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Abstract
This article presents our study on task 10: Psy-
cholinguistic conspiracy marker extraction and
detection(Ghosh et al., 2026), which includes
token-level extraction tasks and sentence-level
conspiracy detection tasks. Focusing on con-
spiracy theory texts on social media, this pa-
per proposes a classification method that com-
bines semantic encoding with large language
model reasoning and generation. Semantic fea-
tures are extracted using DeBERTa-v3, and ex-
planatory reasoning text is generated through
ConspEmoLLM-v2. The two are then com-
bined for classification, thereby enhancing the
model’s ability to recognize implicit conspira-
torial logic. For the extraction subtask, this pa-
per provides systematic comparison results of
several mainstream pre-trained models, mainly
conducting baseline model comparisons and
performance analysis.

1 Introduction

With the rapid development of social media plat-
forms, conspiracy theory content has spread widely.
Task 10 focuses on identifying and analyzing the
psycholinguistic markers of conspiracy theories,
combining the insights of psychology and natural
language processing. The task aims to reveal the
words related to conspiracy in the daily text and
clearly model the structural components behind the
conspiracy narrative.

The task consists of two subtasks.
Conspiracy marker extraction. This subtask

involves conspiracy marker extraction, which is
formulated as a token-level sequence mark prob-
lem. Given an input text, the model needs to assign
semantic labels to a single token, including Actor,
Action, Effect, Evidence and Victim.

Conspiracy detection. This subtask is the
sentence-level binary classification task. Given
a text sample, the model determines whether the
content expresses conspiracy and outputs binary
predictions of Yes or No.

Unlike ordinary misinformation, conspiracy the-
ories often do not directly present false facts but
instead construct narrative frameworks through sug-
gestive language, causal inferences, emotionally
reinforced expressions, and skepticism toward au-
thoritative institutions (Zelalem and Guest, 2021).

In recent years, text classification methods based
on pretrained language models have achieved sig-
nificant results in various natural language process-
ing tasks. However, in tasks like detecting and ex-
tracting conspiracy theories that require handling
implicit expressions, merely capturing lexical and
semantic information may not be sufficient to re-
veal the underlying conspiratorial logic in the text.
Looking at prior work (Pustet et al., 2024), rely-
ing solely on keywords or a single model cannot
overcome contextual bias, highlighting the poten-
tial of large language models in handling more
complex language structures. (Weller et al., 2025)
show that although encoder-only models generally
outperform decoder-only models of comparable pa-
rameter size in classification tasks, the latter have
unique advantages in generating explanatory con-
tent and capturing complex reasoning patterns.

Meanwhile, ConspEmoLLM introduces emo-
tional features and large language model fine-
tuning to propose a conspiracy theory detec-
tion method that integrates emotion and seman-
tics, demonstrating the importance of incorpo-
rating emotional information to improve model
performance (Liu et al., 2024). The latest
ConspEmoLLM-v2 further extends this approach
on standard datasets, proving the robustness and
stability of emotion-driven large language models
in handling conspiracy text with altered emotional
content (Liu et al., 2025).

Based on this context, this paper focuses on two
subtasks, conspiracy classification and extraction.
In particular, we focus on the design of models that
incorporate enhanced reasoning in the classification
task. We use a framework that combines semantic
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encoding with explanation-generating reasoning,
using explanatory text generated by large language
models as auxiliary features to enhance conspiracy
detection capability.

2 Dataset

The dataset used in this experiment is the PsyCo-
Mark dataset. This dataset is constructed based
on comments from the Reddit platform and con-
tains over 4,100 individual texts and approximately
4,800 annotations, covering more than 190 differ-
ent subreddits.

Each instance in the dataset corresponds to a
comment. The comment mode includes sentence-
level tags for conspiracy detection and token-level
span comments for conspiracy tag extraction.

For the detection subtask, each instance is an-
notated with one of three labels: Yes, No or Can’t
tell. The label Yes indicates that the text clearly
expresses the conspiracy narrative, while the No in-
dicates non-conspiracy content. When the semantic
content of the text is ambiguous and the annotator
cannot confidently determine whether it constitutes
a conspiracy theory, the sample will be labelled by
Can’t tell.

For the extraction subtask, each tag is annotated
as a character-level span, and one of the five prede-
fined types is assigned: Actor, Action, Victim, Ef-
fect, Evidence. In addition, the dataset contains in-
stances with empty tag sets. Such situations mainly
occur in two situations. When the conspiracy label
is No, the missing mark naturally reflects the lack
of recognizable conspiracy components and consti-
tutes effective training data for detecting subtasks.
In contrast, instances marked as Can’t tell reflect
the uncertainty of the annotator and may adversely
affect the training of the two subtasks. Therefore,
in the subsequent experiments, these samples were
not used.

