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Abstract001

Political debates shape public opinion, but002
many viewers now encounter debates through003
LLM-generated summaries and commentary004
rather than full broadcasts. We study whether005
fine-grained lexical and rhetorical choices in006
debate transcripts can systematically influ-007
ence an LLM’s evaluative commentary, and008
whether such shifts propagate to downstream009
audience impressions. We introduce con-010
trolled word-level interventions by replacing011
embedding-identified key lexical items with012
near-synonymous alternatives. Results show013
that even minimally invasive substitutions can014
reliably shift the tone of LLM-generated com-015
mentary and alter perceived audience sentiment.016
We further analyze which linguistic cue types017
are most likely to be amplified or attenuated in018
LLM-mediated political discourse, highlight-019
ing how candidates’ word choices can indi-020
rectly shape public perception when LLM com-021
mentary serves as a primary interpretive layer.022

1 Introduction023

Public political debates play a central role in mod-024

ern democracies, providing voters with opportuni-025

ties to evaluate candidates’ positions, competence,026

and credibility. Traditionally, research and cam-027

paign strategy have assumed a relatively direct com-028

munication pathway: candidates speak in debates,029

journalists and commentators interpret their perfor-030

mances, and human audiences form opinions based031

on these interpretations. Within this framework,032

candidates’ lexical and rhetorical choices function033

as linguistic cues that shape how messages are un-034

derstood, evaluated, and remembered.035

However, this communication pathway has036

changed substantially in recent years. An increas-037

ing portion of the public now encounters polit-038

ical debates indirectly, through LLM-generated039

summaries, commentary, or explanations rather040

than through full debate broadcasts or even human-041

written media coverage. Large Language Models042

are increasingly used to generate post-debate anal- 043

yses, highlight key moments, summarize candidate 044

positions, and answer user queries such as “Who 045

won the debate?” or “What did the candidate say 046

about healthcare?”. As a result, many human read- 047

ers are not reacting directly to candidates’ original 048

speech, but instead to LLM-mediated interpreta- 049

tions of that speech. 050

This shift introduces a new and largely unexam- 051

ined layer of political communication: candidates’ 052

linguistic cues may first influence how an LLM 053

interprets and comments on a debate, and only then 054

reach human audiences through LLM-generated 055

text. While prior work has extensively studied how 056

rhetorical framing affects human audiences, much 057

less is known about how subtle lexical choices af- 058

fect machine-generated political commentary, and 059

how these effects propagate to downstream readers 060

who rely on such commentary. 061

Existing research on elections and debates has 062

primarily focused on two areas. One line of work 063

analyzes public reactions on social media follow- 064

ing debates or elections, such as sentiment dy- 065

namics, polarization, or incivility (Rossini et al., 066

2021; Xia et al., 2021). Another examines de- 067

bate content itself, including linguistic structure, 068

emotional expression, or gendered communication 069

patterns (Fadilah and Kuswoyo, 2021; Boussalis 070

et al., 2021). While these studies provide valuable 071

insights into political discourse, they largely as- 072

sume that audience perception is shaped directly 073

by candidates’ speech or by human-authored media 074

interpretation. There is comparatively little work 075

isolating how specific lexical choices in debate tran- 076

scripts influence perception when interpretation is 077

mediated by language models. 078

Studying this question directly with human com- 079

mentators and audiences poses significant method- 080

ological challenges. It is impractical to ask journal- 081

ists or large groups of voters to repeatedly evaluate 082

many near-identical versions of the same debate 083
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speech that differ only by a single word. To address084

