complex, context-specific feelings
prevalent, such as helplessness, irony, or betrayal.
This shortcoming lays the groundwork for future
research to develop a more nuanced data-driven
taxonomy of the emotional harms associated with
radicalization. In addition, our reliance on LLMs
paired with limited human validation represents a
trade-off between scale and precision, introduc-
ing errors from both sides: from the LLM it-
self, and from the narrow scope of human review,
which was largely disagreement-triggered rather
than exhaustive. A promising avenue is to scale
up human validation, which would also provide
a stronger empirical basis for developing classi-
fiers tailored to radicalization-related narratives,

better able to capture subtle linguistic markers of
trauma and support-seeking than general-purpose
models. Finally, the generalizability of our findings
is bounded by our dataset’s specificity. Drawing
exclusively from r/QAnonCasualties introduces
self-selection bias, where narrators seeking online
peer support may not represent all those affected by
radicalization, influencing which pathways appear
more or less common in our analysis. Future work
should address this along three directions: extend-
ing to other platforms and media to mitigate selec-
tion effects, analyzing data longitudinally to model
how radicalization trajectories evolve over time,
and testing whether our personas generalize across
other conspiracy movements beyond QAnon.

Ethical Consideration

The data used in this study were sourced from the
public subreddit r/QAnonCasualties. Our collec-
tion and analysis of this data for non-commercial re-
search purposes are consistent with Reddit’s Terms
of Service. While the content is publicly accessible,
we take additional steps to protect the privacy of
both the narrators (the post authors) and the objects
of narration (the radicalized individuals they de-
scribe). All data was anonymized, and we removed
any personally identifiable information (PII) such
as usernames. All quantitative results presented in
this paper are in an aggregated form. We report on
collective patterns (e.g., persona distributions, odds
ratios). The anonymized text fragments sent to the
LLM APIs for annotation contained no personal in-
formation. We complied with the terms of service
of the LLM provider for all analyses.
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A Appendix

A.1 Data Preparation Details

Here we elaborate on the data preparation steps
summarized in the main text. The data obtained
covers the period between its launch on July 3,
2019, and December 31, 2024. In the primary fil-
tering stage, we exclude moderator and bot content
by removing posts with the distinguished field
set to moderator, authored by the AutoModerator,
or containing polls (via the poll_data field). We
also exclude posts self-labeled with non-narrative
flairs such as ‘Off-topic’ or ‘Media Request’. Du-
plicate posts are identified and removed by exact
match on post text (selftext field). We choose
the 50-word length threshold for removing short
posts after examining the overall post length distri-
bution (see Figure A.1), where we manually audit
samples at different lengths to ensure the cutoff
removes trivial content while retaining concise but
complete narratives.
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Figure A.1: Distribution of post lengths (word counts).

The second stage extracts entities to enforce the
dual-perspective structure described in the main
text. While Table 1 reports representative n-grams
for conciseness, Table A.1 provides the complete
set of n-grams used for filtering, including spelling

LR N3

variants and synonyms (e.g., “mom”, “mum”, and
“mother” are all mapped to the Parent category).

Table A.1: Entities and their full n-grams.

Entity n-grams

Narrator (self)
Parent

Sibling
Extended family

I, me, myself

mom, mum, mother, dad, father, parent

brother, sister, sibling, cousin

grandma, grandpa, grandfather, grandmother, grandpar-
ent, aunt, uncle

husband, wife, boyfriend, girlfriend, spouse, fiance, part-
ner

friend, roommate, colleague

Partner

Friends

A.2 BERTopic Model Selection

We conduct an empirical comparison of three topic
modeling approaches for our dataset: BERTopic,
LDA, and an LLM-based method following the
PromptTopic pipeline (Wang et al., 2023b) with
gpt-4o0-mini. All models are evaluated on the full
filtered set of 12 747 posts with £ = 50 topics fixed
across models. We assess topic quality via NPMI
coherence and diversity, and stability via Adjusted
Rand Index (ARI) across three independent runs.

As shown in Table A.2, BERTopic outperforms
both alternatives across all metrics. Most notably,
its stability (ARI = 0.87) substantially exceeds that
of LDA (0.14) and the LLM-based approach (0.53),
indicating that BERTopic produces considerably
more consistent topic assignments—a critical prop-
erty for downstream persona derivation. We there-
fore proceed with BERTopic and tune its hyperpa-
rameters as described below.

Table A.2: Topic quality and stability across modeling
approaches (k = 50, three independent runs).

