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Content Warning 

I will be talking about material that may be
offensive and upsetting to some audience members. 

  

2



Democrats are the problem. They don’t care about 
crime and they want illegal immigrants, no matter 
how bad they may be, to pour into and infest our 
Country, like MS-13. They can’t win on their terrible 
policies, so they view them as potential voters!           ~ 
President Donald Trump, June 2018
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Democrats are the problem. They don’t care about 
crime and they want illegal immigrants, no matter how 
bad they may be, to pour into and infest our Country, 
like MS-13. They can’t win on their terrible policies, so 
they view them as potential voters! 
~ President Donald Trump, June 2018

Good night to everyone but the massive amount of 
Soros-funded illegals who are trying to invade our border.
 ~ AZ State Sen Wendy Rogers, Sep 2021

Anti-immigration

Anti-immigration
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These strategies shape  
how audiences understand 

political issues…

Framing
safety threat

Dogwhistles
Soros (Jewish) plot

Dehumanization 
& Metaphor

water, vermin
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…and are key elements of 
political communication

Campaigns 
[Tilley, 2020]

Media Bias
[Esses et al., 2013]

Misinformation
[Henderson & 

McCready, 2019]

Propaganda
[Landry et al., 2022]
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…with far-reaching implications
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Electoral 
Outcomes 

[Haney López, 2014]
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…with far-reaching implications

Public 
Opinion 

[Jacoby, 2000; Chong 
& Druckman, 2007 ]

Policymaking 
[Walgrave et al., 2018]

Trust 
[Hopmann et al., 2015]

Electoral 
Outcomes 

[Haney López, 2014]
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…with far-reaching implications

Public 
Opinion 

[Jacoby, 2000; Chong 
& Druckman, 2007 ]

Policymaking 
[Walgrave et al., 2018]

Trust 
[Hopmann et al., 2015]

Safety & 
Well-being 
[Rai et al., 2017]

Electoral 
Outcomes 

[Haney López, 2014]
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Uncovering 
implicit language 

is challenging

Framing
safety threat
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Uncovering 
implicit language 

is challenging

Framing
safety threat

Dogwhistles
Soros (Jewish) plot

Dehumanization 
& Metaphor

water, vermin

But computational 
methods can help!
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I develop computational approaches to 
study these strategies and their 

social, political & technological implications

Framing
NAACL (2021) 
EMNLP (2022)

JQD (2024)

Dogwhistles
ACL (2023) 

Dehumanization 
& Metaphor

Frontiers in AI (2020) 
PNAS (2022)
ACL (2025)

My 
thesis
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I develop computational approaches to 
study strategies of othering and their 

social, political & technological implications

Framing
NAACL (2021) 
EMNLP (2022)

JQD (2024)

Dogwhistles
ACL (2023) 

Dehumanization 
& Metaphor

Frontiers in AI (2020) 
PNAS (2022)
ACL (2025)
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Many ways to think about framing 



Modeling Framing in Immigration 
Discourse on Social Media

NAACL 2021

Julia Mendelsohn

Ceren Budak

David Jurgens



What is framing?

“Selecting some aspects of a perceived reality and make 

them more salient in a communicating text, in such a way as 

to promote a particular problem definition, causal 
interpretation, moral evaluation, and/or treatment 
recommendation for the item described” [Entman, 1993]



What is a frame?
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What is a frame?
● Issue-generic Policy [Boydstun et al., 2013]

○ Crime & punishment, morality, economic, policy

● Immigration-specific [Benson, 2013]

○ Immigrants as victims (e.g. of global economy or discrimination)
○ Immigrants as heroes (e.g. contributing to economy or cultural diversity)
○ Immigrants as threats (e.g. to jobs, or to public safety)

● Issue-generic Narrative [Iyengar, 1991]

○ Episodic: focus on specific actions, events, examples, or case studies 
○ Thematic: focus on broader political, social, cultural context



Framing processes

● Frame-building: factors affecting how an issue is framed

Inputs
Ideologies
Background
Attitudes
Elite rhetoric

Frames
Issue-specific 
Issue-generic 
policy
Narrative

Frame-building

Figure & theoretical model adapted from de Vreese [2005] and is a simplification of Scheufele’s [1999]  four-process model



