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Abstract

Conspiracy theories pose significant societal
risks and require reliable automated detection
methods. In this paper, we present our sys-
tem for SemEval 2026 Task 10, addressing
both conspiracy detection and psycholinguistic
marker extraction. We leverage multiple pre-
trained transformer architectures and ensem-
ble strategies to model conspiratorial discourse
at both document and token levels. For clas-
sification, our ensemble achieves a weighted
Fl1-score of 0.7688, indicating effective per-
formance in distinguishing conspiratorial state-
ments. For marker extraction, we formulate the
task as a BIOES sequence labeling problem and
enhance predictions through ensemble and spe-
cialist models. Our results highlight both the
effectiveness of transformer-based approaches
and the challenges of fine-grained conspiracy
marker extraction.

1 Introduction

New technologies have changed not only the way
we communicate but also the way we obtain infor-
mation, becoming the main source of information.
This, added to the ease with which social networks
allow any type of message to be posted, has led
to increased social concern about detecting hate
speech. Among all types, there is one that arises in
response to uncertainty and attempts to undermine
authorities and knowledge on the subject: conspir-
acy messages (Grusauskaite et al., 2022). To this
end, they reinforce the theory by citing selective
information, elaborating on details, raising doubts,
and shifting the burden of proof (Kou et al., 2017).
Recently, we have been confronted with major con-
spiracy theories, such as those that emerged during
COVID-19, which undermined institutional trust
and support for regulations (Pummerer et al., 2020).
Or the ability to reduce confidence in scientific so-
lutions, such as those related to climate change
(Bolsen et al., 2022).

This shows us the great power that conspiracy
theories have over society. That is why different
strategies have been applied to reduce their im-
pact, some of which have been through education
(O’Mahony et al., 2023) or inoculation of small,
easily refuted conspiracies (Compton et al., 2021).
Despite these efforts, most interventions were in-
effective in significantly changing beliefs in only
40% of cases and without experiments demonstrat-
ing that these changes endure (O’Mahony et al.,
2023).

However, Artificial Intelligence (AI) has
emerged as a promising approach for addressing
harmful online content, particularly with the rise
of Large Language Models (LLMs). These mod-
els have demonstrated strong performance across
various natural language processing tasks, such as
hate speech detection (Garcia-Diaz et al., 2023)
and conspiracy classification (Moffitt et al., 2021).
Nevertheless, their application to conspiratorial dis-
course presents unique challenges that remain in-
sufficiently explored.

The existing ambiguity in belonging to a con-
spiracy is one of the major problems, where mod-
els often fail to classify texts that are critiques
or sarcasms (Diab et al., 2024). Interpretability
also presents a great challenge, as models are of-
ten black boxes that provide only a single output
(Papageorgiou et al., 2024a).

The PsyCoMark shared task (SemEval 2026)
combines psychology with NLP to study how con-
spiracy theories are expressed in conversations
(Samory et al., 2026). The task requires not only
document-level classification but also fine-grained
extraction of psycholinguistic markers. It is di-
vided into two subtasks: (1) Subtask 1: Conspir-
acy marker extraction. In each sentence, you
have to identify, if they exist, 5 different types of
psycholinguistic markers: Actor, Action, Victim,
Threat, and Evidence; and (2) Subtask 2: Conspir-
acy detection (classification). Detect if a phrase is
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conspiratorial or not.

To address these complementary objectives,
we propose a unified framework that combines
document-level detection with span-level extrac-
tion. For Subtask 1 (extraction), we formulate
marker identification as a token-level sequence la-
beling problem using the BIOES tagging scheme,
where B, I, E, and S denote the beginning, inside,
end, and single-token spans, respectively, and O
denotes tokens outside any marker span, enabling
precise span reconstruction. To enhance consis-
tency and reduce boundary noise, we incorporate
a token-set voting ensemble strategy and explore
specialist models for high-variance marker types.
For Subtask 2 (classification), we fine-tune multi-
ple pretrained transformer models using stratified
cross-validation and ensemble strategies to improve
robustness and threshold calibration.

By jointly modeling global detection and local
discourse structure, our approach aims to improve
both predictive reliability and interpretability. This
dual perspective allows us not only to determine
whether a text is conspiratorial, but also to iden-
tify how conspiratorial reasoning is linguistically
constructed.

