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Abstract

We combine theoretical and empirical analysis to study online political debate
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cal distance in about 140,000 Twitter interactions. Aggressive language in replies
increases with ideological distance, while evidence use (hyperlinks) follows an in-
verted U-shape; they co-occur in ways consistent with our model predictions. We
argue that analysis and policy discussion should focus on the context-dependence

of behavior rather than only users’ individual traits.
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1. Introduction

There is broad consensus that debate is essential for democracy.! Much of this debate
now takes place on social media — about 60% of Americans share political content at
least occasionally (Pew Research Center, 2021a). Yet many perceive such debate as vit-
riolic and unproductive: 85% say that “tone and nature of political debate” have grown
more negative in recent years (Pew Research Center, 2019), and 20% report having been
harassed for their political views.?

Scholars identify three main problems of online debate: distrust, disinformation, and
toxicity. First, users often cannot tell whether arguments are sincere or misleading and
“bad faith” arguments are common — so partisanship strongly predicts credibility.? Second,
disinformation — including fakes and forgeries — is widespread, while verifying information
is hard.? Third, harassment and toxic behavior deter open engagement and cause direct
harm.® Public opinion mirrors these concerns: 64% of Americans state that “social media
have a negative effect on the country”; when asked why, they most often cite misinfor-
mation (28%), harassment (16%), and confusion over truth (11%) (Pew Research Center,
2020).

This paper examines online debate, focusing on distrust, disinformation, and toxicity,
through theoretical modeling and empirical analysis. We develop a model that combines
the three problems and which yields novel predictions about the strategic use of language
and evidence in debates. Using a dataset of 140,000 interactions from the social media
platform Twitter, we show that the model’s predictions align with observed user behavior
and help explain previously unobserved and unexplained patterns.®

A central insight of our approach is that behavior varies across interactions, not just
across users. Much of the relevant variation is within users — shaped by context (i.e.
ideological distance) rather than individual traits. We argue that analyses and policy
discussions of online debate should therefore pay greater attention to these contextual

effects.

LCf. Mill (1859), Arendt (1958), Habermas (1981) for general arguments. We use “debate” and
“discussion” interchangeably, also for what others have called “deliberation”.

2About half of all those who have experienced online harassment, cf. Pew Research Center (2021b).

3See American Press Institute (2017) for survey evidence as well as Allcott and Gentzkow (2017),
Swire et al. (2017), D’Amico and Tabellini (2022), Song (2024).

“We define “disinformation” as deliberately false information, cf. Guess and Lyons (2020), p. 11,
Barberd et al. (2018); see also Allcott and Gentzkow (2017), Lazer et al. (2018), Guess et al. (2018),
Vosoughi et al. (2018), Allcott et al. (2019), Guriev et al. (2023), Acemoglu et al. (2024).

5Cf. Theocharis et al. (2016), Miiller and Schwarz (2021), Beknazar-Yuzbashev et al. (2022), Jiménez-
Duran (2023), Miiller and Schwarz (2023), Jiménez Durédn et al. (2024); see also Laub (2019).

6Data were collected in February 2021, before changes in ownership and rebranding from Twitter to
X. 59% of US-based users use Twitter “to keep up with politics or political issues”, making it the preferred
platform for this kind of analysis (Pew Research Center, 2024).



Theory We model debate as strategic information exchange between a sender (S, she)
and a receiver (R, he). S knows the state of the world and may convey it to R. There
is an ideological distance between S and R that is known to both of them. Along with
the message about the state, S can use corroborating evidence or aggressive language.
Evidence is observable but costly and non-verifiable; aggressive language yields direct
emotional benefit to S that rises with ideological distance. This setup captures the core
problems of online debate: distrust from ideological distance, unverifiable evidence that
may be disinformation, and toxic language. We discuss how our assumptions map to
real-world settings in section 2.2.

We ask: When can evidence and aggression — or their absence — serve as credible
signals of S’s knowledge and motives, and how does this depend on ideological distance?
The model predicts: With small ideological distance, S has little incentive to mislead and
truthful communication is possible. With larger distance, R distrusts S, so persuasion
requires strategic use of evidence or aggression.”

Corroborating evidence, though unverifiable, can be informative since its use is ob-
servable and costly. Only some types of S are willing to incur this cost so that in effect,
it signals sincerity. Aggression or its absence can do the same: S may “bite her tongue”
(refrain from aggression when it would be gratifying) or use “tough talk among friends”
(aggression toward ideological allies, which is painful), both of which are observable and
costly. Since R knows that S would only be willing to make this effort for some types of
private information, both actions credibly convey information.

Intuitively, R may reason: “S would not bite her tongue and make the effort of at-
taching a hyperlink unless she truly believed her claim.” Such behavior can partly offset
distrust.® From these results, we derive hypotheses about how the use of evidence and

aggression varies with ideological distance in social media debates.

Evidence We analyze about 140,000 reply tweets among US-based users of the social
media platform Twitter.® Using tweets by current and recent members of Congress and a
semi-supervised learning approach with a simplified x¥? method, we build a dictionary of
about 15,000 partisan terms — words used disproportionately by one party. This dictionary
lets us assign ideological scores to randomly drawn Twitter users from their word usage.
We validate this approach using a list of out-of-sample political pundits with known
leanings.

Our main analysis focuses on interactions between randomly drawn, politically active

“We do not suggest that all social media activity is about persuasion. Our model applies to interactions
where one side wants to persuade — and we show that even in many of these interactions, no serious
attempt at persuasion is made.

80f course, such reasoning will never apply to everyone — but it is already informative if R believes
that some senders act this way.

9Data were collected before the platform’s change of ownership and rebranding; we therefore refer to
it as “Twitter.”



Twitter users; our scoring technique allows us to estimate the ideological distance of
such interactions. Our first result concerns corroborating evidence: hyperlinks, media,
and longer or more complex messages (both suggestive of more elaborate arguments).
The model predicts an inverted U-shape between ideological distance and corroborating
evidence: evidence is rare when trust is high (small distance) or communication futile
(very large distance). We observe this pattern for some markers (e.g., hyperlinks) but not
others (e.g., message length), and discuss possible reasons for these mixed findings.

Next, we show that aggressive language — profanities, negativity, and hashtags — in-
creases with ideological distance. This aligns with our assumption that aggression is more
rewarding at greater distance, and with the prediction that its equilibrium usage therefore
rises.

A main prediction of our model is the way in which evidence and aggression co-
occur in the same interaction. The model predicts they are substitutes, since refraining
from aggression (“biting one’s tongue”) and presenting evidence are complementary costly
signals. The data confirm this.

Our analysis controls for sender and date fixed effects and finds no systematic dif-
ferences across ideologies. All findings are driven by interaction-specific ideological dis-
tance. By focusing on interaction-specific characteristics rather than individual-specific
behavior, we depart from most of the literature and uncover otherwise indescribable and

undetectable patterns.

Our contributions Our study makes four contributions to our understanding of online
political debate. First, we provide a theoretical analysis of aggressive language and hate
speech. Insights on “biting your tongue” and “tough talk among friends” as means of
communication can shed light on online and offline behavior. Second, we show that
corroborating evidence — hyperlinks, images, detailed arguments — may function less as
factual communication and more as a signal of sincerity. This has implications for policies
on fact-checking and introducing barriers or frictions into information sharing; we discuss
such implications in section 5.5.

Third, we suggest a semi-supervised learning method to estimate ideology from word
use, requiring minimal manual coding and no pre-built dictionaries. Finally, we document
how the use of aggressive language and evidence depend on the properties of the sender-
receiver dyad. The variation in our analysis is within-sender and comes from differences
in how the same sender engages with receivers of varying ideologies, which is a departure
from much of the research on the topic and uncovers patterns missed by studies focusing
on user-level characteristics.

Our results caution against simple fixes to online debate. Restricting aggressive speech
may backfire by removing the informational value of restraint. Adding frictions or fact-

checking can deter sincere users while leaving bots and bad actors. And while affective



polarization carries real costs, it can also create opportunities for meaningful engagement,

since polite or friendly exchanges across divides become more informative.

Connection to other research Our work is related to a large literature on social media
behavior (see Zhuravskaya et al., 2020, Persily and Tucker, 2020, Aridor et al., 2024 for
overviews) and to broader discussions of political debate. We first note connections to
studies of social media, then discuss methodological links to other work.

Our main departure from prior work is the focus on debate between users: We study
interactions (dyads) rather than individuals. Most studies examine individuals to study
fundamental questions, e.g. who spreads disinformation (Grinberg et al., 2019) or how
hate speech responds to regulation or counterspeech (Munger, 2017, Andres and Slivko,
2021, Jiménez Durén et al., 2024). By contrast, we use individual fixed effects to see how
the same person communicates with different partners.!’

We examine how communication varies with ideological distance, which shapes trust.
Prior work shows users view ideologically distant content as less reliable (Song, 2024) and
are more likely to believe stories favoring their candidate (Allcott and Gentzkow, 2017,
D’Amico and Tabellini, 2022). While such behavior may reflect confirmation bias or
emotional reactions, we argue it also has a rational basis: information from ideologically
distant sources is more likely to be intended to mislead.

