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Political scientists, pundits, and citizens worry that America is enter-
ing a new period of violent partisan conflict. Provocative survey data
show that a large share of Americans (between 8% and 40%) support
politically motivated violence. Yet, despite media attention, political
violence is rare, amounting to a little more than 1% of violent hate
crimes in the United States. We reconcile these seemingly conflicting
facts with four large survey experiments (N=4,904), demonstrating
that self-reported attitudes on political violence are biased upwards
because of respondent disengagement and survey questions that al-
low multiple interpretations of political violence. Addressing question
wording and respondent disengagement, we find that the median of
existing estimates of support for partisan violence is nearly 8 times
larger than the median of our estimates (18.5% versus 2.4%). Critically,
we show the prior estimates overstate support for political violence
because of random responding by disengaged respondents. Partial
identification bounds imply that, under generous assumptions, sup-
port for violence among engaged and disengaged respondents is at
most 6.3%. Respondent disengagement also inflates the relationship
between support for violence and previously identified correlates by
a factor of 4. Finally, nearly all respondents support criminally charg-
ing suspects who commit acts of political violence. These findings
suggest that although recent acts of political violence dominate the
news, they do not portend a new era of violent conflict.

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

Political Violence | Affective Polarization | Democratic Norms

Provocative recent work (1–4)—cited in The Proceedings1

of the National Academy of Sciences (5, 6), The Amer-2

ican Journal of Political Science (7), 60 other articles and3

books, and 40 news articles that together have garnered over4

2,281,133 Twitter engagements—asserts that large segments5

of the American population now support politically motivated6

violence. These studies report that up to 44% of Americans7

would endorse hypothetical violence in some undetermined8

future event (1–4, 8). This survey work fits within a media9

landscape that regularly raises the spectre of political violence.10

Since 2016 we counted 2,863 mentions of political violence11

on news television, more than 630 news stories about politi-12

cal violence, and over 10 million Tweets on the topic of the13

January 6th riot alone (see Appendix Section 1 for details14

for all counts in this paragraphs). Political violence, however,15

remains exceedingly rare in the United States, amounting to16

48 incidents (9) in 2019 (the most recent year for which data17

are available) compared to 4,526 incidents of non-political18

violent hate crimes (10) and 1,203,808 total violent crimes (11)19

documented by the Department of Justice.20

In this paper, we reconcile supposedly significant public21

support for political violence with minimal actual instances22

of violent political action. To do this we use four survey ex-23

periments that assess respondents’ reactions to specific acts of24

violence, where we experimentally manipulate whether parti- 25

sanship motivated the activity and the severity of the violence. 26

Using these studies we identify two reasons why current survey 27

data overestimate support for political violence in the United 28

States. 29

First, ambiguous survey questions cause overestimates of 30

support for violence. Prior studies ask about general support 31

for violence without offering context, leaving the respondent 32

to infer what “violence” means. Using detailed treatments 33

and precisely worded survey questions we resolve this ambi- 34

guity and reveal that support for violence varies substantially 35

depending on the severity of the specific violent act. With 36

our measures, assault and murder attract minimal support, 37

while low-level property crimes gain higher (though still low) 38

support. Moreover, even though segments of the public may 39

support violence or report that it is justified in the abstract, 40

nearly all respondents still believe that perpetrators of well- 41

defined instances of severe political violence should be crimi- 42

nally charged. 43

Second, disengaged survey respondents cause an upward 44

bias in reported support for violence. Prior survey questions 45

force respondents to select a response without providing a 46

neutral midpoint or a “don’t know” option. This causes dis- 47

engaged respondents—satisficers (12)—to select an arbitrary 48

or random response (13). Current violence-support scales are 49

coded such that four of five choices indicate acceptance of 50

violence. In the presence of arbitrary responding, such a scale 51
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Fig. 1. This figure shows the distribution of percentages of public support for political
violence from the Kalmoe-Mason measures as reported in the media. We report this
in the full sample (A), for Republicans (B) and for Democrats (C). To contextualize
the problems in these estimates we overlay the largest estimates (orange line) and
smallest estimates (blue line) from the studies that follow. There is large variation in
the reported values, but all are significantly larger than ours.

will overstate support for violence. Across all four studies we52

show that disengaged respondents report higher support for53

violence.54

Accounting for these sources of error, our four studies show55

that American support for political violence is less intense56

than prior work asserts and is contingent on the severity of57

the violent act. Depending on how the question is asked,58

we show that median of existing estimates of the public’s59

support for partisan violence are nearly 8 times larger than60

the median of our estimates (18.5% versus 2.4%). While recent61

political events show that extreme political groups are willing62

to engage in violence, these groups are likely to overlap with the63

narrow segment of the population who already support political64

violence. As policy makers consider interventions designed to65

dampen support for violence, our results demonstrate that66

support for violence is not a mass phenomenon, indicating67

that anti-violence measures should be appropriately tailored68

to match the scale of the problem.69

Support for Partisan Violence is Lower than Previously70

Reported71

Partisan animosity, often referred to as affective polarization72

(14), has increased significantly over the last 30 years. While73

Americans are arguably no more ideologically polarized than74

in the recent past, they hold more negative views toward the75

political opposition and more positive views toward members76

of their own party. This pattern has been documented across77

several measures of animosity and has raised alarm among78

scholars across disciplines about the potential consequences79

of growing partisan discord (e.g., 15). Numerous studies have80

documented the negative interpersonal, “apolitical” (16) con-81

sequences of affective polarization, including politically based 82

discrimination against job applicants (17), prospective roman- 83

tic partners (18), workers (19), and even scholarship recipients 84

(for review, see 14). These findings have created substan- 85

tial concerns over partisan animosity’s pervasive effects on 86

American social life (20). 87

Yet, evidence suggests that affective polarization is not 88

related to and does not cause increases in support for polit- 89

ical violence (21, 22) and is generally unrelated to political 90

outcomes (22, 23). Moreover, partisan violence appears to 91

be unrelated to many other political variables (3). We are 92

therefore left with a phenomenon that is not explained by 93

the current literature on partisan animosity, that is rarely 94

observed in the world, but that is apparently supported by a 95

near majority of the American population (1–4). 96

We show that documented support for political violence 97

is illusory, a product of ambiguous questions and disengaged 98

respondents. We now explain how each causes political violence 99

to appear more popular than it is in the public. 100

Ambiguous Questions Create Upward Bias in Estimates of Support 101

for Violence Even if respondents truthfully report their views 102

on political violence, vague questions make it impossible 103

to compare responses across individuals and render sample 104

averages uninterpretable. For example, a measure from 105

Kalmoe and Mason (hereafter, Kalmoe-Mason) (2–4) asks 106

about perceived justification for partisan violence generally: 107

“How much do you feel it is justified for [respondent’s own 108

party] to use violence in advancing their political goals these 109

days?” But the estimand measured by this survey item is 110

unclear, because it leaves ambiguous what “violence" refers to. 111

Another question from Robert Pape (24), “The use of force is 112

justified to restore Donald Trump to the presidency,” offers a 113

specific motivation, but, like the Kalmoe-Mason measures, 114

leaves definition of “violence" to the respondent to fill in. As 115

a simplistic example, suppose that respondents interpret the 116

question as asking about either partisan-motivated assault 117

or partisan-motivated murder (both acts of violence). If 118

one individual interprets violence as “assault" while another 119

interprets violence as “murder" then these responses are 120

not comparable and therefore we cannot make an inference 121

about which respondent expresses more support for political 122

violence (25). This also affects mean expressed support for 123

violence. The quantity P (support partisan violence) is an 124

average of respondents who interpret the question as asking 125

about assault and others interpreting the question as asking 126

about murder. The conditional average support for partisan 127

violence and the relative prevalence of the components of the 128

mixture are unknown, P (support partisan violence) = 129

P (support partisan violence|assault)P (assault) + 130

P (support partisan violence|murder)P (murder). 131

It is impossible to know from existing responses to vague 132

questions whether respondents support severe, moderate, or 133

minor forms of violence, which could range from support 134

for violent overthrow of the government to minor supporting 135

assault at a local protest. We address this concern in two ways 136

across our four survey experiments. First we use two different 137

levels of violence for Study 1, Study 2, and Study 3: assault 138

and murder. Second, in Study 4 we vary the underlying violent 139

act along a taxonomy of severity. 140

Disengaged Respondents Cause Upwardly Bias Measures of Support 141

for Political Violence The goal of all surveys is to capture gen- 142

2 | www.pnas.org/cgi/doi/10.1073/pnas.XXXXXXXXXX Westwood et al.
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uine opinions from a sample. However, it is well known that143

not all respondents engage in the thought, consideration and144

reflection necessary to provide reasoned responses to all ques-145

tions (26) and some may even over-report rare and negative146

traits/opinions to troll researchers (27). As the complexity of147

the work needed to answer a question increases (i.e., thinking148

about meaning, filling in details in ambiguous questions, form-149

ing opinions on a question a respondent has never previously150

considered, etc.) and motivation to deeply engage decreases151

respondents are more likely to satisfice (13). When satisfic-152

ing, respondents may simply select a neutral midpoint (12),153

randomly select a response (28), or even leave a survey (26).154

We suspect that the vague and ambiguous nature of current155

survey measures of political violence are especially likely to156

cause respondents to satisfice.157

Two features of the current survey designs cause the prob-158

lem. First, existing measures of support for partisan violence159

collapse response categories to indicate support (1, 2). For160

example, one survey question asks respondents “How much161

do you feel it is justified for Democrats to use violence in162

advancing their political goals these days?" and uses a 5-point163

Likert-like scale with options “Not at all", “A little", “A mod-164

erate amount", “A lot", and “A great deal". (3) then recodes165

the responses “A little" to “A great deal" as indicating support166

for partisan violence and “Not at all" as opposing partisan167

violence. Second, such survey questions fail to offer a neutral168

midpoint or a “don’t know” option. If these imperfect options169

or frustration from the ambiguous nature of the actual ques-170

tion cause a respondent to disengage from the survey task and171

satisfice (12), they are likely to arbitrarily pick from the set172

of imperfect options. But in this example, satisficers picking a173

random response would end up indicating support for violence174

four times out of five.175

To formalize this example, the goal is to measure the true176

preferences for partisan violence in the population, which we177

will call E[Y ]. This quantity is estimated from a representative178

survey of the population by taking a mean of a survey question,179

E[Y survey]. If some disengaged respondents satisfice, then the180

estimated support for partisan violence will be:181

E[Y survey] = E[Y | Engaged]P (Engaged)

+ E[Y satisfice | Disengaged]P (Disengaged),

where reported support when satisficing, Y satisfice, might182

be different from the true support Y depending on the sur-183

vey respondent’s behavior when satisficing. If E[Y satisfice |184

Disengaged] > E[Y | Disengaged], then the survey-based esti-185

mate will be larger than the true level of support for violence.186

This condition is likely to hold under current survey-based ap-187

proaches to measuring preferences for partisan violence where188

four of five response options indicate support for violence (80%189

of possible responses). If respondents choose their response190

at random with a uniform probability then the chance that191

they would appear to support partisan violence is 0.8. If192

true E[Y | Disengaged] < 0.8 then the presence of disengaged193

respondents will cause an upward bias. In an extreme exam-194

ple, if no one actually supports partisan violence, but 31%195

of respondents—the proportion who fail our engagement test196

in Study 1—in a survey answer at random a survey would197

find that 0.31 × 0.8 = 24.8% of respondents support partisan198

violence. This is very close to the amount of inflation we see199

in partisan violence in our following studies.∗ 200

We take explicit steps to address disengaged respondents 201

who satisfice. We offer satisficers response options that are 202

less likely to upwardly bias estimates: a balanced five point 203

scale with a neutral midpoint. This brings the measure in 204

line with standard and methodologically robust approaches to 205

measurement, and reduces the chances that a satisficer will 206

randomly select a response indicating support for violence. 207

We also report our estimates based on individuals who are 208

engaged—passing a comprehension check—and individuals 209

who are disengaged, or fail a comprehension check. 210

Assessing Partisan Differences in Who Commits Political Vio- 211

lence. Concern about political violence in the United States 212

is often associated with increasing levels of affective polariza- 213

tion between Democrats and Republicans (15). But existing 214

measures of support for partisan violence tend to not assess 215

whether providing information about the partisanship of who 216

committed the act of violence affects support or opposition for 217

the act of violence. Providing this information is important, 218

because there are two potential interpretations of a positive 219

effect. If the response is sincere, it could be that co-partisans 220

give additional leeway for acts committed by co-partisans. 221

But if the response is insincere, it could be that partisans, 222

in general, are merely offering support for their party–a ver- 223

sion of partisan cheerleading. While randomizing information 224

about partisanship alone is insufficient to distinguish between 225

these two possibilities, if we fail to find a difference in a well- 226

powered study provides strong evidence that neither leeway 227

nor cheerleading occur. 228

To assess how partisanship affects support for violence, in 229

our Study 1 and Study 2 we explicitly vary information about 230

the partisanship of who committed the acts of violence. As 231

we show below, we fail to find a consistent partisan difference– 232

implying that there is little evidence for a general leeway or 233

cheerleading effect. 234

While we find little evidence of partisan cheerleading among 235

all partisans, we might worry that a specific subset of partisans 236

engage in explicit partisan cheerleading. To make this assess- 237

ment in Study 3 we use existing survey questions to identify 238

partisan cheerleading (29) and find that partisan cheerleaders 239

inflate support for violence, but those cheerleaders comprise 240

only a small share of respondents and therefore do not appear 241

to meaningfully affect results. 242

Methods 243

To uncover how these sources of error affect perceptions of 244

partisan violence, we conducted four survey experiments. We 245

fielded our first survey (which contained Study 1 and Study 246

4) via Qualtrics Panels in January 2021—starting two days 247

after the violence of January 6th. This allows us to test 248

our predictions during a period when partisan discord and 249

violence dominated news coverage. Our second survey (Study 250

2) was fielded in April 2021, also on Qualtrics panels. Our 251

final survey (Study 3) was fielded in November of 2021 on 252

the YouGov panel. This allows us to verify that our results 253

are not dependent on proximity to the Capitol riots or on a 254

specific survey panel. 255

∗We note that, while not observed here, if true support for violence were above .8, the bias would be
negative. Also, if the true prevalence rate among the disengaged were 0.8, then the bias for the
population parameter would be zero.
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The Qualtrics data were collected from Qualtrics Panels256

and utilized quota sampling. Respondents were recruited257

from panel members by email. All surveys were restricted258

to Democrats and Republicans. Leaners were coded as parti-259

sans. For Qualtrics data we quota sampled on age, sex and260

race/ethnicity to match Census targets. The sample is gener-261

ally very representative of the population (see Appendix Tables262

S1, S19, S30 and S39). These data were analyzed without263

survey weights per our pre-analysis plan. The YouGov data264

were sampled with the standard YouGov matching procedure.265

YouGov data were analyzed with provided weights†.266

The survey flow was as follows: consent, attention check,267

demographics, covariates (including the measure from (1–3)),268

randomized treatment, engagement test, and then outcome269

questions. Our experiments were approved by IRBs at Stan-270

ford, Dartmouth and UCSB. Participants were asked to give271

consent after reading an information sheet.272

All four experiments were preregistered. For our Qualtrics273

data, following our pre-analysis plan, we excluded participants274

who failed a pre-randomization attention check (a question275

asking respondents to make two specific response choices) and276

those who completed the survey in less than one third of the277

median complete time. Neither of these choices altered the278

demographic composition of the sample as purged respondents279

were not counted toward quotas and were replaced. Both of280

these choices work against us by removing disengaged subjects,281

which means that our estimates are conservative as these282

design choices remove respondents who are most likely to283

respond to all survey questions at random. Those who remain284

and satisfice are likely doing so because of flawed, ambiguous,285

or insufficiently contextualized questions and not because of286

general inattention.287

Measuring Engagement To assess how satisficing affects re-288

sponses, we group participants based on their cognitive engage-289

ment with our survey, measured as the retention of information290

from vignettes. Respondents who can identify the state where291

the event in the vignette they just read occurred (information292

that was repeated in the headline and up to two times in the293

text) are coded as engaged and those who cannot are coded294

as disengaged. Reading short passages is not a cognitively295

intense task, but committing content to memory is (30), and296

reveals engagement with cognitive work. Across our three stud-297

ies we group our sample into “engaged” respondents—those298

who are sufficiently motivated to carefully read and retain299

information—and “disengaged” respondents—those who can300

follow instructions but are less likely to retain facts or carefully301

evaluate questions.‡302

Outcome Questions We use three core questions for Study 1,303

Study 2, and Study 3 and deploy two strategies to identify304

satisficing’s upward bias on estimates of support for violence.305

First, in our justification outcome question we use a dichoto-306

mous scale which should prompt disengaged respondents to307

randomly respond, which we can detect by observing the re-308

sponse distribution. Second, we offer a balanced scale with a309

neutral midpoint when measuring support, building on prior310

†By necessity, weights were not used when estimating partial bounds.
‡Appendix Table S64 shows that removing disengaged respondents does not meaningfully change

the demographics of our sample (age, gender, race, partisanship, income, education). Another
concern is that we are conditioning on a post-treatment outcome. However, our goal is not to
measure the causal effect of engagement (31), but to merely show that responses differ based on
engagement.

work that suggests disengaged respondents will respond with 311

a “don’t know" or neutral midpoint response (12). Our three 312

questions are: 313

1) “Was the suspect justified or unjustified?” using a di- 314

chotomous outcome scale. This differs from (1–4) where 315

the authors ask a hypothetical question with a unbal- 316

anced five point Likert scale that is then recoded in their 317

analysis to a dichotomous measure. 318

2) “Do you support or oppose the actions of [suspect]?” This 319

is measured with a balanced Likert with a neutral mid- 320

point and is intended to separately capture support for a 321

suspect when a violent act is committed. 322

3) “Should the suspect face criminal charges?” We capture 323

responses with a dichotomous yes/no scale and is intended 324

to determine if the respondent thinks that someone who 325

commits an act of violence should or should not face 326

charges. 327

Respondents Reject Extreme Violence, Whether it is 328

Political Or Not 329

Study 1, Study 2, and Study 3 show that, as preregistered, 330

respondents overwhelmingly reject both political and non- 331

political violence, and disengaged survey respondents show 332

higher measured support for political violence. We find no ev- 333

idence of partisan effects, as partisans from both sides express 334

similar tolerance for political violence. We also find higher 335

(though still low) levels of support for the less violent act in 336

Study 1 relative to the more violent act in Study 2 and Study 337

3. 338

To avoid the problem of ambiguous question wording, our 339

design presents a detailed act of violence, which prevents 340

respondents from substituting their own definition of “violence” 341

when answering our outcome questions. 342

In Study 1 (N = 1,002) we randomly assigned participants 343

to read one of two stories based on real acts of political violence. 344

In the first story, a Democratic driver was charged with hitting 345

a group of Republicans in Florida who were registering citizens 346

to vote. In the second story, a Republican driver was charged 347

with assault for driving his car though Democratic protesters 348

in Oregon. Respondents were also randomized to see the 349

original version of the story that included partisan details or a 350

version of the story that was altered to remove any reference 351

to partisan motivation. 352

In this study we focused on reporting details from real 353

events. This means that, while comparable, the Democratic 354

and Republican stories varied in several ways. To ensure that 355

any effects we identify are not the result of those differences, 356

we conducted a second version of this experiment. Study 357

2 (N = 1,023) used a single contrived story of violence in 358

Iowa. To test the bounds of support for political violence, this 359

story reported an extreme form of violence: murder. Similar 360

to Study 1, participants were randomly assigned to see a 361

story with a Republican or Democratic shooter engaging in 362

politically motivated violence or an apolitical act of murder. 363

This story was necessarily fabricated to limit the differences 364

across treatment conditions. 365

Study 3 (N=1,863) is a replication of Study 2 using the 366

YouGov panel with the following alterations: 1) we removed 367

the apolitical condition to focus on attitudes toward partisan 368

4 | www.pnas.org/cgi/doi/10.1073/pnas.XXXXXXXXXX Westwood et al.
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violence, 2) we removed questions to measure covariates to369

reduce survey time, and 3) we introduced an incentivized370

attention manipulation (detailed below).371

Disengaged Responses Lead to Higher Estimates of Support372

for Political Violence. At first glance, the results of this exper-373

iment appear to align with prior surveys. Across conditions374

where the driver’s actions are presented as political violence,375

we find that 21.1% of respondents in Study 1 say the attack376

was justified. We find a similarly high level of support for the377

apolitical versions, where 20.1% of respondents in Study 1 say378

the driver’s action is justified. The overall support for violence379

is lower in Study 2 and Study 3, reflecting the greater severity380

of the violence, with 10% of respondents in Study 2 describ-381

ing the political homicide as justified and 10.1% describing382

the homicide as justified in Study 3. In Study 2 6.7% of the383

respondents describe the apolitical homicide as justified.384

But this is biased upwards by respondents who fail the385

engagement test (approximately 31% of respondents in Study386

1, 19% of respondents in Study 2, and 19% of weighted re-387

spondents in Study 3). For the political treatments, 37.9%388

of respondents who fail the engagement test say the driver’s389

actions were justified, while only 12.1% of respondents who390

passed the engagement test agree that the driver’s actions391

are justified. For the non-political treatment, we find that392

44.9% of respondents who failed the engagement test say the393

driver’s actions were justified, but only 10.9% of respondents394

who passed the engagement test say the driver’s actions are395

justified. Similarly, for Study 2 in the political treatments we396

find that 33.8% of the respondents who fail the engagement397

test say the shooter’s actions were justified, but only 4.3% of398

individuals who passed the engagement test say the action399

was justified. In the non-political treatments we find a similar400

large gap: 25.9% of respondents who fail the engagement test401

say the action was justified, but 2.7% of those who passed402

say the action was justified. The same pattern is found in403

Study 3 (YouGov data), with 32.6% of disengaged respondents404

saying the shooting was justified, while only 5.9% of engaged405

respondents say the shooting was justified.406

Figure 2 shows that this overall pattern is found across407

all treatment conditions in both studies. The red circles408

and lines in Figure 2 show disengaged respondents, while409

teal circles and lines show engaged respondents. In all cases,410

disengaged responses indicate significantly greater justification411

and support for political violence relative to engaged responses.412

When it comes to our third outcome question, support for413

charging the accused, we see a different pattern. Unlike the first414

two outcome questions, which are abstract moral judgments,415

this question is concrete: should those who commit a crime416

face legal consequences? Consistent with the specificity of417

this question, we find much higher overall agreement. Across418

our conditions, between 83% and 100% of respondents who419

passed the engagement test want the suspect in the politically420

motivated violent crime charged, while between 81% and 94%421

of disengaged respondents want the suspect in the politically422

motivated violent crime charged.423

Abstract Questions and Disengaged Respondents Inflate Sup-424

port for Violence. Respondents who fail our engagement test425

express much higher rates of support for the hypothetical426

political violence measure used in extant observational studies427

(which we included in all our studies pre-treatment). We show428
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Fig. 2. This figure shows attitudes toward violence for each of our three measures:
Justification (A), Support (B) and Should the subject be charged (C). We plot group
means and 95% confidence intervals. For the YouGov data (study 3) we utilize survey
weights. Providing partisan motivations has no effect on support for violence relative
to identical, but apolitical, violence.
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Table 1. Kalmoe-Mason Support for Violence Measure by Engagement