2 Background

Automatic detection of conspiratorial discourse has
gained increasing attention in recent years (Papa-
georgiou et al., 2024b), particularly in the context
of misinformation and online radicalization. Its
significant impact on society, as evidenced during
the COVID-19 pandemic, has motivated the de-
velopment of diverse computational approaches to
mitigate the spread of conspiracy narratives.

Early studies explored traditional machine learn-
ing methods, such as random forest classifiers ap-
plied to COVID-19-related tweets, demonstrating
competitive performance in supervised classifica-
tion settings (Gerts et al., 2021). With the rise of
transformer-based architectures, domain-adapted
models such as COVID-BERT were proposed to
improve contextual modeling in pandemic-related
misinformation detection (Peskine et al., 2021).
More recently, large language models (LLMs) have
been investigated for conspiracy detection, includ-
ing approaches that incorporate emotional signals
to enhance discriminative power (Liu et al., 2024).
Subsequent improvements have focused on robust-
ness against stylistic variation by generating para-
phrased versions of input sentences (Liu et al.,

2025).

While most prior work formulates conspiracy de-
tection as a document-level classification task, re-
search on fine-grained span-level modeling remains
limited. Span extraction techniques, commonly
used in tasks such as named entity recognition (Yu
et al., 2022) and argument mining (Kawarada et al.,
2024), offer a promising alternative for capturing
the internal structure of discourse. Methods based
on structured term extraction and interaction mod-
eling have demonstrated the feasibility of identify-
ing semantically relevant components within text
(Xu et al., 2021). Additionally, BIO-style tagging
schemes have consistently demonstrated strong em-
pirical performance in structured sequence labeling
tasks (Zeng et al., 2024).

In contrast to generic span extraction tasks, the
PsyCoMark framework is grounded in psycholog-
ical theories of conspiratorial reasoning (Baele,
2019), which conceptualize conspiracy narratives
as being constructed through recurrent discourse
components. Specifically, the task defines five psy-
cholinguistic marker types: Actor, Action, Victim,
Threat, and Evidence, which represent structural el-
ements of conspiratorial narratives. Modeling these
markers computationally enables a structured and
interpretable representation of conspiratorial rea-
soning, effectively bridging psychological theory
and sequence-based NLP modeling.

3 System overview

We build our system using multiple pretrained
transformer architectures fine-tuned for both
subtasks, specifically DeBERTa-v3-large (He
et al., 2021), RoBERTa-large (Liu et al., 2019),
EuroBERT-610M (Boizard et al., 2025), and
ModernBERT-large (Warner et al., 2024). These
models allow us to capture contextual representa-
tions at both token and document levels, which are
necessary for marker extraction and conspiracy de-
tection. We use these architectures as independent
components in an ensemble framework for both
subtasks.

Figure 1 illustrates the overall architecture of our
system for the conspiracy marker extraction sub-
task. Given an input sentence, we identify spans
corresponding to five psycholinguistic markers: Ac-
tor, Action, Victim, Threat, and Evidence. We for-
mulate this task as a token-level sequence labeling
problem.

We first tokenize the input text using the tok-
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Figure 1: System architecture for Subtask 1.

enizer associated with each transformer model. We
then feed the tokenized sequence into each fine-
tuned encoder, which predicts BIOES labels for
every token. These labels indicate whether a token
belongs to a marker span and specify its corre-
sponding marker type.

After obtaining token-level predictions, we re-
construct character-level spans by grouping con-
tiguous labeled tokens. Since different models may
produce slightly different span boundaries, we train
multiple models using cross-validation and collect
predictions from each fold. We aggregate span
candidates using token-set voting across models
and folds. Each predicted span is represented as a
set of character-aligned tokens, and spans are re-
tained only when they are supported by at least 3
predictions. When multiple overlapping candidates
are available, we keep the span with the highest
support.

To further refine span extraction, we incorporate
specialist models based on the same transformer
architectures as the general ensemble. These mod-
els are trained to focus on the most challenging
marker types, namely Evidence and Threat, which
exhibit higher semantic variability and less stable
span boundaries.

The specialist models generate additional span
candidates, which are compared against those pro-
duced by the general ensemble. Only spans with
sufficient overlap are retained, improving precision
and reducing false positives. This targeted mod-
eling approach allows the system to better handle
marker types that showed lower performance dur-
ing development.

