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Abstract
Most toxicity detection models treat toxic-001
ity as an intrinsic property of text, overlook-002
ing the role of context in shaping its impact.003
In this position paper, drawing on insights004
from psychology, neuroscience, and compu-005
tational social science, we reconceptualise toxi-006
city as a socially emergent signal of stress. We007
formalise this perspective in the Contextual008
Stress Framework (CSF), which defines toxi-009
city as a stress-inducing norm violation within010
a given context and introduces an additional di-011
mension for toxicity detection. As one possible012
realisation of CSF, we introduce PONOS (Pro-013
portion Of Negative Observed Sentiments),014
a metric that quantifies toxicity through collec-015
tive social reception rather than lexical features.016
We validate this approach on a novel dataset,017
demonstrating improved contextual sensitivity018
and adaptability when used alongside existing019
models.020

1 Introduction021

Warning: This paper contains examples of lan-022

guage that may be perceived as offensive or toxic.023

When asked to define obscenity, Judge Potter024

Stewart famously said: "I know it when I see it". To025

this day, we have not come far beyond this intuition.026

Natural language processing (NLP) has made027

remarkable technical progress in detecting "toxic"028

language. Yet, despite ever-larger models and ris-029

ing benchmark scores, a foundational question re-030

mains unresolved: what exactly is toxicity?031

An influential work by Dixon et al. (2018) de-032

fines toxic speech as "rude, disrespectful, or unrea-033

sonable language likely to make someone leave a034

discussion". However, terms such as "rude" and035

"disrespectful" are inherently subjective, varying036

considerably across cultures, individuals, and situ-037

ational contexts. Crucially, such definitions offer038

no quantitative basis for measurement, leading to039

labelling inconsistencies that undermine model per-040

formance (Garg et al., 2023).041

Despite its vagueness and limitations, this def- 042

inition remains widely used in both research and 043

industry. 044

This ambiguity prevents consistent classification 045

even for seemingly simple phrases - for instance, 046

"I don’t like you". Some may interpret it as toxic, 047

while others may not. Asking annotators with dif- 048

fering perspectives to label toxicity therefore leads 049

to disagreement, introducing noise that undermines 050

model accuracy (Liu et al., 2021; Goyal et al., 2022; 051

Sap et al., 2021). 052

At the level of academia as a whole, the lack 053

of a standardised definition has led researchers to 054

employ different terms for similar phenomena (Vid- 055

gen, 2019), assigning labels such as "toxic", "hate- 056

ful", "offensive", or "abusive" to effectively the 057

same data (Fortuna, 2020; Madukwe et al., 2020). 058

In this paper, we use toxic speech as an umbrella 059

term. 060

Another major issue in toxicity detection re- 061

search is the field’s overreliance on benchmark- 062

driven evaluation. Improvements in benchmark 063

scores are frequently treated as evidence of real- 064

world progress, despite the absence of ground-truth 065

metrics linking these scores to reductions in social 066

harm, such as exclusion, stress, or violence. 067

Most toxicity detection systems implicitly as- 068

sume that toxicity is an intrinsic property of lan- 069

guage - something that can be detected from sur- 070

face features, isolated utterances, or predefined key- 071

word lists. This assumption neglects the crucial 072

role of context. Without context, toxicity detection 073

systems are prone to racial, sexual, political, reli- 074

gious, and geographical biases (Garg et al., 2023; 075

Sap et al., 2019). These systems often degrade into 076

simple profanity filters (Chen, 2022), lacking the 077

nuance necessary for real-world use (Xenos et al., 078

2021; Pavlopoulos et al., 2020; Menini et al., 2021) 079

and becoming susceptible to numerous adversarial 080

attacks (Berezin et al., 2025, 2024, 2023). 081
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1.1 Our Contribution: A New Frame, A082