Framing processes

● Frame-building: factors affecting how an issue is framed

● Frame-setting: frame effects on audiences 

Inputs
Ideologies
Background
Attitudes
Elite rhetoric

Frames
Issue-specific 
Issue-generic 
policy
Narrative

Effects
Attitudes
Behaviors
Emotions
Opinions

Frame-building Frame-setting

Figure & theoretical model adapted from de Vreese [2005] and is a simplification of Scheufele’s [1999]  four-process model



Dataset 
collection & 
annotation

Automated 
frame 

detection

Frame building: 
role of ideology 

in framing

Frame setting: 
effects on user 

engagement 



Data 
Annotation

3 typologies

27 categories



Data Collection and Annotation

● 2.6M English tweets from 2018-2019 containing 

immigration-related term

● Ideology inference using existing network-based tool

● 4.5K tweets labeled by trained annotators for all frames 

explicitly cued.



Frame Detection

● RoBERTa-based multilabel classification models fine-tuned 

on full set of immigration-related tweets
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F1 score by model on test set







Liberals frame immigrants as 
heroes and victims
● Liberals cue fairness and morality, 

framing immigrants as victims of 
discrimination and inhumane policies. 



Liberals frame immigrants as 
heroes and victims
● Liberals cue fairness and morality, 

framing immigrants as victims of 
discrimination and inhumane policies. 

Conservatives frame 
immigrants as threats
● Conservatives cue threat to public 

safety, burden on taxpayers & 
government programs



Each frame typology offers value 

Issue-generic policy frames can be 
most accurately detected

but

Immigration-specific frames reveal 
ideological differences obscured by 
issue-generic policy frames 



Each frame typology offers value 

Issue-generic policy frames can be 
most accurately detected

but

Immigration-specific frames reveal 
ideological differences obscured by 
issue-generic policy frames 

(e.g. health & safety) 



Cultural (hero: integration) 
and human interest 
(morality, fairness,        
victim: discrimination) 



Framing Social Movements on Social Media: 
Unpacking Diagnostic, Prognostic, and 

Motivational Strategies

Journal of Quantitative Description: Digital Media (2024)

Julia Mendelsohn Maya Vijan
Dallas Card Ceren Budak
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Social movements create meaning through framing

● Collective action frames are "intended to mobilize potential 

adherents and constituents, to garner bystander support, 

and to demobilize antagonists” [Snow & Benford, 1988]

● Effective framing is important (perhaps, necessary) for 

social movement success [Della Porta & Diani, 2006]  

53



Core Framing Tasks [Snow & Benford, 1988; Benford & Snow, 2000]

 Diagnostic
 Identifying social problems, their causes, and who to hold responsible
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Core Framing Tasks [Snow & Benford, 1988; Benford & Snow, 2000]

 Diagnostic
 Identifying social problems, their causes, and who to hold responsible

Prognostic
Proposing solutions, plans of attack, strategies for carrying out that plan

Motivational
Persuading people to participate through “calls to action”
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How do people use diagnostic, prognostic, 

and motivational framing in Twitter 

messages related to social movements? 
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Classification



Dataset & 
Annotation

Classification Sociocultural 
Context
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Taxonomy

Relevance

Stance

Diagnostic

Prognostic

Motivational
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Taxonomy

Relevance

Stance

Diagnostic

Prognostic

Motivational

Problem 
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Relevance

Stance

Diagnostic

Prognostic

Motivational

Problem 
Identification

Blame

Solution
Tactics

Solidarity

Counterframing

Progressive

Conservative

Neutral/Unclear

Taxonomy
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Data Collection [from Bozarth & Budak, 2022]

● Tweets from movements focused on 3 issues: guns, 
immigration, and LGBTQ rights from 2018-2019
○ Both progressive & conservative movements

○ 2 months for each issue (1 high protest activity, 1 average level)
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Data Collection [from Bozarth & Budak, 2022]

● Tweets from movements focused on 3 issues: guns, 
immigration, and LGBTQ rights from 2018-2019
○ Both progressive & conservative movements

○ 2 months for each issue (1 high protest activity, 1 average level)

● 1.85M tweets across all movements
○ 822K for guns, 763K for immigration, 268K for LGBTQ

