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Abstract

Online platforms increasingly host conspir-
acy narratives that shape public debate, re-
duce trust in institutions, and contribute
to polarization, highlighting the need for
reliable automatic detection systems. In
this paper, we participate in SemEval-2026
Task 10 (PsyCoMark), focusing on con-
spiracy detection in Reddit conversations
using transformer-based models. We eval-
uate four approaches: raw text, structured
psycholinguistic markers, a combined rep-
resentation, and a stacking ensemble. Our
results show that marker-based represen-
tations outperform text-only models, and
that ensembling further improves robust-
ness. These findings demonstrate the value
of incorporating structured psychological
cues for scalable conspiracy detection.

1 Introduction

As social media platforms continue to expand,
conspiracy-related content spreads rapidly and
reaches increasingly large audiences. While
online discussions enable open exchange of
ideas, they also provide space for narratives
that promote distrust, hidden agendas, and
oversimplified explanations of complex events.
Over time, such narratives can shape public
opinion, weaken trust in institutions, and in-
tensify social and political polarization. Given
the massive volume of online content, manual
monitoring is impractical, making automatic
detection systems essential.

However, detecting conspiracy discourse is
not a straightforward text classification prob-
lem. Conspiracy narratives typically rely on
subtle psychological cues, including the attri-
bution of blame to powerful actors, the sug-
gestion of hidden intentions, and the presen-
tation of selective evidence. Such elements
are often not captured by surface-level lexical
features, thereby limiting the effectiveness of
approaches that rely solely on raw text. Prior
work on related misinformation tasks supports
this observation. Giachanou et al. [4] show
that psycholinguistic patterns provide stronger
signals for distinguishing fake news spreaders
from fact checkers than lexical features alone,
while Giachanou et al. [3] demonstrate that
integrating word embeddings with psycholin-
guistic characteristics improves the detection
of conspiracy propagators compared to text-
only baselines. In addition to user-level signals,
Shahsavari [8] show that conspiracy narratives
exhibit recurring structural patterns involving
identifiable actors, motivations, and relation-
ships, which can be computationally extracted
to support detection. These findings highlight
the need for more structured approaches that
capture the underlying psychological mecha-
nisms of such narratives.

SemEval 2026 Task 10 (PsyCoMark) [9]
addresses this challenge by introducing psy-
cholinguistic conspiracy markers in Reddit
conversations. Beyond document-level labels,
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the dataset provides span-level annotations for
five psychological mechanisms: Actor, Action,
Effect, Victim, and Evidence. This structured
design enables models to move beyond tradi-
tional text classification and incorporate psy-
chologically meaningful representations into
the detection process.

In this work, we evaluate transformer-based
models using four approaches: raw text fine-
tuning, marker-only structured representations,
a combined input format, and a stacking ensem-
ble that integrates multiple transformer models
via logistic regression. Our results show that
marker-based representations outperform raw
text alone, and that combining models through
an ensemble achieves the best overall perfor-
mance. These findings highlight the impor-
tance of structured psycholinguistic cues for
improving conspiracy detection.

2 Dataset

The PsyCoMark dataset is designed to sup-
port research on detecting conspiracy related
discourse in online discussions. It consists
of more than 4,800 annotated Reddit submis-
sions, covering over 4,100 unique posts col-
lected from more than 190 subreddits.

Each instance is labeled at the document
level as conspiracy, not conspiracy, or can’t
tell. The dataset includes 1,715 conspiracy in-
stances, 2,263 not conspiracy instances, and
877 can’t tell instances. In addition, span level
annotations are provided for five psycholinguis-
tic mechanisms: Actor, Action, Effect, Victim,
and Evidence. These markers capture common
narrative components of conspiracy discourse.

The data were collected between January
and March 2025, while the original Reddit con-
tent spans from 2013 to 2023. Preprocessing
included length filtering, markdown normal-
ization, URL masking, and removal of quoted
text. Annotations were performed by native En-
glish speaking crowdworkers, achieving mod-

erate inter annotator agreement with a Krippen-
dorff’s alpha of 0.58.