Measurable Signal083

To address this, we argue for a shift in emphasis:084

from viewing toxicity as purely intrinsic to the text085

towards modelling it as an emergent signal of per-086

ceived social stress.087

Drawing on interdisciplinary insights, we intro-088

duce the Contextual Stress Framework (CSF),089

which frames toxicity as a stress-inducing norm090

violation within a given context. CSF adds an091

additional dimension to existing text-intrinsic ap-092

proaches by capturing how toxicity is perceived093

and socially received.094

Within CSF, we introduce PONOS (Proportion095

Of Negative Observed Sentiments) as one possible096

realisation of the framework: a metric that quanti-097

fies toxicity via the collective emotional reception098

a message provokes. Rather than determining what099

a message intrinsically is, PONOS captures how it100

is received in context.101

2 Related Work and Limitations of102

Existing Definitions103

Contemporary research demonstrates that words104

can inflict measurable psychological and physio-105

logical harm (Struiksma et al., 2022b; Sapolsky,106

2004).107

Toxic communication has been linked to in-108

creased anxiety, chronic stress, radicalisation, and,109

at its extreme, self-harm and suicide (van Geel110

et al., 2014; Kiritchenko et al., 2021; Cervone et al.,111

2021). At the societal level, hate speech exacer-112

bates discrimination, fosters violence, and erodes113

the conditions for open public discourse (Vidgen114

and Derczynski, 2021).115

Despite the urgency of addressing these harms,116

the field lacks a coherent operational definition of117

toxicity. Definitions across academic, legal, and118

industrial contexts remain fragmented, often vague,119

inconsistent, and mutually incompatible (Mnassri120

et al., 2024).121

In an effort to systematise existing approaches,122

Herz and Molnár (2012) categorise definitions of123

harmful speech along four dimensions:124

1. Harm-based: speech that causes psychologi-125

cal or social harm;126

2. Content-based: speech conveying hateful127

ideas;128

3. Lexical-based: speech characterised by the129

use of derogatory words;130

4. Dignity-based: speech undermining the in- 131

herent dignity of target groups. 132

Each category, however, exhibits critical limita- 133

tions. 134

Harm-based definitions rely on an inherently 135

underspecified notion of harm, encompassing both 136

genuinely toxic speech and socially necessary but 137

distressing acts (e.g. delivering bad news). 138

Content-based definitions risk overreach, po- 139

tentially classifying legitimate political disagree- 140

ment or critique as hate speech (Parekh, 2012; Hare 141

and Weinstein, 2009; Anderson and Barnes, 2023). 142

Lexical-based approaches overlook toxic mes- 143

sages expressed through ostensibly neutral lan- 144

guage (e.g. "Women, back to the kitchen!"). 145

Dignity-based models risk conflating legitimate 146

criticism with toxicity, thereby suppressing vital so- 147

cial and political discourse (Anderson and Barnes, 148

2023). 149

Subsequent work by Khurana et al. (2022) iden- 150

tifies five critical dimensions: target group, domi- 151

nance, perpetrator identity, type of negative refer- 152

ence, and type of consequences. Yet, it finds no 153

universal definition applicable across datasets or 154

social contexts. Even broader formulations, such 155

as Fiser et al.’s notion of "socially unacceptable 156

discourse" (Fišer et al., 2017), fail to resolve the 157

underlying contextual instability. 158

As Brown (2017) observes, harmful speech is 159

not merely contested but systematically ambiguous, 160

acquiring different meanings depending on the cul- 161

tural, political, and historical frames in which it is 162

situated. 163

3 An Interdisciplinary Basis for CSF 164

Across psychology, neuroscience, and sociolinguis- 165

tics, verbal harm is understood as fundamentally 166

context-dependent: the same utterance can be harm- 167

less or harmful depending on who interprets it, 168

under what expectations, and within which nor- 169

mative setting. A common thread is an appraisal 170

process: communicative acts are evaluated rela- 171

tive to local moral and interactional norms, and 172

when an act is perceived as threatening, disrespect- 173

ful, or boundary-violating, it can trigger affective 174

responses and stress-related dysregulation in recip- 175

ients and bystanders (Lazarus, 1991; Eisenberger 176

et al., 2003; Lieberman and Eisenberger, 2009). 177

At the individual level, research on stress and 178

emotion emphasises that harmful impact depends 179

on interpretation rather than surface form alone. 180
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Predictive and context-sensitive accounts of cogni-181

tion model perception as expectation-driven; viola-182

tions of anticipated social or emotional states can183

elicit stress responses even when intent is ambigu-184

ous (Friston, 2010; Barrett and Simmons, 2015;185

Kleckner et al., 2017). This link between social186

threat and physiological regulation is reflected in187

established correlates such as heart-rate variability188

(Shaffer et al., 2014).189

At the interactional level, harm is jointly con-190

structed and becomes legible through sequences191

of action and reaction: norms are maintained and192

renegotiated through observable responses such as193

condemnation, withdrawal, or escalation. Work on194

norm enforcement shows that deviance is regulated195

through collective emotional and behavioural re-196

actions (Bicchieri, 2005; Cialdini et al., 1991; van197

Kleef and Fischer, 2015).198

At the cultural level, communities differ in199

how they sanction profanity, sarcasm, reclaimed200

slurs, or in-group teasing; what appears "toxic"201

out of context may be benign in-group signalling,202

and vice versa. Pragmatic accounts emphasise203

that meaning is inferred from shared background204

and interactional framing rather than encoded in205

words alone (Clark, 1996; Sperber and Wilson,206

1986/1995). Politeness and impoliteness research207

likewise treat offence as an emergent property of208

interaction (Brown and Levinson, 1987; Culpeper,209

1996), while language ideology work highlights210

how judgements of "toxic" versus "neutral" lan-211

guage are shaped by power and dominant cultural212

narratives (Woolard and Schieffelin, 1994; Irvine,213

2001). Finally, meaning and offensiveness shift214

across time and across languages, undermining215

any fixed universal standard (Traugott and Dasher,216

2001; Dewaele, 2004).217

Taken together, these literatures motivate CSF’s218

core composition: toxicity arises when an utterance219

is perceived to violate local norms and this percep-220

tion induces stress or disruption in an audience221

(additional discussion in Appendix A).222

4 Definition of Toxicity223

Building on the interdisciplinary insights outlined224

above, we model verbal harm as comprising two225

components: (i) a perceived violation of social226

or moral norms in a given interactional context;227

and (ii) an ensuing stress response in those who228

interpret the act.229

Consider a speaker who writes a profane, inten-230

tionally offensive message in Chinese to a recipient 231

who does not speak the language. Although the 232

intent is hostile and the string contains profanity, 233

no harm is experienced if the recipient cannot in- 234

terpret it. There is no perceived norm violation, 235

no affective response, and no stress. Under our 236

framework, such a message registers as low in tox- 237

icity in this interaction - not because it is morally 238

defensible, but because it fails to produce a mea- 239

surable signal of harm in the audience that actually 240

receives it. The same message would become toxic 241

if it reached an informed audience. 242

Conversely, imagine a speaker makes a flirtatious 243

joke believing it to be benign or even complimen- 244

tary. If the recipient experiences it as inappropriate 245

or violating - due to context, power dynamics, or 246

personal boundaries, stress and social disruption 247

may occur. In many professional and legal con- 248

texts, this is recognised as harm: offence is taken, 249

not given. Under our model, such an interaction 250

can be toxic even in the absence of harmful intent. 251

These examples motivate a crucial point: toxicity 252

is defined not by intent or language alone, but by 253

its reception - by the stress it induces and the norms 254

it is perceived to violate. 255

Based on this synthesis, we propose: 256

Definition 1. Toxicity — the characteristic of caus- 257

ing stress via a perceived contradiction of accepted 258

morality and norms of interaction, within the con- 259

text in which it is interpreted. 260

Consequently: 261

Definition 2. Toxic speech — speech that induces 262

stress via a perceived contradiction of accepted 263

morality and norms of communication, within the 264

context in which it is interpreted. 265

These definitions deliberately foreground context, 266

perception, and reception. We distinguish between 267

toxicity and toxic speech to account for the broader 268

scope of harmful communicative acts, including 269

visual, multimodal, or behavioural signals that may 270

not be strictly linguistic. 271

Operational implication (two-axis view). The 272

two components of the definition above yield two 273

complementary measurement routes. Text-only 274

toxicity detectors (e.g. moderation models trained 275

on annotator judgements) primarily operationalise 276

perceived norm violation from the content itself 277

under assumed or averaged contexts. In contrast, 278

reception-based signals operationalise experienced 279

stress as it manifests in interaction (e.g. in replies), 280
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capturing context that is not present in the mes-281