● 6,000 manually-annotated tweets

● 4,859 (81%) coded as relevant, labeled for stance & frames
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Dataset & 
Annotation

Classification Sociocultural 
Context
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Four classifiers

Relevance

Stance

Diagnostic

Prognostic

Motivational

Problem 
Identification

Blame

Solution
Tactics

Solidarity

Counterframing

Progressive

Conservative

Neutral/Unclear
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Four classifiers

Relevance

Classifier 1: 

Relevance 
(binary, single-label)
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Four classifiers
Stance

Progressive

Conservative

Neutral/Unclear

Classifier 2: Stance 
(3-class, single-label)
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Diagnostic

Prognostic

Motivational

Classifier 3: 
Core Framing 
Task 
(binary, 3-label)

Four classifiers
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Four classifiers

Motivational

Problem 
Identification

Blame

Solution
Tactics

Solidarity

Counterframing

Classifier 4: 
Frame Elements
Categories we coded for
(binary, 7-label)
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Model
Results
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Model
Results
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Dataset & 
Annotation

Classification Sociocultural 
Context
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3 movement-level factors

Issue Area
guns, immigration, LGBTQ

Stance
progressive, conservative, neutral

Protest Activity
High or average activity month

Author Role
journalist, social mvmt org, other

Interaction Type
broadcast, reply, quote tweet

2 message-level factors

Logistic regression + marginal effect for 

diagnostic, prognostic, and motivational frames
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Issue Area
guns, immigration, LGBTQ

Stance
progressive, conservative, neutral

Protest Activity
High or average activity month

Author Role
journalist, social mvmt org, other

Interaction Type
broadcast, reply, quote tweet

2 message-level factors

Logistic regression + marginal effect for 

diagnostic, prognostic, and motivational frames
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Diagnostic: not SMOs
Prognostic: SMOs
Motivational: SMOs

“Other” is reference variable
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Diagnostic: QT & reply
Prognostic: QT & 
broadcast
Motivational: QT & 
broadcast

*broadcast is reference variable
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Framing Social Movements on Social Media: 
Unpacking Diagnostic, Prognostic, and Motivational Strategies

80

Dataset & 
Annotation

Classification Sociocultural 
Context

● Not discussed today: linguistic analysis within each frame category



I spent many months manually annotating 
immigration-related tweets  (over 10K tweets across 
papers!) and saw some really weird stuff….

81

I saw tons of tweets covertly blaming Jews for the 
immigration “crisis”, but nobody seemed to notice

Soros

NWO

Kalergi 
Plan

coastal 
elites

globalists

shadowy 
cabal



From Dogwhistles to Bullhorns: Unveiling 

Coded Rhetoric with Language Models
Association for Computational Linguistics (ACL), 2023

Julia 
Mendelsohn

Maarten 
Sap

Ronan 
Le Bras

Yejin 
Choi
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The cosmopolitan elite look down on the common 
affections that once bound this nation together: things 
like place and national feeling and religious faith…The 
cosmopolitan agenda has driven both Left and 
Right…It’s time we ended the cosmopolitan 
experiment and recovered the promise of the republic. 
~Josh Hawley (R-MO), 2019
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The Jews look down on the common affections that 
once bound this nation together: things like place and 
national feeling and religious faith…The Jewish 
agenda has driven both Left and Right…It’s time we 
ended the Jewish experiment and recovered the 
promise of the republic. ~Josh Hawley (R-MO), 2019
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Cosmopolitan is a dogwhistle

Dogwhistles send one message to an outgroup and a second 
(often taboo, controversial, or inflammatory) message to an 
in-group [Henderson & McCready, 2018]
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● In-group knows cosmopolitan → Jewish
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Cosmopolitan is a dogwhistle

Dogwhistles send one message to an outgroup and a second 
(often taboo, controversial, or inflammatory) message to an 
in-group [Henderson & McCready, 2018]

● In-group knows cosmopolitan → Jewish

● But Hawley has plausible deniability. He never says Jewish!
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and multiple 
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Mechanism of 
political influence 

and persuasion
[Mendelberg, 2001;
Haney López, 2014] 
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Understanding dogwhistles is important

