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Abstract 11

Climate skepticism remains a significant barrier to public engagement with 12

accurate climate information, because skeptics actively engage in information 13

avoidance to escape exposure to climate facts. Here we show that generative 14

AI can enhance engagement with climate science among skeptical audiences by 15

subtly modifying headlines to align better with their existing perspectives, with- 16

out compromising factual integrity. In a controlled experiment (N = 2000) using 17

a stylized social media interface, headlines of climate science articles modified 18

by an open-source large language model (Llama3 70B, version 3.0) led to more 19

bookmarks and more upvotes, and these effects were strongest among the most 20

skeptical participants. Participants who engaged with climate science as a result 21

of this intervention showed a shift in beliefs towards alignment with the scien- 22

tific consensus by the end of the study. These results show that generative AI 23

can alter the information diet skeptics consume, with the promise that scalable, 24

sustained engagement will promote better epistemic health. They highlight the 25

potential of generative AI, showing that while it can be misused by bad actors, it 26

also holds promise for advancing public understanding of science when respon- 27

sibly deployed by well-intentioned actors. 28
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1 Main29

Tackling global challenges requires collective action, which is difficult when people30

lack a shared understanding of scientific facts [1, 2, 3]. Misconceptions about vaccines31

[4], migration [5], and climate science [6, 7, 8] have all undermined coordinated re-32

sponses. Since ambitious climate policies require strong public support, many efforts33

have focused on messages that resonate with skeptics. The simplest approach here34

is perhaps the most effective: Communicating facts, particularly the scientific con-35

sensus, successfully decreases skepticism [9, 10, 11, 12]. In experiments, exposure is36

forced; in everyday life, skeptics often actively avoid these facts [13, 14, 15, 16, 17, 18].37

The problem, then, is not delivering facts to skeptics, but bringing skeptics to the facts.38

Information avoidance occurs when individuals actively steer clear of facts that39

could challenge their emotions, beliefs, or behaviors [19, 20, 21, 22, 23, 24]. First, cli-40

mate change facts are emotionally charged and provoke feelings of fear, helplessness,41

or anxiety [25]. Skeptics may avoid them to preserve emotional well-being. Second,42

because climate change is a highly polarized issue, skeptics may avoid facts that clash43

with their identity or worldview [14, 26, 27, 28], and select out of news sources likely44

to present such information [29, 30, 16, 24]. Third, skeptics may avoid climate facts to45

sidestep costly lifestyle changes ormoral duties, like changing one’s diet [31] or cutting46

air conditioning use [32].47

In sum, there are many reasons for skeptics to avoid news stories that contain48

climate science facts, especially when they anticipate that these stories will challenge49

their current views—in other words, when they anticipate that these stories are writ-50

ten for a non-skeptic audience, would not fit their views, would make them experience51

negative emotions, and would contain little to no useful information for them [33, 34].52

This problem is exacerbated by changes in the news landscape over the last decades.53

Journalists working for outlets that report on climate science have been under pres-54

sure to create content fitted to an audience that is both shrinking and becoming more55

homogeneous in ideology [35, 36, 27, 24, 37, 38, 28]. This creates a feedback loop in56

which stories are tailored to a non-skeptic audience, pushing away skeptics, and fur-57

ther increasing the need to tailor stories to a non-skeptic audience [8, 39, 40].58

How canwe bypass information avoidance and increase skeptics’ engagementwith59

climate news? Reducing the volume of inaccurate information is not a solution [41,60

42], because we know from research on partisan news that reducing exposure to like-61

minded sources does not ensure that people opt into alternative, accurate sources62

[43, 44, 45]. Applying specific frames to climate headlines (e.g., environmental, public63
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health, national security, economic, or moral angles) has shown little impact on skep- 64

tics’ [13, 46, 47], and increasing the negativity may backfire [47, 48], despite its general 65

efficacy elsewhere [49, 50]. One-shot interventions [51] also fall short, because their 66

effects decay quickly [52, 53], and because climate science evolves too rapidly for static 67

messages. We therefore need a scalable, repeatable intervention that boosts skeptics’ 68

engagement with climate headlines—without relying on negativity, fixed frames, or 69

compromising factual integrity. 70

Here we show that an open-source generative AI model [54] (Llama3 70B, version 71