sage text alone. Our framework therefore treats282

intrinsic scores and reception signals as distinct283

axes rather than interchangeable "toxicity scores":284

an utterance may be norm-violating without elicit-285

ing strong negative reception (high violation, low286

stress), or elicit negative reception without being287

flagged by text-only detectors (low violation, high288

stress).289

While our framework treats stress as a measur-290

able proxy for harm, we do not claim that all stress-291

inducing communication is inherently toxic. Deliv-292

ering bad news or asserting uncomfortable truths293

may elicit stress without violating social or moral294

norms. Toxicity, as defined here, arises from the295

intersection of perceived norm violation and stress296

response, not from stress in isolation. This distinc-297

tion is crucial to avoid conflating necessary discom-298

fort with communicative harm.299

This reconceptualisation challenges the assump-300

tion that toxicity can be located in isolated words301

or surface features. Instead, it positions toxicity as302

a socially emergent signal - a disruption of shared303

expectations that manifests as emotional or rela-304

tional stress. Any detection system intended to305

mitigate real-world harm must therefore adopt an306

interactional, context-sensitive perspective.307

We do not deny the relevance of speaker intent,308

but argue that intent alone is insufficient and should309

instead be treated as one component of context.310

Here, context refers to the full set of conditions311

under which a communicative act is interpreted,312

including linguistic, situational, cognitive, cultural,313

and relational dimensions. A more detailed dis-314

cussion of contextual factors is provided in Ap-315

pendix B.316

4.1 Towards Measurement: Stress as a317

Measurable Signal318

If toxicity detection aims to mitigate harm, then319

the relevant notion of harm must be grounded in320

a signal that is (i) theoretically motivated and (ii)321

measurable at scale. Across disciplines, stress pro-322

vides such an anchor: it refers to a family of physi-323

ological and behavioural responses that arise when324

an individual appraises a situation as threatening,325

boundary-violating, or socially unsafe. This makes326

stress a principled correlate of communicative harm327

in cases where harm is symbolic, ambiguous, or328

socially mediated.329

Unlike global labels such as "offensive" or330

"rude", stress has a well-characterised biological331

basis and a long measurement tradition in psy- 332

chology and neuroscience (McEwen, 1998; Thayer 333

et al., 2012). 334

Stress can be estimated through multiple classes 335

of indicators, each trading off fidelity against scal- 336

ability. Direct physiological measures (e.g. cor- 337

tisol levels) are biologically faithful but require 338

invasive sampling and are impractical outside con- 339

trolled settings. Non-invasive biosignals such as 340

heart-rate variability, galvanic skin response, res- 341

piration, pupil dilation, and facial or vocal affect 342

provide scalable approximations and correlate with 343

social-threat responses (Sharma and Gedeon, 2012; 344

Giannakakis et al., 2019), but still depend on spe- 345

cialised hardware and stable observation condi- 346

tions. 347

For NLP systems deployed in online environ- 348

ments, the most practical evidence is therefore be- 349

havioural: stress and disruption often surface in 350

interaction through reaction patterns, shifts in tone, 351

escalation, withdrawal, or affective language in 352

replies. Prior work shows that collective response 353

dynamics can serve as indirect indicators of per- 354

ceived norm violation and emotional disruption 355

in online discussion (Jafari et al., 2023; Aleksan- 356

dric et al., 2024). Importantly, behavioural proxies 357

do not measure internal physiology directly; they 358

capture how social tension manifests publicly in 359

interaction - precisely the level at which toxicity 360

becomes consequential for communities and mod- 361

eration decisions. 362

5 PONOS: A Metric for Reception-Based 363

Toxicity 364

Building on the stress-based account of toxicity 365

developed above, we now introduce a concrete met- 366

ric for capturing reception-based toxicity: how a 367

communicative act is received by its audience in 368

context. 369

Our definition implies a causal pathway: a post 370

is toxic when it is perceived to contradict local 371

moral or interactional norms, and this perceived 372

violation induces a stress response in the audience. 373

In online interaction, stress and social disruption 374

often surface as expressions of disapproval, out- 375

rage, distress, or condemnation in replies. Accept- 376

ing that toxicity is reflected in the stress it evokes, 377

we treat patterns of community response as a proxy 378

signal for reception-based toxicity: when a post 379

elicits a disproportionate share of negative reac- 380

tions, this provides evidence that it violated local 381
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norms and induced tension in its audience.382

To formalise this intuition, we introduce383

PONOS (Proportion Of Negative Observed384

Sentiment; from Greek πόνος, "pain") as one in-385

stantiation of the Contextual Stress Framework.386

PONOS quantifies toxicity not through lexical con-387

tent or opaque model scores, but through the emo-388

tional reception of a message within a specific com-389

munity and context.390

5.1 Defining PONOS391

Let a post x receive a set of replies R(x) =392

{r1, r2, . . . , rn}. Each reply ri ∈ R(x) is assigned393

a sentiment label s(ri) ∈ {−1, 0,+1}, where −1394

denotes negative sentiment, 0 neutral sentiment,395

and +1 positive sentiment.396

We define PONOS as the proportion of negative397

replies:398

PONOS(x) =
1

|R(x)|
∑

ri∈R(x)

