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Abstract

In today’s fast-paced information era, logical001
fallacies, defined as defective patterns of rea-002
soning, inevitably contribute to the growth of003
information disorder. However, often fallacies004
appear in nuanced forms that complicate auto-005
mated classification. In this study, we investi-006
gate whether the logical structure of arguments007
proves beneficial for fallacy classification by008
developing a framework that extract logical pat-009
terns using Large Language Models (LLMs).010
We evaluate the impact of these patterns across011
different LLMs and experimental zero- and012
one-shot configurations, showing statistically013
significant improvements over zero-shot base-014
lines and outperforming competing approaches.015
Cross-dataset experiments validate generaliza-016
tion, establishing data-driven pattern extraction017
as an effective method for generating logical018
representations.019

1 Introduction020

A logical fallacy is a common error of thinking, es-021

pecially one apt to mislead (Gensler, 2010). These022

arguments often appear rational and logically co-023

herent on the surface, but deeper analysis reveals024

they are not (Copi et al., 1953). Fallacies are tradi-025

tionally classified into formal and informal types:026

formal fallacies violate the rules of logical struc-027

ture regardless of content, while informal fallacies028

are patterns of mistakes that are made in the every-029

day uses of language and are related to contextual030

meaning (Hamblin, 1970; Bacon et al., 1999; Copi031

et al., 1953).032

To evaluate the quality of an argument, it is help-033

ful to reconstruct it into what is known as logical034

form, the structure that emerges when the specific035

content of a statement is replaced by variables036

(Johnson and Blair, 1977). For example, the ar-037

gument If it rains, then the ground will be wet. It038

is raining. Therefore, the ground is wet has the039

logical form If P, then Q. P. Therefore, Q. Building040

on this formalization framework, Jin et al. (2022) 041

developed a structure-aware model for fallacy de- 042

tection on the LOGIC dataset that compares argu- 043

ments’ and fallacies’ logical forms. However, in 044

their approach a single logical form is assigned 045

to each fallacy, which might fail to capture the 046

full spectrum of ways a fallacy can manifest in 047

natural discourse. Another challenge is related to 048

informal fallacies, where reasoning is often more 049

nuanced and context-dependent than abstract rep- 050

resentations suggest. 051

This gap between theory and practice raises a 052

key question: How valuable is the logical struc- 053

ture of arguments for automated fallacy detec- 054

tion? To answer this question, we exploit Large 055

Language Models (LLMs) to extract fallacies’ log- 056

ical patterns from fallacious examples and their 057

explanations, attempting to capture both logical 058

forms and context-aware logical schemes that re- 059

veal the underlying mechanisms of deception in 060

fallacious arguments, an approach designed to over- 061

come Jin et al. (2022)’s limitations. Hereafter, we 062

refer to these extracted structures collectively as 063

patterns. While existing supervised approaches 064

require heavy computational resources for fine- 065

tuning (Vijayaraghavan and Vosoughi, 2022; Lei 066

and Huang, 2024; Sourati et al., 2023a,b; Alhindi 067

et al., 2024), to our knowledge, no prior work 068

has explored fallacy classification from a struc- 069

tural perspective without any additional fine-tuning. 070

Although we use labeled data for pattern extrac- 071

tion, our approach avoids fine-tuning costs and 072

produces generalizable patterns that allow classifi- 073

cation through prompting alone, enabling compari- 074

son with unsupervised methods. 075

We evaluate multiple prompting configurations 076

to determine which informational components en- 077

hance performance and examine the impact of 078

demonstrations on detection capabilities. Our 079

approach, incorporating the generated patterns, 080

achieves outstanding results among unsupervised 081
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methods on the dataset LOGIC. Finally, to validate082

the robustness and transferability of our patterns,083

we assess their performance across two further084

datasets spanning diverse domains and argumenta-085

tive styles.086

In summary, our contributions are threefold:087

• We leverage LLMs to extract patterns from088

fallacious examples, which are then employed089

in inference-only classification.090

• We evaluate different LLMs with diverse091

prompt designs to identify which informa-092

tional components optimize fallacy classifi-093

cation.094

• We validate generalizability by testing our pat-095

terns on two different datasets with different096

domains and structures.097

2 Datasets098

The LOGIC dataset is a collection of 2449 exam-099

ples across 13 fallacy types. Instances are sourced100

from educational platforms about fallacies such as101

Quizziz and study.com. The dataset consists of102

brief dialogues and short statements. Given the ed-103

ucational intent behind these examples, sentences104

tend to have relatively straightforward syntactic105

structures, making the dataset particularly well-106

suited for pattern recognition and alignment with107

logical forms.108

Although it contains 13 distinct classes, a thor-109

ough analysis revealed that some of the classes110

actually contain instances of different fallacies that111

were grouped together. For instance, the class112

Hasty Generalization contains examples of actual113

Hasty Generalization as well as Slippery Slope (Ta-114

ble 1). While these grouped fallacies share com-115

mon logical flaws and thus belong to the same116

conceptual group, they manifest through different117

structural patterns, which complicates the attempt118

to match them all to a single logical scheme.119

We experiment on two further datasets: RED-120

DIT (Sahai et al., 2021), consisting of fallacious121

comments extracted from subreddits covering dif-122

ferent topics and ELECDEBATE60TO16 (hereafter123

ELECDEBATE) (Goffredo et al., 2023), a collec-124

tion of televised debates of the presidential election125

campaigns in the U.S. from 1960 to 2016. Some126

fallacy classes contain sub-categories. Datasets’127

summary is reported in Table 2 and a description128

of each taxonomy is provided in Appendix E.129

Class Fallacies included
Intentional Fallacy Intentional Fallacy

Shifting the Burden of Proof
Moving the Goalposts
No True Scotsman

False Cause Post Hoc
False Cause

Hasty Generalization Hasty Generalization
Slippery Slope

Table 1: Examples of classes in LOGIC containing in-
stances of different fallacy types. While logically co-
herent, these groupings comprise fallacies with distinct
structural patterns. A detailed breakdown of all classes’
subtypes is provided in Appendix D of Jin et al. (2022).

Data Dataset split # Classes Genre Domain

LOGIC 1807/290/290 13 Dialogue Education
REDDIT 588/148/105 8‡ Comments General
ELECDEBATE 1120/200/187 6 Dialogue Politics

Table 2: Statistics of the three datasets. ‡ indicates that
the No Fallacy class is included.

3 Pattern generation 130

Natural arguments appear in several different 131

forms. Such variability manifests itself in LOGIC 132

dataset as well as many others (Habernal et al., 133

2018; Da San Martino et al., 2019). For this reason, 134

we address our research question by modeling pat- 135

terns inductively from the observed text instances. 136

The choice of the LOGIC dataset for pattern extrac- 137

tion is critical: it provides the required combination 138

of structural clarity and fallacy diversity through 139

its multiple sub-types per class. These properties 140

make it especially suited for our purpose: the clean 141

argumentative structure allows to formalize clear 142

logical patterns while capturing intra-class varia- 143

tions. 144

Our pattern generation procedure features two 145

steps: 146

Step 1: Explanation Generation Explanations 147

have been shown to be instrumental in identifying 148

and discrediting fallacious reasoning, as they make 149

the logical structure of arguments explicit and open 150

to scrutiny (Storer, 1949). Furthermore, Jeong et al. 151

(2025) has demonstrated that providing explana- 152

tions constitutes valuable contextual information 153

in zero-shot settings. We expected explanations to 154

facilitate pattern extraction by breaking down the 155

reasoning process and revealing shared reasoning 156

flaws, particularly useful for informal fallacies. 157

Given a sentence from the training set and its 158
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fallacy label, we used llama-3.3-70B to gener-159