Method Diversity Coherence  ARI
BERTopic 0.700 -0.030 0.873
LDA 0.317 -0.064 0.135
LLM-based 0.092 -0.136 0.533

A.3 BERTopic Configuration

We begin with BERTopic’s default UMAP and
HDBSCAN parameters and tune iteratively, evalu-
ating topic quality via hierarchical clustering den-
drograms and intertopic distance maps. We observe
that default settings produce coherent but overlap-
ping topics-reflected in densely clustered regions
of the intertopic distance map-and incrementally
increase min_cluster_size until overlap is sub-
stantially reduced. The research team assessed co-
herence at each iteration, with disagreements re-
solved by consensus. The final configuration sets
HDBSCAN’s min_cluster_size to 50, with all
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other parameters at their defaults (see Table A.3).
HDBSCAN identified 128 667 outlier sentences
(35.3%), which were discarded, retaining 235 694
sentences for subsequent analysis.

Table A.3: BERTopic configuration parameters.

Parameter Value
UMAP n_neighbors 15
UMAP n_components 5

UMAP metric cosine
HDBSCAN min_cluster_size 50
HDBSCAN metric euclidean

A.4 Merging Radicalization Topics

In the first research question, where we examine
radicalization topics, we perform an aggregation
process that consolidates 198 initial BERTopic
outputs into 50 final themes used for the trajec-
tory analysis. The rationale behind this choice is
that when assigning the 198 topics to our three-
phase framework, we observe a strong concentra-
tion in Phase 3 (Post-Radicalization Characteris-
tics). This distribution likely reflects a narrative
focus on the tangible, observable consequences of
radicalization, which are often more salient to the
storyteller than the specific pre-existing conditions
or triggers. While this data distribution is itself an
interesting finding, the high density of fine-grained
topics in Phase 3 poses a challenge for creating
a clear and interpretable visualization of the radi-
calization trajectories. A Sankey diagram with a
disproportionately large and granular final stage
would obscure the broader patterns of flow.

To address this and improve analytical clarity, we
perform the thematic aggregation step, focusing on
the Phase 3 topics. The full hierarchical structure
of this consolidation for Phase 3 is presented in
Table A.4. We additionally introduced "Unknown"
as a label during visualization to represent profiles
whose extracted topics contain no Phase 2 (Trig-
ger) content, i.e. only Phase 1 and Phase 3 topics
were identified. The main paper’s Sankey diagram
(Figure 1) displays this along with the final consol-
idated themes.

A.5 LLM Prompts

This section details all the prompts we used with
the gpt-40-mini for LLM annotation.

A.5.1 Radicalization Topic Relevance
Classification

1

You are a qualitative coding assistant helping
analyze radicalization pathways from r/
QAnonCasualties posts.

Determine whether the following topic is
relevant to understanding the Object of
Narration's (OON's) radicalization pathway.

Give Label: Yes/No and Reason.

{few_shots}
Topic representation: {representation}
Representative docs: {representative_docs}
Label:

A.5.2 Radicalization Topic Labeling

You are analyzing a topic derived from the r/

QAnonCasualties subreddit, where individuals
share personal stories about their

relatives' involvement in the QAnon
conspiracy. These narratives often include
emotional experiences, opinions, and real-
world context.

Topic Keywords: {representation}

Representative Documents: {representative_docs}

Please provide a concise and descriptive topic
label depicting the main theme of the above
content. Be specific and don't infer any
additional information that is not stated in

the text. Be action-oriented and focus on
the object of narration. Be concise,
straightforward and no need to mention QAnon
context in the label.

If the topic is unclear or contains multiple
equally prominent themes, respond with:
Unsure - <Reason>

Format: <Concise Label>

A.5.3 Control Variable Extraction
For relationship:

You are a helpful assistant analyzing Reddit
posts from the subreddit r/QAnonCasualties.
Your task is to identify the relationship of

the person they are describing (the object
of narration, or OON, who radicalized) to
the narrator (the person writing the post),
if such a relationship exists.

If the narrator is telling a personal story
about someone they know who became
radicalized by QAnon, output the precise
relationship label (e.g., "mother”, "father
", "brother”, "sister"”, "wife"”, "friend").

If the post is not about a specific person known

to the narrator (e.g., general discussion,
support, resource sharing), or if you are
not sure, return: "N/A".

If the post talks about a stranger or a person
not clearly connected to the narrator,
return: "stranger".

If the post talks about the radicalization/
recovery story of the narrator themselves,
return: "self".
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Table A.4: Hierarchical structure of the Phase 3 (Post-Radicalization) topic consolidation. The rightmost column
shows examples of the original, fine-grained topics that were grouped into the Sub-Categories and Categories
(shown in the main Sankey) on the left.