Research on hate speech largely focuses on harms and prevention. Hate speech con-
tributes to offline hate crimes (Miiller and Schwarz, 2021, Miiller and Schwarz, 2023),
causes direct suffering and discourages engagement — for instance, politicians may avoid
citizens due to its prevalence (Theocharis et al., 2016). Studies examine countermea-
sures through legislation (Andres and Slivko, 2021, Jiménez Duran et al., 2024), modera-
tion (Jiménez-Duran, 2023, Horta Ribeiro et al., 2023) or counter-speech (Munger, 2017,
Hangartner et al., 2021, Munger, 2021). While this literature focuses on hate speech as
harmful, we study its strategic use. Viewing hate speech — and its deliberate absence —
as a signaling device rather than merely an impulsive act adds a new perspective, with
implications for both users and platforms (see Beknazar-Yuzbashev et al., 2022, Beknazar-
Yuzbashev et al., 2024 for discussions of platform incentives).

Most research on disinformation examines its production and spread (Vosoughi et al.,
2018, Allcott et al., 2019, Grinberg et al., 2019) or consumption (Allcott and Gentzkow,
2017). Our focus differs: we study strategic behavior in environments where disinforma-
tion is pervasive and verification is difficult. We ask what information can be transmitted
in equilibrium, knowing any believable message may attract imitators. We show that
arguments and sources can be informative not through their content but as costly signals

of sincerity. This insight informs debates on combating disinformation (cf. Arechar et al.,

0¥archi et al. (2021) study how Israeli users’ communication varies by ideology but do not, to our
knowledge, control for individual effects.



2023, Guriev et al., 2023), including fact-checking (Walter et al., 2020, Pennycook et al.,
2020, Allen et al., 2022, Henry et al., 2022, Martel and Rand, 2023) and sharing frictions
(Guriev et al., 2023; see also Aridor et al., 2024, p. 10).

Research on affective polarization (overview: Iyengar et al., 2019) emphasizes worsen-
ing interactions across ideological divides. Consistent with this, we find that aggressive
and negative language increases with ideological distance. Incorporating individual-level
fixed effects allows us to partially isolate the effect of ideological distance. Yet our re-
sults also suggest ambiguity: polarization may enable new information exchange through
strategies such as “biting your tongue.”

We write “debate” to describe the constrained back-and-forth on social media that
we analyze. Political scientists often use “deliberation” for similar interactions (Béchtiger
et al., 2018, Strandberg and Gronlund, 2018). Philosophers and social scientists have long
emphasized the importance of debate and deliberation (Chambers, 2018, Conover et al.,
2002). While our setting is specific, we contribute to this broader discussion of when
debate can successfully transmit information.

Our theoretical model builds on the classic “cheap talk” framework of Crawford and
Sobel (1982), widely used to study political debate since Austen-Smith (1990, 1992).
Unlike traditional models, we allow senders to use aggressive language and corroborating
evidence, both of which directly affect sender payoffs. These choices can communicate
information in a way akin to the “money burning” mechanism of Austen-Smith and Banks
(2000). Our theoretical contribution is to integrate these elements to extend existing
communication models and linking abstract notions such as bias and cost to measurable
social media patterns — which then structure our empirical analysis.!*

In our empirical work, we develop a scoring method to measure ideology, building
on “slant” estimation approaches (Gentzkow and Shapiro, 2010; Gentzkow et al., 2019).
In the taxonomy of Osnabriigge et al. (2023), our approach is cross-domain supervised
learning, but unlike most such methods we avoid predefined dictionaries.!? Instead, we
construct a bottom-up dictionary by collecting all monograms and bigrams used by mem-
bers of Congress and selecting those with significant usage differences (via a simplified x>
procedure).'® Our approach is thus best described as semi-supervised learning, requiring
neither predefined dictionaries nor hand-coded training data. Following Gentzkow et al.

(2019, p. 555), we audit our method with an out-of-sample set of political pundits.

See also Little (2023) for a discussion of formal approaches to political persuasion and the insights
they provide.

12See Gentzkow et al. (2019), p. 1312 and supplementary material, on manual keyword selection
common in other approaches.

13 An exception from the literature using pre-designed dictionaries is Widmer et al. (2022), who estimate
newspaper slant using Fox News word usage.



2. Theory

2.1. Model

We begin by outlining the model’s basic assumptions; section 2.2 discusses why these are

appropriate simplifications for our applied setting.

Structure: A user S (sender) replies to R’s (receiver) tweet. S privately observes the
state of the world 6 € {0,1} which is a priori equally likely to be 0 or 1. S sends a reply
message m € {0,1} to R which can also include evidence and use either aggressive or
friendly language. After observing S’s message (including whether it contains evidence
and its language), R takes action a € R. S and R differ in their ideology; their ideological

difference b is common knowledge. Without loss of generality we assume b > 0.

Payoffs: R’s payoff is
Urp = —(a— 6 —b)?

while S’s payoff is
Ug = —(a—9)2 —lec+ 1,9 <b—l;>

where 1, indicates use of evidence (at cost ¢) and 1, indicates use of aggressive language.
(Otherwise, we call S’s language “friendly.”) Using aggressive language yields a benefit if
b > b and a cost otherwise. The exogenous threshold b is common knowledge and describes
the ideological distance at which S switches from preferring friendly tone (with people
who are ideologically close) to aggressive tone (towards those with different ideology); g
measures the gratification from aggression. Note that evidence and aggressive language
are available regardless of 6, and their direct costs and benefits are independent of §. They

become informative only in equilibrium if S conditions their use on 6.

Solution concept: Our main solution concept is the sender-preferred most-informative
Perfect Bayesian Equilibrium (SPMI PBE). As with any communication model, less-
informative equilibria may exist, the most-informative PBE describes what communi-
cation can achieve. If multiple equilibria transmit the same information, we select the

sender-preferred one, which transmits information at lowest cost.

2.2. What do these assumptions mean?

Given the applied nature of our paper, we briefly explain why these assumptions are useful
abstractions for the real-life interactions we are interested in. Readers already familiar

with communication theory may skim this subsection.

The basic communication problem R’s and S’s payoff create a conflict of interest: both

care about R’s action a, but prefer different actions. R optimally chooses a = E[f|m] + b,

7



while S prefers a = . We broadly interpret a as R’s “posterior opinion” about the right
policy or political choice after seeing S’s message — though it could have some concrete
interpretation as a vote or other real-life action.

6 represents some aspect of the world that S knows more about than R.'* Even if
0 was known, S and R would still disagree on the right a because of their ideological
disagreement b. S thus tries to present 6 in a way that shifts a toward her preferred
outcome.

This makes R suspicious of S’s messages: partisan differences contaminate information
exchange, and larger ideological distance reduces trust. This mirrors empirical findings
that partisanship shapes how opinions and even facts are received (Allcott and Gentzkow,
2017; Swire et al., 2017; D’Amico and Tabellini, 2022; Song, 2024).

For example, imagine that S and R debate the welfare-maximizing level of unemploy-
ment benefit. They differ ideologically on how generous support should be, but S also has
some knowledge about the growth effects of unemployment benefit. S cares only about
R’s final opinion (ideology + belief about growth). If # were common knowledge, R would
still favor higher benefits than S. Thus S may misreport 8 = 1 as 0, but only if b is large:
If b = 0.01 and € = 1, making R believe that § = 0 would make his action worse for S

than telling the truth. This intuition underlies lemma 1.

The use of corroborating evidence We define “evidence” as the use of links (to news
stories, explanatory articles or statistics), graphs, or writing longer arguments to com-
municate about §. Producing such evidence requires effort and is therefore costly. Our
key assumption is that evidence does not provide verifiable information about 6. (Hence
we speak of “evidence,” not “proof”: There can be evidence for or against, but proof is
definitive.) What is verifiable is only the effort ¢ which S invests in presenting it. In
equilibrium, evidence can convey information if S conditions its use on 6.

We see 6 (state) and a (R’s posterior opinion) as abstractions for contested political
questions (e.g. optimal unemployment benefits or which candidate is the better leader).
Such questions cannot be settled by short exchanges of “proof” on social media. What
may matter to R is what S genuinely believes (i.e. @), but no verifiable evidence of this
exists. This assumption matches empirical findings that even established “facts” rarely
change political opinions on social media (Swire et al., 2017; Barrera et al., 2020; Nyhan
et al., 2020); even the establishment of facts through fact-checkers seems to be vulnerable
to partisan bias (Allen et al., 2022).

In our example on unemployment benefits, S cannot prove what she knows about
growth effects within a short exchange, especially since R knows her bias. What S can

reveal by citing evidence is the strength of her conviction, which depends on 6.

14The fact that S knows 6 perfectly and R not at all does not mean that S perfectly understands the
world and R not at all — it simply means that 6 represents some additional knowledge about the world
which R does not have.



The use of aggressive language We define “aggressive language” as hostile or unfriendly
expressions such as insults or ridicule; it includes what other studies may call “hate speech”
or “toxic behavior”. We assume S derives direct, expressive payoff from such language,
which depends on ideological distance b. Attacking people who are ideologically close
is costly, while targeting ideologically distant opponents can be gratifying by releasing
frustration, affirming identity, and reinforcing group belonging.!®

We assume that the payoff from aggressive language rises linearly in b with threshold
b: Aggression is costly below b and rewarding above. This linearity is not essential; our
results require only that payoffs rise with b, are negative at small and positive at large
distances. We also do not claim that being aggressive truly increases well-being; for
our analysis it suffices that people behave as if it gives them joy. This behavior is well

documented; whether it improves well-being is outside our scope.

S and R’s shared knowledge We assume that ideological distance b is common knowl-
edge, and only 6 is unknown to R. We argue this is plausible on social media where users
often argue with those whom they follow, and users frequently reveal ideological iden-
tity directly through tweets or profile descriptions (cf. Rogers and Jones, 2021). For our
purposes, it also suffices that S believes she knows b based on this information.

We also assume 0 € {0, 1} with equal probability which mainly simplifies our analysis.
More states or unequal priors would not alter the key result: cheap talk works for small

but not large b.