ate an explanation that justifies why that sentence160

contains the specified fallacy.161

Step 2: Pattern Extraction For each fallacy162

class, we used OpenAI’s reasoning model o4-mini163

(OpenAI, 2025) to extract patterns from the col-164

lected sentences and their explanations, requiring165

the model to preserve logical connectors such as166

prepositions or adverbs and to abstract away from167

content words by replacing them with placeholders168

while keeping the original reasoning form. Addi-169

tionally, summaries were extracted to derive new170

fallacy definitions.171

We opted for Llama-3.3-70B-Instruct for ex-172

planation generation as it provided high-quality ex-173

planations while remaining cost-effective for large-174

scale text generation. For pattern extraction, we175

employed o4-mini given its reasoning capabilities.176

The prompts used in our experiments are re-177

ported in Appendix G.1. In the initial phase of our178

research, we aimed to cover two distinct logical179

aspects from our arguments and explanations, spe-180

cific to formal and informal fallacies, respectively:181

• arguments’ logical forms as defined by for-182

mal logic theory;183

• recurring reasoning schemes that frequently184

appear in both sentences and explanations,185

capturing specific information about the rea-186

soning behind the fallacy, including frequent187

syntactic particles, phrases, and examples that188

convey the fallacious intent.189

Our patterns incorporate both logical forms and190

reasoning schemes, as Table 3 shows. These pat-191

terns differ from logical forms and definitions by192

combining reasoning structure (variables X, Y, Z)193

with concrete linguistic features (specific phrases,194

loaded terms, rhetorical devices). The full list of195

patterns is available in Appendix F (Table 20).196

The process resulted in approximately 3-6 pat-197

terns per fallacy class. Final patterns were obtained198

after providing different subsets to the model and199

selecting the best performing one on the validation200

set, in the attempt to retain only useful information201

and avoid redundancy. In section 2 we discussed202

how one class in the datasets could correspond to203

multiple fallacies. Although in some cases, e.g.204

a pattern for Tu quoque (a fallacy which is part205

of the class Ad Hominem in LOGIC), is correctly206

generated and selected, sometimes fails to select207

patterns when multiple fallacies are grouped under208

the same class label. This is expected because we 209

include the fallacy class name in the prompt, which 210

likely biases the model toward patterns that match 211

its internal knowledge of that particular class name. 212

To ensure a broader coverage of fallacies listed 213

in Table 1, we manually isolated instances of fre- 214

quent and undetected fallacies (such as Shifting the 215

Burden of Proof ) and repeated the procedure. 216

Intentional Fallacy Patterns

1. The argument assumes that because X (e.g., someone’s intention, belief, or
lack of counter-evidence), therefore Y is true.

2. Asserting P is true because it has not been disproven.
3. Because the creator intended [interpretation], the work should be understood

as [interpretation].
4. Questions framed to presuppose guilt or a specific intention (e.g., “Have

you stopped X?”), thus assuming what is to be proven.
5. If A does not have trait X, and X is (allegedly) typical of group G, then A is

not a member of G.

Table 3: Patterns for Intentional Fallacy combining rea-
soning schemes (#4) and logical forms (#5) that encode
structure and intent.

4 Experiments 217

This section describes our experiments for fallacy 218

detection, including our patterns extracted by the 219

procedure introduced in Section 3 and several 220

competing prompting strategies. Additional 221

experiments are reported in Appendix C. We used 222

the following LLMs for our experiments: gpt-4o, 223

o4-mini, gpt-4.1-mini, LLama-3.3-70B, 224

deepseek-r1 and Gemma-3-27B-it for a total 225

cost of 75 USD. Our intent was to test LLMs from 226

different providers and with different sizes and to 227

compare reasoning and non-reasoning models. 228

4.1 Prompt Design 229

Baselines We compared our approach against 230

several baselines that vary in the type and amount 231

of information provided to the model. The simplest 232

baseline (ZERO-SHOT) provides only the list of 233

fallacy names in the dataset as a reference, estab- 234

lishing a minimal information condition. Our sec- 235

ond baseline incorporates fallacy definitions to pro- 236

vide more comprehensive background knowledge 237

(DEF). These definitions were initially sourced 238

from Lei and Huang (2024) and subsequently re- 239

fined based on our analysis to ensure clarity and 240

consistency. Finally, we tested a baseline using 241

standard logical forms, following the approach of 242

Jin et al. (2022) and sourcing these forms from logi- 243

callyfallacious.com. This final baseline (LOGICAL 244

FORMS) allows us to assess the effectiveness of 245
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expert-made logical representations compared to246

our generated pattern-based approach.247

LLM-derived Patterns and Definitions Be-248

yond generating logical patterns, we leveraged the249

explanations from Section 3 to automatically cre-250

ate new fallacy definitions based on LOGIC train-251

ing samples (see prompt in Appendix G.1). We252

then replicated experiment DEF with these new253

definitions (NEW DEF). We also exploited the254

patterns extracted by adding them to the prompt255

(PATTERNS) and by implementing a two-step ap-256

proach where we first ask the LLM to identify the257

pattern and then to output the corresponding fallacy258

(PATTERN MATCHING).259

One-shot Prompting We further investigated the260

impact of providing examples to the model through261

several experimental configurations (Brown et al.,262

2020), with one-shot prompting proving most ef-263

fective. Initially, we tested a static approach where264

one example per fallacy was randomly selected265

and shown to all test sentences (ONE-SHOT), es-266

tablishing a baseline for example-based learning.267

To enhance this approach, we augmented the same268

examples with manually crafted explanations fol-269

lowing our previously established definitions as270

guidelines (ONE-SHOT + EXP). We sampled 5271

different example sets and performance across all272

configurations was assessed over 5 runs to ensure273

statistical reliability.274

More sophisticated was our dynamic one-shot275

prompting approach (DYNAMIC ONE-SHOT),276

which computes embeddings for both training277

and test sentences to retrieve the most similar278

example per class for each test sentence. We used279

sentence-transformers/all-MiniLM-L6-v2280

model and cross-encoder/stsb-roberta-base281

cross-encoder from SentenceTransformers282

(Reimers and Gurevych, 2019) to compute283

embeddings and employed cosine similarity to284

evaluate similarity. We included the previously285

generated explanations of examples in the prompt286

as well (DYNAMIC + EXP).287

Furthermore, we explored structure-focused288

similarity. Since Jin et al. (2022) released a289

version of LOGIC with masked arguments (with290

content words replaced by placeholders), we291

conducted the same similarity-based procedure292

using these masked sentences (see an example293

in Table 4) in an attempt to force the embedding294

model to focus on structural rather than lexical295

Original ar-
gument

Every time I wear this necklace, I pass my exams. Therefore,
wearing this necklace causes me to pass my exams.

Masked
argument

Every time MSK<0> MSK<2>, MSK<0> MSK<4>. Therefore,
MSK<2> causes MSK<0> to MSK<4>.

Table 4: Example of a masked argument in LOGIC. The
distillation algorithm is explained in Jin et al. (2022).
The masked version of the dataset was publicly released
by the authors and was not created by us.

similarities. For this configuration (SYNTAX- 296

BASED DYNAMIC ONE-SHOT), we used 297

sentence-transformers/all-MiniLM-L6-v2 298

from SentenceTransformers alongside a syntax- 299

augmented version of RoBERTa-large extracted 300

from Sachan et al. (2021) (see Appendix D). 301

Finally, we incorporated the generated patterns 302

into our dynamically retrieved examples and their 303

explanations (DYNAMIC + EXP + PATTERNS). 304

Multi-step Classification An alternative ap- 305

proach involves decomposing the classification 306

task into three sequential steps within a single 307

model call (MULTISTEP) using chain-of-thought 308

prompting (Wei et al., 2023). In the first step, the 309

model is required to generate a logical form repre- 310

sentation of the argument according to predefined 311

structural rules (prompt in Appendix G.2). Sub- 312

sequently, the model should match the generated 313

logical form to one of the patterns and, as a result, 314

classify the argument. 315

4.2 Results and discussion 316

Table 5 summarizes all experimental configura- 317

tions and results on LOGIC: it reveals a consistent 318

improvement when the model leverages informa- 319

tion about the underlying logic extracted through 320

the LLMs, especially with reasoning models and 321

gpt-4o. When using reasoning models, the model- 322

generated definitions yield a 4.65% accuracy im- 323

provement over our manually corrected definitions. 324

In the same way, including our generated patterns 325

causes a 8.2% increase with respect to the log- 326

ical forms extracted by the website logicallyfal- 327

lacious.com and used in Jin et al. (2022). Mc- 328

Nemar’s test proved statistical significance for all 329

models using PATTERNS against ZERO-SHOT and 330

for all except llama and deepseek against LOG- 331

ICAL FORMS method. When it comes to non- 332

reasoning models, the different definitions do not 333

really affect the performance, whereas using our 334

patterns improves the accuracy by 5.8% on aver- 335

age. A notable result is the performance increase 336
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Method o4-mini gpt-4o deepseek-r1 gpt-4.1-mini llama-3.3-70B gemma-3-27b-it

Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

Baselines

ZERO-SHOT 61.7 55.3 62.7 57.0 62.7 57.3 57.8 51.0 55.8 47.7 60.5 51.3
DEF 62.1 58.7 65.0 58.7 62.2 56.5 57.5 50.6 59.1 51.5 63.5 55.2
LOGICAL FORMS 63.2 57.4 65.4 59.4 63.1 55.4 57.8 49.4 60.2 51.3 62.8 53.9

