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Abstract
Do politicians polarize public debates? We collect 4.75 million tweets debating 57 U.S.

mass shootings. We exploit variation in the timing of politicians’ first interventions
into each debate and show that partisan and issue-polarized language increases after
a politician first tweets about the event. These changes are not preceded by trends
in polarization or debate activity, and the timing of political interventions is unre-
lated to event characteristics or the timing or content of tweets from other celebrities
or news organizations. Comparable interventions by non-political celebrities gener-
ate no such effects. Politicians’ interventions are themselves unusually partisan, and
interventions supplying partisan language produce larger subsequent shifts in both
partisan and issue-polarized language. Our findings suggest that politicians supply
partisan frames that shape subsequent public discourse and point to elite communi-

cation as a supply-side source of polarization on social media.
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1 Introduction

Public debate in the United States has become increasingly divisive and partisan. Policy-
relevant events are quickly interpreted and described through partisan and polarized
lenses, curtailing constructive debate (Abramowitz and Webster, 2016; Boxell et al., 2024;
Djourelova et al., 2024; Yousaf, 2021) and profoundly reshaping beliefs and behavior
(Bursztyn et al., 2020, 2025). To explain this rise of polarization, a growing literature
has pointed to the contemporary rise of social media and their role in amplifying polit-
ical divisions and undermining social cohesion (see Campante et al., 2023; Zhuravskaya
et al., 2020, for reviews).! To date, this literature has emphasized how social media foster
demand-side mechanisms that fuel partisanship and polarization, including echo cham-
bers, anonymity, and the consumption of fake news (see, e.g., Ederer et al., 2025; Guriev
et al., 2023; Levy, 2021).

We instead focus on a supply-side effect of social media: enabling politicians” direct
communication.? Using Twitter debates surrounding major news events, we show that
politicians” direct communication on social media systematically steers online public de-
bates towards more partisan and polarized language, whereas posts by other celebrities
and news organizations do not produce the same shift. Moreover, the response is larger
when the politicians” posts supply partisan language, consistent with the interpretation
that politicians supply partisan and polarized frames that shape subsequent discourse.

To conduct our analysis, we collect data on the universe of 4.75 million tweets related
to the 57 mass shooting events covered on the front page of the New York Times between
March 2016 (when Twitter rolled out its algorithmic timeline) and October 2022 (when
Elon Musk acquired the company). We focus on mass shootings for several reasons. First,
mass shootings are particularly salient news events, which have been shown to polarize
lawmakers and voters on a wide range of political issues (Barilari, 2026; Yousaf, 2021).
Second, mass shootings have a well-identified start time, making it possible to pin down
exactly when the debate begins online. Third, their unanticipated nature ensures that
politicians or political institutions did not influence the onset of the debate.

We extract all the tweets related to each event in the seven days after the event, thereby
constructing a longitudinal “public debate” dataset.” We define the first political interven-

!Consequences can be tragic when online hate fuels physical violence and hate crimes (Bursztyn et al.,
2023; Miiller and Schwarz, 2021, 2023).

ZPoliticians are a natural source of polarizing frames. They are highly partisan and polarized (Barber
and McCarty, 2015; Fowler et al., 2023), and many have more than one million Twitter followers, making
them salient “influencers” who can amplify news and shape narratives (Boffa et al., 2024).

3A public debate includes, on average, 83, 308 related tweets. As discussed in Section 2, the volume of
tweets spikes in the first hour and a half after the start of an event and remains very stable after three days,
so that our choice of stopping the data collection seven days after the event is innocuous.
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tion as the first event-related post by a U.S. politician with at least one million followers.*
We also track interventions by celebrities who are not politicians, identified from a list of
top 100 Twitter accounts by number of followers.

For every tweet, we use dictionary-based methods to measure the tweet’s partisan-
ship (Gentzkow et al., 2019) and issue polarization (Simchon et al., 2022).° In addition, we
show that our results are robust to using a complementary model-based measure of issue
polarization, constructed by fine-tuning a language-model classifier on LLM-generated
annotations. This measure also allows us to distinguish the ideological direction and is-
sue domain of polarized discourse.

Our first contribution is to describe when and how politicians intervene in public de-
bates. We uncover substantial variation in the identity and partisanship of the politicians
who intervene in the public debate. In total, 67 (out of 70) different politicians intervene in
52 of the 57 public debates, with 29 distinct politicians intervening first in a debate—what
we call the first political intervention in a public debate.

There is also substantial variation in the timing of political interventions and first po-
litical interventions, both with respect to the characteristics of the events (e.g., location,
victim count, race of the shooter) and their unfolding (e.g., start, end, police intervention),
and the timing of interventions by other politicians, news media, and other influencers.
First political interventions occur, in general, well after interventions by news media or-
ganizations, but without any systematic pattern. Politicians also do not systematically
follow other influencers, who tend to intervene later on. In addition, politicians do not
systematically time their intervention with respect to key debate characteristics, such as
the peak in the volume of related tweets, the popularity of users engaged in the debate,
or the virality of tweets. In fact, even the first political intervention tends to arrive well
after the debate has peaked.

Our second contribution is to document whether and how politicians polarize the
public debate. Our two-way fixed effects and event-study analyses examine the shares
of partisan and issue-polarized content in a debate after the first political intervention

compared to before the intervention and compared to other debates in the same time

4Qverall, 70 politicians have more than one million followers at the time of our study and are included
in the analysis. Our results do not change if we focus on the much larger sets of the 117 U.S. politicians
with more than 500,000 followers or the 202 U.S. politicians with more than 200,000 followers.

>See Section 2.5 for details.

®Gentzkow et al. (2019) measure partisanship from Congressional speech; Simchon et al. (2022)’s issue
polarization dictionary is meant to capture “ideological, policy-based political divide.” We discuss in Sec-
tion 5.5 how political interventions affect social tribalism, as captured by words that express loyalty and
betrayal, as defined by the Moral Foundations Dictionary (Enke, 2020; Graham et al., 2009) and Simchon
et al. (2022)’s affective polarization, capturing “dislike, distrust, and general animosity.”
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interval since their respective onsets. Event-specific fixed effects account for any potential
heterogeneity across events, which may be systematically correlated with the polarizing
nature of the event. Because the nature of the debate may also naturally change over time
as the debate unfolds and emotions get heated up or die off, we control for a set of fixed
effects for highly granular time intervals since the onset of the debate,” as well as for a
time trend since the onset of the debate.®

A key concern in interpreting our results is that politicians may be responding to re-
cent changes in the debate or recently released information. In that case, our estimations
would measure the effect of these changes on subsequent tweets. However, our event-
study results show that political interventions do not follow changes in volume or con-
tent (including partisan or issue-polarized) of the debate and they do not coincide with
changes in the volume of tweets or the observable characteristics of the users who engage
in the debate. Furthermore, political interventions do not coincide with news shocks:
media coverage does not spike around political interventions, and news content released
just before political interventions is not more likely to reveal particular new information
about the event (e.g., on casualties, the shooter, or their motive). Finally, our estimates are
unchanged when we control for media activity. Combined with the descriptive evidence
on the timing of interventions, these results mitigate concerns that politicians strategically
time their interventions in response to observable event characteristics or changes in its
content or intensity.

We find that mass shooting events become partisan and issue-polarized topics after
politicians intervene in the public debate. Political interventions trigger immediate and
persistent increases in partisanship and in issue polarization. Within one hour of the
first political intervention, the probability that a tweet contains partisan language is 43%
greater than in the hour before the intervention (1.55% post vs. 1.08% pre-intervention).
By two hours after the intervention, it is 88% greater. Issue polarization increases by,
respectively, 17% and 40% relative to the pre-intervention mean, one and two hours after
the first intervention.

Additional political interventions generate further, though diminishing, increases in
partisan and issue-polarized language. LLM-based annotations confirm our results and
further show that the discussion shifts toward gun policy, while issue polarization intensi-
ties the most on other topics such as terrorism, media criticism, and race, thus politicizing

’Our baseline specification accounts for 30 minutes fixed effects, and we show that our results are robust
to shorter or longer intervals.

80ur setting is not suitable for the use of calendar time fixed effects, since events occur at different dates
with little overlap in the 7-day time frame after an event. In any case, calendar time fixed effects would be
subsumed in our 30-minute time interval fixed effects.
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the public debate beyond the gun policy debate.

We further show that political interventions increase tribal language, although they
do not affect levels of affective polarization or hate speech. We also illustrate a sharp
contrast between interventions by politicians vs. celebrities. Interventions by celebrities
do not change the partisan or issue-polarized content of the public debate. If anything,
they reduce tribalism and affective polarization, and do not influence hate speech.

To uncover potential mechanisms underlying these effects, we first document that
the rhetoric of political interventions substantially differs from that of other social me-
dia users. In particular, interventions by politicians are uniquely partisan and issue-
polarized. The first political intervention contains partisan language in 19% of cases, com-
pared with 1.2% percent of pre-intervention tweets by regular users, making it about 16
times more likely to contain partisan language. Considering all interventions, politicians’
tweets are approximately 17 percentage points more likely to contain partisan language
and 19 percentage points more likely to contain issue-polarized language than interven-
tions by celebrities or news media.

These differences in the rhetorical supply are crucial to understanding the polarizing
effect of political interventions. Political interventions that are partisan are associated
with a substantially larger increase in the subsequent partisanship and issue polarization
of the debate. Further results show that these shifts are primarily driven by the content
of tweets posted by newcomers to the debate (users who only join the specific debate
after the first political intervention), and are stronger for newcomers. The increase is
also larger among and those who are more politicized (more clearly identify with a po-
litical party or cause in their profile), although users without such identifiers shift too.
By contrast, political interventions do not attract more users to the debate, nor do they
change the composition of users in the debate (i.e., they do not mobilize more politicized
users). Finally, while interventions by Democrat politicians are followed by an increase
in Democratic-leaning partisan phrases only, interventions by Republicans equally spur
Democratic- and Republican-leaning partisan phrases. Overall, these results are consis-
tent with the view that political interventions inject partisan rhetoric in the public debate,
placing news events under a partisan and polarized lens that reshapes the ensuing debate,
particularly among those who only join the debate after the intervention.

Our findings contribute to three strands of research. First, we contribute to the lit-
erature on the political effects of social media. Platform access and exposure can affect
political knowledge and polarization (Allcott et al., 2020; Levy, 2021), electoral outcomes
(Fujiwara et al., 2024), electoral accountability (Enriquez et al., 2024), and collective action



(Enikolopov et al., 2020; Qin et al., 2024).° We examine how the intervention and rhetoric
of politicians change the language used by other participants on social media.

Second, we contribute to the literature on how online platforms shape political dis-
course. Most of the literature has emphasized how demand-side factors such as platform
algorithmic features and users’ behavioral or cognitive biases drive partisanship and po-
larization on social media.'’ For instance, contact with users sharing similar beliefs and
worldviews reinforces extreme views (Bakshy et al., 2015; Gonzélez-Bailén et al., 2023;
Halberstam and Knight, 2016; Levy, 2021; Nyhan et al., 2023); anonymity disinhibits users
(Ederer et al., 2025); and controversial and hateful speech generates higher engagement
(Beknazar-Yuzbashev et al., 2025; Giavazzi et al., 2024; Guess et al., 2023).!' We focus in-
stead on how social media platforms enable prominent actors to communicate directly
with large audiences and examine how such communication shapes expressions of parti-
sanship and polarization and may thereby accentuate political and social divisions.

Third, we broadly contribute to understanding how politicians” rhetoric alters public
discourse and policy. Closest to our paper is work on what politicians choose to say
and with what consequences. For instance, politicians can embolden the expression of
views that voters had previously suppressed (Bursztyn et al., 2020) and shift the behavior
of public employees (Grosjean et al., 2022; Spenkuch et al., 2023). We contribute to this
literature by showing directly how politicians” rhetoric reshapes the language used by
other participants in online debates. This mechanism also speaks to the broader literature
on the rise and consequences of divisive and populist politics (Funke et al., 2023; Guriev
and Papaioannou, 2022).

The remainder of the paper is as follows. Section 2 describes our data. In Section 3, we
document patterns and trends (or the absence thereof) in the timing of political interven-
tions. Section 4 motivates and describes our empirical strategy. In Section 5, we present
and discuss our main results. In Section 6, we investigate the mechanisms through which

political interventions polarize public debates and provide evidence on the role of the

A broad literature shows how traditional media affect political participation (Angelucci et al., 2024;
Lenz and Lawson, 2011; Wang, 2025), political preferences (Couttenier et al., 2024; Wang, 2021b; Zhu-
ravskaya et al., 2020), electoral outcomes (Adena et al., 2015; Amarasinghe and Raschky, 2022; Ash et al.,
2024; DellaVigna and Kaplan, 2007; Martin and Yurukoglu, 2017; Wang, 2021a), as well as ethnic hostility
and violent behavior (Adena et al., 2015; DellaVigna et al., 2014; Yanagizawa-Drott, 2014).

Complementary literatures study how social media reshape news production (Cagé et al., 2022; Hatte
etal., 2022) and focus on the issue of misinformation (e.g. Acemoglu et al. (2010); Angelucci and Prat (2024);
Guess et al. (2020); Guriev et al. (2023); Henry et al. (2022); Jackson et al. (2022); Mattozzi et al. (2023)).

1Recent experimental studies on Facebook and Instagram document substantial levels of partisan seg-
regation online (Gonzdlez-Bailén et al., 2023) but find no link with polarization in the short run (Nyhan
et al., 2023). However, the null result on polarization has come under recent scrutiny when it was revealed
that Facebook may have manipulated the algorithm during the experiment (Thorp and Vinson, 2024).
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supply of partisan rhetoric in shaping the public debate. We conclude in Section 7.

2 Data

We now discuss the construction of our database of online public debates. Supplementary
Appendix B includes all the details.