2.3. Theoretical analysis

We first consider each of S’s communication tools on its own; section 2.3.4 then combines

these insights and formulates hypotheses for our empirical analysis.

Notation and terminology We use subscripts to note when S is using evidence and ag-
gressive language, e.g. m(0) = 0, and m(1) = 1, describe the strategy “if # = 0, send
message 0 in friendly language and attach evidence; if § = 1, send message 1 using aggres-
sive language and no evidence.” We call any messaging strategy truthful communication
if m(0) = 0 and m(1) = 1 with any combination of evidence or language.'® A PBE in

which communication is truthful is an informative PBE.

2.3.1. Pure cheap talk

The following lemma establishes that # can be communicated truthfully without any evi-

dence or aggressive language if b is small enough. p denotes R’s belief, i.e. the probability

150n expressive utility see Hamlin and Jennings (2011); for related identity-based utility which de-
creases when actions conflict with social or personal identity, see Akerlof and Kranton (2000).

16 Any strategy in which m is perfectly informative about 8 could be called truthful but this definition
is without loss of generality.



that he assigns to the state being 1.

Lemma 1. For b < 1/2, truthful cheap talk communication, i.e. m(0) = 0, m(1) = 1,
n(0) =0, u(l) =1 and a(m) = p(m) + b, is the SPMI PBE. (Proof on page 28.)

If b is too large, S wants to send the cheap talk message 0 regardless of the actual 0

and therefore this message 0 is no longer credible.

2.3.2. The use of evidence

In this subsection, we consider the use of evidence in isolation, i.e. S can use evidence but
cannot vary her language. Following lemma 1, we concentrate on interactions in which
b > 1/2, for which no informative equilibrium in pure cheap talk exists.

Message m(0) = 0., i.e. combining message 0 with costly evidence, can still be credible
since S is more eager to induce a low action if § = 0 than if 8 is 1 — the Spence-Mirrlees
condition of signaling models. The following proposition completely classifies the set of

parameters for which there exists a PBE in which S uses evidence to credibly communicate
0.

Proposition 1. If S can only use evidence and b > 1/2, the SPMI PBE is as follows:

1. For c € [2b— 1,2b + 1], S credibly signals 0 with m(0) = 0., m(1) = 1, and R’s
beliefs are pu(0.) =0, u(1) = p(0) = u(le) =1 and a(m) = p(m) + b.

2. For ¢ & [2b—1,2b+ 1], no meaningful communication is possible in equilibrium, i.e.

there is no equilibrium in which information is transmitted from S to R.

(Proof on page 28.)
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Figure 1: Most informative equilibria if S can only use evidence
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Figure 1 illustrates the lemma. For b > 1/2, there exists a band of parameter values (b
and c) such that there exists an equilibrium in which € is communicated truthfully by the
use of evidence. If, for a given b, ¢ is too low, either type would find it optimal to expend
¢ if 1(0.) = 0, and hence there cannot be an equilibrium in which u(0.) = 0. If ¢ is too
large, then no type finds it optimal to expend ¢ even if ©(0.) = 0, and hence evidence is

never used.

2.3.3. The use of aggressive language

This section considers the use of aggressive language in isolation, i.e. S can only vary
her language to be either friendly or aggressive (and cannot use evidence). Since b and
b are common knowledge, R knows b — b and therefore knows whether S would derive a
direct benefit from using aggressive language. S can thus use aggressive language (or its
absence) as a costly signaling tool, similar to the use of evidence in the previous section.

We can distinguish two ways in which S can do so:

e “Tough talk among friends™ If b < b, aggressive language is costly for S and can be
used to directly support the message 0 (similarly to how costly evidence was used

in section 2.3.2).

e “Biting your tongue™ If b > l;, S enjoys using aggressive language, and its costly

absence can hence be used to support the message 0.

The following proposition establishes when each of these strategic uses of aggressive
language is possible. (We assume that b> 1 /2; otherwise S never engages in “tough talk

among friends” as can also be seen intuitively from figure 2.)
Proposition 2. If S can only vary her language and b > 1/2, the SPMI PBE is as follows:

o Ifb < b, S credibly signals 0 with m(0) = 0, and m(1) = 1 (“tough talk among

o) s 2b—1 241
friends”) if 2=> < g < T

o Ifb>b, S credibly signals 0 with m(0) =0 and m(1) = 1, (“biting your tongue”) if

-1 ~ , < 2041
b 9=

For all other values of g, there is no truthful communication as long as b > 1/2. (Proof

on page 28.)

Figure 2 illustrates the proposition. In regions labeled “A”, costs and benefits of using
aggressive language are too high for informative separation. In regions labeled “B”, they
are too low, so once aggression becomes informative, both types choose the same message
(always 0, with or without aggression). Subscript 1 denotes regions where no type uses
aggression; subscript 2 where all types do. Only in intermediate regions does a PBE exist

where exactly one type credibly communicates 6 through aggression.

11
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Figure 2: Most informative equilibria if S can only vary language.

2.3.4. How does communication evolve as b increases?

In our main model, S simultaneously chooses message m, whether to include evidence and
whether to use aggressive language. The previous sections showed how each can transmit
information. In our main model, the SPMI PBE may involve several tools. For example,
if b < I;, S can credibly signal # = 0 by using both evidence and costly aggressive language
(i.e. strategy m(0) = 04 and m(1) = 1).

We now derive some general results about the SPMI PBE across values of b. Which
equilibria exist (and are SPMI) for given b depends on ¢ and g; a full classification would
therefore involve a multitude of case distinctions. Instead, we highlight broad patterns:
how S uses evidence and aggression in the SPMI PBE at different ranges of b — and in
particular, how often and in what combinations. We formalize these insights through a
series of lemmas.

All these lemmas assume that b > 1 /2 — otherwise lemma 2 does not apply anywhere,

and lemma 3 applies for b > 1/2 analogously (while lemma 1 applies unchanged.)

Lemma 2. [f1/2 < b < l;, S uses one of the following messaging strategies in any SPMI
PBE:

1. m(0) =0, and m(1) =1
2. m(0) =0, and m(1) =1
3. m(0) = 04 and m(1) =1

4. m(0) = 0 and m(1) = 0 (or any other uninformative strategy of S that does not

involve evidence or aggressive language))
(Proof on page 28.)
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Lemma 3. Ifb > b, S uses one of the following messaging strategies in any SPMI PBE:
1. m(0) =0, and m(1) =1
2. m(0) =0 and m(1) = 1,
3. m(0) =0, and m(1) =1,
4. m(0) = 0 and m(1) =1,

5. m(0) = 0, and m(1) = 0, (or any other uninformative strategy of S that does not

involve evidence and where both types use aggressive language)
(Proof on page 29.)

For very large b, we can narrow down the set of SPMI PBE even further for generic

values of ¢ and g¢:

Lemma 4. Assume g # 2. For every combination of ¢ and g, there exists a b such that for
any b > b, the only PBE is that both types use aggressive language and no information is
transmitted. (Proof on page 29.)

2.4. Turning theoretical results into empirical predictions

Which PBE exist (and are SPMI) at a given b depends on ¢ and g. These vary across
individuals; and in any case we see this model as being somewhat abstract, so that c
and g have no direct equivalent in reality (or could be estimated from data). The model
nevertheless yields broad predictions about S’s behavior as b varies.!” We summarize three
observations that follow from the theory and translate them into empirical hypotheses.
Observation 1: For small b, evidence is never used. For intermediate b, evidence is

sometimes used. For very large b, evidence is never used. This leads us to:

Hypothesis 1. Fvidence use first increases, then decreases, following an inverse U-shape

i ideological distance.

Observation 2: Aggressive language rises with b: Absent at small b, used in up to half

of all messages at intermediate b, universal at large b. This leads us to:
Hypothesis 2. The use of aggressive language is increasing in ideological distance.

Observation 3: Evidence and aggressive language rarely coincide. Since, for large b,
aggressive language and evidence counteract each other, persuasion requires politeness

and evidence and we expect their co-usage to occur in a predictable pattern.

Hypothesis 3. Aggressive language is less frequent when evidence is used, and its increase

with b 1s weaker for replies with evidence than for those without.

170f course, R’s behavior also depends on b but is not observed in our data.
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A final remark to avoid misunderstandings: We neither assume nor predict that all
social media activity is aimed at persuasion. Our model describes an interaction in which
one side seeks persuasion. It predicts that many such attempts fail — because b or other
parameters make persuasion impossible. The model is thus consistent with most social

media activity not aiming at persuasion, as long as some does.

3. Empirics: Data and Methods

3.1. The empirical counterpart of our model

Building on our theoretical analysis and hypotheses, we now examine a dataset of sender-
receiver interactions collected on the social networking site Twitter in early 2021.'8 At
that time, Twitter allowed users to post short messages of up to 280 characters (“tweets”)
and to respond to others’ tweets with “replies.”

We treat replies as the empirical counterpart of our model: one user had voiced an
opinion, another responds, potentially trying to change the first user’s opinion. The replier
is the sender (S), the original poster the receiver (R). Estimating ideological distance
between S and R lets us study how messages vary with that distance. The next section
describes our data collection, how we measure ideological distance, and our empirical

strategy. Details are in the supplementary material.

3.2. A semi-supervised learning algorithm to measure ideology

Building a dictionary of partisan words We processed all available tweets from members
of the 116th and 117th U.S. Congress (up to early 2021) to build a dictionary of partisan
monograms and bigrams. A word/bigram entered the dictionary if it was used at least
twice as often by members of one party (Democrat or Republican) as by the other —
effectively a simplified y2-test rejecting equal usage. To ensure precision, we required
each word/bigram to appear at least 50 times.