LLM-derived Patterns and Definitions

NEW DEF 66.8 67.3 66.8 59.9 66.8 60.0 57.5 52.5 58.8 53.3 64.8 57.7
PATTERNS 72.2 66.4 73.2 64.9 70.5 66.2 63.5 55.7 64.5 53.3 68.5 61.9
PATTERN MATCHING 70.1 65.9 73.5 66.5 71.5 66.5 65.2 57.9 66.2 59.6 67.2 59.9

One-shot prompting

ONE-SHOT 63.6 59.6 64.1 58.7 58.5 55.9 56.2 48.1 56.1 46.2 60.0 49.7
ONE-SHOT + EXP 65.2 59.5 63.5 59.0 45.7 48.6 56.8 50.0 56.3 47.9 59.2 49.7
DYNAMIC ONE-SHOT
all-MiniLM-L6-v2 70.2 67.6 71.3 66.4 70.4 66.2 65.8 61.7 65.5 59.7 68.5 63.3
roberta-base 69.5 64.3 69.5 64.6 72.5 67.8 65.5 61.3 64.8 58.9 66.5 60.6
SYNTAX-BASED DYNAMIC ONE-SHOT
all-MiniLM-L6-v2 68.2 63.6 71.2 66.1 68.5 64.2 63.2 58.3 62.8 55.7 64.5 57.3
syntax-augmented roberta-large 65.5 65.5 71.2 66.3 68.5 64.2 64.5 58.6 64.2 56.5 63.5 56.0
DYNAMIC + EXP 71.2 68.9 69.5 65.0 72.7 67.9 67.8 61.0 67.5 62.2 68.2 63.2
DYNAMIC + EXP + PATTERNS 74.2 68.9 73.1 67.2 73.2 67.9 66.8 62.3 67.2 55.1 70.5 65.9

Multi-step classification

MULTISTEP 65.4 64.9 70.9 62.7 62.2 57.1 65.8 55.8 62.5 55.1 66.8 60.2

Table 5: Fallacy classification performance on LOGIC. Bold: best approach in section per model by accuracy,
Bold: best approach overall per model by accuracy. F1 score denotes Macro F1 score, which accounts for the class
imbalance in the dataset.

achieved through dynamic one-shot prompting. In337

particular, DYNAMIC ONE-SHOT approach (us-338

ing all-MiniLM-L6-v2) yields an average 8.87%339

increase in accuracy compared to ONE-SHOT, de-340

spite relying on semantic similarity for example341

selection. On the other hand, the syntax-oriented342

example retrieval strategy (SYNTAX-BASED DY-343

NAMIC ONE-SHOT) does not outperform the se-344

mantic selection. This may be partially due to345

inaccuracies in the sentence masking process,346

which can negatively impact the retrieval of simi-347

lar examples and the classification, consequently.348

The MULTISTEP approach shows weaker perfor-349

mance than PATTERN MATCHING, especially for350

deepseek-r1, implying that generating logical351

forms without explicit guidance constitutes the352

main challenge for the model in the request.353

In summary, performance benefits from354

structure-based information, indicating that incor-355

porating logical reasoning structure into prompts356

enhances fallacy classification and achieves357

competitive results: PATTERNS with gpt-4o358

reaches 73.5% accuracy, outperforming prior359

unsupervised methods (Table 6), while DY-360

NAMIC+EXP+PATTERNS with o4-mini achieves361

74.2% when augmented with examples and pat-362

terns.363

4.3 Error analysis 364

Pattern matching Requesting the model to iden- 365

tify the closest pattern for each argument provides 366

insight into the association process between sen- 367

tences and patterns. For our analysis, we have split 368

our fallacies into two groups in Table 7: i) group 1, 369

consisting of fallacies whose patterns include log- 370

ical forms while still including additional contex- 371

tual cues; ii) group 2, consisting of fallacies that 372

lack highly structured patterns and rely more on 373

contextual and semantic features of the sentence. 374

Figure 1 shows consistently superior accuracy 375

for Group 1, whose classes maintain relatively high 376

performance across all experimental settings. The 377

class Circular Reasoning emerges as the most ac- 378

curately predicted class across all models. For 379

what concerns Group 2, the overall accuracy is, 380

on average, 22% lower with respect to Group 1. 381

Method Acc F1

Jeong et al. (2025) 49.0 37.0
Pan et al. (2024) - 50.5
PATTERNS (gpt-4o) 73.5 66.5
DYNAMIC+EXP+PAT. (o4-mini) 74.2 68.9

Table 6: Comparison of our best results against the
unsupervised baselines provided by Jeong et al. (2025)
and Pan et al. (2024) (described in Appendix B) for
LOGIC.
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Group 1 Group 2

• Ad Hominem
• Ad Populum
• Circular Reasoning
• Irrelevant Authority
• False Cause
• Hasty Generalization
• Deductive Fallacy
• Black-and-White Fallacy

• Red Herring
• Equivocation
• Emotional Language
• Extension Fallacy
• Intentional Fallacy

Table 7: Grouped fallacy classes based on pattern fea-
tures for analytical purposes.

The classes Emotional Language, Red Herring382

and Extension Fallacy achieve moderate predic-383

tion accuracy, whereas only Evading the Burden384

of Proof ’s patterns within the Intentional Fallacy385

category are correctly classified, and Equivocation386

remains entirely undetected by gpt-4.1-mini. In387

summary, the models achieve better performance388

on logical fallacies that exhibit clearer structural389

characteristics but face difficulties with fallacies390

requiring more nuanced semantic understanding391

and contextual analysis.392

o4-mini
gpt-4o

deepseek-r1

gpt-4.1-mini

llama-3.3-70B

gemma-3-27B-it0

20

40
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80

100

71 74 73
65 67

71

56 54 56

39
43

47

%
F 1

sc
or

e

Group 1

Group 2

Figure 1: Group-wise F1 score for each model, relative
to the PATTERN MATCHING prompt setting.

Furthermore, matching patterns allows us to see393

that some instances can be deemed as fitting from394

a structural point of view, thus partially explain-395

ing the inherent difficulty of the classification task.396

While providing guidance through logical struc-397

ture proves beneficial for fallacy detection, this398

approach does not eliminate all sources of ambi-399

guity, as some sentences may conform to multi-400

ple structural patterns. The critical point lies in401

context-aware pattern application: models must402

not only identify logical forms but also evaluate403

their contextual validity in each sentence.404

To quantify the degree of ambiguity inher-405

ent in pattern matching, we instructed the best-406

performing model o4-mini to return the five most407

similar patterns for each argument. This multi-408

candidate approach enables us to analyze whether409

lower-ranked patterns might also represent valid410

interpretations of the same argument. By exam- 411

ining the distribution of pattern similarities and 412

evaluating classification accuracy when consider- 413

ing alternative matches, we can better understand 414

the boundaries of pattern-based classification and 415

identify instances where structural ambiguity gen- 416

uinely complicates fallacy detection. 417

Acc@1 Acc@2 Acc@3 Acc@4 Acc@5

66.7 75.1 81.8 86.5 88.5

Table 8: Performance analysis in PATTERN MATCH-
ING with expanded solution pool: classification results
including top 5 predictions as correct.

Table 8 shows that, when the model is prompted 418

to return multiple matching patterns rather than 419

a single best match, its confidence in the initial 420

prediction decreases, resulting in a 3.4% drop in 421

accuracy (see Table 5). However, this apparent 422

degradation is misleading when viewed in isola- 423

tion. By incorporating the second-ranked pattern 424

choice into our evaluation, performance recovers 425

to 75.1%, and continues to improve as we expand 426

our candidate pool to include progressively lower- 427

ranked options. Table 10 illustrates a representative 428

case where the model successfully identifies the 429

correct pattern as its second choice, while its first- 430

ranked selection remains structurally plausible: the 431

model likely assigns one of the Ad Populum pat- 432

terns because it closely matches the argument’s 433

logic, while the Irrelevant Authority pattern doesn’t 434

fit the sentence since it requires discussion of an 435

unrelated topic, which is not present in the sen- 436

tence. These subtle distinctions likely make pattern 437

matching more challenging than direct classifica- 438

tion because it requires strict structural alignment 439

as well as capturing broader content-related fea- 440

tures. 441

Multistep classification The MULTISTEP ap- 442

proach fails to produce significant results. We 443

conduct this experiment in a single passage to 444

force the model to reason using both semantic 445

and syntactic information. However, classification 446

performance depends critically on the quality of 447

the extracted logical forms, which proves inconsis- 448

tent and model-dependent. For instance, o4-mini 449

embeds classification-relevant contextual informa- 450

tion directly into its generated logical forms (Ta- 451

ble 9). Furthermore, models demonstrate substan- 452

tially weaker performance on Group 2 sentences 453
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Teaching assistant: the homework assignment was much harder than we thought, so I think we should give a few extra points to students who completed it.
Professor: that’s a terrible idea. If we give everyone a perfect score for no reason, students won’t bother working hard in the future. Extension Fallacy