3.0; we used Llama3 because its open weights support reproducibility; unlike propri- 72

etarymodels, it is not subject to opaque updates that could alter future replications) can 73

be used to increase skeptics’ engagement with climate news by rewriting headlines to 74

reduce anticipated disagreement, regret, and negative emotions—without increasing 75

negativity or compromising factual integrity. This intervention has the largest impact 76

on the most skeptical individuals, and shifts beliefs towards alignment with the sci- 77

entific consensus. These outcomes contrast with the common view of generative AI 78

as a driver of misinformation and miscalibrated beliefs [55, 56, 57, 58, 59, 60]. Recent 79

work, however, shows that large language models can also be used constructively, e.g., 80

to reduce conspiracy beliefs through personalized dialogues [61, 62], or to help people 81

reach consensus on divisive issues [63]. Our approach follows this constructive line 82

in the specific context of climate science communication. Algorithms have shaped 83

journalism for over a decade [64, 65], and this influence is now accelerating with gen- 84

erative AI. While journalists have voiced ethical concerns about credibility, accuracy, 85

and bias in AI-assisted news production, they tend to view its use in news distribution 86

more positively [66, 67]—particularly when it helps reach news outsiders who lack the 87

motivation or capacity to engage [68]. Our work is situated at this distribution stage, 88

aiming to reach climate skeptics who typically avoid such coverage, while upholding 89

journalistic integrity. 90

2 Results 91

Measures We recruited 2,000 U.S. participants quota-matched for sex, age, and po- 92

litical partisanship. They reported their prior climate change beliefs before the ex- 93

periments. Participants were categorized as believers, skeptics, or others based on a 94

question from the Yale Climate Change Communication Center [69, 70]. To the ques- 95

tion ’Assuming global warming is happening, do you think it is…?’, participants who 96

answered ‘mostly caused by human activity’ (n = 1, 414) were categorized as believ- 97
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Participants interface with the 
experiment through a 

stylized social media app 
with options to upvote, 

downvote, and bookmark

Their feed contains 20 posts, 
10 being about climate

The 10 other posts are foils, 
about other science topics

Examples of original headlines Llama3-modified headlines

The Foods that Reverse Climate Change Precision Agriculture and Gene-Editing: 
The Future of Food Production?

Mysterious Origin of the 'Tree of Life' 
Revealed as Some of the Species Are Just 
Decades from Extinction

Ancient 'Tree of Life' Finally Has Its 
Origins Traced

Aircraft Turbulence is Worsening with 
Climate Change. Studying Birds Could 
Help

Birds May Hold the Key to Predicting 
Turbulent Skies

Inside the Giant 'Sky Rivers' Swelling with 
Climate Change

Chasing the Storm: Scientists Fly into 
Atmospheric Rivers to Improve Forecasts

Climate Science is Sound. Satellite 
Timelapse Doesn't Disprove Sea Level Rise

Experts Say Satellite Images Alone Can't 
Detect Sea Level Rise

(A) (B)

Figure 1: Experimental methods. (A) The stylized social media platform used in the experiment. (B)
Examples of original and Llama3-modified climate headlines.

ers. Participants who answered ‘caused mostly by natural changes in the environment’98

(n = 412) or ‘none of the above because climate change is not happening’ (n = 57)99

were categorized as skeptics; and participants who answered ‘other’ (n = 53) and100

‘don’t know’ (n = 63) were categorized as others. Our primary preregistered analyses101

compare the 1,414 believers (coded as +0.5) to the 479 skeptics (coded as −0.5), and102

code ’others’ as zero. Participants also rated three continuous 0–100 scales : belief that103

climate science is happening, belief it is caused by human activity, and belief it is a sig-104

nificant threat. Our secondary preregistered analyses use these continuous measures105

as an alternative to the categorical measure.106

Participants engaged in a socialmedia simulation featuring a feed of 20 news head-107

lines: 11 on climate change and 9 on other science topics (Fig 1A). Their first task was108

to upvote or downvote each headline, providing us with our first measure of engage-109

ment: the probability of upvoting climate-related headlines, which would increase110

their visibility. Next, participants bookmark 10 headlines they would be interested111

in reading later, providing a second engagement measure: the probability of book-112

marking climate headlines, reflecting willingness to be exposed to climate informa-113

tion. Third, participants read in full one of their bookmarked articles (always about114

climate, by design) and rated their experience: Did they regret this bookmark? Would115

they upvote or downvote after reading? How much did they trust the contents? Fi-116
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nally, participants reported their climate change beliefs post-reading. These measures 117

assessed potential backfiring (skeptics feeling deceived into engaging with unwanted 118

contents) and the intervention’s impact on climate beliefs. 119

Treatments Our experiment compared the engagement and experience between 120

participants shown either original headlines or Llama3-modified ones—true to the 121

article’s content, but phrased in a way that would not be inconsistent with the beliefs 122

of someone who thinks climate change is not happening (see Fig. 1B for examples). 123