2.1 Mass shooting events

Mass shooting events have been shown to affect polarization among both voters and law-
makers (Barilari, 2026; Yousaf, 2021). We aim to uncover whether political communica-
tion on social media contributes to this polarization. We focus on the 57 mass shooting
events that appear on the front page of The New York Times'? between March 1, 2016 and
October 27, 2022.13 From a measurement point of view, this set of highly salient mass
shooting events offer several advantages. They provide a homogeneous set of events
that: (i) generate a high volume of tweets, so that we can measure variation in language;
(ii) have a well-defined and unanticipated starting time, so that we can identify the first
event-related tweet (by any user) and the first event-related tweet by a politician; and (iii)
are not directly determined (in their timing, location, and specific characteristics) by the
actions or decisions of politicians.

For each event, we retrieve: (i) the start time (the start of the shooting episode); (ii) the
end time (the time at which the shooter is either arrested or dead: on average, 150 minutes
after the start time, with a median of 10 minutes, for the 52 events with a recorded end
time); and (iii) other characteristics, such as location (a school in 21% of the events; a
business in 19%), the race of the shooter (white in 51% of the events), and the number
of victims (on average, 7.7). Appendix Table B.1 lists the 57 mass shooting events in our
sample, including location, timing, location type, shooter ethnicity, and the number of
deaths.

2.2 Tweets

We search for all event-related tweets following a methodology similar to Demszky et al.
(2019). For each event, we define two sets of keywords: one related to the circumstances
of the event and the other to its geographic location. A tweet is related to that event if it

contains at least one word from each set of keywords.

12We extract this information from The New York Times archive https://archive.nytimes.com/

13For the time period 2021-2022, we check the overlap between events on the front page of The New
York Times and events on the front page of other popular publications (The Washington Post, The Los Angeles
Times, The Wall Street Journal, and USA Today).
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text of the tweet, tweet ID and profile description

Figure 1: Example of data retrieved for each tweet

For each tweet related to an event, we retrieve: the exact time of posting, the text of
the tweet, the tweet ID, and information about the posting account, including: username,
user handle, profile description, and user ID. Figure 1 shows an example of the raw data

retrieved from a tweet and posting account’s profile.

2.3 Public debates

For each event, we identify the first related tweet and all related tweets posted within the
following seven days. We refer to this sequence of tweets as the event’s public debate, and
we define the onset of the public debate as the time of the first tweet. We exclude retweets
and non-English language tweets. We retain a total of 4.75 million tweets (83, 308 tweets
per debate, on average).

Figure A.1 shows the evolution of (the average) public debate over time in the first
24 hours (Panel (a)) and over seven days (Panel (b)). The Figure plots the distribution
over time of all tweets in a public debate, aggregated in 10 minutes bins. Less than 0.7%
of the public debate occurs in the first 30 minutes. The volume of tweets then rapidly
picks up and peaks, on average, around 80 minutes after the onset of the debate. It then
decreases steadily from its peak until 15 hours after its onset. The volume of the debate
keeps decreasing and stabilizes at a very small level after two and a half days (at around
0.05% of all tweets in the debate per 10 minutes bin). Overall, 60% of the public debate
occurs in the first 24 hours and 87% in the first 72 hours. Given the low volume of tweets
after two and a half days, our choice of stopping tweet extraction after seven days is likely

inconsequential.

2.4 Measures of polarization of the public debate

We measure the online polarization of a public debate by the prevalence of partisan and
issue-polarized language in its tweets. Our primary measures of partisanship and issue

polarization are dictionary based. We treat the text of each tweet i as a “bag of words”



or “bag of phrases,” B;, where each word or phrase14 in the tweet is an element of the
set B;. For each outcome y denoting partisanship or issue polarization, the corresponding
dictionary D, contains a set of words or phrases. We define y; as equal to 100 if B;ND,, # ()

and 0 otherwise.

Partisanship. We measure partisanship by whether the tweet contains phrases from a
dictionary of 78 partisan phrases identified by Gentzkow et al. (2019) (the complete list is
in Supplementary Appendix B.2.1). This list includes the top 10 two-word most Republi-
can and top 10 two-word most Democratic phrases for each Congressional Session from
2005 through 2016. It is compiled with methods aimed at selecting phrases that most en-
able “an observer to infer a congressperson’s party from a single utterance” (Gentzkow
et al., 2019). In the full dataset, 2.8% of all tweets are partisan.

Issue polarization. We measure issue polarization by whether the tweet contains words
from the dictionary of 83 words in Simchon et al. (2022)’s issue polarization dictionary.
This dictionary is devised to isolate words that capture an “ideological, policy-based po-
litical divide,” in contrast with “affective polarization” (see Section 5.5). In the full dataset,

19.9% of all tweets are issue-polarized.

Model-based measures. To assess the robustness of our results, we construct a model-
based measure of issue polarization by using LLM-generated annotations to fine-tune a
DeBERTa classifier. This measure is designed to capture more semantically varied forms
of issue-polarized discourse that may not contain dictionary terms. We use this measure
as a complementary outcome to assess whether the results are robust to a broader, se-
mantic definition of issue polarization. In the full dataset, 26.2% of tweets are classified
as issue-polarized by this measure. The model-based measures also allow us to distin-
guish left- and right-aligned issue-polarized discourse and to classify tweets according to
the specific issue domains being discussed. We consider nine issue domains, including
gun regulation, crime and policing, mental health, immigration, or terrorism (see full list
in Supplementary Appendix B.3) and a “no domain” category.

We evaluate the model-based measures against human annotations using two sam-
ples, one annotated for binary issue polarization and ideological direction, and the other
annotated classified into the ten-category issue domains. For issue polarization, GPT-4.1-
mini, the fine-tuned DeBERTa classifier, and three additional open-weight LLMs achieve
Cohen’s « values between 0.75 and 0.80 relative to the human annotations. GPT-4.1-mini
and DeBERTa also achieve « values of approximately 0.80 for the ten-category issue-

14As we detail below, some of our dictionaries are made of single words. Others are made of longer
phrases, containing 2 to 5 words.



domain classification. These results indicate that the model-based measure corresponds
closely with the human annotations and is not specific to GPT-4.1-mini. Supplementary
Appendix B.3 provides full details on the annotation procedure, classifier construction,

and validation.

We focus primarily on the dictionary-based measures in our main analysis. Dictionary-
based measures are transparent and readily replicable, particularly when the construct
is clearly defined, such as partisanship and issue polarization, and the dictionary com-
bines data-driven methods with domain expertise and is validated across datasets (Has-
san et al., 2025). They also provide tweet-level measures that are stable to variations in the
underlying samples and corpora, and have a straightforward interpretation as the prob-
ability that any given tweet contains words from a given dictionary. Ash and Hansen
(2023) further argue that dictionary-based measures may reduce the risk of correlated
measurement error in downstream econometric analyses because they are less likely to
incorporate extraneous features of the text and implicitly regularize the measurement
process. While we focus on these more conservative measures, we show that our results

are robust to using the broader model-based measure of issue polarization.

2.5 Interventions

Political interventions. To identify when politicians intervene in a public debate, we
compile a list of all U.S. politicians with more than one million Twitter followers as of
July 11, 2022."> These accounts are selected from a list of all past and present U.S. pres-
idents and members of Congress, presidential candidates, state governors, and mayors
of the top 50 cities by population, between 2016 and 2022. This search returns 70 Twitter
accounts (listed in Supplementary Appendix B, Table B.6).

For each public debate, we identify the first and subsequent tweets originating from
the accounts of these politicians. We call these tweets the political interventions in the
public debate. 52 out of 57 public debates feature a political intervention. The 52 first
interventions originate from 29 different accounts. In 73% of cases, the first political inter-
vention is by a Democrat. The politicians who most frequently intervene first in a debate
are Rep. (D-CA) Ted W. Lieu (6 first interventions), Rep. (D-CA) Nancy Pelosi (4), and
Rep. (D-CA) Eric Swalwell (4).

Most debates have interventions from multiple politicians. The median number of

political interventions is 7, and the mean is 10.!® The politicians who intervene most

15We consider the robustness of our results to using alternative cutoffs of 500,000 or 200,000 followers.
180On average, a debate has 7.6 (median: 5) interventions by Democratic politicians and 2.5 (median: 1)
by Republicans.
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These figures plot the percentage of tweets containing partisan (panel (a)) or issue-polarized content (panel (b)) averaged over 10
minutes intervals, for events that receive a political intervention. The vertical line indicates the first political intervention in the

debate.

overall are President Donald Trump (42 total interventions), the New York City Mayor!”
(41), and Sen. (D-NY) Chuck Schumer (39).

Figure 2 illustrates with raw data the core message of the paper: the partisan and
issue-polarized content of the public debate disproportionately increases after the first
political intervention, relative to a simple time trend fitted to the pre-intervention period.
A natural concern is that the timing of the political intervention may systematically co-
incide with specific junctures in the event itself, or be strategically timed with changes
in the debate. We discuss in greater detail the patterns and timing of political interven-
tions in Section 3 and implement two-way fixed effects and event-study methodologies

(described in Section 4) in Sections 5 and 6.

Interventions by celebrity influencers. We construct a comparable list of prominent in-
fluencers who are not politicians. Thousands of athletes, artists, and business celebrities
have over 1 million followers, with some playing a very active role in public debates. We
retrieve a list of the top 100 accounts by followers (all with more than 25 million followers)
and eliminate the accounts of politicians (including non-U.S. and non-active politicians),
associations and organizations.'® This leaves us with 61 individuals. The final list (Sup-
plementary Appendix B.4, Table B.7) includes celebrities from a variety of backgrounds,
such as Elon Musk, Justin Bieber, Taylor Swift, Ellen De Generes, LeBron James, or Bill

7This account appeared under the name Bill de Blasio (D) until December 31, 2021 and Eric Adams (D)
from January 1, 2022.
8For the potential role of the NRA, see footnote 21.
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Gates.”?

3 How and when politicians intervene in the public debate

In this section, we describe the patterns of political interventions in the public debate. We
tirst focus on the timing of political interventions and then turn to a brief description of
their content.

3.1 Timing of interventions

Three features of the timing of political interventions emerge from the data. First, the
timing of the first intervention varies substantially across events. Second, political inter-
ventions exhibit no systematic sequencing relative to interventions by other politicians,
prominent influencers, or traditional news media organizations. Third, the timing of po-
litical interventions is not systematically associated with observable characteristics of the
event, or of the public debate, including its partisan and issue-polarized content and
tweet volume. Together, these patterns inform the empirical strategy described in Sec-
tion 4.

First political intervention. As noted above, 29 different politicians are the first to inter-
vene across the debates. The timing of these first interventions also varies substantially.
The median time of the first political intervention (the vertical solid line in Figure A.1) is
135 minutes after the onset of the debate; the mean (vertical dashed line in Figure A.1) is
226 minutes. Both are well after the onset and the peak of the debate (around 80 minutes
after the onset; see Section 2).

Appendix Figure A.2a reveals great variability in the timing of the first political inter-
vention with respect to key event and debate timelines. The earliest (first) intervention
occurs 42 minutes after the start of the event (30 minutes after the onset of the debate);
the latest as much as 1431 minutes (almost 24 hours) after the start of the event. The 25th
percentile of the distribution of the timing of the first intervention is at 106 minutes after
the start of the event and the 75th percentile is more than 4.4 hours after. The first po-
litical intervention occurs before the end of the event (arrest, incapacitation, or death of
the shooter) in only a handful of cases, with the median intervention occuring 114 min-

utes after the end of the event. The figure also shows that all political interventions occur

YNone of these accounts belongs to political commentators within traditional news media, who have
much fewer followers, or to personalities who could be described as political influencers, i.e., political
commentators who rose to notoriety mostly through their online commentary (e.g., Charlie Kirk and Scott
Presler). These political influencers were relatively marginal at the time of our study, only reaching 1 million
followers on Twitter at the end of our sampling period (March 2016-October 2022). They are therefore not
considered in our analysis.
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after the first intervention by a news media organizations® (90 minutes later, at the me-
dian), but politicians first intervene in the debate well before other influencers: there is
a 235 minutes median delay between the first tweet by a politician and the first tweet by

another influencer, with a very wide dispersion (interquartile range of 572 minutes).

Subsequent political interventions. Most events receive multiple political interventions,
averaging 10 interventions per event. Four debates receive a single political intervention,
and 42% have 4 or fewer political interventions (see Figure A.3 in Appendix). Only 18%
of the events receive 20 or more political interventions, with the maximum (35) reached
for the Pittsburgh synagogue shooting in 2018. The multiplicity of political interventions
raises the question of whether politicians strategically react to one another.

If politicians strategically monitored and responded to one other, we would expect
subsequent interventions to immediately follow the first one, and to display much re-
duced variability in their timing compared with the first intervention. Figure A.2b shows
that this is not the case. The interquartile range of the second, third, ..., and up to sixth
intervention is comparable to that of the first one, and is even larger for subsequent in-
terventions. There are also substantial delays between interventions, with the median
second intervention occurring 205 minutes after the onset of the debate (i.e., as much as

70 minutes after the median first intervention).

Event and debate characteristics and political interventions. Table 1 shows how the
timing of the first political intervention correlates with a broad set of characteristics of:
(i) the intervening politician, including: gender, party affiliation, follower count, and the
partisan and issue-polarized content of their tweet (Panel A); (ii) the event itself, includ-
ing: race of the shooter, location of the shooting, and number of casualties (Panel B); and
(iii) the public debate, including: volume of tweets, likes, retweets, and indicators of fol-
lower count of the twitter users engaged in the debate (Panel C). Columns 1 and 2 display
the mean and standard deviation of the timing of the first political intervention for differ-
ent values of each characteristic. Most important for our analysis, the results show that
the timing of the intervention is unrelated to the partisan or issue-polarized content of
the political intervention itself. Out of the 20 characteristics of the politician, event, and
debate, only one—the party affiliation of the politician—is associated with a statistically

significant difference in the timing of the intervention (as shown in Column 3).?!

20We use an approach similar to the approach used to select politicians” and celebrities” accounts to
identify 76 accounts of the most influential English-language news organizations covering U.S. events on
Twitter. Appendix B.4 Table B.8 contains the full list of media organizations accounts. This list includes,
e.g., @cnnbrk, @cnn, @nytimes, @FoxNews, and @Reuters.