Table 1 shows examples. Usage differences arise both from word choice (e.g. 80% who
use “realdonaldtrump” are Republican and 80% who use “trump” are Democrat) and topic
choice (e.g. talking about “ending gun violence” vs. “Chinese Communist Party”). We
are agnostic about the source of these differences.

We apply no further selection or manual additions. While discretionary data cleaning
and selection could reduce noise, it would inevitably also introduce subjective judgment

and potential political bias, which we aim to avoid.

Developing a scoring method Using our partisan dictionary, we score a user’s ideology by

comparing their original tweets (not replies/retweets) to usage by members of Congress.

BT witter has since been rebranded as X and changed its functionality, user base and API; our descrip-
tions apply to the period of data collection.
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Democrats ‘ Republicans Democrats ‘ Republicans

endgunviol ccp endgunviol kssen
trumpshutdown rubio trumpshutdown arkansan
actonclim arkansa actonclim countymeet
protectourcar schiff protectourcar nevergiveup
defendourdemocraci hawley defendourdemocraci bornal
forthepeopl communist lowerdrugcost nebraskan
climatecrisi prolif climateactionnow dakotan
justiceinpol chuckgrassley whatsatstak secureourbord
getcov oklahoma equalpay republicanstudi
lgbtq hoosier homeisher buildthewal

Table 1: Left: Words with most partisan usage difference among frequent words (more
than 1000 uses in our sample). “ccp” is an abbreviation for “Chinese Communist Party”.
Right: Most partisan words among words that were used at least 10 times in our sample.
“kssen” is an abbreviation for the senator of Kansas. (All expressions are stemmed, i.e.
have been reduced to their grammatical stems.)

Each partisan term receives a weight reflecting party differences in frequency; we then
average across all terms for a given user. We compute monogram and bigram scores

separately and combine them into a single measure. For example, the bigram score is

Zbgétemtﬂdict f’I"QQ(bg)
1

score{fext) = Zbgetextﬁdict
where text is the set of all bigrams in the user’s tweets, dict is the set of bigrams in
our bigram dictionary and freq(bg) gives the frequency of Republican usage of bg in our
dictionary. This scoring method places each user on a [0, 1] left-right scale: 0 if the user
only uses terms that are only ever used by Democrats, 1 if only Republican terms, and
intermediate values otherwise. All users in the sample have intermediate values, as shown
in the descriptive statistics (table 2).

To validate our measure, we scored (out-of-sample) journalists and pundits popular on
the left or right, using a list from StatSocial (2015). Our method classified these accounts
into partisan camps with over 85% accuracy (see table 7 on page 2 of the appendix).

We use a purely text-based approach since language is the most direct expression of
opinion and often the only accessible data. Similar methods have been used successfully
in e.g. identifying media slant, and we aim to show their validity and usefulness for
estimating ideology of social media users. Network-based approaches (e.g., Barber4 et al.,
2015; Barberd, 2015) are less suitable as they are less tightly connected to the text content
of replies that we want to analyze and also due to limited network data (many social
media services completely lack a follower-type network or no longer make it available to

researchers).

15



3.3. Main data collection and description

Sampling random Twitter users to prepare our main data collection We sampled
“senders” by randomly selecting Twitter users who (i) tweeted from the continental U.S.,
(ii) used the words “Trump,” “Biden,” or “Congress” during one week in February 2021,
(iii) had at least 500 original tweets (excluding replies/retweets), and (iv) had written at
least 20 replies to at least two different users. Conditions (iii)-(iv) ensure precise ideology
scores (restriction iii) and allow us to control for individual fixed-effects (restriction iv).
While these restrictions limit us to highly active users, any alternative specification would

yield significantly noisier measures.

Collecting our main dataset of interactions For these users, we collected all tweets and
replies. We use tweets to measure ideology; replies are our main data. For each reply, we
also scored the receiver’s ideology using their original tweets (again excluding accounts
with fewer than 500 to get precise estimates). This gives us the basic unit of our empirical
analysis: A dataset of reply tweets, for each of which we observe: (i) sender ideology, (ii)
receiver ideology and hence ideological distance, (iii) reply content, and (iv) features such

as links or hashtags.

Constructed metrics In addition to these descriptive metrics, we measure two attributes
of each reply: profanity frequency (using the method by Zhou et al., 2021) and sentiment
(using VADER by Hutto and Gilbert (2014)).® These simple, rule-based approaches
have the advantage of transparency and reproducibility as they neither require manual
classification nor the use of black-box systems on our side (as more complex machine

learning or Al models would).

3.4. Descriptive statistics

Table 2 reports descriptive statistics. Variables include: absolute score difference be-
tween sender and receiver, links (count and dummy), media (a dummy for usage of pic-
tures/video), profanity frequency, sentiment score, number of hashtags and tweet/word

length in characters.

No systematic differences in ideology Senders of different ideologies reply at similar
rates and their replies show no systematic differences in our variables. Differences only
emerge in interactions, i.e. depending on ideological distance — the main focus of our
analysis. Figure 6 on page 8 of the appendix shows distributions of the main variables by
ideology, while our main analysis controls for sender and day fixed effects (and hence also

for differences in sender ideology).

19Results are robust to other sentiment analyzers such as QDAP by Hu and Liu (2004).
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Obs Mean  Std. Dev. Min Max
absolute score difference | 139075  0.101 0.085 1.885e-06  0.465
receiver score | 139075  0.473 0.116 0.099 0.829
sender score | 139075  0.453 0.072 0.240 0.739
number links | 139075  0.034 0.202 0 6
link dummy | 139075  0.031 0.172 false true
media | 139075  0.071 0.257 false true
profanity | 139075  0.151 0.228 5.145e-04  1.000
sentiment | 139075 -0.031 0.570 -0.998 1.000
hashtags | 139075  0.259 0.918 0 29
tweet length | 139075 153.293  78.027 0 293
word length | 138878  5.477 0.638 1.000 34.000

Table 2: Descriptive statistics of our main dataset.

Histogram and examples Figure 3 shows the distribution of sender-receiver score differ-
ences. Table 19 in the appendix lists 20 random reply tweets each by senders in the highest

and lowest 10% of scores to illustrate how their political opinions differ (on average).

1.20%10" |
1.00x10" |
8.00x10° |
6.00x10° |-
4.00x10° [

2.00x10° [

0

0.4 -0.2 0.0 0.2 0.4
score difference

Figure 3: Distribution of the difference between receiver score and sender score.

3.5. Main analysis of reply tweets

Our main dataset has 139,075 replies from 2,401 senders to 28,796 receivers. For each
reply, we observe sender and receiver ideology plus interaction features, which allows us
to examine how the nature of communication varies in ideological distance. Formally, we

use OLS to estimate equations of the following form:
property, = 3 ‘scores(i) — scoreR(i)| + FEgs) + FEgqy + €

where property; is the reply characteristic of interest. S(i) and R(¢) are the sender and
receiver in interaction i. FEg(; and FEgq, are fixed effects for sender S(i) and for the
day of the reply. ¢; is an error term; error terms are clustered at the sender level. Due

to the sender-level fixed effect, we effectively use variation in the score of the receivers to
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estimate the parameter of interest 5. For each regression that is in the main text of the
paper, tables in the online appendix explore how coefficients are robust to different fixed

effects and types of standard errors.

4. Empirics: Results

Signaling with evidence Our model predicts that as ideological distance increases, in-
formative communication requires S to use costly signals such as evidence. Hypothesis 1
states that evidence use should rise with distance, then decline once informative commu-
nication becomes impossible. Evidence can take many forms, but all are costly — typically

in the time needed to find and present them. In our setting, we focus on three observable

types:

1. Hyperlinks: to news articles, statistics, fact checks, research etc. We directly observe

whether a reply includes a link; this is our clearest measure of evidence.

2. Complex arguments: While we cannot directly quantify how complex and sophisti-
cated an argument is, we can proxy it with two dimensions: average word length and
tweet length.2° The former is an integral part of widely-used readability scores, such
as the Automated Readability Index or Coleman-Liau. The latter follows from the
simple consideration that arguments take space. Of course, neither is sufficient to
making a more complex argument, but for our purposes it is enough that measures

correlate with effort.

3. Media: Images may signal effort, either by finding a supportive graphic/meme or

by sharing longer text as an image to bypass Twitter’s 280-character limit.

Table 3 shows that all three tools are more common when sender-receiver distance
is larger, consistent with the first part of Hypothesis 1. The predicted inverse U-shape
appears for some measures but not others (table 4); we discuss possible explanations in
section 5.2. Figure 7 in the appendix shows raw (binned) scatterplots, though much of

the interesting variation is within-sender and so these plots are not very informative.

Aggressive language To test hypothesis 2, we measure aggressive language in three ways:

1. Profanity, which we measure with the probabilistic “profanity-check” method of
Zhou et al. (2021).

2. Sentiment, using the VADER sentiment analysis tool (Hutto and Gilbert, 2014).
(Results are robust to alternative tools such as the dictionary of positive and negative
words of Hu and Liu (2004).)

