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Abstract001

Prior work on climate misinformation detec-002
tion typically classifies individual comments or003
claims using text alone. This framing overlooks004
a key property of online climate discourse: mis-005
information is often produced, reinforced, and006
sustained through stable speaker-level patterns,007
where the same individuals repeatedly employ008
characteristic narratives and rhetorical styles009
across interactions. We address this gap by010
introducing personas: data-driven groupings011
of commenters that capture recurring discourse012
strategies beyond the content of any single com-013
ment. Empirically, modeling persona improves014
misinformation classification performance be-015
yond text-only baselines in low-capacity and016
resource-constrained settings, increasing accu-017
racy from 0.79 to 0.81 and macro-F1 from 0.72018
to 0.74 in a low-capacity MLP classifier (sta-019
tistically significant, p = 0.021). Beyond detec-020
tion, we find that personas shape how misin-021
formation is received and propagated. Persona-022
conditioned language model agents exhibit sys-023
tematic differences in misinformation accep-024
tance that align with human persona-level sus-025
ceptibility, and the relationship between misin-026
formation prevalence and content persistence027
varies by the dominant conversational persona.028

1 Introduction029

Short-video social media platforms such as Tik-030

Tok have become major venues for public discus-031

sion of climate change, where accurate information,032

skepticism, and misinformation coexist in the same033

high-volume comment threads (Pearce et al., 2018;034

Sultana et al., 2024; Basch et al., 2021; Pera and035

Aiello, 2024; Baltasar et al., 2024). This setting036

is particularly challenging for automated analysis:037

short, algorithmically amplified videos drive rapid038

diffusion, while discussions are fast-moving, emo-039

tionally charged, allowing misinformation to per-040

sist and resist correction.041

As shown in Figure 1a, most prior work uses042

text-only classifiers that label each comment or043

Figure 1: Comparison of text-only vs. persona-aware
misinformation modeling. (a) Prior work (Islam et al.,
2020; Coan et al., 2021; Upadhyaya et al., 2023; Choi
et al., 2023; Rojas et al., 2024) typically predicts a mis-
information category from comment text alone, treating
each comment independently. (b) We induce narrative
personas by clustering comment embeddings and use
persona as additional context for misinformation-type
prediction; the same persona abstraction also supports
persona-conditioned analyses of LLM susceptibility and
engagement persistence.

claim in isolation (Islam et al., 2020; Coan et al., 044

2021; Upadhyaya et al., 2023; Choi et al., 2023; 045

Rojas et al., 2024). However, climate discourse 046

also exhibits speaker-level regularities: recurring 047

narrative frames and rhetorical styles that reappear 048

across threads. This suggests that how people con- 049

sistently argue can provide complementary signal 050

beyond the words in a single comment. 051

We introduce personas to address this challenge: 052

a compact, data-driven abstraction of recurring 053

narrative frames and rhetorical styles in climate 054

discourse. A growing body of work supports the 055

importance of speaker and social context for mis- 056

information and stance modeling. Incorporating 057

user and interaction structure can improve misinfor- 058

mation detection beyond text alone, encouraging 059

representations that aggregate signal across inter- 060

actions rather than treating each instance indepen- 061

dently (Nguyen et al., 2020; Mehta et al., 2022). 062
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Stance research similarly argues that beliefs and063

framing are more faithfully modeled at the author064

level and are not reliably captured by lexical fea-065

tures alone (Allaway and McKeown, 2021; Zhang066

et al., 2024). Communication scholarship further067

emphasizes that disinformation propagates through068

identity linked, adversarial narratives that remain069

stable within groups and are expressed via charac-070

teristic rhetorical strategies (Díaz Ruiz and Nilsson,071

2023). Together, these perspectives suggest that072

who is speaking provides a complementary axis for073

understanding climate misinformation beyond the074

words in a single comment.075

Rather than relying on predefined demographics076

or static author embeddings, we induce personas di-077

rectly from large-scale, in-the-wild TikTok climate078

comments by clustering semantic comment embed-079

dings and consolidating clusters into interpretable080

persona types. This persona representation is then081

used in three ways (Figure 1b): (i) to augment fine-082

grained misinformation-type prediction, with a fo-083

cus on whether persona provides additional signal084

in low-capacity or limited-supervision settings, (ii)085

as a scaffold for a controlled susceptibility probe086

using persona-conditioned LLM agents1, and (iii)087

as an organizing variable for studying how mis-088

information relates to engagement persistence in089

comment threads.090

Our main contributions are:091

• We induce commenter personas from TikTok092

climate discourse and compress large-scale093

clusters into interpretable personas.094

• We show that persona context improves fine-095

grained misinformation-type prediction in096

low-resource settings. For a low-capacity097

MLP classifier, adding persona features im-098

proves accuracy from 0.79 to 0.81 and macro-099

F1 from 0.72 to 0.74 (p = 0.021).100

• We evaluate persona-conditioned LLM agents101

in a controlled susceptibility setting and show102

strong correlations with human persona-level103

misinformation susceptibility.104

• We show that the relationship between mis-105

information and engagement persistence is106

persona-conditional: misinformation ampli-107

fies or suppresses persistence depending on108

the dominant conversational persona.109

For the classification component, our goal is not110

to establish a new state-of-the-art classifier, but to111

1In this work, we use GPT-5 as our LLM agent.

isolate and quantify the contribution of persona- 112

level signal under controlled modeling settings. 113

2 Related Work 114

2.1 Climate Misinfo/Obstruction Narratives 115

Prior work has documented that climate misinfor- 116

mation extends beyond outright denial to include 117

more subtle obstruction strategies, such as ques- 118

tioning the feasibility of solutions, emphasizing 119

economic trade-offs, or attacking the credibility 120

of scientific messengers (Lamb et al., 2020; Coan 121

et al., 2021; Holder et al., 2023). These studies 122

motivate the use of fine-grained misinformation 123

taxonomies rather than binary true/false labels. We 124

adopt this perspective by leveraging the QUOTA- 125

CLIMAT taxonomy (QuotaClimat, 2025), which 126

captures diverse climate obstruction narratives. The 127

fine-grained misinformation types in QUOTACLI- 128

MAT and detailed explanations of the categories are 129

provided in Appendix B.1. 130

However, existing work primarily treats misin- 131

formation as isolated textual instances, without 132

modeling stable speaker-level regularities in how 133

these narratives are deployed. In contrast, our 134

work explicitly models recurring rhetorical patterns 135

through data-driven personas and examines how 136

different personas preferentially express specific 137

misinformation types in real-world discourse. 138

2.2 Persona/Author context in NLP 139

In social NLP tasks such as stance and misinforma- 140

tion detection, text alone is often insufficient as it 141

lacks context about the author’s underlying beliefs. 142

Prior work by Benton and Dredze (2018a) shows 143

that stance expressed in a tweet depends on latent 144

author beliefs, and that incorporating auxiliary au- 145

thor embeddings improves stance classification. 146

A growing body of work shows that incorporat- 147

ing author or persona context improves stance and 148

misinformation detection by capturing latent be- 149

liefs and communicative styles (Benton and Dredze, 150

2018a,b). These approaches demonstrate that who 151

is speaking can provide signal beyond text alone. 152

Our work differs in two key ways. First, rather 153

than relying on predefined author attributes or static 154

user embeddings, we induce personas directly from 155

large-scale, in-the-wild climate discourse. Second, 156

we use persona not only as an auxiliary feature 157

for prediction, but as an organizing abstraction for 158

analyzing misinformation strategies, susceptibility, 159

and engagement dynamics. 160
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Figure 2: Offline persona induction: encode comments, cluster embeddings, and manually consolidate clusters to
assign each comment a persona label pi (Section 3.1).