Full details on article selection and headline modification are in the Methods section. 124

We began with a large set of climate change articles (2022–2024) from trustworthy 125

sources, and selected 58 articles containing scientific data, statements by scientists, 126

or references to scientific studies. After using Llama3 to modify the headlines, we 127

narrowed this set to 28 via two steps. First, we excluded 11 articles after a manip- 128

ulation check with a separate sample of skeptics—these modified headlines did not 129

significantly impact anticipated regret, agreement, or emotions. Next, a professional 130

fact-checker excluded 19more, rating themodified headlines as insufficiently relevant 131

or accurate. This high exclusion rate reflects a deliberately high bar for relevance. Fi- 132

nally, a separate Llama3 instance screened the remaining 28 for undesirable clickbait 133

features (e.g., negativity, sensationalism). We found no evidence of increased clickbait 134

(and partial evidence of reduction) compared to the originals. 135

2.1 Engagement 136

Interaction of treatment and prior beliefs Figure 2 displays the effect of Llama3- 137

modified headlines on upvotes and bookmarks (2A), as well as heterogeneity analyses 138

at the participant (2B) and stimulus level (2C). Effects on downvotes are, by design, 139

symmetrical to the effects on upvotes. On average (Figure 2A), modifying headlines 140

led to a 11 percentage point increase in upvotes by skeptics, and a 7 percentage point 141

increase in bookmarks. The preregistered outcome of interest was the interaction of 142

treatment and prior beliefs, tested through 8 variants of the same general model. The 143

general model was: Outcome ∼ Belief+ Treatment+ Belief× Treatment+ 144

(1|Headline) + (1|Participant). The outcome could be either an upvote or a 145

bookmark, and the belief measure was either our categorical classification, or one of 146

our three continuous measures. The interaction effect was statistically significant in 147

all variants. Categorical classification (Figure 1A): upvotes: b = 0.09, p < .001; 148

bookmarks: b = 0.10, p < .001. Continuous measure of belief that climate change 149

is happening (Figure 1B top): upvotes: b = 0.04, p < .001; bookmarks: b = 0.04, 150
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Engagement with climate change headlines
(B) Modified headlines are most 
impactful on the most skeptical 
participants. Shading shows 95% CI 
around the fitted line.

(C) Headline-level analyses show that modified headlines increase engagement because they make climate 
change skeptics anticipate to agree more with the article and anticipate less regret from reading it. The y-axis 
shows changes in probabilities of upvotes and bookmarks when using the modified version of the headline, 
and shadings show 95% CI around the fitted line.

Probability of 
upvote

Probability of 
bookmark

Belief that climate change is happening

Belief that climate change has human causes

Belief that climate change is a threat

Modified  
headline

Original   
headline

(A) Interaction effects in all mixed models show that modified 
headlines have a greater effect on skeptics than on believers. 
Regressions restricted to skeptics detect a significant effect 
of modified headlines on upvotes but not on bookmarks.

Believers 
n = 1414

Skeptics 
n = 469

Others 
n = 116

Figure 2: Main results on the engagement of skeptics with climate news. (A) Llama3-modified head-
lines increase the probability that skeptics upvote climate news, but this treatment effect is not detected
as significant on bookmarks. For completeness, we show descriptive results for ‘other’ participants, who
are neither believers nor skeptics. (B) Heterogeneity analyses at the participant level show that modified
headlines are greater impact on both upvotes and bookmarks when people are more skeptic. (C) Hetero-
geneity analyses at the stimulus level show that the impact on both upvotes and bookmarks is larger for
stronger manipulations of anticipated agreement and regret.6



p < .001. Continuous measure of belief that climate change is caused by human 151

activity (Figure 1B mid): upvotes: b = 0.04, p < .001; bookmarks: b = 0.05, p < 152

.001). Continuous measure of belief that climate change is a significant threat (Figure 153

1B bottom): upvotes: b = 0.04, p < .001; bookmarks: b = 0.05, p < .001. Results 154

were robust to the inclusion or exclusion of inattentive participants, see SI. 155

To explore the interaction further, we conducted separate analyses for skeptics 156

and believers, defined as per the categorical variable. For each category, the model 157

was: Outcome ∼ Treatment + (1|Headline) + (1|Participant). For skeptics, 158

we find a significant treatment effect on upvotes (b = −0.1, p = 0.014), but not on 159

bookmarks (b = −0.06, p = 0.157). This analysis is exploratory since the prereg- 160

istered outcome of interest was the interaction effect between belief and treatment. 161