20While tweet length is limited to 280 characters by Twitter, our descriptive statistics show that most
replies remain far below the maximum and there is large variance.
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number links link dummy tweet length word length  media

(1) (2) (3) (4) (5)

absolute score difference 0.015* 0.016* 23.234%** 0.215%*%*  (.072%**
(0.007) (0.007) (4.313) (0.030) (0.015)

sender fixed effects Yes Yes Yes Yes Yes
day fixed effects Yes Yes Yes Yes Yes
N 139,035 139,035 139,035 138,838 139,035
R? 0.451 0.333 0.275 0.154 0.374

Table 3: Tweets get longer, more complex, and contain more hyperlinks as ideological
difference increases. (Standard errors in parenthesis, standard errors are clustered on
sender level, significance levels: * 5%, ** 1%, *** 0.1%)

number links

link dummy tweet length word length  media

(1) (2) (3) (4) (5)

absolute score difference 0.056** 0.055** 10.552 0.380*** 0.015
(0.019) (0.018) (10.084) (0.088) (0.032)

absolute score difference? -0.146** -0.138* 44.783 -0.584 0.202
(0.056) (0.054) (35.662) (0.321) (0.113)

sender fixed effects Yes Yes Yes Yes Yes
day fixed effects Yes Yes Yes Yes Yes
N 139,035 139,035 139,035 138,838 139,035
R? 0.451 0.333 0.275 0.154 0.374
Consistent with hypothesis 17 v v X v X
(sig) (sig) (not sig) (not sig) (not sig)

Table 4: An inverse U-shape pattern exists for some but not all evidence variables. (Stan-
dard errors in parenthesis, standard errors are clustered on sender level, significance levels:
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Figure 4: A larger (absolute) difference between sender and receiver score is associated
with a lower sentiment score and higher usage of profanity and hashtags. (Binned scatter
plots. One dot corresponds to roughly 1000 observations, grouped according to absolute
score difference. One outlier removed in hashtags plot.)

3. Hashtags, which often function as declarative, emotional expressions (e.g. simply
replying “#fakenews” to a tweet). Randomly drawn examples of hashtags are shown

in appendix table 19.

The raw, binned scatterplots in figure 4 show that greater ideological distance is as-
sociated with more profanity (left panel), more negative sentiment (center), and more
hashtags (right). These descriptive patterns persist with sender and day fixed effects
(table 5), consistent with hypothesis 2.

profanity sentiment hashtags

(1) (2) (3)

absolute score difference 0.164***  -0.308*** (.280***
(0.013) (0.028) (0.045)

sender fixed effects Yes Yes Yes
day fixed effects Yes Yes Yes
N 139,035 139,035 139,035
R? 0.149 0.101 0.422
Consistent with hypothesis 27 v v v
(sig) (sig) (sig)

Table 5: The relationships predicted by hypothesis 2 (standard errors in parenthesis,
standard errors are clustered on sender level, significance levels: * 5%, ** 1%, *** 0.1%)

Interaction effects between evidence and aggressive language Hypothesis 3 predicts
that evidence and aggressive language rarely coincide, and that the increase in aggression
with ideological distance should be smaller in replies with evidence. Table 6 supports this.
Columns 1-3 show weaker effects of distance on profanity and hashtags when restricting

our sample to replies with links, but not for sentiment.?! To explain the result in column

2'Hypothesis 3 predicts insignificant coefficients, so insignificant results in cols. 1 and 3 are consistent
with the hypothesis.
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2, note that negative sentiment can still arise in polite replies because disagreement itself
is coded as negative, even without hostility.?? Profanity, by contrast, is less compatible
with respectful debate.

Columns 4-6 of table 6 show the results of interaction regressions. Negative interaction
coefficients show that links moderate the effect of ideological distance on aggression. For
profanity, the distance effect nearly disappears when a link is present. Once again, the

result is least clear for our measure of sentiment.

profanity sentiment hashtags profanity sentiment hashtags

(1) (2) (3) (4) (5)

(6)

absolute score difference 0.098  -0.413** -0.468  0.169***  _0.308*** (.298***
(0.063)  (0.158)  (0.394)  (0.014)  (0.028)  (0.044)

link dummy -0.007 0.002 0.183*

(0.006) (0.021) (0.093)
link dummy x absolute -0.159%* 0.020 -0.697
score difference (0.071) (0.149)  (0.431)
sender Fixed Effects Yes Yes Yes Yes Yes Yes
day Fixed Effects Yes Yes Yes Yes Yes Yes
N 3,822 3,822 3,822 139,035 139,035 139,035
R? 0.296 0.395 0.760 0.150 0.101 0.422
Consistent with v X v v X v
hypothesis 37 (sig)  (not sig) (not sig)

Table 6: Effects of ideological distance on aggressive/emotional language in the subsample
of replies with links (first three columns) or in interaction regressions (last three columns).
Standard errors in parenthesis, standard errors are clustered on sender level, significance

levels: * 5%, ** 1%, *** 0.1%.

Homophily We also document homophily in interactions: users tend to reply to ide-
ologically similar users. This is consistent with prior studies (Barbera et al., 2015;
Krasodomski-Jones, 2017) that used different methods. Figure 5 shows that most ex-
changes occur between ideologically close users; table 20 in the appendix gives the re-
gression parameters. While our theoretical model does not analyze the decision who to
reply to, it provides a reason for why communication over large ideological distances does
not take place: credible transmission of information is harder and at very large distances

outright impossible.?

22E.g. “While T get your idea, I think you may have missed the increase in last month’s unemployment
rate” is not necessarily aggressive but yields a negative sentiment score of —0.4215.

23The displayed homophily partly reflects who users choose to follow, which in turn influences whom
they reply to. We would argue that this bias, resulting from user choice, is endogenous and therefore
consistent with users following people with whom communication is easier.

21



2.50x10"

2.00x10*

1.50x10%

1.00x10"

5.00x10°

0.0 0.1 0.2 0.3 0.4
absolute score difference

Figure 5: Histogram of absolute score difference.

The homophily pattern is consistent with so-called “echo chambers.” At the same time,
there is substantial unexplained variation, which is unsurprising — given that we include
all interactions by people who have at some point used a political term, and make no

further pre-selection into our dataset.

5. Discussion

5.1. Costs and mechanisms that are missing from our model

A cost of being treated aggressively (and other costs or benefits of the receiver). Other
work highlights the harms of hate speech for targets and society (Miiller and Schwarz,
2021, 2023; Theocharis et al., 2016; Braghieri et al., 2022). Such costs do not alter R’s
inference problem and thus do not affect S’s behavior, which is our focus. It may be
reasonable to think that R is less persuaded when targeted with aggressive language simply
due to behavioral reasons, but our analysis shows this effect can also emerge endogenously
from rational inference. The same logic applies to any direct costs or benefits for R: unless

they alter inference, they leave S’s behavior unchanged.

Trolls and bots. Our model assumes senders are willing to transmit information, at least
in principle. Trolls and disinformation bots do not fit this assumption, but can instead
be viewed as “diluting” information. If S is a real person with probability 1 — A and a bot
with probability A, R discounts all messages accordingly. This weakens S’s incentive to
provide costly signals such as evidence, though under some conditions (if e.g. ¢ is small)
the presence of bots can increase informativeness by raising effective costs. Information
dilution thus works similarly to an increase in signal costs, which can have ambiguous

effects that depend on the cost level.
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We minimize bot influence in our empirical work by restricting our sample to US-based
accounts with geolocation, requiring many original tweets, and excluding new accounts.
While it is possible to falsify such information, such sophistication was rare at the time
of data collection, and bots meeting these criteria may follow incentives similar to those

in our model.

5.2. What happens at a large ideological distance?

Our model makes two predictions about large ideological distances that diverge to some
extent from our data. We discuss these differences and why we think they may reflect
effects outside — though not contradictory — to our framework.

First, while our model predicts frequent use of aggressive language at large b, we
observe fewer interactions among distant users. This may reflect that we do not model
who can reply to whom. Our model treats S and R as exogenously paired, but in reality
replies depend on what users see, which follows from whom they follow. Homophily in
following is well documented (Barbera et al., 2015; Krasodomski-Jones, 2017) and appears
in our data (figure 5). Homophily may arise if exposure to disliked views or aggressive
language carries costs (cf. section 5.1).

Aggressive language can also dissolve ties: studies show it prompts unfriending, unfol-
lowing, or blocking (Goyanes et al., 2021). Thus, connections with persistent aggression
may disappear, leaving more moderate ties intact. We therefore think it plausible that
such homophily limits users’ opportunities to interact with ideologically distant others.
Thus, while aggressive language and uninformative messages occur in such interactions,
they are less common than if all interactions were equally likely.

Second, our model (hypothesis 1) predicts an inverse U-shape in evidence use over
ideological distance. In the data, this appears for some measures but others show a
monotonic increase. We think this is related to the previous point on homophily: the
declining part of the inverse U-shape would be driven by very distant interactions with
no evidence, but many such interactions never occur. We also need to remember that the
costs/benefits of evidence (¢) and aggression (g) likely vary across people and contexts.
Evidence may be easier to supply on well-documented, low-emotion topics; where ¢ is
higher, we may still see evidence even at large b.2* Similarly, if S could increase ¢ — e.g.,
by providing multiple links or longer arguments — credible communication might persist

even at large distances.

5.3. Are arguments and links costly signals or “verifiable information”?

In our model, evidence — arguments or sources — functions as a costly signal: only those

with specific knowledge or conviction invest effort to supply it. One may ask why not

24Users may thus overcome homophily when meaningful communication is possible, e.g. when c is high.
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treat such evidence as verifiable information in the sense of Milgrom and Roberts (1986),
which proves a point because it can only be sent if true.?®

We argue that while verifiable information exists (e.g. our proofs in the appendix), it
is implausible in most online debate. Discussions occur under strict time and attention
limits; users post brief explanations or one hyperlink, rarely detailed refutations with
full references that would rise to the standard of fully verifiable information. Moreover,
political debates rarely hinge on simple facts. Issues like immigration or democracy allow
evidence in the form of stories or arguments, but rarely yield unambiguous proof that
opponents would accept.