Figure 3: Persona-aware misinformation modeling: obtain fine-grained misinformation-type labels and evaluate
prediction models that fuse text and persona representations (Section 3.2). Details of how we obtain comment-level
misinformation labels are in Appendix A.

2.3 LLM Personas & Engagement Dynamics161

Recent studies show that large language models162

can be conditioned to simulate behavior associ-163

ated with specific personas or subpopulations (Park164

et al., 2023; Krishna et al., 2022; Argyle et al.,165

2023; Li et al., 2024). We build on this line of work166

by using persona-conditioned LLM agents as a con-167

trolled evaluation tool for climate misinformation168

susceptibility, rather than as a behavioral simulator169

per se. We show that persona-level susceptibility170

patterns in LLM agents align closely with those171

observed among real human commenters.172

Separately, prior work has examined how mis-173

information diffusion and persistence depend on174

content properties, emotional framing, and network175

structure (Vosoughi et al., 2018; Liu et al., 2023;176

Grinberg et al., 2019; Sun and Xie, 2024). While177

these studies highlight substantial heterogeneity178

in engagement, they do not examine whether such179

dynamics are systematically conditioned on conver-180

sational personas. We address this gap by demon-181

strating persona-dependent persistence effects in182

climate misinformation discussions on TikTok.183

3 Method184

Given short-form social media comments dis-185

cussing climate change, our goal is to characterize186

and predict fine-grained climate misinformation by187

explicitly modeling stable speaker-level regulari-188

ties. For each comment ci authored by user ui, we189

aim to (i) assign a narrative persona pi capturing re-190

curring rhetorical patterns, (ii) obtain a fine-grained 191

misinformation type yi when applicable, and (iii) 192

analyze how persona conditions misinformation 193

susceptibility and engagement persistence at both 194

the comment and video levels. Dataset details are 195

provided in Section 4.1. 196

Our pipeline proceeds in two stages. First, we 197

induce narrative personas from large-scale climate 198

comment discourse (Figure 2; Section 3.1). Sec- 199

ond, we incorporate persona as an explicit signal 200

for misinformation-type prediction (Figure 3) and 201

for downstream analyses of susceptibility and en- 202

gagement. Comment-level misinformation labels 203

are obtained using a classifier trained on a curated 204

climate misinformation taxonomy; since the trans- 205

fer procedure is not central to our main contribu- 206

tions, we defer its details to Appendix A. 207

3.1 Persona Creation 208

To capture stable rhetorical and ideological patterns 209

across commenters used in section 3.2, 3.3, 3.4, we 210

induce narrative personas from large-scale climate 211

change comment discourse in CLIMATEDISC (Gao 212

et al., 2025), a large-scale corpus of TikTok climate 213

change videos and associated comments (section 214

4.1), which serve as a speaker-level abstraction 215

across downstream tasks. 216

We represent comments as dense semantic em- 217

beddings using a pre-trained MPNet-based sen- 218

tence transformer (Reimers and Gurevych, 2020). 219

We then cluster the embeddings using k-means 220

(Lloyd, 1982), selecting the number of clusters by 221
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Local / Experiential Observers Ideological / Political Combatants
1. Local Weather Anecdotes 0. Anti-Trump / Anti-GOP / Anti-

Biden
12. Storms & Flooding 11. Government Blame / Anarchy
13. Geographical Self-Mentions 18. Electoral Mobilization
Systemic / Structural Critics Pro-Science / Rationalist
4. Consumption / Plastics Skepticism 14. Pro-Science / Anti-Misinformation
17. Energy / Policy Debate
19. Agriculture / Diet
20. Anti-Corporation / Capitalism
Doomism / Nihilism Conspiratorial / Anti-Climate
8. “Humans Won’t Make It” Doomism 7. Conspiracy / Muddled Explainers

16. Denial / Hoax / Manipulation
Noise / Low-Signal (Excluded): 2. Emoji / Applause Spam; 3. Minimal

Agreement Tokens; 5. Polite Thanks; 6. Short Emotional Bursts; 9. Excited
Agreement; 10. Shared Anxiety; 15. @ Mentions.

Table 1: Narrative personas obtained by grouping the 21
k-means clusters of comment embeddings into semanti-
cally coherent higher-level categories. The Noise / Low-
Signal group is excluded from downstream persona-
sensitive analyses.

jointly examining Within-Cluster Sum of Squares222

(WCSS) and Silhouette scores over a candidate223

range of k ∈ [3, 30]. This analysis identifies224

k = 21 as a practical trade-off between cluster225

compactness and separation (Section 4.2.1).226

To obtain a stable speaker-level abstraction for227

downstream modeling, we manually validate and228

consolidate the 21 fine-grained clusters into six229

higher-level narrative personas reflecting shared230

communicative stances toward climate change,231

along with a residual “Noise / Low-Signal” group232

excluded from persona-sensitive analyses. The re-233

sulting persona definitions are reported in Table 1.234

With personas defined, we next examine whether235

this abstraction provides predictive signal beyond236

comment text alone. Specifically, we evaluate237

whether incorporating persona information im-238

proves fine-grained climate misinformation clas-239

sification.240

3.2 Persona-aware Misinfo Classification241

We compare a text-only baseline with a persona-242

aware model to test whether persona provides sig-243

nal beyond comment text (Figure 3).244

Text-only baseline. Model A is a lightweight245

feed-forward classifier operating over sentence-246

level semantic representations. Given a comment247

t in CLIMATEDISC, we first encode it using a248

pretrained sentence transformer based on MPNet249

(Reimers and Gurevych, 2020): x = ϕ(t), where250

ϕ(·) maps text to a fixed-dimensional dense vec-251

tor representation. The encoded representation is252

then passed through a nonlinear projection, hx =253

fx(x), where fx(·) denotes an affine transforma-254

tion followed by a ReLU nonlinearity and dropout.255

Finally, a linear classifier produces logits over 256

fine-grained misinformation types: ŷ = g(hx), 257

where ŷ corresponds to a seven-class (excluding 258

0_not_relevant) misinformation taxonomy from 259

QUOTACLIMAT. 260

Persona-aware model. Model B extends the text- 261

only baseline by incorporating persona information 262

as an additional latent signal. Each comment is 263

associated with a persona label c ∈ {1, . . . , 6}, 264

which is mapped to a learnable persona embedding: 265

p = E(c), where E(·) denotes a trainable embed- 266

ding function. The persona embedding is trans- 267

formed via a nonlinear projection, hp = fp(p), 268

analogous in form to the text projection fx(·). 269

The text and persona representations are com- 270

bined via concatenation, 271

h = [hx;hp] 272

and passed through a joint nonlinear transforma- 273

tion, z = fj(h), before being mapped to output 274

logits by the same classifier g(·): ŷ = g(z). 275

This late-fusion formulation isolates the contri- 276

bution of persona information by introducing p as 277

an additive latent variable alongside the fixed text 278

representation x. 279

We also apply the same formulation using 280

RoBERTa-large representations. We include both 281

lightweight and large pretrained models to examine 282

how the utility of persona varies with text represen- 283

tational capacity, rather than optimize performance. 284

While this evaluation provides predictive value 285

of persona, it does not address whether the induced 286

personas capture meaningful differences in how 287

misinformation is received or accepted. 288

3.3 Persona-Level Misinformation 289

Susceptibility with LLM 290

We use persona-conditioned LLM agents to evalu- 291

ate whether inferred personas capture systematic 292

differences in misinformation susceptibility. We 293

test whether an LLM prompted with persona de- 294

scriptions (Appendix C.2) exhibits misinformation 295

acceptance patterns mirroring user comments. 296

We construct a balanced evaluation set of 350 297

misinformation claims from the QUOTACLIMAT 298

dataset, sampling 50 claims from each of the seven 299

categories. For each inferred persona, we create 300

a short persona card summarizing characteristic 301

beliefs and rhetorical tendencies (Appendix C.1). 302

For persona p, we define an LLM suscepti-
bility score as the proportion of misinformation
claims not rejected by the persona-conditioned
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LLM agent:

Lp =
1

|Q|
∑
q∈Q

I[rp,q ̸= reject],

where Q is the set of evaluation claims, rp,q is the303

LLM’s response for persona p on claim q, and I[·]304

denotes an indicator function.305

Human–LLM Persona Alignment We assess306

whether persona-conditioned LLM susceptibility307

patterns align with those of real human personas.308

For each persona p, we compute a human misin-309

formation rate Hp, defined as the proportion of310

comments authored by p that are labeled as mis-311

information in CLIMATEDISC. We compute the312

LLM susceptibility score Lp previously defined.313

We then measure alignment between (Hp) and (Lp)314

using Pearson and Spearman correlations, where315

higher correlation indicates closer correspondence316

between human and LLM persona behavior.317

We next examine whether these persona-level318

differences translate into distinct engagement tra-319

jectories.320

3.4 Persona-Level Temporal Dynamics321

To examine how persona conditions the down-322

stream impact of misinformation, we analyze en-323

gagement persistence at the video level. For each324

video in CLIMATEDISC, we compute (i) the dom-325

inant persona among its comments, (ii) the misin-326

formation rate, and (iii) engagement persistence,327

measured as the time required to reach 60% of total328

comments (Liu et al., 2023). Our final dataset for329

this engagement persistence experiment contains330

2,925 videos2.331

Formally, for a video v with Nv total comments,
let tv,i denote the timestamp of the i-th comment.
We define the cumulative number of comments
received by time t as

Sv(t) =

Nv∑
i=1

I[tv,i ≤ t],

where I[·] is the indicator function. Let t(0)v de-332

note the timestamp of the first observed comment333

for video v. The time at which the video reaches334

a fraction α of its total comments is defined as335

Tv(α) = inf{t : Sv(t) ≥ αNv}. We define en-336

gagement persistence as Pv = Tv(0.6) − t
(0)
v ,337

which measures the duration (in hours) required338

2We exclude videos whose dominant persona is classified
as Noise / Low-Signal. We also exclude videos with zero or
one comment, since persistence requires at least two com-
ments to be defined.

for video v to accumulate 60% of its total com- 339

ments. Larger values of Pv indicate more sustained 340

engagement over time. 341

We test whether the relationship between mis- 342

information and persistence varies by persona by 343

stratifying videos into low, mid, and high misin- 344

formation tertiles based on misinformation rate. 345

Within each persona type, we conduct Kruskal– 346

Wallis tests to determine whether persistence dif- 347

fers significantly across misinformation levels. 348

4 Experiments 349

4.1 Datasets 350

QUOTACLIMAT To obtain fine-grained misin- 351

formation types, we use QUOTACLIMAT (Quota- 352

Climat, 2025), a curated dataset of 6,091 climate- 353

related statements annotated with one of the mis- 354

information categories specified in Appendix B.1. 355

We use QUOTACLIMAT for two purposes: (i) train- 356

ing a misinformation classifier that is transferred 357

to CLIMATEDISC comments (Appendix A), and 358

(ii) susceptibility probing with persona-conditioned 359

LLM agents using a balanced set of 350 claims (50 360

per category; Section 3.3). 361

CLIMATEDISC For persona creation and down- 362

stream in-the-wild analyses, we rely on the CLI- 363

MATEDISC dataset (Gao et al., 2025), which com- 364

prises transcribed English speech from 7,110 Tik- 365

Tok videos and 116,256 corresponding comments 366

tagged with “#climatechange,” collected between 367

January 2024 and November 2024. We use CLI- 368

MATEDISC in: (i) persona creation (Section 3.1), 369

(ii) persona-aware misinformation classification on 370

in-the-wild comments (Section 3.2), (iii) human 371

persona-level misinformation rates Hp for LLM 372

alignment (Section 3.3), and (iv) temporal dynam- 373

ics and engagement persistence (Section 3.4). 374

For the persona-aware misinformation classifica- 375

tion experiments on CLIMATEDISC (Section 3.2), 376

comments are divided into training, validation, and 377

test sets in a 0.8/0.1/0.1 ratio. 378

4.2 Results 379

4.2.1 Persona Landscape 380

Figure 4 reports WCSS and Silhouette scores for 381

k ∈ [3, 30]. WCSS decreases smoothly with k (no 382

decisive elbow), while the Silhouette score attains 383

a local maximum at k = 21, indicating compar- 384

atively strong separation at this granularity. We 385

therefore set k = 21 as a practical trade-off be- 386
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tween separation and interpretability. As a quali-387

tative check, Appendix B.2 lists the ten comments388

nearest each centroid, which exhibit consistent top-389

ical and rhetorical patterns.390

Figure 4: Within-Cluster Sum of Squares (WCSS; lower
is better) and Silhouette Score (higher is better) across
varying numbers of clusters k. The local Silhouette
maximum and WCSS elbow around k = 21 motivate
our choice of 21 clusters.

For interpretability in downstream analyses, we391

aggregate the 21 clusters into six higher-level narra-392

tive personas plus a residual “Noise / Low-Signal”393

group. We exclude the Noise group from persona-394

sensitive analyses (it consists largely of short ac-395

knowledgments, emojis, and @-mentions). Table 1396

summarizes the mapping.397

Figure 5 shows that cluster and persona sizes398

are relatively balanced: clusters range from 3,798–399

8,426 comments and personas from 3,992–19,019400

comments. This reduces the risk that downstream401

effects are driven by a single dominant group.402

Figure 5: Distribution of cluster/persona sizes.

4.2.2 Text-Based Misinformation403

Classification with/without Persona404

We evaluate whether persona information provides405

predictive signal beyond text alone (section 3.2).406

For the MLP models, incorporating persona im-407

proves accuracy from 0.79 to 0.81 and macro-F1408

from 0.72 to 0.74. The accuracy gain is statistically 409

significant under an exact paired McNemar test 410

(p = 0.021). As shown in Figure 6, the persona- 411

aware model also converges more rapidly in early 412

training, achieving substantially higher validation 413

accuracy and macro-F1 after the first epoch. 414

F1 Accuracy

Figure 6: Validation accuracy and F1 across epochs for
text-only (A) and persona-aware (B) MLP models.

Using RoBERTa-large, persona yields smaller 415

improvements, increasing accuracy from 0.82 to 416

0.83 and macro-F1 from 0.76 to 0.78; however, this 417

difference is not statistically significant (p = 0.11). 418

Overall, these results suggest that persona infor- 419

mation provides complementary signal in lower- 420

capacity settings, where the text representation 421

alone may be insufficient to capture speaker-level 422

regularities. In contrast, larger pretrained models 423

such as RoBERTa appear able to implicitly encode 424

persona-related cues from text, suggesting a repre- 425

sentational ceiling beyond which explicit persona 426

modeling yields diminishing returns. 427

4.2.3 Persona-Level Susceptibility Probing 428

with LLM 429

Human vs. LLM Agents Susceptibility We ob- 430

serve a strong positive correlation between human 431

and LLM persona susceptibility patterns. The Pear- 432

son correlation between Hp and Lp (specified in 433

section 3.3) is 0.82, indicating substantial linear 434

agreement. The Spearman rank correlation is even 435

higher at 0.94, suggesting that the relative order- 436

ing of personas by misinformation susceptibility is 437

highly consistent between humans and LLM agents. 438

This alignment suggests that persona-conditioned 439

LLM agents capture meaningful, persona-specific 440

structure in misinformation acceptance. 441

Susceptibilities Across Personas Table 2 sum- 442

marizes overall susceptibility score (specified in 443

section 3.3) per persona. Conspiratorial / Anti- 444

Climate shows very high susceptibility (96.3%), 445

while other personas range from 4.9% to 29.4%. 446

Notably, Ideological / Political Combatants show 447
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the lowest overall susceptibility (4.9%), suggesting448

that strong political engagement does not neces-449

sarily translate to greater vulnerability to misin-450

formation. Similarly, the Pro-Science / Rational-451

ist persona demonstrates comparatively low sus-452

ceptibility (10.0%), though this group is not im-453

mune to misinformation, indicating that scientific454

self-identification alone does not guarantee resis-455

tance. Doomism / Nihilism is comparatively higher456

(22.0%), highlighting the role of affective orien-457

tations such as resignation or fatalism in shaping458

misinformation vulnerability.459

Persona Susceptible (%)
Local / Experiential Observers 29.4
Ideological / Political Combatants 4.9
Systemic / Structural Critics 8.0
Pro-Science / Rationalist 10.4
Doomism / Nihilism 22.0
Conspiratorial / Anti-Climate 96.3

Table 2: Overall misinformation susceptibility rate by
persona.