A simulation-based post-hoc power analysis suggested that we would have needed 162

about 1,000 skeptics and 350 headlines to detect the b = −0.06 effect size on book- 163

marks with a 95% power—and that our sample of skeptics would have 95%-power 164

to detect effect sizes b > .16 (see details in SI). For believers, both effects are non- 165

significant (upvotes: b = −0.01, p = 0.708; bookmarks: b = 0.04, p = 0.265). 166

We also conducted separate analyses based on a split of of each of the three contin- 167

uous measures of beliefs, separating participants into four categories based on their 168

scores (0–25, 26–50, 51–75, and 76–100). For each group, themodelwas: Outcome ∼ 169

Treatment + (1|Headline) + (1|Participant). Results (see SI) showed that the 170

intervention had the strongest effects in the most skeptical group, and the weakest ef- 171

fect for the least skeptical group. These results confirm that modification was most 172

effective for skeptical audiences: modifying headlines tailored them specifically for 173

skeptics, while the original headlines were already appropriate for non-skeptics, re- 174

quiring no further adjustment. 175

Heterogeneity across stimuli and individuals For each headline, we computed 176

the effect of the Llama3 modification on skeptics’ engagement as the difference in up- 177

vote (or bookmark) probability between modified and original versions. Additionally, 178

our manipulation check with an independent sample of skeptics (see Methods) pro- 179

vided four measures of anticipation per original headline and its modified version: 180

anticipated agreement, regret, positive emotions, and negative emotions. For each 181

headline, we calculated the effect of Llama3 modification on these four anticipations. 182

Figure 2C displays the correlation between the impact of Llama3 modification on an- 183

ticipatory measures, and its impact on engagement measures. Consistent with infor- 184

mation avoidance theory, we found strong correlations between impact on anticipated 185
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agreement and upvotes (r = .70, p < .001) and bookmarks (r = .71, p < .001); and186

between impact on anticipated regret and upvotes (r = −.68, p < .001) and book-187

marks (r = −.70, p < .001). Correlations with anticipated generic emotions were188

in the expected direction but weaker and non-significant (all |r| < .32, all p > .1).189

Other heterogeneity analyses showed engagement results to be robust across age, sex,190

and education; globally robust across political ideology and partisanship; and stronger191

for participants who reported a lower interest in science news.192

2.2 Experience193

To test whether our approach may backfire, we asked skeptics to read one of the ar-194

ticles they had bookmarked and recorded three potential adverse outcomes. Because195

10 of the 19 feed articles were climate-related and participants had to bookmark 10,196

we could ensure the article was about climate. After they read the article, we also mea-197

sured the shift of their beliefs towards alignment with the scientific consensus.198

Upvote reversals, bookmark regrets, and trust We tested whether participants199

reacted more negatively (more upvote reversals, more bookmark regret, less trust)200

when they read articles based on original vs. modified headline. For each outcome we201

ran four variants of the following model, one per prior belief measure: Outcome ∼202

Belief + Treatment + Belief × Treatment + (1|Headline). Table 1 sum-203

marizes all models. Across all variants, prior beliefs consistently impacted reactions,204

which is unsurprising—the stronger the climate beliefs, the more positive the reac-205

tions to a climate science article. No credible main effect of treatment was found—206

Llama3-modified headlines did not backfire overall. However, we found some credi-207

ble evidence for an belief-by-treatment interaction on bookmark regret, suggesting208

that skeptics may be more likely to regret bookmarking a climate article based on209

a modified headline. Post-hoc analyses (see SI) suggest this might be due to article210

negativity—modified headlines led skeptics to bookmark more negative or alarmist211

content than they otherwise would.212

Shift towards alignmentwith the scientific consensus After reading the climate213

article, participants were reminded of their initial responses to the three continuous214

belief measures and could revise them. Belief change was calculated as post minus215

prior. We detected a significant shift towards alignment with the scientific consen-216

sus (i.e., a shift toward stronger agreement) for all three measures (climate change is217
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Predicted
Outcome

