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“One day everything seemed normal
and then we were being called
cockroaches and snakes.”

— Jacqueline Murekatete, Rwanda
Genocide Survivor

|[NJF§S4AT|0N 2 USC \/iter bl

SCIENCES
INSTITUTE School of Engineering

IS




“The problem isn’t that
perpetrators don’t know they’re
doing wrong. It’s that they

believe they’re doing right.”

_@\ Rep. Clay Higgins &

We must stop asking how
people ignore evil—and

Lol. These Haitians are wild. Eating pets, vudu,
nastiest country in the western hemisphere, cults,
slapstick gangsters... but damned if they don’t feel

: all sophisticated now, filing charges against our
start asking how they come e
to cele brate |t All these thugs better get their mind right and their

ass out of our country before January 20th.

Reicher et al. 2008
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From Celebration to Construction: How Does Violence
Become Justified?

“How does someone
come to celebrate harm?”

It starts with a story.

A story about who belongs, who
threatens, and who must be
stopped.
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What is Othering?

We operationalize existing definitions for large-scale

analysis @ @
Our Definition: e ’Q

B &

We define othering as a discursive process that
constructs an ingroup—outgroup boundary and

frames the outgroup as morally or existentially
problematic.

Kennedy et al. 2023; Fiske & Rai 2014; Reicher et al. 2008
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What is Othering — How Does it Differ from Hate/Fear Speech?

Otherism

2382 Fearspeech

968
157
687

2810

454

Hatespeech

Venn diagram showing overlap between

othering, fear speech, and hate speech in
labeled corpus.

Hate and fear speech are
symptoms. Othering is
the structure behind
them: the process that
makes exclusion and harm
seem reasonable and
even necessary.
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Our Approach

Grounded in Reicher et al. (2008), Joffe (1999), Fiske & Rai (2014)
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Our Approach
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Grounded in Reicher et al. (2008), Joffe (1999), Fiske & Rai (2014)
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Our Approach
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Grounded in Reicher et al. (2008), Joffe (1999), Fiske & Rai (2014)
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Our Approach

Threats to Culture
or ldentity

Threats to Survival or
Physical Security
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Grounded in Reicher et al. (2008), Joffe (1999), Fiske & Rai (2014)
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Our Approach

From Theory to Scalable Detection and Analysis

Threat Construction:

e Threats to Culture or Identity
Out-group Denigration:

Threats to Culture or Identity

Frames the outgroup as a danger to the
ingroup’s cultural or social survival.

“The erosion of the Russian language in
Ukrainian schools: Ukrainian
policymakers pushing to erase the
Russian tongue risk severing our
history.”
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Our Approach

From Theory to Scalable Detection and Analysis

Threat Construction:

e Threats to Culture or Identity
e Threats to Survival or Physical Security

Out-group Denigration:

Threats to Survival or Physical
Security

Portrays the outgroup as an existential
threat to the ingroup’s physical safety.

“Zelensky's regime has accumulated 30
tons of plutonium and 40 tons of
enriched uranium at the Zaporizhia NPP
[...] the regime really is on the verge of
creating its own nuclear bomb!”
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Our Approach

From Theory to Scalable Detection and Analysis

Threat Construction:

e Threats to Culture or Identity
e Threats to Survival or Physical Security

Out-group Denigration:
e Vilification / Villainization

Vilification/Villainization

Casts the outgroup as inherently evil or
immoral.

“Because these Ukronazi girls can fight
only by hiding behind hostages. All
their courage went down the drain in
chants and slogans like "hang the
Muscovite.' But when the Russians
came, they s** themselves, just like
their Bandera.”
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Our Approach

From Theory to Scalable Detection and Analysis

Threat Construction:

e Threats to Culture or Identity
e Threats to Survival or Physical Security

Out-group Denigration:

e Vilification / Villainization
e Dehumanization

Dehumanization

Compares the outgroup to animals,
objects, or supernatural threats.