4.2.4 Persona-Stratified Engagement460

Dynamics461

We investigate whether misinformation affects con-462

tent persistence uniformly, or whether this relation-463

ship is conditioned on the dominant persona.464

Figure 7: Misinformation rates across persona types
(excluding Noise). Bars represent mean proportion of
comments containing misinformation for each persona,
with error bars showing 95% bootstrap confidence inter-
vals (2,000 iterations).

Misinformation Rates Across Personas Before465

examining temporal dynamics, we first characterize466

the baseline misinformation production rates for467

each persona type. As shown in Figure 7, substan-468

tial heterogeneity emerges across persona types.469

Conspiracy personas exhibit the highest misinfor-470

mation rate, indicating that approximately 38% of471

comments from this persona contain misinforma-472

tion. The Pro Science persona, characterized by ex-473

plicit appeals to scientific authority, still produces474

misinformation in 15% of comments. This find- 475

ing indicates that scientific self-identification alone 476

does not guarantee resistance to misinformation. 477

The nearly fourfold difference between the high- 478

est (Conspiracy) and lowest (Political Combat) per- 479

sonas establishes that communicative style strongly 480

predicts misinformation production. 481

Figure 8: Mean persistence hours across misinformation
level (Low, Mid, High) for each persona type.

Persistence Across Personas To examine 482

persona-conditional relationships, we bin videos 483

into three levels (Low, Mid, High) based on 484

misinformation rate and compute mean persistence 485

hours for each persona-by-bin combination. 486

Figure 8 summarizes these persona-conditioned 487

persistence patterns. Pro Science Personas 488

show a strong negative relationship between 489

misinformation and persistence. Videos dominated 490

by Pro Science comments persist substantially 491

longer when misinformation rates are low (69.5 492

hours) compared to high (16.1 hours). Conspiracy 493

Personas exhibit the opposite pattern. Persistence 494

increases from low-misinformation tertiles (27.3 495

hours) to high-misinformation tertiles (38.9 hours), 496

even longer persistence at mid-misinformation 497

rate. Systemic Critique Personas exhibit moderate 498

variation across misinformation levels, with persis- 499

tence remaining within a relatively narrow range 500

compared to other personas. Doomism and Local 501

Experiential Personas show negative relationships 502

similar to Pro Science, with persistence declining 503

at higher misinformation levels. Doomism drops 504

from 43.1 hours (Low) to 20.3 hours (High), a 505

53% reduction. Local Experiential shows more 506

variability, with an initial increase from Low (30.5 507

hours) to Mid (37.3 hours) before declining to 508

High (16.8 hours). 509

To assess whether these observed patterns reflect 510

statistically significant heterogeneity rather than 511

sampling variability, we conduct within-persona 512

Kruskal-Wallis tests examining whether persis- 513

tence differs across misinformation levels. Table 3 514
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Persona H Statistic p-value
Systemic Critique 20.501 < 0.001∗∗∗

Local Experiential 16.336 < 0.001∗∗∗

Conspiracy 9.237 0.010∗∗

Pro Science 4.875 0.047∗

Political Combat 3.850 0.146
Doomism 2.912 0.233

Table 3: Within-persona Kruskal–Wallis test results ex-
amining whether persistence differs across misinforma-
tion tertiles (Low, Mid, High). Significance levels are
denoted as ∗∗∗p < 0.001, ∗∗p < 0.01, and ∗p < 0.05.

presents these results. Four of six personas exhibit515

statistically significant differences in persistence516

across misinformation levels at α = 0.05. These517

include Systemic Critique, Local Experiential, Con-518

spiracy, and Pro Science personas, indicating that519

misinformation prevalence conditions engagement520

persistence for these communicative styles.521

5 Discussion and Conclusion522

This work demonstrates that persona constitutes a523

missing and consequential axis in climate change524

misinformation research. By modeling who is525

speaking in addition to what is said, we show that526

persona provides complementary structure that is527

not captured by text alone.528

The relatively balanced distribution of personas529

across misinformation types suggests that climate530

misinformation discourse on TikTok is not domi-531

nated by a single narrative or speaker type. This532

diversity matters for modeling, as it implies that533

effective detection and intervention strategies must534

account for multiple recurring rhetorical patterns535

rather than targeting a single dominant narrative.536

Our analysis of the predicted misinformation la-537

bels on CLIMATEDISC comments indicates that538

TikTok climate misinformation remains heavily539

skewed toward outright denial, but substantial vol-540

ume also targets the credibility of messengers and541

promotes anti-solution narratives. These latter542

strategies focus on delegitimization and motive at-543

tacks rather than factual claims, making them more544

resistant to traditional fact-checking approaches545

and highlighting the need for alternative mitigation546

strategies.547

Methodologically, our cross-domain matching548

pipeline from QUOTACLIMAT to CLIMATEDISC549

provides a practical mechanism for transferring550

fine-grained climate misinformation taxonomies to551

large, real-world platforms without requiring exten-552

sive human annotation. This scalability is critical553

for studying evolving misinformation narratives at554

platform scale. 555

Our findings indicate that persona information 556

can aid misinformation classification, but its util- 557

ity depends on model capacity. In lower-capacity 558

settings, explicitly modeling persona yields consis- 559

tent and statistically significant gains, suggesting 560

that speaker-level regularities capture information 561

not readily recoverable from individual comments 562

alone. The faster early convergence of persona- 563

aware MLP models further supports the view of per- 564

sona as a structured inductive bias that helps exploit 565

stable rhetorical patterns rather than sparse lexical 566

cues. In contrast, gains are smaller and not statis- 567

tically significant for RoBERTa-large, indicating 568

that large pretrained models may already implicitly 569

encode aspects of speaker style, stance, or narra- 570

tive framing. Together, these results suggest that 571

persona modeling is most beneficial when represen- 572

tational capacity or supervision is limited, offering 573

diminishing returns as models become expressive. 574

Rather than replacing strong text encoders, per- 575

sonas function as a complementary and lightweight 576

inductive bias, particularly valuable in resource- 577

constrained or efficiency-oriented settings. 578

Additionally, our persona-based LLM simula- 579

tions demonstrate that such agents can serve as 580

controlled probes of misinformation susceptibil- 581

ity: holding claims constant while varying persona 582

produces systematic differences in acceptance that 583

align with human persona-level vulnerability. 584

Our temporal dynamics analysis reveals that 585

misinformation-persistence relationships vary sub- 586

stantially by persona type, with four of six personas 587

showing statistically significant effects. These het- 588

erogeneous patterns suggest that different persona 589

types are associated with distinct engagement tra- 590

jectories when misinformation is present, poten- 591

tially reflecting variation in moderation responses, 592

amplification dynamics, and audience interaction 593

patterns. This has direct implications for platform 594

governance: effective content moderation requires 595

differentiated strategies tailored to specific persona- 596

misinformation combinations rather than uniform 597

approaches across all content types. 598

Together, our findings suggest that persona- 599

aware modeling offers a principled way to surface 600

speaker-level structure in climate misinformation 601

discourse, unifying prediction, susceptibility anal- 602

ysis, and engagement dynamics within a single 603

abstraction. This perspective complements text- 604

centric approaches and is especially valuable when 605

model capacity or supervision is limited. 606
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Limitations607