If users could deploy verifiable evidence at some cost, our model would predict abun-
dant high-quality information even at large ideological distances. Yet our data show the
opposite: fewer interactions over large ideological distances, and link use that rises and
then falls.

Verifiable information also raises the problem of more sophisticated forgeries: Greater
ideological distance increases incentives to fake convincing proof, and thus the incentive to
invest into sophisticated fabrications. Our results would change only if verifiable evidence
were widely available, affordable, and tamper-proof. These are conditions unlikely to hold,
so that evidence is more plausibly thought of as a signaling device.

Evidence may also persuade because there are mental or reputational costs to “faking”
it. Listeners then infer: “If she makes the argument, there must be some truth to it.”
Such reasoning is unnecessary among allies and ineffective among opponents, leading to

practical implications similar to our model.

5.4. Who is the audience of a reply tweet?

Because all interactions on Twitter were public during our study period, one might ques-
tion that the reply’s audience is the author of the original tweet (R) — a central assumption
for our analysis. While a simplification, we see two main reasons it is reasonable.

First, our dataset covers interactions of random active users, not celebrities. These
exchanges rarely attract large audiences, so replies are most likely seen by R (who wrote
the original tweet). Second, replies may also reach R’s followers, who are the people most
likely to view R’s original tweet. Thus S can be seen as addressing R and R’s audience.?
Given the strong homophily of Twitter networks (see the end of section 4 and section
5.2), this audience likely shares R’s ideology. Replies to right-wing users, for example, are
addressed to an audience that is on average also right-wing. Audience heterogeneity adds

noise but does not alter the main logic of our analysis.

25This is connected to “fact-checking” social media posts, discussed in section 5.5.
2685 own followers may also see the reply, but sender fixed effects in our regressions minimize the effect
this could have on our estimates.
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5.5. How can political debate on social media (not) be improved?

We close by asking three questions: (i) which platforms or settings foster productive
debate, (ii) which measures could improve existing platforms, and (iii) how developments

such as bots and Al-driven engagement may affect debate.

Platform design. Our analysis shows that information exchange is poorest across large
ideological distances, where aggression is also highest. It is therefore unclear whether
platforms should always promote “across the divide” communication. Smaller, more fo-
cused fora — where users interact within limited, more homogeneous groups rather than
the “all-against-all” of Twitter — may enable more truthful communication.?”

Such settings may also mitigate the one-shot nature of online debate — another prob-
lem suggested by our analysis. When users engage with strangers or random audiences,
incentives for truth-telling are weak. Features that build trust, e.g. through repeated
interaction, can improve truth-telling and constructive engagement. Platform incentives,
however, often run counter to these improvements: vitriolic debate boosts engagement
(see Beknazar-Yuzbashev et al., 2022 for an experiment; Beknazar-Yuzbashev et al., 2024

for a model).

Platform policies and fixes. Policies to reduce hate speech include moderation and dele-
tion (Jiménez-Duran, 2023) and counterspeech (Munger, 2017, 2021; Hangartner et al.,
2021). Our analysis suggests hate speech has an indirect role: its absence signals effort.
Removing it makes this absence uninformative and may reduce information transmission
— though this must be weighed against the substantial harms of hate speech, which we do
not model. Counterspeech and punishments (e.g. bans) raise the cost of hate speech, but
also reduce the informational value of politeness.

Fact-checking has been proposed to combat disinformation. Accurate checks raise the
cost of evidence, since senders must provide material that can pass (or has passed) a fact
check. This corresponds to a rightward shift in figure 1, whose impact depends on whether
costs were previously too low to enable signaling.

Two further issues merit caution. First, fact-checkers may exhibit ideological bias
themselves (Allen et al., 2022), so trust in their assessments follows partisan lines. They
thus enter a strategic communication game themselves. This may explain why many
offer qualifications and detailed explanations: signaling sincerity rather than providing
definitive proof. Second, relying on fact-checking may misinterpret how “facts” persuade.
In our analysis, facts matter less for content than as signals of sincerity. This aligns with

evidence that fact-checking alters factual knowledge but not candidate attitudes (Swire

2TFor a broader argument on the advantages of small or homogeneous groups, see Jann and Schottmiiller
(2023).
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et al., 2017; Barrera et al., 2020; Nyhan et al., 2020) (though it is of course far from the
only explanation for these finding).

Sharing frictions reduce the likelihood that disinformation gets shared (Aridor et al.,
2024, section 2.2.1). In our model, raising the sharing cost ¢ has ambiguous effects: it
may deter disinformation and create a separating equilibrium, but could also discourage
users from signaling conviction by sharing accurate content. The latter effect would be
harder to observe, since it implies information is never posted. In terms of figure 1, higher
¢ can move behavior into or out of the signaling interval.

We should be clear that our analysis alone cannot determine whether such policies have
net positive or negative effects. In particular, the incentives of platforms and users may
not align with maximizing information or minimizing harm. We argue mainly that many
measures have non-obvious side effects, as they affect the possibility to signal through

evidence and tone.

Changes and outlook. Our 2021 data mostly include human interactions — both genuine
debate and trolling — plus some relatively unsophisticated bots. Since then, generative
AT has transformed the landscape: Al actors can now interact fluently while appearing
human. This changes the cost calculus. Human users may reveal beliefs through effort
or satisfaction in aggression, but AI motivations may be very different. If Al-generated
posts become widespread and a lot of communication happens through signaling, as our
model posits, information exchange may be increasingly diluted. This equilibrium effect
of bots — not to persuade, but to erode belief altogether — matches research showing that
misinformation mainly fosters cynicism, apathy, extremism, and polarization (Guess and
Lyons, 2020, p. 25).

Overall, Al does not eliminate the problem of signaling sincerity, but may render
traditional cost-based signals ineffective. New mechanisms may be required, such as
subscription-based services (Beknazar-Yuzbashev et al. 2024) or other ways of making
cost explicit. The central challenge is how platforms can design incentives that make
sincerity profitable and insincerity unprofitable — and how platforms themselves can be
incentivized to do so.

One possibility is that platforms could provide explicit signals, rather than relying on
implicit ones (like links or tone). For example, users might receive a limited number of
highlighted “golden posts” per month; readers could then draw inferences from someone
using their “golden post” on a topic.?® Allowing purchase of extra golden posts, however,
might undermine their value if willingness to pay varies too widely. We are unaware of
such policies (though Twitter has introduced a blue check next to user names at a monthly

price).

28 Economists will recognize this from the AEA job market, where applicants send a limited number of
signals to employers and a signal’s value stems from its scarcity.
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6. Conclusion

We have combined theory and empirics to understand political debate on social media. We
argue that ideological distance crucially shapes communication, influencing both the use of
aggressive language and of evidence such as hyperlinks. Our model identifies mechanisms
consistent with the patterns we document in a large dataset of online interactions.

We demonstrate that mistrust across ideological divides makes informative commu-
nication difficult. Strategic tools — detailed arguments, references, and politeness — can
partly offset this, but cannot eliminate the problem. While mistrust is especially severe
online, it is plausible that the mechanisms we identify are also found offline (where the
term “biting your tongue” comes from).

While we discuss some ways to (not) improve online debate in section 5.5, we would
not argue that any single model or analysis can provide a full roadmap for policymaking
on platforms. Rather, we have pointed out some effects, empirical regularities and non-

trivialities that any attempt to improve online discourse must take into account.

27



Appendix

A. Proofs

Proof of lemma 1:

The only relevant deviation is the 1-type pretending that # = 0 by sending m(1) = 0.
This gives payoff —(b—1)2, whereas the equilibrium strategy gives payoff —b?. The 1-type
hence optimally sticks to the equilibrium strategy if —b* > —(b—1)? or b < 1/2. O

Proof of proposition 1:

For the 0-type, following the equilibrium strategy gives payoff —b? — ¢, while any deviation
gives payoff —(1 + b)?; this gives an IC constraint of ¢ < 2b + 1. For the 1-type, the
equilibrium strategy gives payoff —b?, while the only potentially profitable deviation is
m(1) = 0, (as all other deviations do not change R’s beliefs) which gives payoff —(b—1)%—c.
This gives the second IC constraint ¢ > 2b — 1; together the two constraints prove the

proposition. 0

Proof of proposition 2:

First, consider b < b and combine the messaging strategy m(0) = 0, and m(1) = 1 with the
beliefs 1(0,) = 0 and wu(0) = p(1) = p(1l,) = 1. The 0-type’s payoff from the equilibrium

strategy is —b% + g(b — b), while the payoff of any deviation is at most —(1 4 b)2. This
241
b—b R
strategy is —b® while the best possible deviation payoff is —(b—1)? + g(b —b). This gives

gives the first IC constraint: g < . Similarly, the 1-type’s payoff from the equilibrium
the second IC constraint: g > %. Together, these two constraints imply the first part
of the proposition.

Now consider b > b and combine the messaging strategy m(0) = 0 and m(1) = 1,
with the beliefs p(0) = p(1) = 0 and u(1,) = u(0,) = 1. The 0-type’s payoff from the
equilibrium strategy is —b2, while the payoff from the best deviation is —(14b)2+g(b—b).
This gives the first IC constraint: g < beT*bl

strategy is —b + g(b — b), while the payoff from the best deviation is —(b — 1), which

The 1-type’s payoff from the equilibrium

gives the second IC constraint g > % Together, these two constraints imply the second
part of the proposition.