Support for Violence
Kalmoe-Mason Measure % (N)

Study 1 Study 2 Study 3
Disengaged Respondents 55% (312) 43% (190) 41% (354)
Engaged Respondents 21% (690) 26% (833) 19% (1,509)
Combined estimate 32% (1,002) 29% (1,023) 23% (1,863)

problems with disengaged respondents with two sets of analy-429

ses. First, we show in Table 1 that the current hypothetical430

question developed by (1, 2) (measured here with a balanced431

Likert with a neutral midpoint) generates overestimates of432

public support for partisan violence because of disengaged433

respondents. Across our three studies, we find that support434

for violence on this measure is nearly twice as large in the435

disengaged group as in the engaged group.436

Second, we look for evidence of satisficing on our three437

outcome measures. Our preregistered expectation is that438

disengaged respondents provide upwardly biased responses439

to abstract questions. We find substantial support for this440

hypothesis in the data. As detailed earlier, our questions vary441

in the extent to which they demand a well-considered response.442

Questions of justification and support require reflection on the443

criminal act, a personal moral code and social norms, whereas444

asking if a person who committed a violent act should be445

charged requires no such introspection. Assuming respondents446

are cognitive misers who satisfice to escape considered thought447

where possible, we should then expect more satisficing on the448

first two questions than the third (12).449

This is borne out in our data. Figure 3A shows that, when450

presented with a dichotomous question and no “don’t know”451

option disengaged respondents essentially randomly split their452

responses between the two choices, while engaged respondents453

overwhelmingly report that the driver is not justified. Figure454

3B shows that when disengaged respondents are presented455

with five choices that include a neutral midpoint, the modal456

response is the midpoint with the remaining respondents split-457

ting their responses between the remaining four categories.458

Both response strategies are consistent with satisfying. A459

plurality of engaged respondents report strongly opposing460

violence.461

Figure 3C shows that, when answering a simpler question462

with clear normative expectations—charging criminals for463

crimes—disengaged and engaged respondents are much more464

comparable. It is also possible that respondents deemed the465

information in the newspaper articles we provided insufficient466

to establish moral justification, but sufficient to determine a467

preference for criminal charges.468

Results from Study 2, where the reported crime was murder,469

show a more dramatic difference between the engaged and the470

disengaged. For engaged respondents, justification peaks at471

6.8%, support peaks at 2.1%, and willingness to excuse the472

suspect from criminal charges peaks at 1%. This compares473

to disengaged respondents where justification peaks at 35.5%,474

support peaks at 20.0%, and willingness to excuse the suspect475

from criminal charges peaks at 15.8%. Depending on the476

measure, disengaged respondents report support that is 5 to477

15 times greater than engaged respondents.478

Study 3, our YouGov replication of Study 2, produces479

very similar results. Justification is approximately 5.5 times480
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Fig. 3. The response distribution for each of our measures by engagement for Study
1. High levels of support for political violence can be partially attributed to random
responding by disengaged respondents, especially when questions are vague.
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larger for disengaged (30.1%) versus engaged (5.4%) respon-481

dents, support is approximately 9.7 times larger for disengaged482

(22.3%) versus engaged (2.3%) respondents, and willingness483

to excuse the suspect from criminal charges is approximately484

4 times larger for disengaged (14.6%) versus engaged (3.5%)485

respondents.486

These results suggest that overestimates of support for po-487

litical violence on surveys are partially explained by satisficing488

and random response because of flawed questions.489

Incentives improve attentiveness and reduce justification. In490

Study 1 and Study 2 we rely on measurement of attentiveness491

and not its manipulation. In Study 3 we introduced a manip-492

ulation designed to increase attentiveness to allow for causal493

estimation of the effect of attentiveness on attitudes toward494

political violence. We randomly told half the sample “We495

noticed that you completed the last page very quickly. It is496

important to us that you carefully read all parts of this survey497

and think carefully about the question we ask. We have devel-498

oped a response quality scoring system and are using it here.499

We will pay $1 to everyone who completes this survey with a500

high quality score.” The treatment was delivered regardless of501

prior behavior, and we merely used this as a cover story for502

our manipulation. §
503

This treatment significantly increased the percentage of504

respondents who passed the state attention check by 5.9 per-505

centage points (95% confidence interval [0.01, 0.11]). It also506

significantly reduced average reported justification for political507

violence (β = −0.040, 95% confidence interval [-0.08, -0.00].508

Our treatment did not move attitudes on the support and509

charged measures (see Appendix Table S31 and S32).510

Support for Political Violence is Lowest for the Most511

Severe Crimes512

We have so far demonstrated that disengaged respondents513

create upward bias in support for political violence and that514

this is a function of the amount of thought questions require515

of respondents. Our expectation is that offering additional516

information—that a suspect has been convicted of a specific517

crime—reduces question ambiguity enough to attenuate dif-518

ferences between disengaged and engaged respondents. By519

reporting an exact crime we are also able to bound what520

support for political violence exists by crime severity.521

Study 4 (N = 1,009) captures support for nullifying con-522

victions for a set of politically motivated crimes (some violent523

and some not) that vary in severity from protesting without524

a permit to murder. To administer the survey, we first asked525

standard demographic and covariate batteries and adminis-526

tered a neutral vignette that mentioned a state. We coded527

engagement by asking respondents to identify the state where a528

news event occurred in a pre-treatment and unrelated vignette529

(32). Each respondent then read a short prompt informing530

them that a man, “Jon James Fishnick", had been convicted531

of a crime and faces sentencing in the coming week. We then532

randomly selected a single crime (protesting without a permit,533

vandalism, petty assault, arson, assault with a deadly weapon534

and murder) along with details specifying that the crime was535

partisan and committed against a member of the opposing536

party. Participants were then asked to suggest a sentence for537

§We paid all subjects in the group the additional bonus, regardless of their responses.

Fishnick that ranged from community service to more than 538

20 years in prison. 539

Figure 4 shows the frequency of each suggested sentence 540

by crime and by respondent engagement. When the crime is 541

nonviolent (protesting without a permit, vandalism) a near 542

majority of both engaged and disengaged respondents support 543

the minimal penalty of community service. A minimally violent 544

crime (assault—throwing rocks leading to an injury) sees most 545

respondents suggest a term in jail, though about 20-25% of 546

respondents still support community service. However, a 547

clear inflection point arrives when the crimes become violent 548

and serious. For the remaining three crimes, respondents 549

overwhelmingly support lengthy prison terms. Almost no 550

engaged respondents favor community service as punishment 551

for severe crimes: arson (3.8% of engaged respondents), assault 552

with a deadly weapon (4.6%) and for murder (2.6%). Indeed, 553

the majority of engaged respondents believe more than 20 554

years in prison is the appropriate punishment for murder. 555

In addition to asking about the appropriate punishment, 556

we asked if the governor should pardon Fishnick. Appendix 557

Figure S2 shows that, on average, respondents only support a 558

pardon for minor crimes. Engaged respondents are, however, 559

much more likely than disengaged respondents to oppose a 560

pardon for serious acts of violence. 561

Disengaged Respondents Bias Estimates of the Corre- 562

lates of Political Violence 563

Our primary goal thus far has been to precisely estimate the 564

levels of support for partisan violence in the public. However, 565

others focus on a second goal: finding the characteristics 566

of individuals that predict support for violence (3, 33, 34). 567

But the same issues that create bias in estimates of support 568

for violence also cause bias in estimates of the relationship 569

between supporting violence and other variables. This is 570

because the usual rules of vanilla measurement error are not 571

applicable with disengaged survey respondents, who are likely 572

to remain disengaged across several questions and therefore 573

cause non-random measurement error. The consequence is 574

that disengaged survey respondents can create measurement 575

error that causes bias in an unknown direction and in some 576

cases can make the relationships between variables appear 577

stronger, rather than weaker. 578

To get intuition for how this can occur, consider a simple 579

example. Suppose our goal is to measure how much support 580

for violence differs across a dichotomous attribute, X. As 581

in our analyses above, we suppose that our respondents are 582

divided into engaged and disengaged individuals. We will 583

further suppose that being disengaged affects both the reported 584

support for violence and the measured value of X, biasing both 585

upwards. As a hypothetical example, suppose that P(Violence| 586

Engaged, X= 1) = 0.15, P(Violence| Engaged, X= 0) = 0.05, 587

that P(X = 1| Engaged ) = P(X =0 | Engaged) = 0.5, and 588

that P(Engaged) = 0.8. But for disengaged respondents we 589

suppose that P(Violence| Disengaged, X= 1) = P(Violence| 590

Disengaged, X= 0) = 0.8, and that P(X = 1| Disengaged) = 591

0.8. The true difference among the engaged respondents is 592

P(Violence| Engaged, X= 1) - P(Violence| Engaged, X= 0) 593

= 0.1. But because of the non-random measurement error 594

among the disengaged respondents, the estimated difference 595

using the overall data is P(Violence| X = 1) - P(Violence| X = 596

0) = 0.217. Non-random measurement error from disengaged 597
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Distributions of Proposed Sentances Among
Engaged and Disengaged Respondents
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Fig. 4. In this study we remove as much ambiguity as possible by identifying a specific
crime for which someone has been convicted. This additional context makes differ-
ences between engaged and disengaged respondents largely vanish. Furthermore,
respondents, especially engaged ones, punish more severe violent crimes with longer
prison sentences. This suggests that although support for political violence exists in
the electorate, it is primarily constrained to support for minor crimes.
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Fig. 5. This figure shows the problems with estimating correlates of support for
violence when measures are biased. (A) Shows the proportion of respondents who
are disengaged by scored level of aggression on the Buss-Perry scale. (B) Shows the
distribution of aggression by engagement.

respondents causes the relationship between X and support 598

for violence (measured as the difference in average support for 599

violence at levels of X) to be more than twice as large than 600

the true relationship. 601

We find evidence that this bias occurs when assessing pre- 602

dictors of political violence. The literature has identified three 603

significant predictors of support for violence: partisan social 604

identity, aggression and hostile sexism (3, 33, 34). Here we 605

focus on the largest predictor: aggression (as measured in our 606

work with the Buss-Perry Short Form (35) from Study 2). As 607

we show in the top panel of Figure 5 below, the proportion of 608

respondents who are engaged decreases rapidly at high levels of 609

reported aggressive personality. The bottom panel shows that, 610

as a result, disengaged respondents are disproportionately 611

represented among those with the highest levels of reported 612

aggressive personality. 613

The higher reported levels of aggressive personality are 614

coupled with the higher levels of support for violence among 615

disengaged respondents that we documented above, resulting 616

in disengaged respondents creating a stronger relationship 617

between aggressive personality and support for violence. Fig- 618

ure 6 shows that if we use all respondents and the original 619

measure of violence support from (3), that moving from the 620

least to most aggressive personalities is associated with an 621

82 percentage point increase in support for violence. That 622

same shift goes down to 67 percentage points among just the 623

engaged respondents with the original measure. But if we 624

focus on only the engaged respondents using our more precise 625

measure, that same large shift from least to most aggressive 626

is associated with a 20 percentage point increase in support 627

for violence. Taken together, using imprecise survey questions 628

and failing to account for disengaged respondents produces a 629

relationship between aggressive personality and support for 630
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Disengaged Respondents Inflate Correlates of Violence

.67

.82

.20

.43

Our Measure

Kalmoe−Mason's Measure

0.0 0.5 1.0

Engaged Respondents

All Respondents

Engaged Respondents

All Respondents

Estimated Relationship Between
Aggression and Violence (95% CI)

Fig. 6. This plot shows that the relationship between aggression and support for
political violence—as measured as the regression coefficient from a linear regression
of support for violence on aggressive personality—is biased upward by disengaged
respondents. Moreover, the relationship is much smaller when using a more precise
measure of support for political violence.

violence that is approximately 4 times too large.631

Finally, the top panel of Figure 5 suggests that the assump-632

tion of a linear relationship obscures a non-linear relationship633

(36). We do so here to provide an apples-to-apples comparison634

to (2, 3). In Appendix Table S66 we provide binned estimates635

of the relationship between aggression and violence.636

Recommendations637

Our goal is not to argue that there is no support for political638

violence in America. Recent events demonstrate that groups of639

American extremists will violate the law and engage in violence640

to advance their political goals. Instead, our purpose is to show641

that when attempting to estimate support for political violence642

among the public, care and precision is required. Generic and643

hypothetical questions offer respondents too many degrees of644

freedom, require greater cognition than a sizable portion of the645

population will engage in, and capture support for violence in646

general. We suggest that future attempts to measure support647

for political violence: 1) utilize specific examples with sufficient648

details to remove the need for respondents to speculate; 2)649

benchmark results against general support for all violence; and650

3) capture support for crimes that vary in severity.651

Conclusion: Limited Support for Political Violence652

Our results show support for political violence is not broad-653

based and is, on average, approximately 13 times lower than654

the average estimate previously reported by Kalmoe-Mason655

and 6 times lower than the estimate provided by Pape (24).656

To the contrary, we find the public overwhelmingly rejects acts657

of violence, whether they are political or not. Our evidence658

suggests that extant studies have reached a different conclusion659

because of design and measurement flaws. When disengaged660

respondents are not excluded from analysis, measured support661

for violence is biased upward. Our evidence suggests that this662

is because disengaged respondents are satisficing in response663

to ambiguous questions. Vague questions about acceptance664

of partisan violence demand too much interpretation from665

respondents, yielding incorrect inferences about support for666

severe political violence. Not only is support for violence low667

overall, but support drops considerably as political violence668

becomes more severe. The most serious form of political669

violence—murder in service of a political cause—is widely670

condemned.671

Importantly, our results are not conditional on partisanship 672

(see Appendix Tables S2, S20 and S33). Our results are robust 673

to several other predicted causes of political violence. We 674

find that several standard political measures (i.e., affective 675

polarization and political engagement) are less predictive of 676

support for political violence than are general measures of 677

aggression (measured using the Buss-Perry scale (35); see 678

Appendix Tables S10 and S26), suggesting that tolerance for 679

violence is a general human preference and not a specifically 680

political preference.¶ We also find that social desirability 681

(measured with the Marlowe Crowne scale (37)) does not 682

temper support for political violence on surveys, suggesting 683

that social desirability is not responsible for our lower estimates 684

of support. 685

In study 3 we address two alternative mechanisms: parti- 686

san cheerleading and respondent trolling. We find that both 687

significantly inflate support for violence, but do so for both 688

engaged and disengaged respondents, suggesting that these 689

mechanisms offer additional reasons to be skeptical of prior 690

estimates. To test for partisan cheerleading (38) we use the 691

design from (29). Partisan cheerleaders are significantly more 692

likely to support partisan violence across all three of our mea- 693

sures (see Appendix Table S34), but this is unlikely to drive 694

our results as this represents 3.6% of the sample and cheer- 695

leaders are nearly evenly split between disengaged respondents 696

(n=33) and engaged respondents (n=38). Secondly, we test 697

for trolling using a shark bite question (27) as deployed on 698

the ANES (the expectation is that responses above the known 699

rate indicate trolling behavior). Trolling respondents inflate 700

support for violence on two of our three measures (see Ap- 701

pendix Table S33), but again they represent a small portion 702

of the sample (2.7%) and are split between engaged (n=17) 703

and disengaged respondents (n=34). Removing cheerleaders 704

and trolls decreases mean support for political violence from 705

1.42 to 1.39 (a change of .03 points). 706

Another concern is that focusing on engaged respondents 707

is misleading because true support for violence might be cor- 708

related (positively or negatively) with disengaged survey re- 709

sponding. To address this, (39) derives partial identification 710

bounds assuming that the true support for violence among 711

disengaged respondents is not observable from the survey ques- 712

tion (see Appendix Section S9 for details on the methods used 713

below). For example, in the Study 3 outcomes asking about 714

murder, if we assume that true support for violence among 715

disengaged respondents is anywhere between 0% and 100%, 716

then the 95% confidence interval expands from [1.3%, 3.4%] to 717

[0.5%, 24%]. However, if we cap true support among the dis- 718

engaged at a more plausible yet still alarming number, such as 719

20% (approximately the median value reported in prior work), 720

then the partial identification confidence intervals shrinks con- 721

siderably to [0.5%, 6.3%].‖ We note that 6.3% support is less 722

than the minimum support for violence reported in Figure 1. 723

Overall, these bounds suggest that, unless disengaged respon- 724

dents are orders of magnitude more pro-violence than engaged 725

respondents, the population average support for violence is 726

still much lower than previous estimates have implied. 727

¶We do, however, find that Strong partisans are more likely to support violence.
‖For completeness, we note the other outcomes from Study 3. For the justification outcome, engaged

respondents: [3.3%, 6.4%], 0-100 disengaged support: [2.0%, 26%], 0-20 disengaged support:
[2.0%, 9.4%]. For charging the attacker: engaged respondents: [98%, 99%], 0-100 disengaged
charging: [76%, 100%], 80-100 disengaged charging: [94%, 100%]. Note that all of these estimates
are for respondents assigned to the in-party shooter condition, and no survey weights were used.
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Of course, it is important to understand that while we show728

that support for political violence is lower than expected it729

is not precisely measured as zero. An important next step is730

identifying why remaining support exists and where, specifi-731

cally, violent political action is likely to emerge. Future work732

could randomize attention and identify what crimes people733

default to when asked generic violence questions.734

Our results offer critical context to stakeholders, citizens735

and politicians on the nation’s response to political protests in736

Portland and the events following the 2020 presidential election.737

A small share of Americans support political violence, but most738

of this support comes from a troubling segment of the public739

who support violence in general. Even among this group,740

support is further contingent on the severity of the violent act741

and is generally limited to relatively minor crimes. Political742

violence is a problem in every public, but as our results show, it743

is important to carefully and accurately measure such support744

before raising alarm that might not be warranted. This is745

especially true when these alarms direct attention, funding746

and concern away from other critical policy debates (40).747

Violence of the sort seen on January 6 is, at most, concen-748

trated at the extremes of the parties, and despite the massive749

news coverage of political violence the underlying acts are750

very rare by comparison to general crime trends. Nevertheless,751

any amount of support for political violence is troubling and752

worthy of exploration. Researchers should set their sights on753

these pockets of extremism and organized violent activity—754

not the casual and frequently under-considered opinions of755

everyday voters. Mainstream Americans of both parties have756

little appetite for violence—political or not.757
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S1 Context

S1.1 Engagement with Current Estimates
S1.1.1 Google Scholar

We searched for citations to Kalmoe, Nathan P and Lilliana Mason. 2019. Lethal mass partisanship:
Prevalence, correlates, and electoralcontingencies. In NCAPSA American Politics Meeting.

S1.1.2 News Coverage

To count news coverage we used a basic search on Lexis Nexis:

Language: English
Terms: “Kalmoe” and “Mason”

We also used the same search terms on Google News.

The resulting articles were then manually cleaned to remove duplicates and unrelated articles.

S1.1.3 Social Media

Twitter
We used the Twitter Academic API to obtain all tweets with a link to an article on Kalmoe and Mason
results. We then summed likes, quotes, retweets and total tweets. NOTE: This is a dramatic under-count of
engagement as it does not count exposure to these tweets or the number of users who clicked on the links.