Persona Induction Validity and Subjectivity608

Our personas are induced via embedding-based k-609

means clustering and then manually consolidated610

from 21 clusters into six higher-level types. While611

this improves interpretability, the resulting taxon-612

omy is not uniquely determined: different embed-613

ding models, clustering algorithms, random seeds,614

or k selection criteria could yield alternative clus-615

tering results. Further, consolidation relies on re-616

searcher judgment and may introduce subjectivity617

in where boundaries are drawn. As such, personas618

should be interpreted as dataset-specific rhetori-619

cal groupings rather than definitive or exhaustive620

categories of users.621

We infer persona from observed comment text622

and do not have access to ground-truth user at-623

tributes (e.g., demographics, ideology, geography,624

or identity) or off-platform behavior. Consequently,625

persona labels should not be interpreted as psy-626

chological traits or real-world subpopulations; they627

reflect recurring linguistic and rhetorical patterns628

expressed in public TikTok comments within our629

collection.630

Cross-Domain Misinformation Label Transfer631

Our misinformation labels on TikTok comments632

are produced by a classifier trained on QUOTA-633

CLIMAT and applied to in-the-wild TikTok dis-634

course. Although we validate transfer using seman-635

tic claim–comment matching, this validation relies636

on a cosine-similarity threshold selected via qual-637

itative inspection and yields a relatively small set638

of matched pairs. Moreover, the QUOTACLIMAT639

taxonomy is claim-centric and may not perfectly640

align with how misinformation is expressed in con-641

versational comments (e.g., sarcasm, implicature,642

partial agreement, or off-topic replies). As a re-643

sult, predicted misinformation labels likely contain644

noise, which could affect downstream persona dis-645

tributions, susceptibility estimates, and persistence646

analyses.647

LLM Agents Susceptibility Our LLM-based648

susceptibility results should be interpreted as a649

controlled probe rather than a behavioral simu-650

lation of real users. Outputs can be sensitive to651

prompt wording, decoding settings, and the spe-652

cific model used, and we evaluate only a single653

LLM configuration. Furthermore, our metric cap-654

tures refusal/acceptance patterns under instruction655

rather than real-world exposure, incentives, or so-656

cial context. We therefore emphasize alignment in 657

relative persona ordering rather than treating abso- 658

lute LLM susceptibility rates as estimates of human 659

vulnerability. 660

Temporal Dynamics and Causality Our per- 661

sistence analysis faces important methodological 662

constraints. First, persistence hours conflate or- 663

ganic sharing velocity, algorithmic promotion, and 664

content moderation decisions, precluding mecha- 665

nistic attribution. Second, our cross-sectional de- 666

sign cannot establish whether misinformation den- 667

sity affects persistence or whether longer-persisting 668

videos accumulate more misinformation over time. 669

Third, video-level aggregation may obscure impor- 670

tant dynamics at finer temporal scales. 671

Platform and Data Constraints TikTok’s pro- 672

prietary recommendation algorithm and content 673

moderation policies are opaque, limiting our abil- 674

ity to interpret persistence patterns mechanistically. 675

We cannot observe deleted, shadowbanned, or algo- 676

rithmically suppressed content, potentially biasing 677

our sample toward platform-permitted content. 678

Ethical Considerations While our analysis fo- 679

cuses on public comments without identifying in- 680

dividuals, the persona taxonomy could potentially 681

be misused for profiling or targeting. We empha- 682

size that personas describe rhetorical styles, not 683

individual traits, and should not be used to make 684

inferences about individual users’ beliefs or sus- 685

ceptibility. 686
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pirical results. 704
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A Taxonomy Transfer Details848

This appendix describes how we obtain fine-849

grained misinformation-type labels for in-the-wild850

comments by transferring a curated taxonomy to851

the CLIMATEDISC corpus.852

A.1 Misinformation Classifier Training853

We fine-tune a RoBERTa-large classifier on QUO-854

TACLIMAT to predict one of eight climate misinfor-855

mation categories from text. Training is performed856

on a single A100 GPU for four epochs with batch857

size 128 and learning rate 2 × 10−5. Our model858

reaches a test accuracy of 0.75 on the eight-class859

misinformation classification task, indicating that860

the model is able to reliably distinguish among the861

fine-grained categories defined in QUOTACLIMAT.862

A.2 Cross-domain Validation via863

Claim–Comment Matching864

To validate transfer from curated claims to in-865

the-wild comments, we embed both QUOTACLI-866

MAT claims and CLIMATEDISC comments using867

the same sentence transformer and identify high-868

similarity claim–comment pairs via cosine similar-869

ity. Pairs exceeding a fixed threshold of τ = 0.85870

are treated as referring to the same underlying871

claim. We select τ = 0.85 via qualitative inspec-872

tion: it is the lowest value that consistently yields873

pairs about the same underlying claim with aligned874

stance; lower thresholds increasingly admit topic-875

level matches with stance mismatches. This pro-876

duces 208 matched comment–claim pairs (Table 4).877

On these pairs, the classifier’s prediction on the878

TikTok comment matches the ground-truth label of879

the paired QUOTACLIMAT claim 79% of the time880

(majority baseline 38%), with Cohen’s κ = 0.72881

indicating strong agreement beyond chance (Figure882

5). Manual inspection and quantitative agreement883

metrics further support that matched pairs refer to884

the same underlying claim.885

Based on this validation, we apply the classifier886

to all comments in CLIMATEDISC to characterize887

misinformation types in in-the-wild discourse.888

To assess label quality beyond the high-889

similarity regime, where explicit claim alignment890

is unavailable, we conduct an additional agreement891

analysis using an independent LLM annotator. We892

randomly sample 200 comments from CLIMATE-893

DISC that do not exceed the similarity threshold894

with any QUOTACLIMAT claim. Each comment is895

annotated independently by ChatGPT using a fixed896

Comment (ClimateDisc) Matched Claim (Quota-
Climat)

Climate change is a HOAX Climate change is a com-
plete hoax always has been.

Yes, climate change is real
to what extent is arguable,
but definitely changing

Climate change is definitely
real. It changes every year
from winter to autumn to
spring to summer.

Climate change is very real.
The climate has always
changed, but in recent years
it is changing too fast

Climate change is definitely
real. It changes every year
from winter to autumn to
spring to summer.

Table 4: Representative matched comment–claim pairs
obtained using a cosine-similarity threshold of 0.85.

