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Abstract001

Large Language Models (LLMs) have demon-002
strated remarkable capabilities in tasks related003
to reasoning and judgment. However, assess-004
ing the quality of arguments requires a rigorous005
evaluation. This research investigates the ex-006
tent to which LLMs can effectively perform this007
task. It focuses on the zero-shot capabilities008
of LLMs in approximating expert rankings of009
argument quality across three dimensions: log-010
ical, rhetorical, and dialectic. It also examines011
the model’s specific strengths and weaknesses012
within a prompt-engineering and pairwise eval-013
uation framework using a Bradley-Terry model014
to infer latent strength scores and obtain a rank-015
ing of arguments. Although none of the models016
tested (GPT-4, Gemini 2.0 Flash, and LLaMA017
3.3) achieved strong alignment with the human-018
provided gold standard, GPT-4 demonstrated019
the most consistent overall performance, fol-020
lowed by Gemini 2.0 Flash, with LLaMA 3.3021
ranking third across most dimensions. LLMs022
show promising potential but still fall short of023
replicating expert-level evaluations.024

1 Introduction025

Argumentation is fundamental to reasoning in var-026

ious fields (Chalaguine and Schulz, 2017): sci-027

entists publish discoveries together with support-028

ing evidence, lawyers structure legal arguments029

to solve disputes, and political debaters rely on030

argumentation to gain the approval of the pub-031

lic. Early computational work focused on min-032

ing and evaluating arguments in well-structured033

texts such as essays (Wachsmuth et al., 2016) until034

more research shifted toward assessing argument035

quality (Wachsmuth et al., 2017b). A particularly036

effective approach within the field has been the037

use of pairwise comparisons, in which the annota-038

tors judge which of the two arguments is stronger039

based on specific criteria. These judgments can040

then be aggregated using statistical models, such as041

the Bradley-Terry (BT) model, to produce quality042

scores (Gienapp et al., 2020) and obtain a ranking 043

for each of the arguments evaluated. This design re- 044

duces annotation variance and cost while producing 045

multidimensional quality scores, offering a rich, re- 046

liable foundation for benchmarking automated eval- 047

uation methods. With the rise of online platforms, 048

the ability to identify high-quality arguments be- 049

comes increasingly important (Wachsmuth et al., 050

2024), especially for effective persuasion, decision- 051

making, and participation in meaningful discourse. 052

However, manually evaluating the quality of argu- 053

ments at a large scale remains a significant bottle- 054

neck due to high costs and inconsistencies. 055

Large Language Models (LLMs) offer a promis- 056

ing avenue for scaling argument quality assess- 057

ment. LLMs demonstrated impressive capabilities 058

in language understanding tasks, and a growing 059

line of work explores the use of LLMs as annota- 060

tors (Mirzakhmedova et al., 2024)—an example 061

of LLM-as-a-judge—where the language model is 062

asked to evaluate text quality (AI, 2025). This strat- 063

egy could enable large-scale assessments with min- 064

imal cost and time. However, whether LLMs can 065

reliably replicate expert-level judgments is an open 066

question. Existing research offers mixed results: 067

some studies show that, properly guided LLMs 068

, models such as GPT-3 and PaLM-2 can effec- 069

tively assess certain quality aspects (Mirzakhme- 070

dova et al., 2024), while the other found that GPT- 071

3.5 underperformed specialized supervised models 072

on tasks that involve ranking of arguments (Wang 073

et al., 2023). These contrasting findings motivate 074

a deeper investigation into LLM-based evaluation 075

of argument quality. This study attempts to repli- 076

cate expert-derived argument quality rankings from 077

the Webis-ArgQuality-20 dataset. Given that, ar- 078

gument quality is multidimensional (Wachsmuth 079

et al., 2017b), this study will also examine the abil- 080

ities of the LLMs in assessing the different quality 081

dimensions. The overall scientific aim of this paper 082

is to address the following research questions: 083
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Main Research Question: How well can zero-084