o4-mini • Generated Form: A proposes: “Because B, we should do X1.” Opponent replies: “If we do X2 (an exaggerated version of
X1) for no reason, then C will happen; therefore, we must not do X1.”
• Matched pattern: X proposes Y; response exaggerates Y to an extreme version Y.
• Fallacy: Extension Fallacy

gpt-4.1-mini • Generated Form: A says B was harder than expected, so A suggests giving extra points to those who completed it. B replies:
If we give everyone a perfect score for no reason, then C won’t work hard; therefore, we should not give extra points.
• Matched Pattern: Arguing that taking a minor action will cause a chain of escalating events leading to a disastrous outcome,
even though no strong evidence supports the inevitability of that chain.
• Fallacy: Hasty Generalization

llama-3.3-70B • Generated Form: If we do A (give everyone a perfect score for no reason), then B (students won’t bother working hard in the
future).
• Matched Pattern: Presenting a coincidental or correlated event as proof of causation, often ignoring other plausible causal
factors or explanations.
• Fallacy: False Cause

gemma-3-27b-it • Generated Form: If we do A (give extra points), then B (students won’t work hard). Therefore, we should not do A.
• Matched Pattern: If P then Q; Q is true; therefore, P is true.
• Fallacy: Deductive Fallacy

Table 9: Comparison of outputs of four of the models evaluated in MULTISTEP configuration on LOGIC.

I have no intention of stopping the use of somatostatin on patients suffering from acute pancreatitis. I consider it to be a very reasonable choice. After all, it
has been standard practice in our department for many years and we’ve been quite satisfied with the results we’ve had. Irrelevant Authority

Top 1 Because many people [do/ believe/support] X, X must be true/good/right/best/valid. (Ad Populum)
Top 2 Using [personal trait, experience, past action] as implicit proof of authority on a distinct or unrelated subject. (Irrelevant Authority)

Table 10: Sentence accurately classified by o4-mini with 2nd ranked pattern. Although the model fails initially,
the matching can still be deemed reasonable.

compared to Group 1, showing an average decrease454

of 21.5% in F1 score. Additionally, models fre-455

quently bypass the pattern matching phase entirely,456

arbitrarily assigning patterns despite clear misalign-457

ment with the extracted logical form. For exam-458

ple, given the argument People nowadays only459

vote with their emotions instead of their brains460

(an instance of Hasty Generalization), the model461

o4-mini first extracts the logical form All A only462

do B instead of C. The model then matches this463

form to the pattern Generalizing from a small sam-464

ple or single event to an entire group or population,465

which correctly belongs to Hasty Generalization.466

While this produces an accurate classification, the467

assigned pattern does not precisely correspond to468

the extracted logical form. In summary, while hu-469

mans naturally decompose pattern matching into470

multiple cognitive steps, this multi-stage process471

proves to be challenging for current LLMs. Models472

struggle to bridge the gap between abstract logi-473

cal patterns and their content-dependent manifesta-474

tions, often failing to identify the implicit premises475

and unstated logical connections that underlie the476

reasoning chain.477

5 Experiments on Further Datasets478

In order to further assess the quality of LOGIC-479

derived patterns, we conducted a subset of the ex-480

periments on REDDIT and ELECDEBATE using481

the best performing model, o4-mini. We tested482

patterns extracted from LOGIC, restricted to the 483

two datasets’ classes (first eight rows in Table 11) 484

and patterns extracted from the datasets themselves 485

(latest two rows in Table 11). 486

REDDIT ELECDEBATE

Accuracy Macro F1 Accuracy Macro F1

ZERO-SHOT 82.8 82.8 67.3 50.8
DEF 82.6 82.5 65.9 54.7
LOGICAL FORMS 84.7 84.3 70.7 59.5
PATTERNS 84.7 84.5 65.5 56.3
PATTERN MATCHING 80.9 80.8 65.5 56.7
DYNAMIC ONE-SHOT 81.9 81.6 81.7 70.4
DYNAMIC + EXP 83.8 83.6 79.1 71.3
DYNAMIC + EXP + PATTERNS 79.0 78.8 78.8 72.3

SAME-DATASET PATTERNS 83.8 83.4 74.1 64.9
SAME-DATASET PATTERNS MATCHING 84.7 84.3 74.3 63.7

Table 11: Fallacy classification performance us-
ing o4-mini on REDDIT and ELECDEBATE. PAT-
TERNS method involves using patterns generated on
LOGIC while SAME-DATASET PATTERNS approach
includes patterns generated on the datasets REDDIT and
ELECDEBATE themselves.

Consistent with previous findings, logical pat- 487

tern incorporation outperforms competing ap- 488

proaches on REDDIT. Moreover, LOGIC-based 489

and REDDIT-based patterns yield comparable re- 490

sults. While taxonomy alignment prevents direct 491

comparison, results from both supervised and un- 492

supervised methods (Sahai et al., 2021; Lei and 493

Huang, 2024; Pan et al., 2024; Yeh et al., 2024) 494

are consistent with our findings (see Appendix B). 495

Only a comparison with Lei and Huang (2024) 496

(Macro F1=81.3%) is possible: PATTERNS and 497

7



SAME-DATASET PATTERNS outperform their re-498

sults.499

Regarding ELECDEBATE, Table 11 shows that500

DYNAMIC ONE-SHOT yields the best performance,501

possibly due to the predominant presence of the502

class Emotional Language (62.5% of test set)503

whose detection may particularly benefit from sim-504

ilar worded examples. Indeed, SAME-DATASET505

PATTERNS achieve competitive results with re-506

spect to Goffredo et al. (2023); Pan et al. (2024)507

(see Appendix B). These experiments showed a508

fair generalization of LOGIC-derived patterns on509

other datasets, with the additional advantage of not510

requiring labeled data to re-extract the patterns.511

In order to prove the broader applicability of512

our approach beyond LOGIC-specific patterns,513

we tested patterns generated from the other two514

datasets on LOGIC. Table 12 demonstrates solid515

results, validating findings on LOGIC and proving516

the robustness and transferability of our pattern-517

based methodology. Notice that accuracy is not518

directly comparable with values in Table 5 since519

REDDIT and ELECDEBATE have a subset of the520

classes of LOGIC.

LOGICREDDIT LOGICELECDEBATE

Accuracy Accuracy

SAME-DATASET PATTERNS 90.8 87.1
SAME-DATASET PATTERNS MATCHING 88.3 87.5
LOGIC PATTERNS 89.1 83.7
LOGIC PATTERNS MATCHING 90.0 87.1

Table 12: Fallacy classification performance using
o4-mini on LOGIC. LOGICX refers to LOGIC restricted
to the classes from dataset X. SAME-DATASET PAT-
TERNS approach includes patterns generated on non-
LOGIC dataset X while LOGIC PATTERNS involves
using LOGIC-derived patterns restricted to the classes
of dataset X.

521

6 Related Work522

Recent advances in fallacy detection have increas-523

ingly turned to LLMs, though few studies have524

relied exclusively on prompting-based techniques.525

Several works have employed fallacy detection to526

probe LLMs’ logical reasoning abilities (Teo et al.,527

2025; Hong et al., 2024; Li et al., 2024; Xu et al.,528

2025). Among these, Hong et al. (2024) inves-529

tigated self-verification capabilities and showed530

that LLMs face more challenges with structure-531

based (formal) fallacies with respect to content-532

based (informal) ones, and that fallacy definitions533

provide minimal improvements. Xu et al. (2025)534

has shown that reasoning models have better per- 535

formances with respect to non-reasoning ones for 536

fallacy classification. Among studies relying exclu- 537

sively on prompting techniques, Pan et al. (2024) 538

designed single-round and multi-round prompting 539

schemes for zero-shot detection, while Jeong et al. 540

(2025) introduced contextual prompting incorpo- 541

rating counterarguments, explanations, and goals 542

with confidence-based ranking, showing that expla- 543

nations particularly enhance performance. Lim and 544

Perrault (2024) assessed detection abilities on the 545

LOGIC dataset using few-shot prompting, though 546

their different taxonomy limits direct comparison 547

with our work. Other research has examined the 548

logical structure of argumentation. In particular, 549

Robbani et al. (2024) created a set of fallacy tem- 550

plates for four informal fallacies, based on Walton 551

(2008) and Reisert et al. (2018)’s work. These tem- 552

plates provide formal logical schemas with explicit 553

variables and relationships. Our patterns share the 554

goal of formalizing logical structure while also cap- 555

turing the core logical error and common linguis- 556

tic markers for each fallacy in natural discourse. 557

Our experiments show that these argumentation 558

schemes underperform our patterns on LOGIC by 559

an average of 10.7% across all models, suggesting 560

that our patterns more effectively bridge surface 561

text and logical structure by combining logical rep- 562

resentation with linguistic cues. Most notably, Jin 563

et al. (2022) developed a structure-aware model 564

based on Electra that distills arguments into logical 565

forms and compares them against fallacy patterns 566

sourced from logicallyfallacious.com. 567

7 Conclusions 568

Fallacy detection is an important and complex task 569

to solve. We developed an experimental frame- 570

work that extracts logical patterns from fallacious 571

arguments and their explanations. 572

We showed that incorporating these patterns 573

significantly enhances classification performance 574

demonstrating the effectiveness of structural ap- 575

proaches for this task. Specifically, pattern-based 576

classification achieves 73.5% accuracy on LOGIC, 577

significantly outperforming prior unsupervised ap- 578

proaches, and 74.2% including one-shot examples. 579

Notably, reasoning models demonstrate consis- 580

tently superior performance. Moreover, experi- 581

ments on additional datasets show the generaliz- 582

ability of the patterns extracted. 583
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8 Limitations584