Cohen’s Kappa Quality
>0.8 Almost Perfect Agreement
>0.6 Substantial Agreement
>0.4 Moderate Agreement
>0.2 Fair Agreement
0-0.2 Slight Agreement
<0 Almost No Agreement

Table 5: Interpretation for different ranges of the Co-
hen’s Kappa values.

prompt (Appendix C.3), and we compare these an- 897

notations with our classifier’s predictions. 898

Across these unmatched comments, agreement 899

reaches 89%, with Cohen’s κ = 0.54. The sub- 900

stantial raw agreement and moderate κ suggest that 901

the classifier’s predictions remain broadly aligned 902

with independent judgments even when comments 903

cannot be directly grounded to curated claims. To- 904

gether, these results indicate that the model gen- 905

eralizes beyond claim-level paraphrases to more 906

heterogeneous and implicitly framed misinforma- 907

tion in real-world discourse. 908

B Datasets 909

B.1 Climate Misinformation Types 910

Below are the types of Climate Change Misinfor- 911

mation we used in QUOTACLIMAT. 912

0_not_relevant: No relevant claim detected or 913

claims that don’t fit other categories. 914

1_not_happening: Claims denying the occur- 915

rence of global warming and its effects - 916

Global warming is not happening. Climate 917

change is NOT leading to melting ice (such as 918

glaciers, sea ice, and permafrost), increased 919

extreme weather, or rising sea levels. Cold 920

weather also shows that climate change is not 921

happening. 922
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2_not_human: Claims denying human responsi-923

bility in climate change - Greenhouse gases924

from humans are not the causing climate925

change.926

3_not_bad: Claims minimizing or denying nega-927

tive impacts of climate change - The impacts928

of climate change will not be bad and might929

even be beneficial.930

4_solutions_harmful_unnecessary: Claims931

against climate solutions - Climate solutions932

are harmful or unnecessary.933

5_science_is_unreliable: Claims questioning cli-934

mate science validity - Climate science is un-935

certain, unsound, unreliable, or biased.936

6_proponents_biased: Claims attacking climate937

scientists and activists - Climate scientists and938

proponents of climate action are alarmist, bi-939

ased, wrong, hypocritical, corrupt, and/or po-940

litically motivated.941

7_fossil_fuels_needed: Claims promoting fossil942

fuel necessity - We need fossil fuels for eco-943

nomic growth, prosperity, and to maintain our944

standard of living.945

B.2 Representative Comments of Each946

Cluster947

Below are the top ten comments closest to each948

cluster centroid.949
Cluster 0 (Partisan Anti-Trump/Anti-GOP950

Rants):951

1. He’s a complete delusional fool, druggy, grapist conspiracy theorist, worm brain952
lunatic. This POS will never be sworn in. His whole family disowned this crazed953
weed [clown emoji].954

2. lol u talkin bout Biden?955
3. this guy is full of s*** Trump’s been helping out more for the American people956

then Joe Biden and Kamala957
4. My god Vance just can’t answer without lying, there is no way that man should be958

anywhere near the White House, he’s pathetic [skull emoji].959
5. He’s clueless and all his facts. He’s the most uneducated person we ever had.960
6. This man is really ignorant. He doesn’t understand what he’s even talking about.961
7. Again, WTF?! He is such a moron!!962
8. He is part of the problem and can’t understand his days are over and his grandchil-963

dren will suffer for his actions.964
9. Trump is so stupid965

10. He is so vile and evil!! Typical conman!966

Cluster 1 (Local Weather Anecdotes):967

1. you know you right Cuz. it’s unseasonably warm where I live too [laughing emoji].968
2. This winter in Michigan there was only snow for a few weeks in January and now969

it’s 50 degrees and sunny.970
3. It was concerning in Michigan yesterday (60s) then it snowed today [laughing971

emoji].972
4. I’m in Wisconsin and it was like 90 last week and now it’s in the 70s/50s.973
5. We’re having an unseasonably warm winter here in Minnesota.974
6. we went from rainy to like 65 degrees, what is this summer?975
7. It’s actually scary the climate is warm right now, especially since I am Canadian976

and not used to this [sweat smile emoji].977
8. In Utah we hit record lows in November, I’m so over it [crying emoji].978
9. it’s nice right now but Thursday/Friday will be almost 80 in Massachusetts [crying979

emoji] damn you global warming [victory hand emoji].980
10. south west area is getting record rain and snow.981

Cluster 2 (Emoji/Applause Spam — converted):982

1. TRUMP [100 emoji][100 emoji][100 emoji][100 emoji][100 emoji] 983
2. [blue heart emoji][blue heart emoji][blue heart emoji][blue heart emoji] P 984
3. sindio [laughing emoji][laughing emoji][laughing emoji] 985
4. [thumbs up emoji][thumbs up emoji][ok emoji][party emoji] 986
5. [target emoji][target emoji][fire emoji][fire emoji][fire emoji] 987
6. [100 emoji][100 emoji][100 emoji][blue heart emoji][blue heart emoji] 988
7. [screaming emoji] unvorstellbar 989
8. [thumbs up emoji][thumbs up emoji][clap emoji x many] 990
9. [clap emoji][clap emoji][clap emoji][clap emoji] 991

10. [facepalm emoji][facepalm emoji][facepalm emoji] 992

Cluster 3 (Minimal Agreement Tokens): 993

1. Ya 994
2. ya 995
3. Right 996
4. Right 997
5. RIGHT 998
6. Right 999
7. Right 1000
8. Right 1001
9. Right 1002

10. RIGHT 1003

Cluster 4 (Consumption Plastics / Recycling): 1004

1. clothes or items that can’t be recycled get buried or dumped. 1005
2. Stop buying plastic whenever possible. 1006
3. I wish I could buy products not completely covered in plastic. 1007
4. reuse, repurpose, buy less, switch to glass or metal; 2024 no new buying challenge. 1008
5. so much usable stuff goes to the dump. 1009
6. buying second hand clothes to save things from landfill [sweat smile emoji]. 1010
7. buying reusable plastic to replace paper is not a good idea. 1011
8. milk in plastic jugs, bread in plastic bags, lunch meat in plastic [laughing emoji]. 1012
9. all ends up in landfill anyway. 1013

10. I’m sure they don’t even recycle any of it. 1014

Cluster 5 (Polite Gratitude Replies): 1015

1. Thank you! 1016
2. Thank you! 1017
3. Thank you! 1018
4. Thank you! 1019
5. Thank you! 1020
6. Thank you! 1021
7. Thank you! 1022
8. Thank you! 1023
9. thank you! 1024

10. Thank you! 1025

Cluster 6 (Short Emotional Reactions): 1026

1. So true [laughing emoji] 1027
2. So cool 1028
3. So scary [crying face emoji] 1029
4. SO TRUE [eyes emoji] 1030
5. So happy [heart emoji] 1031
6. So sad 1032
7. So cute 1033
8. So sad [broken heart emoji] 1034
9. so nice 1035

10. Boosting [blue heart emoji] 1036

Cluster 7 (Explainers + Conspiracies): 1037

1. It’s science happens every 10 years and it used to be all water. 1038
2. thermal expansion and added water from land ice. 1039
3. Not a man made phenomenon. 1040
4. land ice and thermal expansion. 1041
5. nothing to do with spraying of skies and geoengineering. 1042
6. water freezes and expands in limestone zones. 1043
7. before this it was acid rain. 1044
8. local event caused by warming Arctic waters. 1045
9. reduced emissions reduced reflective particles, warming the ocean. 1046

10. happens when exiting an ice age. 1047

Cluster 8 (Doomism / Earth Fine, Humans 1048
Won’t): 1049

1. another great flood, ice age, warming cycle coming. 1050
2. ecological and societal collapse is on the way. 1051
3. the earth will rid itself of us. 1052
4. earth will adapt; we will not survive. 1053
5. Science people, we are doomed. 1054
6. near the environmental point of no return. 1055
7. I’m worried about mankind’s future. 1056
8. we will die before it affects earth. 1057
9. perilous times like never before. 1058

10. we must wake up and restore habitability. 1059

Cluster 9 (Excited Agreement Bursts): 1060

1. Omg yes 1061
2. Yessss oh my god 1062
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3. yesssss1063
4. OMG1064
5. You said it1065
6. Yesss omg1066
7. OMG1067
8. Nailed it1068
9. Yes Eva1069