shot LLM pairwise comparisons reproduce ex-085

pert rankings of argument quality? This ques-086

tion examines whether LLMs can reliably assess087

argument quality in comparison to expert judg-088

ments. It is tackled through the following sub-089

questions: 1) RQ-1.1: How does LLM perfor-090

mance vary across the different argument quality091

dimensions, and which dimensions are most accu-092

rately assessed? 2) RQ-1.2: How do the different093

LLMs compare in their ability to evaluate argu-094

ment quality? 3) RQ-1.3: How consistent are095

LLM-based evaluations when repeated over multi-096

ple trials? The contributions of this work are as fol-097

lows: 1) A novel evaluation pipeline that combines098

prompt engineering and pairwise comparisons of099

arguments by LLMs with the Bradley-Terry Model100

(BT) to rank arguments. To the best of our knowl-101

edge, this is the first application of BT ranking to102

LLM-based comparative judgments in argument103

mining. 2) This statistical framework that evalu-104

ates LLM performance against an expert-derived105

gold standard, offering a robust assessment of their106

capabilities as evaluators. 3) A detailed analysis107

of model performance across the different dimen-108

sions, revealing which aspects of argument quality109

are more or less reliably assessed by the LLMs.110

2 Related Work111

Wachsmuth et al. (2017b) presented a framework112

for computational argument quality introducing a113

taxonomy of across logical, rhetorical, and dialec-114

tic dimensions. They collected 320 arguments, an-115

notated by experts for all dimensions. The work116

laid a strong theoretical foundation, but the annota-117

tion process revealed a limited consistency across118

dimensions. We adopt the same framework but119

replace the expert annotators with LLMs.120

Habernal and Gurevych (2016) proposed a121

convincingness-based argument ranking system122

using more than 16,000 pairwise comparisons in123

1,052 arguments on 32 topics. The method used124

for our study demonstrated that reliable rankings125

could be inferred from crowdsourced pairwise com-126

parisons, achieving a high agreement with the127

gold standard (Gienapp et al., 2020; Habernal and128

Gurevych, 2016). Our paper shifts from crowd-129

sourcing to model-driven annotation, where LLMs130

are examined in their ability to serve as reliable131

judges without the need for manual labeling.132

The reliability of pairwise annotation for argu-133

ment quality continues with Toledo et al. (2019) 134

who compiled a dataset of 14,000 annotated argu- 135

ment pairs and absolute quality scores in the range 136

of 0-1 for 6,300 arguments. Crowd workers were 137

asked to pick which of the arguments would have 138

been preferred by most people to support the topic, 139

yielding consistent results. Also, they suggested 140

neural methods based on a language model for argu- 141

ment ranking and classification. Results from those 142

models were considered state-of-the-art, validating 143

the capabilities of supervised neural methods. Our 144

study does not rely on large-scale annotation, but 145

makes use of the LLMs out-of-the-box knowledge. 146

Gretz et al. (2019) created a corpus of 30,497 ar- 147

guments with crowd-annotated quality scores cov- 148

ering 71 diverse topics. They analyze the quality 149

dimensions that characterize the dataset, showing 150

that the dimensions of Global Relevance and Effec- 151

tiveness are the most indicative to overall quality 152

scores. They present a BERT-based model for ar- 153

gument quality ranking, which outperformed state- 154

of-the-art. Our paper, instead, investigates whether 155

models can match the expert’s ranking in a zero- 156

shot setting without the need for labeled data. 157

The work of Gienapp et al. (2020) is especially 158

relevant to this paper. They introduced an efficient 159

annotation framework that combines pairwise com- 160

parisons and active sampling to label arguments 161

on argument quality dimensions such as logical, 162

rhetorical, and dialectical, as well as overall qual- 163

ity. The Webis-ArgQuality-20 corpus with 1,271 164

arguments resulting from their work is the data 165

source used for this research, as it aligns with the 166

objective of dealing with multidimensional quality 167

assessment via pairwise comparisons. The key dif- 168

ference is in who/what is doing the comparison, as 169

we replace crowd workers with LLMs. 170

Mirzakhmedova et al. (2024) study the potential 171

of using state-of-the-art LLMs as proxies for anno- 172

tators in argument quality assessment. They ana- 173

lyze the agreement between model, human expert, 174

and novice human annotators based on an estab- 175

lished taxonomy of argument quality dimensions. 176

Their findings show that LLMs can produce consis- 177

tent annotations with moderately high agreement 178

that aligns with human experts. Their argument 179

quality dimensions differ from ours and we will 180

extend in the future our experiments with those. 181

3 Background 182

We introduce here key foundational concepts. 183
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3.1 Argument Quality Dimensions184