While this work demonstrates the efficacy of large585

language models in detecting logical fallacies by586

exploiting the underlying logical structure of sen-587

tences, it has several limitations. First, we inten-588

tionally generated patterns exclusively from the589

LOGIC dataset due to the quality and straightfor-590

ward structure of its sentences. We are aware, how-591

ever, that it does not fully cover the complex and592

multi-faceted spectrum of fallacies. Furthermore,593

our work is based on a small sample of LLMs. Nev-594

ertheless, we selected a diverse and representative595

subset, including models from different providers,596

with varying sizes and reasoning capabilities.597

9 Ethics Statement598

Logical fallacies can reinforce societal bias and599

facilitate the spread of misinformation, leading600

to harmful consequences for society. This work601

focuses on leveraging LLMs for detecting logi-602

cal fallacies in argumentation and should not be603

employed to manipulate discourse by exploiting604

identified reasoning patterns. Furthermore, this ap-605

proach risks amplifying existing LLM biases, po-606

tentially causing unfair detection. We acknowledge607

these limitations and encourage future bias mitiga-608

tion research. We are aware of the environmental609

impact of large-scale LLMs usage. However, this610

study exclusively employs inference-only methods,611

significantly reducing computational requirements612

compared to training approaches. All datasets are613

used in accordance with their license and they have614

been checked for personally identifying and offen-615

sive content.616
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deepseek-r1. In all other experiments, the stan-792

dard configuration was kept. Multiple prompt con-793

figurations were evaluated for each approach.794

B Baselines795

B.1 Logic796

We compare our results against the most recent797

study that employs unsupervised approaches on798

LOGIC:799

• Pan et al. (2024): various prompting strate-800

gies are employed, such as requesting fallacy801

analysis, premises and conclusions extraction,802

summarization and chain-of-thought reason-803

ing in both single- and multi-round configura-804

tions. The reported score was achieved with805

GPT-4.806

• Jeong et al. (2025): the method provides im-807

plicit contextual information such as coun-808

terarguments, explanations and goals in the809

prompt and rank such queries based on con-810

fidence score. The reported results were811

achieved with GPT-4.812

B.2 Other datasets813

We consider only the classes of REDDIT and814

ELECDEBATE that belong to LOGIC. For this rea-815

son, direct comparison with prior work is generally816

not possible. However, for REDDIT, Lei and Huang817

(2024) provide classwise F1 scores, allowing us to818

compute Macro F1 and compare our results. Ta-819

bles 13 and 14 present the comparison with prior820

work for both datasets.821

Method Macro F1

Supervised
Sahai et al. (2021) 58.4
Lei and Huang (2024)† 81.3
Pan et al. (2024) 83.2

Unsupervised
Pan et al. (2024) 81.1
Yeh et al. (2024) 81.0

Ours
PATTERNS 84.5
SAME-DATASET PATTERN MATCH-

ING
84.3

Table 13: Performance comparison on REDDIT.† in-
dicates that Macro F1 is computed on the exact same
classes as LOGIC.

C Additional Experiments822

We are going to report some other experimental set-823

ups that have been explored, including some basic824

baselines that we have not included in Section 4.825

Method Macro F1

Supervised
Goffredo et al. (2023) 73.9
Pan et al. (2024) 62.3

Unsupervised
Pan et al. (2024) 44.5

Ours
SAME-DATASET PATTERN 64.9
DYNAMIC ONE-SHOT 70.4

Table 14: Performance comparison on ELECDEBATE.

C.1 Prompt design 826

• EXP: to investigate whether explicit reason- 827

ing improves performance, we implemented a 828

baseline that not only provides fallacy names 829

but also requests the model to generate a two- 830

sentence explanation for its classification de- 831

cision. This approach tests whether forcing 832

the model to articulate its reasoning leads to 833

better outcomes and assess the model’s ac- 834

tual comprehension of fallacious arguments. 835

The two-sentence constraint was intentionally 836

designed to keep explanations concise and 837

manageable for manual inspection of expla- 838

nations. 839

• GUIDELINES: to leverage the model’s classi- 840

fication errors for improvement, we develop 841

guidelines derived from observed mistakes. 842

We conduct pattern matching evaluation on 843

the validation set, then systematically collect 844

misclassified instances. For each class, we 845

provide the model with its incorrectly clas- 846

sified examples and prompt it to generate 847

comprehensive detection guidelines, given 848

our generated pattern as reference. These 849

guidelines include a core definition, key iden- 850

tifying features, common confusion patterns 851

with similar fallacies, and a practical checklist 852

to aid in detecting the specific type of falla- 853

cious reasoning, as can be seen from table 15. 854

These guidelines are then adopted to evalu- 855

ate the test set. Notably, while all guidelines 856

were generated from misclassified patterns, 857

only those produced by o4-mini and partially 858

by gpt-4.1-mini incorporate a little struc- 859

tural and logical information such as common 860

connectors or logical forms. The majority of 861

guideline content across models focuses pri- 862

marily on semantic characteristics rather than 863

structural patterns. 864
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Fallacy Irrelevant Authority

Core definition
A fallacy that treats an individual’s status, title, or
popularity as proof of a claim when their expertise
or relevance to the topic is absent or insufficient.

Key indicators

Argument rests on “X says so” without
independent support.
Authority cited has no recognized expertise in the
claim’s domain.
No substantive evidence beyond the authority’s
endorsement.

Typical
confusion
patterns

Ad Populum: group popularity vs. single authority
endorsement.
Appeal to Tradition: ‘has always been done by
experts’ vs. citing irrelevant experts.
Equivocation: shifting word senses vs. relying on
irrelevant credentials.

Table 15: Guidelines relative to Irrelevant Authority
fallacy generated by o4-mini.

Method o4-mini gpt-4o deepseek-r1 gpt-4.1-mini llama-3.3-70B gemma-3-27b-it

Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

EXP 61.3 61.5 60.4 53.3 61.8 54.8 57.5 57.9 56.1 56.5 59.1 60.8
GUIDELINES 65.5 65.7 62.6 56.6 63.5 57.9 60.5 60.6 52.8 53.3 58.8 59.4

Table 16: Logical fallacy classification performance on
additional experiments. F1 means Macro F1.