3 Approaches

In this section, we describe the four approaches
evaluated in our study. For each approach,
we fine-tuned five transformer-based language
models obtained from HuggingFace.

3.1 Models

We fine-tune five pretrained transformer mod-
els: BERT [2], DistilBERT [7], RoBERTa [5],
XLNet [10], and ELECTRA [1]. These mod-
els differ in their pretraining objectives, includ-
ing masked language modeling, permutation-
based modeling, and replaced-token detection.
This diversity allows us to assess whether per-
formance improvements are consistent across
architectural variations.

Detailed descriptions of the individual
model architectures and hyperparameters are
provided in the Appendix A and D

3.2 Text as Feature

As a baseline, each transformer model is fine
tuned using only the raw Reddit comment as
input. The task is formulated as a binary se-
quence classification problem in which the
model predicts whether a submission contains
conspiracy related content. Instances labeled
as can’t tell are excluded, as the inclusion of
uncertain annotations would introduce noise
into the binary classification setting. All mod-
els are trained independently under identical
hyperparameter configurations. This setting
evaluates the extent to which standard trans-
former models can detect conspiracy discourse
using only surface level lexical and contextual
information.

3.3 Markers as Feature

The PsyCoMark dataset provides span-level
annotations for five psycholinguistic mecha-

728



nisms: Actor, Action, Effect, Victim, and Evi-
dence. These markers capture recurring struc-
tural elements of conspiracy narratives, such
as identifying a responsible agent, describ-
ing harmful actions, and highlighting affected
groups.

Instead of using the raw comment, we refor-
mulate each instance into a structured textual
representation composed only of its extracted
markers. Each marker type is explicitly la-
beled, and may contain zero, one, or multiple
spans. This structured format serves as the sole
input to the classifier.

By removing surface-level context and re-
taining only psychologically motivated compo-
nents, this approach tests whether conspiracy
detection can be driven primarily by narrative
structure rather than lexical cues.

An example of this input format is shown in
Appendix B

3.4 Text and Markers as features

The next step was to combine the two ideas
from above. In this setting, the input consists
of both the raw Reddit comment and the ex-
tracted psycholinguistic markers. A full exam-
ple of the combined input format is shown in
Appendix C

This hybrid representation allows the mod-
els to simultaneously access structured seman-
tic cues from the markers and the full contex-
tual information of the original comment. The
markers highlight psychologically relevant el-
ements while the raw text preserves linguistic
and contextual nuances that may otherwise be
lost.

Since gold marker annotations were not
available for the official test set, the Marker
and Both configurations are treated as oracle
experiments that estimate an upper bound on
performance under the assumption that psy-
cholinguistic annotations are available.

3.5 Ensemble Method
To further improve robustness, we employ
a stacking ensemble strategy. The five fine-
tuned transformer models serve as base learn-
ers. Their prediction probabilities are used
as input features to a logistic regression meta-
learner.

Base models are trained on 80% of the
dataset. Predictions generated on the remain-
ing 20% are used to train and evaluate the meta-
classifier using an additional internal split.
This approach enables the meta-learner to cap-
ture complementary strengths across architec-
tures and reduce variance.

Detailed training dynamics are provided in
Appendix E

4 Results

Model performance is evaluated using Macro
F1-score, following the official evaluation pro-
tocol of the shared task.

4.1 Quantitative Results
Table 1 reports performance across the three
input representations, and Table 2 presents the
ensemble results.

The Text-only setting yields the lowest per-
formance across models. BERT achieves the
strongest result in this category with an F1-
score of 0.759, indicating that lexical and con-
textual information alone is insufficient for re-
liable conspiracy detection.

Using only structured psycholinguistic
markers leads to a substantial improvement.
In the Marker setting, BERT reaches an F1-
score of 0.817, representing a gain of nearly
six F1 points over the Text-only baseline. This
demonstrates that narrative structure provides
stronger predictive signals than surface-level
lexical patterns.