Pushback Against Boundaries
Communication Tension and Breakdown
Social Isolation and Limited Friendships
Family Estrangement and Disconnection
Unfaithful Apology
Increased Aggression and Hostility Toward Others
Interpersonal Harm and Moral Disregard Loss of Compassion and Empathy
Framing Others as Indoctrinated
Emotional and Physical Abuse
Distrust in Mainstream Media
Joining and Using Alternative Social Media Platforms (Parler, Gab)
Alternative Media Use and Information Exposure Using Telegram for QAnon Information
Excessive Screen Time and Online Content Consumption
Disseminating QAnon Content and Persuading Others
Increased Gun Acquisition
Precious Metals Investment
Lifestyle Changes Driven by Conspiratorial Beliefs ~ Prepping and Hoarding Supplies
Homeschooling Children
Employment Instability and Career Disruption
Manifestations of Intense Hatred
Collective Narcissism
Psychological and Emotional Shifts Inflated Self-Perception as Intellectual Superiority
Willful Ignorance
Personality Changes
Racism Attitudes
Negative Views on LGBTQ+ Communities
Fascism Accusations and Rhetoric
Deflecting to Race-Based Movements
Vaccine Refusal and Hesitancy
Denying COVID-19 Reality
Public Health Mistrust and Resistance Resistance to Mask-Wearing
Resistance to Therapy and Counseling
Distrust in Medical Professionals
Rejecting Verified Sources and Clinging to Unverified Information
Distrust in Science
Using "Science" to Justify Conspiracy Beliefs
Insistence on Personal Research as Evidence
Uncritical Acceptance of Beliefs and Theories
Lack of Critical Thinking

Social Deterioration and Relationship Strain

Behavioral Transfor-
mation (External)

Radical Ideological Alignment and Intolerance

Epistemic Rigidity and Distrust in Expertise

Child Sex Trafficking and Satanic Sacrifice
Pizzagate
Epstein-related Beliefs
Disney "Hidden Imagery"
The Cabal and "The Storm"
Apocalyptic and Predictive Programming
"10 Days of Darkness"
Apocalyptic and Eschatological Narratives "Trust the Plan"
Lizard People
Religious End Times
Alien
Trump’s Return and January 6th Insurrection
Trump as a Religious Figure
MAGA

Child Harm and Elite Abuse Narratives

Pro-Trump Biden Presidency Denial
Negative Reactions to Kamala Harris and Political Opposition
JFK Jr. Being Alive
Deep State
Beliefs (Internal) Anti-Government and Institutional Distrust New World Order

Election Fraud

Drinking Bleach as a Cure

Ivermectin Use in Treating Illness

Pandemic Misinformation

Dr. Fauci Creating COVID

Climate Change is not Real

5G Being Dangerous

Fake Moon Landing

Flat Earth

Antisemitic Beliefs and Holocaust Denial
War-Inducing Rhetoric Russia-Ukraine War Propaganda

Invoking War, Freedom, and the Constitution
Bill Gates

Michelle Obama Being a Man

Tax Evasion

Abortion Opposition

China and Global Influence Concerns
Criticism towards Communism and Socialism

Medical Mistrust

Science and Technology Mistrust

Defamatory Conspiracy Targeting Public Figures

Policy Defiance

Anti-Communism and Geopolitical Distrust
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If multiple relationships are discussed, return
the closest and most central one,
prioritizing immediate family or partner.

Input:
Title: {title}
Body: {selftext}

Output:
Relationship:

For age group:

You are a helpful assistant analyzing Reddit
posts from the subreddit r/QAnonCasualties.
Your task is to estimate the narrator's age
group, which is either "adolescence” (13-20)

or "adult” (21+).

If unsure, return: "N/A".

Input: "{text}”

Output:

For gender:

You are a helpful assistant analyzing Reddit
posts from the subreddit r/QAnonCasualties.
Your task is to estimate the narrator's
gender, which is either "f" (female) or "m"
(male).

If unsure, return: "N/A".
Input: "{text}”

OQutput:

A.5.4 Emotion Classification

You are an emotionally-intelligent and
empathetic agent.

You will be given a piece of text derived from
posts in the subreddit r/QAnonCasualties,
which are personal narratives describing one
's experiences with a loved one who has been

radicalized.

You must identify the emotions explicitly stated

or clearly implied by the writer about
their own feelings.

Only consider the writer's emotions - ignore the

emotions of other people mentioned.