3 Experiments

3.1 Data augmentation
Given the limited size of the dataset, we applied
synonym replacement based on WordNet to gener-
ate augmented samples, following the Easy Data
Augmentation (EDA) framework of text classifica-
tion (Wei and Zou, 2019). This approach increased
the size of the dataset by approximately 2,000 in-
stances. However, despite the increased training
data, this augmentation strategy did not improve
the performance on the test set.

3.2 Conspiracy detection

Before building the reasoning-enhanced frame-
work, we conduct systematic comparison exper-
iments on several mainstream pre-trained language
models to select the model most suitable as the
backbone semantic encoder. This section will pro-
vide a detailed introduction to the model selection
process, experimental setup, and analysis conclu-
sions. In this experiment, we selected four pre-
trained models widely used in text classification
tasks as candidate encoders: DistilBERT (Sanh
et al., 2019), BERT-base (Devlin et al., 2019),
RoBERTa-base (Liu et al., 2019), and DeBERTa-
v3-base (He et al., 2021). The experimental settings
are shown in Table 1.

Parameter value
Number of epochs 15
batch size 16
Learning rate 2× 10−4

Optimizer adam

Table 1: Training Hyperparameters

Table 2 shows the evaluation results of these four
encoder models on the test set. The F1 score is the
standard used officially in the competition. In addi-
tion, we also report the scores for accuracy, recall,
and precision. Overall, all models achieved good
scores, with performance roughly consistent and
F1 scores ranging from 0.745 to 0.755. Among
them, DeBERTa achieved the highest score, so De-
BERTa was chosen as the semantic encoder model
for subsequent experiments.

(Wei et al., 2022) proposed that explicitly gen-
erating reasoning steps can significantly improve
performance on complex inference tasks. (Kojima
et al., 2022) further pointed out that even under
zero-shot conditions, appropriate prompting can
elicit the model’s reasoning capabilities. These
studies indicate that large language models has the
ability for implicit reasoning. Meanwhile, explicit
reasoning generation helps externalize this knowl-
edge structure, which is suitable for our experiment
on conspiracy judgment.

Based on the above studies, we use DeBERTa-v3
as the base encoder model and leverage the large
language model ConspEmoLLM-v2, adapted to
the context of conspiracy narratives, to generate
explanatory reasoning texts for input texts. Unlike
traditional approaches that generate text vectors
solely using the encoder, this experiment combines
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Model F1 score Precision Recall
BERT 0.753 0.745 0.755
DeBERTa 0.755 0.752 0.753
RoBERTa 0.745 0.745 0.747
DistilBERT 0.747 0.743 0.747

Table 2: Comparative Performance of Pretrained Encoders

the semantic vectors generated by the encoder with
the reasoning text vectors produced by the LLM,
retaining a lightweight supervised classifier while
enhancing reasoning capabilities, ensuring the sta-
bility and efficiency of the model training process.

The experimental results in Table 3 show
that after using reasoning representations, the
model achieves a consistent improvement in F1
score compared to systems that only use seman-
tic encoders, validating the effectiveness of the
reasoning-enhanced strategy in conspiracy detec-
tion tasks.

Metric Score
Accuracy 0.845
F1 score 0.849
Precision 0.853
Recall 0.845

Table 3: Performance Metrics of Hybrid Model

3.3 Conspiracy marker extraction

Unlike classification tasks, the extraction subtask
aims to identify components in the text related
to conspiracy narratives, including Actors, Ac-
tions, Victims, Effects, and Evidence. Given that
the main innovation of our study focuses on the
reasoning-enhanced classification framework, the
extraction task part did not introduce additional
structural improvements, but instead used main-
stream pre-trained language models for sequence
labeling modeling.

In the experiments on the extraction subtask, the
performance of various models varied significantly
across different element categories. Overall, all
models achieved relatively high accuracy, but the
F1 scores were significantly lower than the accu-
racy, indicating a class imbalance problem in the
data. A large number of unannotated tokens in-
flate the accuracy metric, while recognizing entity
categories remains challenging.

The results show that the performance differ-
ences among different encoder models on the ex-

traction task are relatively limited, with overall
stable performance. In contrast, the performance
improvement brought by introducing the reasoning-
enhanced module in the classification task is more
significant, further confirming the importance of
explicit reasoning information for recognizing con-
spiracy narratives.

4 Conclusion

This project proposes a hybrid classification frame-
work enhanced by large language model reason-
ing. This approach effectively combines semantic
encoding capabilities with explicit reasoning abili-
ties, thereby improving the model’s ability to iden-
tify implicit features of conspiracy narratives. In
the classification task, experimental results show
that after introducing the reasoning enhancement
module, the model achieves stable improvements
in metrics such as accuracy and F1 score. For
the extraction subtask, this study provides compar-
isons using various mainstream pre-trained models,
establishing a reproducible baseline for future re-
search.

Although this study has achieved certain results,
there are still several limitations. The quality of
generated reasoning text depends on the capabil-
ities of the large language model itself, and any
biases in the generated content may interfere with
the final representations.

Future research will focus on extending reason-
ing enhancement to multilingual scenarios to verify
the generalizability of the method.
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