Z'We also rule out the possibility that political interventions arrive systematically in response to tweets
by the NRA (National Rifle Association), which could themselves spur more polarized language. The NRA
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Table 1: Balance test on timing of political intervention

Dependent Variable (DV): Intervention Time

Mean of DV when:
Independent Variable (X) X=0 X=1 Difference
Panel A: Politician characteristics
Male 198.66 239.49 40.82
(152.35)  (276.25)  (59.49)
Republican 266.79 104.19  -162.61***
(264.60)  (74.63) (47.23)
SUPPLY: Partisanship 221.89 244.01 22.13
(255.97)  (180.97) (68.19)
SUPPLY: Issue polarization 204.45 291.22 86.77
(242.06)  (238.94) (75.75)
SUPPLY: Tribalism 251.15 194.61 -56.53
(301.21) (135.47) (62.73)
SUPPLY: Affective polarization 210.68 240.46 29.78
(301.25)  (174.92) (68.99)
Followers Count: High 240.91 192.92 -47 98

(273.72) (149.95)  (58.94)

Panel B: Event characteristics

Shooter race: White 222.52 210.50 -12.03
(204.52)  (269.3) (67.02)
Shooter race: Black 206.35 249.24 42.88
(247.19)  (223.76) (76.81)
Shooter race: Other 221.42 195.81 -25.61
(254.98)  (190.27) (69.34)
Shooting location: School 209.55 239.39 29.84
(172.52) (381.74)  (111.17)
Shooting location: Business 227.24 166.75 -60.49
(254.33)  (88.64) (48.71)
Shooting location: Community 226.68 162.20 -64.48
(251.72)  (86.89) (48.55)
Shooting deaths: High 237.93 201.88 -36.05
(277.39)  (148.77) (59.12)
Shooting length: Long 187.18 298.46 111.28

(232.66) (228.81) (85.52)
Panel C: Twitter characteristics before intervention

Tweets Volume: High 223.00 233.89 10.89
(266.43)  (174.94) (62.62)
Poster’s Followers: High 228.01 223.15 -4.86
(282.26) (164.63) (62.03)
Poster’s Followings: High 233.41 213.51 -19.90
(279.38)  (163.75)  (61.45)
Event’s Like Count: High 217.60 245.35 27.75
(267.64) (176.92) (62.6)
Event’s Retweet Count: High  228.39 222.82 -5.57

(285.16) (165.11)  (62.66)

The unit of observation is an event. Column 1 (respectively, 2) shows the mean
and standard deviation of the time (in minutes from the onset of the debate) of
the first political intervention when the variable in the corresponding row is equal
to 0 (respectively, 1). Column 3 displays the coefficients estimated from separate
OLS regressions (with robust standard errors) of the timing of the first political
intervention (dependent variable) on each row variable (independent variable).
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Table A.1 in Appendix conducts a similar analysis to explore whether the number of
political interventions depends on the politician, event, and debate characteristics. The
number of interventions covaries significantly with only four out of 20 characteristics.
There are substantially more interventions in the events with higher victim count, when
the shooter is not Black, and when the first politician to intervene is a male or Republican.
However, the partisan and issue-polarized content of the first political intervention, the
online popularity of the debate, and the follower count of the first politician to intervene
are uncorrelated with the number of subsequent interventions. In our empirical investi-
gation, event fixed effects will account for any heterogeneity in fixed politician-, event-, or
debate-level characteristics that are associated with differences in the timing or number
of political interventions.

Overall, the evidence so far suggests no systematic timing of political interventions
relative to one another, to key points in the event timeline, or to debate characteristics.
In Section 5, we use an event-study methodology to further show that political interven-
tions are also unrelated to immediate pre-trend changes in the characteristics of the online
debate. We first briefly describe the content of political interventions.

3.2 Rhetorical content of political interventions.

We characterize how political interventions differ rhetorically from interventions by ce-
lebrities, news media organizations, and regular users. The key finding is that political
interventions “supply” partisan worldviews. Column 1 of Table A.2 shows that the first
political intervention by a politician is 18 to 19 percentage points more likely to contain
partisan language compared to a tweet by a regular user prior to a political intervention
(the excluded category) or to the first intervention by a celebrity or a traditional news
media organization. These differences are all statistically significant at the 1% level. Re-
sults in Column 5, which consider all (not just first) interventions by politicians, celeb-
rities, and news media, show similar results both in terms of magnitude and statistical
significance. Columns 2 and 6 show that interventions by politicians are also more likely
to contain issue-polarized language compared to pre-treatment tweets by regular users
(by 16 percentage point when considering the first intervention or 24 percentage points
when considering all interventions). However, the difference in issue-polarized content
between politicians and celebrities or news media is insignificant for the first intervention
(as indicated at the bottom of the table).

Further results in Table A.3 confirm that partisan rhetoric is the hallmark of politicians’

has less than one million followers on Twitter and is known to avoid responding to mass shooting events
(Merod, 2016). In fact, in our dataset, the NRA intervenes only 18 times across 10 debates (out of 57).
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interventions. While political interventions also contain more tribal and affectively polar-
ized language” compared with tweets by regular users, these rhetorical patterns do not
distinguish politicians from celebrities or news media in a statistically significant way. As
for hate speech, first tweets by politicians are statistically undistinguishable from those of
regular users.

We can also dig within the dictionaries to further explain what characterize the par-
tisanship and issue-polarization of political interventions. Table A.4 reports the 15 dic-
tionary keywords most frequently used by regular users and compares their prevalence
across account types. Among these common terms, political interventions are particu-

larly characterized by a significantly greater use of the words “law”, “dem”, “republican”,

“gun violenc”, and “senat”.

4 Empirical strategy

The discussion and results in Section 3 underpin our strategy. To fix ideas, one way to
think of the process generating an intervention by a specific politician is as one that in-
cludes deterministic, stochastic, and idiosyncratic components. The start of a public de-
bate triggers a stochastic process that informs politicians of the event. While all politicians
eventually become informed, the exact time at which a politician becomes informed has a
stochastic component that depends on their individual and event-specific characteristics,
but also on unrelated variables such as their schedule of travels and business on the day
of the event. From the moment the politician becomes informed, they may, depending on
politician-event-specific characteristics, begin the process of formulating their interven-
tion. Once the politician has formulated an intervention, then a stochastic process pins
down the exact time when they or their staff are able to enact the intervention (post the
tweet). The exact delay between becoming informed and tweeting is therefore also in
part stochastic and varies across politicians and events.” The stochastic nature of these
delays is what generates the quasi-random nature of the timing of political interventions
we documented in Section 3 and allows us to study the effect of such interventions on the
public debate.

We conduct our analysis at the tweet-event level. We normalize time within each
public debate so that the onset of the public debate is time 0. Therefore, each tweet in a

debate is posted at a time ¢ from 0 to 7" (7 days later). Our objective is to estimate whether

22See Section 5.5 for details on these measures.

ZEven before socials, readers may recall the process that led President G.W. Bush to first become in-
formed, processing the information, and later choosing how to intervene in the immediate aftermath of the
terrorist attacks on September 11, 2001.
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a political intervention in a public debate changes the probabilities that subsequent tweets
in the same debate contain partisan or issue-polarized language. To do so, we begin by

estimating the effect of the first political intervention.
(u0)

i,e,t

For each tweet i posted at time ¢t € [0,7] in event ¢’s debate, we define D as a
dummy variable equal to 1 if and only if t € (u,v) (i.e., if the tweet is posted between

times v and v). Let p. be the time of the first political intervention in event e’s debate.

4.1 Two-way fixed effect specifications

Our baseline two-way fixed effect analysis estimates:
R D(pe,T) 0 t ) 1
yz,e,t ﬁ i,e,t + Te + t + C + Uz,e,t ( )

where y; ., measures the semantic content of tweet 7, with expressions of partisanship
and issue polarization as our primary outcomes, 7. is an event-specific fixed effect, 6,
denotes a set of 30-minutes intervals fixed effects, and ( captures the influence of time
trends, measured in continuous time since the onset of the event. In this specification,
the pre-intervention period (0, p.) is the excluded reference window. We address infer-
ence issues with the estimation of two-way fixed effect models (Borusyak et al., 2024;
De Chaisemartin and d"Haultfoeuille, 2020; Sun and Abraham, 2021) in Section 5.4.

The nature of the debate, including in terms of partisanship and issue polarization,
and the characteristics of the political intervention may vary across events, for example
depending on victim count, or location. Although, as we discussed, the timing of the in-
tervention does not systematically vary with event characteristics, we still include event-
specific fixed effects, n.. These fixed effects account for any unobserved heterogeneity in
event-specific debate or political interventions. The dispersion of tweet content may also
vary greatly across events. For this reason, we cluster standard errors by event.

Another immediate concern is that the nature of the public debate naturally changes
over time. These changes could stem both from a change in the nature of the debate
(for example, tweets may organically become more or less partisan as users are exposed
to more arguments) or from a compositional change among Twitter users, as different
people join or exit the debate as time goes by. For example, if more partisan users become
interested in the event as the debate gains traction, the debate may naturally become more
partisan over time. We account for these potential changes in the debate using intervals
of time-since-the-onset-of-the-debate fixed effects. In (1), 6; denotes a set of 30-minutes
intervals fixed effects from the start of the event. We consider alternative intervals of 15

or 60 minutes in robustness analyses. We also allow a linear time trend to account for
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continuous changes in the debate over time.

Because the volume of tweets varies over time, the dispersion of the error term may
also vary over time, which may affect the precision of our estimates. We therefore cluster
standard errors over the time intervals dimension, in addition to the event dimension.
These standard errors adjustments correct inference issues related to the serial correlation
of the error term v; ., within an event over time, and within intervals of time since debate
onset, across events.

In further robustness checks, we account for the fact that users posting immediately
after a political intervention may not have had time to read the intervention, or may have
formulated their tweet before the intervention and experienced a small delay in posting
it, so that the tweet appears in our dataset after the intervention but could not have been
affected by it. To account for this mis-classification risk, we include a separate dummy
D; ¢ +(pe, pe + €) for tweets posted immediately after the intervention and show that our
results are unaffected when including this dummy for either € equal 1 or 2 minutes.

A potential limitation of specification (1) is that, as noted in Section 2, political inter-
ventions arrive at different times between time 0 and T for different events. This implies
that the pre-intervention period, (0, p.), and the post-intervention period, (p.,1’), are het-
erogeneous across events, so that 3 averages across different time periods, which may
complicate the interpretation of the results.

To harmonize comparison windows, we estimate, for a, b, c > 0,

Yiet = aDOP0) 4 BlD(pe’peM) + 52D(pe+a’ps+c) + 53D(pe+c’T) + 1N+ 0+t +vier  (2)

7,e,t 2,e,t 1,e,t 1,e,t

D) captures all tweets from the onset of the debate until b6 minutes before the inter-

i,e,t
(Pe,peta (peta,pe+c)
i,e,t 7,e,t

captures all tweets between a and ¢ minutes after the intervention; and D

vention; D ) captures all tweets in the a minutes after the intervention; D

(pe+e,T
i,e,t

all tweets posted later than ¢ minutes after the intervention. The coefficients of interest,

) captures

p1 and 35, capture the changes in the partisan or issue-polarized content of tweets posted
in the a minutes after the intervention (short-term), and between minutes a and ¢ after
the intervention (medium-term), compared to the comparison window of length b before
the intervention. The coefficient 33, which captures this change later than ¢ minutes after
the intervention until 7" (long-term) is difficult to interpret because, as time goes on in the
debate, further interventions within the debate and other news events may influence the
rhetoric of the public debate. Based on the event-studies analysis of the dynamics of the
effect, we set a, b and ¢ to 60 minutes.

In the classical potential outcome framework, the assumption required to causally
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identify the effect of a political intervention is that, in the absence of a political interven-
tion at time p,, after controlling for the time elapsed since the onset of the debate, as well
as both time intervals since the onset of the debate and event fixed effects, the partisan
and issue-polarized content of the public debate would remain unchanged (Equation (1)),
or at least would remain unchanged between b minutes before the intervention and a + ¢
minutes after (Equation (2)). This assumption would be violated if politicians systemat-
ically timed their interventions in response to the changes in public debate we hope to
characterize. We address potential violations of the identification assumption in several
ways. First, the high-dimensional time fixed effects ensure that we are comparing tweets
posted after a political intervention (treated tweets) to tweets posted in a debate about a
similar event but in which a politician has not intervened (yet, or at all) within the same
(short) interval of time after the onset of the debate. The inclusion of event-specific time
trends in our robustness analysis further enables us to account for different linear dy-
namics in the nature of tweets across debates. Second, we have already discussed how
the timing of an intervention is uncorrelated with any of the debate characteristics, in-
cluding its prominence (volume of tweets, number of likes and retweets) or the profile of
users engaged in it. Moreover, we begin our analysis with an event-study analysis that
shows that there are no pre-trend differences in the partisan or issue-polarized content of

the debate, as well as in the volume of public debates, before a political intervention.

4.2 Event-Study specification

An event-study analysis offers several advantages over the two-way fixed effect approach
described thus far. First, it allows us to test for pre-trends in outcomes before a political
intervention. Second, it enables us to study how political interventions affect the public
debate over time, rather than averaging over the whole window from the time of the
intervention to either the whole post-intervention period or a, or a 4+ ¢ minutes later, and
to estimate precisely when the effect of a political intervention materializes (thereby also
motivating our choice of parameters a and c). To smooth out noise in daily observations,
we estimate parameters for 10-minutes bins, starting from 180 minutes before the political
intervention and ending 300 minutes after it. Therefore, the event-study specification

estimates (where time is expressed in minutes):

i,e,t

29
Yies = aDgi,ie—ISO) + Z »BTDEZ‘?:IO(T)’%HO(TH)) + Z BTD(peHoT,pEHO(TH)) 3)
7=0

+ BrDP O L 40, 4 Gt v
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As in (2), we include fixed effects for each 30-minutes interval from the onset of the
debate, event fixed effects, and a linear time trend. The omitted time bin includes all

tweets posted in the 10 minutes prior to the political intervention (i.e., in the interval
(pe - 10,]9@))-24

4.3 Marginal effects of political interventions

So far, we focused on estimating the effect of the first political intervention in the public
debate. Most public debates receive multiple interventions. Therefore, we estimate the

following equation to capture the marginal effect of subsequent political interventions:

t
Yiet = ’Yf(ZDl‘(?éft)) + N + 0r + (4 Vie - (4)

0
For each tweet i posted at time ¢, the treatment of interest is the sum of political interven-
tions that have occurred until ¢.*> We characterize f by including higher order polyno-
mials of the number of cumulative interventions and plotting the marginal effect of each

intervention.