I[s(ri) = −1], (1)399

where I[·] denotes the indicator function.400

Intuitively, PONOS(x) estimates the share of ob-401

served replies that express negative affect. Higher402

values indicate stronger collective expressions of403

disapproval or distress, consistent with reception-404

based harm in context.405

PONOS is (i) interpretable as a proportion of406

negative replies, (ii) context-sensitive via local au-407

dience norms, and (iii) statistically grounded and408

comparable, as an estimate of a negative-reception409

rate whose uncertainty decreases with |R(x)| (Guo410

et al., 2017).411

PONOS is a flexible framework that admits mul-412

tiple extensions to better reflect community dy-413

namics, reply timing, and user context. In Ap-414

pendix C we describe its variants, such as PONOS-415

Net, PONOS-Weighted, and PONOS-Early.416

6 Empirical Evaluation417

This section provides empirical support for CSF:418

toxicity is not a fixed property of text in isolation,419

but a contextual social signal that is realised in420

interaction. Our definition decomposes toxicity421

into two components: (i) perceived norm viola-422

tion (contradiction of accepted morality and norms423

of interaction) and (ii) the stress or disruption this424

perceived violation induces in an audience. Accord-425

ingly, we evaluate PONOS as a reception-based426

measure of the second component (stress or dis-427

ruption manifested behaviourally), and we treat428

widely used text-only toxicity instruments as ref- 429

erence measures that primarily operationalise the 430

first component (perceived norm violation) under 431

assumed or averaged contexts. 432

We therefore design the evaluation as validity 433

evidence for a reception-based axis, rather than 434

as a leaderboard. Concretely, we test (i) whether 435

the reception signal can be instantiated reliably in- 436

domain, (ii) whether it is estimable without access 437

to future replies, and (iii) whether it provides in- 438

formation that is distinct from intrinsic (text-only) 439

instruments. We operationalise these three goals as 440

the following evaluation questions: 441

• Q1 (Operationalisation / instrument se- 442

lection): Which sentiment model yields an 443

in-domain sentiment function s(·) that best 444

matches human judgements of reply sentiment 445

in this community? 446

• Q2 (Estimability at inference time): Can 447

measured PONOS be predicted from the 448

post text alone, and does explicitly modelling 449

likely reactions improve estimation? 450

• Q3 (Construct divergence / complementar- 451

ity): How does reception-based measurement 452

(PONOS) relate to intrinsic-toxicity instru- 453

ments (text-only toxicity detectors)? Where 454

do they agree, and where do they systemati- 455

cally diverge? Does PONOS provide a com- 456

plementary axis aligned with CSF, or is it re- 457

ducible to existing intrinsic scores? 458

6.1 Dataset Creation 459

We curate a dataset from the Reddit commu- 460

nity r/BlackPeopleTwitter. We choose this com- 461

munity for two reasons: (i) its scale (5.8M 462

members) and (ii) explicit encouragement of 463

African-American Vernacular English (AAVE) and 464

community-specific slang use. This setting is use- 465

ful for studying context sensitivity, since dialectal 466

and in-group expressions are frequently misinter- 467

preted by generic toxicity systems trained on broad 468

web data, effectively penalising speakers for com- 469

municating in their own dialect. 470

In total, we collected 401,931 posts containing 471

15,922,851 comments. 472

6.1.1 Human Annotation for Selecting s(·) 473

To instantiate the sentiment function s(·) in Eq. 1, 474

we construct a small, high-quality labelled set of 475
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posts and replies, since replies constitute the recep-476

tion signal from which PONOS is computed.477

We sample 56 user messages, each with at least478

four replies. If a message had too many replies, we479

retained only the top seven by score, resulting in a480

total of 273 replies.481

Annotators and quality control. We recruit 11482

annotators via Prolific platform, all self-identifying483

as Black/African American U.S. nationals and reg-484

ular internet users (7 men, 4 women; ages 21–60).485

We include attention checks and examine consis-486

tency. Four annotators show strong engagement487

and reliable performance; we retain their annota-488

tions for analysis.489

Agreement and aggregation. Inter-annotator490

agreement is Fleiss’ κ = 0.48 with 67.8% pairwise491

agreement, consistent with moderate agreement492

for subjective judgement tasks. Final labels are493

obtained by majority vote; in rare 2-2 ties, an addi-494

tional label is provided by a researcher following495

the same guidelines.496

6.2 Experimental Setup497

All experiments were run on NVIDIA H100 GPUs,498

totalling 883 compute hours. Model training and499

evaluation were performed using the February 2025500

release of the unsloth library (unslothai, 2025).501

Metrics were computed using scikit-learn v1.5.0502

(Pedregosa et al., 2011).503

Context provided to models. For reply senti-504

ment classification, we provide as much conversa-505

tional context as feasible: the original comment,506

the reply text, the title of the post, and (when ap-507

plicable) the set of replies under classification. We508

found that providing this context improved model’s509

performance. Prompts used with LLMs are pro-510

vided in Appendix E.511

6.3 Step 1 (Q1): In-Domain Instrument512

Selection for s(·)513

We evaluate multiple candidate sentiment models514

on the labelled reply set in order to select s(·) for515

Eq. 1. This step is best viewed as instrument se-516

lection: we choose the model that most reliably517

reproduces in-domain human judgements of neg-518

ative reception, rather than optimising for generic519

sentiment benchmarks.520

Table 1 reports performance for detecting the521

negative sentiment class on our labelled data.522

Model Prec. Rec. F1
RoBERTa (2023) 0.63 0.22 0.32
ModernBERT (2024) 0.71 0.21 0.32
Twitter-RoBERTa (2020) 0.58 0.64 0.61
GPT-4o (2024a) 0.67 0.82 0.74
LLaMA 3 70B 0.81 0.70 0.75
Qwen 3 70B 0.76 0.80 0.78

Table 1: Precision, recall, and F1 scores for the negative
sentiment class across candidate models on our labelled
reply set.

Qwen 3 (Yang et al., 2025) achieved the 523

strongest overall performance and is used as s(·) in 524

all subsequent experiments. During error analysis, 525

we found that most misclassifications occur in ex- 526

amples with low inter-annotator agreement. These 527

instances often involved ambiguous language that 528

led both assessors and models to varied interpreta- 529

tions. 530

6.4 Step 2 (Q2): Estimating PONOS from 531

Post Text 532

With s(·) fixed, we compute PONOS from ob- 533

served replies and then ask whether it can be ac- 534

curately predicted at inference time (i.e. before 535

replies are available). 536

Approach A: Direct PONOS Estimation We 537

train regression models to predict the measured 538

PONOS value from the post text alone. This esti- 539

mates reception without explicit reaction modelling 540

and serves as a lightweight baseline suitable for 541

low-latency settings. 542

Approach B: PONOS via Modelled Reactions 543

We also evaluate a reaction-modelling pipeline: a 544

language model generates plausible replies to a 545

post, and we apply s(·) to these generated replies to 546

estimate PONOS. This directly instantiates CSF’s 547

hypothesis that toxicity is reflected in likely com- 548

munity responses. 549

To separate the contributions of domain adapta- 550

tion and reaction modelling, we evaluate two vari- 551

ants using LLaMA 3 70B (Llama Team, 2024): 552

(i) reply prediction (RP) with PONOS inference 553

via s(·), and (ii) domain-tuned reply prediction 554

(DTRP). 555

6.4.1 Domain-Specific Pretraining Details 556

For DTRP, we pretrained LLaMA 3 70B on r/Black- 557

PeopleTwitter data to better capture community 558

style and norms. We used the unsloth framework 559
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to load and fine-tune the base model in 4-bit pre-560