C.2 Results865

EXP’s (Table 16) results show that requesting the866

model to articulate the reasoning does not re-867

ally cause any improvement. Specifically, cer-868

tain classes such as Intentional Fallacy and Ex-869

tension Fallacy exhibit extremely low F1 scores870

under the non-reasoning models (0.027 and 0.13871

respectively on average), indicating performance872

deterioration compared to the ZERO-SHOT base-873

line. This proves that models process surface-level874

semantic patterns without being able to access the875

multi-layered intentional structures behind reason-876

ing (Table 17).877

Including GUIDELINES yields only modest re-878

sults. While these guidelines are designed to pro-879

vide comprehensive fallacy knowledge, they ap-880

pear to lack the appropriate type of information881

from which models can benefit. Indeed, providing882

explicit information about the underlying logical883

structure proves significantly more beneficial for884

model performance.885

D Syntax-augmented roBERTa886

Sachan et al. (2021) introduces a syntax-887

augmented model that incorporates dependency888

tree information into pre-trained BERT-based (De-889

vlin et al., 2019) transformers through specialized890

Graph Neural Networks (GNNs) (Hamilton et al.,891

2018) that process dependency trees. The authors892

introduce two distinct fusion strategies to inte-893

grate syntactic structure into BERT representation. 894

We adopted specifically roBERTa-large (Liu et al., 895

2019) in the attempt to perform a syntax-driven 896

examples selection. Further details about the im- 897

plementation are available in Sachan et al. (2021). 898

E Fallacy Datasets 899

E.1 Logic 900

The dataset LOGIC (Jin et al., 2022) contains the 901

following 13 fallacy classes: Faulty Generalization 902

(Hasty Generalization), Ad Hominem, Ad Populum, 903

Circular Claim (Circular Reasoning), False Cause 904

(False Causality), Appeal to Emotion (Emotional 905

Language), Fallacy of Relevance (Red Herring), 906

Deductive Fallacy, Intentional Fallacy, Fallacy 907

of Extension (Extension Fallacy), False Dilemma 908

(Black-and-White Fallacy), Fallacy of Credibil- 909

ity (Irrelevant Authority) and Equivocation. The 910

names in the parentheses are the actual names used 911

in our experiments. Detailed information about the 912

dataset is reported in Table 18. 913

E.2 Reddit 914

The dataset REDDIT (Sahai et al., 2021) contains 8 915

fallacy classes: Appeal to Authority (Irrelevant Au- 916

thority), Appeal to Majority (Ad Populum), Appeal 917

to Nature, Appeal to Tradition, Appeal to Worse 918

Problems, Black-and-White fallacy, Hasty Gener- 919

alization and Slippery Slope. It contains the class 920

No Fallacy as well. The names in parentheses are 921

the actual labels used. In our experiments, only the 922

classes included in LOGIC are retained (Table 19). 923

We can keep the class Slippery Slope because two 924

generated patterns for Hasty Generalization corre- 925

spond to it. 926

E.3 ElecDebate 927

The dataset ELECDEBATE (Goffredo et al., 2023) 928

contains the following 6 fallacy classes: Ad 929

Hominem, Appeal to Emotion (Emotional Lan- 930

guage), Appeal to Authority (Irrelevant Author- 931

ity), Slippery Slope, False Cause and Slogan. The 932

names in parentheses are the actual labels used. 933

In our experiments, only the classes included in 934

LOGIC are retained (Table 19). 935

F LLM-derived Patterns and Definitions 936

The logical patterns presented in Table 20 were 937

extracted following the process described in Sec- 938

tion 3 from LOGIC. These patterns form the basis 939

12



Text Generated explanation Gold label

The Bible is true because God exists, and God exists
because the Bible says so.

The argument uses its conclusion as a premise, claiming the Bible is true
because God exists and God exists because the Bible says so. This creates a
logical loop without providing independent evidence for either claim.
Circular Reasoning

Circular Reasoning

My friend said that if you sneeze more than three
times, you have the corona virus.

The argument assumes that sneezing more than three times directly indicates
having the corona virus based on insufficient evidence. It generalizes a specific
symptom without considering other possible causes or medical diagnosis.
Hasty Generalization

Irrelevant Authority

Table 17: Examples from GPT-4.1-mini in EXP setting: the first sentence is correctly classified with a well-
grounded explanation; the second argument is misclassified because, while its explanation appears coherent in
isolation, it fails to capture the underlying fallacious reasoning.

of our evaluation of how structural features con-940

tribute to LLMs’ performance in logical fallacy941

detection, assessing the role of logical patterns942

in model reasoning capabilities. Table 21 illus-943

trates the LLM-made fallacies’ definitions used944

in the experimental setting NEW DEF. Compared945

to LOGIC’s patterns, REDDIT patterns (Table 23)946

show a prevalence of linguistic markers over actual947

logical forms. On the other hand, ELECDEBATE-948

derived patterns (Table 22) emphasize a stronger949

logical formalization, even incorporating symbolic950

formalism.951

G Prompts Templates952

G.1 Pattern Generation953

Step 1 You will be given a fallacious argument and954

the name of the logical fallacy it contains. Your955

task is to explain what is happening in the argu-956

ment and why it is fallacious. Do not include defi-957

nitions, labels or general commentary: focus only958

on describing the flaw in reasoning specific to the959

example in a concise way.960

Step 2 You will be given a list of arguments con-961

taining a {fallacy_name} fallacy and an explana-962

tion of why it is fallacious. Your task is to provide963

the following information, returning a JSON object964

with the following fields:965

{{966

"summary": Write a concise summary (max 2 sen-967

tences) that captures the common logical pattern968

behind these explanations. The summary should969

start with the name of the fallacy.970

"syntactic_patterns": Identify common syntactic971

or structural patterns in how the arguments are972

phrased.973

- Derive the abstract logical structure following for-974

mal logic principles. Use abstract placeholders like975

A, B, C to replace specific nouns or phrases, but976

ensure the pattern closely mirrors the logical struc-977

ture and progression of the original sentence.978

- Find recurring sentence structures, phrases, or 979

ways in which the fallacious reasoning is intro- 980

duced, including typical linguistic markers and il- 981

lustrative cases that signal the flawed reasoning. 982

}} 983

Your explanation should help someone recognize 984

new examples of {fallacy_name} by highlighting 985

the shared reasoning mistake across all cases. 986

G.2 Classification 987

system_prompt: You are a logical reasoning ex- 988

pert. Your task is to carefully examine the given 989

argument and classify it into one of the following 990

classes: {fallacies }. 991

• ZERO-SHOT: Given an argument, classify the 992

fallacy it contains. Choose one of the follow- 993

ing labels: {fallacies}. Respond only with the 994

name of the fallacy, with no additional text. 995

Argument: {text} 996

Fallacy: 997

• EXP: Given an argument, classify the fallacy 998

it contains. Choose one of the following la- 999

bels: {fallacies}. Respond in the format: 1000

Fallacy: [fallacy label] 1001

Reasoning: [brief explanation justifying the 1002

choice] 1003

The reasoning must be exactly two sentences 1004

long. 1005

Argument: {text} 1006

Fallacy: 1007

Reasoning: 1008

• DEF, NEW DEF: Given an argument, classify 1009

the fallacy it contains. Choose one of the fol- 1010

lowing labels: {fallacies}. Use the following 1011

definitions to guide your classification: {defi- 1012

nitions}. Respond only with the name of the 1013

fallacy, with no additional text. 1014

Argument: {text} 1015

Fallacy: 1016

13



Fallacy Definition Logical Form

Ad Hominem The text attacks a person instead of arguing against the claims. Person 1 is claiming Y. Person 1 is a moron.
Therefore, Y is not true.

Ad Populum The text affirms something is true because the majority thinks so. A lot of people believe X.Therefore, X must be
true.

Black-and-White Fallacy The text presents two alternative options as the only possibilities yet more
exist. Either X or Y is true.

False Cause The text assumes two correlated events must also have a causal relation. X occurred after Y. Therefore, Y caused X
(although X was also a result of A,B,C,... etc)

Circular Reasoning The text tries to prove a point by simply repeating the point in different
words. X is true because of Y. Y is true because of X.

Deductive Fallacy The text presents a conclusion that doesn’t logically follow from the
premises.

If A is true, then B is true. B is true. Therefore,
A is true.

Emotional Language The text arouses non-rational emotions.
Claim X is made without evidence. In place of
evidence, emotion is used to convince the
interlocutor that X is true.

Equivocation The text uses a key term in multiple senses, leading to ambiguous
conclusions.

Term X is used to mean Y in the premise. Term
X is used to mean Z in the conclusion.

Extension Fallacy The text attacks an exaggerated version of the opponent’s claim.

Person 1 makes claim Y. Person 2 restates person
1’s claim (in a distorted way). Person 2 attacks
the distorted version of the claim. Therefore,
claim Y is false.

Hasty Generalization The text draws a broad conclusion based on a limited sample.

Sample S is taken from population P. Sample S is
a very small part of population P. Conclusion C
is drawn from sample S and applied to
population P.

Intentional Fallacy The text relies on the author’s intent instead of focusing on the meaning
within the text itself.

Person 1 knows claim X is incorrect. They still
claim that X is correct using an incorrect
argument

Irrelevant Authority The text cites an authority, but the authority lacks relevant expertise. According to person 1, who is an expert on the
issue of Y, Y is true. Therefore, Y is true.

Red Herring The text introduces an irrelevant topic to divert attention from the main
argument.

Argument A is presented by person 1. Person 2
introduces argument B. Argument A is
abandoned.

Table 18: LOGIC class taxonomy: class names, definitions and logical form representations used in baseline
experiments. Definitions are sourced from Lei and Huang (2024) and manually refined while logical forms are
extracted from logicallyfallacious.com.

REDDIT ELECDEBATE

• Ad Populum

• Irrelevant Authority

• Hasty Generalization

• Slippery Slope

• Black-and-White Fallacy

• Ad Hominem

• Irrelevant Authority

• Emotional Language

• Slippery Slope

• False Cause

Table 19: Fallacy classes in REDDIT and ELECDEBATE
used in our experiments.