URLs:

https://www.nytimes.com/2019/03/13/opinion/hate-politics.html
www.politico.com/news/magazine/2020/10/01/political-violence-424157
https://politi.co/3cJtVHQ
https://politi.co/2SeWmnv
https://www.dannyhayes.org/uploads/6/9/8/5/69858539/kalmoe___mason_ncapsa_2019_-_lethal_partisanship_-
_final_lmedit.pdf
https://www.washingtonpost.com/politics/2021/01/11/what-you-need-know-about-how-many-americans-
condone-political-violence-why/
https://fivethirtyeight.com/features/our-radicalized-republic/
https://www.vox.com/policy-and-politics/22217576/trump-insurrection-capitol-america-political-
violence
https://www.nbcnews.com/think/opinion/pro-trump-capitol-riot-violence-underscores-bipartisan-
danger-dehumanizing-language-ncna1254530
https://www.opendemocracy.net/en/age-trump-over-now-us-must-tackle-its-polarisation/
https://www.washingtonpost.com/opinions/2019/10/04/short-primer-preventing-political-violence/
https://theweek.com/articles/941014/political-violence-coming-from-direction-country-far-
right
https://www.oregonlive.com/politics/2019/04/downright-evil-americans-increasingly-believe-
those-in-opposing-political-party-behave-like-animals-study.html
https://www.theguardian.com/us-news/2021/jul/19/joe-biden-republicans-polarization-us-politics-
texas
https://www.newyorker.com/magazine/2021/07/26/are-americans-more-trusting-than-they-seem
https://www.latimes.com/opinion/story/2020-09-17/americans-anti-democratic-sentiment-bartels
https://www.governing.com/now/violence-is-likely-to-escalate-ahead-of-the-election.html
https://carnegieendowment.org/2019/10/04/short-primer-on-preventing-political-violence-pub-
79997
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https://www.washingtonpost.com/politics/fear-of-election-violence/2020/10/30/5b4f5314-17a3-
11eb-befb-8864259bd2d8_story.html
https://www.nytimes.com/2021/01/18/us/supporters-of-donald-trump.html
https://lasvegassun.com/news/2020/sep/21/too-many-people-have-lost-faith-in-democracy/
https://www.washingtonpost.com/opinions/americans-are-at-each-others-throats-heres-one-way-
out/2019/12/20/c8de01ca-2292-11ea-a153-dce4b94e4249_story.html
https://www.timesrecordnews.com/story/life/2021/01/16/mattingly-christians-and-conspiracies-
dont-mix/6654273002/
https://www.vox.com/mischiefs-of-faction/2017/6/15/15808558/political-violence-eroding-democracy
https://www.tennessean.com/story/opinion/2020/02/17/science-gives-us-recipe-civil-conversations/
4470881002/
https://www.newyorker.com/magazine/2020/11/16/pulling-our-politics-back-from-the-brink
https://www.knoxnews.com/story/entertainment/columnists/terry-mattingly/2021/01/14/doesnt-
help-when-believers-join-americas-online-mobs-terry-mattingly/6630763002/
https://www.newyorker.com/news/daily-comment/is-american-tolerance-for-political-violence-
on-the-rise
https://www.niskanencenter.org/the-role-of-political-science-in-american-life-science-of-
politics-episode-100/
https://www.politico.com/magazine/story/2018/10/30/yes-political-rhetoric-can-incite-violence-
222019
https://www.economist.com/briefing/2020/10/29/president-trump-has-had-real-achievements-and-
a-baleful-effect
https://newrepublic.com/article/156402/hate-ballot
https://www.wsj.com/articles/crises-lay-bare-a-goodwill-deficit-in-america-11591623044
https://www.washingtonpost.com/politics/2019/12/02/both-democrats-republicans-were-once-white-
majority-parties-now-race-divides-them/
https://fivethirtyeight.com/live-blog/biden-inauguration/
https://www.niskanencenter.org/the-niskanen-centers-science-of-politics-podcast/
https://www.csmonitor.com/USA/Politics/2017/0619/Is-America-s-political-atmosphere-dangerously-
hot
https://www.usatoday.com/story/opinion/2019/04/12/record-breaking-national-deficit-partisanship-
threaten-us-future-leadership-column/3438887002/
https://reason.com/2020/08/05/the-looming-illegitimate-election-of-2020/
https://reason.com/2019/10/01/in-todays-america-everybody-who-disagrees-with-you-is-a-traitor/

S1.2 Political Violence News Coverage
S1.2.1 Print/Online

To count print and online news coverage we used a basic search on Lexis Nexis:

Language: English
Period: 1/1/2016 - 8/31/2021
Terms: ”political violence” and (”Democrat” or ”Republican”)

The resulting articles were then manually cleaned to remove duplicates and non-news sources.

This is a simplistic search, yet it establishes a conservative baseline of coverage of American political violence.

We plot results by Month and Year.
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Figure S1: This plot shows counts of news coverage of American political violence by Month and Year.

S1.2.2 TV News

To count television engagement we used the same query and the Internet Archive’s television news archive
(see Figure S1).

S1.2.3 Twitter

To count Twitter engagement we counted references to January 6th, 2021. We did this to set a floor
for discussion of political violence in America and because tweets lack the length and formal language of
newspaper articles.

S1.3 Previously reported estimates
We conducted an exhaustive search of news articles reporting an estimate of public support for political
violence. We recorded all aggregated estimates, and all estimates split by party. We first manually searched
for estimates of support within the text using the following keywords: percent, per cent, %, “one in” (such
as “one in three”), and “one-in”. We then verified whether these were estimates of support for violence
or other types of statistics (e.g., statistics such as “30% of Republicans say Democrats are evil” are not
included). In particular, we identified which political violence survey question and wave from prior studies
each estimate was based on. In a minority of cases, the survey question was clear but the survey wave was
unclear. For instance, the estimate was from 2020, but we do not know if the estimate was derived from a
September or October survey. We include these reported estimates despite the source ambiguity. On a few
occasions, the reported support was given as a range (e.g., 15-20 percent). In each case, we converted this
to the midpoint of the range (e.g., 18 for 15-20). Finally, we record each reported political violence support
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estimate within each story since some stories report multiple estimates of support for violence. These data
are at the story-level.

S2 Study 1

S2.1 Sample Demographics

Variable N Mean Std. Dev. Min Pctl. 25 Pctl. 75 Max
age 1002 47.01 17.07 18 32 62 97
gender 1002
... Female 520 52%
... Male 482 48%
race 1002
... African American 132 13%
... Asian 15 1%
... Native American 16 2%
... Other 57 6%
... Pacific Islander 4 0%
... White/Caucasian 778 78%
pid 1002
... Democrat 547 55%
... Republican 455 45%

Table S1: Summary Statistics for Study 1
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S2.2 Treatment Text
S2.2.1 Oregon - Democratic Version

Suspect Drives Into Group of Republicans in Jacksonville

Republican volunteers in Jacksonville, Fla., were registering people to vote in a shopping center Saturday
afternoon when a man drove a van through their red tent, then fled, according to law enforcement officials.
The incident has drawn condemnation from prominent Florida lawmakers and President Trump.

Stan Gimm, 27, was charged with two counts of aggravated assault on a person 65 years old or older, plus
criminal mischief and driving with a suspended license, jail records show.

A Spokeswoman said the statements made by Gimm “makes it clear that Saturday was a deliberate attack
that was completely reprehensible and unacceptable.”

S2.2.2 Oregon - Apolitical Version

Suspect Drives Into Group in Jacksonville

Volunteers in Jacksonville, Fla., were working in a shopping center Saturday afternoon when a man drove
a van through their red tent, then fled, according to law enforcement officials. The incident has drawn
condemnation from prominent Florida lawmakers and President Trump.

Stan Gimm, 27, was charged with two counts of aggravated assault on a person 65 years old or older, plus
criminal mischief and driving with a suspended license, jail records show.

A Volunteer Spokeswoman said the statements made by Gimm “makes it clear that Saturday was a deliberate
attack that was completely reprehensible and unacceptable.”

S2.2.3 Florida - Republican Version

Republican Arrested After Assaulting Democratic Protesters

Republicans gathered in a Portland, Oregon suburb and formed a caravan and proceeded to assault Demo-
cratic protesters by pepper-spraying people and shooting paintballs. They also physically intimidated
protesters by driving their trucks at unsafe speeds through crowded streets.

Thomas Kelly, a 31-year-old Portland Republican, was among the drivers arrested following the caravan. He
was charged with Disorderly Conduct II and Interfering with a Peace Officer.

Portland Mayor Ted Wheeler, a Democrat, denounced the caravan. “All of us must take a stance against
violence. It doesn’t matter who you are or what your politics are. We have to all stop the violence,” he said
at a press conference.

S2.2.4 Florida - Apolitical Version

Man Arrested After Assaulting Pedestrians

A group gathered in a Portland, Oregon suburb and formed a caravan and proceeded to assault pedestrians
by pepper-spraying people and shooting paintballs. They also physically intimidated people by driving their
trucks at unsafe speeds through crowded streets.

Thomas Kelly, a 31-year-old Portland man was among the drivers arrested following the caravan. He was
charged with Disorderly Conduct II and Interfering with a Peace Officer.
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Portland Mayor Ted Wheeler denounced the caravan. “All of us must take a stance against violence. It
doesn’t matter who you are, we have to all stop the violence,” he said at a press conference.

S2.3 Engagement Question
S2.3.1 Democratic Story

In what state did the event covered by the article you just read occur?

• Florida

• Nevada

• Georgia

• Alabama

• Texas

• South Carolina

• Kentucky

S2.3.2 Republican Story

In what state did the event covered by the article you just read occur?

• Oregon

• Nevada

• Washington

• California

• Idaho

• New Mexico

• Arizona

S2.4 Outcome Questions
Do you support or oppose the actions of [Stan Gimm/Thomas Kelly]?

• Strongly Support

• Support

• Neither support nor oppose

• Oppose

• Strongly Oppose

Was the driver justified or unjustified?

• Justified
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• Unjustified

Should the driver face criminal charges?

• Yes

• No
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S2.5 Heterogeneity by Copartisanship
While support for violence is low overall, we find that individuals are more willing to excuse the actions
of co-partisans, which we present in Table S2. However, we find no consistent evidence that individuals
are more permissive toward political violence than apolitical violence. Among those who were engaged in
Study 1, we find that support for violence is higher when the assailant is from the same political party as
the respondent. In Study 2, we find an increase in belief that the actions were justified, but the overall
support is quite low. In Table S2, we present the coefficient estimates. Because nearly all respondents in
Study 2 want to charge the assailant regardless of his party, the assailant’s party has no discernible effect on
support. This is consistent with prior work that shows partisan biases, especially with respect to deviations
from democratic norms, are more about in-group love than out-group hate (Lelkes and Westwood, 2017;
Westwood, Peterson and Lelkes, 2019).

Table S2: Respondents display a slight bias towards in-party assailants, though overall support is low.

Study 1 Study 2
Justified Support Charged Justified Support Charged

Out-party Suspect −0.076 −0.246 0.075 −0.048 −0.231 0.007
(0.037) (0.144) (0.029) (0.017) (0.052) (0.007)

Intercept 0.157 2.139 0.892 0.068 1.401 0.989
(0.025) (0.099) (0.020) (0.012) (0.037) (0.005)

Observations 315 315 315 572 572 572

Likewise, we find almost no difference in support whether partisan information is provided. Consistently,
respondents do not support the subject’s actions, view the crime as unjustified, and want the assailant to
be charged regardless of the information we provide. Where we find effects, they are relatively small and
suggest that, at most, only a small share of the public supports political violence.
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S2.6 Additional Results

Support Support Justifed Justifed Charged Charged
(Intercept) 1.98 3.06 0.19 0.44 0.92 0.76

(0.08) (0.15) (0.02) (0.06) (0.02) (0.05)
Apolitical Driver 2 0.70 −0.02 0.03 −0.00 −0.03 0.05

(0.12) (0.22) (0.04) (0.08) (0.03) (0.07)
Democrat Driver 0.73 0.15 0.00 −0.12 −0.05 0.08

(0.12) (0.20) (0.04) (0.08) (0.03) (0.06)
Republican Driver 0.16 0.05 0.05 −0.00 −0.03 −0.00

(0.12) (0.21) (0.04) (0.08) (0.03) (0.07)
Engaged Respondent −1.48 −0.35 0.23

(0.17) (0.06) (0.05)
Apolitical Driver 2 * Engaged Respondent 0.98 0.04 −0.11

(0.26) (0.09) (0.07)
Democrat Driver * Engaged Respondent 0.69 0.14 −0.18

(0.24) (0.08) (0.07)
Republican Driver * Engaged Respondent 0.03 0.05 −0.02

(0.24) (0.09) (0.07)
Num. obs. 1002 1002 1002 1002 1002 1002

Table S3: Main outcome measures vs. the treatment condition and Engaged Respondent. The baseline
category for the treatment is Apolitical Driver (Story 1). Coefficients are from an ordinary least squares
regression with HC1 standard errors.

Support Support Justifed Justifed Charged Charged
(Intercept) 1.98 2.23 0.19 0.26 0.92 0.93

(0.08) (0.12) (0.02) (0.04) (0.02) (0.02)
Apolitical Driver 2 0.70 0.50 0.03 −0.04 −0.03 −0.04

(0.12) (0.17) (0.04) (0.05) (0.03) (0.03)
Democrat Driver 0.73 0.45 0.00 −0.08 −0.05 −0.02

(0.12) (0.17) (0.04) (0.05) (0.03) (0.03)
Republican Driver 0.16 0.11 0.05 0.04 −0.03 −0.05

(0.12) (0.17) (0.04) (0.05) (0.03) (0.03)
Republican −0.54 −0.16 −0.03

(0.16) (0.05) (0.03)
Apolitical Driver 2 * Republican 0.42 0.14 0.03

(0.24) (0.07) (0.05)
Democrat Driver * Republican 0.61 0.18 −0.07

(0.23) (0.07) (0.06)
Republican Driver * Republican 0.10 0.01 0.04

(0.23) (0.07) (0.05)
Num. obs. 1002 1002 1002 1002 1002 1002

Table S4: Main outcome measures vs. the treatment condition and party ID. The baseline category for the
treatment is Apolitical Driver (Story 1). Coefficients are from an ordinary least squares regression with HC1
standard errors.
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Support Justifed Charged
(Intercept) 2.33 0.27 0.91

(0.15) (0.04) (0.03)
Apolitical Driver 2 0.45 −0.00 −0.04

(0.21) (0.06) (0.04)
Democrat Driver 0.44 −0.07 −0.03

(0.22) (0.06) (0.05)
Republican Driver 0.26 0.13 −0.04

(0.21) (0.07) (0.04)
Weak Dem. −0.67 −0.19 0.09

(0.23) (0.07) (0.03)
Lean Dem. 0.07 0.23 0.09

(0.44) (0.17) (0.03)
Lean Rep. −0.93 −0.27 −0.11

(0.39) (0.04) (0.18)
Weak Rep. −0.81 −0.18 0.06

(0.21) (0.06) (0.04)
Strong Rep. −0.52 −0.17 −0.03

(0.20) (0.06) (0.05)
Apolitical Driver 2 * Weak Dem. 0.58 0.04 −0.05

(0.36) (0.10) (0.07)
Democrat Driver * Weak Dem. 0.38 0.14 0.03

(0.35) (0.11) (0.05)
Republican Driver * Weak Dem. −0.39 −0.17 0.01

(0.32) (0.09) (0.06)
Apolitical Driver 2 * Lean Dem. −0.49 −0.41 0.04

(0.70) (0.19) (0.04)
Democrat Driver * Lean Dem. −0.14 −0.33 −0.07

(0.63) (0.20) (0.11)
Republican Driver * Lean Dem. −0.66 −0.63 −0.10

(0.58) (0.17) (0.14)
Apolitical Driver 2 * Lean Rep. 1.58 0.15 0.10

(0.62) (0.15) (0.23)
Democrat Driver * Lean Rep. 1.02 0.07 −0.05

(0.57) (0.06) (0.25)
Republican Driver * Lean Rep. 0.84 0.25 0.12

(0.66) (0.19) (0.22)
Apolitical Driver 2 * Weak Rep. 0.58 0.00 0.01

(0.33) (0.09) (0.06)
Democrat Driver * Weak Rep. 0.77 0.09 −0.06

(0.35) (0.10) (0.08)
Republican Driver * Weak Rep. −0.17 −0.20 −0.08

(0.30) (0.08) (0.08)
Apolitical Driver 2 * Strong Rep. 0.30 0.18 0.02

(0.31) (0.09) (0.07)
Democrat Driver * Strong Rep. 0.46 0.21 −0.04

(0.30) (0.09) (0.08)
Republican Driver * Strong Rep. −0.05 −0.03 0.10

(0.31) (0.09) (0.07)
Num. obs. 998 998 998

Table S5: Main outcome measures vs. the treatment condition and 7-point party ID. The baseline category
for the treatment is Apolitical Driver (Story 1), and the baseline category for 7-point party ID is Strong
Democrat. Coefficients are from an ordinary least squares regression with HC1 standard errors. We note
that this analysis was not pre-registered.
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Support Justifed Charged
(Intercept) 2.33 0.20 0.91

(0.06) (0.02) (0.01)
Democrat Driver 0.19 0.05 −0.05

(0.11) (0.03) (0.03)
Republican Driver −0.02 −0.03 0.00

(0.11) (0.03) (0.02)
Num. obs. 1002 1002 1002

Table S6: Main outcome measures vs. the treatment condition. The baseline category for the treatment is
Apolitical Driver (Story 1). Coefficients are from an ordinary least squares regression with HC1 standard
errors.

Support Support Justifed Justifed Charged Charged
(Intercept) 2.26 2.41 0.17 0.24 0.90 0.92

(0.09) (0.09) (0.02) (0.03) (0.02) (0.02)
Out-Party Driver 0.05 −0.00 0.01

(0.13) (0.03) (0.03)
In-Party Driver 0.11 0.02 −0.06

(0.12) (0.04) (0.03)
Num. obs. 509 493 509 493 509 493

Table S7: Main outcome measures vs. whether R knew the attack was told the attack was apolitical or had
political motives. Baseline category is apolitical driver (collapsing across stories 1 and 2). Coefficients are
from an ordinary least squares regression with HC1 standard errors.
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S2.7 Robustness

Use Violence
(Intercept) 1.58

(0.06)
Medium SD 0.16

(0.08)
High SD 0.62

(0.12)
Num. obs. 1000

Table S8: “How much do you feel it is justified for [R’s In-Party] to use violence in advancing their political
goals these days?” vs. social desirability (SD) scale. Baseline category is low social desirability. Coefficients
are from an ordinary least squares regression with HC1 standard errors.

Support Justifed Charged
(Intercept) 2.17 0.15 0.92

(0.10) (0.03) (0.02)
Democrat Driver 0.29 0.06 −0.08

(0.17) (0.05) (0.04)
Republican Driver 0.22 −0.02 −0.06

(0.17) (0.04) (0.04)
Medium SD 0.14 0.03 −0.00

(0.14) (0.04) (0.03)
High SD 0.47 0.20 −0.06

(0.17) (0.05) (0.04)
Democrat Driver * Medium SD −0.21 0.01 0.01

(0.24) (0.07) (0.06)
Republican Driver * Medium SD −0.18 0.04 0.08

(0.24) (0.06) (0.05)
Democrat Driver * High SD −0.07 −0.04 0.12

(0.30) (0.09) (0.07)
Republican Driver * High SD −0.86 −0.12 0.17

(0.31) (0.09) (0.06)
Num. obs. 1002 1002 1002

Table S9: Main outcome measures vs. the treatment condition interacted with the social desirability scale.
Baseline categories are Apolitical Driver (Story 1) for the treatment condition and low social-desirability.
Coefficients are from an ordinary least squares regression with HC1 standard errors.
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Support Justifed Charged
(Intercept) 2.02 0.10 0.94

(0.10) (0.02) (0.02)
Democrat Driver 0.02 0.02 −0.04

(0.16) (0.04) (0.04)
Republican Driver 0.13 −0.01 −0.02

(0.18) (0.04) (0.03)
Medium Aggression 0.19 0.01 −0.01

(0.14) (0.03) (0.03)
High Aggresion 0.83 0.30 −0.10

(0.15) (0.04) (0.03)
Democrat Driver * Medium Aggression 0.11 0.03 −0.06

(0.24) (0.06) (0.06)
Republican Driver * Medium Aggression −0.18 −0.00 0.05

(0.26) (0.06) (0.05)
Democrat Driver * High Aggresion 0.36 0.06 0.05

(0.25) (0.08) (0.06)
Republican Driver * High Aggresion −0.33 −0.08 0.03

(0.26) (0.08) (0.06)
Num. obs. 1002 1002 1002

Table S10: Main outcome measures vs. the treatment condition interacted with the aggression scale. Baseline
categories are Apolitical Driver (Story 1) for the treatment condition and low aggression. Coefficients are
from an ordinary least squares regression with HC1 standard errors.

Support Justifed Charged
(Intercept) 1.99 0.06 0.94

(0.12) (0.03) (0.03)
Democrat Driver −0.28 −0.14 −0.05

(0.21) (0.06) (0.05)
Republican Driver −0.13 −0.04 −0.08

(0.22) (0.06) (0.05)
Pol. Interest 0.40 0.21 −0.04

(0.28) (0.08) (0.06)
Democrat Driver * Pol. Interest 1.05 0.47 0.03

(0.47) (0.14) (0.11)
Republican Driver * Pol. Interest 0.28 0.10 0.20

(0.50) (0.15) (0.09)
Num. obs. 769 769 769

Table S11: Main outcome measures vs. the treatment condition interacted with the political interest scale.
The baseline category is Apolitical Driver (Story 1) for the treatment condition. The political interest scale
is a continuous variable. Coefficients are from an ordinary least squares regression with HC1 standard errors.
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Support Justifed Charged
(Intercept) 1.68 −0.04 0.90

(0.20) (0.06) (0.04)
Democrat Driver −0.07 0.01 −0.03

(0.37) (0.12) (0.08)
Republican Driver 0.31 −0.02 0.12

(0.38) (0.11) (0.06)
Moral Threat 0.20 0.07 0.00

(0.06) (0.02) (0.01)
Democrat Driver * Moral Threat 0.07 0.01 −0.01

(0.11) (0.03) (0.02)
Republican Driver * Moral Threat −0.10 −0.01 −0.04

(0.11) (0.03) (0.02)
Num. obs. 1002 1002 1002

Table S12: Main outcome measures vs. the treatment condition interacted with a Likert scale for “[R’s out-
party] are a moral threat to the nation and its people” (Moral Threat). The baseline category is Apolitical
Driver (Story 1) for the treatment condition. Coefficients are from an ordinary least squares regression with
HC1 standard errors.