Theoretical work in argumentation often distin-185

guish three dimensions: logical, rhetorical, and186

dialectical (Blair, 2011; Wachsmuth et al., 2017b).187

The logical dimension or cogency: A logi-188

cally good argument has individually acceptable189

premises that are relevant and sufficient to draw190

the conclusion. Wachsmuth et al. (2017a) com-191

prised the logical quality as: local acceptability192

(are the premises worthy of acceptance?), local rel-193

evance (do the premises support or attack the con-194

clusion?), and local sufficiency (are the premises195

enough to justify the conclusion?). The rhetori-196

cal dimension or effectiveness: An argument is197

effective if it succeeds in persuading a target au-198

dience (Wachsmuth et al., 2017b). Starting from199

Aristotle’s rhetorical appeals, which include pathos200

(emotional appeal), ethos (the arguer’s credibility),201

and logos (appeals to the audience’s reason), they202

further decomposes this dimension into: credibility203

(establishing the speaker’s authority), emotional204

appeal (engaging the audience), clarity (using cor-205

rect and unambiguous language), appropriateness206

(aligning the tone and language with the topic), and207

arrangement (structuring the argument). The di-208

alectic dimension, or reasonableness: It focuses209

on the ability of the argument to contribute to re-210

solving a disagreement, especially with regard to211

counterarguments. It is further decomposed into212

acceptability (the audience’s acceptance of the ar-213

gument), relevance (the ability of the argument to214

advance the discussion) and sufficiency (rebuttal215

to counter arguments) (Wachsmuth et al., 2017a).216

3.2 Pairwise Comparison via BT217

Pairwise comparisons are a widely used method in218

statistical analysis to evaluate preferences between219

pairs of items (Nordstokke and Stelnicki, 2014).220

In argument quality assessment, this approach in-221

volves presenting two arguments at a time and ask-222

ing the annotators to judge which is better based223

on specific criteria. Pairwise comparisons reduce224

cognitive load and time for annotation compared to225

ranking. (Kyne, 2022). We use the Bradley Terry226

(BT) model to derive continuous quality scores227

from these comparisons. Given a pair of items228

(e.g., arguments) di and dj drawn from the dataset,229

BT estimates the probability that the pairwise com-230

parison di ≻ dj turns out true through the formula231

(Hunter, 2004): P (di ≻ dj) = γi
γi+γj

. i > j de-232

notes that argument di is preferred to dj .233

3.3 Large Language Models (LLMs) 234

LLMs have emerged as powerful tools for the 235

generation and understanding of natural language. 236

Based on vast trained corpora of text and their archi- 237

tectures, these models capture statistical patterns 238

inherent in human language, and use them to gen- 239

erate (Coronado-Blázquez, 2025) and evaluate (AI, 240

2025) text. We use: GEMINI 2.0 Flash, Llama 241

3.3 70B Instruct Turbo, GPT-4.1 mini. 242

4 Research Methods 243

This study adopts a controlled experiment to eval- 244

uate whether LLMs can replicate expert-derived 245

argument quality rankings published for the Webis- 246

ArgQuality-20 corpus (Gienapp et al., 2020). The 247

approach follows the original pairwise framework, 248

except for replacing the annotators with LLMs and 249

using a different sampling procedure. 250

4.1 Prompt Engineering 251

Each pairwise comparison task is initiated with a 252

prompt that presents the two arguments—labeled 253

Argument A and Argument B - and instructs the 254

LLM to decide which argument is better with re- 255

spect to a single quality dimension. The response 256

is restricted to the following: ‘A’ if A is better, 257

‘B’ if B is better, or ’Tie’ to indicate a tie. No 258

additional text is allowed and a temperature of 0.2 259

was applied to ensure accurate responses (Ujawane, 260

2024). A zero-shot prompt engineering technique 261

is used, so no prior examples are provided (Gade- 262

sha, 2025). No additional training is conducted. 263

The prompts are provided in the appendix A. 264

4.2 Pairing Strategy 265

Arguments are grouped by the topic identification 266

number provided in the dataset, to avoid argument 267

comparison between unrelated issue. Within each 268

topic, cyclic overlapping pairings are generated 269

using a step size of two. This means that the argu- 270

ment i is compared to its nearest (2) neighbors i+1 271

and i+2. For the main results, each model com- 272

pleted 1,500 comparisons per dimension, yielding 273

4,500 comparisons per model across the three di- 274

mensions. With three models evaluated (GPT-4.1 275

Mini, Gemini 2.0 Flash, and LLaMA 3.3) and three 276

trial runs conducted (further explained in the next 277

sub-section 4.2.1), this resulted in 13,500 compar- 278

isons per trial run. The total number of compar- 279

isons amounted to 40,500. To explore the effect of 280

additional comparisons, an alternative configura- 281
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tion with a step size of three (where the argument i282

is compared to i+1, i+2, and i+3 ) was also tested.283

Also, a second alternative configuration was intro-284

duced in which the step size of three was combined285

with a modified prompt. This variation aimed to286

assess whether the prompt could improve model287

performance. Both configurations are analyzed to288

determine their effect on the evaluation metrics.289

4.2.1 Trial Execution and Reliability290

LLMs possess inherently probabilistic struc-291

tures (Coronado-Blázquez, 2025); their outputs can292

exhibit deterministic qualities even when identical293

inputs are provided. This is substantially influ-294

enced by training data, which may not truly cover295

the evaluation context. In some cases, LLMs hallu-296

cinate, generating responses that appear coherent297

but are not supported by evidence(Ni et al., 2024).298

To address this, each model underwent three inde-299

pendent evaluation trials in each dimension using300

the same pairing strategy. For each trial, the model301

was prompted separately, generating one output file302

per dimension, resulting in a total of nine output303

files across the three trials. These outputs were304

analyzed to assess inter-run consistency and the305

reliability of each model’s judgments. Given the306

minimal variation among trials, the scores for each307

pairwise comparison were averaged among runs.308

4.3 Data Collection309

The study relies on the argument quality corpus310

known as the Webis-ArgQuality-20 corpus intro-311

duced by Gienapp et al. (Gienapp et al., 2020). This312

gold standard dataset contains 1,610 texts covering313

20 debate topics. Each piece of text is ensured to314

contain arguments (checked via crowdsourcing).315

Arguments were then subjected to pairwise com-316

parison analysis by experts, per quality dimension,317

and then ranked via a BT model.318

4.3.1 Data Preparation Steps319

The first step was to remove all the non-320

argumentative items from the dataset. This was321

done by adding a filter to the is_argument metadata,322

which left 1,271 usable rows. From this filtered set,323

750 arguments were randomly pre-selected. This324

sample was used consistently across all models to325

ensure fairness and comparability in the evaluation.326

The choice to use 750 arguments was based on327

practical constraints that include experimental va-328

lidity, API token limits, rate limitations, and other329

costs. The arguments ran across all 20 topics.330

4.3.2 Evaluation metrics 331

To assess how well the LLM-derived rank- 332

ings/scores aligned with the expert gold standard, 333

different metrics were applied: 1) Pearson correla- 334

tion (r) measures the strength of the linear relation- 335

ship between two variables (BT scores) produced 336

by both the LLM and the expert scores. (Williams 337

et al., 2020)., 2) Spearman rank correlation (ρ) 338

assesses the degree of similarity between the 339

LLM rankings and the expert gold standard (Eas- 340

ily, 2024)., 3) MAE (Mean Absolute Error) and 341

RMSE (Root Mean Square Error): quantify the 342

deviation of the predicted scores (LLM-based BT 343

scores) from the expert gold standard in terms of av- 344

erage of the absolute differences and squared aver- 345

age differences (Mondal, 2024; Choudhary, 2024). 346

4.3.3 Inter-Rater Agreement Analysis 347

To assess the reliability of the evaluation results, 348

the inter-rater agreement was measured using Co- 349

hen’s Kappa (κ). This statistical metric quantifies 350

the agreement between two raters on categorical 351

decisions. Higher inter-rater reliability indicates 352

that the collected data consistently reflects the vari- 353

ables being measured (McHugh, 2012). LLM vs. 354

Expert Annotations: Pairwise comparisons from 355

each LLM were evaluated against the expert com- 356

parisons in the Webis-ArgQuality-20 dataset, as- 357

sessing alignment with the expert judgments across 358

logic, rhetoric and dialectic. LLM vs. LLM (Com- 359

parisons): Agreement between the different LLMs 360

on the same argument pairs was measured to assess 361

the consistency across models with varying archi- 362

tectures. LLM Comparison in Three trials: To 363

assess model reliability, pairwise comparisons from 364

the repeated runs are examined using κ. By analyz- 365

ing the latent strength scores derived from the BT 366

model, together with the κ values, the study offered 367

more comprehensive evaluation of the internal co- 368

herence and reliability of LLM based assessments. 369

4.4 Link to Research Questions 370

Main RQ: How well can zero-shot LLM pair- 371

wise comparisons reproduce expert rankings of 372

argument quality? To answer this, three differ- 373

ent LLMs were applied to a dataset of 750 argu- 374

ments sampled from the Webis-ArgQuality-20 gold 375

standard. Each model generated pairwise compar- 376

isons of the different arguments, which were then 377

further processed using the BT model to derive 378

latent strength scores. These scores provided a 379

ranking of the arguments that could be directly 380
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compared against expert rankings. To further eval-381