this limitation, we leverage Large Language Mod-085

els as controlled experimental instruments. Recent086

work has shown that LLM outputs are highly sensi-087

tive to prompt wording and can exhibit systematic088

biases even when semantic content remains con-089

stant (Lin et al., 2025). This sensitivity suggests090

that LLMs respond to linguistic cues in ways that091

are comparable, at least in part, to human interpre-092

tation processes.093

Biases in LLM behavior have been documented094

across multiple domains, including socioeconomic,095

political, and gender-related contexts (Kamruzza-096

man et al., 2024; Kotek et al., 2023; Röttger et al.,097

2024; Feng et al., 2023; Wambsganss et al., 2023).098

These biases emerge from statistical regularities099

in training data (Bender et al., 2021; Weidinger100

et al., 2022), and they shape how models associate101

particular words, frames, or tones with evaluative102

judgments. In the context of political debates, this103

means that an LLM may systematically favor or104

penalize certain lexical choices when generating105

commentary. By examining how small, controlled106

lexical changes affect LLM-generated evaluations,107

we can study how linguistic cues operate within108

this increasingly influential interpretive layer.109

In this work, we conduct a series of controlled110

experiments to examine whether and how candi-111

dates’ lexical choices in debate transcripts influ-112

ence audience perception through LLM-generated113

commentary. We focus on fine-grained, word-level114

interventions—specifically, synonym substitutions115

at embedding-identified key positions—designed116

to minimally alter semantics while modifying lin-117

guistic cues. Using a two-stage LLM-mediated118

pipeline, we first generate professional-style com-119

mentary from debate transcripts and then simulate120

audience impressions based on that commentary.121

This setup allows us to trace how linguistic cues122

propagate through the sequence transcript → LLM123

commentary → audience impression.124

Our analysis addresses three main questions.125

First, do subtle lexical substitutions in debate tran-126

scripts systematically affect the tone and stance of127

LLM-generated political commentary, as reflected128

in the degree to which the commentary supports129

or criticizes the speaker’s position? Second, which130

types of linguistic cues—such as sentiment, part-of-131

speech, contextual suitability, or word rarity—are132

most likely to be amplified or attenuated in LLM-133

generated evaluations? Third, do these effects134

vary depending on the communicative goal of the135

speaker, such as advancing one’s own position ver- 136

sus criticizing an opponent? 137

By answering these questions, this study con- 138

tributes to a growing understanding of political 139

communication in LLM-mediated information en- 140

vironments. Rather than treating LLMs solely 141

as passive tools or sources of bias, we examine 142

their role as active intermediaries whose gener- 143

ated commentary can systematically favor, neu- 144

tralize, or undermine a speaker’s stance based on 145

subtle linguistic cues. Our findings therefore have 146

implications for political actors, media platforms, 147

and researchers seeking to understand how lan- 148

guage choices may be transformed and transmitted 149

through LLM-mediated channels. 150

2 Related Work 151

2.1 Linguistic Cues, Framing, and Evaluative 152

Language in Politics 153

A long line of work in political communication 154

and discourse studies has shown that subtle lexi- 155

cal choices can function as cues that guide inter- 156

pretation, often without changing the underlying 157

propositional content. Framing research argues that 158

describing the same event with different labels can 159

shift which considerations become salient and how 160

responsibility, legitimacy, or morality is inferred 161

(Entman, 1993). More broadly, prior work suggests 162

that lexical choice, intensification, and rhetorical 163

framing in political text can influence evaluative 164

judgments, shaping how speakers are perceived in 165

terms of credibility, empathy, and moral position- 166

ing, even when the underlying message remains 167

stable. These perspectives motivate our view that 168

debate transcripts contain fine-grained linguistic 169

cues that can influence downstream evaluations. 170

Our work extends this line of inquiry to a setting 171

where interpretation is increasingly mediated by 172

LLM-generated political commentary. In such set- 173

tings, the relevant question is not only how humans 174

react to candidates’ language, but also how models 175

translate linguistic cues into evaluative judgments 176

and how those judgments may be consumed as 177

secondary political information. 178

2.2 Computational Studies of Debates and 179

Political Discourse 180

Within NLP and computational social science, a 181

substantial body of work studies political debates 182

and elections through large-scale text analysis. 183

Many studies focus on post-event public reactions 184
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on social media, including sentiment, polariza-185