Meaning depends 
on speaker 

identity, context, 
and multiple 

audiences
[Henderson & McCready, 2018]

Enables hate while 
evading content 

moderation
[Bhat & Klein, 2020] 

Mechanism of 
political influence 

and persuasion
[Mendelberg, 2001;
Haney López, 2014] 
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Typology & 
glossary with   

rich contextual 
information
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Searching for dogwhistles
● Sources: academic, media, blogs, wikis

○ Expressions identified as dogwhistles or coded language
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Searching for dogwhistles
● Sources: academic, media, blogs, wikis

○ Expressions identified as dogwhistles or coded language

● 340 terms and symbols (incl. emojis) 
○ Over 70 each for racist, transphobic, antisemitic

○ English, US-centric

102



Searching for dogwhistles
● Sources: academic, media, blogs, wikis

○ Expressions identified as dogwhistles or coded language

● 340 terms and symbols (incl. emojis) 
○ Over 70 each for racist, transphobic, antisemitic

○ English, US-centric

● Limitation: we cannot ensure that our search 

is complete or figure out what’s missing. 
○ Can large language models help? Stay tuned… 
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*Type I and Type II distinction from Henderson & McCready (2018) 108



109



110



111



Typology & 
glossary with   

rich contextual 
information

Evaluate 
dogwhistle 

recognition in 
language models  

Show how 
dogwhistles 

evade content 
moderation
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Surfacing dogwhistles with GPT-3

Our 
Prompt

GPT-3 
Completion
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Surfacing dogwhistles with GPT-3

● Setup: make prompts with 5 different definitions, ~50 ways 

of requesting examples, generate 5 outputs per prompt
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Surfacing dogwhistles with GPT-3

● Setup: make prompts with 5 different definitions, ~50 ways 

of requesting examples, generate 5 outputs per prompt

● GPT-3 surfaces 45% of dogwhistles in our glossary, and 

69% of dogwhistles that belong to a formal register.

● Surfaced additional potential dogwhistles (e.g. patriotism)
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But performance varies a lot

● GPT-3 surfaces 69% of formal 
but <20% of informal 
dogwhistles
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But performance varies a lot

● GPT-3 surfaces 69% of formal 
but <20% of informal 
dogwhistles

● Among formal dogwhistles, 
lowest recall for transphobic 
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Identifying covert meanings with GPT-3

Our 
Prompt
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Identifying covert meanings with GPT-3

Our 
Prompt

GPT-3 
Completion
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Identifying covert meanings with GPT-3

No Secret Cue With Secret Cue

No Definition 8.5% 29.6%

With Definition 43.7% 54.3%
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Typology & 
glossary with   

rich contextual 
information

Evaluate 
dogwhistle 

recognition in 
language models  

Show how 
dogwhistles 

evade content 
moderation
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Case Study: Toxicity Detection

Do automated toxicity detection scores 

change when standard group labels or slurs 

are replaced with dogwhistles?

● Using the Google/Jigsaw Perspective API model
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237 hateful 

templates from 

HateCheck 
[Röttger et al., 2021]
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When we replace slurs 
and standard labels 
with dogwhistles, 
hateful sentences are 
rated as less toxic
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Typology & 
glossary with   

rich contextual 
information

Evaluate 
dogwhistle 

recognition in 
language models  

Show how 
dogwhistles 

evade content 
moderation

Not discussed today: a case study of racial dogwhistles 
in historical U.S. political speeches 128



This work is starting point for many future directions! 

● Distinguish dogwhistle vs non-dogwhistle usages from context

● Predict emergence of new dogwhistles

● Probe how and why LLMs recognize (some) dogwhistles

● Use computational techniques to develop a theory of 

dogwhistles beyond a binary categorization 

● Analyze dogwhistle usage and diffusion in online communities 

● Expand research to other languages and cultures

● Grapple with ethics of dogwhistle detection & moderation
129



Current Focus: NLP for Addressing Antisemitism*
* complaining that it’s hard and the field hasn’t done it well

130

My “typical” project: 

● Step 1: Collect Data
○ But keywords are insufficient (most antisemitic tweets don’t mention Jews); 

user/event-based is biased

● Step 2: Annotate data
○ But how do we define antisemitism? What types of antisemitism? How “bad” does 

something have to be to be labeled as antisemitic?