uate the alignment between the LLM generated382

and the expert rankings, a combination of differ-383

ent metrics were used. This approach ensured that384

the analysis addressed both the strength of linear385

and rank-order associations, as well as the absolute386

magnitude of deviation from expert judgments.387

RQ-1.1: How does LLM performance vary388

across the different dimensions of argument389

quality, and which dimensions are most accu-390

rately assessed? To address this question, the391

evaluation was conducted across the three key di-392

mensions of argument quality: logical, rhetorical,393

and dialectic. Dimension-specific prompts were394

carefully designed with definitions based on crite-395

rion from the argumentation literature (Wachsmuth396

et al., 2017b). By fitting the BT model for each397

dimension, the analysis reveals whether LLMs398

demonstrate any particular strengths/weaknesses399

related to the different facets of argument quality.400

RQ-1.2: How do the different LLMs compare401

in their ability to evaluate argument quality?402

This sub-question was addressed through a cross-403

model evaluation. The three selected LLMs were404

run on the same set of 750 arguments using the405

same sampling and prompting techniques to ensure406

comparability. By analyzing the results produced407

by the three models under equivalent conditions,408

the study was able to observe performance trends409

specific to each model. This not only allowed for410

fair comparison evaluation, but also provided in-411

sight into how the different models and conditions412

influence their assessment of argument quality.413

RQ-1.3: How consistent are LLM-based eval-414

uations when repeated over multiple trials?415

LLMs may produce (slightly) different output when416

prompted repeatedly; therefore, reliability was a417

key consideration in study design. To account for418

this, each model was executed in three separate trial419

runs over the entire argument set. The performance420

indicators were then averaged to produce stable421

final results. This step is essential to address the422

reliability and consistency of LLM performance.423

5 Experiment Set-Up424

To check consistency across LLMs, the final ex-425

perimental setup involved three separate evaluation426

runs, one for each LLM. Each model was provided427

with the same number of arguments (750). Results428

were very consistent across the three runs. Further- 429

more, in order to produce the final reported results, 430

the performance indicators of the three trials were 431

averaged into a single value per model and dimen- 432

sion. However, the correlation agreements were 433

generally weak between the LLM’s results and the 434

expert-derived scores and ranks. For the first three 435

trials, a cyclic step size of 2 was used - each ar- 436

gument was compared to its next two neighbors 437

within the same topic. These trials used prompt ver- 438

sion 1, which included sub-criteria for each quality 439

dimension. Two other exploratory trials are con- 440

ducted where the step size is increased to three, and 441

a second version of the prompt is used. 442

Cost and Computational Evaluation Prelimi- 443

nary runs helped determine a configuration to bal- 444

ance output quality, pairwise comparison coverage, 445

and budget, yielding a sample size of 750 argu- 446

ments. Each trial required about 2.5 - 3.5 hours of 447

computational time depending on batch size, num- 448

ber of comparisons, rate limits, and API errors. 449

6 Results 450

Model Dimension Pearson Spearman MAE RMSE

GPT-4.1 Mini
Logic 0.323 0.341 0.921 1.164

Rhetoric 0.351 0.379 0.898 1.139
Dialectic 0.376 0.387 0.883 1.117

Gemini 2.0 Flash
Logic 0.287 0.300 0.946 1.195

Rhetoric 0.319 0.351 0.918 1.167
Dialectic 0.332 0.338 0.918 1.155

Meta LLaMA 3.3
Logic 0.308 0.326 0.920 1.177

Rhetoric 0.312 0.340 0.917 1.173
Dialectic 0.317 0.330 0.925 1.168

Table 1: Performance of LLMs per argument quality
dimensions (averaged over three trials).

Agreement with Human Assessment Across 451

the three models, the performance varied both by 452

model and by quality dimension (see Table 1.) GPT 453

4.1 mini consistently achieved the highest correla- 454

tions with human-derived rankings, particularly in 455

the dialectic dimension. GPT 4.1 mini prevails 456

with the lowest error in the dialectic dimension. 457

Dimension GPT-4.1 Mini Gemini 2.0 Flash LLaMA 3.3
Logic 0.96 0.93 0.96
Rhetoric 0.97 0.96 0.97
Dialectic 0.96 0.91 0.97

Table 2: Average κ values measuring agreement be-
tween repeated runs of each LLM.

