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Motivation: The Rise of Emotions in Policy
Emotions have become important in the public sphere and discourse.

Emergence of “Emotional communities” characterized by shared experiences of anger, outrage, and
resentment (e.g., MeToo, Gilets Jaunes . . . )

Populist discourse also often based on these negative emotions.

Yet, emotions are difficult to study quantitatively.
Text analysis methods offer promising avenue

This paper:

1. Documents rise of emotions, especially anger, on the supply side (policymakers and politicians)
and demand side of policy (citizens).

2. Survey experiment (A) to show causal effect of positive vs. negative emotions on policy views

3. Survey experiment (B) to distinguish between fear and anger
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Literature
� Pivotal role of emotions in shaping judgments, decisions, and political choices

I Lazarus (1991), Marcus (2002), Loewenstein, (1996, 2000), Putman (2020), Rosanvallon (2021), Clore et al. (2001),
Clore & Huntsinger (2007), O’Neill & Nicholson-Cole (2009), Rahn (2000), Van Zomeren (2021), MacKuen et al.
(2010), Boxell et al. (2024), Ladd & Podkul (2018), Jost (2019), Marcus et al. (2019), Vasilopoulou & Wagner (2017),
Rico et al (2017), Widmann (2021), Ward et al (2024)

Contribution: Causal impact of emotions on policy views in economics

� Experimental designs exploring the role of emotions in shaping policy views
I Manzoni et al. (2024), Myers et al. (2024), Tilley & Hobolt (2024), Lo et al. (2022), Gonthier (2023), Albertson &

Gadarian (2015), Smith & Leiserowitz (2010)

Contribution: Our experiments shift emotions overall, not context-specific. Not about providing
emotional content on specific policy issue.

� Determinants of policy preferences
I Stantcheva (2020, 2021, 2022), Binetti et al (2024), Dechezlepretre et al (2025), Roth et al (2022), Sawulski et al. (2024),

Bremer & Burgisser, (2023), Andre et al. (2023), Giglio et al. (2021), Bailey et al. (2019), Goetzmann et al. (2022)

Contribution: Emotions complement traditional “cognitive” processes in shaping policy
attitudes
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Outline

I The Demand Side of Emotions: the Rise of the Emotional Voter

I The Supply Side of Emotions: Political Cycles

I Experimental Effects: Positive vs. Negative Emotions

I Experimental Effects: Anger vs. Fear

I Appendix
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X data

� Citizens’ Tweets on policy issues
I Random sample representing approximately 0.02% of all tweets posted on Twitter

I 690,000 tweets, excluding retweets, sent between January 2013 and January 2025, with keywords:
F Immigration, terrorism, crime, war, justice, injustice, inequality, abortion, gun, education, climate, inflation,

price, job, tax, trade, economy, growth, budget, deficit, debt, health, healthcare, Medicare, Supreme Court,
policy, government, Congress, or Senate.

� Climate change tweets
I Random sample: every tweet posted between the 5th and 10th minute of each hour of all tweets with

keywords:

F Climate change, global warming

I 3 millions tweets, excluding retweets, sent on Twitter between January 2013 and April 2023 from 1.4
million distinct users
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Voter Data

� Matched Voter Dataset
I Allows to validate our political-leaning measure, study heterogeneity, and benchmark behavior to

actual voters.
I We construct this dataset starting from our citizens’ sample

F We infer users’ U.S. states starting from their declared location (obtain 183,501 users with state identifiers).
F We match these users to the voter file using unique names within each states (yields 17,792 exact one-to-one

user–registrant matches).
F For matched individuals, we retrieve full voter-file records and collect all tweets posted since 2013 containing

a set of policy keywords
I Final dataset: 6.4 million tweets from 15,493 distinct users.

I Voter dataset is used to replicate all results from citizens’ tweets and validate patterns.
F Demographic covariates and panel structure allow within-user and heterogeneity analyses
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Emotion Classifier

� Standardize text data into sentences splitting tweets and political speeches into sentences
� Ask LLM (GPT-4o-mini) to classify emotions in a large sample of 200K sentences (official

accounts’ tweets (25%), random users’ tweets (25%), campaign speeches (25%), & floor speeches
(25%)).
� Use GPT-generated classification as training data for a supervised ML classification model using

embedding-based representations.
� Manually check random sample

Prompts Keywords by Emotion Type
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Emotions in citizens’ tweets by policy 2013-2025
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The rise of anger in citizens’ tweets on policy issues

Climate Change Tweets Sample
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Within-user rise in anger: citizens and voters

Citizens’ tweets

� 145% increase over the sample period (aggregate rise: 102%)
� Quasi-Poisson Generalized Linear Model with User and Topic FE

Voters’ tweets

� 80% increase over the sample period (aggregate rise: 95%)
� Quasi-Poisson Generalized Linear Model with User FE
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Within-user rise in anger: climate

Climate tweets

� 30%increase over the sample period (aggregate rise: 30%)
� Quasi-Poisson Generalized Linear Model with User FE
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Decomposing the increase in anger

About 80% of the increase in anger is due to within users effects, and c. 20% is due to selection
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Assigning political leaning and partisanship to X users

� Following Mosleh and Rand (2022) assign partisan score based on the list of partisan elites they
follow on X (manually coded as Republican (+1) or Democrat (-1))

� Partisan score of an user is the average partisan score of elite accounts they follow. Ranges from
–1 (following only Democratic elites) to +1 (following only Republican elites).

� Democrats have partisan score > 0;Republicans have score <0. Non-partisan if missing score
(no elites followed).

� Strong Democrats [-1, -0.5];Moderate Democrats (-0.5, 0);Moderate Republicans (0, 0.5),
Strong Republicans [0.5, 1]

� To avoid misclassi�cation, assign political leaning only to users who follow at least two political
accounts (results robust)

� Strength of partisanship : Measured by the number of elite accounts followed.
25th percentile: 3; median: 10; 75th percentile: 34
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Anger dominates but more pronounced at the extremes

Breakdown of Emotions by Partisanship
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Anger more widespread if more elite accounts followed
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Anger has risen among both Dems & Reps

Happened mostly during Trump 1.0 but has remained high, across parties.
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Voter Data: Replicating Demand-Side

� Voters' tweets show the same rise in anger over time
I Sharp increase beginning in 2016–17, as in the citizens' sample.
I Levels remain persistently high throughout the Biden presidency.

� Measuring partisan differences using voters' party registration yields coherent results
I Anger rises strongly among both Democrats and Republicans.
I Strong partisans and users following many elite accounts show the highest anger.

� Rich heterogeneity by demographics
I Older, female, lower-educated, and rural users consistently display higher anger.
I Increasing trend is visible across all groups.
I All demographic groups show a structural break in 2016, then stabilize at higher levels.
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