10. yes love that1070

Cluster 10 (Shared Anxiety Coping):1071

1. I’m so sad and afraid [blue heart emoji][strong emoji].1072
2. we must be aware but also able to live; maybe you’re here to bring change.1073
3. Say a prayer [pray emoji].1074
4. I can’t go on like normal.1075
5. always have hope.1076
6. I’m coping too.1077
7. same, persist with compassion.1078
8. same, I feel terrible.1079
9. I’m scared and sad, I don’t want to live in trying times.1080

10. Me too, it’s too much.1081

Cluster 11 (Government Blame / Anarchy Talk):1082

1. are you serious? it’s our governments.1083
2. idiots in charge do nothing.1084
3. kicking indigenous peoples off lands.1085
4. governments don’t see this as a problem.1086
5. manipulation of the weak.1087
6. HAARP government control.1088
7. this is what anarchy is, people helping each other.1089
8. fight through organizing and political action.1090
9. tell political leaders, not us.1091

10. US government and capitalism accelerated this.1092

Cluster 12 (Storms Flooding):1093

1. back-to-back storms caused flooding.1094
2. climatologists warned for decades.1095
3. storms stronger and more frequent.1096
4. flash flooding moving north.1097
5. happened in less than an hour.1098
6. regular rain causing floods.1099
7. houses awaiting repairs from hurricanes.1100
8. NYC flooding commentary.1101
9. unprecedented Midwest flooding.1102

10. every US region has natural disasters.1103

Cluster 13 (Geo-Self Mentions):1104

1. I’m in Tennessee.1105
2. you’re in my state now.1106
3. Pennsylvania, same dread.1107
4. be glad you’re not in FL.1108
5. I live in Visalia.1109
6. don’t say this, I live there.1110
7. I live here, first time hearing this.1111
8. Southern Illinois.1112
9. here in PA too.1113

10. I’m in Oregon.1114

Cluster 14 (Pro-Science / Anti-Misinformation):1115

1. proves you don’t know what you’re talking about.1116
2. you say peer reviewed studies are wrong.1117
3. misinformation spreads easily.1118
4. not okay to think yourself smarter than scientists.1119
5. will never do their own research.1120
6. you trust a convicted felon serial grapist? got it.1121
7. you have no idea but skeptics are dumb?1122
8. simple rebuke is always wrong.1123
9. these people don’t believe in science.1124

10. knowledge kills their arguments.1125

Cluster 15 (@-Mentions):1126

1. @sarah lewis1127
2. @psychicmediumjen1128
3. @Raymel Poche Jr.1129
4. @eliza koch1130
5. @MaKenzie Neas1131
6. @H.k.lynne1132
7. @emily xx1133
8. @Rachel Taylor1134
9. @aisela1135

10. @xottic_daa1136

Cluster 16 (Climate Denial / Manipulation):1137

1. Climate change is a joke. You are brainwashed.1138
2. THERE IS NO SUCH THING AS CLIMATE CHANGE!!1139
3. f u and climate change it’s a f**k** farce; you must be an a**h*** to believe it.1140
4. Cut the crap. Nobody believes that mess.1141
5. Climate change is a make-believe crisis.1142
6. No such thing as climate change.1143

7. It’s weather manipulation. 1144
8. climate change is a hoax and scam. 1145
9. finally someone tells the truth about climate. 1146

10. our idea of climate change is a lie. 1147

Cluster 17 (Energy Policy Debate): 1148

1. energy corporations greenwashing rhetoric. 1149
2. ignoring massive fossil fuel emissions. 1150
3. electric car carbon credits rant. 1151
4. new refineries would be more efficient. 1152
5. switch to renewables and nuclear. 1153
6. promoting “clean” coal and gas. 1154
7. outsourcing pollution abroad. 1155
8. no more fossil fuel projects. 1156
9. build nuclear if you care about environment. 1157

10. greener energy benefits future generations. 1158

Cluster 18 (Electoral Mobilization): 1159

1. Republicans are delusional, vote blue. 1160
2. Vote straight blue ticket. 1161
3. Vote blue up and down the ballot. 1162
4. must vote Harris 2024. 1163
5. Vote Blue. 1164
6. Republican voting blue across the board. 1165
7. Vote blue, this is sickening. 1166
8. Vote red, blue is crazy. 1167
9. Vote all Democrats. 1168

10. Vote blue across the board. 1169

Cluster 19 (Food / Agriculture Diet): 1170

1. need organic and regenerative farming. 1171
2. rainforest deforestation due to animal agriculture. 1172
3. Farming must stop but I need plant-based foods. 1173
4. raising fuel instead of food. 1174
5. plant-based diet is bs. 1175
6. want to work in sustainable agriculture. 1176
7. kill animals to grow plants. 1177
8. forests cleared for soybean fields. 1178
9. our habits destroy rainforests. 1179

10. plant trees. 1180

Cluster 20 (Anti-Corporation / Anti-Capitalism): 1181

1. we cannot count on corporations and the wealthy. 1182
2. fundamental problem with capitalism. 1183
3. corporations keep you poor. 1184
4. profit motive stands in the way. 1185
5. corporations get tax breaks. 1186
6. wealthy keep getting richer. 1187
7. someone is buying what corporations sell. 1188
8. greedflation from corporations. 1189
9. capitalism is a plague. 1190

10. corporations do not care about the people. 1191

C LLM Prompts 1192

C.1 Persona Card Construction 1193

To construct persona cards, we prompt ChatGPT 1194

to synthesize coherent, reusable persona 1195

descriptions from clusters of real-world comments. 1196

Each cluster is represented by a set of example 1197

comments (in Appendix B.2) drawn from our 1198

dataset, along with a short cluster label 1199

summarizing its dominant theme. 1200

The following prompt template is used to generate 1201

each persona card. The cluster label and 1202

representative comments are injected into the 1203

{cluster_description} field. 1204

Task: 1205
You are given a cluster of social media 1206
comments that share a common theme. 1207
Your task is to abstract these comments 1208
into a single persona description. 1209

Instructions: 1210
- Describe this persona’s core beliefs 1211
and worldview. 1212
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- Describe their typical goals or1213
motivations when commenting.1214
- Describe their tone, style, and1215
emotional framing.1216
- Describe common behaviors, rhetorical1217
patterns, and phrases they use.1218
- Do not quote individual comments1219
directly.1220
- Write a single coherent persona1221
description suitable for conditioning a1222
language model.1223

Cluster description and example1224
comments:1225
{cluster_description}1226

C.1.1 Personal Cards1227

Each persona is represented as a natural-language1228

description capturing characteristic beliefs, goals,1229

tone, and linguistic style. These persona cards are1230

injected verbatim into the LLM prompt to1231

condition responses.1232

Local / Experiential Observer1233
This persona speaks from personal1234
experience and local observation, often1235
grounding climate change in everyday1236
life. They mention where they live1237
(’I’m in Wisconsin,’ ’here in Florida’)1238
and describe weird weather patterns1239
(’78 degrees in Vermont in February,’1240
’record floods in the Midwest’). Their1241
tone is conversational, regional, and1242
observational, rarely ideological. They1243
might use interjections like ’damn,’1244
’lol,’ or ’it’s crazy right now.’ They1245
often agree or commiserate with others1246
(’same here,’ ’we just had that too,’1247
’yeah it’s scary’). Comments often1248
contain anecdotal or comparative1249
phrasing (’last year it was 20 and now1250
it’s 70’). Their goal is to share lived1251
experience, connect with others, and1252
validate observations rather than argue1253
policy. Typical phrases: ’same here in1254
[state],’ ’I can’t believe this1255
weather,’ ’we had floods too,’ ’this is1256
so weird for this time of year.’1257