Agreement Across Repeated Runs Within- 458

model agreement was further evaluated using κ 459
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across the three runs. Each trial run was compared460

to other runs and the results were averaged in Table461

2. All three models achieved high levels of con-462

sistency. The BT model does not capture whether463

the same pairwise outcomes are consistently repro-464

duced across trials. This analysis offers a comple-465

mentary perspective of within-model reliability.466

6.1 Exploratory Trial Runs467

Two exploratory trial runs were conducted to exam-468

ine the effects of the sampling strategy and prompt469

design on model performance. These trials served470

as a test to see whether adjustments in prompt for-471

mulation and number of comparisons would influ-472

ence the correlations between the LLM-generated473

ranks and expert decisions. Through these tests,474

valuable information was obtained on how method-475

ological choices might impact results. One trial476

keeps the cyclic step size at 3 while using the ver-477

sion 1 prompt (including dimensions criteria) used478

for the table 1, but the other uses a different prompt479

with step size 3 that asks the model to decide based480

only on the name of the dimension without detail-481

ing the criteria. This helps us to explore whether482

the models could rely on their internal understand-483

ing of the dimensions. However, no repetitions484

were performed due to resource constraints. Each485

trial generated 2,250 comparisons each per LLM486

and per dimension (6,750 overall).487

Model Dimension Pearson r Spearman ρ MAE RMSE

GPT-4.1 Mini
Logic 0.377 0.400 0.886 1.116

Rhetoric 0.386 0.415 0.867 1.109
Dialectic 0.434 0.445 0.842 1.064

Gemini 2.0 Flash
Logic 0.329 0.344 0.935 1.158

Rhetoric 0.373 0.402 0.880 1.120
Dialectic 0.390 0.396 0.883 1.104

LLaMA 3.3 70B
Logic 0.339 0.359 0.901 1.149

Rhetoric 0.348 0.374 0.898 1.142
Dialectic 0.362 0.357 0.906 1.129

Table 3: Expl. Run Results (Prompt v.1, Step = 3)

Step Count 3 - Prompt v. 1 This exploratory488

trial used prompt version 1 with a cyclic step size489

of three. The purpose of this run was to investi-490

gate whether increasing the number of comparisons491

would lead to stronger correlations with the expert492

rankings. Compared to the final averaged results493

in Table 1, the exploratory results shown in Table494

3 demonstrate slightly higher correlations. For ex-495

ample, GPT 4.1 mini in the dialectic dimension496

achieved a r of 0.434 and a ρ of 0.445, both higher497

than those in the averaged results. Similar patterns498

were observed for Gemini 2.0 Flash and LLaMA499

3.3. Thus, increasing the number of comparisons500

may improve the reliability of the model rankings. 501

Model Dimension Pearson r Spearman ρ MAE RMSE

GPT-4.1 Mini
Logic 0.392 0.416 0.873 1.103

Rhetoric 0.417 0.450 0.843 1.080
Dialectic 0.432 0.447 0.855 1.066

Gemini 2.0 Flash
Logic 0.358 0.377 0.894 1.133

Rhetoric 0.418 0.442 0.851 1.079
Dialectic 0.385 0.394 0.866 1.109

LLaMA 3.3 70B
Logic 0.346 0.365 0.894 1.144

Rhetoric 0.359 0.387 0.879 1.133
Dialectic 0.364 0.365 0.889 1.128

Table 4: Expl. Run Results (Prompt v. 2, Step = 3)

Step Count 3 - Prompt v. 2 Table 4 presents the 502

performance metrics of the exploratory trial run us- 503

ing a revised prompt and a step count of 3. GPT-4.1 504

mini led in performance, particularly in the rhetoric 505

dimension, with the results in the dialectic dimen- 506

sion closely following. Gemini 2.0 Flash showed 507

a notable improvement in the rhetoric dimension. 508

LLaMA 3.3 maintained stable performance with 509

a slight increase in all dimensions. Interestingly, 510

Gemini 2.0 Flash also showed gains in the logical 511

dimension compared to previous trials. Compared 512

with Table 1, these results indicate that prompt re- 513

finement and increasing the number of comparisons 514

may significantly improve the model reliability. 515

6.2 Inter-Rater Agreement Analysis 516

To assess the reliability of LLMs in reproducing 517

expert pairwise comparisons of argument quality, 518

κ was computed. Expert comparisons were com- 519

pared to LLM-based judgments obtained from the 520

exploratory trial conducted with prompt version 521

2 using a step size of three which produced the 522

results in the table below, since this configuration 523

provided a much broader coverage of comparisons. 524

Dimension GPT vs Expert Gemini vs Expert LLaMA vs Expert
Logic 0.492 0.446 0.466
Rhetoric 0.485 0.473 0.467
Dialectic 0.531 0.525 0.509

Table 5: κ values measuring agreement between LLMs
and human experts across quality dimensions.

Agreement Between LLMs and Experts Table 525

5 presents the agreement (κ) between each LLM 526

and the expert annotations across dimensions. 527

Dimension GPT vs Gemini GPT vs LLaMA Gemini vs LLaMA
Logic 0.737 0.798 0.737
Rhetoric 0.808 0.820 0.812
Dialectic 0.757 0.786 0.730

Table 6: κ values measuring inter-LLM agreement.
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Agreement Between LLMs The inter-model528