tion, and incivility (Rossini et al., 2021; Xia et al.,186

2021; Bossetta and Schmøkel, 2024). Another set187

of studies analyzes debate transcripts directly, ex-188

amining linguistic structure, rhetorical strategies,189

and speaker attributes such as gender-linked pat-190

terns (Fadilah and Kuswoyo, 2021; Boussalis et al.,191

2021). These works establish that debate language192

is a useful signal for analyzing political strategy193

and public discourse. Our focus differs in previ-194

ous studies we study the transformation itself: how195

small lexical modifications in debate transcripts196

shift the stance of generated political commentary,197

operationalized through LLM outputs.198

2.3 LLMs, Prompt Sensitivity, and Political199

Bias in Generated Text200

Recent work has documented that LLM outputs201

can vary substantially under small prompt changes,202

even when semantics are similar (Lin et al., 2025).203

This prompt sensitivity has been studied as a source204

of instability, bias, and manipulability in generation205

systems, and it motivates using controlled lexical206

edits as a lens for analyzing model behavior. In207

parallel, a growing literature has examined biases208

in LLMs across socioeconomic, gender, and po-209

litical dimensions (Bender et al., 2021; Weidinger210

et al., 2022; Kotek et al., 2023; Röttger et al., 2024;211

Feng et al., 2023; Wambsganss et al., 2023). These212

findings suggest that models encode associations213

between linguistic cues and evaluative judgments,214

which can surface as systematic differences in gen-215

erated stances. Our work leverages these properties216

in a targeted political communication setting: de-217

bate transcripts serve as prompts, and the outcome218

of interest is not factual correctness but the eval-219

uative stance expressed in generated commentary.220

This framing also connects to emerging datasets221

and tasks that pair transcripts with live or profes-222

sional commentary (Chen et al., 2025), enabling223

more direct study of how discourse is transformed224

into evaluation.225

3 Methodology226

3.1 Task Definition and Overview227

Our primary question is whether fine-grained lin-228

guistic cues in debate transcripts can systematically229

shift the stance of LLM-generated political com-230

mentary in ways that benefit the speaker. This is231

motivated by an increasingly common mediation232

pathway in which human readers consume debate233

takeaways through LLM-generated commentary 234

rather than through full debate broadcasts. In our 235

experiments, we do not recruit human participants. 236

Instead, we operationalize the effect of linguistic 237

cues by measuring how controlled lexical substitu- 238

tions change the degree to which generated com- 239

mentary supports or criticizes the speaker with re- 240

spect to the speaker’s communicative goal. 241

For each transcript segment, we (i) identify key 242

lexical positions, (ii) generate minimally edited 243

variants through synonym substitution, (iii) gen- 244

erate commentary for each variant using GPT-4o, 245

and (iv) score the stance of that commentary and 246

compute success/failure relative to the speaker’s 247

goal. 248

3.2 Dataset 249

We use the dataset introduced by Chen et al. (2025), 250

which pairs transcripts with live professional com- 251

mentary. It contains three subsets: U.S. presidential 252

debates, FOMC press conferences, and corporate 253

earnings calls. We focus on the U.S. presidential 254

debate subset, which includes transcript segments, 255

professional commentaries, and commentary labels 256

from ten debates between 2016 and 2024. 257

Each instance consists of a transcript segment (a 258

contiguous speaking turn) and associated profes- 259

sional commentary. The professional commentary 260

labels (supportive/critical/neutral) are used as ref- 261

erence signals to help prompt the LLM to produce 262

commentary resembling professional political anal- 263

ysis. 264

3.3 Identifying Key Lexical Positions 265

Our intervention is word-level synonym substitu- 266

tion. To keep changes minimally invasive while 267

still meaningful, we only replace a small number 268

of content words in each segment. 269

To select candidate replacement positions, we es- 270

timate word importance using an embedding-based 271

masking approach with a pretrained Gemini Trans- 272

former model (Lee et al., 2025). Let q be a tran- 273

script segment and t a task prompt. We compute 274

the embedding of the full segment as: 275

efull = f
(
mean_pool(M(t⊕ q))

)
, (1) 276

where M is the encoder, ⊕ denotes concatenation, 277

and f(·) is a linear projection. 278

For each candidate word wi, we mask it in the 279

segment to form q−i, compute e−i, and define an 280
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importance score:281