cision. The model was adapted using LoRA with561

rank 64 for efficient parameter updates. Gradient562

checkpointing and rslora were employed to fur-563

ther reduce memory overhead. All training and564

inference were conducted using bfloat16 precision565

and FlashAttention 2 to maximize memory effi-566

ciency.567

Each training example consists of a Reddit com-568

ment and a prompt requesting five likely replies in569

the tone and style of r/BlackPeopleTwitter, sepa-570

rated by <|reply|>. The prompt template appears571

in Appendix E.572

6.4.2 Step 3 (Q3): Comparing PONOS to573

Text-only Toxicity Scorers574

We characterise how PONOS reception-based sig-575

nal relates to intrinsic-toxicity instruments. To576

study divergence, we include intrinsic toxicity sys-577

tems as reference instruments: the OpenAI Mod-578

eration API (omni-moderation-latest) (2024b)579

and the Google Perspective API (2024).580

These systems estimate toxicity as a property of581

text and are therefore aligned with the perceived582

norm-violation component of our definition. In583

contrast, PONOS measures the reception or stress-584

disruption component via replies. We therefore585

focus on the relationship between these signals and586

on systematic regions of disagreement.587

6.5 Results: Estimability and Construct588

Divergence589

Estimating continuous PONOS. Table 2 re-590

ports mean squared error (MSE) and mean absolute591

error (MAE) for continuous PONOS estimation.592

Two patterns emerge. First, strong text-only esti-593

mators (e.g. fine-tuned SentenceBERT) achieve594

competitive error, suggesting that some correlates595

of reception are recoverable from post text alone.596

Second, reaction modelling benefits substantially597

from domain adaptation: reply prediction without598

adaptation (RP) yields high error, while the domain-599

tuned reply prediction (DTRP) model attains the600

lowest error (MSE 0.042; MAE 0.152).601

Together, these results support the claim that ap-602

proximating community response can improve re-603

ception prediction when the generator is calibrated604

to community norms.605

Construct relationship analysis: PONOS vs.606

intrinsic instruments. We quantify the associ-607

ation between reception-based measurement and608

Model MSE MAE
Direct Prediction
TF–IDF + Ridge 0.046 0.173
SentenceBERT FT 0.043 0.166
Reply Prediction
LLaMA 3 8B RP 0.278 0.402
LLaMA 3 70B RP 0.138 0.304
GPT-4o RP 0.214 0.308
LLaMA 3 70B DTRP 0.042 0.152

Table 2: Mean squared error (MSE) and mean absolute
error (MAE) for PONOS prediction. FT = fine-tuned
model.

intrinsic-toxicity scoring using large-scale compar- 609

isons (n = 88,717) between measured PONOS 610

and two widely deployed toxicity detection in- 611

struments: the OpenAI Moderation API and the 612

Google Perspective API. For OpenAI, we sum- 613

marise each post by the maximum category score 614

("max moderation score") and additionally report 615

correlations for individual categories. For the Per- 616

spective API, we use the continuous toxicity score.1 617

Both instruments show positive but modest asso- 618

ciation with reception. For OpenAI, PONOS cor- 619

relates with the max moderation score at ρ = 0.203 620

(95% CI [0.197, 0.210]) and r = 0.195 (95% CI 621

[0.189, 0.201]); among categories, harassment 622

shows the strongest monotonic association (ρ = 623

0.207). For the Perspective toxicity score, the as- 624

sociation is ρ = 0.176 (95% CI [0.170, 0.183]) 625

and r = 0.173 (95% CI [0.167, 0.179]). Together, 626

these results support the construct claim: intrinsic- 627

toxicity scoring and reception-based PONOS are 628

related but non-equivalent signals. 629

Finally, to test whether these patterns depend 630

on a particular instrument, we measure inter-tool 631

agreement. OpenAI max moderation score and 632

Perspective toxicity correlate strongly (ρ = 0.866, 633

95% CI [0.864, 0.868]), indicating that intrinsic 634

instruments form a coherent axis that is weakly 635

aligned with the reception-based PONOS axis. 636

Quadrant breakdown. We discretise both axes 637

into high versus low using quantile thresholds 638

and count posts in each quadrant. Using top- 639

25% thresholds on PONOS and max modera- 640

tion score (Figure 1), we find that off-diagonal 641

disagreement is substantial. For the OpenAI 642

1In all cases, we report Spearman’s ρ (monotonic associa-
tion) and Pearson’s r (linear association), with 95% confidence
intervals via Fisher’s z approximation.
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Figure 1: Two-axis view of intrinsic toxicity (OpenAI
max moderation score; x-axis) versus reception-based
toxicity (PONOS; y-axis). Each quadrant reports preva-
lence (count and percentage; n = 88,717) and includes
illustrative masked snippets.