We compare these predictions with the ensemble
output and retain only spans with sufficient overlap,

improving precision and reducing false positives.

Figure 2 illustrates the architecture of our system
for the conspiracy detection subtask. Given an in-
put sentence, we predict whether the input contains
conspiratorial discourse. We formulate this task as
a binary classification problem.

We tokenize each input sentence and process it
using the same set of transformer models adapted
for sequence classification. Each model produces
a probability indicating whether the input contains
conspiratorial content. We train these models using
cross-validation and collect predictions from each
fold.

Final predictions are obtained through a
weighted average of model probabilities. Weights
were manually tuned on the development set by
maximizing weighted F1-score, assigning higher
importance to models with stronger individual per-
formance. This approach leverages the complemen-
tary strengths of different transformer architectures
and improves prediction robustness.

4 Experimental setup

We use the PsyCoMark dataset provided by the
SemEval 2026 Task 10 organizers. Each instance
corresponds to a Reddit submission statement and
includes a conspiracy label (Yes, No, or Can’t tell)
and, when applicable, character-level annotations
corresponding to five marker types: Actor, Action,
Victim, Threat, and Evidence.

For Subtask 1 (marker extraction), we use all
available instances, since marker annotations may
appear regardless of the conspiracy label. For Sub-
task 2 (conspiracy detection), we formulate the task
as a binary classification problem. Therefore, we
remove all instances labeled as Can’t tell, as these
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Table 1: Dataset distribution with number of examples
and the percentage they represent

Dataset Total Yes No Can’t
tell
Training 4316 1541 1990 785
(35.7%) (46.1%) (18.2%)

do not provide a definitive ground-truth label. This
preprocessing step reduces the effective training
dataset by 18.2%, as shown in Table 1.

Both subtasks use the same four pretrained
transformer  architectures: DeBERTa-v3-
large, RoBERTa-large, EuroBERT-610M,
and ModernBERT-large. We fine-tune each model
separately for token classification in Subtask 1 and
sequence classification in Subtask 2.

For both subtasks, we trained each architecture
using cross-validation and aggregated predictions
across folds at inference time. The final system
therefore combines diversity across both model
architectures and training splits.

We train all models for 6 epochs with a batch
size of 8 and a maximum sequence length of 512
tokens. For DeBERTa, we use a learning rate of
9.93e-06, a weight decay of 0.05 and a warmup
ratio of 0.06. RoOBERTa has a learning rate of 8e-
06, weight decay of 0.01 and a warmup ratio of
0.08. EuroBERT has a fixed learning rate of 8e-006,
a weight decay of 0.05 and a warmup ratio of 0.08.
Finally, ModernBERT has a learning rate of 8e-006,
a weight decay of 0.01 and a warmup ratio of 0.08.

5 Results

In this section, we present and analyze the results
obtained by our system on the official PsyCoMark
test set. During development, we evaluated multi-
ple model configurations and ensemble strategies,
and the results reported below correspond to our
final submission.

Table 2: Subtask 2 results on the official test set.

Metric Score
Accuracy 0.7700
Fl1-score (weighted) 0.7688
F1-score (No) 0.7949
Fl1-score (Yes) 0.7382

5.1 Subtask 2: Conspiracy Detection

Table 2 shows the performance of our system on
the conspiracy detection subtask. Our approach
achieved a weighted F1-score of 0.7688 and an
overall accuracy of 0.7700, indicating effective per-
formance in distinguishing conspiratorial from non-
conspiratorial statements.

The higher Fl-score for the No class indi-
cates that the system more reliably identified non-
conspiratorial statements. In contrast, conspirato-
rial statements proved more challenging, likely due
to their linguistic diversity, indirect framing, and
implicit rhetorical strategies. These results sug-
gest that transformer-based models can effectively
capture global semantic patterns associated with
conspiratorial discourse.

The ensemble strategy was intended to improve
robustness by combining complementary represen-
tations from different architectures, as combining
multiple pretrained architectures allowed the sys-
tem to leverage complementary contextual repre-
sentations and reduce model-specific biases. Cross-
validation further improved stability by allowing
the ensemble to capture diverse decision bound-
aries across folds.