If these constraints are not fulfilled, there exists no PBE in which the 1-type finds it
too costly to imitate the O-type; this implies the third part of the proposition. O

Proof of lemma 2:

A PBE in which S uses evidence if § = 1 cannot be SPMI: If it is a PBE and S’s message

is uninformative, then there is also an uninformative equilibrium in which no evidence is
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used and which is therefore sender preferred. Hence, consider the case that it is a PBE and
S’s equilibrium message 1. is informative. But if S can transmit information by acquiring
evidence if 8 = 1, there also exists a PBE in which S transmits the same information by
not acquiring evidence (which relaxes the IC-constraint), and which is sender-preferred
since S does not incur the cost ¢ if = 1.

Analogously, a PBE in which S uses aggressive language if 6 = 1 cannot be SPMI.
Since b > 1/2, there is no informative PBE in which m(0) = 0. This leaves only the set
of PBEs given in the lemma. O

Proof of lemma 3:

Analogously to the proof of lemma 2, a PBE in which S uses evidence if § = 1 cannot
be SPMI. A PBE in which S uses aggressive language only if 6 = 0 cannot be SPMI,
since it is either uninformative (in which case S has a profitable deviation to also using
aggressive language if # = 1), or it is informative in which case there must also exist a
sender-preferred PBE in which S uses aggressive language in both cases (as this relaxes

the 1-type’s IC-constraint). The remaing PBE are the ones listed in the lemma. O]

Proof of lemma 4:

Wlog we assume b > b. Consider the PBE listed in lemma 3. It follows from propositions
1 and 2 that the first and second of these PBE do not exist if b is large enough. An
analogous argument applies to the fourth PBE. For the third PBE, the IC constraints are
given by:

(g—2b<gh+1—c
(for the 0-type) and

(g—2b>gb—1—c

(for the 1-type). This means that for g < 2, the PBE in which the O-type uses evidence

and the 1-type uses aggressive language does not exist for

1+c—gl;

b >
2—yg

Y

and for g > 2 it does not exist for

b+1—
Sgori-c
g—2

b

Only the PBE in which no information is transmitted and both types use aggressive

language remains. [
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Appendices for online publication

B. Additional Tables and Figures

screen name score
RBReich 0.339
MHarrisPerry 0.347
ariannahuff 0.37
DavidCornDC 0.379
TheRevAl 0.39
ChrisCuomo 0.406
ezraklein 0.407
donnabrazile 0.422
NateSilver538 0.429
anamariecor 0.429
paulkrugman 0.429
sullydish 0.431
CharlesMBlow 0.431
camanpour 0.432
Lawrence 0.433
HardballChris 0.435
maddow 0.441
Jdickerson 0.447
markos 0.449
KirstenPowers 0.457
AnnCoulter 0.457
NickKristof 0.458
chrislhayes 0.471
KatrinaNation 0.471
costareports 0.474
nycjim 0.479
stephenfhayes | 0.484
MajorCBS 0.497
mkhammer 0.498
megynkelly 0.507
brithume 0.507
EWErickson 0.508
secupp 0.509
greggutfeld 0.516




ggreenwald 0.538
mtaibbi 0.539
FareedZakaria 0.54

seanhannity 0.5562
jaketapper 0.557
RichLowry 0.56

michellemalkin | 0.567
glennbeck 0.574
DLoesch 0.583
greta 0.585
AHMalcolm 0.594
ericbolling 0.599
TeamCavuto 0.602
DanaPerino 0.617
Peggynoonannyc | 0.639
kimguilfoyle 0.646
edhenry 0.686
MonicaCrowley | 0.73

Table 7: Scoring of most influential journalists and bloggers on the right and left accord-
ing to StatSocial (2015). The coloring is based on the exact coding in the source (rather
than manually classifying the accounts ourselves) to be as objective as possible. It should
be noted that “jaketapper” is a journalist who tends to be more popular with Democrats,
contrary to what both the source and our scoring suggest. At the same time, the three
highest-scored pundits in our sample whom StatSocial still scores as “Democratic” have
since either become much more pro-Republican (Glenn Greenwald and Matt Taibbi) or
are mainly seen as centrist or conservative (Fareed Zakaria).



number links

(1) (2) (3) (4) (5)
(Intercept) 0.039*#%  (.039%**
(0.001)  (0.009)
absolute score difference -0.054%** -0.054  -0.046 0.015* 0.015*
(0.006)  (0.038) (0.035) (0.007) (0.007)

day Fixed Effects Yes Yes
sender Fixed Effects Yes Yes
Clustered SE Yes Yes Yes Yes
N 139,075 139,075 139,075 139,035 139,035
R? 0.001 0.001 0.010 0.446 0.451

Table 8: Regression results (standard errors in parenthesis, standard errors are clustered
on sender level, significance levels: * 5%, ** 1%, *** 0.1%)

number links

(1) (2) (3) (4) (5)
(Intercept) 0.040%**  (0.040***
(0.001)  (0.011)
absolute score difference  -0.075%*** -0.075  -0.067 0.057**  0.056**
(0.020)  (0.091) (0.085)  (0.019)  (0.019)

absolute score difference? 0.075 0.075 0.073 -0.148** -0.146**

(0.067) (0.201)  (0.193) (0.057) (0.056)
day Fixed Effects Yes Yes
sender Fixed Effects Yes Yes
Clustered SE Yes Yes Yes Yes
N 139,075 139,075 139,075 139,035 139,075
R? 0.001 0.001 0.010 0.446 0.451

Table 9: Regression results (standard errors in parenthesis, standard errors are clustered
on sender level, significance levels: * 5%, ** 1%, *** 0.1%)



link dummy

(1) (2) (3) (4) (5)
(Intercept) 0.034%**  (0.034***
(0.001)  (0.006)
absolute score difference -0.036*** -0.036  -0.031 0.016* 0.016*
(0.005)  (0.026) (0.025) (0.007) (0.007)

day Fixed Effects Yes Yes
sender Fixed Effects Yes Yes
Clustered SE Yes Yes Yes Yes
N 139,075 139,075 139,075 139,035 139,035
R? 0.000 0.000 0.010 0.327 0.333

Table 10: Regression results (standard errors in parenthesis, standard errors are clustered
on sender level, significance levels: * 5%, ** 1%, *** 0.1%)

media

(1) (2) (3) (4) (5)
(Intercept) 0.050%**  (0.050%**
(0.001)  (0.005)
absolute score difference 0.204***  (0.204** (0.197** 0.072*%** (.072*%**
(0.008)  (0.066) (0.063)  (0.015)  (0.015)

day Fixed Effects Yes Yes
sender Fixed Effects Yes Yes
Clustered SE Yes Yes Yes Yes
N 139,075 139,075 139,075 139,035 139,035
R? 0.005 0.005 0.040 0.369 0.374

Table 11: Regression results (standard errors in parenthesis, standard errors are clustered
on sender level, significance levels: * 5%, ** 1%, *** 0.1%)



tweet length

(1) (2) (3) (4) (5)
(Intercept) 151.368***  151.368***
(0.324) (1.471)
absolute score difference  19.062*** 19.062 16.935 23.785%** 23 234%**
(2.448) (11.786) (11.001) (4.381) (4.313)
day Fixed Effects Yes Yes
sender Fixed Effects Yes Yes
Clustered SE Yes Yes Yes Yes
N 139,075 139,075 139,075 139,035 139,035
R? 0.000 0.000 0.015 0.267 0.275

Table 12: Regression results (standard errors in parenthesis, standard errors are clustered
on sender level, significance levels: * 5%, ** 1%, *** 0.1%)

tweet length

(1) (2) (3) (4) (5)
(Intercept) 151.042%%%  151.042%**
(0.439) (1.668)
absolute score difference 27.199*** 27.199 26.497 9.202 10.552
(7.796) (32.070)  (30.290) (10.248) (10.084)
absolute score difference? -28.298 -28.298 -33.272 51.450 44783
(25.743) (118.178) (112.189) (36.280) (35.662)
day Fixed Effects Yes Yes
sender Fixed Effects Yes Yes
Clustered SE Yes Yes Yes Yes
N 139,075 139,075 139,075 139,035 139,075
R? 0.000 0.000 0.015 0.267 0.275

Table 13: Regression results (standard errors in parenthesis, standard errors are clustered
on sender level, significance levels: * 5%, ** 1%, *** 0.1%)



word length

(1) (2) (3) (4) (5)
(Intercept) 5.445%H% 5 44 5%k
(0.003)  (0.010)
absolute score difference 0.318*** (.318*%** (.316%** (.219%** (.215%**
(0.020)  (0.079)  (0.076)  (0.030)  (0.030)

day Fixed Effects Yes Yes
sender Fixed Effects Yes Yes
Clustered SE Yes Yes Yes Yes
N 138,878 138,878 138,878 138,838 138,838
R? 0.002 0.002 0.016 0.146 0.154

Table 14: Regression results (standard errors in parenthesis, standard errors are clustered
on sender level, significance levels: * 5%, ** 1%, *** 0.1%)

word length

(1) (2) (3) (4) (5)
(Intercept) 5.443%¥% 5 443%H%
(0.004)  (0.011)
absolute score difference  0.369*** 0.369%  0.373* 0.356*** (0.380***
(0.064) (0.169)  (0.155) (0.093) (0.088)
absolute score difference? -0.177 -0.177  -0.199 -0.482 -0.584
(0.211)  (0.503) (0.470)  (0.341)  (0.321)

day Fixed Effects Yes Yes
sender Fixed Effects Yes Yes
Clustered SE Yes Yes Yes Yes
N 138,878 138,878 138,878 138,838 138,878
R? 0.002 0.002 0.016 0.146 0.154

