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Abstract

In this study, Team Sophisma developed a modular and structure-oriented natural language processing system
for the Touché CLEF 2026 Fallacy Detection task. Our work focuses specifically on two subtasks: binary
fallacy detection, which determines whether a given text contains fallacies, and multi-class fallacy classification,
which aims to assign instances containing fallacies to specific fallacy types. Our system utilizes enriched text
representations containing claim and supporting argument information. For this purpose, a reusable pipeline has
been designed for data preprocessing, label transformation, training/validation separation, sentiment analysis-
based additional feature extraction, and the generation of model outputs in a competition format. Our main
approach is based on a transformer-based classifier fine-tuned on enriched argument representations. In addition,
experimental components evaluating feature-based machine learning approaches for comparative analysis have
been developed. This paper reports the system architecture, data preparation process, models used, and submitted
outputs.
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1. Introduction

Fallacy detection can be considered a significant and challenging problem in the field of argument
mining. Just because an argument appears persuasive on the surface doesn’t mean it’s logically valid or
reliable. Especially in political discussions, social media content, news commentary, and online debates,
fallacious arguments, based on flawed reasoning can be formally very similar to correct and coherent
arguments. Therefore, not only the subject matter, emotional tone, or words used in a text should be
considered, but also the relationship between the claim and the justification, the assumptions on which
the argument is based, and the persuasive strategy. In this respect, fallacy detection is not only a text
classification problem but also a natural language processing problem requiring an understanding of
argument structure and reasoning [1, 2, 3].

The Touché at CLEF 2026 Fallacy Detection task aims to enable models to distinguish between
fallacious and non-fallacious arguments and to perform more detailed fallacy type classification for
fallacious examples. Furthermore, semantic similarities can be found between different fallacy types;
for example, classes such as authority, population, or tradition may exhibit similar characteristics in
terms of whether the argument is based on an external source, social acceptance, or traditional belief.
This can lead to the inadequacy of methods relying solely on word-level cues and necessitate more
context-sensitive representation methods [1, 2].

This study presents the fallacy detection system developed by Team Sophisma within the scope of
Touché at CLEF 2026. Our system is based on an enhanced argument representation approach that
combines text, claim, and supporting argument components instead of directly using raw text. This
representation aims to enable transformer-based classifiers to better learn not only the superficial

Supervisor: Andres Montoro-Montarroso

CLEF 2026 Working Notes, 21-24 September 2026, Jena, Germany
*Corresponding author.

Q irembatigun@hotmail.com (: Batigiin)

© 2026 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
5


mailto:irembatigun@hotmail.com
https://creativecommons.org/licenses/by/4.0/deed.en

linguistic features of the argument but also the claim-support relationship. Additionally, a modular
and structure-oriented experimental pipeline was developed within the project; data preparation,
preprocessing, model training, prediction generation, and evaluation steps were separated. The main
contributions of this study are the design of a reusable NLP pipeline for the Touché Fallacy Detection
task, the examination of the use of enhanced argument representation, and the evaluation of the
performance of transformer-based approaches in fallacy detection and fallacy classification tasks.

1.1. Contributions

+ We developed a modular and structure-oriented NLP pipeline that separates the data preparation,
preprocessing, model training, prediction generation, and evaluation steps for the Touché 2026
Fallacy Detection task.

« Instead of directly using raw text, we created an argument-structure-sensitive input representa-
tion for transformer models by combining the enhanced text field with the claim and support
components of the argument.

« We fine-tuned transformer-based sequence classification models for fallacy detection and fallacy
type classification tasks and evaluated the system’s performance in different tasks.

« We developed supporting analysis modules such as exploratory data analysis, sentiment analysis,
feature extraction, and entity masking to better understand the dataset and model behavior.

+ By examining the model’s behavior on different fallacy types, we discussed error patterns that
occur especially in semantically close classes.

2. Task and Dataset

The Touché 2026 Fallacy Detection task consists of three subtasks: fallacy detection, fallacy classification,
and argument scheme classification. Participants are given a short source text and extracted arguments,
and the arguments are the main units of analysis [1, 2].