Support Justifed Charged
(Intercept) 1.77 −0.04 0.93

(0.13) (0.03) (0.03)
Democrat Driver 0.03 0.05 0.01

(0.23) (0.07) (0.05)
Republican Driver −0.12 0.02 0.05

(0.22) (0.05) (0.04)
Human 0.22 0.09 −0.01

(0.05) (0.01) (0.01)
Democrat Driver * Human 0.04 −0.00 −0.02

(0.08) (0.02) (0.02)
Republican Driver * Human 0.04 −0.02 −0.02

(0.08) (0.02) (0.02)
Num. obs. 1002 1002 1002

Table S13: Main outcome measures vs. the treatment condition interacted with a Likert scale for “[R’s out-
party] are less than human” (Human). The baseline category is Apolitical Driver (Story 1) for the treatment
condition. Coefficients are from an ordinary least squares regression with HC1 standard errors.
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Support Justifed Charged
(Intercept) 1.60 −0.07 0.91

(0.19) (0.06) (0.04)
Democrat Driver −0.08 0.13 −0.00

(0.34) (0.11) (0.08)
Republican Driver 0.13 −0.02 0.04

(0.34) (0.10) (0.07)
Evil 0.25 0.09 −0.00

(0.06) (0.02) (0.01)
Democrat Driver * Evil 0.06 −0.03 −0.02

(0.10) (0.04) (0.03)
Republican Driver * Evil −0.05 −0.00 −0.01

(0.11) (0.03) (0.02)
Num. obs. 993 993 993

Table S14: Main outcome measures vs. the treatment condition interacted with a Likert scale for “[R’s
out-party] are evil” (Evil). The baseline category is Apolitical Driver (Story 1) for the treatment condition.
Coefficients are from an ordinary least squares regression with HC1 standard errors.

Support Justifed Charged
(Intercept) 2.20 0.14 0.91

(0.06) (0.02) (0.01)
In-Party Driver 0.20 0.06 −0.06

(0.11) (0.03) (0.03)
Out-Party Driver 0.01 −0.00 −0.01

(0.11) (0.03) (0.03)
Injure Democrats 0.74 0.32 −0.02

(0.18) (0.05) (0.04)
In-Party Driver * Injure Democrats −0.08 −0.04 0.03

(0.31) (0.10) (0.07)
Out-Party Driver * Injure Democrats −0.06 −0.17 0.06

(0.32) (0.10) (0.06)
Num. obs. 1002 1002 1002

Table S15: Main outcome measures vs. the treatment condition interacted with a 1 if the respondent
responds “Yes” to “Have you ever wished that someone would physically injure one or more Democratic
politicians?” (Injure Democrats). The baseline category is Apolitical Driver (Story 1) for the treatment
condition. Coefficients are from an ordinary least squares regression with HC1 standard errors.
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Support Justifed Charged
(Intercept) 2.20 0.14 0.91

(0.06) (0.02) (0.01)
In-Party Driver 0.20 0.06 −0.06

(0.11) (0.03) (0.03)
Out-Party Driver 0.01 −0.00 −0.01

(0.11) (0.03) (0.03)
Injure Republicans 0.74 0.32 −0.02

(0.18) (0.05) (0.04)
In-Party Driver * Injure Republicans −0.08 −0.04 0.03

(0.31) (0.10) (0.07)
Out-Party Driver * Injure Republicans −0.06 −0.17 0.06

(0.32) (0.10) (0.06)
Num. obs. 1002 1002 1002

Table S16: Main outcome measures vs. the treatment condition interacted with a 1 if the respondent
responds “Yes” to “Have you ever wished that someone would physically injure one or more Republican
politicians?” (Injure Republicans). The baseline category is Apolitical Driver (Story 1) for the treatment
condition. Coefficients are from an ordinary least squares regression with HC1 standard errors.

Support Justifed Charged
(Intercept) 1.71 −0.03 0.95

(0.10) (0.03) (0.02)
In-Party Driver −0.03 −0.02 −0.04

(0.17) (0.05) (0.04)
Out-Party Driver −0.03 −0.05 −0.01

(0.18) (0.04) (0.04)
Use Violence 0.36 0.13 −0.03

(0.05) (0.02) (0.01)
In-Party Driver * Use Violence 0.10 0.04 −0.01

(0.08) (0.03) (0.02)
Out-Party Driver * Use Violence −0.01 0.00 0.01

(0.08) (0.03) (0.02)
Num. obs. 1000 1000 1000

Table S17: Main outcome measures vs. the treatment condition interacted with “How much do you feel it
is justified for [R’s In-Party] to use violence in advancing their political goals these days?”. The baseline
category is Apolitical Driver (Story 1) for the treatment condition. Coefficients are from an ordinary least
squares regression with HC1 standard errors.
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Support Justifed Charged
(Intercept) 2.79 0.35 0.90

(0.11) (0.04) (0.02)
In-Party Driver 0.30 0.10 −0.06

(0.20) (0.07) (0.05)
Out-Party Driver 0.02 −0.06 −0.06

(0.19) (0.06) (0.05)
Medium AP −0.68 −0.19 0.01

(0.15) (0.05) (0.03)
High AP −0.64 −0.24 0.00

(0.15) (0.04) (0.03)
In-Party Driver * Medium AP −0.05 −0.15 0.00

(0.26) (0.08) (0.07)
Out-Party Driver * Medium AP −0.09 −0.03 0.09

(0.26) (0.07) (0.06)
In-Party Driver * High AP −0.29 −0.03 0.02

(0.26) (0.08) (0.06)
Out-Party Driver * High AP −0.09 0.09 0.10

(0.26) (0.08) (0.06)
Num. obs. 1002 1002 1002

Table S18: Main outcome measures vs. the treatment condition interacted with the affective polarization
scale. Baseline categories are Apolitical Driver (Story 1) for the treatment condition and low affective
polarization. Coefficients are from an ordinary least squares regression with HC1 standard errors.
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S3 Study 2

S3.1 Sample Demographics

Variable N Mean Std. Dev. Min Pctl. 25 Pctl. 75 Max
age 1023 47.42 16.79 18 34 61 88
gender 1023
... Female 523 51%
... Male 500 49%
race 1023
... African American 139 14%
... Asian 60 6%
... Native American 25 2%
... Other (please specify) 58 6%
... Pacific Islander 2 0%
... White/Caucasian 739 72%
pid 1023
... Democrat 489 48%
... Republican 534 52%

Table S19: Summary Statistics for Study 2
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S3.2 Treatment Text
Iowa Man Arrested After Shooting A Woman at a [Democratic/Republican/Local Meeting

Steven Wright, 65, was arrested for attempted murder this afternoon in Des Moines. The Iowa local allegedly
pulled a gun on a group of [Democrats/Republicans/locals] who were meeting in a neighboring house. Fol-
lowing a confrontation, Wright reportedly shot one of the attendees in the chest.

Two witnesses reported that Wright was upset that [Democrats/Republicans/people] were gathering in what
Wright called a [Republican/Democratic/quiet] part of town. After aggressively arguing for several minutes,
Wright reportedly aimed his gun at the woman and fired while calling her “a [Democratic/Republican/]
maniac bent on ruining Iowa.”

The victim later told reporters that she is sure she was shot “because she was trying to help organize
[Democrats/Republicans/community events] in her neighborhood.”

When deputies arrived, Wright was sitting on a couch next to a shotgun and stated that he was not coming
out, the report states. Deputies were able to take him into custody without further incident. They located
a pistol on his person with a magazine and six rounds of ammunition, the report continues.

S3.3 Engagement Question
In what state did the event covered by the article you just read occur?

• Iowa

• South Carolina

• Tennessee

• Michigan

• Texas

• Maine

• Oregon

S3.4 Outcome Questions
Do you support or oppose the actions of Steven Wright?

• Strongly Support

• Support

• Neither support nor oppose

• Oppose

• Strongly Oppose

Was the shooter justified or unjustified?

• Justified

• Unjustified
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Should the shooter face criminal charges?

• Yes

• No
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S3.5 Additional Results

Support Support Justifed Justifed Charged Charged
(Intercept) 1.53 2.35 0.07 0.26 0.98 0.91

(0.05) (0.17) (0.01) (0.06) (0.01) (0.04)
Democrat Shooter −0.03 0.19 0.01 0.04 −0.00 −0.04

(0.07) (0.23) (0.02) (0.08) (0.01) (0.06)
Republican Shooter 0.02 0.14 0.05 0.11 −0.02 −0.04

(0.07) (0.23) (0.02) (0.08) (0.01) (0.06)
Engaged Respondent −1.00 −0.23 0.08

(0.17) (0.06) (0.04)
Democrat Shooter * Engaged Respondent −0.27 −0.03 0.04

(0.23) (0.09) (0.06)
Republican Shooter * Engaged Respondent −0.21 −0.09 0.04

(0.24) (0.08) (0.06)
Num. obs. 1023 1023 1023 1023 1023 1023

Table S20: Main outcome measures vs. the treatment condition and Engaged Respondent. The baseline
category for the treatment is Apolitical Shooter. Coefficients are from an ordinary least squares regression
with HC1 standard errors.

Support Support Justifed Justifed Charged Charged
(Intercept) 1.53 1.54 0.07 0.06 0.98 0.99

(0.05) (0.07) (0.01) (0.02) (0.01) (0.01)
Democrat Shooter −0.03 −0.07 0.01 0.03 −0.00 −0.01

(0.07) (0.10) (0.02) (0.03) (0.01) (0.01)
Republican Shooter 0.02 0.12 0.05 0.10 −0.02 −0.01

(0.07) (0.11) (0.02) (0.03) (0.01) (0.02)
Republican −0.03 0.01 −0.02

(0.10) (0.03) (0.02)
Democrat Shooter * Republican 0.08 −0.03 0.01

(0.14) (0.04) (0.02)
Republican Shooter * Republican −0.19 −0.08 −0.00

(0.15) (0.05) (0.03)
Num. obs. 1023 1023 1023 1023 1023 1023

Table S21: Main outcome measures vs. the treatment condition and party ID. The baseline category for
the treatment is Apolitical Shooter. Coefficients are from an ordinary least squares regression with HC1
standard errors.
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Support Justifed Charged
(Intercept) 1.51 0.08 0.98

(0.09) (0.03) (0.01)
Democrat Shooter −0.10 0.00 0.01

(0.13) (0.04) (0.02)
Republican Shooter 0.27 0.10 −0.01

(0.15) (0.05) (0.02)
Weak Dem. 0.12 −0.06 0.02

(0.15) (0.03) (0.01)
Lean Dem. −0.11 −0.08 0.02

(0.37) (0.03) (0.01)
Lean Rep. −0.14 −0.08 0.02

(0.22) (0.03) (0.01)
Weak Rep. −0.03 −0.03 −0.01

(0.15) (0.04) (0.03)
Strong Rep. 0.05 0.01 −0.01

(0.13) (0.04) (0.02)
Democrat Shooter * Weak Dem. −0.05 0.06 −0.04

(0.20) (0.06) (0.03)
Republican Shooter * Weak Dem. −0.49 −0.02 −0.01

(0.21) (0.07) (0.03)
Democrat Shooter * Lean Dem. 0.55 0.14 −0.08

(0.51) (0.10) (0.07)
Republican Shooter * Lean Dem. 0.33 0.15 0.01

(0.96) (0.22) (0.02)
Democrat Shooter * Lean Rep. 0.03 −0.00 −0.11

(0.31) (0.04) (0.10)
Republican Shooter * Lean Rep. −0.18 −0.10 −0.08

(0.32) (0.05) (0.09)
Democrat Shooter * Weak Rep. 0.12 0.00 0.01

(0.20) (0.06) (0.03)
Republican Shooter * Weak Rep. −0.29 −0.10 0.02

(0.22) (0.06) (0.04)
Democrat Shooter * Strong Rep. 0.09 −0.01 −0.01

(0.18) (0.06) (0.03)
Republican Shooter * Strong Rep. −0.38 −0.08 −0.02

(0.20) (0.06) (0.04)
Num. obs. 1023 1023 1023

Table S22: Main outcome measures vs. the treatment condition and 7-point party ID. The baseline categories
are Apolitical Shooter and Strong Democrat. Coefficients are from an ordinary least squares regression with
HC1 standard errors. We note that this analysis was not pre-registered.
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Support Justifed Charged
(Intercept) 1.53 0.07 0.98

(0.05) (0.01) (0.01)
In-Party and Partisan −0.07 0.02 −0.01

(0.07) (0.02) (0.01)
Out-Party and Partisan 0.06 0.05 −0.00

(0.07) (0.02) (0.01)
Num. obs. 1023 1023 1023

Table S23: Main outcome measures vs. the treatment condition. The baseline category for the treatment is
Apolitical Shooter. Coefficients are from an ordinary least squares regression with HC1 standard errors.
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S3.6 Robustness

Use Violence
(Intercept) 1.60

(0.06)
Medium SD 0.03

(0.08)
High SD 0.06

(0.10)
Num. obs. 1023

Table S24: “How much do you feel it is justified for [R’s In-Party] to use violence in advancing their political
goals these days?” vs. social desirability (SD) scale. Baseline category is low social desirability. Coefficients
are from an ordinary least squares regression with HC1 standard errors.

Support Justifed Charged
(Intercept) 1.52 0.05 0.98

(0.09) (0.02) (0.01)
In-Party and Partisan −0.08 0.04 −0.02

(0.11) (0.03) (0.02)
Out-Party and Partisan −0.04 0.03 0.01

(0.12) (0.03) (0.02)
Medium SD 0.02 0.01 0.00

(0.11) (0.03) (0.02)
High SD −0.02 0.06 −0.01

(0.15) (0.05) (0.03)
In-Party and Partisan * Medium SD −0.05 −0.02 0.01

(0.15) (0.04) (0.03)
Out-Party and Partisan * Medium SD 0.14 0.04 −0.03

(0.16) (0.05) (0.03)
In-Party and Partisan * High SD 0.19 −0.01 0.02

(0.21) (0.07) (0.04)
Out-Party and Partisan * High SD 0.19 −0.01 −0.01

(0.20) (0.07) (0.04)
Num. obs. 1023 1023 1023

Table S25: Main outcome measures vs. the treatment condition interacted with the social desirability scale.
Baseline categories are Apolitical Shooter for the treatment condition and low social-desirability. Coefficients
are from an ordinary least squares regression with HC1 standard errors.
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Support Justifed Charged
(Intercept) 1.34 0.02 0.99

(0.06) (0.01) (0.01)
In-Party and Partisan −0.13 0.00 −0.01

(0.08) (0.02) (0.01)
Out-Party and Partisan −0.08 0.04 0.00

(0.08) (0.02) (0.01)
Medium Aggression 0.10 0.03 −0.02

(0.10) (0.02) (0.02)
High Aggresion 0.48 0.13 −0.02

(0.13) (0.04) (0.02)
In-Party and Partisan * Medium Aggression −0.00 0.04 0.01

(0.13) (0.04) (0.03)
Out-Party and Partisan * Medium Aggression 0.28 0.03 −0.01

(0.15) (0.04) (0.03)
In-Party and Partisan * High Aggresion 0.18 0.03 −0.02

(0.17) (0.05) (0.03)
Out-Party and Partisan * High Aggresion 0.20 0.01 −0.01

(0.18) (0.06) (0.03)
Num. obs. 1023 1023 1023

Table S26: Main outcome measures vs. the treatment condition interacted with the aggression scale. Baseline
categories are Apolitical Shooter for the treatment condition and low aggression. Coefficients are from an
ordinary least squares regression with HC1 standard errors.

Support Justifed Charged
(Intercept) 1.43 −0.01 0.97

(0.10) (0.03) (0.02)
In-Party and Partisan −0.07 0.05 −0.02

(0.14) (0.04) (0.03)
Out-Party and Partisan −0.08 0.05 0.01

(0.16) (0.05) (0.03)
Pol. Interest 0.26 0.20 0.02

(0.26) (0.09) (0.04)
In-Party and Partisan * Pol. Interest −0.01 −0.07 0.02

(0.36) (0.11) (0.06)
Out-Party and Partisan * Pol. Interest 0.39 0.01 −0.04

(0.43) (0.14) (0.06)
Num. obs. 1023 1023 1023

Table S27: Main outcome measures vs. the treatment condition interacted with the political interest scale.
The baseline category is Apolitical Shooter for the treatment condition. The political interest scale is a
continuous variable. Coefficients are from an ordinary least squares regression with HC1 standard errors.

27



Support Justifed Charged
(Intercept) 1.17 −0.03 1.03

(0.09) (0.03) (0.02)
In-Party and Partisan −0.12 −0.02 −0.05

(0.13) (0.04) (0.02)
Out-Party and Partisan −0.29 −0.06 −0.04

(0.13) (0.04) (0.02)
Use Violence 0.22 0.06 −0.03

(0.06) (0.02) (0.01)
In-Party and Partisan * Use Violence 0.02 0.02 0.02

(0.08) (0.03) (0.02)
Out-Party and Partisan * Use Violence 0.22 0.07 0.02

(0.09) (0.03) (0.02)
Num. obs. 1023 1023 1023

Table S28: Main outcome measures vs. the treatment condition interacted with “How much do you feel it
is justified for [R’s In-Party] to use violence in advancing their political goals these days?”. The baseline
category is Apolitical Shooter for the treatment condition. Coefficients are from an ordinary least squares
regression with HC1 standard errors.

Support Justifed Charged
(Intercept) 1.70 0.11 0.96

(0.10) (0.03) (0.02)
In-Party and Partisan 0.13 0.05 −0.02

(0.15) (0.05) (0.03)
Out-Party and Partisan 0.14 0.05 0.00

(0.15) (0.05) (0.03)
Medium AP −0.26 −0.07 0.03

(0.12) (0.04) (0.02)
High AP −0.24 −0.07 0.02

(0.13) (0.04) (0.02)
In-Party and Partisan * Medium AP −0.32 −0.05 0.02

(0.17) (0.05) (0.03)
Out-Party and Partisan * Medium AP −0.09 −0.01 −0.00

(0.19) (0.06) (0.03)
In-Party and Partisan * High AP −0.26 −0.02 0.01

(0.18) (0.06) (0.04)
Out-Party and Partisan * High AP −0.16 0.01 −0.02

(0.19) (0.06) (0.03)
Num. obs. 1023 1023 1023

Table S29: Main outcome measures vs. the treatment condition interacted with the affective polarization
scale. Baseline categories are Apolitical Shooter for the treatment condition and low affective polarization.
Coefficients are from an ordinary least squares regression with HC1 standard errors.
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S4 Study 3

S4.1 Sample Demographics

Variable N Percent
age4 1863
... 30-44 463 25%
... 45-64 615 33%
... 65+ 506 27%
... Under 30 279 15%
gender4 1863
... Man 807 43%
... Non-binary 12 1%
... Other 1 0%
... Woman 1043 56%
race4 1863
... Black 253 14%
... Hispanic 256 14%
... Other 113 6%
... White 1241 67%
pid3 1863
... Democrat 967 52%
... Republican 896 48%

Table S30: Summary Statistics for Study 3
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S4.2 Treatment Text
Iowa Man Arrested After Shooting A Woman at a [Democratic/Republican

Steven Wright, 65, was arrested for attempted murder this afternoon in Des Moines. The Iowa local allegedly
pulled a gun on a group of [Democrats/Republicans] who were meeting in a neighboring house. Following a
confrontation, Wright reportedly shot one of the attendees in the chest.

Two witnesses reported that Wright was upset that [Democrats/Republicans] were gathering in what Wright
called a [Republican/Democratic] part of town. After aggressively arguing for several minutes, Wright re-
portedly aimed his gun at the woman and fired while calling her “a [Democratic/Republican] maniac bent
on ruining Iowa.”

The victim later told reporters that she is sure she was shot “because she was trying to help organize
[Democrats/Republicans] in her neighborhood.”

When deputies arrived, Wright was sitting on a couch next to a shotgun and stated that he was not coming
out, the report states. Deputies were able to take him into custody without further incident. They located
a pistol on his person with a magazine and six rounds of ammunition, the report continues.

S4.3 Engagement Question
In what state did the event covered by the article you just read occur?

• Iowa

• South Carolina

• Tennessee

• Michigan

• Texas

• Maine

• Oregon

S4.4 Outcome Questions
Do you support or oppose the actions of Steven Wright?

• Strongly Support

• Support

• Neither support nor oppose

• Oppose

• Strongly Oppose

Was the shooter justified or unjustified?

• Justified

• Unjustified
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Should the shooter face criminal charges?