Belief
Measure

Belief
Effect

Treatment
Effect

Interaction
Effect

Reversal of
Upvote

(1)
b = −0.18
p =< .001

b = 0.01

p = .608

b = −0.03

p = .497

(2)
b = −0.08
p =< .001

b = 0.003

p = .908

b = 0.01

p = .544

(3)
b = −0.08
p =< .001

b = 0.002

p = .953

b = −0.01

p = .606

(4)
b = −0.08
p < .001

b = 0.004

p = .884

b = 0.01

p = 0.562

Regret about
Bookmark

(1)
b = 0.25
p < .001

b = 0.07

p = .288

b = −0.24
p = .025

(2)
b = 0.14
p < .001

b = 0.02

p = .726

b = −0.06

p = .183

(3)
b = 0.14
p < .001

b = 0.03

p = .670

b = −0.12
p = .006

(4)
b = 0.16
p < .001

b = 0.03

p = .670

b = −0.08
p = .070

Trust in
Article

(1)
b = 0.69
p < .001

b = −0.04

p = .580

b = −0.08

p = .437

(2)
b = 0.35
p < .001

b = −0.04

p = .529

b = 0.006

p = .889

(3)
b = 0.37
p < .001

b = −0.03

p = .635

b = −0.06

p = .143

(4)
b = 0.40
p < .001

b = −0.03

p = .615

b = −0.04

p = .276

Table 1: Main results about participants’ self-rated experience after reading one book-
marked climate article. Belief measures: (1) Climate change is happening, binary,
yes/no (2) Climate change is happening, continuous, 0–100 (3) Climate change is
caused by human activity, continuous, 0–100 (4) Climate change is a significant threat,
continuous, 0–100.
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Shift toward alignment with the 
scientific consensus

Participants updated their beliefs toward greater 
alignment with the scientific consensus after reading one 
article they bookmarked, regardless of whether they 
bookmarked based on its original or modified headline.modifiedoriginal

Figure 3: Participants’ shift towards alignment with the scientific consensus at the end of the study, for
three measures of belief. Error bars show the 95% confidence interval around the mean.
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happening; t(1998) = −6.3, p < .001; climate change is caused by human activity; 218

t(1998) = −5.44, p < .001; climate change is a threat; t(1998) = −13.0, p < .001. 219

The average shift was small (from 0.8 to 2.7 points on a 0–100 scale, see Figure 3). We 220

find no credible evidence that the persuasion effect was affected by the treatment in 221

any of the three measures (see SI for detailed analysis, including moderation by parti- 222

sanship, as well as secondary analyses using degrees of prior skepticism as predictor). 223

These results are in line with previous work showing a positive effect of exposure to 224

climate science, but we need to be careful to not over-interpret its observed size or 225

over-estimate its duration, as it based on exposure to a single article, within a limited 226

observation time frame, and could partly reflect experimenter demand. 227

3 Discussion 228

Generative AI appears to provide a viable pathway for increasing the reach and con- 229

sumption of accurate climate information in communities that would otherwise re- 230

sist it: directly, by increasing the likelihood of skeptics to read climate articles; and 231

indirectly, by amplifying the spread of science-related content within skeptics’ net- 232

works, which likely include other skeptics. Results were most pronounced among the 233

most skeptical participants, which is essential since it may allow generative AI to ad- 234

dress entrenched resistance, increasing engagement where it is the lowest yet the most 235

needed. Moreover, the mechanisms behind these effects align well with theoretical 236

expectations: headline modification influenced skeptics’ anticipations, reducing their 237

inclination to avoid information that might otherwise challenge their beliefs, and thus 238

lowering the psychological barriers leading to information avoidance. 239

We acknowledge several limitations to the ecological validity of our study. First, 240

while our social media simulation more closely approximates real-world engagement 241

than typical survey experiments, it remains a simplified environment. In actual plat- 242

forms, engagement is shaped by competing content, social dynamics, and opaque rec- 243

ommendation algorithms, all of which could influence intervention effectiveness. Sec- 244

ond, our Prolific sample is self-selected and digitally literate, which may limit gener- 245

alizability. Third, our findings are specific to the United States, where climate change 246

is unusually polarized, and media habits as well as media coverage may be different 247

from other countries. Taken together, these limitations caution against interpreting 248

absolute engagement or belief shifts too strongly and underscore the need for future 249

research in more ecologically valid and diverse settings. In parallel, the specific tai- 250

loring strategies used by the language model should be interpreted with caution, as 251
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they may not generalize across future models given the rapid pace of change in gen-252

erative AI behavior. While generative AI will likely remain a viable tool for modifying253

headlines to achieve similar communicative goals, future models may rely on different254

strategies than those observed in this study.255

Our approach is holistic in that it bypasses information avoidance by flexibly adapt-256

ing to any framing that may be effective for a given article, rather than applying a257

uniform frame across all contents, and it has potential for automation and, thus, scal-258

ability. We emphasize ‘potential’ here, as our study still required substantial human259

oversight: nearly half of the modified headlines had to be discarded for failing our260