∆i = efull − e−i. (2)282

We select the top five words by ∆i and restrict283

candidates to content words (nouns, verbs, adjec-284

tives, adverbs), excluding function words to avoid285

uninformative or ungrammatical replacements.286

3.4 Synonym Substitution and Fluency287

Control288

For each selected word wi, we retrieve near-289

synonyms from Datamuse and construct transcript290

variants by replacing wi with a candidate synonym291

sij . Each variant differs from the original transcript292

by exactly one lexical substitution.293

Because synonyms may be contextually incom-294

patible or grammatically infelicitous, we post-295

process each variant with GPT-4o to correct gram-296

mar while preserving meaning. This yields a set297

of fluent transcript variants with minimal semantic298

deviation but potentially different lexical cueing.299

3.5 Generating LLM Commentary300

For each transcript variant (including the original),301

we prompt GPT-4o to produce a short piece of302

evaluative political commentary in the style of pro-303

fessional debate analysis. We condition the model304

with a fixed instruction template and provide exam-305

ples from the dataset as style anchors. The output306

is a commentary text that may implicitly favor the307

speaker, criticize the speaker, or remain neutral.308

3.6 Commentary Stance Scoring309

To evaluate how a lexical substitution changes the310

generated stance, we score each commentary along311

a three-way stance scale with respect to the speaker:312

y ∈ {SUPPORTIVE, NEUTRAL, CRITICAL}.313

We obtain this stance score by prompting GPT-4o314

(in a separate scoring prompt) to classify the gen-315

erated commentary as supportive/neutral/critical316

toward the speaker and to output calibrated proba-317

bilities:318

p = (psup, pneu, pcrit), psup+ pneu+ pcrit = 1.319

We then define a scalar Commentary Stance Score:320

S = psup − pcrit, (3)321

where higher S indicates more supportive com-322

mentary and lower S indicates more critical com-323

mentary. This score is computed for the original324

transcript and each substituted variant.325

3.7 Goal Annotation 326

Debate segments often serve different rhetorical 327

purposes. We therefore label each transcript seg- 328

ment with a communicative goal: 329

g ∈ {PROMOTIONAL, CRITICAL}. 330

We first assign sentence-level goals (promotional 331

vs. critical) using an instruction prompt to GPT-4o, 332

then aggregate to the segment level by majority 333

vote over sentences. Segments that contain both 334

goals are assigned the dominant goal. 335

3.8 Success, Failure, and Stability 336

We define success at the level of a single substitu- 337

tion by comparing the stance score of the modified 338

transcript Smod to the stance score of the original 339

transcript Sorig. 340

For a PROMOTIONAL segment, the desired di- 341

rection is to increase support for the speaker: 342

∆S = Smod − Sorig. (4) 343

A substitution is: 344

• Success if ∆S > τ , 345

• Failure if ∆S < −τ , 346

• Stable otherwise, 347

where τ is a small stability threshold (we use τ = 0 348

in our analysis). 349

For a CRITICAL segment, the speaker aims to 350

undermine the opponent. Since our commentary is 351

generated about the speaker’s utterance, we oper- 352

ationalize success as producing commentary that 353

frames the speaker’s attack as more compelling, 354

which typically manifests as commentary that is 355

more supportive of the speaker’s critique (or less 356

dismissive of it). Concretely, we use the same 357

stance score relative to the speaker and define: 358

• Success if ∆S > τ , 359

• Failure if ∆S < −τ , 360

• Stable otherwise. 361

This aligns the success definition with our empiri- 362

cal objective: whether a lexical cue increases the 363

extent to which model-generated commentary fa- 364

vors the speaker’s intended framing. 365

The overall success rate is the proportion of sub- 366

stitutions labeled Success among all tested substi- 367

tutions. This success rate is the metric reported in 368

our Replacement Success Measurement analysis. 369
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Goal Success Stable Failure Total

Overall
2,600

(40.86%)
813

(12.78%)
2,950

(46.36%)
6,363

Promotional
972

(31.91%)
446

(14.64%)
1,628

(53.45%)
3,046

Critical
1,628

(49.08%)
367

(11.06%)
1,322

(39.86%)
3,317

Table 1: Overall replacement outcomes under the goal-
aligned success definition. A substitution is labeled
Success if ∆S > τ , Failure if ∆S < −τ , and Stable
otherwise.