Table 15: Regression results (standard errors in parenthesis, standard errors are clustered
on sender level, significance levels: * 5%, ** 1%, *** 0.1%)



profanity

(1) (2) (3) (4) (5)
(Intercept) 0.127%%* (. 127%**
(0.001)  (0.003)
absolute score difference 0.236***  0.236*** 0.239*%** 0.165*** 0.164***
(0.007) (0.035) (0.034) (0.013) (0.013)

day Fixed Effects Yes Yes
sender Fixed Effects Yes Yes
Clustered SE Yes Yes Yes Yes
N 139,075 139,075 139,075 139,035 139,035
R? 0.008 0.008 0.019 0.142 0.149

Table 16: Regression results (standard errors in parenthesis, standard errors are clustered
on sender level, significance levels: * 5%, ** 1%, *** 0.1%)

sentiment

(1) (2) (3) (4) (5)
(Intercept) 0.019***  0.019**
(0.002)  (0.006)
absolute score difference -0.489***  _0.489*** _(0.502*%** _0.311*** -0.308%**
(0.018)  (0.054)  (0.049)  (0.028)  (0.028)

day Fixed Effects Yes Yes
sender Fixed Effects Yes Yes
Clustered SE Yes Yes Yes Yes
N 139,075 139,075 139,075 139,035 139,035
R? 0.005 0.005 0.021 0.090 0.101

Table 17: Regression results (standard errors in parenthesis, standard errors are clustered
on sender level, significance levels: * 5%, ** 1%, *** 0.1%)
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Figure 6: Violin plots of our main variables by sender decile, ranging from the most left-
wing senders (decile 1) to the most right-wing ones (decile 10).

hashtags

(1) (2) (3) (4) (5)
(Intercept) 0.210%**  (0.210%**
(0.004)  (0.026)
absolute score difference 0.489***  (0.489** (0.475%* (0.275%** (.280***
(0.029) (0.166)  (0.161) (0.045) (0.045)

day Fixed Effects Yes Yes
sender Fixed Effects Yes Yes
Clustered SE Yes Yes Yes Yes
N 139,075 139,075 139,075 139,035 139,035
R? 0.002 0.002 0.014 0.416 0.422

Table 18: Regression results (standard errors in parenthesis, standard errors are clustered
on sender level, significance levels: * 5%, ** 1%, *** 0.1%)

C. Documentation of data collection

In our data collection and analysis, we rely on the open-source programming languages
R, Julia and Python, most notably on the rtweet package by Michael W. Kearney and
the Julia-TextAnalysis package.
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Figure 7: Model predicts inverse U-shape between absolute score difference and evidence
variables. Binned scatter plots. One dot corresponds to roughly 1000 observations which
are grouped according to absolute score difference. One outlier removed in each of the

links plots.

receiver score

(Intercept) 0.408%**
(0.018)
sender score 0.144***
(0.038)
N 139,075
R? 0.008

Table 20: The relationship between sender and receiver score (standard errors in paren-

thesis, standard errors are clustered on sender level, significance levels: * 5%, ** 1%,

0.1%)
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C.1. Tweets of members of Congress

C.1.1. Collection

We use the lists of twitter handles that are provided on official twitter accounts of the
Republican and Democratic delegations in the US Congress. Namely, these are the list
"SenateDemocrats” by "SenateDems”; the list "House-Democrats” by "HouseDemocrats”,
the list "SenateRepublicans” by "SenateGOP” and the list "House-Republicans” by "House-
GOP”. These contain the twitter handles of all current members of Congress that caucus
with the respective party (insofar as they have a twitter account). We downloaded the
lists for the 116th Congress on May 22nd, 2019 and the lists for the 117th Congress on
February 26, 2021 using the static Twitter API. We then downloaded all tweets published
by those twitter handles that were made on or after January 1, 2019, once again using the
static Twitter API. The collection took place between February 26 and March 3, 2021.2°

C.1.2. Generating relative monogram/bigram frequencies

For the construction of relative word frequencies we discarded retweets and reply tweets
and focused on original tweets published in the period January 1st 2019 to February 26th,
2021. In the following, we will refer to tweets that are written by the user and are neither
retweets nor reply tweets as “original tweets”. We pre-processed the tweets using the
Julia package TextAnalysis.jl to strip the tweets of links, punctuation, numbers, cases,
articles, prepositions, pronouns and additional whitespace. Following that, we used the
“Snowball” stemmer provided by the Julia package Text Analysis.jl to stem all tweets. The
same package generated a list of all monograms and all bigrams used.

We then compiled a dictionary of relative bigram frequencies and one dictionary of
relative monogram frequency. For this dictionary, we only used bigrams/monograms that
are (i) used at least 50 times and (ii) used at least 2 times as often by members of one
party as by members of the other party. This produced to a dictionary containing 10818
entries and their respective usage numbers in the case of bigrams and 4255 entries in case

of monograms.

C.2. Main sample and reply sample

In the period February 12 to February 19, 2021 (a period that included the end of the sec-
ond impeachment of Donald Trump) we used the Twitter Streaming API to stream tweets
published by users that had activated geolocation and were within the GPS-coordinates
between 65°W and 125°W as well as between 26°N and 49°N (which is, roughly speaking,
the continental US). From the obtained 789 688 tweets, we discarded all retweets and

reply tweets as well as those identified to be coming from users in Canada or Mexico. We

29 At the time of collection, the accounts of 11 Democratic and 15 Republican members of the 116th
Congress were no longer available.
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then selected all remaining original tweets that included the words “Trump”, “Biden” or
“Congress”. 12 467 tweets remained. We used the accounts that published those tweets
and downloaded for each of those accounts all their tweets published after January 1st,
2019, using the static Twitter API. We restricted this sample further by excluding all
accounts that had fewer than 500 original tweets or fewer than 20 replies.

Of the remaining accounts in our sample, we know that they (i) tweet in the continental
US (at least some of the time), (ii) have at least a passing interest in tweeting about
political topics, (iii) have written a sufficiently high number of recent original tweets to
allow us to estimate their political position, (iv) have engaged in a sufficiently high number
of interactions (i.e. reply tweets) for us to examine their interactions. We call this data
set our “main sample”. The accounts to which the accounts in our main sample have
replied is the set of “reply accounts”.

We then downloaded (between March 19, 2021, and April 5, 2021) all original tweets
published on or after January 1, 2019, by all reply-accounts. Again we restricted our data
set to those reply-accounts with at least 500 original tweets and will call this data set the

“reply sample” in the following.

C.3. Scoring

We scored the political stance of the accounts in the main sample first by using using the
bigram dictionary described in C.1.2: All original tweets of a user transformed to bigrams
and those bigrams present in our frequency dictionary are used. The score of a user is

then the average frequency among those bigrams, weighted by usage. More precisely,

Zbgete:rtﬂdict f'r’eq(bg)

Zbgete:ctﬁdict 1

score(text) =

where text is a set of all bigrams constructed from the original tweets of the user, dict is
the set of bigrams in the bigram dictionary constructed from the Members of Congress
tweets, freq(bg) gives the frequency of Republican usage of bg in this dictionary.®® We
then use the monogram dictionary to produce a second score in the same manner and
finally average the two scores to obtain our final score of a user’s ideological position.
Furthermore, each account to which one of our users from the main sample replied
to is scored in the same way using its original tweets, i.e. here again text is the set of
bigrams/monograms constructed from all original tweets of a user in the reply sample.
We then restricted our main sample slightly by deleting (i) all reply tweets for which
the user replied to could not be scored (i.e. because his original tweets did not contain a
monogram and a bigram from our respective dictionaries) and (ii) all reply tweets by those

senders for which all users to which they replied had the same score (which in practice

39Tn case text N dict = (), the assigned score would have been 0.5. However, this did not occur for any
user in our main sample.
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means that these users only replied to one single account). The reason for the latter is
that in these cases there is no “within user variation” that we could exploit. This leaves

us with 139,075 reply tweets sent from 2401 senders to 28,796 receivers.

C.3.1. Sentiment scores

Sentiment scores for each reply tweet were generated using the Vader sentiment score
of Hutto and Gilbert (2014) from the Python package “vaderSentiment” that is geared
towards sentiment analysis in the social media context (the variable in the dataset is
sentiment_vader). We also created another sentiment score using the R-package “Senti-
mentAnalysis” that implements the QDAP score of Hu and Liu (2004) in order to check

all sentiment results for robustness.
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C.3.2. Variables of interest

variable

explanation

receiver_score

receiver score

sender_score

sender score

abs_score_difference

absolute value of the difference between receiver and sender score

tweet_length

length of unstemmed tweet after removing links (words starting
with “http://”, “https://” or “www.”), hashtags (words starting with
“#”) and directs (words starting with “@Q”), punctuation and addi-

tional whitespace

word_length

number of characters in a tweet divided by the number of words;
tweet is not stemmed but links (words starting with “http://”,
“https://” or “www.”), hashtags (words starting with “#”) and di-
rects (words starting with “@Q”), punctuation and additional whites-

pace have been removed

nHashtags number of hashtags given by the Twitter API
nLinks number of links given by the Twitter API
linkDummy dummy that is 1 if at least one link is present
link_frequency nLinks divided by tweet length

profanity_check

probability that a reply tweet contains profanity as judged by the
Python package profanity-check; see https://pypi.org/project/
alt-profanity-check/ for details on profanity-check (Accessed:
May 27, 2021).

sentiment

sentiment score following the methodology of Hutto and Gilbert
(2014)

sentiment_QDAP

sentiment score following the methodology of Hu and Liu (2004)

media

dummy that is 1 if a tweet contains media elements as given by the

Twitter API (images and videos)

day

date of the tweet
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