If the emotion is expressed at least once in the

text, output 1; otherwise, output 0.

Do not infer emotions based solely on the topic
or context unless the writer states or
clearly implies them.

Possible emotions: Anger, Disgust, Sadness, Fear,

Surprise.

Text: "{text}"

Please provide outputs for these emotions in
JSON format:
{{
"anger": @ or 1,
"fear": @ or 1,
"sadness": @ or 1,
"disgust”: @ or 1,
"surprise”: @ or 1,

‘}}‘

A.6 Exploring Methods for Identifying
Personas

Our trajectory analysis, visualized in the main pa-
per’s Sankey diagram (Figure 1), reveals a complex
system with a high degree of interconnectedness
between thematic traits. We observe no clear, hard
boundaries that would suggest mutually exclusive
clusters of radicalization journeys. This data struc-
ture strongly indicates that hard clustering methods
such as k-means are ill-suited, as they would force
each individual’s profile into a single, exclusive
archetype, failing to capture the blended nature of
their experiences. This observation also aligns with
the theoretical understanding of radicalization as a
complex and multifaceted phenomenon where dif-
ferent ideological and personal pathways often con-
verge. Therefore, we seek a soft clustering method
that allows for mixed membership. This choice
narrows our evaluation to two primary candidates:
NMF, which provides an additive decomposition,
and LDA, which offers a probabilistic mixture.

To empirically compare LDA and NMF, we train
models for both methods with the number of per-
sonas (k) ranging from 4 to 15. We compare the
models using the C_v topic coherence score. As
shown in Figure A.2, the LDA models generally
achieves higher coherence scores than the NMF
ones. Manual inspection on a selected few sam-
ples also verifies the superior interpretability of
the LDA approach. Based on this convergent evi-
dence, we select the LDA-inspired model for our
final analysis.

NMF vs LDA Coherence Scores

0.40 NMF Coherence
LDA Coherence
0.38

0.36

Coherence Score
=)
w
)

4 6 8 10 12 14
Number of Topics

Figure A.2: NMF vs LDA coherence score.

A.7 Selection of Persona Number

As seen in the coherence score plot (Figure A.2),
the score for LDA peaks at kK = 6. While this pro-
vides a strong quantitative signal, the coherence
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scores for k = 8 and k£ = 11 are also high, ne-
cessitating a qualitative review to select the most
meaningful and non-redundant set of personas.

We then conduct a qualitative review of the models
with the highest coherence scores (k = 6, 8, and
11), examining the top traits, sub-Sankey diagrams,
and representative narratives for each persona. Our
review reveals that models with higher k values
often produces “fractured” personas, in which a co-
herent archetype is unnecessarily split into multiple,
redundant sub-personas. For example, as illustrated
in Figure A.3, the kK = 8 model generates two per-
sonas centered on the Trump Election trigger. One
emphasizes radical ideologies and anti-authority
themes, and the other medical distrust, yet both
are minor variations of the same overarching Po-
litical Extremist archetype already present in the
k = 6 model. This redundancy would dilute clarity
without adding new insight. In contrast, the kK = 6
model produces the most distinct and coherent per-
sonas, with each representing a unique radicaliza-
tion pathway and minimal thematic overlap. Based
on this convergent evidence—the peak coherence
score at k = 6 and its superior qualitative distinc-
tiveness and non-redundancy—we select k£ = 6 for
the final analysis.

Pro-Trump

Trump's Election War-Inducing Rhetoric

Science and Technology Mistrust.

Non-American Perspectives
Financial Struggles and Housing Instability

Anti-Communism and Geopolitical Distrust:

Radical Ideological Alignment and Intolerance

Social Deterioration and Relationship Strain

Trump's Election

Non-American Perspectives
Asian and Immigrant Family Dynamics
Mental Health Disorders Public Health Mistrust and Resistance

Parental Divorce Experiences

Social Media (in general)

Psychological and, Emotional Shifts

Medical Mistrust ===

Figure A.3: An example of a “fractured” persona from
the k = 8 LDA model.

A.7.1 Persona Stability Analysis

We conducted a stability analysis of the final £k = 6
persona model by re-fitting LDA five times with
different random seeds (42, 123,456,789, 999).
Since persona ordering is arbitrary across indepen-
dent LDA runs, we first aligned personas across
runs using the Hungarian algorithm on topic-profile

Table A.5: Per-persona stability: average cosine similar-
ity (topic-profile 3) between matched personas across
five LDA re-fits with different seeds. Persona numbers
correspond to Table 2.