agreement was considerably higher than the agree-529

ment with experts, as shown in Table 6. In the530

logical dimension, agreement was lowest overall,531

while rhetoric showed the strongest agreement.532

7 Discussion533

We discuss here the results obtained per RQ.534

RQ-1.1: How does LLM performance vary535

across the different argument quality dimen-536

sions and which dimensions are most accurately537

assessed? The results indicate that performance538

varied across all dimensions and between models.539

Based on Spearman correlations, the rhetorical di-540

mension emerged as the strongest for two of three541

models (Gemini 2.0 Flash and LLaMA 3.3). How-542

ever, GPT 4.1 mini achieved its highest scores in543

both Pearson and Spearman correlations for the544

dialectical dimension. In Table 4, which reports545

results from the trial run using prompt version 2546

with a cyclic step size of 3, the rhetorical dimen-547

sion again produced the highest spearman correla-548

tion, confirming its robustness under the different549

prompts. Similar patterns were observed with κ550

analysis of inter-LLM agreement, where rhetoric551

achieved values between 0.808 and 0.820, and in552

inter-trial reliability, where rhetoric consistently553

produced values ranging from 0.96 to 0.97. These554

findings suggest that the models were particularly555

effective in capturing signals of persuasiveness,556

clarity, and emotional appeal. However, examining557

κ values for agreement between LLMs and human558

experts, the dialectic dimension emerged as the559

strongest. Additionally, dialectical quality also led560

in Pearson correlations in several tables. In con-561

trast, logical quality was consistently the most chal-562

lenging across all models, showing slightly lower563

correlations and higher error values. This may re-564

flect the inherent difficultly of logical assessment:565

criteria such as sufficiency of evidence, acceptance,566

and relevance in justifying a conclusion require567

deep reasoning and structured evaluation. Research568

shows that some models lack a deep understanding569

of logical fallacies (Payandeh et al., 2023).570

RQ-1.2: How do the different LLMs compare571

in their ability to evaluate argument quality?572

Clear differences were observed between the three573

LLMs evaluated. GPT 4.1 Mini delivered the574

strongest overall performance, consistently outper-575

forming Gemini 2.0 Flash and LLaMA 3.3, al-576

though the correlations with experts remain low. 577

GPT 4.1 Mini achieved moderate Spearman cor- 578

relations in the different trials carried out, and the 579

highest across all dimensions, indicating relatively 580

strong alignment. Gemini 2.0 Flash ranked second, 581

leading in two out of the three dimensions (rhetoric 582

and dialectic) of which it performed best in the 583

rhetoric for both Spearman and Pearson, as well 584

as the error metrics. It also outperformed GPT 4.1 585

Mini in the rhetorical dimension by a margin of 586

0.001 (r). It outperformed LLaMA 3.3 in the logi- 587

cal dimension (r) compared to other tables where 588

it lagged behind. Notably, Gemini’s κ values sug- 589

gested stronger agreement with experts for pairwise 590

comparison decisions in the dialectic than rhetoric. 591

LLaMA 3.3 came last, showing the lowest corre- 592

lations and greater errors, though in some cases 593

it performed comparably to Gemini in the logical 594

dimension (r). The LLM inter-agreement analysis 595

(κ) revealed strong consistency among the mod- 596

els, particularly in rhetoric. Although LLaMA’s 597

agreement with experts was lowest, it did not fall 598

far behind the other models. Also, its κ agreement 599

across the repeated runs was slightly higher than 600

the other two models. These findings confirm that 601

although zero-shot LLMs can not yet match expert 602

level evaluations, they can approximate them to 603

a degree that is both measurable and meaningful, 604

particularly when evaluating rhetoric and dialectic. 605

GPT 4.1 Mini, the newest model among those eval- 606

uated, delivered the strongest performance. Contin- 607

ued advances in LLM development translate into 608

improvements in assessing argument quality. 609

RQ-1.3: How consistent are LLM-based eval- 610

uations when repeated over multiple trials? 611

Given that LLMs are inherently probabilistic, their 612

output may vary across runs even when presented 613

with the same inputs. To assess this, each model 614

was run three times on the same set of arguments 615

and pairwise comparisons, and inter-trial agree- 616

ment was measured using κ. The results revealed 617

considerably higher consistency for all LLMs, as 618

the values ranged between 0.91 and 0.97, usually 619

indicating almost perfect agreement. In addition to 620

this, the BT scores further confirmed the stability 621

of the model output across the three trials, with con- 622

sistency evident even before averaging the results 623

for final reporting. Taken together, the agreement 624

metrics and BT scores suggest that all three mod- 625

els demonstrated particularly consistent rankings, 626

despite differences in their overall alignment with 627

7



expert judgments. This is important as a model628

that performs well in a single run but fluctuates629

across repetitions may be less reliable in practice.630