Table 1
Touché 2026 Fallacy Detection subtasks and expected outputs.
Subtask Input assumption Prediction target Labels / output
Subtask 1: Fallacy Any argument Whether the argu- fallacy / non-fallacy
Detection ment is fallacious
Subtask 2: Fallacy Fallacious arguments Specific fallacy type  authority, black-white,
Classification hasty_generalization,
natural, population,

slippery_slope, tradition,
worse_problems

Subtask 3: Argu- Non-fallacious argu- Goal-basis scheme la- practical-internal, practical-
ment Scheme Clas- ments bel external, epistemic-internal,
sification epistemic-external

2.1. Dataset Fields Used

The Touché Fallacy Detection dataset contains different text representations and label fields for each
instance. The argument fields contain a claim and one or more supports statements for each instance.
The training data also includes fallacy_exists for fallacy detection, fallacy_type for fallacy type
classification, and argument_goal and argument_basis fields under classification for argument
scheme information [2, 3]. In our main experimental setup, raw Reddit context fields were not used
directly as model input. That is, the text_raw_title and text_raw_parent fields were not added
to the input during preprocessing. Instead, the text_field value was set to text_enhanced and the



argument_field value to argument_enhanced. Therefore, the model input for each instance was
created by combining the enhanced text field with the argument components.

Table 2
Dataset fields and their role in the submitted systems.
Field group Fields How Team Sophisma used it
Raw context text raw, Not used as direct input in the main runs. Title and
text_raw_parent, parent context were disabled in preprocessing and
text_raw_title were mainly kept for inspection and EDA.
Base representation text_base, Used for preliminary inspection and EDA. The main
argument_base reported preprocessing pipeline did not use the base

representation, although the pipeline can be config-
ured to do so.

Enhanced represen- text_enhanced, Used as the main input representation. We concate-

tation argument_enhanced nated enhanced text, claim, and support statements
into a single model input sequence.

Labels fallacy_exists, fallacy_exists was used for binary fallacy detec-

fallacy_type, clas- tion. fallacy_type was used for multiclass fallacy

sification classification. Classification was available for scheme

classification, but this task was disabled in the main
configuration.
Additional  meta- sentiment scores, NER Used for analysis and feature-based experiments.
data masks, topic features, etc. Transformer models used only the constructed text
input, while the XGBoost pipeline supports sentiment,
stylistic, embedding, UMAP, and clustering features.

2.2. Preprocessing

During the preprocessing phase, empty lines were skipped, and each line was processed as a sep-
arate JSON object. Training data was loaded from the touchefallacy_2026_train. jsonl file,
and test data from the touchefallacy_2026_test_task.jsonl file. Separate train. jsonl,
validation. jsonl, test.jsonl, and summary. json files were created for each task.

In our main experimental setup, enhanced fields were used as model input. In the configuration,
the text_field value was set to text_enhanced, and the argument_field value was set to
argument_enhanced. Reddit title and parent comment fields were not added to the model input.
For each instance, the claim and supports fields within text_enhanced and argument_enhanced
were converted into a single input text. When there were multiple support statements, they were
separated with the [SEP] tag.

Text normalization was kept limited. Some textual fields in the JSONL files were missing or had a
null value. After loading the data in Python, these values were represented as None. We converted
these missing values to empty strings so that the word “None” would not be inserted into the model
input. In addition, we standardized line breaks, removed extra spaces, and eliminated extra leading and
trailing spaces. Aggressive cleanup operations such as lowercasing, stopword removal, or stemming
were not applied to not to break any important structure of the enchanced texts. If a field like claim or
supports was empty, the relevant section was not included in the final input text.

Labels were mapped on a task basis. For fallacy detection, the fallacy exists field was used;
a value of 1 was converted to fallacy, and a value of 0 to non-fallacy. For fallacy classification, only
examples containing fallacy were used, and the fallacy_type field was taken as the target label. Eight
classes were used in this task: authority, black-white, hasty_generalization, natural, population,
slippery_slope, tradition, and worse_problems. The code also normalizes the blackwhite label to
the black-white format.



As a result of preprocessing, 750 training, 188 validation, and 233 test examples were created for the
fallacy detection task; and 372 training, 93 validation, and 233 test examples were created for the fallacy
classification task. The maximum sequence length was applied in the transformer tokenizer phase, not
the preprocessing phase. In the RoBERTa BF16 model training, max_length=512 was used, and long
texts were truncated during tokenization.

3. System Overview
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Figure 1: Overview of Team Sophisma’s Touché 2026 pipeline from JSONL data loading to preprocessing, model
training/evaluation, and run-file generation for TIRA.

Table 3
System pipeline overview.

Stage Purpose Implementation Details

Data loading Read Touché JSONL files Loaded train/test JSONL records and mapped fields
into an internal sample structure.

Preprocessing Create task-specific splits Generated separate train, validation, and test JSONL
files using a stratified 80/20 split with seed 42.