3.9 Linguistic Analyses of Substitutions370

To interpret why some substitutions succeed or fail,371

we characterize each replacement along multiple372

linguistic dimensions. We compute lexicon-based373

sentiment using SentiWordNet (Esuli and Sebas-374

tiani, 2006) (Pos/Neg/Obj) for both the original375

word and the substitute, and we additionally obtain376

LLM-based connotation judgments via a fixed scor-377

ing prompt. We further annotate each substitution378

with part-of-speech, contextual suitability (rated379

by GPT-4o on a four-level scale), and word rarity380

using Wordfreq. We then analyze how these at-381

tributes correlate with ∆S and with success/failure382

outcomes.383

4 Results and Analysis384

4.1 Overall Replacement Outcomes385

We begin by reporting the overall effectiveness of386

lexical substitutions under the goal-aligned suc-387

cess definition introduced in Section 3. Recall388

that a substitution is labeled Success if it shifts389

the commentary stance score in the desired direc-390

tion (∆S > τ ), Failure if it shifts in the opposite391

direction (∆S < −τ ), and Stable otherwise.392

Table 1 summarizes the distribution of success,393

stability, and failure across all tested substitutions,394

as well as separately for promotional and critical395

segments. Across all debate segments, approxi-396

mately 40.9% of substitutions are successful, indi-397

cating that even a single-word change has a substan-398

tial probability of shifting LLM-generated political399

commentary in a direction favorable to the speaker.400

This result supports our central hypothesis that fine-401

grained linguistic cues can meaningfully influence402

model-mediated political interpretation.403

At the same time, nearly half of the substitutions404

(46.4%) result in failure, highlighting that lexical405

manipulation is inherently risky: poorly chosen406

substitutions can backfire and lead to commentary407

that is less supportive of the speaker’s intended408

framing. The remaining 12.8% of substitutions are 409

classified as stable, producing negligible change 410

in commentary stance. Taken together, these re- 411

sults suggest that word choice offers a probabilistic 412

rather than deterministic lever for influencing LLM- 413

generated commentary. 414

A notable asymmetry emerges when separating 415

substitutions by communicative goal. For promo- 416

tional segments, only 31.9% of substitutions are 417

successful, while more than half (53.5%) result in 418

failure. In contrast, substitutions in critical seg- 419

ments achieve a substantially higher success rate 420

of 49.1%, with a lower failure rate of 39.9%. This 421

gap suggests that lexical choices are more effec- 422

tive when used to sharpen or reinforce criticism 423

of an opponent than when used to enhance self- 424

promotion. 425

One possible explanation is that critical dis- 426

course provides a clearer evaluative target: neg- 427

ative or forceful wording can more directly sig- 428

nal disapproval, which the LLM readily amplifies 429

into supportive commentary for the speaker’s at- 430

tack. Promotional discourse, by contrast, requires 431

a delicate balance between positivity, credibility, 432

and restraint. Overly positive substitutions may be 433

interpreted as exaggeration or lack of substance, 434

leading commentators to respond skeptically. As a 435

result, attempts to boost self-presentation through 436

isolated lexical changes are more likely to backfire. 437

These overall results establish two key points. 438

First, lexical substitutions constitute a non-trivial 439

mechanism for influencing LLM-generated politi- 440

cal commentary, with success rates far above ran- 441

dom chance. Second, the effectiveness of such sub- 442

stitutions is highly context-dependent, varying sub- 443

stantially with the speaker’s communicative goal. 444

In the following subsections, we analyze how spe- 445

cific linguistic properties of substitutions—such 446

as part of speech, contextual suitability, and word 447

rarity—help explain when and why substitutions 448

succeed or fail. 449

4.2 Which Lexical Factors Correlate with 450

Success? 451

Table 1 shows that lexical substitutions produce 452

a substantial success rate overall, but also a high 453

failure rate, and that the success rate differs sharply 454

between promotional and critical segments. We 455

next ask which lexical properties are associated 456

with successful substitutions. Concretely, we an- 457

alyze how ∆S and success/failure outcomes vary 458

with (i) the sentiment shift of the substituted word, 459

5



Sentiment Shift Success Rate
(SentiWordNet)

Success Rate
(LLM)

Pos. ↑ 35.67% 40.38%
↓ 50.00% 43.37%

Neg. ↑ 44.74% 42.98%
↓ 45.10% 41.69%

Table 2: Success rates by sentiment-shift direction under
two sentiment estimators. ↑ and ↓ indicate an increase
or decrease in the corresponding sentiment score of the
substituted word relative to the original word (e.g., Pos.↑
= more positive).

(ii) part of speech, and (iii) contextual suitability.460

4.2.1 Sentiment Shift and Success Rate461

We first examine whether the direction of lexical462

sentiment change alone is predictive of substitu-463

tion success. Intuitively, replacing a word with a464

more positive or less negative synonym might be465

expected to increase the likelihood that generated466

commentary favors the speaker. To test this as-467

sumption, we analyze success rates as a function468

of sentiment shift under two different sentiment469

estimators.470

We measure word-level sentiment using both a471

lexicon-based and a model-based approach. First,472

we use SentiWordNet, a widely used sentiment lex-473

icon built on WordNet 3.0 (Esuli and Sebastiani,474

2006). Each word is assigned three real-valued475

scores: positive (Pos), negative (Neg), and objec-476

tive (Obj), each in [0, 1] and summing to 1. Second,477

we obtain an LLM-based sentiment estimate by478

prompting GPT-4o to assess the connotation of a479

word in isolation, returning probabilities over the480

same three categories (Pos/Neg/Obj). This second481

measure is intended to capture sentiment associ-482

ations that may not be well represented in static483

lexicons but are salient to the LLM’s own interpre-484

tive behavior.485

For each substitution, we compare the sentiment486

scores of the original word and its synonym and487

categorize the change as MORE or LESS along488

each sentiment dimension (Pos, Neg, Obj). We489

then compute the success rate within each category,490

where success is defined by ∆S > τ as described491

in Section 3.492

Table 2 reports success rates for each sentiment-493

shift category under both sentiment estimators. Sev-494

eral patterns emerge.495

First, sentiment shift alone is not a strong or496

monotonic predictor of success. Across both esti-497

mators, increasing positivity does not consistently498

yield higher success rates than decreasing posi-499

Sentiment Shift Noun Verb Adv.