max moderation score, 14,513 posts (16.4%) are643

high-PONOS/low-moderation and 14,158 (16.0%)644

are low-PONOS/high-moderation (32.3% off-645

diagonal total). The Perspective API shows the646

same pattern: 15,174 posts (17.1%) are high-647

PONOS/low-intrinsic and 14,887 (16.8%) are low-648

PONOS/high-intrinsic (33.9% off-diagonal).649

This supports the view that reception and intrin-650

sic toxicity are related but non-equivalent axes.651

To interpret the disagreement regions, we anal-652

yse two extreme divergence sets constructed from653

posts where reception and intrinsic instruments dis-654

agree most strongly. We emphasise that these are655

not universal "model failures"; rather, they are di-656

agnostic cases that make construct mismatch con-657

crete.658

Reception-high / instrument-low: missed norm659

violations. These posts elicit consistently hostile,660

aggressive, or sarcastic replies (maximal negative661

reception) yet receive low intrinsic scores. On av-662

erage, the OpenAI max moderation score is 0.090663

and the Perspective API toxicity score is 0.155.664

These cases often involve sarcasm, pragmatic665

antagonism, or contextually coded norm violations666

that are legible to the community but lack strong667

lexical markers.668

Reception-low / instrument-high: overflagging669

benign dialect and in-group language. Con-670

versely, these posts receive no negative reception 671

but are flagged as highly toxic by intrinsic scorers. 672

The OpenAI max moderation score averages 0.757 673

and the Perspective API toxicity score averages 674

0.674. 675

The content is dominated by dialectal expres- 676

sions, humour, and identity-referential language 677

that is benign in-community but resembles out- 678

group toxic markers in generic training data. 679

Takeaway. Across both extremes, divergence is 680

systematic: lexically "clean" antagonism can pro- 681

voke strong negative reception while remaining 682

low-scoring intrinsically, whereas culturally situ- 683

ated profanity and in-group language can be in- 684

trinsically flagged while eliciting no negative re- 685

ception. This provides concrete validity evidence 686

for CSF’s two-axis view: reception-based measure- 687

ment is complementary to intrinsic toxicity, and 688

helps avoid both missed harms and false alarms in 689

dialect- and context-rich communities. 690

7 Conclusion 691

We reframed toxicity as a contextual, interactional 692

phenomenon that arises when a communicative 693

act is perceived to violate local norms and thereby 694

induces stress or disruption in its audience. 695

We proposed the Contextual Stress Framework 696

(CSF) and operationalised a reception-based signal, 697

PONOS, as the proportion of negative reactions 698

to an utterance. Empirically, we provided valid- 699

ity evidence for this reception axis: we selected 700

an in-domain sentiment instrument for s(·), we 701

showed that PONOS is estimable at inference time 702

(with domain-tuned reaction modelling perform- 703

ing best), and demonstrated systematic construct 704

divergence from intrinsic toxicity instruments. In 705

particular, large and interpretable off-diagonal re- 706

gions show that reception-based measurement is 707

complementary to intrinsic toxicity, and can help 708

avoid both missed harms and false alarms in dialect- 709

and context-rich communities. 710

Taken together, these findings support CSF’s cen- 711

tral claim: intrinsic-toxicity scores and reception- 712

based measurement are related but non-equivalent. 713

They form complementary axes for analysing harm 714

in context. 715

Future work can extend this approach by devel- 716

oping richer reception signals beyond reply polar- 717

ity, validating CSF across platforms and cultures, 718

incorporating multimodal context, and studying 719

interventions that use both axes to mitigate harm. 720
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8 Limitations721

We acknowledge several important limitations of722

our work:723

• PONOS is not a universal or intrinsic mea-724

sure of toxicity. It is a context-dependent,725

reception-driven proxy for perceived social726

stress. Rather than determining what a mes-727

sage is, PONOS captures how it is received728

by a particular audience in a particular setting.729

• As such, PONOS is best understood as a com-730

plementary signal that augments text-intrinsic731

toxicity models. It is most informative in set-732

tings where audience response is observable733

and sufficiently large. In Appendix C, we de-734

scribe extensions such as PONOS-Weighted,735

PONOS-Net, and PONOS-Early, which ac-736

count for user influence, network structure,737

and early-stage reception.738

• Stress is not synonymous with toxicity. Not739

all norm violations are harmful (e.g. satire,740

protest), and not all harm produces measur-741

able stress. Our metric captures perceived dis-742

ruption, not ethical correctness. It defines tox-743

icity at the intersection of norm violation and744

stress response—not stress alone—to avoid745

conflating necessary discomfort with commu-746

nicative harm; however, this separation may747

not always be obvious.748

• Sentiment classification is an imperfect749

proxy. PONOS relies on sentiment classifiers750

that are known to carry cultural, demographic,751

and linguistic biases. Their subjectivity intro-752

duces noise, especially in edge cases such as753

sarcasm or coded language.754

• Community-level perception ̸= moral truth.755

PONOS reflects what provokes disapproval in756

a particular group, not a universal judgement.757

What is toxic in one community may be nor-758

mative in another. This is a strength—but also759

a limitation.760

• Susceptibility to manipulation. Like all761

crowd-based signals, PONOS can be gamed762

through brigading, reply injection, or sockpup-763

petry. Mitigating these risks may require ex-764

tensions such as reply weighting (e.g. verified765

users, community trust scores, vulnerability-766

aware weighting) or time-window filters.767

• Blind spots. PONOS cannot capture silent 768

harm—for example, when content is ignored, 769

downvoted, or drives users away without leav- 770

ing replies. It may miss damage caused by 771

exclusion or indirect effects. 772

• Not a moral compass. PONOS is not a 773

substitute for ethical judgement. It models 774

perception, not morality, and should be used 775

alongside normative frameworks rather than 776

in place of them. 777

9 Ethical Considerations 778

Any metric used in content moderation, filter- 779

ing, or prioritisation carries normative weight. 780

While we position CSF and PONOS as descrip- 781

tive tools—reflecting community reactions rather 782

than imposing moral standards—we recognise their 783

potential for misuse or overreach. 784

Moderation decisions based solely on PONOS 785

scores risk reinforcing existing biases or silencing 786

dissent. High PONOS values should not automati- 787

cally lead to suppression; rather, they should signal 788

the need for human oversight, contextual analysis, 789

and, where appropriate, dialogic intervention. 790

We explicitly do not claim that CSF and PONOS 791

reflect objective truth. They reflect perceived so- 792

cial friction—a volatile signal that can be shaped 793

by group norms, visibility effects, and adversarial 794

influence. 795

Instead, we call for responsible deployment: 796

• Use CSF and PONOS transparently and ex- 797

plainably. 798

• Pair them with community input, human re- 799

view, and ethical guidance. 800

• Monitor for drift, manipulation, and misalign- 801

ment with social values. 802

• Consider their use not only for suppression, 803

but also for norm diagnosis, echo-chamber 804

detection, and tracking semantic change. 805

Ultimately, we advocate for a shift in perspective: 806

from minimising toxicity to mapping social tension. 807

This enables more pluralistic, adaptive, and hu- 808

mane approaches to language technology—aligned 809

not with abstract ideals, but with the lived experi- 810

ence of language in context. 811

9



9.1 Data Collection Ethical Considerations812

We complied with Reddit’s terms of service and813

did not collect sensitive personal information. Par-814

ticipants were informed about the task and that815

the data would be used for research. Annotators816

were compensated at $12/hour in accordance with817

Prolific’s recommended payment guidelines. Full818

instructions are provided in Appendix D.819
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A Detailed Basis for CSF1135