Persona  Cosine Sim. (3) SD

Pl 0.712 0.167
P2 0.612 0.164
P3 0.409 0.067
P4 0.591 0.181
P5 0.636 0.137
P6 0.956 0.034
Mean 0.639 0.219

(B) similarity, then evaluated stability of both
the persona-trait distributions () and document-
persona allocations () using this fixed alignment.
We note that cosine similarity on 50-dimensional
trait distributions is inherently sensitive to run-to-
run variation in the low-probability tail of the dis-
tribution.

Across the five runs, matched personas showed an
average cosine similarity of 0.639 (SD = 0.219)
for topic-profile (/3) distributions and 0.667 (SD
= 0.139) for document-topic (6) allocations. The
coherence score that determines & = 6 varied min-
imally across seeds (SE = 0.015).

Stability was not uniform across the six personas,
as shown in Table A.5. Persona 6 (Pandemic-
Triggered Skeptic) was the most stable by a wide
margin (cosine similarity = 0.956, SD = 0.034),
while Persona 3 (Social Media Spiral) showed the
lowest average similarity (0.409)—though notably,
its low standard deviation (0.067) indicates this
is a consistently lower-cosine match across seeds
rather than an erratic one. The remaining four per-
sonas fall in a moderate mid-range (0.591-0.712);
of these, Persona 1 (Health-Triggered Conspiracy
Theorist) has the second-highest variability (SD =
0.167), suggesting it is not fully immune to run-
to-run instability despite its higher mean similarity.
We report this per-persona variation transparently
and note it as a limitation: results involving lower-
stability personas, particularly Persona 3, should
be interpreted with correspondingly more caution.

A.8 Persona Representation

To interpret the qualitative substance of each of
the six data-driven personas, we first identified and
manually analyzed the top three narratives with
the highest probability score for that archetype.
Table A.6 details the distilled insights from that
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analysis. For clarity, we present these insights as
narrative composites. These composites are not di-
rect quotes from a single post; they are synthesized
stories that weave together the key themes, events,
and emotional arcs from the most representative
narratives. This technique, known as composite
narrative construction (Willis, 2019), allows us to
provide a single, rich, and illustrative example for
each persona, complementing the concise descrip-
tions and data visualizations in the main paper.

A.9 Persona Statistics

We also provide additional descriptive statistics for
the six radicalization personas discovered in our
analysis. These statistics offer further insight into
their overall prevalence, their composition within
individual narratives, and their evolution over time.
Figure A.4 shows the average probability for each
of the six personas across all analyzed profiles.

Percentage Distribution of Personas

Persona 1 Persona 6

Persona 2
Persona 5

Persona 3
Persona 4

Figure A.4: Overall Distribution of Personas.

The distribution of occupied personas is depicted
in Figure A.5. A profile is considered having an
occupied persona X if the probability assigned to
persona X is more than 1/6 =~ 0.167. Since there
are six possible personas in total, a single profile
may be associated with more than one persona,
anywhere from one up to five at the same time.

Distribution of Occupied Personas
(Threshold: 0.167)

36.2%

13.9%

Percentage of Posts (%)

2.0%

0.0%
1 2 3 4 5 6
Number of Occupied Personas

Figure A.5: Distribution of Occupied Personas.

Finally, we also illustrate the temporal dynamics of
these archetypes over the time period of the dataset
(2019-2024) in Figure A.6:

Persona Prevalence Over Time (Absolute Counts) - Monthly

Number of Posts.

: A R . W |
iz Y

2020 2021 2022 2023 2024 2025
Time Period (Month)

Figure A.6: Evolution of Personas over Time.

A.10 Validation of the LLM Emotion
Annotator

A.10.1 Method Comparison

To validate our choice of LLM-assisted annota-
tion, we compare three approaches on a 100-post
sample independently annotated by two authors
(annotators A and B): our GPT-based method
(gpt-40-mini), a lexicon-based approach (NRC
Emotion Lexicon), and a fine-tuned classifier (GoE-
motions; roberta-base-go_emotions)?. We re-
port Cohen’s x between each method and each hu-
man annotator in Table A.7. GPT-based annotation
substantially outperforms both baselines across all
emotions and annotators, achieving mean k = 0.71
and 0.50 against annotators A and B, respectively.
NRC and GoEmotions show near-zero agreement
with human judgment (mean x ~ 0.00 — 0.05),
suggesting they are poorly suited to the long-form,
multi-actor nature of these narratives. These results
confirm that GPT-based annotation most closely
approximates human judgment and is the most ap-
propriate method for this task.