Although all LLMs produced consistent rankings,631

GPT 4.1 Mini and Gemini 2.0 Flash demonstrated632

strong reproducibility, while LLaMA 3.3 also per-633

formed reliably. Nevertheless, future work could634

further enhance reliability checks by running addi-635

tional trials and applying a majority vote strategy636

to understand the effect of output variations.637

Main Research Question The results of this638

study indicate that zero-shot LLMs can partially ap-639

proximate expert rankings of argument quality, par-640

ticularly in rhetoric and dialectic. Among the mod-641

els evaluated, GPT 4.1 mini consistently demon-642

strated the strongest alignment with expert scores,643

followed by Gemini 2.0 Flash, with LLaMA 3.3644

trailing. Although none of the models replicated645

perfectly expert rankings, moderate correlations646

suggest that current LLMs have the ability to cap-647

ture some cues that experts use when evaluating648

arguments. Two of the three models (Gemini 2.0649

Flash and LLaMA 3.3) performed best in rhetoric,650

suggesting that LLMs are particularly sensitive to651

cues related to this dimension. GPT 4.1 Mini also652

had good results in rhetoric but dialectic had better653

results, whereas logical quality posed the greatest654

challenge across the models. Overall, the results655

indicate that zero-shot LLMs cannot yet serve as656

full substitutes for expert evaluation, but they can657

provide valuable and cost-effective approximations.658

Their ability to capture rhetorical and dialectical659

quality is particularly promising for applications660

like debate moderation or discourse analysis, as661

seen from the exploratory trials. The limitations in662

assessing logical quality suggest the need for hy-663

brid approaches combining LLM-based evaluation664

with logical reasoning or human oversight.665

8 Conclusion666

This paper explored the potential of zero-shot667

LLMs in assessing argument quality across mul-668

tiple argument quality dimensions using pairwise669

comparisons and the application of Bradley Terry670

modeling. Through prompt engineering and evalu-671

ation of three LLMs - GPT-4.1 mini, Gemini, and672

LLaMa 3.3 - in multiple trials, this research of-673

fers a detailed analysis of how well LLM generated674

rankings align with the expert’s judgments and how675

reliably these rankings are produced across runs.676

The findings demonstrate that while LLMs do not677

yet match expert-level evaluation, they are capa- 678

ble of approximating expert rankings to a measur- 679

able and meaningful degree, especially in rhetorical 680

and dialectical dimensions. GPT 4.1 Mini consis- 681

tently outperformed the other models in the tri- 682

als, showing the highest (but moderate) correlation 683

with the expert scores. Gemini 2.0 Flash followed 684

closely, particularly excelling in the rhetorical di- 685

mension, while LLaMA 3.3, though the weakest 686

overall, showed occasional strength in logical com- 687

parisons during earlier trials, according to Pearson 688

correlations. These performance differences high- 689

light how the model, scale, and potentially their 690

training data influence zero-shot evaluative capa- 691

bilities. Analysis of repeated trials using κ demon- 692

strated that all three models produced highly con- 693

sistent pairwise judgments, despite the nature of 694

LLM outputs. Exploratory trials further suggested 695

that prompt refinement and adjustments to com- 696

parison parameters such as the cyclic step size can 697

influence performance, indicating opportunities for 698

optimizing performance without compromising re- 699

liability. This work contributes a replicable frame- 700

work for evaluating the quality of arguments with 701

LLMs, integrating prompt engineering, pairwise 702

comparisons methodology and statistical modeling. 703

It reinforces the importance of multidimensional 704

assessment in argument evaluation and shows that 705

with human oversight and careful design, LLMs 706

can assist in complex judgment tasks on a scale. 707

Future work will build on this study in several 708

directions. First, we will explore the fine-tuning of 709

LLMs specifically for argument quality assessment, 710

possibly focusing on specific dimensions. Tailor- 711

ing models through domain specific training or few 712

shot learning may help them better capture reason- 713

ing validity and detect fallacies. Second, we will 714

increase the scale of pairwise comparisons aiming 715

at reducing variability in the probabilistic outputs 716

of LLMs and improving the robustness of the BT 717

rankings. Third, prompt strategies also merit fur- 718

ther investigation, since less rigid prompting led to 719

small gains in the different dimension evaluations. 720

We will employ other prompt engineering tech- 721

niques such as chain-of-thought or other structured 722

approaches to assess whether they improve the re- 723

liability of pairwise evaluations. Fourth, we will 724

broaden the scope of argument quality dimensions, 725

including additional dimensions and aiming at an 726

overarching quality dimension. All code and the 727

dataset used are available at: https://anonymous. 728

4open.science/r/arg_quality_llm-12E9. 729
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9 Limitations730