• Yes

• No
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S4.5 Additional Results

Table S31: Study 3: Passing Engagement Test by Incentive Arm

Dependent variable:
Passed

Out-Party Shooter 0.010
(−0.041, 0.060)

Incentivized 0.059∗
(0.009, 0.110)

Out-Party Shooter X Incentivized −0.047
(−0.118, 0.025)

Constant 0.787∗∗∗
(0.751, 0.823)

Observations 1,863
R2 0.003
Adjusted R2 0.002
Residual Std. Error 0.392 (df = 1859)
F Statistic 2.081 (df = 3; 1859)

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001
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Table S32: Study 3: Justification, Support and Charges by Political Alignment by Incentive Arm

Dependent variable:
Support Justification Charged

(1) (2) (3)
OutParty Shooter 0.162∗ −0.052∗∗ −0.028∗

(0.032, 0.292) (−0.091, −0.014) (−0.056, −0.001)

Incentivized −0.031 −0.040∗ 0.004
(−0.162, 0.100) (−0.078, −0.001) (−0.023, 0.032)

Incentivized X OutParty 0.051 0.084∗∗ 0.017
(−0.134, 0.237) (0.029, 0.139) (−0.023, 0.056)

Intercept 1.540∗∗∗ 0.127∗∗∗ 0.959∗∗∗
(1.446, 1.633) (0.099, 0.154) (0.939, 0.978)

Observations 1,863 1,863 1,863
R2 0.009 0.005 0.003
Adjusted R2 0.007 0.004 0.002
Residual Std. Error (df = 1859) 1.020 0.301 0.217
F Statistic (df = 3; 1859) 5.346∗∗ 3.227∗ 2.170

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table S33: Trolling, Justifcation, Support and Charges by Political Alignment

Dependent variable:
Support Justification Charged

(1) (2) (3)
OutParty Shooter 0.176∗∗∗ −0.022 −0.020∗

(0.089, 0.263) (−0.048, 0.005) (−0.040, −0.001)

Shark Bite 2.281∗∗∗ 0.392∗∗∗ −0.159∗∗∗
(1.915, 2.647) (0.280, 0.503) (−0.242, −0.075)

Shark Bite X OutParty −0.176 0.211∗∗ 0.032
(−0.666, 0.313) (0.062, 0.360) (−0.080, 0.143)

Intercept 1.459∗∗∗ 0.096∗∗∗ 0.965∗∗∗
(1.398, 1.521) (0.077, 0.114) (0.951, 0.979)

Observations 1,863 1,863 1,863
R2 0.150 0.093 0.016
Adjusted R2 0.149 0.092 0.014
Residual Std. Error (df = 1859) 0.945 0.288 0.215
F Statistic (df = 3; 1859) 109.514∗∗∗ 63.546∗∗∗ 9.780∗∗∗

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001
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Table S34: Cheerleading, Justifcation, Support and Charges by Political Alignment

Dependent variable:
Support Justification Charged

(1) (2) (3)
OutParty Shooter 0.203∗∗∗ −0.004 −0.028∗∗

(0.110, 0.297) (−0.032, 0.023) (−0.048, −0.009)

Cheerleader 0.886∗∗∗ 0.288∗∗∗ −0.196∗∗∗
(0.583, 1.188) (0.199, 0.378) (−0.260, −0.131)

Cheerleader X OutParty −0.155 −0.088 0.158∗∗
(−0.614, 0.304) (−0.223, 0.048) (0.060, 0.256)

Intercept 1.481∗∗∗ 0.093∗∗∗ 0.970∗∗∗
(1.415, 1.548) (0.073, 0.112) (0.956, 0.984)

Observations 1,863 1,863 1,863
R2 0.034 0.029 0.021
Adjusted R2 0.033 0.027 0.020
Residual Std. Error (df = 1859) 1.007 0.297 0.215
F Statistic (df = 3; 1859) 22.115∗∗∗ 18.507∗∗∗ 13.589∗∗∗

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Support Support Justifed Justifed Charged Charged
(Intercept) 1.57 2.34 0.08 0.23 0.97 0.92

(0.04) (0.14) (0.01) (0.04) (0.01) (0.02)
Republican Shooter 0.10 0.21 0.03 0.09 −0.03 −0.11

(0.06) (0.19) (0.02) (0.06) (0.01) (0.04)
Engaged Respondent −0.94 −0.18 0.06

(0.14) (0.04) (0.02)
Republican Shooter * Engaged Respondent −0.18 −0.08 0.10

(0.20) (0.07) (0.05)
Num. obs. 1863 1863 1863 1863 1863 1863

Table S35: Main outcome measures vs. the treatment condition and Engaged Respondent. The baseline
category for the treatment is Democrat shooter. Coefficients are from an ordinary least squares regression
with HC1 standard errors.
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Support Support Justifed Justifed Charged Charged
(Intercept) 1.57 1.53 0.08 0.09 0.97 0.98

(0.04) (0.06) (0.01) (0.02) (0.01) (0.01)
Republican Shooter 0.10 0.27 0.03 0.02 −0.03 −0.05

(0.06) (0.10) (0.02) (0.03) (0.01) (0.02)
Republican 0.08 −0.02 −0.02

(0.08) (0.03) (0.01)
Republican Shooter * Republican −0.36 0.02 0.04

(0.13) (0.04) (0.02)
Num. obs. 1863 1863 1863 1863 1863 1863

Table S36: Main outcome measures vs. the treatment condition and party ID. The baseline category for
the treatment is Democrat shooter. Coefficients are from an ordinary least squares regression with HC1
standard errors.

Support Justifed Charged
(Intercept) 1.48 0.07 0.98

(0.08) (0.02) (0.01)
Republican Shooter 0.22 0.02 −0.02

(0.11) (0.02) (0.01)
Weak Dem. 0.15 0.06 −0.00

(0.13) (0.05) (0.01)
Weak Rep. −0.03 −0.03 −0.03

(0.12) (0.02) (0.02)
Strong Rep. 0.22 0.02 −0.02

(0.10) (0.03) (0.01)
Republican Shooter * Weak Dem. 0.13 0.00 −0.08

(0.21) (0.07) (0.04)
Republican Shooter * Weak Rep. −0.06 0.07 0.01

(0.18) (0.05) (0.04)
Republican Shooter * Strong Rep. −0.45 0.00 0.00

(0.15) (0.04) (0.02)
Num. obs. 1863 1863 1863

Table S37: Main outcome measures vs. the treatment condition and 7-point party ID (without independents).
The baseline category for the treatment is Democrat shooter, and the baseline category for 7-point party ID
is Strong Democrat. Coefficients are from an ordinary least squares regression with HC1 standard errors.

Support Justifed Charged
(Intercept) 1.52 0.11 0.96

(0.04) (0.01) (0.01)
Out-Party Shooter 0.19 −0.01 −0.02

(0.06) (0.02) (0.01)
Num. obs. 1863 1863 1863

Table S38: Main outcome measures vs. the treatment condition. The baseline category for the treatment is
In-Party shooter. Coefficients are from an ordinary least squares regression with HC1 standard errors.
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S5 Study 4

S5.1 Sample Demographics

Variable N Mean Std. Dev. Min Pctl. 25 Pctl. 75 Max
age 1009 45.2 17.44 18 30 60 90
gender 1009
... Female 510 51%
... Male 499 49%
race 1009
... African American 160 16%
... Asian 30 3%
... Native American 19 2%
... Other 43 4%
... Pacific Islander 2 0%
... White/Caucasian 755 75%
pid 1009
... Democrat 540 54%
... Republican 469 46%

Table S39: Summary Statistics for Study 4
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S5.2 Engagement Vignette and Question
Bringing back sea otters to the Oregon Coast just got a high-level endorsement. The federal budget for this
new year includes a directive to study sea otter reintroduction.

The proviso making sea otter fans happy was tucked away deep in the new federal budget. It directs the U.S.
Fish and Wildlife Service to study the feasibility and cost of reestablishing the charismatic marine mammals
where they were once hunted to near-extinction along the Pacific Coast.

Bob Bailey leads the Elakha Alliance, a group that wants to bring wild sea otters back. His organization
instigated the congressional action.

“I’m very pleased. This is very timely,” Bailey said in an interview. “It will definitely help U.S. Fish and
Wildlife Service develop a strategic approach for how best to conserve and protect sea otters.”

What state is receiving funding to study the reintroduction of sea otters?

• Oregon

• Alaska

• Washington

• California

• Texas

• Florida

• Louisiana

S5.3 Treatment Text
Jon James Fishnick was convicted last week of [crime]. He was arrested by police [description].

Table S40: Crime and Crime Description Text for Study 4

Crime Description
protesting without a permit after leading a protest against [outparty] on the grounds of the

county courthouse. He made no effort to acquire the necessary
permit for the protest and refused to leave when asked by police.

vandalism after he cut down several large signs expressing support for can-
didates of the [outparty].

assault for throwing rocks at peaceful [outparty] protesters. Although
no one was seriously injured, paramedics bandaged a man with a
head wound.

arson as he attempted to run from a fire he started at the local [outparty]
headquarters. Although he waited for the building to close for the
night, several adjacent buildings were still occupied.

assault with a deadly weapon after driving his car into a crow of [outparty] protesters. Although
no one was killed, several individuals were seriously injured and
one spent a month in the hospital.”,

murder after surveillance footage was found showing Fisknick stabbing
a prominent [outparty] to death. Fisknick targeted the victim
because he stopped Fisknick from voting in the last election.
Fisknick claims the victim wanted to stop [inparty] voters.
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S5.4 Outcome Questions
The judge is expected to sentence Fishnick next week. We are interested in what sentence you think is
appropriate:

• Community service

• 1 - 3 days in jail

• 4 - 30 days in jail

• 2 - 3 months in jail

• 4 - 6 months in jail

• 7 months to 1 year in jail

• 2 - 5 years in prison

• 6 - 10 years in prison

• 11 - 15 years in prison

• 16 - 20 years in prison

• More than 20 years in prison

Would you support or oppose a pardon for Jon James Fishnick?

• Strongly Support

• Support

• Neither support nor oppose

• Oppose

• Strongly Oppose
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S5.5 Additional Results
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Figure S2: Support for a Mean Support for a Gubernatorial Pardon by Attention
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Pardon Pardon Nullify Nullify
(Intercept) 2.48 2.66 0.04 0.04

(0.10) (0.13) (0.02) (0.02)
Assault 0.40 0.52 0.27 0.32

(0.15) (0.19) (0.04) (0.06)
Assault w/Deadly Weapon −0.20 −0.15 0.04 0.08

(0.14) (0.19) (0.03) (0.04)
Murder −0.33 −0.14 0.02 0.04

(0.14) (0.19) (0.02) (0.03)
Protest w/out Permit 0.88 0.67 0.52 0.47

(0.14) (0.18) (0.04) (0.05)
Vandalism 0.60 0.62 0.46 0.39

(0.13) (0.17) (0.04) (0.05)
Engaged Respondent −0.55 −0.01

(0.20) (0.03)
Assault * Engaged Respondent −0.22 −0.13

(0.28) (0.08)
Assault w/Deadly Weapon * Engaged Respondent 0.07 −0.07

(0.26) (0.05)
Murder * Engaged Respondent −0.27 −0.05

(0.27) (0.05)
Protest w/out Permit * Engaged Respondent 0.64 0.13

(0.28) (0.09)
Vandalism * Engaged Respondent 0.06 0.20

(0.26) (0.08)
Num. obs. 991 991 1009 1009

Table S41: Main outcome measures vs. treatment condition and the engagement test. Pardon is a Likert
scale “Would you support or oppose a pardon for Jon James Fishnick?” Nullify is a binary indicator of
whether the respondent gave Fishnick community service. Baseline categories are arson for the treatment
condition and failure for the engagement test. Coefficients are from an ordinary least squares regression with
HC1 standard errors.

40



Pardon Pardon Nullify Nullify
(Intercept) 2.48 2.76 0.04 0.05

(0.10) (0.15) (0.02) (0.02)
Assault 0.40 0.25 0.27 0.25

(0.15) (0.21) (0.04) (0.06)
Assault w/Deadly Weapon −0.20 −0.50 0.04 0.02

(0.14) (0.20) (0.03) (0.03)
Murder −0.33 −0.51 0.02 −0.00

(0.14) (0.20) (0.02) (0.03)
Protest w/out Permit 0.88 0.56 0.52 0.49

(0.14) (0.20) (0.04) (0.06)
Vandalism 0.60 0.53 0.46 0.42

(0.13) (0.19) (0.04) (0.06)
Republican −0.57 −0.01

(0.19) (0.03)
Assault * Republican 0.28 0.04

(0.29) (0.08)
Assault w/Deadly Weapon * Republican 0.63 0.05

(0.27) (0.05)
Murder * Republican 0.38 0.03

(0.28) (0.05)
Protest w/out Permit * Republican 0.67 0.06

(0.28) (0.09)
Vandalism * Republican 0.14 0.10

(0.26) (0.08)
Num. obs. 991 991 1009 1009

Table S42: Main outcome measures vs. treatment condition and party ID. Pardon is a Likert scale “Would
you support or oppose a pardon for Jon James Fishnick?” Nullify is a binary indicator of whether the
respondent gave Fishnick community service. Baseline categories are arson for the treatment condition and
Democrats. Coefficients are from an ordinary least squares regression with HC1 standard errors.
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Pardon Nullify
(Intercept) 2.86 0.03

(0.18) (0.02)
Assault 0.27 0.34

(0.26) (0.07)
Assault w/Deadly Weapon −0.42 0.06

(0.26) (0.04)
Murder −0.56 0.03

(0.24) (0.04)
Protest w/out Permit 0.54 0.45

(0.24) (0.07)
Vandalism 0.57 0.42

(0.22) (0.06)
Weak Dem. −0.36 0.07

(0.35) (0.07)
Lean Dem. −0.86 −0.03

(0.18) (0.02)
Lean Rep. −0.46 −0.03

(0.41) (0.02)
Weak Rep. −0.96 −0.03

(0.29) (0.02)
Strong Rep. −0.58 0.02

(0.24) (0.04)
Assault * Weak Dem. 0.02 −0.34

(0.45) (0.12)
Assault w/Deadly Weapon * Weak Dem. −0.14 −0.16

(0.42) (0.08)
Murder * Weak Dem. 0.29 −0.13

(0.48) (0.08)
Protest w/out Permit * Weak Dem. 0.19 0.06

(0.50) (0.15)
Vandalism * Weak Dem. −0.40 −0.06

(0.45) (0.17)
Assault * Lean Dem. −0.02 −0.09

(0.34) (0.23)
Assault w/Deadly Weapon * Lean Dem. 0.59 0.10

(0.57) (0.16)
Murder * Lean Dem. −0.10 −0.03

(0.37) (0.04)
Protest w/out Permit * Lean Dem. 0.30 0.38

(0.56) (0.17)
Vandalism * Lean Dem. 0.10 0.33

(0.35) (0.23)
Assault * Lean Rep. 0.33 −0.01

(0.94) (0.29)
Assault w/Deadly Weapon * Lean Rep. −0.38 −0.06

(0.50) (0.04)
Murder * Lean Rep. −0.84 −0.03

(0.44) (0.04)
Protest w/out Permit * Lean Rep. 1.56 0.30

(0.50) (0.23)
Vandalism * Lean Rep. −0.37 0.38

(0.69) (0.19)
Assault * Weak Rep. 0.26 −0.20

(0.41) (0.12)
Assault w/Deadly Weapon * Weak Rep. 0.68 0.00

(0.39) (0.06)
Murder * Weak Rep. 0.52 0.04

(0.41) (0.06)
Protest w/out Permit * Weak Rep. 0.70 0.20

(0.39) (0.12)
Vandalism * Weak Rep. 0.09 0.10

(0.37) (0.12)
Assault * Strong Rep. 0.24 −0.01

(0.36) (0.10)
Assault w/Deadly Weapon * Strong Rep. 0.64 0.02

(0.36) (0.07)
Murder * Strong Rep. 0.49 −0.01

(0.34) (0.06)
Protest w/out Permit * Strong Rep. 0.65 0.03

(0.35) (0.11)
Vandalism * Strong Rep. 0.21 0.08

(0.32) (0.10)
Num. obs. 990 1008

Table S43: Main outcome measures vs. treatment condition and 7-point party ID. Pardon is a Likert scale
“Would you support or oppose a pardon for Jon James Fishnick?” Nullify is a binary indicator of whether
the respondent gave Fishnick community service. Baseline categories are arson for the treatment condition
and Strong Democrats. Coefficients are from an ordinary least squares regression with HC1 standard errors.
We note that this analysis was not pre-registered.
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S5.6 Robustness

Pardon Nullify
(Intercept) 2.48 0.04

(0.17) (0.02)
Assault 0.28 0.32

(0.24) (0.07)
Assault w/Deadly Weapon −0.58 0.05

(0.21) (0.04)
Murder −0.36 0.04

(0.23) (0.04)
Protest w/out Permit 0.71 0.53

(0.22) (0.07)
Vandalism 0.39 0.51

(0.21) (0.07)
Medium SD −0.25 −0.01

(0.22) (0.03)
High SD 0.44 0.04

(0.29) (0.05)
Assault * Medium SD 0.18 −0.04

(0.32) (0.10)
Assault w/Deadly Weapon * Medium SD 0.62 −0.02

(0.29) (0.05)
Murder * Medium SD 0.02 −0.04

(0.31) (0.05)
Protest w/out Permit * Medium SD 0.47 0.02

(0.30) (0.09)
Vandalism * Medium SD 0.46 −0.03

(0.28) (0.09)
Assault * High SD 0.14 −0.13

(0.41) (0.11)
Assault w/Deadly Weapon * High SD 0.41 0.01

(0.37) (0.08)
Murder * High SD 0.10 −0.04

(0.39) (0.07)
Protest w/out Permit * High SD −0.02 −0.08

(0.40) (0.12)
Vandalism * High SD 0.15 −0.16

(0.38) (0.11)
Num. obs. 991 1009

Table S44: Main outcome measures vs. the treatment condition interacted with the social desirability scale.
Pardon is a Likert scale “Would you support or oppose a pardon for Jon James Fishnick?” Nullify is a binary
indicator of whether the respondent gave Fishnick community service. Baseline categories are arson for the
treatment condition and low social-desirability. Coefficients are from an ordinary least squares regression
with HC1 standard errors.
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Pardon Nullify
(Intercept) 2.04 0.06

(0.14) (0.03)
Assault 0.60 0.36

(0.23) (0.08)
Assault w/Deadly Weapon −0.27 −0.01

(0.18) (0.04)
Murder −0.33 −0.02

(0.20) (0.04)
Protest w/out Permit 1.30 0.59

(0.21) (0.07)
Vandalism 0.90 0.56

(0.19) (0.07)
Medium Aggression 0.32 −0.02

(0.21) (0.04)
High Aggresion 1.00 −0.02

(0.24) (0.04)
Assault * Medium Aggression −0.28 −0.08

(0.32) (0.11)
Assault w/Deadly Weapon * Medium Aggression −0.04 0.04

(0.27) (0.06)
Murder * Medium Aggression −0.28 0.03

(0.27) (0.06)
Protest w/out Permit * Medium Aggression −0.28 −0.04

(0.32) (0.11)
Vandalism * Medium Aggression −0.55 0.02

(0.28) (0.10)
Assault * High Aggresion −0.40 −0.18

(0.35) (0.10)
Assault w/Deadly Weapon * High Aggresion 0.42 0.14

(0.32) (0.07)
Murder * High Aggresion 0.30 0.06

(0.33) (0.06)
Protest w/out Permit * High Aggresion −0.96 −0.19

(0.34) (0.10)
Vandalism * High Aggresion −0.26 −0.33

(0.32) (0.09)
Num. obs. 991 1009

Table S45: Main outcome measures vs. the treatment condition interacted with the social desirability scale.
Pardon is a Likert scale “Would you support or oppose a pardon for Jon James Fishnick?” Nullify is a binary
indicator of whether the respondent gave Fishnick community service. Baseline categories are arson for the
treatment condition and low aggression. Coefficients are from an ordinary least squares regression with HC1
standard errors.
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Pardon Nullify
(Intercept) 1.76 0.05

(0.19) (0.03)
Assault 0.54 0.14

(0.28) (0.08)
Assault w/Deadly Weapon 0.31 0.04

(0.26) (0.05)
Murder −0.23 −0.03

(0.27) (0.04)
Protest w/out Permit 1.68 0.74

(0.29) (0.08)
Vandalism 1.17 0.64

(0.26) (0.08)
Pol. Interest 1.28 −0.05

(0.43) (0.04)
Assault * Pol. Interest −0.35 0.28

(0.60) (0.15)
Assault w/Deadly Weapon * Pol. Interest −1.16 0.04

(0.61) (0.11)
Murder * Pol. Interest −0.25 0.06

(0.63) (0.08)
Protest w/out Permit * Pol. Interest −1.36 −0.40

(0.62) (0.15)
Vandalism * Pol. Interest −1.31 −0.21

(0.60) (0.17)
Num. obs. 750 759

Table S46: Main outcome measures vs. the treatment condition interacted with the social desirability scale.
Pardon is a Likert scale “Would you support or oppose a pardon for Jon James Fishnick?” Nullify is a binary
indicator of whether the respondent gave Fishnick community service. Baseline categories are arson for the
treatment condition. The political interest scale is a continuous variable. Coefficients are from an ordinary
least squares regression with HC1 standard errors.
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Pardon Nullify
(Intercept) 1.60 0.06

(0.37) (0.05)
Assault 0.60 0.38

(0.51) (0.13)
Assault w/Deadly Weapon −0.66 −0.10

(0.49) (0.10)
Murder −0.69 −0.12

(0.46) (0.06)
Protest w/out Permit 1.48 0.73

(0.49) (0.13)
Vandalism 1.00 0.78

(0.46) (0.12)
Moral Threat 0.25 −0.00

(0.11) (0.01)
Assault * Moral Threat −0.05 −0.03

(0.15) (0.04)
Assault w/Deadly Weapon * Moral Threat 0.13 0.04

(0.14) (0.03)
Murder * Moral Threat 0.11 0.04

(0.14) (0.02)
Protest w/out Permit * Moral Threat −0.16 −0.07

(0.14) (0.04)
Vandalism * Moral Threat −0.10 −0.10

(0.13) (0.03)
Num. obs. 991 1009

Table S47: Main outcome measures vs. the treatment condition interacted with a Likert scale for “[R’s out-
party] are a moral threat to the nation and its people” (Moral Threat). Pardon is a Likert scale “Would you
support or oppose a pardon for Jon James Fishnick?” Nullify is a binary indicator of whether the respondent
gave Fishnick community service. Baseline categories are arson for the treatment condition. Coefficients are
from an ordinary least squares regression with HC1 standard errors.
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Pardon Nullify
(Intercept) 1.85 0.05

(0.20) (0.04)
Assault 0.55 0.26

(0.31) (0.09)
Assault w/Deadly Weapon −0.42 −0.03

(0.27) (0.06)
Murder −0.44 −0.08

(0.27) (0.04)
Protest w/out Permit 1.50 0.72

(0.29) (0.09)
Vandalism 0.52 0.80

(0.26) (0.08)
Human 0.24 −0.00

(0.07) (0.01)
Assault * Human −0.06 0.00

(0.11) (0.03)
Assault w/Deadly Weapon * Human 0.08 0.03

(0.10) (0.02)
Murder * Human 0.04 0.04

(0.10) (0.02)
Protest w/out Permit * Human −0.23 −0.08

(0.10) (0.03)
Vandalism * Human 0.02 −0.12

(0.09) (0.03)
Num. obs. 991 1009

Table S48: Main outcome measures vs. the treatment condition interacted with a Likert scale for “[R’s
out-party] are less than human” (Human). Pardon is a Likert scale “Would you support or oppose a pardon
for Jon James Fishnick?” Nullify is a binary indicator of whether the respondent gave Fishnick community
service. Baseline categories are arson for the treatment condition. Coefficients are from an ordinary least
squares regression with HC1 standard errors.
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Pardon Nullify
(Intercept) 2.18 0.08