• LOGICAL FORMS, PATTERNS: Given an ar-1017

gument, your task is to classify the type of1018

logical fallacy it contains. Choose one of the1019

following labels: {fallacies}. To assist you1020

in this task, common patterns associated with1021

each fallacy are also provided. {patterns}.1022

Carefully compare the argument to these pat-1023

terns and select the fallacy that best matches.1024

Provide only the name of the fallacy.1025

Argument: {text}1026

Fallacy:1027

• PATTERN MATCHING: Given an argument,1028

your task is to classify the type of logical fal- 1029

lacy it contains. Choose one of the following 1030

labels: {fallacies}. To assist you in this task, 1031

you are provided with common reasoning pat- 1032

terns associated with each fallacy: {patterns} 1033

Return: 1034

- The specific pattern that best matches the 1035

logical reasoning in the argument. 1036

- The name of the fallacy. 1037

Don’t add any additional text. 1038

Argument: {text} 1039

Fallacy: 1040

• ONE-SHOT, DYNAMIC ONE-SHOT, 1041

SYNTAX-BASED DYNAMIC ONE-SHOT: 1042

Given an argument, your task is to classify 1043

the type of logical fallacy. Choose the correct 1044

fallacy from the following list: {fallacies}. 1045

Use the following examples to guide your 1046

classification: {examples} 1047

Argument: {text} 1048

Fallacy: 1049

• ONE-SHOT + EXP, DYNAMIC + EXP: Given 1050
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an argument, your task is to classify the type1051

of logical fallacy. Choose the correct fallacy1052

from the following list: {fallacies}. Use the1053

following examples to guide your classifica-1054

tion. Each example includes both the fallacy1055

and a brief explanation of why it applies: {ex-1056

amples}1057

Argument: {text}1058

Fallacy:1059

• DYNAMIC + EXP + PATTERNS: Given an1060

argument, your task is to classify the type of1061

logical fallacy in a given text. Choose the1062

correct fallacy from the following list: {falla-1063

cies}. Use the examples below to guide your1064

classification: each example includes both the1065

fallacy and a brief explanation of why it ap-1066

plies. {definitions} You will be provided with1067

a list of common patterns associated with each1068

fallacy. {patterns} Carefully compare the ar-1069

gument to these patterns and select the fallacy1070

that best matches. Provide only the name of1071

the fallacy.1072

Argument: {text}1073

Fallacy:1074

• GUIDELINES: Given an argument, your1075

task is to classify the type of logical fallacy.1076

Choose one of the following: {fallacies}. To1077

assist you in this task, you are provided with1078

useful guidelines. These include typical rea-1079

soning patterns for each fallacy, common mis-1080

takes that often lead to misclassification and1081

a quick practical checklist for classification:1082

{guidelines}. Return only the name of the fal-1083

lacy.1084

Argument: {text}1085

Fallacy:1086

• MULTISTEP: Given an argument, your task1087

is to process it in three steps:1088

Step 1 (Form Extraction):1089

When given a sentence, extract its underlying1090

syntactic logical form. Use abstract placehold-1091

ers like A, B, C to replace specific nouns or1092

phrases, but ensure the pattern closely mirrors1093

the logical structure and progression of the1094

original sentence. Preserve logical connectors1095

and adverbs such as ‘therefore’, ‘because’,1096

‘if’, ‘then’, etc. The goal is to abstract away1097

from surface wording while preserving the1098

sentence’s original reasoning form.1099

Step 2 (Pattern Matching): From the list of1100

known fallacy patterns provided below, return 1101

the one that most closely matches the pattern 1102

you extracted in Step 1. 1103

Step 3 (Fallacy Classification): Based on the 1104

extracted and matched pattern, classify the 1105

argument into one of the logical fallacy types 1106

from the list: {fallacies} 1107

Choose the most appropriate category based 1108

on the structure of the reasoning. 1109

Use the following reasoning patterns as refer- 1110

ence: {patterns} 1111

Analyze the following argument: {text} 1112

Step 1 (Form Extraction): 1113

Step 2 (Matching Pattern): 1114

Step 3 (Fallacy): 1115
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Fallacy class Patterns

Deductive Fallacy • The argument assumes that because X is true, Y must also be true, without establishing a necessary connection between X and Y.
• Because X shares a characteristic with Y, therefore Y must also have characteristic Z (unique to X).
• If P then Q; Q is true; therefore, P is true.
• All A are B; all B are C; therefore, all C are A.
• The argument compares X to Y as if they are equivalent, ignoring relevant differences.

Ad Hominem • Dismisses someone’s argument by accusing the opponent of similar behavior, avoiding the argument itself.
• Argues that because X has characteristic Y, X’s views or claims must be invalid/false.
• Uses a personal insult or irrelevant fact about X to discredit X without addressing the core issue.
• Focuses on unrelated personal factors (e.g., age, profession, habits) to attack the person instead of the argument.

Emotional Language • Appeals that highlight personal circumstances or potential consequences without addressing the core issue, e.g., ’I haven’t done
X, but... [appeal to emotion]’.

• Use of emotionally charged or loaded terms in place of neutral language, e.g., calling something an ’outrage’, ’dangerous
militants’, or using phrases like ’taking our freedom away’.

• Rhetorical questions or statements designed to evoke feelings of guilt, sympathy, or fear, e.g., ’If we don’t do X, disaster Y will
happen’.

• Evocation of pity or sympathy to distract from the logical evaluation of claims, e.g., ’I studied during my grandmother’s funeral’.
• Use of vivid imagery or emotionally provocative examples to bypass critical analysis, e.g., showing suffering animals or invoking

dramatic suffering stories.
False Cause • Inferring causation from correlation expressed as ’X happened when Y happened’ or ’Every time X occurs, Y follows,’ without

evidence of a causal link.
• Attributing a complex outcome to a single factor due to temporal proximity or repeated coincidence (e.g., ’Because of X, Y

happened,’ ignoring other influences).
• Using phrases implying causality based on timing, such as ’therefore’, ’must have caused’, ’is the reason’, or ’is the cause of’,

without supporting evidence.
• Presenting a coincidental or correlated event as proof of causation, often ignoring other plausible causal factors or explanations.
• Statements that simplify multi-factor phenomena to a single cause (e.g., ’Because of single action/event X, complex result Y

occurred’).
Irrelevant Authority • The argument assumes that because [authority figure] says/believes [X], therefore [X] must be true/reliable/effective.

• Relying on the opinion or endorsement of [famous/unqualified person] outside their field of expertise to support
[claim/conclusion].

• Because [person/role/title] holds a position or is respected, their statement on [irrelevant topic] is presented as evidence.
• Using [personal trait, experience, past action] as implicit proof of authority on a distinct or unrelated subject.
• The argument presents [authority]’s position as the sole justification without providing independent reasons or evidence.

Extension Fallacy • X proposes Y; response exaggerates Y to an extreme or total version (e.g., ’So you want to [extreme claim]?’)
• Assuming that because someone holds a position on A, they must also hold an extreme or unrelated position B (e.g., ’If you

believe A, then you must believe B’)
• Misinterpreting a specific statement as implying a much broader or more negative attitude (e.g., ’Because you said X, you must

hate Y’)
• Responding to a moderate or specific claim by substituting a more extreme or absurd claim that is easier to criticize (e.g., ’You

think that... [absurd extension]’)
• Framing a preference or partial stance as a wholesale endorsement or rejection of a related but distinct issue (e.g., ’Preferring X

means you hate Y’)
Hasty Generalization • Because a particular instance or individual showed Z, therefore all instances or individuals must be Z.

• Arguing that taking a minor action will cause a chain of escalating events leading to a disastrous outcome, even though no strong
evidence supports the inevitability of that chain.

• If we allow [event A], then [event B] will happen, then [event C], and eventually [event Z] will occur—so we must not allow
[event A].

• Generalizing from a small sample or single event to an entire group or population.
• Jumping from some instances to ’everyone’ or ’all’ without acknowledging exceptions or diversity.

Equivocation • The reasoning equivocates by shifting from a literal to a figurative meaning (or vice versa) of a term to create a false equivalence.
• One premise employs TERM with one definition/context, while another premise or conclusion uses the same TERM but with a

distinctly different meaning, unacknowledged by the arguer.
Intentional Fallacy • The argument assumes that because X (e.g., someone’s intention, belief, or lack of counter-evidence), therefore Y is true.

• Asserting P is true because it has not been disproven.
• Because the creator intended [interpretation], the work should be understood as [interpretation].
• Questions framed to presuppose guilt or a specific intention (e.g., ’Have you stopped X?’), thus assuming what is to be proven.
• If A does not have trait X, and X is (allegedly) typical of group G, then A is not a member of G.