Input construction  Build model-ready text Used text_enhanced plus claim/supports from
argument_enhanced; supports were separated with
[SEP].

Metadata and fea- Support analysis and base- Used sentiment, stylistic/POS, embeddings, UMAP,

tures line features and HDBSCAN features for XGBoost and analysis;
not for RoBERTa input.

Modeling Train classifiers Submitted system used RoBERTa BF16; feature-based
XGBoost was implemented as a baseline.

Evaluation Validate performance Reported accuracy, macro-F1, per-class preci-
sion/recall/F1, classification reports, and confusion
matrices.

Prediction writing  Create run files Exported TIRA-compatible JSONL predictions with

task, id, label, tag, and system_description fields.

4. Methods

Two models were developed in this study. Our main system is built on a Hugging Face-based transformer
sequence classification model, and the RoBERTa model for the submitted run was fine-tuned with
BF16 mixed-precision training. In addition, a feature-based XGBoost classifier was also supported
within the pipeline for comparison purposes. Both approaches used data pods generated from the same
preprocessing outputs.



4.1. RoBERTa BF16 Transformer Model

A transformer based sequence classification model was used for the main submitted run. On the code
side, the model is loaded via a Hugging Face AutoModelForSequenceClassification adapter.
And, the same structure is designed to work with different transformer checkpoints; however, the
system we submitted is RoOBERTa-based, and BF16 was used during training. The text field created
during the preprocessing phase was used as the model input.

Labels were converted to numerical values from the training data using LabelEncoder. In the fallacy
detection task, the model distinguished between two classes: fallacy and non-fallacy. In the fallacy
classification task, only examples containing fallacies were used, and the model was trained to predict
one of eight fallacy types. The maximum sequence length for transformer training was set to 512. Long
inputs were truncated during the tokenizer phase, and examples within the batch were dynamically
padded using DataCollatorwithPadding. Training utilized a learning rate of 2e-5, batch size of
8, epoch count of 10, weight decay of 0.01, warmup ratio of 0.1, and a cosine learning-rate scheduler.
Training and evaluation were performed at the end of each epoch, and accuracy and macro-F1 scores
were calculated on the validation set. The random seed value was set to 42.

Table 4

Transformer model training configuration.
Parameter Value
Model checkpoint roberta-base fine-tuned as a Hugging Face sequence classification model
Input field Constructed text field from text_enhanced +

argument_enhanced.claim + argument_enhanced.supports.
Title and parent context were not included.
Maximum sequence length 512 tokens

Batch size 8 per device for training and evaluation
Epochs 10

Learning rate 2e-5

Precision BF16 mixed precision (bf16=True)

Class imbalance handling No explicit class weighting or resampling was applied in the transformer
run. The train/validation split was stratified by label.

Validation strategy Stratified hold-out validation split with validation_size=0.2 and ran-
dom seed 42

4.2. Feature-Based XGBoost Baseline

A feature-based XGBoost model was also implemented within the pipeline. The purpose of the XG-
Boost model is to compare the transformer based approach with a more classical and interpretable
machine learning method. This model was trained using numerical feature vectors extracted for each
example, rather than directly using transformer tokenization. This is done through each instance was
represented with a fixed-length numerical feature vector extracted from the text_enhanced field. The
feature vector included basic text statistics, part-of-speech ratios, sentiment scores, sentence embedding
features, UMAP features, and HDBSCAN-based cluster features. Basic statistics consisted of character
count, word count, average word length, sentence count, question mark count, and exclamation mark
count. POS ratios, including noun, verb, adjective, adverb, pronoun, proper noun, and punctuation
ratios, were calculated with spaCy. Sentiment was represented using sentiment_positive and
sentiment_negative scores.

For sentiment features, 384 dimensional embeddings were extracted wusing the
sentence-transformers/all-MinilLM-L6-v2 model, these embeddings were reduced to 2
and 5-dimensional representations using UMAP, and cluster/outlier features were generated using
HDBSCAN.



The XGBoost classifier was trained with 150 estimators, a maximum depth of 6, a learning rate of
0.05, and 42 random seeds. For binary classification, the binary logistic objective was used, and for
multi class classification, the multi softprob objective was used. Model validation was evaluated on the
set using accuracy and macro F1 scores.