Ideological / Political Combatant1258
This persona is fiercely partisan,1259
emotionally charged, and motivated by1260
anger or loyalty toward political1261
figures. They frequently condemn1262
political opponents (especially Trump,1263
MAGA, GOP) or rally support for1264
Democrats (’Vote Blue,’ ’Harris 2024’).1265
Their tone is confrontational,1266
moralistic, and full of insults or1267
exclamations (’He’s pathetic!!’, ’These1268
idiots in charge’, ’Wake up!’). They1269
use repetition, capitalization, and1270
emojis (e.g., hearts, 100s) to1271
emphasize points. They often blend1272
outrage with mobilization (’We must1273
vote,’ ’Republicans are delusional’).1274
Common behaviors include replying to1275
misinformation with political blame,1276
tagging allies, and expressing outrage1277

about government inaction. Goals: 1278
defend their political side, vent 1279
frustration, and rally others to act. 1280
Typical phrases: ’Vote blue across the 1281
board,’ ’These people are so blind,’ 1282
’We have to do something,’ ’This man is 1283
a liar,’ ’Wake up America.’ 1284

Systemic / Structural Critic 1285
This persona focuses on systemic issues 1286
such as capitalism, corporate greed, 1287
consumption habits, fossil fuels, and 1288
agriculture. They sound thoughtful but 1289
frustrated, often linking environmental 1290
problems to larger structural causes 1291
(’corporations are destroying the 1292
planet for profit,’ ’capitalism is the 1293
problem,’ ’we need to reduce plastic 1294
and buy less stuff’). Their tone ranges 1295
from earnest to cynical. They often use 1296
moral or practical language (’reuse, 1297
repurpose, buy quality,’ ’the rich keep 1298
getting richer,’ ’fossil fuel 1299
industries caused climate change 1300
knowingly’). They like calling out 1301
hypocrisy (’greenwashing,’ ’profit 1302
motive,’ ’privatized profits, 1303
socialized costs’). They may reference 1304
renewable energy or veganism, and often 1305
frame solutions as lifestyle and 1306
collective change, not individual 1307
denial. Common phrases: ’stop buying 1308
plastic,’ ’corporations dont care,’ ’we 1309
need systemic change,’ ’the planet over 1310
profits,’ ’no more fossil fuel 1311
projects.’ 1312

Pro-Science / Rationalist 1313
This persona champions evidence, 1314
critical thinking, and scientific 1315
literacy. They frequently rebut 1316
misinformation with confident, logical 1317
language (’read the research paper,’ 1318
’peer-reviewed studies show,’ ’you’re 1319
not smarter than scientists’). Tone: 1320
rational, occasionally sarcastic, and 1321
slightly exasperated. They value 1322
education, expertise, and data, often 1323
reminding others to ’trust science’ or 1324
mocking anti-science arrogance. Their 1325
comments are relatively 1326
well-structured, with complete 1327
sentences and punctuation. They may 1328
sound academic or firm, using terms 1329
like ’cognitive dissonance,’ 1330
’confirmation bias,’ or 1331
’peer-reviewed.’ Goal: defend 1332
scientific truth and call out 1333
ignorance. Common phrases: ’you clearly 1334
havent read the study,’ ’this isnt 1335
opinion, its data,’ ’science isnt up 1336
for debate,’ ’knowledge kills their 1337
arguments,’ ’lower your confidence 1338
level a little.’ 1339

Doomist / Nihilist Environmentalist 1340
This persona expresses despair about 1341
humanity’s future and sees collapse as 1342
inevitable. Tone: emotional, 1343
fatalistic, occasionally poetic or 1344
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philosophical. They believe Earth will1345
survive but humans wont (’the earth1346
will heal, we wont,’ ’were doomed,’1347
’mother nature is done with us’). They1348
use emotive and reflective phrasing1349
(’Im scared for the future,’ ’its1350
already too late,’ ’the planet will be1351
fine without us’). They may still show1352
flashes of empathy or communal sorrow1353
(’were all going to die,’ ’I just want1354
us all to be okay’). Their goal isnt to1355
persuade but to lament and emotionally1356
process the loss. Typical phrases:1357
’were past the point of no return,’1358
’the earth will rid itself of us,’1359
’humans wont survive,’ ’its so sad but1360
true,’ ’were doomed.’1361

Conspiratorial / Anti-Climate This1362
persona is skeptical of mainstream1363
climate science and frequently frames1364
climate change as exaggerated,1365
fabricated, or caused by hidden1366
manipulation. They may claim climate1367
change is a hoax, a scam, or just1368
natural cycles, and often shift1369
explanations toward weather engineering1370
or conspiracies (for example, ’HAARP,’1371
’geoengineering,’ ’chemtrails,’ ’cloud1372
seeding,’ or ’they control the1373
weather’). Their tone is dismissive,1374
combative, and confident, often using1375
insults or ridicule (’wake up,’1376
’brainwashed,’ ’you people are dense’).1377
They may mix partial1378
scientific-sounding terms with1379
conspiratorial logic (for example,1380
’thermal expansion’ alongside ’sky1381
spraying’). Their goal is to reject1382
institutional narratives, challenge1383
authority, and persuade others that the1384
mainstream explanation is propaganda or1385
control. Typical phrases: ’climate1386
change is a hoax,’ ’its just natural1387
cycles,’ ’they are manipulating the1388
weather,’ ’wake up,’ ’do your1389
research,’ ’follow the money,’ ’they1390
want control.’1391

C.2 Persona-Conditioned Stance Detection1392

Prompt1393

We evaluate whether persona-conditioned LLM1394

agents systematically agree with different types of1395

climate misinformation using the following1396

prompt template. The persona card (Appendix1397

C.1.1) is injected into the {persona} field and the1398

misinformation claim into the {claim} field.1399

Persona:1400
{persona}1401

Task:1402
Would *this persona* agree with,1403
hesitate about, or reject the following1404
claim?1405

Output ONLY one of:1406

- 1_agree 1407
- 0_uncertain 1408
- -1_reject 1409

USER: 1410
Claim: {claim} 1411
Answer: 1412

This constrained output format enables direct 1413

quantitative comparison of persona-specific 1414

agreement patterns across misinformation 1415

categories. 1416

C.3 Misinformation Agreement 1417

The following prompt is used to obtain 1418

independent LLM annotations for assessing 1419

agreement on misinformation labels in comments 1420

without a high-similarity claim match. 1421

You are annotating user-generated 1422
comments for climate change 1423
misinformation. 1424

Each comment must be assigned exactly 1425
one of the following eight mutually 1426
exclusive categories, based on the 1427
primary claim expressed or implied in 1428
the comment. 1429

Categories: 1430

0_not_relevant: No relevant claim 1431
detected or claims that don’t fit other 1432
categories 1433

1_not_happening: Claims denying the 1434
occurrence of global warming and its 1435
effects (e.g., melting ice, extreme 1436
weather, sea-level rise) 1437

2_not_human: Claims denying human 1438
responsibility for climate change 1439

3_not_bad: Claims minimizing or denying 1440
negative impacts of climate change 1441

4_solutions_harmful_unnecessary: Claims 1442
arguing that climate solutions are 1443
harmful or unnecessary 1444

5_science_is_unreliable: Claims 1445
questioning the validity or reliability 1446
of climate science 1447

6_proponents_biased: Claims attacking 1448
climate scientists or climate action 1449
proponents as biased, alarmist, or 1450
corrupt 1451

7_fossil_fuels_needed: Claims asserting 1452
that fossil fuels are necessary for 1453
economic growth or modern living 1454

Instruction: Assign the single category 1455
that best fits the comment. 1456

Output format: One label from 1457
(0_not_relevant, 1_not_happening, 1458
2_not_human, 3_not_bad, 1459
4_solutions_harmful_unnecessary, 1460
5_science_is_unreliable, 1461
6_proponents_biased, 1462
7_fossil_fuels_needed) 1463

Comment: {comment text} 1464
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