A.10.2 Annotator Agreement

We provide a fuller validation of the chosen GPT-
based method, reporting full confusion matrices
alongside precision, recall, F1, and Cohen’s & for
each emotion against each human rater (Table A.8).
The annotator achieves high raw accuracy and F1
(mean F1 = 0.91 vs. Rater A, 0.85 vs. Rater B)
across all four emotions.

Error profiling shows the annotator is high-recall
(92-100%) and its errors are dominated by false
positives (24 of 27 disagreement cases), meaning
it rarely misses a genuine emotional expression but
sometimes over-attributes one; Appendix A.10.3
provides a qualitative taxonomy of these cases.

2https://huggingface.co/SamLowe/
roberta-base-go_emotions
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Table A.6: The narrative composites representing six radicalization personas.

Persona

Narrative Composite

The Health-Triggered Conspiracy Theorist

He used to be such a bright, intelligent, and sensible person. We were close friends since grade school, and he had
a promising career as an engineer. But over the last couple of years, things took a dark turn. It started with some
underlying health issues and escalated as he began mixing substances he was buying online. He started having
these terrifying psychotic episodes, ranting about Q-adjacent theories and believing he was being watched. It got
50 bad his roommates had to call the police to have him hospitalized. He lied to me about it, claiming the doctors
were performing experiments on him. He refuses to get professional help because he’s convinced all doctors
are evil and will just “inject him with shit.” He eventually lost his job, and his spouse and I are watching him
deteriorate. Now he spends his days in front of the computer, convinced the online community he interacts with
knows more than anyone, even ranting at his wife—who is a nurse—about miracle cures he can’t even pronounce.
He used to be my best friend, and now he’s just a shell of a human.

The Political Extremist

My relationship with a close family member has been completely destroyed by their political identity. They don’t
just support Trump; they worship him like a deity. Their entire worldview is based on hatred, fear, and a perceived
sense of victimization, a constant us versus them mentality that echoes the darkest moments in history. This isn’t
hyperbole; the rhetoric is genuinely terrifying. They are trapped in a right-wing media bubble. I've tried to reason
with them, carefully vetting my own sources to present non-partisan facts, but anything that contradicts their
narrative is dismissed as “MSM Propaganda.” Their radicalization has had severe real-world consequences: they
lost their job as a teacher over their social media posts, were present at the January 6th riot, and have alienated
everyone who tries to get close to them. We even attempted an intervention to show them how these beliefs were
ruining their life, but it ended with them getting angry and trying to start a fight. I've had to end the relationship
because I can’t be close to someone whose values have become so full of hate.

The Social Media Spiral

My friend is very dear to me, but over the last few years, she’s been consumed by conspiracy-minded YouTubers
and alt-right talking points. She’s completely Q-adjacent, believing everything they tell her to fear and be angry
about. She thinks she’s thinking for herself by using alternative media sources, but she’s just being misled by
paranoid video bloggers. Her entire reality is now shaped by these online rabbit holes. She’s obsessed with wild
theories about public figures being involved in child harm and elite abuse, things that started on fringe message
boards like 8chan. It’s a gigantic, ridiculous lie, but she takes it as gospel. I feel terrible for the people she and
thousands of others baselessly accuse online of running satanic cults and using children’s blood for anti-aging
cream. When she visits, I want to see her, but I dread hearing about the latest thing some influencer said. It’s
exhausting, like they’ve co-opted the idea of breaking free from mental control only to submit to another, even
uglier, form of it.

The Religious Apocalypticist

My wife used to be my partner, but now she’s lost in a world where conspiracy theories and religious prophecy
are one and the same. It started years ago with commentators like Alex Jones and spiraled into QAnon around
2018. She now believes in everything: the deep state, lizard people, adrenochrome, all of it. For her, and many
in her conservative Christian circles, QAnon isn’t just a conspiracy; it’s a confirmation that the end times are
here. Every major event is filtered through this lens. The COVID vaccine was the “mark of the beast,” a tool for
population control created by Bill Gates. She was convinced something huge would happen on January 6th to
keep Trump in power. While she no longer believes “the storm is coming” after so many failed predictions, the
underlying conspiratorial worldview remains. As a fellow Christian, I know that no one knows the day or the
hour, but for her, these theories have become a self-reinforcing prophecy. She has cut off family and friends who
don’t agree, and I feel like I'm living with a stranger.