The combined Text and Marker representa-
tion maintains consistently high performance.
While BERT performs similarly in the Marker
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Approaches
Model Text Approach Marker Approach Both Approach

P R F1 P R F1 P R F1
distilbert 0.744 0.741 0.748 0.812 0.807 0.809 0.810 0.815 0.812
roberta 0.744 0.753 0.745 0.759 0.766 0.761 0.810 0.801 0.805
xlnet 0.728 0.727 0.727 0.779 0.788 0.782 0.811 0.825 0.806
bert 0.761 0.757 0.759 0.822 0.814 0.817 0.815 0.829 0.816
electra 0.733 0.740 0.735 0.776 0.784 0.778 0.806 0.792 0.797

Table 1: Performance comparison across approaches

Model P R F1
Ensemble 0.848 0.835 0.842

Table 2: Performance of the ensemble method

(0.817) and Both (0.816) settings, other archi-
tectures benefit from the hybrid input. For ex-
ample, XLNet improves from 0.782 to 0.806,
and RoBERTa improves from 0.761 to 0.805
when raw text is incorporated. This suggests
that lexical context provides complementary in-
formation, particularly for models that benefit
from richer contextual cues.

Notably, the small performance gap between
the Marker and Both settings indicates that
structured psycholinguistic cues capture most
of the predictive signal required for conspiracy
detection in this dataset. This finding suggests
that conspiracy discourse is characterized more
by recurring narrative structure than by specific
vocabulary.

The highest overall performance is achieved
by the stacking ensemble, which attains an F1-
score of 0.842. By integrating predictions from
all five transformer models, the meta-learner
captures complementary strengths across archi-
tectures and improves robustness beyond any
individual model.

For the official leaderboard submission, we
employed the text only configuration, as the
test set did not include marker annotations.

4.2 Error Analysis

To better understand model behavior, we ex-
amine confusion matrices in Appendix F and
also give examples for representative misclas-
sifications in Table 3).

First, Text-only models rely heavily on lex-
ical triggers such as government, vaccine, or
UFO. Consequently, they sometimes misclas-
sify neutral references to conspiracy topics as
conspiratorial claims.

Second, the Marker-only setting exhibits
structural overgeneralization. Instances con-
taining an identifiable Actor performing an Ac-
tion affecting a Victim are occasionally labeled
as conspiracies even when the context is scien-
tific or historical.

Third, the combined representation tends
to increase false positives when emotionally
charged vocabulary co-occurs with a conspir-
atorial narrative structure. In such cases, the
interaction between lexical emphasis and struc-
tural cues may lead to overprediction.

Finally, politically expressive or activist lan-
guage is frequently misclassified as conspir-
atorial, particularly when institutional actors
are portrayed as responsible for negative out-
comes.
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Approach Example True Pred Reason
Text "In the ultimate irony, these two evangel-

ical Christians... are pretty well in line
with most of the conspiracy theories we
discuss on this board."

no yes The model sees the
word "conspiracy"
and ignores the con-
versational context

Marker "[ACTOR: Lidar] [ACTION: penetrate]
[EFFECT: revolutionized what we know
about ancient Maya.]"

no yes The model mistakes
a laser-scanning tech-
nology for a conspir-
atorial force

Both "The five books of Moses... are symbolic
and allegorical... attaining reality and its
single force by purposeful, methodical
inner changes... to understand the world
around us behind the limited, superficial
picture we perceive today."

no yes For the model, this
looks structurally
like a classic conspir-
acy reveal: Moses
unveiling a truth.

Ensemble "Australia is pushing further and further
into full blown Authoritarianism... Peo-
ple need to wake up to what is happen-
ing."

no yes Model flags as a con-
spiracy, even if it’s
framed as political
protest

Table 3: Wrong predictions by the different models

Overall, the Text-only, Marker-only, and En-
semble settings maintain relatively balanced
false positive and false negative rates. In con-
trast, the combined representation shows a
higher number of false positives, indicating
increased sensitivity but reduced precision in
ambiguous contexts.