To move beyond the limitations of current toxicity1136

detection approaches, we synthesise insights from1137

multiple disciplines to develop a framework for1138

understanding verbal harm.1139

A.1 Personal level1140

The experience of verbal harm is fundamentally af-1141

fective, rooted in how individuals perceive threats1142

to personal and social stability. Research in psy-1143

chology and neuroscience consistently shows that1144

such harm does not arise from the intrinsic proper-1145

ties of language alone, but from context-dependent1146

appraisals, emotional expectations, and violations1147

of predictive frameworks.1148

In psychology, appraisal theory (Lazarus, 1991)1149

posits that emotional and stress responses arise1150

when individuals evaluate events as threatening to1151

their goals, values, or social standing. From this1152

perspective, communication becomes harmful not1153

solely because of its content, but because it is per-1154

ceived as violating significant personal concerns.1155

Research on social pain further demonstrates1156

that symbolic threats can activate biological stress1157

systems in much the same way as physical injury1158

(Eisenberger et al., 2003; Lieberman and Eisen-1159

berger, 2009).1160

Neuroscientific findings indicate that the brain1161

processes language in an anticipatory, predictive,1162

and context-sensitive manner. Predictive coding1163

models (Friston, 2010; Kleckner et al., 2017; Bar-1164

rett and Simmons, 2015) suggest that the brain con-1165

tinuously generates expectations about emotional1166

and social states. When communication violates1167

these expectations, it triggers a stress response.1168

Physiological indicators of stress, such as heart1169

rate variability, are influenced by exposure to social1170

threat (Shaffer et al., 2014). Event-related potential1171

studies (Ding et al., 2016; Liang et al., 2018) show1172

that negative emotional language disrupts neural1173

integration, while chronic exposure to social stres-1174

sors is associated with pro-inflammatory genetic1175

activity (Slavich and Cole, 2013).1176

Together, this body of research demonstrates that1177

responses to harmful or toxic speech are not merely1178

psychological but also physiological. 1179

A.2 Group level 1180

Beyond direct victimisation, witnessing harm in- 1181

flicted on others can also elicit stress responses, 1182

signalling potential threats within the social envi- 1183

ronment (Struiksma et al., 2022a). 1184

Sociology and social psychology demonstrate 1185

that responses to verbal behaviour are governed by 1186

group norms, emotional expectations, and mech- 1187

anisms of norm enforcement (Elster, 2007). Re- 1188

search by Bicchieri (2005) and Cialdini et al. (1991) 1189

shows that social norms are maintained through 1190

collective emotional and behavioural reactions to 1191

deviance. Importantly, norm violations are not eval- 1192

uated in isolation, but interpreted through the emo- 1193

tional dynamics of the group, which shape percep- 1194

tions of harm. 1195

The concepts of emotional collectives (van Kleef 1196

and Fischer, 2015) and emotional norm-shaping 1197

processes (van Kleef, 2024; Sarı et al., 2024) fur- 1198

ther emphasise how shared emotional responses re- 1199

inforce or reshape social expectations in real time. 1200

Moral Foundations Theory similarly high- 1201

lights that emotional reactions to norm violations 1202

differ across groups and cultures, leading to diver- 1203

gent judgements about what constitutes harmful or 1204

toxic speech (Graham et al., 2013). 1205

From this perspective, toxicity functions as a so- 1206

cial signal: a disruption in the moral and emotional 1207

fabric of the group. 1208

A.3 Cultural and Linguistic Level 1209

Linguistic and sociolinguistic research demon- 1210

strates that meaning is co-constructed in interaction 1211

and shaped by contextual framing. Harmful speech 1212

cannot be reduced to individual words or expres- 1213

sions divorced from their social use. 1214

Pragmatics (Clark, 1996; Sperber and Wilson, 1215

1986/1995) emphasises that meaning is not fully 1216

encoded in words, but inferred through shared back- 1217

ground knowledge and conversational context. An 1218

identical phrase may be benign in one setting and 1219

deeply offensive in another, depending on tone, 1220

power relations, and prior discourse. 1221

Politeness and impoliteness theory (Brown and 1222

Levinson, 1987; Culpeper, 1996) similarly show 1223

that perceived rudeness, offence, or aggression are 1224

emergent properties of interaction rather than in- 1225

trinsic features of utterances. 1226

Language ideologies (Woolard and Schieffelin, 1227

1994; Irvine, 2001) further demonstrate that judge- 1228
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ments about what counts as "toxic" or "neutral"1229

language are shaped by power relations and domi-1230

nant cultural narratives.1231

Historical linguistics and semantics highlight1232

the instability of meaning across time and context1233

(Allan and Burridge, 2006; Traugott and Dasher,1234

2001). Words such as "nice" (originally meaning1235

"foolish") or "fag" (benign in British English but a1236

slur in American usage) illustrate how emotional1237

and moral associations shift across cultural and his-1238

torical settings, undermining any fixed, universal1239

standard of toxicity.1240

Finally, multilingualism and language varia-1241

tion introduce further complexity. Emotional res-1242

onance and perceived offensiveness vary across1243

languages due to differing socialisation patterns1244

(Dewaele, 2004). What is taboo or offensive in one1245

language may carry no such connotation in another.1246

Taken together, these perspectives argue strongly1247

against treating harmful language as a static or text-1248

intrinsic phenomenon. Toxicity cannot be reliably1249

detected by identifying “bad words” in isolation,1250

but only by modelling how language interacts with1251

contextual, social, and cultural expectations.1252

B Details on Understanding of Context1253

Context structures interpretation. It governs what1254

is considered appropriate, offensive, or harmful1255

within a given setting. To support operational clar-1256

ity, we distinguish four key dimensions:1257

Verbal context refers to the surrounding linguis-1258

tic material — what is said before, after, or along-1259

side the utterance. It determines how meaning is1260

disambiguated, particularly in cases of sarcasm,1261

reappropriation, or coded language.1262

Situational context includes the physical, social,1263

and institutional setting of communication: who1264

is speaking, to whom, in what place, and under1265

what conditions. Normative expectations can vary1266

dramatically between settings — for example, lan-1267

guage deemed acceptable at a music festival may1268

be inappropriate in a courtroom or classroom. This1269

dimension also encompasses digital and symbolic1270

environments such as online platforms, workplace1271

hierarchies, or subcultural spaces.1272

Cognitive context refers to the mental and emo-1273

tional states of the communicative participants —1274

including intentions, assumptions, prior knowledge,1275

and emotional stance. Many speech acts, such as1276

jokes, flirtation, or irony, can only be correctly1277

interpreted when cognitive context is inferred or1278

shared. 1279

Cultural context involves the broader moral 1280

frameworks, communicative conventions, and ide- 1281

ological norms that vary across communities. A 1282

behaviour considered respectful in one culture may 1283

be viewed as inappropriate or even threatening in 1284

another. For example, direct individualistic expres- 1285

sion is normative in many Western contexts, but 1286

may be perceived as disruptive or disrespectful in 1287

collectivist settings. 1288

Given this multidimensional variability, any 1289

model of toxicity detection must be contextually 1290

grounded and culturally adaptive. Static or uni- 1291

versalist rule sets will inevitably misclassify utter- 1292

ances as they fail to consider how meaning emerges 1293

within interaction. 1294

C PONOS Variants 1295

C.1 Extensions and Variants 1296

PONOS is a flexible framework that admits multi- 1297

ple extensions to better reflect community dynam- 1298

ics, reply timing, and user context. 1299

PONOS-Net. We define the net sentiment vari- 1300

ant as: 1301

PONOSnet(x) =
1

|R(x)|
∑

ri∈R(x)

s(ri) (2) 1302

This version captures the overall affective bal- 1303

ance of replies, distinguishing polarised threads 1304

(with both positive and negative responses) from 1305

uniformly negative ones. 1306

PONOS-Weighted. To account for user-level 1307

features, such as author credibility, social influence, 1308

or vulnerability - we define a weighted version: 1309

PONOSw(x) =
1∑

i w(ri)