5 Political interventions polarize public debates

We now show that political interventions increase the partisan and issue-polarized con-
tent of the public debate. The first political intervention has the largest effect, but subse-
quent interventions shape the debate further, albeit at a decreasing rate. We also discuss

the robustness of our results to alternative specifications, as well as additional results.

5.1 Event-study results

Figure 3 displays the estimates of 3,, 7 € {—12,...,24} in (3) for partisan (Panel (a)) and
issue-polarized (Panel (b)) language. The results show that the timing of the first political
intervention is unrelated to prior trends in the partisan or issue-polarized content of the
public debate. Yet, the probability that a tweet in the public debate contains partisan or

issue-polarized language significantly increases after the first political intervention.

2Borusyak et al. (2024) show that in some settings with staggered treatment where each unit is treated
only once, econometric models with unit and time fixed effects are unable to identify a unit-specific linear
trend. This happens in fully dynamic settings where all units are eventually treated. Our framework is
different because our estimation sample includes events that are never treated, in the sense that no politician
posts a tweet related to these events.

ZFor instance, suppose that a public debate receives two political interventions, one 60 minutes into the

debate, and the other 90 minutes into the debate. Then, the variable ZSDZ(?S’Z) takes value 0 for ¢t < 60, 1
between ¢ = 60 and ¢t = 90, and 2 for ¢ > 90.
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Figure 3: Event-study results

These figures plot OLS coefficients with 95% confidence intervals. The plotted coefficients are the 5 coefficients associated with each
10 minute window, described in Equation (3). The outcome variable is Partisanship in panel (a) and Issue Polarization in panel (b).

Standard errors are two-way clustered at the event level and at the level of 30 minutes time intervals since the onset of the debate.

The effect of the first political intervention on partisanship is immediate. The proba-
bility that a tweet contains partisan language is .25 percentage points higher in the 10-20

minutes window after the intervention, compared to before. The effect builds up, in-
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creasing to .54, .80, and 1.00 percentage points in the 30-40, 60-70, and 90-100 minutes
windows after the intervention. After 90 minutes, the effect remains stable, between .8
and 1.1 percentage points, and persists at this level in the following three and a half hours
(up to 210 minutes).

In comparison, the effect of the political intervention on issue polarization takes more
time to materialize but is persistent after that. The probability that a tweet contains issue-
polarized language is 2.18 percentage points higher in the 40-50 minutes window after the
intervention, compared to before, an effect that is statistically significant at the 5% level.
The effect increases steadily, to 3.72, 4.69, and 4.87 percentage points in, respectively, the
90-100, 120-130, and 210-220 minutes windows after the intervention and persists at this
level in the following hours.

5.2 Two-way fixed effects results

Main Results. Column 1 in the first panel of Table 2 displays the estimate of 5 from
Equation (1) for partisanship content of a tweet in the 7 days after the first political inter-
vention in the debate. The probability that a tweet contains partisan language increases
by .71 percentage points (significant at the 1% level), which represents an approximately
65% increase relative to the pre-intervention mean.

The second panel of Table 2 displays the estimates associated with Equation (2). The
probability that a tweet contains partisan language increases by 0.47 percentage points
(a 43% increase relative to the pre-intervention mean) in the first 60 minutes after the
first political intervention, compared to the 60 minutes before the intervention, and by
.96 percentage points (an 88% increase relative to the pre-intervention mean) in the 60-120
minutes after the intervention. Both coefficients are statistically significant at the 1% level.
The effect of a political intervention on partisanship is long-lasting: partisanship is 0.98
percentage points higher more than two hours after the political intervention relative to
60 minutes before.?

Column 2 displays the corresponding estimates for issue polarization. The proba-
bility that a tweet contains issue-polarized language increases by 2.43 percentage points
after the first political intervention, which is statistically significant at the 1% level and
amounts to a 31% increase relative to the pre-intervention mean (first panel). The second
panel confirms that, although the effect of political interventions on issue polarization is
slightly slower to materialize compared with partisanship, the probability that a tweet
contains issue-polarized language increases by 1.31 percentage points (a 17% increase

2The coefficients estimated from (1) and (2) are not directly comparable to one another because the
excluded comparison windows are different.
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Table 2: First political intervention, partisanship, and issue polarization

1 2)
VARIABLES Partisanship Issue polarization
Equation 1
POST-Intervention (5) 0.705%*** 2.434***
(0.200) (0.753)
Observations 4,747,621 4,747 621
R-squared 0.014 0.045
Time Trend Linear Linear
Equation 2
POST-Intervention < 1h (1) 0.465*** 1.313%**
(0.120) (0.383)
POST-Intervention 1 — 2h (82)  0.958*** 3.122%**
(0.303) (0.812)
POST-Intervention > 2h (53) 0.983*** 4.220%*+*
(0.361) (1.370)
Observations 4,747 621 4,747 621
R-squared 0.014 0.045
Time Trend Linear Linear
Mean DV 1.08 7.75

The unit of observation is a tweet. The dependent variable is equal to 100 (and

zero otherwise) if the tweet contains partisan language (column 1), or issue-
polarized language (column 2). Panel A shows the OLS estimates of 5 from
Equation (1). Panel B shows the OLS estimates of 31, 82, and 3 from Equa-
tion (2) with a = b = ¢ = 60. Regressions exclude the 909 tweets by politicians.
Standard errors are two-way clustered at the event level and at the level of 30
minutes time intervals since the onset of the debate. Robust standard errors in
parentheses. *** p<0.01, ** p<0.05, * p<0.1.

relative to the pre-intervention mean) in the first 60 minutes after the first political in-
tervention, compared to the 60 minutes before the intervention, and by 3.12 percentage
points (a 40% increase relative to the pre-intervention mean) in the 60-120 minutes after
the intervention. Both coefficients are statistically significant at the 1% level. The effect of
a political intervention on both partisanship and issue-polarization is long-lasting: parti-
sanship is 0.98 and issue-polarization is 4.23 percentage points higher two hours after the
political intervention relative to 60 minutes before.

Overall, these results align with the dynamics uncovered in the event-study figure: an
immediate, large, and persistent effect of a political intervention on partisanship, and a

slower, but equally persistent effect on issue polarization in the medium term.

Model-based Issue Polarization Results. To confirm that our issue-polarization results

are not an artifact of dictionary construction, we re-estimate our main specification using
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the model-based measure described in Supplementary Appendix B.3, which classifies
each tweet with a fine-tuned DeBERTa model trained on LLM annotations. The results
in Table A.5 show that our results are quantitatively and qualitatively similar using this
alternative measure. The probability that a tweet is classified as issue-polarized rises
by 2.14 percentage points after the first political intervention (column 1), a 24% increase
relative to the pre-intervention mean and close to the 2.43-point (31%) dictionary estimate
in Table 2. The dynamics also match: the effect is statistically indistinguishable from zero
in the first hour, reaches 3.02 points in the 60-120 minutes after the intervention, and
remains at 3.82 points thereafter.

Because the model-based measure additionally codes the ideological direction of each
tweet, we can separate left- from right-aligned issue polarization. Columns 2 and 3 of Ta-
ble A.5. Both rise significantly, by 1.14 points (+19%) and 0.86 points (+37%), respectively.
In other words, the increase in issue polarization is driven by both sides of the political

spectrum.

Which words and topics are most triggered by political interventions? In addition to
our two-way fixed-effects analysis of whole dictionaries, we conduct word-by-word ana-
logues for each term in each dictionary. This gives a clearer picture of which elements
of the dictionaries are most responding to political interventions. Appendix Table A.6
shows results for the top 10 most common words in each dictionary (before the first po-
litical intervention). The stand-out words are “law”, “gun control”, and “gun violenc”.
Their frequency in tweets by all users increases by 65%, 108%, and 55% after the first
political intervention. Yet, the response is not confined to law or gun-related language:
among the top 10 words in the two dictionaries, the frequencies of “gop”, “lib”, and “busi
owner” rise by 14%, 40%, and 433%, respectively, pointing to a broader polarizing effect
of political interventions, beyond gun policy.

We complement this word-level analysis with the model-based classifier, which as-
signs every tweet both an issue-polarization score and one of ten issue domains. Two
patterns emerge (Appendix Table A.7 and Table A.8). On the extensive margin, inter-
ventions shift the conversation toward gun policy: the share of tweets engaging no issue
domain falls by 3.71 points, while the share about gun law rises by 3.85 points (signif-
icant at the 1% level); no other domain moves significantly. Yet, on the intensive mar-
gin, the picture is different. Conditional on the domain being discussed, gun-law tweets
become less issue-polarized after an intervention, whereas discussions of terrorism, the
media, and race become more polarized. Together with our results characterizing politi-
cal interventions (Section 3.2), these findings suggest that the partisan content of political

interventions may translate into a broader politicization of how other users discuss mass-
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Table 3: Number of political interventions, partisanship, and issue polarization

1) (2) ®) 4) ©) (6)

VARIABLES Partisanship Issue polarization
# Interventions 0.108*** 0.802%**

(0.031) (0.184)
# Interventions Squared -0.004*** -0.014**

(0.001) (0.005)
Log(# Interventions) 0.245*  0.055*** 3.989***  (0.220***

(0.142)  (0.018) (0.539)  (0.058)

Observations 4,747,621 4,747,621 4,747,621 4,747,621 4,747,621 4,747,621
R-squared 0.014 0.014 0.014 0.046 0.046 0.045
Weights None None Followers None None Followers

The unit of observation is a tweet. The dependent variable is equal to 100 (and zero otherwise) if the tweet
contains partisan language (Columns 1 to 3), or issue-polarized language (Columns 4 to 6). The table shows the
OLS estimates of 3 from Equation (4) for different functional forms of . Regressions exclude the 909 tweets by
politicians. Standard errors are two-way clustered at the event level and at the level of 30 minutes time intervals
since the onset of the debate. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

shooting events. We return to this idea in Section 6, where we examine how political

interventions polarize public debates.

5.3 Marginal effects of political interventions

Table 3 displays the estimates of v from Equation (4) for different specifications of f. In
Columns 1 and 4, we estimate a quadratic relationship between the number of political
interventions and our outcomes of interest. The estimated coefficients show that more
political interventions have a larger polarizing effect on the public debate, but at a de-
creasing rate.

Appendix Figure A.4 plots the marginal effects of an OLS estimation of partisan or
issue-polarized content of a tweet posted at time ¢ as a quartic function of the number
of political interventions that have occurred until ¢. The first few interventions have the
strongest impact on the probability that the tweet contains partisan (Panel a) or issue-
polarized (Panel b) language. The marginal effect of an additional intervention by a
politician becomes statistically indistinguishable from zero after the 7th intervention for
partisanship and the 19th intervention for issue polarization.

Given the non-linear relationship between debate polarization and the number of in-
terventions, we specify f as a logarithmic function for ease of interpretation. Estimates
in Columns 2 and 5 of Table 3 suggest that a 100% increase in the number of interven-
tions (doubling the interventions) increases partisanship by 0.25 percentage points and
issue-polarized content by 3.99 percentage points.

To address the possibility that the popularity of intervening politicians on social me-
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dia may amplify their polarizing effects, we also estimate a weighted version of (4), in
which we weigh the number of interventions by the cumulative number of followers of
the politicians that have intervened until time ¢.* The results, shown in Column 3 for

partisanship and Column 6 for issue polarization, are consistent with preceding results.

5.4 Robustness

Recent literature on staggered DID highlights potential issues with the two-way fixed
effects estimator stemming from the fact that the estimated parameter is a weighted
average of each treatment (in our context, each first political intervention) where the
weights may be negative. We follow the recommended diagnostic by De Chaisemartin
and d’Haultfoeuille (2020) and compute the weights associated with each treatment.?®
Figure A.5 shows that there is little variation in the weights and that only a handful (less
than 10%) is negative. We also address possible inference issues related to the simulta-
neous inclusion of time trends and event-fixed effects in the event study (Borusyak et al.,
2024). Appendix Figure A.6 shows that the results are unchanged when we exclude the
time trend from Equation (3). Finally, we apply the method proposed by Sun and Abra-
ham (2021) to estimate the treatment effect for each event individually. For partisanship,
the mean and median treatment effects are 1.00 and 0.72, respectively. For tribalism, the
mean and median treatment effects are 2.47 and 1.75. This shows that the median and
average of individual treatment effects are very similar to the main estimates obtained
using the two-way fixed effect methodology, suggesting little heterogeneity in treatment
effects.

We implement sensitivity analyses to potential violations of the parallel trends as-
sumption. The canonical concern here is that unit-specific time shocks may affect the
outcome even in the absence of the treatment. In our setting, since treatment occurs at
different moments in calendar time, unobserved time shocks that may systematically af-
fect treated and untreated events differently (related, e.g., to the news of the day) are
not of concern. A concern would arise in our setting if interventions always occurred at
the same time (since the onset of the event), which may systematically coincide with key
junctures in the debate that may systematically affect outcomes. We have discussed in
Section 3 that this is not the case. We still implement the sensitivity analysis suggested
by Roth (2022) and Rambachan and Roth (2023). The results, displayed in Appendix Fig-

¥ For instance, suppose there is an event with only two interventions, with the first intervention occur-
ring at ¢ = 60 and the second at ¢ = 90. Suppose the politician who intervenes first has 1.2 million followers,
while the second politician has 3.4 million followers; then our main independent variable takes value 0 for
t < 60,1.2 x 10° for 60 < t < 90, and 4.6 x 10° for ¢ > 90.