5 Limitations and Future Work

Our marker based approach depends on gold
span annotations, which may not be available
in real world applications. Future research
should therefore investigate end to end mod-
els that automatically predict markers while
performing conspiracy detection. Additionally,
the dataset is restricted to English Reddit posts,
limiting generalizability across platforms and
languages. The moderate inter annotator agree-
ment further reflects the subjective and ambigu-
ous nature of conspiracy discourse. Finally,
while the ensemble enhances performance, its

reliability depends on the availability of suffi-
cient data. Specifically, robust training of the
meta learner requires a sufficient number of
outputs from the base learners, making the ap-
proach less suitable for low resource scenarios.
Logistic regression was selected as the meta
learner due to its simplicity and its lower risk
of overfitting given the limited number of base
model outputs. Future work should explore
alternative meta learners to determine whether
more complex models can further improve per-
formance.

Conclusion

In this work, we evaluated transformer-based
methods for psycholinguistic conspiracy detec-
tion in the PsyCoMark task. Structured marker
representations clearly outperform text-only
baselines, demonstrating that narrative struc-
ture provides strong predictive signals. While
combining text and markers offers complemen-
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tary benefits, the stacking ensemble achieves
the best overall performance. Overall, our
findings emphasize the value of incorporating
structured psychological cues into automated
conspiracy detection systems.
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is probably conspiracy-related or not. There
are five of those:

Actor: Who is allegedly responsible for a
malicious action or agenda?

Action: What is the actor doing or planning
to do to cause negative outcomes?

Effect: What are the negative consequences
of the actor’s agenda?

Victim: Who is negatively affected by the
actor’s agenda?

Evidence: Which arguments or expres-
sions does the writer use to support claims?

The dataset provides them extracted from
the raw text. Therefore, instead of using the
raw Reddit comment as input, we reformulate
each instance into a structured textual repre-
sentation of its markers, for example:

Original

"A great article on what's taking
place in Bolivia, referencing some
similar US backed coups in the
region as well as recounting some
of Bolivia's history and western
policy towards the country."

Reformulated into:
"[ACTOR] [US]
[ACTION] [coups]
[EFFECT] []
[EVIDENCE] [article]
[VICTIM] [Bolivia, "Bolivia's"]"

C Input Format for Text and Marker
approach

This section shows an example of what the in-
put looks like for the text and marker approach.
Both markers and the raw text are concatenated
into one string:

"[ACTOR] [US]
[ACTION] [coups]
[EFFECT] []
[EVIDENCE] [article]

[VICTIM] [Bolivia, "Bolivia's"]
[COMMENT] A great article on what's
taking place in Bolivia, referencing
some similar US backed coups in the
region as well as recounting some of
Bolivia's history and western policy
towards the country."

D Hyperparameters

Learning rate 2× 10−5

Weight decay 0.01
Batch size 16
Epochs 5
Test split 10%

Table 4: Training hyperparameters. For the ensem-
ble method, models were trained for 10 epochs with
a 20% test split.

E Training Details for Ensemble
Method

We trained the five different language models
at once with the same approach as in 3.4 and
used their output as input for a Logistic Regres-
sion meta learner.

Instead of only five, the models were trained
for ten epochs. Checkpoints were saved ev-
ery 100 training steps, and only the best-
performing checkpoint, based on validation
F1-score, was retained for each model. Figure
1 illustrates the training dynamics of all models
in terms of F1-score.
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Figure 1: This plot shows the process how the five
different models performed during training

After fine-tuning on 80% of the dataset
(2,832 samples), the base models were used
to generate predictions for the remaining 20%
(708 samples). From this subset, 80% (566
samples) were used as training data for the
logistic regression meta-learner, while the re-
maining 20% (141 samples) served as its eval-
uation set.

F Confusion Matrizes

Figure 2: Confusion matrices for the different clas-
sification approaches. Labels 0 and 1 denote "No"
and "Yes" respectively.
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