● Step 3: Build computational models
○ But antisemitic language can change quickly, often requires huge amounts of world 

knowledge and discursive context, a lot of complicated rhetorical features (dogwhistles, 
irony, sarcasm, wordplay, etc)
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Current Focus: NLP for Addressing Antisemitism*
* complaining that it’s hard and the field hasn’t done it well
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My “typical” project: 

● Step 1: Collect Data
○ But keywords are insufficient (most antisemitic tweets don’t mention Jews); 

user/event-based is biased

● Step 2: Annotate data
○ But how do we define antisemitism? What types of antisemitism? How “bad” does 

something have to be to be labeled as antisemitic?

● Step 3: Build computational models
○ But antisemitic language can change quickly, often requires huge amounts of world 

knowledge and discursive context, a lot of complicated rhetorical features (dogwhistles, 
irony, sarcasm, wordplay, etc)

● Step 4: Use models to do interesting and important things
○ But…in today’s climate?!?!
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Computational antisemitism 
work across disciplines/venues

Goal: in-depth description of 
how antisemitism has been 
defined, measured, and analyzed

Method: Querying Google 
Scholar, Scopus, Web of Science

NLP work on bias and abusive 
language mentioning Jews

Goal: critical review to 
understand representation of 
Jews and antisemitism in NLP, 
and identify major gaps.  

Method: ACL Anthology search 

Two-pronged systematic review



I read a lot of bias and hate speech papers

136

Jews included in 
any part of the 
study (n=144)

Contains 
example(s) of 
antisemitism

(n=92)

Which part 
of the 
study?

The prose says 
anything about 

Jews/AS based on 
study (n=33)

What is the level of 
AS-specificity of the 

contribution?

Fine-grained 
coding of 
examples

ACL Anthology 
papers with 
keyword in 

abstract 
(n=2,497)

Relevant to social 
bias, abuse, etc. 

(n=1,685)

Irrelevant 
(bias term, word 

sense discrimination) 
(n=812)

Mentions Jews/AS 
anywhere in paper

(n=326; 19% of 
relevant papers)

No mention of 
Jews/AS

(n=1,359)

Open Coding: In 
what context are 

Jews/AS 
mentioned?

How are Jews 
categorized?



Manually coded examples reproduced in NLP papers

Classic antisemitism: tropes that have persisted for centuries

● Examples: foreignness,  repulsiveness, evil, greed, power
Secondary antisemitism: post-Holocaust tropes emerged from guilt, 

with effects of rejecting Jewish experiences

● Examples: Holocaust distortion, blaming Jews for antisemitism, 
denial and instrumentalization of contemporary antisemitism

Aggressive speech acts:
● Examples: insults, death wishes, affirmation of Nazis (e.g. via 

Holocaust jokes)
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Antisemitism is inadequately represented in NLP
● Only 4 papers (0.24%) are primarily about 

antisemitism, and 5 more have substantial 
portions about it (0.3%)

● NLP treats Jews as one of many interchangeable 
groups or solely as religious identity. 

● Examples in NLP papers highlight neglect of 
secondary antisemitism and over-indexing on 
greed, Holocaust jokes, and insults

● We have no idea how well our models work on 
“real-world” antisemitism! Or how to evaluate if 
our models are antisemitic! 
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Challenges and opportunities for NLP

  We need 
resources!

Understand highly 
contextual implicit forms  
(e.g. dogwhistles) 

Focus on 
fine-grained topoiSocially-grounded 

bias evaluation

Counter narratives 
that combat deeper 
antisemitic logics

Ethics-forward design 

Develop adaptable and 
explainable models



Community-level recommendations

● Include Jewish people and/or experts, especially in annotation

● We need group-specific approaches to abusive language. Prioritizing 
generalizability is bad for science and society.

● Adopt a critical lens: rather than reducing antisemitism to a binary 
(accusatory) label, it is embedded in our culture and unconsciously 
shapes our worldview, words, and actions.

● Both the dismissal and weaponization of antisemitism are scary. But 
the contentious political climate is more of a reason to study it.  
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Thank You!

     juliame@umd.edu     @jmendelsohn2
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