(admittedly high) quality standards. Finally, this approach aligns well with the incen-261

tives of social media and news organizations, as it drives greater engagement among262

audiences they do not typically reach, without reducing engagementwithin their usual263

audiences. This alignmentmay improve the chances of large-scale deployment and co-264

operation across the media industry, in the context of a growing role of AI in journal-265

ism, with recent work highlighting journalists’ increasing willingness to integrate AI266

tools into news creation and distribution [66, 71, 72]. News outletsmay prepare differ-267

ent versions of their headlines, to be circulated in parallel on social media platforms,268

without the need to identify climate skeptics—or they may be routed specifically to269

their intended audience when social media platforms are able to identify users who270

are more likely to be climate skeptics. We recognize that practical implementation of271

such approaches raises important ethical considerations. Identifying climate skeptics272

at scale could involve sensitive data and pose privacy risks, and even well-intentioned273

efforts to increase engagement may be perceived as manipulative. These concerns are274

particularly salient in light of growing public distrust and could backfire if skeptics275

interpret such interventions as evidence of ideological targeting.276

4 Online Methods277

4.1 Materials278

Collection of climate science articles We used the Bing API service to search for279

and collect headlines of climate change related articles. Using the terms ‘global warm-280

ing’ and ‘climate change’, we targeted trusted, mainstream news sites where the full281

text of each article was openly available. After scraping the article text, we applied282

several initial filters: we selected articles published no earlier than 2022, that men-283

tioned ‘climate change’ or ‘global warming’ at least twice, contained numeric data, and284
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were under 4,000 tokens (the input limit for Llama3). Following this, we used the 285

Llama3 API to apply two additional filters. Llama3 was prompted to answer the fol- 286

lowing questions for each article: ‘Is this article primarily about some aspect of climate 287

change/global warming? Return only Yes or No. Article: [article text].’ Then: ‘Does 288

this article contain any scientific data, references to scientific studies, or feature scien- 289

tists? Please analyze the following text and return only “Yes” or “No,” but nothing else: 290

[article text].’ Finally, we manually reviewed every article for which Llama returned 291

Yes and Yes, to ensure that these answers were correct. 292

Headline modification We used the following protocol to create modified head- 293

lines that would be less aversive to climate skeptics : 294

1. We provided Llama3 with the full text of the article embedded in the following 295

prompt: ‘Create 5 headlines that must be true to the contents of the article, and 296

are not inconsistent with beliefs of somebody who thinks that climate change 297

is not happening - they need not be fully consistent, they can also take a neutral 298

stance. Return the 5 titles, but nothing else. Article: [article text]’ 299

2. We provided Llama3 with the five headlines it generated in the previous stage, 300

plus the original headline, embedded in the following prompt: ‘Select the head- 301

line that is the least inconsistent with the beliefs of somebody who believes that 302

climate change is not happening. Return only the selected headline. Headlines: 303

[headline variants]’. 304

3. We provided Llama3 with the headlines it generated in the previous stage and 305

the text of the article, embedded in the following prompt: ‘Is this headline true 306

to the contents of the article, or is it misleading in any way? Return either Mis- 307

leading orNotMisleading. Headline: [selected headline variant] Article: [article 308

text]’. 309

4. We repeated this whole loop until Llama3 selected a headline that was not the 310

original headline, and judged that headline to be not misleading. 311

Steps 2 and 3 were included in the process in light of results showing that self- 312

evaluation can sometimes improve LLM outputs [73, 74], with the caveat that we can- 313

not be sure these results apply to our particular use case. We followed a similar pro- 314

cedure to create headlines variants aimed at people who believed that climate change 315

is happening but is not caused by human activity. 316

13



Manipulation check After generating modified headlines for 58 climate-related317

articles in the previous step, we conducted a manipulation check to insure that modi-318

fied headlines did change the expectations of skeptics, in order to eliminate the head-319

lines for which the manipulation was unsuccessful, prior to conducting our main ex-320

periment. This also allowed us to collect headline-level data for the analysis about321

heterogeneity across materials, reported in the results section. We recruited 302 par-322

ticipants from the US (158 identified as women, mean age = 45.9, sd= 14.3), using323

filters to target climate skeptics (all participants answered ‘No’ or Don’t know’ to the324

question ’Do you believe in climate change?’). Each participant saw a random subset of325

30 headlines (10 unmodified, 10modified for people who believe climate change is not326

happening, 10 modified for people who believe climate change is happening but not327

caused by human activity). They were instructed to ‘Imagine you had to read the ar-328

ticle with the following headline: [Headline]. When reading the article, how much do329

you expect to…’ (1) feel positive emotions like enthusiastic, happy, excited, or cheer-330

ful; (2) feel negative emotions like angry, annoyed, afraid, or resentful; (3) agree with331

the contents of the article; (4) regret engaging with the article. All four ratings used a332

scale from 1 to 7. Overall, we found that headlines which were modified for people333

who believe climate change is not happening had the intended effect on the expecta-334

tions of skeptics. They increased anticipated positive feelings (b = 0.25, p < .001) ,335

increased anticipated agreement (b = 0.41, p < .001), decreased anticipated regret336