Pos. ↑ 27.27% 37.82% 36.76%
↓ 36.89% 47.15% 36.84%

Neg. ↑ 43.69% 41.91% 48.57%
↓ 48.20% 37.92% 44.64%

Table 3: Success rates by sentiment-shift direction under
the LLM-based sentiment estimator, stratified by part of
speech.

tivity. In fact, under SentiWordNet, substitutions 500

that reduce positivity achieve a higher success rate 501

(50.0%) than those that increase positivity (35.7%). 502

This suggests that overly positive lexical choices 503

may be penalized by the LLM-generated commen- 504

tary, potentially due to perceived exaggeration or 505

loss of credibility. 506

Second, negative sentiment shifts show relatively 507

symmetric behavior. Making a word more negative 508

or less negative yields comparable success rates 509

under both estimators, indicating that the presence 510

of negativity alone does not determine whether a 511

substitution will succeed. This aligns with earlier 512

findings that critical discourse can benefit from 513

negative language, but only when such language 514

fits the broader context and rhetorical goal. 515

Third, shifts toward greater objectivity are as- 516

sociated with relatively stable success rates. In 517

particular, increasing objectivity under SentiWord- 518

Net yields one of the highest success rates (48.4%), 519

supporting the idea that neutral or factual wording 520

can be advantageous in LLM-mediated political 521

commentary, especially when evaluators reward 522

clarity and restraint. 523

Finally, while the absolute values differ slightly 524

between SentiWordNet and LLM-based estimates, 525

the overall qualitative trends are consistent across 526

both measures. This consistency suggests that the 527

observed patterns are not artifacts of a particular 528

sentiment estimator, but reflect broader interactions 529

between lexical sentiment and model-generated 530

evaluation. 531

Taken together, these results indicate that senti- 532

ment shift by itself is insufficient to explain substi- 533

tution success. While sentiment matters, its effect 534

is mediated by other lexical properties such as con- 535

textual suitability and part of speech. We therefore 536

turn next to analyses that incorporate these addi- 537

tional factors. 538

4.2.2 Part of Speech Effects 539

The sentiment analysis above treats substitutions 540

as if lexical sentiment shifts have uniform effects 541
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Sentiment Shift Highly Appropriate Appropriate Inappropriate Highly Inappropriate

Pos. ↑ 30.00% 42.59% 42.40% 30.00%
↓ 42.86% 54.55% 42.14% 37.33%

Neg. ↑ 50.00% 36.07% 48.08% 41.73%
↓ 50.00% 41.96% 40.00% 42.81%

Table 4: Success rates by sentiment-shift direction (LLM-based estimator) stratified by contextual suitability.