(0.34) (0.05)
Assault 0.15 0.36

(0.50) (0.13)
Assault w/Deadly Weapon −0.83 −0.04

(0.45) (0.09)
Murder −0.76 −0.04

(0.44) (0.08)
Protest w/out Permit 1.48 0.72

(0.47) (0.13)
Vandalism 0.08 0.78

(0.42) (0.11)
Evil 0.10 −0.01

(0.11) (0.02)
Assault * Evil 0.07 −0.03

(0.16) (0.04)
Assault w/Deadly Weapon * Evil 0.21 0.03

(0.15) (0.03)
Murder * Evil 0.13 0.02

(0.14) (0.02)
Protest w/out Permit * Evil −0.21 −0.07

(0.16) (0.04)
Vandalism * Evil 0.18 −0.11

(0.14) (0.04)
Num. obs. 989 1007

Table S49: Main outcome measures vs. the treatment condition interacted with a Likert scale for “[R’s
out-party] are evil” (Evil). Pardon is a Likert scale “Would you support or oppose a pardon for Jon James
Fishnick?” Nullify is a binary indicator of whether the respondent gave Fishnick community service. Baseline
categories are arson for the treatment condition. Coefficients are from an ordinary least squares regression
with HC1 standard errors.
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Pardon Nullify
(Intercept) 2.28 0.05

(0.10) (0.02)
Assault 0.39 0.32

(0.16) (0.05)
Assault w/Deadly Weapon −0.17 0.04

(0.14) (0.03)
Murder −0.35 0.01

(0.14) (0.03)
Protest w/out Permit 1.02 0.54

(0.15) (0.05)
Vandalism 0.65 0.53

(0.14) (0.05)
Injure Democrats 0.99 −0.02

(0.27) (0.03)
Assault * Injure Democrats −0.20 −0.21

(0.36) (0.08)
Assault w/Deadly Weapon * Injure Democrats −0.04 0.02

(0.38) (0.06)
Murder * Injure Democrats 0.13 0.02

(0.38) (0.06)
Protest w/out Permit * Injure Democrats −0.67 −0.12

(0.37) (0.11)
Vandalism * Injure Democrats −0.03 −0.36

(0.36) (0.09)
Num. obs. 991 1009

Table S50: Main outcome measures vs. the treatment condition interacted with a 1 if the respondent
responds “Yes” to “Have you ever wished that someone would physically injure one or more Democratic
politicians?” (Injure Democrats). Pardon is a Likert scale “Would you support or oppose a pardon for Jon
James Fishnick?” Nullify is a binary indicator of whether the respondent gave Fishnick community service.
Baseline categories are arson for the treatment condition. Coefficients are from an ordinary least squares
regression with HC1 standard errors.
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Pardon Nullify
(Intercept) 2.28 0.05

(0.10) (0.02)
Assault 0.39 0.32

(0.16) (0.05)
Assault w/Deadly Weapon −0.17 0.04

(0.14) (0.03)
Murder −0.35 0.01

(0.14) (0.03)
Protest w/out Permit 1.02 0.54

(0.15) (0.05)
Vandalism 0.65 0.53

(0.14) (0.05)
Injure Republicans 0.99 −0.02

(0.27) (0.03)
Assault * Injure Republicans −0.20 −0.21

(0.36) (0.08)
Assault w/Deadly Weapon * Injure Republicans −0.04 0.02

(0.38) (0.06)
Murder * Injure Republicans 0.13 0.02

(0.38) (0.06)
Protest w/out Permit * Injure Republicans −0.67 −0.12

(0.37) (0.11)
Vandalism * Injure Republicans −0.03 −0.36

(0.36) (0.09)
Num. obs. 991 1009

Table S51: Main outcome measures vs. the treatment condition interacted with a 1 if the respondent
responds “Yes” to “Have you ever wished that someone would physically injure one or more Republican
politicians?” (Injure Republicans). Pardon is a Likert scale “Would you support or oppose a pardon for Jon
James Fishnick?” Nullify is a binary indicator of whether the respondent gave Fishnick community service.
Baseline categories are arson for the treatment condition. Coefficients are from an ordinary least squares
regression with HC1 standard errors.

50



Pardon Nullify
(Intercept) 1.63 0.00

(0.15) (0.02)
Assault 0.37 0.29

(0.22) (0.07)
Assault w/Deadly Weapon −0.25 0.03

(0.20) (0.04)
Murder −0.37 0.02

(0.21) (0.04)
Protest w/out Permit 1.56 0.71

(0.23) (0.07)
Vandalism 0.87 0.78

(0.21) (0.07)
Use Violence 0.43 0.02

(0.07) (0.01)
Assault * Use Violence 0.02 −0.01

(0.09) (0.03)
Assault w/Deadly Weapon * Use Violence 0.07 0.01

(0.10) (0.02)
Murder * Use Violence 0.08 0.00

(0.10) (0.02)
Protest w/out Permit * Use Violence −0.33 −0.11

(0.11) (0.03)
Vandalism * Use Violence −0.13 −0.16

(0.10) (0.03)
Num. obs. 990 1008

Table S52: Main outcome measures vs. the treatment condition interacted with “How much do you feel
it is justified for [R’s In-Party] to use violence in advancing their political goals these days?”. Pardon is a
Likert scale “Would you support or oppose a pardon for Jon James Fishnick?” Nullify is a binary indicator
of whether the respondent gave Fishnick community service. Baseline categories are arson for the treatment
condition. Coefficients are from an ordinary least squares regression with HC1 standard errors.
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Pardon Nullify
(Intercept) 2.94 0.05

(0.18) (0.03)
Assault 0.51 0.27

(0.26) (0.07)
Assault w/Deadly Weapon −0.28 0.07

(0.26) (0.05)
Murder −0.27 0.07

(0.26) (0.05)
Protest w/out Permit 0.44 0.44

(0.23) (0.07)
Vandalism 0.51 0.27

(0.24) (0.07)
Medium AP −0.52 −0.00

(0.25) (0.04)
High AP −0.92 −0.01

(0.22) (0.04)
Assault * Medium AP −0.30 −0.10

(0.34) (0.10)
Assault w/Deadly Weapon * Medium AP 0.06 −0.03

(0.34) (0.07)
Murder * Medium AP −0.25 −0.10

(0.35) (0.06)
Protest w/out Permit * Medium AP 0.58 0.10

(0.34) (0.11)
Vandalism * Medium AP −0.03 0.25

(0.33) (0.10)
Assault * High AP 0.01 0.09

(0.35) (0.10)
Assault w/Deadly Weapon * High AP 0.24 −0.04

(0.33) (0.06)
Murder * High AP 0.17 −0.08

(0.32) (0.06)
Protest w/out Permit * High AP 0.81 0.15

(0.33) (0.10)
Vandalism * High AP 0.43 0.32

(0.31) (0.10)
Num. obs. 991 1009

Table S53: Main outcome measures vs. the treatment condition interacted with the affective polarization
scale. Pardon is a Likert scale “Would you support or oppose a pardon for Jon James Fishnick?” Nullify is a
binary indicator of whether the respondent gave Fishnick community service. Baseline categories are arson
for the treatment condition and low affective polarization. Coefficients are from an ordinary least squares
regression with HC1 standard errors.
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S6 Study 5
Our second PAP includes a study 5. We completed this study, but trimmed it from the main manuscript for
space and for clarity. Our plan is to consider this for a future publication, but we present the major result
below and report all preregistered analysis to comply with our PAP.

In this study we asked individuals to estimate how many Democrats and Republicans support political vio-
lence. One half of the sample just answered these questions. The other half was offered a cash incentive for
being within 3 percentage points of the correct answer (the group mean from the study). We presented the
same engagement vignette from study 3 (see page S5.2).

The major result is that individuals dramatically overestimate group support for political violence among
their own party (see Figure S3) and among the out-party. This is consistent for both those offered an incen-
tive and those not offered the incentive.

Figure S3: Respondents Dramatically Overestimate Group Support for Violence.
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S6.1 Sample Demographics

Variable N Mean Std. Dev. Min Pctl. 25 Pctl. 75 Max
age 1030 46.67 16.97 18 32 61 92
gender 1030
... Female 524 51%
... Male 506 49%
race 1030
... African American 155 15%
... Asian 72 7%
... Native American 27 3%
... Other (please specify) 57 6%
... Pacific Islander 2 0%
... White/Caucasian 717 70%
pid 1030
... Democrat 518 50%
... Republican 512 50%

Table S54: Summary Statistics for Study 5
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S6.2 Engagement Vignette and Question
Bringing back sea otters to the Oregon Coast just got a high-level endorsement. The federal budget for this
new year includes a directive to study sea otter reintroduction.

The proviso making sea otter fans happy was tucked away deep in the new federal budget. It directs the U.S.
Fish and Wildlife Service to study the feasibility and cost of reestablishing the charismatic marine mammals
where they were once hunted to near-extinction along the Pacific Coast.

Bob Bailey leads the Elakha Alliance, a group that wants to bring wild sea otters back. His organization
instigated the congressional action.

“I’m very pleased. This is very timely,” Bailey said in an interview. “It will definitely help U.S. Fish and
Wildlife Service develop a strategic approach for how best to conserve and protect sea otters.”

What state is receiving funding to study the reintroduction of sea otters?

• Oregon

• Alaska

• Washington

• California

• Texas

• Florida

• Louisiana

S6.3 Treatment Text
S6.3.1 No Incentive Prompt

We are interested in how Americans perceive supporters of the two main political parties.

Just give us your best guesses to the questions below.

(Please do not look answer up though; we are interested in your perceptions! Each page has a time limit
before it auto-advances.)

S6.3.2 Incentive Prompt

We are interested in how Americans perceive supporters of the two main political parties.

Just give us your best guesses to the questions below.

We will give you $.50 for each response that comes within 3 percentage points of the correct answer.

(Please do not look answer up though; we are interested in your perceptions! Each page has a time limit
before it auto-advances.)
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S6.4 Outcome Questions
What percentage of Republicans do you think...? (forced sum to 100%)

• Support using violence in advancing their political goals

• Oppose using violence in advancing their political goals

What percentage of Democrats do you think...? (forced sum to 100%)

• Support using violence in advancing their political goals

• Oppose using violence in advancing their political goals
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S6.5 Additional Results
Note these shorthand labels for the main outcome measures:

• “Rep. Dist.” = the distance between the respondent’s perception for Republicans and the true per-
centage of Republicans who support using violence.

• “Dem. Dist.” = the distance between the respondent’s perception for Democrats and the true percent-
age of Democrats who support using violence.

• “Rep. Sup.” = respondent’s perception of the percentage of Republicans who support using violence.

• “Dem. Sup.” = respondent’s perception of the percentage of Democrats who support using violence.

• “In-Party Sup.” = respondent’s perception of the percentage of members of their in-party who support
using violence.

• “Out-Party. Sup.” = respondent’s perception of the percentage of members of their out-party who
support using violence.

Rep. Dist. Dem. Dist. Rep. Sup. Dem. Sup. In-Party Sup. Out-Party Sup.
(Intercept) 30.38 29.06 36.22 35.01 29.71 41.52

(1.21) (0.93) (1.35) (1.10) (1.07) (1.32)
Incentivized −2.01 2.06 −1.19 3.15 0.90 1.06

(1.64) (1.30) (1.82) (1.50) (1.49) (1.75)
Num. obs. 1030 1030 1030 1030 1030 1030

Table S55: Main outcome measures vs. treatment condition. Baseline category for treatment condition is
No Incentive. Coefficients are from an ordinary least squares regression with HC1 standard errors.
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Rep. Dist. Dem. Dist. Rep. Sup. Dem. Sup.
(Intercept) 46.42 31.82 54.28 38.91

(2.23) (1.65) (2.38) (1.86)
Incentivized −5.51 1.83 −5.13 2.61

(2.99) (2.30) (3.16) (2.54)
Weak Dem. −8.10 −2.02 −8.09 −2.18

(3.82) (2.74) (4.04) (3.13)
Lean Dem. 1.14 3.62 2.27 5.53

(10.87) (5.52) (10.90) (5.59)
Lean Rep. −27.80 −2.36 −29.28 −7.37

(5.79) (5.76) (6.42) (7.87)
Weak Rep. −25.47 −6.08 −28.77 −8.09

(3.04) (2.58) (3.40) (3.04)
Strong Rep. −31.24 −4.34 −35.92 −6.46

(2.63) (2.52) (2.93) (2.91)
Incentivized * Weak Dem. 7.93 −1.35 7.97 −1.95

(5.07) (3.85) (5.34) (4.35)
Incentivized * Lean Dem. −12.84 −6.98 −15.83 −10.55

(14.10) (8.30) (14.64) (9.30)
Incentivized * Lean Rep. −1.46 1.35 −0.37 6.21

(6.79) (8.32) (7.48) (10.21)
Incentivized * Weak Rep. 4.41 0.07 5.80 −0.31

(4.23) (3.71) (4.66) (4.35)
Incentivized * Strong Rep. 3.52 1.07 3.92 2.23

(3.52) (3.42) (3.88) (3.89)
Num. obs. 1030 1030 1030 1030

Table S58: Main outcome measures vs. treatment condition and 7-point party ID. Baseline categories are
No Incentive and Strong Democrat Democrat. Coefficients are from an ordinary least squares regression
with HC1 standard errors. We note that this analysis was not pre-registered.
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S7 Passing Engagement and Demographic Traits
One concern is that our engagement measure is acting as a proxy for demographic differences. To address
this concern we predict passing the engagement check with a series of demographic variables: sex (male or
female), age, race (white or non-white), partisanship (Democrat or Republican), education (less than high
school, high school, college, and advanced degree) and income. We find no systematic effects. Age predicts
passing in study 1 and study 2. In study 1 white respondents and more educated respondents are more likely
to pass, though this are no similar effects in study 2 and study 3.
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Table S64: Predicting Passing the Engagement Check Studies 1-3

Study 1 Study 2 Study 3
(1) (2) (3)

Age 0.008 0.001 0.007
(0.001) (0.001) (0.001)

Male 0.009 −0.044 −0.003
(0.029) (0.026) (0.032)

White 0.100 0.015 0.067
(0.037) (0.032) (0.039)

Republican −0.025 0.007 −0.027
(0.030) (0.028) (0.033)

Advanced Degree 0.199 0.048 −0.092
(0.100) (0.087) (0.112)

College 0.290 0.028 −0.102
(0.095) (0.082) (0.109)

High School 0.242 0.025 −0.108
(0.093) (0.081) (0.107)

$100k + −0.017 0.007 0.067
(0.046) (0.040) (0.050)

$30k-39k 0.018 0.041 0.043
(0.050) (0.044) (0.057)

$40k-49k 0.004 0.083 0.051
(0.053) (0.049) (0.058)

$50k-59k −0.024 0.029 0.004
(0.057) (0.047) (0.060)

$60k-69k 0.059 −0.026 0.066
(0.064) (0.053) (0.072)

$70k-79k −0.119 −0.107 −0.033
(0.061) (0.054) (0.060)

$80k-89k 0.066 0.018 0.011
(0.068) (0.059) (0.088)

$90k-99k 0.062 −0.005 0.044
(0.064) (0.059) (0.075)

Intercept 0.020 0.721 0.135
(0.096) (0.087) (0.112)

Observations 1,002 1,023 1,009
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S8 Correlates of Violence (Aggression Tables)

Table S65: Support for Violence by Aggression

Dependent variable:
Our Measure (Engaged) Our Measure (Full Sample) Kalmoe-Mason (Engaged) Kalmoe-Mason (Full Sample)

(1) (2) (3) (4)
Buss Perry (0-1) 0.203∗∗∗ 0.426∗∗∗ 0.667∗∗∗ 0.816∗∗∗

(0.095, 0.312) (0.313, 0.539) (0.517, 0.817) (0.688, 0.943)

Intercept 0.049∗∗ 0.031 0.093∗∗∗ 0.072∗∗
(0.015, 0.083) (−0.008, 0.070) (0.045, 0.141) (0.028, 0.115)

Observations 279 339 833 1,023
R2 0.047 0.140 0.084 0.133
Adjusted R2 0.043 0.137 0.083 0.132
Residual Std. Error 0.178 (df = 277) 0.227 (df = 337) 0.422 (df = 831) 0.425 (df = 1021)
F Statistic 13.527∗∗∗ (df = 1; 277) 54.723∗∗∗ (df = 1; 337) 76.096∗∗∗ (df = 1; 831) 157.070∗∗∗ (df = 1; 1021)

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table S66: Support for Violence by Aggression Binned in Terciles

Dependent variable:
Our Measure (Engaged) Our Measure (Full Sample) Kalmoe-Mason (Engaged) Kalmoe-Mason (Full Sample)

(1) (2) (3) (4)
Buss Perry - Medium 0.067∗∗ 0.095∗∗ 0.149∗∗∗ 0.143∗∗∗

(0.018, 0.117) (0.035, 0.156) (0.080, 0.217) (0.079, 0.207)

Buss Perry - High 0.085∗∗ 0.170∗∗∗ 0.296∗∗∗ 0.365∗∗∗
(0.034, 0.136) (0.110, 0.230) (0.225, 0.368) (0.301, 0.430)

Intercept 0.056∗∗∗ 0.066∗∗ 0.130∗∗∗ 0.132∗∗∗
(0.024, 0.089) (0.026, 0.106) (0.083, 0.177) (0.087, 0.176)

Observations 279 339 833 1,023
R2 0.044 0.086 0.074 0.109
Adjusted R2 0.037 0.080 0.072 0.107
Residual Std. Error 0.178 (df = 276) 0.234 (df = 336) 0.425 (df = 830) 0.431 (df = 1020)
F Statistic 6.321∗∗ (df = 2; 276) 15.720∗∗∗ (df = 2; 336) 33.184∗∗∗ (df = 2; 830) 62.507∗∗∗ (df = 2; 1020)

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

S9 Partial Identification under Nonignorable Engagement
Suppose we observe survey question outcomes Yi measuring support for political violence for each respondent
i. Some respondents are engaged (Ei = 1) while other respondents are disengaged (Ei = 0); engagement at
the time of the survey is thought to be a function of the incentives of the survey, the respondent, the time
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the respondent takes the survey, and so on. In theory, each respondent has an engaged potential outcome
Yi(1) that they respond with if they are engaged when taking the survey and a disengaged potential outcome
Yi(0) that they respond with if they are disengaged when taking the survey. That is,

Yi =
{
Yi(1) Ei = 1
Yi(0) Ei = 0

(1)

Note that, by using potential outcomes (POs), we capture the fact that the respondents who are engaged at
the time of the survey might by systematically different from respondents who are disengaged at the time of
the survey. That is, E[Yi(1) | Ei = 1] ̸= E[Y (1) | Ei = 0]. This is analogous to treatment ignorability (where
Ei is the “treatment”) in causal inference.
The target, or estimand, of our analysis is the population-level support for violence on the engaged PO,
E[Y (1)]. The disengaged support for violence Yi(0) is not necessarily related to Yi(1) — it might be a
random response or based on a fixed-response strategy such as always picking the middle position on a
Likert scale — so it is ignored in the following analysis.
In our model, engagement Ei is not direclty observed. We only observe whether the respondent passes an
engagement check: Ci = 1 if the check is passed and Ci = 0 if the check is failed. P (Ci = 1) is the share
of respondents who pass the check in the population. We assume that engaged respondents pass the check
with probability 1, and disengaged respondents pass the check with probability β:

P (Ci = 1 | Ei = 1) = 1 (2)
P (Ci = 1 | Ei = 0) = β, (3)

where β is known, such as β = 1/K for an engagement check with K response options. Given this structure,
the share of respondents who are engaged, π = P (Ei = 1), is point identified:

P (Ci = 1) = π + (1− π)β =⇒ π = P (Ci = 1)− β

1− β
. (4)

Note that π ≤ P (Ci = 1) with a strict inequality if β > 0. This captures the fact that some of the respondents
who pass the check are disengaged (and passed the check by mere chance). We make one further assumption
that the disengaged PO is (mean) independent of passing the check among disengaged respondents:

E[Yi(0) | Ci = 0, Ei = 0] = E[Yi(0) | Ci = 1, Ei = 0]. (5)

That is, disengaged respondents who pass the check shirk on Yi in the same way as disengaged respondents
who fail the check. Thus, the researcher should randomize the check response options to guarantee shirking
strategies are independent (over the disengaged population) of passing the check.
To obtain identification results for the target E[Yi(1)], we first point identify µ = E[Yi(1) | Ei = 1]. To see
how, note that the population average observed outcome satisfies

E[Yi] = E[Yi | Ei = 1]π + E[Yi | Ei = 0](1− π)
= E[Yi(1) | Ei = 1]π + E[Yi(0) | Ei = 0](1− π)
= µπ + E[Yi(0) | Ei = 0, Ci = 0](1− π)
= µπ + E[Yi(0) | Ci = 0](1− π),

since Ci = 0 =⇒ Ei = 0. This leads to

µ = E[Yi]− E[Yi | Ci = 0](1− π)
π

(6)

With this result, we can partially identify E[Yi(1)] using an analogous tower argument.