Ad Populum • Because many people [do/ believe/support] X, X must be true/good/right/best/valid.
• Everyone/Most people [do/believe] X, so you/one should do X too.
• The popularity of X is used as evidence for X’s quality, validity, or truth, rather than providing objective reasons.
• Appealing to the desire to belong to a group, suggesting that conformity implies correctness or value.
• Using phrases like ’everyone knows,’ ’the majority thinks,’ ’most people do,’ to justify a conclusion without addressing actual

evidence.
Red Herring • Instead of addressing [original issue], the argument shifts focus to [irrelevant topic], which distracts from the main discussion.

• The argument attempts to justify/explain/defend by referencing [irrelevant detail], ignoring the original issue of [main topic].
• A shift from the initial question or problem to a secondary topic that does not logically follow, e.g., ’You asked about X, but I will

tell you about Y.’
Black-and-White
Fallacy • Either [option A] or [option B], with no other alternatives considered.

• You are either [extreme position A] or [extreme position B].
• You are either with me or against me.
• [Action A] or else [negative consequence], ignoring intermediary options.

Circular Reasoning • X is true/better/good because X is true/better/good.
• X is Y because X has property Y (where property Y is essentially restating X).
• "Because" + restatement or synonymous phrasing of the claim as the reason.
• The argument claims/assumes X to prove/justify X.

Table 20: List of logical patterns extracted in our LLM-based experimental framework from LOGIC dataset.
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Fallacy LLMs-derived definition

Ad Hominem Ad Hominem occurs when an argument targets a person’s character or traits instead of engaging with the actual issue or evidence
presented.

Ad Populum Ad Populum occurs when a claim is deemed true or good simply because many people believe or endorse it, without examining the
actual reasoning.

Black-and-White Fallacy Black-and-White Fallacy occurs when only two extreme options are presented, ignoring the existence of middle ground or
alternative solutions.

False Cause False Cause occurs when a causal relationship is assumed based on correlation alone, without sufficient evidence or consideration
of other factors.

Circular Reasoning Circular Reasoning occurs when the conclusion is assumed in the premises, creating a loop that provides no independent support for
the argument.

Deductive Fallacy Deductive Fallacy occurs when conclusions do not logically follow from the premises, often due to assuming unsupported
relationships, oversimplifying, misapplying analogies, or improperly reversing conditions.

Emotional Language Emotional Language occurs when persuasion relies on appeals to emotion rather than logical reasoning or factual evidence.

Equivocation Equivocation occurs when a key term is used ambiguously in an argument, shifting meaning and creating an illusion of logical
connection.

Extension Fallacy Extension Fallacy occurs when an argument exaggerates or distorts an opponent’s claim to make it easier to attack, rather than
addressing the actual position.

Hasty Generalization Hasty Generalization occurs when a broad conclusion is drawn from an insufficient or unrepresentative sample of evidence.

Intentional Fallacy Intentional Fallacy occurs when arguments are judged based on the speaker’s intentions or characteristics rather than the content
and evidence or when asserting that something is true only because it has not been disproven.

Irrelevant Authority Irrelevant Authority occurs when an argument cites an authority whose expertise is not relevant to the subject matter being
discussed.

Red Herring Red Herring occurs when attention is diverted from the main issue by introducing irrelevant or emotionally charged distractions.

Table 21: List of definitions extracted in our LLM-based experimental framework from LOGIC dataset.

Fallacy class Patterns

Irrelevant Authority • A (an authority or respected figure) asserts proposition B → ∴ B, even if A is not qualified
• Group C of authorities or experts agree on B → ∴ B, treating consensus as proof
• “According to A, B.”, claim is accepted without evidence"
• “A said that B.”
• I have the endorsement/support of A who agrees that B., using authority as evidence
• Every A1, every A2, believes that B., implying that popularity among authorities is proof

Emotional Language • Emotional description of A → conclude B without substantive evidence
• Invoke sentiment about A (fear, pride, pity) → demand action B, regardless of facts
• Attach emotive qualifier C to proposition A ∴ endorse conclusion B as if emotion proves truth
• A is C. (e.g., “This is dangerous.”, “This is a disgrace.”) → therefore reject or accept it without reasons
• I (strongly/emphatically) B ⇒ the strength of feeling is treated as support for B .

False Cause • A occurs before B ∴ assume A → B, mistaking correlation for causation without evidence of a causal link
• (A happens ∧ B follows) → infer A causes B, without considering alternatives
• Since A, B has occurred, assuming causation
• After A happened, B followed, so A must have caused B
• A led to B simply because it preceded/coincided with B (confuses sequence with cause)

Ad Hominem • A asserts B; instead of addressing B, respond with C (an irrelevant trait or action of A) → dismiss B
• A makes claim B; cite A’s character/property C ∴ reject B without counterargument",
• A is a C. therefore A’s argument B is invalid
• Everybody knows A is C, therefore disregard A’s argument
• A did X in the past, so B’s point is invalid
• Look, A C, therefore B is wrong

Slippery Slope • A occurs → assume B inevitably follows → C inevitably follows
• If A then B; if B then C; therefore if A then C
• If A, then B will happen [and C thereafter]
• It will A, it will B, and it will C
• Unless A happens, B will occur and C will inevitably follow
• When A occurs, B → C (disaster)

Table 22: List of logical patterns extracted in our LLM-based experimental framework from ELECDEBATE dataset.
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Fallacy class Patterns

Irrelevant Authority • 1. A possesses status or expertise in field B. 2. A makes claim C (often outside or without direct evidence in B). 3. Therefore, C
must be accepted as true or more valid than competing claims, irrespective of its own merits.

• Listen to the experts/scientists/doctors rather than try to become one yourself
• Everyone I’ve spoken to (professionals, hunters, farmers, etc.) says. . .
• Only the views of X matter
• All the <group of experts> agree, while dismissing others’ arguments without engaging with evidence.

Hasty Generalization • Premise: A limited or anecdotal subset of A (e.g., one’s personal experiences or a few observed cases) exhibits property P. (Often
no representative sampling or statistical support is offered.) Conclusion: Therefore, all A (or the phenomenon as a whole) must
exhibit property P (or consequence Q).

• I (never) have(d) [experience] with A, so A must (not) be [P]
• I know a few A who X, therefore all A X.
• Because my sample of A were fine, A must be harmless/beneficial.
• Based on X anecdote, everyone must (feel/believe/do) Y.
• Quick universal leaps: ’Since this happened once, it always/never happens.
• Dismissive questions or commands: ’Why would you. . . ? You’re all/lemmings/idiots.’
• Percent or frequency claims from anecdotes: ’Half of my school. . . 99% of people. . . every time.’ .

Ad Populum • Premise: Group G (e.g. ’everyone’, ’most people’, ’X% of Y’) believes or endorses proposition A. Unstated Principle: Widespread
acceptance implies correctness (or falsity). 3. Conclusion: Therefore, A must be valid/true (or invalid/false).

• I think everyone agrees that A
• Most/virtually all people believe A
• Numerical appeals like ’51% of X’ or ’thousands of scientists,
• Appeals to anonymous masses (’the rest of the world,’ ’every store’), expert-by-number appeals (’aggregate wisdom,’ ’hundreds

of people’), popularity voting metaphors (’let upvotes decide,’ ’fan vote’), rhetorical questions and challenges (’It can’t be the
entire world wrong, can it?’), and dismissal of dissenters as lone or isolated (’you’re the only one,’ ’no one else’).

Black-and-White
Fallacy • Premise: Issue A is said to admit only two exclusive states B or C (¬B ⇒ C; ¬C ⇒ B) and no other alternative D is

acknowledged. Conclusion: One must choose either B or C, with every nuance or middle ground dismissed.
• Typical markers include phrases like ’Either A or B,’ ’only option,’ ’no middle ground,’ ’you can’t have it both ways,’ ’pick one,’

’unless you take sides,’ ’you must choose X or Y,’ and ’the only alternative is. . . ’: language that signals a forced binary choice
and excludes other possibilities.

Slippery Slope • A ⇒ B ⇒ C ⇒ · · · ⇒ Z, therefore A ⇒ Z, where each transition (A → B, B → C, etc.) is asserted as unavoidable or
necessary without justification.

• Conditional constructs (’If we allow A, next will be B’), rhetorical questions (’Where do we stop?’, ’What’s to stop. . . ?’),
enumerative progressions (’first X, then Y, then Z’), warnings of ’dangerous precedents’ or ’slippery slope,’ and speculative
modal verbs or adverbs (’could lead to’, ’inevitably’, ’one step closer’).

Table 23: List of logical patterns extracted in our LLM-based experimental framework from REDDIT dataset.
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