regardless of where they occur in a sentence. We542

next test whether the impact of a sentiment shift de-543

pends on part of speech (POS), since nouns, verbs,544

and adverbs play different rhetorical roles in de-545

bate language. Nouns often anchor topics and546

entities, verbs encode agency and action, and ad-547

verbs frequently modulate intensity and speaker548

attitude. These functional differences may lead549

LLM-generated commentary to react differently550

to the same type of sentiment shift depending on551

POS.552

Table 3 reports success rates under the LLM-553

based sentiment estimator, stratified by POS. Two554

patterns stand out. First, verbs show the strongest555

sensitivity to positivity attenuation: when the556

substituted word becomes less positive (Pos.↓),557

verb substitutions achieve the highest success rate558

among the positive-shift cases (47.15%), substan-559

tially higher than noun substitutions under the same560

shift (36.89%). Combined with the weaker perfor-561

mance of Pos.↑ for nouns (27.27%), this suggests562

that increasing positivity on content nouns is par-563

ticularly risky, whereas moderating positivity on564

verbs may improve perceived credibility or reduce565

exaggeration in generated commentary.566

Second, negative shifts interact with POS in a567

goal-consistent way. For adverbs, making a word568

more negative (Neg.↑) yields the highest success569

rate in the table (48.57%). This is consistent with570

the role of adverbs as intensity markers: stronger571

negative adverbs can sharpen criticism or signal572

conviction, which the commentary model may in-573

terpret as rhetorically effective. In contrast, verb574

substitutions exhibit a lower success rate when575

Neg.↓ (37.92%), indicating that weakening neg-576

ativity in action framing may reduce the perceived577

forcefulness of a critique.578

Overall, these POS-stratified results reinforce the579

conclusion from Table 2 that sentiment shifts alone580

do not fully explain success. Instead, the effect581

of sentiment depends on how the modified word582

functions in the sentence. This motivates our next583

analyses on contextual suitability, which further584

characterize when lexical substitutions are ampli-585

fied or attenuated by LLM-generated commentary.586

4.2.3 Contextual Suitability 587

The analyses above suggest that sentiment shift 588

alone does not deterministically explain substitu- 589

tion success. We next examine contextual suitabil- 590

ity, which captures whether a synonym is prag- 591

matically and stylistically appropriate in its local 592

discourse context. Even near-synonyms can differ 593

in register, collocations, and implied presupposi- 594

tions; such mismatches may cause the generated 595

commentary to react negatively regardless of senti- 596

ment direction. 597

For each substitution, we obtain a contextual 598

suitability label from GPT-4o by prompting it to 599

judge how appropriate the substituted word is in 600

the original sentence context. We use a four-level 601

scale: HIGHLY APPROPRIATE, APPROPRIATE, IN- 602

APPROPRIATE, and HIGHLY INAPPROPRIATE. We 603

then compute success rates within each suitability 604

level and sentiment-shift category. 605

Table 4 reports success rates stratified by suit- 606

ability and sentiment-shift direction (LLM-based 607

sentiment estimator). Two trends are notable. First, 608

higher contextual suitability is generally associated 609

with higher success rates, consistent with the in- 610

tuition that locally well-formed substitutions are 611

more likely to be interpreted favorably in gener- 612

ated commentary. Second, the interaction between 613

sentiment shift and suitability is asymmetric: in 614

multiple cells, decreasing positivity (Pos.↓) is more 615

successful than increasing positivity (Pos.↑), espe- 616

cially when the substitute word is judged appro- 617

priate. This pattern aligns with earlier observa- 618

tions that overly positive wording can be penalized, 619

while restrained phrasing that preserves contextual 620

fit is more likely to succeed. 621

For negative sentiment, both Neg.↑ and Neg.↓ 622

can achieve high success when the substitution is 623

contextually appropriate, indicating that negativity 624

can be effective when it matches local discourse ex- 625

pectations (e.g., criticism segments or emphatic 626

modifiers). In contrast, when substitutions are 627

highly inappropriate, success rates drop and be- 628

come less interpretable, suggesting that contextual 629

mismatch dominates sentiment direction. 630

Overall, these results reinforce that contextual 631

7



suitability is a primary constraint on successful lex-632

ical editing: sentiment shifts appear to help mainly633

when the substitute is already compatible with the634

local context.635

4.3 Human Evaluation: Audience Preferences636

over LLM-Generated Commentary637

Following the motivation outlined in the Introduc-638

tion, where we argue that LLM-generated commen-639

tary increasingly functions as an interpretive layer640

between political speakers and the public, we next641

evaluate whether human readers exhibit system-642

atic preferences when exposed to alternative LLM-643

generated political commentaries derived from min-644

imally different debate transcripts. Crucially, anno-645

tators evaluated only the generated commentaries,646

reflecting realistic information-consumption set-647

tings in which audiences rely on post-debate inter-648

pretations rather than raw transcripts.649

We conducted a human evaluation on 200 paired650

cases, evenly balanced across Promotional Success,651

Promotional Failure, Critical Success, and Criti-652

cal Failure conditions. For each case, annotators653

compared the pre-substitution and post-substitution654

commentaries and judged which version left a more655

favorable overall impression of the speaker, or656

whether no clear preference was present.657

The results show that human readers frequently658

prefer one version of LLM-generated commentary659

over another, indicating that the interpretive layer660

itself meaningfully shapes audience perception.661