(b = −0.26, p < .001) and decreased anticipated negative emotions (b = −0.12, p <337

.001). However, we discarded eleven headlines for failing an individual manipulation338

check, since for this eleven headlines, the average effect of modification went in the339

wrong direction. As a result, after this manipulation check, we obtained a set of 47 ar-340

ticles. Finally, we observed that the headlines modified for people who believe climate341

change is not happening always outperformed in the manipulation check the head-342

lines modified for people who believe climate change is happening but not caused by343

human activity. As a result, we decided to focus on the former in ourmain experiment.344

Fact check In order tomake sure that themodified headlines used in the experiment345

did not compromise factual integrity, we recruited a professional fact-checker who346

read all articles and their modified headlines. We asked the fact checker whether the347

headline was accurate and did not contain any untrue information (yes/no), whether348

the headline accurately represented the contents of the article (yes/no), and to further349

rate this accuracy on a scale from 0 to 5. We decided to adopt a conservatively high bar350

for factual integrity by using headlines for which the responses were yes, yes, and at351
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least 4. This eliminated 19 articles which had passed themanipulation check, resulting 352

in our final set of 28 articles. 353

Neutral headlines For the experiment, we also needed foil headlines unrelated to 354

climate change. For this, we collected 62 science news headlines from nationalgeop- 355

graphic.com that did not contain references to climate change or global warming in 356

their headline. These articles came from the ‘animals’, ‘history and culture’, and ‘sci- 357

ence’ categories. 358

4.2 Participants 359

We collected data from 1999 participants (1033 identified as women, M = 45.9 years, 360

SD = 15.8 years) using Prolific, an online survey platform commonly used in academic 361

research to obtain access to a diverse pool of pre-screened participants, who are com- 362

pensated for their time. We used a quota-sampling procedure so the sample was rep- 363

resentative of age, sex, and political affiliation in the US population. In total, 997 par- 364

ticipants took part in the control (original headlines) and 1002 in the experimental 365

(modified headlines) condition. While 2083 people started the experiment, 3 did not 366

consent to participate and 81 did not finish the experiment; these participants either 367

produced no data or were excluded from the analysis. 368

4.3 Procedure 369

The median time for completion was 12 minutes. Participants did not have to com- 370

plete the study in a single session, but Prolific rules required them to complete within 371

67 minutes of staring the study, or else be timed out. Participants were randomly as- 372

signed to the original or modified headlines treatments. Regardless of treatment, they 373

went through the same experimental stages, detailed below. 374

Demographic questions and belief elicitation Full details of all questions are 375

provided in the SI. We asked participants about their education level, age, sex, and 376

partisan affiliation. We also asked whether they leaned democratic or conservative 377

on economic issues and social issues, separately. We also recorded their preferences 378

for reading news on the following topics: science, technology, US politics, interna- 379

tional politics, culture, sports and entertainment. Then, as reported in the main text, 380

we elicited their beliefs about climate change through five questions. Three of these 381
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questions used continuous 0–100 scales to measure belief that climate science is hap-382

pening, belief that climate change is caused by human activity, and belief that cli-383

mate change is a significant threat. Two other questions, taken from the Yale Cli-384

mate Change Communication Center [69, 70] asked whether they believed in climate385

change; and whether, assuming that climate change is real, it is caused by human ac-386

tivity.387

Upvotes Participants were shown a stylised social media interface displaying a feed388

of 20 posts. All these posts were headlines of news articles: 11 were randomly selected389

from the pool of climate science headlines, and 9 were foils, randomly selected from390

the neutral headline pool Participants were asked to either upvote or downvote each391

post. Here is how we described this task to the participants:392

Welcome to the experiment! You will be participating in a social media simu-393

lation where you will see news articles as posts. You will have an upvote and394

downvote button next to each post, which will determine the ranking of the post.395