BWe collapse our data into 30-minute windows for estimation and concentrate on the short- and
medium-term effects.
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ure A.7, show that the post-treatment violation of parallel trends should be more than
1.0 to 1.5 times the maximum pre-treatment violation in order to explain away our results.
Given the granularity and high dimensionality of the data used to estimate the trends,
based on tweets in real time, such large deviations seem unlikely.

To ensure that Equations (1) and (2) are capturing the effect of political interventions
rather than artifacts generated by the specification, Figure A.8 displays the results of per-
mutation inference tests (based on 1,000 replications) in which we randomly assign the
timing of political interventions across events. We consider different restrictions in the
timing of political interventions, to occur either at any time in the post period (left panel),
to mirror our estimate in Equation (1)), or during the time intervals considered in Equa-
tion (2) (middle and right panels). The results consistently show that our effect sizes are
well outside the range of estimated effects from these placebo treatments. We also note
that the randomization inference results are not always centered around 0 because the
sample consists of a higher proportion of post-treatment observations relative to the pre-
treatment sample (the post-treatment sample is 93.2% of the overall sample).”

We implement a series of additional robustness checks. First, we check that our results
are unchanged when we correct for potential missclassification of tweets posted imme-
diately after the first political intervention. To do so, we control separately for tweets
posted within a one- or two-minute post-intervention buffer. The results are unchanged
(Appendix Table A.9). Second, we allow the time trend since onset of the debate to vary
across events by adding an event-specific time trend to our estimation. Results, displayed
in Appendix Table A.10, are robust. Third, we show that our results are insensitive to
varying the definition of the time dimension of the fixed effects by considering shorter (15
minutes) or longer (60 minutes) time intervals since the onset of the debate (Table A.11).
Fourth, we show in Appendix Table A.12 that our results are robust when we change the
set of politicians considered in the analysis. We augment our sample to include all the
(first) interventions by any politician with at least 500,000 (Columns 1 and 2) or 200,000
(Columns 3 and 4) followers. Our two-way fixed effects estimates are consistent with our
baseline results, suggesting that our results are not due to selective inclusion of specific
politicians in our analysis set. Last, we explore the sensitivity of our results to any event
in particular. Figure A.9 in Appendix displays estimates of 3, 3;, and 3, in a series of
estimations of Equation (1) and (2) when we exclude one event at a time. The coefficients

are stable and similar to our main estimates across all specifications.

»This means that we over-sample from the post-treatment sample in randomized inference, thus result-
ing in our estimates being centered around a small positive number (0.06 for partisanship for estimates of
B1, and 0.10 and 0.05 for partisanship and issue-polarization estimates of 3; 3 is centered around 0).
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Finally, one possible concern with our identification is that our estimates could instead
capture the effect of news shock, such as important new information released by news,
that are released immediately before (and perhaps cause) political interventions. Three
results speak against this. First, we observe no spike in news activity just before (or sur-
rounding) the first political intervention and event studies following Equation (3) show
no discontinuity in the share of debate tweets posted by news media around the first po-
litical intervention (Appendix Figure A.10). Second, news media tweets posted in the 30
minutes before the intervention are no more likely than those posted before placebo in-
tervention times to report deaths, information on the victims, the shooter’s identity, age,
or race, the weapon, or the shooter’s motive (Appendix Figure A.11). Third, our esti-
mates are virtually unchanged when we control for recent news media activity or drop
news media tweets from the sample (e.g., 51 = 0.458 and 0.464 vs. 0.465 for partisanship;
Appendix Table A.13).

5.5 Additional Results

Volume of Tweets. We estimate our event-study specification with the volume of tweets
in each 10-min window as the dependent variable. The results, displayed in Figure 4,
show the absence of any pre-trend in the volume of the debate prior to a political inter-
vention, lending further credence to the main identifying assumption that politicians do
not systematically time their intervention in response to immediate changes in the debate.
The results also shows that the volume of tweets does not change after a political inter-
vention, suggesting that political interventions do not radically change the online debate
beyond its partisan and issue-polarized content.

Long-term effects. The results are consistent in event studies that consider a longer time
horizon of 15 hours after the intervention. These results are displayed in Appendix Fig-
ure A.12, with one-hour bins to ease visualization. Partisanship increases steadily after
the first political intervention, stabilizes after 4 hours, and remains significant in the long
run. Issue polarization only materializes one to two hours after the intervention, increases
rapidly in the first 4 hours, increases more slowly in the 4-10 hours after the intervention,
and stabilizes after that.

Political interventions and online animosity. We also explore whether political inter-
ventions generate more tribal and hateful speech. We measure tribalism by whether the
tweet contains words from the dictionary of 52 words expressing loyalty and betrayal, as
defined by the Moral Foundations Dictionary created by Graham et al. (2009) and used
by, e.g., Enke (2020) (the complete list is in Supplementary Appendix B.2.2). Expressions
of loyalty and betrayal capture “people’s emphasis on being loyal to the in-group” (e.g.,
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Figure 4: First Political Intervention and Volume of Tweets
The figure plots the OLS coefficients with 95% confidence intervals. The plotted coefficients are the 8 coefficients described in
Equation (3). The dependent variable is the number of tweets posted in each 10 minute window. Standard errors are two-way

clustered at the event level and at the level of 30 minutes time intervals since the onset of the debate.

family or political party) (Enke, 2020) and are “related to our long history as tribal crea-
tures”.> They are not specific to any political party and not predictive of partisan identity
(Koleva et al., 2012). Expressions of loyalty and betrayal have been linked to the contem-
porary American “culture wars” (Enke, 2020; Graham et al., 2009; Haidt and Graham,
2007; Koleva et al., 2012).

We measure affective polarization by whether the tweet contains words from the dic-
tionary of 86 words in Simchon et al. (2022)’s affective polarization dictionary. This dictio-
nary is devised to isolate words that capture negative moral-emotional words. In contrast
to the issue polarization dictionary (also from Simchon et al. (2022) and described in Sec-
tion 2.4), this dictionary reflects the “dislike, distrust, and general animosity of political
partisans”.

We measure hate speech by whether the tweet contains words from the dictionary of
3828 terms expressing hate speech and white nationalist rhetoric from Siegel et al. (2021).
This dictionary contains hostile expressions directed towards an outgroup. It includes
race-specific, homophobic, and misogynistic hate speech, and terms praising or associ-
ated with white nationalist groups.

We report in Appendix Table A.14 and Figure A.13 our estimations of (1)-(3) when
the independent variables are the measures of tribalism, affective polarization, or hate

30See https://moralfoundations.org (retrieved December 9, 2023).
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speech. We observe a slow increase in tribal language as a result of the first political in-
tervention, which is statistically significant in the second hour after the intervention (3.20
percentage points, 1-2h window); the average effect over the whole post-intervention pe-

riod is positive but not statistically significant.?!

However, the online debate surrounding
mass shootings does not seem to become more affectively polarized or hateful after a
political intervention.

We now explore mechanisms that explain why political interventions generate in-
creases in partisanship and issue polarization, but not in affective polarization and hate
speech. As we show in the next section, the key mechanism relies in the nature of the

rhetoric used by politicians.

6 How political interventions polarize public debates

This section investigates the mechanisms through which political interventions shape
public debates. We start by establishing the singular effect of political interventions, com-
pared with interventions by other public figures. We then show how political interven-
tions systematically differ in their rhetoric and show how this explains our results. Last,
we show that our results are mostly due to newcomers to the debate, rather than a change
in the expression of users already engaged in the debate or a change in the composition
of users.

6.1 Interventions by personalities who are not politicians do not polar-
ize public debates

The effects of political interventions we have documented so far may simply be due to
the salience, centrality, and popularity of politicians online. Politicians are focal users
with large follower counts and broad reach (Alatas et al., 2024; Bakshy et al., 2011), and
their followers are more likely to consume and diffuse their messaging (Anger and Kittl,
2011). Given ideological segregation over news consumption on the internet (see, e.g.,
Guess et al., 2023; Levy and Razin, 2019; Levy, 2021), the effects we observe following
a political intervention may not be due to the political intervention in itself, but to the
news diffusion and amplification that an intervention by a focal user entails. Another
possibility is that politicians are divisive by their very nature, so that their interventions

naturally divide users across camps.

31The probability that a tweet contains tribal language is 1.59 percentage points higher in the 30-40
minutes window after the intervention, compared to before, an effect that is statistically significant at the
5% level. The effect increases steadily, to 2.61, 4.25, and 4.79 percentage points in, respectively, the 60-70,
90-100, and 120-130 minutes windows after the intervention.
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Table 4: Interventions by celebrities, partisanship and issue polarization

1 2)
VARIABLES Partisanship Issue polarization
Equation 1
POST-CELEBRITY (53) -0.144 0.616
(0.231) (1.069)
Observations 4,748,501 4,748,501
R-squared 0.014 0.045
Time Trend Linear Linear
Equation 2
POST-CELEBRITY < 1h (1) 0.166 0.316
(0.223) (0.732)
POST-CELEBRITY 1 — 2h (35) -0.161 0.272
(0.242) (0.922)
POST-CELEBRITY > 2h (33) -0.177 0.684
(0.250) (1.262)
Observations 4,748,501 4,748,501
R-squared 0.014 0.045
Time Trend Linear Linear
Mean DV 1.08 7.75

The unit of observation is a tweet. The dependent variable is equal to 100 (and
zero otherwise) if the tweet contains partisan language (Column 1), or issue po-
larization (Column 2). The Table shows the OLS estimates of g from Equation
(1) for interventions by celebrities (non-political influencers) in the debate. Re-
gressions use all tweets not posted by celebrities; politicians’ tweets remain in
this sample. Panel A shows the results of 5 from OLS estimation of Equation (1).
Panel B shows the results of 31, 82, and 83 from OLS estimation of Equation (2)
with a = b = ¢ = 60. Standard errors are two-way clustered at the event level
and at the level of 30 minutes time intervals since the onset of the debate. Robust
standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

To investigate these possibilities, we perform the same analysis for similarly salient,
central, public, and, sometimes, divisive, figures, but who are not politicians. We select
these influencers through a selection procedure as close as possible to the one used for
politicians (see Section 2.5). These “celebrities” intervene in 19% of the debates. They
tend to have many more followers than politicians. For example, the 60th member in this
list by number of followers (singer songwriter Shawn Mendes) has more than 26 million
followers. The analysis on this set of such prominent influencers therefore may provide
an upper bound estimate of the effect due to news amplification. Many of the included
celebrities, such as Kanye West, Kim Kardashian, or Ellen Degeneres, are controversial
and divisive figures, perhaps even more so than some of the politicians included in our

list. The estimates should thus also capture effects due to divisiveness.
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We estimate Equations (1)—(3) by considering p. as the timing of the first interven-
tion by a celebrity. Figure A.14 shows the estimates of the event-study specification. The
overall net effects in the post-intervention period are undistinguishable from zero, both
for partisanship and issue-polarization, as confirmed by the two-way fixed effects results
displayed in Table 4. The event-study results show that the levels of partisanship and
issue-polarization in the debate remain stable after an intervention by a celebrity. Ap-
pendix Table A.15 further shows that, unlike political interventions, interventions by ce-
lebrities reduce tribalism overall and in the long run, while they do not consistently shape
hate speech. Celebrity interventions also reduce affective polarization overall and in the

long run; the medium-term (1-2h) estimate is negative but not statistically significant.

6.2 Political supply of partisan rhetoric polarizes public debates

We now show that politicians polarize the public debate because they supply a rhetoric
that casts news events through a partisan lens. In particular, we describe how partisan po-
litical interventions have a disproportionately polarizing effect. To show this, we modify
Equation (1) to estimate the polarizing effects of interventions with and without partisan

or issue-polarizing rhetoric. We estimate:

Yier = Bs ST 4+ Bys NS 4o 4 0, + Ct + vie (5)

S(NvM)

1,e,t

where VM) (respectively N

1,e,t

ical intervention is of type S (respectively, not of type S), where S measures whether

) takes value 1 between times N and M if the polit-

the tweet contains a given rhetoric. We systematically report statistical tests of the dif-
ference between coefficients 35 and Byg to capture how the supply of partisanship and
issue polarization shapes the public debate. Here, since the language of the tweet may be
endogenous, the results are mostly descriptive.

The first panel of Table 5 displays the estimation results (we show in Table A.16 the es-
timation results of a specification for different post-treatment estimation windows, closer
in spirit to Equation 2). Column 1 shows that political interventions that supply partisan-
ship are associated with a 1.46 percentage points increase in the debate’s partisan content
after the intervention. Political interventions that do not supply partisan language are
also followed by a statistically significant, but smaller, increase of 0.60 percentage points.
The difference between the two coefficients (0.86 percentage points) is statistically signif-
icant at the 10% level, as shown in the bottom of the panel. Column 2 shows that political

interventions that supply partisan language are also associated with a large and statis-
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Table 5: Politicians’ rhetoric and characteristics and partisanship and issue polarization of the public debate

) @) ®) )
VARIABLES Partisanship Issue polarization Partisanship Issue polarization
SUPPLY=0 * POST-Intervention =~ 0.599*** 2.012* 0.681*** 2.644*
(0.216) (0.855) (0.236) (0.905)
SUPPLY=1 * POST-Intervention =~ 1.458*** 5.431** 0.792 1.703
(0.435) (1.595) (0.530) (1.655)
Observations 4,747,621 4,747,621 4,747,621 4,747,621
R-squared 0.014 0.045 0.014 0.045
Supply Partisanship Issue polarization
Difference 0.859* 3.419* 0.112 -0.942
SE (0.499) (1.919) (0.614) (2.061)
Type=0 * POST-Intervention 0.592** 1.396 0.665** 2.444*
(0.231) (0.855) (0.285) (1.425)
Type=1 * POST-Intervention 1.093*** 5.972%** 0.720%** 2.431*
(0.253) (1.584) (0.250) (0.906)
Observations 4,747,621 4,747,621 4,747,621 4,747,621
R-squared 0.014 0.045 0.014 0.045
Supply Republican Male
Difference 0.502* 4.576%** 0.055 -0.014
SE (0.291) (1.807) (0.377) (1.722)

The unit of observation is a tweet. The dependent variable is equal to 100 (and zero otherwise) if the tweet contains partisan
language (columns 1 and 3), or issue-polarizing language (columns 2 and 4). Panel A shows the results of 3s and 8y s from
OLS estimation of Equation 5. In columns 1 and 2 of the top panel, S captures whether the political intervention contains
partisan language. In columns 3 and 4 of the top panel, S captures whether the political intervention contains issue-polarizing
language. In columns 1 and 2 of the bottom panel, S captures whether the political intervention is from a Republican. In
columns 3 and 4 of the bottom panel, S captures whether the political intervention is from a male politician. Standard errors
are two-way clustered at the event level and at the level of 30 minutes time intervals since the onset of the debate. Robust
standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

tically significant 5.43 percentage points increase in the issue-polarized content of public
debate, compared with a 2.01 percentage point increase for non-partisan interventions, a
difference (3.42 percentage points) that is also statistically significant at the 10% level. By
contrast, as shown in Columns 3 and 4, the debate is no more partisan or issue-polarized
after interventions that supply issue-polarized language than after interventions that do
not: the differences between the two coefficients (0.11 and —0.94 percentage points) are
small and statistically insignificant. Overall, this evidence suggests that the supply of par-
tisan rhetoric—the unique language of politicians—is key in politicizing online debates
through both a partisan and polarized lens.