θ = E[Yi(1)] = E[Yi(1) | Ei = 1]π + E[Yi(1) | Ei = 0](1− π)
= µπ + λ(1− π)
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where λ = E[Yi(1) | Ei = 0] is the population average engaged PO. Putting this together, we have

θ(λ) = E[Yi] + (λ− E[Yi | Ci = 0])(1− π)

= E[Yi] +
λ

1− β
E[(1− Ci)]−

1
1− β

E[Yi(1− Ci)]

where the first expression for θ(λ) is more interpretable in terms of the model, but the second expression is
written in terms of statistical targets (and suggests the Delta method). Note that one should not analyze
this last expression as a function of β all-else-held-fixed, since the distribution of Ci depends on β.
If λ ∈ Λ, then the partial identification bounds are [θl, θu] = [infλ∈Λ θ(λ), supλ∈Λ θ(λ)] = [θ(inf Λ), θ(supΛ)]
by monotonicity. Notably, if the outcomes Yi are binary, and Λ = [a, b] where a ≥ 0, b ≤ 1, then [θl, θu] =
[θ(a), θ(b)].
To construct confidence intervals, we adapt the results of Imbens and Manski (2004, §4). The sampling
distributions of θ̂l, θ̂u can be obtained from a straightforward application of the Delta method on the vector
of sample means 1

N

∑N
i=1(Yi, Fi, YiFi)′ where Fi = 1− Ci.
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Table S67: Crosswalk between PAP study labels and manuscript study labels

PAP PAP Label Manuscript Label
PAP 1 Study 1 Study 1
PAP 1 Study 2 Study 4
PAP 2 Study 1 (Replication) Study 2
PAP 2 Study 3 Study 45 (Appendix only)
PAP 3 Study 1 (Replication) Study 3

S10 Pre Analysis Plans
Note: the study labels in these PAPs does not match the final document. We provide a crosswalk in Table
S67.
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S10.1 PAP1 (Study 1 and Study 4
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1 Preliminary Notes
• This is the pre-analysis plan for a survey experiment on support for political violence. There

are two experiments in the survey.

• All of the code excerpted below is included in our upload to OSF along with our PAP. We
excerpt it into the PAP to facilitate peer review.

• In the code that follows we use raw codings, though we may standardize for interpretability.

• We will conduct a multiple testing correction following Anderson (2008).

• This is an updated PAP based on a pretest of 50 respondents. It corrects several coding issues
and specifies that we will also look at results by attentiveness.

2 Data Cleaning
We will clean the data for the survey as follows:

library(tidyverse)
library(psy)
library(qualtRics)
library(gtools)
data <- read_csv("data/data.csv")

table(data$gc)
data <- data %>%
filter(gc==1)

#recode leaners
data$Q10[data$Q11 == "Democratic Party"] <- "Democrat"
data$Q10[data$Q11 == "Republican Party"] <- "Republican"
data$pid <- data$Q10
data$pid <- as.factor(data$pid)

# covariates
data$gender <- as.factor(data$Q4)
data$income <- as.factor(data$Q7)
data$education <- as.factor(data$Q8)
data$age <- data$Q14
data$race <- data$Q5

# strong partisans
data$Q12<-recode(data$Q12, "Strong Republican" = 1, "Not a strong Republican" = 0)
data$Q13<-recode(data$Q13, "Strong Democrat" = 1, "Not a strong Democrat" = 0)
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data$strongpartisan <- 0
data$strongpartisan[data$pid=="Republican"] <- data$Q12[data$pid=="Republican"]
data$strongpartisan[data$pid=="Democrat"] <- data$Q13[data$pid=="Democrat"]

#recode experiments and conditions

data$experiment <- recode(data$experiment, "1" = "Vignette", "2" = "Sentencing")

#study 1
data$cell <- NA
data$cell[data$version == 1 & data$partisantreatment == 1] <-
"Republican and Partisan"
data$cell[data$version == 2 & data$partisantreatment == 1] <-
"Republican and Non-Partisan"
data$cell[data$version == 1 & data$partisantreatment == 2] <-
"Democrat and Partisan"
data$cell[data$version == 2 & data$partisantreatment == 2] <-
"Democrat and Non-Partisan"

# create controls

#affpol
data$affectivepolarization <- NA
data$inparty <- NA
data$outparty <- NA

data$inparty[which(data$pid=="Democrat")] <-
data$Q30_2[which(data$pid=="Democrat")]
data$inparty[which(data$pid=="Republican")] <-
data$Q31_2[which(data$pid=="Republican")]

data$outparty[which(data$pid=="Republican")] <-
data$Q30_2[which(data$pid=="Republican")]
data$outparty[which(data$pid=="Democrat")] <-
data$Q31_2[which(data$pid=="Democrat")]

data$affectivepolarization <- data$inparty -data$outparty

data$affectivepolarization <-
quantcut(data$affectivepolarization, q=3,
labels = c("Low", "Medium", "High"))

# Marlow-Crowne
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data$Q20<-recode(as.character(data$Q20), "TRUE" = 1, "FALSE" = 0)
data$Q21<-recode(as.character(data$Q21), "TRUE" = 1, "FALSE" = 0)
data$Q22<-recode(as.character(data$Q22), "TRUE" = 1, "FALSE" = 0)
data$Q23<-recode(as.character(data$Q23), "TRUE" = 1, "FALSE" = 0)
data$Q24<-recode(as.character(data$Q24), "TRUE" = 1, "FALSE" = 0)
data$Q25<-recode(as.character(data$Q25), "TRUE" = 1, "FALSE" = 0)
data$Q26<-recode(as.character(data$Q26), "TRUE" = 1, "FALSE" = 0)
data$Q27<-recode(as.character(data$Q27), "TRUE" = 1, "FALSE" = 0)
data$Q28<-recode(as.character(data$Q28), "TRUE" = 1, "FALSE" = 0)
data$Q29<-recode(as.character(data$Q29), "TRUE" = 1, "FALSE" = 0)

data$marlowcrowne <- (data$Q20 + data$Q21 + data$Q22 +
data$Q23 + data$Q24 + data$Q25 + data$Q26 + data$Q27 + data$Q28 + data$Q29)/10

data$marlowcrowne <- quantcut(data$marlowcrowne, q=3, labels = c("Low",
"Medium", "High"))

# Short-Form Buss-Perry Aggression Questionnaire
data$Q63<-recode(data$Q63, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q64<-recode(data$Q64, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q65<-recode(data$Q65, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q66<-recode(data$Q66, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q67<-recode(data$Q67, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q68<-recode(data$Q68, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q69<-recode(data$Q69, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q70<-recode(data$Q70, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q71<-recode(data$Q71, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q72<-recode(data$Q72, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q73<-recode(data$Q73, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q75<-recode(data$Q65, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)

data$bussperry <- (data$Q63 + data$Q64 + data$Q65 + data$Q66 + data$Q67 +
data$Q68 + data$Q69 + data$Q70 + data$Q71 + data$Q72 + data$Q73 +
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data$Q75)/12

data$bussperry <- quantcut(data$bussperry, q=3, labels = c("Low",
"Medium", "High"))

# Kalmoe-Mason
data$Q32<-recode(data$Q32, "Strongly agree" = 5, "Somewhat agree"=4,
"Neither agree nor disagree"=3, "Somewhat disagree"=2,"Strongly disagree" = 1)
data$Q33<-recode(data$Q33, "Strongly agree" = 5, "Somewhat agree"=4,
"Neither agree nor disagree"=3, "Somewhat disagree"=2,"Strongly disagree" = 1)
data$Q34<-recode(data$Q34, "Strongly agree" = 5, "Somewhat agree"=4,
"Neither agree nor disagree"=3, "Somewhat disagree"=2,"Strongly disagree" = 1)

data$Q35<-recode(data$Q35, "Yes" = 1, "No" = 0)
data$Q35<-recode(data$Q36, "Yes" = 1, "No" = 0)

data$Q77<-recode(data$Q77, "1 - Not at all" = 1, "2"=2, "3"=3,
"4"=4,"5 - A great deal" = 5)
names(data)
#political engagement index
data$Q16<-recode(data$Q16, "Yes" = 1, "No" = 0)
data$Q17<-recode(data$Q17, "Yes" = 1, "No" = 0)
data$Q18<-recode(data$Q18, "Yes" = 1, "No" = 0)

data$partscale <- (data$Q16 + data$Q17 + data$Q18)/3

data$partscale <- quantcut(data$partscale, q=3, labels = c("Low",
"Medium", "High"))

Note: We do not expect missing data because our Qualtics survey is set to “force response”,
but if there is missing data we will recode all missing data to its mean.

3 Study 1

3.1 Primary DVs
There are three primary variables of interest:

1. Do you support or oppose the actions of [Stan Gimm/Thomas Kelly]?

2. Was the driver justified or unjustified?

3. Should the driver face criminal charges?
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# recode DVs

study1$supportactions <- NA
study1$supportactions[study1$partisantreatment==1] <-
study1$Q44[study1$partisantreatment==1]
study1$supportactions[study1$partisantreatment==2] <-
study1$Q50[study1$partisantreatment==2]
study1$supportactions <- recode(study1$supportactions,
"Strongly support" = 5, "Support"=4, "Neither support nor oppose"=3,
"Oppose"=2,"Strongly oppose" = 1)

study1$justified <- NA
study1$justified[study1$partisantreatment==1] <-
study1$Q45[study1$partisantreatment==1]
study1$justified[study1$partisantreatment==2] <-
study1$Q51[study1$partisantreatment==2]
study1$justified <-recode(study1$justified,
"Justified" = 1, "Unjustified" = 0)

study1$charged <- NA
study1$charged[study1$partisantreatment==1] <-
study1$Q46[study1$partisantreatment==1]
study1$charged[study1$partisantreatment==2] <-
study1$Q52[study1$partisantreatment==2]
study1$charged <-recode(study1$charged, "Yes" = 1, "No" = 0)

3.2 Factual Attention Check
We will ask each respondent to recall which state was mentioned in the treatment vignette.

# attention check
study1$passed <- 0
study1$passed[study1$Q43 == "Florida" & study1$partisantreatment==1] <- 1
study1$passed[study1$Q49 == "Oregon" & study1$partisantreatment==2] <- 1

table(study1$passed, study1$partisantreatment)
table(study1$passed)

3.3 Treatments
The design is a four cell design:

1. Democratic subject and partisan crime
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2. Democratic subject and non-partisan crime

3. Republican subject and partisan crime

4. Republican subject and non-partisan crime

We will code the treatments as noted above.

3.4 Hypothesis tests
We expect support for violence to be low across all three dependent variables for all conditions.
Specifically, we expect that tolerance for political violence will be no different from tolerance for
non-political violence.

We will look for an effect in three different ways: by cell, by cell collapsing by party and
between the partisan and non-partisan cells after collapsing by party. We will also look at the
main results by attentiveness (those passing the factional attention check). Expecting support for
violence to be larger for those who randomly click/don’t pay attention.

# raw support (by condition)
table(study1$supportactions, study1$cell)
table(study1$supportactions, study1$cell)
table(study1$supportactions, study1$cell)

# raw support (pooled)
prop.table(table(study1$supportactions))
prop.table(table(study1$supportactions))
prop.table(table(study1$supportactions))

# Main results (general support)
summary(lm(supportactions ˜ cell, data = study1))
summary(lm(justified ˜ cell, data = study1))
summary(lm(charged ˜ cell, data = study1))

# by attentiveness
summary(lm(supportactions ˜ cell*passed, data = study1))
summary(lm(justified ˜ cell*passed, data = study1))
summary(lm(charged ˜ cell*passed, data = study1))

# Main results (general support by party)
summary(lm(supportactions ˜ cell*pid, data = study1))
summary(lm(justified ˜ cell*pid, data = study1))
summary(lm(charged ˜ cell*pid, data = study1))

# Main results by in- and out-party
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study1$alignment <- NA
study1$alignment[study1$version == 1 &
study1$partisantreatment == 1 & study1$pid == "Democrat"] <-
"Out-Party and Partisan"
study1$alignment[study1$version == 2 &
study1$partisantreatment == 1 & study1$pid == "Democrat"] <-
"Out-Party and Non-Partisan"
study1$alignment[study1$version == 1 &
study1$partisantreatment == 2 & study1$pid == "Democrat"] <-
"In-Party and Partisan"
study1$alignment[study1$version == 2 &
study1$partisantreatment == 2 & study1$pid == "Democrat"] <-
"In-Party and Non-Partisan"

study1$alignment[study1$version == 1 &
study1$partisantreatment == 1 & study1$pid == "Republican"] <-
"In-Party and Partisan"
study1$alignment[study1$version == 2 &
study1$partisantreatment == 1 & study1$pid == "Republican"] <-
"In-Party and Non-Partisan"
study1$alignment[study1$version == 1 &
study1$partisantreatment == 2 & study1$pid == "Republican"] <-
"Out-Party and Partisan"
study1$alignment[study1$version == 2 &
study1$partisantreatment == 2 & study1$pid == "Republican"] <-
"Out-Party and Non-Partisan"

study1$alignment <- as.factor(study1$alignment)

summary(lm(supportactions ˜ alignment, data = study1))
summary(lm(justified ˜ alignment, data = study1))
summary(lm(charged ˜ alignment, data = study1))

# main result, comparing the two out-party treatments

t.test(study1$supportactions[study1$alignment ==
"Out-Party and Partisan"],
study1$supportactions[study1$alignment ==
"Out-Party and Non-Partisan"])
t.test(study1$justified[study1$alignment ==
"Out-Party and Partisan"],
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study1$justified[study1$alignment ==
"Out-Party and Non-Partisan"])
t.test(study1$charged[study1$alignment ==
"Out-Party and Partisan"],
study1$charged[study1$alignment ==
"Out-Party and Non-Partisan"])

3.5 Heterogenous Treatment Effects
We have no clear predictions for heterogeneous treatment effects. However, we will explore
whether our treatment varies by party

# Main results (general support by party)
summary(lm(supportactions ˜ cell*pid, data = study1))
summary(lm(justified ˜ cell*pid, data = study1))
summary(lm(charged ˜ cell*pid, data = study1))

3.6 Robustness
The literature identifies several possible mechanisms that might prompt a person to support
violence. Here we account for the most common: political engagement, affective polarization,
social desirability (Marlow-Crowne Social Desirability Scale), and aggression (Buss-Perry
Aggression Questionnaire. We also include six items from prior work that reportedly predict
support for partisan violence: three measures of moral disengagement and three measures of
prospective partisan violence(Kalmoe and Mason, forthcoming).

In all cases except for the Kalmoe-Mason items we create indexes by taking the mean of
summed scale items. We then bin each variable into terciles. We will treat the Kalmoe-Mason
items as separate predictors, though we may combine Q35 and Q36 into a single item coded to
record attitudes toward the out-party.

The literature, based on correlational survey data, predicts that as affective polarization,
political engagement and aggression increase so too does tolerance for political violence.

We also predict that social desirability will increase support for prospective political violence
(Kalmoe-Mason), but not for support for actual political violence measured though our experiment.
We suspect that this will be especially among strong partisans.

Finally, we predict that support for prospective violence poorly does not moderate support for
violence in our experiments.

# Prospective violence and social desirability

summary(lm(Q77 ˜ marlowcrowne, data = study1))
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summary(lm(Q77 ˜ marlowcrowne, data = study1[]))

#marlow-crowne
summary(lm(supportactions ˜ alignment * marlowcrowne,
data = study1))
summary(lm(justified ˜ alignment * marlowcrowne,
data = study1))
summary(lm(charged ˜ alignment * marlowcrowne,
data = study1))

#buss-perry
summary(lm(supportactions ˜ alignment * bussperry,
data = study1))
summary(lm(justified ˜ alignment * bussperry,
data = study1))
summary(lm(charged ˜ alignment * bussperry,
data = study1))

#political interest

summary(lm(supportactions ˜ alignment * partscale,
data = study1))
summary(lm(justified ˜ alignment * partscale,
data = study1))
summary(lm(charged ˜ alignment * partscale,
data = study1))

#kalmoe mason

summary(lm(supportactions ˜ alignment * Q32,
data = study1))
summary(lm(justified ˜ alignment * Q32,
data = study1))
summary(lm(charged ˜ alignment * Q32,
data = study1))

summary(lm(supportactions ˜ alignment * Q33,
data = study1))
summary(lm(justified ˜ alignment * Q33,
data = study1))
summary(lm(charged ˜ alignment * Q33,
data = study1))
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summary(lm(supportactions ˜ alignment * Q34,
data = study1))
summary(lm(justified ˜ alignment * Q34,
data = study1))
summary(lm(charged ˜ alignment * Q34,
data = study1))

summary(lm(supportactions ˜ alignment * Q35,
data = study1))
summary(lm(justified ˜ alignment * Q35,
data = study1))
summary(lm(charged ˜ alignment * Q35,
data = study1))

summary(lm(supportactions ˜ alignment * Q36,
data = study1))
summary(lm(justified ˜ alignment * Q36,
data = study1))
summary(lm(charged ˜ alignment * Q36,
data = study1))

summary(lm(supportactions ˜ alignment * Q77,
data = study1))
summary(lm(justified ˜ alignment * Q77,
data = study1))
summary(lm(charged ˜ alignment * Q77,
data = study1))

#affpol
summary(lm(supportactions ˜ alignment * affectivepolarization,
data = study1))
summary(lm(justified ˜ alignment * affectivepolarization,
data = study1))
summary(lm(charged ˜ alignment * affectivepolarization,
data = study1))

4 Study 2

4.1 Primary DVs
There are three primary variables of interest:
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1. The length of the recommended sentence.

2. Support for a possible pardon

3. Support for nullifying the conviction by imposing community service.

study2$nullify <- 0
study2$nullify[study2$Q53 == "Community service"] <- 1
study2$pardon <- recode(study2$Q76, "Strongly support" = 5, "Support"=4,
"Neither support nor oppose"=3, "Oppose"=2,"Strongly oppose" = 1)

4.2 Treatments
This is a six cell randomized design with six different partisan crimes.

$crime = array("vandalism",
"protesting without a permit",
"assault",
"arson",
"assault with a deadly weapon",
"murder"
);

4.3 Factual Attention Check
We will include an unrelated vignette on sea otter reintroduction. Following this vignette we will
ask what state the story covers.

# check for attentiveness
study1$passed <- 0
study2$passed[study1$Q82 == "Oregon"] <- 1

4.4 Hypothesis tests
We expect that support (with all measures) will decrease as the severity of the crime increases.
We will also look at results by attentiveness, expecting that support for nullification is driven by
random/inattentive responding.

# main results
table(study2$Q53, study2$item.crime)
#main result - pardon
summary(lm(pardon˜item.crime, data=study2))
# main result - nullification
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summary(lm(nullify˜item.crime, data=study2))

# by attentiveness
# main results
table(study2$Q53, study2$item.crime, study2$passed)
#main result - pardon
summary(lm(pardon˜item.crime*passed, data=study2))
# main result - nullification
summary(lm(nullify˜item.crime*passed, data=study2))

4.5 Heterogeneous treatment effects
Again, we look at difference by PID with no predictions.

# by pid

# main results
table(study2$Q53, study2$item.crime, study2$pid)
#main result - pardon
summary(lm(pardon˜item.crime*pid, data=study2))
# main result - nullification
summary(lm(nullify˜item.crime*pid, data=study2))

4.6 Robustness
We use the same robustness measures from study 1

# robustness

#marlow-crowne
summary(lm(pardon ˜ alignment * marlowcrowne, data = study2))
summary(lm(nullify ˜ alignment * marlowcrowne, data = study2))

#buss-perry
summary(lm(pardon ˜ alignment * bussperry, data = study2))
summary(lm(nullify ˜ alignment * bussperry, data = study2))

#political interest

summary(lm(pardon ˜ alignment * partscale, data = study2))
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summary(lm(nullify ˜ alignment * partscale, data = study2))

# kalmoe-mason

summary(lm(pardon ˜ alignment * Q32, data = study2))
summary(lm(nullify ˜ alignment * Q32, data = study2))

summary(lm(pardon ˜ alignment * Q33, data = study2))
summary(lm(nullify ˜ alignment * Q33, data = study2))

summary(lm(pardon ˜ alignment * Q34, data = study2))
summary(lm(nullify ˜ alignment * Q34, data = study2))

summary(lm(pardon ˜ alignment * Q35, data = study2))
summary(lm(nullify ˜ alignment * Q35, data = study2))

summary(lm(pardon ˜ alignment * Q36, data = study2))
summary(lm(nullify ˜ alignment * Q36, data = study2))

summary(lm(pardon ˜ alignment * Q77, data = study2))
summary(lm(nullify ˜ alignment * Q77, data = study2))

# affpol
summary(lm(pardon ˜ alignment * affectivepolarization, data = study2))
summary(lm(nullify ˜ alignment * affectivepolarization, data = study2))
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1 Preliminary Notes
• This is the pre-analysis plan for a survey experiment on support for political violence. There

are two experiments in the survey.

• All of the code excerpted below is included in our upload to OSF along with our PAP. We
excerpt it into the PAP to facilitate peer review.

• In the code that follows we use raw codings, though we may standardize for interpretability.

• We will conduct a multiple testing correction following Anderson (2008).