4.3. Topic and metadata features

The presented RoBERTa BF16 model is solely text-enhanced, generated from claims and supports.
Sentiment scores, NER masks, UMAP coordinates, or clustering information were not added to the
RoBERTa input. In contrast, our XGBoost base model utilized custom digital features, including
sensitive_positive and sensitive_negative, stylistic features, POS ratio features, sentence-
transformer embedded vectors, UMAP projections, and HDBSCAN cluster/outlier features. Sentiment
scores were derived from the input text itself, not from class labels, to prevent label leakage. The EDA
and entity masking modules were primarily used for dataset analysis and interpretation.

4.4. Training, Evaluation, and Prediction Generation

The original labeled training file was split into a training set and a validation set. We used 80/20 split
with random seed 42, so that the label distribution was preserved in both splits. Model training was run
only on train. jsonl, while validation. jsonl was used for model selection and error analysis.
Therefore, the accuracy, precision, recall, and macro-F1 scores reported in Section 7 are validation
scores evaluated on validation. jsonl. Since the test data did not contain labels, the test set was
used only in the prediction generation phase.

Model predictions were saved in JSONL format. Each prediction includes the task, id, label, tag,
and system_description fields. The tag field is tagged as “enhanced” to indicate that enhanced
preprocessing was used. These output files were generated according to the TIRA submission format

[4].

5. Experimental Setup

Table 5
Experimental environment and reproducibility details.

Item Value

Programming language Python 3.12

Main libraries PyTorch, transformers, accelerate, scikit-learn, xgboost, pandas, numpy,
spaCy, sentence-transformers, UMAP, matplotlib, seaborn, PyYAML, tqdm
Hardware 4050 Laptop 6 GB GDDR6 Vram / i7-13620H 2.40Ghz / 16gb DDR4 ram
Random seed 42
Repository https://github.com/Team-Sophisma/touche-fallacy-pipeline
Evaluation metrics precision, recall, F1-score, macro-F1, confusion matrix
Table 6
Submitted Touché runs.
Run ID / filename Subtask Tag Model Input fields
RoBERTa-BF16 fallacy_detection Enhanced RoBERTa BF16 Enhanced

RoBERTa-BF16-Class fallacy_classification enhanced RoBERTa BF16 Enhanced
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6. Submitted Runs

7. Results

Our transformer-based architecture model (RoBERTa) as well as the baseline feature-based model
(XGBoost) were tested for their performance in Fallacy Detection and Fallacy Classification tasks. We
consider the Macro-F1 score as our primary evaluation metric, which is also the official metric of the
shared task.

On the Fallacy Detection (a binary classification task), our fine-tuned RoBERTa model achieved very
good results with an Accuracy (which is mathematically equivalent to Micro-F1) of 0.872 and Macro
F1 of 0.872. However, the XGBoost model, which was based on numerical feature vector composed
of manually crafted features such as text statistics, POS ratios, sentiment scores, MiniLM sentence
embeddings, UMAP projections, and HDBSCAN features, performed much worse with an Accuracy of
0.654 and Macro F1 of 0.654.

With regard to the Fallacy Classification (classification into multiple classes, involving 8 different
types of fallacies) task, there was an even bigger disparity in the performances of both approaches.
RoBERTa obtained almost perfect scores, attaining an Accuracy of 0.978 and a Macro F1-Score of 0.980.
On the other hand, the XGBoost algorithm performed rather poorly in this specific task, having an
Accuracy of 0.502 and a Macro F1-Score of 0.494.

This remarkable disparity clearly illustrates the significance of deep contextual embeddings.

7.1. Validation Results

Table 7
Validation performance of compared systems.
Model / run Subtask Precision  Recall Accuracy  Macro-F1  Notes
RoBERTa BF16 Fallacy Detection 0.878 0.873 0.872 0.872 Transformer fine-tuning with
enhanced representations.
XGBoost Fallacy Detection 0.655 0.654 0.654 0.654 Baseline using extracted fea-
tures.
RoBERTa BF16 Fallacy Classification ~ 0.982 0.981 0.978 0.980 Highly distinct contextual sep-
aration achieved.
XGBoost Fallacy Classification ~ 0.502 0.507 0.502 0.494 Baseline struggled with multi-

class granularity.