We investigate the role of politicians’ characteristics in the bottom panel of Table 5
(see Table A.17 for the estimation results of a specification with different post-treatment
estimation windows). Interventions by Republican politicians are followed by larger in-
creases in both partisan and issue-polarized language in the public debate (columns 1
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and 2). The gap is small for partisan phrases (0.50 percentage points, significant at the
10% level) and large for issue-polarized language: the increase is 5.97 percentage points
after a Republican intervention, compared with a statistically insignificant 1.40 after a
Democratic one (a difference of 4.58 percentage points). Nevertheless, this is not because
Republican politicians are more likely than Democrats to be the first to intervene in a de-
bate, nor because they are more likely to use partisan rhetoric compared to Democratic
politicians. In fact, Table A.2 shows that Republican politicians are significantly less likely
to supply partisan rhetoric compared with Democrats. Instead, the difference is explained
by differential effects on Democratic- and Republican-leaning partisan phrases, as shown
in Appendix Table A.18 and Table A.19. First interventions by a Republican politician
lead to an increase in both Democratic- and Republican-leaning partisan phrases, while
first interventions by a Democrat only lead to a change in Democratic-leaning partisan
phrases. Unlike the results by political affiliation, Columns 3 and 4 in the bottom panel of
Table 5 show no statistically significant differences by politicians” gender (the differences
are 0.06 and —0.01 percentage points).

6.3 Who is polarized by political interventions?

Finally, we investigate which users are most involved in the online polarization of the
debate after a political intervention. First, we study whether political interventions dif-
ferentially affects users who are already politicized. Second, we study whether political
interventions primarily affects users who are already engaged in the debate prior to the
intervention (perhaps highly informed users who follow news events more closely) or,
instead, newcomers to the debate: users who first tweet about the event after the inter-
vention. To do so, we estimate Equation (5) where Si(,];f’tM) takes value 1 between times N
and M if the tweet originates from a “politicized user”, which we define as a user who
uses political (partisan) identity terms in their profile description.** To distinguish be-

tween users already engaged in the debate and newcomers, we also estimate a version of
(N, M)
Si,e,t

ready tweeted about the debate before the political intervention, and N Si(’]e\f’tM) takes value

Equation (5) where takes value 1 if the tweet originates from a user who had al-
1 between times N and M if the tweet is from a newcomer to the debate.

Estimation results, displayed in Table A.20, show that political interventions only
shape partisanship and issue polarization among newcomers to the debate.”> While the

effects are stronger for already politicized users, particularly for issue-polarization, non-

32The list of political identity terms consists of terms such as Democrat, Republican, MAGA, socialist.
See Appendix B.4.1

3Returning users and politicized users contribute 16.2% and 11.2% of the tweets in our sample, respec-
tively.
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politicized users also adopt a more partisan and issue polarized rhetoric after a political
intervention. One possible interpretation of this result would be that political interven-
tions “attract” users to the debate, or that they disproportionately attract more politicized
users. Yet, we do not find that political interventions are associated with an increase in
the volume of tweets overall (Figure 4) or among politicized or non-politicized users sep-
arately (Appendix Figure A.15), nor with an increase in the share of tweets by politicized
users (Figure A.16).

Therefore, our results are consistent with the idea that the supply of partisan rhetoric
by politicians places mass-shooting events under a polarized lens that steers the view and
polarizes users who join the debate after the intervention, with a particularly large effect
for those who have already formed a political allegiance to one of the parties.

7 Conclusion

One of democracy’s objectives and virtues, as famously discussed by Madison (The Fed-
eralist Papers, 10), is to limit unhinged political polarization—the “violence of faction”—
by funneling ideological conflicts through institutionalized peaceful debates. Today as in
the past, rising political polarization poses a threat to democratic institutions. This paper
documents that the polarization of the American political debate is, at least partly, the
result of a top-down mechanism, whereby political leaders (whether intentionally or ac-
cidentally) poison the public debate. We show this within the context of conversations on
social media regarding an important class of salient policy-relevant events: mass shoot-
ings. Our results point to a systematic pattern in which politicians, by casting a partisan
lens on these events, reshape online discussions towards partisan, issue-polarized, and,
eventually, tribal terms.

Our contribution does not necessarily imply that politicians add fuel to the fire of po-
larization on every topic and for all events. Some topics are likely to become ground of
polarized and heated debates without the need for politicians. Others may never become
so. Yet, at least for one famously polarized and recurrent topic in the American public de-
bate, politicians play a unique role in politicizing and polarizing the debate along partisan
political lines.

Many commentators have speculated that mass political polarization in America is
the result of (or even engineered by) choices made by political leaders, and our results are
consistent with the view that elite polarization precedes mass polarization (e.g., Bueno de
Mesquita and Dziuda, 2023; Callander and Carbajal, 2022; Canen et al., 2026; Handan-
Nader et al., 2026; Phillips et al., 2024). While our data cannot shed light on the extent
to which political leaders intentionally engineer political polarization, we provide direct
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evidence that their communication efforts cause greater polarization. We speculate that
our results are particularly evident in the context of social media precisely because social
media facilitate and accelerate top-down mechanisms of polarization, by enabling direct
and frequent contact between politicians and citizens. Thus, through this channel, the
rise of social media may have naturally coincided with an increase in mass polarization.
Normatively, our results also refocus attention from bottom-up causes of polarization
(echo-chambers, misinformation, or the flattening of the informational environment) to

the role played by elites, and in particular political elites.
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A Appendix: Additional Results and Robustness

A.1 Characteristics of political interventions
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Figure A.1: Distribution of tweets and the timing of political interventions
These figures plot the distribution of tweets in each 10 minute bin from the onset of the debate. The y-axis plots the percentage of
tweets that occur in each 10 minute bin. The x-axis plots the time from the onset of the debate (in hours). In panel (a) the figure
zooms in the first 24 hours from the onset of the debate. In panel (b) the figure shows the distribution of tweets for the entire debate,
the first 7 days after the onset of the debate. In each panel, the solid vertical line indicates the median intervention time by a

politician, while the dashed line indicates the average intervention time by a politician.
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(b) Timing of subsequent interventions

Figure A.2: Timing of political interventions
These figures present box plots of the timing of political interventions. Panel (a) plots the 25th percentile, median, 75th percentile, and
1.5 times the inter-quartile range (boxplot) of the timing of the first intervention w.r.t. five key temporal reference points of an event:
the onset of the public debate, the start of the mass shooting event, the end of the mass shooting event (arrest, incapacitation, or
death of the shooter), and the first intervention in the public debate by a celebrity. Panel (b) displays a boxplot showing the timing of

the first ten political interventions relative to the onset of the public debate. All timing variables are winsorized at the 95th percentile.

ii



Percent
30 40
1

20

10

10 15 20 25 30
Number of Interventions

Figure A.3: Number of political interventions

The figure shows the distribution (histogram) of the number of political interventions in a public debate.
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Table A.1: Number of political interventions

Dependent Variable (DV): Number of Interventions

Mean of DV when:
Independent Variable (X) X=0 X=1 Difference
Panel A: Politician characteristics
Male 6.88 13.06 6.17%**
(5.00) (1121)  (2.25)
Republican 8.59 18.38 9.79%**
(8.48) (10.97) (3.28)
SUPPLY: Partisanship 11.74 8.10 -3.64
(10.53) (7.13) (2.73)
SUPPLY: Issue polarization 9.97 14.23 4.26
(8.69) (13.12) (3.83)
SUPPLY: Tribalism 10.83 11.30 0.48
(9.92) (10.35) (2.83)
SUPPLY: Affective polarization 9.96 12.04 2.08
(8.55) (11.27) (2.76)
Followers Count: High 10.53 12.19 1.66
(10.7) (8.46) (2.75)
Panel B: Event characteristics
Shooter race: White 9.18 13.04 3.85
(8.33) (11.14) (2.75)
Shooter race: Black 12.64 6.73 -5.91**
(10.83) (4.82) (2.25)
Shooter race: Other 11.26 11.64 0.38
(10.12) (10.45) (3.47)
Shooting location: School 11.54 10.17 -1.37
(9.93) (10.73) (3.42)
Shooting location: Business 10.21 15.89 5.67
(9.65) (11.01) (3.83)
Shooting location: Community 11.02 12.25 1.23
(9.83) (11.72) (4.23)
Shooting deaths: High 6.54 20.29 13.75%**
(6.18) (10.16) (2.65)
Shooting length: Long 11.24 12.88 1.63
(10.42) (8.9) (3.43)
Panel C: Twitter characteristics before intervention
Tweets Volume: High 11.05 11 -0.05
(9.99) (10.41) (3.12)
Posters” Followers: High 10.66 11.65 0.99
(10.42) (9.55) (2.82)
Posters” Followings: High 9.79 13.21 3.42
(9.42) (10.89) (2.98)
Event’s Like Count: High 9.94 13.5 3.56
9.4) (11.18) (3.18)
Event’s Retweet Count: High  10.42 11.95 1.53
(9.33) (11.12) (2.94)

The unit of observation is an event. Column 1 (respectively, 2) shows the mean and standard
deviation of the number of political interventions when the variable in the corresponding row
is equal to 0 (respectively, 1). Column 3 displays the coefficients estimated from separate OLS
regressions (with robust standard errors) of the number of political interventions (dependent
variable) on each row variable (independent variable). *** p<0.01, ** p<0.05, * p<0.1.
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Table A.4: Most frequent dictionary keywords, by account type

Tweets containing keyword (%)

Keyword  Dictionary Regular Politicians Celebrities NeV\'rs

users media
law Issue polarization ~ 3.444  10.121" 3.448 3.8247
dem Issue polarization 3.341 10.341° 3.448 2.557~
nra Issue polarization 2.360 2.750 0.000 0.830~
polit Issue polarization 2.298 0.770~ 0.000 1.053~
gun control Issue polarization 1.913 0.880~ 0.000 1.675~
guncontrol Issue polarization 1.625 0.220~ 3.448 0.024~
gop Issue polarization 1.607 1.430 0.000 0.779~
repub Issue polarization 1.299 2.090 0.000 0.718~
republican  Issue polarization 1.233 2.090* 0.000 0.712~
democrat  Issue polarization 1.165 0.880 0.000 0.872~
gun violenc Partisanship 1.048 18.592F 3.448  0.969
senat Issue polarization 0.934 5.831" 0.000 0.809~
lib Issue polarization 0.874 0.880 0.000 0.248~
social Issue polarization 0.797 0.220 3.448  0.857
hate crime  Partisanship 0.783 1.210 0.000 0.999*

Notes: Entries are percentages of tweets in each group containing the keyword;

a tweet contributes at most once to a keyword’s frequency. The table reports

the 15 keywords with the highest frequency among regular-user tweets. Regular

users exclude politicians, celebrities, and news media. Group sizes are 4,714,463

regular-user tweets, 909 politician tweets, 29 celebrity tweets, and 33,129 news-

media tweets. Relative to regular users, * () denotes a significantly higher (lower)

frequency at the 5% level, based on a two-sided Fisher exact test. Tests are unad-

justed for multiple comparisons.

vii



A.2 Alternative measurement and content of the public debate

Table A.5: First political intervention and model-based issue polarization

1) (2) 3)
Issue polarization Left issue polarized Right issue polarized

VARIABLES (model-based) (model-based) (model-based)
Equation 1
POST-Intervention (/) 2.139%** 1.139* 0.863*

(1.045) (0.650) (0.515)
Observations 4,747 621 4,747 621 4,747 621
R-squared 0.094 0.079 0.027
Time Trend Linear Linear Linear
Equation 2
POST-Intervention < 1A (5;) 0.981 0.331 0.584*

(0.644) (0.461) (0.292)
POST-Intervention 1 — 2h (/35) 3.021** 1.694** 1.142**

(1.175) (0.773) (0.526)
POST-Intervention > 2h (33) 3.818* 2.372* 1.199

(1.981) (1.239) (1.093)
Observations 4,747 621 4,747 621 4,747 621
R-squared 0.094 0.079 0.027
Time Trend Linear Linear Linear
Mean DV 8.97 5.92 2.34

The unit of observation is a tweet. The dependent variable is equal to 100 (and zero otherwise) if the fine-tuned DeBERTa classifier
codes the tweet as issue-polarized (Column 1), US left/liberal-aligned issue-polarized (Column 2), or US right/conservative-aligned issue-
polarized (Column 3); see Appendix B.3 for the construction of the measure. Panel A (‘Equation 1”) shows the OLS estimate of 3 from
Equation (1). Panel B ("Equation 2”) shows the OLS estimates of 31, 82, and 33 from Equation (2) with a = b = ¢ = 60. Standard errors
are two-way clustered at the event level and at the level of 30-minute time intervals since the onset of the debate. Robust standard errors
in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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A.3 Intensive margin results