In this section, the limitations of the study are dis-731

cussed as well as the potential threats to the valid-732

ity of the findings. The discussion is structured733

according to the common validity categories in-734

spired by Wohlin et al. (Wohlin et al., 2012) guide-735

lines, namely, internal validity, external validity,736

construct validity and conclusion validity.737

9.1 Internal Validity738

One potential threat was the unpredictable nature739

of how LLMs respond. Different runs could yield740

different pairwise judgments, which could affect741

the results. To mitigate this, three separate trials742

were conducted for each model and dimension. As743

reported, the results remained stable and did not744

significantly skew the findings. Although aver-745

aging across the trial runs provided a stable and746

cost-efficient measure of model performance. An747

alternative approach would be to apply a majority748

vote strategy where each pairwise comparison trial749

runs are conducted 3 - 5 times or more and the750

most frequent outcome is selected. This method751

could further mitigate the probabilistic nature of752

LLMs and yield more reliable pairwise judgments.753

Another factor would be prompt formulation. Al-754

though the same prompt templates were used across755

all models, it is possible that there are differences756

in how each LLM interprets the instructions, which757

could therefore affect the results of the study. The758

third concern would be data filtering and missing759

comparisons. 5 out of 750 arguments were dropped760

after fitting the BT model, due to undefined scores.761

There is the possibility that removing these cases762

could lead to bias in the results. However, given763

that the data was less than 1%, the impact could be764

minimal on the overall outcome.765

9.2 External Validity766

First, the evaluation was based on a specific dataset767

consisting of arguments drawn from an online de-768

bate portal on a set of different topics. These ar-769

guments are mostly a few sentences. Therefore,770

the results achieved may not generalize to other771

more complex forms, such as essays. There is a772

possibility that it could be (more or less) challeng-773

ing for the LLM. Another aspect is that the expert774

scores used as ground truth came from a specific775

annotation process and reflect the judgments of the776

annotators shaped by their own interpretation of777

the dimensions. In another context, the different di-778

mensions could be understood differently, meaning 779

the LLM’s alignment with one set of experts might 780

not hold if used in another set. For this research, the 781

zero-shot approach was used where the model is 782

given instructions to compare the arguments with- 783

out fine-tuning or additional training. While this 784

approach is practical, it does not take into account 785

the performance gains from fine-tuning the LLM or 786

perhaps through few-shot prompting. The results 787

do not explain how well the models would do in 788

those particular settings. In future work, it would 789

be valuable to assess whether alternative techniques 790

could improve LLM accuracy, especially in dimen- 791

sions like logical soundness, where current per- 792

formance is limited. Finally, LLMs are evolving 793

rapidly. The LLM versions used in this study are 794

not the latest and could probably have been sur- 795

passed by newer versions. Although comparative 796

and qualitative insights might remain relevant, met- 797

ric values may shift even further with advances in 798

LLM. 799

9.3 Construct Validity 800

Argument quality was split into three dimensions 801

(logical, rhetorical, dialectical) according to the 802

dataset’s scheme for annotation. There is a pos- 803

sibility that the LLMs comparisons do not align 804

with the intended construct. For example the LLM 805

might rate the argument’s logical quality on con- 806

fident phasing even if the actual argument itself 807

is logically flawed. To mitigate this, phrasing the 808

prompts clear with criteria to steer the model to- 809

wards the intended idea was conducted; however, 810

LLMs are known to be black boxes. Comparing 811

them to human judgment without 100%certainty 812

that they have the same understanding of the ’qual- 813

ity’ dimensions is very challenging. Furthermore, 814

argument quality overall and other qualities were 815

not assessed, since the study focused on the three di- 816

mensions of argument quality. While this approach 817

provided insights that were valuable, it did not en- 818

compass every aspect related to argument quality 819

such as precision and completeness. The dataset 820

used for the gold standard comes from different ex- 821

perts who made pairwise comparisons. Any noise 822

and/or bias could affect the results. The Webis- 823

ArgQuality dataset is assumed as a valid measure 824

for argument quality, but it is possible that there 825

could have been inconsistencies in the annotation 826

process or maybe the experts had their own biases. 827

Another consideration is the separation of quality 828

into three dimensions. Each dimension is treated 829
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independently for evaluation purposes, but there830

was no explicit reminder in the prompt to ignore831

the other dimensions, except the specific prompt832

template that highlighted the criteria. Therefore,833

there is a possibility that the LLM might try to834

bring in other dimensions despite the intention to835

isolate. If the LLM for example took rhetorical into836

account for logical dimension analysis, then results837

could be blurry.838

9.4 Conclusion Validity839

One limitation related to conclusion validity is840

seen through the number of pairwise comparisons841

generated for this study. Although 1,500 compar-842

isons across 750 arguments provided a substantial843

dataset, prior work by Gienapp (Gienapp et al.,844

2020) demonstrated the benefits of using far larger845

comparisons sets (over 41,000). Larger datasets846

may increase the statistical robustness of the BT847

model, and improve the stability of resulting rank-848

ings. In this study, the smaller comparison set849

was chosen to balance computational and finan-850

cial strains, however it is possible that a larger set851

of comparisons would have produced more rank-852

ings closely aligned with expert decisions. Future853

research could explore scaling up number of com-854

parisons.855

10 Ethical Considerations856

The assessment of argument quality aims, in gen-857

eral, at the societal benefit since better, stronger,858

higher quality arguments do not contain fallacies859

and spurious reasoning. Therefore, the intention of860

this work is to promote the development of high-861

quality, grounded discussions. At the same time,862

two ethical risks are inherent to this work. The first863

is that, by strengthening the quality of arguments864

supporting them, unethical or armful claims are865

spread. For instance, hateful messages could be866

supported by rhetorically high-quality arguments.867

One possible solution to this issue is to accompany868

argument quality assessment with hate speech de-869

tection or similar analyses. The second risk is that,870

by demanding quality assessment to LLMs, inten-871

tional or unintentional distortions are introduced872

in the analysis and moderation of public discourse.873

For example, models could show biases that fa-874

vor some types of arguments over others. For this875

reason, as indicated also above, it is important to876

include human oversight in these moderation sys-877

tems, and employ automated models in LLMs-in-878

the-loop systems. 879
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A APPENDIX 1000

A.1 Prompt Structure 1001

Below are the structured prompts used in this study: 1002

1003

A.1.1 Prompt Version 1 1004

: (used in all three evaluation trials): This version 1005

explicitly includes the definitions of the relevant 1006

sub-criteria for each argument quality dimension. 1007

The objective was to ensure that the models had 1008

a clearer understanding of what each dimension 1009

entailed, potentially improving their ability to focus 1010

on the intended evaluation aspect. 1011

Logical: ""You are given two arguments: Argument 1012

A and Argument B. Decide which one is logically 1013

stronger based on these criteria only:" 1014

• "- which is more acceptable/credible" 1015

• "- which is more relevant to a conclusion" 1016

• "- which is more sufficient to justify a conclu- 1017

sion" 1018

"Reply with only one of the following options: A, B, 1019

or tie. Do NOT add any other text." 1020

Rhetorical: " "You are given two arguments: Ar- 1021

gument A and Argument B. Decide which one is 1022

rhetorically stronger based on these criteria only: 1023

• "- which appears more authoritative/trust wor- 1024

thy." 1025

• "- which makes a stronger emotional appeal." 1026
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• "- which is clear and more appropriate in1027

tone."1028

"Reply with only one of the following options: A, B,1029

or tie. Do NOT add any other text."1030

Dialectical: " "You are given two arguments: Ar-1031

gument A and Argument B. Decide which one is1032

dialectically stronger based on these criteria only:1033

• "- which would be acceptable to the audi-1034

ence."1035

• "- which contributes more to constructive dia-1036

logue."1037

• "- which better anticipates or refutes counter-1038

arguments."1039

"Reply with only one of the following options: A,1040

B, or tie. Do not provide any explanation."1041

1042

A.1.2 Prompt Version 21043

: (used in a single exploratory run): This version1044

omits the explicit criteria and refers only to the1045

dimension (e.g., Decide which one is logically1046

stronger). This was intended to stimulate a1047

more open-ended setting in which the model is1048

allowed to rely on its internal representation of the1049

dimension. However, due to time and resource1050

constraints, this prompt version was tested in a1051

single trial and is considered exploratory. Below1052

are the prompt examples:1053

Logical: ""You are given two arguments: Argu-1054

ment A and Argument B. Decide which one is1055

logically stronger." "Reply with only one of the1056

following options: A, B, or tie. Do NOT add any1057

other text." "1058

Rhetorical: " "You are given two arguments:1059

Argument A and Argument B. Decide which one is1060

rhetorically stronger. "Reply with only one of the1061

following options: A, B, or tie. Do NOT add any1062

other text."1063

Dialectical: " "You are given two arguments:1064

Argument A and Argument B. Decide which one is1065

dialectically stronger. "Reply with only one of the1066

following options: A, B, or tie. Do not provide any1067

explanation."1068

1069
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