The upvote and downvote buttons function similarly to the voting system on a396

website called Reddit, where users can vote on content to determine its popu-397

larity and visibility. The higher the vote, the more people will see the post. Just398

like on Reddit, upvoting means you think the post is positively contributing to399

the community and downvoting means the opposite. This is how posts look like:400

On the right, you can upvote by clicking on the green and downvote by clicking401

on the red arrow. You will see 20 posts and must vote on each one. Once you402

voted on each post, the next button will appear and you can advance to the next403

page. Click on ‘Next’ to start the Simulation!404

After participants finished upvoting or downvoting all posts, they moved on to an405

attention check. They were presented with four headlines and had to identify the one406

which had not not appeared in their feed. This was then repeated a second time, with407

another set of four headlines.408

Bookmarks Participants were presented again with the same feed of 20 headlines409

as in the Upvote phase, and were now asked to bookmark 10 of these articles for later410

reading, knowing that one of these decisions would be implemented in the next phase411

of the experiment. Here is how we described this to participants:412

In the next section, you will have to read one of the articles. Now, this is your413

chance to say which ones you are, and which ones you are not interested in414
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reading. You will see the same titles as you have seen before. This time, you 415

can bookmark the ones you are the most interested in reading by clicking on 416

the bookmark button: You will have to bookmark at least 10 posts, but please 417

bookmark all that you would be interested in reading. We will select one article 418

out of the bookmarked list that you will have to read after this stage. 419

Experience Werandomly selected one of the articles participants bookmarked, with 420

the constraint that this article had to be about climate science (there was always at least 421

one such article because participants had to bookmark 10 articles out of 19, and only 9 422

articles were not about climate). Participants read the full version of this article which 423

was selected from their bookmarks. After finishing it at their own pace, they are asked 424

three questions: 425

1. You read this article because you bookmarked it. How much do you regret bookmarking 426

it? [0-100 scale anchored at ‘I regret it very much’ and ‘I do NOT regret it’, with 427

’Neutral’ written over the middle] 428

2. Now that you know the contents of the article, would you upvote or downvote it on 429

social media? [Upvote?Downvote] 430

3. How much do you trust that the information in this article is reliable? [0-100 scale 431

anchored at ‘Not at all’ and ‘Completely’, with ’Neutral’ written over the middle] 432

Posterior beliefs The experiment ended by asking people the three continuous be- 433

lief questions about climate change. Participants were shown the responses they gave 434

at the start of the experiment, and were offered the opportunity to change these an- 435

swers if they wished to. 436

4.4 Statistical analysis 437

We used linear mixed-effect regression models to estimate the effect of the treatment. 438

We used linear models even when the outcome was binary (votes/bookmarks) as it is a 439

preferred method to gain unbiased interpretable estimates of treatment effects in ex- 440

perimental settings [75]. We included random intercepts for both headlines and partic- 441

ipants in the analyses of bookmarks and votes. For regret, credibility judgments, and 442

belief change we included random intercepts for headlines only, as adding participant- 443

level random effects would be redundant, since these measures were collected only 444
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once per participant. We z-scored continuous priors and all the continuous depen-445

dent variables (bookmark regret, credibility, belief update). Vote and bookmark were446

coded as 0: downvote/not bookmarked or 1: upvote/bookmarked. The treatment447

variable was coded as preregistered (0.5: original headline, -0.5: modified headline).448

Categorical prior belief variable was coded as per participants’ response to the ques-449

tion: 0.5 = Believers (selected that climate change is caused by human activity); −0.5 =450

Skeptics (either selected that climate change is not happening or that it is happening451

but not caused by human activity); 0 = Selected ’Other’ or ’Don’t know’. Note that the452

preregistration did not specify how these two latter categories should be coded. To453

include them in the analysis without biasing the preregistered contrast, we assigned454

them a neutral value of 0.455

4.5 Ethics456

Ethical approval for this study was obtained by Tilburg University, under the refer-457

ence: TSB_RP1173.458

4.6 Data, code and material availability459

Code for the analysis and all materials are available on the GitHub page of the project,460

along with all stimuli used in the experiment: https://github.com/bencebago/461

news_personalization. The preregistration, available athttps://aspredicted.462

org/wfvn-c2tg.pdf, unfortunately contains a double typo stemming from a late463

terminology change, when we decided to write of climate ‘skeptics’ rather than cli-464

mate ‘deniers’. One key sentence reads:465

We will categorize participants based on their response to this question: ‘As-466

suming global warming is happening, do you think it is…?’ people who respond467

by clicking on the option that is caused mostly by human activity will be catego-468

rized as skeptics, people clicking on the other options that it does not happen469

or that it is not caused by human activity will be categorized as deniers.470

But it should have been:471

We will categorize participants based on their response to this question: ‘As-472

suming global warming is happening, do you think it is…?’ people who respond473

by clicking on the option that is caused mostly by human activity will be catego-474

rized as believers, people clicking on the other options that it does not happen475

or that it is not caused by human activity will be categorized as skeptics.476
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