2 4
1 1

Marginal Effect on Partisanship
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Figure A.4: Number of political interventions: intensive margin results
These figures plot the marginal effect with 95% confidence intervals from OLS estimation of the dependent variable as a quartic
function of the number of political interventions. In panel (a), the dependent variable is Partisanship; in panel (b), the outcome
variable is Issue Polarization. Standard errors are two-way clustered at the event level and at the level of 30 minutes time intervals

since the onset of the debate.
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A.4 Identification and robustness

0
Weights

Figure A.5: Difference-in-differences weights following de Chaisemartin and D'Haultfoeuille (2020)
The figure shows the differences-in-differences weight computed using De Chaisemartin and d’Haultfoeuille (2020). The figure

focuses on the short and medium-term impact of treatment. For calculating the weights, the data is converted into 30-minute

intervals and restricted to 120 minutes from the onset of the treatment.
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Figure A.6: Event-study results with no time trend
These figures plot OLS coefficients with 95% confidence intervals. The plotted coefficients are the 3, coefficients associated with each
10 minute window from Equation (3), when we drop the time trend from Equation (3). The outcome variable is Partisanship in panel
(a) and Issue Polarization in panel (b). Standard errors are two-way clustered at the event level and at the level of 30 minutes time

intervals since the onset of the debate.
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Figure A.7: First political intervention, partisanship and issue polarization: Robustness to parallel trends
violations

The Figure displays robust confidence sets for 3 from Equation (1) for different values for the parameter M described in Rambachan
and Roth (2023), which bound the maximal post-treatment violation of parallel trends by M times the maximal pre-treatment

violation of parallel trends.
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Table A.9: First political intervention, partisanship and issue polarization: Robustness to controlling sepa-
rately for tweets within 1- or 2-min post-intervention buffers

1) (2) 3) 4)
VARIABLES Partisanship Issue polarization Partisanship Issue polarization
Equation 1
POST-Intervention (3) 0.701*** 2.430*** 0.698*** 2.426***
(0.198) (0.752) (0.197) (0.750)
Observations 4,747 621 4,747 621 4,747 621 4,747,621
R-squared 0.014 0.045 0.014 0.045
Time Trend Linear Linear Linear Linear
Equation 1 1 1 1
Buffer in minutes 1 1 2 2
Equation 2
POST-Intervention<1h (/1) 0.464*** 1.313*** 0.463*** 1.314***
(0.120) (0.383) (0.120) (0.382)
POST-Intervention 1-2h (35) 0.952%** 3.122%** 0.948*** 3.126%**
(0.302) (0.808) (0.301) (0.807)
POST-Intervention>2h (33) 0.977*** 4.229%** 0.973*** 4.233%**
(0.360) (1.369) (0.359) (1.368)
Observations 4,747 621 4,747 621 4,747 621 4,747,621
R-squared 0.014 0.045 0.014 0.045
Time Trend Linear Linear Linear Linear
Equation 2 2 2 2
Mean DV 1.08 7.75 1.08 7.75
Buffer in minutes 1 1 2 2

The unit of observation is a tweet. The dependent variable is equal to 100 (and zero otherwise) if the tweet contains par-
tisan language (Columns 1 and 3), or issue-polarizing language (Columns 2 and 4). Panel A shows the OLS estimates of
B from Equation (1), controlling separately for tweets posted less than one or two minutes after the political intervention
(as indicated). Panel B shows the OLS estimates of 81, B2, and 3 from Equation (2) with a = b = ¢ = 60, controlling
separately for tweets posted less than one (Columns 1 and 2) or two (Columns 3 and 4) minutes after the political in-
tervention (as indicated). Standard errors are two-way clustered at the event level and at the level of 30 minutes time
intervals since the onset of the debate. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.10: First political intervention, partisanship and issue polarization: Robustness to event-specific
time trends

1 2
VARIABLES Partisanship Issue polarization
Equation 1
POST-Intervention (53) 0.543*** 2.066***
(0.192) (0.739)
Observations 4,747,621 4,747,621
R-squared 0.015 0.047
Time Trend Event x Linear Event x Linear
Equation 2
POST-Intervention<1h (51) 0.372%** 1.169***
(0.118) (0.422)
POST-Intervention 1-2h (82) 0.786** 2.723***
(0.300) (0.791)
POST-Intervention>2h (5s) 0.718* 3.809**
(0.380) (1.458)
Observations 4,747 621 4,747,621
R-squared 0.015 0.047
Time Trend Event x Linear Event x Linear
Mean DV 1.08 7.75

The unit of observation is a tweet. The dependent variable is equal to 100 (and
zero otherwise) if the tweet contains partisan language (column 1), or issue-
polarizing language (column 2). Panel A shows the OLS estimates of 3 from
Equation (1), with the addition of event-specific time trends. Panel B shows the
OLS estimates of 31, 52, and 3 from Equation (2) with a = b = ¢ = 60 and with
the addition of event-specific time trends. Standard errors are two-way clustered
at the event level and at the level of 30 minutes time intervals since the onset of
the debate. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.11: First political intervention, partisanship and issue polarization: Robustness to alternative defi-
nitions of time fixed effects

(1) ) ®) 4)
VARIABLES Partisanship Issue polarization Partisanship Issue polarization
Equation 1
POST-Intervention (/5) 0.703%*** 2.387%** 0.719*** 2.526%**
(0.201) (0.762) (0.197) (0.716)
Observations 4,747,621 4,747,621 4,747,621 4,747,621
R-squared 0.014 0.045 0.014 0.045
Time Trend Linear Linear Linear Linear
Equation 1 1 1 1
FE Window in minutes 15 15 60 60
Equation 2
POST-Intervention<1h (5;) 0.462%** 1.243%** 0.484*** 1.430%**
(0.121) (0.371) (0.114) (0.519)
POST-Intervention 1-2h (82)  0.960*** 3.098*** 0.953*** 3.209%**
(0.304) (0.815) (0.279) (0.780)
POST-Intervention>2h (33) 0.972** 4.175%** 1.000%** 4.262%**
(0.359) (1.377) (0.356) (1.400)
Observations 4,747,621 4,747,621 4,747,621 4,747,621
R-squared 0.014 0.045 0.014 0.045
Time Trend Linear Linear Linear Linear
Equation 2 2 2 2
Mean DV 1.08 7.75 1.08 7.75
FE Window in minutes 15 15 60 60

The unit of observation is a tweet. The dependent variable is equal to 100 (and zero otherwise) if the tweet contains
partisan language (columns 1 and 3), or issue-polarizing language (columns 2 and 4). Panel A shows the OLS estimates
of B from Equation (1) with 6; defined as either 15- (columns 1 and 2) or 60-minutes (columns 3 and 4) time intervals
since the onset of the debate (instead of 30 minutes as in our baseline specification). Panel B shows the OLS estimates of
B1, B2, and B3 from Equation (2) with a = b = ¢ = 60 and with §; defined as either 15- or 60-minutes time intervals since
the onset of the debate (instead of 30 minutes as in our baseline specification). Standard errors are two-way clustered
at the event level and at the level of 30 minutes time intervals since the onset of the debate. Robust standard errors in
parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.12: First political intervention, partisanship and issue polarization: Robustness to changing the set
of politicians

D ) 3) 4)
VARIABLES Partisanship Issue polarization Partisanship Issue polarization
POST-Intervention (3) 0.831*** 2.577*** 0.756*** 2.219**
(0.218) (0.835) (0.188) (0.891)
Observations 4,747,157 4,747,157 4,746,244 4,746,244
R-squared 0.014 0.045 0.014 0.045
Time Trend Linear Linear Linear Linear
Equation 1 1 1 1
Politicians with followers >500k >500k >200k >200k
Equation 2
POST-Intervention<1h (8;) 0.552*** 1.322%** 0.456*** 0.666
(0.159) (0.450) (0.107) (0.472)
POST-Intervention 1-2h (82)  1.123*** 3.507*** 0.866*** 3.261***
(0.321) (0.740) (0.231) (0.796)
POST-Intervention>2h (83) 1.229%** 4.805*** 1.300*** 4.692*%*%*
(0.364) (1.288) (0.321) (1.234)
Observations 4,747 157 4,747,157 4,746,244 4,746,244
R-squared 0.014 0.045 0.014 0.045
Time Trend Linear Linear Linear Linear
Equation 2 2 2 2
Mean DV 0.99 7.22 0.88 6.40
Politicians with followers >500k >500k >200k >200k

The unit of observation is a tweet. We now consider the first political intervention by any politician with at least 500,000
(Columns 1 and 2) or 200,000 followers (Columns 3 and 4). The dependent variable is equal to 100 (and zero otherwise) if
the tweet contains partisan language (Columns 1 and 3), or issue-polarizing language (Columns 2 and 4). Panel A shows
the OLS estimates of 3 from Equation (1). Panel B shows the OLS estimates of 81, 82, and 33 from Equation (2) with
a = b = c = 60. Standard errors are two-way clustered at the event level and at the level of 30 minutes time intervals
since the onset of the debate. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Figure A.8: First political intervention, partisanship and issue polarization: Randomization inference
This figure shows the distribution of 3 (left panels), 81 (middle panels), and 3> (right panels) from Equations (1) and (2) for
Partisanship (top panel) and Issue polarization (bottom panel) where instead of using the real distribution of political interventions,
we randomly reallocate the same number of political interventions across events. The results of this permutation inference with
placebo treatments are based on 1, 000 replications. The vertical bar indicates the coefficient obtained from the actual distribution of

political interventions.
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Figure A.10: News media activity around the first political intervention: Event-study estimates
The figure plots OLS coefficients with 95% confidence intervals from Equation (3) with the media share of the debate as the outcome,
for the 60 minutes before and after the first political intervention. The unit of observation is a tweet and the dependent variable is
equal to 100 (and zero otherwise) if the tweet is posted by one of the 76 news media organizations’ accounts. The specification
includes event fixed effects, fixed effects for 30-minute intervals since the onset of the debate, and a linear time trend. The omitted
bin is the 10 minutes before the first political intervention. Standard errors are two-way clustered at the event level and at the level of

30-minute intervals since the onset of the debate.
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Table A.13: First political intervention, partisanship and issue polarization: Robustness to news media
activity

@) @) ) ) ) (6) )
VARIABLES Partisanship Issue polarization Media tweet

POST-Intervention<lh (B;)  0.465*** 0.458** 0.464** 1313** 1.187** 1299**  -0.090
(0.120) (0.117) (0.120) (0.383) (0.375) (0.382)  (0.069)
POST-Intervention 1-2h (B;)  0.958%* 0.952%* 0.957+* 3.122%* 2928** 3105**  -0.126
(0.303) (0.307) (0.300) (0.811) (0.819) (0.808)  (0.080)
POST-Intervention>2h (B5)  0.983** 0965 0.982%* 4.229%* 3950%* 4215**  -0.147
(0.360) (0.364) (0.359) (1.369) (1.410) (1.372)  (0.114)

Media tweets, previous 15 min -0.007 -0.050**

(0.006) (0.020)
Media tweets, previous 60 min 0.002 0.035**

(0.004) (0.014)
Observations 4,747,621 4,747,621 4,714,492 4,747,621 4,747,621 4,714,492 4,747,621
R-squared 0.014 0.014 0.014 0.045 0.045 0.045 0.001
Media controls No Yes No No Yes No No
Media tweets in sample Included Included Dropped Included Included Dropped Included

The unit of observation is a tweet. The table shows OLS estimates of 81, 2, and 83 from Equation (2) with a = b = ¢ = 60.
The dependent variable is equal to 100 (and zero otherwise) if the tweet contains partisan language (Columns 1-3), issue-polarizing
language (Columns 4-6), or if the tweet is posted by a news media organization’s account (Column 7; mean of 0.885 in the 60
minutes before the first political intervention). Columns 1 and 4 reproduce Panel B of Table 2. Columns 2 and 5 control for the
number of tweets posted by news media accounts in the debate in the 15 and in the 60 minutes before the tweet. Columns 3 and 6
exclude tweets posted by news media accounts. In Column 7, the coefficient on tweets posted more than 60 minutes before the first
political intervention () is 0.042 (standard error 0.057). Standard errors are two-way clustered at the event level and at the level of
30 minutes time intervals since the onset of the debate. *** p<0.01, ** p<0.05, * p<0.1.
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Figure A.11: Content of news media tweets before the first political intervention: Placebo test
Each panel refers to one content category. The vertical bar shows the share of news media tweets posted in the 30 minutes before
each debate’s first political intervention that contain the category, pooled over the 52 debates with a political intervention (713 news
media tweets). The histogram shows the same share before placebo intervention times, across 5,000 placebo draws. In each draw,
each debate’s placebo time is drawn with replacement from the 52 actual first-intervention times (in minutes since the onset of the
debate), so that placebo and actual interventions follow the same timing distribution; the timing and content of news media tweets
are held fixed. A vertical bar inside the histogram indicates that news media content right before the first political intervention is not
unusual relative to placebo times. Categories are identified with keyword-based rules applied to the tweet text. Deaths reported: a
number (or “several,” “multiple”) followed by a word such as “killed” or “dead,” or the phrase “death toll.” Victims: who the victims
were (e.g., “victims identified,” “children among the dead”). Shooter identity: who the shooter is, by name or role (e.g., “identified as,”
“suspect named,” “former employee”). Shooter age: e.g., “22-year-old gunman.” Shooter race or ethnicity: e.g., “white man,” “Hispanic

”ou

suspect.” Weapon: firearm details (e.g., “AR-15,” “rifle,” “semi-automatic,” “high-capacity magazines”). Motive discussed: any

mention of a motive (including “motive unknown”), a manifesto, a grievance, or a domestic or workplace dispute. Ideological motive

” o

or terrorism: e.g., “terrorism,” “hate crime,” “white supremacist,” “ISIS.”
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A.5 Additional outcomes and long-term effects
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Figure A.12: Long-term event-study results

These figures plot OLS coefficients with 95% confidence intervals. The plotted coefficients are the event-studies coefficients

associated with 1 hour windows, for a longer time horizon than our baseline specification. The outcome variable is Partisanship in

panel (a) and Issue Polarization in panel (b). Standard errors are two-way clustered at the event level and at the level of 30 minutes

time intervals since the onset of the debate.
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Table A.14: First political intervention, tribalism, affective polarization, and hate speech

@ @ ®)
VARIABLES Tribalism Affective polarization Hate Speech
POST-Intervention (3) 1.601 -0.360 -0.040
(1.065) (1.559) (0.491)
Observations 4,747,621 4,747,621 4,747,621
R-squared 0.025 0.031 0.563
Time Trend Linear Linear Linear
Equation 1 1 1
POST-Intervention<1h (8;) 0.564 -0.011 -0.221
(0.803) (1.426) (0.356)
POST-Intervention 1-2h (52) 3.203*** 0.432 0.078
(1.151) (1.594) (0.681)
POST-Intervention>2h (83) 2.271 -1.950 0.241
(1.501) (2.329) (0.856)
Observations 4,747,621 4,747,621 4,747,621
R-squared 0.025 0.031 0.563
Time Trend Linear Linear Linear
Equation 2 2 2
Mean DV 8.90 37.71 12.58

The unit of observation is a tweet. The dependent variable is equal to 100 (and zero otherwise)
if the tweet contains tribal language (column 1), or affective-polarized language (column 2), or
hateful language (column 3). Panel A shows the OLS estimates of 8 from Equation (1). Panel B
shows the OLS estimates of 81, B2, and 3 from Equation (2) with a = b = ¢ = 60. Standard
errors are two-way clustered at the event level and at the level of 30 minutes time intervals since
the onset of the debate. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Figure A.13: Event-study results for tribalism, affective polarization, and hate speech

of the debate.