2 Data Cleaning
We will clean the data for the survey as follows:

library(tidyverse)
library(psy)
library(gtools)

data <- read_csv("data/data2.csv")

table(data$gc)
data <- data %>%
filter(gc==1)

#recode leaners
data$Q10[data$Q11 == "Democratic Party"] <- "Democrat"
data$Q10[data$Q11 == "Republican Party"] <- "Republican"
data$pid <- data$Q10
data$pid <- as.factor(data$pid)

# covariates
data$gender <- as.factor(data$Q4)
data$income <- as.factor(data$Q7)
data$education <- as.factor(data$Q8)
data$age <- data$Q14
data$race <- data$Q5

# strong partisans
data$Q12<-recode(data$Q12, "Strong Republican" = 1,
"Not a strong Republican" = 0)
data$Q13<-recode(data$Q13, "Strong Democrat" = 1,
"Not a strong Democrat" = 0)
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data$strongpartisan <- 0
data$strongpartisan[data$pid=="Republican"] <- data$Q12[data$pid=="Republican"]
data$strongpartisan[data$pid=="Democrat"] <- data$Q13[data$pid=="Democrat"]

#recode experiments and conditions

data$experiment <- recode(data$experiment,
"1" = "Vignette (Rep)", "2" = "Expressiveness")

#study 1
data$cell <- NA
data$cell[data$version == 1] <- "Democrat Shooter"
data$cell[data$version == 2] <- "Republican Shooter"
data$cell[data$version == 3] <- "Shooter"

#study 2
data$study3cell <- NA
data$study3cell[data$payprompt == 1] <- "No Incentive"
data$study3cell[data$payprompt == 2] <- "Incentive"

# create controls

#affpol
data$affectivepolarization <- NA
data$inparty <- NA
data$outparty <- NA

data$inparty[which(data$pid=="Democrat")] <-
data$Q30_2[which(data$pid=="Democrat")]
data$inparty[which(data$pid=="Republican")] <-
data$Q31_2[which(data$pid=="Republican")]

data$outparty[which(data$pid=="Republican")] <-
data$Q30_2[which(data$pid=="Republican")]
data$outparty[which(data$pid=="Democrat")] <-
data$Q31_2[which(data$pid=="Democrat")]

data$affectivepolarization <- data$inparty -data$outparty

data$affectivepolarization <-
quantcut(data$affectivepolarization, q=3,
labels = c("Low", "Medium", "High"))

# Marlow-Crowne
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data$Q20<-recode(as.character(data$Q20), "TRUE" = 1, "FALSE" = 0)
data$Q21<-recode(as.character(data$Q21), "TRUE" = 1, "FALSE" = 0)
data$Q22<-recode(as.character(data$Q22), "TRUE" = 1, "FALSE" = 0)
data$Q23<-recode(as.character(data$Q23), "TRUE" = 1, "FALSE" = 0)
data$Q24<-recode(as.character(data$Q24), "TRUE" = 1, "FALSE" = 0)
data$Q25<-recode(as.character(data$Q25), "TRUE" = 1, "FALSE" = 0)
data$Q26<-recode(as.character(data$Q26), "TRUE" = 1, "FALSE" = 0)
data$Q27<-recode(as.character(data$Q27), "TRUE" = 1, "FALSE" = 0)
data$Q28<-recode(as.character(data$Q28), "TRUE" = 1, "FALSE" = 0)
data$Q29<-recode(as.character(data$Q29), "TRUE" = 1, "FALSE" = 0)

data$marlowcrowne <- (data$Q20 + data$Q21 + data$Q22 +
data$Q23 + data$Q24 + data$Q25 + data$Q26 + data$Q27 + data$Q28 + data$Q29)/10

data$marlowcrowne <- quantcut(data$marlowcrowne, q=3, labels = c("Low",
"Medium", "High"))

# Short-Form Buss-Perry Aggression Questionnaire
data$Q63<-recode(data$Q63, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q64<-recode(data$Q64, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q65<-recode(data$Q65, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q66<-recode(data$Q66, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q67<-recode(data$Q67, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q68<-recode(data$Q68, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q69<-recode(data$Q69, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q70<-recode(data$Q70, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q71<-recode(data$Q71, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q72<-recode(data$Q72, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q73<-recode(data$Q73, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)
data$Q75<-recode(data$Q65, "1- Very unlike me" = 1, "2"=2,
"3"=3, "4"=4,"5- Very like me" = 5)

data$bussperry <- (data$Q63 + data$Q64 + data$Q65 + data$Q66 + data$Q67 +
data$Q68 + data$Q69 + data$Q70 + data$Q71 + data$Q72 + data$Q73 +
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data$Q75)/12

data$bussperry <- quantcut(data$bussperry, q=3, labels = c("Low",
"Medium", "High"))

# Kalmoe-Mason
data$Q32<-recode(data$Q32, "Strongly agree" = 5, "Somewhat agree"=4,
"Neither agree nor disagree"=3, "Somewhat disagree"=2,"Strongly disagree" = 1)
data$Q33<-recode(data$Q33, "Strongly agree" = 5, "Somewhat agree"=4,
"Neither agree nor disagree"=3, "Somewhat disagree"=2,"Strongly disagree" = 1)
data$Q34<-recode(data$Q34, "Strongly agree" = 5, "Somewhat agree"=4,
"Neither agree nor disagree"=3, "Somewhat disagree"=2,"Strongly disagree" = 1)

data$Q35<-recode(data$Q35, "Yes" = 1, "No" = 0)
data$Q35<-recode(data$Q36, "Yes" = 1, "No" = 0)

data$Q77<-recode(data$Q77, "1 - Not at all" = 1, "2"=2, "3"=3,
"4"=4,"5 - A great deal" = 5)
names(data)
#political engagement index
data$Q16<-recode(data$Q16, "Yes" = 1, "No" = 0)
data$Q17<-recode(data$Q17, "Yes" = 1, "No" = 0)
data$Q18<-recode(data$Q18, "Yes" = 1, "No" = 0)

data$partscale <- (data$Q16 + data$Q17 + data$Q18)/3

data$partscale <- quantcut(data$partscale, q=3, labels = c("Low",
"Medium", "High"))

Note: We do not expect missing data because our Qualtics survey is set to “force response”,
but if there is missing data we will recode all missing data to its mean.

3 Study 1 (Replication)
This is a replication of a prior study that was based on real events. Here we replicate with a
contrived news story that is identical for both Democrats and Republicans. We also alter the
context of the event to a shooting.

3.1 Primary DVs
There are three primary variables of interest:

1. Do you support or oppose the actions of Steven Wright?
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2. Was the shooter justified or unjustified?

3. Should the shooter face criminal charges?

# recode DVs
study1$supportactions <- NA
study1$supportactions <- study1$Q44
study1$supportactions <- recode(study1$supportactions,
"Strongly support" = 5, "Support"=4,
"Neither support nor oppose"=3,
"Oppose"=2,"Strongly oppose" = 1)

study1$justified <- NA
study1$justified <- study1$Q45
study1$justified <-recode(study1$justified,
"Justified" = 1, "Unjustified" = 0)

study1$charged <- NA
study1$charged <- study1$Q46

study1$charged <-recode(study1$charged,
"Yes" = 1, "No" = 0)

3.2 Factual Attention Check
We will ask each respondent to recall which state was mentioned in the treatment vignette.

study1 <- data[data$experiment == "Vignette (Rep)",]

# attention check
study1$passed <- 0
study1$passed[study1$Q43 == "Iowa"] <- 1

table(study1$passed, study1$cell)
table(study1$passed)

3.3 Treatments
The design is a three cell design:

1. Democratic subject and partisan crime

2. Republican subject and partisan crime

3. Non-partisan crime

We will code the treatments as noted above.
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3.4 Hypothesis tests
We expect support for violence to be low across all three dependent variables for all conditions.
Specifically, we expect that tolerance for political violence will be no different from tolerance for
non-political violence.

We will look for an effect in three different ways: by cell, by cell collapsing by party and
between the partisan and non-partisan cells after collapsing by party. We will also look at the
main results by attentiveness (those passing the factional attention check). Expecting support for
violence to be larger for those who randomly click/don’t pay attention.

# raw support (by condition)
round(prop.table(table(study1$supportactions,
study1$cell),1),2)
table(study1$justified, study1$cell)
table(study1$charged, study1$cell)

# raw support (pooled)
prop.table(table(study1$supportactions))
prop.table(table(study1$justified))
prop.table(table(study1$charged))

# Main results (general support)
summary(lm(supportactions ˜ cell, data = study1))
summary(lm(justified ˜ cell, data = study1))
summary(lm(charged ˜ cell, data = study1))

# raw support (by condition) and attentiveness
round(prop.table(table(study1$supportactions,
study1$cell, study1$passed),1),2)
table(study1$justified, study1$cell, study1$passed)
table(study1$charged, study1$cell, study1$passed)

# by attentiveness
summary(lm(supportactions ˜ cell*passed, data = study1))
summary(lm(justified ˜ cell*passed, data = study1))
summary(lm(charged ˜ cell*passed, data = study1))

# Main results (general support by party)
summary(lm(supportactions ˜ cell*pid, data = study1))
summary(lm(justified ˜ cell*pid, data = study1))
summary(lm(charged ˜ cell*pid, data = study1))

# Main results by in- and out-party
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study1$alignment <- NA
study1$alignment[study1$version == 1 &
study1$pid == "Democrat"] <- "In-Party and Partisan"
study1$alignment[study1$version == 2 &
study1$pid == "Democrat"] <- "Out-Party and Partisan"

study1$alignment[study1$version == 1 &
study1$pid == "Republican"] <- "Out-Party and Partisan"
study1$alignment[study1$version == 2 &
study1$pid == "Republican"] <- "In-Party and Partisan"

study1$alignment[study1$version == 3] <- "Non-Partisan"

study1$alignment <- as.factor(study1$alignment)

summary(lm(supportactions ˜ alignment, data = study1))
summary(lm(justified ˜ alignment, data = study1))
summary(lm(charged ˜ alignment, data = study1))

# main result, comparing the out-party treatments to control

t.test(study1$supportactions[study1$alignment ==
"Out-Party and Partisan"], study1$supportactions[study1$alignment ==
"Non-Partisan"])

t.test(study1$justified[study1$alignment ==
"Out-Party and Partisan"],
study1$justified[study1$alignment == "Non-Partisan"])

t.test(study1$charged[study1$alignment == "Out-Party and Partisan"],
study1$charged[study1$alignment == "Non-Partisan"])

# main result, comparing the in-party treatments to control

t.test(study1$supportactions[study1$alignment == "In-Party and Partisan"],
study1$supportactions[study1$alignment == "Non-Partisan"])

t.test(study1$justified[study1$alignment == "In-Party and Partisan"],
study1$justified[study1$alignment == "Non-Partisan"])

t.test(study1$charged[study1$alignment == "In-Party and Partisan"],
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study1$charged[study1$alignment == "Non-Partisan"])

3.5 Heterogenous Treatment Effects
We have no clear predictions for heterogeneous treatment effects. However, we will explore
whether our treatment varies by party

3.6 Robustness
The literature identifies several possible mechanisms that might prompt a person to support
violence. Here we account for the most common: political engagement, affective polarization,
social desirability (Marlow-Crowne Social Desirability Scale), and aggression (Buss-Perry
Aggression Questionnaire. We also include six items from prior work that reportedly predict
support for partisan violence: three measures of moral disengagement and one measure of
prospective partisan violence (Kalmoe and Mason, forthcoming).

In all cases except for the Kalmoe-Mason item we create indexes by taking the mean of summed
scale items. We then bin each variable into terciles. We will treat the Kalmoe-Mason items as
separate predictors, though we may combine Q35 and Q36 into a single item coded to record
attitudes toward the out-party.

The literature, based on correlational survey data, predicts that as affective polarization,
political engagement and aggression increase so too does tolerance for political violence.

We also predict that social desirability will increase support for prospective political violence
(Kalmoe-Mason), but not for support for actual political violence measured though our experiment.
We suspect that this will be especially among strong partisans.

Finally, we predict that support for prospective violence poorly does not moderate support for
violence in our experiments.

# robustness

# Prospective violence and social desirability

summary(lm(Q77 ˜ marlowcrowne, data = study1))

summary(lm(Q77 ˜ marlowcrowne, data = study1[]))

#marlowe-crowne
summary(lm(supportactions ˜ alignment * marlowcrowne,
data = study1))
summary(lm(justified ˜ alignment * marlowcrowne,
data = study1))
summary(lm(charged ˜ alignment * marlowcrowne,
data = study1))
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#buss-perry
summary(lm(supportactions ˜ alignment * bussperry,
data = study1))
summary(lm(justified ˜ alignment * bussperry, data = study1))
summary(lm(charged ˜ alignment * bussperry, data = study1))

#political interest

summary(lm(supportactions ˜ alignment * partscale,
data = study1))
summary(lm(justified ˜ alignment * partscale, data = study1))
summary(lm(charged ˜ alignment * partscale, data = study1))

#kalmoe mason

summary(lm(supportactions ˜ alignment * Q77, data = study1))
summary(lm(justified ˜ alignment * Q77, data = study1))
summary(lm(charged ˜ alignment * Q77, data = study1))

#affpol
summary(lm(supportactions ˜ alignment * affectivepolarization,
data = study1))
summary(lm(justified ˜ alignment * affectivepolarization,
data = study1))
summary(lm(charged ˜ alignment * affectivepolarization,
data = study1))

4 Study 3

4.1 Primary DVs
1. Estimated Republican support for political violence.

2. Estimated Democratic support for political violence.

We will recode this variable in two ways. First, we will compute the distance of each response
from the true population value. Second, we will pool in-party and out-party responses.

study3$repsupport <- study3$Q93_1
study3$demsupport <- study3$Q90_1

study3$inpartysupport <- NA
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study3$outpartysupport <- NA

study3$inpartysupport[study3$pid == "Democrat"] <-
study3$demsupport[study3$pid == "Democrat"]
study3$outpartysupport[study3$pid == "Democrat"] <-
study3$repsupport[study3$pid == "Democrat"]

study3$inpartysupport[study3$pid == "Republican"] <-
study3$repsupport[study3$pid == "Republican"]
study3$outpartysupport[study3$pid == "Republican"] <-
study3$demsupport[study3$pid == "Republican"]

true_dem <- X
true_rep <- Y

#compute distance
study3$repdistance <- abs(study3$repsupport - true_rep)
study3$demdistance <- abs(study3$demsupport - true_dem)

4.2 Treatments
There are two experimental cells: one where we offer a cash incentive for correct responding and
one where we offer no such incentive.

4.3 Factual Attention Check
We will include an unrelated vignette on sea otter reintroduction. Following this vignette we will
ask what state the story covers.

# check for attentiveness
study3$passed <- 0
study3$passed[study3$Q82 == "Oregon"] <- 1

4.4 Hypothesis tests
We expect that without incentives individuals will over-estimate group support for political
violence. We further expect inattentiveness to increase support for partisan violence.

# main results
summary(lm(repdistance˜study3cell, data=study3))
summary(lm(demdistance˜study3cell, data=study3))

summary(lm(repsupport˜study3cell, data=study3))
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summary(lm(demsupport˜study3cell, data=study3))

summary(lm(inpartysupport˜study3cell, data=study3))
summary(lm(outpartysupport˜study3cell, data=study3))

# by attentiveness
# main results
# main results
summary(lm(repdistance˜study3cell*passed, data=study3))
summary(lm(demdistance˜study3cell*passed, data=study3))

summary(lm(repsupport˜study3cell*passed, data=study3))
summary(lm(demsupport˜study3cell*passed, data=study3))

summary(lm(inpartysupport˜study3cell*passed, data=study3))
summary(lm(outpartysupport˜study3cell*passed, data=study3))

4.5 Heterogeneous treatment effects
Again, we look at difference by PID with no predictions.

# by pid

# main results
summary(lm(repdistance˜study3cell*pid, data=study3))
summary(lm(demdistance˜study3cell*pid, data=study3))

summary(lm(repsupport˜study3cell*pid, data=study3))
summary(lm(demsupport˜study3cell*pid, data=study3))

4.6 Robustness
We use the same robustness measures from study 1

# robustness

#marlow-crownesummary(lm(repdistance˜study3cell,
data=study3))
summary(lm(demdistance˜study3cell* marlowcrowne,
data=study3))
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summary(lm(repsupport˜study3cell* marlowcrowne,
data=study3))
summary(lm(demsupport˜study3cell* marlowcrowne,
data=study3))

summary(lm(inpartysupport˜study3cell* marlowcrowne,
data=study3))
summary(lm(outpartysupport˜study3cell* marlowcrowne,
data=study3))

#buss-perry
summary(lm(repdistance˜study3cell* bussperry, data=study3))
summary(lm(demdistance˜study3cell* bussperry, data=study3))

summary(lm(repsupport˜study3cell* bussperry, data=study3))
summary(lm(demsupport˜study3cell* bussperry, data=study3))

summary(lm(inpartysupport˜study3cell* bussperry, data=study3))
summary(lm(outpartysupport˜study3cell* bussperry, data=study3))

#political interest
summary(lm(repdistance˜study3cell* partscale, data=study3))
summary(lm(demdistance˜study3cell* partscale, data=study3))

summary(lm(repsupport˜study3cell* partscale, data=study3))
summary(lm(demsupport˜study3cell* partscale, data=study3))

summary(lm(inpartysupport˜study3cell* partscale, data=study3))
summary(lm(outpartysupport˜study3cell* partscale, data=study3))

#kalmoe mason

summary(lm(repdistance˜study3cell * Q77, data=study3))
summary(lm(demdistance˜study3cell * Q77, data=study3))

summary(lm(repsupport˜study3cell * Q77, data=study3))
summary(lm(demsupport˜study3cell * Q77, data=study3))

summary(lm(inpartysupport˜study3cell * Q77, data=study3))
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summary(lm(outpartysupport˜study3cell * Q77, data=study3))

#affpol
summary(lm(repdistance˜study3cell* affectivepolarization,
data=study3))
summary(lm(demdistance˜study3cell* affectivepolarization,
data=study3))

summary(lm(repsupport˜study3cell* affectivepolarization,
data=study3))
summary(lm(demsupport˜study3cell* affectivepolarization,
data=study3))

summary(lm(inpartysupport˜study3cell* affectivepolarization,
data=study3))
summary(lm(outpartysupport˜study3cell* affectivepolarization,
data=study3))
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1 Preliminary Notes
• This is the pre-analysis plan for a replication of a survey experiment on support for political

violence.

• We use the treatment text from a prior study — “Study 1 (replication)” with some
modifications.

• For this replication we remove the apolitical treatments.

• We removed all covariates except the general Kalmoe-Mason measure (with an updated
response scale).

• We randomize a pre-treatment prompt to incentivize careful and thoughtful responding.

2 Data cleaning
This will proceed using the code from the last PAP with the alterations noted above.

3 Study 1 (Replication)

3.1 Primary DVs
There are three primary variables of interest:

1. Do you support or oppose the actions of Steven Wright?

2. Was the shooter justified or unjustified?

3. Should the shooter face criminal charges?

3.2 Factual Attention Check
We will ask each respondent to recall which state was mentioned in the treatment vignette. This is
the same as the original study.

3.3 Treatments
The design is a four cell design:

1. Democratic suspect X Attention Incentivized

2. Republican suspect X Attention Incentivized

3. Democratic suspect X Attention Not Incentivized

4. Republican suspect X Attention Not Incentivized
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3.4 Hypothesis tests
The primary analysis will compare distributions and means from the three different possible
outcome scales by cell. We will group respondents and treatments into two groups ”in-group” and
”out-group”

The primary analysis will compare distributions and means from the three different possible
outcome scales.

3.5 Heterogenous Treatment Effects
We have no clear predictions for heterogeneous treatment effects. However, we will explore
whether our treatment varies by party, responses to a pre-treatment partisan cheerleading question
(from Shafner and Luks 2018) and a pre-treatment survey trolling question (from the ANES).
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1 Preliminary Notes
• This is the pre-analysis plan for a partial replication of a survey experiment on support for

political violence.

• We use the treatment text from a prior study — “Study 1 (replication)” with some
modifications.

• For this replication we remove the apolitical treatments and only provide in-party vignettes.

• We removed all covariates except for social desirability and the the general Kalmoe-Mason
measure (with an updated response scale).

• We only measure justification. Additionally, we randomize the outcome question and scale
between three options detailed below.

2 Data cleaning
This will proceed using the code from the last PAP with the alterations noted above.

3 Study 1 (Replication)
This is a replication of a prior study that was based on real events. Here we replicate with a
contrived news story that is identical for both Democrats and Republicans. We also alter the
context of the event to a shooting.

3.1 Primary DVs
There are is one primary variable of interest. We however, randomize the outcome scale and
question stem:

1. Was the shooter justified or unjustified?
Justified or Unjustified

2. How justified was the shooter?
Not at all, a little, a moderate amount, a lot and a great deal

3. How justified was the shooter?
Not at all, a little, a moderate amount, a lot, a great deal and don’t know

3.2 Factual Attention Check
We will ask each respondent to recall which state was mentioned in the treatment vignette. This is
the same as the original study.
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3.3 Treatments
The design does not vary the treatment other than ensuring co-partisanship.

1. Democratic subject and partisan crime (always copartisan)

2. Republican subject and partisan crime (always copartisan)

3.4 Hypothesis tests
We expect that inattentive respondents will randomly respond when presented with a dicotemous
outcome scale and will select a don’t know when that option is available.

We expect support for violence to be low across all three versions of the question.
We expect support for violence to be larger for those who randomly click/don’t pay attention.
The primary analysis will compare distributions and means from the three different possible

outcome scales.

3.5 Heterogenous Treatment Effects
We have no clear predictions for heterogeneous treatment effects. However, we will explore
whether our treatment varies by party.

3.6 Robustness
The literature identifies several possible mechanisms that might prompt a person to support
violence. Here we account for the most common: political engagement, affective polarization,
social desirability (Marlow-Crowne Social Desirability Scale), and aggression (Buss-Perry
Aggression Questionnaire. We also include six items from prior work that reportedly predict
support for partisan violence: three measures of moral disengagement and one measure of
prospective partisan violence (Kalmoe and Mason, forthcoming).

In all cases except for the Kalmoe-Mason item we create indexes by taking the mean of summed
scale items. We then bin each variable into terciles. We will treat the Kalmoe-Mason item as a
separate predictors.

3.7 Robustness
We use the same robustness measures from study 1

4 Survey Questions
We also include two pre-treatment survey questions.

First, we replicate the original Kalmoe-Mason justification question with the original
unbalanced scale:

3



“How much do you feel it is justified for $e://Field/p to use violence in advancing their political
goals these days?”

• Not at all

• A little

• A moderate amount

• A lot

• A great deal

Next, we ask those who select any option other than “Not at all”:
“You reported that it is justified to use violence in advancing their political goals. What kind

of violent crimes do think are justified?
Please be specific.”
This is an open-end question.

4.1 Analysis
This is exploratory analysis. We intend to analyze open-ended responses to identify patterns in
what kinds of crimes respondents are thinking of. This will either be done by humans or via
machine learning.
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