5.2 Subtask 1: Marker Extraction

Table 3 presents the token-level performance of
our system for conspiracy marker extraction. Our
approach achieved an aggregate token-level F1-
score of 0.2551 and a macro F1-score of 0.2411.

Performance varied across marker types. The
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Table 3: Subtask 1 token-level results on the official test
set.

Metric Score
F1 Aggregate 0.2551
Precision Aggregate  0.2584
Recall Aggregate 0.2519
Macro F1 0.2411
F1 Actor 0.3991
F1 Victim 0.2654
F1 Threat 0.1891
F1 Action 0.1783
F1 Evidence 0.1738

system achieved the highest performance for the
Actor marker, suggesting that entities involved in
conspiratorial narratives are more explicitly ex-
pressed and easier to detect. In contrast, markers
such as Action and Evidence obtained lower scores,
likely due to their broader semantic variability and
less clearly defined boundaries.

Overall, the relatively lower performance com-
pared to classification highlights the increased com-
plexity of fine-grained span extraction. This task
requires precise boundary detection and semantic
interpretation at the token level. Nevertheless, the
use of BIOES tagging combined with transformer-
based encoders and ensemble strategies enabled
the system to identify meaningful components of
conspiratorial discourse.

In particular, the BIOES tagging scheme fa-
cilitated precise span boundary modeling, while
specialist models helped improve consistency for
markers with higher semantic variability.

Our system ranked 5th out of 30 teams in Sub-
task 1 and 13th out of 52 teams in Subtask 2.

5.3 Ablation and Error Analysis

A brief manual inspection of the predictions re-
vealed that most errors in Subtask 1 correspond to
boundary mismatches, where the model captures
only part of a multi-token span and confusion be-
tween semantically similar markers such as Action
and Evidence. In many cases, the model correctly
identified the presence of a marker but failed to
capture its full span. This suggests that the model
struggles to consistently identify complete span
boundaries when markers are expressed through
longer or syntactically complex constructions.

For Subtask 2, the system struggled particularly
with implicit or sarcastic statements, where con-
spiratorial intent is expressed indirectly or through
rhetorical questions. These cases often led to mis-

Table 4: Subtask 2 results comparison.

System Acc. Weighted F1
DeBERTa-v3-large  0.7403 0.7273
Ensemble 0.7700 0.7688

Table 5: Subtask 1 results comparison.

System Macro F1 =~ Aggregate F1
DeBERTa-v3-large 0.1053 0.1542
Ensemble 0.1636 0.1311
Ensemble + Specialist 0.2411 0.2551

classification, highlighting the difficulty of model-
ing subtle discourse cues.

As shown in Table 4, the ensemble clearly out-
performs the best single model, confirming the
benefit of combining multiple transformer archi-
tectures through ensemble strategies.

Table 5 shows that the ensemble significantly
improves over the best single model in Subtask 1.
Furthermore, incorporating specialist models leads
to additional gains, particularly in terms of aggre-
gate F1, confirming their effectiveness for handling
more challenging marker types. These improve-
ments are consistent with the observed error pat-
terns, as specialist models help reduce boundary in-
consistencies and confusion between semantically
overlapping markers.

Opverall, these results highlight the importance of
combining ensemble strategies with targeted mod-
eling approaches to effectively handle both global
classification and fine-grained span extraction.

6 Conclusion

In this paper, we presented our system for SemEval
2026 Task 10, addressing both conspiracy detection
and psycholinguistic marker extraction. We lever-
aged multiple pretrained transformer architectures
and ensemble strategies to model conspiratorial
discourse at both document and token levels. For
conspiracy detection, our approach achieved com-
petitive performance by combining complementary
representations from different transformer models.
For marker extraction, we formulated the task as a
sequence labeling problem using a BIOES tagging
scheme and enhanced predictions through ensem-
ble and specialist models.

Our results highlight the effectiveness of
transformer-based models for detecting conspir-
atorial content, while also confirming the increased
difficulty of fine-grained marker extraction. Model-
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ing psycholinguistic markers requires precise span
identification and deeper semantic understanding.

In future work, we plan to explore joint modeling
approaches that integrate classification and marker
extraction within a unified architecture. Addition-
ally, incorporating linguistic and discourse-aware
features may further improve the detection of im-
plicit conspiratorial reasoning.
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