In promotional contexts, post-substitution com-662

mentaries were preferred in approximately 65%663

of cases classified as Promotional Success by the664

LLM. Importantly, even in cases labeled as Promo-665

tional Failure by the model, human annotators still666

preferred the post-substitution commentary in 46%667

of cases. This suggests that LLM-based stance met-668

rics systematically understate how strongly humans669

respond to subtle differences in tone, confidence,670

and evaluative framing in generated commentary.671

In critical contexts, preferences were present but672

less uniform. Human annotators preferred the post-673

substitution commentary in 48% of Critical Suc-674

cess cases and 49% of Critical Failure cases. The675

near-balanced outcomes indicate that, while LLM-676

generated commentary can influence human per-677

ception in critical rhetoric, individual norms regard-678

ing aggressiveness and fairness introduce greater679

subjectivity, leading to weaker aggregate prefer-680

ences.681

Overall, these results provide direct quantita-682

tive evidence that LLM-generated political com- 683

mentary can differentially influence human audi- 684

ence impressions, even when differences originate 685

from minimal lexical edits upstream. The findings 686

support our central claim that linguistic cues may 687

shape public perception indirectly through LLM- 688

mediated interpretation, and further highlight that 689

model-internal evaluations do not fully capture the 690

downstream human impact of generated political 691

commentary, particularly in promotional discourse. 692

5 Conclusion 693

As political communication increasingly passes 694

through LLM-generated summaries and commen- 695

tary, public speakers face an emerging audience 696

that is neither purely live nor purely human: the 697

interpretive layer produced by language models. 698

This paper offers an early empirical discussion of 699

whether public speakers may need to extend tra- 700

ditional audience-centered message optimization 701

to include model-centered considerations. In this 702

setting, the immediate target of lexical choice is 703

not only how a line lands in the room, but also how 704

it is reframed by LLM-generated commentary that 705

may later be consumed by human readers. 706

We study this question through controlled, word- 707

level interventions on debate transcripts. Using 708

a goal-aligned stance metric, we show that single- 709

word substitutions can frequently shift the stance of 710

LLM-generated political commentary in a direction 711

favorable to the speaker. At the same time, failure 712

rates remain high, indicating that lexical editing 713

is a probabilistic lever rather than a deterministic 714

one. Our analyses further suggest that simple sen- 715

timent direction is insufficient to explain success: 716

sentiment effects interact with linguistic function 717

and context. In particular, the effectiveness of senti- 718

ment shifts varies by part of speech, and contextual 719

suitability emerges as a key constraint. These find- 720

ings highlight a practical implication for speech 721

preparation in LLM-mediated information environ- 722

ments: lexical cues can act as lightweight signals 723

that shape how models attribute credibility, intent, 724

and ideological tone in generated commentary. Fi- 725

nally, our human evaluation provides downstream 726

support for these findings: human audiences often 727

preferred the post-substitution version in cases our 728

metric labeled as PROMOTIONAL SUCCESS. This 729

alignment suggests that the stance shifts we mea- 730

sure are not merely model-internal artifacts, but 731

can translate into differences in perceived speaker 732

favorability for human readers. 733

8



Limitations734

Our study has several limitations and points to-735

ward future work. First, our evaluation focuses736

on LLM-generated commentary stance rather than737

human judgment, and future studies should test738

how model-mediated shifts translate to real audi-739

ence perceptions. Second, our interventions are740

restricted to single-word substitutions; richer ed-741

its (multi-word paraphrases, discourse-level fram-742

ing changes) may yield stronger but also harder-743

to-control effects. Finally, model behavior may744

vary across LLMs, prompting strategies, and do-745

mains, motivating replication across systems and746

languages. Despite these limitations, we hope this747

work provides a useful starting point for under-748

standing how public speakers’ linguistic choices749

may be amplified, attenuated, or transformed750

when political discourse is filtered through LLM-751

generated commentary.752
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A Human Evaluation Process845

We recruited two graduate students from the same846

laboratory to serve as human evaluators for the847

LLM-generated commentary. Each evaluation set848

consisted of two pairs of transcripts (pre- and post-849

substitution) and their corresponding generated re-850

views. The evaluators were tasked with performing851

a comparative favorability assessment, defined as852

the extent to which the commentary elicited posi-853

tive sentiments toward the subjects or issues men-854

tioned.855

Participants were informed that the transcripts856

originated from presidential debates and the re-857

views were AI-generated. To ensure ecological858

validity, they were instructed to simulate a general859

audience reading political news or reports. While860

they were encouraged to rely on their subjective861

intuition, they were also advised to process the text862

deeply to capture any subtle nuances in the LLM863

outputs.864

The success of each substitution was determined865

post-hoc based on the transcript’s strategic category.866

For ’Critical’ transcripts, success was defined as a867

relative decrease in favorability after modification;868

for ’Promotional’ transcripts, success required an869

increase in favorability. The detailed experimental870

results are presented in the Section 4.3.871
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