The Conservative Identity Protector

My parents used to be people I considered good and loving. But since 2016, my mother has transformed into
someone I don’t recognize, consumed by a need to protect her conservative identity from a world she sees as
a threat. She is a Black woman who has become obsessed with right-wing talk radio and fringe news, and her
mind is deteriorating as a result. She is terrified that our kids are being “transed,” sees an “invasion at the border,”
and is constantly making snide remarks about anyone who doesn’t share her views. Our family is suffering. Her
constant political ramblings and racist, bigoted comments have created a screaming hell in our own house. As her
gay son, happily married and trying to start a family, it’s devastating to know she votes for people who want to
strip away my rights. After the last election, she texted me a series of cheerful emojis, asking how I was “holding
up”—not out of concern, but to bait me into an argument and gloat. She wants to “own the libs” more than she
wants a relationship with her own son. It’s exhausting and I am so done trying to talk sense into her.

The Pandemic-Triggered Skeptic

My mom has always leaned towards alternative medicine, but the COVID-19 pandemic sent her over the edge.
We managed to get through the first few years by tiptoeing around the subject, but now it’s unavoidable. It started
with soft questions about how many vaccines I'd gotten, and now it’s full-blown propaganda. She’s convinced the
vaccines are a form of mass genocide designed to alter our DNA and make us infertile. She calls herself a truth
seeker and spends her time on platforms like Telegram, deep in rabbit holes about satanic abuse and globalist
plots. She rejects the term “conspiracy theory” and proudly states she’d rather lose her job than get vaccinated. I
made the mistake of checking out a YouTube channel she recommended, and it was pure fear-mongering and
right-wing propaganda. We used to be thick as thieves, but now I feel like I'm mourning the person she once was.
Her pre-existing skepticism of mainstream medicine was the gateway, and the pandemic pushed her through it
into a much darker world.

We note one apparent inconsistency: « for sadness
is low against Rater B (0.260) despite high raw
agreement (90%) and F1 (0.946). We attribute this
to the prevalence paradox (Feinstein and Cicchetti,
1990)— because sadness is expressed in 96% of the
validation sample, chance agreement is extremely
high (P, ~ 0.865), which mechanically depresses
k even when raw agreement and classifier utility
remain strong. We therefore report raw accuracy
and F1 alongside « throughout, as we take the for-
mer to better reflect classifier utility in this skewed

regime.

A.10.3 Qualitative Error Analysis

We conducted a qualitative analysis of the 27 cases
where the LLM disagreed with both human annota-
tors (who were themselves in agreement), identify-
ing four recurring error categories:

* Source misattribution (9): the model assigns
an emotion expressed by a quoted third party
(e.g., a family member’s own words within
the post) to the narrator, rather than tracking
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Table A.7: Cohen’s s between annotation methods and
human annotators on a 100-post sample.

Method Human Anger Fear Sadness Disgust Mean
GPT A 0.583 0.779  0.658 0.820 0.710
B 0.464 0.702  0.260 0.575  0.500
NRC A -0.020 0.000 -0.016 0.043  0.002
B 0.019 0.000 0.138 0.059  0.054
GoEmotions A 0.000 0.077  0.025 0.000  0.026
B 0.000  0.090  0.078 0.000  0.042

Table A.8: Full agreement metrics between the LLM
annotator and each of two human raters, per emotion,
on the 100-post validation sample.

Human  Emotion Prec. Rec. F1 Acc. K

A Anger 0.700  1.000 0.824  79.0%  0.583
Fear 0.857  0.941 0.897 89.0%  0.779
Sadness 0.980 1.000  0.990 98.0%  0.658
Disgust 0906 0923 0914 91.0%  0.820

B Anger 0.657 0939 0773  73.0%  0.464
Fear 0.786  0.936 0854 85.0% 0.702
Sadness 0.898 1.000 0946 90.0%  0.260

Disgust 0868 0.767 0814  79.0%  0.575

the narrator’s actual stance toward that con-
tent. For instance, one post quotes a father’s
angry reply accusing his daughter of unfairly
calling him racist; the model flagged the post
as expressing disgust, even though the disgust
belonged to the quoted father, while the narra-
tor’s own reaction throughout the post was one
of sadness at the relationship’s breakdown.

e Lexical bleed from topic content (8):
emotion-adjacent vocabulary (fear/threat lan-
guage, violent content) triggers a positive pre-
diction independent of the narrator’s actual
emotional register, which is often closer to
grief, exhaustion, or contempt. For example,
a post describing a mother who wished serious
illness on people who voted differently, and
who threatened family members over politics,
was flagged for fear despite the narrator’s own
tone reading as weary contempt rather than
fear.