XXV

The figure plots OLS coefficients with 95% confidence intervals. The plotted coefficients are the 3, coefficients associated with each
10 minute window from Equation (3). The outcome variable is tribalism, affective polarization, and hate speech in panels (a), (b), and

(c), respectively. Standard errors are two-way clustered at the event level and at the level of 30 minutes time intervals since the onset



A.6 Interventions by celebrities
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Figure A.14: Event-study results for other interventions (celebrities)

These figures plot OLS coefficients with 95% confidence intervals. The plotted coefficients are the 3, coefficients associated with each

10 minute window, described in Equation (3) when p. indicates the time when a celebrity tweets. The outcome variable is

Partisanship in the top panel and Issue Polarization in the bottom panel. Standard errors are two-way clustered at the event level and

at the level of 30 minutes time intervals since the onset of the debate.
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Table A.15: First celebrity intervention, tribalism, affective polarization, and hate speech

) @ ©)
VARIABLES Tribalism Affective polarization Hate Speech
POST-CELEBRITY (8) -2.732%* -5.432%** -0.396
(1.171) (1.439) (0.824)
Observations 4,748,501 4,748,501 4,748,501
R-squared 0.025 0.032 0.563
Time Trend Linear Linear Linear
Equation 1 1 1
POST-CELEBRITY<1h (8;)  0.749 0.018 0.449
(0.562) (1.050) (0.372)
POST-CELEBRITY 1-2h (82) 1.899* -1.896 1.386**
(1.068) (1.761) (0.544)
POST-CELEBRITY>2h (33) -3.588*** -6.394** -0.670
(1.217) (1.566) (0.925)
Observations 4,748,501 4,748,501 4,748,501
R-squared 0.026 0.032 0.563
Time Trend Linear Linear Linear
Equation 2 2 2
Mean DV 19.16 48.96 31.01

The unit of observation is a tweet. The dependent variable is equal to 100 (and zero otherwise)
if the tweet contains tribal language (column 1), or affective-polarized language (column 2), or
hateful language (column 3). Panel A shows the OLS estimates of 5 from Equation (1). Panel B
shows the OLS estimates of (1, 52, and B3 from Equation (2) with a = b = ¢ = 60. Regressions
use all tweets not posted by celebrities; politicians’ tweets remain in this sample. Standard errors
are two-way clustered at the event level and at the level of 30 minutes time intervals since the
onset of the debate. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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A.7 Rhetorical supply and heterogeneous responses

Table A.16: Politicians’ rhetoric and partisanship and issue polarization of the public debate

@) @) ®) @)
VARIABLES Partisanship Issue polarization Partisanship Issue polarization
SUPPLY=0 * POST-Intervention<1h 0.423** 1.025* 0.798*** 2.236%**
(0.182) (0.540) (0.286) (0.802)
SUPPLY=0 * POST-Intervention 1-2h ~ 0.974*** 3.165*** 0.897** 3.756***
(0.353) (0.917) (0.358) (1.155)
SUPPLY=0 * POST-Intervention>2h 0.957** 3.971** 1.059** 4.689***
(0.415) (1.670) (0.414) (1.644)
SUPPLY=1 * POST-Intervention<lh  1.525*** 4.959** 0.176 -0.025
(0.545) (1.991) (0.332) (1.069)
SUPPLY=1 * POST-Intervention 1-2h ~ 1.582*** 4.200 1.437** 2.486%
(0.482) (2.740) (0.683) (1.475)
SUPPLY=1 * POST-Intervention>2h  1.832*** 7.508*** 1.187* 3.833*
(0.552) (1.822) (0.693) (2.145)
Observations 4,747,621 4,747,621 4,747,621 4,747,621
R-squared 0.014 0.045 0.014 0.045
Supply Partisanship Issue polarization
Difference in <1h 1.102** 3.934** -0.622 -2.261
(0.537) (1.948) (0.463) (1.628)
Difference in 1-2h 0.608 1.035 0.540 -1.270
(0.460) (2.669) (0.726) (1.927)
Difference in >2h 0.875 3.536* 0.128 -0.857
(0.542) (2.099) (0.627) (2.123)

The unit of observation is a tweet. The dependent variable is equal to 100 (and zero otherwise) if the tweet contains partisan
language (columns 1 and 3), or issue-polarizing language (columns 2 and 4). Panel A shows the results of g and 8 g from OLS
estimation of Equation 5 adapted to fit Equation (2). In columns 1 and 2, S captures whether the political intervention contains
partisan language. In columns 3 and 4, S captures whether the political intervention contains issue-polarizing language. Standard
errors are two-way clustered at the event level and at the level of 30 minutes time intervals since the onset of the debate. ** p<0.01,
** p<0.05, * p<0.1.
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Table A.17: Politicians’ characteristics and partisanship and issue polarization of the public debate in dif-
ferent post-estimation windows

1) @) ®) )
VARIABLES Partisanship Issue polarization Partisanship Issue polarization
Type=0 * POST-Intervention<1lh 0.475% 1.523* 0.928*** 3.297***
(0.238) (0.861) (0.284) (0.987)
Type=0 * POST-Intervention 1-2h  0.979** 2.385* 1137 5.400%**
(0.450) (1.209) (0.337) (1.355)
Type=0 * POST-Intervention>2h 0.986** 3.553* 0.959** 4.002**
(0.441) (1.806) (0.464) (1.975)
Type=1 * POST-Intervention<lh  0.957** 3.887*** 0.459** 1.007
(0.279) (1.362) (0.227) (0.624)
Type=1* POST-Intervention 1-2h  1.436*** 7.283%* 1.045* 2.834***
(0.280) (1.493) (0.397) (0.986)
Type=1* POST-Intervention>2h  1.439** 8.009*** 1.090** 4.400%**
(0.411) (2.276) (0.441) (1.587)
Observations 4,747,621 4,747,621 4,747,621 4,747,621
R-squared 0.014 0.045 0.014 0.045
Type Republican Male
Difference in <1h 0.482 2.364 -0.470 -2.290**
(0.366) (1.533) (0.317) (1.084)
Difference in 1-2h 0.457 4.924** -0.093 -2.566%
(0.408) (1.673) (0.4006) (1.414)
Difference in >2h 0.454 4.456** 0.131 0.398
(0.307) (1.962) (0.409) (1.803)

The unit of observation is a tweet. The dependent variable is equal to 100 (and zero otherwise) if the tweet contains partisan
language (columns 1 and 3), or issuue-polarizing language (columns 2 and 4). Panel A shows the results of S5 and Sy s from
OLS estimation of Equation 5 adapted to fit Equation (2). In columns 1 and 2, S captures whether the political intervention is
from a Republican. In columns 3 and 4, S captures whether the political intervention is from a male politician. Standard errors
are two-way clustered at the event level and at the level of 30 minutes time intervals since the onset of the debate. *** p<0.01,
* p<0.05, * p<0.1.
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(b) Non-politicized users

Figure A.15: Volume of tweets for politicized and non-politicized Users: Event-study results
These figures plot OLS coefficients with 95% confidence intervals. The plotted coefficients are the - coefficients associated with each
10 minute window from Equation (3). The outcome variable is Number of Tweets by Politicized Users in panel (a) and
Non-Politicized Users in panel (b). Standard errors are two-way clustered at the event level and at the level of 30 minutes time

intervals since the onset of the debate.
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Table A.18: Politicians” characteristics and partisan language in the public debate: Democratic-leaning,
Republican-leaning, and mixed partisan language

1) @ ®)
VARIABLES Democratic-leaning Republican-leaning Both Democrgtic— and
phrases only phrases only Republican-leaning phrases

Party=0 * POST-Intervention 0.505*** 0.215 -0.004

(0.165) (0.214) (0.025)
Party=1* POST-Intervention 0.565*** 0.602%** 0.021

(0.153) (0.203) (0.019)
Observations 4,747,621 4,747,621 4,747,621
R-squared 0.005 0.021 0.001
Party Republican
Difference 0.060 0.387** 0.025
SE (0.207) (0.189) (0.015)

The unit of observation is a tweet. The dependent variable is equal to 100 (and zero otherwise) if the tweet contains Democratic-
leaning partisan phrases only (column 1), Republican-leaning partisan phrases only (column 2), a Democratic-leaning partisan
phrase and a Republican-leaning partisan phrase, which we refer to as bi-partisan (column 3). Panel A shows the results of
Bs and By s from OLS estimation of Equation 5. In columns 1, 2, and 3, S captures whether the political intervention is from
a Republican. Standard errors are two-way clustered at the event level and at the level of 30 minutes time intervals since the
onset of the debate. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.19: Politicians” characteristics and partisan language in the public debate: Democratic-leaning,
Republican-leaning, and mixed partisan language in different post-estimation windows

1)

@

Democratic-leaning Republican-leaning

®)

Both Democratic- and

VARIABLES phrases only phrases only Republican-leaning phrases
Party=0 * POST-Intervention<1h 0.485*** -0.018 0.008
(0.144) (0.122) (0.020)
Party=0 * POST-Intervention 1-2h 0.592%** 0.363 0.025
(0.181) (0.356) (0.032)
Party=0 * POST-Intervention>2h 0.577** 0.395 0.014
(0.271) (0.323) (0.035)
Party=1 * POST-Intervention<1h 0.379** 0.606** -0.028
(0.145) (0.266) (0.023)
Party=1 * POST-Intervention 1-2h 0.733*** 0.691*** 0.013
(0.197) (0.232) (0.025)
Party=1 * POST-Intervention>2h 0.639** 0.758** 0.042
(0.240) (0.288) (0.030)
Observations 4,747,621 4,747,621 4,747,621
R-squared 0.005 0.021 0.001
Party Republican
Difference in <1h -0.106 0.623** -0.036
(0.203) (0.302) (0.025)
Difference in 1-2h 0.140 0.328 -0.012
(0.237) (0.327) (0.033)
Difference in >2h 0.061 0.364* 0.029
(0.228) (0.195) (0.018)

The unit of observation is a tweet. The dependent variable is equal to 100 (and zero otherwise) if the tweet contains Democratic-
leaning partisan phrases only (column 1), Republican-leaning partisan phrases only (column 2), a Democratic-leaning partisan phrase
and a Republican-leaning partisan phrase, which we refer to as bi-partisan (column 3). Panel A shows the results of 85 and 8 s from
OLS estimation of Equation 5 adapted to fit Equation (2). In columns 1, 2 and 3, S captures whether the first political intervention
is from a Republican. Standard errors are two-way clustered at the event level and at the level of 30 minutes time intervals since the
onset of the debate. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.20: Responses to political interventions by returning vs. new users and politicized vs. non politi-

cized users

M 2 (©) (4)

VARIABLES Partisanship Issue polarization Partisanship Issue polarization
POST-Intervention () x (User Type=0)  1.023*** 3.885%** 0.772%** 1.758*

(0.281) (0.846) (0.276) (0.901)
POST-Intervention (5) x (User Type=1) 0.148 -1.213 1.200%** 11.651***

(0.262) (1.325) (0.339) (1.155)
Observations 4,747,621 4,747,621 4,747,621 4,747,621
R-squared 0.014 0.047 0.014 0.051
Time Trend Linear Linear Linear Linear
Equation 1 1 1 1
User Type Returning Returning Politicized Politicized
Mean DV 1.08 7.75 1.08 7.75
Type=1 - Type=0 -0.874*** -5.099*** 0.428** 9.893***

(0.110) (1.009) (0.186) (0.599)

The unit of observation is a tweet. The dependent variable is equal to 100 (and zero otherwise) if the tweet contains partisan language
(columns 1 and 3), or issue-polarizing language (columns 2 and 4). Panel A shows the results of 55 and Sy s from OLS estimation of
Equation 5. In columns 1 and 2, the user was a returning user (user who already posted before the political intervention). In columns 3
and 4, the user was a political user (user with political text in account description). Standard errors are two-way clustered at the event
level and at the level of 30 minutes time intervals since the onset of the debate. Robust standard errors in parentheses. *** p<0.01, **

p<0.05, * p<0.1.
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Figure A.16: Share of politicized users: Event-study results
This figure plots OLS coefficients with 95% confidence intervals. The plotted coefficients are the 3, coefficients associated with each
10 minute window from Equation (3). The outcome variable is the proportion of Tweets by Politicized Users (of total tweets).

Standard errors are two-way clustered at the event level and at the level of 30 minutes time intervals since the onset of the debate.
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