∑
ri∈R(x)

w(ri) · I[s(ri) = −1]

(3)
1310

Here, w(ri) is a weight assigned to each reply, re- 1311

flecting community-specific salience (e.g., upvotes, 1312

karma, user type). 1313

PONOS-Early. To mitigate feedback loop ef- 1314

fects (e.g., reply priming), we define an early- 1315

window variant that considers only the first k ≪ n 1316

replies: 1317

PONOSearly(x) =
1

k

k∑
i=1

I[s(ri) = −1] (4) 1318

14



This variant reflects the immediate, unprimed1319

perception of a post, prior to potential community1320

escalation or reinforcement.1321

C.2 Implementation Considerations1322

The sentiment function s(·) can be realised through1323

multiple approaches:1324

• Manual annotation by culturally aligned1325

raters;1326

• Off-the-shelf sentiment classifiers (e.g.,1327

RoBERTa, BERTweet, GPT-based);1328

• Community-specific fine-tuned models.1329

We emphasize that the interpretability and valid-1330

ity of PONOS depend on the alignment between1331

the sentiment model and the communicative norms1332

of the target community. In our experiments, we1333

rely on human-annotated sentiment labels sourced1334

from subreddit-native annotators to ensure cultural1335

fidelity.1336

D Assessors’ Instructions1337

Dear Participant ,1338
1339

Thank you for taking the time to1340
participate in our survey. Your1341
input is invaluable to us. In this1342
survey , you will be asked to1343
classify reactions expressed in1344
replies to comments from discussions1345
on the Reddit community.1346

1347
Task:1348
- Given a comment and its replies from a1349

discussion on the Reddit community1350
r/BlackPeopleTwitter , classify the1351
reaction expressed in each reply as1352
one of the following:1353

- "approval (comment)" - Agreement/1354
support of the comment itself.1355

- "approval (subject)" - Agreement/1356
support of the subject mentioned1357
in the comment.1358

- "neutral" - No strong reaction for1359
or against the comment or subject.1360

- "condemnation (comment)" -1361
Disapproval of the comment itself.1362

- "condemnation (subject)" -1363
Disapproval of the subject1364
mentioned in the comment.1365

- Be sure to identify whether approval/1366
condemnation is directed at the1367
comment or the subject.1368

1369
Examples:1370

1371
Topic: "New office policy - no phones1372

allowed"1373
Comment: "The new policy is a disaster ,1374

it's making everything worse."1375

1376
1. Reply: "I totally agree , it's a 1377

complete mess." 1378
- Classification: approval (comment) 1379

1380
2. Reply: "I think we should give it 1381

some time to see the effects ." 1382
- Classification: neutral 1383

1384
3. Reply: "This policy is the worst 1385

decision ever made by this 1386
administration ." 1387
- Classification: condemnation ( 1388

subject) 1389
1390

4. Reply: "I don 't have a strong opinion 1391
on this." 1392

- Classification: neutral 1393
1394

5. Reply: "LOL , shut up Karen , nobody 1395
cares what you think." 1396
- Classification: condemnation ( 1397

comment) 1398
1399

6. Reply: "I kinda like the new policy ." 1400
- Classification: approval (subject) 1401

1402
By following these instructions , you 1403

will help us understand the 1404
community dynamics and how different 1405
reactions are expressed within the 1406

r/BlackPeopleTwitter community. 1407
Your participation is crucial for the 1408

success of this research. Thank you! 1409

E Prompts 1410

Sentiment classification prompt: 1411

You are a sentiment analysis assistant 1412
trained to understand African 1413
American Vernacular English (AAVE) 1414
and online Black community discourse 1415
. 1416

1417
Your task is to classify the emotional 1418

tone of REPLY message as Positive , 1419
Neutral , or Negative. 1420

Your analysis supports a larger 1421
framework for detecting *perceived 1422
toxicity* - understanding how it 1423
might cause stress or social tension 1424
within the community. 1425

1426
Use all available context: 1427
- Topic: the post that started the 1428

thread 1429
- Comment: the message being replied to 1430
- Reply: the specific message to analyze 1431

1432
Consider slang , tone , cultural style , 1433

and conversational intent. 1434
1435

- Positive: Agreement , Pride , joy , 1436
affirmation , playfulness , flirting , 1437
or supportive sarcasm. Being angry 1438
TOGETHER against something also goes 1439
here. 1440

- Neutral: Factual comments , 1441
observations , dry or ambiguous tone , 1442
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rhetorical questions.1443
- Negative: Disagreement , confrontation ,1444

arguing , complaints , passive1445
aggression , warnings , critique , or1446
social "shade."1447

1448
Always output one of: 'Positive ', '1449

Neutral ', or 'Negative ' without1450
explanation. Be sure to not miss any1451
'Negative '.1452

Format your answer as "ANSWER :"1453
1454

FEW -SHOT EXAMPLES:1455
1456

Topic: Trump won1457
Comment :" I think this is ok as long1458

as we are not getting democrat1459
president1460

Reply: Nigga this is a HILARIOUS1461
take1462

ANSWER: Negative1463
1464

Topic: New record lol1465
Comment: That clip had me dying , fr.1466
Reply: Ayo I been laughing for 101467

minutes , why nobody brings up1468
that he claimed to be THE MASTER1469

ANSWER: Positive1470
1471

Topic: Gotta do whacha gotta do1472
Comment: Once I was texting with1473

girl for 6 months to get a1474
picture from her1475

Reply: Bro , I've ended up writing1476
her real letters. desparate shit1477

ANSWER: Neutral1478
1479

Topic: Economy is fucked1480
Comment: I finna strat looting just1481

to get food on the table1482
Reply: they are making us do it1483
ANSWER: Positive1484

Reaction prediction prompt:1485

{"role": "system", "content ": "1486
You are a culturally aware1487
assistant who creates1488
authentic replies from r/1489
BlackPeopleTwitter ."},1490

{"role": "user", "content ": (1491
"Below is a Reddit comment.1492

Generate the top 51493
likely replies from r/1494
BlackPeopleTwitter , "1495

"using authentic tone ,1496
cultural slang , and1497
humor. Separate replies1498
with <|reply|>.\n\n"1499

f"### Comment :\n{comment }\n\1500
n### Replies :"1501
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