¢ Register/rhetorical confusion (6): sarcasm,
dismissive idiom, and rhetorical questions
carry surface intensity markers that are mis-
read as the literal emotion, when the narrator’s
stated or contextual affect is different (and
sometimes named explicitly elsewhere in the
same post). For example, a narrator closed a
post with a sarcastic line blaming several pub-
lic figures and institutions for estranging them
from a family member; the model read this
as anger, even though the narrator explicitly

named their emotion as sadness a few lines
earlier.

* Implicit/under-lexicalized emotion under-
weighted (4): when an emotion is conveyed
through consequence, somatic description, or
moral disapproval rather than explicit affect
vocabulary, the model tends to miss it, sug-
gesting a reliance on explicit lexical cues over
pragmatic inference. For instance, a health-
care worker described repeatedly having to
intubate COVID patients and notify families
of deaths while trying to protect her infant
son from unvaccinated relatives; despite the
clear underlying fear, the model did not detect
this emotion, likely because it was conveyed
through professional and clinical detail rather
than explicit fear-related wording.

A.11 Regex for Control Variable Extraction

The high-precision regular expression patterns used
to create the ground-truth dataset for validating our
LLM-based control variable extraction are inspired
by prior work on demographic inference from so-
cial media text (Tigunova et al., 2020), refining
their patterns based on common phrasing observed
in our dataset. Table A.9 outlines the general syn-
tactic patterns we search for, while Table A.10 lists
the specific keywords and phrases used as indica-
tors within those patterns.

After identifying these variables, gender is coded as
a binary variable (male or female), and age group
is grouped by adolescence (13-20) and adult (21+)
for the demonstrated usage and performance in
social media analysis (Cesare et al., 2017) and the
distribution of user’s age shown in Figure A.7

Table A.9: Syntactic patterns for labeling narrator age
and gender. Placeholders like ‘<...>‘ are filled with
indicators from Table A.10.

Attribute Pattern(s)
gender (I'am | I’'m) a? ‘<gender indicator>*
age (1) Tam | I’'m) ‘<number>* years old

(ii) I'm a ‘<number>‘-year-old ‘<gender indicator>*
(iii) I am ‘<number>* followed by punctuation/conjunction
(iv) Compact Format: ‘(<number><gender indicator>)*

Table A.10: Word and phrase indicators used within the
patterns from Table A.9.

Attribute  Value ‘Word/Phrase Indicators
gender female woman, female, girl, lady, wife, mother, sister
male man, male, boy, guy, husband, father, brother
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Figure A.7: Distribution of ages of authors.

A.12 Full Emotion Regression Coefficient
Table

The full regression coefficients for RQ2 are shown
in Table A.11. The categorical control variables
are coded using effect coding, where we interpret
their effect from the overall mean, given there is no
natural baseline for choosing a reference category
(e.g., among different family relationships).
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Table A.11: Regression Results (Odds Ratios and p-values, rounded to 3 decimals). Significance levels: *** p <
0.001, ** p < 0.01, * p < 0.05.

OR (anger) p (anger) OR (disgust) p (disgust) OR (fear) p (fear) OR (sadness) p (sadness)

Intercept 2.305%%%  0.000 1.509%%* 0.000 1.656*** 0.000 7.933%#* 0.000
C(relationship_cat)[extended_family] 1.038 0.075 1.231 0.058 0.988 0.912 0.826 0.255
C(relationship_cat)[friend] 0.615%%* 0.000 0.995 0.962 0.665*** 0.000 0.949 0.075
C(relationship_cat)[parent] 1.458%**% (0.000 1.090 0.092 1.151** 0.006 1.331%* 0.001
C(relationship_cat)[partner] 0.733**%%  0.000 0.664 % 0.000 1.355%** (0.000 0.691 % 0.000
C(age_group)[adolescence] 0.878**%+ (.001 0.922%* 0.016 1.174*** 0.000 0.776%%* 0.000
C(gender)([f] 0.918* 0.038 0.898:** 0.000 0.980 0.059 1.098 0.113
balance_1 0.927*%%  0.041 0.870%#* 0.000 1.045 0.069 0.928 0.067
balance_2 1.036 0.230 0.878%#* 0.000 1.087** 0.023 1.109* 0.031
balance_3 1.024 0.343 0.973 0.214 0.897*#*% (0.000 1.108% 0.012
balance_4 1.108**  0.050 1.086%** 0.000 0.936*** 0.009 1.025 0.057
balance_5 0.999 0.977 0.898:#* 0.000 0.986 0.057 0.989 0.808
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