7.2. Official Results

Table 8

Official Touché Results
Run Subtask Official precision Official recall Official F1 Rank
RoBERTa-BF16 Task 1 — enhanced 0.914 0.914 0.914 6
RoBERTa-BF16-Class Task 2 — enhanced 0.974 0.972 0.972 3

7.3. Confusion Matrix and Class-level Analysis

Fallacy Detection (Binary Classification): An examination of the confusion matrix associated with the
fallacy detection binary subtask is revealing of an intriguing pattern with respect to the two class labels
fallacy and non-fallacy. Though the recall of the fallacy category is high at 0.935, many of the items in
the non-fallacy category have been mistakenly classified into the fallacy category as false positives. It
is evident, therefore, that the dataset purposely includes emotionally and/or logically persuasive claims
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that mimic logical fallacies in nature. The RoBERTa model has occasionally mistook a strong argument
for a logical fallacy due to its contextually intelligent classification capabilities.

Classification of Fallacy Types (Multi-class Classification): It can be seen from the confusion matrix
for the multi-class classification task that the fine-tuned RoBERTa model is a highly discriminative tool.
Most of the classes, including "authority’, *hasty_generalization’, and *worse_problems’, have practically
no instances where confusion arises, resulting in a virtually perfect diagonal on the matrix. It means
that for the statements identified as being fallacies, their type is defined by very distinctive linguistic
features.

However, another confusion arises regarding the classification of the appeal to nature and the appeal
to tradition fallacies. It appears that the model sometimes mislabels the argumentation that is based
on an appeal to tradition as belonging to the appeal to nature fallacy. There are reasonable grounds
for this semantic confusion because, similarly to the previous fallacy, the appeal to tradition fallacy is
based on the idea that what was established throughout time or what is inherent is automatically right
and better.

8. Error Analysis

Table 9
Error Analysis

Observed error pat- Example / class pair  Likely reason Possible fix
tern

Confusion between natural vs. tradition  Precision for natural Add more targeted examples dis-
similar fallacy types dropped to 0.85, while tinguishing between “appeal to
recall for tradition was nature” and “appeal to tradition”.
0.84. Both appeal to
long-standing, histor-
ical, or “inherent” con-
cepts, causing seman-

tic overlap.
False positives in fal- non-fallacy =~ resem- The model has high Train with contrastive examples
lacy detection bling fallacy recall (0.93) but lower or add a rationale-aware classi-
precision (0.83) for the fier to distinguish nuanced logical
fallacy class.  The structures.

dataset intentionally
contains valid argu-
ments resembling fal-

lacies.
Weak performance black-white & popula- The baseline XGBoost Transition fully to contextualized
on structurally com- tion (XGBoost) F1 dropped to 0.24 for embeddings (transformers).
plex classes black-white and 0.26

for population. These
classes require deep
logical context rather
than static keywords.

9. Discussion

The experimental results confirm our hypothesis that transformer-based models are very effective at
detecting and classifying logical fallacies when given enhanced argument representations.

During development and training phase we encountered numerical instability (NaN loss values) when
training with standard mixed-precision (FP16). To mitigate these hardware level arithmetic overflows,



we moved to Bfloat16 (BF16) precision without compromising the efficiency of training.

The exceptional performance of the ROBERTa model on the multi-class classification task (98.0%
Macro-F1) is particularly striking. This means that when a statement is labeled as fallacious, the
particular sub-type of fallacy has very distinguishable vocabulary, phrasing or structural markers that
the attention mechanisms of the transformer can readily map. Binary detection was harder (87.2%
Macro-F1) as distinguishing between a poorly worded valid argument and a real logical fallacy requires
a deeper level of reasoning that is still a challenge for current language models.

This clear difference with respect to the XGBoost baseline demonstrates the limits of traditional
non-contextual natural language processing techniques. Logical fallacies are structural and contextual
in nature, and cannot reliably be detected by counting word frequencies or measuring sentence-level
sentiment.

10. Conclusion

In this paper, Team Sophisma presented a modular pipeline for the CLEF 2026 Touché Fallacy Detection
task. We leveraged a fine-tuned RoBERTa model evaluating on enriched textual representations to
identify and classify fallacies. Our system achieved highly competitive results, with an 87.2% Macro
F1-score in binary fallacy detection and a 98.0% Macro F1-score in multi-class fallacy classification.

Our findings demonstrate that transformer-based architectures significantly outperform traditional
feature-based machine learning approaches like XGBoost in understanding the nuances of argumentative
flaws.

Declaration on Generative Al

During the preparation of this work, the authors used generative Al tools to take help with the
writing process, including grammar correction, structural editing, and the organization of report
sections. Generative Al was also used to improve the clarity of explanations. The experimental results,
validation metrics, confusion matrices, and submitted prediction files were produced by the authors’
own implemented pipeline. After using generative Al tools, the authors carefully reviewed, verified,
and edited the content.
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