“These are zombies, who may have
been brothers before, but over the past 8
years, from the bite of Nazism and
Banderization, they have turned into
non-humans.”
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Our Approach - Scalable Detection

Test Dataset

Human-to-HQ- HQ-LLM-to-OS-
LLM Task Model Task
Training Training

Accuracy: 0.91
F1: 0.89
Cohen’s Kappa: 0.84
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Inter-Model Continuity
Inter-Annotator Continuity

Pipeline aligns models with human judgment at scale, while
reducing annotation cost by over 95 percent.
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Our Approach - Transferable Detection

“Classify based on
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F1 on Unseen Data:
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Our Approach - Transferable Detection

“Classify based on

D BR

No Additional Appended Domain
Prompting Adjustment

Data in New Domain Data in New Domain F 1 o n U n see n _D ata :
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i “Iam a helpful Data evaluated in “l am a helpful
assistant.” lens of training assistant.”
data.
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Better Results. Still
Poor Results. Overwhelmed by
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Increased Contextualization
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Our Approach - Transferable Detection
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lens of training
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Poor Results.

“Iam a helpful
assistant.”

(Trained on [F])

Appended Domain
Adjustment

Data in New Domain

of training data with
appended domain

l Data evaluated in lens
adjustment.

Better Results. Still
Overwhelmed by
Finetuned Domain.

Increased Contextualization

System Prompt
Domain Adjustment

Data in New Domain

“I have been
trained on [,
but now |

evaluate [F].”

data transferred onto

Lessons from original
new data.

Significantly Better
Transference of
Training onto New
Domain.

F1 on Unseen Data:

0.75 (+34%)
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Our Approach - Transferable Detection

System Prompt
Domain Adjustment

Data in New Domain

1 have been Lessons from original
K data transferred onto
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Transference of
Training onto New
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F1 on Unseen Data:

0.77 (+37%)

Domain. Threats to Culture or Identity  Threats to Survival or Physical Security
Vilification/Villainization Explicit Dehumanization
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A Two-Part Empirical Testbed

To study the social mechanisms of othering, we focus on two
distinct platforms:

Telegram: High-Stakes Conflict Discourse

%

Ideal for observing how othering emerges,
escalates, and adapts in real time.

O

Gab: Validation in a non-conflict setting

Tests whether patterns of moralized exclusion

generalize beyond wartime.
Telegram and Gab
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Guiding Research Questions

In this discourse environment, we ask:

RQ1 - Attention and Influence

How does portraying the target group as the RQ3 - Times of Crisis

other affect social attention? _ i . .
Does use of othering language intensify during

times of crisis, and in what ways are these
- H f)

RQ2 — Moral Framing behaviors more strongly rewarded*

How does the moral and othering language
used by war bloggers interact and vary by
group?
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RQ1: Attention and Influence

g 017
5 Centrality Metric
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g b Ukrainian 0.128 0.147
g Russian war bloggers Ukrainian war bloggers
g Groups
D0 With othering I8 Without othering | Spearman correlation between a channel's proportion

of messages with othering language and its degree

Comparison of mean views with and and eigenvector centralities following key events.

without othering following crises.
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RQ2: Moral Framing
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Othering Categories

‘ D 0Russian War Bloggers [l 8 Ukrainian War Bloggers |

Moralized othering diverges by side: Russian bloggers emphasize purity, authority, (in)equality,
and cultural threat while Ukrainian bloggers focus on care and survival, showing distinct moral

narratives underpinning conflict rhetoric.
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RQ3: Times of Crisis
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and eigenvector centralities following key events.

Comparison of mean views with and
without othering following crises.
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Key Takeaways: Modeling Othering in Online Discourse

Othering is not just a
theoretical construct—it is now
detectable, interpretable, and
scalable in real-world
discourse.
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Key Takeaways: Modeling Othering in Online Discourse

Theory-Aligned, Scalable Detection

We introduce the first sociologically grounded
framework for detecting othering, achieving high
agreement with humans and scaling across
millions of posts.

Moral Framing and Discursive Prominence

Groups deploy othering through distinct moral
frameworks—these framings align with greater
visibility and centrality, especially during
moments of heightened tension.

@ pgerard@isi.edu
patrickgerard.co

0 patrikgerard.bsky.social
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